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Glossary of Terms 

Asymmetric group: A group whose members are assigned different task roles and are 

exposed to different task conditions. For example, in a driver and navigator setting, the driver 

controls a vehicle, must navigate through obstacles, and can only see operational conditions 

from their vehicle’s point-of-view. Whereas the navigator of an uninhabited aerial vehicle 
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with information from their aerial perspective. 

Carroll-Horn-Cattel model of intelligence: An empirically validated framework for 

understanding the cognitive processes underlying individual performance across a wide 
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includes 16 broad abilities, such as: Fluid Reasoning, abstract reasoning that has little 

dependence on acquired knowledge; Crystallised intelligence, acquired knowledge that is 

culturally relevant; and Quantitative Knowledge, acquired knowledge about mathematics. 
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Confidence matching: A tendency for group members to align their decision confidence 

levels over time (Bang et al., 2017).  
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Distributed group: A group whose members are not physically co-located, with 

communication mediated by technology. 

Dyad: A group with two members. 
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Ill-structured task: Tasks that have open ended responses, multiple correct solutions, and 

multiple pathways to completion (Laughlin, 2011). Also known as judgemental tasks. 
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(Gelman & Hill, 2007). 

Static task: A task with operational conditions that remain constant within trials. 

Trait confidence: A stable, domain-general tendency for confidence judgments across 
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2001). Typically derived from multiple decision confidence measures taken across different 

cognitive domains (Stankov et al., 2014). Thus, trait confidence reflects broader individual 

differences in metacognitive self-beliefs.  

Two heads are better than one: The phenomenon where two people working together 

typically perform better than the average of the two individuals working alone. 
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item (Laughlin, 2011). Also known as intellective tasks. 
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Outline of Studies 

Study Chapter Sample Measures Procedure 
1 2 N = 294 Australian 

undergraduate 
psychology students 
(196 females, 98 males, 
mean age = 19.80, SD 
= 4.12). Participants 
were assigned to either 
the individual (n = 134) 
or dyadic (n = 80) 
condition. Grouping 
(individual vs dyad) 
was a between-subjects 
factor. 

Collective  
1. Driving Simulation (5 trials) 

 
Individual 

2. Raven’s Advanced Progressive Matrices 
(20 items) 

3. Random Number-Letter Switching Test 
(72 items) 

4. Flanker test (100 items) 
5. Running Letter Span (15 items) 
6. Mini International Personality Item Pool 

(Mini-IPIP; 20 items) 

Completed in a university computer 
lab with up to four participants per 
two-hour session. Participants were 
randomly assigned to a condition upon 
arrival. Tasks were completed in a 
fixed order, with more cognitively 
demanding tasks administered earlier 
to reduce fatigue effects. 

2 3 N = 210 Australian 
undergraduate 
psychology students 
(133 females, 77 males, 
mean age = 20.79, SD 
= 4.33) completed the 
study as 105 dyads. 
Grouping was a 
repeated-measures 
factor. 

Collective 
1. Applying Decision Rules (10 items) 
2. Cognitive Reflection Test (7 items) 
3. Geography test (11 items) 
4. Ravens Advanced Progressive Matrices 

(18 items) 
 
Individual 

1. Composite Emotions Task (36 items) 
2. Medical Decision Making Test (16 items) 
3. Running Letter Span (15 items) 
4. Mini-IPIP (20 items) 
5. Ravens Advanced Progressive Matrices 

(18 items) 

Completed in a university computer 
lab with up to four participants per 
two-hour session. Participants were 
randomly paired into dyads upon 
arrival. Task order was 
counterbalanced to reduce practice and 
fatigue effects. 
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3 4 N = 210 Australian 
psychology students 
(158 females; Mean age 
= 22.02, SD = 6.12) 
who completed the 
study in 105 dyads. 
Grouping was a 
repeated-measures 
factor. 

Collective 
1. Three General Knowledge Tests (10 items 

each) under isolated, passive, and active 
communication conditions 

 
Individual 

2. Ravens Advanced Progressive Matrices 
(36 items) 

3. Mini-IPIP (20 items) 
4. Esoteric Analogies Test (20 items) 
5. Social Motivation Scale (57 items) 
6. Trust Scale (5 items) 
7. Psychological Safety Scale (7 items) 
8. Empathy Quotient (60 items) 
9. Reading the Mind in the Eyes (10 items) 
10. BIS/BAS (24 items) 
11. Risk aversion (10 items) 

Completed remotely via Zoom with 
two participants per two-hour session. 
Dyads were pre-paired based on trait-
confidence (measured in a pre-
screening study). Communication 
conditions were counterbalanced 
across sessions. The individual 
measures were presented in a fixed 
order. 
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Abstract 

This thesis investigated the psychological traits and communicative factors that shape 

collaboration in dyadic decision-making. Across three empirical studies involving 714 

participants, it examined the relationships between metacognitive confidence, 

communication, and dyadic outcomes across dynamic and static task contexts.  

Study 1 explored the “two heads are better than one” effect in a dynamic driving 

simulation with changing operational conditions. Using a novel, behaviour-based coding 

system, the study found that communication quality, but not quantity, predicted dyadic 

accuracy, and that dyads outperformed individuals but only under specific conditions.  

Study 2 examined the emergence of collective intelligence in dyads completing static 

tasks guided by the Cattell-Horn-Carroll model of individual intelligence. The results 

challenged prior claims that collective intelligence is primarily shaped by equal participation 

in discussions, gender composition, and social sensitivity, and instead highlighted the central 

roles of individual cognitive ability and metacognitive confidence. Latent profile analysis 

identified distinct dyad types, each characterised by unique psychological profiles and 

performance patterns.  

Study 3 extended the confidence theory, which proposes that groups share and use 

expressions of confidence to guide their decisions, by examining how individual differences 

in trait-confidence and communication modality interact to shape dyadic processes and 

outcomes. Results showed that dyads with low-trait confidence improved equally under 

passive (visual information sharing only) and active communication (verbal discussion), 

whereas those with mixed-trait or high-trait confidence benefited most from active 

communication. Additionally, dyad members’ confidence ratings became more aligned (i.e., 

confidence matching) under both passive and active communication, but this alignment 

predicted accuracy improvements only in the passive communication condition.  



 xxvii 
Together, these three studies demonstrate that no single factor guarantees 

collaborative success. Instead, dyadic performance is shaped by a dynamic interplay between 

individual differences in trait confidence, communication type and context, and task 

structure. This thesis advances theoretical understanding of metacognitive confidence in 

dyadic decision-making, introduces novel methodologies for capturing communication 

quality and profiling dyads, and highlights practical applications of the findings.
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Chapter 1: Introduction 

1.1 Background  

Collective decision-making refers to the process by which groups work together to 

pool information, deliberate, and ultimately arrive at joint decisions. Groups are widely used 

across society, in contexts ranging from routine everyday decisions, such as choosing a 

shared activity with a friend, to high-stakes environments, such as medical teams determining 

treatment plans for critically ill patients. The widespread use of group decision-making is 

underpinned by the commonly held belief that "two heads are better than one" (2HBT1). 

However, empirical research indicates that this collaborative advantage is not always 

guaranteed (Blanchard et al., 2020). Instead, it is influenced by specific task conditions 

(Koriat, 2012, 2015), the use of confidence judgments as a metacognitive signal for 

correctness (Bahrami et al., 2010), and the quality and type of communication between group 

members (Bahrami et al., 2012; González-Romá & Hernández, 2014; Mahmoodi et al., 

2013).  

Metacognitive confidence refers to an individual’s beliefs about the accuracy of their 

own decisions. It plays a crucial role in group decision-making because confidence serves as 

a socially interpretable cue: when members share and compare their confidence levels, this 

information can be used to guide their joint decision. Bahrami et al. (2010) showed that dyads 

achieve a 2HBT1 effect by adopting a confidence-weighted strategy that selects the response 

associated with higher confidence. This strategy is effective because higher confidence tends 

to be associated with a greater likelihood of correctness (Koriat, 2008; Yaniv, 1997). 

However, when the correlation between confidence and accuracy is weak, dyads struggle to 

identify which members’ response is more likely to be correct and may fail to achieve a 

collective benefit (Blanchard et al., 2020). When this correlation is negative, the more 

confident member is more likely to be wrong, and dyads can perform worse than individuals 
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(Koriat, 2015). Metacognitive confidence is typically quantified using self-reported 

confidence ratings, which can be compared to objective performance to assess its calibration 

(i.e., overconfidence or underconfidence). This thesis extends prior work on dyadic decision-

making by focusing on three key areas: 1) the role of task conditions; 2) the role of 

metacognitive confidence; and 3) the influence of communication. 

The influence of asymmetric knowledge under dynamic task conditions (Study 1). 

Many real-world decision-making contexts involve dynamic environments, where task 

conditions change rapidly and members have access to different task-related information 

(information asymmetry). These scenarios require ongoing adaptation to maintain 

performance. Prior research suggests that effective communication and coordination are 

critical for groups to leverage their distributed knowledge and gain an advantage. However, 

most research on the 2HBT1 effect has focused on static tasks, and relatively little is known 

about how collaboration functions under unpredictable, changing conditions. Using a novel 

approach with a synthesis of qualitative and quantitative methodologies, Study 1 addresses 

this gap.   

Collective intelligence and collective metacognition under static task conditions 

(Study 2). In contrast, static tasks involve stable operational environments and may be well-

structured or ill-structured. Well-structured tasks have clearly defined goals and a single 

objective solution, whereas ill-structured tasks are open-ended with multiple solutions and 

pathways to completion (Laughlin, 2011). The construct of Collective Intelligence has been 

proposed to describe a group’s general ability to perform across a broad range of tasks. 

Woolley et al. (2010) argued that collective intelligence is largely independent of individual 

cognitive ability and instead depends on factors such as social sensitivity, conversational 

turn-taking, and gender composition. However, recent research, including two meta-analyses, 

challenges this view, suggesting that individual cognitive ability and task characteristics (i.e., 

whether a task is well- or ill-structured) play a more important role in determining collective 
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outcomes. Metacognitive confidence, which is an individual’s ability to monitor their own 

performance, may be particularly influential in well-structured tasks and has not been studied 

in this context. Using both novel methodological and analytical approaches, Study 2: 1) 

tested the robustness of the collective intelligence factor in dyads using well-structured tasks 

guided by the Cattell-Horn-Carroll (CHC) model of intelligence; 2) explored the relationship 

between dyadic collective intelligence and metacognitive confidence; and 3) identified the 

psychological characteristics of distinct dyad types.  

The influence of trait confidence and communication type under static task conditions 

(Study 3). The confidence theory proposed by Bahrami et al. (2010) emphasizes the 

importance of confidence judgments in collaborative decision-making. According to this 

theory, group members rely on each other's expressed confidence as a cue for response 

accuracy, with higher confidence typically interpreted as a signal for correctness. Bang et al. 

(2017) extended this theory by showing that group members tend to align their confidence 

levels over time, a process referred to as confidence matching. Confidence is known to have 

the domain-general characteristics of a trait, and emerging evidence suggests that trait 

confidence may shape collective outcomes and possibly the development of confidence 

matching. However, the effects of trait confidence remain understudied. Using both novel 

methodological and analytical approaches, Study 3: 1) examined how trait confidence and 

type of communication moderate dyadic decision accuracy, decision confidence, and the 

alignment of decision confidence judgments; and 2) identified the psychological 

characteristics of distinct dyad types.  

To better understand the conditions under which 2HBT1 emerges, this thesis 

investigated these three areas and explored how cognition, metacognition, and 

communication interact to shape dyadic outcomes for dynamic and static tasks.  The use of 

different methodological and analytical approaches is critical for establishing the robustness 

and ecological validity of findings (e.g., Botvinik-Nezer et al., 2020). Convergence of results 
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from differing approaches provide compelling evidence that findings are not artifacts of the 

method and researcher bias but instead reflect naturally occurring processes and outcomes for 

dyads. The series of studies reported in this thesis were programmatically designed to employ 

distinct methodologies to enhance the evidence and overall conclusions. 

1.2 Research Aims  

The primary goal of this thesis was to investigate the psychological traits and 

communication factors that shape effective collaboration in dyads. Specifically, it examined 

how individual differences in cognitive ability, confidence, and communication influence 

dyadic outcomes across both dynamic and static task conditions.  

This overarching aim was addressed through three focused research questions:  

1. To investigate the 2HBT1 effect in a dynamic task involving an 

asymmetric distribution of information and changing operational conditions, 

and to examine how this effect relates to the quality and quantity of 

communication between dyad members.  

2. To test whether collective intelligence, as defined by Woolley et al. (2010), 

emerges in dyads performing well-structured static tasks, and to evaluate the 

influences of individual cognitive ability, confidence, and communication 

structure on dyadic performance.  

3. To assess how trait confidence and different methods of communication 

shape dyadic decision accuracy, decision confidence (task-specific confidence 

ratings), and the process of confidence matching in well-structured static 

tasks. 
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1.3 General Method  

Study 1 (Chapter 2) employed a simulated driving task. Participants completed the 

task either individually (as drivers) or in dyads, where one member acted as a driver and the 

other as a navigator. The simulation included normal and foggy operational conditions, with 

fog appearing and disappearing suddenly to test adaptive performance. Dyads operated under 

asymmetric information due to their differing roles, requiring communication to form an 

accurate shared understanding of the task. Communication was measured in terms of quality 

and quantity to assess when the 2HBT1 effect emerged, and when it did not.  

Study 2 (Chapter 3) examined dyadic performance on a set of well-structured tasks 

selected based on the CHC model of intelligence. Participants completed each item 

individually and then together as a dyad (this process is displayed in Figure 1.1). The study 

assessed the emergence of collective intelligence, as conceptualised by Woolley et al. (2010), 

and explored its relationship with individual intelligence, confidence, and communication. 

Latent Profile Analysis (LPA) was used to identify distinct dyadic profiles, highlighting 

heterogeneity in dyadic collaboration and performance.   

Study 3 (Chapter 4) focused on the influence of trait confidence and communication 

mode. Dyads were composed of individuals identified through an extensive pre-screening 

process as high or low in trait confidence and were paired to form high, low, or mixed (one 

high and one low member) trait confidence dyads. They completed matched general 

knowledge tests as individuals and “dyads” under three different communication conditions: 

isolate (no interaction), passive (viewing partner’s response and confidence rating), and 

active (verbal discussion). The study examined how trait confidence and type of 

communication influenced accuracy, decision confidence, and confidence matching. LPA 

was again used to classify distinct psychological profiles of dyadic collaboration.  
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Figure 1.1. Order of Presentation for Study 2 and Study 3 Items (Active Communication 

Only)  

 

1.4 Thesis Structure  

Chapter 1 provides an overview of the thesis, introducing its background, research 

aims, and summary of the empirical studies.  

Chapter 2 presents Study 1: Are two naïve and distributed heads better than one? 

Factors influencing the performance of teams in a challenging real-time task. This study 

investigated the performance of dyads with asymmetrical roles on a dynamic task with 

changing operational conditions. The study developed a novel approach for measuring the 

quality of communication, offering insight into its relationship with dyadic performance 

under different operational conditions. This study has been published in a peer-reviewed 

journal (see the Related Scientific Output section).  
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Chapter 3 presents Study 2: A Recipe for Dyadic Collective Intelligence for Well-

Structured Tasks: Mix Equal Parts Cognitive Ability and Confidence Plus a Pinch of Social 

Sensitivity. This study evaluates the validity of Woolley et al.’s (2010) collective intelligence 

construct using well-structured tasks guided by the CHC model. It also examines the 

relationship between collective intelligence and metacognitive confidence. The findings 

challenge the generalisability of earlier collective intelligence research and emphasize the 

importance of cognitive ability, confidence, and social sensitivity. This study has been 

published in a peer reviewed journal (see the Related Scientific Output section).  

Chapter 4 presents Study 3: How Trait Confidence and Communication Shape Dyadic 

Collaboration and Confidence Matching. This study extends the findings of Study 2 by 

demonstrating how individual differences in trait confidence and different communication 

modes jointly shape dyadic decision accuracy, decision confidence, and confidence matching. 

It also extends prior work on confidence matching by showing that it occurs naturally during 

verbal interactions and that its relationship with accuracy may be context dependent. This 

study has been submitted for peer review with the journal Cognitive Research: Principles and 

Implications (see the Related Scientific Output section).  

Chapter 5 integrates the findings from all three studies, discussing their contributions 

to the group decision-making literature. It highlights strengths, addresses limitations, 

describes theoretical and practical implications, and suggests directions for future research.  

The appendices contain detailed supplementary materials for each of the studies.  
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Chapter 2: Study 1 

Are Two Naïve and Distributed Heads Better than One? Factors Influencing the 

Performance of Asymmetrical Teams in a Challenging Real-time Task 

The original manuscript for the study described in this chapter has been published in 

the journal Frontiers in Psychology: Blanchard, M. D., Kleitman, S., & Aidman, E. (2023). 

Are two naïve and distributed heads better than one? Factors influencing the performance of 

teams in a challenging real-time task. Frontiers in Psychology, 14, 1042710. 

https://doi.org/10.3389/fpsyg.2023.1042710. 

Minor adjustments have been made for this thesis to harmonise the language between the 

studies.  

2.1 Introduction 

Technological advances and situational necessities, such as the COVID-19 pandemic, 

have increased the capacity of geographically distributed individuals to collaborate (Bell & 

Kozlowski, 2002), particularly in dynamic environments. These environments are 

characterized by high demands on time and cognitive resources, ambiguous and rapidly 

changing information, and multiple interconnected decisions. Real-world scenarios often 

involve distributed groups performing high-stakes, mission-critical tasks with a deliberate 

division of labour across group members. In these roles, members typically have access to 

different information about the operating environment, and it is the pooling of these diverse 

perspectives that confers a performance advantage. Examples include air traffic controllers 

and pilots, forward observers directing air strikes, and operations centers coordinating 

emergency services.  

Despite the growing importance of teamwork in dynamic environments, many studies 

examining the “two heads are better than one” effect (2HBT1) have focused on static tasks 

(e.g., Bahrami et al., 2010; Hill, 1982; Sniezek & Henry, 1989). These studies show that the 

2HBT1 effect depends on task characteristics (e.g., Koriat, 2012a, 2015). However, there is a 

scarcity of research that has examined this effect using dynamic tasks, and to our knowledge, 

https://doi.org/10.3389/fpsyg.2023.1042710
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none have done so using distributed groups with asymmetrical roles or under varying 

operational conditions (i.e., task characteristics). Given the increasing reliance on distributed 

groups, it is critical to examine how team asymmetry and task dynamics influence the 2HBT1 

effect. 

Communication is an essential process that groups use to share and process 

information (Hinsz, Tindale, & Volrath, 1997). Effective communication is associated with 

fewer errors across a broad range of tasks (e.g., Christensen et al., 2000; Donchin et al., 1995; 

Foushee, 1984; Helmreich et al., 1999; Kanki et al., 2010). Yet, as Marlow et al. (2018) note 

in their review, few studies have examined how communication affects asymmetrical team 

performance under different operational conditions. Moreover, communication quality is 

often assessed using post-task self-report questionnaires, which are prone to response 

distortion (e.g., Arnold & Feldman, 1981; Sackett, 1979).  

To address these limitations, we developed a novel method for assessing 

communication quality during dynamic task performance. This method captures both the 

accuracy and timing of information shared between team members in real time. Unlike post-

task self-reports, our approach provides a more behaviourally grounded measure of 

communication, allowing us to explore its relationship with team performance, both accuracy 

and speed, across varying operational conditions. If the 2HBT1 effect depends on the 

operational conditions of a dynamic task, then communication’s impact on performance may 

also depend on these conditions.  Our study aims to examine this relationship. 

In the present study, we compared the performance of individuals and asymmetrical, 

distributed groups across two operational conditions in a dynamic task. We also developed a 

novel method for measuring communication quality to examine its relationship with team 

performance. We used naïve (also known as ad hoc) dyads, whose members had no prior 

experience working together. These types of groups are common in business and industry 



 10 
(Devine et al., 1999; Sundstrom et al., 2000), but they also have a higher potential for failure 

compared to experienced groups. Understanding their performance outcomes, and the role of 

communication, in therefore critical. 

2.1.1 Are 2HBT1 Under Different Operational Conditions? 

Numerous studies have shown that two heads are more accurate than one on tasks 

with static environments (e.g., Bahrami et al., 2010; Hill, 1982; Laughlin, 2011; Sniezek & 

Henry, 1989; Tindale, 1989). However, this effect depends on the characteristics of the task. 

For example, Koriat (2012a, 2015) found that two heads are better than one for non-

misleading cognitive tests items, but worse for misleading ones. Most of these studies have 

examined the 2HBT1 effect in symmetrical dyads, where both members perform the same 

role and are exposed to the same information (Hill, 1982; Laughlin, 2011; Sniezek & Henry, 

1989; Tindale, 1989). For example, Koriat (2015) had dyads complete general knowledge 

questions together, with both members receiving identical information. 

Several studies have introduced asymmetry by exposing them to different information 

while performing the same roles (Bahrami et al., 2010; Bahrami et al, 2012a, 2012b; 

Mahmoodi et al, 2015; Pescetelli et al, 2016). In Bahrami et al. (2010), participants 

performed a visual discrimination task where participants were briefly shown a pattern 

comprised of smaller circles and one target circle had a higher contrast than the others. 

Participants had to identify the target. During some trials, one member’s view was degraded 

by added noise, creating an informational advantage for the other member. They found that 

the 2HBT1 effect persisted whether the information was shared or asymmetrically 

distributed. This is consistent with a key assumption of the 2HBT1 effect: dyads benefit from 

access to unique information that is distributed asymmetrically between members (Stasser & 

Titus, 1985, 1987). Our study builds on this logic by applying it to dynamic tasks with 

asymmetric team roles. 
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Several studies have extended the 2HBT1 effect to dynamic tasks involving 

symmetrical dyads (e.g., Abbott et al., 2021; Glynn & Henning, 2000; Räder et al., 2014; 

Shanks et al., 2013; Tolsgaard et al., 2015). For example, Glynn and Henning (2000) found 

that dyads were more accurate and faster than individuals on a dynamic teleoperation task 

that required participants to guide an object through a complex pathway. Other studies have 

explored how operational conditions, such as unexpected events or “roadblocks”, can disrupt 

team functioning in dynamic environments. For example, Cooke and colleagues introduced 

changes (e.g., equipment failure, new target, enemy threats) into Uninhabited Aerial Vehicle 

(UAV) missions to examine teamwork processes such as situational awareness and 

coordination (Cooke et al., 2009; Gorman et al., 2005; Gorman et al., 2006; Gorman et al., 

2010). These studies focused on process rather than performance outcomes, but their findings 

suggest that environmental disruptions may impair team functioning more than individual 

performance. Groups must engage in additional communication to reestablish shared 

understanding and recover performance. The increased communication demands that arise 

when adapting to changing task conditions may require greater cognitive and temporal 

resources (MacMillan et al., 2004), which can impair performance, especially for naïve 

dyads. When the task environment changes, team members must divide their cognitive 

resources between executing their role and managing communication. This increased 

cognitive load may harm team performance, and under certain conditions, dyads may 

underperform compared to individuals, potentially reversing the 2HBT1 effect.  

In the present study, participants completed a dynamic driving simulation under two 

operational conditions (normal and fog) as either individuals or as members of asymmetrical, 

distributed dyads. Dyads were composed of a driver and a navigator. The driver’s task was to 

navigate a vehicle as quickly and safely as possible toward a target destination indicated by 

arrows. The navigator’s task was to monitor the environment and provide information or 

instruction to support the driver’s goals. The fog condition introduced an unexpected 



 12 
environmental change that increased the cognitive workload of the driver, disrupting 

performance and required adaptation to recover. In the normal condition, both team members 

experienced the same conditions and had access to similar information. In the fog condition, 

only the driver’s visibility was impaired, conferring an informational advantage to the 

navigator. Performance was assessed using two metrics: the driver’s accuracy (collisions) and 

speed (as a proxy for time). Given that humans have limited cognitive capacity, we did not 

expect the 2HBT1 effect to emerge across both conditions and both performance metrics. 

Rather, we expected that the effects of teamwork would depend on communication 

2.1.2 Team Communication 

Communication is an essential process when working in a group (Keyton et al., 2010) 

and has consistently been shown to distinguish high- and low-performing groups (Cooke et 

al., 2007). Broadly, team communication involves the exchange of information among team 

members (Adams, 2007), and groups have been conceptualised as information-processing 

units (Hinsz et al., 1997; Tindale & Kameda, 2000). Communication plays a central role in 

many models of team performance, underpinning both team processes (e.g., coordination) 

and emergent states (e.g., shared mental models and team cognition). It also has both direct 

and indirect relationships with team performance (e.g., Marks et al., 2001; Mathieu et al., 

2008; Ilgen et al., 2005; Kozlowski & Bell, 2013; Kozlowski & Klein, 2000).  

Through communication, groups share task-relevant information (Salas et al., 2005) 

and situational factors (MacMillan et al., 2004) to develop a shared understanding (Endsley, 

1988; Rouse & Morris, 1986), resolve misunderstandings (Fletcher & Major, 2006), 

coordinate actions, and formulate strategies (Marks et al., 2001). Despite its critical role, how 

best to measure team communication remains a topic of debate. 
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2.1.2.1  Measurement 

Common metrics used to assess communication include volume, quality, content, and 

patterns. Each captures distinct properties of communication and relates to team performance 

in different ways (see Figure 2.1). 

Figure 2.1. Common Communication Metrics 

 

Volume refers to the duration of speech and frequency of speaking turns (Bunderson 

& Sutcliffe, 2003; Woolley et al., 2010). While easy to measure, volume-based metrics 

ignore the content and accuracy of what is communicated. A recent meta-analysis (Marlow et 

al., 2018) found that measures of communication frequency had weaker associations with 

team performance than communication quality, which are more difficult to capture 

objectively. Volume may also serve as a proxy for cognitive load, as communication is 

cognitively demanding (MacMillan et al., 2004). In this study, we treated volume as a 

baseline rather than a primary metric. 

Quality refers to the clarity, accuracy, and timeliness of information shared between 

members. Higher quality communication is typically associated with better performance 
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(González-Romá & Hernández, 2014; Hirst & Mann, 2004). However, most assessments of 

communication quality rely on self-report questionnaires completed after the task, where 

participants rate overall communication quality on a Likert scale (Marlow et al., 2018). While 

efficient, this method has several limitations: it does not consider the content of 

communication or its objective accuracy, and it is susceptible to biases, such as recall and 

social desirability (e.g., Arnold & Feldman, 1981; Sackett, 1979). Additionally, this approach 

treats communication as static, despite evidence that it is dynamic and dependent on the 

operational environment (Cooke et al., 2009). Smith-Jentsch (2009) noted a lack of research 

assessing the accuracy of knowledge quality shared between teammates using more objective 

measures. Our study addresses this gap by developing a novel, behaviour-based method. 

We developed and applied a manual content analysis approach to assess 

communication quality as an alternative or supplement to self-reports. It requires a researcher 

to select or develop a classification scheme to reduce the complexity of communication data 

to several categories that represent both the linguistic content of a team’s interactions and 

cognitive processes (e.g., knowledge sharing, information processing, and planning). For 

example, Bowers et al. (1998) coded speech into seven categories, such as uncertainty, 

action, acknowledgement, and non-task related statements. They found that high-performing 

groups acknowledged or responded more frequently to task-relevant verbal acts and engaged 

less in non-task related talk. A limitation of these approaches is the large amount of time and 

resources involved in developing and validating coding schemes, and the potential lack of 

cross-validation for behaviour classification.  

In the present study, we used manual content analysis to quantify communication 

quality. We defined high-quality communication as speech that was both accurate in the 

current situation and delivered at a time when the teammate could act on it. This approach 

also allowed us to examine communication patterns, which are discussed in the next section. 

All recordings were cross validated prior to inclusion in the main analyses. 
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Communication patterns refer to recurring sets of verbal behaviours that emerge as 

people work together (e.g., Bowers et al., 1998; Fischer et al., 2007; Gorman et al., 2012). 

For example, Stachowski et al. (2009) found that high-performing groups engaged in fewer, 

shorter, and less complex patterns of communication than lower-performing groups. 

However, many existing approaches to identifying patterns tend to ignore the semantic 

content, thereby missing key aspects of communication quality (Wildman et al., 2014).  

In our study, we applied this approach in a novel way to identify stable and recurring 

speech patterns that represented the quality of communication within each operational 

condition of the dynamic driving simulation. By including both structure and content, we 

aimed to better capture how communication evolves in response to changing task demands. 

2.1.2.2 The Cost of Communication 

The 2HBT1 effect suggests that dyads typically outperform individuals across a range 

of tasks. However, not all dyads perform better. One reason may be that dyads have limited 

cognitive resources, and communication is cognitively and temporally demanding 

(MacMillan et al., 2004). Efficient communication is therefore vital to team performance. 

MacMillan and colleagues observed that the more speech required to convey a message, the 

greater the cognitive overhead in terms of both time and mental effort. Depending on the 

cognitive resources available, some dyads may thrive while others decline under increased 

communication demands. This aligns with research on information overload, which suggests 

that higher communication frequency often contains more irrelevant or distracting 

information (See Edmunds & Morris, 2000 for review). It is also consistent with research on 

mobile phone use while driving, which shows that communication while operating a vehicle 

slows reaction times, increases caution, and decreases speed (e.g., Alm & Nilsson, 1994; 

Cooper et al., 2003; Haigney et al., 2000; Lamble et al., 1999; McKnight et al., 1993).  
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Extending these findings to our dynamic driving simulation, we expected that 

increased communication would negatively impact driving speed, and potentially accuracy. 

Specifically, when the task shifted from normal to fog conditions, drivers may reduce their 

speed to compensate for the additional cognitive load and this reduction may maintain 

accuracy (avoiding collisions). Key implications for our study and our novel communication 

metrics are discussed in the next section. 

2.1.2.3 Team Communication in the Present Study 

To improve dyadic performance and the efficient allocation of organisational 

resources, it is important to understand when communication is helpful and when it may 

harm outcomes, particularly in dynamic environments that involve asymmetrical, distributed 

dyads. In this study, we expected that dyads would demonstrate higher accuracy than 

individuals during normal conditions but not during the fog condition, when task demands 

and the need for communication increase. We also expected that dyads would drive more 

slowly than individuals under both conditions. These predictions were based on three main 

assumptions: 1) communication is cognitively demanding and people tend to reduce speed 

when communicating; 2) during the normal condition, the driver’s cognitive load would be 

moderate, leaving enough capacity to attend to communication without sacrificing accuracy; 

and 3) during the fog condition, the driver’s cognitive load would be higher and attending to 

communication would require diverting cognitive resources away from driving which would 

reduce accuracy. Within dyads, we expected that only the driver’s performance would be 

affected by communication during the fog condition, as the navigator’s role remained 

relatively constant across both operational conditions. That is, the navigator’s cognitive load 

should remain lower than the driver’s during normal conditions and should not increase 

substantially during the fog, since their view of the operational environment remained 

unchanged. 
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Many previous studies fail to assess the psychometric properties of communication 

variables (e.g., internal consistency; Wildman et al., 2014). This is a critical omission, as 

these analyses are necessary to evaluate the reliability and validity of communication 

measures and to investigate whether stable latent structures of communication exist. To 

address this, we developed a novel method for assessing communication quality during a 

dynamic driving simulation that used multiple iterations to allow psychometric evaluation. 

We then used our communication quality metrics, alongside traditional volume-based 

metrics, to predict team performance on accuracy (collisions) and speed. We also compared 

their relative predictive power while controlling for other theoretically relevant individual 

differences variables. We expected that our novel measures of communication would be a 

stronger predictor of accuracy, whereas volume of communication metrics would be a 

stronger predictor of speed. 

2.1.3 Simulation-Based Assessment 

In the present study, we employed a high-fidelity driving simulation that we 

developed in previous research (Kleitman et al., 2022; Kleitman et al., 2020). Simulations are 

open-ended, rule-based environments that allow participants to engage with artificial 

problems and generate quantifiable outcomes (Salen & Zimmerman, 2004). They are well 

suited for assessing complex skills and behaviours in dynamic environments because, 

compared with traditional assessment tools, simulations offer “free play” experiences 

(Mislevy, 2013; Shute & Ke, 2012); and better reflect the physical and psychological 

characteristics of real-world tasks (Beaubien & Baker, 2004; Bowers & Jentsch, 2001). 

Driving is a complex task that requires vision, visual perception, physical control, emotional 

control, information processing, and executive functions (Anstey et al., 2005; Asimakopulos 

et al., 2012, Mathias & Lucas, 2009). Because individuals differ in these abilities, we also 

measured a range of psychological variables associated with driving performance and 

collective performance.  
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2.1.4 The Role of Individual Differences 

We controlled for the following individual differences variables when predicting team 

performance during the driving simulation. We also accounted for prior driving and gaming 

experience. 

Executive functions are a set of mental processes involved in maintaining focus, 

resisting distractions, and adapting to changing task demands (Diamond, 2013). Three core 

executive functions are most relevant to dynamic tasks like our simulation: 1) inhibitory 

control is the ability to suppress impulsive or premature responses (De Jong et al., 1995); 2) 

working memory is the capacity to hold and manipulate information in mind which enables 

pattern recognition (Baddeley, 1992); and 3) cognitive flexibility is the ability to shift 

strategies and adapt to new rules or task demands (Davidson et al., 2006). All three are 

essential in dynamic tasks where environmental conditions can change rapidly and 

unpredictably. 

Cognitive ability refers to one’s capacity to process information and to implement 

actions to achieve goals (Carroll, 1993). Two key types of cognitive abilities are fluid 

intelligence and crystallised intelligence (Cattell, 1971, 1987). Fluid intelligence refers to the 

ability to reason, problem solve, and process novel information in real time. Crystallised 

intelligence refers to knowledge acquired through experience and learning. Given the 

complexity and novelty of our driving simulation, we focused on fluid intelligence, which is 

more relevant to the demands of our dynamic task. 

Personality has been linked to team performance, particularly the Big Five traits. 

Meta-analyses show that Agreeableness, Conscientiousness, and Openness to Experience are 

positively associated with team performance (Bell, 2007; Peeters et al., 2006). In the context 

of driving, low Conscientiousness has been linked to a greater likelihood of traffic accidents 

(Arthur & Graziano, 1996; Sümer et al., 2005), while neuroticism is associated with poorer 
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task performance when under stress (Schneider, 2004). Dynamic simulations, such as ours, 

can be stressful experiences because the environment and demands of the task may rapidly 

change, thus, Neuroticism, which indicates one’s emotional stability, may also be relevant to 

our task.  

Demographic characteristics also matter. For example, the proportion of females has 

also been shown to relate with team performance across a range of static tasks. Woolley et al. 

(2010) observed that groups with a higher proportion of females tended to perform better 

than those with a lower proportion of females. 

2.1.5 The Present Study 

Participants completed a dynamic driving simulation under two conditions, each with 

two levels: grouping (individual vs. dyad) and operational condition (normal vs. fog). 

Grouping was a between-subjects factor where participants completed the simulation either 

individually or as asymmetrical, distributed dyads consisting of a driver and a navigator. The 

operational condition was a within-subjects factor where all participants were exposed to 

both the normal and fog conditions during each lap of the driving simulation. In the normal 

condition, both the driver and navigator had high visibility and access to similar information 

about the environment. In the fog condition, a sudden onset of dense fog that reduced the 

driver’s visibility but did not affect navigator’s view which included an aerial perspective via 

UAV. As a result, the navigator had an informational advantage in the fog condition. All other 

environmental characteristics remained consistent across both conditions.  

We recorded and coded team communication during the simulation and linked it to 

two performance metrics: accuracy (collisions) and speed (a proxy for time). The contrast 

between operational conditions allowed us to examine whether the 2HBT1 effect, and the 

relationship between communication and performance, depended on task characteristics, 

particularly when one member held an informational advantage. We also developed a novel 
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coding system to quantify the quality of knowledge shared between dyad members, focusing 

on accuracy and the appropriateness of timing. Each speaking turn was coded into one of five 

behavioural categories that captured team cognition. The categories were: 1) observation; 2) 

command instruction; 3) inquiry; 4) redundant; and 5) frustration. For the navigator’s speech, 

we further assessed whether observations and command instructions were helpful (accurate 

and well-timed) or harmful (inaccurate and/or ill-timed). For each team, we calculated the 

frequency of each communication category during each operational condition and each lap. 

Details of the coding system are provided in the Method section. 

To identify stable patterns of communication, we conducted exploratory factor 

analysis (EFA) on the coded communication categories. While we did not formulate specific 

hypotheses about the factor structure due to the novelty of the approach, we formulated 

exploratory predictions. Our communication coding targeted helpful (accurate and well-

timed) and harmful (inaccurate and ill-timed) communication. Thus, we expected to extract 

two factors that captured helpful and harmful communication patterns. We then examined 

whether these patterns predicted dyadic performance using hierarchical regression models, 

separately for each operational condition.  

The overarching aim of the present study was to better understand performance in 

asymmetrical, distributed dyads operating under different operational conditions. We used a 

mixed design (grouping: between-subjects; operational condition: within-subjects) to address 

following aims and hypotheses. 

Aim1: To investigate whether the 2HBT1 effect emerges across different operational 

conditions in a dynamic task.  

We predicted that dyads would be more accurate (fewer collisions) than individuals 

during the normal condition, but not during the fog condition, when communication demands 
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are higher. We also expected that dyads would drive slower than individuals in both normal 

and fog conditions due to the cognitive cost of communication.  

Hypothesis 1a: Dyads would have fewer collisions than individuals during the normal 

condition. 

Hypothesis 1b: Dyads would drive slower than individuals in the normal condition. 

Hypothesis 1c: There would be no difference in collisions between dyads and 

individuals during the fog condition. 

Hypothesis 1d: Dyads would drive slower than individuals during the fog condition. 

Aim 2: To examine the relationship between communication quality and dyadic 

performance across the two operational conditions, after controlling for theoretically 

important individual differences variables.  

We expected that helpful communication patterns would be associated with higher 

performance (fewer collisions and slower speed to maintain control), while harmful patterns 

would be associated with poorer performance in both operational conditions (higher 

collisions and slower speed to maintain control). Given the cognitive overhead associated 

with communication (MacMillan et al., 2004) and that drivers tend to go slower when 

communicating (Haigney et al., 2000), we expected that both helpful and harmful 

communication would be associated with lower speed in both operational conditions. That is, 

regardless of the quality of communication, higher levels of communication would be 

detrimental to speed. 

Hypothesis 2a: Helpful communication would negatively predict collisions in the 

normal and fog conditions (i.e., dyads would have fewer collisions when 

communicating more effectively). 
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Hypothesis 2b: Helpful communication would negatively predict speed in the normal 

and fog conditions (i.e., dyads would drive slower when communicating more 

effectively). 

Hypothesis 2c: Harmful communication would positively predict collisions in the 

normal and fog conditions. 

Hypothesis 2d: Harmful communication would negatively predict speed in the normal 

and fog conditions. 

Aim 3: To evaluate whether our novel communication quality metrics were stronger 

predictors of dyadic performance than traditional volume-based measures (i.e., duration of 

speech and number of speaking turns). We expected that the content of communication 

would more strongly relate to accuracy, while the volume of communication would better 

predict speed, reflecting the cognitive cost of communication.  

Hypothesis 3a: Communication quality metrics would be stronger predictors of 

collisions than communication volume. 

Hypothesis 3b: Communication volume metrics would be stronger predictors of speed 

than communication quality. 

2.1.6 Statistical Analyses 

To identify stable patterns of communication quality, we conducted an EFA on the 

coded communication behaviours using our novel classification system. To test hypotheses 

1a-1d, we conducted a series of two-way mixed design ANOVAs examining differences in 

performance between grouping conditions (between subjects: individuals vs. dyads) and 

operational conditions (within-subjects: normal vs. fog) on our two outcomes: accuracy 

(collisions) and speed. To test hypotheses 2a-2d, we used a series of hierarchical regression 
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analyses to examine the relationship between the extracted communication quality factors 

and dyadic performance (collisions and speed), after controlling for relevant individual 

differences variables. To test hypotheses 3a and 3b, we repeated the hierarchical regression 

analyses from Aim 2 but replaced the communication quality factors with traditional volume-

based measures of communication. We then qualitatively compared the standardised 

regression coefficients to assess whether communication quality or communication volume 

served as a stronger predictor of each performance metric. All analyses were conducted using 

the R programming language. 

2.2 Method 

2.2.1 Participants 

In return for partial course credit, 316 Australian undergraduate psychology students 

completed the study either alone or as a dyad (213 females, 103 males, mean age = 19.80, SD 

= 4.13). A total of 22 participants (12 individuals and 5 dyads) were excluded from analyses 

(see Appendix A for details). The final sample included 294 participants (196 females, 98 

males, mean age = 19.80, SD = 4.12). 134 participants completed the driving simulation as 

individuals (87 females, 47 males, mean age = 19.80, SD = 3.35) and 160 participants 

completed the simulation as 80 dyads (109 females, 51 males, mean age = 19.70, SD = 4.69). 

Although the two groups were unequal in size, both were deemed adequate for the planned 

analyses. We followed the general rule of at least 10 observations per predictor (Tabachnick 

& Fidell, 2007), and our sample compared favourably with prior research on dyads, which 

used samples of between 15 and 43 dyads (Bahrami et al., 2010; Gorman et al., 2005; Glynn 

& Henning, 2000; Koriat, 2015; Sniezek & Henry, 1989).  

2.2.2 Measures 

Raven’s Advanced Progressive Matrices (RAPM; Raven, 1938-65). This test is a 

measure of abstract reasoning. Each trial presented a 3x3 matrix of abstract figures following 
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a pattern horizontally and/or vertically. The bottom right figure was blank, and participants 

decided which of eight alternatives completed the pattern. A 20-item version (of 36) was used 

to reduce testing time. It was used to measure both abstract reasoning and cognitive 

confidence. Internal consistency estimates are acceptable to good for accuracy (Cronbach’s 

Alpha = .68 - .86) and excellent for cognitive confidence (Cronbach’s Alpha = .84 - .96; 

Blanchard et al., 2020; Jackson & Kleitman, 2014; Jackson et al., 2016a, 2016b; Jackson et 

al., 2017).  

Random Number-Letter Switching Test (Monsell, 2003). This executive function task 

is a measure of cognitive flexibility. Participants were shown a cue (e.g., “letter” or 

“number”) followed by a stimulus pair (e.g., “A6”) and responded based on the cue. For 

example, if the instruction was “letter” and “A6” appeared on the screen then participants 

determined whether the letter on the screen was a vowel or consonant. Trials were classified 

as repeat or switch depending on whether the cue remained the same from one trial to 

another (repeat) or changed (switch). The task included 16 practice trials and 72 test trials. 

Outcome variables include repeat and switch error rates, response times when the response 

was correct, and switch cost (average switch response time minus average repeat response 

time). 

Flanker test (Eriksen & Eriksen, 1974). This executive function task assessed 

inhibitory control. Each trial presented five horizontally aligned arrows with the centre arrow 

either pointing left or right. The other four arrows either pointed in the same direction 

(congruent trial) or the opposite direction (incongruent trial) as the centre arrow. Participants 

indicated whether the centre arrow pointed left or right. The task included 30 practice trials 

with feedback and 100 test trials without feedback. Outcome variables include error rates for 

congruent and incongruent trials, response times when the response was correct for both trial 

types, and inhibitory cost (average incongruent response time minus average congruent 

response time). 
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Running Letter Span (Broadway & Engle, 2010; Pollack et al., 1959). This task is a 

measure of working memory. Participants were instructed to recall the last n letters (range: 3-

7) without knowing the total sequence length (range: 5-9). A sequence of individually 

appearing letters then flashed onto their computer screen. For example, they were instructed 

to remember the last 2 letters and the sequence “X Y T R S” appeared then the answer was “R 

S”. The task contained 5 practice trials with feedback and 15 test trials without feedback.  

Internal consistency estimates are excellent for accuracy on this test (Cronbach’s Alpha = .85; 

Broadway & Engle, 2010) 

Mini International Personality Item Pool (IPIP; Donnellan et al., 2006). This 20-item 

questionnaire is a measure of the Big Five personality traits: Agreeableness, 

Conscientiousness, Extraversion, Intellect, and Neuroticism. Participants rated statements, 

such as “Am the life of the party”, using a five-point Likert scale from (1) Very inaccurate to 

(5) Very accurate. There were four statements for each personality dimension. Each 

dimension has demonstrated acceptable internal consistency (Cronbach’s Alpha range = .65 - 

.77; Donnellan et al., 2006). 

NASA Task Load Index (NASA-TLX; Hart & Staveland, 1988). This 6-item 

questionnaire is a measure of subjective workload during a dynamic task. It was administered 

immediately after the driving simulation to assess participants’ confidence in their 

performance during the simulation. Only one item was relevant for this purpose, “How 

successful do you think you were in accomplishing the goals of the task?”, Responses were 

recorded on a 7-point scale ranging from (1) very low to (7) very high. Test/retest reliability 

of the NASA-TLX has been shown to be good (.83; Hart & Staveland, 1988). As only a 

single item was used in our study, internal consistency could not be estimated. 
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2.2.3 Driving Simulation  

We employed a driving simulation developed in prior work (Kleitman et al., 2022; 

Kleitman et al., 2020). Participants completed an emergency driving course in an urban 

environment, either as individuals or asymmetrical dyads (driver and navigator). Dyad 

members did not know each other prior to participation. The simulation goal was to deliver 

essential supplies as quickly and safely as possible while following directional arrows. 

Drivers could disregard traffic rules (e.g., traffic lights and line markings on the road), but 

they were encouraged to minimize collisions and maximize speed. Navigators operated a 

UAV and had access to a birds-eye view of the driving environment, in addition to seeing the 

driver’s perspective (see Figure 2.2). Thus, navigators had access to shared and unique 

information relative to the driver. Their role was to observe the dynamic conditions 

experienced by drivers and communicate relevant instructions or warnings to them. For 

example, they could notify the driver when it was safe to use an oncoming traffic lane or 

warn them to reduce speed if they noticed traffic congestion ahead.  

Participants in dyads were seated in different rooms (consistent with the scenario) so 

they could not see each other but they could freely communicate via headsets using a push-

to-talk intercom system. This allowed us to record the speaker and receiver’s identities, and 

the duration, timing, and content of speech. The simulation comprised five unique laps, that 

started and ended at the same location. Each lap included both a normal and fog condition. 

The fog condition introduced a sudden reduction in visibility for the driver but not the 

navigator. Both conditions were designed to last approximately the same amount of time. 

This structure allowed for psychometric assessment of both the communication and 

performance metrics.  

Performance on the driving simulation was evaluated based on the driver’s collisions 

and speed. Collisions were defined as any instance where the driver’s vehicle came into 

contact with any other vehicle or object in the environment. Speed was recorded in notional 
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kilometres per hour and used as a proxy for time. The frequency of each communication type 

was recorded, and the method is described in the next section.  

Figure 2.2. The Driver’s and Navigator’s Screens During the Normal Condition (A and C) 
and Fog Condition (B and D) 

A  B  
 

 

 

 
C  D  
 

 

 

 
2.2.4 Quantifying Team Communication 

2.2.4.1 Categories of Communication Behaviour 

To assess team communication, we used a manual coding approach consistent with 

prior research (e.g., Bowers et al., 1998; Krippendorff, 2004; Predmore, 1991). Each 

speaking turn was assigned to one of several role contingent categories. To define the 

categories, we first identified unique communication behaviours that captured team cognition 

(Salas et al., 2007). Specifically, we targeted speech that indicated knowledge updating, 

information processing, and reduced cognitive capacity (see Table 2.1 for examples). 

Effectively performing one’s role required different types of communication behaviour for 

drivers and navigators. Drivers primarily updated shared knowledge by providing situational 

feedback. Navigators were responsible for monitoring, instructing, and updating shared 

knowledge while coordinating the driver’s actions. Because driver’s speech had minimal 
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impact on their own performance, and because drivers relied heavily on the navigator’s 

guidance, our assessment of communication quality focused on navigator speech. 

Navigator speech was coded into four main categories: observation, command 

instruction, inquiry, and redundant (see Table 2.1 for definitions and examples). For 

observation and command instruction, we further assessed quality by coding them as either 

helpful (accurate and well-timed) or harmful (inaccurate and/or ill-timed). Helpful 

communication reflected accurate information delivered while it was actionable by the driver. 

Harmful communication contained misinformation or was poorly timed, diminishing its 

utility.  

Driver speech was coded into three categories: command instruction/observation, 

inquiry, and frustration (see Table 2.1 for examples). We combined command instruction and 

observation into a single category after a preliminary analysis of the driving simulation 

recordings. These instances appeared to be of the same nature and the content of a driver’s 

speech did not appear to impact their own performance, so we did not assess the quality of 

these speaking turns. Frustration was included to capture signs of cognitive overload such as 

stress, which has been linked to reduced communication and impaired performance (Cohen & 

Cohen, 1980; Driskell & Johnston, 1998; Driskell et al., 1999; Ellis, 2006; Gladstein & 

Reilly, 1985; Zheng et al., 2012).  

Table 2.1. The Communication Coding System 

Category of 
communication 

Component of team 
cognition Definition Example 

Navigator    

Helpful 
observation 

Team knowledge 
building: a 
transference of 
accurate individual 
knowledge to team 
knowledge. 

The information is 
appropriate and 
accurate for the 
driver’s current 
situation. 

“There’s a lot of traffic up 
ahead.” 

“There’s a right turn coming up 
in 10 seconds.” 

Harmful 
observation 

Team knowledge 
building: a 
transference of 

The information is 
not appropriate 
and/or inaccurate for 

“There’s no traffic up ahead.” 
[When the road ahead has 
numerous vehicles.] 
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inaccurate individual 
knowledge to team 
knowledge. 

the driver’s current 
situation. 

There’s a right turn coming up 
ahead.” [When the arrows at the 
upcoming intersection are 
pointing left.] 

Helpful command 
instruction 

Performance 
monitoring:  the 
navigator accurately 
advises the driver 
about a future course 
of action. 

The instruction is 
appropriate and 
accurate for the 
driver’s current 
situation. 

“Switch lanes to overtake the car 
in front.” 
“Wait for the traffic light to turn 
green because there are cars in 
front and behind your vehicle.” 

Harmful command 
instruction 

Performance 
monitoring: the 
navigator inaccurately 
advises the driver 
about a future course 
of action. 

The instruction is not 
appropriate and/or 
inaccurate for the 
driver’s current 
situation. 

“Switch lanes to overtake the car 
in front.” [When the other lane 
contains incoming traffic.] 
“Reverse then switch to the 
other side of the road to avoid 
the traffic at the red light.” 
[When the driver’s car is 
stationary at a red light and 
surrounded by traffic ahead and 
behind.]  

Inquiry Team knowledge 
processing. 

Seeking new 
information or 
clarification of 
existing knowledge 
about the task. 

“What do you see ahead of 
you?” 
“Why have you stopped your 
car?” 

Redundant 

Reduced cognitive 
resources (e.g., 
Increased 
communication 
overhead). 

The information or 
instruction is 
irrelevant for the 
driver’s current 
situation or task. 

“Move into the other lane.” 
[after the driver has already 
changed lanes.] 
“I am hungry.” 

Driver    

Command 
instruction/ 
Observation  

Team knowledge 
building. 

The information or 
instruction relates to 
their current 
situation or the task. 

“There’s a red light ahead of 
me.” [When asked why they 
stopped their car.] 
“I’m currently driving through 
fog so my visibility is low.” 
 

Inquiry Team knowledge 
processing. 

Seeking new 
information or 
clarification of 
existing knowledge 
about the task. 

“Can you tell me when there are 
a lot of cars ahead?” 
Can you tell me what is around 
me now?” [When they have lost 
visibility during the fog event.] 
 

Frustration Cognitive overload. 
Driver produces an 
audible expression 
of frustration. 

“Oh no!” [As the driver’s car 
collides into another vehicle.] 
An audible sigh when the driver 
is stationary and stuck in dense 
traffic. 
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2.2.4.2 Coding communication 

Four independent raters, who were blind to the study’s hypotheses, coded all 

simulation recordings. See Figure 2.3 for a visual representation of the process of coding 

each speaking turn. We developed a custom browser-based coding application (see Figure 

2.4) using JavaScript, HTML, and CSS to facilitate consistency and precision. The tool 

allowed raters to watch each session and assign communication codes to individual speaking 

turns in real time using keyboard shortcuts. Raters could pause, rewind, and fast-forward as 

needed. Timestamps were recorded to align communication events with specific laps and 

operational conditions.  

Prior to coding, all raters completed an extensive training session which consisted of 

defining each category of communication, providing examples of each category, 

demonstrating how to use the coding software, and coding a segment of a recording together 

as a group. To assess interrater reliability, all four raters independently coded the same 37-

minute recording, which contained 539 speaking turns. Fleiss’ (1971) Kappa revealed high 

agreement (κ = .83). When discrepancies occurred, the raters were instructed on how to code 

the communication according to the definitions. The remaining recordings were then divided 

among the raters and coded independently. After initial coding, an independent quality 

control review was conducted. A trained reviewer examined each recording to ensure each 

assigned category aligned with their definitions. Discrepancies were resolved by realigning 

codes as needed, according to the original operational definitions (See Table 2.1).  
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Figure 2.3. Process of Coding Each Speaking Turn During the Driving Simulation 

 

2.2.5 Procedure 

Up to four participants completed the two-hour study at a time in university computer 

labs. Upon arrival, participants were randomly assigned to either the individual or dyad 

condition and followed the same protocol and task order regardless of condition. For 

participants assigned to dyads, the driver and navigator were seated in separate rooms to 

simulate distributed teamwork. They communicated via headsets using a push-to-talk 

intercom system, which allowed speech to be timestamped and recorded.  

First, participants completed background questionnaires, which assessed demographic 

information (e.g., age and sex), experience with driving, gaming and simulations, and their 

susceptibility to motion sickness. Next, they completed the driving simulation, followed by 

the NASA-TLX, and then the cognitive and personality measures in the order described in 

the Measures section. The driving simulation was completed either individually or in dyads 
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depending on the assigned condition. Ethics approval was granted by the Australian Defence 

Science and Technology Group’s Low Risk Ethics Panel (Protocol Number LD14-16)1. 

Figure 2.4. The Communication Coding Application 

 

2.3 Results 

Prior to testing our hypotheses, we examined descriptive statistics and internal 

consistency for the simulation derived measures of performance, individual difference 

variables, and the coded communication metrics. This allowed us to check that scores on each 

variable were as expected, assess reliability, and verify that individuals and dyads were 

similar on the control measures. Omega total (McDonald, 1999) was used to measure internal 

consistency because we assumed unidimensionality but not tau-equivalence for collisions and 

speed during the driving simulation.  

2.3.1 Descriptive Statistics 

2.3.1.1 Simulation Derived Performance Metrics 

Frequency distributions for collisions overall and speed overall (across all laps and 

operational conditions) for individuals and dyads are displayed in Figure 2.5. Collisions 

 
1 The tasks were administered as part of a broader protocol examining a set of hypotheses regarding 
psychological resilience and adaptability in a high-fidelity simulation. A number of additional measures were 
captured to examine the hypotheses of interest and are outside of the scope of this paper.  
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overall were positively skewed, whereas speed overall was normally distributed for both 

individuals and dyads. These distribution patterns were consistent across both operational 

conditions (see Figure A1 and A2 in Appendix A). Table 2.2 reports the descriptive statistics, 

and internal consistency estimates for collisions and speed, separately for individuals and 

dyads under each condition. 

Figure 2.5. Frequency Distributions for Individual Collisions (A) and Speed (B) Overall and 
Dyad Collisions (C) and Speed (D) Overall 

 

Table 2.2. Descriptive Statistics and Internal Consistency Estimates for Simulation 
Performance (N=80) 

  Individuals Dyads 
  ωt Mean SD ωt Mean SD 
Collisions Normal .81 100.29 73.12 .88 76.79 69.18 
 Fog .82 76.65 50.99 .73 67.20 46.16 
Speed Normal .86 9.60 1.85 .88 9.20 1.78 
 Fog .82 9.45 1.87 .83 8.79 1.78 

Note. ωt = Omega total.  

Internal consistency estimates ranged from good to excellent (.73-.88) for collisions 

and speed, indicating that both normal and fog conditions captured stable performance-

related behaviours. Speed was used as a proxy for time, justified by its strong negative 

correlation with actual time during both the normal (r = -0.69, p < .001) and fog (r = -0.60, p 

< .001) conditions. 
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2.3.1.2 Communication Measures 

The descriptive statistics and reliability estimates for the coded communication 

behaviours are presented in Table 2.3, and the corresponding statistics for the volume-based 

communication variables are shown in Table 2.4. These variables were calculated on a subset 

of 53 dyads. We could not compute them for 27 dyads because at least one member’s 

recording of communication was inaudible or missing. All subsequent analyses involving 

communication variables were conducted on this 53-dyad subset.  

Table 2.3. Descriptive Statistics and Internal Consistency Estimates for the Communication 
Behaviours (N=53 Dyads) 

 Normal Fog  
 ωt Mean SD ωt Mean SD t 
Driver        
Observation or command 
instruction .90 0.25 0.20 .81 0.34 0.26 -5.13*** 
Inquiry .80 0.19 0.13 .83 0.24 0.15 -4.43*** 
Frustration .89 0.13 0.14 .90 0.16 0.17 -2.91** 
Navigator        
Helpful observation .86 0.41 0.23 .81 0.48 0.25 -3.39** 
Harmful observation .71 0.02 0.03 .54 0.03 0.03 -2.14* 
Helpful command 
instruction .90 0.48 0.32 .90 0.55 0.40 -2.63* 
Harmful command 
instruction .43 0.04 0.04 .78 0.06 0.06 -1.74 
Inquiry .77 0.07 0.07 .81 0.10 0.10 -2.90** 
Redundant .76 0.10 0.08 .75 0.10 0.08 -0.25 
Note. ωh = Omega total. 
*p < .05, **p < .01, ***p < .001 

Importantly, there were no significant differences between the full sample of dyads 

and the subset of dyads on the simulation-derived performance measures or individual 

difference variables. The software failure was identified when coding was completed, and 

further data collection was not possible. Still, the remaining sample size is consistent with the 

existing literature on collective performance which range from 15 to 43 dyads (Bahrami et 

al., 2010; Gorman et al., 2005; Gorman et al., 2006; Glynn & Henning, 2000; Koriat, 2015; 

Sniezek & Henry, 1989). 
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Because the distance travelled during the normal (Mean = 7113, SD = 1397) and fog 

conditions (Mean = 4992, SD = 1080) differed significantly (t213 = 30.75, p < .001), and 

because longer distances offered more opportunities for communication, we computed ratios 

for each communication variable (i.e., frequency per 100 units of distance). All descriptive 

statistics and t-tests presented in Table 2.3 and 2.4 were based on these distance-adjusted 

ratios. On average, the driving simulation took 27.76 minutes (SD = 7.29) to complete and 

approximately the same amount of time was spent in the normal (Mean = 14.33 minutes, SD 

= 3.63) and fog conditions (Mean = 12.44 minutes, SD = 4.06). As expected, most 

communication behaviours occurred more frequently during fog conditions. The exceptions 

were harmful command instruction and redundant which did not differ between the two 

conditions. Internal consistency estimates were generally acceptable (> .60), except for 

harmful observation during the fog condition (ωt = .54) and harmful command instruction 

during the normal condition (ωt = .43). 

Table 2.4. Descriptive Statistics and Internal Consistency Estimates for Volume-Based 

Communication (N=53 Dyads) 

 Normal Fog  
 ωt Mean SD ωt Mean SD t 
Duration (seconds)        
Team .85 13.10 9.58 .70 7.83 5.42 6.95*** 
Driver .87 5.31 5.62 .79 3.06 2.67 4.59*** 
Navigator .73 7.77 5.79 .64 4.76 3.35 5.37*** 
Talking turns        
Team .87 1.57 0.76 .85 1.90 0.91 -5.20*** 
Driver .86 0.45 0.28 .80 0.58 0.34 -5.52*** 
Navigator .87 1.13 0.55 .87 1.32 0.64 -4.01*** 
Note. ωt = Omega total.  
***p < .001 

For the volume of communication measures, there were two consistent patterns: 1) 

there was a greater duration of speech in the normal than the fog condition; and 2) a greater 
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number of talking turns in the fog compared with the normal condition. Internal consistency 

estimates were acceptable (ωt > .60) for all volume of communication variables. 

2.3.1.3 Individual Differences Measures 

Descriptive statistics and internal consistency estimates for all individual difference 

variables are presented in the Tables A1 and A2 in Appendix A to maintain the focus on the 

performance and communication metrics. The means and standard deviations were consistent 

with previous studies involving Australian undergraduate students (Blanchard et al., 2020; 

Jackson et al., 2016a, 2016b; Jackson et al., 2017). All reliability estimates were acceptable 

for research purposes except repeat errors (team ωt = .57 and driver ωt = .29), switch errors 

(all levels, ωt = .28 - .54), congruent errors (all levels, ωt = .39 - .54), and incongruent errors 

(team ωt = .55 and driver ωt = .44). As these inhibitory control and cognitive flexibility 

variables demonstrated poor internal consistency they were removed from subsequent 

analyses. We had two different metrics for each of these executive function constructs: errors 

and response times. The response time measures demonstrated excellent internal consistency 

(ranging from ωt  = .88 - .95) and were retained for our analyses. Internal consistency 

estimates for the personality measures ranged between ωt  = .47 - .79 for individuals and  

ωt = .58 - .79 for dyads. Some of the internal consistency estimates for individuals were low, 

however, only dyadic measures were used as covariates in regression models. 

2.3.2 Exploratory Factor Analysis using Communication Variables 

To identify patterns of dyadic communication, we conducted EFA separately for each 

operational condition (normal and fog). This allowed us to extract latent factors representing 

common communication behaviours across laps. Tables 2.5 and Table 2.6 present correlation 

matrices and factor loadings for the communication variables under normal and fog 

conditions, respectively.  
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Table 2.5. Communication Intercorrelations and EFA Results for the Normal Condition 

 Pearson r correlations Factor loadings 
Communication 2 3 4 5 6 7 8 9 1 2 h2 

          
Inquiry (navigator) .29* .73*** .36** .49*** .35** .01 .14 .39** .89 -.19 .67 
Inquiry (driver)  .41** .62*** .35** .26 .21 .25 .10 .64 .04 .43 
Observation or command 
instruction (driver)   .53*** .43** .39** .12 .29* .23 .89 -.09 .72 

Helpful observation 
(navigator)    .38** .16 .29* .20 .14 .71 .00 .50 

Helpful command 
instruction (navigator)     .36** .01 .33* .36** .72 .00 .52 

Harmful command 
instruction (navigator)      .48*** .29* .27 .22 .57 .49 

Harmful observation 
(navigator)        .50*** .35* -27 .99 .82 

Frustration (driver)        .26 .00 .74 .55 
Redundant (navigator)         .18 .47 .33 

Note. Factor loadings >.30 are in bold. h2= communality. 
***p < .001, **p < .01, *p < .05 

A pattern of small to large positive correlations was observed between most variables 

in the normal and fog conditions. We conducted a Principal Component Analysis (with 

Promax rotation) on the communication measures during both conditions. We used Principal 

Component Analysis instead of Principal Axis Factoring because an ultra-Heywood case was 

detected using factor analysis. Parallel analysis suggested a two-factor solution that explained 

55.89% of the common variance for the normal condition and 51.76% of the common 

variance for the fog condition.  

Consistent with the expectations, for the normal condition, all the helpful and 

inquiring communication variables loaded positively on the first factor and all harmful and 

redundant communication variables loaded positively on the second factor. These two factors 

were named Helpful Exchange and Harmful Navigator, respectively, and had a positive, 

moderate strength correlation (r = .42, p < .01), indicating that dyads tended to engage in 

both helpful and harmful exchanges.  
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Table 2.6. Communication Intercorrelations and EFA Results for the Fog Condition 

 Pearson r correlations Factor loadings 
Communication 2 3 4 5 6 7 8 9 1 2 h2 
            
Inquiry (navigator) .23 .64*** .34* .42** .45*** .03 .11 -.10 .95 -.36 .73 
Inquiry (driver)  .35* .58*** .33* .09 .16 .29* .29* .32 .47 .46 
Observation or command 
instruction (driver)   .47*** .44*** .29* .19 0.22 .10 .80 -.03 .63 

Helpful observation 
(navigator)    .38** .13 .28* 0.06 .04 .59 .14 .44 

Helpful command 
instruction (navigator)     .62*** .05 0.27 .10 .76 .02 .58 

Harmful command 
instruction (navigator)      .25 .28* .16 .59 .10 .40 

Harmful observation 
(navigator)        0.20 .25 -.04 .61 .36 

Frustration (driver)        .31* .03 .64 .42 
Redundant (navigator)         -.31 .88 .64 

Note. Factor loadings >.30 are in bold. h2= communality. 
***p < .001, **p < .01, *p < .05 

For the fog condition, the pattern of loadings was broadly similar to the normal 

condition, but with some subtle differences. Helpful exchange was defined by helpful and 

inquiring behaviours which loaded positively. Notably, the navigator’s harmful command 

instruction also loaded positively, while redundant communication loaded negatively on this 

factor (marginally > .30). All negative communication variables except harmful command 

instruction loaded positively on the Harmful Navigator factor, as well as driver’s inquiry 

which loaded positively and navigator’s inquiry which loaded negatively. These two factors 

had a positive, moderate correlation with each other (r = .43, p < .01).  

The extracted factors were highly correlated between the normal and fog conditions 

(Helpful Exchange, r = .83, p < .001; and Harmful Navigator, r = .78, p < .001). These large 

correlations suggest that the underlying structure of communication behaviours was stable 

across conditions, despite the subtle differences in the loadings. The extracted 

communication factor scores were used in all subsequent analyses as predictors of 

performance. 
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2.3.3 Performance During the Simulation 

2.3.3.1 Individuals vs. Dyads 

To test hypotheses 1a-1d, we conducted two-way mixed design ANOVAs examining 

the effects of grouping (between subjects: individuals vs. dyads) and operational condition 

(within-subjects: normal vs. fog) on the two-performance metrics: collisions and speed. 

Given unequal sample sizes (individual vs dyads), we used Type II Sums of Squares 

(Langsrud, 2003) for all ANOVA models. 

Participants travelled significantly farther during the normal condition (Mean = 7113, 

SD = 1397) than during the fog condition (Mean = 4992, SD = 1080; (t213 = 30.75, p < .001), 

and distance was significantly correlated with collisions during both the normal (r = .36, p < 

.001) and fog (r = .44, p < .001) conditions. To address this, we computed a collision ratio to 

represent the average number of collisions per unit of distance travelled. There was no 

significant relationship between distance travelled and speed during the normal (r = -.06, p = 

.36) or fog conditions (r = .01, p = .93) so we used the original speed variables in these 

analyses. We used collisions ratio in all subsequent analyses which represented the number of 

collisions per 100 units of distance. Figure 2.6 displays mean values for collisions ratio and 

speed for individuals and dyads. Table 2.7 reports the corresponding AONVA results. 

Dyads had significantly fewer collisions than individuals overall and significantly 

more collisions occurred during the fog than the normal condition. The interaction effect was 

also significant. Supporting hypotheses 1a and 1c, collisions were significantly lower for 

dyads than individuals during the normal condition (t216 = -3.10, p < .01) and there was no 

significant difference between individuals and dyads during the fog condition (t216 = -1.70, p 

= .09). Supporting hypotheses 1b and 1d, speed was significantly lower for dyads than 

individuals and significantly lower for the fog compared with the normal condition. The 

interaction effect was not significant. 
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Table 2.7. Results of ANOVAs for Collisions and Speed 

 Individuals Dyads    
 Mean (SD) Mean (SD) Mean 

difference 
F (1,212) h2 

Collisions ratio      
Grouping 1.46 (.94) 1.16 (.81) 0.30 6.43* .027 
Operational condition  1.26 (.92) 1.44 (.89) -0.17 20.46*** .010 
Interaction - - - 5.16* .002 
Speed      
Grouping 9.52 (1.86) 8.99 (1.79) 0.53 4.63* .020 
Operational condition 9.45 (1.83) 9.20 (1.86) 0.25 11.11** .004 
Interaction - - - 2.92 - 

***p < .001; **p < .01; *p < .05 

Figure 2.6. Mean Collisions (A) and Speed (B) for Individuals and Dyads During Both 
Conditions 

 

2.3.3.2 Communication as a Predictor 

To examine Aim 2 and test hypotheses 2a-2d, a series of hierarchical regression 

analyses were conducted to evaluate whether the extracted communication factors predicted 

dyadic performance, after accounting for covariates. Separate hierarchical regression models 

were estimated for each operational condition (normal and fog) and each dependent variable 

(collisions and speed).  
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To retain statistical power while accounting for multiple predictors, we reduced the 

covariates down to a smaller number of components using EFA. These extracted components 

were: Executive Function Time which was composed of the response time variables for 

repeat time, switch time, congruent time, and incongruent time; and Competence which was 

composed of fluid intelligence, cognitive confidence, and working memory accuracy (see 

Tables A3 and A4 in Appendix A for details). In addition, the proportion of females in each 

dyad, Neuroticism, and simulation confidence were included as control variables. Covariates 

were entered in blocks 1 and 2, followed by the two communication factors, Helpful 

Exchange and Harmful Navigator, in Block 3. The results of the analyses are presented in 

Table 2.82. 

In the normal condition, collisions were significantly predicted by Harmful Navigator 

(β = .43, p < .01), while Helpful Exchange was not a significant predictor. The addition of the 

communication factors significantly improved model fit (ΔR² = .17, p < .01). These results 

support Hypothesis 2c but not Hypothesis 2a. In the fog condition, Harmful Navigator had a 

marginal association with collisions (β = .29, p = .07) but did not reach statistical 

significance. Helpful Exchange was not a significant predictor. Thus, partial support was 

found for Hypothesis 2c, while Hypothesis 2a was not supported. 

For speed, the communication factors did not significantly predict performance in the 

normal condition, although Helpful Exchange approached significance (β = –.28, p = .06). In 

contrast, during the fog condition, Helpful Exchange significantly predicted lower speed (β = 

–.41, p < .01) and the overall model improvement was statistically significant (ΔR² = .13, p < 

.05). This provides support for Hypothesis 2b. Harmful Navigator did not predict speed in 

either condition, therefore Hypothesis 2d was not supported. 

 
2 We ran the same analyses including Agreeableness, Conscientiousness, Extraversion, and Openness to 
Experience. None of these additional personality traits were significant predictors of the performance metrics 
and the results were largely the same as those reported in Table 2.8. There was one exception, for the normal 
condition Helpful Exchange was a significant predictor of Speed. We excluded these personality traits to 
maintain adequate power in the analyses. 
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Table 2.8. Hierarchical Regression Analyses Predicting Performance Using the Quality of Communication (N=53 Dyads) 

  Collisions Speed 

  Normal Fog Normal Fog 

Block Predictor R  R2 DR2 b R  R2 DR2 b R  R2 DR2 b R  R2 DR2 b 

1  .30 .09 .09*  .23 .05 .05†  .43 .19 .19**  .42 .17 .17**  

 Proportion Females    0.30*    0.24†    -0.43**    -0.42** 

2  .33 .11 .02  .39 .15 .09  .52 .27 .08  .46 .21 .04  

 EF Time Factor    0.07    -0.02    0.20    0.02 

 Competence Factor    0.01    -0.04    -0.05    -0.04 

 Neuroticism    0.11    0.31*    0.18    0.19 

 Simulation Confidence    0.05    0.03    0.10    0.02 

3  .53 .28 .17**  .46 .22 .07  .58 .33 .06  .59 .34 .13*  

 Helpful Exchange    0.01    -0.03    -0.28†    -0.41** 

 Harmful Navigator    0.43**    0.29†    0.08    0.19 

Note. b = standardized regression coefficient. 
** p < .01, * p < .05, †p < .10.
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Scatterplots illustrating the relationships between the communication factors and each 

performance metric in both conditions are presented in Figure 2.7. 

Figure 2.7. Scatterplots for Harmful Navigator and Collisions (A and B) and Helpful 
Exchange and Speed (C and D) During Both Conditions 

 

2.3.3.3 Volume of Communication 

To address aim 3 and test hypotheses 3a and 3b, we conducted a second set of 

hierarchical regression analyses using traditional volume-based measures of communication 

(i.e., duration of speech and number of speaking turns) instead of the extracted 

communication factors. The purpose was to qualitatively compare whether our novel 

communication quality metrics were stronger predictors of accuracy, while volume-based 

metrics were stronger predictors of speed.  

As with previous models, block 1 included the proportion of females, followed by 

Executive Function time, Competence, and Neuroticism in block 2. The volume of 

communication variables were entered in block 3. Due to strong multicollinearity between 

duration and number of speaking turns for normal (r = .72, p < .001) and fog (r = .69,  
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p < .001) condition, each volume variable was entered into separate regression models. The 

results of block 3 are presented in Table 2.9. 

Table 2.9. Hierarchical Regression Analyses Predicting Performance Using Volume of 
Communication Measures (N=53 Dyads) 

 Normal Fog 
Predictor R  R2 DR2 b R  R2 DR2 b 
Collisions         
Duration of communication .33 .11 .00 0.05 .39 .15 .00 0.04 
Number of talking turns .41 .17 .06† 0.25† .40 .16 .02 0.12 
Speed         
Duration of communication .63 .40 .14** -0.40** .63 .40 .19*** -0.48*** 
Number of talking turns .58 .33 .07* -0.27* .56 .32 .10* -0.33* 

Note. b = standardized regression coefficient. 
*** p < .001, ** p < .01, * p < .05, † p < .10 

The regression analyses revealed that neither of the volume of communication 

variables accounted for a significant amount of variance in collisions, after accounting for 

covariates. Duration of speech was not a significant predictor of collisions in either condition, 

while the number of speaking turns approach significance in the normal condition (β = .25, p 

= .08) but not in the fog condition. These results suggest that communication volume has 

limited utility in predicting dyadic accuracy outcomes. In contrast, volume-based predictors 

were significantly associated with speed. Duration of speech was a significant negative 

predictor of speed in both the normal (β = –.40, p < .01) and fog (β = –.48, p < .001) 

conditions. Likewise, number of speaking turns significantly predicted slower speed in both 

conditions, although to a lesser extent. 

A qualitative comparison of the regression coefficients from the two sets of analyses 

supports Hypotheses 3a and 3b. The Harmful Navigator factor was a stronger predictor of 

collisions in the normal condition (β = .43) than either duration (β = .05) or speaking turns (β 

= .25). Conversely, communication duration was a stronger predictor of speed (β = –.48 in 

fog) than the Helpful Exchange factor (β = –.41). Thus, communication quality was more 
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strongly related to accuracy, while communication volume was marginally more strongly 

related to speed. 

2.4 Discussion 

This study was the first to examine the 2HBT1 effect in a dynamic driving simulation 

using naïve, asymmetrical, and distributed dyads under varying operational conditions. It also 

introduced a novel method for quantifying the quality of communication and demonstrated 

that this measure was a stronger predictor of dyadic accuracy than traditional volume-based 

metrics. These findings provide important insights into when and how dyads outperform 

individuals in dynamic environments and highlight the utility of assessing the quality of 

communication. 

2.4.1 Two Heads are Not Always Better Than One 

As expected, the 2HBT1 effect depended on characteristics of the task (i.e., 

operational condition) and the performance metric (i.e., accuracy vs. speed).  

For accuracy, dyads had fewer collisions than individuals during the normal 

condition, but this advantage disappeared during the fog condition. These findings suggest 

that under familiar and stable conditions, where team members share access to similar task-

relevant information, dyads perform better. However, when conditions change unexpectedly 

and cognitive demands increase, dyads may revert to individual level performance. This 

reduction in the two-heads advantage is a failure to capitalise on the navigator’s 

informational advantage. The sudden onset of fog disrupted the driver’s visibility and likely 

impaired the dyad’s shared understanding of the task environment. Despite the navigator’s 

broader access to environmental information, dyads did not adapt in ways that improved 

collective accuracy. Beneficial adaptation would involve increased communication and 

greater reliance upon the navigator for timely and helpful updates about the driver’s 
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surroundings. However, we observed that both drivers and navigators spoke for less time 

during the fog condition compared to the normal condition. This is likely because the fog 

increased the driver’s cognitive load, forcing them to divert cognitive resources away from 

communication and toward monitoring the environment and operating the vehicle. 

Prior research (e.g., Cooke et al., 2009; Gorman et al., 2005) has shown that when 

operational conditions change, groups must re-establish shared situation awareness to 

maintain performance. Our findings suggest that this adaptation did not occur within the short 

duration of the fog condition, perhaps because drivers responded more like individuals than 

members of a coordinated team. This may be due to the naïve or ad hoc nature of our dyads, 

the brevity of the fog event, or the absence of training. Unexpected events in real-world tasks 

vary in duration, some last only minutes like our task (e.g., unexpected weather conditions or 

equipment malfunction), while others may persist for weeks or months (e.g., natural 

disasters). We suspect that longer disruptions may provide dyads with sufficient time to adapt 

and recover the 2HBT1 effect. Understanding how dyads respond across a range of event 

durations is critical. It is possible that our brief fog event did not allow enough time for dyads 

to adapt and regain their performance advantage. Future research should test this hypothesis 

using unexpected events of varying lengths. 

For speed, dyads drove more slowly than individuals in the fog condition, but not in 

the normal condition. Interestingly, a speed-accuracy trade-off did not account this pattern. 

Compared to the normal condition, dyads in the fog both reduced their speed and increased 

their collisions, while individuals did not differ between conditions. The slower speed 

observed in dyads may reflect a compensatory strategy in response to the increased cognitive 

demands of the fog condition. This aligns with prior findings that communication imposes a 

cognitive cost (MacMillan et al., 2004). Furthermore, prior research on distracted driving 

(e.g., Haigney et al., 2000) shows that individuals tend to reduce their speed when engaging 
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in task-irrelevant communication via mobile phones. Our results suggest that similar 

compensatory mechanisms occur in dyads engaged in task-relevant communication but only 

when the task environment changes unexpectedly. In the fog condition, drivers may have 

reduced their speed to maintain safety while processing incoming communication from the 

navigator. 

Taken together, our findings highlight the importance of context when evaluating the 

benefits of teamwork. The 2HBT1 effect emerged for accuracy under stable conditions but 

not when the task conditions changed and became more cognitively demanding. For speed, 

dyads were consistently slower than individuals. Whether two heads are better, the same, or 

worse than one depends on the operational conditions and the performance metric most 

relevant to the task’s goals. If accuracy is the priority and the environment is stable, dyads 

may be beneficial. However, in volatile environments, individuals may be a better choice 

because they achieve comparable performance while using fewer resources. When speed (or 

time) is the key performance metric, individuals are likely more effective in both stable and 

unstable conditions. Overall, the use of asymmetrical and distributed dyads in dynamic tasks 

should be carefully considered, as two naïve heads are not often better than one. 

2.4.2 Communication and Dyadic Performance  

Our second novel contribution was to investigate the relationship between 

communication and dyadic performance using both novel communication quality and 

traditional volume-based metrics. The quality of communication, particularly harmful 

communication, was a predictor of accuracy in the normal condition. Dyads that engaged in 

more ill-timed or inaccurate speech experienced more collisions, whereas helpful 

communication was not associated with accuracy. This asymmetry may reflect a negativity 

bias, where the cost of poor communication outweighs the benefits of good communication. 

It may also be due to the prevalence of common (rather than unique) knowledge during the 
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normal condition. Since both members had access to similar information, communication 

likely focused on knowledge both members already knew. Prior research shows that groups 

tend to spend more time discussing shared knowledge, which has less impact on group 

outcomes than unique knowledge (Stasser & Titus, 1985; Mesmer-Magnus & DeChurch, 

2009). In this context, harmful communication, which was incorrect and/or ill-timed, may 

have appeared to drivers as unique or important, thus capturing their attention and 

influencing behaviour. Interestingly, no communication variables predicted accuracy in the 

fog condition, despite the navigator’s informational advantage. This may be because dyads 

failed to adapt to the changed conditions and drivers operated more like individuals. If drivers 

disregarded the navigator’s input when under pressure, then, as we observed, communication 

would not impact accuracy.  

As expected, communication quality predicted speed in the fog condition. Dyads that 

engaged in more helpful communication drove more slowly, likely as a compensatory 

strategy to manage the increased cognitive demands of processing that information. This 

effect did not emerge in the normal condition, possibly because drivers had more cognitive 

capacity available to manage driving and communication simultaneously. Harmful 

communication was not associated with speed, likely due to its lower frequency. 

2.4.3 Comparing Communication Metrics 

Next, we conducted a qualitative comparison to assess which type of communication 

metric best predicted accuracy and speed. As expected, the quality of communication was 

more important for accuracy, whereas the volume of communication was more important for 

speed. Specifically, poor communication was the strongest predictor of collisions, and the 

duration of speech was the strongest predictor of speed. These findings reinforce the value of 

assessing the content of communication, not just its frequency. Dyads that speak more may 

not necessarily perform better, particularly if the communication is irrelevant, inaccurate, or 
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poorly timed. If anything, communication may always carry a performance cost to speed 

when asymmetrical and distributed dyads work together on a dynamic task. 

Our novel coding approach and simulation design allowed use to map communication 

onto conditions and laps enabling a psychometric evaluation of different communication 

measures. These analyses revealed stable communication structures across both conditions. 

Our methodology could be adopted by future research to more objectively quantify 

communication quality, or even volume-based metrics, which are rarely subjected to 

psychometric assessment. 

2.4.4 Covariates and Dyadic Performance 

There was no systematic pattern between the theory-driven control variables 

(executive function, intelligence, cognitive confidence, simulation confidence, and 

personality) and performance metrics. However, one pattern emerged: Dyads with a higher 

proportion of females had more collisions and drove at lower speeds than dyads with a lower 

proportion of females.  

These findings are consistent with prior research on driving. For example, females 

tend to have more accidents while manoeuvring a vehicle through traffic (Laapotti & 

Keskinen, 2004) and tend to drive more cautiously (Sarma et al., 2013) compared with males. 

These findings for accuracy, however, conflicts with recent research on collective 

intelligence, which suggests that dyads with a higher proportion of females tend to perform 

better than those with a lower proportion of females across a broad range of tasks. However, 

this previous research critically differs from our study, as it used symmetrical dyads and did 

not include a dynamic task in their test battery (Woolley et al., 2010). 
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2.4.5 Limitations and Future Directions 

Several limitations of our study should be acknowledged. First, our sample size 

limited the ability to extract communication factors for each lap. Since communication is a 

dynamic process, this restricted our ability to examine how patterns of communication 

quality evolve over time. The small sample size also prevented us from testing whether 

personality traits served as mediators or moderators of the relationships between 

communication and performance. Future research should recruit larger samples to explore 

these possibilities, as personality may have important indirect effects on dyadic outcomes.  

Second, our dyads were composed of participants with no prior experience working 

together or using the driving simulation. While this reflects common real-world scenarios 

involving naïve dyads, the relationships we observed between communication and 

performance may differ for dyads composed of task experts, or well-established dyads. These 

effects might also vary across tasks with lower cognitive demands. Future research should 

examine how these dynamics influence performance by using expert dyads and varying task 

complexity. 

Third, our measure of simulation confidence relied on a single item administered 

post-task. Single items measures prevent the estimation of internal consistency and are more 

vulnerable to measurement error, which can reduce construct validity. Furthermore, dynamic 

tasks like our simulation involve thousands of small decisions, making it unlikely that a 

single, global confidence rating can accurately reflect participants’ experiences. Future 

research should employ multiple in-tasks confidence probes, or at a minimum, a multi-item 

post-task measure designed to capture the range of experiences participants encounter during 

the simulation. 
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Fourth, while our communication quality metrics captured navigator performance, our 

dyadic performance metrics (outcomes) focused exclusively on the driver. Future research 

should incorporate other measures of navigator effectiveness, such as the proportion of time 

the driver’s vehicle or route was visible to them.  

Finally, although participants were provided with an overview of their roles and task 

goals, they did not receive scenario-specific training. In many real-world settings, especially 

high stakes environments, dyad members are trained prior to engaging with the task. Future 

studies should explore how training impacts the 2HBT1 effect and its relationship with 

communication quality for asymmetrical, distributed dyads. 

Beyond these limitations, our findings illuminate several areas for future research. 

First, studies should test whether dyads recover the 2HBT1 effect when unexpected events 

last longer and allow more time for adaptation. Second, researchers could introduce a broader 

range of event types to examine whether our effects generalise. Third, future work could 

explore conditions that systematically lead to the “the two heads are worse than one” effect, 

as observed in static tasks (Koriat 2012, 2015). Finally, our findings should be extended to 

other types of dynamic tasks to determine the generalisability of our findings for performance 

and communication across domains. 

2.4.6 Implications  

Our findings for asymmetrical and distributed dyads have several implications. In our 

study, the 2HBT1 effect only emerged for accuracy under stable and familiar conditions, 

which are characterised by low uncertainty and shared access to environmental information. 

Under volatile conditions, like our sudden onset of fog, this advantage disappeared. For 

speed, dyads consistently underperformed relative to individuals. These results suggest that 

individuals may be more efficient than dyads under dynamic task conditions similar to our 
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simulation, especially when the operating environment is volatile or unpredictable. There’s 

one exception, if accuracy is the primary performance metric and the environment is 

relatively stable, dyads may offer an advantage and be the better choice.  

Our communication results highlight the importance of content. Communication 

quality was more strongly associated with accuracy, while communication volume was more 

strongly associated with speed. This suggests that the cognitive costs of communication 

should not be ignored, particularly for dyads operating in high cognitive load environments. 

Training dyads to communicate more efficiently may help preserve accuracy while reducing 

the performance cost to speed. 

Furthermore, our novel measure of communication quality allowed us to evaluate its 

psychometric properties and directly map communication to on-task behaviour. This 

represents a valuable contribution to the measurement of dyadic communication, which has 

often relied on post-task self-reports. Future research adopting similar more objective 

methods may further clarify the mechanisms through which communication supports or 

hinders dyadic performance across varying task conditions and dyad structures.  

2.4.7 Conclusion 

By embedding different operational conditions within a dynamic task, this study 

provides new insights into the performance of asymmetrical, distributed dyads and the 

influence of communication. We demonstrated that dyads outperformed individuals under 

stable conditions but may lose this advantage when task conditions shift unexpectedly. We 

also showed that communication quality, particularly harmful communication, plays a critical 

role in determining dyadic accuracy, while communication volume more strongly predicts 

speed. Importantly, we developed a novel method for quantifying communication quality that 
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allowed us to assess its psychometric properties and examine its relationship with dyadic 

performance in real-time.  

Together, our findings demonstrate that two heads are not always better than one. The 

two-heads advantage depends on task conditions, performance goals, and the nature of 

communication between dyad members. The use of asymmetrical and distributed dyads in 

dynamic task environments should therefore be carefully considered. 
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Chapter 3: Study 2 

A Recipe for Dyadic Collective Intelligence for Well-Structured Tasks: Mix Equal Parts 

Cognitive Ability and Confidence Plus a Pinch of Social Sensitivity 

The original manuscript for the study described in this chapter has been published in 

the journal Cognitive Research: Principles and Implications: Blanchard, M. D., Aidman, E., 

Stankov, L., & Kleitman, S. (2024). A Recipe for Dyadic Collective Intelligence for Well-

Structured Tasks: Mix Equal Parts Cognitive Ability and Confidence Plus a Pinch of Social 

Sensitivity. Cognitive Research: Principles and Implications, 10, 63. 

https://doi.org/10.1186/s41235-025-00655-0. 

3.1 Introduction 

Collective decision making is a complex process influenced by human interaction, 

cognitive ability, and metacognitive confidence (e.g., Bahrami et al., 2010; Hill, 1982; Hinsz, 

1990; Zarnoth & Sniezek, 1997). Woolley et al. (2010) introduced the concept of collective 

intelligence as a group’s ability to perform across a wide variety of tasks, emphasizing 

nuanced factors like one’s ability to perceive others’ emotions and interaction processes, 

rather than cognitive ability. This seminal work provided a new perspective for understanding 

why some groups thrive when making collective decisions and others do not. However, 

subsequent research (e.g., Graf-Drasch et al., 2022; Rowe et al., 2021) suggests Woolley et 

al.’s findings may be task dependent and limited in generalisability, particularly for well-

structured tasks which have a single, objective solution.  

To address these limitations, our study re-examined collective intelligence by 

focusing on dyads and employing well-structured tasks guided by the Cattell-Horn-Carroll 

(CHC) model of intelligence. This approach allowed for a more precise assessment of the 

relationship between individual intelligence and dyadic collective intelligence. Additionally, 

we explored the role of metacognitive confidence, given its central influence on group 

https://doi.org/10.1186/s41235-025-00655-0
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decision-making outcomes (e.g., Bahrami et al., 2010; Kerr & Tindale, 2004; Koriat, 2015), 

and how it may uniquely contribute to collective intelligence. 

Our primary aim was to clarify the relationship between individual intelligence and 

collective intelligence for dyads on well-structured tasks. We hypothesized that individual 

intelligence would strongly predict dyadic collective intelligence, challenging previous 

findings that social factors are more critical than intelligence. Furthermore, we investigated 

the relationship between metacognitive confidence and collective intelligence to understand 

how individuals’ confidence levels impact collective performance. Finally, we applied Latent 

Profile Analysis (LPA) as a novel, person-centred approach to identify distinct psychological 

profiles of dyads based on their individual and dyadic scores on intelligence, metacognitive 

confidence, and bias (the accuracy of confidence). This methodology allowed us to 

differentiate dyads by their performance patterns, revealing common changes in outcomes 

from individual to dyadic performance and offering insights into optimizing group 

compositions for enhanced collective intelligence. 

3.1.1 Collective Intelligence 

Collective intelligence broadly refers to the common finding that groups tend to 

perform better than individuals (e.g., Blanchard et al., 2023, Blanchard et al., 2024; Gordon, 

1924; Hill, 1982; Kameda et al., 2022; Kerr & Tindale, 2004; Kurvers et al., 2016; Williams 

& Sternberg, 1988). Various conceptualizations of collective intelligence exist, including 

consensus-seeking groups and the wisdom-of-crowds. The present study focused on Woolley 

et al.’s (2010) definition of collective intelligence for consensus seeking groups as “the 

general ability of the group to perform a wide variety of tasks” (p. 687), rooted in the idea 

that collective intelligence parallels individual intelligence but at the group level. 
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Woolley et al. (2010) modelled collective intelligence on Spearman’s theory of 

general intelligence for individuals (Spearman, 1904), using a battery of tasks selected based 

on the McGrath Group Task Circumplex (McGrath, 1984). This is a taxonomy categorizing 

tasks by the coordination processes required for completion. Woolley and colleagues selected 

at least one task from each category (generation, decision-making, negotiation, and 

execution) to provide a broad assessment of group ability. In the first study, their tasks 

included brainstorming possible uses for a brick, RAPM, moral reasoning, negotiating plans 

for a shopping trip, and typing a difficult text under time constraints. A factor analysis across 

these tasks yielded a first-order collective intelligence factor (‘c’), analogous to Spearman’s 

‘g’ for individual general intelligence, suggesting that collective intelligence could predict 

group performance across varied contexts. 

3.1.1.1 Original Research Findings.  

In two studies involving 192 groups of three to five members, Woolley et al. (2010) 

found that collective intelligence accounted for approximately 43-44% of the variance in 

group performance across tasks. Collective intelligence also predicted performance on a 

criterion task (study 1: computerised checkers, r = .52; study 2: architectural design, r = .28). 

Their results linked higher collective intelligence scores with greater social sensitivity, 

equality of turn-taking (i.e., lower variance in speaking turns), and a higher proportion of 

female group members, although this last finding was fully mediated by social sensitivity. 

These findings have been replicated several times by Woolley and colleagues (Aggarwal et 

al., 2019; Engel et al., 2014, 2015; Kim et al., 2017; Riedl et al., 2021), suggesting that 

collective intelligence is distinct from individual intelligence, with a weak correlation 

between average individual intelligence and collective intelligence (r = .15). 

These studies make two major claims. First, social factors, such as accurately 

perceiving others’ emotions (social sensitivity) and sharing conversational turns equally, are 
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more important for group performance than individual intelligence. However, the finding for 

social sensitivity requires clarification, as the instrument used for its measurement, Reading 

the Mind in the Eyes test, has limitations. Research suggests it often produces a ceiling effect 

in neurotypical populations so it may not be effective at assessing individual differences 

(Black, 2017), often has low internal consistency (e.g.,  Harkness et al., 2010; Ragsdale & 

Foley, 2011), and is a mixed measure of emotion perception, vocabulary knowledge, 

cognitive empathy, and affective empathy (Kittel et al., 2021; Olderbak et al., 2015). This 

finding requires replication with a different tool that assesses emotion perception. The second 

major claim is that groups possess general abilities and characteristics that allow them to 

perform well across a wide range of contexts. This challenges the long-held belief that groups 

require specialised abilities and skillsets (e.g., expertise) to perform effectively in specific 

contexts (Cohen & Bailey, 1997; Hollingshead & Poole, 2012; Steiner, 1972). 

Woolley et al.’s studies present collective intelligence as a robust construct, 

independent of individual intelligence, that predicts group performance across various 

contexts. However, the claim that collective intelligence “has been well established in the 

literature” (Askay et al., 2019, p. 492) is contradicted by mixed results from independent 

research. 

3.1.1.2 Independent Research and Meta-Analytic Findings 

Credé and Howardson (2016) reanalysed the data from 6 studies, finding that 

collective intelligence accounted for limited variance in group performance, and the 

collective intelligence tasks had low internal consistency. Barlow and Dennis (2016) failed to 

replicate a dominant collective intelligence factor for virtual, text-based groups, and social 

sensitivity showed inconsistent relationships with performance on each of the group tasks. 

Bates and Gupta (2017) observed that individual intelligence explained much of collective 

intelligence’s variance, while Woolley’s key predictors (social sensitivity, equality of turn 
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taking, and proportion of women) showed no significant relationship with collective 

intelligence. Guided by Horn and Cattell’s (1966) Gf-Gc theory of individual intelligence, 

Rowe et al. (2024) used group tasks designed to assess individual intelligence and found that 

two factors, rather than one, best accounted for variance in collective intelligence. Neither 

social sensitivity nor equality of turn taking was related to the collective intelligence factors. 

A meta-analysis by Graf et al. (2019) proposed a 3-factor structure for collective 

intelligence (idea generation, conflict resolution, and task execution) which challenged 

Woolley’s one-factor model and aligns with broader group research. For example, LePine et 

al. (2008), in a meta-analysis of 138 studies, found a second-order model with three broad 

processes (transition, action, and interpersonal) and a higher-order Teamwork Process factor 

that was correlated with group performance. In a review, Hackman and Morris (1975) also 

showed that group interaction processes strongly related to group performance. These 

findings suggest that Woolley’s collective intelligence captures teamwork processes and 

dynamics rather than a cognitive construct analogous to individual intelligence. 

Rowe et al. (2021) provided additional insights into collective intelligence’s 

limitations in a meta-analysis, finding a weak correlation with average individual intelligence 

(r = -.05 to .34). Tasks such as moral decision making, negotiating a shopping trip, and 

collaboratively typing are not typical intelligence measures, potentially limiting collective 

intelligence’s relevance as a cognitive construct. These inconsistencies raise questions about 

collective intelligence’s robustness and its dependence on the types of tasks chosen.  

Laughlin (2011) distinguished between intellective and judgmental tasks, illustrating 

how task structure influences group decision-making. Building on Laughlin’s work, Graf-

Drasch et al. (2022) categorised tasks used in prior collective intelligence research as either 

well-structured or ill-structured and examined collective intelligence for each type. Woolley’s 

collective intelligence emerged only for well-structured tasks, which have a clear strategy 
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leading to a single correct solution, unlike ill-structured tasks that are ambiguous, allow 

multiple solutions, and emphasise group interaction.  

These findings imply that Woolley’s collective intelligence may only apply to well-

structured tasks, and its relationship with individual intelligence remains unclear. They also 

raise two critical questions: Could individual intelligence predict dyadic collective 

intelligence when measured using well-structured tasks? Prior research suggests this is likely, 

given that individual intelligence tend to relate to group performance on well-structured tasks 

(Bruine de Bruin, 2007, 2012, 2019; Del Missier et al., 2012). Furthermore, extensive 

research demonstrates the central role of individual intelligence in group performance 

(Barrick et al., 1998; Bell, 2007; Devine & Philips, 2001; Imbimbo et al., 2021; LePine, 

2003, 2005; LePine et al., 1997; Stewart, 2006).  

Second, are Woolley’s key predictors (social sensitivity, equality of turn taking, and 

the proportion of females) related to dyadic collective intelligence for well-structured tasks? 

Inferring others’ emotions is crucial for effective social interactions (Lopes et al., 2003), and 

equality of turn taking is associated with higher decision quality (Janis & Mann, 1977; 

Vroom & Yetton, 1973). Gender differences in communication styles, with females tending to 

be more supportive and males more dominant (Anderson & Leaper, 1998; Carli, 2001; Carli 

& Bukatko, 2000; Fishman, 1978; Leet-Pellegrini, 1980), may be more pronounced for larger 

groups (3-5 members) and during ill-structured tasks where more communication is generally 

required. Thus, for dyads, the cognitive requirements of well-structured tasks may drive 

gender differences. For example, there may be a small male advantage for tasks that primarily 

require fluid reasoning (e.g., Halpern et al., 2007), and there may be a small female 

advantage for tasks that primarily require verbal abilities (e.g., Reilly et al., 2019).  
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3.1.1.3 Methodological Considerations 

Replicating collective intelligence with varied methods is crucial for assessing its 

robustness (Botvinik-Nezer et al., 2020). Woolley’s reliance on theoretical taxonomies, like 

the McGrath’s Group Task Circumplex, often lacks empirical support, leading to overlapping 

task categories that can blur construct clarity (Devine, 2002). These taxonomies often fail to 

distinguish between the characteristics that drive group effectiveness for different types of 

dyads (e.g., dyads engaged in building a house versus those engaged in conducting scientific 

research; Cohen & Bailey, 1997). Theoretical taxonomies typically sample items based on 

their subjective correspondence with perceived group characteristics (e.g., generate, choose, 

negotiate, and execute). This approach is guided by theory but lacks empirical validation. 

Bell’s (2007) meta-analysis found that group task taxonomies had no moderating effect on 

the relationship between individual intelligence and group performance. Most studies of 

Woolley et al.’s (2010) collective intelligence used the McGrath Group Task Circumplex to 

guide the selection of group tasks. This suggests their selection of items may not adequately 

cover the hypothesized construct to capture the latent properties of the cognitive processes 

that drive group performance. 

In contrast, the Cattell-Horn-Carroll (CHC) model of intelligence offers an 

empirically validated framework for understanding the cognitive processes involved with 

individual performance on a wide variety of tasks (e.g., Carroll, 1993; Horn & Cattell, 1966; 

McGrew, 2009). The CHC model synthesises over a century of research and encompasses 16 

broad abilities, such as Fluid Reasoning (i.e., abstract reasoning that has little dependence on 

acquired knowledge), Crystallised intelligence (i.e., acquired knowledge that is culturally 

relevant), and Quantitative Knowledge (i.e., acquired knowledge about mathematics). Each 

of these abilities is supported by extensive psychometric evidence and has been linked to 

performance on a wide range of tasks. 
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By using the CHC model to guide the selection of well-structured tasks we can 

reliably assess the relationship between individual intelligence and dyadic collective 

intelligence. This approach allowed us to examine the cognitive abilities that are most 

relevant to collective intelligence. For example, Fluid Reasoning may help us understand 

how dyads solve novel problems, while Crystallised Intelligence can shed light on how 

shared knowledge and unique knowledge contributes to group decisions. 

However, it’s important to note that the CHC model is designed to explain cognitive 

abilities at the individual level and does not account for the interaction processes that emerge 

when people work together in groups. Interaction processes (e.g., communication patterns, 

coordination, and conflict resolution) play a critical role in group performance (Hackman & 

Morris, 1975; Mesmer-Magnus & DeChurch, 2009). These processes can lead to synergistic 

effects where the group’s performance exceeds the sum of its parts (e.g., high collective 

intelligence), or conversely, to process losses where group performance is harmed (Steiner, 

1972). 

While the CHC model provides a strong foundation for assessing the cognitive 

components of dyadic performance, it was not designed to capture these dynamic social 

interactions. Incorporating measures of interaction processes could enhance our 

understanding of collective intelligence by revealing how cognitive abilities, interaction 

processes, and social dynamics jointly contribute to group outcomes. However, integrating 

these factors requires a more complex research design and is beyond the scope of the present 

study. Our focus is on isolating the impact of individual intelligence on dyadic collective 

intelligence using well-structured tasks guided by the CHC model.  

The hierarchical structure of the CHC model, which includes both broad and narrow 

cognitive abilities, provides a nuanced framework for analysing the interplay between 
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individual intelligence and collective intelligence. This approach addresses previous 

methodological limitations by grounding our task selection in a validated theoretical model. 

3.1.1.4 The Current Research 

Addressing previous limitations in collective intelligence research, the primary aim of 

our study was to examine two critical questions: First, does individual intelligence predict 

dyadic collective intelligence when measured using well-structured tasks? We used parallel 

forms of a Fluid Reasoning test to assess both individual intelligence and collective 

intelligence, along with additional measures of Crystallized Intelligence and Quantitative 

Knowledge to measure collective intelligence. This approach allowed for a more precise 

investigation of the relationship between intelligence at the individual and collective levels. 

Prior research outside the collective intelligence paradigm indicates a moderate correlation 

between individual cognitive ability and group performance for these tasks (Del Missier et 

al., 2012; Bruine de Bruin, 2019).  

H1: We hypothesised that individual intelligence would strongly predict dyadic 

collective intelligence for well-structured tasks, after accounting for the other key 

variables.  

Second, do social sensitivity, equality of turn-taking, and proportion of females, 

identified by Woolley et al. (2010), predict dyadic collective intelligence for well-structured 

tasks? We measured collective intelligence using tasks that capture Fluid Reasoning, 

Crystallised Intelligence, and Quantitative Knowledge. Two of these tend to show small male 

performance advantages; thus, collective intelligence may be greater for male than female 

dyads.  

H2a: We hypothesised that the proportion of females would negatively predict 

collective intelligence, after accounting for the other key variables. 
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This conflicts with Woolley et al.’s finding that social sensitivity fully mediated the 

positive relationship between proportion of females and collective intelligence. We expected 

that the cognitive abilities required for well-structured task success would have a stronger 

influence on the relationship between gender composition and dyadic collective intelligence 

than an indirect effect through social sensitivity.  

While social sensitivity and equality of turn-taking are associated with high-quality 

decision-making (Janis & Mann, 1977; Vroom & Yetton, 1973), independent collective 

intelligence researchers have failed to replicate Woolley and colleagues’ original results 

(Barlow & Dennis, 2016; Bates & Gupta, 2017; Rowe et al., 2024). Therefore, we did not 

expect these predictors to be significant after accounting for the other variables in the model. 

H2b: We hypothesised that social sensitivity and equality of turn-taking would not 

predict collective intelligence, after accounting for the other key variables. 

3.1.2 Confidence and Group Decision-Making 

Research shows that confidence significantly influences both the processes and 

outcomes of group decisions. Sniezek and Henry (1989) found that groups tend to be more 

accurate and confident than individuals. Similarly, Kerr and Tindale (2004) observed that 

individuals with higher confidence often dominate discussions, exerting greater influence on 

the group’s final decision compared to less confident members. Bahrami et al. (2010) 

demonstrated that the “two heads are better than one” effect occurred when group members 

shared their confidence accurately. Blanchard et al. (2020) extended this by showing that 

overconfident dyads increased in decision-making errors more than underconfident or well-

calibrated dyads, highlighting the role of metacognitive bias in group decision-making. Bias, 

or the degree of over- or under-confidence in one’s judgments, reflects one’s ability to 

accurately monitor their own performance. These findings demonstrate that confidence is a 

critical factor in group interactions and decision-making outcomes, suggesting its potential 
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relevance to collective intelligence. This relationship remains underexplored in prior 

research. 

Confidence is sometimes overlooked due to its close relationship with accuracy. 

However, confidence reflects distinct psychological processes. Koriat (2024) found that 

confidence monitored the likelihood of response replicability rather than accuracy. High 

confidence indicated that an individual would likely choose the same response if faced with 

the same question again, even if it was incorrect. This has implications for groups: high-

confidence groups are likely to show consistency over time with similar tasks, whereas low-

confidence groups may behave inconsistently. It is our belief that measuring both accuracy 

and confidence is essential for comprehensive group research. 

In the present study, we extended previous findings by exploring the distinct roles of 

individual confidence and intelligence in predicting collective intelligence. Our second aim 

was to examine the relationship between individual confidence and dyadic collective 

intelligence.  

H3: We hypothesised that individual confidence would positively predict collective 

intelligence, after accounting for other key variables.  

Based on Koriat’s (2024) work, our third aim was to compare the predictors of 

collective confidence with those of collective intelligence to demonstrate that it captures 

unique information about dyads beyond collective intelligence alone. We expected that the 

relationships between collective confidence and the predictors would differ from those 

between collective intelligence and the same predictors. 
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H4: We hypothesised that collective confidence would have a distinct pattern of 

relationships with individual intelligence, individual confidence, and the other key 

variables, compared to collective intelligence. 

3.1.3 Profiling Dyadic Performance 

The literature has predominantly used a variable-centred approach, focusing on 

average relationships between variables across the entire sample, to investigate collective 

intelligence. This provides valuable insights into general trends and correlations; however, it 

may overlook important differences between distinct types of groups. For example, Woolley 

at al. (2010) used an analytic approach that assumed the same relationships between variables 

applied equally to all groups, potentially hiding meaningful heterogeneity about how 

individual and group characteristics interact to influence collective intelligence. 

To address this limitation and extend previous research, we adopted a person-centred 

approach by using LPA to identify clusters of dyads with similar psychological profiles 

across intelligence, confidence, and bias, measured at both the individual and collective 

levels. LPA allowed us to identify subgroups within the sample that shared unique behaviour 

patterns across these variables. This approach provides a more nuanced understanding of the 

different types of dyads. For example, LPA can reveal profiles of dyads that outperform their 

individual members (two heads are better than one effect) or dyads that collectively 

underperform compared to their members working alone (two heads are worse than one 

effect). By including both individual and dyadic variables in the LPA model, we can capture 

shifts between individual and collective responses, thus addressing the heterogeneity of dyads 

providing valuable insights into possible distinct subgroups.  

This method is a strategic departure that extends the approach of Woolley et al. (2010) 

because it simultaneously accounts for individual differences and group dynamics. It 

contributes to the theoretical framework of collective intelligence by providing a more 
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detailed “recipe” of the ingredients that are associated with different types of dyadic 

performance. This information is essential for the formation of effective dyads and for 

developing interventions that enhance outcomes.  

Our fourth aim was to identify psychological profiles of dyads using clustering based 

on intelligence, confidence, and bias. Given the exploratory nature of this analysis, we could 

not predict the exact number or nature of profiles that LPA would extract. However, we 

anticipated the emergence of multiple profiles, including at least one showing a two heads are 

better than one effect. Other possible profiles might reflect two heads are the same as one 

effects (e.g., high or low intelligence at both levels) and a two heads are worse than one 

effect. Furthermore, additional profiles could be shaped by variations in confidence and bias. 

Our fifth aim was to examine differences between these distinct dyadic profiles on the 

key variables identified by Woolley and colleagues, as well as the individual difference 

variables described in the following section. This aim allowed us to explore how distinct 

dyadic profiles related to individual differences, potentially informing the selection of dyad 

members to improve dyadic performance or to prevent ineffective pairings. 

3.1.4 Individual Differences 

Working in a group is a complex task, and individual differences can influence group 

processes and outcomes. Key constructs include working memory, essential for holding 

information in mind for mental tasks (Baddeley, 1992) and Big Five personality, as meta-

analyses show that Agreeableness, Conscientiousness, and Openness to Experience positively 

correlate with group performance (Bell & Kozlowski, 2002; Peeters et al., 2006). In this 

study, we examined the relationships between the LPA profiles and these individual 

difference variables. 
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3.1.5 The Present Study 

To investigate our hypotheses (presented in Table 3.1) and two exploratory aims, we 

employed well-structured tasks aligned with the CHC model. Individual intelligence and 

confidence were assessed using a Fluid Reasoning task, while collective intelligence and 

collective confidence were assessed using three tasks capturing Fluid Reasoning, Crystallised 

Intelligence, and Quantitative Knowledge. Following Woolley et al., (2010), we conducted a 

confirmatory factor analysis (CFA) to extract a single collective intelligence factor and a 

single collective confidence factor. We then fit two hierarchical regression models with the 

collective intelligence factor as an outcome variable in model 1 and the collective confidence 

factor as an outcome in model 2 and the following predictors: social sensitivity, equality of 

turn taking, number of females, individual intelligence, individual confidence, and the 

individual differences variables. 

Given that individuals are nested within dyads, a multilevel model is typically 

recommended to account for interdependence within dyads (Gonzalez & Griffin, 2023; 

Kenny et al., 2006). Multilevel modelling requires variance at both the within-dyad and 

between-dyad levels for the outcome and predictors. In our study, however, collective 

intelligence was measured at the dyadic level through consensus-based responses, meaning 

there was no within-dyad variance in collective intelligence. Kenny & Kashy (2014; p. 591) 

note, “if only a single outcome is obtained for each group, then group is treated as the unit of 

analysis, and special analytic methods are not required.” Therefore, in our case, the dyad is 

treated as the unit of analysis, and nesting individuals within dyads in a multilevel model not 

appropriate.  

We did not expect social sensitivity to have a significant positive relationship with 

collective intelligence. However, if Woolley et al.’s (2010) finding was replicated, we would 

conduct a mediation analysis to investigate the direct and indirect relationship between the 
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proportion of females and collective intelligence, with social sensitivity as a mediator. We 

expected to find a negative direct relationship between the proportion of females and 

collective intelligence, contrasting with Woolley and colleagues, who reported that social 

sensitivity fully mediated a positive relationship.  

We then fit an LPA model to identify clusters of dyads with similar psychological 

profiles across intelligence, confidence, and bias, measured at both the individual and 

collective levels. Finally, we conducted a series of between-subjects ANOVAs to test for 

differences between the identified profiles on Woolley et al.’s (2010) key variables (social 

sensitivity, equality of turn taking, and proportion of females) and the individual differences 

measures. 

Table 3.1. The Hypotheses for Study 2 

Number Hypothesis 
H1 We hypothesised that individual intelligence would strongly predict dyadic collective 

intelligence for well-structured tasks, after accounting for other key variables. 
H2a We hypothesised that the proportion of females would negatively predict collective 

intelligence, after accounting for the other key variables. 
H2b We hypothesised that social sensitivity and equality of turn-taking would not predict 

collective intelligence, after accounting for the other key variables. 
H3 We hypothesised that individual confidence would positively predict collective 

intelligence, after accounting for other key variables.  
H4 We hypothesised that collective confidence would have a distinct pattern of relationships 

with individual intelligence, individual confidence, and the other key variables, 
compared to collective intelligence. 

3.2 Method 

3.2.1 Participants 

In return for partial course credit, 244 Australian undergraduate psychology students 

completed the study (158 females, 86 males, mean age = 20.82, SD = 4.12). Thirty-four 

participants were excluded from analyses who did not complete the protocol due to Qualtrics 

platform or computer crashes, timing constraints, or non-genuine attempts. Non-genuine 

attempts were identified through lab observations (where dyads did not engage as instructed), 
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rapid response times suggesting random guessing, and self-reports from participants 

acknowledging non-genuine participation. 

The final sample included 210 participants (133 females, 77 males, mean age = 20.79, 

SD = 4.33) who completed the study as 105 two-person groups. These dyads were formed as 

minimal groups. That is, participants were randomly allocated to dyads, and the majority 

(89%) did not know each other prior to participation in the study. However, 12 dyads 

indicated they had met before participation, with half meeting within the last 6 months. Given 

the small number of dyads that knew each other prior to the study and a non-significant 

correlation with collective intelligence (r = -.14, p = .15), we did not include familiarity in 

our analyses. 

3.2.2 Measures 

3.2.2.1 Collective Intelligence Tasks 

For each of the following tasks except RAPM, items were presented in a fixed order, 

and participants answered each question twice: first individually, then together with their 

teammate. This approach was employed so individual and collective decisions could be 

compared, enabling us to examine the two heads are better than one effect for each task. This 

repeated-measures approach is well-established in dyadic decision-making research (e.g., 

Bahrami et al., 2010; Blanchard et al., 2020; Koriat, 2015). 

Applying Decision Rules (ADR; Bruine de Bruin et al., 2007). This test included 10 

items that each presented 5 DVD players, their prices, and ratings (very low to very high) on 

4 attributes (i.e., picture quality, sound quality, programming options, and reliability of 

brand). Participants were provided with a fictive customer’s preferences on price and/or the 4 

attributes and were required to select the DVD player that best matched their preferences. For 

example, participants were asked, “LaToya only wants a DVD player that has got a ‘Very 
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High’ rating on Reliability of Brand. Which one of the presented DVD players would LaToya 

prefer?” There was always one correct answer. Accuracy on this test is a mixed measure of 

Fluid Reasoning and Crystallised intelligence and possesses good internal consistency (.73). 

After each item, participants provided a confidence rating ranging from 20% (guessing) to 

100% (completely certain).  

Cognitive Reflection Test (CRT; Frederick, 2005; Toplak et al., 2014). This test 

included 7 items composed of numerical problems that elicited biased judgments because 

people tend to rely on a heuristic instead of conducting a simple mental calculation. For 

example, participants were asked, “Together a bat and a ball cost $1.10. The bat costs $1 

more than the ball. How much does the ball cost?” Responses were free text. Accuracy on 

this test is a measure of Quantitative Knowledge (Otero et al., 2022) which is a broad 

cognitive ability and has demonstrated good reliability (.72). After each item, participants 

provided a confidence rating ranging from 0% (guessing) to 100% (completely certain). 

Geography test (Kleitman & Stankov, 2001). This test included 11 items that assessed 

participants’ knowledge of Australian geography. Each item presented a question with two 

response options, and participants were required to select the correct one. For example, 

participants were asked, “Which of the following states has a larger population: New South 

Wales or Victoria?” Accuracy on this test is a measure of Crystallised Intelligence. After each 

item, participants provided a confidence rating ranging from 50% (guessing) to 100% 

(completely certain) and made a bet decision (Yes or No). The 11 items were selected from 

the 140 items used in the original study. 

Ravens Advanced Progressive Matrices (RAPM; Raven, 1938-65). This test included 

36 items. Each item displayed a 3x3 matrix of abstract figures that presented a horizontal and 

vertical pattern. The bottom right figure was blank, and participants were required to choose 

which of eight options completed the pattern. Accuracy on this test is a measure of Fluid 
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Reasoning. Internal consistency on this test has been shown to be excellent for accuracy (.80-

81) and confidence (.90-.92; Blanchard et al., 2020; Blanchard et al., 2023). After each item, 

participants were asked to provide a confidence rating ranging from 12.5% (guessing) to 

100% (completely certain) for the correctness of their response. The items from this test were 

split evenly to make 2 versions: individuals completed the 18 odd items, and dyads 

completed the 18 even items. This is known to produce equivalent short versions of RAPM. 

3.2.2.2 Other Measures 

Each of the following measures was completed by individual participants. 

Composite Emotions Task (Wilhelm et al., 2014). This 36-item test assessed social 

sensitivity or one’s ability to accurately perceive emotions. Each item presented a composite 

image composed of two photos of the same face expressing different emotions (e.g., the top 

half of the face displayed anger, and the bottom half of the face displayed happiness). Each 

composite image presents two of six emotions: sadness, disgust, fear, happiness, anger, or 

surprise. Participants were directed to identify the emotion shown on either the top or bottom 

half of the face and responded by selecting which of the six emotions were displayed in the 

target half of the face. Accuracy on this test has been shown to possess excellent reliability 

(.81). 

Medical Decision Making Test (MDMT; Jackson & Kleitman, 2014; Jackson et al., 

2016a, 2016b; Jackson et al., 2017). In this test, participants were told they were specialists 

in the Alpha virus, which can occur in multiple forms (regular or one of three mutations). 

They were given 3-minutes to memorise the pattern of associations between 9 symptoms and 

each form of the virus. For each of the 16-items, a fictive patient was presented with two 

symptoms. Participants diagnosed them as having the regular or one of the mutated forms of 

the virus. After each item, participants provided a confidence rating ranging from 25% 
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(guessing) to 100% (completely certain) and decided whether to treat the patient immediately 

or request a blood test to provide further diagnostic information. Patients survived if treated 

following a correct diagnosis but died if treated following an incorrect diagnosis. Blood tests 

resulted in a correct diagnosis and treatment, but only 50% of untreated patients survived 

while waiting for blood test results. The goal was to save as many lives as possible. Accuracy 

on this test is a measure of short-term memory and fluid reasoning and has demonstrated 

good reliability (.89-.92). In the current study, this test was used to compute Bias scores: 

positive scores indicated overconfidence, negative scores indicated under confidence, and 

scores approaching zero (±10 percentage units) indicated unbiased confidence ratings (Keren, 

1991; Stankov et al., 2014; Yates, 1990). 

Running Letter Span (Broadway & Engle, 2010; Kane et al., 2004; Pollack et al., 

1959). For each trial, participants were instructed to recall the last n letters after seeing a 

sequence of individually appearing letters which flashed on their screen. They were not told 

how many letters would be shown in total and had to recall letters in the order they appeared. 

For example, they were instructed to remember the last 2 letters, and the sequence “X Y T R 

S” appeared. The correct answer was “R S”. The number of letters to be recalled (n) ranged 

from three to seven, and sequences ranged from five to nine letters. The task contained five 

practice trials with feedback and 15 test trials without feedback. Accuracy on this test is a 

measure of Working Memory. Internal consistency estimates are excellent for accuracy on 

this test (.85).  

Mini-IPIP (Donnellan et al., 2006). This questionnaire presented participants with 20 

statements and asked them to rate the degree to which they were an accurate description of 

them using a five-point rating scale. For example, participants rated “Am the life of the party” 

from being a very inaccurate (1) to very accurate (5) description of them. This scale 

measures the Big-Five personality factors and has been shown to possess acceptable internal 
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consistency for Agreeableness (.70), Conscientiousness (.69), Extraversion (.77), Intellect 

(.65), and Neuroticism (.68).  

3.2.3 Communication Measures 

We recorded the conversations between group members while they completed the 

group tasks. Using these recordings, we computed the number of talking turns (frequency) to 

calculate equality of turn taking. Equality of turn taking, as defined by Woolley et al. (2010), 

refers to the standard deviation computed on the total number of talking turns for the 

members of a group. In the current study, zero indicated equality as both group members had 

the same number of talking turns, and higher values indicated greater inequality. To aid 

interpretation, we labelled this variable inequality of turn taking. This variable was computed 

separately for each test in the collective intelligence battery and overall. 

3.2.4 Procedure 

All participants were randomly assigned to dyads when they arrived at the university 

computer lab. Up to four participants (two dyads) completed the two-hour study at a testing 

session. Group members were seated at computers next to each other. Computer screens were 

arranged so that group members could see each other but not each other’s screens. The order 

of tasks was counterbalanced to reduce the impact of practice or fatigue effects, and to 

prevent dyads completing the study at the same time from overhearing answers to the same 

task. After providing consent, all participants completed a demographic questionnaire, the 

cognitive tests, and Mini-IPIP. The same items were completed by individuals and dyads on 

the CRT and ADR tests. For these tests, participants answered a question alone then again 

with their teammate before moving onto the next question. When answering individually, the 

same item appeared on each group member’s screen. Participants indicated a response using 

their keyboard. Participants then typed how confident they were that their answer was 
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correct. Participants were instructed to wait for their partner before proceeding to the group 

stage. When both group members were ready, they pressed the spacebar on their keyboards. 

The same item appeared on each member’s screen accompanied by instructions to “Discuss 

your answer with your partner. Try to persuade them if necessary. Come to an agreement and 

give the same answer.” After submitting the same answer, participants indicated how 

confident they were that their group answer was correct. They were instructed to answer this 

alone, without discussing their level of confidence with their partner. After submitting a 

confidence rating, the next question began. For RAPM and MDMT, participants completed 

matched versions of the tests as individuals and dyads. The two versions were completed as 

described above with an important difference: individual and group items were completed in 

separate blocks. The protocol was approved by the University of Sydney Human Research 

Ethics Committee (Project Number 2017/729). 

3.3 Results 

3.3.1 Descriptive statistics 

3.3.1.1 Accuracy and Confidence 

All analyses, except internal consistency estimates, were based on dyads as the unit of 

analysis. Thus, “individual” results refer to the average of the two group members working 

alone. This approach aligns with previous research on dyadic decision making (Bahrami et 

al., 2010; Bang et al., 2014; Blanchard et al., 2020; Koriat, 2015; Schuldt et al., 2017). The 

descriptive statistics and internal consistency estimates for the five measures of accuracy and 

confidence, for both individuals and dyads, are presented in Table 3.2. Omega total 

(McDonald, 1999) was used to measure internal consistency since we assumed 

unidimensionality but not tau-equivalence for each of the variables. The t-tests examined 

differences between individuals and dyads across each variable for each test. 
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Table 3.2. Descriptive Statistics and Internal Consistency Estimates for Measures of 
Accuracy and Confidence (N=105) 

 Individuals Dyads  
 ωt Mean SD ωt Mean SD t-value 
Accuracy        
ADR .71 58.33 18.78 .73 74.15 20.93 -16.00*** 
CRT .75 47.65 23.41 .78 70.25 29.43 -16.43*** 
MDMT .82 55.03 19.54 .80 86.43 16.84 -17.15*** 
RAPM .83 68.88 15.68 .65 79.51 12.84 -10.96*** 
GT .43 71.01 11.63 .42 75.00 13.48 -4.30*** 
Confidence        
ADR .91 83.68 13.45 .92 88.61 11.66 -10.17*** 
CRT .80 74.03 15.04 .81 83.69 13.83 -11.52*** 
MDMT .97 63.83 18.38 .97 87.14 13.36 -15.52*** 
RAPM .92 71.34 13.55 .92 76.77 13.32 -6.33*** 
GT .93 72.72 9.76 .87 76.77 10.74 -9.34*** 

Note: ωt = Internal consistency measured using Omega total; ADR = Applying Decision 
Rules; CRT = Cognitive Reflection test; MDMT = Medical Decision Making test; RAPM = 
Raven’s Advanced Progressive Matrices; GT = Geography Test. 
*** p < .001 

The means and standard deviations for individual accuracy and confidence were 

comparable with other studies that used the same measures with undergraduate populations 

(Blanchard et al., 2020; Jackson et al., 2016a, 2016b; Jackson et al., 2017; Law et al., 2022). 

We also examined differences between individuals and dyads on accuracy and confidence. 

For each test, accuracy and confidence were higher for dyads than individuals. This is 

consistent with previous research, which found that groups tend to be more accurate (e.g., 

Bahrami et al., 2010; Henry, 1993; Hill, 1982; Tindale, 1989; Zarnoth & Sniezek, 1997) and 

confident (e.g., Blanchard et al., 2020; Koriat, 2015; Sniezek & Henry, 1989; Zarnoth & 

Sniezek, 1997) than individuals across a range of cognitive and decision-making tasks. 

For accuracy, internal consistency ranged from acceptable (.65) to excellent (.83) for 

individuals and dyads across all tests except the geography test which demonstrated poor 

internal consistency for individual (.43) and dyadic responses (.42). For confidence, internal 

consistency was excellent ranging from .80 to .97. 
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When we included the geography test in the CFA model, the loading (.21) and 

communality (.04) values were poor suggesting that accuracy on the geography test shared 

minimal variance with the underlying collective intelligence factor and did not fit well into 

the model. Thus, the geography test was removed from all subsequent analyses. Refer to 

Table B7, B8, and B9 in Appendix B for detailed results of this analysis. 

3.3.1.2 Individual Difference and Communication Measures  

To maintain focus on the intelligence and confidence variables, descriptive statistics 

and internal consistency measures are presented in Tables B1 and B2 in Appendix B. 

3.3.2 Extracting Collective Intelligence and Confidence factors 

Using the same approach employed by Woolley et al. (2010), metrics of collective 

intelligence and collective confidence were estimated using CFA to extract latent factors from 

measures of accuracy and confidence recorded across the three collective intelligence tasks. 

We conducted CFA using the Maximum Likelihood method via the lavaan package (Rosseel, 

2012) in R. We fitted and compared two first-order models that examined the factor structure 

of collective accuracy and confidence scores across the three tests for dyads. We tested 

hypothesized models with one first order factor and two first-order factors (see Figure 3.1). 

Each model was first tested without modification; thus, only hypothesized variables were 

allowed to define the respective factor, and correlations between latent constructs were freely 

estimated. Next, we tested modified versions of the same model to compare the fit indices. 

For these modified models, only the hypothesized variables were allowed to define the 

respective factor, but the error terms of accuracy and confidence derived from the same test 

were allowed to correlate because they were not independent and were derived from the same 

measure. See Figure 3.1 for diagrams of the unmodified one- and two-factor models that 
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were tested. Descriptions of the models, and a summary of fit indices, are presented in Table 

3.3. 

Figure 3.1. Hypothesized One First-Order Factor Model (A) and Two First-Order Factors 
Model (B) Without Modification. Solid Lines Represent Positive Loadings/Correlations 

 

A modified two-factor model had the best fit for collective accuracy and confidence 

(model 3d). In this model, the error terms of accuracy and confidence were correlated within 

the same test for RAPM and CRT. The Pearson correlation between accuracy and confidence 

was .46 (p < .001) for ADR, .66 (p < .001) for CRT, and .68 (p < .001) for RAPM. When the 

error terms were correlated across all 3 tests, the model was overfitted with Tucker-Lewis 

Index exceeding 1, so we decided to omit the variables from the test with the smallest 

correlation (i.e., ADR). The fit indices for this modified two-factor model were excellent: R2 

= .57; c2/df = 1.04; Goodness of Fit Index (GFI) = 0.99; Tucker-Lewis Index (TLI) = 0.99; 

Comparative Fit Index (CFI) = 0.99; Root Mean Square Error of Approximation (RMSEA) = 

0.02 (collective intelligence = .00-.13). The results of this CFA model are displayed in Table 

3.4. More detailed results of this model and the other two-factor models tested are presented 

in Tables B3, B4, B5, and B6 of Appendix B. 
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Table 3.3. Summary of Fit Indices for Different Models of Collective Intelligence and 
Collective Confidence Using CFA (N = 105) 

Model Fit Statistics 
 R2 χ2 df Χ2 / df χ2 diff GFI TLI CFI RMSEA 

(95% CI) 
AIC 

One-factora .51 69.46 9 7.72 - 0.99 0.68 0.81 .25 (.20-.31) 5014 
Two-factor 1b .57 57.88 8 7.24 11.58*** 0.99 0.70 0.84 .24 (.19-.30) 5004 
Two-factor 2c .58 16.72 7 2.39 41.17*** 0.99 0.93 0.97 .11 (.04-.19) 4966 
Two-factor 3d .57 6.23 6 1.04 51.65*** 0.99 0.99 0.99 .02 (.00-.13) 4957 

Note. GFI = Goodness-of-fit index; CFI = Comparative Fit Index; TLI = Tucker-Lewis Index; 
RMSEA = Root Mean Square Error of Approximation; CI = Confidence Interval; AIC = 
Akaike Information Criterion. The accepted model is in bold. 
*** p < .001 
aOne-factor model consisted of one broad first order Cognitive factor defined by all the 
measures employed in the study without any modifications to the model. 
bTwo-factor model consisted of an intelligence factor (defined by all accuracy measures) and 
a confidence factor (defined by all confidence measures) without any modifications to the 
model. 
cTwo-factor model (intelligence and confidence factors) where error terms of the 
corresponding accuracy and confidence scores from RAPM were correlated. 
dTwo-factor model (intelligence and confidence factors) where error terms of the 
corresponding accuracy and confidence scores from RAPM and CRT were correlated. 

The extracted factors were interpreted as follows: 

Factor 1, collective intelligence: As hypothesized, this factor was defined by the 

loadings of all accuracy scores on the three tasks: ADR, CRT, and RAPM. These 

measures are all known to capture cognitive ability, thereby defining a collective 

intelligence trait. 

Factor 2, collective confidence: As hypothesized, this factor was defined by loadings 

of all confidence scores on the three tasks. This factor captured a collective 

metacognitive confidence trait.  

There was a strong, positive correlation between individual intelligence and collective 

intelligence (r = .65, p < .001), and individual confidence and collective confidence (r = .70, 

p < .001). There was also a strong correlation between the collective intelligence and 

collective confidence factors (r = .85, p < .001) which might suggest a one-factor model, 

however, the CFA model with one-factor had poor fit indices (see Table 3.3). 
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Table 3.4. Summary of Standardised Regression Weights, Communalities, and Correlations 
for a CFA (N = 105) 

Measures Intelligence Confidence h2 
ADR accuracy .60 - .35 
CRT accuracy .86 - .73 
RAPM accuracy .65 - .42 
ADR confidence - .80 .63 
CRT confidence - .93 .86 
RAPM confidence - .68 .47 
Factor intercorrelations    
     Intelligence - .85***  

Note. All loadings and the factor intercorrelation were significant with p < .001 

3.3.3 The Predictors of Collective Intelligence and Confidence 

To examine our first three hypotheses, we conducted a hierarchical regression 

analysis. The independent variables included in the model were individual intelligence, 

individual confidence, social sensitivity, inequality of turn taking, the number of female 

members, working memory accuracy, and Big-5 personality3. The number of female 

members was treated as a categorical variable with three levels: all male dyads (baseline), 

mixed gender dyads, and all female dyads. Consistent with the approach employed by 

Woolley et al. (2010), individual metrics of intelligence and confidence were represented by 

mean accuracy and confidence scores measured with RAPM. Woolley et al.’s key variables 

were included in block 1, the control variables in block 2, and individual intelligence and 

confidence were added in the final block. To examine, hypothesis four, the same hierarchical 

regression model was fit with collective confidence as the outcome variable. See Table 3.5 

for a summary of the results. 

  

 
3 To retain power in the regression analyses, missing values were imputed using multiple imputation via the 
mice package in R (van Buuren & Groothuis-Oudshoorn, 2011). One participant had non-random missing data 
for 6 of the 12 predictors, thus was removed. The remaining missing data were random with less than <1% for 
each predictor. For the focal variables, results were the same when analyses were conducted using the original 
and imputed data. See Table B10 in Appendix B for the results using data without imputation. 
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Table 3.5. Hierarchical Regression Analyses Predicting Collective Intelligence and 

Collective Confidence (N = 105) 

 Collective Intelligence Collective Confidence 
 Block Block 
 1 2 3 1 2 3 
Predictor b b b b b b 
Mixed gender 
dyads 

-.15 -.18 -.14 -.29 -.27 -.28 

Female dyads -.85** -.82** -.54* -1.08*** -1.05*** -.64** 
Social sensitivity .39*** .34*** .22** .28** .20* .13 
Inequality of turn 
taking 

.09 .08 .08 .14 .11 .12 

WM accuracy - .23* .10 - .33*** .22** 
Agreeableness - -.02 .03 - .11 .13 
Conscientiousness - -.01 -.04 - .06 -.02 
Extraversion - -.20* -.09 - -.01 .07 
Intellect - .08 -.09 - -.03 -.22** 
Neuroticism - .01 -.04 - .01 -.02 
Intelligence - - .33** - - -.02 
Confidence - - .32*** - - .63*** 
       
R .48 .59 .77 .50 .59 .79 
R2 .23 .35 .60 .25 .35 .63 
DR2 .23*** .12* .25*** .25*** .10* .28*** 

Note. WM = Working Memory. b = standardised regression coefficient. 
*** p < .001, ** p < .01, * p < .05 

 

Collective intelligence. In block 1, social sensitivity (b = 0.39, p < .001) and all 

female dyads (b = -0.85, p < .01) were significant predictors, accounting for 23% of the 

variance in collective intelligence. In block 2, working memory accuracy and the Big-5 

personality traits together accounted for an additional 12% of the variance in collective 

intelligence (DR2 = .12, p = .01). In block 3, individual intelligence (b = 0.33, p < .01) and 

individual confidence (b = 0.32, p < .001) accounted for an additional 25% of variance in 

collective intelligence (DR2 = .25, p < .001). In support of hypotheses 1 and 3, individual 

intelligence and confidence were significant positive predictors of collective intelligence, and 

both were stronger predictors than social sensitivity, inequality of turn taking, and the gender 
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composition of dyads. Furthermore, in support of hypothesis 2a, female dyads had 

significantly lower collective intelligence than male dyads (b = -0.54, p = .01), however, 

there was no difference between male dyads and mixed gender dyads (b = -0.14, p = .47). 

Hypothesis 2b was partially supported: equality of turn-taking did not predict collective 

intelligence (b = 0.08, p = .24), but social sensitivity was a significant positive predictor (b = 

0.22, p < .01).  

Collective confidence. In block 1, social sensitivity (b = 0.28, p < .01) and female 

dyads (b = -1.08, p < .001) were significant predictors, accounting for 25% of the variance in 

collective intelligence. In block 2, working memory accuracy and the Big-5 personality traits 

together accounted for an additional 10% of variance in collective intelligence (DR2 = .10, p 

= .04). In block 3, individual intelligence (b = -0.02, p = .87) and individual confidence (b = 

0.63, p < .001) accounted for an additional 28% of the variance in collective intelligence 

(DR2 = .28, p < .001). The significant predictors of collective confidence were individual 

confidence, the number of females, working memory accuracy, and intellect. In contrast, the 

significant predictors of collective intelligence were individual intelligence, individual 

confidence, social sensitivity, and the number of females. In support of hypothesis 4, the 

pattern of significant relationships differed for collective intelligence and collective 

confidence.  

3.3.4 Mediation Analysis for the Proportion of Females, Social Sensitivity, and 

  Collective Intelligence 

A mediation analysis was conducted to examine whether social sensitivity mediated 

the relationship between proportion of females and collective intelligence. We conducted this 

analysis using the same data and predictors as block 3 of the hierarchical regression models. 
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We used nonparametric bootstrapping with 1,000 simulations to generate confidence 

intervals. The results are presented in Table 3.6. 

Table 3.6. The Results of a Mediation Analysis for Social Sensitivity Mediating the 
Relationship Between Proportion of Females and Collective Intelligence (N = 105) 

Effect  95% collective 
intelligence 

 Estimate Lower Upper 
Indirect (ACME) 0.21** 0.05 0.42 
Direct (ADE) -0.54* -0.89 -0.15 
Total -0.33 -0.69 0.06 
Proportion Mediated -0.62 -6.07 3.23 

** p < .01; * p < .05 

We found a significant positive indirect effect (ACME = 0.21, p < .01), indicating that 

social sensitivity significantly mediated the effect of the proportion of females on collective 

intelligence. This suggests that dyads with a higher proportion of females tended to have 

higher levels of social sensitivity which was associated with higher collective intelligence. 

We also observed a significant negative direct effect (ADE = -0.54, p = .01), suggesting that 

dyads with a higher proportion of females had lower collective intelligence, independent of 

social sensitivity. This was supported by small negative correlations between the proportion 

of females and dyadic accuracy on each of the tests used to measure collective intelligence: 

ADR (r = -.11, p = .25), CRT (r = -.25, p < .01), and RAPM (r = -.10, p = .32). 

The total effect of the proportion of females on collective intelligence approached but 

did not reach significance (Total Effect = -0.33, p = .11), likely because the indirect and direct 

effects were in opposite directions and partially cancelled each other out. The proportion of 

the effect mediated was -.62 (p = .11) which also approached but did not reach significance. 

The wide confidence interval suggests instability in this estimate. 

These results indicate that social sensitivity partially accounted for the relationship 

between the proportion of females and collective intelligence. However, the negative direct 
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effect between the proportion of females and collective intelligence suggests a complex 

relationship that depends on factors beyond social sensitivity.  

3.3.5 Latent Profile Analysis 

We then used individual and collective measures of intelligence, confidence, and bias 

to identify unique psychological profiles of dyads that clustered together on these measures. 

LPA was used to classify the observations under study into distinct profiles given their 

homogenous characteristics across a set of estimated values for the predictor variables. 

3.3.5.1 Selecting an LPA Solution 

LPA was performed for solutions with 2-6 classes on six predictor variables. These 

variables were individual intelligence and confidence, the extracted factors for collective 

intelligence and collective confidence, and individual and collective bias scores. Goodness of 

fit statistics were used to identify the number of latent profiles (Clark & Muthén, 2009; 

Henson et al., 2007; Marsh et al., 2009; Spurk et al., 2020). Assessment of the indices and 

examination of the profiles within each model suggested a 3-Class solution was the best 

fitting model (See Figure 3.2). Refer to Table B11 and the corresponding text in Appendix B 

for a detailed summary of this assessment process. 

3.3.5.2 Interpretation of the 3-Class Solution 

The percentage of participants in each of the three classes was as follows: 54.29% in 

Class 1 (n = 57), 14.29% in Class 2 (n = 15), and 31.43% in Class 3 (n = 33). The three 

distinct profiles differed significantly on individual intelligence, collective intelligence, 

individual confidence, and collective confidence. The profiles were interpreted as follows: 1) 

Low Collective Intelligence: Those who were low on intelligence and confidence and well-

calibrated at both the individual and collective levels; 2) High Collective Intelligence: Those 

who were high on intelligence and confidence and well-calibrated at the individual and 
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collective levels; and 3) Amplified Collective Intelligence: Those who were moderate on 

individual intelligence and significantly higher on collective intelligence, moderate on 

individual and collective confidence, and well-calibrated at both levels. Using the Bonferroni 

correction, Amplified Collective Intelligence had significantly higher collective intelligence 

than Individual intelligence (t32 = 45.08, p < .001). Furthermore, High Collective Intelligence 

had significantly higher collective Bias than individual Bias (t14 = 3.35, p < .01). There were 

no other differences between individual and collective scores within the profiles. 

Figure 3.2. Mean Scores for the Three Latent Profiles 

 

3.3.5.3 Differences Between the Three Profiles 

First, a MANOVA was conducted to test whether the three profiles differed across 

social sensitivity, inequality of turn taking, the number of females, working memory 

accuracy, and big-five personality traits. A MANOVA indicated that the three profiles 

significantly differed across the theoretically relevant outcome variables (F18,176 = 2.52, 

Wilk’s L = .63, p < .01, hp2 = .21). 
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Next, univariate ANOVAs were conducted to identify differences between the profiles 

on the relevant outcome variables. See Table 3.7 and Figure 3.3 for a summary of these 

analyses. The series of ANOVAs showed that the three profiles significantly differed on 

inequality of turn taking (F2,96 = 3.11, p = .04, hp2 = .06), the number of females (F2,96 = 3.91, 

p = .02, hp2 = .08), and working memory accuracy (F2,96 = 8.43, p < .001, hp2 = .15). 

Although, the differences, including the effect sizes, were moderate to small, with partial eta 

squared values ranging between .06 and .15.  

Lastly, because there was an unequal number of members in each profile, Tukey-

Kramer post-hoc tests were conducted on significant outcome variables to examine 

differences between the three profiles while controlling for multiple comparisons. Post-hoc 

tests revealed that the High Collective Intelligence profile had a significantly lower number 

of females (p = .02) and higher working memory accuracy (p < .001) compared with the Low 

Collective Intelligence profile. Furthermore, the Amplified Collective Intelligence profile had 

significantly higher inequality of turn taking (p = .04) and working memory accuracy (p = 

.03) compared with the Low Collective Intelligence profile. The High and Amplified 

Collective Intelligence profiles did not differ on any of the variables.  

Figure 3.3. Differences Between the Three Latent Profiles 
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Table 3.7. Results of ANOVAs for the Differences Between LPA Profiles (N = 105) 

Measure Mean 
Low CI 

(SD) 

Mean 
High CI 

(SD) 

Mean 
Amplified 

CI 
(SD) 

F2,99 hp2 c1-2 c1-3 c2-3 

Woolley et al. (2010) variables       
   Social sensitivity 55.65 (10.26) 58.43 (8.73) 59.57 (9.20) 1.65 .03 .59 .20 .93 
   Inequality of turn taking 57.59 (45.77) 58.43 (8.73) 99.27 (103.06) 3.11* .04 .58 .04 .32 
   Number of females 0.71 (0.37) 0.43 (0.32) 0.61 (0.34) 3.91* .08 .02 .40 .28 
Other variables         
   Working memory accuracy 42.50 (15.27) 58.89 (12.06) 51.67 (16.04) 8.43*** .15 <.001 .03 .30 
   Agreeableness 4.02 (0.44) 3.91 (0.49) 3.92 (0.55) 0.58 .01 .70 .64 .99 
   Conscientious 3.24 (0.68) 3.13 (0.51) 3.17 (0.62) 0.23 .01 .82 .90 .97 
   Extraversion 3.03 (0.60) 2.69 (0.63) 2.92 (0.62) 1.92 .04 .14 .68 .49 
   Intellect/Openness 3.60 (0.52) 3.78 (0.60) 3.75 (0.60) 1.01 .02 .51 .49 .98 
   Neuroticism 2.96 (0.51) 3.18 (0.47) 2.91 (0.49) 1.59 .03 .26 .92 .21 

Note. CI = collective intelligence. hp2 = partial eta squared. C = contrast. Contrasts were tested using the Tukey-Kramer post-hoc test. Significant 
contrasts and relevant eta squared values are in bold. 
*** p < .001, ** p < .01, * p < .05   
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3.4 Discussion 

The purpose of this study was to enhance the operationalisation of collective 

intelligence by employing a novel methodology for both measurement and analyses. 

Departing from previous research that relied on a theoretical taxonomy, the McGrath Task 

Circumplex, we used the empirically validated CHC model to guide the selection of well-

structured tasks. This approach allowed us to assess the cognitive abilities relevant to 

collective intelligence. Our measure of collective intelligence captured three broad abilities: 

Fluid Reasoning, Crystallised Intelligence, and Quantitative Knowledge. We then examined 

the relationships between dyadic collective intelligence, individual intelligence, individual 

confidence, and other key characteristics. Additionally, we conducted a mediation analysis to 

investigate whether social sensitivity meditated the relationship between the proportion of 

females and collective intelligence. Finally, we utilised LPA to identify unique psychological 

profiles of dyads derived from measures of intelligence, confidence, and Bias. Finally, we 

assessed differences between these psychological profiles across several characteristics 

relevant to dyadic collective intelligence. 

3.4.1 The Predictors of Collective Intelligence for Well-Structured Tasks 

Our results demonstrate that individual intelligence is a strong predictor of collective 

intelligence in dyads for well-structured tasks. Furthermore, individual confidence also 

emerged as a strong predictor of collective intelligence, contributing uniquely beyond 

individual intelligence. These findings contrast with those of Woolley and colleagues using 

larger groups, who reported a weak correlation between individual intelligence and collective 

intelligence and emphasised the importance of social and compositional factors. By 

addressing previous methodological limitations, we have shown that smarter and more 

confident individuals form dyads with higher collective intelligence. 
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Currently, there is no consensus on how collective intelligence should be 

conceptualised or measured. Some researchers, such as Woolley et al. (2010), adopt a broad 

definition that includes a variety of task types and emphasizes emergent group processes such 

as coordination and communication. Graf-Drasch et al. (2022) proposed that different 

conceptualisations of collective intelligence may be required for well- and ill-structured tasks, 

guided by the findings that different cognitive and coordination processes are utilised for 

each task type. For well-structured tasks, general cognitive and coordination processes relate 

to performance, whereas ill-structured tasks may rely on task-specific processes (Newell & 

Simon, 1972; Schraw et al., 1995; Simon, 1973). Our approach, along with that of Rowe et 

al. (2024), builds upon this. We focus more narrowly than Woolley and colleagues on 

identifying the cognitive underpinnings of dyadic performance using well-structured tasks 

informed by models of individual intelligence. This approach allows for the systematic 

isolation and testing of how specific cognitive abilities contribute to group outcomes. It is not 

intended to provide a comprehensive account of collective intelligence but rather serve as a 

theoretically driven starting point for building a broader model of collective intelligence for 

well-structured tasks. Although our tasks required communication and coordination, thus 

capturing some key aspects of group interactions, we did not score these processes as 

outcomes, as in Woolley et al.’s work. We view these approaches as complementary rather 

than contradictory. Acknowledging these differing perspectives is essential for developing 

integrative models that specify how cognitive and interactional processes contribute to 

collective performance across different task contexts. 

 Our study focused on well-structured tasks, and we found that a single collective 

intelligence factor is appropriate for these tasks. In contrast, ill-structured tasks, which feature 

ambiguous pathways and multiple possible solutions, may require a multi-factor 

conceptualisation of collective intelligence as suggested by Graf-Drasch et al. (2022). We did 
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not assess collective intelligence for these tasks so we can only speculate that the presence of 

ill-structured tasks reduces a group’s reliance on cognitive abilities and increases the 

importance of coordination processes for performance. This is supported by Woolley et al.’s 

(2010) results which are largely based on ill-structured tasks, where collective intelligence 

was predicted by factors related to coordination and social interaction (i.e., social sensitivity 

and equality of turn taking). Therefore, Woolley and colleagues’ concept of collective 

intelligence may more accurately reflect teamwork processes and dynamics than the 

cognitive abilities driving group performance (Graf et al., 2019; Hackman & Morris 1975; 

LePine et al., 2008; Rowe et al., 2021). Ill-structured tasks are representative of many real-

world scenarios encountered by groups; thus, understanding the task dependency of cognitive 

and coordination processes in collective intelligence is a critical question for future research. 

There are several reasons why our findings diverge from those of Woolley et al. 

(2010). First, we addressed methodological limitations by using the empirically validated 

CHC model to guide task selection, rather than relying on theoretical taxonomies, such as the 

McGrath Group Task Circumplex, which may not adequately capture the cognitive abilities 

relevant to collective intelligence (Bell, 2007; Rowe et al., 2021). Second, by focusing 

exclusively on well-structured tasks, we avoided the confounding effects of mixing task types 

that require different cognitive and coordination processes. This allowed us to more precisely 

assess the role of individual intelligence in collective intelligence for well-structured tasks. 

Future research should examine collective intelligence in ill-structured tasks and a mix of 

well- and ill-structured tasks together. All are valid and important approaches, as many real-

world projects are likely to contain subtasks that may blend both task types. Third, the 

difference in group size may have influenced the results. Our study, used dyads, whereas 

prior research typically involved groups with 2 to 5 members (e.g., Barlow & Dennis, 2016; 

Bates and Gupta, 2017; Engel et al., 2014; Rowe et al., 2024; Woolley et al., 2010). The 
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group dynamics that exist in dyads may emphasise cognitive abilities more than in larger 

groups, where coordination and interaction processes become more complex. Future research 

should investigate whether our findings apply to larger groups. 

In addition to individual intelligence and confidence, we found that several other 

characteristics predicted collective intelligence. Consistent with Woolley et al. (2010), higher 

social sensitivity was associated with higher collective intelligence, and the proportion of 

females had a positive indirect relationship with collective intelligence through social 

sensitivity. We used a different measure of social sensitivity because the original test 

(Reading the Mind in the Eyes) has been shown to have several critical limitations (e.g., 

Black, 2017; Kittel et al., 2022; Olderbak et al., 2015). Thus, these findings support their 

claims that, the proportion of females and social sensitivity are important for collective 

intelligence beyond cognitive abilities. However, we also found a strong direct negative 

relationship between the proportion of females and collective intelligence. This indicates that, 

independent of social sensitivity, dyads composed of two females had lower collective 

intelligence scores than male only dyads but not mixed gender dyads. This divergence from 

Woolley et al. indicates that factors other than social sensitivity may be influencing the 

relationship between the proportion of females and collective intelligence in dyads 

performing well-structured tasks.  

One possible explanation for this discrepancy lies in the cognitive demands of the 

tasks used to assess collective intelligence. Our tasks primarily assessed cognitive abilities, 

such as Fluid Reasoning and Quantitative Knowledge, that tend to confer a small 

performance advantage to males (Halpern et al., 2007; Irwing & Lynn, 2005; Otero et al., 

2024). Supporting this, we found small to negligible negative correlations between the 

proportion of females and accuracy on each of the tests used to measure dyadic collective 

intelligence. These findings suggest that the cognitive abilities required by our well-
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structured tasks may have contributed to lower collective intelligence scores in dyads with a 

higher proportion of females. 

Another possibility is that the simpler social dynamics found in dyads compared to 

larger groups may reduce the influence of social sensitivity. In dyads, communication and 

coordination are more straightforward than in larger groups, and as a result these factors may 

play a diminished role in our study compared to Woolley et al. and others that used larger 

groups. This could also account for our failure to replicate the positive relationship between 

equality of turn-taking and collective intelligence. Furthermore, higher Working Memory 

accuracy was associated with higher collective intelligence, indicating that the capacity to 

hold and manipulate information in one’s mind is important for dyadic collective intelligence 

on well-structured tasks. 

As expected, the pattern of variables that predicted collective intelligence was 

different from those that predicted collective confidence. This finding supports Koriat’s 

(2024) claim that measures of confidence provide unique information beyond accuracy. 

Confidence may reflect the consistency with which individuals or dyads would respond to the 

same task again in the future, not merely the correctness of their responses. This finding 

highlights the importance of considering confidence as a separate construct influencing 

dyadic performance. 

3.4.2 The Psychological Profiles of Dyads 

The application of LPA in our study allowed us to identify three distinct psychological 

profiles of dyads: 1) Low Collective Intelligence profile (approximately 54% of dyads); 2) 

High Collective Intelligence (approximately 14%); and 3) Amplified Collective Intelligence 

(approximately 32%). This person centred approach is novel in the study of collective 

intelligence and provides insights into how combinations of individual intelligence and 
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confidence contribute to dyadic performance. The High Collective Intelligence profile was 

comprised of dyads with two high individual intelligence and confidence members, leading to 

high collective intelligence. Furthermore, this profile had higher Working Memory accuracy 

and fewer females than the Low Collective Intelligence profile. The Amplified Collective 

Intelligence profile consisted of dyads where collective intelligence exceeded individual 

intelligence, suggesting that collaboration led to performance improvements. Interestingly, 

Amplified Collective Intelligence dyads had higher working memory accuracy and greater 

inequality of turn-taking compared to Low Collective Intelligence dyads, indicating that 

enhanced dyadic collaboration may involve strategic dominance by the more knowledgeable 

member. This contrasts with Woolley et al. (2010), who found that equality of turn taking 

predicted higher collective intelligence in larger groups. Our findings suggest that for dyads 

completing well-structured tasks, allowing the more competent member to lead may enhance 

collective performance. These results highlight the importance of considering individual 

intelligence, confidence, and possibly working memory and interaction patterns when 

forming dyads. Working memory accuracy and inequality of turn taking did not differ 

between High and Amplified profiles, so they may not offer comparable precision as 

intelligence and confidence. 

3.4.3 Implications, Limitations, and Future Directions 

Our findings have important implications for the measurement of collective 

intelligence, professional practice, and future research. Individual intelligence and confidence 

emerged as key predictors of collective intelligence on well-structured tasks. This suggests 

that forming dyads with smart and confident individuals may enhance dyadic performance 

without the need for a specific measure of collective intelligence. However, our findings are 

limited to dyads and may not generalise to larger groups.  
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As group size increases, Woolley et al.’s (2010) key predictors of collective 

intelligence (i.e., social sensitivity, equality of turn-taking, and proportion of females) may 

play a larger role as group dynamics like coordination and interaction processes become more 

complex. Future research should investigate collective intelligence and Woolley’s key 

predictors using well-structured tasks and larger groups.  

A specific measure of collective Intelligence, as developed by Woolley et al. (2010) 

may be more useful for ill-structured tasks which tend to rely on different cognitive and 

coordination processes than well-structured tasks. For these tasks, group interaction processes 

may be more important than cognitive abilities. Since many real-world tasks are ill-

structured, future research should examine collective intelligence for these tasks separately. 

Preliminary research indicates that collective intelligence in ill-structured tasks may be 

represented by multiple factors that capture characteristics of coordination and interaction 

rather than cognitive abilities (e.g., Graf‐Drasch et al., 2022; LePine et al., 2008). This raises 

an interesting question for future research: if coordination processes are more important for 

collective intelligence on ill-structured tasks, can they be trained to improve collective 

intelligence? 

In professional settings, dyadic performance on well-structured tasks can be enhanced 

by selecting individuals with higher intelligence, confidence, and social sensitivity. Our 

findings suggest that organisations should consider incorporating cognitive and 

metacognitive assessments into their hiring and group formation processes to identify 

individuals who are likely to contribute effectively to dyadic collaborations.  

Furthermore, the results of the LPA indicate that strategic dominance by the more 

knowledgeable or competent member may enhance performance in dyads with moderate 

individual intelligence. This suggests that dyads could be trained to identify and leverage the 

strengths of the more competent member. Training programs could focus on developing skills 
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for recognising expertise and allowing the more competent member to lead discussions and 

decision choices in a strategic way. It remains unclear whether members should assess 

competence at the task level (analogous to individual tests in our study) or at the project level 

(analogous to our battery of tasks). This presents an open question for future research which 

could improve dyad training and formation strategies. 

Our findings should be interpreted alongside several additional limitations. While 

using three tests, as we did, is a recommended minimum to measure a latent trait like 

intelligence a larger number of tests could provide more robust measurement. We had a 

fourth measure, but the geography test demonstrated poor internal consistency and did not 

load on the collective intelligence factor when we fit a CFA model, thus it was removed from 

our analyses. The remaining tasks captured three of 16 broad cognitive abilities proposed 

under the CHC model of intelligence (e.g., McGrew, 2009). Future research should 

investigate collective intelligence using a larger battery of well-structured tasks that cover 

more of these broad abilities. 

Our analyses were conducted at the dyad level, requiring us to transform individual-

level variables, such as individual intelligence and social sensitivity, into a single score 

representing the two original scores of the dyad members. There are several methods for 

representing individual-level constructs at the dyad level, each with potential information loss 

that may be important for group dynamics: 1) the average score, which includes information 

from both members but reduces within-dyad variance; 2) the maximum score, which 

emphasizes one member’s contribution but omits the other’s; and 3) a difference score or 

similarity metric, which preserves within-dyad variance but discards the magnitude of the 

original scores. For our analyses, we used the average to represent all individual-level 

variables at the dyad level. While this approach, and the alternatives, produce trade-offs, our 

method is widely accepted in group decision-making research (e.g., Bahrami et al., 2010; 
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Bang et al., 2014; Blanchard et al., 2020; Koriat, 2015; Rowe et al., 2021; Schuldt et al., 

2017). This issue was outside of the scope of this study. Future studies should systematically 

compare these and alternative methods to identify the best method of representing individual 

constructs at dyadic level. 

An additional limitation is that we measured collective intelligence in naïve dyads 

who worked together for the first-time during our study. Prolonged collaboration may 

increase the impact of certain individual characteristics, such as personality traits, on dyadic 

dynamics. Moreover, the accumulated knowledge of individual members’ abilities could 

moderate the relationships between key predictors and collective intelligence. Although, 

consistent with Woolley et al. (2010), we measured individual intelligence using a single test 

that captured Fluid Reasoning. This was adequate for our study, but future research should 

use a more comprehensive measure of individual intelligence. This may have the added 

benefit of clarifying the relationship between social sensitivity and collective intelligence. 

3.4.4 Conclusion 

Our study introduced a novel approach for examining dyadic collective intelligence 

on well-structured tasks by utilising the CHC model for task selection and incorporating 

metacognitive confidence. We found that individual intelligence and confidence are stronger 

predictors of dyadic collective intelligence than social sensitivity and interaction processes 

like equality of turn-taking. Notably, only one of Woolley et al.’s findings for the three key 

predictors (social sensitivity) was replicated in our study. These results challenge the 

generalisability of prior collective intelligence measures to dyads and highlight the 

importance of cognitive abilities and confidence in enhancing collective performance on 

well-structured tasks. Our findings have important implications for the selection and training 

of dyads, suggesting that focusing on individual intelligence, confidence, and social 

sensitivity may be effective at improving dyadic performance. 
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Chapter 4: Study 3 

How Trait Confidence and Communication Shape Dyadic Decision Outcomes 

and Confidence Matching 

The original manuscript for the study described in this chapter has been submitted to 

the journal Cognitive Research: Principles and Implications and is currently under review. 

4.1 Introduction 

4.1.1 Collective Decisions 

How individuals share and integrate information when working in a group is critical 

for success (Hastie & Kameda, 2005). Collective decisions are often characterised by 

uncertainty and choices between known options. For example, a driver and navigator must 

assess terrain features to determine the most efficient route, or a pair of intelligence analysts 

may evaluate conflicting reports to reach a consensus on the likelihood of enemy activity in a 

specified area. In such contexts, achieving a “two heads are better than one” effect depends 

not only on pooling information, but also on how effectively they communicate, align 

confidence in their judgments, and integrate perspectives to arrive at a joint decision. For 

dyads, simply following the majority is not viable, as disagreement leads to a tie. This raises 

an important question: how do dyads resolve disagreement and achieve a collective benefit? 

Bahrami et al. (2010) provided an answer to this question and an important extension 

on classic small group research (e.g., Festinger, 1954; Hill, 1982; Hinsz, 1990; Sniezek & 

Henry, 1989; Tindale, 1989) by showing that dyads achieve a collective benefit by sharing 

and using each other’s confidence. This strategy works because higher-confidence ratings 

often signal a higher probability of being correct (Koriat, 2008, 2012b; Stankov & Crawford, 

1998; Yaniv, 1997). Over repeated trials, dyad members’ confidence ratings tend to shift 

towards each other, an alignment process that has been called “confidence matching” (Bang 
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et al., 2017). Confidence matching is necessary because two individuals can differ in their 

baseline levels of trait confidence, and this can undermine their ability to make correct 

decisions. For example, if one member always rates their confidence between 50-70% and 

another between 80-100% then the dyad’s final answers are likely to reflect the latter’s 

higher-confidence opinions. This scenario would be beneficial if the higher-confidence 

member had superior ability, but that isn’t always the case (Blanchard et al., 2020). Several 

studies have further examined the role of confidence matching in collective decision-making 

(e.g., Friedemann et al., 2024; Schneider et al., 2024), including Pescetelli and Yeung (2022) 

who extended Bang et al. (2017) finding by demonstrating that confidence matching is 

associated with improvements in decision accuracy under more natural conditions. 

Working in pairs or small groups also boosts overall confidence for a task (Patalano & 

LeClair, 2011; Savadori et al., 2001; Sniezek & Henry, 1989; Zarnoth & Sniezek, 1997) and 

this rise can occur even when decision accuracy does not improve (Blanchard et al. 2020; 

Heath & Gonzalez, 1995; Minson & Mueller, 2012; Schuldt et al., 2017). Two recent studies 

reported that the size of a dyad’s increase in task-relevant confidence (decision confidence) 

depends on the trait confidence levels of its members, suggesting that trait confidence plays 

an important role in how decision confidence develops within dyads.  

Decision confidence refers to confidence judgments made for responses to items 

within a specific task. These ratings reflect moment-to-moment monitoring of one’s 

performance and guide collective decisions in real-time (e.g., Koriat, 2008). Trait confidence, 

by contrast, represents a stable, domain-general tendency for confidence judgments across 

different tasks and contexts, relative to others (e.g., Johnson, 1939; Kleitman & Stankov, 

2001). The two constructs are related as trait confidence is typically derived from multiple 

decision confidence measures taken across different cognitive domains (Stankov et al., 2014). 

As such, decision confidence captures situational judgments, while trait confidence reflects 
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broader individual differences in metacognitive self-beliefs. Crucially, trait confidence is 

embedded within decision confidence ratings such that every decision confidence judgment 

carries both task-specific and person-specific information. This overlap suggests that trait 

confidence may shape how decision confidence develops within dyads and influence how 

individuals respond to their partner’s judgments during collaboration. 

The present study focused on trait confidence as a potential moderator of how dyads 

share information and improve their decisions. Specifically, we investigated whether baseline 

levels of trait confidence can influence the extent to which collective decisions and decision 

confidence improve compared to individual decisions. Furthermore, we examined whether 

trait confidence moderated the development of confidence matching and its relationship with 

dyadic accuracy gains. By examining the dyadic processes and outcomes of individuals with 

high-trait versus low-trait confidence, we aimed to provide a more nuanced account of when 

and why “two heads are better than one.” 

4.1.2 The Confidence Theory 

Bahrami’s et al.’s (2010) influential study of the “two heads are better than one” 

effect highlighted the critical role of subjective confidence in dyadic decision-making. In 

their study, participants viewed two visual stimuli, each containing six identical patterns. 

Within one stimulus, a single pattern had increased luminance, creating a subtle target for 

participants to detect. Participants first judged which stimulus contained the target and 

provided a confidence rating individually and then again with a partner, during which dyad 

members freely discussed and agreed upon a joint decision. Results demonstrated that joint 

responses were more accurate than individual responses. Among multiple competing 

explanations, the most compelling was that dyad members shared and used each other’s 

subjective confidence as a cue for decision accuracy – a process we refer to as the confidence 

theory. Given that decision confidence typically correlates positively with decision accuracy 
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(Koriat, 2008; Stankov et al., 2014; Yaniv, 1997), relying on confidence judgments is an 

effective strategy. Subsequent studies by Koriat (2012a, 2015), provided robust support for 

the confidence theory, demonstrating that dyad members continue to rely on confidence 

judgments even when they provide a misleading signal, producing a “two heads are worse 

than one” effect. The confidence theory assumes that individuals can reliably interpret each 

other’s confidence ratings, such that a response associated with greater confidence is more 

likely to be correct. An important extension of this theory is whether dyad members adapt 

their own confidence to better align their ratings with their partner’s. This process is known 

as confidence matching. 

4.1.3 Confidence Matching 

Bang et al. (2017) demonstrated that confidence matching is a heuristic strategy that 

dyads use to negotiate influence on joint decisions. They employed the same perceptual 

discrimination task as Bahrami et al. (2010) and participants completed the study under two 

conditions. In the social condition, each participant first answered individually. Then, their 

initial response and confidence rating were displayed on their partner’s computer screen, and 

the response associated with higher confidence was automatically selected as the joint 

decision. In the isolated condition, participants completed the task individually without any 

interaction. Across six experiments and at least 160 trials per condition, participants in the 

social condition shifted their confidence ratings towards each other across trials. That is, 

confidence ratings converged towards a shared scale. A phenomenon termed confidence 

matching. Confidence matching occurred both with and without explicit feedback, although 

the effect was stronger when feedback was provided. These findings indicate that confidence 

matching functions as a strategy to influence joint decisions. Importantly, Bang et al. (2017) 

found that this strategy maximized decision accuracy when dyad members had similar ability 

but produced smaller accuracy gains when their ability differed. The latter effect occurred 
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because confidence matching caused the more competent member’s judgments to be 

weighted less and the less competent member’s judgments to weighted more. That is, the less 

competent member’s judgments were endorsed more often than justified by their probability 

of being correct. Nonetheless, even under differing conditions, dyads generally remained 

more accurate than individuals.  

Bang et al.’s (2017) approach explicitly incentivised participants to engage in this 

confidence matching behavior through the use of an automated decision rule. This raises the 

question of whether confidence matching naturally emerges in situations more analogous to 

real-world settings where dyads must interact before making decisions. To explore this issue, 

Pescetelli and Yeung (2022) used a perceptual task with 432 trials split across three phases. 

Phases one and three were completed individually, while the second phase allowed non-

verbal social interaction between dyad members. During the social phase, participants saw 

their partner’s initial response and confidence rating on their computer screen and could 

observe their partner updating their responses in real-time before submission. Unlike Bang et 

al. (2017) participants did not make joint decisions, nor did they verbally communicate. 

Pescetelli and Yueng (2022) observed rapid confidence matching during the social phase that 

was present almost immediately. Confidence matching was also associated with a small 

improvement in decision accuracy following interaction.  

Extending Bang et al.’s (2017) theory of confidence matching, Pescetelli and Yeung 

(2022) suggested that confidence matching facilitates more accurate sharing of task-specific 

variance in confidence (decision confidence) while simultaneously reducing the influence of 

task-irrelevant variance (which they labelled as trait-confidence). They argued that trait 

confidence is influenced by domain-general factors such as socio-economic background, 

profession, and personality and that these influences obscure performance-based confidence 

signals. Although, Pescetelli and Yeung (2022) viewed trait confidence largely as noise or 
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irrelevant variance, it is important to consider whether trait confidence truly lacks informative 

value. Trait confidence may reflect meaningful individual differences that dyad members 

implicitly rely upon when making joint decisions.  

4.1.4 The Role of Trait Confidence 

Regardless of the specific cognitive tests used to capture confidence ratings (e.g., 

general knowledge, syllogistic reasoning, perceptual discrimination), a broad trait confidence 

factor emerges that is distinct from cognitive ability, which is defined by accuracy scores. 

That is, relative to others, some individuals consistently report low confidence across tests, 

while others consistently report high confidence. This robust, trait-like tendency has been 

replicated in numerous studies (e.g., Johnson, 1939; Kleitman & Stankov, 2001, 2007; Pallier 

et al., 2002; Soll, 1996; Stankov, 1999; Stankov et al., 2012a; Stankov et al., 2012b). 

Moreover, considerable evidence indicates that individuals generally possess good calibration 

across diverse cognitive tests, accurately aligning their confidence with their actual 

performance levels (Lichtenstein & Fischhoff, 1977; Koriat, 2012c; Nietfeld et al., 2005).  

While trait confidence primarily reflects domain-general self-monitoring of 

knowledge and performance, it does have a small positive relationship with the personality 

trait Openness to Experience (see Stankov, 1999 for a review) and females tend to have better 

calibrated confidence than males (see Stankov et al., 2014 for a review). However, 

demographic and personality typically have minimal effects on shaping trait confidence 

relative to broader metacognitive processes.  

Recent evidence suggests that decision confidence reflects the likelihood of response 

replicability rather than response accuracy (Koriat, 2024). Specifically, high-confidence 

judgments indicate that an individual is likely to repeat their initial response when presented 

with the same question again, even if that response is incorrect. Consequently, high-trait 
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confidence individuals may demonstrate greater stability and decisiveness at the cost of lower 

flexibility in revising erroneous judgments. This finding has implications for dyadic decision-

making contexts, especially where dyad members first form a judgment individually and are 

then required to form a joint judgment for the same item or stimulus. To illustrate this 

practically, consider a real-world scenario where two intelligence analysts must 

collaboratively assess a set of ambiguous and time-sensitive intelligence reports to determine 

the likelihood of enemy movement in a given area. If both analysts possess high-trait 

confidence, they may quickly agree on a decisive interpretation and course of action, showing 

strong commitment to their initial judgments, even when faced with new or contradictory 

information. Conversely, if both have low-trait confidence, they may extensively question 

and reconsider each other’s assessments, potentially leading to indecision or delayed 

responses. In a mixed-trait confidence dyad, the higher-trait confidence analyst may dominate 

the decision-making process, strongly advocating for their interpretation while potentially 

overlooking critical insights from their lower-confidence partner, who remains more open to 

alternative viewpoints. Thus, trait confidence levels may directly shape the interpersonal 

dynamics of collaborative decision making, influencing both the process and the quality of 

the outcome. The dynamic in mixed-trait confidence dyads may limit the potential decision-

making advantages that often arise from collaboration, particularly among similarly capable 

individuals.  

This inflexibility among high-trait confidence members may partly explain the 

observed asymmetry in confidence matching within dyads, where the lower-confidence 

member typically increases their decision confidence more than the higher-confidence 

member decreases theirs (Schneider et al., 2024). This asymmetry may inflate overall dyadic 

confidence, potentially increasing miscalibration between dyadic decision confidence and 

accuracy. This could account for the widely observed phenomenon that dyads typically report 
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higher-decision confidence than individuals (Patalano & LeClair, 2011; Savadori et al., 2001; 

Sniezek & Henry, 1989; Zarnoth & Sniezek, 1997), often independent of a corresponding 

improvement in decision accuracy (Blanchard et al., 2020; Heath & Gonzalez, 1995; Minson 

& Mueller, 2012; Schuldt et al., 2017). Specifically, Mahmoodi et al. (2013) found that dyads 

increased more in confidence when they communicated verbally compared to non-verbally. 

Two recent studies have directly examined how decision confidence changes as a 

function of the trait confidence composition of dyads. Controlling for cognitive ability, 

Schuldt et al. (2017) paired individuals with high-trait and low-trait confidence to form dyads 

of either high-trait, low-trait, or mixed-trait confidence. They found that dyads consisting of 

two low-trait confidence members had the largest increases in decision confidence. In 

contrast, Blanchard et al. (2020) found the opposite: dyads with higher-trait confidence 

showed the largest increases in decision confidence. Both studies used items from the same 

general knowledge pool. They also reported that increases in decision confidence did not 

correspond with improved decision accuracy; dyadic and individual decision accuracy was 

comparable across all conditions. The validity of the confidence theory depends on decision 

confidence reliably tracking decision accuracy. The conflicting findings might stem from 

differences in measuring trait confidence. Schuldt et al. relied on confidence ratings from a 

single alternate version of their dyadic task which notably lacked a correlation between 

decision confidence and accuracy. This limits its validity as a stable, domain-general measure 

of trait confidence which is supposed to monitor performance. In contrast, Blanchard et al. 

employed multiple, well-validated cognitive tests consistent with established trait confidence 

research (e.g., Kleitman & Stankov, 2007; Stankov et al., 2015; Stankov & Crawford, 1997), 

providing a more robust measurement of stable individual differences in trait confidence. 

Despite its evident relevance to dyadic processes and outcomes, the influence of trait 

confidence on dyadic decision-making remains understudied. Our research directly addressed 
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this gap by investigating how trait confidence moderated changes in decision accuracy, 

changes in decision confidence, and confidence matching for dyadic decision making.  

4.1.5 Profiling Dyadic Decision-Making 

Most research on dyadic decision-making has taken a variable-centred approach, 

treating relationships between individual traits and group performance as consistent across all 

dyads. While informative, this approach overlooks meaningful heterogeneity in how dyads 

integrate individual differences to shape collective outcomes. For instance, studies such as 

Woolley et al. (2010) assumed homogeneous effects of predictors across dyads, potentially 

masking distinct subtypes of dyadic functioning. 

To address this gap, we adopted a person-centred approach using LPA to identify 

distinct psychological profiles of dyads based on their levels of cognitive ability and trait 

confidence which are known to influence dyadic performance. This approach enabled us to 

identify subgroups within the sample who show distinct configurations of individual and 

collective-level traits and outcomes, offering a more nuanced view of how dyadic decision-

making develops. 

In study 2 (Chapter 3), LPA revealed three distinct psychological profiles of dyads 

based on individual cognitive ability and trait confidence, and their collective performance. 

The Low Collective Intelligence profile (54%) included dyads with low cognitive ability and 

trait confidence who underperformed collectively. The High Collective Intelligence profile 

(14%) consisted of dyads with high cognitive ability and trait confidence who achieved 

strong collective performance. The third group, Amplified Collective Intelligence (32%), 

included dyads whose collective performance exceeded the individual abilities of their 

members, suggesting a genuine collaborative benefit. This group was characterized by 

moderate individual scores, and superior collective performance. Compared to the other 



 105 

profiles, they had greater working memory accuracy and more unequal turn-taking which 

facilitated strategic dominance when making collective decisions. These patterns suggest that, 

for well-structured tasks, asymmetric participation, where the more capable member takes the 

lead, may enhance dyadic outcomes, challenging prior assumptions that equal participation is 

universally beneficial. 

These findings highlight the utility of LPA in revealing distinct patterns of 

collaboration that variable-centred methods may obscure. Specifically, they show that 

cognitive ability and trait confidence are key ingredients in determining whether dyads 

simply combine, amplify, or dilute their members’ individual potential. Building on this 

framework, the current study applied LPA to examine whether similar latent profiles emerged 

in a different collaborative decision-making context, and whether these profiles related to 

communication and performance outcomes. 

4.1.6 The Present Study 

The present study aimed to replicate and extend previous findings on confidence 

matching and changes in dyadic confidence. We conducted a pre-screening study to measure 

trait confidence and cognitive ability, subsequently inviting individuals with high-trait or 

low-trait confidence to participate in the main study. Participants were paired into high-trait, 

low-trait, or mixed-trait confidence dyads.  

To ensure methodological consistency with previous research on the confidence 

theory (Bahrami et al., 2010) and confidence matching (Bang et al., 2017; Pescetelli & 

Yeung, 2022) and to explore its interaction with trait confidence, we included a 

communication manipulation by varying the type of communication within dyads. In the 

isolated condition, participants responded to all items twice individually, without any 

interaction. In the passive condition (similar to Pescetelli & Yeung, 2022), participants 
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initially responded individually and then saw their partner’s answers on their computer screen 

before making a second individual response. In the active condition, participants first 

responded individually, then verbally discussed their answers with their partner before jointly 

deciding on a response.  

Verbal interactions allow dyad members to actively question their partner’s reasoning 

and clarify uncertainties, thereby facilitating a deeper understanding of the underlying 

rationale behind a response. This richer exchange may enable dyads to better discriminate 

between responses that are held with higher confidence and are erroneous and those that are 

held with lower confidence but are accurate. By comparison, the passive viewing condition 

limited interaction, forcing members to rely exclusively on interpreting numeric confidence 

ratings without clarification, potentially restricting the precision and accuracy of judgments. 

First, we examined whether trait confidence moderates the size of decision accuracy 

improvements when dyad members transition from individual to dyadic responses, 

controlling for cognitive ability. Prior studies using a similar design (Blanchard et al., 2020; 

Schuldt et al., 2017) did not find decision accuracy gains in dyads, possibly because 

confidence did not reliably signal accuracy in their general knowledge tests. In our study, 

assuming a positive correlation between decision confidence and accuracy, we predicted 

complex interactions between trait confidence, type of communication, and decision accuracy 

gains. 

For mixed-trait confidence dyads, which were characterised by substantial differences 

in members’ trait confidence, we expected decision accuracy gains in both the passive and 

active communication conditions. According to confidence theory, effective collaboration 

requires accurate assessment and use of each other’s subjective confidence (Bahrami et al., 

2010; Bang et al., 2017). However, without explicit feedback like in our study, large initial 

differences in trait confidence might limit decision accuracy gains more in the passive 
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condition where the transmission of social information is limited and the high-trait 

confidence member is likely to be more influential (Kerr & Tindale, 2004). The active 

condition, with verbal discussion and a consensus requirement, should facilitate greater 

decision accuracy improvements. 

H1a: Mixed-trait confidence dyads will show decision accuracy improvements in both 

passive and active communication conditions. 

H1b: Mixed-trait confidence dyads will have greater decision accuracy improvements 

in the active compared to the passive communication condition. 

For dyads with matched levels of trait confidence (both low or both high), we 

expected accuracy improvements in both passive and active communication conditions 

because their initially aligned confidence scales should facilitate effective discrimination 

between response options. Differences were expected based on the consistency of responses 

and the flexibility of error correction (Koriat, 2024). High-trait confidence individuals may 

show strong decisiveness and resistance to revising their initial judgments, potentially 

suppressing the effectiveness of collaboration in the passive condition where they were not 

required to make joint decisions. Conversely, low-trait confidence dyads may approach 

interactions with greater openness to new information and more frequent reassessment of 

initial responses. Thus, low-trait confidence dyads should consistently benefit across both 

communication conditions. 

H1c: Low-trait confidence dyads will improve decision accuracy equally in passive 

and active communication conditions. 

High-trait confidence dyads, characterised by greater decisiveness but reduced 

flexibility in changing responses when presented with social information, should show 

limited accuracy gains in the passive condition, where the revision of responses is voluntary. 

By contrast, the active condition’s requirement for consensus would encourage interrogation 
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of initial judgments, increased flexibility, and the correction of errors. This should produce 

larger decision accuracy gains. 

H1d: High-trait confidence dyads will show decision accuracy improvements in both 

passive and active communication conditions. 

H1e: High-trait confidence dyads will have greater decision accuracy improvements 

in the active compared to the passive communication condition. 

Second, we expected to replicate Blanchard et al.’s (2020) finding that trait 

confidence moderates the size of a dyad’s increase in decision confidence. Following 

Mahmoodi et al. (2013), we expected greater decision confidence increases in the active 

communication condition, independent of decision accuracy gains as the mere presence of 

social information appears to boost decision confidence (e.g., Heath & Gonzalez, 1995). 

H2a: High-trait confidence dyads will show greater increases in decision confidence 

compared to low-trait and mixed-trait confidence dyads in both passive and active 

communication conditions. 

H2b: Increases in decision confidence will be greater in the active compared to the 

passive communication condition. 

Third, we tested whether confidence matching would emerge during verbal 

communication (i.e., active condition). Bang et al. (2017) and Pescetelli and Yeung (2022) 

demonstrated confidence matching using explicit numeric confidence ratings under 

communication conditions similar to our passive condition. Fusaroli et al. (2012) showed 

that there was a large amount of heterogeneity in expressions of confidence for verbally 

communicating dyads. Dyad members rarely communicated their confidence using 

numerical values, instead using phrases such as “I’m absolutely sure” or “that was a wild 

guess.” Their findings showed that expressions of confidence became more similar over 

time within dyads and greater linguistic alignment of expressions of confidence was 



 109 

associated with greater gains in decision accuracy. These findings provide indirect evidence 

that confidence matching may occur naturally in verbally communicating dyads.  

We expected confidence matching to be more pronounced in the passive condition. 

Unlike verbal interactions, which rely on subjective interpretation of diverse verbal 

expressions of confidence, the passive condition presented confidence as explicit numeric 

values, making it easier for dyad members to quickly align their confidence judgments and 

reduce ambiguity about each other’s subjective confidence levels. 

H3a: Confidence matching will occur in both passive and active communication 

conditions. 

H3b: Confidence matching will be stronger in the passive compared to the active 

communication condition. 

Fourth, we examined how confidence matching relates to decision accuracy 

improvements. Based on Pescetelli and Yeung (2022) and Fusaroli et al. (2012), we 

expected a positive relationship between confidence matching and a dyad’s accuracy gain 

for both passive and active communication conditions, but we expected a stronger 

relationship in the passive condition where social information was limited to numerical 

confidence ratings. 

H4a: Confidence matching will positively predict a dyad’s decision accuracy 

improvement in both passive and active communication conditions. 

H4b: The relationship between confidence matching and a dyad’s decision accuracy 

gain will be stronger in the passive compared to the active communication condition. 

Finally, we adopted a person-centred approach to identify distinct psychological 

profiles of dyads based on individual cognitive ability and trait confidence. Building on our 

previous work using LPA (Chapter 3), which identified three distinct dyadic profiles (Low, 
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High, and Amplified Collective Intelligence), we aimed to replicate these findings and extend 

them by identifying psychological profiles across communication conditions. 

Our prior findings revealed that the collective performance of a small number of 

groups exceeded individual capabilities. Dyads in the Amplified Collective Intelligence 

profile performed better as a group than would be predicted by the ability of their individual 

members. This amplification was associated with higher working memory and greater 

inequality in turn-taking, suggesting that asymmetrical collaboration, where the more 

competent member strategically dominates, may support collective gains. 

In this study, we used LPA to assess whether similar psychological profiles would 

emerge under varying communication conditions. Our aim was to determine whether 

different combinations of individual cognitive ability and trait confidence would cluster into 

distinct profiles under different communication conditions. We also aimed to explore whether 

an amplified profile would emerge, similar to our previous study, where dyadic performance 

exceeded their individual abilities. 

H5a: LPA will identify several latent profiles of dyads characterised by distinct 

patterns of individual cognitive ability and trait confidence, and distinct patterns of 

collective performance. 

H5b: At least one profile will demonstrate amplified performance, where dyadic 

performance exceeds the individual abilities of its members. 

4.2 Method 

To examine the role of trait-confidence and type of communication on dyadic 

outcomes, we first developed 3 matched versions of a general knowledge test then we ran a 

pre-screening study on a large sample of individuals (N = 1189) to identify those with high-

trait or low-trait confidence to invite for inclusion in the main study (N = 210). Our selection 
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criteria aimed to recruit individuals who scored beyond ±0.50 standard deviations on trait 

confidence and within ±1.50 standard deviations of the mean on cognitive ability. To keep the 

focus on the final stage of this research, descriptions of the general-knowledge test 

development and the pre-screening study are located in Appendix C. All stages of the study 

were approved by the University of Sydney Human Research Ethics Committee (Project 

Number 2019/706). 

4.2.1 Main Study 

The main study paired participants together based on their level of trait confidence 

measured in the pre-screening study and had them complete 3 matched versions of a general-

knowledge test each under different communication conditions. 

4.2.1.1 Participants 

Participants were 210 Australian psychology undergraduates (52 males; Mean age = 

22.02, SD = 6.12) who completed the study as 105 dyads. All participants previously 

completed the pre-screening study and half were identified high-trait confidence and the other 

half as low-trait confidence. They received either partial course credit or financial 

reimbursement for completing the study. 

4.2.1.2 Measures 

General Knowledge tests. The items for the general-knowledge test were sourced 

from several previous studies (Brewer & Sampaio, 2012; Blanchard et al. 2020; Schuldt et 

al., 2017; Stankov, 1997). Each version was originally composed of 22 two-alternative 

forced-choice items; however, due to poor reliability for decision accuracy, they were reduced 

post-hoc to 10 items. The remaining items covered a broad range of content areas: geography, 

art, music, film, history, science, and vocabulary. For example, What does the word orthodox 

mean? Religious or Conventional* (* indicates the correct answer). The resulting internal 
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consistency estimates for each version were around .60. After each item, participants were 

asked to provide a confidence rating ranging from 50% (guessing) to 100% (completely 

certain) for the correctness of their response. The internal consistency estimates for 

confidence were around .80. The three versions were matched on decision accuracy, decision 

confidence, and content domain. Refer to Appendix C for more information about the general 

knowledge tests (see Tables C1, C2, C3, and C4). 

Esoteric Analogies Test (EAT; Stankov, 1997). This test was administered in the pre-

screening study. It involved participants completing 20 analogies. For each analogy, 

participants were presented with a pair of words and asked to select one of four options that 

reflected the same relationship with a target word. For example, LOVE is to HATE as 

FRIEND is to: (1) LOVER, (2) PAL, (3) OBEY, (4) ENEMY*. Accuracy requires both 

reasoning skills and prior knowledge thus it is a mixed measure of Fluid Reasoning and 

Crystallised Intelligence. Prior research with Australian undergraduate samples reported 

acceptable internal consistency for decision accuracy (ranging from .69 to .74) and excellent 

internal consistency for confidence (ranging from .88 to .94; Jackson et al., 2016a, 2016b; 

Law et al., 2022). 

Raven’s Advanced Progressive Matrices (Raven, 1938-65). This test was administered 

in the pre-screening study. It consists of 36 items, each featuring a 3x3 grid of abstract figures 

forming a horizontal and vertical pattern, with the bottom right figure missing. Participants 

select one of eight possible options to complete the matrix. Accuracy is a measure of Fluid 

Reasoning. The internal consistency is excellent for decision accuracy, ranging from .80 to 

.81, and confidence, ranging from .90 to .92 (Blanchard et al., 2020; Blanchard et al., 2023). 

After responding to each item, participants rated their confidence in their answer on a scale 

from 12.5% (guessing) to 100% (completely certain). In the present study, participants 

completed a short 15-item version. 
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Mini-IPIP (Donnellan et al., 2006). This questionnaire was administered in the pre-

screening study. Participants were presented with 20 statements about their personality, which 

they rated on a five-point scale ranging from “very inaccurate” (1) to “very accurate” (5). For 

example, one item asked participants to rate the accuracy of the statement “Am the life of the 

party.” This scale assesses the Big Five personality traits and has been found to have 

acceptable internal consistency for Agreeableness (.70), Conscientiousness (.69), 

Extraversion (.77), Intellect (.65), and Neuroticism (.68). 

Several additional individual differences measures were administered to participants 

as potential covariates, including behavioural inhibition, empathy, motivational traits, 

psychological safety, risk aversion, social sensitivity, and trust within dyads. The trait 

confidence conditions did not differ significantly on any of these measures; thus, none were 

included as covariates in the main analyses. Detailed descriptions of these individual 

difference measures and the between-group comparisons are provided in Appendix C (see 

Table C5). 

4.2.1.3 Communication Measures 

Conversations between group members were recorded during the active 

communication condition. From these recordings, we calculated the number of words spoken, 

number of speaking turns, the equality of words spoken, and the equality of turn-taking. 

Following Woolley et al. (2010), equality of turn-taking (and equality of words spoken) was 

measured by computing the standard deviation for the total number of speaking turns for both 

dyad members. A value of zero indicated perfect equality, where both members contributed 

an equal number of turns (or words), while higher values reflected increasing levels of 

inequality. For clarity, we referred to this measure as inequality of turn-taking.  
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4.2.1.4 Procedure 

Each session involved two participants forming a dyad, who completed the two-hour 

study online via Zoom. Participants were required to keep their cameras and microphones on 

throughout the session to ensure compliance with instructions. All tasks were completed 

using participants’ own computers through a web browser. Dyads were paired based on their 

trait-confidence levels, which were measured in a pre-screening study. The general 

knowledge tests were administered in a counterbalanced order to mitigate the effects of 

practice and fatigue. After providing consent, participants completed the following sequence 

of measures: demographic questionnaire, Social Motivation Scale, general knowledge tests, 

Trust Scale, Psychological Safety Scale, Empathy Quotient, Reading the Mind in the Eyes, 

BIS BAS, and risk aversion. The order of the general knowledge tests was counterbalanced. 

Participants completed each general knowledge test item twice. The first response was 

always given individually, with no communication permitted between dyad members. The 

second response, referred to as the “dyad” response, varied by the communication condition. 

Each trial functioned as follows. First, both participants viewed the same item and 

independently submitted their responses using a mouse or keyboard. After submitting an 

initial response, participants individually rated their confidence. For the isolated condition, 

participants independently repeated this response and confidence rating procedure a second 

time without any interaction. For the passive condition, after submitting their initial 

individual response and confidence rating, each participant waited for their partner to finish 

responding. Once both individual responses were submitted, each participant viewed their 

partner’s response and confidence rating on screen for 5 seconds. Following this exposure, 

participants independently provided a second response to the same question. For the active 

condition, after both dyad members had submitted their individual responses and confidence 

ratings, participants pressed the spacebar to view the same item again. They were instructed 
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to discuss the question and agree upon a joint response. Responses were not displayed on 

their screens like in the passive condition. Following this discussion, participants submitted 

their joint response and then individually rated their confidence in this joint response. Then 

the process repeated with the next question. This process is displayed in 1. 

Figure 4.1. General Knowledge Test Procedure for Each Communication Condition 

 

4.2.1.5 Statistical Analyses 

Unless otherwise specified, we used linear mixed-effects models (LMMs) to account 

for the hierarchical structure and non-independence of the data. Non-independence is inherent 

to repeated-measures designs, particularly when individual and dyadic responses are 

collected from the same participants. In our data, individuals were nested within dyads which 

were nested within communication conditions. All analyses were conducted at the individual 

level to preserve within dyad variance. 
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For hypotheses 1-4, we systematically compared alternative random effects structures 

and selected the best-fitting model based on model fit indices. Detailed model specifications 

and comparisons are reported in the Appendix C (see Tables C6, C11, and C16), while only 

the final models are reported in the main text.  

To assess hypotheses 5a and 5b, we employed LPA, a person-centred statistical 

approach that identifies unobserved subgroups based on shared patterns on a set of 

psychological variables. In this study, LPA was used to classify dyads into distinct 

psychological profiles based on their levels of cognitive ability and trait confidence. This 

allowed us to investigate whether combinations of these individual-level traits were 

associated with different dyadic performance trajectories, similar to our prior study (Chapter 

3). 

All analyses were conducted using R version 4.4.2. The LMMs were estimated using 

the lme4 and lmerTest packages (Bates et al., 2015; Kuznetsova et al., 2017). The LPA model 

was estimated using the tidyLPA package (Rosenberg et al., 2018). Model selection was 

guided by standard fit indices, including AIC, BIC, entropy, and interpretability of the 

profiles. Because overall model estimates did not provide the specific comparisons required 

to test our hypotheses, we conducted pairwise contrasts. All p-values were adjusted using the 

Holm procedure to control the type I error rate. 

4.3 Results 

 The results of the main study are reported here, with the results of the pre-screening 

study reported in Appendix C. All analyses examining differences between conditions on 

decision accuracy and decision confidence were conducted at the individual level. Both 

individual and dyadic responses were represented by each participant’s average score across 

items, allowing comparisons across experimental conditions. This approach allowed us to 
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account for within-dyad variance and the nested structure of the data by modelling random 

effects for individuals nested within dyads and communication conditions. 

4.3.1 Descriptive Statistics 

4.3.1.1 Decision Accuracy and Decision Confidence 

Table 4.1 presents the descriptive statistics, and internal consistency estimates for 

individuals and dyads for each type of communication and trait confidence condition. Internal 

consistency was measured using Omega total because we assumed unidimensionality but not 

tau-equivalence (McDonald, 1999). 

Table 4.1. Descriptive Statistics and Internal Consistency Estimates for Decision Accuracy 
and Decision Confidence for Each Condition (N = 210; n = 70 per Trait Confidence 
Condition) 

 Individuals Dyads 
  Low Mixed High  Low Mixed High 
Outcome ωt Mean 

(SD) 
Mean 
(SD) 

Mean 
(SD) 

ωt Mean 
(SD) 

Mean 
(SD) 

Mean 
(SD) 

Decision Accuracy         
Isolated .56 72.57 

(18.31) 
77.57 
(14.59) 

75.29 
(19.39) 

.55 74.00 
(17.89) 

77.14 
(15.52) 

74.86 
(18.08) 

Passive .64 74.26 
(15.86) 

76.71 
(16.48) 

75.14 
(19.62) 

.55 82.94 
(11.73) 

81.29 
(14.64) 

81.00 
(16.08) 

Active .56 72.43 
(17.48) 

73.86 
(17.55) 

75.14 
(17.51) 

.53 79.00 
(13.64) 

84.14 
(12.80) 

85.57 
(10.85) 

Decision confidence       
Isolated .82 67.72 

(10.00) 
71.60 
(10.41) 

71.97 
(10.27) 

.83 66.80 
(10.14) 

70.44 
(10.59) 

71.43 
(10.27) 

Passive .79 68.22 
(8.43) 

71.38 
(9.96) 

71.25 
(11.24) 

.80 71.53 
(8.03) 

75.03 
(9.73) 

75.46 
(11.10) 

Active .81 64.15 
(9.24) 

66.08 
(9.32) 

67.90 
(10.21) 

.84 65.79 
(8.99) 

68.10 
(9.14) 

71.88 
(11.11) 

Note. ωt = Internal consistency measured using omega total. 

Internal consistency estimates for decision accuracy were low (Omega total ranged 

from .53 to .64). While these values raise concerns about measurement precision, they were 

considered minimally acceptable given the exploratory nature of the research. Nonetheless, 

caution is warranted when interpreting the findings for decision accuracy. For decision 

confidence, internal consistency estimates were good (.79 to .84).  
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We examined the relationship between decision confidence and accuracy for 

individual responses to assess whether decision confidence was a reliable signal for 

correctness. Across all three communication conditions, the average within-individual 

correlation was positive, indicating that confidence generally tracked accuracy. However, the 

strength of this relationship differed by condition. The passive condition had a significantly 

stronger correlation (r = .44, p < .001, 95% CI = [.40-.48]) than both the isolated (r = .32, p < 

.001, 95% CI = [.28-.36]) and active (r = .27, p < .001, 95% CI = [.23-.31]) conditions, which 

did not significantly differ from each other. These results suggest that decision confidence 

was a more informative signal for decision accuracy in the passive communication condition 

and this difference may have influenced our findings. 

4.3.1.2 Demographic and Individual Difference Measures 

Table 4.2 displays the descriptive statistics and, where relevant, internal consistency 

estimates for the demographic, individual difference, and communication variables. The 

means and standard deviations are as expected given the results of other studies that have 

used the same measures on undergraduate populations (e.g., Blanchard et al., 2020, 2025; 

Jackson et al., 2017; Law et al., 2018; Law et al., 2022). Internal consistency estimates 

ranged from acceptable (.64) to excellent (.91) for all psychological measures. 

ANOVA tests confirmed that education, cognitive ability, and trait confidence 

significantly differed between the three dyad types differing on trait confidence conditions. 

Tukey’s HSD tests indicated that trait confidence and cognitive ability were significantly 

higher for mixed-trait vs low-trait (p < .001 and p < .01, respectively), high-trait vs low-trait 

(p < .001 for both), and high-trait vs mixed-trait (p < .001 for both) confidence dyads. These 

differences in trait confidence confirmed our manipulation check, as they were intended by 

design and resulted from the pre-screening study which identified high-trait (> +0.50 SD) and 

low-trait (< -0.50 SD) confidence individuals. Given that the present study aimed to isolate 
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the influence of trait confidence on dyadic outcomes, we included EAT accuracy and RAPM 

accuracy as covariates when examining the differences between our conditions on the general 

knowledge tests. Furthermore, the trait confidence conditions significantly differed on 

education (F2,207 = 9.99, p < .001). Tukey HSD tests indicated that the high-trait confidence 

dyads had significantly higher levels of education than low-trait (p < .001) and mixed-trait 

confidence dyads (p = .03) but there was no difference between the low-trait and mixed-trait 

conditions (p = .14). Lastly, intellect was significantly higher for those in high-trait compared 

to the low-trait confidence dyads (p = .02), but the other conditions did not differ4. This 

analysis is presented in Appendix C (see Table C10). There were no significant differences 

between the trait confidence conditions on the other measures. 

Table 4.2. Descriptive Statistics and Internal Consistency Estimates for Demographic, 
Individual Difference, and Communication Variables for the Trait Confidence Conditions (N 
= 210; n = 70 Per Trait Confidence Condition) 

  Low Mixed High  
Variable ωt Mean (SD) Mean (SD) Mean (SD) F2, 207 
Age - 20.79 (6.40) 22.61 (6.73) 22.04 (5.33) 1.60 
Education - 1.00 (0.17) 1.30 (1.02) 1.70 (1.23) 9.99*** 
Proportion of females - 0.19 (0.39) 0.30 (0.46) 0.26 (0.44) 1.25 
Cognitive Ability - 56.56 (11.12) 62.64 (13.97) 73.38 (10.78) 35.01*** 
RAPM accuracy .72 50.48 (18.04) 59.71 (19.64) 75.33 (13.82) 36.74*** 
EAT accuracy .64 62.64 (13.10) 65.57 (14.83) 71.43 (13.62) 7.28*** 
Trait Confidence - 53.85 (7.40) 68.53 (16.62) 83.30 (5.22) 127.20*** 
RAPM confidence .91 47.35 (10.57) 64.57 (19.42) 83.02 (8.17) 120.32*** 
EAT confidence .91 60.35 (10.26) 72.49 (16.48) 83.58 (7.51) 65.47*** 
Agreeableness .74 3.85 (0.76) 3.91 (0.69) 3.89 (0.72) 0.12 
Conscientiousness .73 3.22(0.88) 3.38(0.84) 3.40(0.86) 0.89 
Extraversion .85 3.01(0.96) 2.90(0.97) 2.65(0.98) 2.49† 
Intellect .73 3.53(0.80) 3.79(0.71) 3.88(0.69) 4.24* 
Neuroticism .71 3.15(0.77) 3.12(0.86) 3.03(0.90) 0.38 

Note. ωt = internal consistency measured using omega total. 
*** p < .001, ** p < .01, * p < .05, † p < .10 

 
4 To ensure the difference in education did not influence our findings, we re-ran the same analyses reported in 
the next section with education included as a covariate. It was not a significant predictor in any of the models 
and the significance of the fixed effects did not change. 
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4.3.2 Effects of Trait Confidence and Communication on Decision Outcomes 

We fit a series of LMMs to examine the effects of grouping (individual vs. dyad; 

within-subjects), type of communication (isolated vs. passive vs. active; within-subjects), and 

trait confidence (low-trait vs. mixed-trait vs. high-trait; between-subjects) on decision 

accuracy and decision confidence. We included two cognitive ability estimates (i.e., EAT 

accuracy and RAPM accuracy) as covariates to control for the effect of ability. The models 

included random intercepts and slopes for communication across individuals and dyads. Our 

interpretations focused on the three-way interaction effects. Table 4.3 presents the fixed 

effects and Figure 4.2 displays the differences between dyads and individuals in each 

condition for both outcomes. 

Figure 4.2. The Differences Between Dyads and Individuals on Decision Accuracy and 
Decision Confidence for All Conditions 
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Table 4.3. Pairwise Comparisons for Decision Accuracy and Confidence (N = 1256)5 

   Decision 
   Accuracy Confidence 
   b SE b SE 
Main Effects       
Grouping Dyad vs Ind  5.22*** 0.53 1.80*** 0.18 
Communication Passive vs Isolated  3.33* 1.36 2.24** 0.64 
 Active vs Isolated  3.12* 1.29 -2.67*** 0.57 
 Passive vs Active  -0.21 1.33 -4.91*** 0.61 
Trait Confidence Mixed vs Low  2.54 2.16 3.14 1.68 
 High vs Low  1.67 2.32 4.47* 1.81 
 High vs Mixed  -0.87 2.21 1.33 1.72 
RAPM Acc   -0.07† 0.04 -0.06* 0.03 
EAT Acc   0.22*** 0.04 0.15*** 0.03 
Three-Way Simple Effects Interactions   
Trait Confidence Communication Grouping     
     Low      Isolated Dyad vs Ind 1.43 1.58 -0.92† 0.54 
     Mixed      Isolated Dyad vs Ind -0.43 1.58 -1.16* 0.54 
     High      Isolated Dyad vs Ind -0.43 1.58 -0.54 0.54 
     Low      Passive Dyad vs Ind 8.68*** 1.6 3.31*** 0.55 
     Mixed      Passive Dyad vs Ind 4.57** 1.58 3.65*** 0.54 
     High      Passive Dyad vs Ind 5.86*** 1.58 4.21*** 0.54 
     Low      Active Dyad vs Ind 6.57*** 1.58 1.63** 0.54 
     Mixed      Active Dyad vs Ind 10.29*** 1.58 2.02*** 0.54 
     High      Active Dyad vs Ind 10.43*** 1.58 3.98*** 0.54 

*** p < .001, ** p < .01, * p < .05, † p < .10 

4.3.2.1 Baseline Analyses 

First, we examined baseline differences between the conditions by comparing 

individual responses between the communication and trait confidence conditions. This 

allowed the baseline tests and main tests to be conducted within a single model thus 

maintaining control over the Type I error rate. The results of all baseline comparisons are 

presented in Table C8 in Appendix C. 

 
5 N = 210 participants x 2 grouping conditions x 3 communication conditions – 4 missing data points = 1256. 
We checked if education significantly predicted any of the outcomes by refitting the LMMs with education 
included as a covariate. It was not a significant predictor of decision accuracy (b = -1.17, SE = 0.76, t202 = -1.55, 
p = .12) or decision confidence (b = -0.63, SE = 0.59, t201 = 1.07, p = .29). 
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Decision accuracy. No significant differences were found between the conditions on 

decision accuracy at baseline (individual responses). 

Decision confidence. Baseline analyses showed significant differences on decision 

confidence between the communication conditions. Specifically, individuals in the active 

communication condition had lower decision confidence than those in the passive and 

isolated communication conditions across all three trait confidence conditions. Given that 

these differences existed prior to, and cannot be attributed to, the grouping intervention, we 

did not perform between-group simple effects contrasts comparing the communication 

conditions at each level of grouping or trait confidence. 

4.3.2.2 Main Analyses 

4.3.2.2.1 Decision Accuracy 

The overall model for decision accuracy significantly differed from the null model  

(c2 = 176.28, p < .001, R2 = .09). Together, the fixed effects accounted for 9% of the variance 

in decision accuracy.  

Three-Way Interactions. In support of hypothesis 1c and 1d, low-trait confidence 

dyads were significantly more accurate than individuals in the passive condition (b = 8.68, 

SE = 1.60, t619 = 5.41, p < .001) and the active condition (b = 6.57, SE = 1.58, t619 = 5.41,  

p < .001). In addition, the size of the decision accuracy improvements for low-trait 

confidence dyads did not differ between the active and passive communication conditions  

(b = -2.11, SE = 2.25, t619 = -1.58, p = .11). 

For mixed-trait confidence dyads and in support of hypotheses 1a, collective 

judgments were significantly more accurate than individual judgments in the passive 

condition (b = 4.57, SE = 1.58, t619 = 2.89, p < .01) and active communication conditions  
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(b = 10.29, SE = 1.58, t619 = 6.51, p < .001). In support of hypothesis 1b, the magnitude of 

decision accuracy gains were significantly greater in the active compared to the passive 

communication condition (b = 5.71, SE = 2.24, t619 = 2.56, p = .01). 

In support of hypotheses 1e, high-trait confidence dyads were significantly more 

accurate in their collective judgments than individually for both the passive (b = 5.86,  

SE = 1.58, t619 = 3.70, p < .001) and active communication conditions (b = 10.43, SE = 1.58, 

t619 = 6.60, p < .001). In support of hypothesis 1f, the magnitude of decision accuracy 

improvements were significantly larger in the active than the passive communication 

condition (b = 4.57, SE = 2.24, t619 = 2.04, p = .04). 

4.3.2.2.2 Decision Confidence 

The overall model predicting decision confidence significantly differed from the null 

model (c2 = 277.60, p < .001, R2 = .13), with fixed effects explaining 13% of the variance. 

Three-Way Interactions. For the low-trait confidence dyads, collective judgments 

came with significantly higher decision confidence than individual judgments in the passive 

(b = 3.31, SE = 0.55, t619 = 6.01, p < .001) and the active communication conditions (b = 

1.63, SE = 0.54, t619 = 3.01, p < .01). Furthermore, the increase in decision confidence (from 

individual to dyadic responses) was significantly greater in the passive compared to the active 

communication condition (b = -1.68, SE = 0.77, t619 = -2.17, p = .03).  

For mixed-trait confidence dyads, collective judgments came with significantly higher 

decision confidence than those made individually in both passive (b = 3.65, SE = 0.54, t619 = 

6.73, p < .001) and active communication conditions (b = 2.02, SE = 0.54, t619 = 3.72, p < 

.001). Similar to low-trait confidence dyads, those with mixed-trait confidence had 

significantly greater decision confidence gains in the passive compared to the active 

communication condition (b = -1.63, SE = 0.77, t619 = -2.13, p = .03).  
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High-trait confidence dyads exhibited significantly higher decision confidence for 

collective judgments compared to those made individually, in both the passive (b = 4.21,  

SE = 0.54, t619 = 7.76, p < .001) and active communication conditions (b = 3.98, SE = 0.54, 

t619 = 7.33, p < .001). However, unlike the low-trait and mixed-trait confidence dyads, the 

magnitude of their decision confidence gains did not significantly differ between the passive 

and active conditions (b = -0.23, SE = 0.77, t619 = -0.30, p = .76).  

Contrary to hypothesis 2b, dyadic increases in decision confidence were greater in the 

passive than the active communication condition for low-trait and mixed-trait confidence 

dyads but there was no difference for high-trait confidence dyads. 

Additionally, for the active communication condition, high-trait confidence dyads 

showed significantly greater decision confidence compared to both low-trait (b = 2.34,  

SE = 0.77, t619 = 3.05, p < .01) and mixed-trait confidence dyads (b = 1.96, SE = 0.77,  

t619 = 2.55, p = .01), whereas no such difference was observed between low-trait and mixed-

trait confidence dyads (b = 0.38, SE = 0.77, t619 = 0.50, p = .62). Under the passive condition, 

trait confidence had no effect on decision confidence gains. That is, no differences were 

observed between high-trait and low-trait (b = 0.90, SE = 0.77, t619 = 1.16, p = .25), high-trait 

and mixed-trait (b = 0.56, SE = 0.77, t619 = 0.73, p = .47), or low-trait and mixed-trait 

confidence dyads (b = 0.34, SE = 0.77, t619 = 0.44, p = .66).  

In partial support of hypothesis 2a, high-trait confidence dyads had the largest 

increase in decision confidence compared to low-trait and mixed-trait confidence dyads in the 

active condition but not the passive communication condition. 

Interestingly, in the isolated condition where members answered alone both times, the 

second (“dyadic”) response was associated with significantly lower confidence than the first 

individual response in the mixed condition (b = -1.16, SE = 0.54, t619 = -2.13, p = .03) and 
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this difference approached significance in the low condition (b = -0.92, SE = 0.54, t619 = -

1.70, p = .09). 

4.3.2.3 Confidence Matching 

We examined whether dyads engaged in confidence matching at the item level, a 

process where participants’ dyadic confidence judgments became more similar to their 

partner’s individual confidence judgements. We also explored whether the extent of 

confidence matching varied by communication condition or trait confidence.  

To investigate, we first calculated the difference between each participant’s dyadic 

and individual decision confidence ratings for each item, representing the change in decision 

confidence caused by interaction. We then aligned each participant’s change in decision 

confidence with their teammate’s individual decision confidence rating for the same item. 

Finally, we fit a LMM using the teammate’s individual decision confidence, communication 

type, and trait confidence to predict the change in decision confidence while controlling for 

differences in two cognitive abilities. If confidence matching occurred, then a dyad member’s 

individual decision confidence would predict their partner’s change in decision confidence, 

particularly for the passive and active communication conditions where interaction was 

permitted. A higher regression coefficient for confidence matching indicated greater 

alignment in dyadic decision confidence ratings. 

The final model included three-way interaction terms and random intercepts for group 

and item number. Table 4.4 presents the fixed effects relevant to confidence matching. Figure 

4.3 displays the modelled slopes for confidence matching across communication and trait 

confidence conditions. The full model results are available in Appendix C (see Tables C13, 

C14, and C15). 
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Table 4.4. Main Effects and Simple Interaction Contrasts for Confidence Matching (N = 
6280)6 

Main Effect b SE t 
     Teammate’s Individual Confidence 0.15 0.01 20.30*** 
Interaction Effects for Teammate’s Individual Decision confidence 
Communication Trait Confidence    
     Isolated Low 0.02 0.02 1.14 
     Isolated Mixed -0.02 0.02 -0.86 
     Isolated High 0.02 0.02 1.05 
     Passive Low 0.28 0.02 13.46*** 
     Passive Mixed 0.20 0.02 10.85*** 
     Passive High 0.23 0.02 12.74*** 
     Active Low 0.19 0.02 8.54*** 
     Active Mixed 0.23 0.02 10.86*** 
     Active High 0.17 0.02 8.65*** 

*** p < .001 

The overall model significantly differed from the null model (c2 = 674.58, p < .001, 

R2 = .14), accounting for 14% of the variance in confidence matching. The main effect of 

confidence matching was significant (b = 0.15, SE = .01, t2811 = 20.30, p < .001). Additional 

analyses demonstrated that the relationship between a dyad member’s shift in decision 

confidence and their partner’s individual level of decision confidence was moderated by the 

type of communication and trait confidence. Specifically, there were significant positive 

slopes in the passive (low-trait: b = 0.28, SE = 0.02, t4673 = 13.46, p < .001; mixed-trait:  

b = 0.20, SE = 0.02, t4528 = 10.85, p < .001; and high-trait: b = 0.23, SE = 0.02, t5092 = 12.74, 

p < .001) and active (low-trait: b = 0.19, SE = 0.02, t5791 = 8.54, p < .001; mixed-trait:  

b = 0.23, SE = 0.02, t5942 = 10.86, p < .001; high-trait: b = 0.17, SE = 0.02, t6116 = 8.65,  

p < .001) communication conditions, suggesting that dyad members tended to align their 

decision confidence in both communication conditions that permitted interaction. In contrast, 

this relationship did not emerge in the isolated condition (low-trait: b = 0.02, SE = 0.02,  

 
6 210 participants x 3 communication conditions x 10 items – 20 missing data points = 6280. 
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t6067 = 1.14, p = .26; mixed-trait: b = -0.02, SE = 0.02, t5751 = -0.86, p = .39; high-trait:  

b = 0.02, SE = 0.02, t5948 = 1.05, p = .30). 

Furthermore, the magnitude of confidence matching slopes did not differ between the 

passive and active conditions for any of the trait confidence conditions (low-trait: b = 0.08, 

SE = 0.03, t5398 = 2.74, p = .10; mixed-trait: b = -0.03, SE = 0.03, t5447 = -1.11, p = 1.00; high-

trait: b = 0.06, SE = 0.03, t5806 = 2.10, p = .54).  

In support of hypothesis 3a, confidence matching emerged in both the passive and 

active conditions. However, the magnitude of the confidence matching effects did not differ 

between the passive and active conditions, thus, hypothesis 3b was not supported.  

Figure 4.3. Confidence Matching for the Communication and Trait Confidence Conditions 

 

Next, we investigated whether confidence matching predicted the change in a dyad’s 

decision accuracy at the aggregate level. For each individual, we estimated simple slopes that 

captured the relationship between a dyad member’s decision confidence shift and their 

teammate’s individual decision confidence across items. We then entered the confidence 

matching slopes, communication type, and trait confidence (plus our two measures of 
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cognitive ability as covariates) into the model to predict the change in decision accuracy 

(difference between overall dyadic accuracy and individual accuracy). The final model 

included fixed effects only and two-way interactions. Table 4.5 presents the fixed effects. Full 

model details are provided in Appendix C (see Tables C18 and C19). Figure 4.4 illustrates the 

modelled slopes for the relationships between confidence matching and the decision accuracy 

change for the communication and trait confidence conditions. 

The overall model was significant (F15,600 = 7.19, p < .001, R2 = .15), accounting for 

15% of the variance in the change in decision accuracy. The relationship between confidence 

matching and the change in decision accuracy was significant overall (b = 0.06, SE = 0.02, 

t600 = 2.75, p < .01). Further analyses showed that this relationship was moderated separately 

by the type of communication and trait confidence. Specifically, in the passive condition 

there was a significant positive relationship (b = 0.15, SE = 0.04, t600 = 3.74, p < .001), 

suggesting that greater confidence alignment predicted decision accuracy gains for dyads. In 

contrast, no relationship was observed in the isolated condition (b = 0.01, SE = 0.05,  

t600 = 0.13, p = .90) or the active communication condition which approached but did not 

reach significance (b = 0.04, SE = 0.02, t600 = 1.69, p = .09). Furthermore, the magnitude of 

the relationship between confidence matching and decision accuracy did not significantly 

differ for the passive compared to active condition (b = 0.11, SE = 0.05, t600 = 2.28, p = .07), 

although it approached significance. For trait confidence, there was a significant positive 

relationship in the low-trait confidence condition (b = 0.09, SE = 0.03, t600 = 2.73, p < .01) 

but not in the mixed-trait (b = 0.07, SE = 0.04, t600 = 1.84, p = .07) or high-trait confidence 

conditions (b = 0.03, SE = 0.04, t600 = 0.88, p = .38).  

In partial support of hypothesis 4a, confidence matching positively predicted a dyad’s 

improvement in decision accuracy under the passive but not the active communication 

condition. Given that the magnitude of the relationship between confidence matching and a 
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dyad’s decision accuracy gains did not differ for the passive and active communication 

conditions, hypothesis 4b was not supported. 

Table 4.5. Main Effects and Simple Interaction Contrasts for Confidence Matching 
Predicting the Change in Decision Accuracy (N = 628) 

Variable Condition Decision Accuracy Change 
Main Effect b SE t 
     Confidence Matching  0.06 0.02 2.75** 
Interaction Effects 
     Confidence Matching Isolated 0.01 0.05 0.13 
     Confidence Matching Passive 0.15 0.04 3.74*** 
     Confidence Matching Active 0.04 0.02 1.69† 
     Confidence Matching Low 0.09 0.03 2.73** 
     Confidence Matching Mixed 0.07 0.04 1.84† 
     Confidence Matching High 0.03 0.04 0.88 

*** p < .001, ** p < .01, † p < .10 

Figure 4.4. The Relationship Between Confidence Matching and the Change in Decision 
Accuracy for the (A) Communication and (B) Trait Confidence Conditions 

 

4.3.3 The Psychological Profiles of Dyads 

LPA does not inherently account for hierarchical data structures; therefore, we were 

unable to model the nesting of individuals within dyads directly. To address this, we 

conducted LPA at the dyad level. That is, we averaged the scores of both dyad members on 
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each psychological variable to produce a single set of values per dyad. The psychological 

profiles were then estimated via LPA using the dyad-level dataset (N = 105). 

4.3.3.1 Selecting an LPA solution.  

LPA was performed for solutions with 2-6 classes on eight predictor variables. These 

variables were cognitive ability, trait confidence, and the three dyadic measures of decision 

accuracy and decision confidence for the communication conditions. Scores for the isolated 

communication condition represented individuals because there was no interaction between 

dyad members. Goodness of fit statistics were used to identify the number of latent profiles 

(Clark & Muthén, 2009; Henson et al., 2007; Marsh et al., 2009; Spurk et al., 2020). 

Assessment of the indices and examination of the profiles within each model suggested a 4-

Class solution was the best fitting model (See Figure 4.5). Refer to Appendix C for a detailed 

summary of this assessment process (see Table C20 and Figure C4). 

Figure 4.5. Mean Scores for the Four Latent Profiles 
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4.3.3.2 Interpretation of the Four Profiles 

Each of the four profiles had the following percentage of participants: 35.24% in 

Class 1 (n = 37), 37.14% in Class 2 (n = 39), 16.19% in Class 3 (n = 17), and 11.43% in Class 

4 (n = 12). The profiles differed significantly on dyadic decision accuracy and decision 

confidence measured under the communication conditions, and cognitive ability and trait 

confidence. The profiles were interpreted as follows: 1) Consistent High Performers: Dyads 

with high cognitive ability and trait confidence who consistently achieved high performance 

regardless of the communication condition; 2) Effective Collaborators: Dyads with low 

cognitive ability and trait confidence who consistently performed at a moderate level, 

irrespective of the communication condition; 3) Communication-Enhanced Underachievers: 

Dyads high on cognitive ability and trait confidence who performed poorly in the isolated and 

passive communication conditions but achieved moderate performance under active 

communication; 4) Silent Overachievers: Dyads with low cognitive ability and trait 

confidence who performed poorly in the isolated and active communication conditions but 

achieved moderate performance under passive communication. These results support 

hypotheses 5a and 5b. 

4.3.3.3 Differences Between the Four Profiles 

First, we conducted Fisher’s Exact Test on the frequency of trait confidence 

membership within each LPA profile. The test revealed that observed frequencies 

significantly differ from the expected frequencies (p < .001). Table 4.6 displays the observed 

and expected frequencies and the standardised residuals. The standardised residuals (more 

extreme than ±2) indicate that low trait confidence dyads were underrepresented in the 

Consistent High Performers and Communication-Enhanced Underachievers profiles and 

overrepresented in the Effective Collaborators and Silent Overachievers profiles. The 
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opposite was observed for high trait confidence dyads. Observed profile membership did not 

differ from expected membership for mixed trait confidence dyads. 

Table 4.6. Frequency Table for Membership in Trait Confidence Conditions and the LPA 
Profiles 

 Trait confidence 
 Low Mixed High 
Frequencies: O(E)    
     Consistent High Performers 4 (12) 13 (12) 20 (12) 
     Effective Collaborators 22 (13) 16 (13) 1 (13) 
     Communication-Enhanced  
     Underachievers 

0 (6) 4 (6) 13 (6) 

     Silent Overachievers 9 (4) 2 (4) 1 (4) 
Std. Residuals    
     Consistent High Performers -3.61 0.29 3.32 
     Effective Collaborators 3.86 1.29 -5.14 
     Communication-Enhanced  
     Underachievers 

-3.18 -0.94 4.12 

     Silent Overachievers 3.25 -1.30 -1.95 
Note. O = observed frequency. E = expected frequency. 

We conducted a series of univariate ANOVAs to identify differences between the 

profiles on the individual difference variables not included in the LPA model. These variables 

included: social sensitivity, inequality of communication, total communication, proportion of 

females, big-five personality traits, psychological safety, trust, empathy, BIS/BAS scales, 

social motivation traits (i.e., proself, prosocial, and fearful), and risk aversion. These 

constructs are described in detail in Appendix C. See Table 4.7 and Figure 4.6 for a summary 

of the results of these analyses. 

The series of ANOVAs revealed that the four LPA profiles significantly differed on 

the inequality of words spoken (F3,100 = 4.33, p < .01, hp2 = .11), total number of speaking 

turns (F3,100 = 3.73, p = .01, hp2 = .10), proportion of females (F3,101 = 2.79, p = .04,  

hp2 = .08), disagreement, (F3,101 = 6.26, p < .001, hp2 = .16), and extraversion (F3,101 = 4.01, 

 p < .01, hp2 = .11). The differences including the effect sizes were small, with partial eta 

squared values ranging from .08 to .16. Tukey-Kramer post-hoc tests were conducted on the 
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significant outcomes to test differences between the profiles. Post-hoc tests indicated that 

Consistent High Performers (M = 78.39, SD = 57.07) had significantly lower inequality of 

words spoken than Effective Collaborators (M = 148.62, SD = 113.51, p < .01). Furthermore, 

Consistent High Performers (M = 99.67, SD = 22.98) had significantly fewer speaking turns 

than Communication-Enhanced Underachievers (M = 125.59, SD = 37.14). Additionally, 

Consistent High Performers (M = 28.38, SD = 15.90) had significantly less disagreement than 

Effective Collaborators (M = 43.59, SD = 17.24, p < .001). Lastly, Communication Enhanced 

Underachievers (M = 9.38, SD = 2.32) had significantly lower extraversion than Consistent 

High Performers (M = 11.55, SD = 3.02, p = .04), Effective Collaborators (M = 11.86,  

SD = 2.67, p = .01), and Silent Underachievers (M = 12.38, SD = 2.47, p = .02). After 

controlling the type I error rate, there were no differences between the profiles on the 

proportion of females. 

Figure 4.6. Differences Between the Four Latent Profiles 



  

Table 4.7. Results of ANOVAs for the Differences Between LPA Profiles (N = 105) 

       Contrast tests 
Measure Consistent High 

Performers 
Mean (SD) 

Effective 
Collaborators 
Mean (SD) 

Communication-
Enhanced 
Underachievers 
Mean (SD) 

Silent 
Overachievers 
Mean (SD) 

F3,101 hp
2 c1-2 c1-3 c1-4 c2-3 c2-4 c3-4 

Woolley et al. (2010) variables          
   Social sensitivity 79.73 (17.52) 73.93 (16.35) 73.53 (14.8) 73.61 (18.41) 1.01 .03 .44 .59 .69 1.00 1.00 1.00 
   Number of females 0.66 (0.35) 0.83 (0.26) 0.82 (0.25) 0.67 (0.25) 2.79* .08 .06

†
 .25 1.00 1.00 .33 .50 

   Inequality of turn taking 2.47 (1.93) 2.59 (2.24) 3.62 (4.97) 1.71 (1.30) 1.26 .04 1.00 .48 .83 .56 .76 .25 
Other variables            
   Inequality of Words 78.39 (57.07) 148.62 (113.51) 116.01 (121.96) 72.01 (44.65) 4.33** .11 <.01** .52 1.00 .62 .07

†
 .59 

   Total Talking Turns 99.67 (22.98) 111.72 (30.17) 125.59 (37.14) 99.58 (24.09) 3.73* .10 .27 .01* 1.00 .34 .57 .08
†
 

   Total Words Spoken 727.31 (284.63) 905.15 (381.36) 940.18 (402.01) 732 (294.81) 2.58
†
 .07 .12 .16 1.00 .99 .43 .38 

   Disagreement 28.38 (15.90) 43.59 (17.24) 38.24 (13.34) 41.67 (14.03) 6.26*** .16 <.001*** .15 .06† .65 .98 .94 
   Agreeableness 15.54 (2.17) 15.64 (1.96) 15.38 (1.76) 15.46 (2.55) 0.07 .00 1.00 .99 1.00 .97 .99 1.00 
   Conscientious 13.34 (2.08) 13.26 (2.77) 13.65 (3.08) 13.12 (2.31) 0.12 .00 1.00 .98 .99 .95 1.00 .95 
   Extraversion 11.55 (3.02) 11.86 (2.67) 9.38 (2.32) 12.38 (2.47) 4.01** .11 .96 .04* .80 .01* .94 .02* 
   Intellect 14.85 (2.79) 14.92 (2.51) 15.41 (2.08) 14.58 (1.87) 0.30 .01 1.00 .87 .99 .91 .98 .81 
   Neuroticism 12.24 (2.52) 12.60 (2.27) 12.06 (2.72) 12.71 (2.24) 0.32 .01 .92 .99 .94 .87 1.00 .89 
   Psychological Safety 5.77 (0.51) 5.66 (0.56) 5.56 (0.51) 5.42 (0.69) 1.40 .04 .85 .57 .24 .91 .54 .91 
   Trust 4.11 (0.35) 4.14 (0.35) 4.04 (0.37) 4.22 (0.46) 0.57 .02 .99 .92 .82 .81 .91 .59 
   Empathy 41.38 (8.76) 44.73 (7.59) 44.97 (6.8) 45.08 (9.34) 1.47 .04 .28 .44 .52 1.00 1.00 1.00 
   BIS Total 21.78 (2.53) 22.29 (2.51) 21.68 (1.92) 21.79 (2.73) 0.40 .01 .80 1.00 1.00 .82 .93 1.00 
   BAS Drive 10.77 (1.59) 10.99 (1.73) 10.88 (1.42) 11.42 (1.68) 0.49 .01 .94 1.00 .63 1.00 .85 .82 
   BAS Fun 12.38 (1.54) 11.73 (1.63) 12.00 (1.41) 12.08 (1.65) 1.09 .03 .28 .84 .94 .93 .90 1.00 
   BAS Reward 17.07 (1.55) 17.24 (1.44) 17.12 (1.50) 17.75 (1.06) 0.70 .02 .95 1.00 .49 .99 .72 .66 
   Proself Motivation -0.02 (0.31) -0.01 (0.28) -0.04 (0.33) 0.13 (0.44) 0.75 .02 1.00 1.00 .53 .98 .60 .52 
   Prosocial Motivation 0.02 (0.33) 0.03 (0.35) 0.00 (0.27) -0.15 (0.50) 0.79 .02 1.00 1.00 .49 .99 .46 .71 
   Fearful Motivation -0.05 (0.36) 0.03 (0.36) -0.03 (0.39) 0.10 (0.41) 0.66 .02 0.74 1.00 .62 .94 .96 .81 
   Risk Aversion 4.49 (1.28) 4.59 (1.82) 4.59 (1.23) 4.62 (1.79) 0.04 .00 0.99 1.00 .99 1.00 1.00 1.00 

Note. hp
2 = partial eta squared; c = contrast. Significant F values, relevant eta squared values, and contrast tests are in bold. 

*** p < .001, ** p < .01, * p < .05, 
†
p < .10
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4.4 Discussion 

In the present study, we examined how trait confidence and the type of 

communication influenced decision accuracy, decision confidence, and confidence matching 

in dyads. By selecting participants with similar cognitive abilities and statistically controlling 

for it, we ensured that the observed effects primarily reflected differences in trait confidence 

rather than ability. This study offers several novel contributions: 1) we demonstrated that trait 

confidence moderates dyadic gains in both decision accuracy and confidence; 2) we observed 

that these moderating effects depend on the mode of communication (passive vs active); 3) 

we showed that confidence matching naturally emerges when dyads engage in realistic verbal 

interactions; and 4) we identified distinct psychological profiles of dyadic performance. 

4.4.1 Decision Accuracy: Interaction of Communication and Trait Confidence 

Consistent with prior research, we observed a “two heads are better than one” effect 

when dyads were allowed to communicate (both passive and active; e.g., Bahrami et al., 

2010; 2012a; Koriat, 2015). Importantly, we extended previous findings by showing that the 

size of this dyadic advantage depended on both the dyad’s trait confidence composition and 

the type of communication. Specifically, mixed-trait and high-trait confidence dyads 

demonstrated larger accuracy improvements in the active communication condition, whereas 

low-trait confidence dyads benefitted equally from passive and active communication. These 

effects are unlikely to reflect differences in cognitive ability, as cognitive ability was 

constrained during recruitment and statistically controlled for in our analyses. We also 

observed no baseline accuracy differences between trait confidence conditions and found 

comparable overall gains across trait confidence conditions, though these occurred under 

different communication conditions.  
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For mixed-trait confidence dyads, these findings support the confidence matching 

theory (Bang et al., 2017) which suggests that large initial discrepancies in decision 

confidence can undermine collective performance. Under passive communication, where 

members can view each other’s answers but cannot clarify or negotiate, such discrepancies 

may limit information integration, especially if the high-trait confidence member dominates 

decisions. In contrast, active verbal communication may have reduced this asymmetry, likely 

by compelling high-trait confidence members to engage more openly with their partner’s 

perspective. This aligns with Koriat’s (2024) proposal that confidence reflects response 

replicability: high-trait confidence individuals may rigidly adhere to initial judgments unless 

prompted to revise them through richer social interaction and consensus. 

Dyads composed of similarly confident members showed distinct patterns. Low-trait 

confidence dyads achieved consistent accuracy gains across both communication types, 

suggesting a general openness to external input and greater willingness to revise initial 

judgments (Koriat, 2024). By contrast, high-trait confidence dyads, showed larger accuracy 

improvements under active verbal discussion, likely because verbal interaction forced 

reconsideration of their judgments. Under passive conditions, high-trait dyads may have 

discounted their partner’s input, relying more heavily on their own judgments. 

Together, our findings reinforce the central claim of the confidence theory: that 

communicating subjective decision confidence enhances dyadic performance (Bahrami et al., 

2010). More importantly, our results highlight that trait confidence shapes how 

communication influences joint accuracy. Verbal communication appears more important 

when a dyad contains at least one high-trait confidence member. Considering trait confidence 

could help improve dyadic decision-making outcomes. 
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4.4.2 Decision Confidence: Passive Gains and Active Uncertainty 

We replicated a well-established finding that dyads have higher-decision confidence 

than individuals (e.g., Sniezek & Henry, 1989; Zarnoth & Sniezek, 1997). Importantly, this 

increase in confidence was not uniform across dyads. Consistent with our previous finding 

(Blanchard et al., 2020), we found that trait confidence moderated dyadic confidence gains 

but only under active communication. Specifically, dyads composed of high-trait confidence 

members showed the largest increases in decision confidence during verbal discussion. This 

contrasts with Schuldt et al. (2017), who reported greater confidence gains for low-trait 

confidence dyads. This discrepancy likely stems from methodological differences in 

measuring trait confidence. Our approach, like Blanchard et al. (2020), employed multiple 

validated cognitive tests that reliably captured stable, domain-general individual differences 

in trait confidence. Alternatively, Schuldt and colleagues used a single matched version of 

their general knowledge test with no correlation between decision accuracy and confidence. 

Their measure may not have been tapping into the confidence trait. 

Our findings suggest a nuanced relationship between communication, trait 

confidence, and dyadic confidence gains. Low-trait and mixed-trait confidence dyads 

experienced larger increases in decision confidence in the passive condition, whereas high-

trait confidence dyads showed greater increases in the active condition. This pattern suggests 

that verbal discussion makes uncertainty more salient, as it requires dyad members to 

consider alternative viewpoints and openly debate (Tindale & Sheffey, 2002). Low-trait 

confidence members, who are generally less decisive (Jackson et al., 2017), may be 

especially sensitive to this explicit uncertainty, potentially dampening their decision 

confidence in the active communication condition. 

This interpretation aligns with prior work by Pescetelli and Yeung (2020), who found 

that decision confidence increases following initial agreement and decreases after 
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disagreement. In our task, similar to prior studies, dyads agreed on a large majority of trials 

(Koriat, 2015 reported 82% agreement; our sample was similar), so high levels of agreement 

likely amplified overall decision confidence. However, active communication may highlight 

the presence of disagreement more clearly than passive communication, especially for low-

trait confidence individuals. We speculate that trait confidence may moderate how dyads 

respond to agreement and disagreement at the item-level under active communication. Our 

results suggest that high-trait confidence individuals may increase more in decision 

confidence when agreement occurs, and low-trait confidence members may decrease in 

decision confidence more when disagreement occurs. 

Two key insights emerge from our findings. First, passive communication may boost 

dyadic confidence more than active discussion by obscuring awareness of disagreement. 

Second, trait confidence moderates how dyads respond to collaboration, shaping both the 

magnitude and direction of confidence gains. These findings refine our understanding of 

when and why dyadic confidence is amplified and highlight the importance of considering 

individual differences in trait confidence in models of collaborative decision making.  

4.4.3 Confidence Matching: Communication Mode Matters 

We found evidence that confidence matching naturally occurs under both passive and 

active communication, and it occurred independently of trait confidence. Crucially, 

confidence matching predicted decision accuracy improvements in the passive but not the 

active communication condition. Several factors may have contributed to this difference. 

First, the nature of communication differed distinctly between the conditions. Passive 

communication explicitly provided numeric confidence values, offering a precise heuristic for 

identifying correct responses. Active verbal communication involved richer discussion but 

more ambiguous communication of decision confidence, reducing reliance on precise 
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numerical confidence ratings (Fusaroli et al., 2012). Thus, despite rapid confidence 

alignment, numeric based confidence matching in the passive condition may have had greater 

predictive power due to its precision and clarity. 

Second, the baseline correlation between decision confidence and accuracy was 

significantly stronger in the passive (r = .42) compared to the active communication 

condition (r = .28). This difference implies that decision confidence provided a more reliable 

accuracy signal in the passive condition, possibly making confidence matching a more 

effective predictor of decision accuracy gains. Future research could test whether stronger 

baseline confidence-accuracy correlations amplify the effectiveness of confidence matching. 

Third, our brief task and lack of feedback likely limited the strength of confidence 

matching effects, particularly under more complex verbal interactions. Longer tasks, like 

those used by Bang et al. (2017) and Pescetelli & Yeung (2022), might yield stronger effects, 

especially as dyads tend to develop a shared mostly non-numeric language for the expression 

of confidence when communicating verbally (Fusaroli et al., 2012). Notably, the relationship 

between confidence matching and decision accuracy gains approached significance under 

active verbal interaction, suggesting that a clearer effect may emerge under different task 

conditions.  

Interestingly, although confidence matching predicted decision accuracy gains in the 

passive condition, dyads in the active condition demonstrated larger overall accuracy 

improvements. This suggests that mechanisms beyond confidence alignment played 

substantial roles in the active condition. For example, argument quality has been shown to 

overcome the influence of confidence in collective decisions (Trouche et al., 2014). These are 

important considerations for future studies. 
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4.4.4 Distinct Psychological Profiles of Dyads 

Our LPA identified four distinct profiles describing dyadic behaviour across 

communication conditions, largely corresponding with trait confidence levels. High-trait 

confidence dyads typically formed either Consistent High Performers (~35% of all dyads) or 

Communication-Enhanced Underachievers (~16% of all dyads), whereas low-trait confidence 

dyads were mostly classified as Effective Collaborators (~37% of all dyads) or Silent 

Overachievers (~11% of all dyads). Mixed-trait confidence dyads were relatively evenly 

distributed among the four profiles.  

These findings reinforce that trait confidence can inform the formation of dyads based 

on communication conditions. Specifically, high-trait confidence dyads maintain or improve 

performance most effectively under active communication, whereas low-trait confidence 

dyads perform equally well or better under passive communication. While we limited 

variability in cognitive ability to isolate the effects of trait confidence, prior research has 

demonstrated the importance of cognitive similarity and dyadic accuracy (e.g., Bahrami et al., 

2010), suggesting that dyad composition should consider both cognitive ability and trait 

confidence. 

The four profiles also differed on several psychological and coordination constructs 

tested outside the LPA model. Consistent High Performers, who excelled under active 

communication, exhibited lower inequality of words spoken and fewer disagreements than 

Effective Collaborators, though these differences did not extend to the lower performing 

profiles. Similarly, Consistent High Performers used fewer speaking turns than 

Communication-Enhanced Underachievers under active communication, indicating that 

focused and efficient interactions may underpin their strong performance. Furthermore, 

Communication-Enhanced Underachievers displayed lower extraversion scores than the other 
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profiles, suggesting that limited sociability or assertiveness may impede their performance, 

requiring active communication to partially mitigate this deficit.  

Interestingly and contrary to prior research linking collective intelligence to social 

sensitivity, equality of turn-taking, and the proportion of females (e.g., Aggarwal et al., 2019; 

Engel et al., 2014, 2015; Woolley et al., 2010), we did not observe systematic differences on 

these variables between the profiles. This indicates that trait confidence, cognitive ability, and 

efficient communication styles may outweigh these factors in driving dyadic performance.  

Overall, the LPA results complement our LMM findings, confirming that both trait 

confidence and the communication type shape how dyads coordinate, negotiate, and perform 

collaboratively. High-trait confidence dyads consistently excel, likely influenced by efficient 

communication and lower levels of disagreement, while low-trait confidence dyads benefit 

from simpler, passive communication conditions. These findings highlight the combined 

importance of individual attributes (i.e., trait confidence, cognitive ability, and personality) 

and group-level communication dynamics in determining distinct trajectories of dyadic 

performance. 

4.4.5 Implications and Contributions to Theory 

Our findings have important theoretical implications for the confidence-matching 

literature. For example, Pescetelli and Yeung (2022) raised the “similarity hypothesis” which 

states that observed confidence matching could reflect pre-existing similarities rather than 

interaction driving convergence. Our results with mixed-trait confidence dyads provide direct 

evidence that confidence matching naturally emerges due to social interaction rather than pre-

existing similarity. Despite these dyads comprising members with substantially different 

baseline levels of trait confidence, confidence matching occurred only in conditions that 

permitted communication. 
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Our findings also offer insights into the “two heads are better than one” effect by 

demonstrating that trait confidence significantly moderates dyadic accuracy benefits and 

decision confidence gains through communication. This suggests trait confidence may 

influence how effectively dyads collaborate, share information, and possibly calibrate their 

confidence judgments during collective tasks. 

Our findings also hold important implications for human-AI collaboration. Recent 

research indicates that large language models display overconfidence when faced with novel 

or challenging problems that are not well represented in their training data (Phan et al., 2025). 

This tendency could limit their effectiveness in collaborative decision-making contexts where 

decision accuracy is critical. However, research also shows that hybrid collectives combining 

human and AI inputs typically outperform both human-only and AI-only groups (Zöller et al., 

2024). Our study contributes to this emerging literature by suggesting that individual 

differences in human trait confidence might further optimise such hybrid collaborations. 

Specifically, pairing humans with complementary levels of trait confidence with AI systems 

may mitigate the AI’s overconfidence by introducing beneficial uncertainty, thus promoting 

more accurate and calibrated joint decisions. Future research should explore whether human 

trait confidence influences the outcomes of human-AI collaboration. 

4.4.6 Practical Implications 

Our findings have several practical implications for organizations, managers, and 

groups. For high-trait and mixed-trait confidence dyads, active verbal communication 

maximized dyadic accuracy, whereas low-trait confidence dyads performed equally well with 

simpler passive communication. Given that passive communication requires fewer 

organizational resources (i.e., shorter meetings, reduced logistical overhead, and lower 

financial costs) and fewer individual resources (i.e., less time spent on task and lower 

cognitive load), passive communication may be ideal for low-trait confidence dyads. 
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Conversely, high-trait and mixed-trait confidence dyads face a resource-accuracy trade-off, 

with active communication enhancing decision accuracy but requiring additional time and 

effort. Managers could optimize dyadic performance and resource allocation by strategically 

pairing individuals according to trait confidence and selecting suitable communication 

methods. Passive communication may be sufficient for high-trait or low-trait confidence 

dyads when maximizing decision accuracy is less critical, but active verbal discussion is 

necessary for mixed-trait confidence dyads to reliably achieve the benefits of collective 

decision making. 

4.4.7 Limitations and Future Directions 

Several limitations highlight areas of focus for future research. First, although our 

general knowledge tests provided valuable insights, their internal consistency for decision 

accuracy was low (.53-.64) which suggests that caution is warranted when interpreting the 

associated findings. The heterogenous range of topics (e.g., art, history, geography, science, 

film) may have contributed to the lower reliability. Future studies should employ validated 

measures of general knowledge to enhance reliability and replicate our findings. 

Second, our tests contained only 10 items each. Although confidence matching 

emerges rapidly (Pescetelli and Yeung, 2022), the brevity of our tests may have constrained 

its relationship with decision accuracy, especially under active communication. Longer tasks 

should allow dyad members to better calibrate their confidence scales. 

Third, to disentangle the relationship between trait confidence and cognitive ability, 

we restricted variability in cognitive ability to approximately ±1.50 SD of the mean. 

Although this enabled clearer conclusions about trait confidence, it limits generalisability. 

Dyads with more pronounced ability differences might experience outcomes that differ from 

our findings, particularly given that substantial ability differences can undermine dyadic 
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benefits (e.g., Bahrami et al., 2010; Bang et al., 2017). Future studies should explore how 

cognitive ability differences interact with trait confidence in dyadic decision-making. 

Lastly, our tests involved non-misleading items where the confidence-accuracy 

correlation is typically positive. An interesting direction for future research would be to 

examine whether confidence matching emerges for misleading items, where confidence 

negatively relates to decision accuracy. This could help to further delineate the boundary 

conditions for confidence matching as an effective heuristic strategy. 

4.4.8 Conclusion 

Our findings extend our understanding of dyadic decision-making by characterising 

how individual differences in trait confidence and communication jointly shape dyadic 

decision accuracy, decision confidence, and confidence matching. We found evidence that 

trait confidence moderates both decision accuracy and confidence gains in dyadic decision 

making, especially under conditions enabling active verbal communication. We also 

demonstrated that confidence matching occurs naturally when verbal interaction is permitted, 

extending prior research beyond artificial numeric confidence conditions into more realistic 

verbal communication contexts. Critically, we found that confidence matching predicted 

improvements in decision accuracy under passive communication when only numeric 

confidence ratings were shared. In contrast, richer verbal interactions with more ambiguous 

expressions of confidence led to even greater decision accuracy gains, likely through other 

mechanisms. Our findings highlight the relationship between confidence matching and 

decision accuracy as nuanced and likely contingent upon the type of communication. By 

demonstrating the importance of trait confidence and communication mode, our research may 

inform future recommendations for enhancing dyadic decisions. 
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Chapter 5: General Discussion 

5.1 General Overview 

This thesis reports on a series of three studies investigating how individual differences 

in cognitive ability, trait confidence, and communication shape the 2HBT1 effect and dyadic 

decision confidence across dynamic and static task conditions. The studies were designed to 

move from broader environmental influences (i.e., task conditions) toward a more fine-

grained examination of psychological factors (e.g., trait confidence). Together they form a 

cohesive investigation into the boundary conditions of the 2HBT1 effect and the 

psychological underpinnings of dyadic decision-making. 

Study 1 served as the starting point. It examined the 2HBT1 effect in a dynamic 

decision environment where task conditions change rapidly and information is 

asymmetrically distributed between dyad members. This study also investigated how 

communication quality related to the 2HBT1 effect (Chapter 2). Study 2 shifted the focus to 

examine the 2HBT1 effect for static, well-structured tasks. It provided a controlled context to 

investigate the influences of cognitive ability, metacognitive confidence, and communication 

on dyadic collective intelligence (Chapter 3). Study 3 extended these findings by 

investigating moderators of the 2HBT1 effect for static, well-structured tasks. It examined 

how trait confidence and communication modality shape the 2HBT1 effect, dyadic decision 

confidence, and confidence matching (Chapter 4). 

This chapter synthesises the findings across the three studies, highlighting their 

theoretical and empirical contributions to the literature on the 2HBT1 effect, collective 

intelligence, and dyadic decision-making. It also discusses the strengths and limitations of our 

approach, considers implications, and outlines directions for future research. 
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5.2 Main Contributions to the Existing Literature 

This thesis makes several novel contributions to the existing literature on dyadic 

decision-making. The three empirical studies highlight the roles of cognitive ability, trait 

confidence, and communication in shaping effective collaboration under different task 

conditions. 

5.2.1 Cognitive Ability and Effective Collaboration 

While cognitive ability was a secondary factor (covariate) in Study 1 and Study 3, it 

played a critical role in dyadic outcomes, although its influence was bounded by task 

characteristics. The main findings of each study are summarised below.  

In Study 1 (Chapter 2), we observed that cognitive ability, referred to as the 

"competence factor,” did not predict accuracy or speed on a dynamic real-time driving 

simulation requiring adaptation to changing conditions and communication under time 

pressure. This finding is not surprising given that driving engages a broad range of abilities, 

including visual perception, motor skills, emotional control, information processing, and 

executive functions (Anstey, Wood, Lord, & Walker, 2005; Asimakopulos et al., 2012, 

Mathias & Lucas, 2009). 

In contrast, Study 2 (Chapter 3), which employed static and well-structured tasks, 

showed that cognitive ability was central to collective intelligence. This finding directly 

challenges Woolley et al.’s (2010) claim that collective intelligence is primarily shaped by 

social rather than cognitive factors. LPA results demonstrated that a dyad’s level of cognitive 

ability had implications for collective performance: high-ability dyads were consistently 

superior, moderate-ability dyads benefitted more than expected from collaboration; and low-

ability dyads consistently performed poorly.  
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Study 3 (Chapter 4) which also employed static and well-structured tasks, supported 

these patterns, even with constrained cognitive ability variance. LPA again identified profiles 

defined by cognitive ability, but with different trajectories depending on communication 

conditions. Two profiles, defined by higher cognitive ability, displayed markedly different 

trajectories across communication conditions. Consistent High Performers achieved constant 

high performance under both passive and active communication. Whereas Communication-

Enhanced Underachievers performed poorly in passive communication and moderately under 

active communication. Similarly, two profiles characterised by lower cognitive ability 

showed divergent trajectories: Silent Overachievers performed better than expected under 

passive communication but poorly under active communication, whereas Effective 

Collaborators performed moderately well under all conditions but did not exceed individual 

performance. 

Overall, these findings highlight boundary conditions for cognitive ability’s role in 

dyadic outcomes. Cognitive ability is central to collective success in static, well-structured 

tasks but loses predictive utility in dynamic, continuous-performance tasks where motor 

skills, visual perception, and communication quality become more important. Furthermore, 

higher cognitive ability alone does not guarantee superior dyadic performance; other factors 

such as communication modality and confidence alignment also play critical roles. 

5.2.2 Trait Confidence as a Moderator 

Trait confidence consistently emerged as a significant predictor of accuracy 

improvements, escalation of decision confidence, and confidence matching, although its 

influence was shaped by task characteristics. The main findings of each study are summarised 

below.  
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In Study 1 (Chapter 2), we assessed confidence using two methods: cognitive 

confidence (using a cognitive ability task similar to our measures of trait confidence in the 

other two studies) and simulation confidence (post-task self-assessment). Neither measure 

predicted dyadic performance in the dynamic driving simulation. This likely reflects the 

nature of dynamic tasks like driving simulations, where participants must make hundreds of 

rapid decisions under time pressure, rendering a single post-task confidence rating too crude 

to capture the complexity of real-time judgment processes. 

By contrast, in the well-structured static tasks used in Studies 2 and 3, trait confidence 

consistently predicted collective intelligence and dyadic accuracy gains. Study 2 (Chapter 3) 

showed that dyads with higher trait confidence produced more accurate decisions. Study 3 

(Chapter 4) extended these findings by offering a more detailed analysis of the effect of trait 

confidence on decision accuracy and confidence. First, trait confidence moderated dyadic 

accuracy gains under different types of communication: low-trait confidence dyads benefited 

equally from passive and active communication, whereas mixed-trait and high-trait 

confidence dyads gained more from active communication. Second, trait confidence 

moderated decision confidence escalation, with high-trait confidence dyads increasing the 

most in decision confidence when working together. Third, confidence matching occurred 

naturally in dyads, and this effect was strongest for low-trait confidence dyads. Finally, 

confidence matching predicted overall accuracy gains under passive but not active 

communication. Trait confidence also differentiated the latent profiles identified in Studies 2 

and 3. Profiles defined by higher cognitive ability generally displayed higher levels of trait 

confidence, whereas profiles with lower cognitive ability tended to have lower trait 

confidence. Together, these findings suggest that trait confidence plays a critical role in static, 

well-structured decision-making tasks, but has little predictive value in dynamic, real-time 
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environments where rapid decision-making and communication quality dominate 

performance.  

5.2.3 Communication and its Interaction with Trait Confidence 

Across all studies, communication emerged as a central determinant of collaborative 

performance, although the nature of its effects varied depending on task structure and 

individual differences in trait confidence. 

Study 1 (Chapter 2) focused explicitly on the quality and quantity of communication 

between dyad members. Using a novel method that captured the timing and accuracy of 

communication exchanges, we showed that under stable (normal) operational conditions, 

dyads benefited from lower levels of low-quality communication, achieving higher accuracy 

than individuals, but they did not differ on speed. However, when operational conditions 

shifted unexpectedly (fog condition), dyads struggled to exploit their informational 

advantages. Degraded communication quality and cognitive overload led to the erosion of 

accuracy gains and slower speeds compared to individuals. Importantly, communication 

quality emerged as a stronger predictor of accuracy, while communication volume was a 

stronger predictor of speed. These findings illustrate that the different dimensions of 

communication, quality and volume, make distinct contributions to the 2HBT1 effect in 

dynamic, real-time tasks. 

Study 2 (Chapter 3) challenged Woolley et al.’s (2010) finding that equality of 

participation is universally associated with collective intelligence. Consistent with 

independent replications (e.g., Barlow & Dennis, 2016; Bates & Gupta, 2017; Rowe et al., 

2024), equality of turn taking did not predict collective intelligence overall. However, the 

LPA results showed that the Amplified Collective Intelligence profile, characterised by 

greater collective than individual performance, benefited from strategic inequality of turn 
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taking. In these dyads, the more capable member dominated decision making. This finding 

suggests that: 1) the benefits of equal participation depend on the specific context and 

individual differences; and 2) other communication characteristics, such as the quality or 

modality, may be more critical for enhancing dyadic outcomes.  

Study 3 (Chapter 4) extended these findings by showing that the effects of 

communication on dyadic performance and confidence alignment depended on trait 

confidence and communication modality. Low-trait confidence dyads performed equally well 

under passive and active communication, while mixed-trait and high-trait confidence dyads 

performed best under active communication. The LPA profiles in Study 3 portrayed a more 

nuanced view. Equality of turn taking did not predict overall dyadic accuracy or directly 

distinguish profiles. However, Consistent High Performers and Silent Overachievers, 

displayed greater equality in speech (words spoken). Interestingly, they showed distinctly 

different outcomes: Consistent High Performers were defined by high-trait confidence and 

maintained high performance across communication conditions, whereas Silent 

Overachievers were characterised by low-trait confidence and had amplified performance 

under passive communication but poor performance under active communication.  

Overall, these findings demonstrate that communication equality is not universally 

beneficial. Rather, it is context-dependent and the most effective communication strategies 

depend on the interplay between individual differences and task characteristics. Across all 

three studies, communication quality and communication mode consistently emerged as 

critical levers for dyadic effectiveness, with dynamic tasks placing greater demands on 

communication quality, and well-structured static tasks favouring strategic and adaptive, 

rather than purely egalitarian, communication patterns. 
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5.2.4 The Psychological Profiles of Dyads 

Distinct psychological profiles of dyadic performance emerged in both Study 2 

(Chapter 3) and Study 3 (Chapter 4), with considerable consistency despite differences in 

design. Study 3 extended the model developed in Study 2, providing a more nuanced view of 

how cognitive ability, trait confidence, and communication mode shape dyadic outcomes. 

A key addition in Study 3 was the inclusion of the isolated communication condition, 

which captured individual baseline performance on the same task used to assess dyadic 

performance. This allowed for direct comparisons between individual performance and 

dyadic performance, as well as alignment with cognitive ability. The profiles demonstrated 

that cognitive ability did not always align with baseline individual performance: two profiles 

followed expected patterns (one with high and one with low ability), but the other two 

showed substantial mismatch, either underperforming relative to high cognitive ability or 

overperforming relative to low cognitive ability.  

Focusing on performance in the active communication condition, both studies 

identified recurring profile types: consistent high performers, consistent low performers, and 

amplified performers. In Study 2, the amplified profile was defined by moderate levels of 

cognitive ability and trait confidence. In Study 3, the Communication-Enhanced 

Underachievers profile captured amplified performance but was composed of dyads with 

high cognitive ability and trait confidence. This shift may reflect key design differences in 

Study 3, including the pairing of participants based on trait confidence, constrained variance 

in cognitive ability, and the inclusion of a passive communication condition. 

The consistently low-performing profile in Study 3, Silent Overachievers, resembled 

the low cognitive ability and low trait confidence profile from Study 2. Notably, Silent 

Overachievers exhibited amplified performance under passive communication, demonstrating 
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that dyads initially classified as “poor performers” can thrive under favourable conditions. In 

contrast, Communication-Enhanced Underachievers underperformed in the passive 

communication condition, suggesting that even highly capable dyads may struggle when the 

communication mode does not align with their strengths. 

Together, the latent profiles identified across Studies 2 and 3 demonstrate consistent 

and interpretable patterns of dyadic functioning. These profiles highlight the critical interplay 

between cognitive ability, trait confidence, and communication modality. They also illustrate 

that different dyads benefit from different forms of communication, and these benefits are 

shaped systematically by individual differences in trait confidence. 

5.3 Key Contributions 

5.3.1 Extension of the Confidence Theory 

The confidence theory proposes that group members use each other's expressed 

decision confidence as a heuristic for inferring response accuracy. This reliance on 

confidence often underpins the 2HBT1 effect, where groups outperform individuals. 

However, prior research has largely treated individual differences in trait confidence as 

statistical noise, rather than a source of meaningful variability with theoretical implications. 

In contrast, this thesis demonstrated that trait confidence plays an important role in shaping 

dyadic decision processes and outcomes for static well-structured tasks. Our findings show 

that trait confidence influences: 1) the degree to which dyads rely on decision confidence 

during collaboration; 2) the extent of confidence matching between dyad members; 3) the 

magnitude of dyadic confidence gains in the active communication condition; and 4) the size 

of dyadic accuracy gains across different communication modalities. 

By establishing trait confidence as a stable influence in dyadic decision-making, this 

thesis extends the confidence theory in several important ways. It highlights that the 
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informational value of expressed confidence is not purely situational but is systematically 

moderated by individual differences. This novel reframing strengthens the theoretical 

foundation of the confidence theory and opens new areas for research into when and how 

confidence serves as a useful cue for collective decision-making. 

5.3.2 Person-Centred Statistical Analyses 

This thesis employed a diverse set of statistical methods to investigate dyadic 

decision-making. Consistent with conventions in group decision-making research, many 

analyses adopted a variable-centred approach, including, ANOVA, multiple regression, 

LMM, and CFA. 

A key contribution of this thesis was applying a person-centred approach, using LPA 

to identify psychological profiles of dyadic performance. The use of both variable-centred 

and person-centred approaches is critical for establishing the robustness and ecological 

validity of findings (Botvinik-Nezer et al., 2020). The convergence of results across these 

analytic approaches provides compelling evidence that the findings we observed are not 

artifacts of methodological choices but instead reflect naturally occurring processes and 

outcomes for dyads. 

5.3.3 Use of Different Tasks and Response Options 

Another strength of this thesis was the deliberate use of varied task types and response 

formats across studies. Study 1 employed a dynamic driving simulation that required real-

time adaptation to environmental changes and engaged complex cognitive-motor 

coordination. Study 2 employed a battery of static, well-structured tasks with differing 

response formats: three tasks used multi-alternative forced-choice responses (with two, four, 

or eight options), and one required free-text responses. Study 3 employed two-alternative 

forced-choice general knowledge tests, allowing control over item difficulty.  
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Despite these methodological differences, the findings for dyadic accuracy were 

consistent: under stable, static task conditions in all three studies, dyads outperformed 

individuals, on average. This consistency across different task types and response formats 

supports the generalisability of the primary findings and demonstrates the robustness of the 

2HBT1 effect across a broad range of decision-making contexts. 

5.4 General Limitations 

5.4.1 The Unit of Analysis Problem 

When groups make decisions, a hierarchical structure emerges in which individual 

characteristics and processes combine to form group-level properties, and both levels 

influence groups outcomes. For this reason, a multilevel modelling approach is typically 

recommended to account for the interdependence of observations within dyads (Gonzalez & 

Griffin, 2023; Kenny et al., 2006). However, such models require sufficient variability in 

outcomes and predictors at both the within-dyad and between-dyad levels.  

In Studies 1 and 2, dyadic responses were measured solely at the dyad level, meaning 

there was no within-dyad variance in accuracy (or speed in Study 1). As Kenny & Kashy 

(2014; p. 591) note, “if only a single outcome is obtained for each group, then group is 

treated as the unit of analysis, and special analytic methods are not required.” Accordingly, it 

was appropriate to treat the dyad as the unit of analysis without employing multilevel 

modelling. However, individual-level predictors such as cognitive ability and social 

sensitivity were analysed by aggregating across the two dyad members (by computing the 

mean). While this reduces within-dyad variability for individual measures, it is widely 

accepted in group decision-making research (e.g., Blanchard et al., 2020; Koriat, 2015; 

Schuldt et al., 2017). Nonetheless, aggregation can obscure meaningful within-dyad 

differences and should be applied cautiously, particularly when dyad members differ 

substantially on key individual characteristics.  
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In Study 3, “dyadic” outcomes were measured at both the individual level (in the 

isolated and passive communication conditions) and the dyad level (in the active 

communication condition). This hybrid design allowed the data to be modelled at the 

individual level while accounting for the nested structure of dyad membership. However, it 

also introduced a different trade-off: in the active communication condition, each dyad 

produced only one collective response per item, but this response was duplicated across both 

members in the dataset. This artificially inflated the sample size for dyadic responses in the 

active condition from N = 105 to N = 210 without adding new information, potentially 

reducing standard errors and increasing the risk of Type I errors. 

Each analytic decision involved specific trade-offs. Aggregating individual-level 

predictors (as in Study 2) may have suppressed meaningful within-dyad differences, while 

duplicating dyad-level responses (Study 3) may have artificially reduced standard errors. To 

mitigate these risks in Study 3, we used LMMs with appropriate random effects structures 

that accounted for the nested nature of the data, helping to preserve the validity of our 

statistical inferences. Regardless of whether analyses are conducted at the individual or dyad 

level, there are inherent trade-offs. A strength of our approach is that it employed both levels 

of analysis and found consistent patterns across approaches. Nonetheless, future studies 

should systematically compare analytic strategies to determine the most appropriate way to 

represent individual-level constructs within dyadic contexts. 

Finally, another important unit of analysis, the item level, was only partially explored. 

While we examined item-level dynamics in our confidence matching analyses (Study 3), the 

other analyses were conducted at the variable or person level, aggregating across items. 

Broader application of item-level analyses could yield additional insights into dynamic 

processes occurring within dyads and should be considered a valuable direction for future 

research. 
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5.4.2 Limited Generalisability Based on Group Size 

This thesis focused exclusively on dyads, which limits the generalisability of the 

findings to larger groups. As group size increases, the nature of collaboration changes. Social 

factors, such as those identified by Woolley et al.’s (2010), including social sensitivity and 

equality of turn-taking, may become more influential due to the increasing complexity of 

coordination and interaction processes.  

Although prior research has shown that confidence is influential on decisions made by 

larger groups (e.g., Price & Stone, 2004; Sniezek & Henry, 1989; Zarnoth & Sniezek, 1997), 

it remains unclear whether the degree of reliance on confidence shifts as group size increases 

and other decision strategies, such as the plurality rule, emerge. Supporting this, Blanchard et 

al. (2024) found in a simulation study that as group size increased, confidence became a less 

effective decision heuristic, while using the plurality rule (i.e., relying on the most common 

response) became more beneficial. These findings suggest that the influence of confidence 

observed in dyads may decrease in larger groups. Future research should explore how both 

trait confidence and decision confidence influence group decision-making across a broader 

range of group sizes.  

5.4.3 Limited Consideration of Gender Effects 

This thesis did not aim to examine gender differences, despite growing evidence that 

gender composition can influence group processes and outcomes (e.g., Carli, 2001; Woolley 

et al., 2010). Some prior studies have controlled for gender by recruiting only same-gender 

dyads (e.g., Bahrami et al., 2010; Bang et al., 2014). Woolley at al. (2010), for instance, 

found that a higher proportion of female group members was associated with greater 

collective intelligence and group performance. In contrast, this thesis observed the opposite 

pattern: dyads with a higher proportion of females tended to perform worse than those with 

more males in study 1 (Chapter 2) and study 2 (Chapter 3). In study 2 a more nuanced pattern 
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emerged. While a positive indirect effect was observed (mediated by social sensitivity and 

consistent with Woolley et al., 2010), it was outweighed by a stronger negative direct effect 

indicating that the proportion of females was associated with lower performance. 

These diverging findings may reflect differences in task demands, with subtle gender-

based differences in relevant cognitive abilities contributing to the outcomes. For example, 

tasks employed in study 2 relied on fluid reasoning, a domain where males tend to show a 

small advantage (e.g., Halpern et al., 2007). Whereas verbal abilities may have played a 

greater role in Woolley et al.’s (2010) tasks which tended to be more open ended and 

subjective (ill-structured tasks). Females typically have a small advantage on verbal abilities 

(e.g., Reilly et al., 2019). Additionally, the use of university student samples, where females 

comprised the majority of participants in each study (ranging from 63%-75%) may further 

limit the generalisability of our findings. Although gender effects were beyond the scope of 

this thesis, future research should explore how gender interacts with trait confidence to shape 

dyadic decision-making. 

5.4.4 Limited Generalisability Based on Task Types 

While Studies 1 to 3 collectively employed a mix of dynamic and static tasks, our 

effects should be examined across a broader range of domains to assess their generalisability. 

In Study 1, we employed a driving simulation, a dynamic task requiring real-time 

integration of cognitive, motor, and social processes under changing environmental 

conditions. While other dynamic tasks (e.g., air traffic control simulations, emergency 

medical response, or disaster management scenarios) share these characteristics, they may 

place differing demands on specific cognitive or motor abilities. Future research should 

examine the 2HBT1 effect and the role of communication quality in dynamic tasks that tap 

into different combinations of abilities. 
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In Study 2 and 3, we used static well-structured tasks that predominantly engaged 

fluid reasoning and crystallised intelligence. Future research should investigate whether the 

effects of trait confidence and communication also extend to tasks involving different 

cognitive abilities such as visual perception, processing speed, and short-term memory. 

Similarly, these effects should be explored for ill-structured tasks, which feature multiple 

correct solutions and multiple strategic pathways to completion, and misleading tasks where 

the confidence accuracy relationship is reversed. Exploring these domains would clarify 

whether the patterns identified in this thesis are specific to certain cognitive contexts or task 

characteristics or reflect general principles of dyadic collaboration. 

5.5 Implications and Future Directions 

5.5.1 Theoretical Implications 

This thesis extends the confidence theory by demonstrating that trait confidence 

systematically influences dyadic decision-making processes and outcomes. Previous 

formulations of the confidence theory focused on decision confidence expressed in the 

moment. The findings presented here show that stable individual differences in trait 

confidence also shape how dyads express, use, and align their decision confidence, and 

achieve performance gains. This expanded view reframes models of collective metacognition, 

placing trait confidence alongside decision confidence as a core determinant of collective 

processes and outcomes. Furthermore, the results of this thesis challenge interpretations of 

collective intelligence that focus primarily on social factors, such as social sensitivity and 

communication equality (e.g., Woolley et al., 2010). While social processes are important, 

our findings show that cognitive ability and strategic, context sensitive communication are 

more critical ingredients for effective collaboration, especially in dyads. It is likely that these 

factors remain influential in larger groups. Overall, theoretical frameworks seeking to explain 
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dyadic decision-making should integrate cognitive, metacognitive, and social factors to 

provide a more comprehensive account of how they function. 

5.5.2 Methodological Implications 

This thesis also employed novel methodological approaches to the study of dyadic 

decision-making. By combining variable-centred and person-centred analyses, it provides a 

nuanced understanding of how individual and dyadic characteristics interact to influence 

outcomes. The application of LPA allowed for the identification of psychological profiles that 

would have been obscured in variable-centred analyses alone. Additionally, modelling dyadic 

and individual level data, while navigating inherent trade-offs illustrated the importance of 

considering multiple levels of analysis when studying collaboration. Future studies should 

continue to employ multi-level modelling strategies and broaden the use of item-level 

analyses to capture the dynamic, evolving processes within groups. Item-level analyses could 

further illuminate how decision-making processes shift as a function of trait confidence 

across trials, tasks, or changing environmental conditions. Additionally, systematic 

comparisons between individual-level and dyad-level data structures remain an important 

area for refining best practices in group research. 

5.5.3 Selection and Training 

The findings of this thesis also offer practical insights for forming non-hierarchical 

(leaderless) dyads that are fit for context. For dynamic tasks, the use of dyads should be 

informed by the performance goals and environmental conditions. Under stable operational 

conditions, dyads show an accuracy advantage, whereas under volatile operational conditions 

that rapidly change, dyads lose their advantage and become slower than individuals. For 

example, during a live patrol of unfamiliar terrain, a driver and navigator operating as peers 

may work more effectively under stable conditions but when rapid route changes are needed 

due to unexpected obstacles or threats, the time required to coordinate decisions can hinder 



 160 

performance compared to a driver acting alone. Thus, the use of dyads in dynamic tasks 

should be carefully considered; individuals may be better suited if the environmental 

conditions are volatile. 

For static, well-structured tasks, trait confidence emerged as a key factor that can be 

targeted when pairing individuals but again, context matters. Passive communication 

conditions may be preferred for low-trait confidence dyads due to lower time and resource 

costs without diminishing accuracy gains. Whereas active communication conditions are 

more beneficial for mixed-trait and high-trait confidence dyads, as verbal discussion enables 

more effective identification of the most accurate judgment. For example, during a map-

based intelligence task requiring two analysts to identify potential threats, pairing a highly 

confident individual with a less confident peer may result in greater accuracy gains when they 

communicate verbally, however, two low confidence individuals may achieve an equivalent 

benefit from simple non-verbal and non-interactive communication. Selection strategies 

should be sensitive to both trait confidence and the communication context. 

Although this thesis did not examine the effects of training, its findings support 

several suggestions. Future research should examine whether training dyads to be aware of 

confidence biases (e.g., stable overconfidence) can enhance collective performance. This may 

reduce the influence of confidence by altering the weights individuals place on confidence 

judgments, but it may also produce unintended effects on dyadic processes and outcomes. 

Thus, research should explore its efficacy before recommending training protocols. 

Finally, communication training should move beyond promoting equality of 

participation and instead encourage strategic communication tailored to the dyad’s 

composition, task demands, and assigned roles. For example, in Study 1 (Chapter 2), where 

dyad members had distinct roles (i.e., driver and navigator), only the quality of the 

navigator’s communication was associated with task accuracy (measured by collisions), 
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while the driver’s communication quality was not. Teaching individuals to adapt their 

communication style based on the context, their partner’s role, and their partner’s 

characteristics (as observed in Study 2 and Study 3) could enhance dyadic outcomes. 

5.6 Conclusion 

This thesis makes substantial contributions to understanding dyadic groups decision-

making by systematically examining how trait confidence and communication shape 

collaborative processes and outcomes. Across three empirical studies, these relationships 

were investigated under varying task and communication conditions. Several novel 

contributions to the group decision-making literature emerged. First, this thesis developed a 

method for quantifying the communication quality during dynamic tasks. Second, it 

introduced a methodological and analytical framework for evaluating dyadic collective 

intelligence. Third, it was the first to systematically investigate how trait confidence 

influences dyadic outcomes under different modes of communication. Finally, it provided the 

first empirical test of whether confidence matching arises spontaneously in consensus-

seeking dyads engaged in verbal discussion.  

Together, the studies identified distinct profiles of dyadic performance and 

demonstrated that no single factor (i.e., cognitive ability, trait confidence, or communication) 

acts in isolation. Instead, collaborative success depends on a dynamic interplay between these 

factors, with important implications for theory and practice. Based on the evidence from this 

thesis, the key recommendation for improving dyadic decision-making in applied contexts is 

to pair individuals based on their individual traits and task demands. For example, dyads 

composed of high-trait confidence individuals may benefit most from verbal communication, 

while lower-trait confidence dyads may benefit under more structured non-verbal 

communication conditions that remove the demands of real-time discussion. Additionally, 

communication training should go beyond promoting equality and instead emphasise 
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adaptive communication strategies that are sensitive to role asymmetries and partner 

characteristics. 

Overall, this thesis highlights the critical roles of trait confidence and communication 

in shaping dyadic decision-making processes and outcomes. It opens new directions for 

future research to explore how stable individual differences influence collaboration. 
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Appendix A: Supplementary Material for Chapter 2 (Study 1) 

Participant Exclusions 

A total of 22 participants (12 individuals and 5 dyads) were excluded from our 

analyses. Eight participants (6 individuals and 1 dyad) were excluded because they did not 

complete the driving simulation. Six participants (3 dyads) were excluded due to a computer 

error that caused one dyad member to observe a marginally different simulated environment 

from their teammate which rendered the navigator’s instructions inaccurate. Three 

participants (3 individuals) were excluded because they did not follow instructions during the 

driving simulation. Five participants (3 individuals and 1 dyad) were excluded because they 

were identified as outliers (~4+ SDs from mean) on the dependent variables by inspecting 

scatterplots and computing Mahalanobis distance and Cook’s D for each participant (Stevens, 

2002).  

Frequency Distributions for Each Condition 

Figure A1. Frequency Distributions for Individual Collisions (A) and Speed (B) and Dyad 

Collisions (C) and Speed (D) During the Normal Condition 
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Figure A2. Frequency Distributions for Individual Collisions (A) and Speed (B) and Dyad 

Collisions (C) and Speed (D) During the Fog Condition 

 

Individual Difference Measures 

Descriptive statistics and internal consistency for the individual difference measures 

used to assess the known key covariates are presented in Table A1 for individuals and dyads 

and Table A2 for drivers and navigators within dyads.  

Table A1. Descriptive Statistics for the Psychometric Measures and t-tests Comparing 

Individuals and Dyads 

 Individuals  Dyads  
 IC Mean SD IC Mean SD t 
Executive Functions        
Switching        
    Repeat time  .93 983 367 .89 933 281 1.13 
    Switch time  .95 1067 387 .88 1042 306 0.52 
    Repeat errors .67 1.62 2.25 .57 1.67 1.80 -0.18 
    Switch errors .54 2.41 2.43 .41 2.12 2.13 0.96 
Inhibition        
    Congruent time  .69 463.09 46.07 .97 458.32 49.62 0.79 
    Incongruent time  .82 531.51 66.78 .84 530.31 62.61 0.18 
    Congruent errors .39 1.41 1.92 .47 0.92 1.31 1.99* 
    Incongruent errors .63 1.66 2.06 .55 1.52 1.73 0.50 
Working Memory         
    Accuracy .71 44.78 18.64 .71 43.04 18.69 0.72 
Fluid Intelligence        
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    Accuracy .81 53.06 21.33 .82 57.05 21.38 -1.49 
Confidence        
    Cognitive Confidence .92 61.07 18.21 .92 61.97 18.05 -0.40 
    Simulation Confidence - 2.88 1.22 - 3.70 0.81 -5.34*** 
Personality        
    Agreeableness .59 3.17 0.60 .68 3.90 0.67 -9.48*** 
    Conscientiousness .60 3.08 0.60 .64 3.29 0.72 -2.63** 
    Extraversion .79 2.91 0.52 .79 3.12 0.81 -2.56* 
    Intellect .55 2.84 0.61 .58 3.59 0.65 -9.26*** 
    Neuroticism .47 3.02 0.50 .63 2.88 0.70 1.96 
Note. IC = Internal Consistency. Internal Consistency estimates were computed using 
McDonald’s Omega for all variables except switching, inhibition, Bias, and discrimination. 
For these variables we correlated scores on the odd items with scores on the even items then 
adjusted the correlation coefficient using the Spearman-Brown formula (Guilford, 1954; 
Stankov & Crawford, 1996). 

 ***p < .001; **p < .01; *p < .05 

Individuals and dyads significantly differed on simulation confidence and each of the 

personality facets except Neuroticism. Individuals were lower on simulation confidence, 

Agreeableness, Conscientiousness, Extraversion, and Intellect compared with dyads. Within 

dyads, drivers were significantly lower on simulation confidence and significantly faster than 

navigators on congruent time and incongruent time. No other significant differences were 

observed. 

 All reliability estimates were acceptable for research purposes except repeat errors 

(dyad a = .57 and driver a = .29), switch errors (all levels, a = .28 - .54), congruent errors (all 

levels, a = .39 - .54), incongruent errors (dyad a = .55 and driver a = .44), conscientiousness 

(codriver a = .56), intellect (individual = .55, dyad a = .58, driver a = .53), and neuroticism 

(individual a = .47) which ranged from low to poor. The repeat errors, switch errors, 

congruent errors, and incongruent errors variables consistently demonstrated poor internal 

consistency thus they were removed from subsequent analyses. These four variables assessed 

inhibitory control and cognitive flexibility. We had two different metrics for each of these 

constructs: errors and response time. The response time measures demonstrated excellent 

reliability (ranging from ωt  = .88 - .95), thus, they remained in the study for our analyses. 



 201 

Reliability estimates for the personality measures ranged between ωt  = .47 - .79 for 

individuals and ωt = .58 - .79 for dyads. Some of the reliability estimates for individuals were 

low, however, we only used the dyad measures as control variables to examine hypotheses 

related to aims 2 and 3. Overall, these estimates were consistent with previous literature using 

this brief instrument (Blanchard et al., 2020; Jackson et al., 2016; Jackson et al., 2017). 

Table A2. Descriptive Statistics for the Psychometric Measures and t-tests Comparing 

Drivers and Navigators 

 Driver Navigator  
 IC Mean SD IC Mean SD t 
Executive Functions        
Switching        
    Repeat time  .87 941 258 .90 926 303 0.33 
    Switch time  .87 1040 291 .88 1044 322 -0.11 
    Repeat errors .29 1.69 1.59 .69 1.65 2.01 0.18 
    Switch errors .28 2.08 1.84 .49 2.16 2.39 -0.27 
Inhibition        
    Congruent time  .98 446.41 47.43 .95 470.39 49.16 -2.82** 
    Incongruent time  .87 515.76 63.06 .80 545.05 58.96 -2.72** 
    Congruent errors .54 0.95 1.41 .39 0.90 1.19 0.31 
    Incongruent errors .44 1.49 1.54 .63 1.56 1.91 -0.22 
Working Memory         
    Accuracy .73 41.67 19.46 .68 44.42 17.91 -0.98 
Fluid Intelligence        
    Accuracy .82 56.39 21.08 .83 57.71 21.79 -0.37 
Metacognition        
    Cognitive Confidence .93 62.01 18.09 .92 61.94 18.13 0.02 
    Simulation Confidence - 3.28 1.10 - 4.09 1.24 -4.37*** 
Personality        
    Agreeableness .71 3.95 0.67 .64 3.85 0.68 0.91 
    Conscientiousness .69 3.18 0.74 .56 3.40 0.68 -1.80 
    Extraversion .83 3.10 0.85 .74 3.14 0.78 -0.39 
    Intellect .53 3.58 0.65 .63 3.60 0.67 -0.23 
    Neuroticism .64 2.92 0.73 .62 2.84 0.66 0.72 
Note. IC = Internal Consistency. Internal Consistency estimates were computed using 
McDonald’s Omega for all variables except switching, inhibition, Bias, and discrimination. 
For these variables we correlated scores on the odd items with scores on the even items then 
adjusted the correlation coefficient using the Spearman-Brown formula (Blanchard et al., 
2020; Guilford, 1954; Stankov & Crawford, 1996). 
***p < .001; **p < .01 
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Reduction of independent variables 

To retain adequate power in our hierarchical regression analyses for hypotheses 2 and 

3, we reduced the independent variables for dyads down to a smaller number of components 

using PCA. These extracted components were: Executive Function Time which was 

composed of the response time variables for repeat time, switch time, congruent time, and 

incongruent time; and Competence which was composed of fluid intelligence, confidence, 

and working memory accuracy. These PCAs and the correlations between all outcome 

variables, dyad composition measures, and control variables are presented below. 

Table A3 

Intercorrelations and PCA Results for Executive Function Time Variables 

 Pearson r 
correlations 

Component 
loadings 

 2 3 4 1 h2 
1. Switch time .89 .45 .34 .84 .70 
2. Repeat time  .40 .29 .81 .65 
3. Congruent time   .84 .83 .69 
4. Incongruent time    .75 .57 

Note. D=Driver; N=Navigator; EF variables = Executive Function variables; Component 
loadings >.30 are in bold. h2= communality. 
***p < .001; **p < .01; *p < .05 

First, we extracted latent component(s) of Executive Function time. The correlations 

between these variables and a summary of the results of the PCA are presented in Table A3.  

A pattern of small to large positive correlations was evident between all variables. We 

conducted a PCA (with Promax rotation) on repeat time, switch time, congruent time, and 

incongruent time. Inspection of scree plots, the Kaiser criterion, and Horn’s Parallel Analysis 

(with 5000 iterations: Horn, 1965) suggested a two-component solution. However, to reduce 

the number of variables to include in the final model we extracted a single component which 

explained 65% of the common variance. All time variables loaded positively on this 

component which was named EF Time. 
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Next, we extracted latent component(s) of Competence. The correlations between 

these variables and a summary of the results of the PCA are presented in Table A4.  

Table A4. Intercorrelations and PCA Results for Competence Variables 

 Pearson r 
correlations 

Component 
loadings 

 2 3 1 h2 
1. Fluid intelligence 0.40 0.35 .72 .52 
2. Confidence 1 0.20 .82 .67 
3. Working memory  1 .67 .45 

Note. D=Driver; N=Navigator; Component loadings >.30 are in bold. h2= communality. 
***p < .001; **p < .01; *p < .05 

A pattern of small to moderate positive correlations was evident between all variables. 

We conducted a PCA (with Promax rotation) on fluid intelligence, confidence, and working 

memory accuracy. Inspection of scree plots, the Kaiser criterion, and Horn’s Parallel Analysis 

(with 5000 iterations: Horn, 1965) suggested a one-component solution. We extracted a 

single component which explained 55% of the common variance. All time variables loaded 

positively on this component which was named Competence. 

The EF time and Competence components were included as control variables in the 

hierarchical regression analyses related to hypotheses 2 and 3. 
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Appendix B: Supplementary Material for Chapter 3 (Study 2) 

Descriptive Statistics for Individual Difference and Communication Variables 

Individual differences. The descriptive statistics and internal consistency estimates 

for the individual difference measures are reported in Table B1. 

Table B1. Descriptive Statistics and Internal Consistency Estimates for Individual 

Differences Measures (N=105) 

 N ωt Mean SD 
Social sensitivity 103 .71 57.28 9.66 
Working memory accuracy 105 .77 47.71 16.16 
Agreeableness 104 .71 3.94 0.50 
Conscientiousness 104 .73 3.20 0.64 
Extraversion 104 .74 2.94 0.62 
Intellect 104 .64 3.68 0.55 
Neuroticism 104 .62 2.95 0.51 

Note: ωt = Internal consistency measured using Omega total 

The means and standard deviations for social sensitivity, working memory accuracy, 

and personality were comparable with other studies that have used the same measures on an 

undergraduate population (Jackson et al., 2017; Law et al., 2018; Law et al., 2022). Internal 

consistency estimates ranged from acceptable (.66) to excellent (.89) for all measures. 

Communication measures. Table B2 describes the descriptive statistics for the 

communication metrics captured during each test and overall. These variables were based on 

frequency counts thus, no estimate of internal consistency could be made.  

Table B2. Descriptive statistics for communication measures for each test and overall 
(N=101) 
Test Items Number of talking turns Duration of discussion 
  Total Equality Total (seconds) Equality 
  Mean SD Mean SD Mean SD Mean SD 
ADR 10 138.88 58.00 23.81 22.32 370.89 231.29 79.03 72.29 
CRT 7 126.11 44.45 18.71 19.50 351.15 169.46 72.56 61.24 
RAPM 18 348.81 153.21 41.56 40.01 1076.23 738.57 171.73 159.37 
Overall  613.80 204.93 71.23 73.80 1798.26 980.05 279.58 270.03 

Note. ADR = Applying Decision Rules, CRT = Cognitive Reflection Test; RAPM = Raven’s Advanced 
Progressive Matrices.  
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 The CRT had the fewest number of speaking turns, the shortest duration of discussion, 

the greatest equality of turn taking, and the greatest equality of duration, on average. Raven’s 

Advanced Progressive Matrices, on the other hand, had the highest scores on each variable. 

This was not surprising given that it had the largest number and, arguably, the most complex 

items. 

Additional Results for CFA Without Geography Test 

Additional analyses were conducted to determine the best fitting CFA model. Table 

B3 reports the modification indices for the relationship between accuracy and confidence 

within each test for each model tested. Scores below ten are optimal. Tables B4, B5, and B6 

report the standardised residual covariances for the models tested. Values greater than ±2.00 

suggest poor model fit. The modification indices and standardised residual covariances 

indicate that the best fitting model was the modified two factor model with error terms 

correlated for RAPM and CRT. 

Table B3. Modification Indices for the Relationship Between Accuracy and Confidence for 
each test for the Unmodified Two Factor Model 
Model U2 M2R M2RC 
RAPM 35.76 - - 
CRT 15.73 10.02 - 
ADR 6.56 8.68 3.59 

Note. U2 = Unmodified two factor model. M2R = Modified two factor model with the error terms for RAPM 
correlated. M2RC = Modified two factor model with the error terms for RAPM and CRT correlated. RAPM = 
Raven’s Advanced Progressive Matrices. CRT = Cognitive Reflection Test. ADR = Applying Decision Rules. 

Table B4. Standardised Residual Covariances for the Unmodified Two Factor Model 
 ADR 

Acc 
CRT 
Acc 

RAPM 
Acc 

ADR 
Conf 

CRT 
Conf 

RAPM 
Conf 

ADR Acc 0.07      
CRT Acc 0.48 0.00     
RAPM Acc -0.02 -0.31 0.00    
ADR Conf 1.16 -2.36 -1.26 -0.15   
CRT Conf -0.90 1.48 -0.91 0.70 0.00  
RAPM Conf -0.74 -0.74 3.83 1.08 -1.20 0.08 
Note. RAPM = Raven’s Advanced Progressive Matrices. CRT = Cognitive Reflection Test. ADR = Applying 
Decision Rules. Acc = Accuracy. Conf = Confidence. 
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Table B5. Standardised Residual Covariances for the Modified Two Factor Model with the 
Error Terms for RAPM Correlated 
 ADR 

Acc 
CRT 
Acc 

RAPM 
Acc 

ADR 
Conf 

CRT 
Conf 

RAPM 
Conf 

ADR Acc -0.03      
CRT Acc -0.60 0.00     
RAPM Acc 0.17 -0.54 -0.68    
ADR Conf 1.51 -2.04 -0.51 -0.13   
CRT Conf -0.61 2.20 -0.25 -0.79 0.00  
RAPM 
Conf -0.33 -0.50 -0.74 1.32 -1.00 -0.43 
 

Table B6. Standardised Residual Covariances for the Modified Two Factor Model with the 
Error Terms for RAPM and CRT Correlated 
 ADR 

Acc 
CRT 
Acc 

RAPM 
Acc 

ADR 
Conf 

CRT 
Conf 

RAPM 
Conf 

ADR Acc 0.05      
CRT Acc -0.29 0.48     
RAPM Acc -0.91 1.63 0.21    
ADR Conf 0.63 -0.93 -0.74 -0.14   
CRT Conf -0.41 0.19 1.52 -0.72 -0.12  
RAPM Conf -0.77 1.14 0.29 -0.33 1.54 0.21 

 

CFA Results with Geography Test Included 

We fitted the same CFA models that are reported in the main paper with the addition 

of accuracy and confidence on the geography test (GT). The results are presented in Tables 

B7, B8, and B9. A modified two-factor model had the best fit for collective accuracy and 

confidence (model 3d). In this model, the error terms of accuracy and confidence were 

correlated within the same test for RAPM and CRT. The fit indices for this modified two-

factor model were excellent: R2 = .47; c2/df = 1.22; Goodness of Fit Index (GFI) = 0.99; 

Tucker-Lewis Index (TLI) = 0.98; Comparative Fit Index (CFI) = 0.99; Root Mean Square 

Error of Approximation (RMSEA) = 0.05 (CI = .00-.10). The results of this CFA model are 

displayed in Table B7. Accuracy from ADR, CRT, and RAPM load well onto the CI factor, 

however, GT accuracy loads poorly (.21, p > .05) and has a low communality (.04). Together, 

these values indicate that GT accuracy shares little variance with the underlying CI factor, 
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suggesting it does not integrate well into the model. Thus, it was removed from the model 

and excluded from the analyses. 

Table B7. Summary of Fit Indices Evaluating Different Models of Intelligence and 
Confidence for Dyads Using Maximum Likelihood CFA (N = 105) 
Model Fit Statistics 
 R2 χ2 df Χ2 / df χ2 diff GFI TLI CFI RMSEA 

(90% CInt) 
AIC 

One-factora .42 94.65 20 4.73 - 0.99 .71 .79 .19 (.15-.23) 6619 
Two-factor 1b .47 78.94 19 4.15 15.71*** 0.99 .75 .83 .17 (.13-.21) 6605 
Two-factor 2c .48 36.28 18 2.02 42.66*** 0.99 0.92 0.95 .10 (.05-.14) 6564 
Two-factor 3d .47 20.66 17 1.22 15.62*** 0.99 0.98 0.99 .05 (.00-.10) 6550 

Note. GFI = Goodness-of-fit index; CFI = Comparative Fit Index; TLI = Tucker-Lewis Index; RMSEA = Root 
Mean Square Error of Approximation; CInt = Confidence Interval; AIC = Akaike Information Criterion. The 
accepted model is in bold. 

aOne-factor model consisted of one broad first order Cognitive factor defined by all the measures 
employed in the study without any modifications to the model. 

bTwo-factor model consisted of an intelligence factor (defined by all accuracy measures) and a 
confidence factor (defined by all confidence measures) without any modifications to the model. 

cTwo-factor model (intelligence and confidence factors) where error terms of the corresponding 
accuracy and confidence scores from RAPM were correlated. 

dTwo-factor model (intelligence and confidence factors) where error terms of the corresponding 
accuracy and confidence scores from RAPM and CRT were correlated. 

***p < .001; **p < .01; *p < .05 

Table B8. Summary of Standardised Regression Weights, Communalities, and Correlations 
from a CFA Using Dyadic Variables and Including (N = 105) 
Measures Intelligence Confidence h2 
ADR accuracy .68  .46 
CRT accuracy .73  .54 
RAPM accuracy .63  .40 
GT accuracy .21  .04 
ADR confidence  .88 .78 
CRT confidence  .84 .71 
RAPM confidence  .69 .48 
GT confidence  .59 .35 
Factor intercorrelations    
     Intelligence 1 .78  
     Confidence  1  

Note. All loadings and the factor intercorrelation were significant with p < .001 except for GT accuracy which 
did not reach significance. 
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Table B9. Standardised Residual Covariances for the Modified Two Factor Model with the 
Error Terms for RAPM and CRT Correlated 

 ADR 
Acc 

CRT 
Acc 

RAPM 
Acc 

GK 
Acc 

ADR 
Conf 

CRT 
Conf 

RAPM 
Conf 

GK 
Conf 

ADR Acc 0.04        
CRT Acc 0.21 0.62       
RAPM Acc -0.54 1.79 0.32      
GT Acc 0.3 -0.8 -0.63 0.00     
ADR Conf 0.78 -0.25 -0.32 0.37 -0.08    
CRT Conf -0.12 0.44 1.73 -0.58 -0.55 -0.02   
RAPM Conf -0.59 1.38 0.45 -0.71 -0.28 1.38 0.31  
GT Conf -2.11 -1.86 -1.34 0.99 -0.05 0.12 0.54 0.01 

 

Hierarchical Regression Models Fit on Data Without Imputation 

Table B10 presents the results of the hierarchical regression analyses fit using data 

without imputation. 

Table B10. Results of Hierarchical Regression Analyses Using Individual Variables to 
Predict Collective Intelligence and Confidence 
 Collective Intelligence Collective Confidence 
 Block Block 
 1 2 3 1 2 3 
Predictor b b b b b b 
Mixed gender 
dyads 

-.15 -.25 -.17 -.32 -.33 -.32 

Female dyads -.84*** -.89*** -.57* -1.12*** -1.10*** -.69** 
Social sensitivity .39*** .34*** .22** .28** .19* .12 
Inequality of turn 
taking 

.08 .06 .08 .13 .09 .11 

WM accuracy - .24* .10 - .36*** .23** 
Agreeableness - -.01 .05 - .14 .17* 
Conscientiousness - -.00 -.04 - .08 -.01 
Extraversion - -.21* -.10 - -.02 .06 
Intellect - .09 -.09 - -.03 -.22** 
Neuroticism - .09 -.02 - .06 .01 
Intelligence - - .32** - - -.03 
Confidence - - .33*** - - .63*** 
       
R .47 .59 .77 .49 .61 .80 
R2 .22 .35 .59 .24 .37 .64 
DR2 .22*** .13* .24*** .24*** .13* .27*** 

Note. WM = Working Memory. b = standardised regression coefficient. 
***p < .001; **p < .01; *p < .05 
  



 209 

Summary of LPA Goodness of Fit Indices and Model Selection 

LPA was performed for solutions with 2-6 classes (with 1 class as the default, see 

Table B11 on 6 predictor variables. These variables were individual intelligence and 

confidence, the extracted factors for CI and collective confidence, and individual and 

collective bias scores. Goodness of fit statistics were used to identify the number of latent 

classes (Henson et al., 2007; Marsh et al., 2009). Assessment of the indices and examination 

of the profiles within each model suggested a 3-Class solution was the best fitting model. 

Table B11. Goodness of Fit Statistics for All Latent Profile Analysis Models Tested (N = 105) 
Classes in 
the model 

AIC Adjusted 
BIC 

BIC Entropy BLRT LogLik  

1 1806 1800 1838 1.00 - -891  
2 1603 1590 1669 0.94 229* -776***  
3 1560 1541 1661 0.96 69* -742***  
4 1560 1534 1695 0.96 26 -729***  
5 1513 1480 1682 0.92 73* -692***  
6 1490 1451 1694 0.92 49* -668***  
Class Class counts and 

proportions for the 
latent classes 

Average latent class probabilities for 
most likely latent class membership 

(row) by latent class (column) 

  

 Counts Proportions Class 1 Class 2    
Class 1 64 .61 .99 .01    
Class 2 41 .39 .02 .98    
 Counts Proportions Class 1 Class 2 Class 3   
Class 1 57 .54 .99 .00 .01   
Class 2 15 .14 .00 .94 .06   
Class 3 33 .31 .05 .00 .95   
 Counts Proportions Class 1 Class 2 Class 3 Class 4  
Class 1 52 .50 .95 .00 .00 .05  
Class 2 15 .14 .00 .97 .00 .03  
Class 3 5 .05 .00 .00 1.00 .00  
Class 4 33 .31 .03 .01 .00 .96  

Note. AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; BLRT = Bootstrap 
Likelihood Ratio Test; LogLik = Log Likelihood of the data, given the model. p-values of the chi-squared test 
between k and k-1 solutions. 
***p < .001; *p < .05 

In particular, Akaike Information Criterion (AIC) values declined from the 1-Class to 

the 3-Class solution and then plateaued for the 4-Class solution. The Bootstrap Likelihood 

Ratio Test (BLRT) also suggested a 3-Class solution as it was a significant improvement on 

the 2-Class solution, but the 4-Class solution was not a significant improvement on the 3-
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Class solution. All solutions had acceptable entropy values - entropy greater than .80 is 

considered high (Clark & Muthén, 2009) – and entropy was greatest for the 3- and 4-Class 

solutions (.96). Entropy was reverse coded so 1 = complete certainty of classification and 0 = 

complete uncertainty. The sample adjusted Bayesian Information Criterion (BIC) and Log-

likelihood of the data, given the model (LogLik) indicated that each new model improved the 

fit – suggested by decreasing values for each subsequent solution and p-values for less than 

.05. 

The 2-, 3-, and 4-Class solutions all appear to be viable candidates for selection, so we 

compared them on the proportion of class membership, the goodness of classification, and the 

interpretability of each class. The 2- and 3-Class models had an adequate proportion of 

members (> .10) in each profile, but the 4-Class model did not (Class 3 = .05). Next, we 

checked the goodness of classification by examining the average latent class probabilities for 

the most likely latent class membership. All were 90% or greater for the assigned class which 

is acceptable (See Table B11: high values on the diagonal and low values off the diagonal 

indicated goodness of classification).  

To select a model from the 2- and 3-Class solutions we examined the interpretations 

of the profiles within each model (see Figure B1). Both models contained low and high CI 

profiles, but the 3-Class solution also included an amplified CI profile whose members had 

significantly greater CI than individual intelligence. This third profile identified a small 

number of participants that benefitted the most from working together in a dyad and provided 

additional insight into systematic outcomes for individuals paired to work together. We 

conducted the same analyses (described below) on both the 2- and 3-Class solutions and the 

pattern of results was consistent. Thus, we selected the 3-Class solution as the best fitting 

model because it provided additional information beyond the 2-Class solution. All subsequent 

analyses reported in the main text are based on this model.  
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Figure B1 . Latent profile groups for 2- (A) and 3-Class (B) solutions. Error bars represent 
the standard error of the mean for each profile on each variable 
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Appendix C: Supplementary Material for Chapter 4 (Study 3) 

Development of the General-Knowledge Tests 

Test development was conducted to construct three versions of a general knowledge 

test to administer in the main study under different communication conditions. These versions 

were designed to be matched on decision accuracy, decision confidence, and content 

domains. 

Participants 

Participants were 67 undergraduate psychology students (22 males, Mean age = 

20.27, SD = 2.97) who completed the study for partial course credit. These participants were 

ineligible for participation in the later stages of this study. 

Measures 

The items for the general-knowledge test were collected from several previous studies 

(Brewer & Sampaio, 2012; Blanchard et al. 2020; Schuldt et al., 2017; Stankov, 1997) and 

constructed by members of the researcher team. 101 two alternative items were selected to 

cover a broad range of content areas: geography, art, music, film, history, science, and 

vocabulary. For example, What does the word orthodox mean? Religious or Conventional* 

and Who wrote the novel titled Brave New World? Aldous Huxley* or George Orwell (* 

indicates the correct answer). After each item, participants were asked to provide a 

confidence rating ranging from 50% (guessing) to 100% (completely certain) for the 

correctness of their response. Of the 101 items, 22 were selected to form each of the 3 

general-knowledge tests. By design, the three versions were matched on decision accuracy, 

decision confidence, and content domain. 
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Procedure 

All participants completed the test development stage in a university computer lab. 

After providing consent, participants completed a demographic questionnaire then answered 

all general-knowledge items by themselves in a randomised order. 

Test Development 

 Overall, mean decision accuracy was 64.49 (SD = 21.64) and mean decision 

confidence was 73.40 (SD = 20.41) for the general-knowledge items. We used item-level 

decision accuracy and decision confidence to construct 3 different versions of the general-

knowledge test that had equivalent mean decision accuracy and decision confidence. Table 

C1 demonstrates the descriptive statistics for each version of the general-knowledge test that 

we constructed from the total pool of items. There were no significant differences on mean 

decision accuracy (F = .04, p = .84) or decision confidence (F = .01, p = .91) between the 

three matched versions of the general-knowledge tests. Omega total was used to measure 

internal consistency (McDonald, 1999). For decision accuracy, internal consistency was 

acceptable for exploratory research purposes for version 2 and 3 (ωt = .56 and .63, 

respectively) but was low for version 1 (ωt = .47). For decision confidence, internal 

consistency was good to excellent (ωt ranging from .75 to .82). 

Table C1. Descriptive Statistics for the Matched Versions of the General Knowledge Test (N 
= 67) 
 Version  
 1 2 3 F 
Decision Accuracy     
Mean 58.28 (0.20) 58.07 (0.20) 57.94 (.20) 0.04 
ωt .47 .56 .63  
Decision Confidence     
Mean 71.64 (19.56) 71.58 (20.29) 71.70 (19.92) 0.01 
ωt .81 .75 .82  

Note. ωt = Omega total. 

 



 214 

The Items for the Final Versions of the General Knowledge Tests Used in the Main 

Study 

Table C2. The General Knowledge Test Items for the Isolated Communication Condition 
Item Question Option 1 Option 2 Correct 

Response 
1 What does the word duress mean? Period of time Compulsion Compulsion 
2 What does the word abjure mean? Renounce Arrest Renounce 
3 Who wrote the novel titled Frankenstein? Mary Shelley Jane Austen Mary Shelley 
4 Who was the first president of the United 

States? 
Abraham 
Lincoln 

George 
Washington 

George 
Washington 

5 What does the word gush mean? Spurt Cry Spurt 
6 Approximately how many Australian 

Aboriginal languages are there? 150 300 300 
7 The Dalai Lama is from which country? Tibet India Tibet 
8 In which city would you find the most 

famous works by Antoni Gaudi? New York Barcelona Barcelona 
9 Which school of art did the painter 

Claude Monet come from? Impressionism Expressionism Impressionism 
10 What does the word unwary mean? Tireless Incautious Incautious 

 

Table C3. The General Knowledge Test Items for the Passive Communication Condition 
Item Question Option 1 Option 2 Correct 

Response 
1 Which is a stress hormone produced by 

the human body? Serotonin Cortisol Cortisol 
2 Andy Warhol designed an album cover 

for which band? The Beatles 
The Rolling 
Stones 

The Rolling 
Stones 

3 How many feature films has Quentin 
Tarantino directed? 7 9 9 

4 Who wrote the novel titled The 
Handmaid's Tale? John Steinbeck 

Margaret 
Atwood 

Margaret 
Atwood 

5 What does the word perspire mean? Struggle Sweat Sweat 
6 In which year did the Berlin wall fall? 1989 1979 1989 
7 Which planet is larger in size? Neptune Jupiter Jupiter 
8 The Persistence of Memory is a painting 

by which artist? Salvador Dali Henri Matisse Salvador Dali 
9 What does the word feign mean? Pretend Be cautious Pretend 
10 A deficiency of vitamin C causes which 

disorder? Scurvy Rickets Scurvy 
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Table C4. The General Knowledge Test Items for the Active Communication Condition 
Item Question Option 1 Option 2 Correct 

Response 
1 Which continent has a larger area? Antarctica Europe Antarctica 
2 Which country was Pablo Picasso born 

in? 
France Spain Spain 

3 For which film did Cate Blanchett win an 
Oscar award for Best Actress? 

Blue Jasmine Carol Blue Jasmine 

4 Who wrote the novel titled Anna 
Karenina? 

Ernest 
Hemmingway 

Leo Tolstoy Leo Tolstoy 

5 When did Sydney host the Summer 
Olympic Games? 

2004 2000 2000 

6 What does the word dyschronometria 
mean? 

Impaired 
ability to 
estimate 
amount of time 
passed 

Impaired 
ability to 
maintain a line 
of thought 

Impaired ability 
to estimate 
amount of time 
passed 

7 Which continent has a larger area? Europe North America North America 
8 Who wrote the Australian novel titled 

Cloudstreet? 
Tim Winton Christos 

Tsiolkas 
Tim Winton 

9 What does the word orthodox mean? Religious Conventional Conventional 
10 Who painted the ceiling of the Sistine 

Chapel? 
Michelangelo Raphael Michelangelo 

 

Pre-screening Study 

The pre-screening study was used to identify participants who were high-trait or low-

trait confidence for inclusion in the main study. Our selection criteria aimed to recruit 

individuals who scored within ±1.50 standard deviations of the mean on cognitive ability and 

beyond ±0.50 standard deviations on trait confidence. The target sample size for the main 

study was 210 participants, consisting of 105 high-trait and 105 low-trait confidence 

individuals. These participants were paired into 35 dyads in each of the trait confidence 

categories: low-trait, mixed-trait, and high-trait. 

Figure C1 displays the distribution of standardised trait confidence and cognitive 

ability scores from the screening study and highlights the subset of participants who 

completed the main study. As shown, most selected individuals fall within the intended 

ranges on trait confidence and cognitive ability. However, due to attrition, a small number of 

participants fall slightly outside these thresholds. One notable pattern is that high-trait 
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confidence participants in the main study tend to cluster towards the upper end of the 

cognitive ability target range more than low-trait confidence individuals. This imbalance 

necessitated statistical control for the effect of cognitive ability in the main study analyses. 

Figure C2 presents histograms for both variables of the distributions for participants recruited 

in the main study. 

Participants 

Participants were 1251 Australian university students (370 males; mean age = 20.89, 

SD = 5.01) who completed the study for either partial course credit or financial 

reimbursement. A total of 62 participants were excluded for non-genuine responses for 

RAPM or EAT. The final sample were 1189 participants (343 males; mean age = 20.91, SD = 

5.09) who were screened for trait confidence and cognitive ability. 
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Figure C1. Distribution of Trait Confidence and Cognitive Ability Scores in the Screening 

Study with Highlighted Main Study Participants (N = 1189) 

 

Figure C2. Histograms of Trait Confidence and Cognitive Ability Scores in the Main Study 

(N = 210) 
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Measures 

Raven’s Advanced Progressive Matrices (Raven, 1938-65): This test consists of 36 

items, each featuring a 3x3 grid of abstract figures forming a horizontal and vertical pattern, 

with the bottom right figure missing. Participants select one of eight possible options to 

complete the matrix. Accuracy is a measure of Fluid Reasoning. The internal consistency has 

been shown to be excellent for accuracy, ranging from .80 to .81, and decision confidence, 

ranging from .90 to .92 (Blanchard et al., 2020; Blanchard et al., 2023). After responding to 

each item, participants rated their decision confidence in their answer on a scale from 12.5% 

(guessing) to 100% (completely certain). In the present study, participants completed a short 

15-item version. 

Mini-IPIP (Donnellan et al., 2006): This questionnaire presented participants with 20 

statements about their personality, which they rated on a five-point scale ranging from "very 

inaccurate" (1) to "very accurate" (5). For example, one item asked participants to rate the 

accuracy of the statement “Am the life of the party.” This scale assesses the Big Five 

personality traits and has been found to have acceptable internal consistency for 

Agreeableness (.70), Conscientiousness (.69), Extraversion (.77), Intellect (.65), and 

Neuroticism (.68). 

Esoteric Analogies Test (EAT; Stankov, 1997): This measure involved participants 

completing 20 of the original 24 analogies. For each analogy, participants were presented 

with a pair of words and asked to select one of four options that reflected the same 

relationship with a target word. For example, LOVE is to HATE as FRIEND is to: (1) 

LOVER, (2) PAL, (3) OBEY, (4) ENEMY*. Accuracy requires both reasoning skills and prior 

knowledge thus it is a mixed measure of Fluid Reasoning and Crystallised Intelligence. Prior 

research with Australian undergraduate samples reported acceptable internal consistency for 
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accuracy (ranging from .69 to .74) and excellent internal consistency for decision confidence 

(ranging from .88 to .94; Jackson et al., 2016; Law et al., 2022). 

Procedure 

All participants completed the 30-minute screening study remotely using their own 

device and internet connection. After providing consent, participants completed the tasks in 

the same order: demographic questionnaire, RAPM, mini-IPIP, and EAT. All measures were 

completed individually.  

Individual Difference Measures from the Main Study 

Motivational Traits Scale (Haesevoets et al., 2019): This scale consisted of 57 items 

that assessed 3 motivational traits associated with social decision-making: prosocial, proself, 

and fearful. The items were taken from scales that assess fairness (Van Hiel et al., 2008), 

altruism (Tazelaar et al., 2004), social welfare concerns (Haesevoets et al., 2018), concern for 

others (Selenta & Lord, 2005), greed (Krekels & Pandelaere, 2015), competitiveness (Xie et 

al., 2006), entitlement (Campbell et al., 2004), fear (Van Hiel et al., 2008) and risk aversion  

(Mandrik & Bao, 2005). For example, participants rated their agreement with statements like, 

When I have to make a decision that also influences others I want to make a decision that 

leads to an equal outcome for everyone, using a 7-point Likert scale, ranging from Strongly 

Disagree (1) to Strongly Agree (7). The underlying scales have demonstrated good internal 

consistency with Cronbach's Alpha ranging from of .74 to .93. 

Trust Scale (McAllister, 1995; Wilson et al., 2006): This scale uses 5 items to measure 

trust between members of small groups. It is appropriate for computer-mediated 

communication and McAllister’s original scale was adapted by Wilson and colleagues for 

suitability with a student population. Participants rated their agreement with statements like I 

can freely share my ideas and feelings in this group using a 5-point Likert scale, ranging from 

Strongly Disagree (1) to Strongly Agree (5). Higher scores reflect greater trust withing a 
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group. The scale has been shown to possess excellent internal consistency for cognitive trust 

and affective trust which have Cronbach’s Alpha values of .82 and .88 respectively. 

Psychological Safety Scale (Edmondson, 1999): This scale uses 7 items to measure 

the extent to which individual group members feel safe to take interpersonal risks within their 

group. Participants rated their agreement with statements such as If you make a mistake on 

this team, it is often held against you, using a 5-point Likert scale from Strongly Disagree (1) 

to Strongly Agree (2). Higher scores reflect greater psychological safety within a group. The 

scale possess excellent internal consistency, with Cronbach’s Alpha of .82 in the original 

study. 

Empathy Quotient (Baron-Cohen & Wheelwright, 2004): The Empathy Quotient is a 

60-item self-report questionnaire designed to measure empathy, which is the ability to 

understand and respond to the emotions and mental states of others. Of the 60 items, 40 

assess empathy and 20 are control items. Participants responded to statements such as, I can 

easily tell if someone is upset, even if they don’t say anything, using a 4-point Likert scale 

ranging from Strongly Disagree (1) to Strongly Agree (4). Higher scores reflect greater 

empathy. The scale captures both cognitive empathy (understanding the mental states of 

others) and affective empathy (the capacity to respond emotionally to the feelings of others). 

Internal consistency has been shown to be excellent, with Cronbach’s Alpha values around 

.92. 

Reading the Mind in the Eyes Test (Baron-Cohen et al., 2001). This is a 36-item 

measure of emotion perception that assesses one’s ability to infer emotional states from 

images of people’s eyes. Woolley et al., (2010) used this measure to assess social sensitivity. 

Participants are presented with an image of someone’s eyes and must quickly select the word 

(from four options) that best describes the thought or feeling expressed by the person in the 

image. Higher scores indicate greater ability at perceiving the emotions of others. In the 
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present study, participants completed a short 10-item version (Olderbak et al., 2015) which 

has been shown to possess good internal consistency, with Cronbach’s Alpha of .73. 

Behavioral Inhibition System/Behavioral Activation System Scales (BIS/BAS; Carver 

& White, 1994): The BIS/BAS consists of 24 items designed to measure individual 

differences in sensitivity to punishment (BIS) and reward (BAS). The BIS subscale assesses 

the degree to which participants experience behavioural inhibition in response to potential 

punishment or negative outcomes. In contrast, the BAS subscale captures the extent to which 

individuals are driven by rewards, divided into three components: Reward Responsiveness, 

Drive, and Fun Seeking. Participants rated statements such as Criticism or scolding hurts me 

quite a bit on a four-point scale, from Very true for me (1) to Very false for me (4). The 

internal consistency of the scales is good with Cronbach’s Alpha scores of .74 for the BIS, .73 

for the BAS Reward Responsiveness, .76 for the Bas Drive, and .66 for the BAS Fun Seeking 

subscales. 

Risk Aversion (Holt & Laury, 2002). This behavioural measure comprised 10 items 

where participants made choices between two lottery options. Option A offered smaller, more 

stable payouts (lower risk), while Option B provided larger, more variable payouts (higher 

risk). For instance, in the first item, Option A gave a 1/10 chance of paying $2.00 and a 9/10 

chance of paying $1.60, while Option B had a 1/10 chance of paying $3.85 and a 9/10 chance 

of paying only $0.10. Participants were required to choose which lottery they would prefer. 

Across items, the payout amounts for both options remained constant, but the probabilities of 

winning shifted incrementally with each successive item, moving by 1/10 with each step. By 

the final item, the odds reached 10/10 for both options, fully favouring the prize with the 

higher payout. This gradually increased the likelihood of the larger payout. The point at 

which a participant switches from selecting Option A to Option B provides an indicator of 

their risk aversion. For example, choosing Option B on the first item (when the probability of 
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the higher payout is just 1/10) indicates low risk aversion, whereas continuing to choose 

Option A on item 8 (where the probability of a high payout is 8/10) suggests very high risk 

aversion. 

Communication Measures. Conversations between dyad members were recorded 

during the active communication condition. From these recordings, we calculated the number 

of speaking turns and the equality of turn-taking. Following Woolley et al. (2010), equality of 

turn-taking was measured by computing a standard deviation for the total number of speaking 

turns of a dyad’s members. A zero-value indicated perfect equality, where both members 

contributed an equal number of turns, while higher values reflected increasing levels of 

inequality. For clarity, we referred to this measure as inequality of turn-taking.  

Descriptive Statistics 

Table C5 displays the descriptive statistics and internal consistency estimates for the 

additional individual difference variables. Internal consistency estimates ranged from 

acceptable (.64) to excellent (.91) for all psychological measures except social sensitivity 

which was low (.47). 

 The inequality of communication variables represent the similarity between dyad 

members for the number of speaking turns (inequality of turn-taking) and the number of 

words spoken (inequality of words spoken). A score of zero on either of the inequality 

variables indicates that dyad members had an identical number of speaking turns or words 

spoken and higher values indicated greater inequality.  

The total communication variables represent the total number of speaking turns (total 

talking turns) and the total number of words spoken (total words spoken) for both dyad 

members. Internal consistency estimates were acceptable for inequality of turn-taking (.59) 

and good for the other communication variables, ranging from .74 to .83. 
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Table C5. Descriptive Statistics and Internal Consistency Estimates for Individual Difference 
Variables for Each Trait Confidence Condition (N = 105) 

  Trait Confidence  
  Low Mixed High  
Variable IC Mean (SD) Mean (SD) Mean (SD) F2, 102 
Social Sensitivity .47 76.19 (20.96) 79.05 (17.88) 72.38 (27.93) 1.53 
EQ .89 44.94 (12.35) 43.51 (11.77) 42.43 (11.55) 0.79 
BIS Total .82 22.50 (3.64) 21.84 (4.49) 21.53 (3.33) 1.16 
BAS Drive .75 10.74 (2.32) 11.29 (2.11) 10.80 (2.35) 1.22 
BAS Fun .70 12.03 (2.13) 11.86 (2.35) 12.24 (2.10) 0.54 
BAS Reward .70 17.43 (1.77) 17.03 (2.31) 17.20 (2.15) 0.65 
Proself Factor - -0.01 (0.46) 0.03 (0.44) -0.02 (0.47) 0.22 
Prosocial Factor - 0.08 (0.58) -0.06 (0.55) -0.03 (0.50) 1.29 
Fearful Factor - 0.06 (0.50) 0.00 (0.61) -0.07 (0.56) 0.97 
Risk Aversion .76 4.87 (2.31) 4.30 (2.06) 4.50 (2.14) 1.25 
Psychological Safety .64 5.58 (0.79) 5.74 (0.65) 5.64 (0.67) 0.88 
Trust .72 4.16 (0.51) 4.15 (0.50) 4.05 (0.49) 0.95 
Inequality Turn Taking .59 2.48 (2.20) 2.91 (3.71) 2.45 (1.96) 0.30 
Inequality Words Spoken .74 123.10 (115.08) 114.03 (97.64) 92.80 (74.79) 0.88 
Total Talking Turns .81 109.40 (30.99) 105.37 (26.32) 110.53 (32.06) 0.29 
Total Words Spoken .83 880.14 (403.23) 772.80 (292.11) 835.24 (356.44) 0.81 

 

Selecting the Best Fitting Model for Decision Accuracy and Decision Confidence 

We compared 8 models to select the best fitting model for decision accuracy and 

decision confidence. All models included the same fixed effects structure that included three-

way interactions for grouping (individual vs dyad), communication type (isolated vs passive 

vs active), and trait confidence (low-trait vs mixed-trait vs high-trait), along with covariates 

for two cognitive abilities (EAT accuracy and RAPM accuracy). The models differed only in 

their random effects structure.  

For each outcome, the models compared were: 1) linear regression with fixed effects 

only (no random effects were included); 2) random intercepts for each individual; 3) random 

intercepts for each dyad; 4) random intercepts for both individuals and dyads; and 5) random 

intercepts and slopes for communication type across individuals; 6) random intercepts and 

slopes for communication type across dyads; 7) random intercepts and slopes for 

communication type across individuals and random intercepts for dyads; 8) random intercepts 

and slopes for communication type at both the individual and dyad levels. We compared the 
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models on Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and 

log-likelihood values. Likelihood ratio tests (LRTs) compared nested models relative to 

simpler alternatives, with statistical significance indicated where relevant. See Table C6 for 

the model comparisons. 

Table C6. Comparison of the Models for Each Outcome 
 Decision Accuracy Decision Confidence 
Model AIC BIC LRT AIC BIC LRT 
1 10542 10650 -5250 9300 9408 -4629 
2 10328 10441 -5142*** 8470 8583 -4213*** 
3 10358 10471 -5157 8806 8919 -4381 
4 10312 10431 -5133*** 8456 8574 -4205*** 
5 10128 10267 -5037*** 8058 8197 -4002*** 
6 10290 10428 -5118 8794 8933 -4370 
7 10107 10250 -5025*** 8035 8179 -3990*** 
8 10079 10249 -5007*** 8023 8192 -3978*** 

Model 1: no random effects 
Model 2: (1 | individual) and Model 3: (1 | dyad) 
Model 4: (1 | individual) + (1 | dyad) and Model 5: (1 + communication | individual) 
Model 6: (1 + communication | dyad) and Model 7: (1 + communication | individual) + (1 | dyad) 
Model 8: (1 + communication | individual) + (1 + communication | dyad); *** p < .001 

For both outcomes, Model 8, which included random intercepts and slopes for 

communication at both the individual and dyad levels, provided the best fit based on AIC, 

BIC, and log-likelihood, with significant improvements over all simpler models. Despite 

increased model complexity, Model 8 did not exhibit convergence or singularity issues and 

was therefore retained as the final model for both decision accuracy and decision confidence 

analyses.  
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Additional Results for the Final Models for Decision Accuracy and Decision Confidence 

Figure C3. Mean Scores on Each Outcome for the Conditions 

 

 

Table C7. Random Effects for Communication Within Individuals and Dyads for Decision 

Accuracy and Decision Confidence 

 Individual Dyad 
Outcome Intercept 

SD 
Passive 

SD 
Active 

SD 
Intercept 

SD 
Passive 

SD 
Active 

SD 
Decision 
accuracy 

13.77 
 

14.98 
 

11.95 
 

6.75 
 

6.01 
 

9.35 
 

Decision 
confidence 

9.02 7.14 6.47 3.82 3.42 2.91 

 

Table C8. Baseline Comparisons for Individual Responses 

 Decision 
 Accuracy Confidence 
Predictor b SE b SE 
Low     
     Passive vs Isolated 1.73 2.62 0.76 1.18 
     Active vs Isolated -0.14 2.50 -3.57** 1.07 
     Active vs Passive -1.87 2.58 -4.33*** 1.13 
Mixed     
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     Passive vs Isolated -0.86 2.60 -0.22 1.16 
     Active vs Isolated -3.71 2.50 -5.52*** 1.07 
     Active vs Passive -2.86 2.56 -5.30*** 1.12 
High     
     Passive vs Isolated -0.14 2.60 -0.72 1.16 
     Active vs Isolated -0.14 2.50 -4.07*** 1.07 
     Active vs Passive 0.00 2.56 -3.34** 1.12 

*** p < .001, ** p < .01 

Table C9. Difference of the Differences for the Three-Way Interaction Effects 

   Decision 
   Accuracy Confidence 
Trait Confidence Grouping Communication b SE b SE 
Low Dyad vs Ind Passive vs Isolated 7.25** 2.25 4.23*** 0.77 
Low Dyad vs Ind Active vs Isolated 5.14* 2.24 2.56*** 0.77 
Low Dyad vs Ind Active vs Passive -2.11 2.25 -1.68* 0.77 
Mixed Dyad vs Ind Passive vs Isolated 5.00* 2.24 4.81*** 0.77 
Mixed Dyad vs Ind Active vs Isolated 10.71*** 2.24 3.17*** 0.77 
Mixed Dyad vs Ind Active vs Passive 5.71* 2.24 -1.63* 0.77 
High Dyad vs Ind Passive vs Isolated 6.29** 2.24 4.75*** 0.77 
High Dyad vs Ind Active vs Isolated 10.86*** 2.24 4.52*** 0.77 
High Dyad vs Ind Active vs Passive 4.57* 2.24 -0.23 0.77 
Communication Grouping Trait Confidence     
Isolated Dyad vs Ind Low vs Mixed -1.86 2.24 -0.23 0.77 
Isolated Dyad vs Ind Low vs High -1.86 2.24 0.38 0.77 
Isolated Dyad vs Ind Mixed vs High 0.00 2.24 0.61 0.77 
Passive Dyad vs Ind Low vs Mixed -4.11† 2.25 0.34 0.77 
Passive Dyad vs Ind Low vs High -2.82 2.25 0.90 0.77 
Passive Dyad vs Ind Mixed vs High 1.29 2.24 0.56 0.77 
Active Dyad vs Ind Low vs Mixed 3.71† 2.24 0.38 0.77 
Active Dyad vs Ind Low vs High 3.86† 2.24 2.34** 0.77 
Active Dyad vs Ind Mixed vs High 0.14 2.24 1.96* 0.77 

*** p < .001, ** p < .01, * p < .05, † p < .10  
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Refitting the Final Models with Education Included as a Covariate 

Table C10. The Models for Decision Accuracy and Decision Confidence with Education as a 

Covariate 

  Decision 
  Accuracy Confidence 
Predictor  b SE b SE 
Main Effects      
Grouping Dyad vs Ind 5.22*** 0.53 1.80*** 0.18 
Communication Passive vs Isolated 3.33* 1.36 2.24** 0.64 
 Active vs Isolated 3.12* 1.29 -2.67*** 0.57 
 Passive vs Active -0.21 1.33 -4.91*** 0.61 
Trait Confidence Mixed vs Low 2.88 2.16 3.33 1.69 
 High vs Low 2.47 2.37 4.90* 1.85 
 Mixed vs High -0.41 2.21 1.58 1.74 
EAT Acc  -0.07† 0.04 -0.06* 0.03 
RAPM Acc  0.21*** 0.05 0.15*** 0.04 
Education  -1.17 0.76 -0.63 0.59 
Three-Way Simple Effects Interactions   
Trait Confidence Communication     
     Low      Isolated 1.43 1.58 -0.92† 0.54 
     Mixed      Isolated -0.43 1.58 -1.16* 0.54 
     High      Isolated -0.43 1.58 -0.54 0.54 
     Low      Passive 8.68*** 1.60 3.31*** 0.55 
     Mixed      Passive 4.57** 1.58 3.65*** 0.54 
     High      Passive 5.86*** 1.58 4.21*** 0.54 
     Low      Active 6.57*** 1.58 1.63** 0.54 
     Mixed      Active 10.29*** 1.58 2.02*** 0.54 
     High      Active 10.43*** 1.58 3.98*** 0.54 

*** p < .001, ** p < .01, * p < .05, † p < .10 
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Selecting the Best Fitting Model for Testing the Emergence of Confidence Matching  

Random Effect Structure 

To select the best fitting model to report in the main text, we compared the same 

random effects structure as the models for decision accuracy and decision confidence with the 

addition of item number within each model. Each model had the same fixed effects, 

teammate’s individual decision confidence, communication type (isolated vs passive vs 

active) and trait confidence (low-trait vs mixed-trait vs high-trait). We compared the models 

on AIC, BIC, and LRT. See Table C11 for the model comparisons. 

Table C11. Comparison of Models with Different Random Effects 
Model AIC BIC LRT 
1 46518 46659 -23238 
2 46402 46557 -23178*** 
3 46468 46623 -23211 
4 - - - 
5 - - - 
6 - - - 
7 - - - 
8 - - - 

Model 1: no random effects 
Model 2: (1 | individual) + (1 | item number) 
Model 3: (1 | dyad) + (1 | item number) 
Model 4: (1 | individual) + (1 | dyad) + (1 | item number) 
Model 5: (1 + communication | individual) + (1 | item number) 
Model 6: (1 + communication | dyad) + (1 | item number) 
Model 7: (1 + communication | individual) + (1 | dyad) + (1 | item number) 
Model 8: (1 + communication | individual) + (1 + communication | dyad) + (1 | item number) 
*** p < .001, ** p < .01 

Model 2, which included random intercepts for individuals and item number, provided 

the best fit based on AIC, BIC, and log-likelihood, with significant improvements over model 

1. Model 3 did not improve the fit and models 4 through to 8 were singular and/or had 

convergence issues. Therefore, we retained model 2 as the final model.  

Interaction effect structure 

We compared 3 models to select the best fitting model for the main analyses. Each 

model had the same variables included as fixed effects: teammate’s individual decision 
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confidence, communication type (isolated vs passive vs active), and trait confidence (low-

trait vs mixed-trait vs high-trait). The models differed in their interaction effect structure. The 

models compared were: 1) main effects only (no interaction effects included); 2) the addition 

of all two-way interactions effects; and 3) the addition of three-way interaction effects. The 

results are presented in Table C12. Model 3 which included three-way interaction effects had 

the best fit, thus it was reported in the main text.  

Table C12. Comparison of Models with Different Interaction Effect Structures 

Model AIC BIC LRT 
1 46611 46686 -23295 
2 46405 46533 -23183*** 
3 46402 46557 -23178* 

Model 1: main effects only 
Model 2: two-way interaction effects added 
Model 3: three-way interaction effects added 
*** p < .001, p < .05 

 

Full Model Results for Testing the Emergence of Confidence Matching 

 The results for the final confidence matching model are presented in Tables C13, C14, 

and C15. Tests of each coefficient for all fixed effects are displayed in Table C13. Pairwise 

comparisons for main effects and simple effects contrasts for the interaction effects are shown 

in Table C14. Lastly, the difference of the differences contrasts for the three-way interactions 

are available in Table C15. 

 The model included random intercepts for both dyad and item number. The variance 

components indicated that dyad-level differences (σ² = 2.02, SD = 1.42) and item-level 

differences (σ² = 0.87, SD = 0.94) contributed meaningful variation in decision confidence 

changes. The residual variance was σ² = 94.90, SD = 9.74. 

 One difference-of-differences contrast reached significance, indicating that the 

difference in the effect of a teammate’s individual decision confidence between passive and 

active communication type was significantly larger for low-trait confidence compared to 
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mixed-trait confidence (b = -0.11, SE = 0.04, t6169 = -2.83, p = .04). However, given the small 

effect size, the marginal significance level, and that none of the other contrasts approached 

significance, this result should be interpreted with caution. 

Table C13. Main and Interaction Effects for Confidence Matching Slopes 

Variable Level b SE t 
Main Effects    
     Teammate’s Individual Confidence  0.15 0.01 20.30*** 
     Communication Isolated -0.87 0.38 -2.29* 
     Communication Passive 3.45 0.38 9.09*** 
     Communication Active 3.04 0.38 7.97*** 
     Trait Confidence Low 1.71 0.39 4.34*** 
     Trait Confidence Mixed 1.54 0.37 4.17*** 
     Trait Confidence High 2.38 0.40 5.92*** 
     RAPM Acc - 0.01 0.01 0.87 
     EAT Acc - -0.04 0.01 -2.48* 
Three-Way Interactions Including Teammate’s Individual Confidence 
     Isolated Low 0.02 0.02 1.14 
     Isolated Mixed -0.02 0.02 -0.86 
     Isolated High 0.02 0.02 1.05 
     Passive Low 0.28 0.02 13.46*** 
     Passive Mixed 0.20 0.02 10.85*** 
     Passive High 0.23 0.02 12.74*** 
     Active Low 0.19 0.02 8.54*** 
     Active Mixed 0.23 0.02 10.86*** 
     Active High 0.17 0.02 8.65*** 

*** p < .001, * p < .05 
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Table C14. Simple Effects Contrasts for the Conditions for the Confidence Matching Model 
Variable Contrast b SE t 
Main Effects    
     Communication Passive vs Isolated 4.32 0.49 8.74*** 
     Communication Active vs Isolated 3.91 0.50 7.89*** 
     Communication Active vs Passive -0.41 0.50 -0.83 
     Trait Confidence Mixed vs Low -0.16 0.48 -0.34 
     Trait Confidence High vs Low 0.67 0.55 1.21 
     Trait Confidence High vs Mixed 0.83 0.50 1.65 
Three-Way Simple Effects Interactions Including Teammate’s Individual Confidence 
     Trait Confidence: Low Passive vs Isolated 0.25 0.03 8.63*** 
     Trait Confidence: Low Active vs Isolated 0.17 0.03 5.57*** 
     Trait Confidence: Low Active vs Passive -0.08 0.03 -2.74† 
     Trait Confidence: Mixed Passive vs Isolated 0.22 0.03 8.08*** 
     Trait Confidence: Mixed Active vs Isolated 0.25 0.03 8.65*** 
     Trait Confidence: Mixed Active vs Passive 0.03 0.03 1.11 
     Trait Confidence: High Passive vs Isolated 0.21 0.03 8.24*** 
     Trait Confidence: High Active vs Isolated 0.15 0.03 5.71*** 
     Trait Confidence: High Active vs Passive -0.06 0.03 -2.10 
     Communication: Isolated Mixed vs Low -0.04 0.03 -1.44 
     Communication: Isolated High vs Low -0.00 0.03 -0.16 
     Communication: Isolated High vs Mixed 0.04 0.03 1.37 
     Communication: Passive Mixed vs Low -0.08 0.03 -2.87† 
     Communication: Passive High vs Low -0.05 0.03 -1.77 
     Communication: Passive High vs Mixed 0.03 0.02 1.18 
     Communication: Active Mixed vs Low 0.04 0.03 1.19 
     Communication: Active High vs Low -0.02 0.03 -0.67 
     Communication: Active High vs Mixed -0.06 0.03 -1.95 

*** p < .001, † p < .10 

Table C15. Difference of the Differences Three-Way Interaction Effects for Confidence 
Matching 
Trait Confidence Communication b SE t 
Mixed vs Low Passive vs Isolated 0.03 0.04 0.89 
Mixed vs Low Active vs Isolated -0.08 0.04 -1.90 
Mixed vs Low Active vs Passive -0.11 0.04 -2.83* 
High vs Low Passive vs Isolated 0.04 0.04 1.11 
High vs Low Active vs Isolated 0.02 0.04 0.38 
High vs Low Active vs Passive -0.03 0.04 -0.69 
High vs Mixed Passive vs Isolated 0.01 0.04 0.21 
High vs Mixed Active vs Isolated 0.09 0.04 2.41 
High vs Mixed Active vs Passive 0.09 0.04 2.30 

* p < .05.  
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Selecting the Best Fitting Model for Confidence Matching Predicting the Change in 

Decision Accuracy 

Random Effect Structure 

We compared 6 models to select the best fitting model to include in the main analyses 

for the change in decision accuracy. Each model had the same fixed effects: confidence 

matching slope, communication type (isolated vs passive vs active), and trait confidence 

(low-trait vs mixed-trait vs high-trait). The models also included RAPM accuracy and EAT 

accuracy as covariates to control for differences in ability. The models differed in their 

random effects structure. See Table C16 for the model comparisons. 

Table C16. Comparison of Models with Different Random Effects 

 Decision accuracy Change 
Model AIC BIC LRT 
1 -758 -665 400 
2 -756 -659 400 
3 - - - 
4 - - - 
5 - - - 
6 - - - 

Model 1: no random effects 
Model 2: (1 | individual) 
Model 3: (1 | dyad) 
Model 4: (1 | individual) + (1 | dyad) 
Model 5: (1 + communication | dyad) 
Model 6: (1 + communication | dyad) + (1 | individual) 

 Models 3-6 were singular as there was no variance in dyads and model 2 with random 

intercepts for individuals did not significantly improve the fit above a linear regression with 

fixed effects only. Inspection of the random effects showed very little variance across 

individuals (σ² = 0.00, SD = 0.01). Thus, model 1 was selected as the final model reported in 

the main results. 
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Interaction effect structure 

We compared 3 models to select the best fitting model for the main analyses. Each 

model had the same variables included as fixed effects: teammate’s individual decision 

confidence, communication type (isolated vs passive vs active), and trait confidence (low-

trait vs mixed-trait vs high-trait). The models differed only in the complexity of the 

interaction structures. Specifically, the models included: 1) main effects only (no interaction 

effects included); 2) the addition of all two-way interactions effects; and 3) the addition of 

three-way interaction effects. The results are presented in Table C17. 

Table C17. Comparison of Models with Different Interaction Effect Structures 

 Decision accuracy 
Change 

Model AIC BIC F 
1 4912 4951 - 
2 4913 4988 1.81 
3 4915 5008 1.39 

Model 1: main effects only 
Model 2: two-way interaction effects added 
Model 3: three-way interaction effects added 

 
Model 2 which included two-way interaction effects showed a marginal improvement 

in model fit compared to model (F8,600 = 1.81, p = .07). Although, the improvement did not 

reach the significance threshold, the emergence of theoretically meaningful interaction effects 

suggests that including two-way interaction effects provides a more nuanced and accurate 

representation of the underlying processes involving confidence matching. In contrast, the 

inclusion of three-way interactions did not improve the fit. Thus, we reported model 2 in the 

main analyses. It offered a balance between parsimony and explanatory power. The two-way 

interaction model allowed us to examine meaningful patterns of moderation that were not 

detected in the main-effects-only model. 
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Full Model: Relationship Between Confidence Matching and the Change in Decision Accuracy 

The results for the final confidence matching model are presented in Table C18 for the 

relationship between the change in decision accuracy and confidence matching at each level 

of the conditions including interaction effects. Pairwise comparisons for main effects and 

simple effects for the interaction effects are shown in Table C19. 

Table C18. Confidence Matching Slopes for Main and Interaction Effects 
Variable Level b SE t 
Main Effects Slopes    
     Confidence Matching  0.06 0.02 2.75** 
     Communication Isolated 0.00 0.01 0.24 
     Communication Passive 0.05 0.01 5.62*** 
     Communication Active 0.09 0.01 10.27*** 
     Trait Confidence Low 0.05 0.01 5.00*** 
     Trait Confidence Mixed 0.04 0.01 4.69*** 
     Trait Confidence High 0.06 0.01 5.49*** 
     RAPM Accuracy - 0.01 0.01 1.02 
     EAT Accuracy - -0.02 0.01 -4.52*** 
Slopes For Two-Way Interactions 
     Confidence Matching Isolated 0.01 0.05 0.13 
     Confidence Matching  Passive 0.15 0.04 3.74*** 
     Confidence Matching  Active 0.04 0.02 1.69† 
     Confidence Matching  Low 0.09 0.03 2.73** 
     Confidence Matching Mixed 0.07 0.04 1.84† 
     Confidence Matching High 0.03 0.04 0.88 

*** p < .001, ** p < .01, † p < .10 

Table C19. Contrasts for Full Confidence Matching Model for the Change in Decision 
Accuracy 
Variable Contrast b SE t 
Main Effects    
     Communication Passive vs Isolated 0.05 0.01 3.54*** 
     Communication Active vs Isolated 0.09 0.01 6.42*** 
     Communication Active vs Passive 0.04 0.01 3.02** 
     Trait Confidence Mixed vs Low -0.01 0.01 -0.48 
     Trait Confidence High vs Low 0.01 0.01 0.40 
     Trait Confidence High vs Mixed 0.01 0.01 0.90 
Two-Way Simple Effects Interactions 
     Teammate’s Individual Confidence Active vs Isolated 0.14 0.07 2.10† 
     Teammate’s Individual Confidence Active vs Passive 0.03 0.06 0.58 
     Teammate’s Individual Confidence Mixed vs Low -0.11 -0.05 -2.28† 
     Teammate’s Individual Confidence High vs Low -0.02 -0.05 -0.53 
     Teammate’s Individual Confidence High vs Mixed -0.06 -0.05 -1.33 
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     Teammate’s Individual Confidence Active vs Isolated -0.04 -0.05 -0.75 
*** p < .001, ** p < .01, † p < .10 

 

Summary of LPA Goodness of Fit Indices and Model Selection 

LPA was performed for solutions with 2-6 classes (with 1 class as the default; see 

Table C20 and Figure C4 for a summary of the results) on the following 8 predictor variables: 

individual cognitive ability and trait confidence measured in the pre-screening study; and 

individual and dyadic accuracy and confidence measured on the GK test for each 

communication condition. Goodness of fit statistics were used to identify the number of latent 

profiles that best fit the data (Henson et al., 2007; Marsh et al., 2009). Assessment of the 

indices and examination of the profiles within each model suggested a 4-Class solution was 

the best model. 

 

Figure C4. A Summary of LPA Goodness of Fit Indices for 1-6 Classes 
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Table C20. Goodness of Fit Statistics for All Latent Profile Analysis Models Tested (N = 105) 

Classes in 
the model 

AIC Adjusted 
BIC 

BIC Entropy BLRT LogLik 
diff 

  

1 2410 2402 2453 1.00 - -91***   
2 2245 2233 2312 0.87 183* -37***   
3 2189 2171 2279 0.92 75* -21***   
4 2165 2144 2280 0.87 41* -17***   
5 2150 2124 2288 0.88 33* -15***   
6 2138 2108 2300 0.89 30* -91***   
Class Class counts and 

proportions for the 
latent classes 

Average latent class probabilities for 
most likely latent class membership 

(row) by latent class (column) 

   

 Counts Proportions Class 1 Class 2     
Class 1 40 .38 .95 .05     
Class 2 65 .62 .03 .97     
 Counts Proportions Class 1 Class 2 Class 3    
Class 1 29 .18 .99 .01 .00    
Class 2 62 .59 .02 .97 .01    
Class 3 14 .13 .00 .05 .95    
 Counts Proportions Class 1 Class 2 Class 3 Class 4   
Class 1 37 .35 .96 .03 .00 .00   
Class 2 39 .37 .03 .91 .03 .03   
Class 3 17 .16 .04 .04 .92 .00   
Class 4 12 .11 .00 .05 .02 .93   
 Counts Proportions Class 1 Class 2 Class 3 Class 4 Class 5  
Class 1 27 .26 .96 .00 .04 .00 .00  
Class 2 37 .35 .01 .93 .05 .00 .01  
Class 3 22 .21 .04 .05 .90 .01 .00  
Class 4 11 .10 .00 .02 .01 .97 .00  
Class 5 8 .08 .00 .05 .02 .01 .92  
 Counts Proportions Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 
Class 1 16 .15 .93 .00 .05 .02 .00 .00 
Class 2 34 .32 .00 .92 .03 .02 .01 .01 
Class 3 22 .21 .01 .04 .92 .02 .01 .00 
Class 4 17 .16 .06 .04 .04 .86 .00 .00 
Class 5 9 .09 .00 .03 .02 .00 .95 .00 
Class 6 7 .07 .00 .02 .00 .00 .00 .98 

Note. AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; BLRt = 
Bootstrap Likelihood Ratio Test; LogLik = Log Likelihood of the data, given the model. p-
values of the chi-squared test between k and k-1 solutions. 
* p < .05, *** p < .001 
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In particular, Akaike Information Criterion (AIC), sample adjusted Bayesian 

Information Criterion (BIC), and Bootstrap Likelihood Ratio Test (BLRT) declined from the 

1-Class solution to the 6-Class solution but there tended to be a plateauing of model 

improvement around 3- to 4-Classes. All solutions had acceptable entropy values (>.80 is 

considered good, Clark & Muthén, 2009) and entropy was greatest for the 3-class solutions 

(.92). Entropy was reverse coded so 1 = complete certainty of classification and 0 = complete 

uncertainty. The Log-likelihood of the data, given the model (LogLik) decreased for each 

model - indicating improved the fit for each subsequent solution – and chi-square tests 

demonstrated that the difference between models was significant. Evaluation of the goodness 

of fit indices indicated that all solutions were viable candidates for selection with a slight 

advantage for the 3- and 4-class solutions which appear to offer a balance between model 

complexity and incremental gains on the goodness of fit indices. 

Next, we compared the solutions on the proportion of class membership and the 

estimated accuracy of classification. The 2-, 3-, and 4-class solutions had an adequate 

proportion of members (>.10) in each profile, but the 5- and 6-class solutions were below this 

membership threshold. Furthermore, the estimated accuracy of classification was examined 

using the average latent class probabilities for the most likely class membership. For the 2- to 

5-class solutions all probabilities were 90% or higher, which is acceptable, however, one 

class was below this threshold for the 6-class solution. See Table C20: high values on the 

diagonal and low values off the diagonal indicate goodness of classification). 

To select a model from the 2-, 3-, and 4-class solutions, we examined the 

interpretations of the profiles within each model (see Figure C5). All models included high 

(class 1) and moderate (class 2) performance dyads. The model with 3-classes included an 

additional profile that was significantly more accurate for active communication (M = -0.73, 

SD = 2.15, CI = [-1.14, -0.32]) than passive communication (M = -1.41, SD = 3.21, CI = [-
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2.03, -0.80]). The model with 4-classes included another profile where the opposite was true: 

accuracy was significantly higher for passive communication (M = 0.11, SD = 4.22, CI = [-

0.69, 0.92]) than active communication (M = -1.81, SD = 6.56, CI = [-3.07, -0.56]. These two 

additional profiles identified participants who benefitted from different types of 

communication and provided meaningful insights into systematic outcomes for dyads. Thus, 

we selected the 4-class solution as the best fitting model because it provided important 

information beyond the 2- and 3-class solutions. All subsequent analyses were based on this 

model. 

Figure C5. Comparison of the 2-, 3-, and 4-Class LPA Solutions 

 




