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Abstract 

Psychology’s reproducibility crisis has led to a reckoning of research practices in many 

fields. Moreover, several preclinical fields have come under scrutiny due to poor rates of 

treatment translation from animals to humans. This is true of the preclinical addiction field 

(Venniro et al., 2020). Ensuing investigation revealed that many of the same research design 

aspects that undermine reproducibility also threaten translation potential (Fergusson et al., 

2019). We examined indices of transparency and reproducibility in animal models of opioid 

addiction from 2019 to 2023. In doing so, we aimed to understand whether efforts to improve 

reproducibility are relevant to this field. We measured the prevalence of transparency 

measures such as preregistration, registered reports, open data, and open code as well as 

compliance to the Animal Research: Reporting of In Vivo Experiments (ARRIVE) guidelines. 

We also measured reported rates of bias minimisation practices, sample size calculations 

and multiple corrections adjustments. Lastly, we estimated the accuracy of test statistic 

reporting. Appraising 247 articles revealed poor uptake of transparency measures, the 

ARRIVE guidelines, bias minimisation practices and sample size calculations. Adjustments 

for multiple comparisons was alone in being implemented in most articles (76.5%). Lastly, 

half of articles contained non-decision errors and 11% contained decision errors. We discuss 

the implications of these results and potential explanations as well as solutions for their 

improvement. Our study is the first of its kind in this field and demonstrates that attempts to 

improve reproducibility and, in turn, translation, are needed in the animal models of opioid 

addiction field.  

Keywords: animal models of opioid addiction, reproducibility, translation, transparency, bias 

minimisation, accuracy, reporting standards, ARRIVE 
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Assessing Indices of Transparency and Reproducibility in Animal Models of Opioid 

Addiction 

The development of treatments for human psychopathology is one goal of 

psychological research. Research that is accurate and unbiased is valuable to this pursuit as 

it is more likely to lead to reliable and effective interventions (Landis et al., 2012; Schmidt-

Pogoda et al., 2020). Accuracy in research, however, can be difficult to ensure. 

Verifying findings through the replication of studies is one measure of accuracy 

(Nosek et al., 2012). Because science is built on verifiability, validating results in this way 

should be common practice and an integral part of any research culture (Munafò et al., 

2017). Good reproducibility in a field indicates robust findings, a worthy investment of 

funding and resources, and low rates of unnecessary risk to humans and non-human 

animals (hereafter, animals). 

Large scale replication attempts in psychology aimed to assess the field’s 

reproducibility. The results were alarming: only 39% of replications were considered 

successful (Open Science Collaboration, 2015). Further, the studies that replicated produced 

effect sizes on average half the magnitude originally reported (Open Science Collaboration, 

2015). This reproducibility crisis triggered widespread discussion about how psychological 

research is performed (Pashler & Wagenmakers, 2012). 

Researchers in other disciplines have called for similar replication efforts to address 

potential shortcomings in their own fields: appeals beginning in gambling addiction research 

have spread to include addiction research more broadly (Heirene, 2021).  

In preclinical animal research, the goal is translation: the successful application of 

results from animals to humans is the goal. Successful translation can lead to effective 

treatments for human addictions. A failed translation can indicate many things, for example, 

the validity of the animal model, the efficacy of the treatment or subpar preclinical research 

methodology. It takes approximately US$330 000 and the time of - often ill - people to see if 

an intervention will translate (Perrin, 2014). Given this investment, it is imperative that poor 

methodology in the preclinical stages can be ruled out as a cause in the case of a failed 
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translation (Kimmelman & Anderson, 2012). Unfortunately, this is often not possible (Perrin, 

2014; Schulz et al., 2016). 

Disappointing levels of translation to clinical trials – including in addiction research – 

have led some to declare a translation research crisis (Perrin, 2014; Venniro et al., 2020). 

Importantly, there is overlap between the contributors to the translation research crisis and 

the replication crisis (Fergusson et al., 2019). Randomisation, masking, and data exclusion, 

as well as researcher misconduct and systematic influences have been discussed as 

problem areas in both crises (Landis et al., 2012; Munafò et al., 2017). Thus, successful 

translation is supported by many of the same rigorous research practices that underpin 

successful replication (Schulz et al., 2016).  

The ongoing opioid epidemic in North America and Australia, among other countries, 

has led to an enormous loss of life (Australian Institute of Health & Welfare, 2018; National 

Institutes of Health, 2023b). A better understanding of the mechanisms that underly opioid 

addiction, treatments for opioid addiction, and non-addictive analgesia alternatives is needed 

(Epstein et al., 2018; National Institutes of Health, 2023a). Animal models of opioid addiction 

(AMOA) research that is transparent and reproducible is the solid foundation from which 

translatable treatments may be developed. However, to date, there has been no 

investigation into the reported prevalence of research practices that support these processes 

in the AMOA literature. 

It should be noted that there is no consensus on the existence of either the 

replication crisis or the translation research crisis. The nomenclature, however, may be 

beside the point. What is of importance is that there is significant room for improvement in 

terms of translation and reproducibility in multiple preclinical fields (Landis et al., 2012; 

Macleod et al., 2015). Understanding the extent to which proposed solutions to these crises 

are relevant to the field of AMOA is the motivation of the current study.  
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Causes of the replication crisis 

At the systematic level, publication bias has been discussed as one cause of poor 

rates of reproducibility and translation (Landis et al., 2012; Open Science Collaboration, 

2015). Publication bias describes the tendency for journals to publish papers with significant 

findings over non-significant findings, and to favour ‘tidy’, linear studies that culminate in 

novel discoveries (Giner-Sorolla, 2012). This bias is responsible for disproportionate levels 

of false positives and inflated effect sizes in the literature (Simmons et al., 2011). In 

preclinical stroke research, effect sizes were estimated to be inflated by 30% due to 

publication bias (Sena et al., 2010). Further, publication bias leads to a literature that is not 

representative of the entirety of the research being done (Moher et al., 2016). In animal 

research, it is estimated that only 60-67% of research carried out is published (van der Naald 

et al., 2020). In preclinical research, these factors preclude clinicians from making informed 

decisions about which treatments to progress to clinical trials (Kimmelman & Anderson, 

2012; Moher et al., 2016). 

Importantly, publication bias incentivises researchers to find statistically significant 

results (Munafò et al., 2017). This may lead researchers to – wittingly or unwittingly – 

engage in questionable research practices (QRPs) to achieve significant results (John et al., 

2012; Simmons et al., 2011). Indeed, undisclosed QRPs were found to be surprisingly 

common in psychology researchers from a wide range of disciplines (John et al., 2012). 

Some common QRPs are described in Table 1. 

QRPs undermine the main goal of scientific research: to accurately describe true 

effects. Furthermore, because the existence of a publication bias means scientific journals 

are unlikely to publish replications and non-statistical findings, research that challenges 

published positive findings has very little chance of publication (Antonakis, 2017). This 

means that false positives are hard to correct (Simmons et al., 2011). Furthermore, while 

random bias can be removed by aggregating data, systematic bias cannot (Scheel et al., 

2021). This means that meta-analyses are unable to correct for a biased literature of 



TRANSPARENCY & REPRODUCIBILITY IN ANIMAL MODELS OF OPIOID ADDICTION 10 

potentially inflated effect sizes (Scheel et al., 2021). This indicates that solutions to these 

problems must be largely preventative. 

Reproducibility 

The term ‘reproducibility’ has been described as ‘overloaded’ as there are distinct, 

though related, types of reproducibility (Stodden et al., 2013). What follows is a brief 

discussion of some of the relevant kinds of reproducibility.  

Firstly, results reproducibility describes lab collecting and analysing new data 

following the methodology of an original paper (Goodman et al., 2016). A successful results 

replication provides support for the reliability of an effect (Nosek et al., 2012). An 

unsuccessful attempt, on the other hand, can indicate many issues: an unfaithful replication, 

the absence of an effect, or unsound methodology in the original paper (Open Science 

Collaboration, 2015) 

Replication attempts in psychology spurred similar attempts in other fields. The 

Replication Project: Cancer Biology attempted replications in preclinical cancer biology. They 

considered 46% of original effects to have successfully replicated (Errington, Mathur, et al., 

2021). This suggests poor results reproducibility is not a concern for soft sciences alone. 

Indeed, there have been calls for similar efforts in addiction due to concern over the field’s 

reproducibility (Heirene, 2021). 

Naturally, large-scale replication efforts may be unnecessary in fields that already 

have high rates of replication. Despite low rates of replication in addiction research more 

broadly, AMOA may be such a field (see Table 2 for relevant estimates) (Adewumi et al., 

2021). This idea finds support in the fact that replication is valued in preclinical research, as 

evinced by the use of biological and technical replicates (Lazic et al., 2018). We will assess 

the rate of results replications in the current study to answer this gap in knowledge. 

The second type of reproducibility is referred to as computational reproducibility. This 

involves rerunning the analysis code on the original data and therefore is predicated on 

access to these materials. Computational reproducibility is an efficient way of verifying 

results and helps to rule out errors in statistical analysis as a reason for failed results 
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replication (Eubank, 2016). Computational reproductions have revealed inaccuracies in 

statistical analyses, from inconsequential errors to decision errors and inaccurate effect size 

estimations (Eubank, 2016; Hardwicke et al., 2018). Failed computational reproducibility 

weakens the credibility of a paper’s findings by revealing that they cannot be substantiated 

by the original data and analyses (Hardwicke et al., 2018). Consequently, it is considered the 

‘minimum level of credibility’ a field would hope to have (Eubank, 2016; Hardwicke et al., 

2018). 

Thirdly, methods reproducibility asks if there is enough methodological information 

provided to attempt a replication (Goodman et al., 2016). This type of reproducibility relies on 

detailed reporting practices, which is also crucial for the reader to be able to adequately 

judge the validity and reliability of a paper’s results (Percie du Sert, Hurst, et al., 2020). 

However, a lack of thorough reporting remains a roadblock: the initial attempt in the 

Reproducibility Project: Cancer Biology was unable to replicate any experiments due to 

incomplete methods reporting (Errington, Denis, et al., 2021). 

Solutions have been proposed for improving these different types of reproducibility. 

Typically, these solutions centre on increasing transparency in research and ameliorating 

reporting standards. To this end, the Animal Research: Reporting of In Vivo Experiments 

(ARRIVE) guidelines were developed (Percie du Sert, Hurst, et al., 2020). It is hoped that 

improving reporting will encourage rigorous and transparent research, thus leading to more 

robust findings, better reproducibility and ameliorated translation rates (Fergusson et al., 

2019; Percie du Sert, Hurst, et al., 2020) 

Currently, metascience researchers are engaged in examining transparency and 

reporting practices in different fields to understand their prevalence. By doing this in AMOA 

for the first time, we hope to understand to what extent efforts to improve reproducibility – 

and, in turn, translation – are relevant to this field.  
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Table 1 

Questionable Research Practices Contributing to the Reproducibility Crisis 

Name Definition Implications Consequences 
Associated 

target 
variables a 

HARKing The researcher adjusts their a priori 

hypotheses after seeing results to more 

accurately ‘predict’ the study’s outcome 

(Kerr, 1998) 

 

 

Exploratory research (“we are 

not sure what is happening 

here so we will test for a few 

things to try and find out”) is 

misrepresented as 

confirmatory research (“we 

think there is X effect here, 

we will test for it”) 

The evidential weight for an effect is 

overestimated (Kerr, 1998) 

Preregistra

tion 

Registered 

reports 

p-hacking The undisclosed omission, transformation, 

or combination of variables until statistical 

significance is reached (Simonsohn, 2014) 

By retesting the hypothesis 

multiple times, p-hacking 

violates the assumptions of 

null hypothesis significance 

testing (Simmons et al., 2011) 

Validity of results undermined 

(Simmons et al., 2011) 

Likelihood of finding a false positive 

increases (Simmons et al., 2011) 

Preregistra

tion 

Registered 

reports 

Open data 

Open code 

Outcome 

switching 

Swapping the variables of interest in a 

study after seeing the results, often to 

reach significance (Vassar, Roberts, et al., 

2020) 

Misrepresents efficacy of a 

treatment at preclinical or 

clinical stages (Vassar, 

Roberts, et al., 2020) 

Mislead future clinical research 

(Vassar, Roberts, et al., 2020) 

Precludes clinicians from making 

fully-informed decisions about 

Preregistra

tion 

Registered 

reports 
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Name Definition Implications Consequences 
Associated 

target 
variables a 

May occur consciously or unconsciously 

(Munafò et al., 2017) 

 

 

 

 

preclinical treatment efficacy 

(Kimmelman & Anderson, 2012; 

Moher et al., 2016) 

Increased risk of finding a false 

positive (Simmons et al., 2011) 

Not considering totality of results 

(Munafò et al., 2017) 

Open data 

Open code 

Selective 

reporting 

Omitting variables after observing the 

results, often in order to achieve significant 

results (Vassar, Roberts, et al., 2020) 

Can also be referred to as underreporting 

when analyses, experiments, or subjects 

are omitted (van der Naald et al., 2020) 

 

Misrepresents efficacy of a 

treatment at preclinical or 

clinical stages (Vassar, 

Roberts, et al., 2020) 

Data aggregation efforts 

(meta-analyses, systematic 

reviews) cannot include all 

data generated for a certain 

outcome (Vassar, Roberts, et 

al., 2020) 

Precludes clinicians from making 

fully-informed decisions about 

preclinical treatment efficacy 

(Kimmelman & Anderson, 2012; 

Moher et al., 2016) 

 

Mislead future clinical research 

(Vassar, Roberts, et al., 2020) 

Preregistra

tion 

Registered 

reports 

Open data 

Open code 

a These variables are being examined in this study. They can help to detect the presence of a questionable research practice or mitigate its 

impact.  
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Transparency  

Preregistration 

Preregistration of empirical research is widely considered to be a crucial part of any 

solution to the reproducibility and translation crises (Gorman, 2019; Munafò et al., 2017; 

Nosek et al., 2019; Pennington, 2023; Schäfer & Schwarz, 2019; Scheel et al., 2021; van der 

Naald et al., 2020). Preregistering a study involves posting the hypotheses, research design 

and planned statistical analyses on an online repository. Preregistration has several benefits.  

Firstly, preregistration helps to detect changes in the research plan. This means 

HARKing becomes obvious as readers can compare preregistered and published 

hypotheses (Bergkvist, 2020). Similarly, it is easier to demarcate planned from post hoc 

analyses, meaning it is clear which analyses are confirmatory and which are exploratory. As 

with HARKing, this distinction has implications for the strength and interpretation of the 

results (Simmons et al., 2011). 

Clearly, departure from preregistration does not immediately indicate the presence of 

QRPs, but it can: a comparison of addiction randomised control trials (RCTs) to their 

preregistrations revealed 29% contained instances of outcome switching or selective 

reporting, and only 2% of these discrepancies were noted in the final paper (Vassar, 

Roberts, et al., 2020). Unsurprisingly, the researchers believed the discrepancies to be 

motivated by a desire to achieve statistical significance or to ‘obscure’ non-significance.  

Preregistration can also mitigate publication bias by making it easier to detect 

instances where experiments have been left out of the published report due to non-

significance (van der Naald et al., 2020). This makes all planned research ‘discoverable’ and 

may be informative for clinicians deciding which treatments to pursue (Moher et al., 2016; 

Nosek et al., 2019).  

Importantly, subpar research practices may occur deliberately or because of 

unconscious biases (Munafò et al., 2017). In this way, preregistration also assists well-

intentioned researchers to avoid the effects of biases.  
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Table 2 

Prevalence of Transparency and Reproducibility Practices from Previous Work in Other Fields 
 
   Study 

Study Characteristic Adewumi et al. 

(2021) 

Norris et al. 

(2021) 

Hamilton et al. 

(2023) 

Hardwicke et al. 

(2020) 

Makel et al. 

(2012) 

Pui Yu Lee 

et al. 

(2022) 

Field  

Addiction 
Addiction 

(Smoking) 

Health and 

medicine meta-

research 

Social sciences Psychology Psychology 

Human or 

animal or both 

 
Botha Human Both 

Human, non-

animal/human 
Unclear Unclear 

Publishing 

years of papers 

reviewed 

 

2014-2018 2018-2019 

1781-2022 

(interquartile 

range 2012-

2018) 

2014-2017 1900-2012 2010-2021 

Total number of 

papers 

 

244 100 

105 meta-

research (2 121 

580 articles) 

156 500 84 834 

Replications  

 

 
.4% 0%   1.1% 0.2% 

Preregistration 

(%) 

States 

preregistered 
2.9% 73%  0%   
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   Study 

Study Characteristic Adewumi et al. 

(2021) 

Norris et al. 

(2021) 

Hamilton et al. 

(2023) 

Hardwicke et al. 

(2020) 

Makel et al. 

(2012) 

Pui Yu Lee 

et al. 

(2022) 

 States not 

preregistered 
0%   0%   

 No statement 97.1%   100%   

Data availability 

(%) 

States available 

(and 

accessible) 

11.5% (8.2%) 7% 8% (2%) b 7%   

 States not 

available 
2.05%   0.6%   

 No statement 87% 93% 92% b 92.3%   

Code 

availability (%) 

States available 
0.8% 1% 0.5% c 1.3%   

 No statement 99.2% 99% 99.5% 98.7%   

Note. The first four rows describe characteristics of the previous works. The following rows present their results. RCT: Randomised Control 

Trial. 

a The distribution of studies was 225 human and 19 animal 

b This figure from papers published between 2016 and 2021 

c This figure from papers published between 2016 and 2022
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Preregistration helps to detect poor research practices, while also encouraging good 

practices. Preregistration platforms prompt consideration of crucial research design aspects 

which may improve the rate at which these practices are implemented and reported (Nosek 

et al., 2019). 

A combination of these aspects may account for the lower rates of positive results 

and smaller effect sizes in preregistered studies (Open Science Collaboration, 2015; Schäfer 

& Schwarz, 2019).  

Similar results were found when comparing registered reports to non-registered 

reports (Scheel et al., 2021). Registered reports involve a journal accepting a paper based 

on the motivation and methodology before the data has been collected. In this way, 

registered reports have the additional benefit of combatting publication bias (Ellis, 2022). 

Because of the advantages preregistration offers, high prevalence rates in a literature 

can be seen as an indicator of a field’s robustness against threats to reproducibility and 

translation potential (Nosek et al., 2018). 

As the first study to investigate levels of preregistration in AMOA and with mixed 

findings in other areas (see Table 2), we have no clear expectations. The compulsory 

preregistration of studies in clinical addiction research may serve to facilitate the uptake of 

the practice in preclinical addiction research (Munafò, 2015; Norris et al., 2021).  

Open data 

Other practices to improve transparency of research practices include sharing of data 

and code.   

Open data refers to the practice of making an experiment’s raw data available. A 

study’s data is the evidence that substantiates its conclusions; as such, being unable to 

corroborate evidence reduces the credibility of a study’s claims (Hardwicke & Ioannidis, 

2018). 

Open data is the first step towards computational replications which allows for 

verifiability of results (Hardwicke et al., 2018). Data sharing means researchers can ask 

related questions of the same data, thus avoiding unnecessary research duplication, saving 
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resources, and improving efficiency of research (Hardwicke & Ioannidis, 2018; Ting et al., 

2015). Further, open data encourages discourse between researchers and accelerates 

synthesis of evidence, ultimately benefitting a cumulative science (Eubank, 2016; 

Pennington, 2023). 

Lastly, open data may make selective reporting more detectable (van der Naald et 

al., 2020). This practice is of particular concern in animal research where a considerable 

amount of research is not reported and therefore wasted (Moher et al., 2016) 

Despite the benefits, data sharing in addiction research appears rare (Table 2). A 

review of addiction RCTs found zero instances of data sharing (Vassar, Jellison, et al., 2020). 

On the other hand, rates of data sharing in animal addiction research may be considerably 

higher given it is not constrained by privacy laws (Kimmelman & Anderson, 2012). 

Furthermore, animal addiction research utilises data repositories, such as genome or protein 

databases, indicating an existing familiarity with the benefits of data sharing (Munafò, 2015). 

These considerations may prove beneficial for open data adoption in AMOA. 

Open code 

Open code describes the practice of sharing the analysis script used to analyse an 

experiment’s data. Access to a study’s data and code is essential for computational 

reproductions. This can partly assess the reliability and accuracy of a study’s results 

(Eubank, 2016; Hardwicke et al., 2018). Indeed, open code was seen to improve 

computational reproductions by 40% (Laurinavichyute et al., 2022). 

While open code allows for transparency about the analytical pipeline and therefore 

facilitates scrutiny like preregistration and open data, open code additionally makes 

computational reproduction efficient (Eubank, 2016; Hardwicke et al., 2018)(. Recreating 

results without the code has been described as building flat-pack furniture without 

instructions – that is, time-consuming and difficult (Hardwicke et al., 2018). Improved 

efficiency of computational reproducibility is likely to increase the frequency that study 

results are verified (Eubank, 2016).  
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Furthermore, rerunning analyses can highlight issues with data formatting or 

labelling, thus improving the future functionality of the dataset (Hardwicke et al., 2018). 

However, open code tends to be less common than open data, less frequently 

stipulated as a journal requirement and examined in metascience research less often (Table 

2) (Hardwicke et al., 2020; Stodden et al., 2013). Indeed, while statements regarding 

preregistration and open data are included in ARRIVE’s ‘Recommended Set’, open code is 

not mentioned (Percie du Sert, Hurst, et al., 2020). With this in mind, we do not expect code 

sharing to be a popular practice.  

Reporting Standards 

Masking 

Masking – also known as blinding – involves the researcher being unaware of the 

group allocation of an animal during an experiment. Ideally, masking is implemented at 

various stages throughout an experiment (Percie du Sert, Hurst, et al., 2020). Masking is 

essential to avoid researcher bias influencing a study’s outcome and is therefore crucial in 

hypothesis-testing research (Karp et al., 2022). By protecting against bias, masking 

improves the validity of a paper’s results and the predictive value in future clinical trials (Karp 

et al., 2022; Watzlawick et al., 2019). 

Research reveals that the absence of masking inflates effect sizes and increases the 

risk of false positives (Bebarta et al., 2003; Watzlawick et al., 2019). One systematic review 

found that a lack of blinding in clinical randomised control trials (RCTs) increased the odds 

ratio of the treatment efficacy by 36% compared to blinded results (Hróbjartsson et al., 

2012). In this way, biased results in preclinical research have the potential to misdirect future 

research and are less likely to translate into effective treatments for humans (Schmidt-

Pogoda et al., 2020; Watzlawick et al., 2019).  

We will examine the prevalence of masking in AMOA to assess if this field may be at 

risk of similar issues. Given the novelty of this research, we have no clear expectations. 

Estimates from preclinical fields indicate generally low rates (Table 3), with a large-scale 
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survey of preclinical biomedical literature revealing an estimate of 12.3% (Menke et al., 

2020). A somewhat larger estimate of 43% was found in a survey of analgesia, anaesthesia, 

and animal welfare (Leung et al., 2018). This estimate may be instructive, given there is 

overlap in the search for opioid alternatives for pain relief. 

Moreover, the evidence of improving rates of reported masking may place AMOA in 

line with the larger existing estimates (Kousholt et al., 2022; Leung et al., 2018; Macleod et 

al., 2015). Importantly, while we look to existing estimates to shape our expectations, the 

inherent heterogeneity between fields necessitates each field be assessed in turn. 

Randomisation 

Randomising group allocation reduces the risk of selection bias in experiments and 

evenly disperses confounders – known and unknown – between groups (Bebarta et al., 

2003). Randomisation is essential for hypothesis-testing research and, without it, associated 

inferential statistics are invalid (Percie du Sert, Ahluwalia, et al., 2020). 

A survey of systematic reviews of animal biomedical literature found a lack of 

randomisation correlated with increased effect sizes, demonstrating the impact of the 

absence of randomisation on the reliability of a field’s findings (Hirst et al., 2014). The failure 

to limit the influence of bias in preclinical research is found to undermine later translation 

attempts and results replications (Open Science Collaboration, 2015; Schmidt-Pogoda et al., 

2020; Watzlawick et al., 2019).  

Despite the implications of a lack of randomisation, reporting of this practice remains 

unsatisfactorily low in several preclinical fields (Table 3). A survey of biomedical preclinical 

research revealed just over one third of studies reported randomisation (Menke et al., 2020). 

A review of pain and anaesthesiology research saw 63% of articles reported randomisation 

(Fergusson et al., 2019). Due to some similarity in research areas, this rate may be more 

indicative of AMOA research. Further, as with masking, it appears rates of randomisation are 

increasing (Macleod et al., 2015). We hope to find similarly high rates of this measure in 

AMOA. 
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Table 3 

Prevalence of Bias Minimisation Practices in Preclinical Research as Assessed by Previous Work 

Study 
characteristic 

Bebarta et 
al. (2008) 

Kousholt 
et al. 

(2022) 

Leung et 
al. (2018)* 

Fergusson et 
al. (2019) 

Hirst et al. 
(2014) 

Ting et al. 
(2015) 

Vesterine
n et al. 
(2010) 

Macleod 
et al. 

(2015) 

Menke et 
al. (2020) 

Field of interest 
Emergenc

y 
medicine 

National 
survey 

(Denmark
) 

Animal 
welfare, 

analgesia 
or 

anaesthesi
a 

Anaesthesiolog
y, anaesthesia 
& analgesia, 
anaesthesia, 

British Journal 
of Anaesthesia 

Biomedic
al 

Rheumatolog
y 

Multiple 
sclerosis 

8 
Biomedic
al disease 

models 

Biomedic
al 

Publishing years 
of papers 
reviewed 

1997-
2001 

2009 vs 
2018 

2009 vs 
2015 2014-2016 

1992-
2012 

 
2012 1961-

2008 
1992-
2011 2018 

Total number of 
paper 290 250 vs 

250 236 282 
31 

systemati
c reviews 

41 1152 2671 51 312 

Masking (any 
mention)   19% vs 

43%a      12.3% 

Masked       
outcome 
assessme
nt 

10.7% 23.6% vs 
38%  45% 35% 23.9% 16% 29.5%  

Masked 
allocation      15%    
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Study 
characteristic 

Bebarta et 
al. (2008) 

Kousholt 
et al. 

(2022) 

Leung et 
al. (2018)* 

Fergusson et 
al. (2019) 

Hirst et al. 
(2014) 

Ting et al. 
(2015) 

Vesterine
n et al. 
(2010) 

Macleod 
et al. 

(2015) 

Menke et 
al. (2020) 

Randomisation 
(any mention) 32.4% 24 vs 

40.8a 
50% vs 
71% a 63% 29% 17.1% 9% 24.8% 36.3% 

Sample size 
calculation   2.8% vs 

12.8% 

2.5% vs 
10% a 

 
29%c  0% 1% 0.7% 7.3% 

Data exclusion 
(any mention)   20.4% vs 

38.4% 65 v 67% a 37%  19.5%b     

 
Note. The first three rows describe the characteristics of the previous work. The following rows describe their findings. 

a Only included studies where variable relevant 

b This percentage describes reported attrition 

c There is ambiguity with this how the sample size calculation variable was coded. Despite efforts to contact the authors, it remains unclear. As 

such, we do not use this statistic in any comparisons  
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Sample size calculation 

A study’s sample size should be decided using a sample size calculation (SSC). This 

calculation involves an estimate of the expected effect size and an acceptable level of 

power. The expected effect size would ideally come from meta-analyses which aggregate 

effect sizes to avoid the influence of bias from a single study (Schäfer & Schwarz, 2019). 

This method ensures an appropriately powered study, a valid statistical model and 

trustworthy results (Flora, 2020; Percie du Sert, Ahluwalia, et al., 2020; Szucs & Ioannidis, 

2017). Furthermore, hypothesis-testing research using inferential statistics must be 

adequately powered to certify the evidence being compared to the null hypothesis is suitably 

weighted (Percie du Sert, Ahluwalia, et al., 2020). 

A literature built on well-powered studies is less likely to have false positives and 

inflated effect sizes and can thereby generate a more accurate understanding of an effect 

(Szucs & Ioannidis, 2017). An underpowered study, conversely, increases the chance of true 

effects being missed and effect sizes being overestimated (Landis et al., 2012; Macleod et 

al., 2008). Moreover, the pressure to achieve significant results combined with consistently 

underpowered research may increase the perceived necessity for researchers to engage in 

QRPs (Flora, 2020). When combined with publication bias, low power is associated with a 

decline in efficacy from the preclinical to the clinical stage (Schmidt-Pogoda et al., 2020). 

Although possibly less of a concern, overpowered studies in animal research is 

unethical, as it places animals at unnecessary risk (Landis et al., 2012). This ‘sweet spot’ in 

sample size necessitates a power analysis in every study. 

Research reveals many fields are chronically underpowered, including cognitive 

neuroscience, psychology, preclinical neuroscience, preclinical stroke, and preclinical 

multiple sclerosis (Button et al., 2013; Ellis, 2022; Fraley & Vazire, 2014; Schmidt-Pogoda et 

al., 2020; Szucs & Ioannidis, 2017; Vesterinen et al., 2010). Despite this, SSCs remain 

uncommon in preclinical research (Table 3). As such, it may be reasonable to expect 

similarly low levels in AMOA.  
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Data exclusion 

Transparent reporting of data that are omitted from the final analyses is essential 

because of the implications for a study’s power, the ability to accurately estimate effect sizes 

and the likelihood of finding a false positive (Miller, 2023). 

This is especially true for research that uses small sample sizes, such as much 

preclinical animal research (Holman et al., 2016). In preclinical cancer and stroke research, 

non-reporting of excluded animals was associated with effect sizes that were likely 

overestimated (Holman et al., 2016).  

Outlier exclusion may be one reason for data exclusion. It describes the practice of 

excluding data points or animals from analyses because they fall far from the mean. Outliers 

are suspected to be caused by a mechanism other than the one being studied, a malfunction 

of the apparatus or a spurious subject response (Cook et al., 2022; Simmons et al., 2011). 

While it seems beneficial to exclude irrelevant data, what is considered outlying is 

unstandardised in many research fields (Miller, 2023). This ambiguity presents an 

opportunity for bias to be introduced, as researchers may favour outlier definitions that lead 

to a significant result (Simmons et al., 2011). 

The potential for bias associated with unreported data exclusion is exacerbated by 

other characteristics of the preclinical animal literature, which AMOA is unlikely to be immune 

to: publication bias, chronically low power, and underreporting of a priori inclusion and 

exclusion criteria (Holman et al., 2016; André, 2023). These factors combined can drastically 

increase the rate of false positives in a literature, increasing the risk that the findings may not 

reproduce or translate (Moher et al., 2016; Munafò et al., 2017). 

Currently, preclinical animal research is yet to match the disclosure standards of 

clinical research in data exclusion reporting (Baker et al., 2014; Holman et al., 2016). The 

mixed prevalence estimates in the preclinical literature shown in Table 3 make it difficult to 

form a clear expectation for AMOA. 

As well as these measures of transparency and reporting of bias minimisation 

practices, the current study examined two additional aspects that can directly affect the 
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reliability of a study’s results: the reporting of multiple comparisons adjustments (MCA) and 

the accuracy of reported statistical tests. As with all the variables studied here, these 

measures are relevant to most – if not all – research designs. 

Multiple-comparisons adjustment 

Statistical analysis often involves running multiple tests for a single hypothesis 

(Rubin, 2017). Doing so introduces the problem of multiplicity: with each additional test, the 

likelihood of finding a false positive. Using a statistical procedure to control for the multiple 

tests readjusts the false discovery rate (Gelman & Loken, 2013).  

The necessity to adjust for multiple testing may be becoming increasingly important 

as data sets get larger and running analyses gets easier with improvements in technology 

and computational capacity (Leek & Storey, 2008; Niso et al., 2022). MCAs are necessary in 

a research field like AMOA that often uses large quantities of detailed data. For example, 

microarray studies looking for significant associations between an outcome and tens of 

thousands genetic details would, without adjustments, have an unacceptably high risk of 

finding false positives  (Owzar et al., 2011).  

This issue is exacerbated by underpowered research, together greatly undermining 

the reliability of results (Cramer et al., 2016; Gelman & Loken, 2013). Limited reliability 

reduces the stability and reproducibility of a finding which will have implications for 

translation potential (Khan et al., 2020; Lowenstein & Castro, 2009).   

Despite the importance of MCAs, the reported prevalence is relatively understudied 

(Khan et al., 2020). The research that does exist is discouraging: a review of 819 psychology 

papers found that 47% used multiway ANOVA – where MCA is essential – but only 1% 

reported a correction procedure (Cramer et al., 2016). Estimates from cardiovascular and 

analgesic RCTs reported use of MCA in 28% and 45% of instances where it was required, 

respectively (Gewandter et al., 2014; Khan et al., 2020). 

The current study will contribute to the sparse estimates of this practice.  
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Accurate reporting 

Test statistic accuracy 

The test statistics of a study report the type of test, the degrees of freedom, the test 

result, and the associated p-value. When the p-value is inconsistent with the associated test, 

the evidential value of the result is misrepresented (Nuijten & Polanin, 2020).  

Given the reliance on null hypothesis significance testing in psychological research, it 

is essential that reported p-values are accurate (Flora, 2020; M. B. Nuijten et al., 2016). 

Inaccurate p-values contribute to the rate of false positives in the literature and therefore 

reduce its reproducibility (Nuijten & Polanin, 2020). In preclinical research, inaccurate p-

values may influence a decision to pursue a treatment to clinical trials, placing humans at 

unnecessary risk for a potentially ineffective intervention. 

Statistical inconsistencies may indicate ‘sloppiness’ in the research or review 

process, or engagement in QRPs (Green et al., 2018; Nuijten & Polanin, 2020). In a review 

of psychology researchers, about a fifth of respondents admitted to engaging in rounding 

down p-values, suggesting that inaccurate p-values are not always innocent mistakes (John 

et al., 2012). This supposition finds evidence in the fact that the inaccuracies found by 

Nuijten and colleagues (2016) were more often insignificant result incorrectly reported as 

significant. This is unsurprising given that researchers are incentivised to find significant 

results due to publication pressures (Giner-Sorolla, 2012).  

To facilitate the detection of test statistic inconsistency, Epskamp and Nuijten (2015) 

developed statcheck. This R package recomputes p-values from the reported test and 

degrees of freedom and compares it to the published one. statcheck enabled Nuijten and 

colleagues (2016) to scan more than 30 000 papers for statistical inaccuracies. 

Discouragingly, Nuijten and colleagues (2016) found decisions errors – that is, inaccuracies 

that would change the significance of the statistical test at an alpha of .05 – in 13% of 

published psychology papers analysed. Similar findings in Canadian journals led the authors 

to recommend a statcheck or equivalent process to be included in the review process 
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(Green et al., 2018). Given the ease with which a study can be checked by such a program, 

published inconsistencies of this nature should almost never occur. 

The limited estimates of test statistic accuracy mean any conjecture would be 

uninformed. 

In estimating the prevalence of these variables, we aim to ascertain whether efforts 

to improve measures of reproducibility should include AMOA research. This may have 

implications for the field’s translation potential.  

In addition to these goals, we wondered whether certain attributes of AMOA research 

may influence the perception about its vulnerability to poor reproducibility. 

Psychology’s hierarchy of subdisciplines 

Sciences are sometimes considered to range from ‘hard’ to ‘soft’ (Uher, 2021). 

However, beyond scientists’ intuition, it is unclear what informs this hierarchy. While the 

natural sciences represent the harder sciences, psychology is considered soft (Fanelli, 

2010). Researchers have tried to explain this intuition, suggesting the use of scientific 

methods or the level of noise in the data as explanations for the hierarchy (Fanelli, 2010; 

Uher, 2021). Using this logic, psychology may be considered soft as ‘true experiments’ are 

not always plausible, and humans are highly variant, complex units of study that often 

produce noisy data.  

We suspect that a hierarchy of sorts may exist within psychology along similar lines. 

For example, subdomains that rely on experimental research design are considered harder 

than those that rely on observational designs. Animal behavioural research in psychology, for 

example, is considered harder than human behavioural research by some measures (Best et 

al., 2001; Kubina et al., 2008; Smith et al., 2000). A reason for this may be the increased 

level of intervention permitted in animal research and the greater ability to limit contextual 

influences. This may lead to less noise and larger effect sizes. Indeed, we suspected an 

aspect that informs this hierarchy within psychology may be the average magnitude of 

effects found in the subdisciplines of psychology.  
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Furthermore, we wondered if the replication crisis is considered more relevant to the 

softer psychology sub-disciplines that typically deal in smaller effect sizes, such as social 

and personality psychology, compared to harder sub-disciplines such as animal behaviour 

research.  

To investigate the possibility that solutions to the replication crisis are relevant in 

subfields beyond those with small effect sizes, we firstly wanted to get an understanding of 

the average effect sizes in animal behavioural research, specifically in an addiction context. 

As such, we undertook a search for meta-analyses aggregating research looking at in vivo 

animal drug models (see Appendices A-D). We took 27 main effects from seven meta-

analyses collectively analysing 200 papers. We found that, according to benchmarks, 20 

effects would be classified as large, two medium and three small. This suggests that animal 

behavioural research does deal mainly in large effect sizes. This fact, along with the 

laboratory setting, the true experiment research design, and the ability of this field to develop 

invariant animal behavioural paradigms, may give reason for some to consider this field 

harder than others in psychology. Our next question, and the focus of this research paper, is 

whether efforts undertaken to restore credibility to some of psychology’s subdisciplines 

following the reproducibility crisis are relevant to AMOA, one area of animal behavioural 

research? To answer this, we assessed the degree to which measures promoting 

transparency, accuracy and bias minimisation reporting are being implemented in this field. 

Methods 

This is a retrospective, observational study. It is exploratory and is the first of its kind 

in the animal addiction field. This means it is a discovery project aimed at uncovering the 

prevalence of the variables discussed in the introduction and presented in Table 4. As such, 

the results will be informative regardless of whether our expectations hold true.  

This study was preregistered at https://osf.io/q2z4d/. Preregistration including 

deviations can be found in Appendices A and B. 
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Sample 

Our sample process and exclusions can be seen in Figure 1. We used the search 

string below to find AMOA articles.  

addict* OR substance abuse OR drug addiction OR drug treatment AND opioid OR opiate 

OR heroin AND treatment OR treat* AND behaviour* OR behavior* 

We searched Scopus, Web of Science, PSYCinfo and PubMed. We limited results to 

"article" or "empirical study", to "animal", written in English and published between 2019 and 

2023. In Scopus, results were also limited to relevant research areas (neuroscience, 

psychology, pharmacology, toxicology, and pharmaceutics, and multidisciplinary).  

For a study to be included it had to satisfy the following criteria: be an empirical 

study; include some in vivo study of animals; include some testing of opioids; study the 

effects of opioids, a treatment of opioid addiction or alternatives to opioid analgesics. The 

exclusion criterion was that the article had not been published in a journal.  

We initially expected to take a random sample of the AMOA literature. However, upon 

completing the search we found that the number of papers located was feasible and so was 

taken in its entirety. 
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Figure 1 

PRISMA Flow Chart of Animal Models of Addiction Search 
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Table 4 

Study Characteristics Assessed in the Current Study 

Study Characteristic Response options ARRIVE 2.0 guideline (where applicable) 

Search terms & any 

additional 

instructions 

Original or replication Original 

Replication 

Unsure 

 
Read abstract 

Replicat 

Preregistration No statement of preregistration 

Yes, statement of preregistration 

with link 

Yes, statement of preregistration 

but no link 

There is a statement of non-

preregistration 

This paper is a registered report 

19. Provide a statement indicating whether a protocol 

(including the research question, key design features, 

and analysis plan) was prepared before the study, and if 

and where this protocol was registered. 

Regist, osf, 

aspredicted, 

preclinicaltrials 

Data availability No statement regarding data 

availability 

Yes, statement that some raw data 

is available via link 

Yes, statement some data available 

but link broken 

20. Provide a statement describing if and where study 

data are available. 

Availab, request, 

reposit, data 
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Study Characteristic Response options ARRIVE 2.0 guideline (where applicable) 

Search terms & any 

additional 

instructions 

Yes, statement some data available 

but link absent 

Unavailable - statement that the 

data is unavailable 

Upon request 

Code availability No code or syntax for analysis 

available 

Yes, syntax/code provided 

Upon request 

 Code, syntax, script 

ARRIVE Yes, statement of compliance with 

ARRIVE or ARRIVE checklist in 

supplementary materials 

No mention of ARRIVE or 

compliance with another set of 

reporting guidelines 

Other - Mention of compliance with 

other guidelines 

 

Arrive, guide, 

accordance, 

protocol, reporting 

Masking Yes, blinding mentioned in relation 

to this study 

5. Describe who was aware of the group allocation at 

the different stages of the experiment (during the 
Blind, mask 
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Study Characteristic Response options ARRIVE 2.0 guideline (where applicable) 

Search terms & any 

additional 

instructions 

No blinding mentioned in relation to 

this study 

Statement of no blinding/masking 

used 

allocation, the conduct of the experiment, the outcome 

assessment, and the data analysis). 

Randomisation Yes, randomisation mentioned in 

relation to this study 

Other method of group allocation 

given 

No allocation method mentioned 

Statement of NO randomisation 

4 a. State whether randomisation was used to allocate 

experimental units to control and treatment groups. 

Random, alloc, 

assign 

Sample size 

justification 

No justification given 

Power analysis/sample size 

planning 

Past research 

Practical constraints 

2b. Explain how the sample size was decided. Provide 

details of any a priori sample size calculation, if done. 

If you have used an a priori sample size calculation, 

report 

• the analysis method (e.g., two-tailed Student t test 

with a 0.05 significance threshold) 

• the effect size of interest and a justification explaining 

why an effect size of that magnitude is relevant 

• the estimate of variability used (e.g., standard 

deviation) and how it was estimated 

Read section 

‘subjects’ or 

‘animals’ in 

methods, 

Power, plan, priori 
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Study Characteristic Response options ARRIVE 2.0 guideline (where applicable) 

Search terms & any 

additional 

instructions 

• the power selected 

Multiple corrections 

Corrected 

No mention of correction method 

7a. Provide details of the statistical methods used for 

each analysis, including software used. 

Relevant information to describe the statistical 

methods include: 

• the outcome measures 

• the independent variables of interest 

• the nuisance variables taken into 

account in each statistical test (e.g. as blocking 

factors or covariates), 

• what statistical analyses were performed and 

references for the methods used 

• how missing values were handled 

• adjustment for multiple comparisons 

the software package and version 

used, including computer code if available 

Correct, bonf, holm, 

scheffe, tukey, 

Benj, family, FDR, 

false 

Exclusion No statement of animal exclusion 

Yes, animals were excluded from 

the study 

Statement of no animal exclusion 

3 b. For each experimental group, report any animals, 

experimental units, or data points not included in the 

analysis and explain why. If there were no exclusions, 

state so. 

Exclu, outl, discard, 

sacrif 
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Study Characteristic Response options ARRIVE 2.0 guideline (where applicable) 

Search terms & any 

additional 

instructions 

Exclusion reasons Outlier exclusion 

Other 

Outlier exclusion AND other 

reason(s) 

No reason given 

Not applicable (no exclusion 

mentioned) 

  

Supplementary files a Yes 

No 

Yes, but link absent/broken 

 
Supplementary, 

supporting, appendi 

Note. Text in italics taken from elaborated version of guidelines (Percie du Sert, Ahluwalia, et al., 2020).  

a Serves to remind coders to check supplementary files. Not a variable of interest.
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Pilot coding 

All articles were coded by two coders, which is the gold standard for this research 

design. Coders used a Google sheet codebook (see Table 4 for variables and response 

options; see https://osf.io/q2z4d for Excel version) developed by the four coders throughout 

the pilot coding process. After included variables had been finalised, Coder 1 completed the 

first round of pilot coding on five articles. After Coder 1 had ensured functionality of the 

codebook, Coder 1, Coder 2 and Coder 3 coded a small selection of studies together and 

further adjusted the codebook. Next, all four coders were given 5 articles to code. Coding 

proper was commenced when all four coders agreed on the responses and were satisfied 

that the search terms were effective (Table 4).  

All pilot coding articles were selected from a search of preclinical addiction literature 

not specific to opioids. The wider pool of articles meant a low likelihood of overlap between 

the pilot coding sample and the final sample.  

Coding procedure 

The coding instructions (Appendix E) were developed to standardise our coding 

procedure. In essence, each variable’s relevant search terms (Table 4) were looked for in the 

article using the search function. Some variables also required scanning relevant parts of the 

article. For example, to detect sample size justification, the ‘subjects’ or ‘animals’ paragraph 

was read, and search terms were looked for. 90.6% of articles were double coded.  

The average percentage agreement of responses was 91.6% (range: 89.43%-

92.87%) and average Kripendorff’s alpha was .93 (range: .74-1) (Tables 5 and 6). 

Between 51 and 91 articles were allocated to each coders Coder 2, Coder 3 and 

Coder 4, and all articles were double coded by Coder 1. An additional 23 papers were not 

double coded due to the time constraints of one coder. However, given the high level of 

interrater reliability, we do not consider this a major limitation.  

Importantly, coders were instructed to code generously – that is, we wanted to be 

biased in the charitable direction. This was in recognition of the fact that our measures are 
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imperfect, and we may risk systematically underestimating the prevalence of some practices 

by not including a relevant search term. We did not want this to detract from our main goal of 

discerning whether attempts to improve reproducibility are relevant to AMOA. By coding in a 

manner that gives the benefit of the doubt, we hope to partly compensate for any threats to 

the accuracy of our estimates in this respect. As such, we aimed to estimate the upper 

bound of the prevalence of each variable.  

Where supplementary files were available, these were checked for all characteristics 

but were not scanned for test statistics. A variable for the presence or absence of 

supplementary files was created to remind the coders to check it, but this was not a variable 

of interest.  

 

Table 5 

Percentage Agreement Between Coders 

Variable 
Coder 1 and 

Coder 2 

Coder 1 and 

Coder 3 

Coder 1 and 

Coder 4 
All coders 

% agreement 92.5% 92.9% 89.4% 91.6% 

 

Table 6 

Kripendorff’s Alpha Interrater Reliability for All Variables 

Variable 
Coder 1 and 

Coder 2 

Coder 1 and 

Coder 3 

Coder 1 and 

Coder 4 
All coders 

Original or 

replication 
1 1 0.99 .99 

ARRIVE guidelines 0.88 0.85 0.74 .82 

Preregistration 0.99 0.90 1 .96 

Supplementary files 0.97 0.83 0.97 .92 

Masking 0.97 0.84 0.98 .93 

Randomisation 0.92 0.79 0.92 .91 

Sample Size 

Justification 
1 1 0.98  
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Variable 
Coder 1 and 

Coder 2 

Coder 1 and 

Coder 3 

Coder 1 and 

Coder 4 
All coders 

Reason for 

expected effect size 
1 1 1 1 

Expected effect size 

type 
1 1 1 1 

Expected effect size  0.98 1 1  

Multiple corrections 0.90 0.81 0.86 .86 

Exclusion  0.97 0.85 0.92 .93 

Reason for 

exclusion 
0.94 0.93 0.92 .93 

Number of p-values 0.85 0.89 0.96 .9 

Number of non-

decision errors 
0.84 0.82 0.97 .88 

Number of decision 

errors 
0.86 0.88 0.88 .87 

Average 0.94 0.90 0.94 0.93 

 
Note. These calculations were run on SPSS. 

 

Statistical Analyses 

Our results are largely descriptive: we are interested the proportions of articles that 

satisfied each target variable. Unless otherwise specified, the denominator is the total 

sample size (247). We also report the 95% confidence intervals based on the adjusted Wald 

interval (Bonett & Price, 2012).  

Additionally, we compared our results to those of previous research using a two-

sample proportions z-test. This calculation tests for significant differences between two 

proportions. We used the results from previous studies as benchmarks, meaning we did not 

account for the uncertainty of their estimates. All z-tests were one-tailed.  

These analyses were run on SPSS and online calculators that used the pwr library in 

R (Sauro, 2023; Statskingdom, 2022b). 
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Results 

Our final sample consisted of 247 articles published between 2019 and 2023. After 

data collection had finished, Coder 1 verified any discrepancies between coders in ways 

described in Appendix F. In essence, responses that estimated the upper bound of 

prevalence rates were favoured and the opinion of Coder 4 was sought to settle ambiguous 

cases. 

Sample characteristics 

The sample characteristics can be found in Tables 7 and 8. Table 7 shows the 

frequencies of the years the articles were published. Table 8 presents the journals that 

contained more than two articles in our sample (25 in total) as well as whether they endorse 

the ARRIVE guidelines and provide the registered report format. A list of all journals is 

provided in Appendix G. 

 

Table 7 

Number of Animal Models of Opioid Addiction Articles Published Per Year 

Year Number of articles Percent 

2019 46 18.6% 

2020 60 24.3% 

2021 62 25.1% 

2022 56 22.7% 

2023 23 9.3% 

Total 247 100% 
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Table 8 

Top Journals in Animal Models of Opioid Addiction Sample 

Journal name Frequency Percent 
ARRIVE 

endorsement 

Accept 

registered 

reports 

Neuropharmacology 17 6.9 Y N 
Addiction Biology 15 6.1 N N 
Neuropsychopharmacology 11 4.5 N N 
Psychopharmacology 10 4.0 N N 
Behavioural Brain Research 8 3.2 Y N 
Frontiers In Pharmacology 8 3.2 N N 
Drug And Alcohol Dependence 7 2.8 Y Y 
Neuroscience Letters 7 2.8 N N 
International Journal of Molecular 
Science 

6 2.4 Y N 

Frontiers In Molecular 
Neuroscience 

5 2.0 N N 

Journal Of Pharmacology And 
Experimental Therapeutics 

5 2.0 N N 

Pharmacology Biochemistry And 
Behavior 

5 2.0 Y N 

Addiction Biology 4 1.6 N N 
Frontiers In Behavioral 
Neuroscience 

4 1.6 N N 

Journal of Neuroscience 4 1.6 N N 
Journal Of Psychopharmacology 4 1.6 N N 
Pharmacology, Biochemistry And 
Behavior 

4 1.6 N N 

Acta Pharmacologica Sinica 3 1.2 Y N 
Behavioural Pharmacology 3 1.2 N N 
Frontiers In Neuroscience 3 1.2 N Y 
International Journal Of 
Neuropsychopharmacology 

3 1.2 N N 

Molecular Psychiatry 3 1.2 N N 
Pain 3 1.2 N N 
Progress In Neuro-
Psychopharmacology & 
Biological Psychiatry 

3 1.2 Y N 

Translational Psychiatry 3 1.2 N N 
Total 148 59.5 7a 2a 
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Note. Only journals with more than 2 articles were included in this table. For the full list of 

journals, see Appendix G. ARRIVE endorsement as reflected on the ARRIVE website 

(ARRIVE Guidelines, 2023). Registered report adoption as reflected on the Centre for Open 

Science: Registered Reports website (Centre for Open Science, 2023). 

a Number of ‘Y’ responses 

 

Transparency and Replication 

Overall, transparency measures were not common in AMOA. The prevalence of 

these variables can be found in Table 9. The results of all two-sample proportion z-tests can 

be found in Table 10. 

Replications  

We found no replications (0%, 95% CI [0, 1.3]).  

Preregistration 

There were no preregistered articles (0%, 95% CI [0, 1.3]). This finding was 

significantly less than the (73%) found in smoking RCTs by Norris and colleagues (2021), 

Z=10.72, p<.001.  

Open data 

Available data was found in 8 (3.2%, 95% CI [1.5, 6.4]) articles, while 59 (23.9%, 95 

CI [19, 29.6]) papers contained ‘available upon request’ statements. This left 174 (70.4%, 

95% CI [64.5, 75.8]) papers that made no mention of raw data availability which was a 

significantly smaller amount than previous estimates: (Adewumi and colleagues (2021) 

(87%), Z=2.87, p=.004; Hamilton and colleagues (2023) (92%), Z=3.91, p<.001; Hardwicke 

and colleagues (2020) (92.3%), Z=3.98, p<.001. 

Open code 

There were no (0%, 95% CI [0, 1.3]) articles shared their code but 2 (.8%, 95% CI 

[.03, 3.1]) had ‘available upon request’ statements.  
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Table 9 

 
Results from the Current Study 
 

Study characteristic Results % [95% CI] Results (n) 

Replication Original 100% [96.7, 100] 246 

 Replication 0% [0, 1.3] 0 

 Unsure 0% [0, 1.3] 1 

Preregistration States preregistered with link 0% [0, 1.3] 0 

 States preregistered with no link 0% [0, 1.3] 0 

 States not preregistered .4% [0, 0.02] 1 

 No statement 99.6% [97.5, 100] 246 

 Registered report 0% [0, 1.3] 0 

Data availability States available and accessible 3.2% [1.5, 6.4] 8 

 States available but link broken .4% [0.01, 2.5] 1 

 States available but link absent 2% [0.7, 4.8] 5 

 Data unavailable 0% [0, 1.3] 0 

 States available upon request 23.9% [19, 29.6] 59 

 No statement 70.4% [64.5, 75.8] 174 

Code availability States available 0% [0, 1.3] 0 

 States available upon request .8% [.03, 3.1] 2 

 No statement 99.2% [96.9, 99.9] 245 

Supplementary 

information 
Yes 44.1% [38.1, 50.4] 109 

 Yes, but link absent or broken 5.3% [3, 8.8] 13 

 No 50.6% [44.4, 56.8] 125 

Total  100% 247 
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Table 10 

Results from Two-Sample Proportion Z-Tests Comparing the Current Study’s Findings to 

Previous Findings of Estimates of Reproducibility and Transparency Practices 

Study characteristic 
Our 

result 

Comparative 

study 

Comparative 

result 

Z-

statistic 

P-value of 

comparisona 

Replications 0% 
Adewumi et 

al., 2021 
0.4% 0.63 .263 

   
Piu et al., 

2022 
0.2% 0.45 .327 

Preregistration      

Statement of 

preregistration  
 0% 

Hardwicke 

et al., 2020 
0% - - 

  
Adewumi et 

al., 2021 
2.9% 1.74 .083 

  
Norris et al., 

2021 
73% 10.72 <.001 

Statement of no 

preregistration 
.4% 

Adewumi et 

al., 2021 
0% 0.63 .263 

  
Hardwicke 

et al., 2020 
0% 0.63 .263 

Data availability      

No statement 70.4% 
Adewumi et 

al., 2021 
87% 2.87 .004 

  
Hamilton et 

al., 2023 
92% 3.91 <.001 

  
Hardwicke 

et al., 2020 
92.3% 3.98 <.001 
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Study characteristic 
Our 

result 

Comparative 

study 

Comparative 

result 

Z-

statistic 

P-value of 

comparisona 

Statement of 

availability and 

accessible 

3.2% 
Hamilton et 

al., 2023 
2% 0.53 .703 

  
Adewumi et 

al., 2021 
8.2% 1.52 .064 

Code availability      

No statement 99.2% 
Hardwicke 

et al., 2020 
98.7% 0.35 .636 

  
Norris et al., 

2021 
99% 0.15 .560 

  
Adewumi et 

al., 2021 
99.2% 0 .500 

  
Hamilton et 

al., 2023 
99.5% 0.26 .396 

Note. These comparisons were done using an online two-sample proportions z-test 

calculator that used the pwr library in R (Statskingdom, 2022a). Alpha is set at p=.05 and all 

tests were one-tailed. In previous studies where two time periods were sampled, the 

proportion from the most recent time period is used (see Table 2 for further details). 

a p<.05 indicates a statistically significant difference between the current study’s estimate 

and a previous study’s estimate. 
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Reporting Standards 

Table 11 presents all proportions of these variables. Table 12 compares our results to 

the results of other works using the two-sample proportions z-test. 

Masking 

Some mention of masking was made in 88 (35.6%, 95% CI [29.9, 41.8]) papers 

which was significantly more than Menke and colleagues (2020) (12.3%), Z=3.86, p=.001 

but not significantly different Leung and colleagues (2018) (43%), Z=1.07, p=.142. 

Randomisation 

Randomisation was mentioned in 120 (48.6%, 95% CI [42.4, 54.8]) papers which 

was significantly more than the result of Menke and colleagues (2020) (36.3%), Z=1.76, 

p=.039, and not significantly different to the results of Kousholt and colleagues 

(2022)(40.8%), Z=1.11, p=1.34 or Fergusson and colleagues (2019) (63%), Z=2.05, p=.020. 

However, it was significantly less than the estimate of Leung and colleagues (2018) (71%), 

Z=3.23, p<.001. 

Sample size calculation 

12 (4.9%, 95% CI [2.7, 8.4]) papers reported using a power analysis or sample size 

planning to justify their sample size. This proportion was not significantly different to the 

estimates found by Menke and colleagues (2020) (7.3%), Z=0.71, p=.239 or Leung and 

colleagues (2018) (10%), Z=1.37, p=.085. Although it was significantly less than the estimate 

of Kousholt and colleagues (2022) (12.8%), Z=1.97, p=.025. A further breakdown of types of 

sample size calculations can be found in Table 13. 

Data exclusion 

80 (32.4%, 95% CI [26.9, 38.5]) articles reported excluding data from the study, 

which was not significantly less than estimates from Fergusson and colleagues (2019) 

(37%), Z=0.68, p=.247 or Kousholt and colleagues (2022) (38.4%, Z=0.89, p=.187. The 

estimate of Leung and colleagues (2018), however, was significantly larger (67%), Z=4.89, 

p<.001. Of the 80 articles that reported excluding animals or data, 9 (11.25%, 95% CI [5.8, 
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20.2]) reported outlier exclusion and 7 (8.75%, 95% CI [4, 17.2]) reported outlier exclusion 

and another reason, meaning a total of 16 (20%, 95% CI [12.6, 30.2]) papers reported some 

outlier exclusion. An additional 65 (81.25%, 95% CI [71.2, 88.4]) papers reported another 

reason for excluding animals or data, meaning a total of 72 papers excluded some data for a 

reason other than outlier exclusion. This information is presented in Table 14. 

Masking, randomisation, sample size justification and exclusion 

Only 4 (1.6%, 95% CI [.05, 4.2]) papers contained some mention of all four bias 

minimisation measures. 

Multiple-comparisons adjustment 

Of the 247 papers in the sample, 189 (76.5%, 95% CI [70.8, 81.4] reported a multiple 

comparisons adjustment which was a significantly greater proportion than those found by 

Khan and colleagues (2020) (28.3%), Z=6.87, p<.001 and Gewandter and colleagues (2014) 

(45%), Z=4.56, p<.001. 
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Table 11 
 
Results of Reporting Variables from the Current Study 
 

Study Characteristic Results % [95% CI] Results (n) 

ARRIVE Statement of compliance 7.3% [5, 11] 18 

 
Other reporting guidelines 

followed 
0% [0, 1.3] 0 

 
No statement of reporting 

guidelines 
92.7% [88.7, 95.4] 229 

Masking Yes, mentioned 35.6% [29.9, 41.8] 88 

 Statement of no masking 1.6% [.4, 4.2] 4 

 No mention 62.8% [56.6, 68.6] 155 

Randomisation Yes, mentioned 48.6% [42.4, 54.8] 120 

 
Other allocation method 

mentioned 
6.5% [4, 10.3] 16 

 Statement of no randomisation .8% [.03, 3.1] 2 

 No mention 44.1% [38.1, 50.4] 109 

Sample size 

justification 

Power analysis/sample size 

planning 
4.9% [2.7, 8.4] 12 

 Past research .8% [.03, 3.1] 2 

 Practical constraints 0% [0, 1.3] 0 

 No justification 94.3% [90.6, 96.7] 233 

Exclusion Animal or data excluded 32.4% [26.9, 38.5] 80 

 Statement of no exclusion 3.2% [1.5, 6.4] 8 

 No statement 64.4% [58.2, 70.1] 159 

Multiple 

corrections 
Mention of correction  76.5% [70.8, 81.4] 189 

 No mention of correction 23.5% [18.6, 29.2] 58 
Total  100% 247 
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Table 12 

Results from Two-Sample Proportion Z-Tests Comparing the Current Study’s Findings to 

Previous Findings of Estimates of Bias Minimisation and Accurate Reporting Practices 

Study characteristic 
Our 

result 

Comparative 

study 

Comparative 

result 

Z-

statistic 

P-value of 

comparisona 

Masking (any 

mention) 
35.6% 

Menke et al., 

2020 
12.3% 3.86 .001 

  
Leung et al., 

2018 
43%c 1.07 .142 

Randomisation (any 

mention) 
48.6% 

Menke et al., 

2020 
36.3% 1.76 .039 

  
Kousholt et 

al., 2020 
40.8% 1.11 .134 

  
Fergusson et 

al., 2019 
63% 2.05 .020 

  
Leung et al., 

2018 
71% 3.23 <.001 

Sample size 

calculation b 
4.9% 

Menke et al., 

2020 
7.3% 0.71 .239 

  
Leung et al., 

2018 
10% 1.37 .085 

  
Kousholt et 

al., 2022 
12.8% 1.97 .025 

Data exclusion (any 

mention) 
32.4% 

Fergusson et 

al., 2019 
37% 0.68 .247 

  
Kousholt et 

al., 2022 
38.4% 0.89 .187 
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Study characteristic 
Our 

result 

Comparative 

study 

Comparative 

result 

Z-

statistic 

P-value of 

comparisona 

  
Leung et al., 

2018 
67% 4.89 <.001 

Multiple comparisons 

corrections present 
76.5% 

Khan et al., 

2020 
28.3% 6.87 <.001 

  
Gewandter et 

al., 2014 
45% 4.56 <.001 

Note. These comparisons were done using an online two-sample proportions z-test 

calculator that used the pwr library in R (Statskingdom, 2022a). Alpha is set at p=.05 and all 

tests were one-tailed. In previous studies where two time periods were sampled, the 

proportion from the most recent time period is used (see Table 3 for further details). 

a p<.05 indicates a statistically significant difference between the current study’s estimate 

and a previous study’s estimate. 

b This variable reflects the proportion of studies that used power analyses or other sample 

size planning calculations used. This variable was measured in our study as the ‘power 

analysis/sample size planning’ response option of ‘sample size justification’. 
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Table 13 

Results Breakdown for Articles Including Sample Size Calculations 

Study Characteristic Results % [95% CI] 
Results 

(n) 

Reason for expected 

effect size 
Past research 33.3% [13.6, 61.2] 4 

 No reason provided 66.3% [38.8, 86.5] 8 

    

Effect size type Not mentioned 100% [78.4, 100] 12 

    

Expected effect size 0.5 8.3% [.01, 37.5] 1 

 0.5-0.9 8.3% [.01, 37.5] 1 

 Not mentioned 83.3% [54, 96.5] 10 

Total  100% 12 

Note. This table presents a further breakdown of the results from articles that used sample 

size calculations (power calculations or other sample size planning techniques) to calculate 

the study’s sample size. 

 

Table 14 

Results Breakdown for Articles Including Mention of Data Exclusion 

Study Characteristic Results % [95% CI] Results (n) 

Exclusion 

reasons 
Outlier 11.3% [5.8, 20.2] 9 

 Outlier and other 8.8% [4, 17.2] 7 

 Other 81.3% [71.2, 88.4] 65 

Total  100% 80 

Note. This table presents a further breakdown of the results from articles that mentioned 

exclusion of data or animals. Percentages may not total 100 due to rounding. 
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Accurate Reporting 

Table 15 presents the proportions of the following results. Table 16 compares these 

results to the findings of Nuijten and colleagues (2016). 

Detection rate 

Test statistics were detected in 185 (74.9%, 95% CI [69.1, 79.9]) papers which was 

significantly more than Nuijten and colleagues (2016) result of 54.4%, Z=3.03, p=.001. 

Non-decision errors 

Non-decision errors were detected in 96 (51.9%, 95% CI [44.7, 59] papers in our 

sample which was not statistically larger than Nuijten and colleagues (2016) result (49.6%), 

Z=0.33, p=.372. 

Decision errors 

Decision errors were found in 21 papers (11.4%, 95% CI [7.5, 16.8]) which was not 

significantly smaller than Nuijten and colleagues’ (2016) result (12.9%), Z=0.32, p=.373. 
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Table 15 

Test Statistic Results 

Study Characteristic Results (n) Results % [95% CI] 

Test statistics 
Papers with test 

statistics detected  
185 100% 

 
Total statistics 

detected 
5144  

    

Non-decision errors 

Papers with non-

decision errors 

detected  

96 51.9% [44.7, 59] 

 Total errors detected 302  

    

Decision errors 
Papers with decision 

errors  
21 11.4% [7.5, 16.8] 

 
Total decision errors 

detected 
43  

Note. Percentages reflect the proportion of articles out of the 185 papers where any test 

statistics were detected. 
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Table 16 

Test Statistic Results from Two Sample Proportion Z Tests Comparing the Current Study’s 

Findings to Previous Findings  

Study characteristic 
Our 

result 

Comparative 

study 

Comparative 

result 

Z-

statistic 

P-value of 

comparisona 

Test statistic 

detection rate  
74.9% 

Nuijten et al., 

2016 
54.4% 3.03 .001 

      

Percentage of papers 

containing a non-

decision error 

51.9% b 
Nuijten et al., 

2016 
49.6% 0.33 .372 

      

Percentage of papers 

containing a decision 

error  

11.4% b 
Nuijten et al., 

2016 
12.9% 0.32 .373 

Note. These comparisons were done using an online two-sample proportions z-test 

calculator that used the pwr library in R (Statskingdom, 2022a). Alpha is set at p=.05 and all 

tests were one-tailed.  

a p<.05 indicates a statistically significant difference between the current study’s estimate 

and a previous study’s estimate. 

b This percentage includes only those papers where test statistics were detected, N = 185. 
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Discussion 

Reproducibility in preclinical research is supported by transparent research and 

reporting that is thorough and accurate (Munafò et al., 2017). Research generated by a field 

with good reproducibility may have better translation potential (Fergusson et al., 2019; 

Landis et al., 2012).  

This study investigated the prevalence of transparency and thorough and accurate 

disclosure practices in the AMOA. This was to determine to what extent such measures are 

already in use, and if recent efforts to improve reproducibility and translation rates may be 

relevant to. 

In the first study of its kind in the AMOA literature, we manually reviewed papers 

studying opioid use and opioid alternatives to characterise if they fulfilled the target 

variables. 

When interpreting this study’s results, it is important to note that we are estimating 

the rate at which these practices are reported. This is not necessarily the same as how often 

they are implemented. However, evidence shows that research with poor reporting of bias 

minimisation practices is associated with overestimates of effects sizes (Bebarta et al., 2003; 

Crossley et al., 2008; M. R. Macleod et al., 2008; Riley et al., 2016; Rooke et al., 2011; Tikka 

et al., 2021; Vesterinen et al., 2010). These studies concluded that this inflation was likely 

caused by bias in the research design, probably introduced by the absence of the bias 

minimisation measures that were not reported. This suggests a lack of reporting may indeed 

reflect a lack of doing.   

Furthermore, science is based on transparency and verifiability (Munafò et al., 2017). 

A consumer of science should not have to trust that a certain practice was implemented; it 

should be clearly stated. As such, the sceptical reader will assume a procedure was omitted 

from the experiment if there is no mention in the report. While this leaves some room for 

ambiguity, we believe it is fair to judge an experiment based on its report. Therefore, we 

believe our interpretations are fair and justified. 
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Lastly, we encourage caution when interpreting the comparisons to previous studies. 

Due to the novelty of this study, we do not have estimates from more closely associated 

fields. Where possible, we attempted to minimise the numerous differences between the 

compared fields by favouring more recent esFmates from studies with some commonality to 

AMOA.  

Replication 

 There were no replications in our sample of the AMOA literature. This finding was not 

different to the rates of replications found in addiction research or psychology research 

(Adewumi et al., 2021; Pui Yu Lee, 2022). This was in keeping with our expectations of low 

replication rates as informed by estimates from the fields of addiction and psychology (Makel 

et al., 2012; Norris et al., 2021). While not unexpected, this result is informative as it is the 

first to indicate that replication rates in AMOA are comparable to associated fields. 

 There are several possible interpretations of this result. The first is that replications 

are not being done in AMOA, possibly due to the pressures of working in a competitive field 

that rewards novelty over replications (Gorman, 2019).  

Another interpretation is that replications are being done, but they are not being 

published. For example, a researcher may replicate a foundational effect in a preliminary 

experiment before building on it. Publishing space limitations, however, may prohibit this 

replication from being published with the novel experiment.  

If this is the case, there are solutions: sharing of data and results on preclinical 

registries is free and straightforward. This practice also combats research waste and 

facilitates more accurate estimates of effects in data aggregation efforts (Chin, 2023; Moher 

et al., 2016; van der Naald et al., 2020).  

Considering this study’s findings of low rates of bias minimisation practices and a 

lack of engagement in transparency practices, the absence of reported replications may be 

particularly concerning. This result adds weight to calls for replication attempts in the field of 

addiction, including AMOA (Heirene, 2021).  
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Transparency 

Preregistration 

 Our sample contained no articles that were preregistered, one that had a statement 

of non-preregistration and no registered reports. Our result was smaller by a substantial 

amount than the rate of preregistration found in clinical addiction research, but not different 

to prevalence estimates in the social sciences and addiction broadly (Adewumi et al., 2021; 

Hardwicke et al., 2020; Norris et al., 2021). Despite our suggestion that working alongside 

clinical research would encourage preregistration in the AMOA field, it appears that current 

preregistration habits are more in line with psychology and the social sciences than they are 

with clinical addiction research.  

 The recent creation of animal-specific registries Preclinical Trials and Animal Study 

Registry has addressed concerns that such an absence was one reason for the low rates of 

preclinical preregistration (Ting et al., 2015; van der Naald et al., 2021). However, the 

number of studies preregistered on these platforms remains discouragingly low (van der 

Naald et al., 2021). 

 A lack of awareness about preregistration and its associated benefits may remain an 

obstacle for AMOA researchers, as it is in other fields (Percie du Sert, Hurst, et al., 2020; van 

der Naald et al., 2021). Alternatively, investigators working in AMOA may find the additional 

work required to preregister burdensome or they may be unwilling to preregister due to a 

desire to safeguard their intellectual property (Kimmelman & Anderson, 2012; Nosek et al., 

2019). 

 Proponents of preregistration would argue that these obstacles can be overcome 

with improved instruction. Firstly, researchers may be more inclined to make the additional 

effort if they are aware of the value of preregistration in reducing research waste, facilitating 

detection of QRPs and HARKing, and minimising the impact of publication bias (Nosek et al., 

2018; Percie du Sert, Hurst, et al., 2020). 

Secondly, animal registries continue to try to streamline the preregistration process to 

make it more efficient and easier to use for researchers new to the practice (van der Naald 
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et al., 2021). Lastly, the option to embargo a preregistration is available to help assuage 

concerns about intellectual property theft (van der Naald et al., 2021)  

 Slow uptake of the registered report format may be influenced by many of the same 

obstacles as preregistration as well as the apparently low number of participating journals 

publishing AMOA research as seen in Table 8. 

 Critics of preregistration may say that its importance has been overstated (Devezer 

et al., 2021; Rubin, 2017). We maintain, though, that in the absence of ‘contemporary’ 

transparency, it is one part of a multi-pronged solution to address the practices and systemic 

influences that have led some fields to crisis point (Rubin, 2017). AMOA would benefit from 

higher rates of preregistration, as it encourages researchers to consider the use of bias 

minimisation techniques and power analyses. As we have found, AMOA has room for 

improvement in these domains.  

Open data 

 Overall, this study found low rates of data sharing. The large majority (70.4%) made 

no mention of data availability. However, this proportion was significantly lower than the 

equivalent in addiction, social sciences, and a large-scale review of preclinical and clinical 

health and medicine metascience (Adewumi et al., 2021; Hamilton et al., 2023; Hardwicke et 

al., 2020). This reveals a relatively good awareness of data sharing as a practice, or the 

considerable number of journals that require a data availability statement. We consider both 

possibilities promising. 

 Less promising was the 3.2% of articles that had accessible data. This proportion 

was not different to estimates in addiction and health and medicine metaresearch (Adewumi 

et al., 2021; Hamilton et al., 2023). This contradicts our anticipation that AMOA researchers 

may engage in this practice relatively frequently because of the existing familiarity with data 

sharing practices in the form of data repositories (Munafò, 2015).  

 We had also hoped this familiarity would mean those working in AMOA research 

would be aware of the superiority of online databases for storage, leading to low instances of 

‘data available upon request’ statements. However, almost one quarter of all articles and 
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80% of articles with any data statement were ‘available upon request’ statements. Hardwicke 

and Ioannidis (2018) revealed the inadequacy of this data sharing solution when they were 

unable to retrieve 68% of study data from authors post-publication. 

 Interestingly, coders came across several data statements that suggested a 

misunderstanding of ‘data availability’ as availability of analysed data. This misinterpretation 

may be behind statements that the ‘data are contained within the article’. A similar data 

availability statement template can be found on the Taylor & Francis website: ‘data are 

contained within the article [and/or] its supplementary materials’ (Talylor & Francis, 2023). 

This is understandably confusing.  

While it is reasonable that the raw data may be in the supplementary files, we 

suspect it is often implausible to present raw data in the article. One possible exception is if 

the raw data is presented in a graph from which can be extracted using a data extraction tool 

(WebPlotDigitizer, 2022). However, if the goal is the efficient sharing of accurate raw data, 

this method may not be ideal.  

 Similarly, we found data availability statements that were unclear or unaccompanied 

by a link or further description about how to access the data. This, as well as the 

misinterpretation of data availability, suggest a lack of involvement on behalf of the journal in 

verifying meaningful compliance with open data policies. Such involvement is imperative for 

improving rates of open practices (Hair et al., 2019). 

 Lastly, coders encountered statements that said data would be shared after a period 

of embargo. We consider this a positive, as it indicates researchers are finding ways to 

share data that do not conflict with their other interests. We hope, though, that clinicians 

wanting to pursue preclinical treatments are excluded from such an embargo, and that 

embargoed data is uploaded to an appropriate repository upon publication to avoid similar 

issues to the ‘upon request’ method. 

The low rates of data availability and preregistration would likely preclude interested 

parties from assessing rates of research non-publication and underreporting of animals used 

in AMOA research (van der Naald et al., 2020). Because of the implications for informed 
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decision making at the clinical stage and the efficient use of funding and animals, 

understanding the rates of field’s non-publication and underreporting is essential. 

While actual data availability remains low, we consider our results encouraging for 

future improvement. Improving data sharing will require attentive participation on behalf of 

journals, and adequate funding from relevant bodies to allow for the additional time this 

practice may take (Munafò et al., 2017). 

Open code 

 We found no instances where code was available, and two instances where it was 

available ‘upon request’. The proportion of studies that made no mention of code availability 

were not different to estimates in the fields of addiction, clinical addiction, social sciences 

and health and medicine metaresearch (Adewumi et al., 2021; Hamilton et al., 2023; 

Hardwicke et al., 2020; Norris et al., 2021). This places AMOA on par with a range of 

research fields.  

 Several potential roadblocks to the wider adoption of code sharing have been 

proposed, ranging from the practice (time, adequate funding, lack of know-how) to concerns 

about potential misuse or misinterpretation of code and the data it analyses (Naudet et al., 

2018).  

Improving know-how will require training in code sharing procedures. This could take 

the form of practical modules for researchers, although the motivation to engage in 

additional instruction may need to come from policies by journals and funders (Munafò et al., 

2017). Gomes and colleagues (2022) believe the potential for the misuse of analysis code 

can also be addressed with education on how to include all relevant information, such as 

assumptions and caveats. Crucially, having appropriate time and funding to dedicate to 

preparing the code and data for sharing underlines the necessary involvement of funders in 

the adoption of these processes (Naudet et al., 2018). 

Finally, open code and data are necessary to assess the computational 

reproducibility of a field. This type of reproducibility increases confidence in the statistical 

analysis and the integrity of the findings (Eubank, 2016; Hardwicke et al., 2018). Ruling out 
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computational error as a reason for failed translation will allow clinicians to focus on more 

informative explanations of a trial’s results. Unfortunately, the low levels of both data and 

code sharing would preclude any attempts at assessing the computational reproducibility of 

the AMOA literature.  

Reporting Standards 

Masking 

 Our research revealed that a little over one third of AMOA papers made any mention 

of masking. This result was significantly higher than that produced by a large-scale survey of 

the preclinical biomedical literature and, against our expectations, not significantly smaller 

than the estimate produced by Leung and colleagues (2018) review of anaesthesia, 

analgesia, and animal welfare (Menke et al., 2020). This indicates that the prevalence of 

masking in AMOA is good compared to other preclinical areas. 

 On the other hand, there was no mention of masking in two thirds of articles. This 

means the findings produced by these experiments may be influenced by bias. The large 

proportion of experiments that appear not to have implemented masking places the AMOA 

literature at risk of inflated effect sizes and increased rates of false positives. Given the 

unequivocal importance of masking in all study designs, why do rates remain low in AMOA 

research? 

 A qualitative analysis of attitudes towards masking in preclinical researchers 

generally is informative (Karp et al., 2022). It revealed a major obstacle was the lack of 

proficiency in masking techniques, suggesting the need to increase researchers’ motivation 

to engage in the range of educational resources that already exist, such as practical articles 

and research planning tools (Karanicolas et al., 2010; Munafò et al., 2017; Percie du Sert et 

al., 2017). 

 Karp and colleagues (2022) also reported a lack of belief in the value or relevance of 

masking to the researchers’ preclinical area. That these beliefs persist is informative, despite 

the attention masking has received as part of efforts to improve translation rates (Landis et 
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al., 2012; Moher et al., 2016). Indeed, it is one of the ‘Landis 4’: four core research aspects 

that have been targeted for improvement because of the low rates of implementation and the 

consequences their absence has on translation (Hair et al., 2019; Landis et al., 2012). 

 Ideally, researchers would use masking because they believe in its value, instead of 

doing so because of external requirements. Voluntary implementation will likely be of higher 

quality and it leaves researchers in charge of how research is done (Giner-Sorolla, 2012). 

However, the low rates of masking in AMOA among other preclinical fields suggest the 

hoped-for ‘cultural change’ towards improved transparency and reporting is slow in arriving 

(Landis et al., 2012; Munafò et al., 2018). This may indicate more involvement on the part of 

journals and funders in encouraging this change. 

 The ARRIVE guidelines may present the middle-ground: by requiring statements 

detailing ‘who was aware of the group allocation at different stages’, the researcher 

maintains control over the research process, but the statement allows for greater 

transparency and thus the possibility of scrutiny about the masking procedure (Percie du 

Sert, Hurst, et al., 2020). In the current sample, 1.6% of articles included statements of no 

masking. At the very least, such a statement removes ambiguity. This, of course, is not just 

relevant to masking but many research design aspects, including all practices measured in 

this study. 

 Improving masking is a key focus to improving the ‘translational hit’ of preclinical 

research (Landis et al., 2012; Schmidt-Pogoda et al., 2020). Our results demonstrate the 

field of AMOA has not yet reached acceptable levels of masking and should therefore 

engage in efforts to improve this practices (Fergusson et al., 2019). 

Randomisation 

 Nearly half of the articles in AMOA reported randomisation. This result was 

significantly larger than randomisation estimates in Menke and colleagues’ (2020) preclinical 

biomedical literature review and not different from research by Kousholt and colleagues 

(2022). However, contrary to our expectations, it was lower than estimates from the 
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analgesia, anaesthesia, and animal welfare literature, and the pain and anaesthesia 

literature (Leung et al., 2018; Fergusson et al., 2019).  

 While randomisation is the ideal group allocation method and is typically required for 

most treatments to be ‘proven’, there are times when it may not be appropriate or possible in 

preclinical research (Bebarta et al., 2003). In these instances, appropriate reporting and 

defence of such research decisions are required (Bebarta et al., 2003). From this 

perspective, that nearly 56% of papers included some statement about randomisation or 

other group allocation method is encouraging. 

 On the other hand, 44% of AMOA papers made no mention of randomisation or 

another allocation method.  

It is unclear why use of randomisation should not be higher, given that it is not a 

novel practice and ‘well-established’ randomisation procedures exist (Bespalov et al., 2020; 

Percie du Sert et al., 2017; Schulz et al., 2016). Bebarta and colleagues (2003) suggested 

the practice may be considered unnecessary by some animal researchers because of the 

increased homogeneity in animals compared to humans. This suggests increased efforts are 

required to highlight the importance of randomisation in reducing bias, balancing 

confounders, and thus validating the use of inferential statistics (Percie du Sert, Ahluwalia, et 

al., 2020). 

 The ARRIVE guidelines 2.0 have attempted to do this with the new ‘Explanation and 

Elaboration’ section accompanying each reporting requirement (Percie du Sert, Ahluwalia, et 

al., 2020). Once again, however, journals and funding bodies may need to provide the 

motivation for some researchers to engage in practices that they have hitherto thought 

irrelevant.  

 Randomisation is another of the Landis 4 core reporting requirements (Landis et al., 

2012). Despite its importance, the AMOA literature indicates that there is considerable room 

for improvement in the use of randomisation. As such, widespread attempts to encourage 

bias minimisation techniques to improve rates of reproducibility and translation are indeed 

relevant to this field.  
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Sample size calculation 

 Most papers in the AMOA literature did not include sample size justifications. 0.8% of 

papers relied on previous research and 4.9% used a sample size calculation to determine 

the sample size. This latter estimate was not significantly different to the rates of SSC found 

in preclinical biomedicine or analgesia, anaesthesia, and animal welfare, although it was 

significantly smaller than in Kousholt and colleagues’ (2018) review of preclinical animal 

literature (Leung et al., 2018; Menke et al., 2020). Lastly, none of the studies with SSC 

provided enough detail to recreate the analysis. While in keeping with our expectations, this 

result is far from optimal.  

 Evidence shows that several preclinical areas suffer from consistently underpowered 

studies (Ellis, 2022; Schmidt-Pogoda et al., 2020; Vesterinen et al., 2010). The low 

prevalence of SSCs found in this study indicates AMOA research may be vulnerable to being 

underpowered. The lack of reporting of power, however, may preclude a definitive answer 

(van der Naald et al., 2020).  

 A potential obstacle for conducting SSCs may be the difficulty in estimating the 

population parameter with which to carry out the calculation (Flora, 2020). This may be 

especially true in novel research areas (Schäfer & Schwarz, 2019). While this is legitimate, 

without reporting this difficulty, the ambiguity about a study’s power remains. The large 

proportion of studies that did not report SSCs means this ambiguity exists in AMOA. 

Compulsory reporting about sample size decisions may elucidate this issue, 

hopefully encouraging researchers to consider robust methods and increasing discussion 

about the inherent difficulties. Such discourse may also spread awareness of possible 

solutions, such as the use of the smallest effect size of interest in SSCs (Lakens et al., 

2018). Indeed, Nature’s mandatory checklist has led to improvements in SSC reporting (M. 

Macleod, 2019). In instances where practical constraints limit a study’s ability to reach 

appropriate power, multi-laboratory solutions have been suggested(Munafò et al., 2017) 

(Munafo et al., 2017).  
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The Landis 4 includes SSC as a design aspect requiring urgent improvement in 

preclinical research to combat poor translation rates (Landis et al., 2012). Such an 

improvement would benefit the reproducibility and translation of AMOA. 

Data exclusion 

A third of papers reported data exclusion and an additional 3% included statements 

of no exclusion, meaning clarity about included data appeared in nearly 36% of papers. This 

result was not significantly different to reported data exclusion in preclinical animal research 

and pain and anaesthesiology, but it was significantly lower than in analgesia and animal 

welfare research (Fergusson et al., 2019; Kousholt et al., 2022; Leung et al., 2018). Once 

again, this places AMOA in similar position to other preclinical fields. 

Unfortunately, the lack of statements about data exclusion leaves room for ambiguity 

in 64% of papers. Crucially, research suggests that we cannot assume that data has not 

been excluded if it is not reported (van der Naald et al., 2020).  

Only 16 papers included a statement about outlier exclusion, representing 20% of all 

reported data exclusion. The inconsistency in defining statistical outliers heightens the need 

for outlier reporting. Such uncertainty here may contribute to the poor disclosure of this 

aspect in AMOA research. Increased outlier reporting may have the additional benefit of 

accelerating progress towards more consistent definitions. Alternatively, working groups of 

AMOA researchers could generate advice on best practice in defining and handling outliers.  

Considering this result together with the low rates of SSCs raises the concern that 

the consequences of unreported data exclusion may be exacerbated by the potential for 

AMOA to be underpowered in line with other preclinical fields (Schmidt-Pogoda et al., 2020; 

Vesterinen et al., 2010). Further, the limited sharing of data and code in AMOA would make 

unreported data exclusion hard to detect. Lastly, given the lack of preregistration, it is 

unclear if researchers are protecting against the potential for biased data removal by 

deciding on a priori exclusion criteria and handling procedures.  
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Data handling is the final aspect included in the Landis 4. Poor reporting of 

exclusions has negative consequences for the methods and results reproducibility of AMOA 

research, and the predictive value for later translation (Landis et al., 2012). 

Landis 4 

 The reporting of all four aspects of rigorous research is disappointing. Only four out 

of 247 articles made some mention of randomisation, masking, SSC, and data exclusion – 

including statements of non-implementation. Despite these issues being definitively 

elucidated more than a decade ago, the continued absence of these measures in much of 

AMOA research may diminish translation potential (Landis et al., 2012). 

Multiple comparisons adjustments 

 Our study found that three quarters of papers reported a MCA. This result is 

significantly larger than estimates from cardiovascular and analgesic clinical trials 

(Gewandter et al., 2014; Khan et al., 2020). This is an encouraging result, showing that 

AMOA is doing substantially better than existing estimates.  

 MCA is particularly important in research that may lead to treatment development or 

influence policy, as there is a greater cost of discovering a false positive compared to a false 

negative (Althouse, 2016). These considerations are relevant to AMOA given the 

implications of prescription opioid addiction for government and health administration.  

 Despite our best efforts to estimate the upper bound the prevalence of all target 

measures, it is likely that we were unable to capture all instances of MCA because of the 

variety of types. This means the true estimate may be even higher. 

 Closing the remaining gap to perfect reporting may require only minimal 

encouragement from reviewers and journals given the value of MCA is clearly appreciated. 

Indeed, it appears the concern that multiplicity is being ‘widely ignored’ in psychology is not 

relevant to AMOA (Cramer et al., 2016).  
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ARRIVE compliance 

 Only 7.3% of articles reported compliance to the ARRIVE guidelines. This may be 

unsurprising considering that only seven of the top 25 journals in our sample endorsed the 

ARRIVE guidelines (ARRIVE Guidelines, 2023).  

 Moreover, of the 18 articles that stated compliance with ARRIVE, only one reported 

all items in the Essential 10 recommendations. We do not suggest this is an exhaustive 

evaluation of the relationship between stated compliance and actual compliance, however it 

does raise the question whether purported compliance with ARRIVE improves reporting 

standards. There is mixed evidence about whether journal endorsement leads to better 

reporting (Baker et al., 2014; Hair et al., 2019; Hepkema et al., 2022). Conversely, Nature’s 

reporting checklist that is followed up by reviewers led to improvements in Landis 4 reporting 

(Han et al., 2017; M. Macleod, 2019).  This research suggests greater involvement of 

journals and reviewers during the prepublication process is required. While this may seem 

out of reach given reviewers are often already ‘overextended’, Landis and colleagues (2012) 

suggest that clear requirements of a manuscript will make reviewers’ jobs easier.  

Accurate Reporting 

Test statistic accuracy 

 We were able to detect test statistics in 75% of articles which was a significantly 

larger proportion than that found by Nuijten and colleagues (2016). This means the 

formatting of test statistics was consistently in line with APA formatting, facilitating efficient 

accuracy checks.  

 Of the papers where test statistics were detected, 52% had at least one non-decision 

error. Moreover, 11% of papers contained one or more decision errors. Neither of these 

results were significantly different to the comparable results found in psychology (M. B. 

Nuijten et al., 2016). The low rates of data sharing in AMOA would make correcting these 

inaccuracies difficult (Nuijten et al., 2016) 
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Given the importance of statistical significance in evaluating preclinical research for 

further investigation, and the ease with which accuracy can be verified, these rates may be 

unacceptable.  

 Some of these inaccuracies may be deliberate, incentivised by publication bias (John 

et al., 2012; Nuijten et al., 2016). On the other hand, researchers are vulnerable to 

typographical and other basic errors that can cause such inconsistencies (Hardwicke et al., 

2018). Either alternative is good motivation to introduce pre-publication reporting accuracy 

checks as a matter of course. Given the large proportion of papers where test statistics were 

detected, AMOA is in a good position to pioneer such a self-correcting practice (Vazire & 

Holcombe, 2022) 

  statcheck, however, is not a perfect tool and is likely to have missed test statistics 

even in papers where some were detected. We cannot be sure how these missed test 

statistics would influence our results. These limitations, however, may be secondary to the 

principal point: errors persist in the AMOA literature and, given the availability of tools to 

rapidly verify test statistics, this should not be the case.  

 Our results demonstrate that there remains considerable room for improvement in 

the AMOA literature. The low rates of transparency measures reflect the slow uptake of 

these practices designed to combat biased and irreproducible research. These practices 

may benefit the robustness of the AMOA findings, which is likely needed given the currently 

low prevalence of reporting of bias minimisation practices and the persistence of test statistic 

inconsistencies. This is cause for concern, as similar findings in preclinical areas have been 

associated with inflated effect sizes and a higher preponderance of false positives (Sena et 

al., 2010; Vesterinen et al., 2010). These are detrimental to the reproducibility or translation 

potential of a literature. 

Solutions 

 There appears to be tension in proposed solutions to the issues examined between 

enforcing change and waiting for voluntary change. There may be a middle ground, 

however, in enforcing reporting of implementation or non-implementation of crucial practices, 



TRANSPARENCY & REPRODUCIBILITY IN ANIMAL MODELS OF OPIOID ADDICTION 68 

as recommended by ARRIVE. This solution enjoys both benefits of researcher freedom and 

allowing for informed assessment of research. Encouraging awareness in this way may 

accelerate voluntary change (Munafò et al., 2018). 

While such a remedy seems simple, attempts at implementing the ARRIVE 

guidelines have proved otherwise (Hair et al., 2019; Hepkema et al., 2022; Ting et al., 2015). 

As such, the involvement of all stakeholders in AMOA is imperative. Indeed, any solution that 

rests solely on the researchers and reviewers will not be sustainable. 

Novel solutions may arise from further research into researcher attitudes and 

perceived barriers to implementing new and not-so-new. Targeting such research at the level 

of individual fields may be particularly productive.  

Limitations and strengths 

Several limitations to this study should be considered. Firstly, when coding an article, 

we did not ascertain whether the target characteristics were appropriate to the design, nor 

whether they were applied in all the instances required. This was largely due to constraints 

in coder ability. However, the target aspects were selected for their widespread applicability 

in hypothesis-testing research. Further, statements of non-implementation are recommended 

for the characteristics studied here to clarify this very issue (Percie du Sert, Hurst, et al., 

2020). 

A second limitation arose because of our decision to review the online versions of 

articles. We hoped this would enable better detection of hyperlinks and supplementary files. 

However, because articles were often available through several databases, it was not 

ensured that coders were accessing the original version of the article. This led to the 

unexpected obstacle of finding conflicting results for a given article. To reduce the impact of 

this, coder 1 checked all available article versions when resolving coder discrepancies. We 

cannot rule out the possibility, though, that there were some instances where both original 

coders missed a target characteristic, for this reason or simple through human error. 

Similarly, our search terms likely did not capture all the possible permutations of a 

target characteristic. 
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These limitations reflect threats to the accuracy of our estimates. To compensate to 

some extent for these insufficiencies, we adopted a charitable coding stance so that our 

approach would not be seen to unfairly criticise the AMOA literature.  

Importantly, these limitations do not detract from the principal goal of this study: to 

determine whether attempts to improve transparency and reproducibility measures are 

relevant to AMOA. We believe we succeeded in this goal. 

A strength of this study is that captured all articles returned by our search. This will 

improve the accuracy of our estimates as we do not have to consider the effects of sampling 

variability. This contrasts with similar metaresearch that often randomly samples from a 

larger pool. As such, our results may be somewhat useful for generalising to fields with 

similar methodological approaches. 

In another departure from conventional metaresearch, we addressed a relatively 

small research field. We hope that by doing so, our results are more directly applicable and 

thereby actionable.  

Generalisability 

Despite our tentative optimism about the generalisability of these findings, we believe 

these results would better serve as motivation for related fields to conduct reviews of their 

own literature. This is imperative as each field has distinct factors to consider, despite 

methodological or theoretical similarities. 

Implications and conclusion 

 The implications of our results for the reproducibility of the AMOA literature are cause 

for concern. Attempts at computational reproductions would be precluded by the low rates of 

access to the original data and code. Methods reproducibility is at least partly obscured by 

the poor reporting of randomisation, masking, data handling, and adjustments for multiple 

comparisons. Finally, the lack of widespread reporting of bias minimisation practices, 

combined with unclear power places this field at risk of poor results reproducibility (Open 

Science Collaboration, 2015). These results may affect an effect’s translation potential, and 
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impede clinicians from being able to count on robust preclinical methodology (Landis et al., 

2012).  

 Further, despite the possibility that AMOA is considered a ‘harder’ psychological field, 

it remains in danger of poor reproducibility. This means efforts taken in other fields of 

psychology in response to the replication crisis are indeed relevant – and needed – in AMOA 

research.  

Moving forward, it is ideal for AMOA researchers to lead the charge on improving 

transparency and reporting standards in their own field. This would allow those that best 

understand the nuances of the field to shape it.  

This study contributes the first metascience study in animal models of addiction. By 

focusing on opioid research alone, we hope to spur change by contributing findings that are 

meaningful and immediately applicable to researchers working in this area. 
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Appendix A 

Original preregistration 

Title 

Smelling a rat: low rates of open science and anti-bias practices in animal models of 

opioid addiction/Can we trust this research? 

Study rationale & aim 

Scrutiny of research practices is an essential part of a credible, self-correcting 

science. Scrutiny is facilitated by transparency and detailed reporting in the research 

process, which allows for reproducible, and therefore robust, results. Despite the benefits of 

open research practices, rates are low across many fields, including psychology and 

neuroscience. This has contributed to the ‘replication crisis’. Steps to address the underlying 

issues have been adopted to some extent, but currently, we know little about the state of the 

field in many specific subdisciplines. One such subdiscipline is animal models of opioid 

addiction. The current study will estimate the prevalence of open science practices in this 

research literature, including rates of preregistration, registered reports, compliance with the 

ARRIVE guidelines, replication studies, and availability of raw data and analysis scripts. 

Further, the plan is for levels of masking, randomisation and outlier exclusion to be collected, 

and use of power analyses to calculate sample sizes and multiple comparison corrections in 

data analysis. Lastly, the p-values associated with statistical tests in each paper are counted 

and checked for inconsistency with the reported test statistic.  

Methods: Qualitative Study 

To get an indication of average effect sizes in the animal models of opioid addiction 

literature, 14 meta-analyses and systematic reviews will be analysed. Aside from the effect 

sizes, we will also look at any bias assessments carried out in the papers.  

Hypotheses. This study is observational and exploratory. As such we do not have 

hypotheses. We do, however, expect the effect sizes to be moderate to large. 
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Search string used to generate sample. addict* OR substance abuse OR drug 

addiction OR drug treatment AND opioid OR opiate OR heroin AND behaviour* OR 

behavior* 

Search procedure. We searched Scopus, Web of Science, PSYCinfo and PubMed. 

We limited results to "meta-analysis" or "systematic review", to "animal" and written in 

English. Results were also limited to being published between 2013 and 2023. This search 

returned 8 results on Scopus, 11 from Web of Science, 12 on PSYCinfo and 2 from PubMed. 

After removing duplicates, 29 journal articles remained. Initial screening (reading the 

abstracts) excluded 15: 2 were not systematic reviews or meta-analyses; 1 was not relevant 

to opioid use; 12 did not include preclinical research. That left a total of 14 papers. This 

sample was finalised on the 25th July, 2023. 

Sample size rationale. We were unsure how many reviews our search would return. 

We were prepared to take a random sample of about 15-20 meta-analyses/systematic 

reviews from a larger pool. However, as the search has returned 14 reviews, we are able to 

analyse all search results. 

Pilot coding. The first round of pilot coding by Coder 2 looked at meta-analyses from 

clinical and preclinical research. From this process it was understood that effect sizes may 

need to be converted so that they are comparable across meta-analyses/systematic reviews.  

A further round of pilot coding by Coder 2 revealed a variety of methods are used to 

assess different types of bias. As such, the codebook designed for the qualitative study is 

unrestrictive. We do not expect to be able to extract the same characteristics from each 

review.  

Data extraction. The qualitative nature of this study means these papers will be read 

and relevant information will be extracted and categorised as relating to effect sizes or bias 

estimation. Other relevant details may be noted, such as percentage of papers reporting 

randomisation. There are likely to be missing values, but due to the qualitative nature of this 

study, we do no foresee this to be a problem. 
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Inclusion criteria: published between January 2013 and August 2023; reviews 

studies related to opioid use (including pain research); studies included in the reviews used 

behavioural paradigms; reviews preclinical literature (can also include clinical literature); in 

vivo research 

Data analysis. We will convert effect sizes into a single standardised effect size type. 

We will choose the standardised effect size type according to which is most commonly used 

in the sample. Pilot coding indicates this is likely to be Hedge’s g.  

Summary of what data has been collected or looked at prior to posting the 

preregistration: 

Study 1: Qualitative: sample has been located. N = 14. Data extraction has not 

begun. 

Study 2: Quantitative: sample has been located. N = 262. Data extraction has begun. 

Despite the original search being carried out on the 12th of June, coding remains in the early 

stages: as of the 8th August 156 papers have been coded by Coder 1; 15 by Coder 4; 22 by 

Coder 3; 12 by Coder 2. Note that the papers are coded in duplicate. The plan is for Coder 1 

to code the entire sample and the other three coders to each code a third. 

Methods: Quantitative Study 

To estimate the prevalence of thorough reporting and open science practices in the 

animal models of opioid addiction (AMOA) literature, we will examine journal articles 

published between 2019 and 2023. 

Hypotheses. This study is observational in nature and therefore we do not have 

hypotheses per se. In keeping with the preliminary research addressing this question in 

addiction research, however, we expect rates of open science practices and compliance with 

reporting guidelines ARRIVE to be low (Adewumi et al., 2021). 

Search string used to generate sample. addict* OR substance abuse OR drug 

addiction OR drug treatment AND opioid OR opiate OR heroin AND treatment OR treat* 

AND behaviour* OR behavior* 
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Search process. We searched Scopus, Web of Science, PSYCinfo and PubMed. 

We limited results to "article" or "empirical study", to "animal", written in English and 

published between 2019 and 2023. Search results were then limited to research areas in 

Scopus ("neuroscience", "psychology" and "multidisciplinary"). The other databases either 

didn’t have subject areas to choose from after the search had been run (PSYCinfo, 

PubMed), or all subject areas suggested seemed relevant (Web of Science). 

This search returned 123 results on Scopus, 64 from Web of Science, 53 on 

PSYCinfo and 125 from PubMed. After removing duplicates, 262 journal articles remain.  

Upon preparing this preregistration it was noticed that the subject area 

“pharmacology, toxicology and pharmaceutics” was not included in the Scopus database 

subject areas. Including this subject area added an additional 82 papers once duplicates had 

been removed. This was an oversight. To rectify this, instead of including studies that looked 

at other substance use disorders but still appeared in our results (because of investigation 

into an opioid receptor agonist, for example) we decided to exclude these. We will replace 

them with studies appearing under the “pharmacology, toxicology and pharmaceutics” 

subject area. We aim to include as many as possible in the time constraints of the coders. 

Alerts were set up on all databases except for PubMed to notify of relevant papers 

published during coding time (June-August). Attempts to set up an alert on PubMed were 

met by an internal error, so a rerun of the search will be done towards the end of coding and 

on the last day of coding in order to catch any relevant newly-published papers. Coding is 

expected to be finished by the end of August, 2023.  

Sample size rationale. We initially expected to take a random sample of the AMOA 

literature. However, upon completing the search we found that the number of papers located 

was appropriate and so was taken in its entirety. The final screening procedure has not been 

completed so the final sample size may be smaller than reported here. 

Pilot coding. Articles were coded using a Google sheet codebook developed by the 

four coders during pilot coding. After initial discussion by Coder 1, Coder 3 and Coder 4 on 

what variables we were going to code, we applied a draft codebook to a selection of articles 
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from a search of animal models of addiction literature looking at all substances (not just 

opioids). This meant a much larger pool of articles were available and, as such, low 

likelihood of seeing overlap between the pilot coding sample and the coding proper sample. 

After pilot coding these studies, the three coders came to discuss and refine variables and 

related search terms. Next, the Coder 2 joined in the ensuing round of pilot coding wherein 

five studies were coded. Coding proper was commenced when all four coders agreed on the 

responses taken from the five training articles and all coders were satisfied that the search 

terms were effective. 

Data extraction. This coding procedure follows Hardwicke and colleagues (2021) 

and Chin and colleagues (2023). Each article is coded by two authors with disagreements 

being resolved through discussion between those coders and a third author if the coders do 

not agree. For multiple-study papers (or studies in which several steps throughout the 

experiment may have require, say, randomisation) the study is considered to have satisfied a 

variable if the characteristic is mentioned at least once. That is, if masking is mentioned 

once, the option of “Yes, masking mentioned in relation to this study” is selected.  

With some practice, coding a single article takes about 6 minutes.  

Coding variables. Please see the Codebook spreadsheet or Codebook guidelines 

for response options provided for each characteristics. All papers are searched using the 

terms provided in these documents. What follows are any additional instructions or nuances 

related to the coding process.  

Original paper or replication was determined by scanning the abstract. Technical or 

biological replicates did not constitute a replication.  

ARRIVE or other guidelines involved reading the “Animals” or “Subjects” section at 

the beginning of the method section. If guidelines other than ARRIVE were followed, the 

name was copy and pasted into the Google sheet. University guidelines were not included 

as we were primarily interested in more widely-used reporting guidelines.  
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The search terms for preregistration were designed to capture generic preregistration 

sites as well as those specific to preclinical research – preclinicaltrials.org, 

animalregistry.org.  

If supplementary materials was coded yes, the content was checked and included in 

the coding procedure if relevant. For example, if the supplementary materials contained 

detailed methodology, search terms used to code the other variables were applied to that 

document as well as the original paper. 

Data availability was more common than script availability in pilot coding. As such, 

there were more response options provided for data availability.  

If a sample size justification was given, the type of justification was selected. If the 

justification was a power analyses, the magnitude and type (eg. Cohen’s) of the effect size 

was coded as well as where that effect size came from., for example, from previous 

literature.   

Although the statistical corrections search terms don’t cover every possible type of 

correction, we were confident that the generic terms captured most other possibilities. For 

example, “the Sidak correction” is successfully captured by “correct”. 

Animal exclusion was coded in a way that separated outlier exclusion from exclusion 

due to other reasons, for example unsuccessful catheter insertion or pre-existing chamber 

preference in a conditioned place preference paradigm. The reasons for this are discussed 

in the introduction.  

Lastly, we counted the number of statistical tests and checked for any calculation 

errors in the associated p-values. This was done by entering the entire paper’s text into 

statcheck. The number of tests was counted by exporting the output into an Excel 

spreadsheet. Incorrect calculations were counted and recorded with errors indicating a 

decision error and those not being counted separately.  

Inclusion criteria: is an empirical study; Is written in English; was published between 

January 2019 and August 2023; relates to opioid use including in a analgesic setting; 
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experiment was carried out on non-human animals; experiment contains a behavioural 

component (and this is mentioned in the abstract); in vivo research 

Exclusion criteria: study investigates an opioid receptor or opioid receptor agonist but in 

the context of a drug of abuse other than opioids; not an empirical study, for example a 

literature review or meta-analysis 

Data analysis. Percentages will be used to describe the prevalence of the characteristics of 

interest.  

We also plan to conduct a test of equivalence to compare rates of open science 

practices with the findings of Adewumi and colleagues (2021) and Hardwicke and colleagues 

(2018; 2020). Additional comparisons to relevant findings may be made.  

These comparisons are not confirmatory tests of a priori hypotheses. Instead, they 

are exploratory and, given that the comparisons are across different subdisciplines, should 

be interpreted with caution. 
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Appendix B 

Study 1: Qualitative 

We decided to downgrade the ‘qualitative analysis’ of meta-analyses to be part of the 

literature review. This was due, firstly, to the number meta-analyses looking at animal 

models of opioid addiction being smaller than expected. This meant that any takeaways from 

this survey would be of limited relevance to animal models of opioid addiction. 

Secondly, it was unexpectedly difficulty to convert all effects to one effect type 

(Cohen’s d). This was especially true because of the inconsistent sharing of data between 

meta-analyses.  

Thirdly, while this is valuable work, it was intended to be preliminary study, and the 

amount of required work exceeded the author’s time and, in some cases, ability. 

As such, we decided to interpret the effect sizes – where possible – using 

benchmarks without converting them. This meant we were still able to get a vague sense of 

the size of effect sizes in animal models of addiction, although it was informed by a small 

sample.  

Methods 

Inclusion/exclusion criteria changes 

Systematic reviews were excluded as they did not include effect size estimates; 

meta-analyses looking at humans and animals were included. 

This left 7 meta-analyses that provided effect sizes. To focus on the main effect sizes 

of interest, we extracted the effects mentioned in the abstract.  

Procedure 

Of the 7 meta-analyses looking at preclinical addiction research, 27 effect sizes were 

extracted. 16 of these were Cohen’s d; 5 were Hedges g; 2 were unstandardised meta-

regression estimates; 1 was a risk ratio of dichotomous outcomes; 1 was the average mean 

difference between treatment groups (see Appendices C and D).  

Our technique of interpreting benchmarks was not possible – to the best of our ability 

– for the unstandardised meta-regression estimates or the risk ratio of dichotomous 
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outcomes. For the average mean difference, the means from the original papers were 

extracted from the meta-analyses and converted to Cohen’s d (see Appendix D). 

Results 

Of the 24 effect sizes extracted plus the additional 1 we converted, 3 were 

considered small according to traditional benchmarks, 2 were considered moderate and 20 

were classified as large.  

Study 2: Quantitative Sample 

We were able to code all 82 papers found when the research area “pharmacology, 

toxicology and pharmaceutics” was included in the Scopus search. However, this meant that 

the papers published between 12th June (date of initial database search) and the end of 

coding, which we had initially planned to include, had to be excluded due to time constraints.  
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Appendix C 

 The search process used to find these reviews can be found in the original preregistration (presented in Appendix A). We were 

interested in extracting the effect sizes from these reviews and assessing their average magnitude. This would help us determine if animal 

models of addiction research typically handles moderate-large effects. 

Table 17 

Review of Substance Abuse Related Meta-Analyses 

Journal 

Y
e
a
r 

DOI Drugs 
Animal 

or 
human 

Effect description Effect type Effect 
size 

Interpretati
on 

according 
to 

benchmark
s 

Neurop
sychop
harmac
ology 

2
0
2
2 

https://dx
.doi.org/1
0.1038/s
41386-
022-

01322-4 

morphin
e & 

opioid 
Both opioid-sparing effect with morphine and 

delta-9-THC co-administration 

Average 
mean 

difference 
-0.54 

Unclear. 
See 

Appendix B 

Neuros
cience 

and 
Biobeha

vioral 
Review

s 

2
0
2
2 

https://dx
.doi.org/1
0.1016/j.
neubiore
v.2022.1
04661 

Opiate Roden
ts 

The results showed a large effect of pain (g 
= 1.37, 95% CI 1.00–1.74, p < .001) on 

neuronal cell death. 
Hedge’s g 1.37 Large 
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higher number of neonatal pain events were 

significantly associated with increased 
neuronal cell death and increased anxiety 

meta-
regression 

unstandardis
ed 

(b = 
−1.18, 
SE = 

0.43, p = 
.006), 

- 

     

higher number of neonatal pain events were 
significantly associated with increased 

neuronal cell death and depressant-like 
behavior in rodents. 

meta-
regression 

unstandardis
ed 

(b = 1.74, 
SE = 

0.51, p = 
.027) 

- 

     Both opiates and pain had no impact on 
motor function hedges g g = 0.26 Small 

Translat
ional 

Psychia
try 

2
0
1
6 

DOI: 
10.1038/t
p.2016.7

1 

Ibogain
e 

versus 
any 

Animal
s ibogaine reduced drug SA Cohen's d −1.54 Large 

     Ibogaine did not reduce drug-induced CPP Cohen's d −0.22 Small 

     

Both the continuous and dichotomous 
outcome measures showed that the 

administration of ibogaine caused motor 
impairment 

Cohen's d 0.82, Large 

     

(Same effect as above just measured 
differently) Both the continuous and 

dichotomous outcome measures showed 
that the administration of ibogaine caused 

motor impairment 

dichotomous: 
RR 6.2 - 

     

ibogaine treatment lowered drug-induced 
dopamine efflux in rats, as measured with 
dialysate levels in the nucleus accumbens 

and striatum after chronic cocaine or 
morphine use 

Cohen's d −1.14 Large 
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Osteoar
thritis 
And 

Cartilag
e 

2
0
1
4 

10.1016/j
.joca.201
4.06.015 

Opioid 

Mice, 
rats, 

guinea 
pigs, 
and 

rabbits 

Analgesic treatment effect (SMD) was most 
commonly measured between drug- and 
vehicle treated rats with knee OA. Meta-

analysis was carried out for 102 such 
comparisons from 26 studies. The pooled 

SMD was 1.36 (95% Cl = 1.15-1.57). 

Cohen's d 1.36 Large 

     
Non-steroidal anti-inflammatory drugs 

(NSAIDs) were associated with smaller 
SMDs than opioids 

Cohen's d 1.16; 
1.90 

Large; 
large 

     NSAID grip strength Cohen's d 3.96 large 
     NSAID mechanically evoked pain Cohen's d 1.32 large 
     NSAID weight bearing Cohen's d 1.1 large 
     NSAIDs movement evoked pain Cohen's d 0.31 small 
     Opioids mechanically evoked pain Cohen's d 2.31 large 
     Opioids weight bearing Cohen's d 1.45 large 
     Opioids movement evoked pain Cohen's d 1.73 large 

Molecul
ar 

Psychia
try 

2
0
1
8 

10.1038/
mp.2017.

190 

Ketamin
e 

Roden
t, 

human 
and 

primat
e brain 

Acute ketamine administration in rodents is 
associated with significantly increased 

dopamine levels in the cortex (Hedge's g = 
1.33, P < 0.01) compared to controls 

Hedge's g 1.33, P < 
0.01 large 

     

Acute ketamine administration in rodents is 
associated with significantly increased 

dopamine levels in the striatum (Hedge's g = 
0.57, P < 0.05) compared to control 

conditions, 

Hedge's g 0.57, P < 
0.05 medium 

     
Acute ketamine administration in rodents is 

associated with significantly increased 
dopamine levels in the nucleus accumbens 

Hedge's g 1.30, P < 
0.05 large 
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(Hedge's g = 1.30, P < 0.05) compared to 
control conditions 

Europe
an 

Journal 
Of Oral 
Science

s 

2
0
2
1 

10.1111/
eos.1278

6 
  

in animals exposed to neuropathic pain, 
administration of MC4R antagonist SHU9119 

significantly increased paw withdrawal 
threshold compared to vehicle-treated 

animals. 

Cohen's d 1.67 large 

     

in animals exposed to neuropathic pain, 
administration of MC4R antagonist HS014 

significantly increased paw withdrawal 
threshold compared to vehicle-treated 

animals. 

Cohen's d 2.2 large 

     

in animals exposed to neuropathic pain, 
administration of MC4R antagonists 

significantly and heat withdrawal latency 
(HS014 SMD = 3.35, 95% CI: [0.56, 6.14], I-

2 = 83%) compared to vehicle-treated 
animals. 

Cohen's d 3.35 large 

Neuros
cience 
And 

Biobeha
vioral 

Review
s 

2
0
1
3 

10.1016/j
.neubiore
v.2012.1

1.018 

  

effect of N-methyl-d-aspartate receptor 
(NMDAR) and B-Adrenergic receptor (B-AR) 

antagonists on memory reconsolidation 
blockade provides a potential mechanism for 

ameliorating the maladaptive reward 
memories underlying relapse in addiction 

 

Cohen's d 0.47 medium 
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Appendix D 

The interpretation of an effect size in one of the meta-analyses was unclear (see 

Appendix C). To solve this, we traced the effect of interest back to the comparisons from the 

papers surveyed and calculated Cohen’s d (Statskingdom, 2022a) These results were then 

interpreted using Cohen’s benchmarks in the same way as the effects of Appendix A. 

Table 18 

Transforming the Results of  to Cohen’s d 

Study 

Morphine & 

THC 
 

Morphine & 

Vehicle 
    

Mean SD N Mean SD N 
Mean 

difference 

Cohen’s 

d 
Interpretation 

1 1.12 .09 30 1.45 .08 30 -0.33 3.88 Large 

2 1.13 .18 12 1.38 .18 30 -0.25 1.39 Large 

3 .39 .17 7 .38 .17 28 -0.77 4.53 Large 

4 .38 .08 8 .82 .07 8 -0.44 5.85 Large 

5 .44 .07 30 1.5 .08 30 -1.06 14.1 Large 

6 .82 .07 96 .21 .19 120 -0.61 4.26 Large 

7 .39 .07 24 .74 .06 24 -0.35 17.33 Large 

Total 2.25 .73 207 6.06 .83 270 -3.81 4.88 Large 

Average        -0.54  

Note. Data taken from Fig. 1: Forrest plot for meta-analysis examining the opioid-sparing 

effect of delta-9-THC when co-administered with morphine.  
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Appendix E 

Codebook Instructions 

General instructions 

• Include any supplementary materials in your search 

• We are attempting to estimate the upper bound of prevalence estimates: this means 

that we are coding generously 

• If there are multiple studies in a paper, randomisation variable is coded as “Yes, 

randomisation mentioned in relation to this study” if randomisation is mentioned 

once. 

• At the end of coding a paper, all cells should be filled (use NA or – for blank/irrelevant 

cells) 

• If there are any details you’re unsure about, enter what you consider the best answer 

and copy and paste relevant quotations under “additional coder remarks” to discuss 

during coding meetings 

• Pilot coding only: please time how long it takes you to code each article. This will 

help estimate how many papers we are able to code/indicate how easy this process 

is 

Coding steps and instructions 

1. Open spreadsheet, open Steve Haroz's statcheck 

(https://statcheck.steveharoz.com/) 

2. Start timer (pilot coding only) 

3. Open article: copy and paste DOI into library search bar 

4. Check that title matches that in the Google Sheet 

5. Original_replication: is this paper primarily a replication or original research? 

o We want to focus only on papers whose main goal (or one of their main 

goals) is to test a previously published result.  

o Limitation: We will not include papers that involve partial 

replications/conceptual replications/replicate methodology of another paper 
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o Instructions: Read abstract and search “replicat” 

o Response options: 

• Original 

• Replication 

6. ARRIVE: does this paper comply with the Animal Research: Reporting of In Vivo 

Experiments (ARRIVE) guidelines? 

o Here we are interested in reporting guidelines only. That means that ethics 

committees and university committees are likely not of interest. If unsure, 

select “Other” and copy & paste name into Google Sheet. 

o Instructions: Search terms "arrive" "guide" "accordance" "protocol" "reporting" 

o Response options: 

• Yes, statement of compliance with ARRIVE or ARRIVE checklist in 

supplementary materials 

• No mention of ARRIVE or compliance with another set of reporting 

guidelines 

• Other - Mention of compliance with another set of guidelines 

7. Name_of_guidelines_if_not_arrive: what is the name of the body that created the 

reporting guidelines, if not ARRIVE? 

o Instructions: Copy & paste name of guidelines. Enter “NA” or “-“ if no 

guidelines mentioned or ARRIVE guidelines mentioned 

8. Preregistration: does this study contain a statement of preregistration? 

o Is this study prereregistered and if it is, and there is a link, does the link work? 

o Instructions: search terms "regist" "osf" "aspredict" “preclinicaltrials” 

o These search terms include names of preregistration repositories 

o Response options: 

• No, there is no statement of preregistration 

• Yes, there is a statement of preregistration with a link 

• Yes, there is a statement of preregistration with no link 
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• There is a statement of non-registration 

• This paper is a registered report 

 

9. Supplementary_files: does the article have any supplementary information?  

o This variable is here to ensure we are checking the supplementary files for 

the other target characteristics 

o Instructions: search terms "suppleme" "supporting" "appendi". Check 

supplementary documents for characteristics of interest. 

o Response options: 

• Yes 

• Yes but link broken or absent 

• No  

10. Data_availability: is there a statement saying that the raw data collected in this study 

is available? 

o Note here that we are looking for the raw data, not the analysed data. This 

means it is highly unlikely that the raw data is in the paper itself, more likely 

that it’s in the supplementary files or accessible via a link. 

o Instructions: search terms "data" "availab" "request" "reposit" 

o Response options: 

• No statement regarding data availability 

• Yes, there is a statement that the raw data is available via link 

• Yes, there is a statement that the raw data is available via link but link 

broken 

• Yes, there is a statement that the raw data is available via link but link 

absent 

• There is a statement that the data is UNavailable 

• The data is available upon request  
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11. Analysis_script_availability: is the analysis script/code used to analyse the raw data 

available? 

o This is information that the statistical package (eg. R, SPSS) would use to 

analyse the data. 

o Instructions: search terms "code" "syntax" "script” 

o Response options: 

• No code or syntax for analysis is available 

• Yes, script to run statistical analyses is provided 

• Upon request 

12. Masking: is masking discussed in relation to this study? 

o Masking and blinding are the same thing. Recall that we accept mention of 

any type of masking at any stage in the experiment. One mention is enough 

even if it is required at several points in the study. 

o Instructions: search terms “blind” “mask” 

o Response options: 

• Yes, masking mentioned in relation to this study 

• No masking mentioned in relation to this study 

• Statement of no masking used 

13. Randomisation: is randomisation discussed in relation to this study? 

o Recall that we accept mention of any method of randomisation. One mention 

is enough even if it is required at several points in the study. 

o Other ways to allocate groups (eg. based on sex) are coded as “other 

method” 

o Instructions: search terms “random” “alloc” “assign” 

o Response options: 

• Yes, randomisation mentioned in relation to this study 

• Other method of group allocation mentioned 

• No allocation method mentioned 
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• Statement of no randomisation 

 

14. N_justification: have the researchers justified their sample size? If so, what is the 

justification? 

o Instructions: Read “animals” or “subjects” section of paper. Search terms 

"sample" "plan" “priori” 

o Response options: 

• No justification given 

• Power analysis/sample size planning 

• Past research 

• Practical constraints 

15. If_Y_power_analysis/sample_size_planning: If a power analysis was done to 

determine the sample size, what was the justification for using that effect size in the 

power analysis?  

o Response options:  

• No reason provided for effect size 

• Past research 

• Benchmarks (eg. Cohen’s) 

• SESOI: smallest effect size of interest 

• NA: no power analysis run 

16. If_Y_power_analysis_effect_size_type: if power analysis/sample size has been done, 

what statistic is used to describe the effect size? 

o Response options: 

• Cohen's d 

• Hedge's g 

• R 

• R2 

• SMD 
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• Other 

• Not mentioned 

• NA: no power analysis run 

 

17. If_Y_power_analysis_effect_size: if power analysis/sample size has been done, what 

is the effect size given? 

o Instructions:  

o Response options 

• Enter number  

• Not mentioned 

• NA: no power analysis run 

18. Statistical_corrections: have the researchers made statistical adjustments for multiple 

comparisons? 

o Instructions: Search terms "correct" "bonf" "holm" "scheffe" "Tukey" --> 

others? Or is there a better way of doing this search? 

o Response options: 

• Corrected 

• No mention of correction method 

19. Animal_exclusion: have the researchers excluded any animals for any reason?  

o Instructions: search terms "exclu" “outl” “sacrif” “discard” 

o Response options: 

• No statement of outlier exclusion 

• Yes, animals were excluded from the study 

• Statement of no animal exclusion 

20. Reason_for_exclusion: why was/were the animal(s) excluded? 

o Outlier exclusion: data points or subjects excluded from analysis because 

they fall far from the mean. 
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o If unsure, copy and paste the relevant aspects into the additional comments 

section and bring to coder meeting 

o Response options: 

• Outlier exclusion 

• Other 

• Outlier exclusion and other reason(s) 

• No reason given 

• NA: no exclusion mentioned 

21. statcheck_rows: how many test statistics are detected by Statcheck? 

o Instructions: select all article text, copy and paste into statcheck text box. If 

statistics detected, download as CSV to find total number of rows (remember 

to deduct 1 for title row). Enter number of rows 

o Limitation: this may miss p-values in tables or images. It may double up on in-

text & in figures. 

o Do not include supplementary files in this step. 

22. #statcheck_errors_not_decision: are there any p-values reported as incorrect? 

o Instructions: If not-bolded “INCORRECT” shows, manually count how many 

times. Enter number.  

o Other response options: 

• 0 = no errors 

• NA = no statistics detected 

23. #statcheck_decision_errors: are there any errors that would change the statistically 

(in)significant decision? 

o If any “INCORRECT” in red bold, manually count and enter number 

o Other response options: 

• 0 = no errors 

• NA = no statistics detected 

24. Additional comments: if any areas of concern/uncertainty, please note here 
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25. Time: how long did you spend coding this article? (for pilot coding purposes only) 

o Instructions: Stop stopwatch and enter time 
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Appendix F 

Reconciling Coding Discrepancies 

Discrepancies between coders were reconciled in the following ways: 

Discrepancies in number of p-values detected by statcheck: discrepancies of ± 1 

were not considered discrepancies. In these cases, the larger estimate was taken. This was 

in keeping with our aim to code generously, as the larger number would mean a smaller 

fraction of erroneous p-values. Discrepancies that were larger than ±1 were verified in the 

original article. It was realised that articles accessed through different databases could yield 

different results in statcheck, likely due to formatting differences. In these cases, Coder 1 

tried to account for each coder’s response to ensure the absence of error. Where both 

responses could be accounted for, the larger estimate was taken, again in keeping with our 

generous coding method. 

Discrepancies in transparency measures: As with the p-value estimates, there were 

differences in reporting of transparency measures depending on the database. Where both 

responses could be verified, the answer demonstrating the most transparency was selected. 

For example, in instances where a ‘statement of no data availability’ and ‘no statement of 

data availability’ were verified for an article, the former was selected as the final response. 

This was in keeping with our intent to capture the upper bound of the rates of transparency 

measures. 

Discrepancies in in-text measures: For characteristics that were likely to be reported 

in the main body of the article (randomisation, masking, multiple comparisons, sample size 

calculation), the possibility of a discrepancy due to differing databases was not relevant. 

These differences in coding were more likely to be error, in which case Coder 1 was able to 

verify the presence or absence of a measure by revisiting the article, or because of 

ambiguity. In the latter case, verification with Coder 4 was sought.  

Discrepancies in ‘Name of other guidelines’: Seeing as the coders do not work in the 

preclinical context, it was difficult to judge whether guidelines mentioned included reporting 

stipulations. As such, coders attempted to include papers that may include reporting 
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guidelines by including any guidelines that did not appear to be solely about ethics. 

Discrepancies were solved by verifying that guidelines did not include guidance about 

reporting experiments and by standardising guideline names. In the end, this resulted in no 

other guidelines about reporting were found.   
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Appendix G 

Table 19 

All Journals of Articles in the Current Study’s Sample 

Journal 
Number articles 

published 
Cumulative 
percentage 

Neuropharmacology 17 6.9 
Addiction Biology 15 6.1 
Neuropsychopharmacology 11 4.5 
Psychopharmacology 10 4.0 
Behavioural Brain Research 8 3.2 
Frontiers In Pharmacology 8 3.2 
Drug And Alcohol Dependence 7 2.8 
Neuroscience Letters 7 2.8 
Int J Mol Sci 6 2.4 
Frontiers In Molecular Neuroscience 5 2.0 
Journal Of Pharmacology And Experimental 
Therapeutics 

5 2.0 

Pharmacology Biochemistry And Behavior 5 2.0 
Addict Biol 4 1.6 
Frontiers In Behavioral Neuroscience 4 1.6 
J Neurosci 4 1.6 
Journal Of Psychopharmacology 4 1.6 
Pharmacology, Biochemistry And Behavior 4 1.6 
Acta Pharmacologica Sinica 3 1.2 
Behavioural Pharmacology 3 1.2 
Frontiers In Neuroscience 3 1.2 
International Journal Of 
Neuropsychopharmacology 

3 1.2 

Molecular Psychiatry 3 1.2 
Pain 3 1.2 
Progress In Neuro-Psychopharmacology & 
Biological Psychiatry 

3 1.2 

Translational Psychiatry 3 1.2 
Acs Chemical Neuroscience 2 .8 
American Journal Of Drug And Alcohol Abuse 2 .8 
Behav Brain Res 2 .8 
Behav Pharmacol 2 .8 
Behavioral Neuroscience 2 .8 
Biochem Biophys Res Commun 2 .8 
Brain Research Bulletin 2 .8 
Eneuro 2 .8 
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European Journal Of Pharmacology 2 .8 
Experimental And Clinical Psychopharmacology 2 .8 
Frontiers In Cellular Neuroscience 2 .8 
Journal Of Neuroscience Research 2 .8 
Neuroreport 2 .8 
Proc Natl Acad Sci U S A 2 .8 
Thai Journal Of Pharmaceutical Sciences 2 .8 
Acta Pharmacol Sin 1 .4 
Asian Journal Of Psychiatry 1 .4 
Behav Neurosci 1 .4 
Biological Psychiatry 1 .4 
Biomedicine And Pharmacotherapy 1 .4 
Br J Pharmacol 1 .4 
Brain Research 1 .4 
Brain, Behavior, And Immunity 1 .4 
Cell Mol Neurobiol 1 .4 
Cellular And Molecular Neurobiology 1 .4 
Clin Exp Pharmacol Physiol 1 .4 
Drug Research 1 .4 
Elife 1 .4 
European Journal Of Neuroscience 1 .4 
European Neuropsychopharmacology 1 .4 
Experimental Neurology 1 .4 
Frontiers In Synaptic Neuroscience 1 .4 
Genes, Brain & Behavior 1 .4 
Heliyon 1 .4 
Hippocampus 1 .4 
Human Vaccines And Immunotherapeutics 1 .4 
Ibro Neuroscience Reports 1 .4 
Int J Med Sci 1 .4 
Int J Neuropsychopharmacol 1 .4 
J Biol Chem 1 .4 
J Clin Invest 1 .4 
J Psychopharmacol 1 .4 
J Trace Elem Med Biol 1 .4 
Journal Of Integrative Neuroscience 1 .4 
Journal Of Neurochemistry 1 .4 
Journal Of Neuroscience Methods 1 .4 
Journal Of Pain 1 .4 
Journal Of Psychiatry And Neuroscience 1 .4 
Journal Of The Experimental Analysis Of 
Behavior 

1 .4 
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Journal Of Venomous Animals And Toxins 
Including Tropical Diseases 

1 .4 

Learning & Memory 1 .4 
Metabolic Brain Disease 1 .4 
Mol Med Rep 1 .4 
Mol Psychiatry 1 .4 
Molecular Medicine Reports 1 .4 
Molecular Pain 1 .4 
Molecules 1 .4 
Nature 1 .4 
Nature Protocols 1 .4 
Naunyn-Schmiedeberg'S Archives Of 
Pharmacology 

1 .4 

Neurobiology Of Pain 1 .4 
Neurobiology Of Stress 1 .4 
Neurochemical Research 1 .4 
Neurochemistry International 1 .4 
Neurosci Lett 1 .4 
Neuroscience 1 .4 
Neurotoxicology And Teratology 1 .4 
Nicotine & Tobacco Research 1 .4 
Nutrients 1 .4 
Peptides 1 .4 
Pflugers Archiv-European Journal Of Physiology 1 .4 
Pharmaceutical Research 1 .4 
Pharmaceuticals 1 .4 
Pharmaceutics 1 .4 
Pharmacol Biochem Behav 1 .4 
Pharmacol Rep 1 .4 
Physiological Research 1 .4 
Physiology And Behavior 1 .4 
Phytomedicine 1 .4 
Prog Neuropsychopharmacol Biol Psychiatry 1 .4 
Progress In Neuro-Psychopharmacology And 
Biological Psychiatry 

1 .4 

Psychoneuroendocrinology 1 .4 
Psychopharmacology (Berl) 1 .4 
Scientific Reports 1 .4 
Total 247 100.0 
 
 


