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Abstract 
In higher education, motivational factors are considered one of “the strongest predictors of 
academic performance” (Honike et al., 2020, p. 1). A meta-analysis of face-to-face (f2f) courses 
(Richardson et al., 2012) supports these claims, finding a strong correlation between 
performance self-efficacy and academic performance (r = 0.59), as well as accounting for 14% 
of the variation in academic performance using locus of control, performance self-efficacy, and 
grade goal as predictors. These f2f results are compelling enough that self-efficacy is often used 
synonymously with online learning in primary research. However, the results of prior f2f meta-
analytic reviews have yet to be extended to online and blended learning contexts. We explored 
student motivation, specifically subscales for attributional style, self-efficacy, achievement goal 
orientation, self-determination and task value in relation to student academic performance. 
Informed by 94 outcomes from 52 studies, our results diverge from f2f findings. The highest 
correlation was mastery avoidance goals (r = 0.22); academic self-efficacy (r = 0.19) was 
substantially lower than f2f findings (r = 0.31; r = 0.59) in Richardson et al. (2012). Using a 
parsimonious model (i.e., delivery mode, learning self-efficacy, and mastery approach goals), 
students’ average academic performance failed to identify statistically significant predictors. 
These results call into question the assumption that student motivation is a strong predictor of 
academic performance in online and blended courses. The lack of strong relationships and the 
lack of predictive power hold clear implications for researchers, practitioners, and policymakers 
that assume these relationships are stronger.  
Keywords: meta-analysis, online learning, blended learning, motivation 
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Enrollment in online courses and degree programs has grown significantly in recent 
years. In 2012, more than 25% of college students in the United States were enrolled in at least 
one online course, a number that rose to 36% in 2019 (Hamilton & Freeman, 2023). By 2021, 
60% of college students were taking some or all of their classes online. That is, roughly 8.5 
million college students in the United States took online classes from public institutions 
(National Center for Education Statistics, 2022a). Increased enrollment in online courses or 
degree programs are likely due to a confluence of factors, including more positive perceptions of 
online learning. Changes in positive views of online learning may be due in part to evidence 
indicating that online students perform just as well academically as “traditional” face-to-face 
(f2f) learners (Bernard et al., 2004). However, there is wide variability in the results of studies 
that make these modality comparisons, with some studies showing a benefit of f2f attendance 
and others showing a benefit of online attendance.  

One potential explanation for this variability in outcomes is student motivation, as 
illustrated in this quote by Allie Gasgreen (2012): 

It doesn’t seem surprising that someone who can set goals, visualize paths to achieve 
them, and summon the motivation to start down those paths would be more likely to 
succeed than someone who can’t do those things. 

Strong evidence from studies of students learning in a f2f environment indicates that 
motivation matters for student success (Richardson et al., 2012). More current research with 
online students further indicates that online students exhibit lower intrinsic and extrinsic 
motivation, less interest, and less valuing of their courses than f2f students (Stark, 2019). Thus, 
students learning online might be more vulnerable to poorer academic outcomes if indeed the 
relationship between motivation and academic performance is similarly strong in online courses 
as it is in f2f courses. It is therefore not surprising that in online education, student motivation is 
of particular interest. Many measures of “readiness to learn online” include motivational 
constructs, such as self-efficacy and locus of control (e.g., Dray et al., 2011; Stritto et al., 2023; 
Tang et al., 2021). However, the number and quality of meta-analytic reviews examining the 
relationship between student motivation and academic performance in online contexts remains 
limited.  

Given the proliferation of both online course offerings (Seaman et al., 2018) and online 
learner readiness instruments that link motivation to preparedness in online learning (Stritto et 
al., 2023), a rigorous review of research examining the relationship between student motivation 
and academic performance in online and blended courses is warranted. Therefore, in this meta-
analysis, we investigated whether online students’ motivational characteristics would predict 
their academic outcomes. In what follows, we briefly: (1) review the literature on the relationship 
between motivation and academic performance, (2) describe the motivational constructs relevant 
to current achievement motivation theories, and (3) report on our own meta-analysis of the 
relationship between a specific set of motivational constructs and online student performance. 
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Motivation and Academic Performance 
Overall, research indicates that dimensions of motivation are positively correlated with 

college student outcomes (Howard et al., 2021; Huang, 2012; Multon et al., 1991; Richardson et 
al., 2012). For example, students who are intrinsically motivated to attend college tend to have 
higher GPAs and greater intentions to persist in college than students lacking that motivation 
(Friedman & Mandel, 2011; Guiffrida et al., 2013). Other research indicates that motivational 
beliefs, like self-efficacy, can predict higher academic achievement (as measured by GPA; Bouih 
et al., 2021; Komarraju & Nadler, 2013). A more recent study shows that self-efficacy mediates 
the relationship between achievement goal orientation and academic achievement (Honicke et 
al., 2020).  

Within the context of f2f learning, important meta-analytic work has tackled motivation 
research from several perspectives, including reviews of both intervention research and 
correlational studies. In a 2004 meta-analysis, the best predictors of GPA were academic self-
efficacy and achievement motivation, while the best predictors of retention were academic goals 
and academic self-efficacy (Robbins et al., 2004). In 2012, a meta-analysis examining the 
relationship between a multitude of motivational constructs and academic performance found 
correlations anywhere from -0.14 (performance avoidance goal orientation) to much larger, 
positive values like 0.59 (performance self-efficacy). However, most effect sizes hovered around 
0.10 (Richardson et al., 2012). In this same study, the researchers found that a model using locus 
of control, academic self-efficacy, and grade goal as predictors for GPA explained 14% of the 
variation in performance. After controlling for high school GPA and SAT/ACT scores, academic 
self-efficacy and grade goal were still significant predictors of GPA. In a meta-analytic review 
conducted by Lazowski and Hulleman in 2016, motivation theory informed interventions were 
generally effective (d = 0.49) within the full range of elementary to postsecondary education 
settings.  

Based on this evidence, the academic community appears to agree that “motivational 
factors are [one of] the strongest predictors of academic performance” (Honike et al., 2020, p. 1). 
However, after nearly three decades of research, few careful systematic and meta-analytic 
reviews exist that can speak to the relationship between motivational factors and academic 
achievement in online or even blended courses. One exception is a recent systematic review of 
factors associated with academic performance in online classes (Chung et al., 2022). While 
motivation was not the stated focus, eight papers were found that intersected with motivation and 
academic performance. The review reported statistically significant correlations with self-
efficacy, and an association with general motivation. However, no correlation values were 
reported as part of this systemic review.  

In general, one issue with existing reviews is the variability in the quality of the reviews. 
Some reviews are grounded in established theoretical frameworks, pose specific research 
questions, delineate the search process, and set clear inclusion and exclusion criteria (Chung et 
al., 2022; Honicke & Broadbent, 2016; Tsai et al., 2011; Xu et al., 2021). Other reviews are not 
systematic (Artino & Stephens, 2009; Hodges, 2008; Kauffman, 2015; Meece et al., 2006; 
Miltiadou & Savenye, 2003) or vary in the extent to which important information about the 
search and inclusion process is disclosed (Alqurashi, 2016; Moos & Azevedo, 2009; Ng, 2019). 
Of the systematic or meta-analytic reviews that do exist, many focus exclusively on different 
facets of self-efficacy (e.g., Alqurashi, 2016; Hodges, 2008; Honicke & Broadbent, 2016; Moos 
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& Azevedo, 2009), which is just one of several variables that make up student motivation 
(Wigfield et al., 2021). 

Student Motivation 
 In psychological science, motivation is viewed as a complex, multidimensional latent 

construct consisting of several different dimensions including but not limited to: self-efficacy, 
achievement goal orientation, intrinsic and extrinsic motivation, task value, and attributional 
style. In this section, we briefly define each of these motivational constructs according to 
empirical research. 

Self-Efficacy 
Self-efficacy—a person’s belief in their ability to organize and execute the tasks required 

to achieve a desired level of performance—is derived from Bandura’s Social Cognitive Theory 
(1986, 1997). According to this definition, self-efficacy is domain specific. A student’s self-
efficacy for a particular academic task is influenced by several factors: (1) previous performance 
on a similar task, (2) observing others failing or succeeding at the task, (3) encouragement from 
instructors or peers, and (4) affective reactions to the task (e.g., anxiety; Wigfield et al., 2021). 
Generally, increased self-efficacy motivates engagement in a task and more specifically, 
academic self-efficacy has been positively correlated with a range of educational outcomes (Joo 
et al., 2013; Strawser et al., 2019). In the context of online learning, there is clear interest in both 
domain adaptations of self-efficacy, as well as modality specific adaptations of self-efficacy. 
This interest is manifested in the creation of measures like the Online Learning Self-Efficacy 
Scale (Zimmerman & Kulikowich, 2016). 

Achievement Goal Orientation 
Achievement goal orientation is “a future focused cognitive representation” (Hulleman et 

al., 2010, p. 423) that guides behavior either towards or away from a specific outcome or goal. In 
the literature, achievement goals are typically measured across two dimensions: (1) mastery vs. 
performance goals and (2) approach vs. avoidance goals (Bardach et al., 2020; Elliot & 
McGregor, 2001; Elliot & Murayama, 2008; Hulleman et al., 2010). Mastery goal orientation 
reflects learning for the sake of learning—to gain new knowledge of skills. Performance goal 
orientation instead represents a student’s desire to learn only so that they appear competent (or 
avoid seeming incompetent) to others. Approach goals refer to a desire to learn, while avoidance 
goals refer to a desire to avoid failure. In general, mastery goal orientation (without regard to 
approach or avoidance) relates to positive academic outcomes (e.g., increased engagement, 
improved performance). The results of a performance goal orientation are more dependent upon 
the approach or avoidance orientation: performance approach goals are associated with better 
academic performance while performance avoidance goals are associated with worse 
performance. In a rigorous meta-analytic review published by Hulleman and colleagues (2010), 
the authors examined correlations between academic achievement, defined as class grades or test 
scores, and achievement goal constructs. They found small positive correlations for performance 
approach and mastery approach and inverse correlations for performance avoidance and mastery 
avoidance.  
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Intrinsic and Extrinsic Motivation 
Self-Determination Theory (SDT; Deci & Ryan, 1985) outlines three classes of motives 

for human behavior: (1) autonomy, (2) competence, and (3) relatedness. Within this framework, 
Ryan and Deci distinguished between different reasons that people pursue a specific goal. The 
basic distinction made is between intrinsic and extrinsic motivation. Intrinsic motivation involves 
carrying out an action for its own sake or internal value (e.g., for interest or fun; Ryan, 2019; 
Ryan & Deci, 2000). Extrinsic motivation involves acting toward a goal that has consequences 
separate from the activity itself. That is, external rewards, punishments, or other factors outside 
of the individual influence the individual’s motivation to act. Almost all empirical research 
shows that supporting students’ intrinsic motivations has positive effects on their performance, 
while the use of extrinsic motivations has mixed effects on performance (Ryan & Deci, 2000). In 
more recent theorizing, there are varied types of extrinsic motivation that Ryan and Deci (2020) 
have categorized into four sub-types including: (1) external regulation (behaviors motivated by 
external rewards or punishments); (2) introjection regulation (behaviors motivated by 
internalized emotions like pride or shame); (3) identified regulation (behaviors motivated by the 
perceived value of a task); and (4) integrated regulation (behaviors motivated by the alignment of 
both the perceived value of a task and the inherent enjoyment experienced in completing the 
tasks).  

Task Value 
According to the situated expectancy-value theory of achievement motivation (Eccles & 

Wigfield, 2020), achievement related decisions depend on cultural, social, and psychological 
influences. The psychological influences are expectancies for success (very similar to self-
efficacy) and subjective task values. Subjective task values have been further operationalized as 
attainment value (importance of doing well on a task), intrinsic value, utility value (how a task 
relates to current and future goals), and cost. Previous research has focused on measuring 
changes in motivation over time, how motivation is related to course and major selection, and 
motivational factors that influence retention and performance (Hulleman et al., 2016). 
Additionally, recent work has examined how interventions to strengthen these motivational 
beliefs impact achievement-related behaviors (Kosovich et al., 2019; Rosenzweig et al., 2020; 
Totonchi et al., 2022).  

Attributional Style 
Attributional style (Weiner, 1985; 2010) refers to how students perceive the causes of 

their academic successes and failures. A student’s causal attribution comprises three 
components: (1) locus of causality, (2) stability, and (3) controllability. Locus refers to whether 
students’ view the cause as internal (something about them) or external (something outside of 
themselves). Stability refers to whether the cause is constant (remains the same over time and in 
different situations) or whether it is variable. Controllability refers to whether the cause is under 
the student’s volitional control. As an example, if a student receives a failing grade on a physics 
exam and attributes the failure to their ability to “do physics,” the attribution is internal, unstable, 
and not under optional control. However, if the student were to attribute the failing grade to a 
lack of sleep because a fire alarm went off in the dorm the night before, this attribution is 
external, unstable, and uncontrollable. Different combinations of the components of causal 
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attributions tend to motivate academic behavior in specific ways (Graham, 2020). In the first 
example, the student will be less motivated to improve moving forward while in the second 
example, they are likely to be more motivated.   

Problem Statement and Research Questions 
In summary, research with on-campus students indicates that motivation is associated 

with academic performance (e.g., Dokhykh, 2021; Friedman & Mandel, 2011; Guiffrida et al., 
2013; Honicke et al., 2020), although a comprehensive meta-analytic review of well-established 
motivational constructs revealed considerable variability in this relationship (Richardson et al., 
2012). To the best of our knowledge, only one systematic review focused on online students 
(Chung et al., 2022); only eight studies were found that intersect with motivation, as their focus 
was quite broad. Therefore, the aim of this meta-analysis was to examine the extent to which 
students’ academic achievement in online or blended courses is related to their motivational 
characteristics. Our specific research questions were as follows: 

RQ1: What is the relationship between students’ motivational characteristics (specifically 
self-determination motivation, attributional style, task value, self-efficacy, and 
achievement goals) and academic performance in online or blended learning 
environments?  

RQ2: Does the relationship between students’ motivational characteristics and student 
academic performance differ between online and blended learning environments? 

RQ3: What combination of instructional delivery mode (blended/online) and motivational 
characteristics best predicts positive student academic performance? 

Methods 

Search Strategy 
Using Gusenabuer and Haddaway’s (2020) recommendations for meta-analysis, we 

searched the following educational databases: Psychological and Behavioral Sciences, Education 
Source, Social & Behavioral Sciences, ERIC, PsycINFO, Education Full Text, Proquest, Science 
Direct, SCOPUS, Wiley Online Library, and Web of Science. We searched these databases using 
the following Boolean operators: (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 OR "self-efficacy" OR "intrinsic motivation" OR "extrinsic motivation" OR "goal 
orientation" OR "achievement goal" OR “task value”) AND ALL= ("online learning" OR 
"distance learning" OR "web based learning" OR "blended learning"). To be comprehensive, we 
searched back to 1990, the year web browsers and the http protocol helped democratize 
information access (Berners-Lee et al., 1994). The earliest year of data collection for a study that 
met inclusion criteria was 1998. We also looked through existing systematic and narrative 
reviews, as well as included primary research studies to look for search referrals or “footnote 
chasing” (White, 2019).   

Inclusion and Exclusion Criteria 
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After a scoping review, we determined that descriptive designs with correlations would 
yield the largest number of studies and outcomes. We included articles describing research 
studies that took place in the context of blended or online learning and measured one or more of 
the following motivational constructs: (1) attributional style (locus of control); (2) self-efficacy 
(general, domain-specific, or technology); (3) achievement goal orientation; (4) intrinsic or 
extrinsic motivation; (5) task value; or (6) “motivation” generally. We also included articles that 
reported performance-based outcomes (e.g., course or exam grades), provided sufficient data to 
derive a correlation between motivation and performance, and sampled college or vocational 
students.  

We excluded articles if the reported studies were conducted in response to the COVID-19 
pandemic. While many colleges and universities began offering remotely delivered courses in 
March of 2020, these courses do not represent intentionally designed online or blended courses. 
As pathways back to “a new normal” varied by university, we chose to treat Summer and Fall of 
2020 as still containing potential COVID era classes, in part because social distancing and active 
pandemic management strategies were still in place. In the case of duplicate data or reporting, 
the write-up with the most thorough dataset was retained. See Appendix A for the full list of 
included articles. This appendix reports: (1) APA citations; (2) outcome names; (3) measures 
used for prediction; and (4) coded variables used in subsequent analyses (i.e., effect size 
estimates r, sample size, confidence intervals, modality blended/online, and the motivational 
construct measured). 

Coding Procedures  

Search Results and Screening Process 
We conducted a two-phase screening process to determine inclusion or exclusion (see 

Figure 1). Members of the research team conducting the database searches carried out an 
independent first-pass screening of titles and abstracts to determine if a study included 
performance-based outcomes, motivational constructs, and an online or blended course modality. 
Database searches returned 10,946 potential articles and this initial screening resulted in a 
substantial reduction of studies. We added to the database results with an ancestral search of 
included articles, resulting in an additional 59 returns.  

A total of 238 articles (2.8%) went through to the second phase of the screening process. 
During the second phase of screening, rotating pairs of researchers applied the inclusion criteria 
to the full text of the remaining articles. The final number of included articles was 52. At this 
stage, most promising studies were removed for presenting affective/motivational instruments as 
academic performance (e.g., satisfaction, self-efficacy), failing to report or provide enough 
information to calculate an effect size, falling outside of the college/vocational sphere, or using 
the phrase online or blended without meeting definitions for the terms as described by the Online 
Learning Consortium1. 

 

 
1 https://onlinelearningconsortium.org/updated-e-learning-definitions-2/ 

https://onlinelearningconsortium.org/updated-e-learning-definitions-2/
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Figure 1 
Literature Search Stages and Outcomes PRISMA 
 

 

Coding Process 
The coding team consisted of five researchers experienced in meta-analytic review 

processes and coding procedures. Each study went through an independent first and second pass 
followed by a consensus coding phase.  

Interrater reliability for each coded variable was assessed by means of Krippendorff’s 
alpha (2004) which is robust to the full range of data types. Specific reliability results are 
presented in alongside the coded variables and type of data for each analysis. The full coding 
guide is available upon request.  
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Coding Scheme 
The following information was extracted from each study. We list this information 

alongside the inter-rater reliability from independent coding passes: (1) article citation 
information including year of data collection; (2) course delivery mode (α = 1.00, nominal); (3) 
motivational construct (α = 0.67, nominal); (4) sample size (α = 0.99, ratio); (5) type of 
correlation (α = 0.99, nominal); and (6) correlation (i.e., effect size, α = 0.99, ratio). 

Results 
By design, this meta-analytic review set out to cover a wide range of motivational 

constructs, across studies that reported different learning outcomes (such as test scores or 
grades), and were conducted in different disciplines. As a result, it is unreasonable to assume 
there was a single true effect size, and a random effects model was used in all relevant analyses. 
A Hunter-Schmidt correction was used for correlation coefficients (Schmidt & Hunter, 2015). 
This was selected primarily because the observed correlations were already normally distributed 
and because it allows the data to be kept, analyzed, and reported on in their original scale. The 
origins are rooted in adjusting based on reliability scores which were not widely available. 
Rather than impute reliability, we used a simple inverse variance weighting factor. All 
supporting and primary analyses were conducted in STATA MP version 17.  

Supporting Analyses 
Before addressing the research questions, an examination of the data for key decision 

points was conducted, including outlier detection, publication bias, and independence of 
outcomes and their study of origin. Each of these supporting analyses and any corresponding 
decisions could impact subsequent results, which is why they are presented first.  

Single outlier 
A quick examination revealed a single negative outlier, defined as an observation at least 

three standard deviation units above or below the mean. As a first step, a detailed look at the 
outlier outcome, from Stephen et al. (2020), showed no characteristics so different that it should 
be dropped from the study. Rather than lose the data, we trimmed the coefficient to the next 
lowest observed correlation (r = -0.58).  
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Figure 2 
Funnel Plot with Line of Best Fit from Egger’s Test 

 

No publication bias 
Publication bias was thus examined through multiple lenses as recommended (Bell, 2007) 

and with great care given known missing effect sizes. Visual inspection of a funnel plot does not 
show a consistent pattern of more correlations that are above the observed mean correlation with 
higher standard error (see Figure 2). Visual inspection aligns with the Egger’s test, t (94) = 0.58, 
p = 0.20 ,which fails to lend support for publication bias even after trimming a negative outlier.  

No dependence factor 
With an average of 1.8 and maximum of 6 outcomes per article, the independence 

assumption for many of the statistics employed in meta-analysis was violated. Using a robust 
variance estimation analysis, we tested six levels of assumed intra-class correlation between the 
observed correlation values and the study of origin. The difference in the modeled coefficient 
between an intra-class correlation of 0 and an intra-class correlation of .99 was .007. This narrow 
difference lends support to the idea that study of origin is not a factor in the effect sizes for this 
meta-analysis. As a result, outcomes were largely kept as separate effect sizes, combined only 
when outcomes from the same study were coded identically on all criteria.  

Results reporting and magnitude 
To provide a consistent point of reference, the overall effect size across all outcomes (r = 

0.14) is reported any time all data points are summarized. This overall effect size should not be 
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cited as there are substantial differences between these studies and outcomes, which is why a 
random effects model was used. The only meaningful summaries to cite are the effect sizes for 
the five motivational constructs and their subconstructs (see Table 1) or the blended vs online 
modality (see Table 2). In general, closer ties between outcomes yield more meaningful the 
summaries. Interpreting effect sizes using the context of prior research findings is recommended 
best practice (Durlak, 2009). In Richardson et al. (2012), the classroom equivalent to this meta-
analysis of online learning relies on Cohen’s guidelines of small (.10), medium (.30), and large 
(.50). Their findings encompass a wide range (r = 0.01 to r = 0.59) with most correlations being 
small. Hedges and Hedberg (2007) claim that educational researchers may find policymaker 
interest in a mean difference (d) effect size of .20, which is roughly equivalent to an r of 0.10 
(Fritz et al., 2012). Using the Richardson et al. (2012) scale for both the magnitude and the 
significance, and using the adjusted Hedges and Hedberg (2007) threshold, our results indicated 
effect sizes clustered around the small range, and are of policy maker interest (r = 0.10). 

All findings are reported alongside 95% confidence intervals and two measures of 
heterogeneity including Q with significance testing and I2. With the sole exception of optimism 
all groupings show statistically significant heterogeneity (Q) that is based upon meaningfully 
large proportions (I2) of observed variation in differences in effect sizes. This is best 
encapsulated in Appendix B, where a series of figures show a Funnel plot of all outcomes 
organized by motivational constructs and subconstructs. The funnel plots shows both variation in 
individual correlation values and variation in confidence intervals for outcomes.  

RQ1—Motivational characteristics and performance  
As shown in Table 1, almost half of the observed outcomes dealt with some form of self-

efficacy including technology (n = 18) and learning self-efficacy (n = 28). Subscales are 
presented from inverse/lowest correlations to highest and grouped around theoretically aligned 
motivational constructs, which are also summarized together. Note that each scale was coded 
with the directionality that an increase in the motivational subscale would be associated with an 
increase in performance.  
Table 1 

Motivational Relationships, Grouped By Scale and Subscale With 95% Confidence Intervals 

motivation (sub)scales n r CI[95%] I2 Q p 
self-determination motivation 16 0.13 [0.02, 0.18] 87.5% 135.6 0.01 
 relative autonomy index 1 -0.04 [-0.16, 0.08] - - - 
 general motivation 5 0.12 [0.02, 0.22] 93.8% 64.8 0.01 
 intrinsic motivation 8 0.15 [0.08, 0.22] 83.9% 49.7 0.01 
 extrinsic motivation 3 0.15 [0.03, 0.28] 82.7% 11.58 0.03 
attributional style 15 0.12 [0.08, 0.17] 73.9% 53.7 0.01 
 internal locus of control  6 0.10 [0.03, 0.16] 84.3% 31.9 0.01 
 optimism 4 0.08 [0.04, 0.12] 51.3% 6.2 0.10 
 external locus of control 5 0.18 [0.08, 0.29] 69.1% 12.9 0.01 
task value 6 0.14 [0.09, 0.19] 66.4% 14.9 0.01 
self-efficacy 46 0.14 [0.12, 0.17] 79.9% 223.7 0.01 
 technology self-efficacy 18 0.07 [0.03, 0.12] 79.6% 83.3 0.01 
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 learning self-efficacy 28 0.19 [0.16, 0.23] 81.4% 145.5 0.01 
achievement goals 10 0.16 [0.12, 0.20] 93.6% 141.6 0.00 
 performance avoidance 2 0.15 [-0.06, 0.09] 76.2% 4.21 0.04 
 performance approach 2 0.17  [0.21, 0.25] 96.7% 30.3 0.01 
 mastery approach 4 0.20 [0.14, 0.26] 95.6% 68.3 0.01 
 mastery avoidance 2 0.22 [0.14, 0.29] 97.9% 48.0 0.01 
Overall 94 0.14 [0.12, 0.16] 83.2% 554.5 0.01 
 

The variations between technology and learning self-efficacy back up theoretical claims 
that self-efficacy is situationally dependent. In the context of online learning, the results call into 
question the utility of assessing technology self-efficacy, given the poor relationship (r = 0.07) 
with student performance. While learning self-efficacy showed a stronger relationship (r = 0.19) 
than many of the subscales, it did not approach previous findings (Richardson et al, 2012) of 
medium self-efficacy relationships (r = 0.31) for face to face classes.  

Achievement goals subscales were consistently among the largest correlations values 
peaking at mastery avoidance (r = 0.22) and essentially similar to learning self-efficacy. They 
reveal both promise and a need for replication work, as they were some of the fewest outcomes 
across all subscales. By way of contrast, the single point estimate for relative autonomy index, an 
effort to encapsulate intrinsic and extrinsic motivation in a single scale, may not be worth 
replicating (r = -0.04). Optimism (r = 0.08) was the only subgroup analysis to have support for 
homogeneous outcomes. Rather than indicating a single true effect size, this is most likely 
attributable to all outcomes (n = 4) coming from the same study. Much like achievement goals, 
additional research is needed.  

RQ2—Motivation for online and blended learning 
According to our coding criteria, online classes needed to be entirely online. Note that 

proctored in-person testing that are not part of the learning experience were not considered an in-
person portion of the class (Behcekapili & Karaman, 2020). For a class to be considered 
“blended,” at least 25% of the class needed to be online and the online content for blended 
classes needed to cover unique material.  

The correlation between motivation and learning (see Table 2) for blended course 
experiences was slightly larger (r = 0.21) than online (r = 0.12) and this difference was 
statistically significant (ANOVA style Z test, Z = 6.93, p = 0.01). However, this difference is not 
practically significant. For blended courses, about 5% (R2 = 0.05) of the variability in 
performance was explained by differences in motivation. For online courses, this dropped to 1% 
(R2 = 0.01). In both delivery formats, there was at best a small relationship between motivation 
and learning.  

 

Table 2 

Motivational relationships by delivery mode with 95% confidence intervals 
 
Delivery mode n r CI[95%] I2 Q p 
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online 78 0.12 [0.10, 0.14] 82.8% 446.6 .01 
blended 16 0.21 [0.16, 0.27] 85.5% 103.7 .01 
Overall 94 0.14 [0.12, 0.16] 83.2% 554.5 .01 

 

RQ 3—Predicting student performance 
To address the combination of variables that predict students’ academic performance, key 

variables for motivational construct and delivery mode were dummy coded with online delivery 
(as the lower correlation value) and relative autonomy index (as the closest correlation to zero) 
used as the reference groups. This aids in interpretation of the beta coefficients where positive 
values are associated with an increase in student performance (see Table 3).  

Table 3 
Meta Regression (Full and Final) Models Predicting Student Learning and Performance 
 
model/variable b SE t P 
full model     
blended delivery 0.08 0.07 1.30 0.20 
general motivation -0.03 0.18 -0.16 0.87 
intrinsic motivation 0.00 0.17 0.02 0.98 
extrinsic motivation -0.01 0.20 -0.04 0.97 
internal locus of control -0.05 0.17 -0.27 0.79 
optimism -0.04 0.18 -0.25 0.80 
external locus of control 0.04 0.18 0.25 0.80 
task value 0.02 0.17 0.13 0.90 
technology self-efficacy -0.06 0.15 -0.42 0.68 
learning self-efficacy 0.04 0.15 0.23 0.82 
performance avoidance -0.10 0.20 -0.51 0.61 
performance approach 0.04 0.20 0.19 0.85 
mastery approach 0.07 0.18 0.40 0.69 
mastery avoidance 0.08 0.20 0.39 0.70 
intercept 0.12 0.14 0.86 0.39 
final model     
blended delivery 0.08 0.06 1.30 0.20 
learning self-efficacy 0.06 0.05 1.20 0.23 
mastery approach 0.09 0.10 0.92 0.36 
intercept 0.10 0.03 3.87 0.00 

Note: b = beta coefficient, SE = standard error 

Put simply, no combination of variables reliably predicted student performance. Two 
meta-regression models were run, the first full model included all of the variables, the second 
final model removed those with lowest t-scores. Both the full model, F (14, 79) = 0.46, p = 0.95, 
adjusted R2 = -15.21%, and the more parsimonious final model, F (3, 90) = 1.38 p = 0.25, 
adjusted R2 = 0.71%, were a poor fit for the data. Using all available predictor variables failed to 
outperform a simple average of student performance, resulting in a negative R2 value. The 
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parsimonious model had no significant predictors and accounted for less than 1% of the 
variability in student performance. Both models are poor fits likely because of the low 
correlation values, as well as the sparse data in the meta-regression analysis. In short for 
online/blended students other factors seem to be more important than motivation. For instance, 
online students with high task value, high self-efficacy, and a mastery approach orientation to a 
course can still experience mental health emergencies, or abruptly lose access to childcare.  

Conclusion and Discussion 
One strength of meta-analysis is the ability to make recommendations, and our findings 

have implications for both practitioners and researchers. For practitioners, we agree with scholars 
who are calling on faculty to carefully consider how to support student success through course 
design (Jones, 2014) or providing support structures, including university counseling services for 
students experiencing anxiety or distress (Sulla et al., 2022). Practitioners may also want to 
explore or continue on-going partnerships with researchers to carefully examine the elements of 
course design that are strongly associated with academic performance in both online and blended 
modalities.  

For researchers, more work is needed examining student factors and other contextual 
factors that may help explain the motivational relationship differences between f2f learners and 
learners in online and blended courses. These factors include but are not limited to: self-
regulated learning; personality; learning preferences; demographics; employment status; student 
experience; enrollment; and instructors. Learning strategies, which form many of the subscales in 
the MSLQ (Pintrich, 1991), may also help explain these differences. Both primary research and 
review work investigating other student level, course level, and institutional level factors would 
encourage all stakeholder to move past reasonable assumptions and towards data-informed 
practices that are specific to online and blended learners (such as Chung et al., 2022; Jones, 
2014; Sulla et al., 2022). A recent example of research in this area is a systematic review 
conducted by Chung and colleagues (2022), examining the correlates of academic performance 
in online courses. Based on their review and our meta-analysis, it is clear that focusing search 
efforts on predictors of academic performance yields more primary research; Chung et al. (2022) 
included eight studies examining motivational constructs whereas this meta-analysis included 52 
(Chung et al., 2022; Jones, 2014). 

A final recommendation for scholars is to think critically about the measurement space 
for this work. It is clear that researchers, following the recommendations of Bandura (1986, 
1997), have treated constructs like self-efficacy as domain/content specific. Established 
measures, such as the MSLQ, have been adapted to the content areas and sometimes within 
online settings. In some cases, new measures, coded as technology self-efficacy, were created to 
cover constructs like computer self-efficacy (Simmering et al., 2009) or internet self-efficacy 
(Panigrahi et al., 2021). In this meta-analysis, technology self-efficacy correlations were among 
the largest number of outcomes (n = 18) with the second lowest correlation value (r = 0.07). 
Based on this work, niche approaches like technology self-efficacy are likely of secondary 
importance to the content domain. In our view, a parsimonious approach that is focused on 
content rather than modality is a better way to measure motivation.  
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In conclusion, the results of this meta-analysis challenges existing assumptions about the 
relationship between student motivation and academic performance in online and blended 
courses. This relationship may vary considerably based on a number of factors, including the 
type of motivation, how it is measured, and the modality in which the learning is taking place. 
The recommendations offer here will hopefully galvanize both practitioners and researchers to 
carefully consider other factors that impact student motivation, academic performance, and their 
relationship, through additional systematic review work and primary research. 
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Appendix—A Studies, Outcomes, and Coding 

 
Citation Delivery 

Mode 
Motivational Construct Measure (Citation) Sample 

Size 

Effect 
Size 
(r) 

95% CI  

for r  

Type of 
Correlation 

Fadda (2019) blended learning SE MSLQ (Lantolf & Thorne, 2006) 70 0.29 [0.06, 0.05] Pearson’s r 

Alkis & Temizel 
(2018) 

blended learning SE MSLQ (Pintrich, 1991) 127 0.03 [-0.14, 0.20] Pearson’s r 
 

intrinsic motivation  189 0.44 [0.27, 0.61] Pearson’s r 

online learning SE  189 0.22 [0.08, 0.36] Pearson’s r 
 

intrinsic motivation  127 0.17 [0.03, 0.31] Pearson’s r 

Amin (2019) blended extrinsic motivation Writing Motivation Questionnaire 
(Amin, 2016) 

60 0.48 [0.23, 0.73] Pearson’s r 

 learning SE   0.57 [0.32, 0.82] Pearson’s r 

 intrinsic motivation 
 

 0.65 [0.40, 0.90] Pearson’s r 

Bahçekapili & 
Karaman (2020) 

online external LoC Academic external locus of control 
scale (Akin, 2007) 

525 0.16 [0.08, 0.25] Pearson’s r 

 internal LoC Academic internal locus of control 
scale (Akin, 2007) 

 0.03 [-0.05, 0.12] Pearson’s r 

 learning SE GSES (Schwarzer & Jerusalem, 
1995) 

 0.14 [0.05, 0.22] Pearson’s r 

Baturay & 
Yukselturk (2015) 

online technology SE Internet self-efficacy scale (Y.-J. Joo 
et al., 2000) 

148 0.11 [-0.05, 0.27] Pearson’s r 



Exploring the Relationship Between Motivation and Academic Performance Among Online and Blended Learners 

 

   
Online Learning Journal – Volume 28 Issue 4 – December 2024 

 

106 

Citation Delivery 
Mode 

Motivational Construct Measure (Citation) Sample 

Size 

Effect 
Size 
(r) 

95% CI  

for r  

Type of 
Correlation 

Cannon et al. (2023) blended learning SE Self-efficacy formative questionnaire 
(Guamer Erickson & Noonan, 2018) 

656 0.05 [-0.03, 0.13] Pearson’s r 

Chang & Ho (2009) online internal LoC Intellectual Achievement 
Responsibility and Control of 
Learning Beliefs (Crandall et al., 
1965; Pintrich, 1991) 

115 0.17 [-0.01, 0.35] Point biserial  

Chang et al. (2014) online technology SE Online Computer Technology 
Survey (C. S. Chang, 2000) 

80 0.24 [0.02, 0.46] Point biserial  

Chen & Jang (2010) online relative autonomy index Relative Autonomy Index (Grolnick 
& Ryan, 1987; Vallerand et al., 
1992) 

267 -0.04 [-0.16, 0.08] other 

Cheng et al. (2023) online academic SE PALS (Midgley et al., 2000) 168 0.10 [-0.06, 0.25] Combined 

 online task value MSLQ (Pintrich, 1993) 168 0.07 [-.08, 0.22] Combined 

Cho & Shen (2013) online intrinsic motivation MSLQ (Duncan & McKeachie, 
2005) 

64 -0.09 [-0.33, 0.15] Pearson’s r 

  extrinsic motivation   -0.08 [-0.32, 0.16] Pearson’s r 

  learning SE   0.18 [-0.06, 0.42] Pearson’s r 

Cigdem & Ozturk 
(2016) 

blended general motivation OLRS (Hung et al., 2010; Yurdugul 
& Alsancak Sarikaya, 2013) 

155 0.16 [0.00, 0.32] Pearson’s r 

  technology SE   0.21 [0.05, 0.37]  

Gulao (2014) online learning SE MSLQ (Pintrich et al., 1991) 63 0.29 [0.04, 0.53] Pearson’s r 

DeTure (2004) online technology SE OTSES (Miltiadou & Yu, 2000) 73 -0.03 [-0.26, 0.20] other 

Ergul (2004) online mastery approach goals PALS (Midgley et al., 2000) 124 0.01 [-0.17, 0.19] Pearson’s r 

  learning SE MSLQ (Pintrich & De Groot, 1990)  0.24 [0.07, 0.42] Pearson’s r 
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Citation Delivery 
Mode 

Motivational Construct Measure (Citation) Sample 

Size 

Effect 
Size 
(r) 

95% CI  

for r  

Type of 
Correlation 

Gerlich et al. (2009) online external LoC Rotter's Internal-External Locus of 
Control Scale (1966)  

40 0.08 [-0.23, 0.38] Pearson’s r 

Goad et al. (2021) online mastery approach goals ESPRI-2 (Roblyer et al., 2008) 821 0.17 [0.10, 0.24] Transformed β 

Hamm et al. (2019) online optimism  Life Orientation Test (Scheier & 
Carver, 1985) 

617 0.04 [-0.04, 0.12] Pearson’s r 

    617 0.04 [-0.04, 0.12] Pearson’s r 

    509 0.07 [-0.02, 0.16] Pearson’s r 

    509 0.17 [0.08, 0.26] Pearson’s r 

Hobson & Puruhito 
(2018) 

online learning SE Self-efficacy and outcome 
expectancy measure (Shell et al., 
1989) 

409 0.31 [0.21, 0.41] Pearson’s r 

Hodges (2008) online learning SE Novel (drawn from Miltiadou & Yu, 
2000; Pintrich & De Groot, 1990; 
Spence, 2004; Zimmerman et al., 
1992) 

86 0.29 [0.07, 0.50] other 

Jadric, Bubas, 
Hutinski (2010) 

online technology SE Novel (none) 269 0.15 [0.03, 0.27] Pearson’s r 

Joo, Lim, & Kim 
(2013) 

online internal LoC Internal, Powerful Others and 
Chance Scale (Levenson, 1981) 

897 0.07 [0.00, 0.14] Pearson’s r 

  learning SE MSLQ (Pintrich & De Groot, 1990) 897 0.22 [0.16, 0.29] Pearson’s r 

  task value (before) Eccles, Adler, and Meece (1984) 897 0.25 [0.19, 0.32] Pearson’s r 

  Task value (after) Eccles, Adler, and Meece (1984) 897 0.19 [0.13, 0.26] Pearson’s r 

Kim (2012) blended learning SE Novel (None) 50 0.40 [0.12, 0.67] Pearson’s r 
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Citation Delivery 
Mode 

Motivational Construct Measure (Citation) Sample 

Size 

Effect 
Size 
(r) 

95% CI  

for r  

Type of 
Correlation 

Lee & Choi (2013) online internal LoC internal academic locus of control 
scale (Levy, 2007) 

282 0.29 [0.17, 0.40] Combined 

Liu et al. (2019) blended general motivation Learning Motivation (Hwang et al., 
2013) 

50 -0.58 [-0.85, -0.30] Point biserial  

  learning SE MSLQ variant (Pintrich et al., 1991)  -0.06 [-0.33, 0.22]  Point biserial  

Lynch & Dembo 
(2004) 

blended technology SE Internet self-efficacy scale (Eastin & 
LaRose, 2000) 

94 -0.09 [-0.29, 0.11] Pearson’s r 

  
learning SE MSLQ (Pintrich et al., 1991) 

 
0.29 [0.09, 0.49] Pearson’s r 

Martin et al. (2010) online technology SE Novel (None) 33 0.20 [-0.14, 0.54] Pearson’s r 

McPhaul-Moore 
(2013) 

online intrinsic motivation MSLQ (Pintrich et al., 1991) 112 0.09 [-0.09, 0.27] Pearson’s r 

  learning SE 
 

110 0.23 [0.05, 0.42] Pearson’s r 

Morris et al. (2005) online internal LoC Rotter's Internal-External Locus of 
Control Scale (1966) 

51 -0.26 [-0.53, 0.01] Point biserial  

Neroni et al. (2022) online learning SE MSLQ (Pintrich et al., 1991) 1133 0.05 [-0.00, 0.11] Pearson’s r 

Noteborn et al. 
(2012) 

online task value MSLQ (Pintrich et al., 1991) 139 0.14 [-0.03, 0.31] Pearson’s r 

Parker et al. (2021) online perceived academic 
locus of control 

PAC (Perry et al., 2001) 327 0.29 [0.18, 0.39] Combined 

 online task value Course value (Perkrun & Meier, 
2011) 

327 0.07 [-0.04, 0.18] Combined 

Remedios & 
Richardson (2013) 

online mastery avoidance  Achievement Goal Questionnaire 
(Elliot & McGregor, 2001) 

740 -0.01 [-0.08, 0.06] Point biserial  

  performance approach    -0.01 [-0.08, 0.06] Point biserial  
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Citation Delivery 
Mode 

Motivational Construct Measure (Citation) Sample 

Size 

Effect 
Size 
(r) 

95% CI  

for r  

Type of 
Correlation 

  mastery approach    0.00 [-0.07, 0.07] Point biserial  

  performance avoidance   0.08 [0.01, 0.16] Point biserial  

Runyon (2013) online technology SE Computer user self-efficacy (Cassidy 
& Eachus, 2002) 

162 0.28 [0.12, 0.43] Pearson’s r 

Sankaran & Bui 
(2001) 

online general motivation Novel (None) 46 0.58 [0.29, 0.86] Pearson’s r 

Savoji (2013) online intrinsic motivation MSLQ (Pintrich et al., 1991) 187 0.06 [0.29, 0.86] Transformed β 

 online extrinsic motivation MSLQ (Pintrich et al., 1991)  0.06 [-0.09, 0.20] Transformed β 

 online task value MSLQ (Pintrich et al., 1991)  0.13 [-0.01, 0.28] Transformed β 

 online learning SE MSLQ (Pintrich et al., 1991)  0.29 [0.14, 0.43] Transformed β 

Simmering, Posey, & 
Piccoli (2009) 

online general motivation initial motivation to learn (Noe & 
Schmitt, 1986) 

190 -0.07 [-0.21, 0.07] Pearson’s r 

  technology SE CSES (Compeau & Higgins, 1995)  0.29 [0.15, 0.43] Pearson’s r 

Stephen et al. (2020) online technology SE OLSES (W. A. Zimmerman & 
Kulikowich, 2016) 

82 -0.58 [-0.79, -0.36] Point biserial  

  learning SE 
 

 -0.03 [-0.25, 0.19] Point biserial  

Tai (2016) online learning SE Writing Self-Efficacy Questionnaire 
(Jacobs et al., 2005; Pajares et al., 
2001) 

209 -0.29 [-0.42, -0.15] Transformed β 

Tladi (2017) online technology SE OTSES variant (Miltiadou & Yu, 
2000) 

263 -0.07 [-0.20, 0.05] Pearson’s r 

  learning SE Distance Learning Self-Efficacy 
Scale (Zhang et al., 2001) 

 0.13 [0.01, 0.25] Pearson’s r 
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Citation Delivery 
Mode 

Motivational Construct Measure (Citation) Sample 

Size 

Effect 
Size 
(r) 

95% CI  

for r  

Type of 
Correlation 

Torun (2020) online technology SE E-Learning Readiness Scale 
(Yurdugul & Demir, 2017) 

153 0.10 [-0.06, 0.25] Pearson’s r 

  
 

  0.17 [0.01, 0.33] Pearson’s r 

  learning SE   0.23 [0.07, 0.38] Pearson’s r 

  general motivation   0.51 [0.35, 0.67] Pearson’s r 

Wadsworth et al. 
(2007) 

online learning SE Novel (drawn from Bandura, 2006; 
Pajares & Graham, 1999) 

89 0.32 [0.11, 0.53] Transformed β 

Wang & Newlin 
(2000) 

online external LoC Rotter's Internal-External Locus of 
Control Scale (1966) 

49 0.33 [0.05, 0.61] Pearson’s r 

  
external LoC Academic locus of control scale 

(Trice, 1985) 
 0.41 [0.13, 0.69] Pearson’s r 

Wang & Newlin 
(2002) 

online technology SE Novel (None) 122 0.24 [0.06, 0.42] Other 

  learning SE Novel (None)  0.32 [0.14, 0.49] Other  

Wang et al. (2008) online technology SE Self-efficacy of distance learning 
(Peng et al., 2006) 

135 0.05 [-0.12, 0.22] Pearson’s r 

  external LoC Multidimensional multiattributional 
causality scale (Lefcourt et al., 1979) 

 0.07 [-0.24, 0.10] Combined 

  intrinsic motivation Novel (drawn from Wang et al., 
2006) 

 0.16 [-0.01, 0.33] Pearson’s r 

Warren et al. (2020) blended learning SE Novel (None) 43 0.46 [0.16, 0.75] Pearson’s r 

Wipawayangkool et 
al. (2022) 

online technology SE Computer and internet self-efficacy 
(Marakas et al., 2007) 

64 -0.01 [-0.25, 0.23] Combined 
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Citation Delivery 
Mode 

Motivational Construct Measure (Citation) Sample 

Size 

Effect 
Size 
(r) 

95% CI  

for r  

Type of 
Correlation 

Wuellner (2015) online intrinsic motivation MSLQ (Pintrich et al., 1991) 36 -0.41 [-0.73, -0.09] Combined 

Zhang et al. (2023) blended technology SE TISQ (Wang et al., 2004) 202 0.13 [-0.01, 0.27] Pearson’s r 

Zhou & Wang (2019) online performance avoidance AGQ (Elliot & McGregor, 2001) 201 -0.05 [-0.19, 0.09] Pearson’s r 

  performance approach   0.35 [0.21, 0.49] Pearson’s r 

  mastery avoidance    0.44 [0.30, 0.58] Pearson’s r 

  mastery approach    0.61 [0.47, 0.75] Pearson’s r 

Zimmerman (2017) online technology SE OLSES variant (Zimmerman & 
Kulikowich, 2016) 

341 -0.10 [-0.20, 0.01] Pearson’s r 

 online learning SE  345 -0.02 [-0.13, 0.08] Pearson’s r 

 online learning SE SELS (Finney & Schraw, 2003) 334 0.12 [0.01, 0.23] Pearson’s r 
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Appendix B—Forrest Plot of Outcomes by Motivational Construct 
 

Figure B1  
Forrest Plot of Self-Determination Motivation Outcomes 
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Figure B2  
Forrest Plot of Attributional Style Outcomes 
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Figure B3  
Forrest Plot of Task Value Outcomes 
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Figure B4  
Forrest Plot of Self-Efficacy Outcomes 
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Figure B5  

Forrest Plot of Achievement Goals Outcomes 

 


	Motivation and Academic Performance
	Student Motivation
	Self-Efficacy
	Achievement Goal Orientation
	Intrinsic and Extrinsic Motivation
	Task Value
	Attributional Style

	Problem Statement and Research Questions
	Methods
	Search Strategy
	Inclusion and Exclusion Criteria
	Coding Procedures
	Search Results and Screening Process
	Coding Process
	Coding Scheme


	Results
	Supporting Analyses
	Single outlier
	No publication bias
	No dependence factor
	Results reporting and magnitude

	RQ1—Motivational characteristics and performance
	RQ2—Motivation for online and blended learning
	RQ 3—Predicting student performance

	Conclusion and Discussion
	References
	Appendix—A Studies, Outcomes, and Coding

