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Abstract

This paper provides the first systematic estimate of replicability in engineering
education research. Estimating and improving replicability is essential for the
provision of strong evidence to support improvements in educational practice. Using
z-curve 3.0 to analyse 1,366 statistical tests extracted from 5,551 full-text articles
published in academic journals between 2016 and 2026, the study assesses the
field's credibility in light of the "replication crisis". Findings indicate an estimated
expected replication rate of 71% for exact replication attempts of significant
observations, and an actual replication prediction of 56% considering difficulties in
conducting exact replication studies. While these results mirror findings in technology
education, the analysis reveals significant evidence of publication bias and p-hacking
across the full dataset. Notably, the Journal of Engineering Education showed
evidence of selection bias rather than p-hacking, though this is potentially due to its
reputation as a "premier" venue. To enhance quantitative engineering education
research credibility, it is recommend aiming to increase sample sizes to achieve 80%
statistical power and adopt pre-registration practices to mitigate reporting bias.
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1 Introduction

Discussions pertaining to the enhancement of engineering education research have
been ongoing for over a decade, but have focused more on the use of theory
(Beddoes, 2022), qualitative (Bernhard & Baillie, 2016) and mixed methods research
(Agarwal & Raju, 2025), and the conduction of systematic reviews and use of
general open science principles (Power, 2021b, 2021a) than on quantitative
research. It seems pertinent to expand these discussions to quantitative research
given its frequency in engineering education research (Loui & Borrego, 2019; Satya
Putra et al., 2023) and in light of calls for more advanced quantitative research in the
field to enable engagement with more complex and nuanced research questions
(Borrego et al., 2009; Satya Putra et al., 2023).

Traditionally, there has been a focus on ‘rigor’ in empirical engineering education
research (Borrego, 2007), with the Rigorous Research in Engineering Education
project adopting the definition of rigor from the US National Research Council
(Committee on Scientific Principles for Education Research, 2002). This suggested
that rigorous engineering education research should pose significant questions that
can be answered empirically, link research to relevant theory, use methods that
permit direct investigation of the question, provide a coherent and explicit chain of
reasoning, replicate and generalize across studies, and disclose research to
encourage professional scrutiny and critique.

Following these calls for increased rigor in engineering education research, the
social sciences more broadly became aware of what has since been termed the
“replication crisis” (Shrout & Rodgers, 2018). From the early 2010s, initially in social
psychology (Pashler & Wagenmakers, 2012) though extending to other fields (cf.
Baker, 2016), the replication crisis was characterised by replication failures,
awareness of the impact of questionable research practices on published results and
their prevalence, as well as cases of academic fraud. This replication crisis sparked
a credibility revolution (Vazire, 2018), where credibility is a broader concept than
rigour relating to the general trustworthiness of research (Nosek et al., 2026), and in
light of this, at least for quantitative work, engineering education research should
perhaps adopt this broader aspiration of credibility than rigor.

One aspect of credibility, coincidentally overlapping with rigor, is replicability.
Replicability is related to observing consistent findings pertaining to the same
research question in independent studies and has significant implications to the
translation of observations to practice. Where there is a goal of generalisability,
successful replication attempts of original studies add to the validity of inferences
and provide stronger empirical support for translating educational insights into
practice, such as to pedagogy and policy. The need for replication research in
education has been recently identified and emphasised (Banerjee, 2022; Cai, 2022;
Morrison, 2022; Perry et al., 2022; Perry & See, 2022; Wiliam, 2022), and though the
frequency of replication studies is growing it remains very small. Only 0.2% of
published education research studies between 2011 and 2020 (Perry et al., 2022)
and only 0.16% of published technology education studies between 1989 and 2026
(Buckley, 2026) were intentional replication studies. Replicability can be assessed
for individual studies through replication attempts, and at field level. At field level,
one approach is to conduct several replication studies, and use the success rate as
an estimate of field-wide replicability (Tyner et al., 2026). This is resource intensive,



however alternative meta-analytic methods can statistically estimate replicability. In
the cognate area of technology education, Buckley et al. (2023) performed a z-curve
analysis (Barto$ & Schimmack, 2022; Brunner & Schimmack, 2020), estimating
replicability of technology education research as 81% for exact replication attempts
of observed significant results, and 56% for actual replication studies given the
challenges in exact replication. There has been no analysis of the replicability of
quantitative engineering education research to date, and such estimates are needed
to guide on improving this dimension of research credibility, e.g., do sample sizes
need to increase? This paper reports a z-curve analysis of quantitative engineering
education research published in academic journals over the last 10 years to address
this need.

2 Methodology
2.1 Approach

To estimate the replicability of quantitative engineering education research, this
study involved the use of z-curve analysis (Bartos & Schimmack, 2022; Brunner &
Schimmack, 2020), specifically z-curve 3.0 (Schimmack, 2025a) implemented
through RStudio with R version 4.2.2 (The R Foundation for Statistical Computing,
2022). Z-curve is a meta-analytic tool designed to examine the credibility of a body of
literature specifically with respect to replicability and statistical power, which is the
probability of detecting an effect in a statistical test performed on a sample under the
assumption that there is an effect to be detected in reality. Replicability is estimated
through z-curve analyses by modelling the distribution of z-scores, which are
converted from p-values in reported hypothesis tests (e.g., p = .05 equates to z =
1.96 [two-tailed]). From this, observed power can be estimated, and estimates can
be derived pertaining to the likely amount of missing/unpublished studies, the
amount of bias, and likely replication rates. A utility of z-curve is that it can estimate
replicability in heterogeneous datasets (Barto$ & Schimmack, 2022), i.e., studies
which use different quantitative methodologies, or are responding to different
research questions. Typically, z-curve is applied to studies with some common
feature. In this study, that common feature is publication in engineering education
research journals within the last decade (2016 to March 2026).

Outputs from z-curve 3.0 include the Observed Discovery Rate (ODR), which is the
proportion of significant results (p < .05) observed in a dataset, the Expected
Discovery Rate (EDR), which is an estimate of the proportion of significant results
that would be observed if there were no selection bias in published studies, the
Expected Replication Rate (ERR), which is an estimate of the proportion of studies
with significant results that would replicate in an exact replication study, and the
False Discovery Rate (FDR), which is an estimate of the proportion of studies which
are false positive results. Furthermore, given exact replication is typically not
feasible, Schimmack (2022) suggests that by taking the average of the EDR and
ERR values, an Actual Replication Prediction (ARP) rate can be computed as an
estimate of the likely success rate in actual replication studies. Finally, z-curve 3.0
includes a test of Excessive Just Significance (EJS), which examines the distribution
of reported z-values and checks whether the resulting model can account for a “just
significant” region (in this study, setat z=1.96 to 2.6, i.e., p = .05 to .01) of reported
statistical tests. A significant EJS test result suggests publication bias, and this same
test can then be applied to the distribution of significant z-scores only to check if that



model can account for z-scores in determined just significant regions (in this study,
bothz=196102.6,ie,p=.05t0.01and z=1.961t0 2.4, i.e., p=.05to .015 were
selected), with results for these tests used to infer if identified bias relates to either p-
hacking or selection bias (Schimmack, 2025b).

2.2 Dataset

To identify articles published in engineering education research journals, initially a
Scopus search was performed on 26" February 2026. The intention of this search
was to identify sources (academic journals) relating to engineering education. The
specific search string was:

SRCTITLE ("engineering education") AND PUBYEAR > 2015

This search however returned works published in other source types, such as
conferences and books, which were excluded from this analysis to minimise the
likelihood of including duplicate statistical results which could occur for example from
a work-in-progress conference paper subsequently being published in an academic
journal. Therefore, in Scopus, limitations were placed on the search relating to
document type (limited to “article”), publication stage (limited to “final”), and source
type (limited to “journal”). The final Scopus search string for reproducibility, which
produced 6,498 results on 26" February 2026 was:

SRCTITLE ("engineering education") AND PUBYEAR > 2015 AND (LIMIT-TO
(DOCTYPE , "ar")) AND (LIMIT-TO (PUBSTAGE, "final")) AND (LIMIT-TO
(SRCTYPE, "["))

The next step required the collation of full texts for identified articles. This process
was undertaken between 26" February 2026 and 9" March 2026, utilising university
library subscriptions and databases such as Google Scholar and ResearchGate.
While searching for full texts, it became apparent that the Scopus search had not
identified all issues within each journal, and the journal SEFI Journal of Engineering
Education Advancement had not been identified. Therefore, each Scopus identified
journal and the SEFI Journal of Engineering Education Advancement were manually
searched. The Zotero reference management software, inclusive of its PDF resolver
and Chrome browser plugin, was used to support full text download. Publications
other than articles, such as editorials, may have been added to the dataset, however
this is not problematic as only quantitative statistical results are extracted for
analysis, which typically would not be present in such publications. The final search
included a total of 7,099 articles. Of the total of 7,099 articles, 5,551 full texts were
found (78.2%) and 1548 were not found (21.8%). Most not found texts (n = 1,249)
came from the International Journal of Engineering Education as the authors did not
have a journal subscription, so the final dataset should be considered as not
reflective of the work published in this journal (Table 1).

Table 1. Study dataset comprising of n = 5,551 full texts (78.2%) of 7,099 articles across 16
engineering education journals.

Journal Found PDF Not Found PDF Total Articles Full Texts (%)

AEE 257 0 257 100%

AJEE 112 0 112 100%




CEE 247 21 268 92%
CAEE 1218 0 1218 100%
EJEE 647 0 647 100%
GJEE 306 0 306 100%
IJCEELLL 153 209 362 42%
IJEE 12 1249 1261 1%
IJMEE 279 0 279 100%
JCEE 75 65 140 54%
JEE 361 0 361 100%
JEET 1487 4 1491 100%
JPCEER 122 0 122 100%
JPIEEP 177 0 177 100%
SEE 63 0 63 100%
SJEEA 23 0 23 100%

Note. AEE = Advances in Engineering Education. AJEE = Australasian Journal of Engineering Education.
CEE = Chemical Engineering Education. CAEE = Computer Applications in Engineering Education. EJEE =
European Journal of Engineering Education. GJEE = Global Journal of Engineering Education. IJCEELLL =
International Journal of Continuing Engineering Education and Life-Long Learning. IJEE = International
Journal of Engineering Education. IIMEE = International Journal of Mechanical Engineering Education. JCEE
= Journal of Civil Engineering Education (formerly JPIEEP). JEE = Journal of Engineering Education. JEET =
Journal of Engineering Education Transformations. JPCEER = Journal of Pre-College Engineering Education
Research. JPIEEP = Journal of Professional Issues in Engineering Education and Practice (became JCEE).
SEE = Studies in Engineering Education. SUIEEA = SEFI Journal of Engineering Education Advancement.

The final step in preparing data for analysis required the extraction of statistical test
information from the 5,551 full texts. There are two main approaches to doing this
once full texts are identified. Focal coding would involve full text review of each
article, and manually extracting statistical test information from focal hypothesis tests
(e.g., Barto$, 2024). For this study, automated extraction of statistical test
information from the full texts was used, similar to Buckley et al. (2023) Gupta and
Bosco (2023), Soto and Schimmack (2025), and Schimmack and Barto$ (2023),
specifically using the statcheck R package (Epskamp & Nuijten, 2018). This resulted
in 1,366 extracted statistical tests across 13 of the 16 journals (Table 2).

Table 2. Descriptive statistics for quantities of statistical tests extracted per journal using the
statcheck R package (Epskamp & Nuijten, 2018).

Journal Unique Total extracted | Mean tests Median tests Min tests Max tests
articles tests per article per article per article per article
AEE 18 72 4 3 1 13
AJEE 10 46 4.6 3 1 18
CAEE 56 388 6.93 4 1 49
CEE 10 32 3.2 3 1 6
EJEE 57 376 6.6 4 1 35
GJEE 3 11 3.67 4 2 5
IJCEELLL 3 18 6 5 1 12
IJEE 1 3 3 3 3 3
IUMEE 4 27 6.75 25 1 21
JCEE 1 9 9 9 9 9
JEE 42 280 6.67 3 1 59




JEET 29 102 3.52 3 1 13

JPCEER 2 2 1 1 1 1

3 Results

Z-curve analyses were conducted on all data (ntsts = 1,366) as well as at journal
level (njoumais = 9). Due to insufficient data, z-curves could not be estimated for the
GJEE, IJEE, JCEE, and JPCEER journals, though the extracted data from these
sources was still included in the full dataset. Following the procedure described by
Schimmack (2025b), four z-curve analyses were conducted in each instance with
500 bootstraps to estimate 95% confidence intervals. The first z-curve was used to
test for bias with an EJS test examining the distribution of all z-scores and testing
whether the model could explain the frequency of z-scores between z = 1.96 and z =
2.6. A significant result (p < .05) would indicate bias. The second and third z-curves
were performed to test for p-hacking with an EJS test, by examining the distribution
of all significant z-values and testing whether the models could explain the frequency
of z-scores between z=1.96 and z = 2.6, and between z=1.96 and z= 2.4
respectively. As two tests were conducted, the alpha level for statistical significance
is adjusted, such that a significant result (p < .025) would indicate evidence of p-
hacking. A final model was performed to estimate EDR, ERR, FDR, and ARP rates,
by modelling the distribution of all z-scores and examining how this relates to all
significant z-scores (z > 1.96). Full results are presented in Chyba! Nenalezen zdroj
odkazu., with an illustrative z-curve, the final model for all data, presented in Figure
1.
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Figure 1. Final z-curve for all data.

Figure 1 shows a histogram of all z-scores, with the solid red line representing the z-
curve fit to the distribution of observed significant z-scores and the dashed red line
showing the expected distribution without selection bias. The model overestimates
the number of non-significant results, indicating bias in the literature. Percentage



values on the x-axis indicate local statistical power estimates at various levels of
significance.

4 Discussion and conclusions

The results indicate that for all data, there is an estimated success rate for exact
replication attempts of significant observations of 71%, 95% CI [65%, 79%)], though
this should be considered in light of the difficulties in performing exact replication and
thus the actual replication prediction rate of 56% may be a more appropriate
estimate. These are very similar estimates to a previous z-curve analysis by Buckley
et al. (2023) in technology education research, who for published works between
1983 and 2020 observed an ERR of 81% and an ARP of 56%. At individual journal
level, there is a wide ARP range of 17% to 91%, but considering the CAEE, EJEE,
and JEE as the journals with most data, the ARP values range from 43% to 65%.

In terms of bias testing, there is evidence of publication bias in the full dataset, and
this can at least partially be explained by the use of p-hacking, which is defined as “a
compound of strategies targeted at rendering non-significant hypothesis testing
results significant” (Stefan & Schonbrodt, 2023, p. 1), often done to improve
publishability of work. The implication of p-hacking is the inflation of false positive
results and, consequently, the lower replicability of studies (Abdol & Wicherts, 2021),
though not all researchers engaging in the practice may understand or appreciate
this (Stefan & Schonbrodt, 2023). At journal level, only the JEE shows evidence for
bias, but not p-hacking, suggesting that the observed bias is selection or reporting
bias, i.e., the preferential publication of statistically significant results over null
results. This can skew the literature base in a way suggestive that interventions are
more likely to work or variables are more likely to be related than they are, as
readers are not exposed to the instances where no evidence of effect is observed.
However, what cannot be determined is whether the bias takes place at journal level
(the journal favouring significant results), author level (authors choosing the journal
for publishing significant findings over null findings) or both. In this case, the JEE
does hold a reputation as being the “premier” journal in the field (e.g., Pitterson et al.,
2020) and thus there is a likelihood that on observing a significant result, researchers
may look to the JEE in the first instance. No other journal shows evidence for bias.

The implications of this analysis are that, even though it is reasonably good,
statistical power could be improved through increased sample sizes. As shown in
Figure 1, non-significant results (z < 1.96) are estimated to have low power (= 19% -
30%), and the recommendation for 80% power (cf. Cohen, 1988) is not achieved
until z= 4. Further, at least with respect to the JEE, though the implication should be
considered field-wide, there does appear merit in increasing the practice of pre-
registration (cf. Nosek et al., 2018), at least for quantitative work, to remove and
prevent potential selection bias and work towards a literature base impartial to
results and instead based on methodological credibility. Future work should also
consider robustness analyses (Aczel et al., 2026) in the first instance to support
generalised claims and reproducibility checks (Miske et al., 2026) to further aid
credibility. These implications should be considered in light of the study limitations.
The estimated replicability rates are general rather than identifying specific studies.
There are other engineering education research journals not indexed by Scopus,
non-English dissemination, grey literature, and empirical works published in other
sources such as STEM education journals. Additionally, full texts were not found for



all articles, notably for IJEE, and data extraction was automated by statcheck which
requires APA formatting that may not be adhered to across all engineering education
journals. As such, there is potential sampling bias limiting generalisability.
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