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Abstract 
Prior meta-analytic work suggests the relationship between student motivation and academic performance 
among in-person learners is strong; however, evidence is weaker for college students learning in online, 
digital, and distance education (ODDE). This could be due to a variety of factors, including the rigor and 
quality of existing research, which has not been systematically accounted for in (ODDE) motivation reviews 
since 2008. The primary objective of this expanded meta-analytic review was to examine measurement quality 
and methodological quality first as moderators and then as adjustments in exploring the relationships between 
motivational constructs or synchronicity and academic performance in ODDE courses. Informed by DISCAR 
and adapted from PRISMA, we searched nine databases of studies published between 1990 and 2025 and 
conducted a secondary search of references, ultimately analyzing 64 studies and 117 outcomes that met 
inclusion and exclusion criteria. Both measurement quality and methodological quality were moderators of the 
relationship between student motivation and academic performance in online and blended courses. Adjusting 
for significant quality differences, overall, modest correlation values (r = 0.14) overestimated adjusted 
relationships (radj = 0.10). Despite challenges with some instances of missing data and low interrater reliability, 
these results indicate that motivational factors related to student success may be overstated when research 
quality is taken into account. Variations were found in both motivational constructs as well as synchronicity, 
suggesting that what is measured and how learners interact make a difference. These results have implications 
for future ODDE research, pedagogical designers, and policymakers.  
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Introduction 
In higher education, online and blended course modalities are of increasing importance to 

institutional success. Online and blended course offerings provide the opportunity to expand 
access to higher education beyond the “traditional” in-person learner. This expanded access to 
higher education not only benefits diverse learners everywhere; it benefits academic institutions, 
many of which are facing emergent enrollment challenges (National Center for Educational 
Statistics, 2024). Although these and other benefits of online and hybrid modalities are well 
documented (Lucas & Vicente, 2023), so too are its challenges (Kebritchi et al., 2017; Lucas & 
Vicente, 2023) and complexities, including variations in synchronous and asynchronous 
instruction (Johnson et al., 2022). One particular concern is student academic performance, as it 
is associated with retention and graduation rates (Gardner et al., 2024), which tend to be lower in 
online programs (Bawa, 2016).  

Student motivation is currently of high interest in online and hybrid courses. In addition 
to a large volume of research, it plays a prominent role in conceptual frameworks like 
Community of Inquiry (CoI) for online settings (Shea et al. 2022). This focus coincides with 
investigations of in-person learners, where the relationship between student motivation and 
academic performance is strong (Honicke et al., 2020; Richardson et al., 2012). These findings 
with in-person learners have contributed to the widely held belief that motivation is one of the 
most important predictors of college students’ academic performance (Honicke et al., 2020). 
However, our recent meta-analytic review indicates that the relationship between student 
motivation and academic performance is more modest for online distance and digital education 
(ODDE), and accounts for little of the variance in academic performance (Walker, Aguiar, 
Soicher, Kuo, & Resig, 2024). This appears true across a broad range of motivational constructs, 
including self-efficacy, attributional style, achievement goal orientation, self-determination and 
task value.  

It is possible that these modest relationships are partially explained by a range of 
moderating factors. Methodological quality clearly matters, both to the academic community and 
as context for findings. Early reviews of motivation and learning express concerns regarding 
study quality (Bernard et al., 2004; Multon et al., 1991; Perkowski, 2013; Storrings, 2005). 
Reductions in study quality are associated with reductions in effect sizes for in-person learning 
(Macnamara et al., 2023) and for ODDE learners (Bernard et al., 2004). Measurement quality 
also matters in reviews of motivation. Some reviews code for and include reliability of 
measurement in their analyses (Richardson et al., 2012) but not validity. Others, make strong 
contributions to validity in specific constructs like achievement goals (Huang, 2012) but do not 
address reliability. Investigations of ODDE literature that address study quality only cover 
literature to 2006 (Bernard et al., 2009) and measurement quality only covers to 2008 (Huang, 
2012). Of the approaches to addressing quality (Fromm et al., 2025), existing reviews have 
employed selection criteria (Storrings, 2005), and novel coding (Multon et al., 1991). None have 
used an establish quality rubric (Katrak et al., 2004; Rosella et al., 2016a; Sterne et al., 2019; 
Whiting et al., 2016) or comprehensively coded for methodological quality alongside 
measurement reliability and validity. Finally, asynchronous and synchronous interactions clearly 
matter in this literature and are associated with variations in effect sizes (Bernard et al., 2004) 
and persist when coding for a mixture of the two (Bernard et al., 2009). Like study and 
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measurement quality, reviews of the ODDE literature have not coded for synchronicity for 
almost two decades of primary research. A recent critical review (Krebs-Lazendic et al., 2026) 
indicated that synchronicity within online courses may be an important factor in the focused area 
of instructor presence and academic performance, warranting replication newer results in broader 
ODDE literature.  

The goal of the current meta-analytic review was to expand the previous work of Bernard 
et al. (2009) and Richardson et al. (2012) by comprehensively examining methodological quality 
and measurement quality as moderators of the relationship between student motivation and 
academic performance in online and blended college-level courses. Importantly, not only was it 
crucial to assess the impact of methodological and measurement quality on the relationship 
between motivation and academic performance in ODDE research, it was important to replicate 
and extend adjustments for measurement reliability (Richardson et al., 2012) to include 
adjustments for measurement validity and methodological quality in the examination of 
moderators for motivational constructs and synchronicity.  

Existing Reviews 
In an effort to be comprehensive, we examined 19 historical, scoping, systematic or meta-

analytic reviews overlapping with post-secondary education. About half drew from in-person 
research (Howard et al., 2021; Hulleman et al., 2010; Lazowski & Hulleman, 2016; Macnamara 
et al., 2023; Multon et al., 1991; Richardson et al., 2012; Senko & Dawson, 2017; Theobald, 
2021) and the rest summarized the ODDE literature (Bernard et al., 2004, 2009; Huang, 2012; 
Lee, 2017; Mahmud et al., 2022; Martin et al, 2022; Perkowski, 2013; Storrings, 2005; Walker et 
al., 2024; L. Wang, 2022; Zhao et al., 2005). Variation between in-person and ODDE learners 
across reviews is stark. The relationship between variations of self-efficacy and academic 
performance in Richardson et al. (r = 0.31 to 0.59) are clearly stronger than the aggregate self-
efficacy for ODDE contexts, Walker et al. (2024) (r = 0.14). Further exploration of moderators is 
clearly needed.  

Not only were meta-analyses addressing primary research quality sporadic (Bernard et 
al., 2004, 2009; Macnamara et al., 2023; Multon et al., 1991; Storrings, 2005), but none of them 
used an establish quality coding rubric. Reviews addressing methodological quality ranged from 
simple reporting (Multon et al., 1991) to using publication in peer reviewed journals as a form of 
quality control (Richardson et al., 2012), to analyses indicating that variations in quality do 
impact effect sizes (Bernard et al., 2004; Macnamara et al., 2023). For example, Macnamara et 
al. (2023) found that significant effect sizes became non-significant when focusing on acceptable 
or best available study quality. Existing reviews note challenges of insufficient data reporting 
(Multon et al., 1991) including methodological quality, making recommendations to stakeholders 
challenging (Bernard et al., 2004). Other quality concerns range from methodological rigor 
(Storrings, 2005) to convenience samples and treatment variations (Perkowski, 2013). Despite 
clear concerns, the most recent review incorporating quality in the analysis of motivation for 
ODDE learners (Bernard et al., 2009) only covers studies as recent as 2006. All of these reviews 
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use novel coding for methodological features, bypassing modern quality rubrics (Rosella et al. 
2016).  

Measurement quality is not routinely addressed within motivation reviews. Some use 
measurement rigor as a selection criterion (Howard et al., 2021; Storrings, 2005). Others, 
working in the niche area of Achievement Goals report reliabilities across scales (Hulleman et 
al., 2010). Rare reviews (Richardson et al., 2012) report and adjust for internal construct 
reliability of both predictors and reliability of learning outcomes. Even studies that address 
reliability in some fashion fail to address validity (Hulleman et al., 2010; Richardson et al., 
2012). Among ODDE reviews, the only analysis of measurement focused on discriminant and 
criterion validity of achievement goals as moderators (Huang et al. 2012) and only covered 
studies through 2008. For discriminant validity, Huang et al. (2012) found four factor models of 
achievement goals had the highest correlation values with learning. A meta-regression for 
criterion validity determined that 6% of the variance in academic achievement could be 
accounted for when using all four sub-constructs. Clearly, there is a need to examine literature at 
the intersection of motivation and ODDE using an established methodological quality rubric and 
comprehensively addressing measurement reliability and validity for a wide range of 
motivational constructs, covering two decades of recent literature.  

Online and Blended Synchronicity  

Much like selecting a quality coding rubric for educational research, definitions of 
synchronous, asynchronous and mixed interactions can be challenging. Some definitions center 
on interaction in combination with group size. At one extreme, online classes are synchronous 
when they scale the in-person classroom to multiple sites. Asynchronous interactions are either 
individual or small group based and utilizing technologies like email that allow for separation of 
time (Bernard et al., 2004). Refined definitions acknowledge directionality as a difference—
reading an article is a one-way transfer and fundamentally asynchronous, contrasted with 
synchronous exchanges like the bi-directional transfer of a chat or Zoom meeting (Bernard et al., 
2009). Our definition borrows from the consensus-built work of Johnson et al. (2022), where 
synchronous learning requires fixed, real-time exchanges, whether in-person or virtually, and 
asynchronous learning provides students with flexibility to access learning experiences when and 
where it works for them. 

Based on both past and recent reviews (e.g. Bernard et al. 2004; Krebs-Lazendic et al. 
2026), course synchronicity may be as important as the nature of the motivational construct. 
Bernard et al. (2004) examined differences between distance education (DE) and classroom 
instruction (CI) across affective, performance, and completion outcomes. Splitting results out by 
asynchronous and synchronous contexts, authors found variations in effect size for academic 
performance, as well as affective and course completion outcomes. Expanding their prior coding 
to include mixed synchronicity, Bernard et al. (2009) explored variations in online learning 
coding for type of interaction (e.g., student-student) and mean difference based on strength of 
interaction (minimal, moderate, high). Although they did not find significant differences in effect 
sizes between synchronous and asynchronous courses, they did find that the strength of 
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interactions in asynchronous courses predicted academic performance; this was not the case for 
mixed or synchronous courses, suggesting that the strength of interactions is of particular 
importance when students engage asynchronously with course content. Note that both of these 
meta-analyses explore mean differences—either between online and in-person settings (Bernard 
et al., 2004) or between interaction strength variations in online classes (Bernard et al., 2009). 
Given that other research examining the effects of synchronicity on academic performance 
remains limited (Krebs-Lazendic et al., 2026), extending early mean difference reviews to 
explore the moderating effect of synchronicity in motivation relationships is needed.  

Motivational Constructs 
Building from social cognitive theory to the constructs and subconstructs of student 

motivation is another review challenge. Motivation is a multidimensional latent variable that 
consists of several constructs including but not limited to self-efficacy, achievement goal 
orientation, self-determination, task value and attributional style (see Table 1 for well-established 
definitions).  

Table 1 

Select motivational constructs and their definitions 

 
Construct  Definition 
Self-efficacy  A person’s belief in their ability to organize and execute the tasks 

required to achieve a desired level of performance, derived from 
Bandura’s Social Cognitive Theory (1986, 2006) and thought to be 
domain specific.  

Achievement Goal Orientation “A future focused cognitive representation” (Hulleman et al. 2010, 
p. 423) that guides behavior either towards or away from a specific 
outcome; measured across dimensions of mastery vs. performance 
goals and approach vs. avoidance goals (Bardach et al., 2020; Elliot 
& McGregor, 2001). 

Self-Determination Intrinsic motivation involves pursuing a goal because of its 
perceived internal value (e.g., for interest or fun); extrinsic 
motivation involves pursuing a goal that has outcomes separate 
from the activity (e.g., an external reward, Ryan & Deci, 2000, 
2020) 

Task Value Operationalized as attainment value (importance of doing well on a 
task), intrinsic value of the task, utility value (how a task relates to 
current and future goals), and cost (Eccles & Wigfield, 2020). 

Attributional Style A perception of successes and failures, made up of three 
components: (1) locus of causality (internal or external causes), (2) 
stability (constant or variable), and (3) controllability (Weiner, 
2010). 

Theoretical Framework for Motivation 
There are several intersecting theories in ODDE and motivation literature, such as the 

Community of Inquiry Framework (Garrison, 1999, 2007), which incorporates self-regulated 
learning and self-efficacy in learner presence (Chang et al., 2026). The primary interest for this 
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review is motivation. We adopted the review stance of Lazowski and Hulleman (2016) that 
motivation is complex, multi-dimensional, and in the context of educational research shares 
common roots in social cognitive theory (Bandura, 1986, 2006). Some motivational constructs, 
such as self-efficacy are featured in social cognitive theory. Others, such as achievement goal 
theory lean heavily on student perceptions and thus a social-cognitive orientation to illuminate 
goal structures (Ames & Archer, 1988).  

Motivation, Measurement, and Synchronicity 
In the extant literature specific to ODDE, much of the research has focused on self-

efficacy as it relates to academic performance. For example, in our recent meta-analysis, nearly 
half of the outcomes included in the analyses examined the relationship between self-efficacy 
and academic performance (Walker et al., 2024). No other single motivational construct (e.g., 
task value, attributional style) was represented as frequently in empirical research. That could be 
a function of reviews with in-person learners (Richardson et al., 2012) where the strongest 
relationships are between self-efficacy scales and academic performance. Note that at least with 
Richardson et al. (2012), subconstructs of goal orientation accounted for more than half (n = 
164) of the total outcomes.  

It is possible that the focus on self-efficacy partially stems from the robust empirical 
testing of instruments that are available to measure it. The Motivated Strategies for Learning 
Questionnaire (MSLQ; Pintrich, 1991) is one such measure that has been rigorously vetted in the 
literature (de Araujo et al., 2023; Hilpert et al., 2013; Pintrich et al., 1993) and is frequently used. 
Although this instrument was designed to measure a range of motivational constructs, the Self-
Efficacy for Learning and Performance subscale of the MSLQ is often used to measure 
motivation among online and blended learners (e.g., Alkış & Temizel, 2018; Goulão, 2014; Joo 
et al. 2013). However, the value of this tool in assessing motivation in online courses has been 
called into question in past research. Cho and Summers (2012) found that the original factor 
structure of the MSLQ was not supported in students taking asynchronous online courses. This 
could partially account for the modest overall relationship we found between self-efficacy and 
academic performance in our recent meta-analytic review (Walker et al., 2024). However, we 
also found some variation in the overall effect size, with stronger correlations among self-
efficacy for learning in general, and weaker relationships with one of several technology contexts 
(e.g., online, computer, or LMS self-efficacy). This variation could also be due to the range of 
approaches in measuring self-efficacy in the literature. While some authors used the original self-
efficacy subscale in the MSLQ to measure motivation (e.g., Alkış & Temizel, 2018; McPhaul-
Moore, 2013; Savoji, 2013), others modified the original subscale (Hodges, 2008; Liu et al., 
2019), and some authors developed their own measurement instruments (Kim, 2012; Martin et 
al., 2010; Warren et al., 2020). The example of self-efficacy alone highlights the potential for 
measurement decisions, including the synchronicity of classroom experiences to impact the 
correlation between motivation and academic performance in online and blended settings. 
Clearly, an updated review that not only explores the measurement space, but contextualizes 
findings related to motivational constructs and synchronicity after accounting for measurement 
quality and methodological quality is needed.  
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Assessing Study Quality 
In meta-analytic reviews, measurement reporting quality is one of several variables best 

paired with an overall assessment of study quality. Appraisal of study quality, which often looks 
for reliability and validity of study methods, sampling, results reporting, replicability, and 
generalizability, is critical for evaluating the relevance and trustworthiness of a study (Rosella et 
al. 2016). Beyond ensuring a study and its results are trustworthy and relevant, prior meta-
analytic work has shown that methodology quality accounts for considerable amounts of 
variation in effect size (Bernard et al., 2004). Unfortunately, extant reviews cite issues such as 
high attrition, large amounts of missing data, and differences in course content, duration, and 
delivery between treatment and control groups as contributors to low quality studies (e.g., 
Bernard et al. 2004; Huang, 2012; Perkowski, 2013). In a three-round meta-analysis study 
evaluating methodological quality control in intervention designs (no control, minimum 
standards, and best available standards), Macnamara et al. (2023) found that failure to account 
for study quality leads to inflated effect sizes. Additionally, of the 63 studies and 96 effect sizes 
included in their first-round analysis, only 6 studies and 10 effect sizes met more than 60% of the 
10 relevant best practices criteria for third-round analysis. The systematic association between 
study quality and effect sizes, coupled with the scarcity of methodological quality in the 
literature, reinforces the importance of quality-controls in analyses meant to advise practitioners 
and policymakers on best practices. 

Though study quality has been shown to impact effect sizes, few meta-analyses of 
academic achievement in ODDE have accounted for study quality in their analysis or discussion 
of limitations. Further, when quality is evaluated, authors utilize varying levels and types of 
criteria to support their assessment. For example, Bernard et al. (2004, 2009) coded for the type 
of publication, selection bias, treatment-control group equivalence, and attrition while 
Macnamara et al. (2023) coded for study group similarities, random assignment, a priori power 
analysis, clear design, transparent and complete results, and reporting of conflicts of interest. 
Another shortcoming of extant reviews is the exclusion of observational research from analysis. 
To the best of our knowledge, extant reviews that account for study quality focus primarily on 
experimental or interventional studies. The shortage of common frameworks or tools to conduct 
quality appraisals adapted to the wide range of educational research (Fromm et al., 2025) may be 
a contributor to the shortage of reviews that acknowledge study quality.  

While less prominent in educational research, quality appraisal tools have a foothold in 
evidence-based medicine (EBM), where many tools were developed with a focus on risk of bias 
(Katrak et al., 2004). Such tools include AMSTAR, a measurement tool to assess systematic 
reviews (Shea et al. 2007); RoB 2, a revised Cochrane risk-of-bias tool for randomized trials 
(Sterne et al., 2019); and ROBIS, a tool to assess risk of bias in systematic reviews (Whiting et 
al., 2016), among others. Quality appraisal tools share at least one limiting factor in their 
potential usefulness: the inability to adapt to different settings, contexts, and study designs. 
Rosella et al. (2016) proposed the development of a meta-tool that extends to a wide range of 
applicability and flexibility, such as to observational studies, as well as maintain a rigorous and 
transparent process to carry out a detailed assessment. This tool, the Meta Quality Appraisal Tool 
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(MetaQAT), was developed and validated for the evaluation of a wide range of research 
applications and practices.  

The MetaQAT framework encompasses four domains of quality, including relevancy, 
reliability, validity, and applicability. The assessment of relevancy focuses on evaluating the 
degree to which a topic is relevant to the issue that is being investigated. The assessment of 
reliability focuses on a thorough examination of the quality and transparency of the research, 
including a clear presentation of a study, the description of research methodology, results, and 
the inclusion of ethics procedures, etc. In terms of the assessment of validity, it examines both 
the internal validity and external validity to address the likelihood and magnitude of error or bias 
in the study; for example, the appropriateness of the study methodology for the scope of 
research, explicit conclusions, etc. The assessment of applicability evaluates whether the 
generated results can be applied within the scope of the field or discipline being studied. In the 
absence of a flexible quality appraisal tool in educational research, the current review adopted a 
modified MetaQAT to narrow the literature gap examining the influence of study quality on the 
magnitude of study effects and results in experimental, quasi-experimental, and observational 
research. In our study, we coded for methodological reliability, validity, and applicability. 
Relevancy, as outlined in MetaQAT, was addressed through our inclusion and exclusion criteria.  

Research Questions 
Based on existing reviews, it is clear the quality of primary ODDE research matters. 

Primary research suggests in-person and ODDE settings are not the same and can impact 
measurement models (Cho & Summers, 2012). Early review efforts to account for measurement 
reliability (Richardson et al. 2012), make contributions to measurement validity (Huang, 2012), 
and explore study quality (Bernard et al., 2004), but have not been replicated in modern ODDE 
reviews and have never been tackled comprehensively regardless of setting. It is also clear there 
are differences in the relationship between motivation and academic performance between in-
person (Richardson et al., 2012) and ODDE learners (Walker et al., 2024). Regardless of setting, 
motivational construct is an important moderator in these relationships. In addition, there is a 
clear need to explore synchronicity of ODDE class interactions based on prior mean difference 
reviews (Bernard et al, 2004 & 2009) and a recent critical review of the literature (Krebs-
Lazendic et al. 2026). Combining these approaches, a replication of Richardson et al. (2012) is 
needed that includes a comprehensive examination of and adjustments for study quality, an 
exploration of a broad range of motivational constructs, and an examination of synchronicity 
levels in online courses.  

The current meta-analytic review addresses the following objectives and research 
questions in ODDE college-level courses:  

Objective1: Explore the impact of measurement and methodological quality on studies of 
motivation and learning performance.  

RQ1: To what extent does measurement reporting quality (validity and reliability) 
moderate the relationships between motivation and learning performance?  
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RQ2: To what extent does methodological quality (via MetaQAT and attrition) of primary 
research moderate the relationships between motivation and learning performance?  

Objective2: Explore synchronicity and motivational constructs as moderators, using 
research quality adjusted effect sizes. 

RQ3: Adjusting for measurement reporting and methodological quality, to what extent 
does class synchronicity (asynchronous, synchronous, mixed) moderate the relationships 
between motivation and academic performance?  

RQ4: Adjusting for measurement reporting and methodological quality, to what extent 
does motivational construct (self-efficacy, attributional style, achievement goal orientation, and 
self-determination and task value) moderate the relationships between motivation and academic 
performance? 

Methods 
To address our research questions, we employed a systematic review and meta-analysis 

of ODDE literature examining student motivation and academic performance. Our study protocol 
was informed by the DISCAR (designing, including/excluding, screening, coding, analyzing, 
reporting) process (West & Martin, 2024), which identifies best practices for rigorous reviews. 
Our methods focus on all sections except for reporting, which is addressed in the results section. 

Design 
Our study and question design was driven by a desire to replicate and extend an 

exploration of motivational constructs (Richardson et al., 2012) and synchronicity (Bernard et 
al., 2004, 2009) after exploring and accounting for a broad range of motivational constructs 
(Walker et al., 2024) and a broad range of research quality in ODDE settings. We began with a 
scoping review to determine meaningful questions and feasibility of the study, assessing 19 
reviews of post-secondary education. Through this scoping review, we identified three major 
gaps in post-secondary and ODDE literature: 1) inconsistencies in measurement reporting; 2) 
variation in methodological rigor assessment; and 3) an updated examination of synchronicity. In 
accordance with existing guidelines, an adapted PRISMA (Page et al., 2021) flow chart (Figure 
1) was used for search transparency. 
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Figure 1 

Literature search, referrals, and screening 

 

 

Inclusion and Exclusion criteria 
An early and crucial intersection of quality is selection of the range of methodologies 

included in the review (Lipsey & Wilson, 2001). Because of our interest in determining the 
impact of study quality, we cast a wide net for inclusion criteria: 1) Peer reviewed and gray 
literature; 2) Any study design (descriptive, pre-experimental, quasi-experimental, experimental) 
as long as it was empirical and quantitative; 3) Measured attributional style, self-determination, 
self-efficacy, achievement goals, or task value; 4) Reported a relationship (r) between motivation 
and academic performance; 5) Published from 1990-2025; and 6) Used the English language. 
Studies were excluded if they: 1) Did not report a learning or performance outcome (most often 
due to it being a self-report such as anticipated grade); 2) Lacked enough information to 
calculate a correlation effect size; 3) Had either a mix of learners or education levels that did not 
align with the college/vocational sampling frame; 4) Were not online or blended learning 
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experiences; 5) Collected data during COVID-19, defined as any time during 2020; 6) Discussed 
but failed to report a motivational construct; or 7) Reported results rooted in mean differences 
instead of relationships.  

Replicating the search from our most recent review (Walker et al., 2024), nine academic 
databases (Education Source, ERIC, PsychInfo, Psychological and Behavioral Sciences, 
ProQuest, Science Direct, Scopus, Web of Science, and Wiley Online Library) were searched for 
literature at the intersection of motivational constructs and variations of online teaching modes. 
Specifically, our search terms were:  

(internality OR internal locus of control OR external locus of control OR globality OR 
stability OR attributional style OR academic locus of control OR optimism ORself-efficacy OR 
intrinsic motivation OR extrinsic motivation OR goal orientation OR achievement goal) AND 
(online learning OR distance learning OR web-based learning OR blended learning).  

When available, limiters were added for English language, research manuscripts, post-
secondary, applied related words, for all available fields encompassing 1990 through 2025. Our 
search process was inclusive of both peer reviewed journal articles and gray literature including 
conference papers, research reports and dissertations. Database results were supplemented by 
referrals from included studies, as well as systematic and narrative literature reviews. 

Screening 
After the data were extracted from databases, the citations were shared using Zotero and 

all search results were aggregated in Rayyan.ai (Ouzzani et al., 2016). Rayyan.ai was used to 
deduplicate results and track pre-pass screening assignments between a team of six screeners. 
Each study went through a screening of the title, abstract, and in cases of ambiguity about 
measuring motivation or reporting academic performance, a brief check of the full text. 
Screeners evaluated exclusion decisions based on key words related to the exclusion criteria, 
such as COVID; primary, secondary or graduate education; qualitative studies; self-reported 
performance; and MOOC studies. Generative AI tools were not used in the search, screening, or 
coding process, nor in the analyses and reporting. 

Coding 
Following the screening phase, a three-round coding sequence of first-pass coding, 

second-pass coding, and consensus coding was followed by a team of six researchers. Coding 
decisions were made according to a live code book which was developed and maintained by the 
research team. The code book began with deductive, a priori codes based on existing theory or 
frameworks. Occasionally, inductive coding was necessary when borderline or novel cases 
emerged in the literature. These borderline or novel cases were documented in the code book 
with consensus decisions to help ensure future decisions were made in a consistent manner. 

Coding included (1) article citation information; (2) class interactions (synchronous, 
asynchronous, mixed, or unclear); (3) motivational construct; (4) sample size; (5) type of 
correlation; (6) correlation; (7) study attrition based on percentage of sampling frame; (8) quality 
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of measurement validity reports (strong, attempt, none); (9) quality of measurement reliability 
reports (strong, attempt, none); and (10) study quality (good or bad/unclear) utilizing the 
MetaQAT tool (Rosella et al. 2016). 

Promising studies were first-pass coded and rejected if they failed to meet inclusion 
criteria. Studies that were accepted after a first-pass code were second-pass coded by another 
researcher. Independent coding was followed by a consensus round where disagreements were 
resolved including final decisions about inclusion, exclusion, and coding. The resolution of 
disagreements among coders was centered around finding different information to justify coding 
choices rather than differences in applying the coding guide. Data from the consensus coding 
was used in the final analysis.  

Analysis 
Analysis and reporting were supported through STATA 18.0. Base STATA functions for 

meta-analysis were supplemented by community contributed functions in MAIS and 
ROBMETA. 

Preliminary Analyses 
The following analyses are provided to promote transparency or because they were 

supportive of analyses that directly addressed research questions. Data extraction for all included 
studies is available in Appendix A.  

Inter-coder reliability  
Reliability scores (see Table 2) were not based on a sample, but a comprehensive analysis 

of all independent first- and second-pass coding. We used Krippendorff’s Alpha (2004) for 
interval, nominal, and ordinal data and Cohen’s Kappa (Cicchetti & Feinstein, 1990) for boolean 
variables (good or bad/unclear). 

Table 2 

Inter-rater reliability of all first- and second-pass coding 

 
Variable reliability  method data type 
Effect size (r) 0.96  alpha interval 
Measurement Reporting Quality 
 Validity (strong, attempt, none) 0.90  alpha ordinal 
 Reliability (strong, attempt, none) 0.84  alpha ordinal 
Study Quality (good, bad/unclear unless otherwise noted) 
 Reliability: Clear presentation 0.70  kappa boolean 
 Reliability: Clear methods and results  0.57  kappa boolean 
 Reliability: Ethics procedures described 0.76  kappa boolean 
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Variable reliability  method data type 
 Validity: Methods align with scope of research 0.67  kappa boolean 
 Validity: Free from bias 0.61  kappa boolean 
 Validity: Explicit and transparent conclusions 0.67  kappa boolean 
 Applicable to setting (higher education) 0.47  kappa boolean 
 Confident in findings  0.79  kappa boolean 
 Attrition for sample (0 - 1.00; missing) 0.86  alpha  interval 
Moderators 
 Synchronicity (asynch, synch, mixed, unclear) 0.75 alpha nominal 
 Motivational construct (thirteen options) 1.00 alpha Nominal 

 
Most of the Krippendorff’s alpha values were at or near acceptable reliability of > .80 

(Marzi et al., 2024). For Cohen’s Kappa, inter-rater reliability was weak at < 0.59 to moderate at 
< 0.79 (McHugh, 2012).  

Outlier detection  

Three negative outliers were detected (Liu et al., 2019; Stephen et al., 2020; Tladi, 2017), 
prior to any adjustments. Rather than drop meaningful data, the values for each were trimmed to 
-.411, which is the lowest effect size that is not an outlier. Note these same three outliers were 
found before and after corrections for quality. 

Publication bias 
Publication bias using Egger’s test was not significant t(116) = 1.38, p = 0.17 before 

trimming outliers. After trimming outliers as well as after adjustments for study quality, there 
was still no support for publication bias t(116) = 0.79, p = 0.43. A funnel plot of trimmed outlier 
and quality adjusted effect sizes by standard error (see Figure 2) also suggests there was no 
publication bias.  
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Figure 2  

Visualization of standard error and adjusted effect size estimates  

 

 

Multiple outcomes  
With a total of 117 outcomes across 64 studies, there were clearly nested data. On 

average, there were 1.8 outcomes per study, with a range of a single outcome to 8 outcomes. 
Keeping these data was important to observe the full range of quality and also to keep 
information about moderators. For example, Bahçekapili and Karaman, (2020) examined the 
relationships between self-efficacy (r = 0.14), external (r = 0.16) and internal (r = 0.03) locus of 
control to academic performance. These not only represent different motivational constructs; 
they represent effect sizes that are both above and indistinguishable from 0. Rather than drop 
outcomes, we used Robust Variance Estimation (Hedges et al., 2010) to determine the degree to 
which the study of origin impacts effect size estimates of individual outcomes. Using adjusted 
effect sizes, the difference between assuming that no variation (rho = 0.00) was from the study of 
origin and all variation (rho = 0.99) was from the study of origin was minimal. Specifically, 
there was a 0.01 change in the overall effect size for the differences between no variation and all 
variation attributed to the study of origin; there was no change for quality adjusted overall effect 
size. As a result, outcomes were treated as if they were independent.  

Academic Performance 
Given the self-reported nature of most measures of motivation, our interest in academic 

performance was in scored performances including tests, quizzes, or class grades. We also 
included class completion and persistence (e.g., returning for additional coursework; Stephen, 
2020). We excluded self-report of performances like grades (e.g., Radovan, 2011). We also 
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excluded cases where scored performances, such as exam scores were combined with self-
assessment of learning (e.g., Zhang, 2020).  

Rigor and Quality 
The deep examination of study features forced by coding for quality did result in some 

adjustments to the prior data. Three outcomes, two technology and one online learning self-
efficacy, from Torun (2020) were collapsed into a single technology self-efficacy outcome using 
a mini meta-analysis. One external locus of control outcome in Wang and Newlin (2000) was 
changed to internal locus of control after closer examination of the measure. These adjustments 
underscore the need for a comprehensive review of primary research quality.  

Results  
Where relevant, a random-effects (Borenstein et al., 2021) model was used, reflecting a 

focused (college and vocational) education level coupled with wide variations in study quality, 
motivational constructs, outcomes, and subject areas. Significance testing was set at the .05 level 
for all analyses. Finally, a Hunter and Schmidt (1990, 2007) correction was used to adjust for 
sample size for all analyses and to facilitate corrections for quality as detailed below. To 
compare moderators, ANOVA style Z-tests were used (Borenstein et al., 2021). Much like a 
primary study ANOVA, these offer direct comparisons between two groups using a ratio of the 
difference (r) and square root of the summed variance for any two groups. Similarly, Z-tests 
were used to determine if effect sizes were significantly different than r = 0 or no relationship 
between motivation and academic performance.  

Objective 1: Measurement reporting and study quality 
For the first two research questions, effect sizes were adjusted only for sample size. The 

primary purpose of these questions was to determine which, if any, variations in measurement 
reporting and methodological quality impact the correlation between motivation as a whole and 
academic performance. 

RQ1 Measurement reporting quality as a moderator 
Most levels (good, attempt, none) in both measurement reliability and measurement 

validity (see Table 3) were associated with correlations significantly larger than zero. The lone 
exception was reliability (attempt r = 0.02). The expectation is that stronger reporting (good) 
should result in larger effect size relationships. For reliability, good reporting is associated with 
reduced measurement error and a closer approximation of the true (larger) effect size. For 
validity, stronger reporting should more precisely measure the motivational construct and be a 
closer approximation of the true (larger) effect size. 
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Table 3 

Measurement reporting moderators 

 
Measurement Reporting n r CI[95%] I2 Q p 
Reliability 
 good 89 0.14 [0.12, 0.16] 84.2% 557.43 0.01 
 attempt** 10 0.02 [-0.04, 0.08] 87.2% 70.36 0.53 
 none* 18 0.19 [0.14, 0.16] 81.1% 89.95 0.01 
Validity 
 good 34 0.14 [0.11, 0.17] 89.5% 315.29 0.01 
 attempt** 28 0.10 [0.07, 0.13] 84.5% 174.67 0.01 
 none 55 0.16 [0.13, 0.18] 77.1% 235.51 0.01 
Overall 117 0.14 [0.12, 0.15] 83.7% 711.46 0.01 

*Indicates a significant and stronger effect size (r) difference in need of reduction for 
quality 

**Indicates a significant and weaker effect size (r) difference in need of an increase for 
quality 

Pairwise comparisons revealed that measurement reliability reported as none was 
significantly higher than attempt (r = 0.19; rdiff = 0.17; Z = 4.06, p < 0.01) suggesting outcomes 
with no attempt to report measurement reliability may overestimate the effect size (r). Two other 
significant relationships were in an expected direction. Measurement reliability of attempt was 
lower than good (r = 0.02; rdiff = 0.12; Z = 3.72, p < 0.01). For measurement validity, attempt 
was significantly lower than good (r = 0.10; rdiff = 0.04; Z = 2.17, p = 0.03). Both reliability and 
validity reporting attempts indicate underestimates of the effect size (r). Results suggest that 
variations in measurement reliability and validity reporting do significantly moderate effect sizes 
(r) between motivation and academic performance. Under the assumption that high quality 
studies are transparent about reporting measurement reliability, outcomes with no reporting or 
none (n = 18) were adjusted down for later analyses. Similarly, reliability (n = 10) and validity (n 
= 22) reporting attempts were adjusted up for later analyses. Overall, these results indicate that 
measurement reporting quality plays a significant role in moderating the effect size relationships 
between motivation and academic performance, both over and under-estimating the relationship.  

RQ2 Methodological quality as a moderator 
As with measurement reporting, effect sizes were adjusted only for sample size for 

analysis. These ratings were based on judgements about the methodological quality of each 
outcome. Out of nine coded MetaQAT plus attrition variables, three indicators of methodological 
quality acted as significant moderators (see Table 4). All of the significant differences paired 
bad/unclear methods, bad/unclear freedom from bias, and missing enough data to calculate 
attrition with stronger relationships.  
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Table 4 

Methodological quality moderators 

 
Methodological Quality n r CI[95%] I2 Q p 
Reliable 
 Clear study presentation 111 0.14 [0.12, 0.15] 83.3% 658.86 0.01 
  bad/unclear presentation 6 0.13 [0.02, 0.24] 90.6% 53.05 0.01 
 Clear methods & results 92 0.11 [0.10, 0.13] 87.6% 515.12 0.01 
  bad/unclear methods* 25 0.17 [0.14, 0.19] 69.6% 167.90 0.01 
 Clear ethics  32 0.12 [0.08, 0.15] 76.7% 133.28 0.01 
  bad/unclear ethics 85 0.15 [0.13, 0.17] 85.5% 578.75 0.01 
Valid 
 Methods match study scope 92 0.13 [0.11, 0.15] 84.7% 596.08 0.01 
  bad/unclear match 25 0.17 [0.13, 0.21] 73.7% 91.29 0.01 
 Freedom from bias 101 0.13 [0.11, 0.14] 84.4% 640.82 0.01 
  bad/unclear bias* 16 0.21 [0.17, 0.25] 81.4% 80.83 0.01 
 Explicit conclusions 24 0.13 [0.11, 0.15] 82.1% 425.55 0.01 
  bad/unclear conclusions 77 0.14 [0.11, 0.18] 84.3% 146.55 0.01 
Generalizable to higher ed 97 0.15 [0.13, 0.16] 85.4% 658.32 0.01 
  bad/unclear generalizability 20 0.10 [0.05, 0.15] 71.9% 67.71 0.01 
Confident in findings 68 0.13 [0.11, 0.15] 85.6% 466.44 0.01 
  bad/unclear confidence  49 0.15 [0.12, 0.18] 79.6% 235.60 0.01 
Attrition reported 61 0.11 [0.09, 0.13] 87.1% 464.22 0.01 
  Attrition missing*  56 0.17 [0.14, 0.20] 74.7% 217.00 0.01 
Overall 117 0.14 [0.12, 0.15] 83.7% 711.46 0.01 

*Indicates a significant and stronger effect size (r) difference in need of correction 

 
For these data, methodological quality clearly mattered. As noted in the preliminary 

analysis, specific attrition values were calculated when available (n = 61). A meta-regression was 
run to determine if specific attrition rates can predict effect size relationships (r). Results 
suggested there was no predictive relationship between specific attrition values and academic 
performance (beta = -0.12), t(55) = 1.15, p = 0.25. There was, however, a marked increase after 
binary coding attrition and using all available data. When attrition was missing, the effect size 
went up (r = 0.17; rdiff = 0.06; Z = 3.72, p < 0.01). Of the four significant moderators, all of them 
associated poor methodological quality with increases in the relationship (r) between motivation 
and academic performance.  

Based on findings from the first objective and first two research questions, motivation 
may be underestimated (reliability and validity reporting attempts). More frequently, motivation 
relationships with academic performance may be over-estimated (attrition, unclear bias, unclear 
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methods, no reporting of reliability). Adjustments are needed to compensate for these significant 
variations in measurement and methodological quality.  

Objective 2: Synchronicity and motivational construct moderators with quality adjusted 
effect sizes 

Building on findings from the first objective, effect sizes were adjusted for sample size as 
well as methodological quality and measurement reporting quality. For the remaining research 
questions, overestimates of relationships (bad/unclear presentation, ethics, missing attrition, no 
reporting of reliability) were adjusted down and underestimates (reliability and validity reporting 
attempts) were adjusted up. The quality adjusted relationship between motivation and academic 
performance dropped (radj = 0.10) by almost one third (see Table 5). Note that the overall 
correlation is not a meaningful value because of the wide range of study characteristics. It is a 
useful reference point for subgroups and to capture how profound the adjustments for 
measurement and methodological quality are.  

RQ3 Class synchronicity as moderators, adjusting for quality 
Class synchronicity acted as a stark moderator of the relationship (r) between motivation 

and academic performance. Asynchronous class interactions (n = 17, radj = 0.04) were not 
significantly different from 0 (Z = 1.73, p = 0.08. In other words, in asynchronous courses, there 
was no relationship between motivational constructs and academic performance. 

Table 5 

Class synchronicity moderators 

 
Class Synchronicity n radj CI[95%] I2 Q 
asynchronous*** 17 0.04 [-0.01, 0.09] 86.6% 119.51 
mixed 48 0.12 [0.09, 0.15] 77.4% 208.24 
synchronous 15 0.11 [0.07, 0.15] 94.5% 253.52 
 unclear 37 0.10 [0.07, 0.12] 80.6% 185.80 
Overall (adj) 117 0.10 [0.08, 0.12] 83.8% 717.78 

***Asynchronous classes were not significantly different than radj = 0. 

 
Asynchronous interactions were also significantly weaker relationships than both 

synchronous (radj = 0.04; rdiff = 0.07; Z = 2.14, p = 0.03) and mixed (rdiff = 0.08; Z = 2.69, p = 
0.01) class interactions. Finally, unclear interactions which could have asynchronous, mixed, and 
synchronous ODDE elements had similar relationships to all forms of synchronicity. Almost a 
third of the outcomes (n = 37) were unclear, lacking enough of a study description to 
characterize. From these results, it is clear that class synchronicity acted as a significant 
moderator in the relationship between motivation and academic performance. Truly 
asynchronous classes are rare in this sample (n = 17), and also show no relationship between 
motivation and academic performance when adjusting for study quality.  
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RQ4 Motivational constructs as moderators, adjusting for quality  
Making corrections for sample size, methodological quality, and measurement reporting 

quality clearly impacted the strength of relationships between both motivational categories and 
specific constructs with academic performance. In particular, one entire motivational category, 
attributional style (radj = 0.04; Z = 1.65, p = 0.10), and seven specific constructs were not 
significantly different from radj= 0 (see Table 6). The results suggest that internal and external 
locus of control, relative autonomy index, extrinsic motivation, technology self-efficacy, 
performance avoidance, and mastery avoidance have no relationship with academic performance 
in ODDE courses. 

Table 6 

Motivational construct moderators 

 
Motivational Construct n radj CI[95%] I2 Q 
Attributional Style*** 14 0.04 [-0.01, 0.09] 71.4% 45.43  
 internal locus of control*** 6 -0.02 [-0.10, 0.06] 87.9% 41.29 
 external locus of control (rev)*** 4 0.10 [-0.02, 0.21] 38.4% 4.87 
 optimism  4 0.08 [0.04, 0.12] 51.3% 6.16 
Self-determination Motivation 28 0.10 [0.06, 0.13] 83.0% 159.20 
 relative autonomy index*** 1 -0.10 [-0.22, 0.02] - - 
 extrinsic motivation*** 7 0.04 [-0.04, 0.11] 74.2% 23.22 
 general motivation 7 0.12 [0.04, 0.21] 88.4% 51.85 
 intrinsic motivation 13 0.13 [0.08, 0.18] 77.4% 53.05 
Self-efficacy  56 0.11 [0.08, 0.13] 83.5% 333.75 
 technology self-efficacy*** 20 0.04 [-0.01, 0.08] 89.8% 186.00 
 learning self-efficacy 36 0.15 [0.12, 0.18] 76.1% 146.41 
Achievement Goals 11 0.10 [0.07, 0.14] 93.0% 143.77 
 performance avoidance*** 2 0.02 [-0.06, 0.09] 76.2% 4.21 
 mastery avoidance*** 3 0.05 [-0.02, 0.13] 95.8% 47.48 
 mastery approach 4 0.15 [0.09, 0.21] 95.9% 74.05 
 performance approach 2 0.17 [0.09, 0.25] 96.7% 30.31 
Task Value 8 0.16 [0.11, 0.21] 64.5% 19.74 
Overall (adj) 117 0.10 [0.08, 0.12] 83.8% 717.78 

***Motivational construct or category was not significantly different than radj = 0 

 
Note that the relative autonomy index, as a single outcome, does not have heterogeneity 

(I2 or Q) statistics. It represents a single extreme outcome. Clearly, along with several other 
constructs with emerging sets of evidence, additional research is needed. Half of the motivational 
constructs had four or fewer outcomes. Authors of included studies clearly responded to 
theoretical calls to vary measurement of self-efficacy by context. Adaptations included scales for 
online, computer, and even LMS self-efficacy. Aggregated under technology self-efficacy in our 
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coding, technology self-efficacy was lower than learning self-efficacy (radj = 0.04; rdiff = 0.11 Z 
= 3.97, p < 0.01). Neither approached the self-efficacy relationships found among in-person 
courses (r = 0.31 to 0.59) in the meta-analysis of in-person classes replicated here (Richardson et 
al. 2012). In summary, motivational construct does moderate the relationship between motivation 
and academic performance after adjusting for study quality. Many constructs are in need of 
additional research. From available evidence, half of the constructs, representing about one third 
of all outcomes show no relationship between motivation and academic performance after 
adjusting for study quality. 

Discussion 
ODDE scholars displayed a clear interest in the relationship between motivation and 

academic performance. Ignoring COVID-19 and MOOC studies and focusing on intentionally 
designed college and vocational courses. A large volume of outcomes (n = 117) was represented 
in this meta-analytic review. That interest increased rapidly in the form of empirical literature 
with 23 of those outcomes added just over the past year and a half.  

On balance, quality analyses suggested that effect sizes (r) for online and blended 
learning are over-estimated by as much as a third. In some cases, there were clear indications of 
scholarly rigor for measurement reliability reporting. The only two cases of likely underestimates 
of effect size were both in the area of measurement reporting quality. For attempts to report 
measurement reliability and measurement validity, the effect size was lower than strong reports 
as expected, and also lower than no reports. This suggests a level of attenuation in need of 
positive correction. Only 15% (n = 18) of outcomes failed to report any measurement reliability 
and for the vast majority of cases (n = 89) reliability specific to that sample was reported. Given 
the measurement challenges and range of effect sizes for various measures and study contexts 
already in the literature (e.g., Cho & Summers, 2012; Huang, 2012; Hulleman et al. 2016), this is 
to be commended and should continue. Measurement validity reporting was far less clear with 
almost half (n = 55) of the outcomes lacking any kind of report. In many ways, validity is even 
more crucial given reported relationships between factors and effect size (Huang, 2012). Clearly 
ODDE scholars made attempts at following theoretical recommendations to assess self-efficacy 
in domain-specific ways (Bandura, 1986, 2006). However, it is also clear that variations on 
technology self-efficacy may not align with Bandura’s thinking about domain. In a broad sense, 
through the lens of motivational constructs at least, it is clear that ODDE is a different 
measurement context for motivation than in-person settings. 

Under-reporting was also present in methodological quality. Attrition had so many 
missing values (n = 56) that it lacked sensitivity to use specific attrition rates despite a wide 
range (see Appendix A) and had to be binary coded to adjust for quality. Methodological quality 
was not a significant factor most of the time, but when it was significant, lower quality 
(bad/unclear methods, bad/unclear bias, and no reports of attrition) resulted in significantly 
stronger correlation values that required correction. Inflated effect sizes for less rigorous 
methods matched prior reviews of in-person and digital learning (Macnamara et al., 2023). 
Contextualizing quality in terms of MetaQAT, casting a wide net for relevancy was rewarded 
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with quality challenges to methodological reliability and methodological validity. The ODDE 
literature for relationships between motivation and academic performance did appear to have 
questionable applicability. Note that strong MetaQAT indicators should be more sensitive to real 
differences in outcomes and more likely to show higher correlations, which was never the case.  

Across the combination of measurement reporting and methodological quality, significant 
differences existed. Quantifying and adjusting for those differences reduced the overall effect 
size from r = 0.14 to radj = 0.10. Quality adjustments similarly resulted in significant changes 
when exploring mean difference (g) variations in interaction strength for online and blended 
learners (Bernard et al., 2009). The work of comprehensively quantifying and adjusting for 
quality differences is a direct benefit of this review, and consistent with prior reviews 
(Macnamara et al., 2023) of in-person learners. Based on the number of quality moderators and 
the magnitude of effect size reduction from quality adjustments, researchers should strive for 
more rigorous measurement validity, keep up efforts on measurement reliability, and recognize 
that reductions in methodological quality may overestimate relationships between motivation and 
academic performance. An indirect benefit of intense quality coding was the important 
adjustments to motivational construct assignments for two different studies. Thus, for reviewers, 
both coding and adjusting for quality were clearly important for properly characterizing and 
contextualizing the ODDE literature as it intersects with motivation. In a dramatic shift from in-
person meta-analyses, several moderators such as asynchronous class interactions and half of the 
motivational constructs were not just weak effect sizes, they were so weak that they supported 
the null hypothesis of no relationship between motivation and academic performance in ODDE. 
Bernard et al. (2009) did not find overall mean differences (g) between asynchronous, 
synchronous or a mix of synchronicity when examined in isolation, but they did detect 
differences when simultaneously accounting for low, moderate, and high interaction. Our results 
showed that synchronicity did matter across all observations, specifically that asynchronous 
settings showed no relationship (radj = 0.04) between motivation and academic performance. As a 
key finding, our results were a sharp contrast from the widespread agreement about motivation 
(Richardson et al., 2012), including specific recommendations to enhance academic self-efficacy 
in order to improve academic outcomes in classroom settings (Honicke et al., 2020). Specific to 
the ODDE literature, intentional choices to select for (Krebs-Lazendic et al., 2026) or code for 
synchronous experiences in reviews is warranted—at least in the context of motivation.  

Limitations and Future Work 
Coding for quality relied on the transparency of primary research. There was an ordinal 

relationship between good validity (actual analysis as part of a given study) an attempt (citing the 
validity efforts of another study) or no reporting. Caution is warranted when generalizing 
findings, especially for validity given the large number (n = 55) of studies with no reporting. 
Additionally, both validity and reliability at times reported specific scores or analyses. In the 
case of measurement reliability, the vast majority of outcomes reported coefficients for their 
specific sample (n = 89). In short—there was hidden precision in measurement validity and 
reliability that should be explored. These actual values could be used to model unattenuated 
correlations (Hunter & Schmidt, 2007) by means of a psychometric meta-analysis, a logical next 
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step for this research. That work would not be possible without the existing quality efforts of 
authors in this area of literature—particularly for measurement reliability. 

One moderator, applicability to higher education showed weak inter-rater reliability. 
While it was not a significant moderator of effect size (r), measurement error could have masked 
meaningful differences between good and bad or unclear applicability. Refinement of MetaQAT 
may be warranted, particularly with uses like this meta-analysis that represent literatures outside 
of the public health context it was created for (Rosella et al. 2016). Note that this limitation was 
ameliorated given the consensus coding context for the reported results.  

The evidence base for this literature clearly has missing data, such as measurement 
validity that held true for prior examinations of the ODDE literature. Bernard et al. (2004) 
reported as much as 60% of study features were missing. Missing data in this study have clearly 
gone down, suggesting the ODDE literature is improving. The rate does still warrant caution 
when generalizing to the literature as a whole, especially because both bad/unclear quality 
elements at times and not reporting attrition were significant moderators of effect size (r). 
Relevance to select, keep, and code for the full range of study and measurement quality available 
was an intentional choice for this analysis, in part to quantify the impact and to promote better 
reporting of future ODDE research.  

While all of the motivational constructs do have ties to social cognitive theory, they also 
have rich independent underlying motivational theories. This was not the first attempt to 
synthesize across an eclectic mix of motivational constructs and their underlying theories 
(Lazowski & Hulleman, 2016). Future reviewers may want to specifically code for motivational 
theory and measurement alignment, or incorporate additional orientations such as student 
interaction (Moore, 1989) extending the work of Bernard et al., 2009, community of inquiry 
(Shea et al. 2022), or construct validity, extending the work of Hulleman et al., 2010 for ODDE 
learners and in a more comprehensive way than their focus on achievement goal theory.  

Conclusion 
This review combines prior efforts to examine measurement reliability (Richardson et al., 

2012), validity (Huang et al. 2012), or methodological quality (Macnamara et al., 2023). Unique 
to this review space, we use an established quality tool (Rosella et al. 2016). Identifying and 
adjusting for significant quality moderators we contribute a much needed update of synchronicity 
bridging more than two decades of research (Bernard et al., 2009) as well as providing a quality 
adjusted relationships for a range of motivational constructs (Richardson et al., 2012; Walker et 
al., 2024).  

For relationships between motivation and academic performance it was clear that quality 
did indeed matter. Initially, the primary importance looks academic. ODDE authors are to be 
commended on their attention and reporting of measurement reliability. For measurement quality 
reporting as a whole, effect size relationships were largely expected or indicated possible under-
estimates of motivation and academic performance. There is a clear need to expand reporting of 
validity, especially because of the challenges in the online measurement space and how validity 
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clearly differed from in-person contexts. It is possible that ODDE motivation may need to be 
measured as part of a larger set of constructs, like the representations of self-efficacy alongside 
self-regulated learning in the Community of Inquiry framework (Shea et al. 2022) rather than in 
isolation. The scholarly community may also want to stop exploring variations of technology 
self-efficacy as an attempt to address calls for domain specificity (Bandura, 2006). Reviewers 
should clearly address quality in a comprehensive way, not only because of these findings but 
because of past reviews (Bernard et al., 2009; L.-F. Huang et al., 2012; Macnamara et al., 2023).  

Modest correlations for motivation and academic performance (Walker et al., 2024) are 
even lower when adjusted for measurement reporting quality and methodological quality, to the 
point that whole categories and half of the constructs show no relationship at all. These findings 
underscore the need to replicate prior efforts to provide context through exploring study quality 
(Bernard et al., 2004) or make adjustments for measurement (Richardson et al., 2012). Policy 
makers should be cautious about extending in-person relationships and recommendations 
(Honicke et al. 2020) to online learning and should also pay close attention to the impact of truly 
asynchronous class experiences. These results add to the extant findings that ODDE is a different 
setting (Cho & Summers, 2012) in regards to motivation. Research quality, review implications, 
and main findings for synchronicity and motivation should be of interest to policymakers. Policy 
makers and practitioners may want to explore alternatives or supplements to asynchronous 
classes in this context. This is an applied field, and there is much to be learned. If motivation 
does not carry the kind of relationships in ODDE settings that it does face to face—we need to 
explore why. It could be due to the measurement context; it could be a function of factors for 
non-traditional students that trump motivation. Quality research is best done with appropriate 
funding, time, and as a partnership between designers, instructors and researchers—as well as the 
many academics the engage in multiple roles simultaneously. Given recent increases in online 
and blended learning experiences (Bay, 2026), the interest in student success models (Jacobsen, 
2025), and the high stakes of a declining higher education student population (National Center 
for Educational Statistics, 2024), practitioners and policy makers stand to benefit from 
understanding why motivation has such a different relationship for ODDE learners.  
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Appendix A -- Studies, Outcomes, and Coding 

Study/Construct Delivery Validitya Reliabilityb 1c 2d 3e 4f 5g 6h 7i 8j 9k r radj 
Al Fadda (2019) 
learning SE asynch attempt good -- -- -- -- -- -- -- -- 80% 0.29 0.21 
Alkis & Temizel (2018) 
intrinsic motiv mixed attempt good good good good good -- -- good -- 52% 0.17 0.12 
learning SE mixed attempt good good good good good -- -- good -- 52% 0.22 0.17 
intrinsic motiv mixed attempt good good good good good -- -- good -- 52% 0.44 0.39 
learning SE mixed attempt good good good good good -- -- good -- 52% 0.03 -0.02 
Amin (2019) 
intrinsic motiv mixed none none good -- -- -- good good good -- -- 0.65 0.54 
extrinsic motiv mixed none none good -- -- -- good good good -- -- 0.48 0.37 
learning SE mixed none none good -- -- -- good good good -- -- 0.57 0.46 
Bahçekapili & Karaman (2020) 
internal LoC synch none good good good -- good -- -- good good 18% 0.03 -0.04 
external LoC synch none good good good -- good -- -- good good 18% 0.16 0.09 
learning SE synch none good good -- -- good -- -- good good 18% 0.14 0.04 
Baturay & Yukselturk (2015) 
technology SE mixed none good good good -- good good -- -- -- 67% 0.11 0.11 
Broadbent & Howe (2023) 
technology SE mixed none good good -- good good good good good -- -- 0.27 0.21 
Cannon et al. (2021) 
learning SE mixed good good good good good good good good good good 25% 0.05 0.05 
Chang & Ho (2009) 
internal LoC asynch none good good good -- -- good good good -- -- 0.17 0.14 
Chang et al. (2014) 
technology SE unclear none good good good -- good -- -- good good 8% 0.24 0.17 
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Study/Construct Delivery Validitya Reliabilityb 1c 2d 3e 4f 5g 6h 7i 8j 9k r radj 
Chen & Jang (2010) 
RAI mixed good good good -- good good good good good good -- -0.04 -0.10 
Cheng et al. (2023) 
learning SE unclear attempt attempt good -- good good good good good good -- 0.10 0.18 
task value unclear attempt attempt good -- good good good good good good -- 0.07 0.15 
Cho & Shen (2013) 
intrinsic motiv asynch none good good -- good good good good good -- -- -0.09 -0.15 
extrinsic motiv asynch none good good -- good good good good good -- -- -0.08 -0.14 
learning SE asynch none good good -- good good good good good -- -- 0.18 0.12 
Cigdem & Ozturk (2016) 
technology SE mixed attempt good good -- -- good -- -- -- -- -- 0.21 0.10 
general motiv mixed attempt good good -- -- good -- -- -- -- -- 0.16 0.05 
de Fátima Goulão (2014) 
learning SE unclear none good good -- -- good -- good good good -- 0.29 0.16 
DeTure (2004) 
technology SE mixed good good good -- -- good good good good good 55% -0.03 -0.06 
Ergul (2004) 
learning SE unclear none good good -- -- good good good good good -- 0.24 0.18 
mastery approach unclear none good good -- -- good good good good good -- 0.01 -0.05 

Gerlich et al. (2009) 
external LoC asynch none none good -- -- good good good -- -- -- 0.08 -0.03 
Goad et al. (2021) 
mastery approach asynch attempt none good -- good -- -- good good -- 5% 0.17 0.04 

Gravelle et al. (2023) 
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learning SE mixed none good good good good good good good good good 12% 0.08 0.08 
learning SE 
 

mixed none good good -- good good good good good good 24% 0.10 0.07 

Study/Construct Delivery Validitya Reliabilityb 1c 2d 3e 4f 5g 6h 7i 8j 9k r radj 
Gravelle et al. (2023) 
learning SE mixed none good good good good good good good good good 12% 0.08 0.08 
learning SE mixed none good good -- good good good good good good 24% 0.10 0.07 
Hamm et al. (2019) 
optimism unclear good good good good -- good good good good good 19% 0.07 0.07 
optimism unclear good good good good -- good good good good good 2% 0.04 0.04 
optimism unclear good good good good -- good good good good good 19% 0.17 0.17 
optimism unclear good good good good -- good good good good good 2% 0.04 0.04 
Hefter & Nitsch (2024) 
mastery 
avoidance 

synch none good good -- good good good good good -- -- -0.21 -0.27 

learning SE synch none good good -- good good good good good -- -- 0.04 -0.02 
learning SE synch none good good -- good good good good good -- -- 0.30 0.24 
Hobson & Puruhito (2018) 
learning SE unclear attempt attempt good good -- good -- good good good 28% 0.31 0.38 
Hodges (2008) 
learning SE mixed attempt good -- good good good -- good good -- 56% 0.28 0.23 
Jadric, Bubas & Hutinski (2010) 
technology SE mixed attempt good good -- -- good good good -- good 38% 0.15 0.14 
Jiang et al. (2024) 
general motiv mixed good good good -- good -- good good good good -- 0.35 0.29 
Johnson et al. (2008) 
technology SE asynch good good good -- -- good good good good good -- 0.27 0.21 
Joo, Lim, & Kim (2013) 
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internal LoC asynch good good good good -- good good good good good 8% 0.07 0.07 
learning SE asynch good good good good -- good good good good good 8% 0.22 0.22 
task value asynch good good good good -- good good good good good 8% 0.25 0.25 
task value asynch good good good good -- good good good good good 8% 0.19 0.19 
Study/Construct Delivery Validitya Reliabilityb 1c 2d 3e 4f 5g 6h 7i 8j 9k r radj 
Kim (2012) 
learning SE mixed none none good good -- -- good good good -- -- 0.40 0.32 
learning SE mixed none none good good -- -- good good good -- -- 0.40 0.32 
Kong et al. (2025) 
intrinsic motiv asynch none good good -- -- good good good -- -- -- 0.16 0.10 
extrinsic motiv asynch none good good -- -- good good good -- -- -- 0.16 0.10 
Lee & Choi (2013) 
internal LoC unclear good good good good -- good good good good good -- 0.29 0.26 
Lin et al. (2024) 
intrinsic motiv mixed none good good -- -- good good good good good -- 0.34 0.28 
extrinsic motiv mixed none good good -- -- good good good good good -- 0.06 0.00 
task value mixed none good good -- -- good good good good good -- 0.18 0.12 
learning SE mixed none good good -- -- good good good good good -- 0.28 0.22 
intrinsic motiv mixed none good good -- -- good good good good good -- 0.37 0.31 
extrinsic motiv mixed none good good -- -- good good good good good -- 0.04 -0.02 
task value mixed none good good -- -- good good good good good -- 0.40 0.34 
learning SE mixed none good good -- -- good good good good good -- 0.26 0.20 
Liu et al. (2019) 
learning SE mixed none none good good -- good -- good -- -- -- -0.06 -0.21 
general motiv mixed none none good good -- good -- good -- -- -- -0.58 -0.53 
Liu, Ma, & Chen (2024) 
extrinsic motiv unclear good good good good -- good good good good good 8% -0.10 -0.10 
intrinsic motiv unclear good good good good -- good good good good good 8% 0.08 0.08 
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Lynch & Dembo (2004) 
learning SE mixed good good good good -- good good good good good 73% 0.29 0.29 
technology SE mixed good good good good -- good good good good good 73% -0.09 -0.09 
Martin et al. (2010) 
technology SE mixed good good good -- -- good good good good good -- 0.20 0.14 
Study/Construct Delivery Validitya Reliabilityb 1c 2d 3e 4f 5g 6h 7i 8j 9k r radj 
McPhaul-Moore (2013) 
learning SE unclear attempt none good good good good good good good good 24% 0.23 0.20 
intrinsic motiv unclear attempt none good good good -- good good good -- 29% 0.09 0.06 
Morris (2005) 
internal LoC unclear attempt attempt good -- good -- good good good -- 87% -0.26 -0.15 
Neroni et al. (2022) 
learning SE asynch none good good good good good good -- good -- 77% 0.05 0.05 
Noteborn et al. (2012) 
task value unclear none good good -- -- good good good good good -- 0.14 0.08 
Ongor & Uslusoy (2023) 
general motiv synch good good good good good good -- good good good -- 0.23 0.13 
Parker et al. (2021) 
intrinsic motiv unclear none good good -- -- good good good good good -- 0.29 0.23 
task value unclear none good good -- -- good good good good good -- 0.07 0.01 
Redstone (2023) 
technology SE asynch attempt good good -- good good good good good good 55% -0.10 -0.11 
Remedios & Richardson (2012) 
mastery approach unclear good good good good -- good good good good good 35% 0.00 0.00 

mastery 
avoidance 

unclear good good good good -- good good good good good 35% -0.01 -0.01 

performance 
approach 

unclear good good good good -- good good good good good 35% -0.01 -0.01 
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performance 
avoidance 

unclear good good good good -- good good good good good 35% 0.08 0.08 

Runyon (2013) 
technology SE unclear good attempt good good good good good good good good 58% 0.28 0.40 
Sankaran & Bui (2001) 
general motiv unclear none good -- -- -- -- good good good -- -- 0.58 0.52 
Study/Construct Delivery Validitya Reliabilityb 1c 2d 3e 4f 5g 6h 7j 8k 9l r radj 
Savoji (2013) 
intrinsic motiv unclear attempt good good good -- good good good good good -- 0.06 0.05 
extrinsic motiv unclear attempt good good good -- good good good good good -- 0.06 0.05 
task value unclear attempt good good good -- good good good good good -- 0.13 0.12 
learning SE unclear attempt good good good -- good good good good good -- 0.29 0.28 
Simmering, Posey & Piccoli (2009) 
technology SE mixed attempt good good good -- good good good good good 12% 0.29 0.31 
general motiv mixed attempt good good good -- good good good good good 12% -0.07 -0.05 
Stephen et al. (2020) 
technology SE unclear attempt attempt -- good -- good good good good good 54% -0.78 -0.53 
learning SE unclear attempt attempt good good -- good good good good good 54% -0.03 0.11 
Tai (2016) 
learning SE mixed good good good good good good good good good good -- -0.29 -0.32 
Talsma et al. (2023) 
learning SE mixed none none good -- good -- good good good -- -- 0.31 0.20 
learning SE mixed none good good -- good good good good good -- -- 0.14 0.08 
Tladi (2017) 
learning SE synch attempt good good good -- good good good good good 98% 0.13 0.15 
technology SE synch attempt good good good -- good good good good good 98% -0.74 -0.53 
Torun (2020) 
general motiv synch good good good good -- -- -- -- good -- 1% 0.51 0.44 
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technology SE synch good good good good -- good -- -- good -- 1% 0.16 0.09 
Tseng, Chen, & Lin (2023) 
learning SE mixed attempt good good -- good good -- good good -- -- 0.18 0.07 
Wadsworth et al. (2007) 
learning SE mixed none none good good -- good good good -- -- 83% 0.32 0.27 
Wang & Newlin (2000)  
external LoC mixed none none good -- -- -- good good -- -- 4% 0.41 0.33 
Study/Construct Delivery Validitya Reliabilityb 1c 2d 3e 4f 5g 6h 7j 8k 9l r radj 
internal LoC mixed none none good -- -- -- good good -- -- 4% -0.33 -0.41 
Wang & Newlin (2002) 
learning SE mixed none none good good -- -- -- good -- -- -- 0.32 0.17 
technology SE mixed none none good good -- -- -- good -- -- -- 0.24 0.09 
Wang et al. (2008) 
intrinsic motiv unclear none attempt good -- -- good good good -- -- -- 0.16 0.22 
technology SE unclear none attempt good -- -- -- good good -- -- -- 0.05 0.11 
external LoC unclear none attempt good -- -- -- good good -- -- -- -0.07 -0.01 
Warren et al. (2020) 
learning SE mixed none none -- good good -- -- -- -- -- 74% 0.46 0.34 
Wipawayangkool et al. (2022) 
technology SE unclear good good good good -- good good good good good -- -0.01 -0.04 
Wuellner (2015) 
intrinsic motiv asynch none none -- good -- good -- good -- -- 18% -0.41 -0.53 
Zhang et al. (2023) 
technology SE unclear good good good good -- good good good good good 16% 0.13 0.13 
Zhou & Wang (2019) 
mastery approach synch good good good good -- good good good good good 31% 0.61 0.61 
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mastery 
avoidance 

synch good good good good -- good good good good good 31% 0.44 0.44 

performance 
approach 

synch good good good good -- good good good good good 31% 0.35 0.35 

performance 
avoidance 

synch good good good good -- good good good good good 31% -0.05 -0.05 

Zimmerman (2017) 
learning SE mixed none good good good -- good good good good -- 34% -0.02 -0.02 
technology SE mixed none good good good -- good good good good -- 35% -0.10 -0.10 
learning SE mixed none good good good -- good good good good -- 36% 0.12 0.12 

Note: For Construct: SE=self-efficacy; LoC=locus of control; motiv=motivation; RAI=relative autonomy index; Delivery=synchronicity --=bad, 
unclear, or not reported (blank); r=raw effect size; radj=Hunter's r, adjusted for sample size and quality  

aMeasurement Reporting Quality - Validity 
bMeasurement Reporting Quality - Reliability 
cStudy Quality - Reliability: Clear presentation 
dStudy Quality - Reliability: Clear methods and results 
eStudy Quality - Reliability: Ethics procedures described 
fStudy Quality - Validity: Methods align with scope of research 
gStudy Quality - Validity: Free from bias 
hStudy Quality - Validity: Explicit and transparent conclusions 
iStudy Quality - Applicable to setting (higher education) 
jStudy Quality - Confident in findings 
kStudy Quality - Attrition for sample (percentage 
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