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Abstract 

Failure of replication attempts in experimental psychology might extend beyond p-hacking, 

publication bias or hidden moderators; reductions in experimental power can be caused by 

violations of fidelity to a set of experimental protocols. In this paper, we run a series of 

simulations to systematically explore how manipulating fidelity influences effect size. We find 

statistical patterns that mimic those found in ManyLabs style replications and meta-analyses, 

suggesting that fidelity violations are present in many replications attempts in psychology. 

Scholars in intervention science, medicine, and education have developed methods of 

improving and measuring fidelity, and as replication becomes more mainstream in psychology, 

the field would benefit from adopting such approaches as well. 
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Is Replication Possible without Fidelity? 

About a decade ago, results on improbable topics with implausible findings generated 

discussion about whether experimental psychology methods were sufficiently robust (e.g., 

Chambers, 2017; Spellman, 2013; 2015). Around the same time, scholars uncovered a number 

of research and statistical practices that massively increased the likelihood of false positives 

(Simmons et al., 2011), and which were commonly used in psychological science (John et al., 

2012).  

These discussions led to important initiatives to improve scholarship in psychology such 

as large replication projects (e.g., ManyLabs, Psychological Science Accelerator, SCORE: 

Systematizing Confidence in Open Research and Evidence) and the birth of metascience as a 

viable subfield in psychology. One common result from these initiatives is that the effect sizes of 

replications are frequently lower than in the study being replicated, even for successfully 

replicated studies (e.g., Camerer, et al., 2018; Klein et al., 2018).  

Research in meta-analysis has consistently shown that even direct replications exhibit 

surprising amounts of statistical heterogeneity. Linden & Hönekopp (2021) define heterogeneity 

as the amount by which effect sizes differ between studies that cannot be explained by 

sampling error. The authors found heterogeneity was smaller for close replications than for 

conceptual replications, reflecting the fact that the more similar two studies are, the more similar 

the effect sizes are likely to be. However, they, and other scholars find heterogeneity to be large 

even for direct replications. 

ManyLabs-2 (Klein et al., 2018) found statistically significant heterogeneity in nearly 40% 

of the replication attempts, with other massive pre-registered replication efforts replicating this 

heterogeneity (e.g., 36% in Hagger et al., 2016; nearly 45% in Eerland et al., 2016). van Erp et 

al. (2017) explored heterogeneity across over 700 meta-analyses published in Psychological 

Bulletin over the past 30 years and calculated a median heterogeneity of over 70% (although 

many of these meta-analyses examined conceptual replications rather than direct replications, 
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with differences between paradigms explaining some of the observed heterogeneity). Stanley et 

al. (2018) find that heterogeneity accounts for three times as much variance between studies as 

what would be expected from sampling error and argue that this heterogeneity could underlie 

failed replication attempts.  

Possible reasons for this trend could include p-hacking, publication bias, or hidden 

moderators (e.g., Klein et al., 2018). However, one additional explanation could include subtle 

variations from the original protocol. Indeed, authors frequently respond to replication attempts 

with details about differences between the replication and the original experimental paradigm 

(e.g., Monin et al., 2014). Even well-intentioned scholars working in good faith can make errors 

when attempting to follow an experimental protocol. The larger the research team (e.g., the 

more research assistants involved in running studies) or the farther design is from a scholar’s 

area of expertise, the more likely a study is to incorporate inadvertent deviations from the 

original protocol (see Table 1 for concrete examples of how fidelity violations could occur)  

The fidelity to experimental protocols is an important element of grappling with the 

challenges of designing fair replications. Fidelity can be conceptualized as consistency of a 

method between different implementations (e.g., Santacroce et al., 2004). For example, 

measures of how much each teacher is adhering to a curriculum or how much a community-

based intervention varies across sites. Variation in how well research teams adhere to 

instructions or manuals and how similar they are to each other can undercut experimental 

power and lead to Type II errors. Fortunately, there is a large literature in education, medicine, 

and intervention science specifically on the issue of fidelity that can be imported into 

experimental psychology to help improve the quality of replications (and original research as 

well!). 

Typically, four core areas of fidelity checks are important for research (e.g., Bellg et al., 

2004; Gearing et al., 2011; Mowbray et al., 2003): (1) Design - including a clear theoretical 

framework; (2) Training - including the initial training and follow up training protocols; (3) 
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Delivery - including clear guidelines about how implementers run the program, plans for 

monitoring drift from the protocol and feedback to the implementer; and (4) Participation - 

including measuring how much of the intervention each user completed (dosage) and followed. 

In addition, lists of threats and measures for each of these fidelity checks can increase fidelity. 

Various checklists (e.g., Gearing et al., 2011; Humphrey et al., 2016; Pines, 2020) and metrics 

(e.g., Aboud & Prado, 2018) are available for a variety of research settings to help researchers 

better document fidelity. 

In educational settings, fidelity has been linked to how much students benefit from an 

intervention (e.g., Dusenbury et al., 2003; Zvoch, 2009) and effect sizes (Hulleman & Cordray, 

2009; Lendrum & Humphrey, 2012). For example, Scammacca et al. (2015) conducted a meta-

analysis of reading interventions between 1980 and 2011. They found that effect sizes were 

larger when researchers, rather than teachers, administered the intervention, and this was 

particularly true prior to when practices to increase fidelity became standard.  

Fidelity is key to intervention work, but even in fields where fidelity is emphasized only a 

minority of studies measure or report fidelity, and even fewer measure fidelity quantitatively. For 

example, Maynard et al. (2013) found that only 29% of after-school intervention programs 

measured fidelity and only 4% included fidelity metrics in the analyses of the intervention (see 

Capin et al., 2018; Kechter et al., 2019; for similar patterns across reading intervention and 

mindfulness programs). Naleppa & Cagle (2010) found that only 15% of social work intervention 

studies collected fidelity data. Obtaining fidelity metrics involves detailed oversight over how well 

each researcher or implementer keeps to the protocol (e.g., Bellg et al., 2004; Gersten et al. 

2004). Specific fidelity metrics include but are not limited to: (1) keeping checklists on 

implementation or researcher tasks; (2) measuring how well each person implementing the task 

does after a training event, but before running the experiment or intervention; (3) trained 

observers coding adherence to the protocol during live intervention events or from video/audio 

recordings; (4) interviews with those administering the intervention/task; and (5) participant 



REPLICATION NEEDS FIDELITY   6 

surveys. When qualitative or observational data are collected, then it is best to use multiple 

observers who are blind to experimental condition and to calculate inter-rater reliability metrics  

There is growing concern that the substantial amount of null findings of educational 

interventions in the What Works Clearinghouse (https://ies.ed.gov/ncee/wwc/) and the 

Education Endowment Foundation (https://educationendowmentfoundation.org.uk/evidence-

summaries/) could be due to a lack of fidelity, resulting in potentially sound programs being 

unnecessarily scrapped (Stockard, 2010). 

Given the link between fidelity and effect size in intervention work, fidelity should play an 

important role in experimental psychology replication studies because they typically involve 

teams of researchers. Individuals on those teams might unintentionally introduce variance into 

the study based on individual differences in their research skills and/or their overall delivery of 

the study (e.g., differences in prosody, pacing, etc.). Moreover, researchers rarely explicate fully 

every element of a data collection protocol, meaning that good faith replication attempts may 

include subtle differences in how faithfully the replication adheres to the conditions of the 

original study (see Table 1). These minor variations will decrease fidelity. However, few 

experimental studies in psychology, whether they be replications or not, report any fidelity 

measures. 

Even though there is widespread acceptance that fidelity is important for intervention 

studies, there is not yet a well-accepted quantified metric to show just how much it matters. In 

this paper, we run a series of simulations to systematically explore how manipulating fidelity 

influences effect size. In addition, we argue that statistical patterns characteristic of fidelity 

challenges are evident in large scale replication attempts such as ManyLabs.  
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Table 1. 

Examples of Research Team and Environment Differences that Could Affect Fidelity 

 Research Team Research Environment 

Qualities 
Potentially 
Reducing 
Fidelity 

Differences across the team for 
individual researcher characteristics, 
including: 
Comprehensibility: Researchers who 
speak quietly, or quickly, or with an accent, 
may make it harder for participants to hear, 
understand, or otherwise be influenced by 
instructions or manipulations. 

Demeanor: Researchers who are more 
friendly (i.e., smiling) or have more 
enthusiasm/charisma may differentially 
motivate participants to take the task 
seriously. 

Diligence: Researchers who are less 
conscientious may forget to include some 
elements of a manipulation, be less precise in 
timing, or otherwise inadvertently modify 
experimental protocols. 

Differences across research settings, 
including: 
Timing: Research conducted at different times 
could yield participants who are more fatigued or 
stressed and thus less attentive to experimental 
interventions. For example, studies run in the early 
morning, late evening, or just after eating or those 
conducted with students during examinations.  

Temperature: Studies in overly air-conditioned or 
overheated rooms may cause participants to be 
uncomfortable and less diligent /responsive to 
interventions. 

Distractions/Information: Research 
laboratories could differ in terms of the information 
posted inside or outside of the building/room. 
Furthermore, it is often difficult to control the 
environment in which studies are run, especially 
online or field studies. Unobserved online 
participants might be watching television or quietly 
working, they could be alone or surrounded by 
others, and it is difficult to know whether they are 
surrounded by cues, anchors, or primes that could 
influence the effectiveness of an intervention.  

Real 
World 
Examples 

An undergraduate research assistant in 
Oppenheimer’s lab was found to have run 
participants in the dark because the protocol 
did not specify that the lights should be turned 
on at the beginning of the study. This added 
unexpected difficulty and reduced the 
effectiveness of the intervention. Those 
participants’ data were discarded. 

A former teacher recruited to help with data 
collection during one round of data collection 
within a 3-year school-based intervention 
project was seen coaching children to get the 
correct answer, deviating from a detailed 
administration script (see Ellefson et al 2018), 
including standardized tests of cognitive 
ability. The data were not published. 

Ellefson’s lab ran a study on young children’s 
chemistry reasoning. Before each instance of 
seeing various solids mixed with water, they were 
asked to predict what they thought would happen. In 
one school, they used a small side room a food 
pyramid poster on the wall. Some children from that 
school (and only that school) referred to that 
information when responding to the prompts. 

Oppenheimer’s lab used to be located near the field 
where the university marching band practiced. From 
3-5pm, three days a week, the band was loudly 
audible from the lab, making for a very distracting 
environment (they quickly decided to avoid running 
participants during that time). 

Take 
Home 
Message 

In general, the larger the research team, and 
the less automated the research the more 
opportunities there are for fidelity violations. 

Research teams needs to be mindful of every detail 
in the research environment; and take careful stock 
of all fieldwork settings. 

Notes. Some of these examples could be classified as moderators in some experimental designs For 

example, a kind vs. mean researcher would be a fidelity violation for designs involving feeling rapport 
and/or motivation but might not be for designs where researcher demeanor matters less.   
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Method 

We generated data for our simulations using tidyverse and data.table packages in R 

(Dowle & Srinivasan, 2020; R core team, 2019; Wickam et al., 2019). An R script (openly 

available - https://osf.io/7y4v5) was created to generate simulated data that could be used to 

test how fidelity influences group differences (means, SDs, effect sizes). We generated data for 

three different models (see Table 2). Model One tests fidelity influences on effect sizes within a 

classroom setting without incorporating how other factors like site characteristics influences the 

findings. Model Two extends Model One by evaluating how these other factors influences the 

influence of fidelity on effect size. Model Three extends Model Two to a structure more like 

psychology laboratory studies. 

Input Parameters 

Sample Size 

In Models One and Two, the total number of participants and classrooms was selected to 

represent a large study (N = 1000) that included a decent number of classrooms (n = 40) 

randomly assigned to each condition, and the number of students within a classroom being a 

fair representation of educational practice (n = 25). Model Three uses the same overall number 

of participants (N = 1000), but they are distributed into fewer labs (n = 100 participants each for 

10 labs) representing a sampling approach that is more like ManyLabs. 

Ability Score  

Ability score represents individual participants’ baseline ability and corresponds to 

individual differences in baseline characteristics within the sampled population. The mean base-

ability parameter was set at 100 and the SD at 10% of the mean. Delta-ability represents the 

true effectiveness of the intervention (how much the intervention actually influences ability). It 

was sampled across a range representing 0 to 20% of the base-ability mean and 0 to 200% of 

the base-ability standard deviation.  

Fidelity Parameters 
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Conceptually, fidelity represents the percentage of an intervention to which each 

classroom adhered. Thus, fidelity should not be smaller than 0.00 or larger than 1.00. Fidelity 

Ms and SDs were sampled across the range from 0 to 1.00 at intervals of 0.20 for individual 

classrooms/labs. We refrained from using absolute 0.00 or 1.00 because of potential errors in 

the underlying mathematics (0.01 represented zero, 0.99 represented 1.00). Fidelity M and SD 

combinations where the sum exceeded 1.00 (e.g., M = 0.70, SD = 0.40) or where the difference 

was less than 0.00 (e.g., M = 0.20, SD = .50) were excluded. 

Classroom/Lab Bias Parameters 

Classroom/Lab Bias represents any factor that affects performance in a specific 

classroom or lab that is not related to the intervention of interest (e.g., a better teacher could 

improve student performance). Classroom/lab bias parameters were applied at the 

classroom/lab level for Models Two and Three; the specific M values tested represented 0 to 

20% of the base-ability mean; the SD ranged between 0 and 200% of the base-ability score. 
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Table 2. 

Input Parameter Descriptions and Values for Models One, Two and Three 

Input Parameter Brief Description Level 
Simulated 

Model One Model Two Model Three 

Classrooms/Labs (n) Number of classrooms/labs in 
each simulation 

 
40 40 10 

Students/Participants (n) Number of students/participants in 
each simulation 

 
1000 1000 1000 

Students/Participants per 
Classroom/Lab (n) 

Number of student/participants per 
classroom/lab in each simulation 

 
25 25 100 

Base-Ability (M) Gaussian distribution of base 
ability score values for each 
simulation based on these M and 
SD values 

participant 100 100 100 

Base-Ability (SD) participant 10 10 10 

Delta-Ability Amount of change in ability score 
produced by the intervention 

experimental 
condition 

0, 2, 4, 6, 8, 10, 
12, 14, 16, 18, 20 

0, 2, 4, 6, 8, 10, 12, 
14, 16, 18, 20 

0, 2, 4, 6, 8, 10, 12, 
14, 16, 18, 20 

Fidelity (M) Gaussian distribution of fidelity 
values for each simulation based 
on these M and SD values 

classroom/lab 0.01, 0.20, 0.40, 
0.60, 0.80, 0.99 

0.01, 0.20, 0.40, 
0.60, 0.80, 0.99 

0.01, 0.20, 0.40, 
0.60, 0.80, 0.99 

Fidelity (SD) participant 0.01, 0.20, 0.40, 
0.60, 0.80, 0.99 

0.01, 0.20, 0.40, 
0.60, 0.80, 0.99 

0.01, 0.20, 0.40, 
0.60, 0.80, 0.99 

Classroom/Lab Bias (M) Gaussian distribution of 
classroom/lab bias values for each 
simulation based on these M and 
SD values 

classroom/lab 0 -20, -15, -10, -5, 0, 
5, 10, 15, 20 

-20, -15, -10, -5, 0, 
5, 10, 15, 20 

Classroom/Lab Bias (SD) classroom/lab 0 0.01, 5, 10, 15, 20, 
25, 30, 35, 40 

0.01, 5, 10, 15, 20, 
25, 30, 35, 40 

Random Assignment to 
Condition (p = .50) 

Odds of being assigned to 
experimental vs control group 

varies by 
model 

Classroom Classroom Participant 
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Generating Data 

Means and standard deviations for the input parameters were used to generate a 

Gaussian distribution of base-ability scores for 1000 simulated participants, as well as Fidelity 

and classroom/lab bias scores. We selected a Gaussian distribution because the most common 

statistical tests in psychology research are parametric (e.g., t-test, ANOVA, regression, etc.) and 

assume a normal distribution of data. We ran additional models using uniform, Poisson, 

exponential, binomial, and random distributions. Those models produced similar results and are 

openly available (see https://osf.io/7y4v5). 

The probability of being assigned to the intervention vs control conditions was 50%. This 

assignment was by classroom for Models One and Two, and by participant for Model Three. A 

post-hoc audit confirmed roughly equal sample sizes for the conditions. 

For each participant, we calculated final scores based on their base-ability score, the 

classroom-bias, and fidelity (see Equation 1). 

Final Score = Base-Ability + Classroom/Lab Bias + (Fidelity * Delta-Ability) Eq. 1 

The input parameter for the delta-ability score was used for participants in the experimental 

group but set to zero for the control group. Mean scores for the experimental vs. control group 

were used to generate effect sizes (Cohen’s d) for each simulation.  

For each model, we ran a simulation for each viable combination of input parameters (165 

simulations for Model One, 5,445 simulations each for Models Two and Three). Each simulation 

represented 1,000 participants and the number of classroom/labs outlined in Table 2. For each 

model, we examined the relationships between the various input parameter values to the key 

output values of effect size, Ms and SDs using tidyverse, psych and ppcor R packages (Dowle 

& Srinivasan, 2020; Kim, 2015; Revelle, 2020). This procedure is analogous to meta-analyses 

comparing results across different studies. These simulation-level comparisons provide a way of 

measuring the influence of fidelity on effect size while controlling for unobserved 

variables/moderators in a way not possible in real-world research.  
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Figure 1. 

Model One Histograms, Scatterplots and Pairwise Correlations (N = 165 simulations) 

 

Notes. M_Fidelity, SD_Fidelity, and D_Ability are input parameters for the simulated models; 
M_Intervention, SD_Intervention, M_Control, and SD_Control are data generated by the model. M = 

mean, SD = standard deviation, D = difference / change. 
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Figure 2. 

Model Two Histograms, Scatterplots and Pairwise Correlations (N = 5,445 simulations) 

 

Notes. M_Fidelity, SD_Fidelity, and D_Ability are input parameters for the simulated models; 
M_Intervention, SD_Intervention, M_Control, and SD_Control are data generated by the model. M = 

mean, SD = standard deviation, D = difference / change. 
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Figure 3. 

Model Three Histograms, Scatterplots and Pairwise Correlations (N = 5,445 simulations) 

 

Notes. M_Fidelity, SD_Fidelity, and D_Ability are input parameters for the simulated models; 

M_Intervention, SD_Intervention, M_Control, and SD_Control are data generated by the model. M = 

mean, SD = standard deviation, D = difference / change. 
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Results and Discussion 

Fidelity Influence Effect Sizes 

Unsurprisingly, as fidelity decreased, so did effect sizes (see Figures 1, 2 and 3). This 

pattern replicated through all of the models (r = .64, .54, .60, for Models One, Two and Three, 

respectively, ps < .001), suggesting that results were not reliant on particular arbitrary 

parameterization decisions. Importantly, these simulations quantify exactly how much seemingly 

small reductions in fidelity influenced effect size, with every 5% fidelity reduction producing a 5% 

reduction in effect size (F (1,163) = 116.1, p < .001, R2 = .42, B = 1.01, Intercept = -0.04).  

While lowering fidelity increases variance, one surprising finding is that it does not do so 

uniformly. The increase in variance is a function of the base effect size; fidelity matters more for 

experiments with larger effect sizes. This finding does align with large scale replication projects 

and meta-analyses. For example, Linden and Hönekopp, (2021) found that research areas with 

larger effect sizes have more heterogeneity (r = .70; see also Kenny & Judd, 2019). Similarly, 

ManyLabs-2 (Klein et al., 2018) studies with the largest heterogeneity tended to be those with 

the largest effect sizes. 

In the absence of fidelity challenges, one would expect that larger effect sizes indicate 

higher signal to noise ratios, which would yield low variance between classrooms/labs because 

the signal would swamp the noise. Instead, the opposite pattern exists for large scale 

replications, meta-analyses, and our own simulations. Given the controls that we were able to 

apply to the simulations, these findings suggest that low fidelity could be an issue for many 

replication studies. 

Classroom Bias Indirectly Influences Effect Sizes 

Models Two and Three (incorporating classroom/lab bias), had similar, albeit weaker 

correlations between fidelity and effect size. Classroom/lab bias means correlated strongly with 

the means of the intervention and control groups (rs > .80, ps < .001). Similar strong 

correlations existed for SDs (rs > .78, ps < .001). Although classroom/lab bias did not correlate 
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directly with effect sizes, a partial correlation indicted a strong negative correlation after 

controlling for the mean of the intervention group (r = -.82, -.69 for Model Two and Three, 

respectively, ps < .001). This finding indicates that heterogeneity in classroom/lab factors has 

less influence on effect sizes than fidelity. 

Strengths and Weaknesses of Our Approach 

There are a number of advantages to using simulations to explore the relationship 

between fidelity and effect sizes. For one, we can cheaply and easily run sample sizes well 

beyond what can plausibly be done even in a ManyLabs type study or meta-analysis. Moreover, 

we have full control over our input parameters and can rule out common interpretations of 

heterogeneity observed in meta-analysis (e.g., unmeasured moderators, p-hacking) and 

observe what patterns arise from reductions in fidelity in isolation. How those patterns align with 

the findings from meta-analyses of non-simulated data provides a sense of fidelity’s importance 

in replication attempts. Our patterns correspond quite well to findings from meta-analyses (e.g., 

Stanley et al., 2018) and ManyLabs (Klein et al., 2018), suggesting that those patterns emerge 

without p-hacking or unmeasured moderators. 

Given that p-hacking and unmeasured moderators are not necessary to produce these 

results does not preclude the possibility that they exist in the published literature. Our findings 

demonstrate that fidelity violations lead to heterogeneity, but do not indicate that we can safely 

conclude that observed heterogeneity in the literature is always caused by fidelity violations 

alone. Still, this finding can highlight that a failure to consider fidelity in replication attempts can 

undermine the inferential value of those studies.  

In our simulations, classroom/lab bias was held orthogonal to fidelity. In the real world, 

there is reason to believe that better teachers/researchers also more diligently follow protocols 

(Phillips et al., 2017), thus ensuring fidelity. It is plausible that our simulations underestimate the 

extent of this issue. Further research should investigate real world sources of bias and fidelity 

reduction, so as to better understand their interactions.  
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Challenges of Democratizing Psychology 

As psychology grapples with safeguarding the integrity of our science, some authors have 

suggested that students enrolled in research methods classes be assigned to replicate studies 

as part of course requirements (Frank & Saxe, 2012; Gernsbacher, 2018). While we do not 

quibble with the formative value of doing so as a learning opportunity, it is worth noting that 

delegating replications to students who are not fully trained researchers, and who may not 

exhibit the attention to detail, rigor, and diligence of professional scholars may yield studies with 

low fidelity (see Table 1). Indeed, even published scholars may struggle to perfectly recreate the 

conditions of a study run outside their area of expertise. Additionally, the more researchers 

involved in a project, the more likely that fidelity is breached during the course of the study. 

Given the reputational harms to individual scholars and public confidence in the field as a 

whole that can arise from failed replications, it is important to limit preventable type II errors. 

While we encourage practices that promote replication attempts, we need to be careful to do so 

in ways that promote fidelity. This likely requires that we be thoughtful about who we trust to 

engage in replications, and that we establish norms of ensuring, measuring and reporting 

replication fidelity. This includes having original authors sharing stimulus presentation code, RA 

training procedures, and videos of the experimental being conducted. Replicators should adopt 

the methods from education, medicine, and intervention sciences to preserve fidelity, such as 

fidelity checklists (c.f. Gearing et al., 2011), fidelity metrics (c.f. About & Prado, 2018), and 

thorough documentation regarding how they ensured adherence to experimental protocols. 

Recent multisite psychology studies publications do include details about training programs and 

strict protocols that can improve fidelity (e.g., Vohs et al., 2021) or documenting heterogeneity 

across sites (e.g., ManyLabs2 – Klein et al., 2018, Vohs et al. 2021) albeit without using the 

term fidelity or presenting fidelity metrics. These studies illustrate the level of detail and care to 

fidelity that all psychology studies should adopt. However, we suggest that quantitative metrics 

of fidelity should be added to further improve reproducibility and reliability of findings. 
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Conclusions 

Replications are difficult. Even when researchers engage in good faith attempts to 

perfectly reproduce an experimental protocol, it is possible to introduce inadvertent deviations. 

As shown here, these violations of fidelity can influence effect sizes, and lead to heterogeneity 

of findings in the literature. Indeed, the patterns that emerged in our simulations mimic those 

that are found in large scale replication attempts and meta-analyses, suggesting that 

psychology, as a field, may still have work to do in ensuring the fidelity of our replications. We 

need to recognize that replication success is based not just on participant noise, but instead on 

that plus fidelity. Scholars in intervention science, medicine, and education have developed 

methods of improving and measuring fidelity, and as replication becomes more mainstream in 

psychology, the field would benefit from adopting such approaches as well. 
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