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Abstract 

Finger tracing is an effective instructional method to support cognitive learning. 

Drawing on cognitive load theory, its effect has been demonstrated across various subjects 

(e.g., mathematics, physiology), learner demographics (children, adults), and instructional 

designs (worked examples, expository texts with diagrams). The variability of tracing – 

operationalised as alternating which finger traces across multiple steps in a worked example – 

has the potential to further support learning. Three experiments were conducted to explore the 

effects of alternating tracing on mental math learning, intrinsic motivation, and cognitive 

load.  

In Experiment One, 115 university students from Shanghai, China, were randomly 

assigned to either non-alternating-finger or alternating-finger tracing conditions to learn a 

mental math strategy. Data from 95 fully compliant participants were included in the analysis. 

Participants’ pre-test (calculation fluency test) performance was included as a covariate, 

representing prior calculation ability. Contrary to hypotheses, the non-alternating group 

performed better than the alternating group across practice questions and immediate post-test 

questions. Repeated-measure analysis of covariance on immediate and delayed post-test 

scores found a significant interaction between condition and test phase on post-test scores, 

suggesting the alternating group showed greater improvement across two testing phases. An 

interaction between prior calculation ability and condition was found on intrinsic cognitive 

load, suggesting participants whose pre-test scores were lower than 64 perceived lower 

intrinsic cognitive load in the single condition compared to the alternating condition. 

Participants in the alternating condition reported higher extraneous cognitive load. No 
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significant differences were found on intrinsic motivation or germane processing.  

In Experiment Two, 112 university students from Guangdong, China, were recruited. 

Data from 100 fully compliant participants were analysed. One of the 100 participants did not 

come for the delayed test on the next day, but this data was still kept for analyses not 

requiring delayed-test data. Procedures were identical to Experiment One, except for 

adjustments of specific numbers in the learning materials. No differences between conditions 

were found on any performance measures. Repeated-measure analysis of covariance found 

better performance in the delayed post-test, but no difference between conditions. The 

alternating group again reported higher intrinsic and extraneous cognitive load. Intrinsic 

motivation, and germane processing did not differ between groups.  

In Experiment Three, 108 university students from Shanghai, China, were recruited. 

Ninety-seven participants were fully compliant with the instructions, and one did not come to 

the delayed test. Procedures were adjusted: learning was divided into two stages, with three 

worked examples and a self-report questionnaire in each stage. All participants applied the 

non-alternating finger tracing strategy in the first stage and traced according to the condition 

in the second stage. Immediate and delayed post-tests included similar questions and transfer 

questions. Participants in two conditions had similar performance in first-stage learning, 

indicating they were equivalent in learning ability. The time to solution on first-stage practice 

questions was included as another covariate, representing participants’ prior learning ability. 

Controlling for prior calculation ability and learning ability, no significant effect was found 

between conditions on participants’ general performance in second-stage practice learning 

and immediate post-test. However, marginal effects were found on immediate transfer scores 
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and delayed total scores, suggesting the alternating group had better performance. Repeated-

measure analysis of covariance found marginal main effects of condition on total scores, 

similar question’s accuracy, and transfer question’s accuracy, suggesting the alternating group 

performed better. Repeated-measure analysis of variance or analysis of covariance was 

applied to check participants’ intrinsic motivation and cognitive load in two stages of 

learning. An interaction effect was found between the learning stage and the condition on 

intrinsic motivation: the non-alternating group demonstrated a more substantial decline in 

intrinsic motivation across two stages, suggesting the potential motivation retention effect of 

the alternating tracing strategy. The interaction effect was also marginally found on 

extraneous cognitive load, suggesting non-alternating group had lower extraneous cognitive 

load the alternating group had higher extraneous cognitive load in the second stage. 

Furthermore, a new research question - how does variation in tracing actions affect 

learning performance? - was addressed and analysed as exploratory research. This question 

was raised when video coding analyses to check compliance revealed substantial variation in 

the number of tracing actions actually made by participants. Participants excluded from the 

above analyses on the basis of non-compliance (insufficient tracing actions) were included in 

the dosage analyses, as they represent the natural variation in tracing actions. Thus, 110, 109, 

and 106 participants from Experiments 1, 2 and 3 were included in the dosage analyses. A 

general positive correlation between tracing dosage and learning performance was found in 

Experiments 1 and 2. However, this effect was not found in Experiment 3, potentially due to 

a ceiling effect on practice scores. Tracing’s dosage effect on learning performance 

demonstrated a declining trend over time. No correlation was found between tracing dosage 
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and various cognitive load. 

Overall, the results of the current study indicated that alternating fingers tracing may 

enhance learning when cognitive load is suitably managed, as in Experiment 3. Though 

higher extraneous cognitive load was experienced in Experiment 3, participants showed 

better performance, especially on the delayed post-test and transfer questions, suggesting that 

the alternating fingers tracing strategy may foster deeper information processing. 

Recommendations for further research on alternating tracing actions are made. 
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Chapter One: Introduction 

1.1 Research Background 

Learning constitutes a perennial subject of exploration in human development. Since 

the very emergence of humankind, diverse modalities of learning have been a close 

companion to human beings’ development. Researchers from neuroscience, cognitive 

science, behavioural science, psychology, pedagogy and many other fields are all working to 

uncover the mysteries of cognitive processes. From “mimetic” motor acts to “mythic” spoken 

language (Donald, 1991), from simple phonetic expression to a completed symbolic system, 

no matter how the content and forms of human learning change, the pursuit of more effective 

cognitive learning remains constant.  

As Donald (1991) summarised, today’s human mind is a hybrid structure that is partly 

built from vestiges of earlier biological stages as well as new external memory devices that 

altered its organisation. Humans still initiate their cognition of the world through tactile, 

auditory, and visual perception, the most fundamental sensory modalities that rely on 

biological structure. However, the perceived world grows increasingly complex as the 

individual matures, acquiring language and abstract symbolic systems.  

Aligning with this argument of human beings’ learning features, evolutionary 

psychologist David Geary (2008) posited two fundamentally distinct categories of 

knowledge: biologically primary knowledge and biologically secondary knowledge. The 

former category refers to the knowledge or skills that humans have evolved to acquire 

effortlessly (e.g., learning a gesture, speaking a “mother tongue”). The knowledge belonging 

to the latter category (e.g., reading, writing, science, and mathematics) requires extended 
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conscious effort to learn. As biologically secondary knowledge has developed only relatively 

recently in humankind’s history as a species (e.g., writing has only been in existence for a 

few thousand years), humans are not evolved to master biologically secondary knowledge as 

effortlessly as biologically primary knowledge (Sweller et al., 2011). As biologically 

secondary knowledge does not directly support or undermine humans’ survival and evolution, 

we have neither the motivational impetus nor the genetically inspired ability to assimilate 

biologically secondary information automatically. To acquire biologically secondary 

knowledge, people need to consciously allocate their working memory resources to the 

acquisition because humans have not evolved to know how this type of knowledge should be 

processed (Paas & Sweller, 2012; Sweller, 2008). 

As a major contemporary theory of instructional design, the current iteration of 

Cognitive Load Theory (CLT) is substantially informed by the above evolutionary 

perspectives (cf. Paas & Sweller, 2012; Sweller, 2008; Sweller et al., 2019). It analogises the 

evolution of humans’ cognitive structures to the evolution of genetically based biological 

structures, arguing that cognitive learning may be limited by working memory capacity, 

which is largely determined by the biological features of human beings (Sweller, 2004). CLT 

researchers have historically been concerned with supporting the learning of biologically 

secondary knowledge through instructional design, but have more recently considered the 

interplay between these two categories when people learn.  

People acquire most biologically primary knowledge at a very young age. As a result, 

biologically primary knowledge plays a cornerstone role in most aspects of human cognition 

(Sweller et al., 2011), supporting the acquisition of biologically secondary knowledge.  
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Research on the human movement effect (e.g., Ayres et al., 2009; Wong et al., 2009) 

provided empirical evidence that human movement, as a type of biologically primary 

knowledge, could facilitate biologically secondary knowledge’s learning, finding that when 

learning hands-on tasks, a dynamic representation is more effective than a static 

representation because the ability to observe and copy human movement is the biologically 

primary knowledge humans have evolved to gain. Paas and Sweller (2012) argued that 

humans’ innate ability to act in and perceive the world allows for the automaticity of motor 

and perceptual resonance in cognitive tasks. 

Another similar argument regarding biologically primary knowledge supporting 

biologically secondary knowledge comes from the perspective of embodied cognition. This 

theory assumes that all cognitive processes are based on action and perception instead of 

abstract constructs (Barsalou, 1999), supporting cognition through interactions with the 

environment (Barsalou, 2008; Rueschemeyer et al., 2009). Research in various domains, 

including action semantics (Lindemann et al., 2006), language comprehension (Zwaan & 

Taylor, 2006) and neuroscience (Glenberg et al., 2008), has provided biological and 

psychological evidence for embodied cognition. 

Drawing from the theoretical perspectives mentioned above, one recent line of CLT-

based research focuses on exploring how tracing (touching a surface with a finger in an 

active movement) can support learning. This activity can be traced back to over a century ago 

when Sandpaper Letters were invented by Maria Montessori. In this activity, students trace 

letters’ cut-outs made of sandpaper with their fingers in the same sequence as writing the 

letter, with the teacher pronouncing the letter’s sound at the same time (Montessori, 1912). 
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Subsequent research has demonstrated that tracing can support learning in a range of domains 

across various age groups.  

The effect of tracing appears to be robust. However, there is still much to learn about 

its underlying mechanisms and boundary conditions for effectiveness (Park et al., 2019). 

Researchers have begun to focus on potential compound effects (Sweller et al., 2019, p. 270) 

of tracing, referring to “effects that alter the characteristics of other simple cognitive load 

effects”. Conducting compound effects research is a trend in CLT, as such research identifies 

other cognitive load effects’ boundary conditions and thus promotes CLT’s development as a 

theory. Wang et al. (2022) combined another cognitive load effect, the imagination effect 

(Cooper et al., 2001), with finger tracing and found that sequencing tracing and imagination 

supported learning to a greater extent than an equivalent period spent on tracing only.  

Tracing’s potential to support learning is far from being tapped. The current research 

speculates that the variability effect (Paas & Van Merriënboer, 1994) has similar potential to 

the imagination effect in being a cognitive load effect that can compound the effect of tracing. 

In this thesis, combining tracing with the variability effect is operationalised as alternating 

two index fingers that are used to trace a given step in a worked example. A series of 

experiments was conducted to determine whether alternating fingers tracing affects students’ 

cognitive load and subsequent learning compared to classic non-alternating finger tracing.  

1.2 Significance 

Considering the future development potential of finger tracing on learning, as well as 

the yet-to-be-clarified boundary conditions of how finger tracing supports learning, 

comparing non-alternating finger tracing (where the tracing effect has been robustly 
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demonstrated) and alternating finger tracing (the novel tracing strategy this study targets at) is 

a necessary and worthwhile step to take. Therefore, the present study is significant for its role 

in continuing explore the tracing effect and its implementation in educational practice.  

On a theoretical level, the present study expands the scope of finger tracing and 

cognitive load research. By creating the alternating finger tracing strategy via incorporating 

the tracing effect and variability effect together, this research explores the effect of alternating 

finger tracing on learning performance, intrinsic motivation, and various types of cognitive 

load in detail, contributing to tracing effect, embodied cognition, cognitive load theory, and 

variability research.  

On a practical level, this research investigates a potentially useful learning strategy to 

support learning. As an easily implemented learning strategy, alternating finger tracing could 

also offer students, parents, teachers, and educators a simple instructional intervention way to 

support learning. The present study also suggests a tracing sequence that combining non-

alternating tracing and alternating, enabling finger tracing to better accommodate learners of 

varying abilities.  

1.3 Structure of the Thesis 

This chapter briefly described the research background of finger tracing effect from 

evolutionary psychology and CLT perspective, and proposed idea of incorporating variability 

effect to constitute alternating tracing.  

Chapter Two provides a comprehensive description of Cognitive Load Theory, 

beginning with a general overview on human cognitive architecture, followed by discussions 

on different types of cognitive load and their relationship to intrinsic motivation. The 
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following section introduces six cognitive load effects relevant to the present study, 

particularly the variability effect. The last section of this chapter focuses on the incorporation 

of evolutionary perspective into CLT, stressing the potential of finger tracing as a type of 

biologically primary knowledge that could support biologically secondary knowledge 

learning. Chapter Three further discusses the role of finger tracing in promoting learning in 

detail. This chapter begins by reviewing the empirical studies on finger tracing, 

demonstrating its applicability across various subject domains, populations, and learning 

contexts. Then, potential mechanisms of the tracing effect are discussed. Finally, recent 

research trends on compound tracing effects and tracing dosage are discussed, concluding 

that tracing research still has considerable scope for development. Thus, the present study 

constitutes an investigation of a potential compound tracing effect by incorporating the 

tracing and variability effects.   

Chapter Four discusses how variability should be incorporated into finger tracing. The 

characteristic of variability effect are reviewed, focusing on its interaction with other 

cognitive load effects. The theoretical possibilities for combining variability effect and finger 

tracing effect are then discussed. The last section of this chapter discusses options for 

combining the variability and tracing effects, including the operationalisations investigated in 

the present study. Chapter Five outlines the methodology employed in this study. The first 

section establishes that the experimental method constitutes the fundamental approach of this 

research, and briefly introduced the aim of the present study. Based on the research findings 

reviewed in previous chapters, the present study proposes hypotheses regarding how 

alternating finger tracing respectively influences learning performance, intrinsic motivation, 
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and types of cognitive load. The next section discusses certain designs in the experiments in 

present study, including designs concerning test time to solution and delayed post-test.  

Chapter Six to Eight introduce the three experiments in the present study in detail, 

including methods, results, and discussion for each experiment. Each experiment builds upon 

the preceding one, with adjustments made to the experimental procedures and materials. 

These modifications are detailed in the corresponding sections. Experiment 3 involved a 

significant adjustment to the procedure, splitting the learning phase into two distinct stages. 

Given the adjustments to variables, the hypotheses have consequently been modified 

accordingly. Thus, Chapter Eight also includes the discussion and presentation of the adjusted 

hypotheses. Chapter Nine presents the supplementary research on tracing dosage effect. This 

supplementary research arose from findings on substantial variations in individual actual 

tracing actions during the processing of video coding data for formal experiments. 

Chapter Ten summarizes major findings of three experiments, discusses the 

theoretical and methodological implications of the present study, and points out the 

limitations of the present study, accompanying by the suggestions for future research. 
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Chapter Two: Cognitive Load Theory 

2.1 Theory Overview 

Cognitive load theory (CLT) is an educational theory that was initially proposed by 

John Sweller (Sweller, 1988) and continuously developed by Sweller and other researchers 

(Chandler & Sweller, 1991; Kalyuga & Plass, 2025; Paas et al., 2003, 2004; Sweller, 1994, 

2003, 2022, 2023; Sweller et al., 1998, 2011, 2019). CLT is predicated on human cognitive 

architecture and its role in instructional design. It focuses on how cognitive load, “the relative 

demand imposed by a particular task in terms of mental resources required” (American 

Psychological Association, 2018a), influences learning.  

As learning (American Psychological Association, 2018b) and memory (American 

Psychological Association, 2018c) are two closely related concepts insofar as learning’s final 

outcomes are preserved and presented by memory, understanding the structure of human 

memory has therefore become a necessary part of learning research. CLT considers two 

memory stores of human cognitive architecture: a working memory limited in capacity and 

duration (Cowan, 2001; Peterson & Peterson, 1959), standing in marked contrast to long-term 

memory with no known upper limit (Baddeley, 1997; Sweller et al., 2011) and a relatively 

permanent store (Atkinson & Shiffrin, 1968). From an instructional standpoint, a limited 

working memory capacity means that only a limited cognitive load can be imposed before 

learning is hindered. However, too low a cognitive load means there are under-utilised 

working memory resources, which also could make learning inefficient. Teachers should take 

working memory’s limitation into account when instructing, as it is a “bottleneck” for 

learning (Paas & Van Merriënboer, 2020). Thus, the broad goal of research informed by CLT 



19 

 

is to identify instructional design principles that keep the cognitive load at an optimal level.  

Beyond understanding the process of human cognitive learning, CLT holds that 

comprehending the object of learning, and more precisely, alternative categories of 

knowledge, is equally crucial. Incorporating evolutionary theorising, Geary (2008) posited 

two fundamentally distinct categories of knowledge: biologically primary knowledge and 

biologically secondary knowledge. The former category refers to the knowledge or skills that 

humans have evolved to acquire effortlessly (e.g., learning to gesture, speaking a “mother 

tongue”). The knowledge belonging to the latter category (e.g., reading, writing, science, and 

mathematics) requires extended conscious effort to learn. CLT researchers have historically 

been concerned with the development of biologically secondary knowledge, but have more 

recently considered the interplay between these two categories when people learn.  

This chapter presents CLT’s core ideas, concepts and findings in detail, starting from 

human cognitive structure and working memory limits. Then, three types of cognitive loads 

and related research are introduced. Following that, this chapter lists several classic cognitive 

load effects and then moves to CLT’s new trends over the last decade, especially from an 

evolutionary perspective. Two categories of knowledge are introduced, followed by empirical 

research discussing how biologically primary knowledge (e.g., hand movements, gestures, 

pointing and tracing) supports biologically secondary knowledge learning.  

2.2 Human Cognitive Architecture and Working Memory Limit 

As Sweller (2012) articulates, cognitive load theory is a theory that uses knowledge of 

human cognitive architecture to generate instructional procedures. During CLT’s 

development and formation, it integrated various theories and models on learning, 
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memorising, and information processing, including short-term memory discussing temporary 

information storage (Miller, 1956), working memory discussing information storage and 

processing (Baddeley & Hitch, 1974), the multi-store memory model discussing memory 

structure (Atkinson & Shiffrin, 1968), and long-term working memory discussing expert 

performance (Ericsson & Kintsch, 1995). Based on basic research on human cognitive 

architecture, CLT generates its core argument that learning effectiveness is limited by 

working memory capacity, especially when processing new information. These limitations 

can be markedly reduced when a schema (a cognitive construct that permits to treat multiple 

elements of information as a single element) is formed in long-term memory so that the 

previously learned material can act as a central executive, and working memory becomes 

maximally effective (Sweller, 2003). This section reviews research on working memory and 

long-term memory, and subsequent scholarship on better utilising memory processing 

mechanisms to support learning.  

2.2.1 Working Memory 

Research on working memory can be traced back to Miller’s (1956) findings on the 

“magical number seven, plus or minus two”. Miller argued that there was a clear and definite 

limit of seven items on human short-term memory, which he called “span of immediate 

memory”. Although contemporary researchers (e.g., Aben et al., 2012; Colom et al., 2006) 

tend to regard short-term memory and working memory as two similar yet distinct concepts 

with different emphases, the proposal of the “7±2” memory capacity limit still laid the 

foundation for subsequent research on working memory. 

The concept of “working memory” was first introduced in Miller et al.’s (1960) book, 
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where they described working memory as the memory that humans use for the execution of 

plans as a kind of quick access. This statement provided the earliest definition of working 

memory from the functional perspective.  

Atkinson and Shiffrin (1968) then used the concept in their multi-store memory 

model. In the multi-store memory model, memory was divided into three structural 

components: the sensory register, the short-term store (STS), and the long-term store (LTS). 

This categorisation also set the stage for later researchers to discuss short-term memory (or 

temporary memory, immediate memory) versus long-term memory. Atkinson and Shiffrin 

regarded the STS as the subject’s working memory, receiving selected inputs from both the 

sensory register and the long-term store. In Atkinson and Shiffrin’s model, the STS can be 

understood as a container, and the working memory is its contents. Atkinson and Shiffrin 

argued that the information in the short-term store may exist for about 30 seconds without 

rehearsal (cf. Peterson & Peterson, 1959), indirectly defining the duration of working 

memory existence.  

Atkinson and Shiffrin (1971) further pointed out that the STS took the role of a 

controlling executive system in which decisions were made, problems were solved, and 

information flow was directed. However, Baddeley and Hitch (1974) found there was little 

empirical evidence supporting STS’s control function and thus questioned Atkinson and 

Shiffrin’s model on whether STS actually played this role in information processing. To 

figure out whether reasoning, comprehension, and learning all share a common working 

memory system, and what the relationship is between this system and short-term store, 

Baddeley and Hitch (1974) conducting multiple experiments with different combinations of 
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three types of learning task (verbal reasoning, language comprehension, and free recall of 

unrelated words) and three types of interference task (memory load, phonemic similarity, and 

articulatory suppression). These dual-task experiments found that participants’ performance 

on each of two tasks (one learning task and one interference task) under the dual-task 

condition can reach a similar level of performance under the single-task condition when two 

tasks come from different domains (e.g., verbal tasks and image tasks). After comparing and 

summarising all these experiment results, Baddeley and Hitch (1974) proposed a working 

memory system that consisted of a limited capacity “work space” that can be divided between 

storage and control processing demands. The working memory system can be viewed as a 

modification of Atkinson and Shiffrin’s multi-store memory model, but focusing more on the 

information processing tasks rather than the memory system. In Baddeley and Hitch’s (1974) 

model, the working memory represented a control system with limits on both storage and 

processing capabilities.  

Baddeley (1986) further refined the working memory model and described it in detail, 

which has come to be known as the multicomponent working memory model. Three 

specialised components (central executive, phonological loop, and visuo-spatial sketchpad) 

constitute this multicomponent working memory system. The first component is the central 

executive; it is a supervisory system that takes the responsibility to control and regulate the 

working memory system. Specifically, it undertakes functions like coordinating the other two 

systems, allocating and switching attention, and activating representations within long-term 

memory (Baddeley & Logie, 1999). The central executive is not involved in temporary 

storage, which is the function of the other two components. The phonological loop and visuo-
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spatial sketchpad are specialised temporary memory systems; the former one refers to the 

phonologically based store and the latter one refers to the visuospatial store.  

The multicomponent working memory model (Baddeley, 1986) answered the question 

of why learning tasks from two different domains did not interfere with each other, consistent 

with the experimental results (Baddeley & Hitch, 1974). However, in the multicomponent 

working memory model, verbal and nonverbal information is stored in two isolated systems, 

which leaves the question of how the two types of information integrate.  

To answer this question, Baddeley (2000) further revised the model and introduced 

another component, the episodic buffer, into the model. The episodic buffer is another storage 

system supervised by the central executive; it provides temporary storage and is capable of 

integrating and storing information from various sources (Baddeley, 2000). The episodic 

buffer is argued to provide a temporary interface between the phonological loop, the visuo-

spatial sketchpad and the long-term memory.  

The four-component working memory model clearly explains how working memory 

works on information processing and its relationship to long-term memory, consistent with 

the empirical results at that time. However, as more and more research from the embodied 

cognition perspective found that body movements can support learning (e.g., Glenberg et al., 

2008; Lindemann et al., 2006; Zwaan & Taylor, 2006), Baddeley’s (2000) three specific 

information storage components can no longer explain the phenomena. Baddeley (2012) 

responded to those questions and further adjusted the multicomponent working memory 

model, adding another information channel, the haptic channel, into the visuo-spatial 

sketchpad. The haptic channel is responsible for the tactile and kinaesthetic coding that 



24 

 

comes from touching objects and moving body parts.   

Baddeley’s multicomponent working memory model was not the only model 

proposed during those years. Cowan’s embedded-processes model (Cowan, 1988, 1995, 

1999) holds the opposite opinion as the multicomponent working memory model, arguing 

that rehearsal and retrieval processes actually work upon activated traces of long-term 

memory, not the separated representations held in the temporary storage in working memory. 

Memory is held to be a unitary construct but with three distinct levels of activation, 

including: a) inactive representations of long-term memory, b) a subset of activated 

representations of long-term memory that is considered as the short-term store; c) a subset of 

activated representations in the short-term store that is in the focus of attention and awareness 

(Spillers et al., 2012). In the embedded-processes model, working memory is not viewed as 

an isolated store, but an embedded field where three levels of memory are hierarchically 

processed (Cowan, 1999). Compared to the multicomponent working memory model, the 

embedded-processes model better explained how prior knowledge stored in long-term 

memory is used for new information processing, with the assumption that working memory 

and long-term memory are structurally intertwined (Schweppe & Rummer, 2014).  

In addition to an alternative view of WM structure, Cowan (2001, 2005) also 

proposed an alternative perspective on working memory capacity. From the embedded-

processes model, the limit of working memory capacity is essentially the limit of attentional 

resources (Cowan, 1988). Cowan (2001) argued that the “magical number” of short-term 

memory is four, not seven. Cowan (2001) set very strict conditions to observe the single, 

central capacity limit and found that the mean memory capacity in adults is three to five 
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chunks. Cowan (2001) referred to “7±2” as the compound short-term memory limit that was 

suitable for materials where the exact number of chunks was hard to ascertain, and proposed 

“4 chunks” as the pure short-term memory limit that was more widely used. 

Despite the debates on working memory’s detailed structure and capacity limit, there 

is a consensus view among researchers that: a) working memory plays a crucial role in 

information processing; b) working memory interacts with long-term memory; c) working 

memory has a limited capacity (see Oberauer et al., 2018). These consensus characteristics of 

working memory underpin the basic idea of Cognitive Load Theory of maximising learning 

by activating and controlling cognitive load at an optimal level.  

2.2.2 Long-Term Memory 

In contrast to the limited capacity of working memory, there is no clear upper limit to 

the storage capacity of long-term memory. As Atkinson and Shiffrin (1968) described, human 

learning starts with receiving information, followed by complicated information processing in 

working memory, and finally storing it in long-term memory. 

Long-term memory’s importance in cognitive tasks was first proposed by de Groot 

(1965) in research on chess expertise. Chase and Simon (1973) replicated and expanded this 

line of research, finding that experts performed better on a memory task based on real-game 

positions than beginners, but not when chess pieces in random positions were to be 

remembered. This finding suggested that experts’ better performance mostly came from the 

large number of chunks or patterns stored in their long-term memory, rather than their superb 

ability or larger working memory capacity. Following research demonstrated similar results 

in various domains (e.g., Egan & Schwartz, 1979; Gobet & Simon, 1996; Sweller & Cooper, 



26 

 

1985), indicating that long-term memory can generally help cognitive learning.   

Considering how prior knowledge stored in long-term memory supports the learning 

process, the schema construct was proposed by Piaget (1952) to explain how knowledge is 

stored in long-term memory and how people actively construct their understanding of the 

world. A schema is defined as “a cohesive, repeatable action sequence possessing component 

actions that are tightly interconnected and governed by a core meaning” (Piaget, 1952, p. 7). 

In the context of human cognition and pedagogical instruction, Sweller defined a schema as 

“a cognitive construct that permits to treat multiple elements of information as a single 

element, categorised according to the manner in which it will be used” (Sweller, 1999, p. 10). 

According to schema theory (e.g., Ghosh & Gilboa, 2014; Marshall, 1995), schemas in long-

term memory can be quickly activated when individuals encounter a related situation. The 

schema can be expanded or adjusted according to an individual’s experience. As additional 

information is encoded in specific schemas and complicated connections are established 

between schemas, the individual becomes an expert in that field. Compared to a novice, 

experts can more quickly and correctly make connections between the current learning task 

and existing relevant schemas in long-term memory, resulting in better performance in the 

learning tasks (e.g., Chi et al., 1981).  

Rather than being a simple storage system for knowledge, long-term memory actually 

played an important role in the learning process (Sweller et al., 1998). Schemas stored in the 

long-term memory not only can be processed consciously as discussed above, but can also be 

automatically processed (Schneider & Shiffrin, 1977; Shiffrin & Schneider, 1977) with 

minimal conscious effort. Sufficient practice can promote schema automation, resulting in a 
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lower working memory load required to complete a given task. For example, adult native 

speakers can read a word without consciously processing the individual letters, but second 

language beginners usually need to combine the letters in their minds first to think of the 

word’s meaning and pronunciation. Schema automation is effective in supporting problem 

solving (Kotovsky et al., 1985) because more working memory capacity is available to be 

used to solve sophisticated problems when a learner possesses a more automated schema 

(Sweller et al., 1998).  

The discovery of the important role of long-term memory in supporting learning 

constitutes another fundamental tenet of Cognitive Load Theory: schema construction and 

automation will support subsequent learning by freeing working memory capacity and 

avoiding overload (Sweller et al., 1998). 

2.3 Cognitive Load and Instructional Intervention Guidelines 

Since working memory capacity is limited and indispensable to learning, it is 

necessary to control the burden on working memory capacity to avoid overload. The concept 

of cognitive load was thus proposed as a construct representing the load imposed on the 

cognitive system to perform a learning task (Sweller et al., 1998). The current iteration of 

CLT (Paas & Van Merriënboer, 2020; Sweller et al., 2019) stipulates two distinct categories 

of cognitive load: intrinsic cognitive load and extraneous cognitive load. Intrinsic cognitive 

load is imposed by the inherent complexity of the information the learner needs to 

understand, given their prior knowledge, irrespective of the instructional procedures used. In 

contrast, extraneous cognitive load is imposed not by the information itself but rather by how 

it is presented or by the activities learners engage in (Paas et al., 2003; Sweller et al., 2011; 
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Sweller et al., 1998; van Merriënboer & Sweller, 2005). Both intrinsic cognitive load and 

extraneous cognitive load can be adjusted by instructional interventions depending on their 

own characteristics.  

2.3.1 Intrinsic Cognitive Load  

Intrinsic cognitive load directly relates to the inherent complexity of the learning 

content (Sweller, 1994, 2010; Sweller & Chandler, 1994). It can be viewed as a type of 

“necessary effort” for a learner to acquire the knowledge. For a specified learning task and 

specified learner knowledge level, intrinsic cognitive load is fixed, other than changing the 

learning task or changing the learner’s knowledge level. Intrinsic cognitive load can only be 

altered by changing the nature of what is learned or by the learning activity itself (Sweller, 

2010). For a particular task and learner knowledge level, element interactivity is assumed to 

be the key determinant of intrinsic cognitive load. An element is anything that has been or 

needs to be learned (e.g., concept, procedure) (Sweller, 1994, 2010), while the level of 

element interactivity reflects the number of interacting elements that must be processed 

simultaneously in working memory (Sweller, 1994).  

Low element interactivity learning tasks allow learners to learn individual elements in 

isolation with minimal reference to other elements, thus resulting in a low load on working 

memory. A learning task can be difficult but low in element interactivity, because the task 

requires many elements to be learned serially rather than simultaneously, without holding too 

many elements in the working memory at the same time (Sweller, 1994, 2010). For example, 

learning proper nouns in foreign languages is a low-element interactivity task; a second 

language speaker who starts to live abroad can learn the word “dermatologist” in the clinic 
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without knowing what the word for “cardiologist” is. The second language speaker may learn 

the proper nouns of different doctors separately in the future when encountering different 

illnesses.  

High element interactivity learning tasks, on the other hand, consist of elements that 

highly interact with each other and cannot be learned separately. To understand high element 

interactivity learning tasks, learners have to hold and process the elements in the working 

memory simultaneously. Compared to learning nouns, learning grammatical properties in a 

foreign language is a high element interactivity task because learners must relate each word 

to the others to successfully learn the task. As another example, mathematics tasks also tend 

to have a high interactivity level. To learn an equation, learners need to take all the digits and 

the operational rules into account and process them in working memory at the same time 

(Sweller, 1994, 2010).  

However, the element interactivity level depends on the nature of learning content and 

the learner’s knowledge level simultaneously (Sweller, 2010; Sweller & Chandler, 1994; 

Tindall-Ford et al., 1997). As learners continue to learn similar tasks, a schema can be 

constructed. Once a schema has been constructed, it can act as a single element in working 

memory, and the interacting elements incorporated within the schema do not need to be 

considered. Thus, a specific low element interactivity learning task to an expert can be a high 

element interactivity learning task for a novice.  

Since intrinsic cognitive load through element interactivity is determined by an 

interaction between the nature of the material being learned and the expertise of the learner, 

knowing the knowledge level of the target population of learners is essential when designing 
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instructional materials (Chen et al., 2023; Sweller et al., 1998; Sweller & Chandler, 1994). 

Some classic instructional interventions considering the element interactivity level are 

introduced in the next section.  

2.3.2 Extraneous Cognitive Load  

Other than the load imposed by the intrinsic complexity of what needs to be learned, 

working memory also needs to handle the load imposed by instructional procedures that are 

less than optimal, referred to in CLT as extraneous cognitive load. This type of cognitive load 

is considered “unnecessary effort” because it does not relate to the intrinsic characteristics of 

the learning content, but is only related to the format that the learning content is presented 

(Paas et al., 2003; Sweller et al., 2011; Sweller et al., 1998; van Merriënboer & Sweller, 

2005). Due to working memory’s limited capacity and extraneous cognitive load’s learning-

unrelated characteristic, historically, the primary concern of CLT has been to design 

appropriate instructional material to reduce extraneous cognitive load (Sweller, 2003, 2004, 

2010).  

Though extraneous cognitive load is generally believed to be unnecessary and needs 

to be reduced, it does not necessarily hinder learning. Whether extraneous cognitive load 

causes a problem partially depends on the intrinsic cognitive load (Sweller et al., 1998; 

Sweller & Chandler, 1994). Under CLT’s additivity hypothesis (Paas et al., 2003), high 

extraneous cognitive load plus high intrinsic cognitive load may be critical because the total 

load may exceed the working memory capacity. In contrast, high extraneous cognitive load 

with low intrinsic cognitive load, where the total load does not exceed the limit, is thus less 

harmful. To a certain extent, intrinsic cognitive load and extraneous cognitive load have 
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similar attributes: both of them are true loads that need to be processed in the working 

memory.  

Similarity of intrinsic and extraneous cognitive load is also reflected in the fact that 

element interactivity is the major source of working memory load underlying both extraneous 

cognitive load and intrinsic cognitive load (Sweller, 2010). If a learning task’s element 

interactivity can be reduced without changing the nature of what is learned, then the load is 

extraneous cognitive load. For example, presenting a picture of an animal with its scientific 

name right in the picture has a lower element interactivity level than presenting its scientific 

name on the other side of the page. The knowledge a student has to learn is the same in both 

types of picture presentations, but the element interactivity in the two learning tasks is 

different. Thus, the load is extraneous in such situations. Similarly, if a learning task’s 

element interactivity cannot be altered except by changing the nature of what is to be learned, 

then the load is intrinsic cognitive load (Beckmann, 2010). However, whether the load is 

intrinsic or extraneous depends on what needs to be learned. Even for the same learning 

material, different learning goals may lead to different judgments of intrinsic and extraneous 

cognitive load (Sweller et al., 1998). Continuing with the previous example, if knowing that 

an animal and its scientific name is the goal of learning, then presenting the picture and the 

name far away may cause extraneous cognitive load. But if the learning goal is to observe the 

details of the animal picture and draw it, then presenting the picture and the name far away 

does not cause additional extraneous cognitive load.  

In summary, extraneous cognitive load is viewed as a kind of unnecessary cognitive 

load imposed by nonoptimal instructional procedures; it may hinder learning when the 
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combination of intrinsic and extraneous load is greater than a student’s working memory 

capacity. Though extraneous cognitive load is distinct from intrinsic cognitive load by 

definition and effects, they share a similar underlying mechanism in element interactivity as 

the major source of both intrinsic cognitive load and extraneous cognitive load.  

2.3.3 Germane Processing  

Besides intrinsic cognitive load and extraneous cognitive load introduced above, 

previous iterations of CLT (e.g., Sweller et al., 1998) also considered ‘germane cognitive 

load’, defined as effort contributing to schema construction. However, following criticisms of 

the germane load construct (Kalyuga, 2011; Sweller, 2010), this construct has been reframed 

as germane processing, “working memory resources that are devoted to information that is 

relevant or germane to learning” (Sweller et al., 2011, p. 57).  

In contrast with the previous two categories of cognitive load, germane processing 

does not contribute to the total cognitive load. Instead, it contributes more to 

“…redistributing working memory resources from extraneous activities to activities directly 

relevant to learning by dealing with information intrinsic to the learning task” (Sweller et al., 

2019, p. 264). Unlike intrinsic cognitive load and extraneous cognitive load that must be dealt 

with by working memory with resources allocated to them (Sweller et al., 2011), germane 

processing does not constitute an independent source of cognitive load. It purely refers to the 

working memory resources devoted to dealing with the element interactivity associated with 

intrinsic cognitive load (Sweller, 2010).  

Since the germane processing represents how much working memory resources were 

devoted to processing intrinsic cognitive load related information, it is closely related to 
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intrinsic cognitive load and extraneous cognitive load. If intrinsic cognitive load is high,  

germane processing tends to be high because a greater proportion of working memory 

resources needs to be devoted to dealing with essential learning. If extraneous cognitive load 

is high, germane processing is more likely to be low because more working memory 

resources are used to deal with extraneous elements imposed by the instructional procedure 

rather than the lesson elements that need to be understood and learned (Sweller, 2010).  

Considering the different characteristics of the various sources of cognitive load, CLT 

researchers argue that intrinsic cognitive load needs to be optimised, and extraneous 

cognitive load needs to be reduced to best facilitate learning (Sweller et al., 2011). With such 

ideal control of intrinsic cognitive load and extraneous cognitive load, the maximal level of 

working memory resources can be devoted to germane processing, resulting in maximised 

learning.  

2.3.4 Intrinsic Motivation and Cognitive Load  

After years of development and refinement, CLT researchers built a convincing 

framework for instructional design by clarifying the relationship between element 

interactivity and various sources of cognitive load. However, the above arguments regarding 

cognitive load and instructional guidelines have a prerequisite that all working memory 

resources are devoted to learning. To fulfil this prerequisite, learners’ intrinsic motivation is 

important.  

As Sweller (2010) has noted, the element interactivity formulation and the 

instructional guidelines flowing from it assume student motivation is high, and all available 

working memory resources are devoted to dealing with intrinsic and extraneous cognitive 
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load. Only with a high and stable motivation will working memory resources be guaranteed 

to be devoted to dealing with cognitive load during the whole learning process. If a learner’s 

intrinsic motivation reduces, then they may allocate some working memory resources to deal 

with elements that are unrelated to the learning context (e.g., the sound of birds singing 

outside the window), and the overall working memory resources available for cognitive 

learning will decrease. Thus, the instructional guideline to improve learning by reducing 

extraneous cognitive load, thus freeing up working memory resources for learners to deal 

with intrinsic cognitive load-related information, will not be effective if learners are 

unmotivated and do not want to use the freed resources to learn (van Merriënboer & Sweller, 

2005).  

Though CLT researchers have focused more on cognitive structures and processes 

during learning, there is longstanding recognition that learning is not only affected by 

cognitive aspects, but also by motivational and emotional factors (Brünken et al., 2010; 

Feldon et al., 2019; Schnotz et al., 2009). Based on the fundamental view that increasing 

motivation can increase the working memory resources devoted to learning tasks and further 

increase germane processing (Paas et al., 2003), maintaining relatively high motivation 

during the learning process was considered important. This requirement of high motivation, 

to some extent, changed the idea that learning must be simplified as much as possible to 

reduce unnecessary cognitive load. As Schnotz et al. (2009) argued, “learning environments, 

which cut requirements to the basic, may reduce cognitive load, but might not be optimal 

with respect to the learner’s motivation, because a sub-challenge would be experienced as 

boring by the learner. ” For example, removing unnecessary decorative elements (seductive 
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details; for a meta-analysis, see Sundararajan & Adesope, 2020) in lesson materials is a way 

to avoid distraction and can reduce extraneous cognitive load, but it may also decrease the 

level of interest and enjoyment learners feel. Furthermore, learners’ motivation may be 

reduced, resulting in lower persistence in learning and poorer learning outcomes.   

Though the inclusion of motivational factors makes instructional design more 

complex, the general guideline that learners should be supported to devote as many working 

memory resources as possible to dealing with intrinsic cognitive load related information to 

promote learning remains unchanged. To summarise, considering both cognitive load and 

motivational aspects simultaneously is essential in instructional design. CLT researchers aim 

to balance the complex relationship between motivation and cognitive load, generating and 

testing appropriate instructional methods that maximise germane processing, and thus 

promote learning to the greatest extent. 

2.4 Key Cognitive Load Effects 

Aligning with the instructional guidelines introduced in the previous section, many 

cognitive load effects were generated when an instructional procedure demonstrated its 

superiority in facilitating learning compared to a more traditional procedure (Sweller et al., 

2011). Some of the effects are attributed to the optimisation of intrinsic cognitive load (e.g., 

the variability effect), and some are attributed to the optimisation of extraneous cognitive 

load (e.g., the split-attention effect), both of which result in promoting germane processing. 

There are also many cognitive load effects that are influenced by various principles, and their 

effects can be altered (disappear or even reverse) by other so-called compound effects (e.g., 

compound element interactivity effect). Compound effects usually indicate the limits of other 
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simple cognitive load effects, which is regarded as a further development of CLT 

underpinning substantial research in recent years (Sweller et al., 2019). This section 

introduces six cognitive load effects germane to the current research. The variability effect, 

which is the most relevant effect to this PhD study, is analysed in detail. 

2.4.1 The Worked Example Effect 

Research into worked examples dates back to the 1950s, when researchers applied the 

learning-by-example method to investigate the learning of concept formation (e.g., Bruner et 

al., 1956). The worked example effect, referring to providing a step-by-step solution to a 

problem and better promoting learners’ learning (Sweller et al., 2011), has been researched by 

CLT since the 1980s (Cooper & Sweller, 1987; Sweller & Cooper, 1985). From the CLT 

perspective, a worked example provides a clear model for learners to construct an expert-like 

problem-solving schema in long-term memory, while imposing a relatively low working 

memory load compared to traditional problem-based learning (Sweller et al., 2011). 

Traditional problem-solving via means-ends analysis requires the learner to process all 

relevant elements simultaneously in working memory, placing a heavy burden on working 

memory. By providing worked examples, all the necessary intrinsic interacting elements are 

encapsulated together, avoiding the overload of working memory (Carroll, 1994).  

Empirical evidence for the worked example effect was initially found in the 

mathematics and science domains. For example, Sweller and Cooper (1985) researched 

secondary school students’ learning on solving algebra manipulation problems, finding that 

students spent less time to learn worked examples compared to conventional problems, and 

had better performance on subsequent questions. Zhu and Simon (1987) further demonstrated 
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that worked examples could facilitate students’ mathematical learning in the long term, 

enabling most students to complete a three-year curriculum via the worked-example method 

in two years of study. Trafton and Reiser (1993) tested the worked example effect in the adult 

age group, finding that college students benefited more from worked examples when learning 

computer programming.  

Subsequently, the worked example effect has been widely demonstrated in various 

domains. In STEM (science, technology, engineering and mathematics) disciplines where 

well-structured problems predominate, the worked example effect has been extensively 

researched, including statistics problems (Paas, 1992), geometry problems (Paas & Van 

Merriënboer, 1994), spatial rotation (Pillay, 1994), and many other specific areas; for a meta-

analysis on the use of worked examples in mathematics education, see Barbieri et al. (2023). 

More recent studies have demonstrated the worked example effect in a range of ill-defined 

domains, including designer recognition (Rourke & Sweller, 2009), drama understanding 

(Oksa et al., 2010), legal reasoning  (Nievelstein et al., 2013) and second language learning 

(Kyun et al., 2013). 

The worked example effect has been shown to be very robust after years of cognitive 

load theory-based research. Though the worked example effect originated from the cognitive 

load theory, the theory itself has been influenced by the research findings associated with the 

worked examples. Failures to generate worked example effect prompted research on a range 

of other cognitive load effects (Sweller et al., 2011), which are discussed in the subsequent 

subsections. The split-attention effect is discussed in the next subsection, which is critical to 

the effectiveness of worked examples.  
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2.4.2 The Split-Attention Effect 

The split-attention effect arose when some worked examples were found to be 

ineffective (Tarmizi & Sweller, 1988). The worked examples facilitate learning by decreasing 

extraneous cognitive load, but in some cases, the worked example itself may generate 

extraneous cognitive load and become ineffective. This may occur when a worked example 

consists of multiple sources of information (e.g., text and pictures) that are separately 

presented in the learning material (Chandler & Sweller, 1991; Sweller et al., 1990; Sweller & 

Chandler, 1994). From a cognitive load perspective, when learners see one part of the 

information, they are forced to search for the referents and mentally integrate them to 

understand the overall content. Both searching and integrating require mental efforts, 

imposing extra extraneous cognitive load on working memory (Chandler & Sweller, 1991; 

Sweller et al., 2011; Tarmizi & Sweller, 1988; Ward & Sweller, 1990).  

Tarmizi and Sweller (1988) first found the split-attention effect when they found that 

only worked examples that integrated text and related diagrammatic elements triggered the 

worked-example effect. Subsequent research also found that presenting all materials in a 

manual better supports learning compared to presenting information across the manual and 

computer screen (Chandler & Sweller, 1996; Sweller & Chandler, 1994). Thus, CLT 

suggested that educators integrate all essential information together when designing the 

learning materials, in order to avoid unnecessary extraneous cognitive load. Specifically, 

educators can embed the written text within the diagram and place the explanatory text near 

the concept to reduce the cognitive load caused by searching and matching (Owens & 

Sweller, 2008; Sweller et al., 2011; Ward & Sweller, 1990). Besides the spatial split-attention 
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effect mentioned above, Mayer (2001) proposed the temporal contiguity principle, pointing 

out that presenting all necessary information simultaneously is also important, due to the 

limited duration of working memory (cf. Peterson & Peterson, 1959).  

Ginns (2006) reviewed 50 independent studies and demonstrated the robustness of the 

benefits from reducing split attention across time or space in various domains. This meta-

analysis also found that the effectiveness of the split-attention was moderated by the 

complexity of learning materials, where learners benefited more from avoiding split-attention 

in complex learning materials (Ginns, 2006). This finding is consistent with the CLT and 

many other cognitive load effects that the effect tend to be more obvious when intrinsic 

cognitive load is high (Sweller et al., 2011).  

Though numerous studies have demonstrated that integrating related learning 

elements either over time or space is important for learning (Ginns, 2006), there are indeed 

some situations where it is impossible to present all information together. In this case, 

alternative methods to overcome the split attention are needed. Kalyuga et al. (1999) found 

that directing learners’ attention by a colour coding system connecting to relevant information 

could reduce cognitive load. Similarly, directing learners’ attention via an explicit link was 

found to have a similar learning supportive effect to the fully integrated learning materials 

(Florax & Ploetzner, 2010).  

The split-attention effect is one of the most important cognitive load effects, providing 

the basic instructional design principle that information needs to be presented in a way that 

eliminates spatial or temporal separation. Given the fact that information needs to be 

considered simultaneously to learn, reducing the extraneous cognitive load imposed by 
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holding information in the working memory and searching for referents helps learning 

(Sweller et al., 2011). Because of its direct and clear mechanism flows from cognitive load 

theory, the split-attention effect has wider implications for other cognitive load effects. The 

modality effect discussed in the next subsection relies on the split-attention effect. 

2.4.3 The Modality Effect 

The modality effect is closely related to the split-attention effect, originating from an 

alternative way to deal with the split-attention effect (Sweller et al., 2011). Rather than 

struggling to present all relevant elements visually together, engaging both auditory and 

visual working memory channels is suggested by the modality effect.  

Mousavi et al. (1995) first demonstrated the modality effect in geometry learning. 

They found that presenting geometry diagrams in visual form and geometry statements in 

auditory form improved learning compared to visual-only presentations. This finding 

suggests that working memory has partially independent processors for handling visual and 

auditory material. Tindall-Ford et al. (1997) replicated the modality effect in electrical 

engineering and interpreted the modality effect from a CLT perspective. Subsequently, the 

modality effect has been demonstrated in various experiments (e.g., Jeung et al., 1997; 

Kalyuga et al., 1999; Mayer & Moreno, 1998; Moreno & Mayer, 1999; for a meta-analysis, 

see Ginns, 2005).  

Besides supporting learning via reducing the extra cognitive load caused by split 

attention, the modality effect also promotes learning by increasing effective working memory 

capacity (Sweller et al., 1998). Compared with processing all information in visual working 

memory alone, adding the auditory channel as extra working memory resources allows 
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learners to process more complicated learning information. This also explains why the 

modality effect is more obvious in high element interactivity materials (Tindall-Ford et al., 

1997). High element interactivity materials may overload the visual channel, which can be 

reduced by using a dual-modality format (Sweller et al., 2011).   

The modality effect can also be explained from an evolutionary perspective. As 

humans evolved the ability to use vision and hearing to identify an object simultaneously, the 

involvement of the dual sensory system may rely more on biological rather than cognitive 

factors for coordination, which results in less cognitively demanding and lower cognitive 

loads when processing information (Sweller et al., 2019). This evolutionary perspective, 

which holds that humans have biologically evolved to utilise multiple sense to learn, was then 

extended to the tactile and kinaesthetic sensory channels. The specific details of this 

argument are discussed in the following sections.  

Though the modality effect is found to be stable and robust in various CLT research, 

simply using audio-visual instructions does not necessarily promote learning. As working 

memory for novel information is limited and spoken information is transitory, a lengthy or 

complex spoken text may exceed working memory limits. Such high element interactivity 

auditory material may overwhelm working memory and override any possible benefits 

provided by a dual-modality presentation. Findings from Leahy and Sweller (2016) supported 

this argument. They conducted two experiments to compare visual-only presentation and 

audio-visual presentation. The first experiment used lengthy text and found the visual-only 

presentation was superior, while the second experiment divided the same material into 

smaller segments and found audio-visual presentation group performed better. Thus, careful 
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design in audio-visual instruction to reduce extraneous cognitive load is necessary to obtain 

the modality effect (Sweller et al., 2011).  

In summary, dual-modality presentation can promote learning because it can reduce 

the extraneous cognitive load caused by visual split attention and bring extra working 

memory resources by adding another sensory channel (Sweller et al., 2011). As it arises from 

the split-attention effect, the modality effect has a similar prerequisite that the visual and 

auditory information must refer to each other and be unintelligible unless they are processed 

together. Otherwise, the redundancy effect may occur, which is discussed in the next 

subsection.  

2.4.4 The Redundancy Effect 

The redundancy effect is closely related to the split-attention effect and the modality 

effect. Split attention occurs when learners must integrate information from multiple sources 

to understand it. In contrast, the redundancy effect may occur when multiple sources of 

information can be understood separately without mental integration, where extra information 

is unnecessary or duplicated (Sweller et al., 2011).  

The redundancy effect was first reported by Miller (1937), finding that children 

learning how to read nouns better when the words are presented alone rather than in 

conjunction with pictures. In this case, the picture was the unnecessary information. When 

the unnecessary information was presented with the essential information together, the 

elements associated with the unnecessary information are likely to be processed, resulting in 

an extraneous working memory load (Sweller et al., 2011). Besides presenting unnecessary 

information to learning being considered redundant, another common form of redundancy 
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occurs when the same information is presented from multiple resources. This kind of 

redundancy is caused by duplicated information, including presenting the same information 

in different forms (for example, the diagram and the text providing the same information), 

and presenting the same information in different modalities (for example, the identical text 

being presented via both written and spoken).  

Within the cognitive load framework, Chandler and Sweller (1991) first demonstrated 

the redundancy effect. They conducted several experiments with electrical engineering 

materials, finding that learners presented with diagram-only instruction spent less time to 

learn and performed better than those who were presented with the integrated format that 

combined diagram and text telling the same information. Bobis et al. (1993) replicated the 

redundancy effect with a paper-folding learning task and found that text-only instruction 

better promotes learning than text and diagram instruction. To further understand how 

redundancy affects learners’ cognitive load, Chandler and Sweller (1996) used the secondary 

task method to measure cognitive load and found that redundancy did increase cognitive load.  

To summarise, whether it is unnecessary or duplicated information, any additional 

information not required for schema construction is classified as redundant from the CLT 

perspective. The redundancy effect occurs when learners involuntarily allocate the working 

memory resources to process redundant information, which results in increasing extraneous 

cognitive load and worse learning outcomes (Sweller et al., 2011). Like many other cognitive 

load effects, the redundancy effect is usually found in learning high element interactivity 

materials (Sweller & Chandler, 1994), because extraneous cognitive load may not cause 

harmful results if intrinsic cognitive load is low (Sweller, 1994; Sweller et al., 1998). Element 
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interactivity, which is a key moderator of so many cognitive load effects, is discussed in the 

next subsection.  

2.4.5 The Element Interactivity Effect 

As mentioned in previous subsections on sources of cognitive load, the element 

interactivity is the key source of working memory load underlying both extraneous cognitive 

load and intrinsic cognitive load. The general finding that CLT-based effects tend to be 

observed in high element interactivity learning tasks is referred to as the element interactivity 

effect (Chen et al., 2023; Sweller, 2010; Sweller & Chandler, 1994). The element interactivity 

effect depends on both intrinsic and extraneous cognitive load (Sweller et al., 2011), and it 

occurs when a cognitive load effect obtained using high element interactivity information 

disappears or reverses when using low element interactivity material (Sweller et al., 2019). 

In contrast to previous classic cognitive load effects, the element interactivity effect is 

defined as a compound cognitive load effect, referring to an effect that could alter the 

characteristics of other cognitive load effects (Sweller et al., 2019). It is treated as a separate 

cognitive load effect because substantial empirical evidence suggests that the levels of 

element interactivity have profound effects on other cognitive load effects associated with 

extraneous cognitive load (Sweller et al., 2011).  

The relationship between levels of element interactivity and the effectiveness of 

various cognitive load effects was found as early as the 1990s (Sweller, 1994), but at that 

time, it was not defined as a distinct cognitive load effect (Sweller et al., 2019). At that time, 

the concept of element interactivity was used to explain why some materials were difficult to 

understand and why extraneous cognitive load only interfered with learning under high 
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cognitive load conditions (Sweller, 1994). As more empirical results emerged, the element 

interactivity effect had gradually been established as a robust effect with a clear mechanism 

that directly derives from CLT (Sweller et al., 2011). 

 As discussed in previous sections, the split-attention effect, the redundancy effect, 

and the modality effect only tend to be observed when element interactivity is high. Under 

the additivity hypothesis (Paas et al., 2003), only when element interactivity (and 

subsequently intrinsic load) is high will those cognitive load effects that work by reducing 

extraneous cognitive load be obtained. The element interactivity effect has also been 

implicated in several other compound cognitive load effects (e.g., the expertise reversal 

effect, the imagination effect) (Sweller et al., 2011).  

In summary, the element interactivity effect suggests that most cognitive load effects 

only manifest when intrinsic cognitive load is high. It is not surprising, as the CLT initially 

aims to deal with excessive memory load (Sweller et al., 2011). The element interactivity 

effect suggests that the level of intrinsic cognitive load associated with element interactivity 

is equally important as extraneous cognitive load in determining the likely effectiveness of 

any CLT-based redesign. Since intrinsic cognitive load does not change when the task and 

learners’ expertise level remain constant, most cognitive load effects work through reducing 

extraneous cognitive load to avoid overload. However, the nature of element interactivity 

makes it possible to manipulate intrinsic cognitive load by changing the initial structure of 

tasks. The variability effect, gained by manipulating intrinsic cognitive load, is discussed in 

the next subsection.  
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2.4.6 The Variability Effect 

In contrast to extraneous cognitive load that should always be decreased, intrinsic 

cognitive load should be optimised rather than decreased (Sweller et al., 2011). The 

variability effect is a CLT effect that works by increasing intrinsic cognitive load, thus 

promoting information processing. Specifically, the variability effect occurs when highly 

variable learning materials result in better learning performance compared to less variable 

materials (Sweller et al., 2011).  

Within cognitive load theory, the variability effect was first investigated by Paas and 

Van Merriënboer (1994) in geometrical learning experiments, showing that students in the 

high-variability group had better transfer performance when applying the worked-example 

strategy. In Paas and Van Merriënboer’s (1994) study, a 2 x 2 between-subjects group design 

(worked example-high variability, worked example-low variability, problem solving-high 

variability, problem solving-low variability) was applied. Students in all groups were required 

to learn six problems; the worked example groups presented the questions with solutions, 

while the problem-solving groups were only presented the questions to solve. As for the level 

of variability, the high variability groups and low variability groups were presented with three 

identical questions and three different questions. The first, third, and fifth questions were the 

same, and the second, fourth, six questions were the variants of the standard questions. In low 

variability groups, the variants only differed by changing the values of the number in the 

questions, while in high variability groups, both values and question formats were changed 

(Paas & Van Merriënboer, 1994). An interaction effect between the variability level and the 

instructional method was found in this study, suggesting that the high variability was more 
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effective in the worked examples instruction but not in the problem-solving instruction.  

The mechanism of increased variability supporting learning lies in its promotion of 

germane processing (Paas & Van Merriënboer, 1994; Sweller et al., 2011). With high 

variability learning materials, learners have the opportunity to engage in deeper processing 

and construct a schema with broader applicability (van Merriënboer & Sweller, 2005). 

Increased variability changes the nature of the task, resulting in an increase in intrinsic 

cognitive load (Sweller et al., 2011). As intrinsic cognitive load increases, the opportunity to 

allocate more working memory resources to intrinsic cognitive load emerges. Thus, germane 

processing increases accordingly. Specifically, when problem variability is low, learners only 

need to learn the specific way to solve the problems. The deep structure underlying the 

problems is easily ignored because all problems can be solved without considering the deep 

structure. However, as variability increases, learners must take into account more and more 

elements associated with the various structures reflected in the problems. Deeper processing 

is necessary to gain a more fundamental understanding to solve all problems. As a result, 

learners gain a deeper understanding and demonstrate better learning outcomes.  

However, high variability learning materials do not necessarily lead to better learning 

performance. If the variability imposes too much intrinsic cognitive load on learners, causing 

their total cognitive load to exceed the limit, the learning will not be promoted, and may even 

be harmed. As Paas and Van Merriënboer (1994) hypothesised, high variability would have a 

positive effect on learning when initial cognitive load was low, because the total cognitive 

load remained within working memory capacity limits, irrespective of the fact that variability 

increased intrinsic cognitive load. On the other hand, the positive effect of the high variability 
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may disappear when initial cognitive load is already high, because the total cognitive load 

will overload the capacity of working memory. Their experiments supported these 

hypotheses: the high variability materials were only effective in supporting transfer question 

problem-solving under the worked example condition (i.e., low initial cognitive load), rather 

than under the problem-solving condition (i.e., high initial cognitive load). To achieve 

variability’s supportive effect, both of the following conditions must be met. First, intrinsic 

cognitive load needs to be increased so that more working memory resources can be allocated 

to processing it. Second, the total cognitive load must not exceed a student’s working 

memory limit to ensure that there are sufficient working memory resources available to be 

allocated to process the intrinsic cognitive load. Only in this way can we ensure that the 

newly added intrinsic cognitive load resulting from increased variability is handled 

appropriately, thereby improving germane processing and promoting learning.  

CLT researchers are neither the first nor the only ones interested in variability. The 

impact of variability on learning has attracted interest from researchers in a range of other 

fields, including linguistics, pedagogy, sports coaching, and other domains over the past 80 

years (Raviv et al., 2022). Variability’s effect on motor learning (e.g., Moxley, 1979), 

categorization (e.g., Quilici & Mayer, 1996; Vukatana et al., 2015; Wahlheim et al., 2012), 

visual perception (e.g., Clopper & Pisoni, 2004), language acquisition (e.g., Singh, 2008), 

machine learning (e.g., Gliozzi & Plunkett, 2019; Hill et al., 2020), and learning in 

educational settings informed by both the variation theory of learning (Marton & Booth, 

1997) and CLT (e.g., Likourezos et al., 2019) has been demonstrated. 

Though variability has been studied for many years in various fields, there is no unified 
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definition of variability among those fields. To provide a clearer picture of variability and 

learning, Raviv et al. (2022) integrated results from different domains and identified four 

kinds of variability, including a) numerosity (set size), concerning learning from more or 

fewer different examples; b) heterogeneity (difference between examples), concerning 

whether examples are more or less similar to one another; c) situational (contextual) diversity, 

concerning environmental conditions unrelated to the specific topic of instruction that are 

more or less variable; and d) scheduling (e.g., interleaving, spacing), concerning more or less 

varied learning practice schedules. Take learning tennis as an example, comparing the effect 

of training tennis serves repeatedly from just one location (e.g., 6 inches to the right of the 

centre mark) versus from four different locations (e.g., 6, 7, 8, 9 inches to the right of the 

centre mark) would be testing the variability from numerosity. Though the heterogeneity is 

also constituted (6 inches is naturally different from 7, 8, and 9 inches), this is not a 

deliberately manipulated heterogeneity. As for heterogeneity of variability in research design, 

learning tennis from four locations that are quite close to each other (e.g., 6, 7, 8, 9 inches to 

the right of the centre mark) versus learning tennis from four locations that are spread apart 

(e.g., 6, 12, 18, and 24 inches to the right of the center mark) can better test variability from 

heterogeneity. To test variability from situational (contextual) diversity, the research design 

could compare the effect of learning tennis on a court painted with one colour only (e.g., 

green) versus on various courts painted with various colours (e.g., green, red, blue, orange, 

etc.). As for the last type of variability from scheduling, the best example is comparing the 

effect of learning tennis in blocked practice (e.g., 6, 6,6, 12, 12, and 12 inches to the right of 

the center mark) verses in interleaving practice (e.g., 6, 12, 6, 12, 6 and 12 inches to the right 
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of the center mark). As Raviv et al. (2022) concluded, many studies may confound 

numerosity and heterogeneity and treat them as interchangeable concepts. Though 

manipulating the variability from numerosity would be highly likely to encompass 

heterogeneity, their fundamental focus is different. Apart from where these two types of 

variability are confused, most studies have focused on one single source of variation and 

developed results based on it (Raviv et al., 2022).  

Notwithstanding the wide range of scholarly considerations of variability, there is a 

typical finding that more variability may first hinder learning but then benefit generalisation 

or transfer, indicating that the mechanism behind different kinds of variability may be 

somewhat similar. Raviv et al. (2022) reviewed three potential mechanisms behind hundreds 

of empirical studies. The first explanation is that variability can help learners to identify task-

relevant dimensions and establish correct decision boundaries. Students can better notice the 

core part of tasks by showing variable examples with some constant elements. Variation 

theory (Marton, 2015; Marton & Booth, 1997), drawing on a pedagogical perspective, posits 

a similar argument that variation is a necessary component in teaching for students to notice 

what is to be learned. The second explanation is that variability may provide greater coverage 

of task-relevant space and boost learners’ generalisation, extending from extrapolation to 

interpolation. The third explanation focuses on variability’s linkage to retrieval performance, 

arguing that variability can promote retrieval performance through a more effortful cycle of 

forgetting and reconstruction. The desirable difficulty hypothesis (Bjork & Bjork, 2011) has a 

similar underlying philosophy to this explanation, arguing that retrieving or generating more 

information could enhance learning.  
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In summary, the variability effect works by manipulating intrinsic cognitive load and 

optimising it (Sweller et al., 2011). The supportive effect of variation on learning has been 

studied and demonstrated in various domains. CLT explains the variability effect from a 

fundamentally cognitive perspective, not only explaining the mechanism of why higher 

variability promotes learning but also clarifying why it only becomes effective under specific 

conditions. The significant interaction between variability level and other variables (e.g., 

instructional type, expertise level) has supported the argument that high variability only has 

effects when working memory capacity is sufficient to handle the increased cognitive load 

(Likourezos et al., 2019; Paas & Van Merriënboer, 1994), suggesting that variability has the 

potential to alter the characteristics of the simple tracing effect and better promote learning. 

As more compound cognitive load effects have been found and developed in recent 

years, the theoretical framework of cognitive load itself has advanced compared to when it 

was first proposed. Evolutionary psychology, providing a strong foundation for human 

cognitive architecture, was incorporated into the CLT theoretical basis. Two fundamentally 

distinct categories of knowledge from an evolutionary perspective and their application to 

support learning (e.g., animation, human movements) are described in the next section.  

2.5 Incorporation of Evolutionary Perspective into CLT 

All human structures and functions, including physical and cognitive aspects, are 

products of evolution by natural selection. Compared to the awareness of evolution’s impact 

on physical structure, research into the evolution of the human mind is less developed. 

However, considering human brain structures and cognitive functions from an evolutionary 
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perspective, seeing them as the product of evolution by natural selection can trigger new 

insights into the mechanisms of the human mind, and further bring new insights into 

instructional applications (Sweller, 2003, 2004; Sweller et al., 2011; Sweller & Sweller, 

2006).  

This section firstly introduces five basic principles encompassed within the natural 

information processing system, which underlie both biological evolution and human 

cognition. Then two fundamentally distinct categories of knowledge human acquired from 

evolved, biologically primary knowledge and biologically secondary knowledge, are 

discussed in this section, followed by their implications for instructional design.  

2.5.1 Five Principles Underlying Biological Evolution and Human Cognition 

The process of biological evolution by natural selection can be understood as the 

process by which genetic information is stored and passed on to succeeding generations, with 

random mutations of the genetic material. If the mutations are adaptive to the environment, 

then the mutations are retained and stored in the genetic information, otherwise they are 

abandoned (Sweller et al., 2011). This information processing system is equally applicable to 

the processing of knowledge and information pertaining to human cognition. Both biological 

evolution and human cognition are sophisticated natural system that create, disseminate, use 

and store information, relying on the same basic information processing machinery to 

function (Sweller et al., 2011; Sweller & Sweller, 2006). The underlying machinery is based 

on five principles, explaining how information is acquired, processed, stored, and applied in 

various environments (Sweller, 2022; Sweller et al., 2011). 

The first principle is the information store principle. To deal with the complexity of 
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various natural environment, natural information processing systems store large amount of 

information (Sweller et al., 2011; Sweller & Sweller, 2006). All genomes consist of 

thousands, even billions of base pairs that could be considered as information units, carrying 

large amount of information that help species to face the inevitable environmental variations 

during the process of biological evolution (Sweller et al., 2011). The character of long-term 

memory in human cognition is equivalent to genomes in biological evolution, both of which 

provide very large information stores to support our daily life (Sweller, 2022; Sweller et al., 

2011). With huge amount of information stored in long-term memory, human can engage in 

activities from automatically recognising objects to planning routine daily lives (Sweller et 

al., 2011). Information held in long-term memory is stored in the form of schemas, which are 

essential for human to function. The immense size of long-term memory store is sufficiently 

large to enable the variety of cognitive activities, constituting the most fundamental and 

central principle underlying the information processing machinery (Sweller et al., 2011).  

The second principle is borrowing and reorganising principle. This principle explains 

one of the basic processes by which information is acquired: obtaining organised information 

from other information stores (Sweller et al., 2011). From the perspective of biological 

evolution, a genome is passed from one generation to the next, carrying the information 

stored in the preceding organism and passing it on to the next organism. In the case of 

asexual reproduction, a genome is exactly copied and “borrowed”, while in the case of sexual 

reproduction, a genome is borrowed from both male and female ancestors and reorganised to 

form a unique genome for the next generation (Sweller et al., 2011). Human cognition acts in 

a similar way as biological evolution for information acquisition. Most information stored in 
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one’s long-term memory is borrowed by imitating other (Sweller & Sweller, 2006). 

Knowledge stored in long-term memory can be transmitted to others. In most situations, the 

borrowed knowledge is reorganized and processed through previously stored schemas in 

long-term memory, constructing a new schema that is different in informational content to the 

schema being borrowed (Sweller et al., 2011). 

The third principle is the randomness as genesis principle. This principle introduces 

another process that natural information systems use to acquire information: creating novel 

information (Sweller et al., 2011). The borrowing and reorganizing principle only allows 

human acquire information from others, while the randomness as genesis principle explains 

the capacity for creativity (Sweller & Sweller, 2006). From the perspective of biological 

evolution, random mutations introduce new information into a genome and cause genetic 

variation between individual organisms. Mutations adaptive for survival and reproduction are 

retained in the species genome, while those that are not effective for survival are eliminated 

(Sweller et al., 2011). As for human cognition, similar “mutation” also occurs. When a person 

attempts to solve a novel problem where relevant knowledge is absent, random attempts of 

possible moves will be made (Sweller et al., 2011). The process of these random new 

attempts is analogous to mutation, introducing new information (new solutions to novel 

problem) to human cognition. Just as only a proportion of naturally mutated genes are 

retained, constituting evolution, only the tested solutions that are effective are stored in long-

term memory, constituting learning (Sweller & Sweller, 2006). In summary, the information 

stored in long-term memory is either acquired by borrowing, reorganizing, or creating. 

As the ultimate purpose of acquiring and storing huge amount of information is 
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survival in a complex external environment, the following two principles focus on the 

required machinery (Sweller et al., 2011), further explaining how natural information 

processing systems interact with the environment.  

The fourth principle is the narrow limits of change principle. This principle explains 

that creation of new information is naturally limited, in order to avoid potentially negative 

consequences of rapid random changes (Sweller & Sweller, 2006). In the case of biological 

evolution, the epigenetic system acts as an intermediary between the genetic system and the 

external environment (Sweller et al., 2011; Sweller & Sweller, 2006), mediating the survival 

stress from the environment and organismal functions rooted in the genome. The epigenetic 

system selectively processes and transmits information from the external environment to the 

genetic system in a manner that can result in genetic changes. Mutation in some parts of a 

genome can be facilitated while mutations in other parts of a genome can be inhibited, 

depending on the adaptability of the epigenetic content exhibited by that part of genome to 

the external environment (Sweller et al., 2011). As the content of mutation is random, and 

mutations need to be tested in small steps for their adaptivity, changes in the genome are 

naturally limited. In the case of human cognition, working memory plays a similar role as the 

epigenetic system. Working memory act as an intermediary between long-term memory and 

the external environment, dealing with novel information from the environment and stored 

schema in long-term memory. With limits in capacity (e.g., Cowan, 2001; Miller, 1956) and 

duration (Peterson & Peterson, 1959), working memory can only process a small amount of 

information simultaneously, limiting the changes in long-term memory. 

The fifth principle is the environmental organising and linking principle, explaining 



56 

 

how huge amounts of stored information can be used to determine activity relevant to a 

particular environment. In the case of biological evolution, the epigenetic system controls the 

link between genetic characteristics to physical characteristics. As introduced in the narrow 

limits of change principle, the epigenetic system connects the genome and environment via 

determining where mutations are facilitated or inhabited, while under the environmental 

organising and linking principle, the epigenetic system connects the genome and environment 

by determining which stored genetic information will be used or ignored (Sweller et al., 

2011). Compared to the limit in genome changes, the amount of genetic information required 

to express particular physical characteristics has no limit. This is because huge amounts of 

genetic information has already been stored in the genome and the epigenetic system can 

organise this information to determine a particular physical character (Sweller et al., 2011). 

As in the case of human cognition, working memory plays a similar role. As introduced in the 

narrow limits of change principle, working memory can receive novel information from the 

external environment and store it in long-term memory. Working memory also can interact 

with stored information in the long-ter memory, using it to coordinate activity with the 

environment (Sweller et al., 2011). Similarly, when dealing with organised information stored 

in long-term memory rather than random information generated from the external 

environment, information processing is not constrained by the working memory limits on 

capacity and duration. 

In summary, the five basic principles of natural information processing systems are 

equivalently applied to biological evolution and human cognition (Sweller & Sweller, 2006). 

The first four principles explain how information is stored, acquired, created, and retained, 
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while the fifth principle explains how stored information is applied to face environmental 

requirement. However, it should be noted that these principles are mostly relevant for 

biologically secondary knowledge, not biologically primary knowledge. Detailed aspects of 

these two types of knowledge are introduced in the next section. 

2.5.2 Biologically Primary and Secondary Knowledge 

From an evolutionary perspective, Geary (2008) classified all knowledge into 

biologically primary knowledge and biologically secondary knowledge. As the name 

suggests, biologically primary knowledge is the type of knowledge that is most fundamental 

for biological survival. In contrast, the biologically secondary knowledge is the type of 

knowledge that is required for cultural reasons. To distinguish these two categories of 

knowledge, Geary (2008) suggested that biologically secondary knowledge is learnable and 

teachable, while biologically primary knowledge is learnable but not teachable because  

biologically primary knowledge is usually learned without being deliberately taught.  

According to Geary’s (2008) theory, humans have evolved to assimilate biologically 

primary knowledge. It can be seen as an instinct programmed into the human genome that 

acquires biologically primary knowledge without being taught (Sweller et al., 2011). 

Biologically primary knowledge constitutes a wide range of basic skills that human beings 

need to survive in the world. Some skills are universal, basic, and acquired effortlessly, so 

that we often take them for granted (Sweller et al., 2011). For instance, recognising and 

distinguishing human faces is biologically primary knowledge, with this capability first 

demonstrated by human beings as early as the first several days of birth (Walton et al., 1992). 

Considering how much detail a face can contain, it is impossible to teach a one-day-old infant 
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to recognise this particular face by teaching the infant to memorise features like the nose, 

eyes, and mouth. In fact, infants can distinguish between different faces. Therefore, 

recognising the human face is a skill that can be acquired but cannot be deliberately taught. 

Humans evolved to easily gain this biologically primary knowledge because the ability to 

identify conspecifics and social agents is critical for our survival (Simion & Giorgio, 2015). 

As a biologically primary skill, the figures of nose, eyes and mouth are automatically 

processed as an integrated face, and made available to consciousness, without requiring 

effortful processing in working memory (Geary, 2008). Besides face recognition, many other 

basic skills like speaking the first language, and physically interacting with the environment 

through movement, are also based on biologically primary knowledge.  

Biologically primary knowledge is considered modular, with each biologically 

primary skill being largely independent of other skills (for a taxonomy of the proposed 

biologically primary modules, see Figure 1 of Geary, 2008). Each biologically primary skill 

likely evolved separately from other primary skills and had its own evolutionary path over the 

long history of human beings, which enabled each biologically primary knowledge to have its 

own acquisition system (Sweller et al., 2011). For example, research in neuroscience has 

found that the human brain is equipped with a neural circuitry specialised for preferentially 

processing faces (Haxby et al., 2002). Because of evolutionary history, various biologically 

primary skills can be acquired easily and effortlessly at a very young age without explicitly 

being taught (Sweller et al., 2011).  

Biologically secondary knowledge, on the other hand, is a kind of “new” knowledge 

compared to primary knowledge. Since human culture is constantly evolving and our 
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knowledge base is growing exponentially, there is a great deal of knowledge that has existed 

for far too short a time to be influenced by biological evolution (Sweller et al., 2011). The 

knowledge that human beings were not evolved to gain is referred as biologically secondary 

knowledge, which is culturally important for us to obtain (Paas & Sweller, 2012; Sweller, 

2022). Acquiring biologically secondary knowledge does not confer a direct advantage for 

survival and reproduction, which prevents such knowledge from being preserved in the 

human species’ genes through natural selection (Sweller & Sweller, 2006). For instance, 

speaking the first language is a biologically primary skill because communication with others 

is a fundamental skill that enables humans, as social creatures, to survive. In contrast, writing 

a first language is a biologically secondary skill, because the inability to write does not 

prevent people of this era from surviving and reproducing in this world. For the vast majority 

of the time after humans learned to write, only a tiny fraction of the population possessed the 

skill of writing. This did not prevent those who could not write from living their lives. 

Though we may require many aspects of biologically primary knowledge in order to learn to 

write, we have not evolved to learn to write (Sweller et al., 2011). Besides writing, every 

curriculum area from practical fields (e.g., cooking) to academic fields (e.g., mathematics) 

that requires instructional support consists heavily of biologically secondary knowledge.  

In contrast to biologically primary knowledge having their own acquisition systems, 

humans have not evolved any system to acquire any particular biologically secondary skill. 

However, humans have evolved a cognitive system that permits the acquisition of a possibly 

infinite range of secondary skills (Sweller et al., 2011). Unlike biologically primary 

knowledge based on multiple separate modules, biologically secondary knowledge is argued 
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to have a unitary system to acquire all biologically secondary knowledge (Geary, 2008). As 

the generation of new knowledge is a rapid and continues process, whereas the biological 

evolution is a remarkably slow process, it is impossible for humans to be born with particular 

processing systems to address every type of knowledge. A general information processing 

system is necessary to deal with all the information that cannot be processed through any 

particular biologically primary system. When a person encounters biologically secondary 

information, which cannot be automatically processed through any biologically primary 

acquisition system, attention will be automatically shifted to this information, and the 

information will be stored in working memory awaiting processing. This ability to represent 

and manipulate information in the working memory was is the core component of the human 

ability to adapt to ecological and social variation within a life span (Geary, 2007).  

In summary, the fundamental distinction between biologically primary and secondary 

knowledge lies in whether they are basic and essential to survive, and based on this, whether 

humans have evolved to acquire such knowledge. This fundamental distinction gives 

biologically primary knowledge and biologically secondary knowledge different 

characteristics. Biologically primary knowledge is learnable but not teachable, while 

biologically secondary knowledge requires explicit teaching. Biologically primary knowledge 

is learned easily, automatically, and unconsciously in a functioning social context (e.g., 

families and broader communities), while biologically secondary knowledge is learned 

consciously and requires effort. These characteristics reveal that biologically secondary 

knowledge cannot be acquired via immersion (Sweller, 2008), suggesting that most 

instructional design applied in educational institutions should focus on biologically secondary 
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knowledge.  

Since biologically primary knowledge is effortless to acquire, Paas and Sweller 

(2012) proposed that the biologically primary system could be used to facilitate learning 

biologically secondary knowledge. Though previous arguments suggested that teaching 

biologically primary knowledge may be futile, those biologically primary, genetic-cognitive 

skills can be used to assist in teaching biologically secondary, domain-specific skills (Paas & 

Sweller, 2012). Showing students how a biologically primary skill can be used in a specific 

course or field can be instructionally effective (Sweller et al., 2019; Youssef-Shalala et al., 

2014). As Sweller et al. (2019) summarised, teaching anything involves a combination of 

primary and secondary skills, while the secondary skill is the only part that needs to be 

learned. 

Biologically primary knowledge is also argued to assist the acquisition of biologically 

secondary knowledge via intrinsic motivation. Learning biologically primary knowledge is 

driven by strong intrinsic motivation because it is closely related to survival (Geary, 2008), 

while the specific actions of learning biologically secondary knowledge, such as doing 

homework and listening to lectures, were reported as the lowest level of happiness in 

everyday life (Csikszentmihalyi & Hunter, 2003). Lespiau and Tricot (2022) found that 

incorporating biologically primary knowledge into learning a biologically secondary topic 

(logical syllogisms) not only enhanced participants’ motivational beliefs but also encouraged 

participants to be motivated throughout the task. This research demonstrated how biologically 

primary knowledge benefited biologically secondary knowledge, suggesting that biologically 

primary knowledge should not be put aside simply because it has already been learned 
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(Lespiau & Tricot, 2022).  

More specifically, a range of particular types of biologically primary knowledge have 

been found to facilitate biologically secondary knowledge learning, including communication 

(the collective working memory effect), understanding animation (human movement effect), 

and sensorimotor experiences (embodied cognition) (Paas & Sweller, 2012). Embodied 

cognition, specialised in sensorimotor experiences like gesture and pointing, is discussed in 

the next section.  

2.5.3 Embodied Cognition, Gesture, and Pointing  

Embodied cognition emerged during the natural development of cognitive science in 

the late 20th century. Barsalou (1999) proposed a model of the perceptual symbol system, 

arguing that there are two different kinds of symbols, amodal and modal symbols, in our 

cognitive system. This argument opposes Fodor’s (1975) standpoint that abstract symbolic 

representations make up humans’ conceptual system. In Barsalou’s (1999) description, the 

amodal symbols (abstract symbols) do not contain perceptual contents, while the modal 

symbols (perceptual symbols) are in the same neural systems that are used when the referents 

are initially perceived. This argument for the same neural systems for perception, action, and 

mental simulation of an entity explains why symbols used in cognitive processes also contain 

perceptual contents, giving the theory base that sensory factors may affect cognitive learning.  

The embodied cognition perspective assumes that all cognitive processes are based on 

action and perception instead of abstract constructs (Barsalou, 1999), supporting cognition 

through goal-directed interactions between organisms and the environment (Barsalou, 2008; 

Glenberg, 1997; Rueschemeyer et al., 2009). As Paas and Sweller (2012) explained, 
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“Cognitive representations of symbols like numbers and letters are ultimately based on 

sensorimotor codes within a generalised system that was originally developed to control an 

organism’s motor behaviour and perceive the world around it, which has resulted in 

automaticity of perceptual and motor resonance mechanisms in cognitive tasks” (p35-36). 

Research from various domains have provided evidence for the embodied cognition 

framework. Specifically, neurophysiological research has found the brain’s motor system was 

active during the comprehension of language (Glenberg et al., 2008); research from 

neuroimaging has demonstrated that information about salient properties of an object is 

stored in the sensory and motor systems (Martin, 2007); and research from semantics has 

found that semantic presentation may trigger or resonate with motor action (Lindemann et al., 

2006; Zwaan & Taylor, 2006). Taken together, these lines of research suggest that cognitive 

and sensorimotor processes are closely intertwined (Paas & Sweller, 2012). 

From evolutionary educational psychology, gesture, which humans start to make as 

young as 12 months of age (Liszkowski et al., 2012), can be seen as a typical sensorimotor 

experience that specifically demonstrates how biologically primary knowledge assists in 

biologically secondary knowledge’s acquisition through embodied cognition (Paas & Sweller, 

2012). In the education field, gestures are considered particularly important in the interaction 

between students and teachers. Gestures from the students help the teacher better understand 

students’ learning processes and progress (e.g., Alibali & Goldin-Meadow, 1993), and 

gestures from teachers give students more information on instruction (e.g., Flevares & Perry, 

2001). It was found that learners understood the teacher’s instruction that combining gesture 

and speech better than the instruction with speech or gesture only (Kelly, 2001).  
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Various studies demonstrated that both observing gestures (e.g., Church et al., 2004; 

Perry et al., 1995) and making gestures (e.g., Broaders et al., 2007; Cook et al., 2008) can 

improve learning outcomes. Studies also found that giving verbal explanations with gestures 

can reduce cognitive load during instruction in mathematics (Goldin-Meadow et al., 2001) 

and Piagetian conservation tasks (Ping & Goldin-Meadow, 2010). Goldin-Meadow and 

colleagues (2001; 2010) have argued that gesture can convey information through a 

visuospatial format, in contrast to speech transmitting information through verbal 

representations. As such, gesture has the potential to enrich the way information is encoded, 

open a new channel for working memory, and expand working memory’s capacity, thus 

promoting knowledge acquisition.  

As particular types of actions on objects (Congdon et al., 2018), pointing (touching a 

surface with a finger in a static position) and tracing (touching a surface with a finger in an 

active movement) have some similar features to gestural hand movements. Both of them 

contain motor perception in their process, which can also be explained through the embodied 

cognition framework as a support for cognition and learning. Pointing was found to support 

learning in different domains, including language learning (e.g., LeBarton et al., 2015) and 

mathematics learning (e.g., Alibali & DiRusso, 1999). Zhang et al. (2023) focused on finger 

pointing as a self-management approach to control cognitive load, finding that it led to higher 

retention performance than no pointing. Comparing with pointing via a computer mouse, 

finger pointing demonstrated its superiority in facilitating learning (Zhang et al., 2023), 

which further supports the argument from the evolutionary perspective that finger pointing 

worked more as biologically primary knowledge, rather than merely an indicator, to facilitate 
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cognitive learning. 

In recent years, research has applied the pointing and tracing strategy together, asking 

students to use their hands to understand learning materials via pointing and tracing, and has 

found that students in this group performed better than the control group (e.g., Ginns & King, 

2021; Ginns & Kydd, 2019; Macken & Ginns, 2014). In addition to activating the 

proprioceptive system through movement, tracing also generates tactile sensation, which may 

facilitate learning and lower cognitive load to a greater extent than gesture alone (Hu et al., 

2015). Tracing, as a more complex and varied gesture and the key factor in this PhD study, is 

discussed in the next chapter.  
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Chapter Three: Tracing  

As biologically primary skills, index finger movements (pointing and tracing) evolved 

to be acquired by humans easily at a very young age. Infants are found to use index finger 

pointing to express their needs before one year old (Boundy et al., 2019; Liszkowski et al., 

2004). The capacity for finger tracing, as dynamic finger movements distinct from static 

finger pointing (McNeill, 1992), is also coded within the human genome. Archaeological 

research indicates finger flutings (moving fingers on soft surfaces and thus leaving a mark) 

are associated with cave art back to 50,000 years ago (Walshe et al., 2024). Apart from the 

long history, the widespread geographical distribution (across Europe and Australia) of finger 

flutings also suggests that this activity existed in the early stages of human evolution 

(Bednarik, 1986). Marquet et al. (2023) recently found that the Neanderthals, close relatives 

of human beings, also made such finger flutings, and they demonstrated that such finger 

flutings were made from intentional finger tracing actions (which they called “engraving”), 

rather than accidental drawing. Children, as young as 2 years old, were suggested to be the 

possible creators of some finger flutings (Sharpe & Van Gelder, 2006; Van Gelder, 2015). 

Taken together, these archaeological research findings indicate that finger tracing is a 

historical and culturally universal human activity that can be acquired in early childhood, 

suggesting that finger tracing is a biologically primary skill that humans evolved to acquire.  

The history of co-opting finger tracing into instruction to support learning originated 

over a century ago when Sandpaper Letters were invented by Maria Montessori (see 

Montessori, 1912). Sandpaper letters are a set of teaching materials and the corresponding 

instructional method used to teach children letters. The letters of the alphabet were cut out 
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from the sandpaper and glued onto smooth cards. In this learning activity, children trace 

letters cut out of sandpaper with their fingers in the same sequence as writing the letter, with 

the teacher pronouncing the letter’s sound at the same time (Montessori, 1912). Various 

sensations, including visual, auditory, tactile, and muscular sensations, work collaboratively 

to promote learning. From letters to words, Montessori incorporated sandpaper letters into a 

coherent teaching programme, enabling four-year-old children to compare with primary 

school students after six months of learning (Montessori, 1912). In recent years, empirical 

studies have demonstrated that finger tracing can enhance learning, which is discussed in the 

following sections. 

3.1 Empirical Studies on Tracing and Learning 

Originating from sandpaper letters, finger tracing then became a widely used method 

in the field of education, operationalised as moving the index finger in an established 

trajectory to trace the key information in the learning material. As a learning strategy that is 

easy to implement but effectively promotes learning, finger tracing attracted the attention of 

educational researchers. The focus of tracing extends beyond academic performance, with 

attention also being paid to non-academic (emotional) aspects. Empirical studies on tracing’s 

effect on learning performance, intrinsic motivation, and cognitive load are separately 

discussed in the following subsections.  

3.1.1 Effects on Learning Performance 

Empirical findings on letter learning supported Montessori’s idea that finger tracing 

could enhance learning. Hulme (1981, Experiment 1) compared the visual method and the 

visual plus tracing method for letter learning in 10-year-old normal and developmentally 
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delayed readers. Children were displayed with a set of 14 letters and asked to point and read 

(visual condition, V), or trace and read (visual plus tracing, VT) the letter. Results showed 

that children in the VT condition remembered more letters than those in the V condition. An 

interaction effect was also found between condition and reading ability, suggesting that 

tracing proves more beneficial for delayed readers. Hulme et al. (1987) then extended the 

experiments to a broader age range and non-letter learning, demonstrating that tracing’s effect 

could be found with preschool children (Experiment 1) and with abstract letter-like forms 

(Experiment 2 to 4), suggesting that tracing facilitated letter learning because it helped 

learners to recognise visual forms. Bara et al. (2004) conducted similar research in France 

and found that incorporating tracing in letter learning sessions could help children more 

easily connect letters’ orthographic representation and corresponding sounds. This study 

compared VAM (visual-auditory-metaphonological) training, in which children were asked to 

follow the drawing of the letter with their eyes, and HAVM (haptic-visual-auditory-

metaphonological) training, in which children were asked to run the index finger along the 

letter’s outline. Results showed that the HAVM group performed better on the pseudo-word 

decoding task. Bara et al. (2007) further found that HAVM training not only improved letter 

recognition and initial phoneme identification performance in the post-test, but also improved 

pseudo-word decoding performance in a delayed post-test conducted more than six months 

later.  

The role of finger tracing extends far beyond letter learning. Empirical studies also 

demonstrated its effect in similar fields, from abstract letter-like shapes recognition (Hulme, 

1979, 1981, Experiment 2 and 3) to further word reading (Jensen & King, 1970). Jensen and 
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King (1970) compared three different learning strategies on preschool children’s word 

learning: tracing the stimulus word in textured form, rearranging constituent letters to form 

the stimulus word, and choosing the word that matches the stimulus word. Within each 

strategy, children were further divided into two groups depending on whether they learned the 

similar words set or the dissimilar words set. The tracing group performed better than the 

matching group and the rearranging group in the training session, but no difference was 

found between the three strategies in the post-reading test performance.  

In addition to abstract letter-like shapes, tracing has also been found to support the 

learning of geometric shapes. Kalenine et al. (2011) taught preschool children three 

categories of plane geometrical shapes (square, rectangle, and triangle) via two different 

interventions: multisensory intervention (VH condition, visual plus haptic) and classic 

intervention (V condition, visual only). Children in the VH condition progressed more in their 

recognition of rectangles and triangles compared to those in the V condition, but no 

difference was found on squares. The benefits of tracing for learning geometry are not 

confined to simple recognition learning; it is also reflected in more advanced topics, such as 

geometric rules. For example, F.-T. Hu et al. (2014) tested tracing in the learning of angle 

relationships involving parallel lines, and demonstrated tracing’s learning supportive effect in 

geometric rules learning. In this research, Year 6 students from Australia were randomly 

allocated to the tracing and non-tracing conditions. Students in the tracing condition were 

asked to read the worked example and trace the vertical angles, while students in the non-

tracing condition were asked to read the worked example with their hands placed on their 

laps. Results showed that students in the tracing condition solved more practice problems in 
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the acquisition phase and made fewer errors in the test phase. A ceiling effect was found on 

test questions correctly answered, where 78.6% students correctly solved all questions. F.-T. 

Hu et al. (2015) later conducted two similar experiments on Year 5 students. Experiment 1 

addressed shortcoming of ceiling effect in previous study and demonstrated tracing effect 

again. They recruited younger students (Year 5) with less mathematics experience to avoid 

ceiling effects and added a new indicator “time to solution” to measure learning performance. 

In Experiment 2, F.-T. Hu et al. (2015) compared three conditions ( no tracing vs. tracing 

above the paper vs. tracing on the paper), aiming to clarify whether tactile and kinaesthetic 

modes individually affect learning. Results showed that tracing on the paper group had best 

performance, following by tracing above the paper group, and the no tracing group. This 

experiment suggested that both tactile and kinaesthetic modes engaged in enhancing learning. 

F.-T. Hu et al.’s (2014, 2015) study was then translated and replicated by other researchers in 

China (Du & Zhang, 2019) and Malaysia (Yeo, 2024; Yeo & Tzeng, 2020), demonstrating 

tracing effect on geometry rules in different language and culture backgrounds.  

Other than geometry learning, tracing has been found to be applicable to a wider 

range of mathematics learning. Agostinho et al. (2015) demonstrated that finger tracing could 

better support mathematical graphs (temperature graphs) learning, helping students perform 

better in the transfer questions. Ginns et al. (2016, Experiment 2) further investigated 

tracing’s effect on learning order of operations, a topic that does not involve diagrammatic 

elements. In this experiment, students in the tracing condition were asked to trace the 

operation symbols in the worked examples, while students in the non-tracing condition were 

only asked to read the worked example. Students in the tracing condition had marginally 
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better performance in the practice questions and significantly better performance in the post-

test. This research demonstrated that finger tracing could not only support complicated 

learning in graphics-related fields, but also support learning in topic areas that are less 

inherently spatial.  

Besides the letter, word, shape, geometry and mathematical learning mentioned in the 

previous paragraph, the tracing effect has also been examined in the context of learning from 

expository text and diagrams. Macken and Ginns (2014) tested tracing with the learning 

materials about the structure and function of the human heart, and found that learners who 

applied pointing and tracing performed better on tests of terminology and comprehension, 

demonstrating tracing’s effect in the science and medicine domain. This study on tracing 

effect on human physiology was then replicated by Ginns and Kydd (2019), finding that 

students in the pointing and tracing group had better performance in both terminology test 

and comprehension test. Y. Wang et al. (2025) translated the learning material and replicated 

earlier findings with Chinese native speakers, finding students in the pointing and tracing 

group had better performance on a comprehension test. Tang et al. (2019) investigated tracing 

on the water cycle lesson materials and found that students in the tracing group had better 

performance in on recall and transfer tests. Taken together, these studies showed that finger 

tracing is a useful strategy to enhance learning in various learning domains.  

The role of tracing in promoting learning is demonstrated not only in recognition and 

retention tasks, but also in transfer tests. Earlier tracing studies on letter learning 

demonstrated that tracing could help children better recognise the letter or abstract shapes 

(e.g., Hulme, 1981; Hulme et al., 1987). Specifically, the researcher asked children to name 
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the letter or abstract item after learning and evaluated whether they correctly recognised 

them. More recent tracing research tends to consider both acquisition and transfer 

simultaneously. For instance, Agostinho et al. (2015) tested students’ learning performance 

via similar questions and transfer questions. Among 10 test questions in their experiment, 

three questions were defined as similar questions because they had the same structure and 

required the same procedural steps to solve as presented in the acquisition phase. The 

remaining seven questions were transfer questions because they required students to transfer 

their understanding of the learning to solve. Results showed that the tracing group performed 

better on both similar questions and transfer questions, indicating that finger tracing not only 

helps students better memorise the steps for answering questions, but also aids them in better 

understanding the learning material. However, some studies only detected tracing effect on 

transfer questions, which may be attributable to the ceiling effect on similar questions (e.g., 

Ginns et al., 2016). Du and Zhang (2019) further distinguished near transfer and far transfer 

questions, finding that the tracing effect sometimes only occurs on far transfer questions 

(Experiment 2).  

Though no definitive conclusion has been reached at present, tracing seems to yield 

better effects in more complex transfer questions. Transfer refers to the ability to use what has 

been learned to solve new problems, reflecting the extent to which learners have understood 

the learning content (Mayer, 1996, 2002; Mayer & Wittrock, 1996). Cooper and Sweller 

(1987) argued that the differential performance in similar questions and transfer questions is 

due to differential applicability of schemas. When answering test questions, learners can 

apply an acquired schema to answer similar questions, because the similar questions have the 
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identical schema as the worked example. However, learners cannot directly use the schema to 

answer transfer questions, because transfer questions share the same rules as the worked 

example, but not the identical schema. Thus, rule automation is the primary factor that 

facilitated solution of transfer problems. In the context of finger tracing, tracing effects may 

be stronger on transfer questions than similar questions because finger tracing facilitated not 

only schema acquisition but also rule automation.  

Regarding tracing’s effectiveness across age groups, finger tracing has been 

demonstrated to be effective across all age groups from early childhood to adulthood. As 

introduced in the previous paragraphs, many letter learning and recognition studies involve 

young children as participants, from three-year-old children (e.g., Hulme et al., 1987, 

Experiment 1) to five-year-old children (e.g., Kalenine et al., 2011). Finger tracing has also 

been demonstrated as a helpful method for school-aged children in their subjects’ learning, 

including primary school students (e.g., Agostinho et al., 2015, Grade 3) and secondary 

school students (e.g., Ginns et al., 2016, Experiment 1, Grade 7). As for adult learning, 

numerous empirical studies have demonstrated that finger tracing supports learning among 

college students (e.g., Ginns & King, 2021; Ginns & Kydd, 2019; Macken & Ginns, 2014; 

Wang et al., 2025). As a biologically primary skill that human gained at very young age, we 

instinctively use it to aid our learning. For instance, young children tend to use their finger 

gently follow the text while reading. Though such behaviours gradually diminish in 

adulthood, the supportive role of finger tracing in learning persists. This reduction in such 

spontaneous behaviour may be attributable to a decrease in activities requiring substantial 

cognitive resources in daily life as individuals age. Various empirical studies have 
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demonstrated that finger tracing can still enhance learning when adult students engage in 

learning novel topics. 

As a simple and practical learning strategy, finger tracing was found to be applicable 

across various teaching scenarios and can be integrated with multiple instructional designs. 

Tracing’s effect has been demonstrated not only in one-to-one experimental intervention 

settings (e.g., Hu et al., 2014), but also in general classroom environments (e.g., Du & Zhang, 

2019). The universality of tracing effects is also reflected in the learning materials. Earlier 

tracing studies followed Montessori’s approach, using textured card or other convex material 

to enable students to trace its outline (e.g., Jensen & King, 1970). As learning content is no 

longer confined to simple letters, flat paper-based learning materials are increasingly being 

adopted (e.g., Hu et al., 2015). More recently, tracing on an electronic screen has also been 

demonstrated to enhance learning (e.g., Agostinho et al., 2015), suggesting that finger tracing 

can be effective on a wide variety of object surfaces. Regarding the instructional design, 

finger tracing can be employed across various pedagogical methods, including worked-

example (e.g., Ginns et al., 2016), expository text with diagrams (e.g., Macken & Ginns, 

2014), and illustrated poster (e.g., Tang et al., 2019).  

In summary, finger tracing is a learning strategy that has a long history, and it has 

been extensively studied in recent years. Finger tracing was found to enhance learning in 

various domains, helping students to better master the knowledge, especially in the transfer 

questions. Learners from multiple age groups can benefit from finger tracing, from preschool 

kids to adults in college. Finger tracing was found to be widely used in multiple learning 

contexts, indicating that it was a highly practical learning strategy. The effect of finger tracing 
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extends beyond enhancing learning performance; it was also found to affect learners’ 

motivation and cognitive load. 

3.1.2 Effects on Motivation and Cognitive Load 

Since Montessori first invented sandpaper letters, tracing has been regarded as a 

method capable of influencing students’ emotional factors. As she described, “children are 

particularly enthusiastic about tracing the sandpaper letters” (Montessori, 1912, p. 293). 

Geary (2008) considered learning and motivation from the perspective of evolutionary 

educational psychology, arguing that humans have evolved motivational biases that focus on 

learning in biologically primary domains. Specific to tracing, moving fingers as a biologically 

primary activity may enable students to experience higher levels of motivation. The 

following tracing studies are also interested in the impact of finger tracing on learners’ 

motivation. Ginns and King (2021) found that university students in the pointing and tracing 

group reported higher intrinsic motivation in the computer-based astronomy course learning. 

Wang et al. (2022) applied two types of tracing in their experiments, and found similar results 

on school-aged children that both the tracing/tracing and the tracing/imagination group 

reported higher intrinsic motivation than the control group. However, this finding was not 

replicated in their subsequent studies on college students, in which all three groups reported 

similar levels of intrinsic motivation. Park et al. (2023) further distinguished three types of 

learning motivation in their study, separately reflecting the perspective of future goals, 

mastery, and interest in the motivation. However, no difference between the pointing, tracing 

and control group was found on any type of motivation. 

Researchers’ focus on tracing impacts is also reflected in the cognitive load perceived 
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by learners. Drawing on Geary’s (2008) distinction between biologically primary and 

secondary knowledge and incorporating the CLT framework proposed by Paas and Sweller 

(2012), many tracing studies have found that finger tracing helps learners reduce cognitive 

load. 

Some studies considered general cognitive load or singular cognitive load. F.-T. Hu et 

al. (2015) designed the intrinsic cognitive load measurement based on test question difficulty 

ratings, to it easier for young children to understand. In Experiment 1, they found that the 

tracing group reported a marginally lower difficulty level on basic test questions and a 

significantly lower difficulty level on advanced test questions. In Experiment 2, they added 

another condition, tracing above the paper, to the study. Though no significant difference in 

test difficulty was found on basic questions, the results on advanced questions support their 

hypothesis, indicating that tracing on the paper group reported the lowest test difficulty, 

followed by tracing above the paper group, and the control group. A similar design that 

measures general cognitive load by task difficulty was applied in many studies (e.g., 

Agostinho et al., 2015; Du & Zhang, 2019; Ginns et al., 2016); however, their findings on 

tracing’s effect on cognitive load remain diverse. Du and Zhang (2019) had similar findings 

as F.-T. Hu et al. (2015), indicating that finger tracing helps learners reduce cognitive load on 

more complicated questions. The finger tracing group reported the lowest task difficulty on 

far transfer questions, but similar task difficulty on near transfer questions in both 

experiments (Du & Zhang, 2019). However, Agostinho et al. (2015) found there was no 

difference in task difficulty reported by tracing and non-tracing conditions on both similar 

questions and transfer questions. Ginns et al. (2016) also found that tracing and non-tracing 



78 

 

groups reported similar levels of task difficulty on all kinds of questions, which raised 

researchers’ doubts about task difficulty rating as a measure of cognitive load. Though the 

idea applying task difficulty to measure intrinsic cognitive load originates from the theory 

that intrinsic cognitive load related to the complexity of learning content, it was argued that 

learners was found to have problems differentiating between intrinsic and extraneous 

cognitive load (Krieglstein et al., 2023), which may explain why some studies cannot find 

differences on cognitive load between experimental and control conditions.   

Some other studies measured specific types of cognitive load to achieve a more 

sensitive result. Macken and Ginns (2014) separately measured intrinsic, extraneous, and 

germane cognitive load in their experiment. They referred to Cierniak et al.’s (2009) 

instrument and measured each type of cognitive load via one question. Contrary to their 

hypotheses, no difference was found in any type of cognitive load between the pointing and 

tracing group and the control group, which may be because the single-item measurement was 

not sensitive enough. Subsequently, researchers started to use the multi-item scale to gain a 

more accurate result. Tang et al. (2019) separately measured intrinsic (three items) and 

extraneous (three items) cognitive load in their experiments on school-aged students, 

referring to Leppink et al.’s (2013) instruments. They hypothesised that participants in the 

tracing group would report lower intrinsic and extraneous cognitive load than participants in 

the non-tracing group. However, only the hypothesis on extraneous cognitive load was 

supported by the results, as reflected by significantly lower extraneous cognitive load 

reported by the tracing group. No difference was found in intrinsic cognitive load between 

the two groups. Ginns and King (2021) found similar results on college students’ learning 



79 

 

that finger tracing reduced extraneous cognitive load, but not intrinsic cognitive load. They 

also used multi-item self-reports to measure cognitive load, referred to Leppink and van den 

Heuvel’s (2015) instrument, with four items for intrinsic and four items for extraneous 

cognitive load. However, despite employing precisely the same measuring instruments, Ginns 

et al. (2020) found no difference between tracing and non-tracing conditions on both intrinsic 

and extraneous cognitive load in their experiment with school-aged children learning 

geometric rules from worked examples.  

In summary, finger tracing’s impact on motivation and cognitive load varied 

substantially across studies. Some studies have demonstrated finger tracing improved 

motivation and decreased cognitive load, which aligns with the cognitive load theory, while 

others have failed to find such differences between conditions, which may require further 

research and more sensitive measurements to explain. As tracing’s effect on learning 

outcomes has been demonstrated by various studies, the underlying mechanism of its 

effectiveness has also been extensively discussed. Three principal theoretical perspectives on 

tracing effect are discussed in the next section.  

3.2 Potential Mechanisms of the Tracing Effect  

Tracing, as a biologically primary knowledge, has evolved to be learned by human 

beings (Geary, 2007, 2008), and can effectively support the acquisition of biologically 

secondary knowledge (Paas & Sweller, 2012). Regarding previous empirical findings, 

researchers have proposed several specific mechanisms through which tracing might support 

learning, including perspectives from haptics, attention, and cognitive load (for a review, see 

Park et al., 2019). Drawing on this review, the following subsections review potential 
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mechanisms of the tracing effect, focusing on an expanded haptic working memory channel, 

enhanced attention near hand, and supported information organising and processing 

procedures.  

3.2.1 Haptics is Another Working Memory Channel 

As discussed in the previous chapter (see the modality effect), presenting learning 

information across multiple modalities (i.e., visual and auditory) can promote learning by 

making available additional working memory resources for learning. A similar mechanism 

can be argued for with haptics, where application of the tactile or kinaesthetic modality can 

activate the haptic channel in working memory (Kaas et al., 2008; Morimoto, 2020). In terms 

of finger tracing, this learning activity contains both tactile sensation and kinaesthetic 

trajectory sensation.  

F.-T. Hu et al. (2015, Experiment 2) compared two different types of finger tracing 

(tracing on the paper vs. tracing over the paper) and a no-tracing condition. In two tracing 

conditions, participants were requested to do the identical tracing actions, except for whether 

their fingers touched the paper surface. Through this design, the tactile sensation has been 

effectively isolated from the tracing actions. Results showed that tracing on the paper 

condition had better performance on acquisition phase questions, test phase basic questions, 

and advanced questions than tracing over the paper condition; and both tracing conditions 

had better performance than the no tracing conditions. This experiment effectively 

demonstrated that the mere distinction of whether or not the learner touched the paper can 

yield differences in learning outcomes, thereby illustrating the importance of tactile 

sensation.  



81 

 

As for kinaesthetic sensation, various studies compared handwriting with typing, and 

found that handwriting could help learners to generate a correct sensorimotor representation 

and thus facilitate learning (Longcamp et al., 2005; Mayer et al., 2020). Compared to visual 

presentations that directly display the entirety of learning materials, the kinaesthetic sensation 

during finger tracing additionally encompasses the sequence of key learning elements’ 

emergence, thereby providing an additional dimension of learning information. F.-T. Hu et 

al.’s (2015, Experiment 2) results, which showed that tracing over the paper condition 

performed better than the no tracing condition, also demonstrated that isolated kinaesthetic 

sensation could enhance learning.  

Therefore, additional haptic sensory and haptic working memory generated by tracing 

is considered as one of the key mechanisms by which tracing can support learning. 

3.2.2 Attention is Enhanced Near the Hand 

 The second possible explanation for tracing’s effect on learning is the hand 

proximity effect. It describes a phenomenon in which differences exist in perceptual and 

attentional mechanisms for stimuli presented within the graspable space of the hand (Thomas 

& Sunny, 2019). A range of studies has demonstrated that humans naturally pay more 

attention to information near the hands (e.g., Abrams et al., 2008; Reed et al., 2006).  

Based on this finding, a finger can act as a guide to concentrate the learner’s attention 

in the tracing condition (Cosman & Vecera, 2010; Reed et al., 2006), supporting attentional 

focus on the most important information to learn. The application of eye-tracking technology 

provided firm evidence that pointing and tracing guided visual attention during learning 

(Korbach et al., 2020). Park et al.’s (2023) follow-up study conducted more detailed 
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comparisons between the pointing, tracing, and control groups, finding that participants in the 

pointing group had a marginally longer fixation duration on the illustration areas. Park et al. 

suggested tracing actions may interfere with the visual presence of information in the 

moment of moving the finger, which renders tracing less effective than pointing. 

To isolate the effects of attention, Du and Zhang (2019, Experiment 1) compared the 

learning effects among tracing, non-tracing, and cueing methods. In the cueing condition, 

they drew learners’ attention to the same content as the tracing condition by highlighting the 

contents, where participants were asked to trace those contents in the tracing condition. 

Results showed that the tracing group had higher near transfer scores and far transfer scores 

than the cueing and no tracing group. The cueing group also performed better than the no 

tracing group on the far transfer tests, suggesting that cueing as an attention-managing 

method could facilitate learning. This experiment isolated the attention factor from the finger 

tracing, showing that finger tracing may benefit from attention enhancement near the hands, 

but it also has a complex mechanism other than attention only. 

3.2.3 Tracing Facilitates Information Processing  

As the previous two perspectives explained the tracing effect from the multi-sensory 

effect and hand proximity effect, the explanation from the cognitive load perspective focuses 

more on how tracing affects information processing, including information searching, 

packaging, and schema construction.  

The first explanation under the cognitive load perspective focuses on information 

searching, which is associated with reducing extraneous cognitive load through finger 

tracing. Searching and matching relevant elements is a necessary process during learning, and 
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the cognitive load imposed by this process may directly affect learning. Studies on the split-

attention effect (Chandler & Sweller, 1992) demonstrated that presenting learning materials 

in an integrated format can reduce extraneous cognitive load. Similarly, finger tracing can 

support this necessary information searching and matching process and reduce the extraneous 

cognitive load by specifying learning materials areas and thus narrowing down the scope of 

searching and matching. This argument was supported by empirical results that tracing group 

reported significantly lower extraneous cognitive load (e.g., Ginns & King, 2021; Tang et al., 

2019; Wang et al., 2022, 2025).  

The second explanation under the cognitive load perspective focuses on information 

organising. The information-packaging hypothesis (Kita, 2000) holds that hand gestures can 

assist in organising information by packaging it into an single chunk (Alibali, 2005; Alibali et 

al., 2000), thereby decreasing the element interactivity and promoting information 

processing. F.-T. Hu et al. (2015) extended the above theorising to propose that tracing out 

specified textual and diagrammatic information would likewise act to chunk these elements 

into a unified schema, helping learners to construct higher-order schema (Ginns et al., 2020).  

The third explanation under the cognitive load perspective focuses on information 

processing. The enhancement in attention near human hands was considered as a mechanism 

that could facilitate detailed assessment of objects in the visual field (Abrams et al., 2008), 

which is a biologically primary system that aims to prevent potentially survival-threatening 

danger, but also allows humans to evolve to more actively process the information near the 

hands. Thus, tracing as a biologically primary skill that requires hand movement may induce 

intensified information processing, resulting in enhanced schema construction and possibly 
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automation.  

3.3 Future Directions for Tracing Effect Research 

Though the effect of tracing appears to be robust and various explanations are 

proposed to clarify its role in supporting learning, there is still much to learn about its 

underlying mechanisms and boundary conditions for effectiveness (Park et al., 2019). 

Researchers are continuously exploring the role of finger tracing across more fields, 

populations, and instructional designs. Beyond conventional exploration, researchers have 

also attempted to push the boundaries of tracing research from two perspectives: enhancing 

tracing effect via considering dosage, and combining tracing with other effects to further 

support learning. 

3.3.1 Tracing’s Dosage 

Since tracing has been demonstrated to enhance learning, the question of whether 

more tracing yields better results has been an open question for researchers. A member of 

tracing studies have speculated that larger tracing actions may generate larger tracing effects 

(e.g., Ginns & King, 2021; Tang et al., 2019). By applying large-sized learning materials (A1-

sized poster), Tang et al. (2019) demonstrated tracing’s effect on learning materials of this 

size. Similarly, Ginns and King (2021) presented learning contents on a 23-inch computer 

screen and demonstrated tracing’s effect. They speculated that larger media may trigger larger 

movements and hence promote larger effects on learning.  

Considering the direct comparison between larger size finger tracing and smaller size 

finger tracing, Galbraith and Ginns (2023) conducted an experiment with adult learners. 

Participants were randomly allocated to an experimental (tracing out larger ellipses) or 
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control (tracing out smaller ellipses) condition to learn a mental math strategy. However, 

participants in the control condition had better performance than those in the experimental 

condition after controlling for prior ability, especially for those participants with lower pre-

test scores. Galbraith and Ginns speculated this pattern of results was due to a split attention 

effect, as tracing the larger ellipses may have guided participants’ attention to areas away 

from key elements (numbers) in the worked examples. Zuo and Lin (2025) conducted 

experiments to compare finger tracing (smaller size) and whole-body tracing (bigger size). 

Participants in the whole-body tracing condition were presented with a learning poster placed 

on the floor and asked to trace the learning material with their feet by walking on the learning 

material. They hypothesised that the whole-body tracing, as a larger body movement, may 

lead to better effects. Though no difference was found in the learning performance between 

conditions, they found that whole-body tracing may enhance learners’ interest (Experiment 

2), and there were complicated interaction effects between condition and participants’ 

perception of difficulty on three types of cognitive load. 

Though the results of previous research have not fully supported hypothesis, they 

nevertheless demonstrated the potential for further exploration in this direction. The 

relationship between tracing dosage and learning outcomes remains a subject of ongoing 

research interest, which is explored as a supplementary analysis in this PhD study. 

3.3.2 Compound Effects 

 Besides the dosage of tracing effect itself, the collaboration between tracing and 

other effects also constitutes a major focus of exploring the boundaries of tracing effects. 

Researchers have begun to focus on potential compound effects of tracing, or combined 
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tracing with other cognitive load effects, to further explore its mechanisms.  

As Sweller et al. (2019) argued, compound cognitive load effects and human 

movement research are worthwhile future directions for CLT. Conducting compound effects 

research is an important trend in CLT, as such research identifies other cognitive load effects’ 

limits and thus promotes CLT’s development as a theory. The element interactivity effect 

(Sweller, 1994), expertise reversal effect (Kalyuga et al., 2003), guidance-fading effect 

(Renkl & Atkinson, 2003), transient information effect (Leahy & Sweller, 2011), and self-

management effect (Roodenrys et al., 2012) are all examples of compound effects discovered 

and developed in recent decades.  

As for tracing, Wang et al. (2022) combined another cognitive load effect, the 

imagination effect (Cooper et al., 2001; Ginns et al., 2003), with finger tracing and found that 

sequencing tracing and imagination supported learning in both the acquisition phase and the 

post-test phase to a greater extent than an equivalent period spent tracing. Learner self-

reported intrinsic motivation was also boosted in both tracing conditions. Zuo et al. (2025) 

considered the split-attention effect and finger tracing simultaneously, examining the effect of 

finger tracing on spatially separated or integrated learning materials. Though no significant 

difference was found between the two kinds of learning materials, their research expanded 

the field of tracing research and suggested the boundary conditions under which finger 

tracing could enhance learning. Previous research showed that tracing could be considered 

with other cognitive load effects to further explore its effect.  

Understanding tracing’s potential to support learning is far from being tapped; the 

current study speculates that the variability effect (Paas & Van Merriënboer, 1994) is similar 
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to the imagination effect in being a cognitive load effect potentially acting as part of a 

compound effect with tracing. The combination of finger tracing and the variability effect is 

discussed in the next chapter.  
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Chapter Four: Tracing, Variability, and Current Research 

Since sandpaper letters were introduced in Western educational settings by 

Montessori, exploration into the application of finger tracing to support learning has never 

ceased. Following extensive investigations into tracing effects in various disciplinary and age 

groups, recent research has begun to examine the combination of tracing and other 

instructional strategies. The current research follows in the footsteps of B. Wang et al. (2022) 

and Zuo et al. (2025), conducting experiments to explore the combination of tracing and 

variability. This chapter starts with a brief introduction on the characteristics of the variability 

effect (for a detailed introduction, see the subsection “The Variability Effect” in the previous 

chapter), focusing on its potential for combining with other instructional strategies. 

Subsequently, this chapter discusses the theoretical possibilities for combining tracing and 

variability, predicting how the combination of these two factors may affect learning. This 

chapter concludes by discussing how variable tracing might be operationalised, and clarifies 

the practical actions employed in the experiments in current research.  

4.1 Characteristics of the Variability Effect 

Since the first demonstration of the variability effect by Paas and Van Merriënboer 

(1994), CLT researchers have viewed variability as an effective factor in promoting germane 

load related to schema construction and automation processes (van Merriënboer & 

Sluijsmans, 2008). In contrast to most CLT-based research focusing on extraneous cognitive 

load, the variability effect works by manipulating intrinsic cognitive load and optimising it 

(Sweller et al., 2011). To enable the variability to fulfil its intended role in promoting deeper 

understanding, it is crucial to keep learners’ intrinsic cognitive load at an appropriate level, 



90 

 

not too high that the total cognitive load exceeds a student’s working memory limit, nor too 

low that variability-based instruction cannot achieve the desired effect. Researchers have 

identified two ways to prevent overloading when applying high variability instruction: 

controlling intrinsic cognitive load by choosing learners with an appropriate mastery level, 

and decreasing extraneous cognitive load by applying other instructional designs alongside 

variable instruction.  

Researchers have tested the variability effect across learners with different prior 

abilities, finding that learners with higher prior abilities benefited more from high variability 

instruction. Likourezos et al. (2019, Experiment 2) found an interaction effect between levels 

of variability (high vs. low) and levels of learner expertise (novices vs. experts), suggesting 

that more experienced learners learned more from high rather than low variability tasks while 

less experienced learners learned more from low rather than high variability tasks. Learners 

with higher prior abilities perceived lower intrinsic cognitive load during the lesson, as they 

were less prone to feeling overwhelmed under high-variability instruction. Learners’ ratings 

of difficulty also supported the argument that more experienced learners had sufficient 

available working memory capacity to process high-variability information.  

Combining the variability effect and other cognitive effects can effectively increase 

intrinsic cognitive load whilst avoiding cognitive overload. Paas and Van Merriënboer (1994) 

combined variability and worked examples together, finding that high variability instruction 

only increases learning performance under the worked-example condition. The main effect of 

variability was not significant in the study, suggesting that high variability instruction alone is 

insufficient to promote learning. Likourezos et al. (2019, Experiment 1) conducted a similar 
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experiment and tested the variability effect under two instructional guidance conditions 

(worked examples vs. unguided problem solving), finding a significant variability effect on 

transfer question performance regardless of levels of instructional guidance. When learners’ 

total cognitive load does not exceed the working memory limit without incorporating any 

additional methods, it is possible to find a variability effect in both instructional guidance 

conditions.  

The significant interaction between variability level and other variables (e.g., 

instructional type, expertise level) has supported the argument that high variability could 

further enhance learning when working memory capacity is sufficient to handle increased 

cognitive load. Finger tracing, as a verified learning strategy to reduce cognitive load and 

promote learning, is a reasonable candidate strategy to work in tandem with variability to 

further support learning.  

4.2 Theoretical Justifications for Combining Tracing and Variability  

As mentioned in the previous section, tracing supports biologically second knowledge 

learning through three possible paths, which are expanding working memory capacity (Ginns, 

2005; Mousavi et al., 1995), guiding the learner’s attention (Cosman & Vecera, 2010; Reed et 

al., 2006), and supporting cognitive processing (Hu et al., 2015). These mechanisms behind 

tracing share similarities or complementarities with those that promote learning through 

variability, suggesting potential avenues for the combination of these two factors.  

Tracing’s effective mechanisms are somewhat similar to variability’s influential effect 

on learning. Firstly, they both can help learners notice the key learning point. The tracing 

intervention uses the index finger as an indicator to direct attention, utilising the characteristic 
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that human vision tends to focus near the hands (Cosman & Vecera, 2010; Reed et al., 2006). 

The variability intervention shows variable examples with some constant elements, helping 

learners identify task-relevant dimensions and notice the core learning content (Marton, 2015; 

Marton & Booth, 1997; Raviv et al., 2022). Though implemented through different 

interventions, both tracing and variability aim to enable learners to focus on the learning 

content.  

Secondly, tracing and variability both contribute to the information processing 

process. The tracing intervention supports searching and matching processes, while 

variability promotes retrieval and reconstruction processes. Finger tracing specifies the 

learning areas for learners, narrowing down the scope of searching and matching. Variability 

provides more types of learning examples, enhancing the retrieval process through a more 

effortful cycle of forgetting and reconstruction. These potential similarities in mechanisms 

indicate that the combination of tracing and variability is possible and significant. 

The possibility that tracing and variability can compensate for each other also 

increases their combination potential. Paas and Van Merriënboer (1994) concluded that the 

positive effects of variability on schema acquisition would manifest only when extraneous 

cognitive load is reduced. Correspondingly, tracing can reduce extraneous cognitive load by 

narrowing down the searching and matching areas. When the extraneous cognitive load is 

reduced, learners’ working memory capacity is available for intrinsic load, allowing learners 

to engage in more complex learning and deeper processing. Furthermore, tracing can expand 

extra working memory capacity by adding the haptic channel of working memory. In 

summary, tracing may compensate for variability’s potential risk of overwhelming cognitive 
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load, indicating that combining them may further promote learning than single tracing or 

single variability intervention.  

4.3 Operationalising Variable Tracing Actions 

Theoretical mechanisms behind tracing and variability open the possibility of 

combining these two factors; practical way to combine tracing and variability is discussed in 

this subsection. 

Among the four types of variability (for a review, see Raviv et al., 2022), most 

previous research from the CLT perspective focuses on the content difference, that is, the 

numerosity difference and heterogeneity among learning materials (e.g., Paas & Van 

Merriënboer, 1994, variability of worked examples). In contrast to incorporating variability 

across multiple worked examples, tracing focuses on external motor activity when engaging 

with lesson materials (such as worked examples) rather than the learning material itself, 

suggesting that the specific type of variability applicable to tracing research is closer to the 

situational (contextual) difference and scheduling arrangement (e.g., spacing, interleaving) 

forms of variability.  

CLT research on interleaving (Chen et al., 2021) proposed the discriminative-contrast 

hypothesis, that interleaving instructional design enhances learning by assisting learners in 

discriminating between learning topics. As to the present research on tracing, the interleaving 

intervention and the discriminative-contrast hypothesis can be expanded to alternating two 

index fingers to tracing, which may help learners to discriminate different solution steps 

within a worked example. At the moment that learners are asked to change the hand they use 

to trace, they are simultaneously being reminded that this is a crucial point of the learning 
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material. A learner’s attention is directed towards observing the differences between the 

learning content before and after the finger switch. This alternating tracing approach can also 

pull learners out of the habitual motion of single finger tracing, preventing single finger 

tracing from becoming an unconscious and meaningless action. Therefore, the present 

research aims to investigate variability in tracing by focusing on alternating which index 

finger traces a specified step in a worked example. 
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Chapter Five: Methodology 

5.1 Aim and Hypotheses 

The current research was based on previous findings that finger tracing can improve 

learning across various subject areas, media, and age groups. It aimed to find how tracing 

impacts learning when variability is combined with tracing, comparing the classic non-

alternating finger tracing strategy and the alternating fingers tracing strategy’s effect on 

promoting learning. The entire research was approved by and conducted under the 

supervision of The University of Sydney Human Research Ethics Committee (HREC), with 

project no. 2023/397. 

Three experiments were conducted to test the impacts on learning outcomes as well as 

on intrinsic motivation and cognitive load. Experiment 1 investigated whether alternating 

tracing could further support learning. Experiment 2 revised part of the learning materials to 

reduce a potential split attention effect and extraneous cognitive load found in Experiment 1. 

Experiment 3 built on the previous studies, but divided the learning process into two stages to 

obtain comparative data from the two stages, reflecting more detailed results on the 

difference between the non-alternating finger tracing strategy and the alternating fingers 

tracing strategy.  

In each experiment, there were two conditions, including a control group and an 

experimental group. In Experiment 1 and Experiment 2, participants in the control group 

(non-alternating group) applied the non-alternating finger tracing strategy, using their 

dominant hand’s index finger to trace learning materials. Participants in the experimental 

group (alternating group) applied the alternating fingers tracing strategy, tracing the learning 
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materials alternating between their index fingers of both hands. In Experiment 3, participants 

in both groups applied the same non-alternating finger tracing strategy across the first stage 

and applied different tracing strategies according to their conditions at the second stage. Each 

experiment included two days of participation. The first day’s experiment began with the 

consent phase, followed by the demographics phase, the pre-test phase, the learning phase, 

the self-reported phase, and the immediate post-test phase. The second day’s experiment 

contained the delayed post-test phase and the debriefing phase.  

The hypotheses below were examined via Experiment 1 and Experiment 2, presented 

across the next two chapters: 

H1: Participants’ problem-solving performance in the acquisition phase will 

differ across conditions, reflected by problem-solving accuracy and problem-solving 

time. Specifically, participants in the non-alternating group will solve fewer problems 

and/or solve problems more slowly than participants in the alternating group. 

H2: Participants’ self-reported intrinsic motivation will differ across conditions. 

Specifically, participants in the non-alternating group will report lower intrinsic 

motivation than participants in the alternating group.  

H3: Participants’ self-reported intrinsic cognitive load will differ across 

conditions. Specifically, participants in the non-alternating group will report lower 

intrinsic cognitive load than participants in the alternating group. 

H4: Participants’ self-reported extraneous cognitive load will not differ across 

conditions.  
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H5: Participants’ self-reported germane processing load will differ across 

conditions. Specifically, participants in the non-alternating group will report a lower 

germane processing load than participants in the alternating group.  

H6: Participants’ problem-solving performance in the immediate post-test phase 

will differ across conditions, reflected by problem-solving accuracy and problem-

solving time for total test problems. Specifically, participants in the non-alternating 

group will solve fewer problems and/or solve problems more slowly than participants in 

the alternating group.  

H7: Participants’ problem-solving performance in the delayed post-test phase 

will differ across conditions, reflected by problem-solving accuracy and problem-

solving time for total test problems. Specifically, participants in the non-alternating 

group will solve fewer problems and/or solve problems more slowly than participants in 

the alternating group.  

The hypotheses of Experiment 3 were a little different from Experiment 1 and 

Experiment 2 because of its adjustments to experimental procedures. The specific hypotheses 

of Experiment 3 were presented at the beginning of the experiment chapter.  

5.2 Experimental Design 

All three experiments in the current research followed the same design. In addition to 

typical design principles used in CLT experiments, several factors or variables were added to 

the current research to obtain richer and more accurate experimental data.  
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5.2.1 Test Accuracy and Test Time to Solution  

Two indicators were used to evaluate participants’ learning performance in the current 

research. Besides the test score, the test time to solution was also applied. Though test 

accuracy can directly reflect participants’ mastery of learning content, test time to solution 

can further differentiate participants’ mastery level when they have equal test accuracy. Test 

time to solution was also used to evaluate participants’ learning performance when a ceiling 

effect was found on test scores. This design referred to Wang’s (2022) research, which was 

also a finger tracing research in the CLT field. Besides its differentiating function, the test 

question time to solution also had a more detailed and discriminative distribution than the test 

score, which was more suitable for statistical analysis.  

However, when there is a significant difference in test accuracy between participants, 

the test time solution becomes meaningless. Comparing the mastery level of a participant 

who answers correctly at a slower pace with a participant who answers incorrectly at a faster 

pace, there is no doubt that the participant who answers correctly has a better learning 

performance. Thus, participants’ test accuracy was the first priority indicator to reflect 

participants’ learning performance in the current research; the test time to solution was an 

alternative measure when no difference between conditions was found in participants’ test 

accuracy. 

5.2.2 Delayed Post-Test Design 

 In addition to including acquisition stage performance and post-study performance 

as in typical CLT experiments, the current research also included a delayed post-test as 

another variable to evaluate participants’ performance.  
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A delayed post-test is considered to more accurately reflect true mastery of the 

learning content than the immediate test, because it gives participants the opportunity to 

forget some information and avoid inferring answers (Andre, 1990). Immediate post-test 

results “may be influenced by many transient factors such as fatigue, boredom or excitement” 

(Dubrowski et al., 2010, p. 102). Some learning methods have been found to have a more 

substantial effect on the delayed test compared to the immediate test (Andre & Thieman, 

1988; Rickards, 1976). Focusing on CLT research, while typical studies use only an 

immediate post-test, a delayed test has been applied in some studies, such as investigations of 

the split attention effect (e.g., Chandler & Sweller, 1992, Experiment 1) and the generation 

effect (Chen et al., 2016). 

Hand gesture, as a typical sensorimotor experience, has also been found to 

significantly promote learning on a delayed test but not an immediate test (Cook et al., 2008). 

A delayed post-test design can also be found in tracing research. Yeo (2024) applied a four-

week delayed post-test to compare the tracing and the non-tracing conditions’ learning 

supportive effect on learning worked-example mathematical problems. Considering 

variability-related research, the effect of interleaved practice was also only found on the 

delayed test in several studies (e.g., Mielicki & Wiley, 2022; Paulo & Robert, 2014; Taylor & 

Rohrer, 2010). In summary, delayed post-tests are desirable in educational research because 

they support more stringent tests of hypotheses, and were included in each of the current 

study’s experiments. 
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Chapter Six: Experiment 1 

6.1 Method 

6.1.1 Sample Size and Participants 

Power Analysis. According to statistical principles and long-standing research 

experience, numerous educational researchers suggest that at least 15 participants should be 

included in each condition in experimental research (Brysbaert, 2019; Cohen et al., 2007; 

Gall et al., 1996). Furthermore, the Central Limit Theorem holds that the sampling 

distribution can be considered normal when the sample size is larger than 30 (Kwak & Kim, 

2017), which is important for later statistical analysis. To further clarify the effective sample 

size for the current research, we conducted a power analysis. The power analysis referred to 

the variability effect size (d = 0.57) in lab studies estimated from the meta-analytic findings 

of the contextual interference literature (Brady, 2004). One-tailed tests were applied because 

the present research fitted the second condition of Kimmel’s (1957) criteria for using one-

tailed tests. The current research aimed to test the effect of alternating finger tracing 

compared to the “baseline” (non-alternating) instructional design tested in previous studies. 

Therefore, directional hypotheses were more efficient and appropriate in this study. When 

using directional hypotheses, the power for the one-sided test can be calculated with a 

doubled alpha level parameter (Caldwell et al., 2022). Thus, the power analysis was carried 

out as a one-tailed test, with effect size d = 0.57, α = 0.05 and desired power = 0.90. The 

result showed that the current research required at least 54 participants for each group, which 

is 108 participants in total.  

Participants. The first experiment was conducted from August 2023 to October 2023 at East 
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China Normal University (ECNU), Shanghai, China. All participants are ECNU or nearby 

college students and teachers. A total of 115 participants attended the experiment, and all of 

them completed the whole experiment. All participants were educated to at least the 

undergraduate level (including those who were currently in undergraduate programs) and 

were able to read English in paragraphs. All participants were randomly assigned to the 

control condition (applying a non-alternating finger tracing strategy, N = 58) and the 

experimental condition (application of an alternating fingers tracing strategy, N = 57). The 

gender ratio of the participants was not balanced (90 females, 24 males, 1 preferred not to 

say), but it was consistent with the distribution of the population where the data were 

collected. Participants’ ages ranged from 18 to 29 years old (M = 22.52, SD = 2.52). 

6.1.2 Materials and Procedure 

The recruited participants participated in the experiments individually in a quiet room 

with the guidance from the PhD researcher (Xufei Zhang). The experiment contained a 

delayed post-test, which required participants to come back again on the next day to complete 

it.  Paper-based materials used in the present study were chosen for their suitability for a 

laboratory-based learning experiment. Such experiments require lesson and test materials 

focused on a topic that is novel for learners, but is learnable within a short period of time, as 

well as being sensitive to instructional design manipulations. The mental mathematics lesson 

materials used in the present series of experiments were adapted from previous studies 

investigating a range of instructional redesigns (e.g., Ginns et al., 2019; Smyrnis & Ginns, 

2016; Wang et al., 2022). The full set of experimental materials is given in Appendix A. The 

whole experiment needed about 30-40 minutes, with the first day lasting 25-30 minutes and 
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the second day lasting 5-10 minutes. The first day’s experiment started with the consent 

phase, followed by the demographics phase, the pre-test phase, the learning phase, the self-

reported phase, and the immediate post-test phase. The second day’s experiment contained 

the delayed post-test phase and the debriefing phase. 

Participants in both conditions received identical instructions except for the learning 

phase, in which they were told to use different tracing strategies (according to their 

condition). To avoid ambiguity caused by translation, all the materials mentioned above were 

paper-based and presented in printed English (adapted from materials used in Wang et al., 

2022). Though English was not the first language of the participants, English as a compulsory 

course in the national college entrance exam had been studied by all participants for at least 

10 years (from Grade 3 to Grade 12). With years of compulsory English courses, all 

participants were able to read English in paragraphs. Additional oral instruction between 

phases was given in the participants’ first language (Mandarin). Participants were also 

encouraged to ask in Mandarin if they had any doubts about the experiment. The whole 

experiment was videotaped after gaining participants’ consent. Recorded participants’ tracing 

actions were counted as a check on treatment fidelity (Mowbray et al., 2003), in line with 

previous CLT research (Eielts et al., 2020; Galbraith & Ginns, 2023).  

Consent Phase. Participants were notified of basic information about the experiment 

and signed a consent form. To avoid the subject-expectancy effect (Rosenthal & Fode, 1963), 

the current research hid the real purpose of the experiment from participants. Participants 

were not informed that the experiment was designed to research the tracing strategy. Instead, 

they were told that this experiment was used to research a new method of two-digit 



105 

 

multiplication.  

To randomly assign participants to experimental conditions, participants with odd-

numbered positions in the experiment sequence were asked to flip a coin to determine their 

condition assignment. If the coin landed heads up, the participant was assigned to the non-

alternating group, and if tails, the participant was assigned to the alternating group. 

Participants with even-numbered positions in the experiment sequence did not need to flip a 

coin, and they were automatically assigned to the opposite condition of the preceding 

participant. 

The video camera was aimed at the desktop portion and only captured participants’ 

hand movements. Video recording was commenced after the participant signed the consent 

form.  

Demographics Phase. The experiment officially started with participants answering a 

survey about their basic demographic information. Their gender and age were collected by 

choice and fill-in-the-blank questions. A handedness survey (Nicholls et al., 2013) with ten 

questions followed. Participants reported their hand preference in ten different situations 

(e.g., In which hand do you prefer to hold a toothbrush when cleaning your teeth? When 

buttering bread, which hand holds the knife?) to reflect their propensity to use one or both 

hands.  

Pre-Test Phase. The pre-test phase was designed to assess participants’ prior 

knowledge, in the form of arithmetical problem-solving skills. A calculation fluency test 

(Sowinski et al., 2014) was applied in this phase. The test consisted of three pages, and each 

page had 60 calculation questions on addition, subtraction, and multiplication separately. 
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Participants were given 1 minute for each page, and they were asked to answer as many 

questions as possible. Before participants started answering them, they were also told that the 

number of questions far exceeded the number that could be completed in 1 minute, so they 

did not need to worry about not being able to finish them. The number of correct questions 

answered by the participant on each page was recorded separately, and this result was treated 

as the participant’s prior calculation ability.  

Learning Phase. The learning material showed participants how to quickly calculate 

a two-digit multiplication, based on a method in Julius (1992, pp. 83–84), and consisted of 10 

pages of instruction, including two pages of introduction and eight pages of instruction on the 

two-digit multiplication method.  

The two-page introduction material told participants the procedure of this phase and 

the requirements of finger tracing while learning, and asked them to practice tracing with 

their fingers before instruction. The first page was the introduction, and the second page was 

the tracing practice. The introduction materials were identical for participants in both 

conditions, except that they were told that they needed to use their non-alternating finger or 

alternating fingers (according to the conditions) to trace the learning material.  

The eight pages of instruction included four worked examples interleaved with four 

practice questions. All the worked examples were about the same kind of method, but the 

worked examples got progressively more difficult. The worked examples were adapted from 

Wang et al. (2022), and the current research adjusted some specific numbers in the worked 

examples to keep them at the appropriate difficulty level. The first three worked examples 

contained one carry-on calculation during the solving process (see Figure 1), and the involved 
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numbers became progressively larger. The fourth worked example contained two carry-on 

calculations in the process (see Figure 2), which made it more difficult. For each worked 

example, the two-digit multiplication problem was solved in three steps, and instruction was 

provided at each step. The instruction included a short sentence explaining the step’s 

calculating process, colour-coded horizontal and vertical formulas with key numbers in them, 

and colour-coded ellipses displaying the key numbers in the vertical formula. The correct 

answer to the whole worked example was shown at the end of the three steps. Beside each 

step, there was a separate text box that asked participants to trace the key ellipses with the 

requested index finger. The learning materials were identical for both conditions except for 

the separate text box, in which participants were asked to use their writing hand’s index 

finger or their non-writing hand’s index finger (according to the conditions) to trace the 

learning material. Participants in the non-alternating tracing condition were asked to use their 

writing hand’s index finger to trace the learning material all the time, while participants in the 

alternating tracing condition were asked to switch their writing hand and non-writing hand’s 

index finger to trace the given step.  
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Figure 1  

A Worked Example Containing One Carry-on Calculation in Experiment 1 
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Figure 2  

A Worked Example Containing Two Carry-on Calculations in Experiment 1 
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At the beginning of this phase, participants received a two-page instruction telling 

them how to learn and trace the learning materials in this phase. The researcher also gave oral 

instructions to help participants understand the procedure and the requirements in this phase. 

Participants could take their time to read the instructions until they fully understood the 

experiment’s requirements, and they were encouraged to ask questions for clarification if 

needed. They were then asked to trace the ellipses on the tracing practice page with guidance 

from the researcher. Participants then started to learn the two-digit number multiplication 

method by studying the four worked examples one by one and answering the practice 

questions that followed each worked example. Participants had two minutes to study each 

worked example and 30 seconds to answer the following practice question of the 

corresponding difficulty. The researcher told participants whether their answer was correct or 

incorrect immediately after participants wrote down the answer. If the answer was wrong, 

then the participant continued to try until 30 seconds ran out. The sequence was to learn one 

worked example for two minutes, then answer one question, and learn the next worked 

example for another two minutes, then answer another question. During the two-minute study 

period, participants in both conditions traced the ellipses in the worked example steps with 

the specified index finger as the separate text box indicated. The tracing instructions in the 

two conditions were different, specifying the non-alternating index finger (writing hand’s 

index finger) for the non-alternating tracing condition and using alternating index fingers 

(switching between writing and non-writing hands’ index fingers) for the alternating tracing 

condition. During participants’ learning time, the researcher sat to one side and watched 

participants’ learning behaviour, reminding them when necessary to focus on learning and use 
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the correct index finger to trace.    

Self-report Phase. After the learning phase, participants completed a twenty-item 

survey on their motivation and different types of cognitive load. Participants needed to rate 

each statement from 0 (not at all applicable) to 8 (fully applicable), according to their 

experience in the learning phase. The intrinsic motivation scale was developed by McAuley 

et al. (1989), including five different items (e.g., “I enjoyed doing this activity very much”). The 

cognitive load scale (15 items) was developed by Krieglstein et al. (2023), including five 

items on intrinsic cognitive load (e.g., “The learning content was difficult to understand”), 

five items on extraneous cognitive load (e.g., “ The design of the learning material made it 

difficult to find relevant information quickly”), and five items on germane processing (e.g., 

“ I actively reflected upon the learning content”). When some participants asked the precise 

meaning or the referred-to item of some words and phrases in the statement, the researcher 

read a pre-prepared standardised translation of the statement in response to such questions 

from the participants.  

Immediate Post-Test Phase. Participants needed to answer 20 two-digit 

multiplication questions in this phase. For each question, they had 20 seconds to answer, 

writing down the final answer within the time limit. The researcher did not tell the 

participants if their answers were correct or not. Participants who finished answering one 

question just moved to the next one, and the researcher started rerecording the time of the 

next question. The accuracy of participants’ answers and the time they spent solving the 

questions were recorded to reflect their learning performance. Writing an answer that 

exceeded 20 seconds was recorded as “out of time”, and even if the answer was correct, this 
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question was seen as an unsuccessful answer, which was equal to wrong. The questions in the 

post-test phase involved larger numbers, which made the post-test questions a little more 

difficult than the practice questions in the learning phase.  

Delayed Post-Test Phase. The delayed post-test phase was applied one day 

(approximately 24 hours) after the initial experiment. Participants needed to answer 20 two-

digit multiplication questions again in the delayed post-test phase. The questions here were 

exactly the same ones as presented in the immediate post-test.  

Debriefing phase. The researcher debriefed the whole experiment to the participants in this 

phase, clarifying the true purpose of the experiment. Participants were encouraged to express 

their feelings and thoughts about the experiment and its theoretical assumptions. Some 

participants asked about their accuracy in the test, and some were interested in the research 

design. The researcher responded to the participants' questions as much as possible without 

posing privacy concerns. 

6.1.3 Data Processing and Model Check 

One hundred and fifteen participants joined and completed the experiment, and these 

data constituted the full dataset. As participants’ behaviours were fully videotaped, the video 

recordings can be used to check participant compliance with instructions. The fully compliant 

participants constituted the compliant dataset.  

To check participants’ compliance, a coding scheme was developed to quantify 

participants’ effective tracing activities (see Appendix B). Their tracing actions on the 

required learning materials were recorded as valid counts. Some participants were excluded 

from the compliant dataset for the following two reasons.  
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The first reason was that participants’ valid tracing actions were insufficient. Each 

worked example included four ellipses in all three steps. The learning material asked 

participants to trace five times for each ellipse. Thus, if participants followed the instruction 

strictly, then they should trace at least 20 times for each worked example and 80 times in 

total. However, in the actual learning process, participants might be confused about their 

tracing times and unable to trace a complete ellipse in the final ellipse. Considering this, we 

set 64 times in total (four times for each ellipse) as a pass line. Any participant traced less 

than 64 times in total was deemed “non-compliant” and excluded. Any participant who traced 

insufficiently (less than 16 times for each worked example) in two or more worked examples 

was also excluded.  

The second potential reason for exclusion was when a participant’s tracing action did 

not fulfil the group condition. Though the instructions on the learning material described the 

requested tracing action in detail, some participants did not read carefully and did not follow 

the instructions. Thus, some participants traced the learning material with alternating fingers, 

even if they were assigned to the non-alternating tracing group, or vice versa; those 

participants were excluded. Some participants in the alternating tracing group may have been 

confused about which hand to trace and used the wrong one at the beginning, but they 

adjusted their actions later, and their tracing actions were generally compliant with alternating 

tracing requirements. So, these participants were retained in the following analysis. Only 

those participants who did not meet the group condition are excluded. 

Ninety-five participants were retained after the compliance check, and 20 participants 

were excluded. Fifteen participants were excluded due to insufficient tracing times 
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(participant number 8, 15, 16, 17, 18, 23, 24, 29, 35, 54, 75, 80, 88, 93, 112), and four 

participants were excluded because of incorrect tracing action (participant number 43, 48, 68, 

105); another participant was excluded because of data corruption (participant number 46, 30 

seconds video recording was lost in Worked Example 4).  

The following data analysis was based on the compliant dataset (95 participants’ 

results). The majority of statistical analyses were conducted via jamovi (2.6.26) (The jamovi 

project, 2024). Detailed data processing procedures were separately presented for each 

variable. 

Handedness Score (Hand Preference and Coordination). Participants’ hand 

preference was collected via the handedness survey (Nicholls et al., 2013). As Figure 3 

showed, all participants needed to report their propensity to use one or both hands. A simple 

coding was applied to the survey and participants’ answers. The answer “left” was coded as 

“-1”, either was coded as “0”, and “right” was coded as “1”. A handedness score between -1 

to 1 was yielded for each participant by averaging the coding of ten questions. Scores closer 

to 0 indicate greater balance in participants' hand use. Conversely, scores closer to -1 indicate 

stronger left-handedness in participants, while those approaching 1 reflect right-handed 

preference. The absolute value of the handedness score was also calculated to reflect 

participants’ hand coordination.  
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Figure 3 

The Handedness Survey 

 

 

A reliability analysis was conducted (Revelle, 2024) to check the consistency of 

participants’ responses to the handedness survey. As the first item in the handedness survey 

asked participants’ hand preference for writing, and all of them chose “the right hand”, there 

was no variance on this item. Both Cronbach's alpha (Cronbach, 1951) and McDonald's 

omega (McDonald, 1999) demonstrated that the remaining nine items from the handedness 

survey had suitable levels of reliability (Cronbach's α = .82; McDonald's ω = .86).  

Pre-Test Score (Prior Calculation Ability). Participants’ prior abilities were 

evaluated via their performance in the calculation fluency test. Participants finished a three-

page calculation test on addition, subtraction, and multiplication (one test per page). Every 

correctly answered question on these pages was counted as one point, producing three 
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separate scores for addition, subtraction, and multiplication fluency.  

Table 1 presents participants' performance in the calculation fluency test. On average, 

participants gained a higher score on addition than subtraction, and both of these scores were 

higher than multiplication. These results were consistent with Sowinski et al.’s (2014) results. 

Both Cronbach's alpha (Cronbach, 1951) and McDonald's omega (McDonald, 1999) 

demonstrated that the pre-test scores had suitable levels of reliability (Cronbach's α = .86; 

McDonald's ω = .94).  

Though the following learning task in this experiment only involved addition and 

multiplication in the calculation process, including subtraction scores together could make the 

total scores more widely distributed, and reflect participants’ calculation ability at a more 

general level. Scoring the test as the total number of correctly solved items across the three 

pages was also suggested by the test developer (Sowinski et al., 2014). Thus, three separate 

scores were added together to generate an overall score to represent their general calculation 

ability in the following analysis.  

 

Table 1  

Participants’ Performance in the Calculation Fluency Test in Experiment 1 

Test Type n M SD 

Addition (/60) 95 23.5 5.7 

Subtraction (/60) 95 19.0 5.8 

Multiplication (/60) 95 16.3 4.0 

Total (/180) 95 58.8 13.8 
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Figure 4 

The Distribution of Participants’ Total Scores in the Pretest in Experiment 1 

 

 

In this experiment, participants’ prior abilities met the assumption of being normally 

distributed, based on the Shapiro-Wilk (1965) test. This test was considered the most 

appropriate method for small sample sizes (<50) and was equally effective compared to other 

methods for medium-sized samples (50≤ n <300) (Mishra et al., 2019). As this experiment 

had 95 participants in total and 45 or 50 participants in each group, the Shapiro-Wilk test was 

considered a suitable choice for the current study when the normality analyses involving 

subgroup data. The overall distribution (Shapiro-Wilk W = .99, p = .861) as well as the 

distribution of each condition satisfied the normal distribution. As Figure 4 shows, the non-

alternating tracing group (Shapiro-Wilk W = .98, p = .458) was more normally distributed 

than the alternating tracing group (Shapiro-Wilk W = .97, p = .200). 

Practice Phase Learning Performance. Participants’ learning performance in the learning 
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phase was evaluated via two indicators: the number of practice questions they answered 

correctly and the time they used to answer the questions. The former was defined as the 

practice score, and the latter was defined as the practice test time to solution. The practice 

score was an integer that ranged from 0 to 4. The practice time to solution was obtained by 

adding up the time participants used to correctly answer each practice question. If the final 

answer was wrong or participants couldn’t give an answer within the time limit (30 seconds), 

the time of 30 seconds was recorded. Practice time to solution therefore ranged from 0 to 120 

seconds.  

Post-Lesson Self-Report. Participants’ self-reports reflected four variables: intrinsic 

motivation, intrinsic cognitive load, extraneous cognitive load, and germane processing, each 

evaluated by five separate statements. The score ranged from 0 to 8, reflecting participants’ 

agreement with the statement.  

To check the construct validity of the current survey results, a confirmatory factor 

analysis (CFA) was conducted using jamovi (Rosseel et al., 2024). Though CFA’s result was 

generally considered to be reliable only with a large sample size (n > 300) (Comrey & Lee, 

1992), Wolf et al. (2013) proposed the possibility that a CFA model with high factor loading 

might be applicable to a minimal sample size lower than 100. Thus, we continued to conduct 

the CFA model with the current dataset. To check the assumption of multivariate normality, 

the squared Mahalanobis distances were calculated for the data and plotted against the 

quantiles of a Chi-square distribution (DeCarlo, 1997). As Figure 5 indicates, the assumption 

of multivariate normality was largely met. Multicollinearity was assessed via the squared 

multiple correlations and the determinant of the correlation matrix, not finding any variables 
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had an R2 > .90, which indicated low risk in multicollinearity (Kline, 2015). 

Indices of model fit including the Comparative Fit Index (Bentler, 1990), Tucker-

Lewis Index (Tucker & Lewis, 1973) and Root Mean Square Error of Approximation (Hu & 

Bentler, 1999) all showed the model was a mediocre fit (CFI = .87, TLI = .85, RMSEA 

= .100). Further checking the factor loadings (see Table 2), the indicators “GCL_2” and 

“ICL_5” were found to be unsuitable for the whole model. They were excluded because they 

were not significantly related to the main factors. The model was rerun without these two 

indicators, and the results showed a better model fit (CFI = .89, TLI = .87, RMSEA = .106). 

These two indicators were excluded from all the following analyses. 

 

Figure 5 

Mahalanobis Distance Scatterplot Testing Multivariate Normality in Experiment 1 
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Table 2  

Original Factor Loadings in Experiment 1 

Factor Indicator Estimate SE Z p 
Stand. 

Estimate 

Intrinsic 

Motivation 

Motivation1 1.22 0.12 10.40 < .001 0.86 

Motivation2 1.60 0.13 12.38 < .001 0.95 

Motivation3 1.69 0.14 11.97 < .001 0.93 

Motivation4 1.63 0.13 12.39 < .001 0.95 

Motivation5 1.24 0.20 6.06 < .001 0.58 

Intrinsic 

Cognitive 

Load 

ICL_1 1.09 0.10 11.22 < .001 0.90 

ICL_2 0.99 0.08 12.45 < .001 0.96 

ICL_3 0.87 0.12 7.21 < .001 0.67 

ICL_4 0.87 0.12 7.09 < .001 0.67 

ICL_5 0.39 0.25 1.55 .122 0.16 

Extraneous 

Cognitive 

Load 

ECL_1 0.85 0.11 7.60 < .001 0.71 

ECL_2 1.26 0.16 7.85 < .001 0.73 

ECL_3 1.42 0.14 9.83 < .001 0.85 

ECL_4 1.47 0.16 9.24 < .001 0.81 

ECL_5 1.39 0.19 7.50 < .001 0.70 

Germane 

Processing 

GCL_1 0.88 0.17 5.35 < .001 0.59 

GCL_2 0.28 0.23 1.23 .218 0.15 

GCL_3 0.95 0.15 6.43 < .001 0.66 

GCL_4 0.96 0.15 6.54 < .001 0.68 

GCL_5 1.08 0.17 6.29 < .001 0.67 
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Reliability tests were conducted (Revelle, 2024) to check participants’ answers' 

consistency and dependability. Both Cronbach's alpha (Cronbach, 1951) and McDonald's 

omega (McDonald, 1999) demonstrated that four separate factors had suitable levels of 

reliability (see Table 3).  

Participants’ motivation and cognitive load were evaluated via the aforementioned 

four factors and 18 items. The average score of each factor was used for the following 

analyses. All scores ranged from 0 to 8, and higher scores indicate higher motivation or 

cognitive load.  

The Shapiro-Wilk (1965) test was applied to check the normality of participants’ 

average intrinsic motivation, intrinsic cognitive load, extraneous cognitive load, and germane 

processing score.  

 

Table 3  

Reliability Scores in Experiment 1 

Variable Cronbach's α McDonald's ω 

Intrinsic Motivation (5 items) .92 .93 

Intrinsic Cognitive Load (4 items) .88 .89 

Extraneous Cognitive Load (5 items) .86 .87 

Germane Processing (4 items) .74 .75 
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Participants’ average intrinsic motivation (Shapiro-Wilk W = .96, p = .005) was not 

normally distributed. As a parameter with a theoretical value ranging from 0 to 8, the 

quartiles of the intrinsic motivation distribution show a pronounced left skew: the 25th 

percentile is 4.6 while the median is as high as 5.8. To assess the likelihood of ceiling or floor 

effects, frequency tables for items constituting each of the scales were inspected. For intrinsic 

motivation, participant responses of 8, the highest possible response, constituted 18.9%, 

24.2%, 21.1%, 15.8%, and 10.5%, for items 1-5 respectively. Based on McHorney and 

Tarlov’s (1995) guidance that ceiling or floor effects are likely to be an issue when more than 

15% of respondents respond with either the highest or lowest possible score, a ceiling effect 

was evident for intrinsic motivation.   

Participants’ average intrinsic cognitive load (Shapiro-Wilk W = .88, p < .001) also 

were not normally distributed. As a parameter with a theoretical value ranging from 0 to 8, 

the quartiles of the intrinsic cognitive load distribution show a pronounced right skew: the 

median is 0.8 while the 75th percentile is 1.8. To assess the likelihood of ceiling or floor 

effects, frequency tables for items constituting each of the scales were inspected. For intrinsic 

cognitive load, participant responses of 0, the lowest possible response, constituted 36.8%, 

40.0%, 45.3%, and 42.1%, for items 1-4 respectively; thus, a floor effect was evident for self-

reports of intrinsic cognitive load (McHorney & Tarlov, 1995).  

Participants’ average extraneous cognitive load (Shapiro-Wilk W = .91, p < .001) also 

were not normally distributed. As a parameter with a theoretical value ranging from 0 to 8, 

the quartiles of the extraneous cognitive load distribution show a pronounced right skew: the 

median is 1.4 while the 75th percentile is 2.5. To assess the likelihood of ceiling or floor 
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effects, frequency tables for items constituting each of the scales were inspected. For 

extraneous cognitive load, participant responses of 0, the lowest possible response, 

constituted 21.1%, 23.2%, 29.5%, 32.6% and 32.6%, for items 1-5 respectively; thus, a floor 

effect was evident for self-reports of extraneous cognitive load (McHorney & Tarlov, 1995).  

Participants’ average germane processing score (Shapiro-Wilk W = .95, p = .002) also 

was not normally distributed. As a parameter with a theoretical value ranging from 0 to 8, the 

quartiles of the motivation distribution show a pronounced left skew: the 25th percentile is 5.5 

while the median is as high as 6.5. To assess the likelihood of ceiling or floor effects, 

frequency tables for items constituting each of the scales were inspected. For germane 

processing, participant responses of 8, the highest possible response, constituted 12.6%, 

21.1%, 27.4%, and 26.3%, for items 1 and 3-5 respectively; thus, a ceiling effect was evident 

for self-reports of germane processing (McHorney & Tarlov, 1995).  

Immediate Post-test Phase Learning Performance. Participants’ learning 

performance in the immediate post-test phase was evaluated via two indicators: the number 

of test questions they answered correctly, and the time they used to answer the questions. The 

former was defined as the immediate post-test score, and the latter was defined as the 

immediate post-test time. The immediate post-test score was an integer that ranged from 0 to 

20. The immediate post-test time was obtained by adding the time participants used to 

correctly answer each test question. If a participant could not give a correct answer within the 

time limit (20 seconds), then the maximum time of 20 seconds was recorded. The immediate 

post-test time to solution thus ranged from 0 to 400 seconds.  

Delayed Post-test Phase Learning Performance. Participants’ learning performance 
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in the delayed post-test phase was evaluated via the same indicators as used in the Immediate 

Post-test. Thus, the delayed post-test score was an integer that ranged from 0 to 20. As for the 

Immediate Post-test to solution, the Delayed Post-test time to solution was obtained by 

adding the time participants used to correctly answer each test question. If a participant could 

not give a correct answer within the time limit (20 seconds), then the maximum time of 20 

seconds was recorded. The delayed Post-test time to solution thus ranged from 0 to 400 

seconds.  

6.1.4 Statistical Analysis 

To test the hypothesis and check the group difference between the non-alternating and 

the alternating condition, the following statistical analyses were used in the current study. 

Prior to conducting substantive analyses, group equivalence between conditions in 

key demographics and prior calculation ability was checked. Independent-samples t-test was 

used to check the equivalence in participants’ prior calculation abilities and their handedness 

scores. Fisher’s exact test (Upton, 1992) was used to check the equivalence in gender 

proportions.  

The analysis of covariance (ANCOVA) was applied to check the group difference on 

all indicators representing participants’ learning performance, using the prior calculation 

ability as the covariate. Repeated measures ANCOVA (Algina, 1982) was conducted to 

further analyse the change in participants’ mastery level between the immediate post-test and 

the delayed post-test. ANCOVA was also used to check the group difference on some 

cognitive load indicators, depending on their correlation with the prior calculation ability. For 

those cognitive load indicators that do not correlate with the prior calculation ability, the 
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independent-samples t-test was used to check the group difference. Liu and Wang’s (2021) t-

test, correcting for ceiling effects and floor effects, was applied to further check the results 

when a potential ceiling effect or floor effect was suggested. Under previous analyses, there 

are assumptions about the normality of the sample and the homogeneity of variance. The 

normality was checked via the Shapiro-Wilk (1965) test or the Lilliefors (1967) test, 

depending on the sample size. The homogeneity of variances was checked via Levene’s 

(1960) test.  

The majority of statistical analyses were conducted via jamovi (2.6.26) (The jamovi 

project, 2024) and assumptions were checked via Intellectus Statistics (The Intellectus 

Statistics Team, 2021). Tests of statistical significance controlled the Type 1 error rate at 0.05. 

6.2 Results 

6.2.1 Can We Consider Two Groups of Participants as Equivalent? 

In this experiment, participants were randomly assigned to conditions, with the 

expectation that the participants in two conditions would be equivalent in terms of prior 

calculation ability. 

An independent-samples t-test was conducted to compare participants’ prior 

calculation abilities. As introduced in the earlier section, the pre-test score was normally 

distributed in both conditions, meeting the normality assumption of the t-test. The assumption 

of homogeneity of variance was also satisfied, F(1, 93) = 0.23, p = .636. Analysis showed 

that two conditions did not differ on pre-test scores, t (93) = -1.72, p = .088, d = -0.35, 95% 

CI [-0.76, 0.06] (alternating condition: M = 61.06, SD = 13.50; non-alternating condition: M 

= 56.22, SD = 13.85).  
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A similar analysis was conducted on participants’ handedness scores. The assumption 

of homogeneity of variance was satisfied, F(1, 93) = 2.75, p = .101. Though neither the non-

alternating group (Shapiro-Wilk W = 0.71, p < .001) nor the alternating group (Shapiro-Wilk 

W = 0.50, p < .001) met the assumption of normality, the t-test was still considered to be valid 

with a larger sample size (n > 30) (Box, 1953; Lumley et al., 2002). Participants’ handedness 

scores were found to be equivalent between the non-alternating (M = 0.88, SD = 0.18) and 

alternating condition (M = 0.83, SD = 0.37), t (93) = 0.75, p = .456, d = 0.15, 95% CI [-0.25, 

-0.58].  

Fisher’s exact test (Upton, 1992) was used to analyse participants’ gender distribution 

across conditions because of its suitability for small sample sizes, instead of the Pearson chi-

square test (Pearson, 1900) that requires every cell’s frequencies to be bigger than five (Kim, 

2016). In the current study, there was an option of “prefer not to say” that was selected by 

only one participant, which did not meet the basic requirements of the chi-squared test. 

Fisher's exact test indicated that the non-alternating condition and the alternating condition 

were also equivalent in terms of the distribution of gender, p = .375.  

6.2.2 Learning Performance 

Did Participants’ Prior Abilities Affect Their Learning Performance, Motivation, and 

Cognitive Load? Though participants’ prior calculation ability knowledge can be considered 

equivalent at the group level, a correlational analysis was conducted to further check if students’ 

prior calculation ability influenced participants’ learning performance at the individual level. 

As Table 4 shows, participants’ pre-test scores were significantly correlated with all three types 

of learning performance. Thus, the pre-test scores were considered as a covariate in the 

following analyses.  
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Table 4  

Correlations Between Prior Ability and Learning Performance in Experiment 1 

Variable n M SD 1 2 3 4 5 6 7 

1. Pre-test Score (/180) 95 58.77 13.81 —       

2. Practice Score (/4) 95 2.80 1.17 .32** —      

3. Practice Time to Solution (/120) 95 87.85 21.86 -.47*** -.81*** —     

4. Immediate Post-Test Score (/20) 95 12.35 5.36 .52*** .52*** -.49*** —    

5. Immediate Post-Test Time to Solution (/400) 95 345.77 37.82 -.59*** -.50*** .60*** -.82*** —   

6. Delayed Post-Test Score (/20) 95 16.36 3.53 .48*** .43*** -.38*** .64*** -.50*** —  

7. Delayed Post-Test Time to Solution (/400) 95 305.01 43.12 -.57*** -.47*** .56*** -.71*** .84*** -.72*** — 

Note. * p < .05, ** p < .01, *** p < .001 
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How Did Participants Perform in the Practice Phase? Since participants’ prior 

abilities were found to correlate with their learning performance, the ANCOVA test (Fox et 

al., 2024) was used to compare participants' learning performance in the practice phase across 

the two conditions. Statistical analyses controlled the Type 1 error rate at 0.05. Two 

indicators, practice score and practice time to solution, were separately analysed with the 

same data processing procedure.  

For the practice score, homogeneity of variances was found via Levene’s (1960) test, 

F(1, 93) = 1.93, p = .168, meeting the assumption of homoscedasticity. However, the 

normality of residuals was not found via the Lilliefors (1967) test (D = 0.11, p = .006). This 

test is a variation of the widely used Kolmogorov-Smirnov test with a wider range of 

applications and better performance (Öztuna et al., 2006; Razali & Wah, 2011), being 

suitable for those analyses with a sample size larger than 50 (Mishra et al., 2019); this test 

does not specify the expected value and variance of the distribution. As this experiment had 

95 participants in total and ANCOVA tested normality based on the entire sample, the 

Lilliefors (1967) test was used to assess the assumption of normality in ANCOVA analysis in 

the current research. Though the normality assumption was not satisfied, the ANCOVA 

analysis was still applied, given Olejnik and Algina’s (1984) findings that ANCOVA is robust 

when either the assumption of normality or the assumption of homoscedasticity is violated in 

isolation. The interaction effect between condition and prior abilities was not statistically 

significant, F(1, 91) = 0.16, p = .687; thus, ANCOVA’s assumption of homogeneity of 

regression slopes was met. As expected, the main effect of prior ability was statistically 

significant, F(1, 92) = 14.70, p < .001, η²p = .14; participants with higher pre-test scores also 
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gained higher practice scores. The main effect of the condition was also statistically 

significant, F(1, 92) = 7.50, p = .007, η²p = .08; participants in the non-alternating condition 

(estimated marginal M = 3.12, SE = .16) solved more problems correctly than those in the 

alternating condition (estimated marginal M = 2.51, SE = .15).  

For practice time to solution, homogeneity of variances was found via Levene’s 

(1960) test, F(1, 93) = 3.49, p = .065, meeting the assumption of homoscedasticity. The 

normality of residuals was found via the Lilliefors (1967) test (D = 0.05, p = .817). The 

interaction effect between the condition and the prior abilities was not statistically significant, 

F(1, 91) = 2.07, p = .153, showing that the assumption of homogeneity of regression slopes 

was met. Similar results on the main effects were found. The main effect of prior ability was 

statistically significant, F(1, 92) =32.98, p < .001, η²p = .26; participants with higher pre-test 

scores spent less time finishing practice questions. The main effect of condition was also 

found, F(1, 92) = 9.03, p = .003, η²p = .09; participants in the non-alternating condition 

(estimated marginal M = 81.69, SE = 2.80) spent less time finishing practice questions than 

those in the alternating condition (estimated marginal M = 93.39, SE = 2.66).  

Thus, contrary to H1, both indicators showed that participants in the non-alternating 

condition performed better than those in the alternating condition on the practice questions.  

How Did Participants Perform in the Immediate Post-Test Phase? The ANCOVA 

test (Fox et al., 2024) was used to compare participants’ learning performance in the 

immediate post-test in two conditions. Analyses controlled the Type 1 error rate at 

0.05. Two indicators, immediate post-test score and immediate post-test time to 
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solution, were separately analysed with the same data processing procedure.   

For the immediate post-test score, homogeneity of variances was found via the 

Levene (1960) test, F(1, 93) = 0.27, p = .608, meeting the assumption of homoscedasticity. 

The normality of residuals was found via the Lilliefors (1967) test (D = 0.08, p = .168). No 

interaction effect was found between the condition and the prior abilities on the immediate 

post-test scores, F(1, 91) = 0.09, p = .771, η²p = .00; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

significant for immediate post-test scores, F(1, 92) = 39.66, p < .001, η²p = .30; participants 

with higher pre-test scores also gained higher immediate post-test scores. The main effect of 

condition was statistically significant on the immediate post-test scores, F(1, 92) = 4.65, p 

= .034, η²p = .05; participants in the non-alternating condition gained higher scores (estimated 

marginal M = 13.42, SE = 0.68) than those in the alternating condition (estimated marginal M 

= 11.39, SE = 0.64). 

For immediate post-test time to solution, homogeneity of variances was found via the 

Levene (1960) test, F(1, 93) = 0.46, p = .500, meeting the assumption of homoscedasticity. 

The normality of residuals was found via the Lilliefors (1967) test (D = 0.09, p = .057). No 

interaction effect was found between the condition and the prior abilities on the immediate 

post-test time to solution, F(1, 91) = 1.14, p = .289, η²p = .01; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

significant for immediate post-test time to solution, F(1, 92) = 58.82, p < .001, η²p = .39, 

showing that participants with higher pre-test scores spent less time finishing immediate post-

test questions. The main effect of the condition on immediate post-test time to solution was 
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also statistically significant, F(1, 92) = 9.03, p = .003, η²p = .09, the participants in the non-

alternating condition spent less time finishing immediate post-test questions (estimated 

marginal M = 336.00, SE = 4.45) than those in the alternating condition (estimated marginal 

M = 354.56, SE = 4.21).  

Thus, contrary to H6, both indicators showed that participants in the non-alternating 

condition performed better than those in the alternating condition on the immediate post-test 

questions.  

How Did Participants Perform in the Delayed Post-Test Phase? Procedures to 

analyse participants’ learning performance in the delayed post-test phase were similar.  

For the delayed post-test score, homogeneity of variances was found via the Levene 

(1960) test, F(1, 93) = 0.62, p = .432, meeting the assumption of homoscedasticity. However, 

the normality of residuals was not found via the Lilliefors (1967) test (D = 0.11, p = .009). 

Though the normality assumption was not satisfied, the ANCOVA analysis was still applied, 

based on Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness when 

either the assumption of normality or the assumption of homoscedasticity was violated in 

isolation. No interaction effect was found between the condition and the prior abilities on the 

delayed post-test scores, F(1, 91) = 0.03, p = .863, η²p = .00; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

significant for delayed post-test scores, F(1, 92) = 27.28, p < .001, η²p = .23; participants with 

higher pre-test scores also gained higher delayed post-test scores. The main effect of the 

condition was not significant for delayed post-test scores, F(1, 92) = 0.11, p = .742, η²p = .00; 

participants in the non-alternating condition gained similar scores (estimated marginal M = 
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16.47, SE = 0.47) to those in the alternating condition (estimated marginal M = 16.26, SE = 

0.45).  

Since the mean delayed post-test scores were high in both conditions, potential ceiling 

effects may exist in the delayed post-test scores. To assess the likelihood of ceiling or floor 

effects, frequency tables for items constituting each of the scales were inspected. For the 

delayed post-test score, participant score of 20, the highest possible score, constituted 11.1% 

and 14.0% for non-alternating and alternating conditions respectively. If the criteria were 

relaxed to the highest two scores, participant scores of 19 or 20 constituted 28.9% and 44% of 

scores for the non-alternating and alternating conditions respectively. Based on McHorney 

and Tarlov’s (1995) guidance that ceiling or floor effects are likely to be an issue when more 

than 15% of respondents respond with either the highest or lowest possible score, a ceiling 

effect was evident for the delayed post-test score. Meier and Feeley’s (2022) criterion based 

on the standard deviation also suggested the presence of a ceiling effect, as the sum of the 

mean plus 1-2 standard deviations equalled or exceeded the maximum test score. For the 

delayed post-test score, the sum of the mean plus 1 SD was 19.89, and the sum of the mean 

plus 2 SD was 23.42 (i.e., substantially higher than the maximum possible score), further 

confirming the existence of a ceiling effect.  

Considering the ceiling effect was detected on the delayed post-test score, we used 

Liu and Wang’s (2021) t-test correcting for ceiling effects and floor effects to check the result 

against this potential assumption violation. Under this analysis, t(93) = -0.69, p = .521, d = -

0.15, 95% CI [-2.58, 1.33], indicating that there was indeed no significant difference in 

participants’ delayed post-test scores between the non-alternating finger tracing group 



133 

 

(corrected M = 16.52, SD = 3.97) and the alternating fingers tracing group (corrected M = 

17.15, SD = 4.52). 

For the delayed post-test time to solution, homogeneity of variances was found via the 

Levene (1960) test, F(1, 93) = 0.57, p = .452, meeting the assumption of homoscedasticity. 

The normality of residuals was found via the Lilliefors (1967) test (D = 0.08, p = .143). No 

interaction effect was found between the condition and the prior abilities on the delayed post-

test time to solution, F(1, 91) = 0.20, p = .656, η²p = .00; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

significant for delayed post-test time to solution, F(1, 92) = 49.87, p < .001, η²p = .35, 

showing that participants with higher pre-test scores spent less time finishing delayed post-

test questions. The main effect of condition was found on delayed post-test time to solution, 

F(1, 92) =4.26, p = .042, η²p = .04; participants in the non-alternating condition (estimated 

marginal M = 297.07, SE = 5.26) solved problems more quickly than those in the alternating 

condition (estimated marginal M = 312.15, SE = 4.99).  

Thus, contrary to H7, the delayed post-test score showed that participants in the non-

alternating condition performed similarly to those in the alternating condition, and the 

delayed post-test time to solution showed that participants in the non-alternating condition 

performed better than those in the alternating condition on the immediate post-test questions.  

How Did Participants’ Learning Performance Change Between the Immediate Post-Test 

and the Delayed Post-Test? To further analyse the change of participants’ mastery level 

between the immediate post-test and the delayed post-test, a repeated measures ANCOVA 

(Algina, 1982) was conducted. The pre-test score worked as the covariate because it was 
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correlated with participants’ immediate post-test performance and delayed post-test 

performance. Two indicators, the test score and the time to solution, were separately analysed 

with the same data processing procedure.  

For the test score, homogeneity of variances was found via the Levene (1960) test 

both in the immediate post-test, F(1, 93) = 0.27, p = .608, and the delayed post-test, F(1, 93) 

= 0.62, p = .432, meeting the assumption of homoscedasticity. However, the normality of 

residuals was not found via the Lilliefors (1967) test (D = 0.07, p = .020). Though the 

normality assumption was not satisfied, the ANCOVA analysis was still applied, based on 

Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness when either the 

assumption of normality or the assumption of homoscedasticity was violated in isolation.  

The main effect for the test time was significant, F(1, 92) = 96.54, p < .001, η²p = .51, 

indicating there were significant differences between the immediate post-test score and 

delayed post-test score; participants gained higher test scores in the delayed post-test 

(estimated marginal M = 16.36, SE = 0.32) than in the immediate post-test (estimated 

marginal M = 12.40, SE = 0.46). The main effect for the condition was not significant, F(1, 

92) = 2.58, p = .112, η²p = .03, indicating participants in the non-alternating condition gained 

similar test scores (estimated marginal M = 14.94, SE = 0.50) to those in the alternating 

condition (estimated marginal M = 13.82, SE = 0.48). The main effect for pre-test score was 

significant, F(1, 92) = 44.65, p < .001, η²p = .33, indicating participants with higher prior 

calculation ability also gained higher test scores. The interaction effect between test time and 

condition was significant, F(1, 92) = 4.90, p = .029, η²p = .09, indicating that participants 

allocated to different conditions had different trends of change on their test scores across the 
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24-hour delayed time. As Figure 6 shows, participants in the alternating condition showed 

greater progress during the 24-hour delayed time than those in the non-alternating condition.  

 

Figure 6 

Participants’ Test Scores in Two Conditions in Immediate Post-Test and Delayed Post-Test in 

Experiment 1 
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The interaction effect between the test time and pre-test scores was significant, F(1, 

92) = 9.40, p = .003, η²p = .05, indicating that participants with different prior calculation 

ability may have had different trends of change in their test scores during the 24-hour delayed 

time. To further check the specific “turning point” of the interaction effect, a Johnson-

Neyman analysis (Johnson & Fay, 1950; Johnson & Neyman, 1936) was applied to pick the 

exact point (Hayes & Matthes, 2009). Johnson-Neyman analysis treats each value of the 

moderator as a possible “turning point” where the effect of the focal predictor may shift from 

non-significance to significance (Krishna, 2016), identifying a specific range of the pre-test 

score where the effect of test time is significant and non-significant in current research 

(Hayes & Matthes, 2009). This analysis showed that the effect of test time was only 

significant when participants’ pre-test total score was lower than 83.78, covering 97.89% (93 

participants) of total observations (95 participants). As Figure 7 shows, participants with 

lower pre-test total scores gained more progress in the delayed post-test. Combining the 

results of the Johnson-Neyman analysis, we can conclude that participants whose pre-test 

total score was lower than 83.78 gained significantly higher test scores in the delayed post-

test compared to the immediate post-test.  
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Figure 7 

Participants’ Test Scores Under Similar Pre-test Scores in Two Tests in Experiment 1 

 

 

For the time to solution, homogeneity of variances was found via the Levene (1960) 

test both in the immediate post-test, F(1, 93) = 0.46, p = .500, and the delayed post-test, F(1, 

93) = 0.57, p = .452, meeting the assumption of homoscedasticity. However, the normality of 

residuals was not found via the Lilliefors (1967) test (D = 0.07, p = .032). Though the 

normality assumption was not satisfied, the ANCOVA analysis was still applied, based on 

Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness when either the 

assumption of normality or the assumption of homoscedasticity was violated in isolation.  

The main effect for the test time was significant, F(1, 92) = 274.78, p < .001, η²p 

= .75, indicating there were significant differences between the immediate post-test time to 

solution and delayed post-test time to solution; participants spent less time completing the 

test questions in the delayed post-test (estimated marginal M = 304.61, SE = 3.60) than in the 
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immediate post-test (estimated marginal M = 345.28, SE = 3.04). The main effect for the 

condition was significant, F(1, 92) = 7.15, p = .009, η²p = .07, indicating participants in the 

non-alternating condition spent less time completing the test questions (estimated marginal M 

= 316.54, SE = 4.53) than those in the alternating condition (estimated marginal M = 333.35, 

SE = 4.29). The main effect for pre-test score was significant, F(1, 92) = 61.90, p < .001, η²p 

= .40, indicating participants with higher prior calculation ability spent less time completing 

the test questions. 

The interaction effect between test time and condition was not significant, F(1, 92) = 

0.49, p = .487, η²p = .01, indicating that participants allocated to different conditions had 

similar trends of change on their time to solution across the 24-hour delayed time. The 

interaction effect between the test time and pre-test scores was also not significant, F(1, 92) = 

0.73, p = .395, η²p = .01, indicating that participants with different prior calculation ability 

had similar trends of change in their time to solution during the 24-hour delayed time.  

6.2.3 Post-Lesson Self-Report 

Did Participants’ Prior Abilities Affect Their Learning Performance, Motivation, 

and Cognitive Load? As for learning performance, a correlational analysis was also 

conducted to determine prior ability’s relation with motivation and cognitive load. Table 5 

presents detailed results of this analysis. Intrinsic cognitive load was significantly correlated 

with pre-test scores, which should be considered in the following analysis.  
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Table 5  

Correlation Between Prior Ability, Motivation, and Cognitive Load in Experiment 1 

Variable n M SD 1 2 3 4 5 

1. Pre-Test Score (/180) 95 58.77 13.81 —     

2. Intrinsic Motivation (/8) 95 5.66 1.54 .01 —    

3. Intrinsic Cognitive Load 

(/8) 
95 1.07 1.05 -.21* -.16 —   

4. Extraneous Cognitive 

Load (/8) 
95 1.69 1.37 -.03 -.14 .55*** —  

5. Germane Processing (/8) 95 6.27 1.12 -.08 .30** -.46*** -.52*** — 

Note. * p < .05, ** p < .01, *** p < .001 

 

What is the Intrinsic Motivation Reported by Participants? Since correlational analysis 

showed there was no clear correlation between participants’ prior knowledge and their 

intrinsic motivation, an independent-samples t-test was applied to analyse participants’ self-

reported intrinsic motivation.  

The assumption of normality was met in the alternating group (Shapiro-Wilk W = 

0.97, p = .229), but not in the non-alternating group (Shapiro-Wilk W = 0.93, p = .009). The 

assumption of homogeneity of variance was satisfied, F(1, 93) = 0.43, p = .513. Though one 

of the conditions did not meet the assumption of normality, the t-test was still considered to 

be valid with a larger sample size (n > 30) (Box, 1953; Lumley et al., 2002). The difference 

in self-reported intrinsic motivation ratings reported by the non-alternating condition (M = 

5.57, SD = 1.66) and the alternating condition (M = 5.74, SD = 1.45) was not statistically 
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significant, t(93) = -0.54, p = .592, d = -0.11, 95% CI [-0.51, 0.29]. 

Considering the ceiling effect was detected on the average intrinsic motivation scores, 

we used Liu and Wang’s (2021) t-test correcting for ceiling effects and floor effects to check 

the result against this potential assumption violation. Under this analysis, t(93) = -0.53, p 

= .602, d = -0.11, 95% CI [-0.90, 0.53], indicating that there was indeed no significant 

difference in participants' self-reported intrinsic motivation between the non-alternating 

finger tracing group (corrected M = 5.61, SD = 1.73) and the alternating fingers tracing group 

(corrected M = 5.79, SD = 1.54). 

Overall, participants in both groups reported relatively high levels of intrinsic 

motivation. However, contrary to H2, there was no significant difference in their motivation 

during the lesson between groups. 

What is the Intrinsic Cognitive Load Reported by Participants? Since 

participants’ prior abilities were found to correlate with their intrinsic cognitive load, the 

ANCOVA test was used to compare participants' intrinsic cognitive load in two conditions.  

Homogeneity of variances was found via the Levene (1960) test, F(1, 93) = 0.94, p 

= .336, meeting the assumption of homoscedasticity. However, the normality of residuals was 

not found via the Lilliefors (1967) test (D = 0.10, p = .034). Though the normality assumption 

was not satisfied, the ANCOVA analysis was still applied, based on Olejnik and Algina’s 

(1984) findings that ANCOVA demonstrated robustness when either the assumption of 

normality or the assumption of homoscedasticity was violated in isolation. The interaction 

effect between condition and students’ prior calculation ability was found for intrinsic 

cognitive load, F(1, 91) = 5.91, p = .017, η²p = .06, which indicated that the assumption of 
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homogeneity of regression slopes was not met. The interaction factor was therefore kept in 

the ANCOVA model.  

The main effect of prior ability was statistically significant, F(1, 91) = 7.04, p = .009, 

η²p = .07; participants with higher pre-test scores perceived lower intrinsic cognitive load. 

The main effect of condition was also statistically significant, F(1, 91) = 9.37, p = .003, η²p 

= .09; participants in the non-alternating condition (estimated marginal M = 0.79, SE = .15) 

perceived lower intrinsic cognitive load than those in the alternating condition (estimated 

marginal M = 1.40, SE = .14).  

As noted above, the interaction effect between condition and prior calculation ability 

was significant, indicating that participants with different prior calculation abilities may be 

affected by tracing strategies to varying degrees. To further check the specific “turning point” 

of the interaction effect, a Johnson-Neyman analysis (Johnson & Fay, 1950; Johnson & 

Neyman, 1936) was applied to pick the exact point (Hayes & Matthes, 2009). Johnson-

Neyman analysis treats each value of the moderator as a possible “turning point” where the 

effect of the focal predictor may shift from non-significance to significance (Krishna, 2016), 

identifying a specific range of the pre-test score where the effect of the condition is 

significant and non-significant in current research (Hayes & Matthes, 2009). This analysis 

showed the effect of the condition was only significant when participants’ pre-test total score 

was lower than 63.75, covering 63.16% (60 participants) of total observations. As Figure 8 

shows, participants with lower pre-test total scores reported much higher intrinsic cognitive 

load in the alternating condition. Combining the results of the Johnson-Neyman analysis, we 

can conclude that participants whose pre-test total score was lower than 63.75 perceived 
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significantly lower intrinsic cognitive load when they were allocated to a non-alternating 

condition compared with the alternating condition.  

Overall, participants in both groups reported relatively low levels of intrinsic 

cognitive load. However, contrary to H3, an interaction effect was found, suggesting 

participants with lower prior calculation ability perceived significantly lower intrinsic 

cognitive load when they were allocated to a non-alternating condition compared with the 

alternating condition.  

 

Figure 8  

Participants’ Intrinsic Cognitive Load Under Similar Pre-test Scores in Two Conditions in 

Experiment 1 
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What is the Extraneous Cognitive Load Reported by Participants? Since 

correlational analysis showed there was no correlation between participants’ prior knowledge 

and their extraneous cognitive load, an independent-samples t-test was applied to investigate 

group differences in participants’ extraneous cognitive load. 

The assumption of homogeneity of variance was satisfied, F(1, 93) = 0.56, p = .455. 

Though neither the non-alternating group (Shapiro-Wilk W = 0.87, p < .001) nor the 

alternating group (Shapiro-Wilk W = 0.94, p = .018) met the assumption of normality, the t-

test was still considered to be valid with a larger sample size (n > 30) (Box, 1953; Lumley et 

al., 2002). The difference in self-reported extraneous cognitive load ratings reported by the 

alternating condition (M = 1.45, SD = 1.35) and the non-alternating condition (M = 1.90, SD 

= 1.37) was not statistically significant, t(93) = -1.62, p = .109, d = -0.33, 95% CI [-0.74, 

0.07]. Given the apparent floor effect for this variate, Liu and Wang’s (2021) t-test correcting 

for ceiling effects and floor effects was used to check the result against this potential 

assumption violation. Under this analysis, t(93) = -2.62, p = .013, d = -0.60, 95% CI [-0.82, -

0.10], indicating participants in the alternating group (corrected M = 1.95, SD = 0.69) 

perceived higher extraneous cognitive load than those in the non-alternating group (corrected 

M = 1.49, SD = 0.85). 

Overall, participants in both groups reported relatively low levels of extraneous 

cognitive load, with a floor effect apparent in participants’ reports of extraneous cognitive 

load. Contrary to H4, the average extraneous cognitive load between the non-alternating 

finger tracing group and the alternating finger tracing group showed a significant difference 

after considering the floor effect, suggesting participants in the non-alternating finger tracing 
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group perceived lower extraneous cognitive load.  

What is the Germane Processing Reported by Participants? Since correlational 

analysis showed there was no clear correlation between participants’ prior knowledge and 

their germane processing scores, an independent-samples t-test was applied to investigate 

group differences in participants’ reports of germane processing.  

The assumption of normality was met in the non-alternating group (Shapiro-Wilk W = 

0.95, p = .061), but not in the alternating group (Shapiro-Wilk W = 0.95, p = .024). The 

assumption of homogeneity of variance was satisfied, F(1, 93) = 0.49, p = .486. Though one 

of the conditions did not meet the assumption of normality, the t-test was still considered to 

be valid with a larger sample size (n > 30) (Box, 1953; Lumley et al., 2002). The difference 

in self-reported intrinsic motivation ratings reported by the non-alternating condition (M = 

6.37, SD = 1.09) and the alternating condition (M = 6.18, SD = 1.16) was not statistically 

significant, t(93) = 0.83, p = .409, d = 0.17, 95% CI [-0.23, 0.57]. 

Considering the ceiling effect was detected on the average germane processing scores, 

we used Liu and Wang’s (2021) t-test correcting for ceiling effects and floor effects to check 

the data to check the result against this potential assumption violation. Under this analysis, 

t(93) = 0.78, p = .441, d = 0.16, 95% CI [-0.31, 0.70], indicating that there was indeed no 

significant difference in participants' self-reported germane processing between the non-

alternating finger tracing (corrected M = 6.40, SD = 1.16) group and the alternating fingers 

tracing group (corrected M = 6.21, SD = 1.22). 

Overall, participants in both groups reported relatively high levels of germane 

processing. However, contrary to H5, there was no significant difference in their germane 
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processing scores between groups. 

6.3 Discussion  

6.3.1 How Did Tracing Conditions Affect Participants’ Learning Performance? 

Previous analysis showed that participants in the non-alternating condition performed 

better than those in the alternating condition, indicating that the non-alternating finger tracing 

strategy may enhance learning better than the alternating fingers tracing strategy. Lesson 

materials emphasising alternating tracing were designed to further support participants’ 

learning, but the current results did not support this hypothesis. To consider why the results 

did not align with expectations, we further summarise the current findings.  

Descriptively, the participants' accuracy rates (see Table 6) exhibited a “✔” shaped 

curve across the three phases. Participants in both groups had moderate accuracy in the 

practice phase, lower accuracy in the immediate post-test phase, and highest accuracy in the 

delayed post-test phase. Repeated-measure analysis also suggested that participants’ 

performance in the delayed post-test was significantly better than in the immediate post-test. 

Better performance in the delayed post-test suggested the possible presence of a practice 

effect (Anastasi, 1988; Campbell & Stanley, 1963), especially considering that the 

participants completed identical questions in the immediate post-test and the delayed post-

test.  

Comparing the two conditions, participants in the non-alternating condition gained 

higher scores in practice questions and immediate post-test questions, but this advantage was 

not observed in the delayed post-test questions. Repeated-measure analysis suggested that 

participants in the alternating condition made significantly greater progress during the 24-
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hour delayed time than those in the non-alternating condition. The aforementioned trends 

suggested that the superior performance of the non-alternating group over the alternating 

group gradually diminished, which finally resulted in a similar performance between the two 

groups in the delayed post-test. There were two possible explanations for this diminishing 

phenomenon: a) The effects of the tracing interventions were no longer effective after 24 

hours, so no difference in learning performance was observed in the delayed post-test 

between the two groups; b) The benefits of alternating tracing may take longer to manifest, 

potentially explaining why participants in the alternating group performed worse at the 

beginning but caught up in the delayed post-test. However, considering that participants’ 

performance in the delayed post-test became better instead of worse, the explanation that 

alternating fingers tracing’s effect may require more time to become apparent is arguably 

more reasonable. Though we cannot draw a definite conclusion, we can reasonably imagine 

participants in the alternating group may perform significantly better than those in the non-

alternating group in a much-delayed post-test (e.g. 48 hours or 72 hours later) from the trends 

visible so far.  
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Table 6  

Participants’ Accuracy Rates in Three Tests in Experiment 1 

Variable Total 

Non-

Alternating 

Alternating 

Practice Questions (/4)    

     Mean Score 2.80 3.04 2.58 

Accuracy Rate 70.00% 76.10% 64.50% 

Immediate Post-Test (/20)    

     Mean Score 12.35 12.87 11.88 

     Accuracy Rate 61.74% 64.34% 59.40% 

Delayed Post-Test (/20)    

     Mean Score 16.36 16.16 16.54 

     Accuracy Rate 81.79% 80.78% 82.70% 

 

6.3.2 How Did Tracing Conditions Affect Participants’ Intrinsic Motivation and Cognitive 

Load?  

Previous analysis described participants’ intrinsic motivation and cognitive load in 

different tracing conditions in detail. Participants in the non-alternating condition had 

relatively high levels of intrinsic motivation and germane processing, and they were similar 

to those in the alternating condition. Participants in both groups perceived relatively low 

levels of intrinsic cognitive load, and an interaction effect was found between participants’ 

calculation abilities and the condition on the intrinsic cognitive load. Participants whose pre-
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test total score was lower than 63.8 perceived significantly lower intrinsic cognitive load 

when they were allocated to a non-alternating condition compared to the alternating 

condition. Participants in the non-alternating condition perceived relatively low levels of 

extraneous cognitive load, and lower than those in the alternating condition. These findings 

thus partially support the research hypothesis for intrinsic load. Supplementary analyses 

revealed that participants with lower pre-test scores (i.e., lower calculation ability) in the 

alternating fingers tracing condition perceived significantly higher intrinsic cognitive load 

than those in the non-alternating finger tracing condition. Participants in the alternating 

condition were asked to switch their index fingers during the lesson, introducing higher 

variability. Thus, higher perceived intrinsic cognitive load was reasonable for the participants 

in this group. However, this difference between groups was diminished for participants with 

greater prior calculation ability, where participants with high calculation ability perceived 

similar levels of intrinsic cognitive load across the two conditions. This finding was 

consistent with the basic tenet of cognitive load theory that the intrinsic cognitive load a 

student experiences is in part a function of her prior knowledge (Sweller, 2010; Sweller et al., 

1998). 

However, participants in the alternating fingers tracing group also reported higher 

extraneous cognitive load, which was unexpected. The initial hypothesis posited that the 

extraneous load should be similar between the two conditions. We propose that some 

unintended design-related distractions caused these results. After comparing this study’s 

learning materials with the materials in Wang’s (2022) research, we suggest that a potential 

split attention effect (Chandler & Sweller, 1991) may exist in the current research because a 
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separate text box on the side of the page was used to guide participants’ tracing actions, 

instead of placing these instructions right below the learning steps in the middle of the page. 

The separate text box on the side was designed to help participants discriminate the 

calculation-related learning steps and the required learning actions (i.e., which hand should 

be used to trace), to reduce participants’ intrinsic cognitive load. However, additional 

information on the side may have required additional “search and match” eye movements 

(Sweller, 1989) by students in the alternating condition, resulting in higher extraneous 

cognitive load. As participants in the alternating tracing group were requested to trace the 

learning material in a more complex way, the instructions they gained from the separate text 

box were more complex. Thus, participants in this group may be affected by the split 

attention effect more deeply, resulting in a higher level of extraneous cognitive load.  

No difference in germane processing was detected. We hypothesised that participants 

in the alternating fingers tracing condition might report higher germane processing, because 

the alternating action would help them clearly distinguish the learning steps and facilitate 

information processing. However, the unexpected split attention caused by the separate box 

and its guidance on the alternating action may have turned this design into a burden.  

Unexpectedly higher extraneous cognitive load in the alternating condition suggested 

deficiencies in the current experimental material’s design, so a new experiment was then 

designed to reduce the potential impact of split attention and subsequent extraneous cognitive 

load. Experiment 2 was then conducted to further explore the effects of alternating finger 

tracing on learning processes and outcomes.   
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Chapter Seven: Experiment 2 

As the results of Experiment 1 suggested potential issues with the design of lesson 

materials, a new experiment was planned to further investigate the effect of alternating-

fingers tracing on learning and cognitive load. Based on previous inferences and direct 

feedback from some participants after the experiment, we revised some of the experimental 

materials. Specifically, the tracing practice page, the presentation of the tracing introduction, 

the difficulty arrangement in the worked examples, and the difficulty level of the immediate 

and delayed post-tests were adjusted. More detailed adjustments will be described in the 

following sections.  

7.1 Method 

7.1.1 Sample Size and Participants 

Power Analysis. To meet the power requirements of the current research, we kept the 

parameters of the power analysis as the first experiment. Again, the power analysis was 

carried out as a one-tailed test, with effect size d = 0.57, α = 0.05 and desired power = 0.9, 

which gave a result that at least 54 participants for each group and 108 participants in total 

were required.  

Participants. The second experiment was conducted in March 2024 at the Shanwei 

Campus of South China Normal University (SCNU), Guangdong, China. All participants 

were SCNU college students and teachers. A total of 112 participants attended the 

experiment. One participant dropped out halfway and did not attend the second day’s delayed 

post-test, and the remaining 111 participants completed the whole experiment. All 

participants were educated to at least the undergraduate level (including those who were 
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currently in undergraduate programs) and were able to read English in paragraphs. All 

participants were randomly assigned to the control condition (applying a non-alternating 

finger tracing strategy, N = 56) and the experimental condition (application of an alternating 

fingers tracing strategy, N = 56). The gender ratio of the participants was not balanced (89 

females, 22 males, 1 preferred not to say), but it was consistent with the distribution of the 

population where the data were collected. Participants’ ages ranged from 18 to 23 years old 

(M = 19.08, SD = 1.02). 

7.1.2 Materials and Procedures 

As in Experiment 1, recruited participants took part in the experiment individually in 

a quiet room with guidance from the PhD researcher (Xufei Zhang). Experiment 2 also 

contained a delayed post-test, which required participants to return on the next day to 

complete it. The paper-based experimental materials were further adjusted based on 

Experiment 1; the full set of experimental materials is given in Appendix C. The whole 

experiment needed about 30-40 minutes, with the first day lasting 25-30 minutes and the 

second day lasting 5-10 minutes. The first day’s experiment started with the consent phase, 

followed by the demographics phase, the pre-test phase, the learning phase, the self-report 

phase, and the immediate post-test phase. The second day’s experiment contained the delayed 

post-test phase and the debriefing phase.  

Participants in both conditions received identical instructions except for the learning 

phase, in which they were told to use different tracing strategies (according to their 

condition). To avoid ambiguity caused by translation, all the materials mentioned above were 

paper-based and presented in printed English (adapted from materials used in Wang et al., 
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2022). Though English was not the first language of the participants, English as a compulsory 

course in the national college entrance exam had been studied by all participants for at least 

10 years (from Grade 3 to Grade 12). With years of compulsory English courses, all 

participants were able to read English in paragraphs. Additional oral instruction between 

phases was given in the participants’ first language (Mandarin). Participants were also 

encouraged to ask in Mandarin if they had any doubts about the experiment. The whole 

experiment was videotaped after gaining participants’ consent. Recorded participants’ tracing 

actions were counted as a check on treatment fidelity (Mowbray et al., 2003), in line with 

previous CLT research (Eielts et al., 2020; Galbraith & Ginns, 2023). 

Consent Phase. As in Experiment 1, participants were notified of the basic 

information about the experiment and signed a consent form. To avoid the subject-expectancy 

effect (Rosenthal & Fode, 1963), the current research hid the real purpose of the experiment 

from participants. Participants were not informed that the experiment was designed to 

research the tracing strategy. Instead, they were told that this experiment was used to research 

a new method of two-digit multiplication. 

To randomly assign participants to experimental conditions, participants with odd-

numbered positions in the experiment sequence were asked to throw a die to determine their 

condition assignment. If the result of the die roll was an odd number, the participant was 

assigned to the non-alternating group; if the result of the die roll was an even number, the 

participant was assigned to the alternating group. Participants with even-numbered positions 

in the experiment sequence did not need to throw a die, and they were automatically assigned 

to the opposite condition of the preceding participant. 
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The video camera was aimed at the desktop portion and only captured participants’ 

hand movements. Video recording commenced after the participant signed the consent form. 

Demographics Phase. The experiment officially started with participants answering a 

survey about their basic demographic information. Their gender and age were collected by 

choice and fill-in-the-blank questions. A handedness survey (Nicholls et al., 2013) with ten 

questions, as in Experiment 1, was followed.  

Pre-Test Phase. The pre-test phase was designed to know participants’ prior 

knowledge. The calculation fluency test (Sowinski et al., 2014) as used in Experiment 1 was 

completed in this phase. 

Learning Phase. The learning material was very similar to that used in Experiment 1, 

with the following adjustments. The tracing practice page was more detailed compared to the 

tracing practice page used in Experiment 1 (see Figure 9 and Figure 10). In both experiments, 

the tracing practice pages were aimed at giving participants a sense of what finger tracing is 

and how they should trace the key ellipses with the requested index finger. In Experiment 1, 

the tracing practice page only showed the tracing guidance sentence and two different kinds 

of ellipses, one vertical and one diagonal. However, in Experiment 2, the tracing practice 

page demonstrated a complete problem-solving process for a three-digit number addition, 

identical in format to the worked examples in the formal learning phase. The only difference 

was that the learning task was a two-digit number multiplication in the formal worked 

examples. In Experiment 1, participants in both conditions were presented with the same 

tracing page, on which the first instruction to practise tracing asked participants to use the 

writing hand’s index finger, and the second instruction to practise tracing asked participants 
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to use the non-writing hand’s index finger. However, in Experiment 2, participants received 

the tracing practice page according to their assigned condition. Participants in the non-

alternating condition received a tracing practice page that only requested them to use the 

writing hand’s index finger to trace, while participants in the alternating condition received a 

tracing practice page that requested them to first use the writing hand’s index finger to trace 

the first step and then use the non-writing hand’s index finger to trace the next step. A more 

detailed and identical practice page was expected to help participants better understand their 

learning tasks before entering formal learning, thereby avoiding their confusion about the 

learning or tracing guidance after the formal learning phase had started.  

When participants practised the tracing, they were told that they could ask any 

questions about the learning requirements based on the practice page, which closely 

resembled formal learning. They were also informed that, since the formal learning phase 

would be timed, they would not be able to ask the researcher any questions during this phase. 

The researcher double-checked with the participants if they totally understood the learning 

requirements and the words involved in the learning steps before they proceeded to formal 

learning.  
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Figure 9 

Tracing Practice Page Used in Experiment 1 
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Figure 10 

Tracing Practice Page Used in Experiment 2 
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As in Experiment 1, the eight pages of instruction included four worked examples and 

four practice questions. All the worked examples were about the same kind of method, but 

the worked examples got progressively more difficult. The worked examples were adapted 

from Wang et al. (2022) and Experiment 1; materials used in the present experiment further 

adjusted some specific numbers in the worked examples to keep them at the appropriate 

difficulty level. The first worked example did not contain any carry-on calculation during the 

solving process (see Figure 11), the second worked example contained one carry-on 

calculation during the solving process (see Figure 12), and the third and fourth worked 

examples contained two carry-on calculations in the process (see Figure 13). The fourth 

worked example was more complicated than the third one because its carry-on calculation in 

step 2 required additional calculation to determine the specific carry-on digit (see Figure 14). 

Based on the difficulty and complexity of the four worked examples, the current research 

defined these four types of two-digit number multiplication as level one, level two, level 

three, and level four.  

As the figures showed, for each worked example, the two-digit multiplication 

problem was solved in three steps and instructions were provided at each step. The 

instruction included a short sentence explaining the step’s calculating process, colour-coded 

horizontal and vertical formulas with key numbers in them, and colour-coded ellipses 

displaying the key numbers in the vertical formula. The correct answer to the whole worked 

example was shown at the end of the three steps.  
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Figure 11 

A Worked Example Without any Carry-on Calculation in Experiment 2 
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Figure 12 

A Worked Example With One Carry-on Calculation in Experiment 2 
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Figure 13 

A Worked Example With Two Carry-on Calculations (Simple) in Experiment 2 
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Figure 14 

A Worked Example With Two Carry-on Calculations (Complicated) in Experiment 2 
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Another design detail different to Experiment 1 was the presentation of tracing 

guidance. In Experiment 1, they were presented in a separate text box that was located on the 

left side of the page, while in Experiment 2, they were presented within the learning steps that 

were located in the middle of the page. This adjustment was made because of the potential 

split attention effect noted in Experiment 1. Figure 15 and Figure 16 show the presenting 

difference between Experiment 1 and Experiment 2. In each step in Experiment 2, there was a 

separate text box outlined in red colour that asked participants to trace the key ellipses with 

the requested index finger.  

 

Figure 15 

Examples of Steps and Tracing Guidance in Experiment 1 

 

Figure 16 

Examples of Steps and Tracing Guidance in Experiment 2 
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The learning materials were identical for both two conditions except for the separate 

text box, in which participants were asked to use their writing hand’s index finger or the non-

writing hand’s index finger (according to the conditions) to trace the learning material. 

Participants in the non-alternating tracing condition were asked to use their writing hand’s 

index finger to trace the learning material all the time, while participants in the alternating 

tracing condition were asked to switch their writing hand and non-writing hand’s index finger 

to trace the given step.  

At the beginning of this phase, participants received a two-page instruction telling 

them how to learn and trace the learning materials in this phase. The researcher also gave oral 

instructions to help participants understand the procedure and the requirements in this phase. 

Participants could take their time to read the instructions until they fully understood the 

experiment’s requirements, and they were encouraged to ask questions for clarification if 

needed. They were then asked to trace the ellipses on the tracing practice page with guidance 

from the researcher. Participants then started to learn the two-digit number multiplication 

method by studying the four worked examples one by one and answering the practice 

questions that followed each worked example. Participants had two minutes to study each 

worked example and 30 seconds to answer the following practice question of the 

corresponding difficulty. The researcher told participants whether their answer was correct or 

incorrect immediately after participants wrote down the answer. If the answer was wrong, 

then the participant continued to try until 30 seconds ran out. The sequence was to learn one 

worked example for two minutes, then answer one practice question, and learn the next 

worked example for another two minutes, then answer another practice question. During the 
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two-minute study period, participants in both conditions traced the ellipses in the worked 

example steps with the specified index finger as the separate text box indicated. The tracing 

instructions in the two conditions were different, specifying the non-alternating index finger 

(writing hand’s index finger) for the non-alternating tracing condition and using alternating 

index fingers (switch writing and non-writing hands’ index fingers) for the alternating tracing 

condition. During participants’ learning time, the researcher sat to one side and watched 

participants’ learning behaviour, reminding them when necessary to focus on learning and use 

the correct index finger to trace.  

Self-report Phase. After the learning phase, participants completed a twenty-item survey on 

their motivation and different types of cognitive load. Participants needed to rate each 

statement from 0 (not at all applicable) to 8 (fully applicable), according to their experience 

in the learning phase. The intrinsic motivation scale was developed by McAuley et al. (1989), 

including five different items (e.g., “I enjoyed doing this activity very much”). The cognitive 

load scale (15 items) was developed by Krieglstein et al. (2023), including five items on 

intrinsic cognitive load (e.g., “The learning content was difficult to understand”), five items 

on extraneous cognitive load (e.g., “ The design of the learning material made it difficult to 

find relevant information quickly”), and five items on germane processing (e.g., “ I actively 

reflected upon the learning content”). When some participants asked the precise meaning or the 

referred-to item of some words and phrases in the statement, the researcher read a pre-

prepared standardised translation of the statement in response to such questions from the 

participants.   

Compared to Experiment 1, the specific words and sentences of 20 items did not 
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change, but the translation of the statements was more precise and targeted. For example, the 

statement of item 10 (ICL_5) was “Without prior knowledge, the information was not 

understandable.” In Experiment 1, the translation of this statement was a direct, literal, word-

for-word translation. When some participants asked questions like “what did prior knowledge 

refer to?” and “whether the reading ability to understand the worked example was considered 

as prior knowledge or not?”, the researcher just told participants to follow their own 

understanding. However, in Experiment 2, the researcher gave them a certain answer that 

“the prior knowledge referred to math-related knowledge”.  

Immediate Post-Test Phase. Participants needed to answer 20 two-digit 

multiplication questions in this phase. For each question, they had 20 seconds to answer. 

They needed to write down the final answer within the time limit. The researcher did not tell 

the participants if their answers were correct or not. Participants who finished answering one 

question just moved to the next one, and the researcher started rerecording the time of the 

next question. The accuracy of participants’ answers and the time they spent solving the 

questions were recorded to reflect their learning performance. Writing an answer that 

exceeded 20 seconds was recorded as “out of time”, and even if the answer was correct, this 

question was seen as an unsuccessful answer, which was equal to wrong.  

Questions in the post-test phase were a little more difficult than the practice ones in 

the learning phase, with larger numbers and higher difficulty levels. Practice questions were 

evenly distributed across the four difficulty levels, with one question for each level as 

previously described. However, since level 1 was too simple, it was not included in the post-

test. Thus, 20 immediate post-test questions were relatively evenly distributed across the 



167 

 

remaining levels, with six level 2 questions, nine level 3 questions, and five level 4 questions.  

Compared to Experiment 1, which initially only distinguished two levels (worked 

examples 1-3 with one carry-on calculation and worked example 4 with two carry-on 

calculations), the current Experiment 2 had more refined difficulty grading, smoother 

learning progression, and more balanced test question distribution. 

Delayed Post-Test Phase. The delayed post-test phase was applied one day 

(approximately 24 hours) after the initial experiment. Participants needed to answer 20 two-

digit multiplication questions again in the delayed post-test phase. The questions used in the 

delayed post-test were exactly the same as those presented in the immediate post-test.  

Debriefing phase. The researcher debriefed the whole experiment to the participants in this 

phase, clarifying the true purpose of the experiment. Participants were encouraged to express 

their feelings and thoughts about the experiment and its theoretical assumptions. Some 

participants asked about their accuracy in the test, and some were interested in the research 

design. The researcher responded to the participants' questions as much as possible without 

posing privacy concerns. 

7.1.3 Data Processing and Model Check  

One hundred and twelve participants joined the experiment, and 111 of them 

completed the experiment in its entirety. These data constituted the full dataset. As 

participants’ learning processes were fully videotaped, the video recordings can be used to 

check participants’ compliance with instructions. The fully compliant participants constituted 

the compliant dataset.  

To check participants’ compliance, the coding scheme used in Experiment 1 was used 
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to quantify participants’ effective tracing activities (see Appendix B). Their tracing actions on 

the required learning materials were recorded as valid counts. One hundred participants were 

retained after the compliance check, and 12 participants were excluded. Nine participants 

were removed due to insufficient tracing times (participant number 1, 2, 6, 8, 20, 22, 40, 90, 

100), and 3 participants were removed because of incorrect tracing action (participant number 

52, 70, 72).   

The following data analysis was mostly based on the compliant dataset (100 

participants’ results). The participant who did not come for the delayed post-test was still in 

this compliant dataset and was included in most analyses, except those analyses based on 

delayed post-test data.  

The following data analysis was based on the compliant dataset (100 participants’ 

results). The majority of statistical analyses were conducted via jamovi (2.6.26) (The jamovi 

project, 2024). Detailed data processing procedures were separately presented for each 

variable. 

Handedness Score (Hand Preference and Coordination). As in Experiment 1, 

participants’ hand preference was collected via the handedness survey (Nicholls et al., 2013). 

All participants needed to report their propensity to use one or both hands. As all participants 

chose “the right hand” on the first item (With which hand do you write?) and the tenth item 

(Which hand do you use to draw?), there was no variance on these items. Both Cronbach's 

alpha (Cronbach, 1951) and McDonald's omega (McDonald, 1999) demonstrated that the 

remaining eight items from the handedness survey had low levels of reliability (Cronbach's α 

= .23; McDonald's ω = .35). Results for this control variable should therefore be viewed with 
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considerable caution.   

Pre-Test Score (Prior Calculation Ability). As in Experiment 1, participants’ prior 

abilities were evaluated via their performance in the calculation fluency test. Participants 

finished a three-page calculation test on addition, subtraction, and multiplication (one test per 

page). Every correctly answered question on these pages was counted as one point, producing 

three separate scores for addition, subtraction, and multiplication fluency.  

Table 7 presents participants' performance in the calculation fluency test. On average, 

participants gained a higher score on addition than subtraction, and both of these scores were 

higher than multiplication. The pre-test scores of participants in Experiment 2 were 

somewhat lower than those in Experiment 1, but were still consistent with Sowinski et al.’s 

(2014) results. Both Cronbach's alpha (Cronbach, 1951) and McDonald's omega (McDonald, 

1999) demonstrated that the pre-test scores had suitable levels of reliability (Cronbach's α 

= .85; McDonald's ω = .92).  

As in Experiment 1, though the following learning task in this experiment only 

involved addition and multiplication in the calculation process, Experiment 2 included 

subtraction scores together to make the total scores more widely distributed, reflecting 

participants’ calculation ability at a more general level. Scoring the test as the total number of 

correctly solved items across the three pages was also suggested by the test developer 

(Sowinski et al., 2014). Thus, three separate scores were added together to generate an overall 

score to represent their general calculation ability in the following analysis.  
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Table 7  

Participants’ Performance in the Calculation Fluency Test in Experiment 2 

Test Type n M SD 

Addition (/60) 100 20.02 5.12 

Subtraction (/60) 100 15.13 4.67 

Multiplication (/60) 100 14.90 3.85 

Total (/180) 100 50.05 11.68 

 

In this experiment, participants’ prior abilities met the assumption of being normally 

distributed, based on the Shapiro-Wilk (1965) test. This test was considered the most 

appropriate method for small sample sizes (<50) and was equally effective compared to other 

methods for medium-sized samples (50≤ n <300) (Mishra et al., 2019). As this experiment 

had 100 participants in total and 50 participants in each group, the Shapiro-Wilk test was 

considered a suitable choice for the normality test. The overall distribution (Shapiro-Wilk W 

= .98, p = .116) as well as the distribution of each condition satisfied the normal distribution. 

As Figure 17 shows, the non-alternating tracing group (Shapiro-Wilk W = .97, p = .148) had a 

similar distribution to the alternating tracing group (Shapiro-Wilk W = .98, p = .358). 
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Figure 17 

The Distribution of Participants’ Total Scores in the Pretest in Experiment 2 

 

 

Practice Phase Learning Performance. As in Experiment 1, participants’ learning 

performance in the learning phase was evaluated via two indicators: the number of practice 

questions they answered correctly and the time they used to answer the questions. The former 

was defined as the practice score, and the latter was defined as the practice test time to 

solution. The practice score was an integer that ranged from 0 to 4. The practice time to 

solution was obtained by adding up the time participants used to correctly answer each 

practice question. If the final answer was wrong or participants couldn’t give an answer 

within the time limit (30 seconds), the time of 30 seconds was recorded. Practice time to 

solution therefore ranged from 0 to 120 seconds.  

Post-Lesson Self-Report. Participants’ self-reports reflected four variables: intrinsic 

motivation, intrinsic cognitive load, extraneous cognitive load, and germane processing, each 
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evaluated by five separate statements. The score ranged from 0 to 8, reflecting participants’ 

agreement with the statement. 

To check the validity of the current survey results, a confirmatory factor analysis 

(CFA) was conducted using jamovi (Rosseel et al., 2024). Although CFA results are generally 

considered to be reliable only with a large sample size (n > 300) (Comrey & Lee, 1992), Wolf 

et al. (2013) proposed the possibility that a CFA model with high factor loadings might be 

applicable to a sample size lower than 100. Thus, we continued to conduct the CFA model 

with the current dataset. To check the assumption of multivariate normality, the 

squared Mahalanobis distances were calculated for the data and plotted against the quantiles 

of a Chi-square distribution (DeCarlo, 1997). As Figure 18 presents, the assumption of 

multivariate normality was largely met. Multicollinearity was assessed via the squared 

multiple correlations and the determinant of the correlation matrix; the item “Motivation3” 

was found to have an R2 > .90, which indicated the high multicollinearity of this item (Kline, 

2015). The Comparative Fit Index (Bentler, 1990), Tucker-Lewis Index (Tucker & Lewis, 

1973) and Root Mean Square Error of Approximation (Hu & Bentler, 1999) all showed the 

model fitted the data well (CFI = .94, TLI = .93, RMSEA = .08).  

Compared to Experiment 1, the model fitted better. Further checking the factor 

loadings (See Table 8), the factor loadings of indicators “ICL_5” and “GCL_2” were too low 

(＜0.40) to be included in the model (Cabrera-Nguyen, 2010; Matsunaga, 2010). The model 

was rerun without these indicators, and the results showed a better model fit (CFI = .95, TLI 

= .94, RMSEA = .08). These indicators were excluded from all the following analyses. 
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Figure 18 

Mahalanobis Distance Scatterplot Testing Multivariate Normality in Experiment 2 

 

 

Compared to Experiment 1, the indicators “ICL_5” and “GCL_2” loaded on the main 

factors to a statistically significant level, but they were still excluded from the model because 

of their low factor loading. Since the statements of the questionnaire did not change, the 

improvement in the indicator relation was believed to be a result of more precise translation 

and explanation to the participants.  
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Table 8  

Original Factor Loadings in Experiment 2 

Factor Indicator Estimate SE Z p 
Stand. 

Estimate 

Intrinsic 

Motivation 

Motivation1 1.53 0.13 12.00 < .001 0.92 

Motivation2 1.73 0.14 12.59 < .001 0.94 

Motivation3 1.88 0.14 13.01 < .001 0.96 

Motivation4 1.66 0.15 11.18 < .001 0.88 

Motivation5 1.21 0.20 6.17 < .001 0.57 

Intrinsic 

Cognitive 

Load 

ICL_1 1.62 0.16 10.38 < .001 0.85 

ICL_2 1.50 0.14 10.59 < .001 0.86 

ICL_3 1.79 0.14 12.53 < .001 0.94 

ICL_4 1.79 0.15 11.90 < .001 0.92 

ICL_5 0.90 0.23 3.93 < .001 0.39 

Extraneous 

Cognitive 

Load 

ECL_1 1.54 0.15 10.17 < .001 0.84 

ECL_2 1.79 0.17 10.68 < .001 0.87 

ECL_3 1.73 0.18 9.72 < .001 0.82 

ECL_4 1.51 0.20 7.69 < .001 0.69 

ECL_5 1.09 0.20 5.41 < .001 0.52 

Germane 

Processing 

GCL_1 1.49 0.17 9.02 < .001 0.79 

GCL_2 0.68 0.23 2.94 .003 0.31 

GCL_3 1.40 0.18 8.00 < .001 0.72 

GCL_4 1.56 0.17 9.15 < .001 0.80 

GCL_5 1.49 0.16 9.23 < .001 0.80 
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Reliability tests were conducted (Revelle, 2024) to check participants’ answers' 

consistency and dependability. Both Cronbach's alpha (Cronbach, 1951) and McDonald's 

omega (McDonald, 1999) demonstrated that four separate factors had suitable levels of 

reliability (see Table 9). Compared to Experiment 1, all factors had the same or better 

reliability in Experiment 2.  

Participants’ motivation and cognitive load were evaluated via the aforementioned 4 

factors and 18 items. The average score of each factor was used for the following analyses. 

All scores ranged from 0 to 8, and higher scores indicate higher motivation or cognitive load.  

The Shapiro-Wilk (1965) test was applied to check the normality of participants’ 

average intrinsic motivation, intrinsic cognitive load, extraneous cognitive load, and germane 

processing score.  

 

Table 9  

Reliability Scores in Experiment 2 

Variable Cronbach's α McDonald's ω 

Intrinsic Motivation (5 items) .93 .94 

Intrinsic Cognitive Load (4 items) .94 .94 

Extraneous Cognitive Load (5 items) .86 .87 

Germane Processing (4 items) .86 .86 
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Participants’ average intrinsic motivation self-reports (Shapiro-Wilk W = .95, p 

< .001) were not normally distributed. As a parameter with a theoretical value ranging from 0 

to 8, the quartiles of the intrinsic motivation distribution showed a pronounced left skew: the 

25th percentile is 4.2, while the median is as high as 6.0. To assess the likelihood of ceiling or 

floor effects, frequency tables for items constituting each of the scales were inspected. For 

intrinsic motivation, participant responses of 8, the highest possible response, constituted 

17.0%, 26.0%, 21.0%, 13.0%, and 10.0%, for items 1-5 respectively. Based on McHorney 

and Tarlov’s (1995) guidance that ceiling or floor effects are likely to be an issue when more 

than 15% of respondents respond with either the highest or lowest possible score, a ceiling 

effect was evident for intrinsic motivation.  

Participants’ average intrinsic cognitive load self-reports (Shapiro-Wilk W = .89, p 

< .001) also were not normally distributed. As a parameter with a theoretical value ranging 

from 0 to 8, the quartiles of the intrinsic cognitive load distribution showed a pronounced 

right skew: the median is 1.3 while the 75th percentile is 3.0. To assess the likelihood of 

ceiling or floor effects, frequency tables for items constituting each of the scales were 

inspected. For intrinsic cognitive load, participant responses of 0, the lowest possible 

response, constituted 25.0%, 26.0%, 22.0%, and 29.0%, for items 1-4 respectively; thus, a 

floor effect was evident for self-reports of intrinsic cognitive load (McHorney & Tarlov, 

1995).  

Participants’ average extraneous cognitive load self-reports (Shapiro-Wilk W = .96, p 

= .008) also were not normally distributed. As a parameter with a theoretical value ranging 

from 0 to 8, the quartiles of the extraneous cognitive load distribution showed a pronounced 
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right skew: the median is 2.4 while the 75th percentile is 3.6. To assess the likelihood of 

ceiling or floor effects, frequency tables for items constituting each of the scales were 

inspected. For extraneous cognitive load, participant responses of 0, the lowest possible 

response, constituted 12.0%, 17.0%, 23.0%, 16.0% and 17.0%, for items 1-5 respectively; 

thus, a floor effect was evident for self-reports of extraneous cognitive load (McHorney & 

Tarlov, 1995).  

Participants’ average germane processing self-report (Shapiro-Wilk W = .92, p < .001) 

also was not normally distributed. As a parameter with a theoretical value ranging from 0 to 

8, the quartiles of the motivation distribution showed a pronounced left skew: the 25th 

percentile is 4.8 while the median is as high as 6. To assess the likelihood of ceiling or floor 

effects, frequency tables for items constituting each of the scales were inspected. For germane 

processing, participant responses of 8, the highest possible response, constituted 15.0%, 

16.0%, 24.0%, and 17.0%, for items 1 and 3-5 respectively; thus, a ceiling effect was evident 

for self-reports of germane processing (McHorney & Tarlov, 1995). 

Immediate Post-test Phase Learning Performance. Participant’s learning 

performance in the immediate post-test phase was evaluated via two indicators: the number 

of test questions they answered correctly, and the time they used to answer the questions. The 

former was defined as the immediate post-test score, and the latter was defined as the 

immediate post-test time. The immediate post-test score was an integer that ranged from 0 to 

20. The immediate post-test time was obtained by adding the time participants used to 

correctly answer each test question. If a participant could not give a correct answer within the 

time limit (20 seconds), then the maximum time of 20 seconds was recorded. The immediate 
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post-test time to solution thus ranged from 0 to 400 seconds.  

Delayed Post-test Phase Learning Performance. Participants’ learning performance 

in the delayed post-test phase was evaluated via the same indicators as used in the Immediate 

Post-test. Thus, the delayed post-test score was an integer that ranged from 0 to 20. As for the 

Immediate Post-test to solution, the Delayed Post-test time to solution was obtained by 

adding the time participants used to correctly answer each test question. If a participant could 

not give a correct answer within the time limit (20 seconds), then the maximum time of 20 

seconds was recorded. The delayed Post-test time to solution thus ranged from 0 to 400 

seconds. 

7.1.4 Statistical Analysis 

The procedure and method to test the hypothesis in Experiment 2 were the same as 

those in Experiment 1. Group equivalence was first checked between the two conditions. 

ANCOVA and independent-samples t-test were used to check the group difference on 

learning performance, self-reported intrinsic motivation and cognitive load. Tests of statistical 

significance controlled the Type 1 error rate at 0.05. 

7.2 Results 

7.2.1 Can We Consider Two Groups of Participants as Equivalent? 

In this experiment, participants were randomly assigned to conditions, with the 

expectation that the participants in two conditions would be equivalent in terms of prior 

ability. 

An independent samples t-test was conducted to compare participants’ prior 

calculation abilities. The assumption of homogeneity of variance was satisfied, F(1, 98) = 
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1.16, p = .284. Both the non-alternating group (Shapiro-Wilk W = 0.97, p = .148) and the 

alternating group (Shapiro-Wilk W = 0.98, p = .358) met the assumption of normality. As 

expected, participants under the two conditions showed no difference in pre-test scores, t(98) 

= 0.47, p = .640, d = 0.11, 95% CI [-0.30, 0.49], with similar performance in the non-

alternating condition (M = 50.60, SD = 12.48) and the alternating condition (M = 49.50, SD = 

10.93). Thus, participants’ prior calculation ability was considered equivalent in the two 

conditions.  

An independent samples t-test was conducted to compare participants’ handedness 

preference. The assumption of homogeneity of variance was satisfied, F(1, 98) = 

1.86, p = .175. Though neither the non-alternating group (Shapiro-Wilk W = 0.74, p < .001) 

nor the alternating group (Shapiro-Wilk W = 0.74, p < .001) met the assumption of normality, 

the t-test was still considered to be valid with a larger sample size (n > 30) (Box, 1953; 

Lumley et al., 2002). Participants’ handedness scores were similar across the non-alternating 

(M = 0.90, SD = 0.14) and alternating condition (M = 0.88, SD = 0.16), t (98) = 0.80, p 

= .429, d = 0.16, 95% CI [-0.23, 0.55].  

Fisher's exact test (Upton, 1992) was used to analyse participants’ gender distribution 

across conditions because of its suitability for small sample sizes, instead of the Pearson chi-

square test (Pearson, 1900), which required every cell’s frequencies to be bigger than five 

(Kim, 2016). In the current study, there was an option of “prefer not to say” that was selected 

by only one participant, which did not meet the basic requirements of the chi-squared test. 

Fisher’s exact test indicated that the non-alternating condition and the alternating condition 

were also equivalent in terms of the distribution of gender, p = .518.  
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7.2.2 Learning Performance 

Did Participants’ Prior Abilities Affect Their Learning Performance? Though 

participants’ prior calculation ability knowledge can be considered equivalent from the group 

level, the results of Experiment 1 suggested the possible influence of participants’ prior 

calculation ability on learning from the individual level. To control for this potential 

influence, we need to confirm again whether individuals’ calculation abilities were correlated 

with their learning performance. A correlational analysis was used to investigate the potential 

relationship between them. As Table 10 shows, participants’ pre-test scores were significantly 

correlated with all three types of learning performance. Thus, the pre-test scores were 

considered as a covariate to control for the influence of preexisting differences between 

individuals in the following analysis.  
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Table 10 

Correlation Between Prior Ability and Learning Performance in Experiment 2 

Variable n M SD 1 2 3 4 5 6 7 

1. Pre-test Score (/180) 100 50.05 11.68 —       

2. Practice Score (/4) 100 2.90 1.07 .30** —      

3. Practice Time to Solution (/120) 100 91.29 16.97 -.40*** -.78*** —     

4. Immediate Post-Test Score (/20) 100 11.84 4.63 .28** .36*** -.48*** —    

5. Immediate Post-Test Time to Solution (/400) 100 347.19 32.67 -.45*** -.40*** .56*** -.82*** —   

6. Delayed Post-Test Score (/20) 99 16.23 4.09 .24* .35*** -.41*** .68*** -.50*** —  

7. Delayed Post-Test Time to Solution (/400) 99 301.54 39.96 -.42*** -.32** .51*** -.69*** .78*** -.76*** — 

Note. * p < .05, ** p < .01, *** p < .001
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How Did Participants Perform in the Practice Phase? Since participants’ prior 

abilities were found to correlate with their learning performance in the practice phase, the 

ANCOVA test (Fox et al., 2024) was used to compare participants' learning performance in 

the practice phase across the two conditions. Statistical analyses controlled the Type 1 error 

rate at 0.05. Two indicators, practice score and practice time, were separately analysed with 

the same data processing procedure.  

For the practice score, homogeneity of variances was found via the Levene (1960) 

test, F(1, 98) = 0.25, p = .618, meeting the assumption of homoscedasticity. However, the 

normality of residuals was not found via the Lilliefors (1967) test (D = 0.11, p = .003). 

Though the normality assumption was not satisfied, the ANCOVA analysis was still applied, 

referring to Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness 

when either the assumption of normality or the assumption of homoscedasticity was violated 

in isolation. The interaction effect between condition and prior abilities was not statistically 

significant, F(1, 96) = 2.54, p = .114, η²p = .03; thus, ANCOVA’s assumption of homogeneity 

of regression slopes was met. As expected, the main effect of prior calculation ability was 

statistically significant, F(1, 97) = 9.73, p = .002, η²p = .09; participants with higher pre-test 

scores also gained higher practice scores. The main effect of the condition was not 

statistically significant, F(1, 97) = 0.06, p = .810, η²p = .00; participants in the non-alternating 

condition (estimated marginal M = 2.93, SE = .15) solved similar problems correctly at a 

similar rate to those in the alternating condition (estimated marginal M = 2.88, SE = .15).  

Since the mean practice scores were high in both conditions, potential ceiling effects 

may exist in the practice scores. To assess the likelihood of ceiling or floor effects, frequency 
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tables for items constituting each of the scales were inspected. For the practice score, 

participant score of 4, the highest possible score, constituted 42.0% and 28.0% for non-

alternating and alternating conditions respectively. Based on McHorney and Tarlov’s (1995) 

guidance that ceiling or floor effects are likely to be an issue when more than 15% of 

respondents respond with either the highest or lowest possible score, a ceiling effect was 

evident for the practice score. Meier and Feeley’s (2022) criterion, based on the standard 

deviation, also suggested the presence of a ceiling effect as the sum of the mean plus 1-2 SD 

equalled or exceeded the maximum test score. For the practice score, the sum of the mean 

plus 1 SD was 3.97, and the sum of the mean plus 2 SD was 5.04, further confirming the 

existence of the ceiling effect.  

Considering the ceiling effect was detected on the delayed post-test score, we used 

Liu and Wang’s (2021) t-test correcting for ceiling effects and floor effects to check the result 

against this potential assumption violation. Under this analysis, t(98) = 0.43, p = .673, d = 

0.11, 95% CI [-0.50, 0.76], indicating that there was indeed no significant difference in 

participants’ delayed post-test scores between the non-alternating finger tracing group 

(corrected M = 3.07, SD = 1.23) and the alternating fingers tracing group (corrected M = 2.94, 

SD = 1.10). 

For practice time to solution, homogeneity of variances was found via Levene’s 

(1960) test, F (1, 98) = 2.50, p = .117, and normality of residuals was found via the Lilliefors 

(1967) test (D = 0.06, p = .438). The interaction effect between the condition and the prior 

abilities was not statistically significant, F(1, 96) = 0.16, p = .692, η²p = .00, showing that the 

assumption of homogeneity of regression slopes was met. The main effect of prior calculation 
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ability was statistically significant, F(1, 97) =18.26, p < .001, η²p = .16; participants with 

higher pre-test scores spent less time finishing practice questions. The main effect of 

condition was not statistically significant, F(1, 97) = 0.149, p = .700, η²p = .00; participants in 

the non-alternating condition (estimated marginal M = 90.68, SE = 2.22) spent similar time 

solving problems to those in the alternating condition (estimated marginal M = 91.90, SE = 

2.22).  

Contrary to Hypothesis H1, both indicators showed that participants in the non-

alternating condition performed approximately the same as those in the alternating condition 

on the practice questions.  

How Did Participants Perform in the Immediate Post-Test Phase? The ANCOVA 

test (Fox et al., 2024) was used to compare participants’ learning performance in the 

immediate post-test in the two conditions. Analyses controlled the Type 1 error rate at 

0.05. Two indicators, immediate post-test score and immediate post-test time to 

solution, were separately analysed with the same data processing procedure.   

For the immediate post-test score, homogeneity of variances was found via the 

Levene (1960) test, F(1, 98) = 0.90, p = .344, meeting the assumption of homoscedasticity. 

However, the normality of residuals was not found via the Lilliefors (1967) test (D = 

0.14, p < .001). Though the normality assumption was not satisfied, the ANCOVA analysis 

was still applied, based on Olejnik and Algina’s (1984) findings that ANCOVA demonstrated 

robustness when either the assumption of normality or the assumption of homoscedasticity 

was violated in isolation. No interaction effect was found between the condition and the prior 

abilities on the immediate post-test scores, F(1, 96) = 1.69, p = .196, η²p = .02; thus, 
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ANCOVA’s assumption of homogeneity of regression slopes was met. The main effect of 

prior calculation ability was significant for immediate post-test scores, F(1, 97) = 7.75, p 

= .006, η²p = .07; participants with higher pre-test scores also gained higher immediate post-

test scores. The main effect of the condition was not significant for immediate post-test 

scores, F(1, 97) = 0.80, p = .374, η²p = .01; participants in the non-alternating condition 

(estimated marginal M = 12.24, SE = 0.63) gained similar scores to those in the alternating 

condition (estimated marginal M = 11.44, SE = 0.63).  

For immediate post-test time to solution, homogeneity of variances was found via the 

Levene (1960) test, F(1, 98) = 1.60, p = .209, meeting the assumption of homoscedasticity. 

The normality of residuals was found via the Lilliefors (1967) test (D = 0.05, p = .698). No 

interaction effect was found between the condition and the prior abilities on the immediate 

post-test time to solution, F(1, 96) = 0.56, p = .455, η²p = .01; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

significant for immediate post-test time to solution, F(1, 97) = 24.85, p < .001, η²p = .20, 

showing that participants with higher pre-test scores spent less time finishing immediate post-

test questions. The main effect of the condition on immediate post-test time to solution was 

also not significant, F(1, 97) = 0.01, p = .940, η²p = .00; participants in the non-alternating 

condition (estimated marginal M = 346.97, SE = 4.17) spent similar time solving problems to 

those in the alternating condition (estimated marginal M = 347.41, SE = 4.17). 

Contrary to Hypothesis H6, both indicators showed that participants in the non-

alternating condition performed similarly to those in the alternating condition on the 

immediate post-test questions.  
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How Did Participants Perform in the Delayed Post-Test Phase? Procedures to 

analyse participants’ learning performance in the delayed post-test phase were similar to 

those used for the immediate post-test.  

For the delayed post-test score, homogeneity of variances was found via the Levene 

(1960) test, F(1, 97) = 0.43, p = .512, meeting the assumption of homoscedasticity. However, 

the normality of residuals was not found via the Lilliefors (1967) test (D = 0.18, p < .001). 

Though the normality assumption was not satisfied, the ANCOVA analysis was still applied, 

based on Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness when 

either the assumption of normality or the assumption of homoscedasticity was violated in 

isolation. No interaction effect was found between the condition and the prior abilities on the 

delayed post-test scores, F(1, 95) = 0.96, p = .330, η²p = .01; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

significant for delayed post-test scores, F(1, 96) = 5.75, p = .018, η²p = .06; participants with 

higher pre-test scores also gained higher delayed post-test scores. The main effect of the 

condition was not significant for delayed post-test scores, F(1, 96) = 0.38, p = .539, η²p = .00; 

participants in the non-alternating condition gained similar scores (estimated marginal M = 

16.48, SE = 0.57) to those in the alternating condition (estimated marginal M = 15.98, SE = 

0.57).  

Since the mean delayed post-test scores were high in both conditions, potential ceiling 

effects may exist in the delayed post-test scores. To assess the likelihood of ceiling or floor 

effects, frequency tables for items constituting each of the scales were inspected. For the 

delayed post-test score, participant score of 20, the highest possible score, constituted 12.0% 
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and 10.2% for non-alternating and alternating conditions respectively. If the criteria were 

relaxed to the highest two scores, participant scores of 19 or 20 constituted 30.0% and 24.5% 

for the non-alternating and alternating conditions respectively. Based on McHorney and 

Tarlov’s (1995) guidance that ceiling or floor effects are likely to be an issue when more than 

15% of respondents respond with either the highest or lowest possible score, a ceiling effect 

was evident for the delayed post-test score. Meier and Feeley’s (2022) criterion, based on the 

standard deviation, also suggested the presence of a ceiling effect as the sum of the mean plus 

1-2 SD equalled or exceeded the maximum test score. For the delayed post-test score, the 

sum of the mean plus 1 SD was 20.32, further confirming the existence of the ceiling effect.  

Considering the ceiling effect was detected on the delayed post-test score, we used 

Liu and Wang’s (2021) t-test correcting for ceiling effects and floor effects to check the result 

against this potential assumption violation. Under this analysis, t(98) = 0.69, p = .492, d = 

0.15, 95% CI [-1.10, 2.24], indicating that there was indeed no significant difference in 

participants’ delayed post-test scores between the non-alternating finger tracing group 

(corrected M = 17.15, SD = 4.16) and the alternating fingers tracing group (corrected M = 

16.58, SD = 3.46). 

For the delayed post-test time to solution, homogeneity of variances was found via the 

Levene (1960) test, F(1, 97) = 2.23, p = .139, meeting the assumption of homoscedasticity. 

The normality of residuals was found via the Lilliefors (1967) test (D = 0.06, p = .412). No 

interaction effect was found between the condition and the prior abilities on the delayed post-

test time to solution, F(1, 95) = 0.20, p = .652, η²p = .00; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 



188 

 

significant for delayed post-test time to solution, F(1, 96) = 20.50, p < .001, η²p = .18, 

showing that participants with higher pre-test scores spent less time finishing delayed post-

test questions. The main effect of the condition on delayed post-test time to solution was also 

not significant, F(1, 96) = 0.02, p = .894, η²p = .00; the participants in the non-alternating 

condition spent similar time solving problems (estimated marginal M = 301.05, SE = 5.18) to 

those in the alternating condition (estimated marginal M = 302.03, SE = 5.24). 

Contrary to Hypothesis H7, both indicators showed that participants in the non-

alternating condition performed similarly to those in the alternating condition on the delayed 

post-test questions.  

How Did Participants’ Learning Performance Change Between the Immediate Post-Test 

and the Delayed Post-Test? To further analyse the change of participants’ mastery level 

between the immediate post-test and the delayed post-test, a repeated measures ANCOVA 

(Algina, 1982) was conducted. The pre-test score was used as a covariate because it was 

correlated with participants’ immediate post-test performance and delayed post-test 

performance. Test time was the within-subject factor in the analysis and the key factor this 

analysis focused on. Two indicators, the test score and the time to solution, were separately 

analysed with the same data processing procedure.  

For the test score, homogeneity of variances was found via the Levene (1960) test 

both in the immediate post-test, F(1, 97) = 0.76, p = .387, and the delayed post-test, F(1, 97) 

= 0.43, p = .512, meeting the assumption of homoscedasticity. However, the normality of 

residuals was not found via the Lilliefors (1967) test (D = 0.16, p < .001). Though the 

normality assumption was not satisfied, the ANCOVA analysis was still applied, based on 
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Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness when either the 

assumption of normality or the assumption of homoscedasticity was violated in isolation.  

The main effect for test time (immediate vs. delayed post-test) was significant, F(1, 

96) = 159.32, p < .001, η²p = .62, indicating there were significant differences between the 

immediate post-test score and delayed post-test score; participants gained higher test scores in 

the delayed post-test (estimated marginal M = 16.23, SE = 0.40) than in the immediate post-

test (estimated marginal M = 11.75, SE = 0.44). The main effect for the condition was not 

significant, F(1, 96) = 0.92, p = .339, η²p = .01, indicating participants in the non-alternating 

condition gained similar test scores (estimated marginal M = 14.36, SE = 0.54) to those in the 

alternating condition (estimated marginal M = 13.62, SE = 0.55). The main effect for pre-test 

score was significant, F(1, 96) = 8.54, p < .001, η²p = .08, indicating participants with higher 

prior calculation ability also gained higher test scores. The interaction effect between the test 

time and condition was not significant, F(1, 96) = 0.47, p = .495, η²p = .01, indicating that 

participants allocated to different conditions had similar trends of change on their test scores 

between the immediate and delayed post-tests. The interaction effect between the test time 

and pre-test scores was also not significant, F(1, 96) = 0.80, p = .375, η²p = .01, indicating 

that participants with different prior calculation ability have similar trends of change between 

the immediate and delayed post-tests.  

For the time to solution, homogeneity of variances was found via the Levene (1960) 

test both in the immediate post-test, F(1, 97) = 1.26, p = .265, and the delayed post-test, F(1, 

97) = 2.23, p = .139, meeting the assumption of homoscedasticity. The normality of residuals 

was also found via the Lilliefors (1967) test (D = 0.04, p = .459).  



190 

 

The main effect for the test time was significant, F(1, 96) = 331.76, p < .001, η²p 

= .78, indicating there were significant differences between the immediate post-test time to 

solution and delayed post-test time to solution; participants spent less time to completing the 

test questions in the delayed post-test (estimated marginal M = 301.54, SE = 3.68) than in the 

immediate post-test (estimated marginal M = 347.59, SE = 2.94). The main effect for the 

condition was not significant, F(1, 96) = 0.04, p = .851, η²p = .00, indicating participants in 

the non-alternating condition spent similar time completing the test questions (estimated 

marginal M = 323.99, SE = 4.34) than those in the alternating condition (estimated marginal 

M = 325.15, SE = 4.38). The main effect for pre-test score was significant, F(1, 92) = 26.20, p 

< .001, η²p = .21, indicating participants with higher prior calculation ability spent less time 

completing the test questions. The interaction effect between the test time and condition was 

not significant, F(1, 96) = 0.01, p = .944, η²p = .00, indicating that participants allocated to 

different conditions had similar trends of change on their time to solution between the 

immediate and delayed post-tests. The interaction effect between the test time and pre-test 

scores was also not significant, F(1, 96) = 0.50, p = .480, η²p = .01, indicating that 

participants with different prior calculation ability have similar trends of change in their time 

to solution between the immediate and delayed post-tests.  

7.2.3 Post-Lesson Self-Report 

Did Participants’ Prior Abilities Affect Their Motivation and Cognitive Load? As for 

learning performance results reported above, a correlational analysis was also conducted to 

determine prior ability’s relations with motivation and cognitive load. Table 11 presents 

detailed results of these analyses. Neither intrinsic motivation nor any kind of cognitive load 
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was found to be significantly correlated with pre-test scores. Thus, an independent t-test was 

applied to check the group difference of participants’ first-stage intrinsic motivation, intrinsic 

cognitive load, extraneous cognitive load, and germane processing. 

 

Table 11 

Correlation Between Prior Ability, Motivation, and Cognitive Load in Experiment 2 

Variable n M SD 1 2 3 4 5 

1. Pre-Test Score (/180) 100 50.23 11.63 —     

2. Intrinsic Motivation (/8) 100 5.58 1.68 .08 —    

3. Intrinsic Cognitive Load (/8) 100 1.88 1.73 -.12 -.50*** —   

4. Extraneous Cognitive Load 

(/8) 
100 2.56 1.66 -.07 -.49*** .78*** —  

5. Germane Processing (/8) 100 5.74 1.61 -.09 .63*** -.66*** -.65*** — 

Note. * p < .05, ** p < .01, *** p < .001 
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What is the Intrinsic Motivation Reported by Participants?  Since correlational 

analysis showed there was no clear correlation between participants’ prior knowledge and 

their intrinsic motivation, an independent-samples t-test was applied to analyse participants’ 

self-reported intrinsic motivation.  

The assumption of homogeneity of variance was satisfied, F(1, 98) = 0.03, p = .867. 

Though neither the non-alternating group (Shapiro-Wilk W = 0.94, p = .016) nor the 

alternating group (Shapiro-Wilk W = 0.93, p = .007) met the assumption of normality, the t-

test was still considered to be valid with a larger sample size (n > 30) (Box, 1953; Lumley et 

al., 2002). The difference in self-reported intrinsic motivation ratings reported by the non-

alternating condition (M = 5.73, SD = 1.69) and the alternating condition (M = 5.43, SD = 

1.67) was not statistically significant, t(98) = 0.89, p = .374, d = 0.18, 95% CI [-0.22, 0.57].  

Considering the ceiling effect was detected on the average intrinsic motivation scores, 

we used Liu and Wang’s (2021) t-test correcting for ceiling effects and floor effects to check 

the result against this potential assumption violation. Under this analysis, t(98) = 1.02, p 

= .311, d = 0.21, 95% CI [-0.37, 1.14], indicating that there was indeed no significant 

difference in participants' self-reported intrinsic motivation between the non-alternating 

finger tracing group (corrected M = 5.85, SD = 1.88) and the alternating fingers tracing group 

(corrected M = 5.46, SD = 1.74). 

Overall, participants in both groups reported relatively high levels of intrinsic 

motivation. However, contrary to H2, there was no significant difference in their motivation 

during the lesson between groups. 

What is the Intrinsic Cognitive Load Reported by Participants? Since 
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correlational analysis showed there was no clear correlation between participants’ prior 

calculation knowledge and their intrinsic cognitive load, an independent-samples t-test was 

applied to investigate group differences in participants’ self-reported intrinsic cognitive load.  

The assumption of homogeneity of variance was satisfied, F(1, 98) = 1.13, p = .291. 

Though neither the non-alternating group (Shapiro-Wilk W = 0.86, p < .001) nor the 

alternating group (Shapiro-Wilk W = 0.91, p < .001) met the assumption of normality, the t-

test was still considered to be valid with a larger sample size (n > 30) (Box, 1953; Lumley et 

al., 2002). The difference in self-reported intrinsic cognitive load ratings reported by the non-

alternating condition (M = 1.64, SD = 1.61) and the alternating condition (M = 2.11, SD = 

1.83) was not statistically significant, t(98) = -1.36, p = .177, d = -0.27, 95% CI [-0.67, 0.12].  

Considering the floor effect was detected on the average intrinsic cognitive load 

scores, we used Liu and Wang’s (2021) t-test correcting for ceiling effects and floor effects to 

check the result against this potential assumption violation. Under this analysis, t(98) = -2.13, 

p = .040, d = -0.47, 95% CI [-0.98, -0.03], indicating participants in the alternating group 

(corrected M = 2.18, SD = 1.08) perceived higher intrinsic cognitive load than those in the 

non-alternating group (corrected M = 1.67, SD = 1.08). 

Overall, participants in both groups reported relatively low levels of intrinsic 

cognitive load, with a floor effect apparent in participants’ reports of intrinsic cognitive load. 

Aligning with H3, the average intrinsic cognitive load between the non-alternating tracing 

group and the alternating tracing group showed a significant difference after considering the 

floor effect, suggesting participants in the non-alternating finger tracing group perceived 

lower intrinsic cognitive load.  
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What is the Extraneous Cognitive Load Reported by Participants? Since 

correlational analysis showed there was no correlation between participants’ prior knowledge 

and their extraneous cognitive load, an independent-samples t-test was applied to investigate 

group differences in participants’ extraneous cognitive load. 

The assumption of normality was met in the alternating group (Shapiro-Wilk W = 

0.96, p = .113), but not in the non-alternating group (Shapiro-Wilk W = 0.95, p = .042). The 

assumption of homogeneity of variance was satisfied, F(1, 98) = 0.01, p = .912. Though one 

of the conditions did not meet the assumption of normality, the t-test was still considered to 

be valid with a larger sample size (n > 30) (Box, 1953; Lumley et al., 2002). The difference 

in self-reported extraneous cognitive load ratings reported by the alternating condition (M = 

1.45, SD = 1.35) and the non-alternating condition (M = 1.90, SD = 1.37) was statistically 

significant, t(98) = -2.05, p = .043, d = -0.41, 95% CI [-0.80, -0.01]. Given the apparent floor 

effect for this variate, Liu and Wang’s (2021) t-test correcting for ceiling effects and floor 

effects was used to check the result against this potential assumption violation. Under this 

analysis, t(98) = -4.20, p < .001, d = -0.86, 95% CI [-0.97, -0.34], indicating participants in 

the alternating group (corrected M = 2.95, SD = 0.73) perceived higher extraneous cognitive 

load than those in the non-alternating group (corrected M = 2.29, SD = 0.79). 

Overall, participants in both groups reported relatively low levels of extraneous 

cognitive load, with a floor effect apparent in participants’ reports of extraneous cognitive 

load. Contrary to H4, the average extraneous cognitive load between the non-alternating 

finger tracing group and the alternating-finger tracing group showed a significant difference 

after considering the floor effect, suggesting participants in the non-alternating finger tracing 
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group perceived lower extraneous cognitive load.  

What is the Germane Processing Reported by Participants? Since correlational 

analysis showed there was no clear correlation between participants’ prior calculation ability 

and their germane processing scores, an independent-samples t-test was applied to investigate 

group differences in participants’ reports of germane processing.  

The assumption of homogeneity of variance was satisfied, F(1, 98) = 1.94, p = .166. 

Though neither the non-alternating group (Shapiro-Wilk W = 0.93, p = .004) nor the 

alternating group (Shapiro-Wilk W = 0.92, p = .003) met the assumption of normality, the t-

test was still considered to be valid with a larger sample size (n > 30) (Box, 1953; Lumley et 

al., 2002). The difference in self-reported germane processing ratings reported by the non-

alternating condition (M = 5.95, SD = 1.44) and the alternating condition (M = 5.53, SD = 

1.75) was not statistically significant, t(98) = 1.33, p = .188, d = 0.27, 95% CI [-0.13, 0.66].  

Considering the ceiling effect was detected on the average germane processing scores, 

we used Liu and Wang’s (2021) t-test correcting for ceiling effects and floor effects to check 

the data to check the result against this potential assumption violation. Under this analysis, 

t(98) = 1.12, p = .268, d = 0.23, 95% CI [-0.32, 1.11], indicating that there was indeed no 

significant difference in participants’ self-reported germane processing between the non-

alternating finger tracing (corrected M = 6.00, SD = 1.54) group and the alternating fingers 

tracing group (corrected M = 5.61, SD = 1.90). 

Overall, participants in both groups reported relatively high levels of germane 

processing. However, contrary to H5, there was no significant difference in their germane 

processing scores between groups. 
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7.3 Discussion 

7.3.1 How Did Tracing Conditions Affect Participants’ Learning Performance? 

The above analyses of participants’ learning performance in the practice phase, 

immediate post-test phase, and delayed post-test phase presented similar results, indicating 

that the alternating finger tracing strategy resulted in similar levels of performance as the 

non-alternating finger tracing strategy. Alternating tracing actions were designed to further 

support participants' learning, but the current results did not support this hypothesis. To 

investigate why the results did not align with expectations, we further summarised the current 

findings.  

Overall, participants’ accuracy rates (see Table 12) exhibited a “✔” shaped curve 

across the three phases. Participants in both groups had moderate accuracy in the practice 

phase, lower accuracy in the immediate post-test phase, and highest accuracy in the delayed 

post-test phase. Repeated-measure analysis also suggested that participants’ performance in 

the delayed post-test was significantly better than in the immediate post-test. These findings 

were aligned with the trend we found in Experiment 1. Better performance in the delayed 

post-test suggested the possible presence of a practice effect (Anastasi, 1988; Campbell & 

Stanley, 1963), especially considering that the participants completed identical questions in 

the immediate post-test and the delayed post-test.  
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Table 12 

Participants’ Accuracy Rates in Three Tests in Experiment 2 

Performance Total 

Non-

Alternating 

Alternating 

Practice Questions (4 points)    

Mean Score 2.89 2.96 2.82 

Accuracy Rate 72.25% 73.98% 70.60% 

Immediate Post-Test (20 points)    

     Mean Score 11.70 12.27 11.16 

     Accuracy Rate 58.50% 61.33% 55.79% 

Delayed Post-Test (20 points)    

     Mean Score 16.17 16.53 15.82 

     Accuracy Rate 80.86% 82.66% 79.10% 

 

In group comparisons, participants in the non-alternating condition generally had 

similar performance to the participants in the alternating condition in practice questions, 

immediate post-test questions, and delayed post-test questions. Considering the 

aforementioned trends, we can infer that the non-alternating finger tracing strategy and the 

alternating fingers tracing strategy had similar effects on promoting learning. Participants 

may have forgotten some problem-solving methods when they first encountered immediate 

post-test questions, which explained why their accuracy rate went down at this stage. As 

participants completed the problems while practising, they recalled and better mastered the 
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problem-solving strategies, which resulted in their increasing accuracy rate.  

In contrast to Experiment 1’s finding that the superior performance of the non-

alternating condition gradually diminished across three phases, Experiment 2 did not find any 

clear changes in the between-condition differences across the three question phases. The non-

alternating finger tracing strategy and the alternating fingers tracing strategy seemed to have 

similar supportive effects and effect duration time in Experiment 2. The two possible 

explanations proposed in Experiment 1 may also explain the results of Experiment 2. It is 

possible that the effects of the tracing interventions were no longer effective after 24 hours, 

and non-alternating finger tracing had similar supportive effects as alternating fingers tracing, 

which resulted in participants’ similar performance in all phases. It is also possible that the 

effect of alternating tracing will take longer to manifest, meaning we cannot draw firm 

conclusions because of a 24-hour delay design.  

7.3.2 How Did Tracing Conditions Affect Participants’ Intrinsic Motivation and Cognitive 

Load?  

Previous analysis described participants’ intrinsic motivation and three types of 

cognitive load in the non-alternating tracing and the alternating tracing conditions. 

Participants in the non-alternating group reported similar intrinsic motivation and similar 

germane processing to those in the alternating group. Significant difference was found on 

intrinsic cognitive load and extraneous cognitive load: participants in the alternating group 

perceived higher intrinsic and extraneous cognitive load than those in the non-alternating 

group. These findings were partly different from the findings in Experiment 1 and partly 

aligned with the current research’s initial hypothesis. Table 13 presents research hypotheses 
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and current findings in two experiments.  

In contrast to the interaction effect found in Experiment 1, a significant difference was 

found in participants’ intrinsic cognitive load between the two conditions in Experiment 2. As 

previously mentioned, Experiment 2 adjusted the tracing practice page to help participants 

better understand the requirements and modified specific worked examples to make the 

learning process more gradual. These adjustments could make participants feel that 

alternating finger tracing was less difficult, especially for those participants with low 

calculation ability. Though participants in the alternating group still perceived higher intrinsic 

cognitive load, the difference between participants with different prior calculation abilities 

was no longer significant, resulting in the disappearance of the interaction effect. In 

Experiment 1, when participants in the alternating group were asked to switch their index 

fingers during the worked example, some participants may have been overwhelmed and 

unclear as to whether they should put the learning emphasis on the two-digit multiplication 

method or the pattern of finger switching. In contrast, in Experiment 2, they practised finger 

switching on the tracing practice page; thus, they could better understand the key points of 

learning. For participants in the non-alternating group in both experiments, their learning 

process never involved complex finger-switching activities, and thus they could better know 

that the learning focus was the two-digit multiplication. Thus, participants in the alternating 

group in Experiment 2 generally reported higher intrinsic cognitive load than the non-

alternating group, in contrast to Experiment 1.  
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Table 13  

Research Hypotheses on Motivation and Cognitive Load and Corresponding Results in 

Experiment 1 and Experiment 2 

Variable Hypothesis Experiment 1 Experiment 2 

Intrinsic Motivation Alternating Higher Same Same 

Intrinsic Cognitive Load Alternating Higher Interaction Effect Alternating Higher 

Extraneous Cognitive Load Same Alternating Higher Alternating Higher 

Germane Processing Alternating Higher Same Same 

 

As in Experiment 1, participants in the alternating fingers tracing group reported 

higher extraneous cognitive load, which was unexpected. The initial hypothesis posited that 

extraneous load should be similar between the two conditions. Experiment 2 adjusted the 

presentation of tracing guidance to avoid the potential split attention effect (Chandler & 

Sweller, 1991) that we suspected may have existed in Experiment 1. Experiment 2 referenced 

Wang’s (2022) design and placed these instructions right below the learning steps in the 

middle of the page, with the goal of helping participants avoid unnecessary search and match 

eye movements. We tried to adjust the presentation to avoid the split attention effect; 

however, the reported extraneous cognitive load of participants in the alternating group was 

still significantly higher than those in the non-alternating group. We also found that 

participants’ average extraneous cognitive load in both groups (M non-alternating = 2.22, M 

alternating = 2.89) in Experiment 2 were higher than that in Experiment 1 (M non-alternating 

= 1.45, M alternating = 1.90), indicating that adjusted tracing guidance may have caused 
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higher extraneous cognitive load. Although the participants in Experiment 1 and Experiment 

2 were completely different groups of people, the extraneous cognitive load should 

technically only be related to the learning materials’ presentation (Sweller, van Merrienboer, 

Paas, 1998; Sweller, Ayres, & Kalyuga, 2011). These comparisons between Experiment 1 

and Experiment 2 suggested another possibility: that stacking the tracing guidance with the 

learning steps together in the middle may actually not reduce the cognitive load but rather 

increase it. Although participants in Experiment 2 no longer needed to move their gaze left 

and right to read tracing guidance, the split-attention effect may still exist, as they still needed 

to move their gaze up and down to read the learning steps and the tracing guidance. To better 

design the learning and reduce unnecessary extraneous cognitive load, the presentation of the 

tracing guidance may need further adjustment in the following experiment. Possible 

modifications include simplifying the tracing guidance so that participants can focus more on 

the explanation of the learning steps during learning and are no longer distracted by 

additional information.  

As in Experiment 1, no difference in germane processing was detected in Experiment 

2. We initially expected that participants in the alternating fingers tracing condition might 

report higher germane processing, because the alternating action would help them clearly 

distinguish the learning steps and facilitate information processing. However, the only thing 

participants perceived was the complexity of the alternating actions, not their underlying 

hints for learning. Due to the alternating fingers tracing design not achieving its intended 

effect, participants in the non-alternating group and alternating group perceived similar levels 

of germane processing.  
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Summarising results against hypotheses across both Experiment 1 and Experiment 2, 

hypotheses have generally not been supported. The only finding that supported the hypothesis 

is that participants in the alternating condition reported higher intrinsic cognitive load than 

those in the non-alternating condition in Experiment 2. Alternating tracing actions across the 

hands within a specific worked example was hypothesised to result in higher intrinsic 

cognitive load and higher germane processing, and subsequently, better test performance. 

However, Experiment 1 and Experiment 2 demonstrated that simply having a more variable 

tracing process did not directly lead to higher germane processing, reflected by the fact that 

the interaction effect was detected for intrinsic cognitive load but not on germane processing 

in Experiment 1, and higher intrinsic cognitive load in the alternating condition but similar 

germane processing in two conditions in Experiment 2. A similar finding was also suggested 

by Klepsch and Seufert (2020), that higher intrinsic cognitive load does not necessarily result 

in higher germane processing. Focusing on the current research, if participants did not 

understand the alternating fingers tracings’ underlying hints on learning and only viewed the 

alternating action as complexity or interference, they would fail to benefit from it. 

Furthermore, they may alternatively experience higher extraneous cognitive load. As Sweller 

(2010) proposed, the same information can impose intrinsic or extraneous cognitive load 

depending on what needs to be learned. In the current research, if participants do not 

recognise that the action of “alternating fingers” itself and the underlying hints of it were part 

of the learning content, and only treat the action as an unnecessary burden, then it is 

reasonable that they would report higher extraneous cognitive load in the self-estimated 

survey.  
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Overall, the results of Experiments 1 and 2 suggest that alternative designs to 

incorporate variability in tracing actions should be considered. Accordingly, Experiment 3 

was designed to investigate a novel approach to alternating finger tracing and its effects on 

learning processes and outcomes.  
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Chapter Eight: Experiment 3 

As the results of Experiment 1 and Experiment 2 suggested potential for improvement 

with the design of lesson materials, another experiment was planned to further investigate the 

effect of alternating-fingers tracing on learning and cognitive load. A number of 

modifications were formulated for the experimental procedure. Specifically, the presentation 

of the tracing introduction, the tracing strategy in each condition, the sequence and numbers 

of the worked examples, and the difficulty level of the immediate and delayed post-tests were 

adjusted. 

Experiment 3 divided the acquisition phase into two stages. In the first stage, 

participants in both conditions applied the non-alternating tracing strategy. In the second 

stage, participants applied the non-alternating or alternating tracing strategy according to their 

allocated condition. This design was inspired by Wang et.al. ’s (2022) two-stage sequence, 

and aimed to provide participants a solid foundation and clear understanding of the worked 

example-based mental mathematics strategy in the first stage. Participants applied non-

alternating tracing in the first stage, becoming familiar with the tracing action and the 

learning material. The experimental intervention started in the second stage, with participants 

applying different tracing strategies (alternating vs. non-alternating). We expected that, 

having partially developed a schema for the mental mathematics strategy in the first phase, 

students in the alternating condition would further develop and automate the mental 

mathematics strategy in the second stage to a greater extent than participants in the non-

alternating condition, because of the higher (but manageable) intrinsic load and germane 

processing generated by alternating tracing. The adjustments in the acquisition phase also 
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impacted the self-report phase. Participants completed the 20-item survey on their intrinsic 

motivation and cognitive load twice in Experiment 3, following each learning stage. 

Experiment 3 also adjusted the test questions in the immediate post-test and delayed post-test 

phase, classifying the questions into similar questions and transfer questions. More detailed 

adjustments are described in the following sections.  

Redesign of Experiment 3 also influenced the analyses of the various self-reports. As 

all participants applied the same non-alternating tracing strategy in the first stage and they 

were assumed to be similar across conditions, the repeated measure 2 (non-alternating vs. 

alternating) x 2 (first stage vs. second stage) AN(C)OVA analyses were more suitable for 

Experiment 3. 

These adjustments have implications for hypotheses and analyses of learning 

performance and self-reports. The hypotheses below were adjusted for Experiment 3: 

H1: Participants’ problem-solving performance in the first-stage acquisition 

phase will not differ across conditions (H1a). Participants’ problem-solving performance 

in the second-stage acquisition phase will differ across conditions, reflected by problem-

solving accuracy and problem-solving time. Specifically, participants in the non-

alternating group will solve fewer problems and/or solve problems more slowly than 

participants in the alternating group (H1b).  

H2: The interaction effect between condition and learning stage will be 

significant on participants’ self-reported intrinsic motivation. Specifically, participants in 

the non-alternating group will report lower second-stage intrinsic motivation than 

participants in the alternating group (H2a).  
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H3: The interaction effect between condition and learning stage will be 

significant on participants’ self-reported intrinsic cognitive load. Specifically, 

participants in the non-alternating group will report lower second-stage intrinsic 

cognitive load than participants in the alternating group (H3a).  

H4: The interaction effect between condition and learning stage will not be 

significant on participants’ self-reported extraneous cognitive load. Participants’ second-

stage self-reported extraneous cognitive load will not differ across conditions (H4a).  

H5: The interaction effect between condition and learning stage will be 

significant on participants’ self-reported germane processing. Specifically, participants 

in the non-alternating group will report a lower second-stage germane processing load 

than participants in the alternating group (H5a).  

H6: Participants’ problem-solving performance in the immediate post-test phase 

will differ across conditions, reflected by problem-solving accuracy and problem-

solving time for total test problems. Specifically, participants in the non-alternating 

group will solve fewer problems and/or solve problems more slowly than participants in 

the alternating group (H6a). The immediate post-test similar question accuracy rate and 

the immediate post-test transfer question accuracy rate were also evaluated. Participants 

in the non-alternating group will have a lower accuracy rate than participants in the 

alternating group in similar questions (H6b) and transfer questions (H6c).  

H7: Participants’ problem-solving performance in the delayed post-test phase 

will differ across conditions, reflected by problem-solving accuracy and problem-
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solving time for total test problems. Specifically, participants in the non-alternating 

group will solve fewer problems and/or solve problems more slowly than participants in 

the alternating group (H7a). The delayed post-test similar question accuracy rate and the 

delayed post-test transfer question accuracy rate were also evaluated. Participants in the 

non-alternating group will have a lower accuracy rate than participants in the alternating 

group in similar questions (H7b) and transfer questions (H7c).  

8.1 Method 

8.1.1 Sample Size and Participants 

Power Analysis. To meet the power requirements of the current research, we kept the 

parameters of the power analysis as the first experiment. Again, the power analysis was 

carried out as a one-tailed test, with effect size d = 0.57, α = 0.05 and desired power = 0.9, 

which gave a result that at least 54 participants for each group and 108 participants in total 

were required.  

Participants. The third experiment was conducted from September 2024 to October 

2024 at East China Normal University (ECNU), Shanghai, China. All participants are ECNU 

or nearby college students and teachers. A total of 108 participants attended the experiment. 

One participant dropped out halfway and did not attend the second day’s delayed post-test, 

and the remaining 107 participants completed the whole experiment. All participants were 

educated to at least the undergraduate level (including those who were currently in 

undergraduate programs) and were able to read English in paragraphs. All participants were 

randomly assigned to the control condition (applying a non-alternating finger tracing strategy, 

N = 54) and the experimental condition (application of an alternating fingers tracing strategy, 
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N = 54). The gender ratio of the participants was not balanced (89 females, 28 males, 1 

preferred not to say), but it was consistent with the distribution of the population where the 

data were collected. Participants’ ages ranged from 18 to 35 years old (M = 22.26, SD = 

2.59). 

8.1.2 Materials and Procedures 

As in Experiment 1 and Experiment 2, recruited participants took part in the 

experiments individually in a quiet room with guidance from the PhD researcher (Xufei 

Zhang). Experiment 3 also contained a delayed post-test, which required participants to come 

back again on the next day to complete it. The paper-based experimental materials were 

further adjusted based on Experiment 1 and Experiment 2; the full set of experimental 

materials is given in Appendix D. The whole experiment needed about 35-50 minutes, with 

the first day lasting 30-40 minutes and the second day lasting 5-10 minutes. The first day’s 

experiment started with the consent phase, followed by the demographics phase, the pre-test 

phase, the learning and self-reported phase, and the immediate post-test phase. The second 

day’s experiment contained the delayed post-test phase and the debriefing phase. The biggest 

difference between Experiment 3 and the previous two experiments was that Experiment 3 

integrated the learning process with the self-assessment process. The learning and self-report 

phases were divided into two stages. Participants were requested to learn the first-stage 

worked examples and then complete a self-report questionnaire based on the first-stage 

learning. After that, they needed to learn the second-stage work examples and complete the 

self-report questionnaire again according to the second-stage learning.  

Participants in both conditions received identical instructions except for the learning 
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phase, in which they were told to use different tracing strategies (according to their 

condition). To avoid ambiguity caused by translation, all the materials mentioned above were 

paper-based and presented in printed English (adapted from materials used in Wang et al., 

2022). Though English was not the first language of the participants, English as a compulsory 

course in the national college entrance exam had been studied by all participants for at least 

10 years (from Grade 3 to Grade 12). With years of compulsory English courses, all 

participants were able to read English in paragraphs. Additional oral instruction between 

phases was given in the participants’ first language (Mandarin). Participants were also 

encouraged to ask in Mandarin if they had any doubts about the experiment. The whole 

experiment was videotaped after gaining participants’ consent. Recorded participants’ tracing 

actions were counted as a check on treatment fidelity (Mowbray et al., 2003), in line with 

previous CLT research (Eielts et al., 2020; Galbraith & Ginns, 2023). 

Consent Phase. As in Experiment 1 and Experiment 2, participants were notified of 

the basic information about the experiment and signed a consent form. To avoid the subject-

expectancy effect (Rosenthal & Fode, 1963), the current research hid the real purpose of the 

experiment from participants. Participants were not informed that the experiment was 

designed to research the tracing strategy. Instead, they were told that this experiment was 

used to research a new method of two-digit multiplication. 

To randomly assign participants to experimental conditions, participants with odd-

numbered positions in the experiment sequence were asked to flip a coin to determine their 

condition assignment. If the coin landed heads up, the participant was assigned to the non-

alternating group, and if tails, the participant was assigned to the alternating group. 
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Participants with even-numbered positions in the experiment sequence did not need to flip a 

coin, and they were automatically assigned to the opposite condition of the preceding 

participant. 

The video camera was aimed at the desktop portion and only captured participants’ 

hand movements. Video recording commenced after the participant signed the consent form.  

Demographics Phase. The experiment officially started with participants answering a 

survey about their basic demographic information. Their gender and age were collected by 

choice and fill-in-the-blank questions, along with the same handedness survey (Nicholls et 

al., 2013) used in Experiments 1 and 2.  

Pre-Test Phase. The pre-test phase was designed to measure participants’ prior 

knowledge. The calculation fluency test (Sowinski et al., 2014) used in Experiments 1 and 2 

was applied in this phase.  

Learning and Self-report Phase. The learning material was similar to that used in 

Experiment 2, with the following adjustments.  

The tracing practice page was redesigned to be more intuitive compared to the tracing 

practice page used in Experiment 2 (see Figure 10 and Figure 19). In the previous 

experiments, the tracing practice pages were aimed at giving participants a sense of what 

finger tracing is and how they should trace the key ellipses with the requested index finger. In 

Experiment 3, a simple finger picture was used to guide participants’ tracing actions, 

replacing the textual description used in Experiment 2. Because potential split attention 

effects were detected in previous experiments, the text-based tracing guidance was suspected 

as a source of interference that prevented participants from distinguishing the key learning 
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points and the learning requirements. The researcher told participants that the meaning of the 

finger picture was to guide them to use the corresponding hand’s index finger to trace the 

item during the learning process. A more intuitive practice page was intended to help 

participants understand the tracing guidance more quickly, thereby avoiding their difficulty in 

distinguishing the learning contents and tracing guidance in the formal learning stage.  

When participants practised tracing, they were told that they could ask any questions 

about the learning requirements based on the practice page, which closely resembles formal 

learning. They were also informed that, since the formal learning phase would be timed, they 

would not be able to ask the researcher any questions during this phase. The researcher 

double-checked with the participants if they totally understood the learning requirements and 

the words involved in the learning steps before they proceeded to formal learning.  

The tracing practice pages in Experiment 3 were identical for the non-alternating 

condition and the alternating condition, except for the picture of the hand on the side that 

asked participants to use the index finger of the specific hand to trace the learning material.  
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Figure 19 

Tracing Practice Page Used in Experiment 3 
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The sequence and numbers of the worked examples used in Experiment 3 were 

different from Experiment 1 and Experiment 2. Twelve pages of learning instruction 

containing six worked samples were applied in Experiment 3, replacing eight pages of 

instruction that contained four worked examples in previous experiments. The twelve pages 

of instruction were divided into two parts. Each part comprised six pages of instruction, 

including three worked examples interleaved with three practice questions. All the worked 

examples were about the same kind of method, but the worked examples in each part were 

progressively more difficult. The worked examples were adapted from Wang et al. (2022), 

Experiment 1, and Experiment 2; materials used in the present experiment further adjusted 

some specific numbers in the worked examples to keep them at the same appropriate 

difficulty level.  

The first stage of learning in Experiment 3 contained three worked examples and 

three practice questions. Three worked examples were the same as the first, second and third 

worked examples in Experiment 2. The first worked example did not contain any carry-on 

calculation during the solving process (see Figure 20), the second worked example contained 

one carry-on calculation during the solving process (see Figure 21), while the third worked 

example contained two carry-on calculations in the process (see Figure 22). These three 

worked examples referred to the difficulty of level one, level two, and level three, as defined 

in Experiment 2. In contrast to Experiment 2, which included worked examples of four 

different difficulty levels, Experiment 3 did not contain a level 4 worked example.  

As Figure 20, Figure 21, and Figure 22 show, for each worked example, the two-digit 

multiplication problem was solved in three steps and instructions were provided at each step. 
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The instruction included a short sentence explaining the step’s calculating process, colour-

coded horizontal and vertical formulas with key numbers in them, and colour-coded ellipses 

displaying the key numbers in the vertical formula. The correct answer to the whole worked 

example is also shown at the end of the three steps.  

Another design detail different from previous experiments in Experiment 3 was the 

presentation of tracing guidance. In Experiment 1, guidance was presented in a separate text 

box that was located on the left side of the page. In Experiment 2, guidance was presented 

with the learning steps that were located in the middle of the page. In Experiment 3, the 

tracing guidance changed from text to images. Instead of putting a long sentence on the side 

or in the middle of the page to ask participants to trace with the specific hand, Experiment 3 

put a specific hand’s image on the correct side of the page to tell participants which hand 

should be used in this step. This adjustment was made because of the potential split attention 

effect detected in Experiment 1 and Experiment 2. We also found that participants may find it 

difficult to discern the actual learning content and distinguish it from the tracing guidance. 

Figure 23, Figure 24, and Figure 25 show the presenting difference between Experiment 1, 

Experiment 2 and Experiment 3. In each step in Experiment 3, there was a hand with its 

index finger outlined in red on the side of the page that guided participants to trace the key 

ellipses with the requested index finger.  
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Figure 20 

A Worked Example Without Carry-on Calculation in Experiment 3 
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Figure 21 

A Worked Example With One Carry-on Calculation in Experiment 3 
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Figure 22 

A Worked Example With Two Carry-on Calculations (Simple) in Experiment 3 
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Figure 23 

Examples of Steps and Tracing Guidance in Experiment 1 

 

 

Figure 24 

Examples of Steps and Tracing Guidance in Experiment 2 

 

 

Figure 25 

Examples of Steps and Tracing Guidance in Experiment 3 
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The first stage of learning in Experiment 3 was identical for the non-alternating 

condition and the alternating condition. Participants in both conditions received the same six-

page learning material, in which both of them were requested to use only their right hand’s 

index finger to trace the learning material at all times. 

The second stage of learning in Experiment 3 also contained three worked examples 

(worked example 4, worked example 5, and worked example 6) and three practice questions. 

These three worked examples had the same difficulty level as the ones in the first stage of 

learning. Worked example 4 did not contain any carry-on calculation during the solving 

process (see Figure 20), worked example 5 contained one carry-on calculation during the 

solving process (see Figure 21), while worked example 6 contained two carry-on calculations 

in the process (see Figure 22).   

The type of tracing guidance applied in the second stage of learning was also in image 

format, the same as in the first stage of learning. The only difference was that the tracing 

requirement in the second stage of learning was different for participants in the two 

conditions. Participants in the non-alternating condition received the learning materials only 

with the right-hand image beside the learning steps, instructing them to use the right hand’s 

index finger to trace all items. In comparison, participants in the alternating condition 

received learning materials with right and left-hand images beside the learning steps that 

requested them to first use the right hand’s index finger to trace the first step and then use the 

left hand’s index finger to trace the next step.  

Hand images in Experiment 3 were placed on the corresponding side to further help 

participants quickly understand which hand was to be used for tracing. When they needed to 
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use the index finger of the right hand to trace, the hand image was placed on the right side of 

the step. When the index finger of the left hand was instructed to be used, the image was 

presented on the left side. The intention of these changes was to simply and efficiently 

explain to students what specific action they should take, including which hand to use, thus 

reducing extraneous load related to the instructions themselves. Figure 26 shows the worked 

example and its tracing guidance for the alternating condition in the second learning stage in 

Experiment 3.  
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Figure 26 

The Worked Example for the Alternating Condition in the Second Stage of Learning in 

Experiment 3 

 

  



223 

 

After each stage of learning, participants were asked to complete a twenty-item 

survey on their motivation and different types of cognitive load. Participants needed to rate 

each statement from 0 (not at all applicable) to 8 (fully applicable), according to their 

experience in the learning phase. The intrinsic motivation scale was developed by McAuley 

et al. (1989), including five different items (e.g., “I enjoyed doing this activity very much”). The 

cognitive load scale (15 items) was developed by Krieglstein et al. (2023), including five 

items on intrinsic cognitive load (e.g., “The learning content was difficult to understand”), 

five items on extraneous cognitive load (e.g., “ The design of the learning material made it 

difficult to find relevant information quickly”), and five items on germane processing (e.g., 

“ I actively reflected upon the learning content”). When some participants asked the precise 

meaning or the referred-to item of some words and phrases in the statement, the researcher 

read a pre-prepared standardised translation of the statement in response to such questions 

from the participants. 

One statement regarding germane processing was adjusted in Experiment 3. From 

previous validity and reliability analysis results in Experiment 1 and Experiment 2, the 

GCL_2 was found to have low loading for both experiments. The researcher suspected that 

Chinese participants may have a different understanding of the key term “made an effort to” 

based on their cultural background. Within the Chinese cultural background, this item may be 

directly translated to “spent lots of energy to”, which emphasised that the task to be 

completed was not easy and therefore required effort or energy. This term was the key 

component in GCL_2, which may cause huge misunderstanding if the participants were not 

able to precisely get its meaning. Thus, the researcher decided to modify the specific 
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expression of GCL_2. The final version of GCL_2 applied in Experiment 3 was formed after 

the discussion between the current research’s author (whose first language was Mandarin and 

current working language was English) and an Australian local researcher (whose first 

language and current working language was English). The revised expression of GCL_2 was 

“I consciously focused to understand the learning content”. The other 19 statements did not 

change, but the translation of the statements was furthermore precise and targeted compared 

to those applied in Experiment 1 and Experiment 2.  

The learning procedure in Experiment 3 also changed compared to Experiment 1 and 

Experiment 2. In the previous two experiments, participants finished the whole learning 

phase and then started the self-reported phase. However, in Experiment 3, participants needed 

to complete the first stage of learning and finish the first stage self-report questionnaire based 

on the first stage of learning, then they were asked to start the second stage of learning and 

finish the second stage self-report questionnaire based on the second stage of learning.  

At the beginning of this integrated learning and self-reported phase, participants 

received a two-page instruction telling them how to learn and trace the learning materials in 

this phase. The researcher also gave oral instructions to help participants understand the 

procedure and the requirements in this phase. Participants could take their time to read the 

instructions until they fully understood the requirement, and they were encouraged to ask 

questions about it. Then, they were asked to trace the ellipses on the tracing practice page 

with guidance from the researcher. Once they fully understood the learning procedure and 

requirements, they were allowed to start the formal learning.  

Then, participants started to learn the two-digit number multiplication method. They 
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needed to study the three worked examples one by one and answer the practice questions that 

followed each worked example. Participants had two minutes to study each worked example 

and 30 seconds to answer the following practice question of the corresponding difficulty. The 

researcher told participants whether their answer was correct or wrong immediately after 

participants wrote down the answer. If the answer was wrong, then the participant continued 

to try until 30 seconds ran out. The sequence was to learn one worked example for two 

minutes, then answer one question, and learn the next worked example for another two 

minutes, then answer another question. During the two-minute learning, participants in both 

conditions traced the ellipses in the learning steps with a specified index finger as the image 

indicated. The tracing guidance in the two conditions was the same at the first stage of 

learning. Participants in both groups were asked to use the index finger of the right hand to 

trace. During participants’ learning time, the researcher sat aside and watched participants’ 

learning behaviour, reminding them to focus on learning and use the correct index finger to 

trace. 

After the first stage of learning, participants needed to finish a twenty-item survey 

immediately to report their motivation, intrinsic cognitive load, extraneous cognitive load, 

and germane processing based on their learning experiences.  

Then they needed to complete the second stage of learning, which also contained 

three worked examples and three practice questions. They still had two minutes to study each 

worked example and 30 seconds to answer the following practice question of the 

corresponding difficulty. The only difference was that the tracing guidance was different to 

participants in two conditions, which were the writing hand’s index finger for the non-
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alternating tracing condition and alternating index fingers (switching writing and non-writing 

hands’ index fingers) for the alternating tracing condition.  

After the second stage of learning, participants completed the twenty-item survey 

again to report their motivation, intrinsic cognitive load, extraneous cognitive load, and 

germane processing based on their second stage learning experience. 

Immediate Post-Test Phase. Participants answered 20 two-digit multiplication 

questions in this phase. For each question, they had 20 seconds to answer. They needed to 

write down the final answer within the time limit. The researcher did not tell the participants 

if their answers were correct or not. Participants who finished answering one question just 

moved to the next one, and the researcher started rerecording the time of the next question. 

The accuracy of participants’ answers and the time they spent solving the questions were 

recorded to reflect their learning performance. Writing an answer that exceeded 20 seconds 

was recorded as “out of time”, and even if the answer was correct, this question was seen as 

an unsuccessful answer, which was equal to wrong.  

Questions in the post-test phase were a little more difficult than the practice questions 

in the learning phase, with larger numbers and higher difficulty levels. Practice questions 

were evenly distributed across level 1, level 2 and level 3, with one question for each level as 

previously described. However, the immediate post-test in Experiment 3 only contained level 

3 and level 4 questions. Since Experiment 3 did not include worked examples with difficulty 

level 4, the level 4 questions in the post-test were seen as transfer questions.  

Compared to Experiment 2, which initially only distinguished four levels in the 

worked examples, the current Experiment 3 intentionally did not include level 4 worked 



227 

 

examples in the learning phase but instead incorporated them as part of the transfer questions. 

Previous research in the cognitive load field has demonstrated that some cognitive load 

effects may manifest in transfer problems (e.g., Paas & Van Merriënboer, 1994). Thus, 

Experiment 3 adjusted the design and included transfer questions in the post-tests, with the 

intention that this could further help the research to explore non-alternating and alternating 

tracing’s learning effects on similar questions and transfer questions. The experiment was 

originally intended to include 10 similar questions and 10 transfer questions in the immediate 

post-test, but a design error occurred when choosing the question items. As a result, out of the 

20 immediate post-test questions in Experiment 3, 12 were similar questions and 8 were 

transfer questions. 

Delayed Post-Test Phase. The delayed post-test phase was applied one day 

(approximately 24 hours) after the initial experiment. Participants needed to answer 20 two-

digit multiplication questions again in the delayed post-test phase. In contrast to Experiment 1 

and Experiment 2, the questions in the delayed post-test were no longer the same as the 

questions in the immediate post-test. To avoid the potential practice effect (Anastasi, 1988; 

Campbell & Stanley, 1963), the delayed post-test in Experiment 3 consisted of another 20 

questions with similar difficulty as the ones in the immediate post-test. Out of the 20 delayed 

post-test questions in Experiment 3, 10 were similar questions and 10 were transfer questions.  

Debriefing phase. The researcher debriefed the whole experiment to the participants in this 

phase, clarifying the true purpose of the experiment. Participants were encouraged to express 

their feelings and thoughts about the experiment and its theoretical assumptions. Some 

participants asked about their accuracy in the test, and some were interested in the research 
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design. The researcher responded to the participants' questions as much as possible without 

posing privacy concerns. 

8.1.3 Data Processing and Model Check 

One hundred and eight participants joined and completed the experiment, and 107 of 

them completed the experiment in its entirety. These data constituted the full dataset. As 

participants’ behaviours were fully videotaped, the video recordings can be used to check 

participant compliance with instructions. The fully compliant participants constituted the 

compliant dataset.  

To check participants’ compliance, the coding scheme used in Experiment 1 and 

Experiment 2 was used to quantify participants’ effective tracing activities (see Appendix B). 

Their tracing actions on the required learning materials were recorded as valid counts. Due to 

the fact that the participants studied six worked examples in Experiment 3, the pass line was 

adjusted accordingly. Any participant traced less than 96 times in total was deemed “non-

compliant” and excluded. Any participant who traced insufficiently (less than 16 times for 

each worked example) in three or more worked examples was also excluded.  

Ninety-seven participants were retained after the compliance check, and 11 

participants were excluded. Nine participants were excluded due to insufficient tracing times 

(participant number 3, 5, 19, 35, 45, 67, 79, 83, 94), and two participants were excluded 

because of incorrect tracing actions (participant number 1, 44).  

The following data analysis was based on the compliant dataset (97 participants’ 

results). The participant who did not come for the delayed post-test was still in this compliant 

dataset and was included in most analyses, except those analyses based on delayed post-test 
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data. 

Handedness Score (Hand Preference and Coordination). As in Experiment 1 and 

Experiment 2, participants’ hand preference was collected via the handedness survey 

(Nicholls et al., 2013). All participants needed to report their propensity to use one or both 

hands. Both Cronbach's alpha (Cronbach, 1951) and McDonald's omega (McDonald, 1999) 

demonstrated that the handedness survey had acceptable levels of reliability (Cronbach's α 

= .76; McDonald's ω = .86).  

Pre-Test Score (Prior Calculation Ability). As in previous experiments, participants’ 

prior abilities were evaluated via their performance in the calculation fluency test. 

Participants finished a three-page calculation test on addition, subtraction, and multiplication 

(one test per page). Every correctly answered question on these pages was counted as one 

point, producing three separate scores for addition, subtraction, and multiplication fluency.  

Table 14 presents participants' performance in the calculation fluency test. On 

average, participants gained a higher score on addition than subtraction, and both of these 

scores were further higher than multiplication. The pre-test scores of participants in 

Experiment 3 were a bit higher than those in Experiment 2, and similar to those in 

Experiment 1, consistent with Sowinski et al.’s (2014) results. Both Cronbach's alpha 

(Cronbach, 1951) and McDonald's omega (McDonald, 1999) demonstrated that the pre-test 

scores had suitable levels of reliability (Cronbach's α = .85; McDonald's ω = .93).  

As in Experiment 1 and Experiment 2, though the following learning task in this 

experiment only involved addition and multiplication in the calculation process, Experiment 

3 included subtraction scores together to make the total scores more widely distributed, 
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reflecting participants’ calculation ability at a more general level. Scoring the test as the total 

number of correctly solved items across the three pages was also suggested by the test 

developer (Sowinski et al., 2014). Thus, three separate scores were added together to generate 

an overall score to represent their general calculation ability in the following analysis.  

In this experiment, participants’ prior abilities met the assumption of being normally 

distributed, based on the Shapiro-Wilk (1965) test. This test was considered the most 

appropriate method for small sample sizes (<50) and was equally effective compared to other 

methods for medium-sized samples (50≤ n <300) (Mishra et al., 2019). As this experiment 

had 97 participants in total and 48 or 49 participants in each group, the Shapiro-Wilk test was 

considered a suitable choice for the normality test. The overall distribution (Shapiro-Wilk W 

= .99, p = .509) as well as the distribution of each condition satisfied the normal distribution. 

As Figure 27 shows, the non-alternating tracing group (Shapiro-Wilk W = .99, p = .772) had a 

similar distribution to the alternating tracing group (Shapiro-Wilk W = .98, p = .745). 

 

Table 14  

Participants’ Performance in the Calculation Fluency Test in Experiment 3 

Test Type n M SD 

Addition (/60) 97 23.73 6.06 

Subtraction (/60) 97 18.82 6.24 

Multiplication (/60) 97 16.93 4.20 

Total (/180) 97 59.48 14.51 
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Figure 27 

The Distribution of Participants’ Total Scores in the Pretest in Experiment 3 

 

 

Practice Phase Learning Performance. In contrast to Experiment 1 and Experiment 

2, Experiment 3 split the worked examples-based learning phase into two stages. The first 

stage of learning included worked examples 1-3, in which participants in both conditions only 

used their right index finger to trace. The second stage of learning included worked examples 

4-6, in which participants in the non-alternating finger tracing condition only used their right 

hand’s index finger to trace, while participants in the alternating fingers tracing condition 

alternated their left and right index fingers to trace. Thus, the two stages’ learning 

performance was assessed separately in Experiment 3.  

For each stage, participants’ learning performance in the learning phase was evaluated 

via two indicators: the number of practice questions they answered correctly and the time 

they used to answer the questions. The former was defined as the practice score, and the latter 
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was defined as the practice test time to solution. The practice score was an integer that ranged 

from 0 to 3. The practice time to solution was obtained by adding up the time participants 

used to correctly answer each practice question. If the final answer was wrong or participants 

couldn’t give an answer within the time limit (30 seconds), the time of 30 seconds was 

recorded. Practice time to solution therefore ranged from 0 to 90 seconds.  

Post-Lesson Self-Report. Participants’ self-reports reflected four variables: intrinsic 

motivation, intrinsic cognitive load, extraneous cognitive load, and germane processing, each 

evaluated by five separate statements. The score ranged from 0 to 8, reflecting participants’ 

agreement with the statement. In contrast to Experiment 1 and Experiment 2, participants 

completed the self-report survey after each stage of learning in Experiment 3, resulting in 

each participant having two self-report results regarding their intrinsic motivation, intrinsic 

cognitive load, extraneous cognitive load, and germane processing. These results were 

analysed separately to check their validity and reliability. 

To check the validity of the first-stage survey results, a confirmatory factor analysis 

was conducted using jamovi (Rosseel et al., 2024). Though CFA’s result was generally 

considered to be reliable only with a large sample size (n > 300) (Comrey & Lee, 1992), Wolf 

et al. (2013) proposed the possibility that a CFA model with high factor loading might be 

applicable to a minimal sample size lower than 100. Thus, we continued to conduct the CFA 

model with the current dataset. To check the assumption of multivariate normality, the 

squared Mahalanobis distances were calculated for the data and plotted against the quantiles 

of a Chi-square distribution (DeCarlo, 1997). As Figure 28 presents, the assumption of 

multivariate normality was largely met. Multicollinearity was assessed via the squared 
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multiple correlations and the determinant of the correlation matrix, not finding any variables 

had an R2 > .90, which indicated low risk in multicollinearity (Kline, 2015). 

The Comparative Fit Index (Bentler, 1990), Tucker-Lewis Index (Tucker & Lewis, 

1973) and Root Mean Square Error of Approximation (Hu & Bentler, 1999) all showed the 

model a mediocre fit (CFI = .91, TLI = .90, RMSEA = .09).  

Further checking the factor loadings (See Table 15), the indicator “ICL_5A” showed 

its low loading (< 0.40) again (Cabrera-Nguyen, 2010; Matsunaga, 2010). This indicator was 

previously found not to be related to the main factor (p = .122) in Experiment 1 and had a 

low loading (= 0.395) in Experiment 2. Now it showed 0.32 in Experiment 3, indicating that 

this element has been poorly correlated with the main factor. Thus, “ICL_5A” was excluded 

from the following analysis, and this item should be reconsidered or rephrased in the 

following research. The model was rerun without this indicator; the results showed a slightly 

better model fit (CFI = .92, TLI = .90, RMSEA = .09). This indicator was excluded from all 

the following analyses. 
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Figure 28 

Mahalanobis distance scatterplot testing multivariate normality of the First stage Self-report 

in Experiment 3 

 

 

In contrast to Experiment 1 and Experiment 2, the indicator “GCL_2A” was no longer 

excluded. “GCL_2A” was a low-loading indicator in Experiment 1 and Experiment 2. After 

rephrasing it in Experiment 3, “GCL_2A” was finally closely related to its main factor, 

germane processing.  

  



235 

 

Table 15 

Original Factor Loadings of First-stage Self-report in Experiment 3 

Factor Indicator Estimate SE Z p 
Stand. 

Estimate 

Intrinsic 

Motivation 

Motivation1A 1.53 0.13 12.02 <.001 0.93 

Motivation2A 1.73 0.12 12.08 <.001 0.93 

Motivation3A 1.88 0.12 12.02 <.001 0.93 

Motivation4A 1.66 0.13 11.81 <.001 0.92 

Motivation5A 1.20 0.20 5.47 <.001 0.52 

Intrinsic 

Cognitive 

Load 

ICL_1A 1.62 0.10 11.86 <.001 0.93 

ICL_2A 1.50 0.09 11.21 <.001 0.90 

ICL_3A 1.79 0.10 11.29 <.001 0.90 

ICL_4AA 1.79 0.12 8.83 <.001 0.77 

ICL_5A 0.92 0.23 3.12 0.00 0.32 

Extraneous 

Cognitive 

Load 

ECL_1A 1.55 0.10 10.00 <.001 0.85 

ECL_2A 1.79 0.10 9.36 <.001 0.81 

ECL_3A 1.71 0.12 7.30 <.001 0.68 

ECL_4A 1.51 0.14 8.21 <.001 0.74 

ECL_5A 1.09 0.17 7.06 <.001 0.66 

Germane 

Processing 

GCL_1A 1.49 0.14 7.29 <.001 0.69 

GCL_2A 0.68 0.11 7.31 <.001 0.69 

GCL_3A 1.40 0.13 7.13 <.001 0.67 

GCL_4A 1.55 0.15 6.49 <.001 0.63 

GCL_5A 1.46 0.14 8.60 <.001 0.78 
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Reliability tests were conducted (Revelle, 2024) to check participants’ answers' 

consistency and dependability. Both Cronbach's Alpha (Cronbach, 1951) and McDonald's 

Omega (McDonald, 1999) demonstrated that the whole survey and four separate factors had 

good reliability (See Table 16). Compared to previous experiments, most factors in 

Experiment 3 had similar reliability in Experiment 2, and had the same or better reliability in 

Experiment 1. 

Participants’ motivation and cognitive load were evaluated via the aforementioned 4 

factors and 19 items. The average score of each factor was used for the following analyses. 

All scores ranged from 0 to 8, and higher scores indicate higher motivation or cognitive load.  

The Shapiro-Wilk (1965) test was applied to check the normality of participants’ 

average intrinsic motivation, intrinsic cognitive load, extraneous cognitive load, and germane 

processing score.  

 

Table 16 

Reliability Scores of First-stage Self-report in Experiment 3 

Variable Cronbach's α McDonald's ω 

Intrinsic Motivation (5 items) .91 .93 

Intrinsic Cognitive Load (4 items) .92 .93 

Extraneous Cognitive Load (5 items) .86 .87 

Germane Processing (5 items) .82 .82 
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Participants’ average first-stage intrinsic motivation (Shapiro-Wilk W = .96, p = .004) 

was not normally distributed. As a parameter with a theoretical value ranging from 0 to 8, the 

quartiles of the intrinsic motivation distribution showed a pronounced left skew: the 25th 

percentile is 4.8, while the median is as high as 5.8. To assess the likelihood of ceiling or 

floor effects, frequency tables for items constituting each of the scales were inspected. For 

intrinsic motivation, participant responses of 8, the highest possible response, constituted 

20.6%, 21.6%, 18.6%, 16.5%, and 7.2%, for items 1-5 respectively. Based on McHorney and 

Tarlov’s (1995) guidance that ceiling or floor effects are likely to be an issue when more than 

15% of respondents respond with either the highest or lowest possible score, a ceiling effect 

was evident for first-stage intrinsic motivation.  

Participants’ average first-stage intrinsic cognitive load (Shapiro-Wilk W = .83, p 

< .001) was also not normally distributed. As a parameter with a theoretical value ranging 

from 0 to 8, the quartiles of the intrinsic cognitive load distribution showed a pronounced 

right skew: the median is 1.0 while the 75th percentile is 1.5. To assess the likelihood of 

ceiling or floor effects, frequency tables for items constituting each of the scales were 

inspected. For intrinsic cognitive load, participant responses of 0, the lowest possible 

response, constituted 38.1%, 41.2%, 34.0%, and 40.2% for items 1-4 respectively; thus, a 

floor effect was evident for self-reports of first-stage intrinsic cognitive load (McHorney & 

Tarlov, 1995).  

Participants’ average first-stage extraneous cognitive load (Shapiro-Wilk W = .93, p 

< .001) also were not normally distributed. As a parameter with a theoretical value ranging 

from 0 to 8, the quartiles of the extraneous cognitive load distribution showed a pronounced 



238 

 

right skew: the median is 1.2 while the 75th percentile is 2.2. To assess the likelihood of 

ceiling or floor effects, frequency tables for items constituting each of the scales were 

inspected. For extraneous cognitive load, participant responses of 0, the lowest possible 

response, constituted 23.7%, 32.0%, 29.9%, 37.1% and 36.1%, for items 1-5 respectively; 

thus, a floor effect was evident for self-reports of first-stage extraneous cognitive load 

(McHorney & Tarlov, 1995).  

Participants’ average first-stage germane processing score (Shapiro-Wilk W = .94, p 

< .001) also was not normally distributed. As a parameter with a theoretical value ranging 

from 0 to 8, the quartiles of the motivation distribution showed a pronounced left skew: the 

25th percentile is 5.4, while the median is as high as 6.4. To assess the likelihood of ceiling or 

floor effects, frequency tables for items constituting each of the scales were inspected. For 

germane processing, participant responses of 8, the highest possible response, constituted 

13.4%, 19.6%, 18.6%, 19.6% and 13.4%, for items 1-5 respectively; thus, a ceiling effect was 

evident for self-reports of first-stage germane processing (McHorney & Tarlov, 1995). 

For the second stage self-reported survey, the same validity and reliability tests were 

conducted. To check the assumption of multivariate normality, the squared Mahalanobis 

distances were calculated for the data and plotted against the quantiles of a Chi-square 

distribution (DeCarlo, 1997). As Figure 29 presents, the assumption of multivariate normality 

was largely met. Multicollinearity was assessed via the squared multiple correlations and the 

determinant of the correlation matrix; the items “Motivation1B”, “Motivation2B” and 

“Motivation4B” were found to have an R2 > .90, which indicated the high multicollinearity of 

these items (Kline, 2015). 
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Figure 29 

Mahalanobis Distance Scatterplot Testing Multivariate Normality of Second-stage Self-report 

in Experiment 3 

 

 

The results from the confirmatory factor analysis showed a worse model fit than the 

first stage. Comparative Fit Index (Bentler, 1990), Tucker-Lewis Index (Tucker & Lewis, 

1973) and Root Mean Square Error of Approximation (Hu & Bentler, 1999) all showed the 

model fit with a worse index (CFI = 0.89, TLI = 0.87, RMSEA = 0.11).  

Further checking the factor loadings (See Table 17), the factor loadings of indicators 

were similar to the first stage results. “GCL_2B” was also included in the second stage’s 

result, and “ICL_5B” still needed to be excluded because of its low loading (Cabrera-

Nguyen, 2010; Matsunaga, 2010). The model was rerun without “ICL_5B” and the results 

showed a similar model fit (CFI = 0.89, TLI = 0.87, RMSEA = 0.11). This indicator was 
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excluded from all the following analyses. 

 

Table 17 

Original Factor Loadings of Second-stage Self-report in Experiment 3 

Factor Indicator Estimate SE Z p 
Stand. 

Estimate 

Intrinsic 

Motivation 

Motivation1B 1.53 0.13 12.51 <.001 0.95 

Motivation2B 1.73 0.13 12.68 <.001 0.95 

Motivation3B 1.88 0.14 12.42 <.001 0.94 

Motivation4B 1.66 0.15 12.58 <.001 0.95 

Motivation5B 1.20 0.19 7.55 <.001 0.68 

Intrinsic 

Cognitive 

Load 

ICL_1B 1.62 0.09 10.91 <.001 0.89 

ICL_2B 1.50 0.07 11.02 <.001 0.90 

ICL_3B 1.79 0.10 9.05 <.001 0.80 

ICL_4B 1.79 0.12 7.92 <.001 0.74 

ICL_5B 0.92 0.24 3.27 0.00 0.34 

Extraneous 

Cognitive 

Load 

ECL_1B 1.55 0.15 5.22 <.001 0.50 

ECL_2B 1.79 0.12 8.89 <.001 0.77 

ECL_3B 1.71 0.13 11.07 <.001 0.88 

ECL_4B 1.51 0.13 13.76 <.001 1.00 

ECL_5B 1.09 0.21 5.65 <.001 0.53 

Germane 

Processing 

GCL_1B 1.49 0.16 7.61 <.001 0.73 

GCL_2B 0.68 0.17 7.55 <.001 0.71 

GCL_3B 1.40 0.13 10.04 <.001 0.87 

GCL_4B 1.55 0.14 8.35 <.001 0.76 

GCL_5B 1.46 0.13 5.25 <.001 0.53 
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The same reliability tests were conducted (Revelle, 2024) based on the second-stage 

data. Both Cronbach's Alpha (Cronbach, 1951) and McDonald's Omega (McDonald, 1999) 

demonstrated that the whole survey and four separate factors had good reliability (See Table 

18). Compared to the first-stage results, most factors had higher reliability in the second stage 

in Experiment 3.  

Participants’ motivation and cognitive load were evaluated via the aforementioned 4 

factors and 19 items. The average score of each factor was used for the following analyses. 

All scores ranged from 0 to 8, and higher scores indicate higher motivation or cognitive load.  

The Shapiro-Wilk (1965) test was applied to check the normality of participants’ 

average intrinsic motivation, intrinsic cognitive load, extraneous cognitive load, and germane 

processing score.  

 

Table 18 

Reliability Scores of Second-stage Self-report in Experiment 3 

Variable Cronbach's α McDonald's ω 

Intrinsic Motivation (5 items) .95 .96 

Intrinsic Cognitive Load (4 items) .90 .91 

Extraneous Cognitive Load (5 items) .85 .88 

Germane Processing (5 items) .84 .85 
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Participants’ average second-stage intrinsic motivation (Shapiro-Wilk W = .97, p 

= .014) was not normally distributed. As a parameter with a theoretical value ranging from 0 

to 8, the quartiles of the intrinsic motivation distribution showed a pronounced left skew: the 

25th percentile is 4.0 while the median is as high as 5.4. To assess the likelihood of ceiling or 

floor effects, frequency tables for items constituting each of the scales were inspected. For 

intrinsic motivation, participant responses of 8, the highest possible response, constituted 

17.5%, 15.5%, 14.4%, 14.4%, and 7.2%, for items 1-5 respectively. As the second-stage 

intrinsic motivation had the highest score at 13.8% on average, almost reaching the threshold 

suggested by McHorney and Tarlov’s (1995) guidance that ceiling or floor effects are likely 

to be an issue when more than 15% of respondents respond with either the highest or lowest 

possible score.  

Participants’ average second-stage intrinsic cognitive load (Shapiro-Wilk W = .79, p 

< .001) was also not normally distributed. As a parameter with a theoretical value ranging 

from 0 to 8, the quartiles of the intrinsic cognitive load distribution showed a pronounced 

right skew: the median is 0.5 while the 75th percentile is 1.0. To assess the likelihood of 

ceiling or floor effects, frequency tables for items constituting each of the scales were 

inspected. For intrinsic cognitive load, participant responses of 0, the lowest possible 

response, constituted 47.4%, 57.7%, 52.6%, and 52.6% for items 1-4 respectively; thus, a 

floor effect was evident for self-reports of second-stage intrinsic cognitive load (McHorney & 

Tarlov, 1995).  

Participants’ average second-stage extraneous cognitive load (Shapiro-Wilk W = .88, 

p < .001) also were not normally distributed. As a parameter with a theoretical value ranging 
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from 0 to 8, the quartiles of the extraneous cognitive load distribution showed a pronounced 

right skew: the median is 1.2 while the 75th percentile is 2.2. To assess the likelihood of 

ceiling or floor effects, frequency tables for items constituting each of the scales were 

inspected. For extraneous cognitive load, participant responses of 0, the lowest possible 

response, constituted 33.0%, 40.2%, 38.1%, 42.3% and 30.9%, for items 1-5 respectively; 

thus, a floor effect was evident for self-reports of extraneous cognitive load (McHorney & 

Tarlov, 1995). 

Participants’ average second-stage germane processing score (Shapiro-Wilk W = .97, 

p = .024) also was not normally distributed. As a parameter with a theoretical value ranging 

from 0 to 8, the quartiles of the motivation distribution showed a pronounced left skew: the 

25th percentile is 5.4, while the median is as high as 6.4. To assess the likelihood of ceiling or 

floor effects, frequency tables for items constituting each of the scales were inspected. For 

germane processing, participant responses of 8, the highest possible response, constituted 

13.4%, 16.5%, 20.6%, 16.5% and 21.6%, for items 1-5 respectively; thus, a ceiling effect was 

evident for self-reports of germane processing (McHorney & Tarlov, 1995). 

Immediate Post-test Phase Learning Performance. Participant’s learning 

performance in the immediate post-test phase was evaluated via two indicators: the number 

of test questions they answered correctly, and the time they used to answer the questions. The 

former was defined as the immediate post-test score, and the latter was defined as the 

immediate post-test time. The immediate post-test score was an integer that ranged from 0 to 

20. The immediate post-test time was obtained by adding the time participants used to 

correctly answer each test question. If a participant could not give a correct answer within the 
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time limit (20 seconds), then the maximum time of 20 seconds was recorded. The immediate 

post-test time to solution thus ranged from 0 to 400 seconds.  

Delayed Post-test Phase Learning Performance. Participants’ learning performance 

in the delayed post-test phase was evaluated via the same indicators as used in the Immediate 

Post-test. Thus, the delayed post-test score was an integer that ranged from 0 to 20. As for the 

Immediate Post-test to solution, the Delayed Post-test time to solution was obtained by 

adding the time participants used to correctly answer each test question. If a participant could 

not give a correct answer within the time limit (20 seconds), then the maximum time of 20 

seconds was recorded. The delayed Post-test time to solution thus ranged from 0 to 400 

seconds. 

8.1.4 Statistical Analysis 

Most procedures and methods to test the hypothesis in Experiment 3 were the same as 

those in Experiment 1 and Experiment 2. Group equivalence was first checked between the 

two conditions.  

Since the acquisition phase was divided into two stages in Experiment 3, more 

analyses were applied. The analysis of covariance (ANCOVA) was applied to check the 

group difference in participants’ first-stage practice learning performance, using the prior 

calculation ability as the covariate. An additional covariate, participants’ first-stage practice to 

solution, was included in the ANCOVA model to represent prior learning ability. Thus, two-

covariate ANCOVA was used to check the group difference in participants’ second-stage, 

immediate post-test, and delayed post-test learning performance. Repeated measures 

ANCOVA (Algina, 1982) was conducted to further analyse the change in participants’ 
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mastery level between the immediate post-test and the delayed post-test. Repeated measures 

analyses were also used to check the group difference in participants’ self-reported intrinsic 

motivation and cognitive load between the two learning stages.  

Tests of statistical significance controlled the Type 1 error rate at 0.05. 

8.2 Results   

8.2.1 Can We Consider Two Groups of Participants as Equivalent? 

In this experiment, participants were randomly assigned to conditions, with the 

expectation that the participants in two conditions would be equivalent in terms of prior 

ability. 

An independent samples t-test was conducted to compare participants’ prior 

calculation abilities. As introduced in the earlier section, the pre-test score was normally 

distributed in both conditions, meeting the normality assumption of the t-test. The assumption 

of homogeneity of variance was also satisfied, F(1, 95) = 0.06, p = .814. Analysis showed 

that two conditions did not differ on pre-test scores, t (95) = 0.65, p = .516, d = 0.13, 95% CI 

[-0.27, 0.53], with similar means in the non-alternating condition (M = 60.46, SD = 14.92) 

and the alternating condition (M = 58.53, SD = 14.17). Thus, participants’ prior calculation 

ability was considered equivalent in the two conditions. 

Mann-Whitney U test (Mann & Whitney, 1947) was used to analyse participants’ 

handedness across conditions as a supplementary method of the t-test, because neither the 

assumption of normality nor the assumption of homogeneity of variance was met. The result 

of the Mann-Whitney U test was significant, U = 925.5, z = -2.13, p = .034, indicating that 

participants in the non-alternating condition had lower handedness scores (M = 0.82, SD = 



246 

 

0.33) than those in the alternating condition (M = 0.94, SD = 0.13).  

Fisher's exact test (Upton, 1992) was used to analyse participants’ gender distribution 

across conditions because of its suitability for small sample sizes, instead of the Pearson chi-

square test (Pearson, 1900), which required every cell’s frequencies to be bigger than five 

(Kim, 2016). In the current study, there was an option of “prefer not to say” that was selected 

by only one participant, which did not meet the basic requirements of the chi-squared test. 

Fisher's exact test indicated that the non-alternating condition and the alternating condition 

were not equivalent in terms of the distribution of gender, p = .020. More male participants 

were assigned to the non-alternating condition (12 participants) compared to the alternating 

condition (four participants), but this difference was not considered to be a substantive 

concern. 

8.2.2 Learning Performance 

Did Participants’ Prior Abilities Affect Their Learning Performance? Though 

participants’ prior calculation ability knowledge can be considered equivalent at the group 

level, the results of previous experiments suggested the possible influence of participants’ 

prior calculation ability on learning at the individual level. To control for this potential 

influence, we need to confirm again whether individuals’ calculation abilities were correlated 

with their learning performance. A correlational analysis was used to investigate the potential 

relationship between them. As Table 19 shows, participants’ pre-test scores were significantly 

correlated with all types of learning performance. Thus, the pre-test scores were considered as 

a covariate to avoid the influence of preexisting differences between individuals in the 
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following analyses. 

Besides the pre-test score, the practice score (first stage) was also significantly 

correlated with the immediate post-test score and the delayed post-test score. In Experiment 

3, all participants received the same learning material in the first stage of learning. The 

practice score (first stage) was significantly correlated with all following learning variables, 

indicating its potential as an additional covariate.  

The pre-test score represented participants’ calculation ability, so Experiment 1 and 

Experiment 2 treated the pre-test score as participants’ prior abilities. However, the researcher 

observed some individual cases in previous experiments where some participants performed 

very well in the pre-test calculations but encountered many difficulties during the worked 

example learning. Participants’ calculation abilities cannot fully represent their ability to learn 

the specific mental math problem in the current research. Another factor that could represent 

participants’ learning abilities in the current research is therefore desirable.
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Table 19 

Correlations Between Pre-test Score and Learning Performance in Experiment 3 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 11 12 13 

1. Pre-test Score (/180) 97 59.49 14.51 —             

2. Practice Score (First Stage) 

(/3) 
97 2.37 0.83 .20* —            

3. Practice Time to Solution 

(First Stage) (/90) 
97 56.41 16.94 -.38*** -.73*** —           

4. Practice Score (Second Stage) 

(/3) 
97 2.77 0.42 .39*** .18 -.32** —          

5. Practice Time to Solution 

(Second Stage) (/90) 
97 44.47 11.95 -.45*** -.37*** .57*** -.52*** —         

6. Immediate Post-Test Score 

(/20) 
97 11.43 4.86 .56*** .25* -.37*** .35*** -.45*** —        

7. Immediate Post-Test Time to 

Solution (/400) 
97 331.55 41.56 -.67*** -.22* .47*** -.35*** .50*** -.83*** —       

8. Immediate Post-Test Similar 

Score (/12) 
97 7.07 2.71 .61*** .29** -.40*** .36*** -.49*** .91*** -.83*** —      

9. Immediate Post-Test Transfer 

Score (/8) 
97 4.51 2.35 .54*** .23* -.42*** .34*** -.45*** .88*** -.82*** .74*** —     

10. Delayed Post-Test Score (/20) 96 13.19 4.61 .54*** .22* -.29** .30** -.38*** .67*** -.63*** .66*** .66*** —    

11. Delayed Post-Test Time to 

Solution (/400) 
96 307.55 50.66 -.73*** -.16 .34*** -.32** .41*** -.68*** .81*** -.67*** -.69*** -.81*** —   

12. Delayed Post-Test Similar 

Score (/10) 
96 7.34 2.25 .45*** .19 -.23* .25* -.31** .55*** -.48*** .56*** .50*** .89*** -.66*** —  

13. Delayed Post-Test Transfer 

Score (/10) 
96 5.84 2.82 .58*** .21* -.28** .29** -.38*** .67*** -.65*** .63*** .68*** .93*** -.80*** .65*** — 

Note. * p < .05, ** p < .01 *** p < .001
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Both the practice score (first stage) and the practice time to solution (first stage) can 

represent distinct forms of relevant prior knowledge in relation to student learning in the 

second phase. Checking these two factors’ correlation with other learning performance 

factors, the first-stage practice time to solution showed a more significant and higher 

correlation than the first-stage practice score (see Table 19). In addition, the practice time to 

solution (first stage) had a more detailed and discriminative distribution than the practice 

score (first stage). The practice score (first stage) only had four different values: 0, 1, 2, and 

3, and inspection of Table 19 reveals the strong likelihood of a ceiling effect on this variate 

(mean score of 2.37 out of a maximum possible 3 marks). In contrast, the value of the 

practice time to solution (first stage) ranged from 0 to 90. Thus, the practice time to solution 

(first stage) was considered more suitable as an additional covariate that represented 

participants’ learning abilities in the context of the mental mathematics strategy.  

To apply two covariates in the data analysis process, we need to make sure that these 

two covariates meet the basic requirements. These two covariates were selected not only 

because of the correlation index but also because they were logically suitable as indices of 

participants’ prior abilities. The latter reason was particularly important when deciding to 

conduct a multi-covariate analysis (Tabachnick & Fidell, 2007). The correlation between the 

pre-test scores and the practice time to solution (first stage) was significant but not strong 

(Pearson's r = -0.38, p < 0.001), indicating a low risk of multicollinearity problem (Cohen et 

al., 2002). Thus, the pre-test scores and the practice time to solution (first stage) were treated 

as two covariates in the following learning performance analysis.  

How Did Participants Perform in the Practice Phase? Since participants’ prior 
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abilities were found to correlate with their learning performance, the ANCOVA test (Fox et 

al., 2024) was used to compare participants' learning performance in the practice phase across 

the two conditions. Statistical analyses controlled the Type 1 error rate at 0.05. Two 

indicators, first-stage practice score and first-stage practice time to solution, were separately 

analysed with the same data processing procedure.  

For the first-stage practice score, homogeneity of variances was found via the Levene 

(1960) test, F(1, 95) = 0.71, p = .403, meeting the assumption of homoscedasticity. However, 

the normality of residuals was not found via the Lilliefors (1967) test (D = 0.21, p < .001). 

Though the normality assumption was not satisfied, the ANCOVA analysis was still applied, 

referring to Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness 

when either the assumption of normality or the assumption of homoscedasticity was violated 

in isolation. The interaction effect between condition and prior abilities was not statistically 

significant, F(1, 93) = 1.63, p = .205, η²p = .02; thus, ANCOVA’s assumption of homogeneity 

of regression slopes was met. As expected, the main effect of prior calculation ability was 

statistically significant, F(1, 94) = 4.01, p = .048, η²p = .04; participants with higher pre-test 

scores also gained higher practice scores. The main effect of condition was not statistically 

significant, F(1, 94) = 0.11, p = .739, η²p = .00; participants in the non-alternating condition 

(estimated marginal M = 2.34, SE = .12) solved problems correctly at a similar rate to those in 

the alternating condition (estimated marginal M = 2.40, SE = .12). While no difference 

between conditions was hypothesised for Stage 1 practice questions, this result should 

nonetheless be viewed with some caution due to the likely ceiling effect for this variate.  

For first-stage practice time to solution, homogeneity of variances was found via 
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Levene’s (1960) test, F(1, 95) = 3.05, p = .084, meeting the assumption of homoscedasticity. 

The normality of residuals was found via the Lilliefors (1967) test (D = 0.08, p = .187). The 

interaction effect between the condition and the prior abilities was not found, F(1, 93) = 0.00, 

p = .996, showing that the assumption of homogeneity of regression slopes was met. Similar 

results on the main effects were found. The main effect of prior ability was statistically 

significant, F(1, 94) = 15.36, p < .001, η²p = .14; participants with higher pre-test scores spent 

less time finishing practice questions. The main effect of condition was not found, F(1, 94) = 

0.15, p = .700, η²p = .00; participants in the non-alternating condition (estimated marginal M 

= 55.78, SE = 2.29) spent similar time finishing practice questions to those in the alternating 

condition (estimated marginal M = 57.03, SE = 2.27).  

In summary, aligning with H1a, both indicators showed that participants in the non-

alternating condition performed the same as those in the alternating condition on the first-

stage practice questions.  

To analyse participants’ second-stage practice performance, a two-covariate ANCOVA 

test was applied. As introduced in the earlier section, participants' pre-test scores and their 

first-stage practice time to solution were included as covariates simultaneously to analyse 

participants' second-stage performance. Statistical analyses controlled the Type 1 error rate at 

0.05. Two indicators, second-stage practice score and second-stage practice time to solution, 

were separately analysed with the same data processing procedure.  

For the second-stage practice score, homogeneity of variances was found via the 

Levene (1960) test, F(1, 95) = 0.71, p = .401, meeting the assumption of homoscedasticity. 

However, the normality of residuals was not found via the Lilliefors (1967) test (D = 
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0.17, p < .001). Though the normality assumption was not satisfied, the ANCOVA analysis 

was still applied, referring to Olejnik and Algina’s (1984) findings that ANCOVA 

demonstrated robustness when either the assumption of normality or the assumption of 

homoscedasticity was violated in isolation. No two-way or three-way interaction effects were 

found; thus, ANCOVA’s assumption of homogeneity of regression slopes was met. As 

expected, the main effect of prior calculation ability was statistically significant, F(1, 93) = 

9.64, p = .003, η²p = .09; participants with higher pre-test scores also gained higher second-

stage practice scores. The main effect of prior learning ability was marginally significant, 

F(1, 93) = 3.89, p = .052, η²p = .04; participants who spent less time completing first-stage 

practice questions gained higher second-stage practice scores. The main effect of the 

condition was not statistically significant, F(1, 93) = 0.41, p = .525, η²p = .00; participants in 

the non-alternating condition (estimated marginal M = 2.80, SE = 0.06) gained similar 

second-stage practice scores as those in the alternating condition (estimated marginal M = 

2.75, SE = 0.06). However, this result should be viewed with some caution due to the likely 

ceiling effect for this variate.  

For second-stage practice time to solution, the normality of residuals was found via 

the Lilliefors (1967) test (D = 0.07, p = .199). However, homogeneity of variances was not 

found via Levene’s (1960) test, F(1, 95) = 5.16, p = .025, violating the assumption of 

homoscedasticity. Though the homoscedasticity assumption was not satisfied, the ANCOVA 

analysis was still applied, referring to Olejnik and Algina’s (1984) findings that ANCOVA 

demonstrated robustness when either the assumption of normality or the assumption of 

homoscedasticity was violated in isolation. No two-way or three-way interaction effects were 
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found; thus, ANCOVA’s assumption of homogeneity of regression slopes was met. The main 

effect of prior calculation ability was statistically significant, F(1, 93) = 9.79, p = .002, η²p 

= .10; participants with higher pre-test scores spent less time finishing second-stage practice 

questions. The main effect of prior learning ability was also statistically significant, F(1, 93) 

= 28.90, p < .001, η²p = .24; participants who spent less time completing first-stage practice 

questions spent less time finishing second-stage practice questions. The main effect of 

condition was not found, F(1, 93) = 0.73, p = .397, η²p = .01; participants in the non-

alternating condition (estimated marginal M = 45.30, SE = 1.37) spent similar time finishing 

second-stage practice questions to those in the alternating condition (estimated marginal M = 

43.66, SE = 1.36).  

Contrary to H1b, both indicators showed that participants in the non-alternating 

condition performed similarly to those in the alternating condition on the second-stage 

practice questions.  

How Did Participants Perform in the Immediate Post-Test Phase? A two-

covariate ANCOVA test (Fox et al., 2024) was used to compare participants’ learning 

performance in the immediate post-test in two conditions. Analyses controlled the 

Type 1 error rate at 0.05. Two indicators, immediate post-test score and immediate 

post-test time to solution, were separately analysed with the same data processing 

procedure.   

For the immediate post-test score, homogeneity of variances was found via the 

Levene (1960) test, F(1, 95) = 0.00, p = .987, meeting the assumption of homoscedasticity. 

The normality of residuals was found via the Lilliefors (1967) test (D = 0.08, p = .092). No 
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two-way or three-way interaction effect was found; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

statistically significant, F(1, 93) = 30.91, p < .001, η²p = .25; participants with higher pre-test 

scores also gained higher immediate post-test scores. The main effect of prior learning ability 

was statistically significant, F(1, 93) = 4.49, p = .037, η²p = .05; participants who spent less 

time completing first-stage practice questions gained higher immediate post-test scores. The 

main effect of the condition was not statistically significant, F(1, 93) = 1.43, p = .235, η²p 

= .02; participants in the non-alternating condition (estimated marginal M = 10.95, SE = 0.57) 

gained similar immediate post-test scores to those in the alternating condition (estimated 

marginal M = 11.91, SE = 0.57).  

For immediate post-test time to solution, homogeneity of variances was found via the 

Levene (1960) test, F(1, 95) = 0.33, p = .570, meeting the assumption of homoscedasticity. 

However, the normality of residuals was not found via the Lilliefors (1967) test (D = 

0.10, p = .027). Though the normality assumption was not satisfied, the ANCOVA analysis 

was still applied, referring to Olejnik and Algina’s (1984) findings that ANCOVA 

demonstrated robustness when either the assumption of normality or the assumption of 

homoscedasticity was violated in isolation. No two-way or three-way interaction effect was 

found; thus, ANCOVA’s assumption of homogeneity of regression slopes was met. The main 

effect of prior calculation ability was statistically significant, F(1, 93) = 51.37, p < .001, η²p 

= .36; participants with higher pre-test scores spent less time finishing immediate post-test 

questions. The main effect of prior learning ability was also statistically significant, F(1, 93) 

= 10.97, p = .001, η²p = .11; participants who spent less time completing first-stage practice 
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questions spent less time finishing immediate post-test questions. The main effect of 

condition was not found, F(1, 93) = 1.78, p = .185, η²p = .02; participants in the non-

alternating condition (estimated marginal M = 335.64, SE = 4.31) spent similar time finishing 

immediate post-test questions to those in the alternating condition (estimated marginal M = 

327.54, SE = 4.27).  

Contrary to H6a, both indicators showed that participants in the non-alternating 

condition performed similarly to those in the alternating condition on the total immediate 

post-test questions.  

To further explore tracing’s effect, participants’ performance on similar questions and 

transfer questions in the immediate post-test was separately analysed. As previously noted, 

the worked examples in Experiment 3 only covered difficulty levels 1 to 3, but level 4 test 

questions were included in the immediate and delayed post-test. Thus, level 4 questions are 

considered transfer questions in the current research, in contrast to similar questions. 

Participants’ test score on similar questions and transfer questions was separately analysed 

following the same procedure as before. Two-covariate ANCOVA tests were applied. 

For the similar question score, homogeneity of variances was found via the Levene 

(1960) test, F(1, 95) = 3.44, p = .067, meeting the assumption of homoscedasticity. The 

normality of residuals was found via the Lilliefors (1967) test (D = 0.06, p = .539). No two-

way or three-way interaction effect was found; thus, ANCOVA’s assumption of homogeneity 

of regression slopes was met. The main effect of prior calculation ability was statistically 

significant, F(1, 93) = 40.22, p < .001, η²p = .30; participants with higher pre-test scores 

solved more similar questions in the immediate post-test. The main effect of prior learning 
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ability was statistically significant, F(1, 93) = 5.59, p = .020, η²p = .06; participants who 

spent less time completing first-stage practice questions solved more similar questions in the 

immediate post-test. The main effect of the condition was not statistically significant, F(1, 

93) = 2.05, p = .156, η²p = .02; participants in the non-alternating condition (estimated 

marginal M = 6.76, SE = 0.30) solved similar questions in the immediate post-test as similar 

levels to those in the alternating condition (estimated marginal M = 7.38, SE = 0.30).  

Contrary to H6b, participants in the non-alternating condition performed similarly to 

those in the alternating condition on the similar immediate post-test questions.  

For the transfer question score, homogeneity of variances was found via the Levene 

(1960) test, F(1, 95) = 0.35, p = .555, meeting the assumption of homoscedasticity. The 

normality of residuals was found via the Lilliefors (1967) test (D = 0.06, p = .543). No two-

way or three-way interaction effects were found; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

statistically significant, F(1, 93) = 25.18, p < .001, η²p = .21; participants with higher pre-test 

scores solved more transfer questions in the immediate post-test. The main effect of prior 

learning ability was statistically significant, F(1, 93) = 8.49, p = .004, η²p = .08; participants 

who spent less time completing first-stage practice questions solved more transfer questions 

in the immediate post-test. The main effect of condition was marginally statistically 

significant, F(1, 93) = 3.07, p = .083, η²p = .03; participants in the alternating condition 

(estimated marginal M = 4.84, SE = 0.27) tended to solve more transfer questions in the 

immediate post-test compared to those in the non-alternating condition (estimated marginal 

M = 4.16, SE = 0.28).  
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Consistent with H6c, there is tentative evidence that participants in the alternating 

condition performed better than those in the non-alternating condition on the transfer 

immediate post-test questions.  

How Did Participants Perform in the Delayed Post-Test Phase? A two-covariate 

ANCOVA test (Fox et al., 2024) was used to compare participants’ learning 

performance in the delayed post-test in two conditions. Analyses controlled the Type 1 

error rate at 0.05. Two indicators, delayed post-test score and delayed post-test time to 

solution, were separately analysed with the same data processing procedure.   

For the delayed post-test score, homogeneity of variances was found via the Levene 

(1960) test, F(1, 94) = 2.94, p = .090, meeting the assumption of homoscedasticity. The 

normality of residuals was found via the Lilliefors (1967) test (D = 0.08, p = .121). No two-

way or three-way interaction effects were found; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

statistically significant, F(1, 92) = 36.59, p < .001, η²p = .28; participants with higher pre-test 

scores also gained higher delayed post-test scores. However, the main effect of prior learning 

ability was not significant, F(1, 92) = 0.93, p = .337, η²p = .01. As the prior learning ability 

was not effective as a covariate in this ANCOVA model, it was then excluded from the model 

so as not to lower the power of this analysis (Tabachnick & Fidell, 2014). 

One covariate ANCOVA analysis was conducted for the delayed post-test score. 

Homogeneity of variances was found via the Levene (1960) test, F(1, 94) = 3.28, p = .073, 

meeting the assumption of homoscedasticity. The normality of residuals was found via the 

Lilliefors (1967) test (D = 0.07, p = .792). No interaction effect was found; thus, ANCOVA’s 
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assumption of homogeneity of regression slopes was met. The main effect of prior calculation 

ability was statistically significant, F(1, 93) = 47.97, p < .001, η²p = .34. The main effect of 

condition was marginally significant, F(1, 93) = 3.21, p = .076, η²p = .03; participants in the 

alternating condition (estimated marginal M = 13.88, SE = 0.54) tended to score higher on the 

delayed post-test than those in the non-alternating condition (estimated marginal M = 12.50, 

SE = 0.54).  

For the delayed post-test time to solution, homogeneity of variances was found via the 

Levene (1960) test, F(1, 94) = 0.01, p = .935, meeting the assumption of homoscedasticity. 

The normality of residuals was also found via the Lilliefors (1967) test (D = 0.06, p = .452). 

No two-way or three-way interaction effects were found; thus, ANCOVA’s assumption of 

homogeneity of regression slopes was met. The main effect of prior calculation ability was 

statistically significant, F(1, 92) = 84.19, p < .001, η²p = .48; participants with higher pre-test 

scores spent less time finishing delayed post-test questions. However, the main effect of prior 

learning ability was not significant, F(1, 92) = 1.09, p = .298, η²p = .01. As the prior learning 

ability was not effective as a covariate in this ANCOVA model, it was then excluded from the 

model so as not to lower the power of this analysis (Tabachnick & Fidell, 2014). 

One covariate ANCOVA analysis was conducted for the delayed post-test time to 

solution. Homogeneity of variances was found via the Levene (1960) test, F(1, 94) = 0.00, p 

= .980, meeting the assumption of homoscedasticity. The normality of residuals was found 

via the Lilliefors (1967) test (D = 0.06, p = .848). No interaction effect was found; thus, 

ANCOVA’s assumption of homogeneity of regression slopes was met. The main effect of 

prior calculation ability was statistically significant, F(1, 93) = 106.63, p < .001, η²p = .53. 
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The main effect of condition was not significant, F(1, 93) = 0.35, p = .558, η²p = .00; 

participants in the non-alternating condition (estimated marginal M = 309.65, SE = 5.05) 

spent similar time finishing delayed post-test questions to those in the alternating condition 

(estimated marginal M = 305.46, SE = 5.05).  

Partially consistent with H7a, the delayed post-test score showed that participants in 

the alternating condition tended to perform better than those in the non-alternating condition. 

However, the delayed post-test time to solution showed that the non-alternating condition 

performed similarly to those in the alternating condition on the total delayed post-test 

questions. As the test score was the first priority indicator, H7a is tentatively supported in the 

current experiment.  

To further explore tracing’s effect, participants’ performance on similar questions and 

transfer questions in the delayed post-test were separately analysed. As with the analysis 

procedure for the immediate post-test, two-covariate ANCOVA tests were applied. 

For similar question scores in the delayed post-test, homogeneity of variances was not 

found via the Levene (1960) test, F(1, 94) = 4.57, p = .035, violating the assumption of 

homoscedasticity. The normality of residuals was found via the Lilliefors (1967) test (D = 

0.09, p = .063). Though the homoscedasticity assumption was not satisfied, the ANCOVA 

analysis was still applied, referring to Olejnik and Algina’s (1984) findings that ANCOVA 

demonstrated robustness when either the assumption of normality or the assumption of 

homoscedasticity was violated in isolation. No two-way or three-way interactions were 

found; thus, ANCOVA’s assumption of homogeneity of regression slopes was met. The main 

effect of prior calculation ability was statistically significant, F(1, 92) = 18.68, p < .001, η²p 
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= .17; participants with higher pre-test scores also solved more similar questions in the 

delayed post-test. The main effect of prior learning ability was not significant, F(1, 92) = 

0.60, p = .440, η²p = .01. The main effect of the condition was not statistically significant, 

F(1, 92) = 2.68, p = .105, η²p = .03; participants in the non-alternating condition (estimated 

marginal M = 7.01, SE = 0.29) solved a similar number of similar questions in the delayed 

post-test to those in the alternating condition (estimated marginal M = 7.68, SE = 0.29).  

Contrary to H7b, participants in the non-alternating condition performed similarly to 

those in the alternating condition on the similar delayed post-test questions.  

For transfer question scores in the delayed post-test, homogeneity of variances was 

found via the Levene (1960) test, F(1, 94) = 0.43, p = .512, meeting the assumption of 

homoscedasticity. The normality of residuals was found via the Lilliefors (1967) test (D = 

0.07, p = .321). No two-way or three-way interaction effects were found; thus, ANCOVA’s 

assumption of homogeneity of regression slopes was met. The main effect of prior calculation 

ability was statistically significant, F(1, 92) = 37.42, p < .001, η²p = .29; participants with 

higher pre-test scores also had a higher transfer question score in the delayed post-test. 

However, the main effect of prior learning ability was not significant, F(1, 92) = 0.81, p 

= .370, η²p = .01. As the prior learning ability was not effective as a covariate in this 

ANCOVA model, it was then excluded from the model so as not to lower the power of this 

analysis (Tabachnick & Fidell, 2014). 

One covariate ANCOVA analysis was conducted for the delayed post-test time to 

solution. Homogeneity of variances was found via the Levene (1960) test, F(1, 94) = 0.62, p 

= .434, meeting the assumption of homoscedasticity. The normality of residuals was found 
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via the Lilliefors (1967) test (D = 0.08, p = .619). No interaction effect was found; thus, 

ANCOVA’s assumption of homogeneity of regression slopes was met. The main effect of 

prior calculation ability was statistically significant, F(1, 93) = 48.69, p < .001, η²p = .34. The 

main effect of the condition was not significant, F(1, 93) = 2.34, p = .130, η²p = .02; 

participants in the non-alternating condition (estimated marginal M = 5.49, SE = 0.33) solved 

a similar number of transfer questions in the delayed post-test to those in the alternating 

condition (estimated marginal M = 6.20, SE = 0.33).  

Contrary to H7c, participants in the non-alternating condition performed similarly to 

those in the alternating condition on the transfer delayed post-test questions.  

How Did Participants’ Learning Performance Change Between the Immediate Post-Test 

and the Delayed Post-Test? To further analyse the change in participants’ mastery level 

between the immediate post-test and the delayed post-test, a repeated measures ANCOVA 

(Algina, 1982) was conducted. As applied in the previous ANCOVA analysis, the pre-test 

score and the first-stage practice time to solution worked as the covariates because they were 

correlated with participants’ immediate post-test performance and delayed post-test 

performance. Four indicators, the test score, the time to solution, the similar questions 

accuracy rate, and the transfer questions accuracy rate, were separately analysed with the 

same data processing procedure. The accuracy rates were calculated by dividing the number 

of questions answered correctly by the total number of corresponding questions. The 

accuracy rates were used to analyse participants’ learning performance on the similar 

questions and the transfer questions because the total number of similar and transfer 
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questions was different in the immediate post-test and in the delayed post-test. 

For the test score, homogeneity of variances was found via the Levene (1960) test 

both in the immediate post-test, F(1, 94) = 1.97, p = .163, and the delayed post-test, F(1, 94) 

= 3.68, p = .058, meeting the assumption of homoscedasticity. However, the normality of 

residuals was not found via the Lilliefors (1967) test (D = 0.06, p = .048). Though the 

normality assumption was not satisfied, the ANCOVA analysis was still applied, based on 

Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness when either the 

assumption of normality or the assumption of homoscedasticity was violated in isolation.  

The main effect for test time was significant, F(1, 92) = 19.25, p < .001, η²p = .17, 

indicating there were significant differences between the immediate post-test score and 

delayed post-test score; participants gained higher test scores in the delayed post-test 

(estimated marginal M = 13.19, SE = 0.38) than in the immediate post-test (estimated 

marginal M = 11.46, SE = 0.41). The main effect for pre-test score was significant, F(1, 92) = 

44.66, p < .001, η²p = .33, indicating participants with higher prior calculation ability also 

gained higher test scores. The main effect for first-stage practice time was marginally 

significant, F(1, 92) = 3.14, p = .080, η²p = .03, indicating participants with higher prior 

learning ability also gained higher test scores. The main effect for the condition was 

marginally significant, F(1, 92) = 2.89, p = .093, η²p = .03, indicating participants in the 

alternating condition gained higher test scores (estimated marginal M = 12.90, SE = 0.48) 

than in the non-alternating condition (estimated marginal M = 11.74, SE = 0.48). The 

interaction effect between the test time and condition was not significant, F(1, 92) = 0.38, p 

= .537, η²p = .00, indicating that participants allocated to different conditions had similar 
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trends of change on their test scores during the 24-hour delayed time. The interaction effect 

between the test time and pre-test scores was also not significant, F(1, 92) = 0.04, p = .853, 

η²p = .00, indicating that participants with different prior calculation ability had similar trends 

of change on their test scores during the 24-hour delayed time. The interaction effect between 

the test time and first-stage practice time to solution was also not significant, F(1, 92) = 1.43, 

p = .235, η²p = .02, indicating that participants with different prior learning ability have 

similar trends of change on their test scores during the 24-hour delayed time.  

For time to solution, homogeneity of variances was found via the Levene (1960) test 

both in the immediate post-test, F(1, 94) = 0.12, p = .736, and the delayed post-test, F(1, 94) 

= 0.00, p = .991, meeting the assumption of homoscedasticity. However, the normality of 

residuals was not found via the Lilliefors (1967) test (D = 0.08, p = .006). Though the 

normality assumption was not satisfied, the ANCOVA analysis was still applied, based on 

Olejnik and Algina’s (1984) findings that ANCOVA demonstrated robustness when either the 

assumption of normality or the assumption of homoscedasticity was violated in isolation.  

The main effect for the test time was significant, F(1, 92) = 67.90, p < .001, η²p = .43, 

indicating there were significant differences between the immediate post-test time to solution 

and delayed post-test time to solution; participants spent less time to completing the test 

questions in the delayed post-test (estimated marginal M = 307.55, SE = 3.57) than in the 

immediate post-test (estimated marginal M = 331.20, SE = 3.06). The main effect for the 

condition was not significant, F(1, 92) = 1.06, p = .307, η²p = .01, indicating participants in 

the non-alternating condition spent similar time to complete post-tests (estimated marginal M 

= 322.47, SE = 4.25) to those in the alternating condition (estimated marginal M = 316.28, SE 



264 

 

= 4.25). The main effect for pre-test score was significant, F(1, 92) = 82.00, p < .001, η²p 

= .47, indicating participants with higher prior calculation ability also gained higher test 

scores. The main effect for first-stage practice time was significant, F(1, 92) = 5.22, p = .025, 

η²p = .05, indicating participants with higher prior learning ability also gained higher test 

scores. The interaction effect between the test time and condition was not significant, F(1, 92) 

= 0.34, p = .562, η²p = .00, indicating that participants in different conditions have similar 

trends of change in their test time to solution during the 24-hour delayed time. 

The interaction effect between the test time and pre-test scores was significant, F(1, 

92) = 15.21, p < .001, η²p = .14, indicating that participants with different prior calculation 

ability had different trends of change in their test time to solution during the 24-hour delayed 

time. To further check the specific “turning point” of the interaction effect, a Johnson-

Neyman analysis (Johnson & Fay, 1950; Johnson & Neyman, 1936) was applied to pick the 

exact point (Hayes & Matthes, 2009). Johnson-Neyman analysis treats each value of the 

moderator as a possible “turning point” where the effect of the focal predictor may shift from 

non-significance to significance (Krishna, 2016), identifying a specific range of the pre-test 

score where the effect of test time is significant and non-significant in current research 

(Hayes & Matthes, 2009). This analysis showed the effect of time was only significant when 

participants’ pre-test total score was higher than 42.68, covering 87.50% (84 participants) of 

total observations (96 participants). As Figure 30 shows, participants with higher pre-test total 

scores reduced more in the time completing the test questions in the delayed post-test. 

Combining the results of the Johnson-Neyman analysis, we can conclude that participants 

whose pre-test total score was higher than 42.68 spent significantly less time completing the 
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questions in the delayed post-test compared to the immediate post-test.  

 

Figure 30 

Participants’ Time to Solution Under Similar Pre-Test Scores in Immediate Post-Test and 

Delayed Post-Test in Experiment 3 
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The interaction effect between the test time and first-stage practice time to solution 

was also significant, F(1, 92) = 4.86, p = .030, η²p = .05, indicating that participants with 

different prior learning ability may have different trends of change in their test time to 

solution during the 24-hour delayed time. To further check the specific “turning point” of the 

interaction effect, a Johnson-Neyman analysis (Johnson & Fay, 1950; Johnson & Neyman, 

1936) was applied to pick the exact point (Hayes & Matthes, 2009). Johnson-Neyman 

analysis treats each value of the moderator as a possible “turning point” where the effect of 

the focal predictor may shift from non-significance to significance (Krishna, 2016), 

identifying the specific range of the first-stage practice time to solution where the effect of 

test time is significant and non-significant in current research (Hayes & Matthes, 2009). This 

analysis showed the effect of time was only significant when participants’ first-stage practice 

time to solution was longer than 27.00, covering 98.96% (95 participants) of total 

observations (96 participants). As Figure 31 shows, participants with longer first-stage 

practice time to solution reduced more in the time completing the questions in the delayed 

post-test. Combining the results of the Johnson-Neyman analysis, we can conclude that 

participants whose first-stage practice time to solution was longer than 27.00 spent 

significantly less time completing the questions in the delayed post-test compared to the 

immediate post-test.  
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Figure 31 

Participant’s Time to Solution Under Similar First-Stage Practice Time to Solution in 

Immediate Post-Test and Delayed Post-Test in Experiment 3 

 

 

For the similar question’s accuracy rate, homogeneity of variances was found via the 

Levene (1960) test in the delayed post-test, F(1, 94) = 2.61, p = .110, but not in the 

immediate post-test, F(1, 94) = 5.69, p = .019. The normality of residuals was not found via 

the Lilliefors (1967) test (D = 0.06, p = .060). Though the homoscedasticity assumption was 

not satisfied, the ANCOVA analysis was still applied, referring to Olejnik and Algina’s (1984) 

findings that ANCOVA demonstrated robustness when either the assumption of normality or 

the assumption of homoscedasticity was violated in isolation.   

The main effect for the test time was significant, F(1, 92) = 45.41, p < .001, η²p = .33, 

indicating there were significant differences on similar question accuracy rate between the 

immediate post-test and delayed post-test; participants had higher accuracy rate in the 

delayed post-test (estimated marginal M = 0.73, SE = 0.02) than in the immediate post-test 
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(estimated marginal M = 0.59, SE = 0.02). The main effect for the condition was marginally 

significant, F(1, 92) = 3.31, p = .072, η²p = .04, indicating participants in the alternating 

condition gained higher test scores (estimated marginal M = 0.73, SE = 0.02) than in the non-

alternating condition post-test (estimated marginal M = 0.59, SE = 0.02). The main effect for 

pre-test score was significant, F(1, 92) = 39.21, p < .001, η²p = .30, indicating participants 

with higher prior calculation ability also gained higher test scores. The main effect for first-

stage practice time was marginally significant, F(1, 92) = 3.23, p = .075, η²p = .03, indicating 

participants with higher prior learning ability also gained higher test scores. 

The interaction effect between the test time and condition was not significant, F(1, 

92) = 0.17, p = .682, η²p = .00, indicating that participants allocated to different conditions 

had similar trends of change in their similar question accuracy rate during the 24-hour 

delayed time. The interaction effect between the test time and pre-test scores was also not 

significant, F(1, 92) = 1.23, p = .270, η²p = .01, indicating that participants with different 

prior calculation ability had similar trends of change in their similar question accuracy rate 

during the 24-hour delayed time. The interaction effect between the test time and first-stage 

practice time to solution was also not significant, F(1, 92) = 1.48, p = .228, η²p = .02, 

indicating that participants with different prior learning ability had similar trends of change in 

their similar question accuracy rate during the 24-hour delayed time.  

For the transfer question’s accuracy rate, homogeneity of variances was found via the 

Levene (1960) test both in the immediate post-test, F(1, 94) = 0.08, p = .775, and the delayed 

post-test, F(1, 94) = 1.87, p = .175, meeting the assumption of homoscedasticity. The 

normality of residuals was found via the Lilliefors (1967) test (D = 0.03, p = .930).  
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The main effect for the test time was not significant, F(1, 92) = 0.74, p = .391, η²p 

= .01, indicating there was no significant differences on transfer question accuracy rate 

between the immediate post-test and delayed post-test; participants had similar accuracy rate 

in the immediate post-test (estimated marginal M = 0.56, SE = 0.02) and in the delayed post-

test (estimated marginal M = 0.58, SE = 0.02). The main effect for the condition was 

marginally significant, F(1, 92) = 3.45, p = .066, η²p = .04, indicating participants in the 

alternating condition gained higher test scores (estimated marginal M = 0.61, SE = 0.03) than 

in the non-alternating condition post-test (estimated marginal M = 0.54, SE = 0.03). The main 

effect for pre-test score was significant, F(1, 92) = 41.16, p < .001, η²p = .31, indicating 

participants with higher prior calculation ability also gained higher test scores. The main 

effect for first-stage practice time was significant, F(1, 92) = 4.77, p = .032, η²p = .05, 

indicating participants with higher prior learning ability also gained higher test scores. The 

interaction effect between test time and condition was not significant, F(1, 92) = 0.03, p 

= .869, η²p = .00, indicating that participants allocated to different conditions had similar 

trends of change on their transfer question accuracy rate during the 24-hour delayed time. The 

interaction effect between the test time and pre-test scores was also not significant, F(1, 92) = 

0.72, p = .398, η²p = .01, indicating that participants with different prior calculation ability 

had similar trends of change on their transfer question accuracy rate during the 24-hour 

delayed time.  

The interaction effect between the test time and first-stage practice time to solution 

was significant, F(1, 92) = 4.25, p = .042, η²p = .04, indicating that participants with different 

prior learning ability had different trends of change in their transfer question accuracy rate 
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during the 24-hour delayed time. To further check the specific “turning point” of the 

interaction effect, a Johnson-Neyman analysis (Johnson & Fay, 1950; Johnson & Neyman, 

1936) was applied to pick the exact point (Hayes & Matthes, 2009). Johnson-Neyman 

analysis treats each value of the moderator as a possible “turning point” where the effect of 

the focal predictor may shift from non-significance to significance (Krishna, 2016), 

identifying the specific range of the first-stage practice time to solution where the effect of 

test time is significant and non-significant in current research (Hayes & Matthes, 2009). This 

analysis showed that the effect of time was only significant when participants’ first-stage 

practice time to solution was longer than 68.93, covering 27.08% (26 participants) of total 

observations (96 participants). As Figure 32 shows, participants with longer first-stage 

practice time to solution gained more positive progress on the transfer question accuracy rate 

in the delayed post-test. Combining the results of the Johnson-Neyman analysis, we can 

conclude that participants whose first-stage practice time to solution was longer than 68.93 

had significantly higher transfer question accuracy rate in the delayed post-test compared to 

the immediate post-test.  
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Figure 32 

Participants’ Transfer Question Accuracy Rate Under Similar First-Stage Practice Time to 

Solution in Immediate Post-Test and Delayed Post-Test in Experiment 3 

 

 

8.2.3 Post-Lesson Self-Report 

Did Participants’ Prior Abilities Affect Their Motivation and Cognitive Load? 

Similar to Experiment 1 and Experiment 2, a correlational analysis was conducted to 

determine prior ability’s relation with self-reports of intrinsic motivation and cognitive load. 

Participants' motivation and cognitive load in the first stage and the second stage were 

separately analysed.  

Table 20 presents detailed results of correlational analyses between participants’ pre-

test scores and first-stage motivation and cognitive load. No intrinsic motivation or any kind 

of cognitive load was found to be significantly correlated with pre-test scores, indicating we 

did not need to consider prior calculation abilities in the following analysis on first-stage 

motivation and cognitive load.  
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Since two covariates, pre-test score and first-stage practice time to solution, were 

included in the analysis of participants’ second-stage learning performance as prior 

calculation ability and learning ability, it was necessary to consider these two factors as 

potential covariates for participants’ second-stage motivation and cognitive load. Both the 

practice score (first stage) and the practice time (first stage) can represent participants’ 

specific learning abilities in the current research. Thus, the correlations between participants’ 

pre-test scores, first-stage practice scores, first-stage practice time to solution, second-stage 

intrinsic motivation and cognitive load were estimated.  

Table 21 presents detailed results of the correlation between participants’ pre-test 

scores, first-stage learning performance and second-stage motivation and cognitive load. The 

first-stage practice score was found to correlate with participants’ second-stage intrinsic 

cognitive load, suggesting it needs to be considered as a covariate in the following analysis.  
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Table 20 

Correlation Between Prior Calculation Ability, First-stage Motivation, and Cognitive Load in 

Experiment 3 

Variable n M SD 1 2 3 4 5 

1. Pre-test Score (/180) 97 59.49 14.51 —     

2. Intrinsic Motivation (/8) 97 5.69 1.48 .17 —    

3. Intrinsic Cognitive Load 

/8) 
97 1.06 1.14 -.06 -.29*** —   

4. Extraneous Cognitive 

Load (/8) 
97 1.40 1.13 -.09 -.39*** .76*** —  

5. Germane Processing (/8) 97 6.23 1.09 .14 .64*** -.57*** -.61*** — 

Note. * p < .05, ** p < .01, *** p < .001 
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Table 21 

Correlation Between Prior Calculation Ability, Prior Learning Ability, Second-stage 

Motivation, and Cognitive Load in Experiment 3 

Variable n M SD 1 2 3 4 5 6 7 

1. Pre-test Score 

(/180) 
97 59.49 14.51 —       

2. Practice Score 

(First Stage) (/4) 
97 2.37 0.83 .20* —      

3. Practice Time to 

Solution (First 

Stage) (/120) 

97 56.41 16.94 -.38*** -.73*** —     

4. Intrinsic 

Motivation (/8) 
97 5.24 1.73 .15 -.14 .16 —    

5. Intrinsic 

Cognitive Load 

(/8) 

97 0.80 1.00 .02 -.24* .16 -.02 —   

6. Extraneous 

Cognitive Load 

(/8) 

97 1.46 1.36 -.05 .01 .01 -.17 .44*** —  

7. Germane 

Processing (/8) 
97 6.04 1.22 .10 -.10 .08 .52*** -.17 -.22* — 

Note. * p < .05, ** p < .01, *** p < .001 

 

As the learning phase was divided into two stages and all participants applied non-

alternating tracing in the first stage, the repeated measure analyses were used to analyse 

participants’ intrinsic motivation and cognitive load in Experiment 3. According to the 
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correlation analyses conducted before, the 2 x 2 ANOVA analyses would be applied to check 

participants’ intrinsic motivation, extraneous cognitive load, and germane processing. The 2 x 

2 ANCOVA analyses would be applied to check participants’ intrinsic cognitive load, setting 

the first-stage practice score as the covariate. 

How Did Participants’ Intrinsic Motivation Change Between the First Stage of 

Learning and the Second Stage of Learning? To analyse the change of participants’ 

intrinsic motivation between the first stage of learning and the second stage of learning, a 

repeated measures ANOVA (Algina, 1982) was conducted. Learning stage was the within-

subject factor in the analysis. The key factor of this analysis was the condition and the 

interaction effect between the condition and the learning stage.  

Homogeneity of variances was found via the Levene (1960) test both in the first stage, 

F(1, 95) = 0.10, p = .751, and the second stage, F(1, 95) = 0.34, p = .559, meeting the 

assumption of homoscedasticity. However, the normality of residuals was not found via the 

Lilliefors (1967) test (D = 0.07, p = .041). Though the normality assumption was not 

satisfied, the ANOVA analysis was still applied, based on Olejnik and Algina’s (1984) 

findings that ANOVA demonstrated robustness when either the assumption of normality or 

the assumption of homoscedasticity was violated in isolation.  

The main effect for the condition was not significant, F(1, 95) = 0.00, p = .993, η²p 

= .00, indicating there was no significant general difference between the non-alternating 

condition and the alternating condition.  

The main effect for the learning stage was significant, F(1, 95) = 15.75, p < .001, η²p 

= .14, indicating there were significant differences between the first-stage intrinsic motivation 
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and the second-stage intrinsic motivation; participants reported higher intrinsic motivation in 

the first stage (estimated marginal M = 5.69, SE = 0.15) than in the second stage (estimated 

marginal M = 5.24, SE = 0.18).  

The interaction effect between the learning stage and condition was also significant, 

F(1, 95) = 4.35, p = .040, η²p = .04, indicating that participants allocated to different 

conditions have different trends of change on intrinsic motivation between the two learning 

stages. As Figure 33 shows, participants in the non-alternating condition had a more 

substantial decline in their intrinsic motivation across the two learning stages compared to 

those in the alternating condition.  

 

Figure 33 

Participants’ Intrinsic Motivation in Two Conditions in the First-Stage Learning and the 

Second-Stage Learning in Experiment 3 

 



277 

 

 

How Did Participants’ Intrinsic Cognitive Load Change Between the First Stage 

of Learning and the Second Stage of Learning? To further analyse the change of 

participants’ intrinsic cognitive load between the first stage of learning and the second stage 

of learning, a repeated measures ANCOVA (Algina, 1982) was conducted. The first-stage 

practice score worked as the covariate because it was correlated with participants’ second-

stage intrinsic cognitive load. Learning stage was the within-subject factor in the analysis. 

The key factor of this analysis was the condition and the interaction effect between the 

condition and the learning stage. 

Homogeneity of variances was found via the Levene (1960) test both in the first stage, 

F(1, 95) = 0.50, p = .481, and the second stage, F(1, 95) = 0.02, p = .883, meeting the 

assumption of homoscedasticity. However, the normality of residuals was not found via the 

Lilliefors (1967) test (D = 0.11, p < .001). Though the normality assumption was not 

satisfied, the ANCOVA analysis was still applied, based on Olejnik and Algina’s (1984) 

findings that ANCOVA demonstrated robustness when either the assumption of normality or 

the assumption of homoscedasticity was violated in isolation.  

The main effect for the condition was not significant, F(1, 94) = 0.97, p = .328, η²p 

= .01, indicating there was no significant general difference in participants’ intrinsic cognitive 

load between the non-alternating condition and the alternating condition.  

The main effect for the learning stage was significant, F(1, 94) = 14.00, p < .001, η²p 

= .13, indicating there were significant differences between the first-stage intrinsic cognitive 

load and the second-stage intrinsic cognitive load; participants reported higher intrinsic 
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cognitive load in the first stage (estimated marginal M = 1.06, SE = 0.11) than in the second 

stage (estimated marginal M = 0.80, SE = 0.10). The interaction effect between the learning 

stage and condition was not significant, F(1, 94) = 0.28, p = .601, η²p = .00, indicating that 

participants allocated to different conditions had similar trends of change on intrinsic 

cognitive load between the two learning stages.  

The interaction effect between the learning stage and the condition was not 

significant, F(1, 94) = 0.28, p = .601, η²p = .00, indicating that participants in different 

conditions had similar trends of change on intrinsic cognitive load between the two learning 

stages. 

The interaction effect between the learning stage and the first-stage practice score was 

marginally significant, F(1, 94) = 3.66, p = .059, η²p = .04, indicating that participants with 

different first-stage practice scores may have had different trends of change on intrinsic 

cognitive load between the two learning stages. Though a marginal significance was detected 

in the analysis, the Johnson-Neyman analysis (Johnson & Fay, 1950; Johnson & Neyman, 

1936) was still applied to further check if there was a specific “turning point” of the 

interaction effect (Hayes & Matthes, 2009). Johnson-Neyman analysis treats each value of 

the moderator as a possible “turning point” where the effect of the focal predictor may shift 

from non-significance to significance (Krishna, 2016), identifying a specific range of the 

first-stage practice score where the effect of the learning stage is significant and non-

significant in current research (Hayes & Matthes, 2009). This analysis showed that the effect 

of the learning stage was only significant when participants’ first-stage practice score was 

lower than 2.95, covering 43.30% (42 participants) of total observations (97 participants). As 
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Figure 34 shows, participants with lower first-stage practice scores reduced more on the 

intrinsic cognitive load in the second stage. Combining the results of the Johnson-Neyman 

analysis, we can conclude that participants whose first-stage practice score was lower than 

2.95 showed a significant decline in their intrinsic cognitive load during the two learning 

stages.  

  

Figure 34 

Participants’ Intrinsic Cognitive Load Under Similar First-Stage Practice Score in the First-

Stage Learning and the Second-Stage Learning in Experiment 3 
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How Did Participants’ Extraneous Cognitive Load Change Between the First 

Stage of Learning and the Second Stage of Learning? To further analyse the 

change in participants’ extraneous cognitive load between the first stage of learning and the 

second stage of learning, a repeated measures ANOVA (Algina, 1982) was conducted. 

Learning stage was the within-subject factor in the analysis. The key factor of this analysis 

was the condition and the interaction effect between the condition and the learning stage. 

Homogeneity of variances was found via the Levene (1960) test both in the first stage, 

F(1, 95) = 0.07, p = .799, and the second stage, F(1, 95) = 1.22, p = .272, meeting the 

assumption of homoscedasticity. However, the normality of residuals was not found via the 

Lilliefors (1967) test (D = 0.10, p < .001). Though the normality assumption was not 

satisfied, the ANOVA analysis was still applied, based on Olejnik and Algina’s (1984) 

findings that ANOVA demonstrated robustness when either the assumption of normality or 

the assumption of homoscedasticity was violated in isolation.  

The main effect for the condition was not significant, F(1, 95) = 1.35, p = .248, η²p 

= .01, indicating there was no significant general difference in participants’ extraneous 

cognitive load between the non-alternating condition and the alternating condition. 

The main effect for the learning stage was not significant, F(1, 95) = 0.25, p = .619, 

η²p = .00, indicating there was no significant difference between the first-stage extraneous 

cognitive load and the second-stage extraneous cognitive load; participants reported similar 

extraneous cognitive load in the first stage (estimated marginal M = 1.40, SE = 0.12) to those 

in the second stage (estimated marginal M = 1.46, SE = 0.14).  

The interaction effect between the learning stage and condition was marginally 
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significant, F(1, 95) = 3.20, p = .077, η²p = .03, indicating that participants allocated to 

different conditions may have different trends of change in extraneous cognitive load 

between the two learning stages. As Figure 35 shows, participants in the non-alternating 

condition had lower extraneous cognitive load in the second stage of learning compared to 

the first stage of learning, while participants in the alternating condition had higher 

extraneous cognitive load in the second stage of learning compared to the first stage of 

learning. 

 

Figure 35 

Participants’ Extraneous Cognitive Load in Two Conditions in the First-Stage Learning and 

the Second-Stage Learning in Experiment 3 
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How Did Participants’ Germane Processing Change Between the First Stage of 

Learning and the Second Stage of Learning? To further analyse the change of 

participants’ extraneous cognitive load between the first stage of learning and the second 

stage of learning, a repeated measures ANOVA (Algina, 1982) was conducted. Learning stage 

was the within-subject factor in the analysis. The key factor of this analysis was the condition 

and the interaction effect between the condition and the learning stage. 

Homogeneity of variances was found via the Levene (1960) test both in the first stage, 

F(1, 95) = 0.85, p = .359, and the second stage, F(1, 95) = 1.10, p = .297, meeting the 

assumption of homoscedasticity. However, the normality of residuals was not found via the 

Lilliefors (1967) test (D = 0.09, p < .001). Though the normality assumption was not 

satisfied, the ANOVA analysis was still applied, based on Olejnik and Algina’s (1984) 

findings that ANOVA demonstrated robustness when either the assumption of normality or 

the assumption of homoscedasticity was violated in isolation.  

The main effect for the condition was not significant, F(1, 95) = 0.04, p = .850, η²p 

= .00, indicating there was no significant general difference in participants’ germane 

processing between the non-alternating condition and the alternating condition. 

The main effect for the learning stage was not significant, F(1, 95) = 2.41, p = .124, 

η²p = .03, indicating there was no significant difference between the first-stage germane 

processing and the second-stage germane processing; participants reported similar germane 

processing in the first stage (estimated marginal M = 6.23, SE = 0.11) and the second stage 

(estimated marginal M = 6.04, SE = 0.13).  

The interaction effect between the learning stage and condition was not significant, 
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F(1, 95) = 0.00, p = .986, η²p = .00, indicating that participants allocated to different 

conditions had similar trends of change in germane processing between the two learning 

stages.  

8.3 Discussion 

8.3.1 How Did Tracing Conditions Affect Participants’ Learning Performance? 

The analyses of the learning performance in Experiment 3 were more complicated 

than those in Experiment 1 and Experiment 2. The learning was divided into two stages in 

Experiment 3, resulting in two stages of practice performance. In the first stages, participants 

in both tracing conditions were requested to trace only via their right hand’s index finger. The 

analysis of this stage was the same as Experiment 1 and Experiment 2; the pre-test score 

worked as the only covariate in the analysis. In the second stage, participants applied 

different tracing strategies according to their assigned condition. The pre-test score and the 

first-stage practice time were both included as covariates in the analysis of immediate and 

delayed post-tests. More indicators were added to the immediate post-test questions and the 

delayed post-test questions. Besides the post-test score and the post-test time that were 

previously applied in Experiment 1 and Experiment 2, analyses of similar test item scores and 

transfer test item scores were also conducted in Experiment 3.  

Table 22 summarises participants’ accuracy rates at different stages in Experiment 3. 

Overall, the participants’ accuracy rates exhibited an “N” shaped curve across the three 

phases. Participants in both groups had medium levels of accuracy in the first stage of the 

practice phase and then had the highest accuracy in the second stage of the practice phase, 

followed by lower accuracy in the immediate post-test phase, and a bit higher accuracy in the 
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delayed post-test phase. These findings were a little different from the trend we found in 

Experiment 1 and Experiment 2, where participants had the highest accuracy rate in the 

delayed post-test. In all three experiments, better performance in the delayed post-test 

suggested the possible presence of a practice effect (Anastasi, 1988; Campbell & Stanley, 

1963). However, in Experiment 3, the specific questions in the immediate post-test and 

delayed post-test were no longer identical, which may cause the practice effect not to be as 

strong as in Experiment 1 and Experiment 2. This also explained why participants’ delayed 

post-test accuracy rate in Experiment 3 was lower than in Experiment 1 and Experiment 2. 

Further repeated measure analyses suggested that participants performed better in the delayed 

post-test when measuring overall test score, overall test time to solution, and similar question 

score. However, there was no significant difference in participants’ transfer question scores 

between the immediate post-test and the delayed post-test. 
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Table 22  

Participants’ Accuracy Rates in Three Tests in Experiment 3 

Practice Questions 

 Total Non-Alternating Alternating 

First Stage Accuracy  79.03% 78.47% 79.60% 

Second Stage Accuracy 92.43% 93.77% 91.17% 

Immediate Post-Test Questions 

 Total Non-Alternating Alternating 

Similar Questions Accuracy 58.93% 57.47% 60.38% 

Transfer Questions Accuracy 56.31% 53.39% 59.19% 

General Accuracy 57.89% 55.84% 59.90% 

Delayed Post-Test Questions 

 Total Non-Alternating Alternating 

Similar Questions Accuracy 73.44% 70.63% 76.25% 

Transfer Questions Accuracy 58.44% 55.63% 61.25% 

General Accuracy 65.94% 63.13% 68.75% 

 

In group comparisons, previous analysis showed that participants in alternating 

tracing conditions had similar learning performances in most tests after considering their 

prior calculation and learning abilities. The only detected difference was participants’ transfer 

question accuracy rate in the immediate post-test and participants’ delayed post-test score, in 

which participants in the alternating condition performed marginally better than those in the 

non-alternating condition. Though the effect was weak, it supported our assumption that 

alternating tracing could further support learning. Participants in the alternating condition had 

a marginally better performance in the delayed post-test than those in the non-alternating 
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condition, supporting the speculation in previous experiments that the alternating fingers 

tracing strategy took longer to manifest its effect. Participants in the alternating condition had 

a marginally better performance on transfer questions in the immediate post-test than those in 

the non-alternating condition, suggesting that alternating fingers tracing may promote 

learning at a deeper level.   

8.3.2 How Did Tracing Conditions Affect Participants’ Intrinsic Motivation and Cognitive 

Load?  

Previous analysis described participants’ intrinsic motivation and three types of 

cognitive load in two different learning stages. Repeated-measure analyses revealed the 

change in motivation and cognitive load between stages.  

Generally, participants reported significantly lower intrinsic motivation in the second 

stage. First-stage learning material and second-stage learning material were designed in a 

similar structure, which explained the decline in intrinsic motivation among participants after 

viewing similar learning content. The interaction effect was also found between stage and 

condition, suggesting that participants in the non-alternating condition had a greater decline 

in their intrinsic motivation during the two learning stages than those in the alternating 

condition. This finding, to some extent, aligned with the initial hypothesis that alternating 

finger tracing may trigger higher intrinsic motivation. This finding also suggested that non-

alternating tracing and alternating tracing strategies could be included in the instructional 

design together to maintain learners’ intrinsic motivation.  

Participants also reported a significantly lower intrinsic cognitive load in the second 

stage. The interaction effect between the learning stage and participants’ learning ability was 
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found, suggesting that participants with lower learning ability have a slight decline in their 

intrinsic cognitive load during the two learning stages. This finding was consistent with the 

basic tenet of cognitive load theory that the intrinsic cognitive load was related to learners’ 

prior ability (Sweller et al., 2011). 

Participants’ extraneous cognitive load showed no general difference between the two 

learning stages, but the interaction effect between the learning stage and condition was 

marginally significant. Participants in the non-alternating condition have lower extraneous 

cognitive load in the second stage compared to the first stage, while participants in the 

alternating condition have higher extraneous cognitive load in the second stage compared to 

the first stage. This finding suggested that continuous exposure to similar learning materials 

may decrease learners’ extraneous cognitive load because learners can better ignore the 

irrelevant burden.  

No significant difference was found between participants’ germane processing in the 

two stages. The interaction effect was also not significant. This finding suggested that 

participants in the two conditions possessed cognitive learning at the same level.  

The goal of the present study is to compare the differences between non-alternating 

tracing and alternating tracing, discovering the alternating finger tracing’s further effect on 

supporting cognitive learning. For this reason, participants were instructed to make a set of 

number of tracing actions at each step in the worked examples in every experiment. Across 

Experiment 1 to Experiment 3, video analyses were used to assess the extent to which 

participants complied with the instructions. However, these analyses coincidentally revealed 

substantial variation in the number of tracing actions actually made by participants. In the 
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next chapter, this data was explored to investigate potential dosage effects. 
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Chapter Nine: Supplementary Analysis on Tracing Dosage 

In all three experiments, the tracing instruction required participants to trace five 

times for each specified item in the learning material, which was designed to standardise the 

dosage of tracing. However, video coding based on the coding scheme (see Appendix B) 

identified considerable variation in participants’ tracing behaviours. Though all participants 

were given two minutes to learn each worked example, and all of them received the same 

instruction about tracing five times, their different learning speeds and habits resulted in 

varying numbers of tracing actions. Thus, there was an opportunity here to explore the 

relations between the dosage of tracing actions and subsequent learning performance.  

Dose-response relationships have always been a key indicator in medical and clinical 

fields. Dose-response research is common in pharmaceutical contexts (Phillips, 1997), and 

other medical interventions have also been guided by dosage research (Payne et al., 2025). 

Correspondingly, dosage research is also meaningful in the field of education, giving teachers 

and educators clear guidance on how to apply an instructional method. Itoh et al. (2022) 

examined how many imagery sessions per week were most beneficial for basketball players 

to improve their free-throw shooting performance, finding that four imagery sessions per 

week, instead of five imagery sessions per week (the biggest dosage in the experiment), was 

most helpful. This experiment suggested the dose-response protocol had potential application 

in the educational field. In terms of CLT-based research, some tracing studies also 

intentionally or unintentionally formed groups with different dosages of tracing. For example, 

Hu et al. (2015) formed three conditions (no tracing, tracing above paper, and tracing on 

paper) in the study, which can be regarded as giving orderly increased treatment levels. Wang 
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et al. (2022) had a similar design on ordered dosage levels, using three conditions (no tracing, 

tracing/tracing, and tracing/imagination) in the experiment. These studies hint at the potential 

importance of tracing’s dosage. Thus, the current research made the following explanatory 

analyses to further investigate how the dosage of tracing affects cognitive learning 

performance. 

In contrast with previous experiments focusing on group differences, dosage analyses 

discussed in this chapter aim to explore the potential relationship between tracing dosage and 

learning performance. Thus, a new research question - How does variation in tracing actions 

affect learning performance? - is addressed in this exploratory research. Those participants 

excluded in the above analyses for Experiments 1-3 due to non-compliance were included in 

the dosage analyses because these less-than-compliant tracing actions reflect the natural 

variation in tracing actions seen among participants. Those participants who did not fulfil the 

group condition (e.g., applying non-alternating tracing in the alternating condition) were still 

excluded from the analyses because these data may interfere with the separate analyses 

within each group.  

Six indicators were coded to measure participants’ dosage (see Appendix B), 

including two indicators (Category C: Tracing Counts, and D: Total Tracing) to measure 

participants’ tracing dosage across both groups; two indicators (Category A: Dominant 

Tracing, and F: Finger Continued Counts) to measure participants’ tracing dosage separately 

in both groups; and two indicators (Category B: Non-Dominant Tracing, and E: Finger 

Alternated Counts) to measure tracing dosage in the alternating groups only.  

The dosage analyses of three experiments are described in the following sections.  
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9.1 Experiment 1 

One hundred and fifteen participants joined and completed the experiment. Four 

participants were excluded from the dosage analyses because of incorrect tracing action 

(numbers 43, 48, 68, 105), and one participant was removed because of data corruption 

(number 46, 30-second video recording was lost in worked example 4). The following data 

analysis was based on the remaining 110 participants.  

9.1.1 General Tracing and Learning Performance 

The general analyses on tracing dosage and learning performance were based on 

participants in both conditions (110 participants). Two indicators, the number of times the 

participants learned and traced the entire worked example (Tracing Counts) and the total 

number of elliptical tracing actions of both hands made (Total Tracing), were analysed. 

Though these two indicators were highly correlated with each other (r = .89), it was necessary 

to include both of them because they represented two different tracing actions. For example, 

one participant learned the worked example four times and traced each figure five times as 

instructed in the two-minute learning; the tracing count was four, and the total tracing was 80 

for this participant. However, another participant learned the worked example four times but 

traced each figure 20 times; the tracing count was one, and the total tracing was also 80 for 

this participant. They are two completely different tracing actions and cannot be reflected 

solely through the key indicator total tracing. Thus, the tracing count was necessary to be 

kept in the analyses. 

As participants’ pre-test scores were significantly correlated with their learning 

performance, pre-test performance need to be controlled for when considering dosage effects 
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on learning performance. Thus, partial correlational analysis was conducted to assess whether 

variation in tracing actions correlated with participants’ learning performance, controlling for 

participants’ pre-test score. As Table 23 shows, participants’ tracing counts and total tracing 

were significantly correlated with participants’ learning performance in the practice phase, 

immediate post-test phase, and the delayed post-test phase.  
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Table 23  

Partial Correlations Between Both Group Participants’ Tracing Counts, Total Tracing, and Learning Performance in Experiment 1 

Variable n M SD 1 2 3 4 5 6 7 8 

1. Tracing Counts 110 8.72 4.67 —        

2. Total Tracing 110 161.03 96.12 .88*** —       

3. Practice Score (/4) 110 2.67 1.24 .24* .23* —      

4. Practice Time to Solution (/120) 110 89.56 21.63 -.32*** -.29** -.81*** —     

5. Immediate Post-Test Score (/20) 110 11.88 5.58 .22* .24* .48*** -.37*** —    

6. Immediate Post-Test Time to Solution (/400) 110 348.14 38.24 -.23* -.21* -.43*** .49*** -.77*** —   

7. Delayed Post-Test Score (/20) 110 15.97 4.03 .21* .19* .41*** -.26*** .59*** -.37*** —  

8. Delayed Post-Test Time to Solution (/400) 110 308.22 44.40 -.25** -.20* -.39*** .44*** -.64*** .78*** -.64*** — 

* p < .05, ** p < .01, *** p < .001 
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Similar partial correlational analyses were also conducted for participants’ intrinsic 

motivation and cognitive load self-reports, controlling for pre-test scores. Results show that 

tracing counts and total tracing did not correlate with participants’ intrinsic motivation or 

cognitive load (see Table 24).  

In summary, participants’ tracing counts and total tracing times significantly predicted 

their learning performance in the practice phase, the immediate post-test phase, and the 

delayed post-test phase, but did not correlate with participants’ intrinsic motivation and 

cognitive load. 

 

Table 24  

Partial Correlations Between Both Group Participants’ Tracing Counts, Total Tracing, 

Intrinsic Motivation, and Cognitive Load in Experiment 1 

Variable n M SD 1 2 3 4 5 6 

1. Tracing Counts 110 8.72 4.67 —      

2. Total Tracing 110 161.03 96.12 .88*** —     

3. Intrinsic Motivation 

(/8) 
110 5.73 1.53 -.04 -.13 —    

4. Intrinsic Cognitive 

Load (/8) 
110 1.20 1.29 -.14 -.11 -.12 —   

5. Extraneous Cognitive 

Load (/8) 
110 1.80 1.49 -.02 .02 -.10 .67*** —  

6. Germane Processing 

(/8) 
110 6.22 1.19 .12 .07 .27** -.57*** -.61*** — 

* p < .05, ** p < .01, *** p < .001 
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9.1.2 Non-Alternating Finger Tracing and Learning Performance 

Since the participants were randomly assigned to two experimental conditions and 

applied different tracing strategies, the dosage analyses can also be further analysed within 

each condition. Analyses for the non-alternating condition (55 participants) focus on three 

indicators: total number of dominant hands’ elliptical tracing made (Dominant Tracing), the 

number of times the participants learned and traced the entire worked example (Tracing 

Counts) and the number of times the participants paused or changed which figure was being 

traced during the same index finger tracing (Finger Continued Counts). As participants in the 

non-alternating condition only used their dominant hand to trace, the total number of 

dominant-hand elliptical tracing made was equal to the total number of elliptical tracing 

actions made by the participants.  

As Table 25 shows, dominant tracing was significantly correlated with all learning 

performance indicators. However, participants’ tracing counts and finger continued counts 

were not correlated with the practice score. Considering the indicator test time to solution had 

a more differentiated distribution, it was reasonable that some factors only correlate with the 

test time to solution, but not the test score. When there was no significant correlation found in 

test score, findings on test time to solution also represented the correlation between 

participants’ learning performance and the corresponding variable.  
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Table 25  

Partial Correlations Between Participants’ Dominant Tracing, Tracing Counts, Finger Continued Counts, and Learning Performance in the Non-

Alternating Group in Experiment 1 

Variable n M SD 1 2 3 4 5 6 7 8 9 

1. Dominant Tracing 55 160.83 99.79 —         

2. Tracing Counts 55 9.20 5.12 .92*** —        

3. Finger Continued Counts 55 35.73 23.03 .83*** .94*** —       

4. Practice Score (/4) 55 2.82 1.23 .29* .22 .22 —      

5. Practice Time to Solution (/120) 55 87.05 21.20 -.35* -.30* -.27* -.82*** —     

6. Immediate Post-Test Score (/20) 55 12.02 5.64 .39** .36* .29* .40** -.37** —    

7. Immediate Post-Test Time to Solution (/400) 55 346.12 39.43 -.36** -.36* -.27* -.29** .38** -.72*** —   

8. Delayed Post-Test Score (/20) 55 15.80 3.95 .28* .31* .28* .45*** -.31* .63*** -.36** —  

9. Delayed Post-Test Time to Solution (/400) 55 307.37 43.25 -.39** -.43** -.36** -.32* .40** -.62*** .82*** -.60*** — 

* p < .05, ** p < .01, *** p < .001



298 

 

Similar partial correlational analysis was also conducted on participants’ intrinsic 

motivation and cognitive load, suggesting that participants’ dominant tracing, tracing counts, 

and finger continued counts did not correlate with participants’ intrinsic motivation and 

cognitive load (see Table 26). 

In summary, participants’ tracing counts and total tracing times were significantly 

correlated with their learning performance in the practice phase, the immediate post-test 

phase, and the delayed post-test phase, but did not correlate with participants’ intrinsic 

motivation and cognitive load.  
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Table 26  

Partial Correlation Between Participants’ Dominant Tracing, Tracing Counts, Finger Continued Counts, Intrinsic Motivation, and Cognitive Load 

in the Non-Alternating Group in Experiment 1 

Variable n M SD 1 2 3 4 5 6 7 

1. Dominant Tracing 55 160.83 99.79 —       

2. Tracing Counts 55 9.20 5.12 .92*** —      

3. Finger Continued Counts 55 35.73 23.03 .83*** .94*** —     

4. Intrinsic Motivation (/8) 5.68 1.64 5.68 -.14 -.01 -.02 —    

5. Intrinsic Cognitive Load (/8) 1.04 1.37 1.04 -.16 -.13 -.09 -.14 —   

6. Extraneous Cognitive Load (/8) 1.59 1.51 1.59 .05 .09 .09 -.16 .72*** —  

7. Germane Processing (/8) 6.33 1.08 6.33 -.02 .01 .01 .45*** -.52*** -.52*** — 

* p < .05, ** p < .01, *** p < .001 
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9.1.3 Alternating Finger Tracing and Learning Performance 

Tracing dosage effect analyses for the alternating fingers tracing strategy were based 

on participants in the alternating condition (55 participants). All six indictors, the number of 

dominant hands’ elliptical tracing made (Dominant Tracing), the number of non-dominant 

hands’ elliptical tracing made (Non-Dominant Tracing), the number of times the participants 

learned and traced the entire worked example (Tracing Counts), the total number of elliptical 

tracing actions of both hands made (Total Tracing), the number of times the participants 

switched between their two hands’ index fingers to trace (Finger Switched Counts), and the 

number of times the participants paused or changed the figures during the same index finger 

tracing (Finger Continued Counts), were analysed.  

A partial correlational analysis was conducted to explore to further check if tracing 

dosage correlated with participants’ learning performance in the alternating tracing group. As 

Table 27 shows, among six tracing dosage factors, only tracing counts and finger alternated 

counts correlated with participants’ test time to solution in the practice phase.    
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Table 27  

Partial Correlations Between Six Tracing Dosage Factors and Learning Performance in the Alternating Group in Experiment 1 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 11 12 

1. Dominant Tracing 55 80.60 45.70 —            

2. Non-dominant Tracing 55 80.62 48.72 .95*** —           

3. Tracing Counts 55 8.24 4.17 .86*** .82*** —          

4. Total Tracing 55 161.21 93.25 .99*** .99*** .85*** —         

5. Finger Alternated 

Counts 
55 16.31 8.52 .88*** .84*** .98*** .87*** —        

6. Finger Continued 

Counts 
55 14.22 8.69 .77*** .73*** .89*** .76*** .85*** —       

7. Practice Score (/4) 55 2.53 1.25 .17 .17 .24 .17 .21 .11 —      

8. Practice Time to 

Solution (/120) 
55 92.06 21.96 -.26 -.26 -.34* -.27 -.31* -.27 -.78*** —     

9. Immediate Post-Test 

Score (/20) 
55 11.75 5.56 .07 .08 .01 .08 .02 -.04 .52*** -.33* —    

10. Immediate Post-Test 

Time to Solution (/400) 
55 350.17 37.27 -.03 -.07 -.04 -.05 -.02 -.06 -.51*** .53*** -.80*** —   

11. Delayed Post-Test Score 

(/20) 
55 16.15 4.15 .12 .14 .11 .13 .10 .00 .38** -.22 .57*** -.37*** —  

12. Delayed Post-Test Time 

to Solution (/400) 
55 309.08 45.90 -.01 -.03 -.03 -.02 -.04 -.01 -.42** .44*** -.64*** .75*** -.68*** — 

* p < .05, ** p < .01, *** p < .001
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Similar partial correlational analysis was also conducted on participants’ intrinsic 

motivation and cognitive load, suggesting that all six tracing factors did not correlate with 

participants’ intrinsic motivation and cognitive load (see Table 28).  

In summary, potential correlation may exist between tracing dosage and alternating 

group participants’ learning performance in the practice phase. The only significant 

correlation between tracing dosage and learning performance was reflected by tracing counts 

and finger alternated counts, indicating that compared to how many times of elliptical tracing 

was made, how many times participants traced the entire worked example and alternated their 

hands were more important. When considering tracing’s dosage effect, more repetitions 

across the worked example may prove more valuable than merely repeating the tracing 

actions. However, the correlation was not observed in the immediate post-test phase and the 

delayed post-test phase. No correlation was found on participants’ intrinsic motivation and 

cognitive load.  
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Table 28  

Partial Correlations Between Six Tracing Dosage Factors, Intrinsic Motivation, and Cognitive Load in the Alternating Group in Experiment 1 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 

1. Dominant Tracing 55 80.60 45.70 —          

2. Non-dominant Tracing 55 80.62 48.72 .95*** —         

3. Tracing Counts 55 8.24 4.17 .86*** .82*** —        

4. Total Tracing 55 161.21 93.25 .99*** .99*** .85*** —       

5. Finger Alternated Counts 55 16.31 8.52 .88*** .84*** .98*** .87*** —      

6. Finger Continued Counts 55 14.22 8.69 .77*** .73*** .89*** .76*** .85*** —     

7. Intrinsic Motivation (/8) 55 5.77 1.41 -.17 -.25 -.11 -.21 -.11 -.11 —    

8. Intrinsic Cognitive Load (/8) 55 1.36 1.20 -.05 .04 -.08 .00 -.11 .03 -.07 —   

9. Extraneous Cognitive Load (/8) 55 2.00 1.46 .01 .06 -.08 .03 -.09 -.01 .01 .57*** —  

10. Germane Processing (/8) 55 6.11 1.29 .16 .09 .22 .13 .25 .13 .09 -.62*** -.68*** — 

* p < .05, ** p < .01, *** p < .00
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9.2 Experiment 2 

One hundred and twelve participants joined and completed the experiment. Three 

were excluded from the dosage analyses because of incorrect tracing action (numbers 52, 70, 

72). The following data analysis was based on the remaining 109 participants.  

9.2.1 General Tracing and Learning Performance 

The general analyses on tracing dosage and learning performance were based on 

participants in both conditions (109 participants). Two indicators, the number of times the 

participants learned and traced the entire worked example (Tracing Counts) and the total 

number of elliptical tracing actions of both hands made (Total Tracing), were analysed.  

A partial correlational analysis was conducted to explore to further check if tracing 

dosage correlated with participants’ learning performance. As Table 29 shows, participants’ 

tracing counts and total tracing were significantly correlated with participants’ practice score, 

practice time to solution, immediate post-test score, immediate post-test to solution, and 

delayed post-test score, but did not correlate with the delayed post-test time to solution.  
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Table 29  

Partial Correlations Between Both Group Participants’ Tracing Counts, Total Tracing, and Learning Performance in Experiment 2 

Variable n M SD 1 2 3 4 5 6 7 8 

1. Tracing Counts 109 9.79 5.80 —        

2. Total Tracing 109 198.23 125.98 .92*** —       

3. Practice Score (/4) 109 2.81 1.13 .29** .30** —      

4. Practice Time to Solution (/120) 109 91.97 17.29 -.32*** -.35*** -.78*** —     

5. Immediate Post-Test Score (/20) 109 11.41 5.04 .27** .28** .41*** -.47*** —    

6. Immediate Post-Test Time to Solution (/400) 109 349.08 33.06 -.29** -.31** -.40*** .51*** -.84*** —   

7. Delayed Post-Test Score (/20) 109 15.57 5.07 .20* .20* .39*** -.36*** .62*** -.46*** —  

8. Delayed Post-Test Time to Solution (/400) 109 302.54 51.27 -.12 -.13 -.36*** .49*** -.67*** .69*** -.43*** — 

* p < .05, ** p < .01, *** p < .001
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Similar partial correlational analysis was also conducted on participants’ intrinsic 

motivation and cognitive load, suggesting that tracing counts and total tracing did not 

correlate with participants’ intrinsic motivation and cognitive load (see Table 30).  

In summary, participants’ tracing counts and total tracing times were significantly 

correlated with learning performance in the practice phase, the immediate post-test phase, and 

the delayed post-test phase, but did not correlate with participants’ intrinsic motivation or 

cognitive load. 

 

Table 30  

Partial Correlations Between Both Group Participants’ Tracing Counts, Total Tracing, 

Intrinsic Motivation, and Cognitive Load in Experiment 2 

Variable n M SD 1 2 3 4 5 6 

1. Tracing Counts 109 9.79 5.80 —      

2. Total Tracing 109 198.23 125.98 .92*** —     

3. Intrinsic 

Motivation (/8) 
109 5.59 1.65 -.09 -.06 —    

4. Intrinsic 

Cognitive Load 

(/8) 

109 1.99 1.80 -.16 -.17 -.41*** —   

5. Extraneous 

Cognitive Load 

(/8) 

109 2.57 1.68 -.06 -.06 -.43*** .73*** —  

6. Germane 

Processing (/8) 
109 5.67 1.62 .06 .09 .60*** -.68*** -.61*** — 

* p < .05, ** p < .01, *** p < .001 
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9.2.2 Non-Alternating Finger Tracing and Learning Performance 

Since the participants were allocated into two conditions and applied different tracing 

strategies, the dosage analyses can also be further analysed within each condition. The 

analyses about tracing dosage effect when participants applied the non-alternating finger 

tracing strategy were based on participants in the non-alternating condition (56 participants). 

Three indicators, total number of dominant hands’ elliptical tracing made (Dominant 

Tracing), the number of times the participants learned and traced the entire worked example 

(Tracing Counts) and the number of times the participants paused or changed the figures 

during the same index finger tracing (Finger Continued Counts), were analysed.  

As Table 31 shows, participants’ finger continued counts was significantly correlated 

with participants’ test score and test time to solution in the practice phase.  

However, participants’ dominant tracing was only correlated with the practice test 

time to solution while tracing counts was only correlated with the practice score. No other 

correlation was found between the three indicators and participants’ learning performance in 

the immediate post-test and delayed post-test. 
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Table 31  

Partial Correlation Between Participants’ Dominant Tracing, Tracing Counts, Finger Continued Counts, and Learning Performance in the Non-

Alternating Group in Experiment 2 

Variable n M SD 1 2 3 4 5 6 7 8 9 

1. Dominant Tracing 56 189.19 128.51 —         

2. Tracing Counts 56 9.37 5.63 .89*** —        

3. Finger Continued Counts 56 40.21 26.26 .77*** .88*** —       

4. Practice Score (/4) 56 11.77 4.84 .26 .28* .29* —      

5. Practice Time to Solution (/120) 56 349.40 32.16 -.29* -.23 -.29* -.79*** —     

6. Immediate Post-Test Score (/20) 56 11.77 4.84 .24 .19 .15 .23 -.35** —    

7. Immediate Post-Test Time to Solution (/400) 56 349.40 32.16 -.09 -.06 -.12 -.22 .36** -.81*** —   

8. Delayed Post-Test Score (/20) 56 16.05 4.59 .12 .15 .13 .34* -.37** .63*** -.43*** —  

9. Delayed Post-Test Time to Solution (/400) 56 304.48 39.73 -.07 -.07 -.11 -.20 .34* -.66*** .69*** -.78*** — 

* p < .05, ** p < .01, *** p < .001 
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Similar partial correlational analysis was also conducted on participants’ intrinsic 

motivation and cognitive load, suggesting that participants’ dominant tracing, tracing counts, 

and finger continued counts did not correlate with participants’ intrinsic motivation and 

cognitive load (see Table 32). 

In summary, participants’ dominant tracing, tracing counts, and finger continued 

counts were significantly correlated with the learning performance in the practice phase. 

Among the three indicators, only the dominant tracing variable was significantly correlated 

with learning performance in the immediate post-test phase. None of the three indicators was 

correlated with the learning performance in the delayed post-test phase. None of the three 

indicators correlated with participants’ intrinsic motivation or cognitive load. 
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Table 32  

Partial Correlations Between Participants’ Dominant Tracing, Tracing Counts, Finger Continued Counts, Intrinsic Motivation, and Cognitive Load 

in the Non-Alternating Group in Experiment 2 

Variable n M SD 1 2 3 4 5 6 7 

1. Dominant Tracing 56 189.19 128.51 —       

2. Tracing Counts 56 9.37 5.63 .89*** —      

3. Finger Continued Counts 56 40.21 26.26 .77*** .88*** —     

4. Intrinsic Motivation (/8) 56 5.76 1.66 -.03 -.07 -.22 —    

5. Intrinsic Cognitive Load (/8) 56 1.83 1.78 -.20 -.22 -.08 -.23 —   

6. Extraneous Cognitive Load (/8) 56 2.28 1.62 -.07 -.10 -.04 -.25 .68*** —  

7. Germane Processing (/8) 56 5.81 1.50 .10 .06 -.11 .57*** -.56*** -.50*** — 

* p < .05, ** p < .01, *** p < .001 
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9.2.3 Alternating Finger Tracing and Learning Performance 

The analyses of tracing dosage when participants applied the alternating fingers 

tracing strategy were based on participants in the alternating condition (53 participants). All 

six indictors, the number of dominant hands’ elliptical tracing made (Dominant Tracing), the 

number of non-dominant hands’ elliptical tracing made (Non-Dominant Tracing), the number 

of times the participants learned and traced the entire worked example (Tracing Counts), the 

total number of elliptical tracing actions of both hands made (Total Tracing), the number of 

times the participants switched between their two hands’ index fingers to trace (Finger 

Switched Counts), and the number of times the participants paused or changed the figures 

during the same index finger tracing (Finger Continued Counts), were analysed.  

As Table 33 shows, all six tracing dosage factors were significantly correlated with 

the test score and test time to solution in the practice phase. In the immediate post-test phase, 

dominant tracing, non-dominant tracing, tracing counts, total tracing, and finger alternated 

counts were correlated with participants’ immediate post-test scores and immediate post-test 

time to solution, but only finger continued counts was correlated with participants’ immediate 

post-test time to solution. No significant correlations were found between the six factors and 

participants’ test scores or test time to solution in the delayed post-test phase. 
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Table 33  

Partial Correlations Between Six Tracing Dosage Factors and Learning Performance in the Alternating Group in Experiment 2 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 11 12 

1. Dominant Tracing 53 105.21 64.21 —            

2. Non-dominant 

Tracing 
53 102.57 60.96 .96*** —           

3. Tracing Counts 53 10.24 6.00 .96*** .93*** —          

4. Total Tracing 53 207.78 123.75 .99*** .99*** .96*** —         

5. Finger Alternated 

Counts 
53 20.72 13.26 .97*** .96*** .98*** .97*** —        

6. Finger Continued 

Counts 
53 21.77 16.65 .83*** .85*** .75*** .85*** .79*** —       

7. Practice Score (/4) 53 2.79 1.08 .30* .31* .29* .30* .28* .30* —      

8. Practice Time to 

Solution (/120) 
53 92.45 16.18 -.42** -.43** -.40** -.43** -.40** -.45*** -.79*** —     

9. Immediate Post-

Test Score (/20) 
53 11.04 5.26 .31* .28* .31* .30* .28* 0.22 .53*** -.60*** —    

10. Immediate Post-

Test Time to 

Solution (/400) 

53 349.70 34.71 -.48*** -.44*** -.46*** -.47*** -.45*** -.36** -.52*** .67*** -.85*** —   

11. Delayed Post-Test 

Score (/20) 
53 15.06 5.52 0.25 0.24 0.24 0.25 0.23 0.24 .41** -.35* .60*** -.46** —  

12. Delayed Post-Test 

Time to Solution 

(/400) 

53 300.48 61.49 -0.15 -0.12 -0.13 -0.14 -0.14 -0.11 -.47*** .63*** -.69*** .70*** -.28* — 

* p < .05, ** p < .01, *** p < .001 
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Partial correlational analysis was also conducted on participants’ intrinsic motivation 

and cognitive load self-reports, indicating that the six tracing factors did not correlate with 

participants’ intrinsic motivation and cognitive load (see Table 34).  

In summary, significant correlations were found between tracing dosage and 

alternating group participants’ learning performance in the practice phase and the immediate 

post-test phase. However, the correlation was not observed in the delayed post-test phase. No 

correlations were found for participants’ intrinsic motivation and cognitive load.  
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Table 34  

Partial Correlation Between Six Tracing Dosage Factors, Intrinsic Motivation, and Cognitive Load in the Alternating Group in Experiment 2 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 

1. Dominant Tracing 53 105.21 64.21 —          

2. Non-dominant Tracing 53 102.57 60.96 .96*** —         

3. Tracing Counts 53 10.24 6.00 .96*** .93*** —        

4. Total Tracing 53 207.78 123.75 .99*** .99*** .96*** —       

5. Finger Alternated Counts 53 20.72 13.26 .97*** .96*** .98*** .97*** —      

6. Finger Continued Counts 53 21.77 16.65 .83*** .85*** .75*** .85*** .79*** —     

7. Intrinsic Motivation (/8) 53 5.41 1.63 -.06 -.09 -.10 -.07 -.06 -.17 —    

8. Intrinsic Cognitive Load (/8) 53 2.16 1.83 -.13 -.09 -.08 -.11 -.11 .02 -.60*** —   

9. Extraneous Cognitive Load (/8) 53 2.90 1.69 -.05 -.02 -.02 -.04 -.04 .06 -.59*** .77*** —  

10. Germane Processing (/8) 53 5.53 1.73 .08 .04 .05 .06 .06 -.11 .64*** -.78*** -.70*** — 

* p < .05, ** p < .01, *** p < .001
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9.3 Experiment 3 

One hundred and eight participants joined and completed the experiment. Two were 

excluded from the dosage analyses because of incorrect tracing action (participant number 1, 

44). The following data analysis was based on the remaining 106 participants.  

9.3.1 General Tracing and Learning Performance 

The general analyses on tracing dosage and learning performance were based on 

participants in both conditions (106 participants). Two indicators, the number of times the 

participants learned and traced the entire worked example (Tracing Counts) and the total 

number of elliptical tracing actions of both hands made (Total Tracing), were analysed.  

Since the learning phase was divided into two stages in Experiment 3, participants’ 

learning performance in the two stages was separately analysed. A partial correlational 

analysis was conducted to explore whether tracing dosage correlated with participants’ 

learning performance in the first stage. Participants traced the worked examples as they 

learned, so the first-stage tracing dosage indicators were included in the analysis. As Table 35 

shows, participants’ tracing counts and total tracing were not correlated with participants’ 

practice learning performance in the first stage. 

Similar partial correlational analysis was also conducted based on stage 2 practice 

phase, the immediate post-test phase, and the delayed post-test phase. Since participants 

answered the second-stage practice questions, the immediate post-test questions, and the 

delayed post-test questions after completing all tracing actions, the tracing dosage indicators 

that reflect the sum of the two stages were included in the analysis. As Table 36 shows, 

participants’ tracing counts and total tracing were not correlated with participants’ learning 
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performance in the practice phase, the immediate post-test phase, and the delayed post-test 

phase. 

 

Table 35 

Partial Correlations Between Both Group Participants’ First Stage Tracing Counts, Total 

Tracing, and Learning Performance in Practice Phase in Experiment 3 

Variable n M SD 1 2 3 4 

1. First-Stage Tracing Counts 106 7.79 4.45 —    

2. First-Stage Total Tracing 106 147.36 95.40 .82*** —   

3. First-Stage Practice Score (/3) 106 2.38 0.82 0.02 .02 —  

4. First-Stage Practice Time to Solution 

(/90) 
106 56.86 16.77 -.06 -.04 -.72*** — 

* p < .05, ** p < .01, *** p < .001 
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Table 36  

Partial Correlations Between Both Group Participants’ Tracing Counts, Total Tracing, and Learning Performance in Experiment 3 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 11 12 

1. Tracing Counts 106 16.9 9.7 —            

2. Total Tracing 106 313.0 193.2 .81*** —           

3. Second-Stage Practice Score (/3) 106 2.7 0.5 .04 .01 —          

4. Second-Stage Practice Time to 

Solution (/90) 
106 44.9 12.0 .05 .14 -.49*** —         

5. Immediate Post-Test Score (/20) 106 11.2 5.0 .01 .01 .21* -.25* —        

6. Immediate Post-Test Similar 

Score (/12) 
106 6.9 2.8 -.02 -.07 .21* -.29** .87*** —       

7. Immediate Post-Test Transfer 

Score (/8) 
106 4.4 2.4 .05 .08 .21* -.26** .84*** .64*** —      

8. Immediate Post-Test Time to 

Solution (/400) 
106 333.7 41.6 .01 -.01 -.17 .29** -.75*** -.73*** -.75*** —     

9. Delayed Post-Test Score (/20) 105 12.9 4.9 .05 -.01 .21* -.20* .57*** .53*** .56*** -.56*** —    

10. Delayed Post-Test Similar Score 

(/10) 
105 7.2 2.4 .06 -.04 .21* -.16 .47*** .48*** .42*** -.34*** .88*** —   

11. Delayed Post-Test Transfer Score 

(/10) 
105 5.7 2.9 .03 .02 .17 -.20* .54*** .47*** .57*** -.47*** .90*** .59*** —  

12. Delayed Post-Test Time to 

Solution (/400) 
105 310.4 51.5 -.12 -.08 -.15 .17 -.51*** -.45*** -.54*** .66*** -.73*** -.58*** -.72*** — 

* p < .05, ** p < .01, *** p < .001
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A similar partial correlational analysis was also conducted on participants’ first-stage 

intrinsic motivation and cognitive load. As participants answered the first-stage self-report 

survey after completing three worked examples, the first-stage tracing dosage indicators were 

included in the analysis. As Table 37 shows, first-stage tracing counts and total tracing did not 

correlate with participants’ first-stage intrinsic motivation and cognitive load.  

 

Table 37  

Partial Correlations Between Both Group Participants’ First-Stage Tracing Counts, Total 

Tracing, Intrinsic Motivation, and Cognitive Load in Experiment 3 

Variable n M SD 1 2 3 4 5 6 

1. First-Stage Tracing 

Counts 
106 7.79 4.45 —      

2. First-Stage Total 

Tracing 
106 147.36 95.40 .82*** —     

3. First-Stage Intrinsic 

Motivation (/8) 
106 5.70 1.47 .07 .01 —    

4. First-Stage Intrinsic 

Cognitive Load (/8) 
106 1.09 1.15 -.12 -.06 -.26** —   

5. First-Stage 

Extraneous 

Cognitive Load (/8) 

106 1.49 1.15 -.16 -.05 -.35*** .70*** —  

6. First-Stage 

Germane 

Processing (/8) 

106 6.24 1.08 .01 -.11 .63*** -.52*** -.57*** — 

* p < .05, ** p < .01, *** p < .001 
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A similar partial correlational analysis was also conducted on participants’ second-

stage intrinsic motivation and cognitive load. As participants answered the second-stage self-

report survey after completing all six worked examples, the tracing dosage indicators that 

reflect the sum of the two stages were included in the analysis. As Table 38 shows, first-stage 

tracing counts and total tracing did not correlate with participants’ first-stage intrinsic 

motivation and cognitive load.  

 

Table 38  

Correlation Between Both Group Participants’ Tracing Counts, Total Tracing, Second-Stage 

Intrinsic Motivation, and Cognitive Load in Experiment 3 

Variable n M SD 1 2 3 4 5 6 

1. Tracing Counts 106 16.88 9.70 —      

2. Total Tracing 106 312.99 193.17 .81*** —     

3. Second-Stage 

Intrinsic Motivation 

(/8) 

106 5.21 1.74 .07 .00 —    

4. Second-Stage 

Intrinsic Cognitive 

Load (/8) 

106 0.86 1.03 -.02 .04 -.07 —   

5. Second-Stage 

Extraneous Cognitive 

Load (/8) 

106 1.51 1.35 -.04 .06 -.21* .47*** —  

6. Second-Stage 

Germane Processing 

(/8) 

106 6.06 1.20 .05 -.04 .52*** -.19 -.24* — 

* p < .05, ** p < .01, *** p < .001 
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In summary, participants’ tracing counts and total tracing times did not correlate with 

learning performance in the practice phase, the immediate post-test phase, and the delayed 

post-test phase, and did not correlate with participants’ intrinsic motivation and cognitive 

load. 

9.3.2 Non-Alternating Finger Tracing and Learning Performance 

Since the participants were allocated into two conditions and applied different tracing 

strategies, the dosage analyses can also be further analysed within each condition. The 

analyses about tracing dosage effect when participants applied the non-alternating finger 

tracing strategy were based on participants in the non-alternating condition (54 participants). 

Three indicators, total number of dominant hands’ elliptical tracing made (Dominant 

Tracing), the number of times the participants learned and traced the entire worked example 

(Tracing Counts) and the number of times the participants paused or changed the figures 

during the same index finger tracing (Finger Continued Counts), were analysed.  

A partial correlational analysis was conducted to further check if tracing dosage 

correlated with participants’ learning performance in the non-alternating tracing group in the 

first-stage practice phase. The first-stage tracing dosage indicators were included in the 

analysis. As Table 39 shows, participants’ first-stage dominant tracing, tracing counts, and 

finger continued counts were not correlated with participants’ first-stage learning 

performance in the practice phase. 



321 

 

Table 39 

Partial Correlations Between Participants’ First Stage Tracing Counts, Total Tracing, and 

Learning Performance in Practice Phase in Non-Alternating Group in Experiment 3 

Variable n M SD 1 2 3 4 5 

1. First-Stage Dominant 

Tracing 
54 157.37 111.26 —     

2. First-Stage Tracing Counts 54 7.98 4.56 .78*** —    

3. First-Stage Continued 

Counts 
54 32.07 18.91 .76*** .95*** —   

4. First-Stage Practice Score 

(/3) 
54 2.37 0.81 -.08 .03 .02 —  

5. First-Stage Practice Time to 

Solution (/90) 
54 56.21 15.89 -.09 -.17 -.17 -.71*** — 

* p < .05, ** p < .01, *** p < .001 

 

Similar partial correlational analysis was also conducted on the second practice phase, 

the immediate post-test phase, and the delayed post-test phase. The tracing dosage indicators 

that reflect the sum of the two stages were included in the analysis. As Table 40 shows, 

participants’ dominant tracing, tracing counts, and finger continued counts were not 

correlated with participants’ learning performance in the practice phase, the immediate post-

test phase, and the delayed post-test phase. 
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Table 40  

Partial Correlation Between Participants’ Tracing Counts, Total Tracing, and Learning Performance in Non-Alternating Group in Experiment 3 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 11 12  

1. Dominant Tracing 54 334.09 230.29 —             

2. Tracing Counts 54 17.74 10.60 .79*** —            

3. Finger Continued Counts 54 69.43 40.80 .79*** .96*** —           

4. Second-Stage Practice 

Score (/3) 
54 2.74 0.48 -.02 .06 .08 —          

5. Second-Stage Practice 

Time to Solution (/90) 
54 45.20 12.87 .19 .05 .05 -.52*** —         

6. Immediate Post-Test Score 

(/20) 
54 10.80 5.28 .03 .08 .11 .21 -.31* —        

7. Immediate Post-Test 

Similar Score (/12) 
54 6.70 3.12 -.10 .01 -.04 .15 -.31* .91*** —       

8. Immediate Post-Test 

Transfer Score (/8) 
54 4.09 2.48 .17 .14 .17 .24 -.24 .88*** .61*** —      

9. Immediate Post-Test Time 

to Solution (/400) 
54 336.52 41.45 -.08 -.07 -.12 -.18 .37** -.87*** -.77*** -.80*** —     

10. Delayed Post-Test Score 

(/20) 
54 12.24 5.46 .01 .09 .12 .28* -.21 .63*** .60*** .53*** -.51*** —    

11. Delayed Post-Test Similar 

Score (/10) 
54 6.85 2.74 -.05 .07 .09 .26 -.16 .54*** .54*** .42*** -.43** .91*** —   

12. Delayed Post-Test Transfer 

Score (/10) 
54 5.39 3.11 .07 .08 .12 .25 -.22 .61*** .54*** .55*** -.51*** .91*** .66*** —  

13. Delayed Post-Test Time to 

Solution (/400) 
54 312.13 52.51 -.07 -.10 -.13 -.23 .23 -.64*** -.57*** -.58*** .69*** -.83*** -.69*** -.82*** — 

* p < .05, ** p < .01, *** p < .001
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Similar partial correlational analyses were also conducted on participants’ first-stage 

and second-stage intrinsic motivation and cognitive load. The first-stage tracing dosage 

indicators were included in the analysis. As Table 41 and Table 42 show, first-stage and 

second-stage dominant tracing, tracing counts, and finger continued counts did not correlate 

with participants’ first-stage or second-stage intrinsic motivation and cognitive load.  
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Table 41  

Partial Correlations Between Participants’ First-Stage Dominant Tracing, Tracing Counts, Finter Continued Counts, Intrinsic Motivation, and 

Cognitive Load in Non-Alternating Group in Experiment 3 

Variable n M SD 1 2 3 4 5 6  

1. First-Stage Dominant Tracing 54 157.37 111.26 —       

2. First-Stage Tracing Counts 54 7.98 4.56 .78*** —      

3. First-Stage Finger Continued Counts 54 32.07 18.91 .76*** .95*** —     

4. First-Stage Intrinsic Motivation (/8) 54 5.80 1.44 .04 .14 .06 —    

5. First-Stage Intrinsic Cognitive Load (/8) 54 0.93 0.96 .04 -.02 -.02 -.10 —   

6. First-Stage Extraneous Cognitive Load (/8) 54 1.49 1.11 .00 -.19 -.18 -.27* .64*** —  

7. First-Stage Germane Processing (/8) 54 6.24 1.13 -.19 -.01 -.06 .67*** -.36** -.49*** — 

* p < .05, ** p < .01, *** p < .001
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Table 42  

Partial Correlations Between Participants’ Dominant Tracing, Tracing Counts, Finger Continued Counts, Second-Stage Intrinsic Motivation, and 

Cognitive Load in the Non-Alternating Group in Experiment 3 

Variable n M SD 1 2 3 4 5 6 7 

1. Dominant Tracing 54 334.09 230.29 —       

2. Tracing Counts 54 17.74 10.60 .79*** —      

3. Finger Continued Counts 54 69.43 40.80 .79*** .96*** —     

4. Intrinsic Motivation (/8) 54 5.08 1.82 .07 .18 .18 —    

5. Intrinsic Cognitive Load (/8) 54 0.78 0.98 .08 -.01 .04 -.12 —   

6. Extraneous Cognitive Load (/8) 54 1.31 1.30 .08 -.09 -.11 -.13 .62*** —  

7. Germane Processing (/8) 54 6.07 1.31 -.04 .10 .08 .70*** -.07 -.09 — 

* p < .05, ** p < .01, *** p < .001 
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9.3.3 Alternating Finger Tracing and Learning Performance 

The analyses for tracing dosage effects when participants applied the alternating 

fingers tracing strategy were based on participants in the alternating condition (53 

participants). All six indictors, the number of dominant hands’ elliptical tracing made 

(Dominant Tracing), the number of non-dominant hands’ elliptical tracing made (Non-

Dominant Tracing), the number of times the participants learned and traced the entire worked 

example (Tracing Counts), the total number of elliptical tracing actions of both hands made 

(Total Tracing), the number of times the participants switched between their two hands’ index 

fingers to trace (Finger Switched Counts), and the number of times the participants paused or 

changed the figures during the same index finger tracing (Finger Continued Counts), were 

analysed.  

A partial correlational analysis was conducted to explore to further check if tracing 

dosage correlated with participants’ learning performance in the alternating tracing group in 

the first-stage practice phase. As participants in the alternating condition also applied the non-

alternating tracing strategy in the first-stage learning, only dominant tracing, tracing counts, 

and finger continued counts were included in the analysis. Similar to previous analysis, the 

first-stage tracing dosage indicators were included in the analysis. As Table 43 shows, 

participants’ first-stage dominant tracing, tracing counts, and finger continued counts were 

not correlated with participants’ first-stage learning performance in the practice phase. 
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Table 43 

Partial Correlations Between Participants’ First Stage Tracing Counts, Total Tracing, and 

Learning Performance in Practice Phase in Alternating Group in Experiment 3 

Variable n M SD 1 2 3 4 5 

1. First-Stage Dominant 

Tracing 
52 134.86 76.34 —     

2. First-Stage Tracing Counts 52 7.59 4.36 .91*** —    

3. First-Stage Continued 

Counts 
52 28.87 17.32 .93*** .97*** —   

4. First-Stage Practice Score 

(/3) 
52 2.39 0.84 .04 .02 .07 —  

5. First-Stage Practice Time to 

Solution (/90) 
52 57.54 17.77 .06 .05 .00 -.73*** — 

* p < .05, ** p < .01, *** p < .001 

 

Similar partial correlational analysis was also conducted on the full practice phase, the 

immediate post-test phase, and the delayed post-test phase. All six tracing dosage indicators 

that reflect the sum of the two stages were included in the analysis. As Table 44 shows, all six 

tracing dosage indicators were not correlated with participants’ learning performance in the 

practice phase, the immediate post-test phase, and the delayed post-test phase. 
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Table 44  

Partial Correlations Between All Six Tracing Dosage Factors and Learning Performance in the Alternating Group in Experiment 3 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1. Dominant Tracing 52 217.07 116.57 —                

2. Non-dominant Tracing 52 69.33 37.10 .81*** —               

3. Tracing Counts 52 15.99 8.68 .87*** .74*** —              

4. Total Tracing 52 286.40 148.18 .99*** .89*** .87*** —             

5. Finger Alternated Counts 52 16.60 9.70 .84*** .83*** .92*** .87*** —            

6. Finger Continued Counts 52 45.71 25.89 .88*** .73*** .96*** .87*** .90*** —           

7. Second-Stage Practice Score (/3) 52 2.71 0.46 .00 -.12 .01 -.03 -.13 .05 —          

8. Second-Stage Practice Time to Solution 

(/90) 
52 44.56 11.22 .02 .04 .02 .02 .08 -.04 -.46*** —         

9. Immediate Post-Test Score (/20) 52 11.54 4.66 .06 -.07 -.02 .03 -.04 .05 .24 -.18 —        

10. Immediate Post-Test Similar Score (/12) 52 7.14 2.38 .07 -.05 .00 .05 .00 .08 .32* -.25 .82*** —       

11. Immediate Post-Test Transfer Score (/8) 52 4.67 2.30 .02 -.01 -.02 .01 .00 .05 .19 -.28* .80*** .65*** —      

12. Immediate Post-Test Time to Solution 

(/400) 
52 330.79 42.03 .01 .08 .07 .03 .05 .01 -.16 .20 -.65*** -.71*** -.69*** —     

13. Delayed Post-Test Score (/20) 51 13.53 4.22 .02 -.09 .04 -.01 .01 .05 .13 -.18 .50*** .40*** .57*** -.38** —    

14. Delayed Post-Test Similar Score (/10) 51 7.49 2.06 .04 -.07 .09 .01 .01 .04 .15 -.15 .38** .35* .39** -.22 .82*** —   

15. Delayed Post-Test Transfer Score (/10) 51 6.04 2.63 -.01 -.08 -.01 -.02 -.03 .04 .08 -.15 .46*** .34* .57*** -.41** .89*** .47*** —  

16. Delayed Post-Test Time to Solution 

(/400) 
51 308.61 50.81 -.11 -.06 -.16 -.10 -.13 -.19 -.06 .10 -.40** -.33* -.50*** .63*** -.61*** -.43** -.60*** — 

* p < .05, ** p < .01, *** p < .001 
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A similar partial correlational analysis was also conducted on participants’ first-stage 

intrinsic motivation and cognitive load. As participants in the alternating condition also 

applied the non-alternating tracing strategy in the first-stage learning, only dominant tracing, 

tracing counts, and finger continued counts were included in the analysis. Similar to previous 

analysis, the first-stage tracing dosage indicators were included in the analysis. As Table 45 

shows, first-stage dominant tracing, tracing counts, and finger continued counts did not 

correlate with participants’ first-stage intrinsic motivation and cognitive load.  

A similar partial correlational analysis was also conducted on participants’ second-

stage intrinsic motivation and cognitive load. The tracing dosage indicators that reflect the 

sum of the two stages were included in the analysis. As Table 46 shows, all six tracing dosage 

indicators did not correlate with participants’ second-stage intrinsic motivation and cognitive 

load.  

In summary, no significant correlation was found between tracing dosage and 

alternating group participants’ learning performance in the practice phase, the immediate 

post-test phase, and the delayed post-test phase. No correlation was found on participants’ 

intrinsic motivation and cognitive load. 
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Table 45  

Partial Correlations Between Participants’ First-Stage Dominant Tracing, Tracing Counts, Finter Continued Counts, Intrinsic Motivation, and 

Cognitive Load in the Alternating Group in Experiment 3 

Variable n M SD 1 2 3 4 5 6  

1. First-Stage Dominant Tracing 52 134.86 76.34 —       

2. First-Stage Tracing Counts 52 7.59 4.36 .91*** —      

3. First-Stage Finger Continued Counts 52 28.87 17.32 .93*** .97*** —     

4. First-Stage Intrinsic Motivation (/8) 52 5.59 1.51 -.10 .02 -.05 —    

5. First-Stage Intrinsic Cognitive Load (/8) 52 1.26 1.31 -.13 -.18 -.21 -.36** —   

6. First-Stage Extraneous Cognitive Load (/8) 52 1.49 1.20 -.09 -.13 -.16 -.43** .78*** —  

7. First-Stage Germane Processing (/8) 52 6.24 1.04 -.03 .03 .05 .59*** -.69*** -.66*** — 

* p < .05, ** p < .01, *** p < .001
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Table 46  

Partial Correlations Between Six Tracing Dosage Factors, Intrinsic Motivation, and Cognitive Load in the Alternating Group in Experiment 3 

Variable n M SD 1 2 3 4 5 6 7 8 9 10 

1. Dominant Tracing 52 217.07 116.57 —          

2. Non-dominant Tracing 52 69.33 37.10 .81*** —         

3. Tracing Counts 52 15.99 8.68 .87*** .74*** —        

4. Total Tracing 52 286.40 148.18 .99*** .89*** .87*** —       

5. Finger Alternated Counts 52 16.60 9.70 .84*** .83*** .92*** .87*** —      

6. Finger Continued Counts 52 45.71 25.89 .88*** .73*** .96*** .87*** .90*** —     

7. Intrinsic Motivation (/8) 52 5.35 1.67 -.12 .00 -.07 -.10 -.04 -.15 —    

8. Intrinsic Cognitive Load (/8) 52 0.94 1.09 .01 .08 -.01 .03 .04 -.04 -.04 —   

9. Extraneous Cognitive Load (/8) 52 1.72 1.39 .08 .19 .05 .11 .10 .04 -.33* .32* —  

10. Germane Processing (/8) 52 6.05 1.08 -.07 -.12 -.06 -.09 -.06 -.06 .29* -.31* -.42** — 

* p < .05, ** p < .01, *** p < .001
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9.4 Discussion 

Reviewing the results of all three experiments, a general finding was the positive 

correlation between tracing dosage and participants’ learning performance in Experiments 1 

and 2, but not Experiment 3. In Experiments 1 and 2, all indicators suggested that more 

tracing actions resulted in better learning performance. This effect was more pronounced in 

the practice phase, followed by the immediate post-test, and finally the delayed post-test. In 

Experiment 1 and Experiment 2, the correlations between dosage indicators and practice 

phase learning performance were generally higher in magnitude than the correlations between 

dosage indicators and immediate and delayed post-test learning performance, with some 

indicators in Experiment 2 in particular not correlating with the post-test learning 

performance. These findings suggested tracing dosage effects gradually weakened as the time 

from the learning phase increased.  

However, no significant correlation between tracing effect and learning performance 

was found in Experiment 3. As introduced in the main chapters, Experiment 3 made 

substantial adjustments to the learning materials and procedure. Both the first-stage practice 

score and the second-stage practice score evinced ceiling effects, with range restriction of 

these variates undermining subsequent correlational analyses. It is unclear, however, why 

dosage effects seen on immediate and delayed post-test scores in Experiments 1 and 2 were 

not observed on these variates in Experiment 3.  

One possible reason is that adjustments to the learning procedure resulted in an 

extended interval between the acquisition stage and the post-test stage. The findings from 

Experiments 1 and 2 indicated that the dosage effect diminished rapidly over time. In 



333 

 

Experiment 1 and 2, participants were asked to complete a self-report survey after they 

answered the fourth practice question. Participants spent approximately five minutes 

answering the questions in self-report survey, then they started the immediate post-test. A 

mere five-minute interval resulted in the reduction in the magnitude of dosage effect from 

practice phase to the immediate post-test phase. Since the learning phase was divided into 

two stages in Experiment 3, participants were asked to complete two self-report surveys (one 

after each stage). The time interval between the acquisition stage and immediate-test stage 

increased due to the procedure’s adjustments, associated with a further weakening of the 

dosage effect in the immediate post-test phase, as well as the delayed post-test. 

Though the increased time interval may have reduced the magnitude of the dosage 

effect, given that the dosage effect was robust in both Experiments 1 and 2, this appears 

insufficient to account for its complete disappearance in Experiment 3. The reasons for the 

disappearance of the dosage effect in Experiment 3 require further investigation. 
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Chapter Ten: General Discussion 

10.1 Summary of Key Findings 

Based on the tracing effect and drawing on variability’s superiority in instructional 

design as well as CLT’s theoretical framework, incorporating variability into which hand 

performs tracing actions may result in beneficial effects on schema construction and transfer 

of training (van Merriënboer & Sweller, 2005). Therefore, the current research conducted 

three experiments in sequence to compare alternating tracing and non-alternating tracing, 

hypothesising that alternating which hand traces out specified elements of a worked example 

could further support learning beyond the basic tracing effect. In addition, the series of 

experiments investigated learners’ intrinsic motivation and cognitive load, because the 

cooperation of tracing and variability may also optimise their respective effects on intrinsic 

motivation and various sources of cognitive load.  

All three experiments recruited college students as participants and used lesson 

materials on a mental mathematics learning strategy as learning content. Experiment 1 and 

Experiment 2 employed the same lesson design, with participants studying four worked 

examples and completing the practice questions that followed each worked example. 

Contrary to hypotheses, Experiment 1 and 2 did not find that alternating tracing promoted 

learning compared to non-alternating tracing across all testing phases, including practice 

questions, immediate post-test questions, and delayed post-test questions. Experiment 1 

found non-alternating tracing group performed better than the alternating tracing group in 

practice questions and immediate post-test questions, with no difference between the groups 

in delayed post-test questions. The only positive finding regarding alternating tracing in 
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Experiment 1 was participants in the alternating tracing condition had a greater improvement 

across immediate post-test and delayed post-test. As for Experiment 2, no difference on 

learning performance between two groups was found across practice questions, immediate 

post-test questions, and delayed post-test.  

Considering that the action of alternating fingers during learning may cause learners 

difficulty in focusing on the learning content, Experiment 3 made adjustments to the design 

of the lesson phase, dividing this phase into two stages, with three worked examples and 

corresponding practice questions in each stage. In the first stage, participants in both groups 

applied a non-alternating tracing strategy. This change was implemented in the expectation 

that it would support initial schema acquisition in both conditions. In the second stage, 

participants in the non-alternating group continued tracing with the dominant hand, while 

participants in the alternating tracing group applied the alternating tracing strategy. These 

modifications were based on the hypothesis that, having partially developed a schema for the 

mental mathematics strategy in the first phase, students in the alternating condition would 

further develop and automate the mental mathematics strategy in the second stage to a greater 

extent than participants in the non-alternating condition, because of the higher (but 

manageable) intrinsic load and germane processing generated by alternating tracing. In 

addition to these changes to the lesson phase, immediate and delayed post-test questions were 

categorised into similar questions and transfer questions, in order to further compare 

alternating tracing and non-alternating tracing’s effects in detail. Thus, the comparison 

between non-alternating tracing and alternating tracing focused on participants’ performance 

in second-stage practice questions, immediate post-test questions (similar, transfer, and 
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combined test scores), and delayed post-test questions (similar, transfer, and combined test 

scores). Marginal significant differences between the two groups were found for immediate 

post-test transfer performance and delayed post-test overall performance, suggesting 

participants in the alternating group performed better. A marginally significant difference 

between conditions was also found in the repeated measures analyses across immediate and 

delayed post-tests, regarding similar question performance, transfer question performance, 

and combined score performance.  

Considerations of intrinsic motivation and cognitive load also yielded significant 

findings. (Discussion below focuses on the self-report results from Experiment 1, Experiment 

2, and the second stage of Experiment 3, because Experiment 3 divided learning into two 

stages, participants in the alternating condition applied non-alternating tracing in the first 

stage and applied alternating tracing in the second stage.) For intrinsic motivation, 

participants in the alternating tracing group reported similar (Experiment 1 and 2) or higher 

(Experiment 3, stage 2) levels of intrinsic motivation than those in the non-alternating tracing 

group. More specifically, in Experiment 3, all participants exhibited a decline in intrinsic 

motivation during the second stage of learning compared to the first, though the decrease was 

less pronounced for the alternating tracing group. For intrinsic cognitive load, participants in 

the alternating tracing group reported similar (Experiment 3, stage 2) or higher (Experiment 

1) levels of intrinsic cognitive load than those in the non-alternating tracing group. An 

interaction effect was found in Experiment 1, indicating that participants with lower pre-test 

scores reported significantly higher intrinsic cognitive load in the alternating condition than 

those in the non-alternating condition. For extraneous cognitive load, participants in the 
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alternating tracing group reported significantly (Experiment 1 and 2) or marginally 

(Experiment 3, stage 2) higher levels of extraneous cognitive load than those in the non-

alternating tracing group. For germane processing, participants in the alternating tracing 

group reported similar levels of germane processing to those in the non-alternating tracing 

group (Experiments 1, 2, and 3). 

In addition, supplementary “dosage” analyses of tracing were conducted. Generally, a 

significant positive correlation between tracing dosage (broadly defined as the number of 

times a student completed specified tracing actions, reflecting by six indicators) and learning 

performance was found (Experiments 1 and 2), suggesting that making more tracing actions 

resulted in better learning performance. Tracing dosage effects were most clear on practice 

phase scores, less strong on immediate post-test scores, and less strong again on delayed post-

test scores. Dosage effects were not apparent in Experiment 3, which might be attributed to 

ceiling effects in the case of practice test scores. Regarding the lack of a dosage effect on 

immediate and delayed post-test scores, a possible cause is that the extended interval between 

acquisition phase and post-test phases may have further diminished the dosage effect. 

Though three experiments indicated various results in detail, taken together the 

following general conclusions can be drawn: compared to non-alternating tracing, a) 

alternating tracing may cause some difficulty during learning, especially for learners with 

lower prior ability, reflecting by worse practice question performance (Experiment 1), higher 

reported intrinsic cognitive load (Experiment 1 and 2) and extraneous cognitive load 

(Experiment 1, 2, and 3); b) alternating tracing produces better learning retention effects, 

especially in the delayed post-test and on transfer questions, reflected by greater progress 
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across a 24-hour delay in testing (Experiment 1), better performance in immediate post-test 

(Experiment 3, transfer scores), and better performance in delayed post-test (Experiment 3, 

total scores); c) alternating tracing could more effectively sustain students’ intrinsic 

motivation (Experiment 3). Although some of the previous effects are only marginally 

significant from a statistical perspective, the series of experiments innovatively demonstrates 

the potential of alternating tracing over non-alternating tracing, further revealing the potential 

of alternating tracing’s application in educational settings.  

10.2 Theoretical and Methodological Implications 

Based on this series of experiments and research findings, the present study makes the 

following theoretical contributions.  

10.2.1 Exploring Variability from A New Perspective: The Learner’s Body as a Learning 

Medium 

First, the present study extends the scope of the variability effect from a CLT 

perspective. Though various types of variability (for a review, see Raviv et al., 2022) have 

been studied by researchers from different fields, most of these studies have focused on 

variation of learning content. Whether variability is operationalised through numerosity, 

heterogeneity, or scheduling, these factors essentially result in learners acquiring different 

learning content at specific points in time. Only the variability from situational (contextual) 

diversity, focusing more on the learning environment, is irrelevant to the learning content.  

The present study, however, explores variability from a new perspective. Alternating 

finger tracing, as a high variability condition compared to non-alternating finger tracing, 

reflects neither variability in learning materials nor variability in the learning environment, 
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but rather a form of variability of the learning medium (the student’s body) – that is, 

variability in the actions made by students themselves. Learners can either gain the haptic 

information from the non-alternating finger (single medium, low variability) or alternating 

fingers (constantly alternating mediums, high variability).  

Results in the current studies are consistent with those in the classic variability effect 

research (e.g., Paas & Van Merriënboer, 1994), satisfying the following characteristics: a) 

high variability may first hinder learning but then benefit generalisation or transfer (see 

Experiment 1 and 3); b) high variability may increase intrinsic cognitive load (see 

Experiment 1 and 2). However, although the current study aligns with the variability effect in 

terms of the above characteristics, only Experiment 3 actually demonstrated a marginal effect 

whereby alternating could better promote learning. Experiment 1 and 2 were designed with 

the intention of eliciting the variability effect and indeed produced changes in cognitive load, 

yet failed to yield better learning performance. The high variability design had negative 

consequences in Experiment 1 and 2, which could be regarded as a “reversal variability 

effect”.  

As van Merriënboer and Sweller (2005) summarised, instructional designs that 

incorporate high variability can be achieved via different dimensions, such as the manner in 

which the task is presented, the saliency of defining characteristics, or the context in which 

the task is performed. The present study, operationalising variability via alternating tracing 

actions, replicated the variability effect under specific circumstance (Experiment 3, applying 

the non-alternating/alternating tracing sequence), extending the potential scope of the 

variability effect.  
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10.2.2 Demonstrating Alternating Tracing as A Source of Extraneous Cognitive Load 

Second, the present study explores alternating tracing as a new type of tracing, 

demonstrating it as a potential source of extraneous cognitive load.  

Alternating tracing, as a new type of tracing, was introduced in the present study, 

intending to further support cognitive learning. However, due to the classic tracing effect and 

variability effect exerting opposing influences on extraneous cognitive load, we could not 

definitively predict how alternating tracing, as a combination of tracing and variability, would 

influence extraneous cognitive load. As classic tracing reduces extraneous cognitive load 

(e.g., Ginns & King, 2021; Tang et al., 2019, Wang et al., 2022; Wang et al., 2025) while 

variability was predicted to increase it, the present study initially anticipated that these effects 

would cancel each other out, making the hypothesis that participants in the non-alternating 

tracing group and alternating tracing group would perceive similar levels of extraneous 

cognitive load. However, results from all three experiments showed that participants in the 

alternating tracing group reported higher levels of extraneous cognitive load, preliminarily 

demonstrating alternating tracing as a source of extraneous cognitive load.  

The reason why participants applying alternating tracing reported higher extraneous 

cognitive load has been discussed in the discussion sections of each experiment. Experiment 

1 and Experiment 2 pointed out that there might be a split attention effect (Tarmizi & Sweller, 

1988) because participants needed to read the tracing instructions during the learning. 

However, this effect should exist in both conditions, yet is insufficient to explain why 

extraneous cognitive load is higher in the alternating tracing group. Although the instructions 

for alternating tracing are more complex, which may cause a more severe split attention 
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effect, this cannot explain why the higher extraneous cognitive load persisted in the 

alternating group even after simplifying the instructions to images in Experiment 3. Thus, 

other potential causes of higher extraneous cognitive load in the alternating tracing group are 

discussed in the following paragraph. These possibilities may eliminate the possible benefits 

of heightened attentional resources resulting from finger tracing. 

One possible explanation was that having to check carefully to know which hand to 

use consumed part of working memory resources, resulting in higher extraneous cognitive 

load. Although both groups of participants followed tracing instructions to use their fingers, 

participants in the non-alternating tracing group may have developed some automation in this 

procedure due to consistently using the same hand. In contrast, participants in the alternating 

tracing group had to pay attention to the tracing instruction at every step, potentially 

consuming more working memory resources compared to the non-alternating tracing group. 

Results from Experiment 3 support this explanation. In Experiment 3, participants in both 

conditions applied a non-alternating tracing strategy in the first-stage learning; those who 

continuously applied a non-alternating tracing strategy reported lower extraneous cognitive 

load in the second stage, compared to the first stage. Because participants developed some 

automation in the process of “checking tracing instruction, using the index finger of the right 

hand” in the first-stage learning, their extraneous cognitive load may have decreased when 

they continued to use the right hand in the second-stage learning. In contrast, participants in 

the alternating tracing group could not continue to rely on this established automation 

process, resulting in higher extraneous cognitive load in the second stage.  

Another possible reason is the difference in ability between the dominant and non-
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dominant hands. Although finger tracing is a relatively simple hand movement that can be 

easily performed by the non-dominant hand without specific training, the disparity in 

proficiency between the use of the dominant and non-dominant hands is an objective reality. 

Results of the handedness survey supported this disparity. Handedness scores in both groups 

in all three experiments are higher than 0.8, suggesting that participants had a pronounced 

preference for using the right hand. The difference in hand preference raises the distinct 

possibility that the tracing with the non-dominant hand was much less automated than the 

dominant hand for most participants, resulting in higher extraneous cognitive load in the 

alternating tracing group. 

In summary, the present study introduces alternating tracing, demonstrates its 

potential effect in increasing extraneous cognitive load, and points out the possible reasons 

for further consideration.  

10.2.3 Constituting Alternating Tracing as A New Compound Cognitive Effect 

Third, the present study provides tentative evidence for alternating tracing actions, 

potentially constituting a new “compound” cognitive load effect alongside the 

tracing/imagination effect (Wang et al., 2022). As Sweller et al. (2019) defined, a compound 

effect is an effect that can alter the characteristics of other simple cognitive load effects.  

The alternating tracing effect could be seen as a compound effect because it can alter 

the characteristics of the classic tracing effect. Classic finger tracing was demonstrated to 

decrease participants’ extraneous cognitive load (e.g., Ginns & King, 2021; Tang et al., 2019; 

Wang et al., 2025). In marked contrast to these results, results of Experiments 1 and 2 found 

that alternating tracing increased extraneous cognitive load for novices, compared to standard 
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(non-alternating) tracing.  

Following results of Experiments 1 and 2, the redesign of Experiment 3 first aimed to 

provide all students with foundational schemas through non-alternating tracing actions in the 

first stage of the lesson, then tested the effect of alternating vs. non-alternating tracing actions 

in the second stage. Compared to Experiments 1 and 2, differences between conditions in 

extraneous load were much less pronounced in Experiment 3. Moreover, in Experiment 3, a 

marginal interaction effect was found for extraneous cognitive load, suggesting the non-

alternating group experienced lower extraneous cognitive load than the alternating group in 

the second stage. However, this seemingly “harmful” alteration resulted was associated with 

better delayed post-test overall performance and transfer performance, indicating the role of 

alternating tracing as a compound effect in facilitating learning. 

10.2.4 Mitigating the Decline in Intrinsic Motivation via Changing the Tracing Strategy 

Fourth, Experiment 3 in the present study demonstrates that applying a non-

alternating/alternating tracing sequence could more effectively mitigate the decline in 

intrinsic motivation across a lesson.  

Drawing on evolutionary educational psychology, Ginns and King (2021) proposed 

finger tracing, as biologically primary knowledge (Geary, 2008), can inherently stimulate 

humans’ motivation to engage in such activities. However, empirical findings regarding 

finger tracing leading to heightened intrinsic motivation are not robust. Some studies 

demonstrated that tracing triggered higher motivation compared to the non-tracing group 

(e.g., Ginns & King, 2021; Wang et al., 2022, Experiment 1), while other studies did not find 

any difference (e.g., Park et al., 2023; Wang et al., 2022, Experiment 2, 2025). One possible 
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explanation for these various results is that finger tracing did trigger intrinsic motivation in all 

studies, but some motivation rapidly diminishes during the learning process and cannot be 

noticed and measured at the time of self-reporting. According to Hidi and Renninger’s (2006) 

four-phase model of interest, triggered situational interest may disappear if the learning lacks 

novelty. Consistent with this argument, the intrinsic motivation for finger tracing triggered by 

biologically primary knowledge-related activity may also disappear quickly if the tracing 

activity or the learning contents lack variation.  

Experiment 3 in the present study designed a learning sequence that first applied non-

alternating tracing and then applied alternating tracing, successfully mitigating the decline in 

learners’ intrinsic motivation. In contrast, Experiments 1 and 2 applied the alternating tracing 

across the whole learning process, without finding a difference in intrinsic motivation 

between the non-alternating and alternating conditions. The series of findings suggests that 

applying a changeable tracing strategy to maintain learners’ sense of novelty in learning 

activities could be the key factor to preventing learners’ intrinsic motivation from declining 

too rapidly. This discovery holds potential for extension to instructional design more broadly, 

suggesting that a variety of activities could be applied within the same lesson sequence to 

maintain students’ motivation (particularly interest) while learning biologically secondary 

knowledge that is not intrinsically motivating to learn (cf. Geary, 2008). 

10.2.5 Contributions to Haptic Modality Effect 

Fifth, the present study contributes to research on the modality effect via the haptic 

modality.  

The modality effect (Mousavi et al., 1995) originally referred to the finding that dual-
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modality presentation visual and auditory lesson elements can promote learning. As Sweller 

et al. (2011) concluded, the modality effect operates by reducing the extraneous cognitive 

load caused by visual split attention and providing extra working memory resources by 

adding another sensory channel. By comparing finger tracing on the paper (has haptic 

perception) and tracing above the paper (no haptic perception), F.-T. Hu et al. (2015) found 

tracing on the paper could better enhance learning, demonstrating the modality effect exists in 

the haptic sensory mode.  

By adding an extra finger, the present study introduces alternating tracing involving 

two index fingers in learning. As humans’ hands can move independently and each has 

sensory perception, a question regarding the dual-hands modality arises: does the addition of 

an extra hand enrich the original haptic modality, or does it constitute its own haptic 

modality? 

Research from neuroscience suggests that both hands possess independent sensory 

capabilities while also being influenced by one another. Neuroscience has defined a 

specialised term, proprioception, to describe the perception of movement and spatial 

orientation arising from stimuli within the body (Brumagne et al., 2013). As proprioception 

originates from mechanoreceptors within the muscles, tendons, and skin (Casadio et al., 

2018), each hand has its own proprioceptive input, which makes the tactile and kinaesthetic 

perception to some extent independent for each hand. However, numerous studies have also 

found that tactile sensation undergoes interhemispheric transfer (Tamè et al., 2019). Braun et 

al.(2005) found that stimuli applied to the left hand substantially altered localization 

responses for stimuli applied to the right side, suggesting that perception in the left and right 
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hands is to some extent mutually influenced.   

Returning to the perspective of CLT on modality effect, the question remains 

unanswered: whether the left and right hands share the same haptic modality, or do the left 

and right hand have their own sub-modality? The findings on cognitive load measures in the 

present study potentially reveal that the processing of tactile and kinaesthetic information by 

the left and right hands is more like a single modality.  

In all three experiments in the present study, the alternating tracing group reported 

higher extraneous cognitive load. If the information perceived by the left hand and right hand 

constitutes two relatively distinct haptic modalities, then the findings do not align with the 

basic idea of the modality effect that more modalities presenting related information results in 

lower extraneous cognitive load. On the contrary, if the left hand and right hand share a single 

haptic modality, then the increase of extraneous cognitive load could be explained as a kind 

of split attention effect (Tarmizi & Sweller, 1988) on the haptic modality. Just as visual 

material appears momentarily on the left side of the field of vision, then momentarily on the 

right side of the field of vision, the tactile and kinaesthetic perception shifts back and forth 

between two hands when applying alternating finger tracing. Learners have to spend extra 

effort to integrate the tactile and kinaesthetic information perceived by two hands, and thus, 

the extraneous cognitive load increases.  

The direct comparison between non-alternating finger tracing and alternating finger 

tracing excludes other potential sources of interference that could lead to higher extraneous 

cognitive load (e.g., visual split attention), because the two conditions used the same learning 

material and any interference from other modalities should have affected both groups equally. 
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Under these circumstances, the robust higher extraneous cognitive load reported by the 

alternating tracing group can only be reasonably explained as the split attention effect on the 

haptic modality. Thus, the present study contributes to the theory of haptic modality effect, 

revealing that the two hands basically share the same haptic modality.  

10.3 Educational Implications 

Finger tracing has extensive application in educational practice. Tracing effects have 

been found across a range of subject areas (e.g., letters, Bara et al., 2004; operation rules, 

Ginns et al., 2016; geometry rules, Hu et al., 2015; geometrical shapes, Kalenine et al., 2011; 

human physiology, Macken & Ginns, 2014; scientific knowledge, Tang et al., 2019), learner 

demographics (e.g., primary-school-aged children, Agostinho et al., 2015; adults, Ginns & 

King, 2021), and pedagogical methods (e.g., worked examples, Ginns et al., 2016; expository 

text with diagrams, Macken & Ginns, 2014; illustrated poster, Tang et al., 2019). As an 

effective, low-cost, and easy-to-implement learning strategy, finger tracing can be used by 

students, parents, teachers, and educators. The tracing effect has been demonstrated under a 

classroom setting (e.g., Du & Zhang, 2019), suggesting finger tracing could be applied in 

both personal learning and classroom teaching. 

Building upon the robust tracing effect, the present study introduces a new tracing 

strategy: alternating tracing. Experiment 1 and 2 tested the effects of employing alternating 

tracing across the entire learning process, finding that its learning facilitation effect was 

equivalent to non-alternating tracing (Experiment 2 and delayed post-test in Experiment 1), 

and in some cases even inferior to non-alternating tracing (practice test and immediate post-

test in Experiment 1). Thus, the present study proposed a learning sequence combining non-
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alternating tracing followed by alternating tracing in Experiment 3, aiming to provide 

students with foundational schemas through non-alternating tracing in the first stage of the 

learning. Results suggested that the non-alternating/alternating sequence could better enhance 

transfer learning outcomes and delayed post-test performance. 

In summary, when taken together, results of Experiments 1 and 2 argue against 

encouraging learners to alternate which hand traces across the entirety of a set of worked 

examples. The results of Experiment 3 provide tentative evidence for an effective tracing 

sequence, where learners first undertake the classic non-alternating tracing before progressing 

to alternating which hand performs tracing actions. This tracing sequence mitigates the 

potential adverse impacts of alternating tracing being overly complex during the initial stages 

of learning.  

10.4 Limitations of the Present Study and Suggestions for Future Research 

10.4.1 Small Effect Size  

The present study introduced alternating tracing as a new tracing strategy, 

investigating effects on learning performance, intrinsic motivation, and cognitive load. 

Experiment 1 and 2 did not find alternating tracing was more beneficial for learning than 

non-alternating tracing. Learning performance results for Experiment 3 were marginally 

significant in statistical terms. One possible explanation for this modest effect is insufficient 

sample size.  

Initial power analysis for the current study suggested that at least 54 participants for 

each group and 108 participants in total were required for sufficient experimental power. 

Although the three experiments recruited participants according to this result and included at 
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least 108 participants in each experiment, excluding participants who did not follow the 

tracing strategy resulted in a lower number of participants being included in the data 

analyses. The compliant datasets meeting the criteria in Experiment 1 to 3 comprised 95, 100 

and 97 participants respectively, failing to meet the minimum requirement of 108 

participants.  

Data analyses from Experiment 3 further substantiate this argument. In the analysis of 

similar question performance in Experiment 3, the ANCOVA analysis focused on immediate 

post-test similar question performance showed no difference between the alternating and non-

alternating group, while the ANCOVA analysis focused on delayed post-test similar question 

performance also showed no difference between alternating and non-alternating group. 

However, the repeated measures analysis, including data across both the immediate and 

delayed post-test, found a marginally significant difference between the alternating and non-

alternating groups. As the repeated measures analysis included more data, the analysis had 

higher statistical power, thereby detecting a marginally significant difference between groups 

in the repeated measure analysis that would otherwise remain undetectable in the single time-

point (i.e., immediate test vs. delayed test) ANCOVA analysis.  

Therefore, future research could increase the sample size or ensure recruited 

participants are more compliant with experimental conditions, in order to support more 

sensitive tests of hypotheses. 

In addition to the issue of effect size, during the process of conducting a series of 

experiments, some limitations of the present study gradually became apparent. These 

limitations in research design are listed and discussed below, accompanied by suggestions for 
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improvements in future research. 

10.4.2 Unbalanced Gender Distribution 

The present study recruited participants in two universities in China, where the gender 

(male/female) ratio is inherently imbalanced. This imbalance stems from the distinctive 

academic strengths of these two institutions. Both East China Normal University and South 

China Normal University are normal universities that were historically designed to train 

teachers, with both universities excelling in education-related disciplines. Despite their efforts 

in recent years to develop into comprehensive universities, the prevailing perception among 

Chinese students and parents has resulted in the majority of their students being female. 

Against this background, the gender ratios in all three experiments of this study were also 

imbalanced. 

Fisher’s exact test (Upton, 1992) was used to check the equivalence in gender 

proportions in all three experiments. Results showed that gender was evenly distributed in 

Experiments 1 and 2. However, this was not achieved in Experiment 3. In Experiment 3, 

more male participants were assigned to the non-alternating condition (12 participants) 

compared to the alternating condition (four participants). Given the overall scarcity of male 

participants, this difference was not considered to be a substantive concern. As recent 

research on gender differences in mathematical performance increasingly indicates that such 

differences are typically very small (Hyde et al., 1990; Lindberg et al., 2010), the unbalanced 

gender distributions in the present study do not threaten the research findings.  

From a broader perspective, gender effects were found in some cognitive load 

research (e.g., Castro-Alonso et al., 2019; Gupta et al., 2022), suggesting male and female 
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participants may benefit to varying degrees from the same instructional design. Although it 

remains unclear whether there are differences in the benefits of finger tracing for individuals 

of different genders, given that finger tracing constitutes a specialised instructional design 

involving participants’ hand movements and spatial ability, gender may be an influential 

factor. Therefore, future research should aim for a balanced gender distribution in each 

condition in order to achieve a more objective, universal result.  

10.4.3 Unexpected Ceiling and Floor Effects 

The present study faced a few ceiling and floor effects for different self-report 

measures in three experiments, which is unexpected.  

The learning materials are designed for adult learners who have never encountered 

this mental math method, adapting from previous studies (e.g., Ginns et al., 2019; Smyrnis & 

Ginns, 2016; Wang et al., 2022). The difficulty level of the questions was drawn from 

previous studies, deliberately designed and progressively adjusted over the course of three 

experiment trials. As the materials are inherited from previous research, the presence of 

ceiling and floor effects is unexpected. 

In instructional design studies such as those informed by cognitive load theory, it is 

vital that the challenge level of lesson materials and test questions be aligned with the current 

capabilities (particularly prior knowledge) of students (Cooper & Sweller, 1987). Although 

none of the participants in the present study had prior exposure to this mental math method, 

their inherent mathematical aptitude may have rendered the learning material overly 

simplistic for them, resulting the presence of floor effects on intrinsic cognitive load and 

extraneous cognitive load. The limitation of the present study lies in its failure to account for 
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differences in the inherent mathematical abilities of participants from top universities in 

China. Though the present study applied statistical methods to avoid the bias caused by the 

ceiling and floor effects, such limitations at the source of the data should be avoided as far as 

possible in future research. 

In future studies, a pilot test is suggested to be applied to sensitively check the 

difficulty of the learning material. The pilot test should share the background with formal 

experiments, recruiting pilot participants from the same pools as the formal experiments, in 

order to provide more sensitive tests of hypotheses.  

10.4.4 Lack of Non-Tracing Group as Control Group 

The present study did not set a control (non-tracing) condition in the three 

experiments. The initial design of the present study was based on the consideration that the 

tracing effect had been extensively demonstrated, such that our aim was not to replicate the 

tracing effect but rather to further explore alternating tracing. Therefore, all the efforts were 

devoted to comparing alternating tracing with non-alternating tracing.  

However, the absence of the no-tracing condition makes it difficult to draw a 

definitive conclusion on alternating tracing’s effect. We cannot know the result that no 

difference between non-alternating and alternating conditions means no effects of alternating 

tracing, or it means the alternating tracing has similar effects to non-alternating tracing. 

Regarding learning performance, we may reasonably infer that alternating tracing also has 

similar learning enhancement effects, given the robust tracing effects in various situations.  

However, in terms of intrinsic motivation and cognitive load, the absence of a 

comparison with a no-tracing condition may make the conclusions less robust. We found that 
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alternating tracing sometimes results in higher intrinsic cognitive load, but this improvement 

did not result in the increase of germane processing as expected. However, this comparison 

pertains specifically to non-alternating tracing. It is indeed possible that alternating tracing 

improved germane processing compared to the no-tracing condition, but this was not tested in 

the present series of experiments.  

Therefore, it is recommended to include a control group in further research to allow 

the above comparisons to be made. 

10.4.5 Conduct Experiments in a Second-Language Setting 

The present study was conducted in a second-language setting. The learning materials 

used in the present study were written in English. However, all three experiments in the 

present study were conducted in different universities in China, where Chinese is participants’ 

first language. The decision to use English materials was initially made in order to continue 

employing previously adopted materials from B. Wang et al. (2022). To avoid ambiguities in 

the translation process, whilst also taking into account that Chinese university students have 

studied English for at least ten years and are able to read English in paragraphs, English-

written materials were adopted in the present study. To ensure participants gained a full 

understanding of the experimental tasks, all oral introductory sessions were conducted by the 

researcher in Chinese.  

The research findings indicated that participants generally achieved relatively high 

scores, with evidence of a ceiling effect, suggesting that the impact of using English-language 

materials on learning appears to be minimal. However, validity analyses results of self-report 

measurements across three experiments suggested that even participants with strong second 
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language proficiency encountered ambiguities when completing experiments in a second 

language setting. In Experiment 1, the item “ICL_5” had a low factor loading, and the item 

“GCL_2” was not significantly related to the main factor. In Experiment 2, the identical self-

report scale was employed; the “ICL_5” still had a low factor loading, but the item “GCL_2” 

became significantly related to the main factor, though its factor loading was low. The only 

difference between Experiment 1 and 2 was that the researcher responded to participants’ 

enquiries about statement meaning with a more content-based rather than word-by-word 

translation. In Experiment 3, “GCL_2” was carefully rephrased in English to avoid the 

potential ambiguity caused by Chinese culture and Chinese-based English learning. Results 

showed that “GCL_2” was significantly correlated to the main factor and had a sufficient 

factor loading to be included as an indicator. The increasingly specific translation prompts 

provided by the researcher resulted in continuously optimised validity across three 

experiments, indicating that even participants with a high level of proficiency in the second 

language remain susceptible to the influence of their non-native language.  

Research on mathematics learning in bilingual environments has found that even in 

countries with multiple official languages, children who grew up in a multilingual 

environment still showed better understanding and problem-solving performance for 

problems stated in their native language (e.g., Bernardo & Calleja, 2005; Van Rinsveld et al., 

2016). Van Rinsveld et al. (2016) further demonstrated that although this native language 

advantage diminished with age (with more years lived in a bilingual environment), this 

language effect does not disappear even among adult populations. This result aligns with 

earlier findings that even highly proficient bilinguals remain more accurate and faster at 
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performing arithmetic tasks in their dominant language (Frenck-Mestre & Vaid, 1993; Marsh 

& Maki, 1976; McClain & Huang, 1982).  

The initial decision to use English material in the current study aimed to avoid 

translation ambiguities. However, this approach gave rise to unforeseen issues, such as the 

challenges posed by non-native language acquisition for learners and the effects of individual 

variations in English proficiency.  

Thus, it is important for further research to utilise learning materials that are 

appropriate to the language background of the participants. Even though translating learning 

materials may carry a certain risk of ambiguity, this would still be more appropriate than 

having participants learn using a second language. 

10.4.6 Double Standards on Learning and Tracing Dosage Exists in Tracing Study 

Learning research typically requires participants to complete a certain amount of 

learning. The present study also stipulated specific time allocations for learning each worked 

example, yet the actual experiment revealed potential shortcomings in this design within 

tracing research. Although three experiments in the present study stipulated that participants 

had two minutes to study each worked example and specified the exact number of times they 

needed to trace in each step, we did not prescribe how many times they should study the 

example questions within the two-minute period. We tried to control the total learning time of 

each participant, but we could not control the actual amount of time they devoted to studying 

and their learning speed.  

The video coding of participants’ learning process in the current study revealed that 

participants’ actual tracing behaviours exhibited substantial variation, subsequently framed as 
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“dosage”. As the overall learning duration is controlled, such variations in individual learning 

speeds are typically regarded as individual factors in standard learning experiments and do 

not affect the results of intergroup comparisons. However, in the tracing experiment, given 

the significant positive correlation between tracing dosage and learning performance, 

differences in tracing frequency arising from these variations in learning speed may 

potentially influence the results. The differences in learning performance between different 

participants may have not only stemmed from tracing strategy (non-alternating vs. 

alternating) but may have also arisen from tracing dosage.  

The present study indicates the possibility in tracing studies, that learners receive the 

same amount of time on learning but ultimately generate different learning doses. There 

exists a double standard in tracing experiments: we want participants to undertake the same 

amount of learning, and we also want participants to undertake the same amount of tracing. 

This issue may not affect studies comparing finger tracing with other learning strategies, as 

they contrast scenarios with and without tracing behaviour. However, it does impact research 

comparing different tracing strategies (though such research is not common currently).  

Thus, for further research wishing to investigate different tracing strategies in depth, 

we suggest that learning material could be designed in a more structured format. For 

example, researchers could play a learning video of a fixed duration and ask the learner to 

complete corresponding tracing actions at the pace dictated by the video’s instruction.  

10.4.7 Alternating Tracing, Element Interactivity, and Desirable Difficulties   

Variability research has in part been informed by the notion of desirable difficulties 

(Bjork & Bjork, 2011), referring to findings that some instructional designs apparently create 
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difficulty that actually leads to more durable and flexible learning. However, mixed results 

were achieved when attempting to apply desirable difficulties in tracing practice, yielding 

both successes and failures, thereby providing valuable insights for future research.  

R.A. Bjork (n.d.) pointed out the necessity to introduce difficulties for the learner, and 

listed several approaches to manipulate the difficulty, including varying the conditions of 

practice, distributing practice on a given task, reducing feedback to the learner, using tests as 

learning events, and so on. Some of these approaches are consistent with those employed in 

variability research and CLT research. Chen et al. (2018) considered the notion of desirable 

difficulties through the lens of element interactivity, providing a theoretical base indicating 

when difficulties are and are not desirable. Chen et al. argued that desirable difficulties may 

be effective for learning low element interactivity information but not high element 

interactivity information: “additional difficulties that increase element interactivity may not 

be desirable if element interactivity is already so high that it exceeds working memory 

capacity. In contrast, increasing element interactivity when it is low may be beneficial 

provided that the increase in element interactivity does not exceed working memory 

capacity” (p.6). Difficulties that yield enhanced learning are considered desirable; conversely, 

difficulties that fail to yield gains are deemed undesirable.  

In the current study, alternating tracing constituted a more complex behaviour than 

non-alternating tracing, with experimental conditions intended to introduce such difficulty. 

However, in terms of learning performance, Experiments 1 and 2 failed in generating 

desirable difficulty. After adjusting lesson instructions to have the alternating group use non-

alternating tracing before alternating tracing, desirable difficulty appears to have been 
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induced in Experiment 3. Compared to Experiments 1 and 2, the additional difficulty being 

introduced to the alternating group in Experiment 3 was lower. Participants in alternating 

groups in Experiments 1 and 2 had to face the new learning content (a mentally demanding 

mental math strategy) and complex tracing actions (alternating tracing) at the same time 

across Worked Examples 1- 4. Under a cognitive load analysis, element interactivity was too 

high in the design of this lesson. Participants were confronted not only with unfamiliar 

learning material, which in itself placed a significant burden on working memory, but also 

with unfamiliar tracing methods, resulting in cognitive load exceeding working memory 

limits. In contrast, in Experiment 3, participants had capacity to process information related 

to the learning content in the first stage of learning, thereby forming a schema, which 

subsequently reduced element interactivity for similar content in the second stage of the 

lesson when alternating tracing was introduced.  

Given the results across three experiments, the same alternating tracing strategy 

yielded divergent outcomes in Experiment 1,2 and Experiment 3 regarding the creation of 

desirable difficulty. In three experiments, the difficulty of the strategy itself remained 

constant, while the variation lay in the participants’ expertise level when confronting this 

strategy. In Experiment 1 and 2, participants in the alternating group encountered the 

alternating tracing as a novice, while in Experiment 3, participants had already acquired 

preliminary knowledge about the mental math strategy when confronted with the alternating 

tracing in the second stage learning. This finding raises the possibility that the expertise level 

affects whether the desirable difficulty could be successfully created.   

Findings concerning intrinsic cognitive load in the present study also corroborate this 
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possibility. Experiment 1 found that participants in the alternating group with lower pre-test 

scores reported significantly higher intrinsic cognitive load. Experiment 2 found that 

participants in the alternating group generally reported significantly higher intrinsic cognitive 

load. However, Experiment 3 did not find any different on participants second stage intrinsic 

cognitive load between alternating tracing and non-alternating tracing group. Experiment 3 

also found that participants’ intrinsic cognitive load in the second stage was generally lower 

than those in the first stage, suggesting that first stage learning did help participants form 

certain schema and elevated their expertise level. These findings suggest that participants 

with higher ability or those who have already formed certain schema can better confront 

alternating tracing strategy, rendering this instructional intervention a desirable difficulty. 

In fact, the specific intrinsic load reported by participants across the three experiments 

was quite low. In the case of measuring intrinsic cognitive load using a self-report scale 

comprising nine statements (scored from 0 to 8), the average ICL scores across three 

experiments were below 2 points. Even in learning tasks of this nature, where the overall 

difficulty is not particularly high, employing alternating tracing from the outset would 

likewise present participants with undesirable difficulty. Thus, further research on alternating 

tracing could first apply non-alternating tracing before proceeding to alternating tracing. 

Sweller (2010) argued that increases in element interactivity associated with high 

variability will be associated with an increase in germane cognitive load. Although no effect 

of alternating tracing over non-alternating tracing on germane processing was detected in this 

study, the enhanced element interactivity and high ability learners unaffected by negative 

impacts suggest the possibility that more experienced learners may benefit more from 
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alternating tracing. Further research should further explore alternating tracing through the 

lens of desirable difficulties, focusing on whether alternating tracing produces different 

effects for novice learners and expert learners. A 2 (non-alternating tracing vs. alternating 

tracing) x 2 (novice learner vs. expert learner) between-subject design could be applied to test 

this hypothesis.  

10.4.8 Disappearance of Tracing Dosage Effect in Experiment 3 

The current study found a strong tracing dosage effect in Experiments 1 and 2, but did 

not find the dosage effect in Experiment 3. Although Experiment 3 involved certain 

modifications to the procedure compared to Experiments 1 and 2, the disappearance of this 

pronounced effect was not anticipated. Whilst the increased time interval may partially 

account for this outcome, other potential explanations require further investigation.  

One possible reason is that tracing dosage and learning performance are not always 

linearly correlated. Just as some studies have found that there may be an inverted U-shaped 

relationship between students’ study time and their academic performance (e.g., Cooper et al., 

2006; Tang & Fu, 2008), a similar non-linear relationship may exist between tracing dosage 

and learning performance. Once tracing reaches a certain threshold, the additional benefit to 

learning from further tracing begins to diminish. This may explain why we observed a dosage 

effect in Experiments 1 and 2, which comprised four worked examples, but did not find this 

effect in Experiment 3, which contained six worked examples (albeit separated into two 

stages). Though we have not observed any clear signs of an inverted U-shaped relationship 

between tracing dosage and learning performance in Experiment 3, the possibility of a non-

linear relationship remains a direction worthy of consideration for future tracing dosage 
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research. 

Another possible reason is that once extraneous cognitive load experienced during the 

instructions was reduced, the learning benefits from increased tracing dosage may have been 

less impactful. The most significant change in materials between Experiment 3 and 

Experiments 1 and 2 was the replacement of textual tracing instructions with pictorial ones, 

thereby minimizing extraneous cognitive load arising from reading text. In terms of the 

potential mechanism of tracing dosage effect, it fundamentally depends on the tracing effect, 

wherein a qualitative change occurs when the cumulative tracing effect reaches a certain 

threshold. Given that the tracing effect typically occurs as a reduction in extraneous cognitive 

load, it is reasonable that the tracing dosage effect ceases to exert its influence in Experiment 

3, where extraneous cognitive load was already reduced by learning materials design. 

Another suggestion for future tracing dosage research is to stipulate the tracing dosage 

more strictly. As tracing dosage analysis is a supplementary study within this research, the 

current study did not establish different conditions based on dosage levels. The dosage 

analysis arose from diverse tracing behaviours exhibited by participants during the learning 

phase, thereby constraining the current study to employing partial correlation to explore the 

relationship between dosage and performance. As it was not originally designed for dosage 

research, the current study did not strictly restrict the number of tracing actions participants 

should make. Though the current study asked participants to trace a specified pattern five 

times in every step and gave them two minutes to learn each worked example, the study did 

not strictly stipulate how many times the worked example as a whole was studied (including 

tracing within individual steps) within the two-minute timeframe, which resulted in 
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substantial individual variance in participants’ total tracing counts. Future tracing dosage 

research could directly establish experimental conditions at different levels of tracing dosage 

to compare different conditions. Regarding the specific regulations on tracing dosage, future 

research could stipulate that the low dosage group trace each specific pattern five times and 

the high dosage group trace the same pattern ten times. Participants in both conditions would 

only make tracing actions when they learned the worked example the first time, and continue 

learning until two minutes run out (while not tracing in the remaining time). Through such a 

design, the study both stipulates that participants in different conditions have prescribed but 

distinct tracing dosages and guarantees that participants across groups received identical 

learning durations. 

Furthermore, different types of tracing dosage could be considered in future research. 

The current study focused on how many times the learner made the specified tracing actions, 

but tracing dosage could be measured in multiple ways. For example, Galbraith and Ginns 

(2023) considered tracing dosage based on the size of tracing actions rather than the number 

of tracing actions, comparing tracing the same pattern in a larger oval with a smaller oval. 

Furthermore, the amount of time participants spend on tracing, or how many different 

elements are traced within the same worked example, could also be considered forms of 

tracing dosage. 

10.5 Conclusion 

Drawing on Montessori’s (1912) tracing practice and CLT’s theoretical framework, 

the present study tested effects of incorporating variability into finger tracing. The series of 

experiments provides tentative evidence that alternating tracing can enhance learning beyond 
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the classic tracing effect, provided learners first have an opportunity to trace worked 

examples without alternating. These findings are consistent with previous tracing studies and 

the characteristics of variability effects. The combination of tracing and variability constitutes 

a new compound effect (Sweller et al., 2019), extending instructional design of tracing 

instructions to a sequence of worked examples that sustains intrinsic motivation while also 

supporting learning. 
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Appendix  

A. Full Set of Experimental Materials (Experiment 1) 

Demographic Page (1 page) 
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Pre-test Page (3 pages) 
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Learning Page (Non-Alternating Condition, 10 pages) 
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Learning Page (Alternating Condition, 10 pages) 
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Self-Reported Page (2 pages) 
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428 

 

Immediate and Delayed Post-test Page (20 questions in 20 small pages) 



429 

 

 



430 

 

 



431 

 



432 
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B. Tracing Dosage Video Coding Scheme 

Category Description of 

Category  

Code Count of Data 
Illustration 

A  Number of dominant 

hands’ elliptical 

tracing made on 

figures as instructed 

Dominant 

hands’ 

elliptical 

tracing 

1 = one tracing action of the 

ellipse’s complete 

circumference 

 

0.25 = one tracing action of 

the ellipse’s one-quarter 

circumference 

0.5 = one tracing action of 

the ellipse’s two quarters 

(half an ellipse) 

circumference  

0.75 = one tracing action of 

the ellipse’s three-quarters 

circumference  

1 

 

 

 

0.25 

 

 

0.5 

 

 

0.75 

B Number of non-

dominant hands’ 

elliptical tracing 

actions made on 

figures as instructed 

Non-

dominant 

hands’ 

elliptical 

tracing 

1 = one tracing action of the 

ellipse’s complete 

circumference 

 

0.25 = one tracing action of 

the ellipse’s one-quarter 

circumference 

0.5 = one tracing action of 

the ellipse’s two quarters 

(half an ellipse) 

circumference  

0.75 = one tracing action of 

the ellipse’s three-quarters 

circumference 

C Number of times the 

participants learned 

and traced the entire 

worked example 

Learning 

times 

1 = one complete learning 

process that includes all 

three steps. 

 

0.33 = one incomplete 

learning process that 

includes only one step 

 

0.67 = one incomplete 

learning process that 

includes only two steps 
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D Number of elliptical 

tracing actions of 

both hands made on 

figures as instructed 

Total 

hand’s 

elliptical 

tracing 

D = A + B 
 

E Number of times the 

participants 

switched between 

their two hands’ 

index fingers to 

trace 

Switched 

times 

1 = participants stop the 

dominant hand’s finger 

tracing, and then switch to 

the non-dominant hand’s 

finger tracing 

 

Or 

 

1 = participants stop the 

non-dominant hand’s finger 

tracing, and then switch to 

the dominant hand’s finger 

tracing 

 

 

 

F Number of times the 

participants paused 

or changed the 

figures during the 

same index finger 

tracing 

Paused 

times 

1 = participants use the 

same index finger to trace 

Ellipse 1, and then trace 

Ellipse 2 without fingers 

changed during it (include 

participant finished tracing 

STEP 3 and then learned 

again from STEP 1)  

 

Or 

 

1 = participants stop tracing 

Ellipse 1 and move the 

finger to other place, or 

move the finger away from 

the paper, and then move 

the finger back to trace the 

same Ellipse 1 again. (Not 

include participant just 

pause tracing without 

moving finger away) 

 

* Any tracing that not on the ellipse or other finger movement like pointing is not 

coded 
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C. Full Set of Experimental Materials (Experiment 2) 

Demographic Page (1 page) 
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Pre-test Page (3 pages) 

 



438 

 

 

 



439 

 

  



440 

 

Learning Page (Non-Alternating Condition, 10 pages) 

 

  



441 

 

 



442 
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Learning Page (Alternating Condition, 10 pages) 
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455 

 



456 
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458 
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460 

 

Self-Reported Page (2 pages) 



461 

 

  



462 

 

Immediate and Delayed Post-test Page (20 questions in 20 small pages) 
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D. Full Set of Experimental Materials (Experiment 3) 

Demographic Page (1 page) 

 

 

 

 

 

 



468 

 

Pre-test Page (3 pages) 

 



469 

 

 

 



470 

 

  



471 

 

Learning and Self-Report Page (Non-Alternating Condition, 18 pages) 
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474 
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477 
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487 

 

  



488 
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Learning and Self-Report Page (Alternating Condition, 18 pages) 
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494 

 

  



495 

 

 

 



496 
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499 

 

 

 



500 

 

  



501 

 

 



502 

 

  



503 

 

  



504 

 

  



505 

 

  



506 

 

 

 

 



507 

 

Immediate Post-test Page (20 questions in 20 small pages) 

 



508 

 



509 

 



510 

 



511 

 

  



512 

 

Delayed Post-test Page (20 questions in 20 small pages) 



513 
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