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ABSTRACT 
 
 

Reading researchers increasingly face an imperative to conduct and report research in a way that 

is transparent and accessible. One salient aspect of this movement towards more “open” science 

is the idea that the data supporting published findings should be made available to others for peer 

review and reuse—an expectation that is increasingly reflected in funder and journal policy. Peer 

review in the form of tests of analytic reproducibility is critical for ensuring that published 

research studies provide a valid, clear, and trustworthy source of evidence. Similarly, reuse of 

data supports scientific efficiency and innovation. While the practice of data sharing is becoming 

more commonplace amongst reading researchers, no prior studies have examined these data in 

terms of analytic reproducibility or potential for reuse. The present study therefore aims to 

reproduce the key findings of 20 scholarly articles reporting quantitative studies of reading 

comprehension, listening comprehension, and/or decoding using data shared by the original 

authors, as well as to systematically review shared data, code, and documentation for features 

that are thought to help or hinder their potential for independent reuse. The findings will be used 

to issue concrete recommendations for reading researchers planning to share research data and to 

consider strengths and weaknesses of current journal and funder requirements in this domain.  
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CHAPTER 1 
 

INTRODUCTION 
 
 

Historical Context 
 
The Scientific Study of Reading 
 

Scholars have long been interested in understanding humans’ advantageous ability to 

read and learn from printed text, with reports of experimental studies focused on the perceptual 

and physiological processes involved in reading such as word recognition, visual span, and 

saccadic movement dating back to the late 19th century (Cattell, 1886; Dodge, 1900; Huey, 1908; 

Walczyk et al., 2014). In 2000, the members of the United States National Reading Panel 

estimated that approximately 115,000 studies of reading had been published to date (NRP, 

2000); in February 2025, a search for peer-reviewed publications containing the word “reading” 

in the title using APA PsycNet returns records for over 18,000 additional articles published since 

2000.  

As stated by Petscher et al. (2020), “although many of these studies likely focused on a 

sliver of the reading process, collectively [they] yield a substantial knowledge base of stable 

findings” (p. 268). Reading is a complex behavior involving physiological, cognitive, and 

environmental factors which vary in their characteristics and interactions across individuals, 

contexts, and development; thus, individual studies of reading are inherently diverse, not only in 

focusing on different slivers of the reading process but also in being conducted by scholars 

across many disciplines and global contexts who apply a multitude of theoretical lenses, 

methodologies, and analytic approaches. Taken together, however, these unique studies have 

afforded reliable though non-linear advancements in theoretical understanding of reading, 

embodied by sustained efforts to develop comprehensive and testable models of component 

reading skills and their acquisition (Hoover & Gough, 1990; Kim, 2017, 2020; Kim & Petscher, 

2021; Seidenberg & McClelland, 1989), to characterize the complex interactions of language, 

environment, and learner characteristics in the development of abilities such as printed word 

recognition and listening comprehension (Seymour, 2005; Share, 2008; Thompson et al., 2009; 

Wegener et al., 2020; Ziegler & Goswami, 2005), and to identify the causes, correlates, and 

consequences of developmental dyslexia at etiological levels ranging from genes and neurons to 
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observable behavior and environmental factors (Hulme et al., 2015; Norton et al., 2015; Peterson 

& Pennington, 2015; Wagner & Torgesen, 1987). Additionally, decades of applied research 

conducted in real-world educational settings have generated practical knowledge about effective 

early reading instruction (Castles et al., 2018; Ehri et al., 2001; Pearson et al., 2020; Piasta & 

Wagner, 2010) and intervention (Blachman et al., 2004, 2014; Edmonds et al., 2009; Hall et al., 

2023; Ludwig et al., 2019; Roberts et al., 2022; Savage & Cloutier, 2017) for learners with 

diverse educational needs. 

 

Reading Research, Policy, and Practice in the United States 

The growth of this “stable and substantial” knowledge base in recent years accompanies 

increasing global awareness that a foundational level of reading ability enables positive 

educational, economic, psychological, and physical health outcomes, reflected in major 

investments in education made in many countries over the past 50 years (Cree et al., 2023). 

Policymakers and leaders often cast researchers as playing an important role in this investment, 

namely by generating and translating actionable scientific knowledge and identifying effective 

educational practices with potential for broad implementation (UNESCO, 2015, 2019). For 

example, in the United States, the Education Sciences Reform Act of 2002, which established the 

independent research arm of the federal Department of Education (the Institute of Education 

Sciences; ESRA, 2002), stated that research is necessary to provide “fundamental knowledge and 

understanding of education from early childhood through postsecondary study, in order to 

provide parents, educators, students, researchers, policymakers, and the general public with 

reliable information about [educational progress and practices]” (p. 6). Other federal policy 

initiatives, such as the No Child Left Behind Act of 2001, re-authorized as the Every Student 

Succeeds Act of 2015, have further emphasized the use of extant research evidence to guide 

instructional and programmatic decision-making (ESSA, 2015; NCLB, 2001), and investments 

have been made to develop publicly available tools and frameworks for evaluating, synthesizing, 

and translating scientific evidence for this purpose (e.g., What Works Clearinghouse, 2016).  

Despite concurring research findings often resulting in actionable recommendations for 

reading instruction and intervention (e.g., Ehri et al., 2001; Foorman et al., 2018; Kamil et al., 

2008; Vaughn et al., 2022), the needle of educational practice has proven difficult to move with 

scientific consensus. Trends in reading instruction have instead tended to be cyclical in nature, 
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symbolized by the “reading wars” between whole-language and phonics approaches to early 

reading instruction which have continually re-emerged in various forms over the past 50 years 

(Castles et al., 2017; Petscher et al., 2020; Solari et al., 2020; Stahl, 1999). Recently, however, 

several high-profile pieces of media have focused public attention on the disconnect between 

reading research and practice and its implication for student outcomes in a perhaps 

unprecedented manner (Hanford, 2018, 2022; Seidenberg, 2018). These reports catalyzed a 

social movement which urges teachers, administrators, and clinicians to engage with the 

“Science of Reading”, meaning the knowledge base of research evidence on reading, when 

making decisions around instruction, assessment, and intervention (Jiban, 2024; The Reading 

League, 2022). This idea has quickly taken root in the United States, not only amongst 

administrators and educators, but amongst policymakers: as of 2024, 40 states and the District of 

Columbia had enacted one or more “Science of Reading laws” which encourage or require public 

schools to adopt curricula, teacher training programs, and instructional practices that are backed 

by high-quality empirical evidence, and sometimes prohibit those that are not (Schwartz, 2024). 

The Science of Reading movement is amorphous and not without controversy— for 

example, some scholars have debated issues such as what constitutes scientific evidence and 

whether basic research studies are useful or relevant for guiding instruction (Shanahan, 2020), 

while others have expressed cynicism about the use of this phrase by publishers marketing 

educational assessments and curricula (e.g., https://ufli.education.ufl.edu/foundations/). 

Regardless, the acceleration of this movement has fixed a spotlight on scientific evidence, and 

suggests a timely imperative to evaluate the integrity, accessibility, and relevance of existing 

research on reading and to critically reflect on how to encourage and incentivize practices that 

promote the quality, efficiency, and credibility of research activities going forward.  

 

The Open Science Movement  

The growing popularity of the Science of Reading has dovetailed with another social 

movement with research evidence at its core: open science. The open science movement has 

largely been characterized as a scientific reform initiative in response to high-profile instances of 

fraudulent and non-replicable research findings in disciplines such as psychology (Kampis et al., 

2021; Open Science Collaboration, 2015; National Academies of Science, Engineering, and 

Medicine, 2019) which corroded public and scholarly confidence in scientific progress. One 

https://ufli.education.ufl.edu/foundations/
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major aspect of the open science movement has thus been to identify practices and systems that 

incentivize or obfuscate fraudulent, inaccurate, or non-generalizable research procedures and 

findings, and to advocate for the adoption of practices and development of infrastructure that 

promote efficient, trustworthy, and accessible research (Open Science Collaboration, 2015).  

These practices and innovations can broadly be categorized as supporting one or more of 

the “four Rs” coined by Gennetian et al. (2022): replication, reproducibility, reuse, and reach. 

The first R, replication, reflects a foundational assumption of science that our understanding of 

the “truth” of any matter should be abstracted from an accumulation of evidence rather than any 

single observation, regardless of how rigorous the observation might be (Nichols et al., 2021). In 

a more practical sense, replicability refers to the extent to which the pattern of results observed in 

an original research study can be re-obtained when applying the same procedures to a new 

sample (Makel et al., 2012). Replication studies are critically important to the generation of 

scientific knowledge because they provide information about the robustness, spuriousness, and 

generalizability of effects; further, they provide a means to constructively reflect on the 

transparency and accuracy of conventional research and reporting practices. Open science 

advocates aim to increase the replicability of research by encouraging researchers to adopt 

practices that increase methods transparency such as preregistration and materials sharing, 

creating digital infrastructure that enables these practices, and further aim to incentivize the 

conduct and publication of replication studies by addressing systemic biases in scholarly 

publication and professional review (Open Science Collaboration, 2015).  

Reproducibility refers to the extent to which an original study’s reported results can be 

recreated by applying the same analytic procedures to the original data (Nichols et al., 2021). 

Reproducibility can further be broken down into at least two types: analytic reproducibility and 

computational reproducibility, with the former referring to one’s ability to independently 

understand and follow the original steps taken for analysis, and the latter referring to one’s 

ability to accurately re-obtain the original values (National Academy of Sciences, 2019). Some 

scholars have suggested there is a third type of reproducibility, “robustness reproducibility”, 

which refers to one’s ability to obtain a similar pattern of results when alternative analytic 

procedures are used; however, this falls outside the scope of most reproducibility studies (Dreber 

& Johannesson, 2024). Reproducibility studies offer critical insight into factors that help or 

hinder research transparency and further represent an important mechanism of peer review 
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through which reported or published research results can be independently verified. 

Reproducibility is also an essential aspect of replicability, as one’s ability to obtain the same 

pattern of results as an original study relies in part on one’s ability to understand and recreate 

original analytic procedures used to obtain those results. Open science advocates aim to increase 

reproducibility by encouraging researchers to adopt transparent practices such as open data and 

analytic code sharing and advocating for institutional policies that strongly request or require 

these practices.  

 Reuse is important for increasing the efficiency of research and democratizing participation 

in science (Gennetian et al., 2022). Making materials such as instruments, study protocols, data, 

and analytic code available to other researchers can accelerate discovery by allowing researchers 

to use an existing data set to answer new research questions (secondary data analysis; Davis-

Kean et al., 2015) and to adapt study instruments for use in a new population, in addition to 

enabling replication and reproducibility studies (Campbell et al., 2024). Additionally, the 

availability of large data sets supports the development and testing of novel statistical methods, 

both informing the parameters of simulated data (e.g., Schatschneider et al., 2016) and enabling 

statisticians to test novel quantitative approaches in real samples (e.g., Bonifay & Depaoli, 

2021). Importantly for reading researchers, publicly available data sets can be combined to 

increase statistical power for studying low incidence conditions, such as dyslexia, and to extend 

longitudinal modeling beyond what may be achievable by a single research team (Curran & 

Hussong, 2009). Making data available for reuse further supports early career researchers and 

trainees, who may not have resources to collect original data, to collect sufficient data for a well-

powered study, or to collect nationally-representative data (Koziol & Arthur, 2011).  

 Finally, reach refers to globally representative participation in research and widespread 

access to scientific knowledge (Gennetian et al., 2022). Reach characterizes robust and rigorous 

science, reflecting both the accessibility and generalizability of research findings of empirical 

findings and the relevance of research topics to populations of interest (Levac et al., 2019; 

Nielsen et al., 2017).  

 

Data Sharing Policies  

While each of the four Rs uniquely supports the mission of creating a more open, 

accessible, and generalizable scientific evidence base and fostering a diverse and productive 
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community of scholars, reproducibility and reuse have been a particularly relevant part of the 

conversation for reading researchers in the past decade given an uptick in funder (European 

Research Council, 2022; Gates Foundation, 2024; National Center for Education Research, 2024; 

National Institutes of Health, 2023; Nelson, 2022) and journal (Cognition; Infant and Child 

Development; Journal of Memory and Language; Psychological Science) policies which 

strongly encourage or require grantees and contributors to share raw or minimally processed 

primary research data as a condition of funding or publication.  

Many journals and funders supporting research in disciplines such as neuroscience, 

biomedicine, and genomics were early adopters of data sharing policies (Huerta et al., 1993; 

NIH, 2014, 2023; National Science Foundation, 2011; Piwowar & Chapman, 2008), while 

institutions centered in social science fields such as psychology and education have largely 

adopted these policies over the last decade (Martone et al., 2018). For example, the psychology 

journals Psychological Science and Cognition introduced data sharing policies in 2014 and 2015, 

respectively, with the former incentivizing data sharing through the availability of digital badges 

(Kidwell et al., 2016) and the latter requiring open data sharing for all authors (Hardwicke et al., 

2018). Other journals of particular relevance to reading researchers, such as AERA Open, 

Reading Research Quarterly, and Scientific Studies of Reading, do not require data sharing or 

offer badges, but formally encourage authors to deposit data in a repository and/or to include a 

data availability statement describing how data are made available or, if not, why data sharing is 

not relevant or ethical for their study. Recently, the Institute of Education Sciences (IES), a 

major funder of reading research in the United States, announced that open data sharing via a 

trusted data repository is mandatory at the time of publication for grantees of nearly all new 

awards starting in October 2024 (NCER, 2024), aligning expectations for federally-funded 

education researchers with those of other US-based and international funders (European 

Research Council, 2022; Gates Foundation, 2025; NIH, 2023).  

 

Literature Review 
 

 
The stated rationale behind data sharing requirements and incentives is similar across all 

of these organizations and reflects the goals of open science described previously: to enable tests 

of reproducibility and data reuse in order to increase scientific integrity, and efficiency, 
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innovation. As an exemplar, NIH’s current policy states that “data sharing enables researchers to 

rigorously test the validity of research findings strength analyses through combined datasets, 

reuse hard-to-generate data, and explore new frontiers of discovery. In addition, NIH emphasizes 

the importance of good data management practices, which provide the foundation for effective 

data sharing and improve the reproducibility and reliability of research findings” (NIH, 2023). 

Given these intentions, it is worth considering not only how data sharing behavior has changed 

as the open science movement has gained momentum, but how useful openly shared data have 

been for promoting reproducibility and reuse. Metascientific research focused on evaluating the 

quantity and quality of open practices in samples of extant published research literature can 

provide some insight.  

 
Prevalence of Data Sharing  
  

Evaluations of research articles published prior to 2010 suggest that data sharing was at 

that time an uncommon practice in many scholarly disciplines, even amongst researchers 

publishing in journals with data sharing expectations or requirements (Alsheikh-Ali et al., 2011; 

Savage & Vickers, 2009; Wicherts, 2006). For example, Alsheikh-Ali et al. (2011) found that 

only 47 of 500 (9%) original research articles published in 2009 across 50 high-impact journals 

spanning biology, medicine, genetics, and psychology linked to primary data online. They 

further observed that none of the 149 articles published in journals without data sharing policies 

shared data, and 208 of the 351 articles (59%) published in journals with data sharing policies 

did not fully comply with them.   

In the social sciences, journals’ more recent adoption of data sharing policies and 

incentives seems to have produced a similar trend, increasing the rate of open data in research 

articles but perhaps not to desired levels (Giofrè et al., 2017; Hardwicke et al., 2018; Kidwell et 

al., 2016; Laurinavychute et al., 2022; Nuijten et al., 2017). For example, Kidwell et al. (2016) 

compared a sample of articles published in Psychological Science after the introduction of 

badges in 2015 to a sample of articles published in the same journal in the prior year and found 

that authors’ indication of open data rose from 2.5% to 22.8%, with the actual accessibility of 

purportedly shared data being high in both samples (90%, 90.3%). Similarly, Hardwicke et al. 

(2018) compared two samples of articles published in Cognition before and after the introduction 

of their mandatory open data policy and found that authors’ indication of open data increased 
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from 25% to 78%, with no significant difference in actual data accessibility (99% pre-policy, 

98% post-policy).  

Studies evaluating social science research articles outside the context of specific journals 

with data sharing policies have found lower, though still increasing, rates of both the indication 

and accessibility of shared data. For example, Hardwicke and colleagues (2022) estimated that 

19% of articles published in psychology journals between 2014 and 2017 contained an indication 

of available data, while only 7% shared data that were actually accessible. In a follow-up using 

articles published in 2022, the same researchers found that 46% of evaluated articles indicated 

available data, but only 14% linked to data that were accessible and usable (Hardwicke et al., 

2024). In special education, Cook and colleagues (2023) found that only 7% of articles published 

in 2020 indicated shared data and only 1.5% shared accessible data. Finally, in a recent review of 

articles published in 2023 reporting empirical studies of reading across 41 different journals 

spanning psychology, education, and communication sciences, White et al. (in prep) found that 

41% of articles indicated data sharing but only 22% shared accessible data.  

The large discrepancies between the indication and true accessibility of shared data 

observed in many of these studies often stem from authors stating that data are available upon 

reasonable request (AUR, Cook et al., 2023; White et al., in prep). While these statements serve 

to satisfy journal policies requiring authors to include data availability statements, the finding 

that most AUR data are not actually available has been consistently replicated across multiple 

disciplines (Cook et al., 2023; Hussey, 2023; Savage & Vickers, 2009; Tedersoo et al., 2021; 

Vines et al., 2014; Wicherts et al., 2006).  

 

Utility of Shared Data  
 

Although these reviews indicate that open data sharing remains the exception rather than 

the rule for reading researchers and researchers in the social sciences generally, the rate of data 

sharing does appear to have increased in recent years, particularly in journals which have 

adopted policies and incentives. However, there is evidence suggesting that even accessibly 

shared data are not always functionally usable, garnering concern that incentives such as data 

badges serve to increase the quantity, but not the quality, of openly shared data. Quality here 

refers to the extent to which shared data meet community standards for digital products in the 

following areas: Findability, Accessibility, Interoperability, and Reusability (Wilkinson et al., 
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2016). The intent of the FAIR principles is to ensure that shared data and other research 

materials actually hold value for the scientific community. More specifically, these guiding 

principles aim to increase the likelihood that shared data will be discovered by others (e.g., via 

search engines; Findability), that others can freely and universally access shared data (Access), 

that data are machine-readable across multiple and non-proprietary computing environments and 

interpretable across independent research settings (Interoperability), and finally, that sufficient 

information (i.e., documentation) is provided so that data and associated analyses can be 

reviewed, reproduced, and reused by others accurately and appropriately (Reusability).  

How FAIR are shared data on reading ability or in reading-related disciplines? While this 

was not their explicit purpose, the aforementioned systematic reviews of published articles can 

provide some incidental insight into Findability and Accessibility of shared data. For example, 

White et al. (in prep) found that 80% of articles with accessible data shared these files via an 

online repository, while only 20% shared files via another means such as supplemental materials 

or on a personal website. While this is only one small sample of articles, it does suggest that 

when reading researchers share data, they are inclined to share it in a Findable manner as data 

repositories typically contain infrastructure and metadata needed for indexing via search engines, 

for example. Accessibility, on the other hand, may be more of a concern, given the 

aforementioned findings that there is a gap between data availability statements and the actual 

availability of data (Cook et al., 2023; Hardwicke et al., 2018, 2021; White et al., in prep) and 

observations suggesting that hyperlinks to shared data are often not stable: for example, in their 

review of 649 articles published in educational psychology journals and 518 articles published in 

Cognition, Huff and Bongartz (2023) found that broken links to shared data were a pervasive 

issue in both contexts (69% and 28% of articles, respectively).  

There is also accumulating evidence indicating that shared research data are often limited 

in their Interoperability and Reusability (Laurinavychute et al., 2022; Rochios & Richmond, 

2024; Seibold et al., 2021). Past studies have found that data sets supporting published analyses 

are often shared without analytic code that would help others to independently understand and 

reproduce published findings (Cook et al., 2023; Hardwicke et al., 2018, 2022, 2022, 2024; 

Rochios & Richmond, 2024; White et al., in prep); that analytic code files, if present, are 

provided in proprietary formats such that other cannot freely access or recreate the analyses 

(Seibold et al., 2021; White et al., in prep); that data are shared without descriptive 
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documentation, such as codebooks, variable keys, data dictionaries, and ReadMe files, that help 

users navigate and understand the context and contents of shared files (Laurinavychute et al., 

2022; Rochios & Richmond, 2024; White et al., in prep); and finally, that data are shared without 

a clearly designated license describing conditions for access and use (Laurinavychute et al., 

2022).  

While not readily relatable to reading given its specific focus, a study by Batzdorfer et al. 

(2024) suggests that Interoperability and Reusability may currently represent the most difficult 

standards to meet. The authors examined 35 shared data sets associated with a sample of 

published articles reporting research on the COVID-19 pandemic using both an automated tool 

(Devaraju & Huber, 2021) and a manual coding approach, the latter generating an 

Interoperability index based on the availability of standardized metadata and a Reusability index 

based on the presence of documentation, code, and an estimate of the range of purposes for 

which the data could be used. The results of manual coding showed that the average 

Interoperability index was 34%, while the mean Reusability index was 23%, compared to higher 

ratings of Findability (77%) and Accessibility (63%) in their sample.  

 
Reproducibility of Reported Analyses Using Openly Shared Data  
 
 A lack of FAIR-ness not only hinders the third R of open science—Reuse—by limiting 

potential for shared data to be leveraged by other researchers to generate novel insights or to be 

combined with other data sources for increase analytic power, but also the second R—

Reproducibility—by limiting the potential for reported analyses to be independently verified 

(Gennetian et al., 2022; Goodman et al., 2016). As described by Artner et al. (2021), a 

substantial portion of published research in psychology and other disciplines is in principle not 

reproducible due to low rates of openly available data and low response rates to data available 

upon request. However, reproducibility studies tend not to focus on this reality and instead 

attempt to reproduce the analyses of studies for which data can be obtained openly. 

 Studies of analytic and computational reproducibility have repeatedly found that 

quantitative research studies can often not be fully reproduced based on the data and 

supplemental materials shared and the methods described in the published manuscript, and 

further that the process is laborious and involves a great deal of trial and error (Artner et al., 

2020; Crüwell et al., 2023; Homewood, 2023; Laurinavychute et al., 2022; Seibold et al., 2021; 



11 

Haim et al., 2023; Hardwicke et al., 2018, 2021). As one recent example, Hardwicke and 

colleagues (2021) attempted to reproduce the analyses of 25 articles published in Psychological 

Science that received open data badges and had previously been identified by Kidwell et al. 

(2016) as having shared data that were accessible, correct, complete, and understandable. They 

evaluated their ability to re-obtain nearly 800 target values stemming from straightforward 

inferential and descriptive statistics first independently, and then with the involvement of the 

original authors. For each analysis that was able to be conducted, the authors calculated the 

numerical discrepancy between the reported and reproduced target values, then categorized these 

as minor (greater than 0 but less than 10% discrepancy) or major (greater than 10% discrepancy), 

and further documented whether the discrepancy constituted a “decision error” such that a p-

value fell on the opposite side of the significant decision boundary for the reproduced versus 

reported analysis. These analysis-level data were then summarized to assign an article-level 

reproducibility status: “not fully reproducible” (any major discrepancies, decision errors, or non-

computable analyses) or “reproducible” (no or only minor discrepancies). Before contacting the 

original study authors, they found that only 9 of the 25 evaluated articles were reproducible, 

while 16 contained at least one major numerical discrepancy. After contacting the original 

authors, an additional six articles were deemed reproducible, while 10 remained not fully 

reproducible (in part because several authors could not be reached, n=3). Hardwicke et al. 

documented that the most common cause of non-reproducibility for the 37 major discrepancies 

that ultimately could not be resolved was “unclear, incomplete, or incorrect reporting of analytic 

procedures, […], [such as], unidentified statistical tests, unclear aggregation procedures, non-

standard p-value reporting, and unreported data exclusions”, followed by “typographical errors 

and some issues related to data files, such as erroneous or missing data” (p. 4).  

 Another study of particular relevance for reading research because of the complexity of 

the reproduced analyses was conducted by Seibold et al. (2021). The authors evaluated the 

computational reproducibility of 11 research articles published in PLOS One which used 

longitudinal data and specifically reported using mixed effect models or generalized estimating 

equations for analysis. They attempted to recreate all analyses in an open-source software, and 

further coded interoperability and reusability features in relation to reproducibility, including the 

nature of the software used for each analysis (e.g., proprietary or open-source) and the presence 

of analytic code in addition to shared data. They found that nearly half of the evaluated articles 
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reported results for one or more models that were not computable due to software differences or 

an absence of key details about how the analyses were performed, and further that even 

computable models at time gave rise to a different interpretation than that reported in the original 

manuscript. In fact, Seibold and colleagues found that the majority (n=10) of articles reported 

analyses conducted in proprietary software, and that only one included analytic code in addition 

to shared data. Ultimately, six of the 11 articles were able to be fully reproduced, two were 

partially reproduced, and three could not be reproduced at all. 

 

Insights into the Difficulties of Data Sharing 

 The lack of complete computational and analytic reproducibility observed across the 

aforementioned studies is not interpreted to suggest that researchers in fields such as psychology 

and psycholinguistics are intentionally publishing inaccurate, incomplete, or falsified analyses. 

Instead, it reflects the difficulty of FAIR data sharing and clear methods reporting. Surveys have 

repeatedly indicated that researchers in the social sciences find the process of deidentifying, 

curating, and sharing research data to be intimidating and resource-intensive, and while most 

endorse the epistemological value of data sharing, few perceive a concrete professional benefit 

beyond complying with funder and journal requirements (Logan et al., 2024; El Amin et al., 

2023; Makel et al., 2025). A recent qualitative study additionally found that some education 

researchers question whether open practices such as data sharing are relevant or feasible given 

their specific research area, target population, or methodology, and further that many find it 

difficult to balance expectations for parsimony and clarity in reporting with providing the 

amount of detail necessary for others to independently reproduce analyses (Makel et al., 2025). 

In addition to providing essential peer review that serves the scientific community by 

verifying the accuracy of reported findings, reproducibility studies also have pragmatic value and 

provide a useful complement to the results of survey studies in illuminating barriers faced by 

researchers in this area. Reproducibility studies offer a means to systematically evaluate shared 

research content to identify specific factors that help or hinder their potential for independent 

use, both within the scope of the reproducibility checks and for broader reuse, observations 

which can then be leveraged in developing actionable recommendations and resources for 

researchers with different research parameters. For example, past studies have found both 

observational and quantitative evidence that data shared without accompanying analytic code are 
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significantly less useful for tests of reproducibility (Crüwell et al., 2023; Laurinavychute et al., 

2022), and that some issues hindering reproducibility, such as inconsistent variable naming 

across data sets, code, and or publications, could be helped if not resolved by the provision of 

documentation such as a codebook (Crüwell et al., 2023; Hardwicke et al., 2018, 2021; Seibold 

et al., 2021) or by integrating analysis code, narrative text, and output in dynamic reporting 

formats such as R Markdown or Jupyter notebooks (Artner et al., 2021).  

 

Present Study  
  

Rationale 
 

Each of these past studies is situated at a highly specific intersection of scholarly 

discipline, journal policy, time period, and analysis type. For example, they focus on articles 

published in a particular disciplinary journal that has recently implemented an incentive or 

requirement for data sharing (e.g., Psychological Science, Crüwell et al., 2023, Hardwicke et al., 

2021; Cognition, Hardwicke et al., 2018; Journal of Memory and Language, Laurinavychute et 

al., 2022) and further on articles reporting a particular type of analyses (e.g., longitudinal models, 

Seibold et al., 2021; straightforward analyses [such as t-tests and ANOVAs], Hardwicke et al., 

2018). Thus, it is not appropriate to compare the findings of these studies against each other or to 

assume these findings generalize to other contexts outside of their scope; rather, they are useful 

to identifying the strengths and limitations of data sharing and clarity of methods reporting 

specific to each context.  

Quantitative research evidence on reading, as described in the introductory paragraphs of 

this manuscript, is inherently diverse along a number of different dimensions. Reading 

researchers belong to and publish in the journals of many different scholarly disciplines, 

spanning education, special education, psychology, psycholinguistics, communication sciences, 

social work, and more, and thus operate under a variety of community norms and institutional 

policies. Further, reading researchers engage in the study of reading across the lifespan, focusing 

not only on adult undergraduate students as is the norm in some other disciplines but on children 

in applied educational contexts, which may add additional hurdles to the data management and 

sharing process. Additionally, reading researchers employ a variety of analytic and modeling 

techniques to answer questions using complex data that may be cross-sectional, longitudinal, 
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and/or nested in nature. The complexity of this area of research, the variety of data types 

collected and analyses performed, and the variation in journal policies across disciplines 

provides an interesting context to investigate factors that help or hinder analytic and 

computational reproducibility and the potential for data reuse. Additionally, engaging in peer 

review of the studies comprising this evidence base is a timely activity in light of increased 

attention to this particular evidence base as a result of the Science of Reading movement.  

The present study therefore intends to explore the reproducibility of published analyses 

and evaluate the reusability of shared data, code, and documentation for a small sample of 

published articles reporting research on human reading across the lifespan. Compared to past 

reproducibility studies which have focused on making generalizable conclusions about the 

average analytic reproducibility of studies published in a particular disciplinary journal (e.g., 

Hardwicke et al., 2018, 2021), the present study more closely resembles studies whose aims are 

utilitarian, namely to identify common or systematic challenges researchers face in presenting 

their research in a reproducible manner (e.g., Seibold et al., 2021). In other words, the primary 

goal of the present study is not to question or critique the integrity of research evidence on 

reading, but to uncover actionable information about what factors help and hinder reproducibility 

and the potential shared research content has for novel reuse, in a sample of articles that 

plausibly contain more unique features than the homogeneous samples of articles typically 

evaluated in metascientific studies. Additionally, it is pertinent to systematically estimate and 

document the amount of effort required to engage in peer review of data, code, and published 

analyses, as past studies have obliquely indicated that this process is time- and resource-

consuming (e.g., Hardwicke et al., 2018; Seibold et al., 2021). Evidence that studies cannot be 

efficiently reproduced without an outsize investment of time and resources may be a valuable 

tool in lobbying for journal and funder policies that shift the onus of peer review of data and 

analyses from the scientific community to the institution; for example, the journal Psychological 

Science, whose editors in chief have been personally engaged in metascientific research for many 

years, recently created an editorial team focused on Statistics, Transparency, and Rigor who 

perform “routine transparency checks” on all manuscripts submitted for publication (Hardwicke 

& Vazire, 2023).  

 

 



15 

Research Questions  
 

The exploratory research questions guiding the present study are as follows: 

RQ1. To what degree are the reported findings in this sample of articles independently 

reproducible?  

RQ1a. What are sources of non-reproducible results? 

RQ1b. How effortful is each reproducibility attempt? 

RQ2. To what degree do shared data and supplemental files align with community 

standards for reproducible and FAIR sharing?  
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CHAPTER 2 
 

METHODS 
 
 

Proposed Methods  
 

Design 
 

 The present study is an observational, retrospective case study of scholarly articles 

published in 2023. To investigate analytic reproducibility and factors affecting reusability of 

shared content, both quantitative and qualitative research methods will be used as described 

below.  

 
 
Sample 
 

Article selection. Articles for the present study were selected from a pool of 300 articles 

coded in a prior systematic review of open practices in recent published studies of reading 

(White et al., in prep). Specifically, 20 target articles were selected from a subset of articles that 

met the following inclusion criteria. First, to be eligible for tests of analytic reproducibility, 

target articles must have been coded as reporting one or more original quantitative research 

studies. Original quantitative research was defined in the prior review as studies involving data 

that were collected and statistically analyzed by group, excluding secondary data analyses and 

meta-analyses. Second, target articles must have been coded as containing a link to accessible 

data shared in a third-party repository. The repository model is the mode of data sharing required 

by funding agencies (e.g., NCER, 2024; NIH, 2023) and requested by journals, and further, 

because the prior review indicated that all data shared via the repository route were specifically 

shared on the Open Science Framework (Foster & Deardorff, 2017), this restriction creates a 

natural control for comparing the reusability of shared content across articles given that all 

authors were operating within a similar digital environment with regard to features and policies 

during the data curation process. A total of 46 articles from the prior study met these criteria. 

The construction of the final sample was intentional rather than random to capture 

variability along the following dimensions. First, to ensure that articles were included 

representing the study of reading across the lifespan, an attempt was made to include studies 
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focused on both adults and children, respectively. This would not have been likely if random 

sampling were used, given the previous review’s findings that articles with study samples 

including participants under 18 contained an indication of data sharing significantly less often 

than articles sampling only adults (40% vs. 58%, X2(1)=5.44, p = .02; White et al., in prep). 

Similarly, to ensure articles were included representing research conducted both within and 

outside of the United States, the global context of each study was considered. This again would 

not have been probable given random sampling, as the prior review found that the indication of 

data sharing was less prevalent amongst articles with lead authors in the United States compared 

to articles with lead authors in other nations, although this difference was not statistically 

significant (32% vs. 44%, X2(1)=3.28,  p = .07; White et al., in prep). Finally, to the extent 

possible given these other constraints, an attempt was made to include articles published across a 

variety of different scholarly journals so that the final sample reflected the interdisciplinary 

nature of research on reading rather than focusing on one particular discipline.  

Final sample characteristics. As displayed in Table 1, the final sample consists of 20 

articles published in 2023 reporting empirical studies on decoding, listening comprehension, 

and/or reading comprehension. These articles were published in 14 unique journals spanning 

psychology, linguistics, special education, and reading, with impact factors ranging from 2.1 to 

12 (M=3.24). Ten articles’ study samples comprise only adults (most often undergraduate 

students), while 10 articles’ study samples include or focus solely on children under the age of 

18. Five of the selected articles’ report studies conducted in the United States, ten in Europe, four 

in Asia, and one in Australia. Nine articles report studies of reading in English, while the 

remaining eleven articles report studies in a variety of writing systems including German, 

Spanish, Chinese, and Arabic.  

With regard to other open science practices coded in the prior study, 11 of the 

publications were published open-access, while an additional three articles are available open-

access via self-archiving (“green” open-access). The remaining six articles are available only 

behind a publisher’s paywall and will be accessed for the present study using institutional 

credentials. The majority of articles (n=18) provided code or syntax files in addition to shared 

data, while two provided data but no code. Additionally, most authors reported that statistical 

analyses were conducted in the free and open-source software R (R Core Team, 2024), while one 

reported conducting analyses in MPlus (Muthén & Múthen, 2017), and one did not identify any 
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software used for analysis. Two of the articles were coded in the prior study as having shared a 

codebook, one as having shared a data dictionary, and three as having shared a ReadMe file in 

the data directory. Finally, only one of the articles reported analyses that were preregistered.  

 

 

Table 1.  Articles selected for coding in the present study.  
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analytic reproducibility at the level of each target analysis, and a detailed qualitative report of 

reproducibility and reusability at the level of each article. These are described in further detail 

below. 

 

Figure 1. Example of literate programming approach within R Quarto template.  

 

 

 

 

 

 

 

 

 

 

 

 
 

 
 
Coding Procedure 
 

Coding will proceed in three phases. During Phase 1, the key findings of each article will 

be identified for the subsequent reproducibility check. During Phase 2, each identified finding 

will be independently reproduced using a co-pilot approach (Hardwicke et al., 2021). During 

Phase 3, the shared data, code, and documentation files for each article will be systematically 

examined for reusability.  

Phase 1: Identification of findings to be reproduced. The goal of this phase is to 

excerpt descriptions of the methods and results of descriptive and substantive analyses in each 

article which will be reproduced in Phase 2. In the context of this study, the operational 

definition of substantive analyses includes both descriptive and inferential statistics, as displayed 

in Table 2.  
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Table 2. Types of findings to be identified for reproducibility test in the current study.  

Category Target Finding 

Descriptive Findings Final analytic sample size after exclusions 

 Correlation/Covariance matrices of observed variable  

 Measures of central tendency (e.g., means) for observed variables 

 Measures of variability (e.g., standard deviations) for observed 
variables 

Substantive Findings If hypotheses stated: 
Results of confirmatory analyses supporting specific hypotheses for 
each study (e.g., effect sizes, test statistics, p-values, degrees of 
freedom). Model fit indices and results of model comparisons will not 
be reproduced.   

 If no hypotheses stated: 
Results of exploratory or confirmatory analyses addressing research 
questions posed each study (e.g., effect sizes, test statistics, p-values, 
degrees of freedom). Model fit indices and results of model 
comparisons will not be reproduced.   

 If no hypotheses or research questions stated: 
Results of exploratory or confirmatory analyses that are described in 
the abstract of the study or presented as a table (e.g., effect sizes, test 
statistics, p-values, degrees of freedom). Model fit indices and results 
of model comparisons will not be reproduced.   

 

 

Phase 1 will proceed as follows. First, the lead author will import and thoroughly review 

the article in Zotero (Corporation for Digital Scholarship, 2023), documenting descriptive 

information, such as the article abstract and number of studies reported, in the Quarto template. 

Then, the lead author will use Zotero to annotate relevant text in the article, such as paragraphs 

describing hypotheses, research questions, methods, descriptive findings, and main findings as 

defined in Table 2, for each study reported in the article (see Figure 2).  
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Figure 2. Example of identifying substantive findings within article in Zotero. 

 
Note. Excerpts from example article (Huang & Staub, 2023) not included in sample for present 
study. This article did not report any descriptive statistics beyond sample size.  
 
 

Finally, the lead author will excerpt the annotated information into the Quarto report (Figure 3). 

Relevant passages will be transcribed for reference during Phase 2, and all quantitative values 

associated with each finding will be stored as objects for comparison to reproduced values.  
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Figure 3. Example of excerpting methods and findings descriptions to the joint report in R 
Quarto. 

 

 

Phase 2: Reproducibility check. The goal of this phase is to capture qualitative and 

quantitative information about the reproducibility of each analysis identified in Phase 1. Phase 2 

will employ a “co-pilot” approach described by Hardwicke et al. (2021), proceeding as follows. 

First, the lead author (the “pilot”) will attempt to independently reproduce the analyses identified 

in Phase 1. Next, the pilot will convene with one of the designated “co-pilots” for this study. The 

two individuals currently identified as co-pilots have PhDs and extensive experience using 

advanced quantitative methods. During this meeting, both pilots will thoroughly review the 

initial reproducibility results, discuss any complications or uncertainties, and attempt to resolve 

these. This portion of the report will then be finalized and the lead author will proceed to Phase 

3. The time taken to reproduce all target analyses (including both the independent attempt and 

the co-pilot meeting) will be recorded.  

During the initial reproducibility attempt, the lead author will try to recreate each analysis 

within the R Quarto template using the original data, documentation, and code shared by the 

study authors. If analyses can be performed, all quantitative results will be rounded to the same 

number of decimal places as the original values and compared against the original values 
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recorded in Phase 1. Percent error (PE) will then be calculated for each value using the following 

formula: 

𝑃𝐸 =
|𝑅𝑒𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 − 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙|

𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙  𝑥 100 

 

The resultant PE value will then be categorized as reflecting a minor (0% > PE > 10%) or major 

discrepancy (PE >= 10%; Hardwicke et al., 2021). This approach aligns with past reproducibility 

researchers’ recommendations that “correctness” be defined categorically with a margin of error 

so as to differentiate between meaningful and non-meaningful discrepancies (Artner et al., 2021).  

If an analysis cannot be performed with any degree of certainty based on the information 

available, or any of the reproduced values deviate from the original values, sources of non-

reproducibility will be documented (Table 3). Currently, seven potential sources of non-

reproducibility have been identified based on the findings of past studies, but it is possible there 

are other sources of non-reproducibility that will be identified during the course of the study, and 

these will be documented (Hardwicke et al., 2021; Seibold et al., 2021). The lead author will also 

denote whether deviations observed in the results of each analysis affects the conclusions drawn 

by the original authors with regard to their hypotheses, if applicable. 

 

Table 3. Anticipated sources of non-reproducibility.  

Issue Source Definition 

Analytic non-
reproducibility  

Insufficient information – 
Data preprocessing 

Authors did not provide enough or 
accurate information in the 
manuscript, documentation, or code 
to understand what transformations 
were made to the provided data files 
in preparation for analysis (e.g., data 
trimming, exclusions, or variable 
scaling that went unreported in the 
manuscript). This includes situations 
in which a large (e.g., project-level) 
data set is provided but no code or 
documentation is available to know 
which variables were used. 
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 Insufficient information – 
Analysis details  

Authors did not provide enough or 
accurate information about variables 
and parameters used in final model(s)   

 Insufficient information – 
Technology 

Authors did not provide enough or 
accurate information about the 
computing environment, statistical 
software, or packages used for the 
analysis 

 Statistical software 
differences 

Authors performed the analysis using 
software or packages that are now 
defunct or performed an analysis that 
is not possible in R.  

 Missing data files or 
variables 

Data files or individual variables 
necessary for performing the analysis 
are missing, broken, or otherwise 
inaccessible. This includes situations 
in which unaggregated data were 
originally analyzed but only 
aggregated data are provided   

 Unclear terms of use No license is specified for shared data 
and materials.  

Computational non-
reproducibility 

Rounding or 
typographical error  

Discrepancies between observed and 
reproduced values attributable to 
rounding or typographical errors in 
reporting (e.g., transposition of 
numbers) 

 Decision error A reproduced p-value is statistically 
significant whereas the observed p-
value was not; or vice versa.   

 Statistical software 
differences  

Discrepancies between observed and 
reproduced values attributable to 
software-related differences, such as 
updates to defaults or optimizers used 
for modeling  
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 Other or reason for non-
reproducibility not clear 

Discrepancies between observed and 
reproduced values but source is not 
listed above or is unclear. 

 

 

Note. Sources of non-reproducibility identified based on the following studies: Hardwicke et al., 
2018, 2021; Laurinavychute et al. 2022; Seibold et al., 2021.  
 

 

 Phase 3: Reusability coding. The goal of this phase is to capture information about the 

relative utility of the shared research content associated with each article and its potential for 

reproducibility and reuse. Reusability is arguably a subjective construct that varies in definition 

depending on factors such as the purpose of reuse, the properties and context of the data, and the 

background of the user. Within the context of this study, reusability is operationally defined as 

the degree to which shared content meets commonly accepted standards for reproducible and 

FAIR data curation (Wilkinson et al., 2016). While researchers have developed automated tools 

for this purpose (e.g., Devaraju & Huber, 2021), their criteria are technical in nature and focus on 

a small number of features. Further, a past study by Batzdorfer et al. (2024) suggests that 

automated tools may not have a high rate of reliability with manual coding in some areas. Thus, 

for the present study, a novel coding scheme was developed, which draws upon the FAIR 

principles (Wilkinson et al., 20160 as well as the “10 Things for Curating Reproducible and 

FAIR Research” developed by the Research Data Alliance CURE-FAIR Working Group (Table 

4; Arguillas et al., 2022). As shown in Table 5, the research compendium (in this case meaning 

the OSF project page and all its contents), data files, code files, and documentation files will be 

reviewed separately. As in Phase 2, the coding conducted during Phase 3 will occur within the 

Quarto report and will result in both qualitative, descriptive information as well as quantitative 

data to be summarized during analysis.   
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Table 4. The ten “things” for curating reproducible research data referenced in the current study. 
 

Feature Definition from Arguillas et al. (2022) 
Completeness “The research compendium contains all of the objects needed to reproduce a 

predefined outcome.”  
Organization “It is easy to understand and keep track of the various objects in the research 

compendium and their relationship over time.” 

Economy “Fewer extraneous objects in the compendium mean fewer things that can 
break and require less maintenance over time.” 

Transparency “The research compendium provides full disclosure of the research process 
that produced the scientific claim.” 

Documentation “Information describing compendium objects is provided in enough detail to 
enable independent understanding and use of the compendium.” 

Access “It is clear who can use what, how, and under what conditions.” 

Provenance “The origin of the components of the research compendium and how each 
has changed over time is evident.” 

Metadata “Information about the research compendium and its components is 
embedded in a standardized, machine-readable code.” 

Automation “As much as possible, the computational workflow is script- or workflow-
based so that the workflow can be re-executed using minimal actions.” 

Review “A user’s ability to execute computations in order to reproduce results 
reported in scholarly publications.”  

 

 

 

Table 5. Reusability features to be coded for each content type in the present study. 

Content Thing(s) Questions 

 
Com endium

 
Completeness 
 

 
• Is compendium specific to the 

published article or is it broader 
in scope (i.e., project-level)? 

• Does compendium include all 
data files needed to reproduce 
analyses reported in the 
published article? 

• Does the compendium include 
output files, such as tables and 
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figures featured in the 
manuscript? 
 

  
Organization 

 
• What file structure is present? 

o Is the structure logical 
given the data and 
analytic workflow? 

• Is the purpose of each file in the 
compendium clear from the 
filename, without consulting 
documentation or code? 
 

  
Economy 

 
• How many total files are present? 
• How many individual data files 

are present?  
o Could data files be 

aggregated or combined 
to make things easier on 
the re-user? 

o Are more data files 
provided than are needed 
to reproduce published 
analyses? 

• How many individual code files 
are present? 

• How many extraneous files are 
present that are ostensibly not 
needed to reproduce analyses or 
reuse data? 
 

  
Documentation 

 
• Is a ReadMe file provided? 

o If yes, does the file 
provide an overview of 
each file in the 
compendium and its 
purpose?  
 

  
Access, 
Metadata 

 
• Does the compendium designate 

a license? 
o If yes, which? 

• Does the compendium have a 
DOI? 
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• Does the compendium have a 
recommended citation? 

• Does the compendium have 
descriptive metadata (i.e., OSF 
keys)? 

• Is it apparent that a metadata 
standard or template was used? 

• Is a PID (e.g., ORCID) specified 
for each author of the 
compendium? 

• Is research funding specified in 
the compendium? 

• Does the research compendium 
link to or cite  

o scholarly publications? 
o preregistrations? 
o other compendia of data, 

code, study protocols, or 
materials? 

 
 

 

 
Completeness, 
Economy 

 
• Do shared data files include all 

variables needed to reproduce 
analyses? 

• Do shared data files have 
extraneous variables not needed 
to reproduce analyses? 

o Are extra variables 
redundant or could they 
be used for re-analysis? 

• What file format(s) are data files 
provided in? 

 
  

Transparency, 
Organization,  
Review 

 
• Are raw data files provided? 

o If no, is code or 
documentation provided 
describing prior steps 
taken for data 
transformation?  

• Are item-level data provided, if 
applicable? 

• Are variable names exceedingly 
o general? 
o long? (>10 characters) 
o similar? 
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• Do variable names in data match 
the names used in the 
manuscript? 
 

  
Access, 
Provenance 

 
• Do data files have a designated 

license, beyond that designated 
for the compendium? 

o If yes, which? 
• Do data files have a DOI, beyond 

that designated for the 
compendium? 

• Do data files have authors or 
contributors denoted, beyond 
those denoted for the 
compendium? 
 

  
Documentation 

 
• Do data files contain variable 

descriptions (e.g., SPSS files 
with embedded metadata)?  
 

 
Code 

 

 
Completeness 

 
• Do shared code files contain all 

syntax needed to reproduce 
published analyses? 

• Do shared code files contain 
syntax used to construct tables 
and figures in published article? 

• What file format(s) are code 
files? 

 
  

Economy 
 

• Do shared code files contain 
extraneous syntax beyond what is 
required to reproduce analyses, 
tables, and figures? 
 

  
Organization 

 
• Are code blocks ordered 

logically within scripts, given 
presentation of information in the 
publication? 
 

 Transparency, 
Review 
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• Are technical specifications 
(including version information) 
provided regarding the following 
tools used for analysis? 

o operating system? 
o software? 
o packages? 

• Do shared code files contain 
syntax needed for preprocessing 
prior to analysis? 

• If multiple code files are 
provided, do filenames indicate 
the intended order of execution? 

• Do variable names in the syntax 
match variable names in data? 

• Do variable names in the syntax 
match variable names used in 
publication? 
 

  
Documentation, 
Review 

 
• Are code files annotated with 

human-readable text? 
• Do annotations reflect the current 

status of the code or are they 
outdated? 
 

  
Access, 
Provenance 

 
• Do code files have a designated 

license, beyond that designated 
for the compendium? 

o If yes, which? 
• Do code files have a DOI, 

beyond that designated for the 
compendium? 

• Do code files denote authors or 
contributors, beyond those 
denoted for the compendium? 

• Do code files include 
documentation of revision 
history or version control? 
 

  
 
Automation,  
Review 

 
• Do scripts contain redundancies 

that could be simplified (e.g., 
using loops or functions)? 
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• Are filepaths hard-coded or 
relative? 

• Are values hard-coded or 
relative? 

• Are any files present to recreate 
the computing environment used 
for original analyses? (e.g., 
RStudio project) 

 
 
Documentation 

 
 

 
Completeness, 
Transparency 

 
• Is a variable key or codebook 

provided? 
o Are variable definitions 

included? 
o Are value types included? 
o Are units of measure 

included? 
o Are missing value codes 

included? 
o Are functions or 

expressions used to 
generate constructed 
variables included? 

o Is additional study 
context provided (e.g., 
instruments or measures 
used)? 

o Do variable names match 
names used 

▪ data files? 
▪ syntax files? 
▪ publication? 

 
 

 

 

Analysis Plan 
 

When coding is complete and the joint report is finalized for each article, all quantitative 

data regarding reproducibility at the level of each analysis and reusability at the level of each 

article/compendium will be exported and combined for summary analysis. A categorical 

reproducibility index will be assigned to each article based on the PE discrepancies between the 

observed and reproduced values for each analysis. There are five possible levels of article-level 
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reproducibility developed based on the coding scheme of Crüwell et al. (2023). An article will be 

deemed “Not at all reproducible” if there is no numerical consistency between reported and 

reproduced results, or no analyses could be computed using information shared. An article will 

be deemed “Mostly not reproducible” if there are major discrepancies for more than half of the 

evaluated analyses, or if more than half of the evaluated analyses could not be reproduced based 

on information shared. An article will be deemed “Partially reproducible” if there are major 

discrepancies for up to 50% of evaluated analyses, or if up to 50% of evaluated analyses are not 

computable based on information shared. Finally, an article will be deemed “Essentially 

reproducible” if there are only minor discrepancies, and “Exactly reproducible” if no 

discrepancies are observed for any analysis. Article-level reproducibility and reusability data will 

not be analyzed but will be summarized descriptively.  

 

Ethics Statement  

Because this study utilizes fully deidentified data that are openly available online, IRB 

approval is not necessary. However, there is a question of ethics to be considered regarding tests 

of analytic reproducibility—as discussed by Homewood et al. (2023), some researchers may feel 

that these evaluations constitute unfair criticism of their shared research content. The present 

study does not anticipate contacting or involving the original authors for consent or guidance 

during the coding process, as some past studies have done (Hardwicke et al., 2021; Seibold et al., 

2021). This is because analyses that can only be reproduced with additional information from 

authors beyond what was shared cannot really be considered functionally reproducible 

(Laurinavychute et al., 2022). However, it is worth reiterating the aims of the current study, 

which are ultimately descriptive in nature: the goal is not to question the findings of the target 

articles or criticize the decisions of their authors, but to identify malleable factors that could 

increase the clarity, economy, and value of shared research content and thus could shape policy 

and the development of pedagogical resources going forward.  

 

 



35 

 
REFERENCES 

 
Alsheikh-Ali, A. A., Qureshi, W., Al-Mallah, M. H., & Ioannidis, J. P. (2011). Public availability 

of published research data in high-impact journals. PloS One, 6(9), e24357. 
https://doi.org/10.1371/journal.pone.0024357  

 
Arguillas, F., Christian, T., Gooch, M., Honeyman, T., & Peer, L. (2022). 10 Things for Curating 

Reproducible and FAIR Research (Version 1.1). Research Data Alliance. 
https://doi.org/10.15497/RDA00074  

 
Artner, R., Verliefde, T., Steegen, S., Gomes, S., Traets, F., Tuerlinckx, F., & Vanpaemel, W. 

(2021). The reproducibility of statistical results in psychological research: An 
investigation using unpublished raw data. Psychological Methods, 26(5), 527. 
https://psycnet.apa.org/doi/10.1037/met0000365  

 
Batzdorfer, V., Zenk-Möltgen, W., Young, L., Katsanidou, A., Breuer, J., & Bishop, L. (2024). 

Between urgency and data quality: assessing the FAIRness of data in social science 
research on the COVID-19 pandemic. Research Ethics, 20(4), 744-763. 
https://doi.org/10.1177/17470161241257575  

 
Blachman, B. A., Schatschneider, C., Fletcher, J. M., Francis, D. J., Clonan, S. M., Shaywitz, B. 

A., & Shaywitz, S. E. (2004). Effects of Intensive Reading Remediation for Second and 
Third Graders and a 1-Year Follow-Up. Journal of Educational Psychology, 96(3), 444. 
https://psycnet.apa.org/doi/10.1037/0022-0663.96.3.444  

 
Blachman, B. A., Schatschneider, C., Fletcher, J. M., Murray, M. S., Munger, K. A., & Vaughn, 

M. G. (2014). Intensive reading remediation in grade 2 or 3: Are there effects a decade 
later? Journal of Educational Psychology, 106(1), 46-57. 
https://psycnet.apa.org/doi/10.1037/a0033663  

 
Bonifay, W., & Depaoli, S. (2023). Model evaluation in the presence of categorical data: 

Bayesian model checking as an alternative to traditional methods. Prevention Science, 
24(3), 467-479. https://doi.org/10.1007/s11121-021-01293-w  

 
Campbell, A. R., Brunsting, N., Landmark, L. J., Butler, B., & Cook, B. G. (2024). Sharing 

materials to heighten the impact of publications. Open Science Framework. 
https://osf.io/s7x4f/  

 
Castles, A., Rastle, K., & Nation, K. (2018). Ending the reading wars: Reading acquisition from 

novice to expert. Psychological Science in the Public Interest, 19(1), 5-51. 
https://doi.org/10.1177/1529100618772271  

 
Cattell, J. M. (1886). The time it takes to see and name objects. Mind, 11, 63–65. 
 

https://doi.org/10.1371/journal.pone.0024357
https://doi.org/10.15497/RDA00074
https://psycnet.apa.org/doi/10.1037/met0000365
https://doi.org/10.1177/17470161241257575
https://psycnet.apa.org/doi/10.1037/0022-0663.96.3.444
https://psycnet.apa.org/doi/10.1037/a0033663
https://doi.org/10.1007/s11121-021-01293-w
https://osf.io/s7x4f/
https://doi.org/10.1177/1529100618772271


36 

Cook, B. G., van Dijk, W., Vargas, I., Aigotti, S. M., Fleming, J. I., McDonald, S. D., Richmond, 
C. L., Griendling, L. M., McLucas, A.S., & Johnson, R. M. (2023). A targeted review of 
open practices in special education publications. Exceptional Children, 89(3), 238-255. 
https://doi.org/10.1177/00144029221145195  

 
Cree, A., Kay, A., & Steward, J. (2023). The economic and social cost of illiteracy: A snapshot 

of illiteracy in a global context. World Literacy Foundation. 
 
Crüwell, S., Apthorp, D., Baker, B. J., Colling, L., Elson, M., Geiger, S. J., Lobentanzer, S., 

Monéger, J., Patterson, A., Schwarzkopf, D. S., Zaneva, M., & Brown, N. J. L. (2023). 
What’s in a badge? A computational reproducibility investigation of the open data badge 
policy in one issue of Psychological Science. Psychological Science, 34(4), 512-522.  
https://doi.org/10.1177/09567976221140828  

 
Curran, P. J., & Hussong, A. M. (2009). Integrative data analysis: the simultaneous analysis of 

multiple data sets. Psychological Methods, 14(2), 81-100. 
https://doi.org/10.1037/a0015914  

 
Davis‐Kean, P. E., Jager, J., & Maslowsky, J. (2015). Answering developmental questions using 

secondary data. Child Development Perspectives, 9(4), 256-261. 
https://doi.org/10.1111/cdep.12151  

 
Devaraju, A., & Huber, R. (2021). An automated solution for measuring the progress toward 

FAIR research data. Patterns, 2(11). https://doi.org/10.1016/j.patter.2021.100370  
 
Dodge, R. (1900). Visual perception during eye movement. Psychological Review, 7, 454-465.  
 
Dreber, A., & Johannesson, M. (2024). A framework for evaluating reproducibility and 

replicability in economics. Economic Inquiry. https://doi.org/10.1111/ecin.13244  
 
Edmonds, M. S., Vaughn, S., Wexler, J., Reutebuch, C., Cable, A., Tackett, K. K., & 

Schnakenberg, J. W. (2009). A synthesis of reading interventions and effects on reading 
comprehension outcomes for older struggling readers. Review of Educational Research, 
79(1), 262-300. https://doi.org/10.3102/0034654308325998  

 
Education Sciences Reform Act of 2002. 20 U.S.C. § 3419 (2002).  
 
Ehri, L. C., Nunes, S. R., Stahl, S. A., & Willows, D. M. (2001). Systematic phonics instruction 

helps students learn to read: Evidence from the National Reading Panel’s meta-analysis. 
Review of Educational Research, 71(3), 393-447. 
https://doi.org/10.3102/00346543071003393  

 
El Amin, M., Borders, J. C., Long, H. L., Keller, M. A., & Kearney, E. (2023). Open science 

practices in communication sciences and disorders: A survey. Journal of Speech, 
Language, and Hearing Research, 66(6), 1928-1947. 
https://doi.org/10.1044/2022_JSLHR-22-00062  

https://doi.org/10.1177/00144029221145195
https://doi.org/10.1177/09567976221140828
https://doi.org/10.1037/a0015914
https://doi.org/10.1111/cdep.12151
https://doi.org/10.1016/j.patter.2021.100370
https://doi.org/10.1111/ecin.13244
https://doi.org/10.3102/0034654308325998
https://doi.org/10.3102/00346543071003393
https://doi.org/10.1044/2022_JSLHR-22-00062


37 

 
European Research Council. (2024). “Open Science”. https://erc.europa.eu/manage-your-

project/open-science 
 
Every Student Succeeds Act, 20 U.S.C. § 6301 (2015).  
Foorman, B., Beyler, N., Borradaile, K., Coyne, M., Denton, C. A., Dimino, J., Furgeson, J., 

Hayes, L., Henke, J., Justice, L., Keating, B., Lewis, W., Sattar, S., Streke, A., Wagner, 
R., & Wissel, S. (2016). Foundational skills to support reading for understanding in 
kindergarten through 3rd grade (NCEE 2016-4008). Washington, DC: National Center 
for Education Evaluation and Regional Assistance (NCEE), Institute of Education 
Sciences, U.S. Department of Education.  

 
Foster, E. D., & Deardorff, A. (2017). Open Science Framework (OSF). Journal of the Medical 

Library Association, 105(2), 203–206. https://doi.org/10.5195/jmla.2017.88  
 
Gates Foundation. (2025). Data Sharing Requirements. 

https://openaccess.gatesfoundation.org/how-to-comply/data-sharing-requirements/  
 
Gennetian, L. A., Frank, M. C., & Tamis-LeMonda, C. S. (2022). Open Science in 

developmental science. Annual Review of Developmental Psychology, 4(1), 377-397. 
https://doi.org/10.1146/annurev-devpsych-120920-042335  

 
Giofrè, D., Cumming, G., Fresc, L., Boedker, I., & Tressoldi, P. (2017). The influence of journal 

submission guidelines on authors' reporting of statistics and use of open research 
practices. PloS One, 12(4), e0175583. https://doi.org/10.1371/journal.pone.0175583  

 
Goodman, S.N., Fanelli, D., Ioannidis, J.P. (2016) What does research reproducibility mean? 

Science Translational Medicine, 8. https://doi.org/10.1126/scitranslmed.aaf5027  
 
Haim, A., Gyurcsan, R., Baxter, C., Shaw, S. T., & Heffernan, N. T. (2023). How to Open 

Science: Debugging reproducibility within the Educational Data Mining 
Conference. International Educational Data Mining Society. EdArxiv.  
https://osf.io/preprints/edarxiv/xkmfw/  

 
Hall, C., Dahl-Leonard, K., Cho, E., Solari, E.J., Capin, P., Conner, C.L., Henry, A.R., Cook, L., 

Hayes, L., Vargas, I., Richmond, C.L. and Kehoe, K.F. (2023), Forty years of reading 
intervention research for elementary students with or at risk for dyslexia: A systematic 
review and meta-analysis. Reading Research Quarterly, 58, 285-
312. https://doi.org/10.1002/rrq.477 

 
Hanford, E. (2018). Why are we still teaching reading the wrong way? The New York 

Times. https://www.cdl.org/wp-content/uploads/2020/06/Why-Are-We-Still-Teaching-
Reading-the-Wrong-Way.NYT_.10.26.18.at_.pdf 

 
Hanford, E. (2022). Sold a story: How teaching kids to read went so wrong. APM Reports. 

https://files.apmcdn.org/production/53bad1de0c691827ece5b0d8bb09750a.pdf  

https://erc.europa.eu/manage-your-project/open-science
https://erc.europa.eu/manage-your-project/open-science
https://doi.org/10.5195/jmla.2017.88
https://openaccess.gatesfoundation.org/how-to-comply/data-sharing-requirements/
https://doi.org/10.1146/annurev-devpsych-120920-042335
https://doi.org/10.1371/journal.pone.0175583
https://doi.org/10.1126/scitranslmed.aaf5027
https://osf.io/preprints/edarxiv/xkmfw/
https://doi.org/10.1002/rrq.477
https://www.cdl.org/wp-content/uploads/2020/06/Why-Are-We-Still-Teaching-Reading-the-Wrong-Way.NYT_.10.26.18.at_.pdf
https://www.cdl.org/wp-content/uploads/2020/06/Why-Are-We-Still-Teaching-Reading-the-Wrong-Way.NYT_.10.26.18.at_.pdf
https://files.apmcdn.org/production/53bad1de0c691827ece5b0d8bb09750a.pdf


38 

 
Hardwicke, T. E, Thibault, R. T., Clarke, B., Moodie, N., Crüwell, S., Schiavone, S. R., 

Handcock, S. A., Nghiem, K. A., Mody, F., Eerola, T., & Vazire, S. (2024). Prevalence 
of transparent research practices in psychology: A cross-sectional study of empirical 
articles published in 2022. Advances in Methods and Practices in Psychological Science, 
7(4). https://doi.org/10.1177/25152459241283477  

 
Hardwicke, T. E., Thibault, R. T., Kosie, J. E., Wallach, J. D., Kidwell, M. C., & Ioannidis, J. P. 

(2022). Estimating the prevalence of transparency and reproducibility-related research 
practices in psychology (2014–2017). Perspectives on Psychological Science, 17(1), 239-
251. https://doi.org/10.1177/1745691620979806  

 
Hardwicke, T. E., Bohn, M., MacDonald, K., Hembacher, E., Nuijten, M. B., Peloquin, N., 

Yoon, E. J., & Frank, M. C. (2021). Analytic reproducibility in articles receiving open 
data badges at the journal Psychological Science: An observational study. Royal Society 
Open Science, 8(1).  https://doi.org/10.1098/rsos.201494  

 
Hardwicke, T. E., Mathur, M. B., MacDonald, K., Nilsonne, G., Banks, C., Kidwell, M. C., 

Mohr, A. H., Clayton, E., Yoon, E. J., Henry, M., Lenne, R. L., Altman, S., Long, B., & 
Frank, M. C. (2018). Data availability, reusability, and analytic reproducibility: 
Evaluating the impact of a mandatory open data policy at the journal Cognition. Royal 
Society Open Science, 5(8). https://doi.org/10.1098/rsos.180448  

 
Homewood, C. (2023). Investigating issues with reproducibility and journal articles published in 

Psychological Science. PsyArxiv. https://osf.io/preprints/psyarxiv/6d5nq/   
 
Hoover, W. A., & Gough, P. B. (1990). The simple view of reading. Reading and Writing, 2, 

127-160. https://doi.org/10.1007/BF00401799  
 
Huerta, M. F., Koslow, S. H., & Leshner, A. I. (1993). The human brain project: An international 

resource. Trends in Neurosciences, 16(11), 436-438. https://doi.org/10.1016/0166-
2236(93)90069-X  

 
Huey, E. B. (1908).  The psychology and pedagogy of reading. New York, NY: Macmillan. 
 
Huff, M., & Bongartz, E. C. (2023). Low research-data availability in educational-psychology 

journals: No indication of effective research-data policies. Advances in Methods and 
Practices in Psychological Science, 6(1). https://doi.org/10.1177/25152459231156419  
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