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Abstract
Technologies and teaching practices can provide a 
rich log data, which enables learning analytics (LA) 
to bring new insights into the learning process for 
ultimately enhancing student success. This type of 
data has been used to discover student online learn-
ing patterns, relationships between online learning 
behaviors and assessment performance. Previous 
studies have provided empirical evidence that not 
all log variables were significantly associated with 
student academic achievement and the relationships 
varied across courses. Therefore, this study employs 
a systematic review with meta-analysis method to 
provide a comprehensive review of the log variables 
that have an impact on student academic achieve-
ment. We searched six databases and reviewed 88 
relevant empirical studies published from 2010 to 
2021 for an in-depth analysis. The results show differ-
ent types of log variables and the learning contexts 
investigated in the reviewed studies. We also included 
four moderating factors to do moderator analyses. A 
further significance test was performed to test the 
difference of effect size among different types of log 
variables. Limitations and future research expecta-
tions are provided subsequently.
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INTRODUCTION

In recent years, learning analytics (LA) has emerged as a field aiming to provide solutions 
for questions related to teaching and learning with technology, such as the ways to explore 
online learning and get an accurate description of learning process (Larusson & White, 2014). 
For the purpose of understanding and optimizing digital learning and the environments in 
which it occurs, LA ideally attempts to collect and analyze data that exists in educational 
repositories such as LMS to assess the behavior of educational communities (Romero & 
Ventura, 2010). Researchers have synthesized the literature regarding the data analyzed in 
LA studies and found that log records of learners' interaction with and participation in LMSs 
was the main data source of LA. For example, Saqr et al. (2018) conducted a systematic 
review of six empirical studies on LA published before 2017 in the field of medical education. 
Results showed that most reviewed studies collected data from LMSs or online learning 
resources. Algayres and Triantafyllou (2020) conducted a scoping review of 49 articles on LA 
in flipped learning environments. They found that LMS data was the main data source. Log 
variables such as total login time, time spent on online activities, regularity and engagement 
were usually extracted from LMS log traces. The analysis of log data, also known as data 
logging, is a process of making sense of computer-generated records (logs). Log analysis 
has had extensive adoption in the field of LA for some time, and empirical implications have 
witnessed its potential for providing valuable feedback for improving the effectiveness of 
online education. More specifically, it helps instructors understand students' online learning 
behaviors (Breslow et al., 2013; Cooper & Sahami, 2013; Daradoumis et al., 2013), provide 
feasible feedback and to adjust instructional strategies (Dietz-Uhler & Hurn, 2013).

The application of artificial intelligence (AI) in assessment has enabled a more contin-
uous view of individual's ongoing engagement with an online learning environment, rather 

Practitioner notes
What is already known about this topic
•	 Significant relationship between active engagement in online courses and academic 

achievement was identified in a number of previous studies.
•	 Researchers have reviewed the literature to examine different aspects of applying 

LA to gain insights for monitoring student learning in digital environments (eg, data 
sources, data analysis techniques).

What this paper adds
•	 Presents a new perspective of the log variables, which provides a reliable quantitative 

conclusion of log variables in predicting student academic achievement.
•	 Conducted subgroup analysis, examined four potential moderating variables and 

identified their moderating effect on several log variables such as regularity of study 
interval, number of online sessions, time-on-task, starting late and late submission.

•	 Compared the effect of generic and course-specific, basic and elaborated log 
variables, and found significant difference between the basic and elaborated.

Implications for practice and/or policy
•	 A depth of understanding of these log variables may enable researchers to build 

robust prediction models.
•	 It can guide the instructors to timely adjust teaching strategies according to their 

online learning behaviors.
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WANG and MOUSAVI144

than discrete snapshots of performance provided by traditional assessments (Swiecki 
et al., 2022). AI techniques have been applied to different assessment tasks and evidence, 
such as electronic assessment platforms, stealth assessment, latent knowledge estimation 
and learning processes. By analyzing data generated from these approaches, previous 
research has investigated the following: test-taken behaviors (eg, time-on-task, answering 
and revising behavior during exams) (Lee et al., 2019), formative assessment using stealth 
methods (Yang et al., 2021), knowledge tracing (Molenaar et al., 2021) and analyzing multi-
channel data (eg, clickstreams, eye-tracking, mouse movements) in multimodal LA with 
different AI techniques such as process mining and network analysis (de Marcos et al., 2016; 
Saqr et al., 2020). A wealth of such research has made student academic performance anal-
ysis and prediction become two widely explored research topics in LA.

Log variables investigated in the previous studies can be divided into basic and elabo-
rated types. Basic log variables are those extracted from raw log data and are not specific 
measurements of previously outlined concepts, such as simple frequency and time counts. 
This type of log variables (eg, the number of clicks, total time spent online) is the most typical 
measure used to predict student learning performance. For instance, total login time was 
found to be positively related to final course grade (eg, Conijn et al., 2017; Wei et al., 2015). 
However, researchers suggested to extract and aggregate meaningful and elaborated indi-
cators from log data, rather than basic frequency measures of online events (Hadwin et al., 
2007; Huang & Fang, 2013; You, 2016). Huang and Fang (2013) claimed that merely adding 
more basic variables does not improve the predictability of mathematical models. Therefore, 
researchers need to develop significant indicators that effectively capture online engage-
ment. For example, the variable of regular study (ie, the degree to which a student consist-
ently accesses the learning materials) was generated in some studies based on the notion 
that self-regulated learners show a typical characteristic of studying on a regular basis (eg, 
Conijn et al., 2017; Jo et al., 2015; You, 2016). Results in these studies showed learners who 
regularly logged into the LMS throughout the course showed better performance. Such elab-
orated time-based indicators can serve as leading factors of student access time and study 
patterns simultaneously (You, 2016). These indicators explain learners' sustained endeav-
ors and awareness of their learning status better than either login time or login frequency. 
A similar log variable of distributed learning was examined in Theobald et al. (2018), which 
was a measure of the number of weeks in which each student had accessed the LMS irre-
spective of the actual amount of time students spent online. Higher values suggested a more 
distributed and continual engagement with the course content. It was found that distributed 
learning was associated with better exam grades.

Log variables can also be classified as generic variables (eg, total login time, total number 
of clicks) and course-specific variables generated from interactions with specific online activ-
ities required in course syllabus (eg, number of weeks of high engagement with summative 
exercises, weekly use of course videos for the pre-class activities). For better investigating 
the relationship between online participation and academic performance, some studies have 
used both kinds of variables into analysis (eg, Jovanović et al., 2019, 2021; Wei et al., 2015). 
For course-specific log variables, different learning designs used in the courses can poten-
tially lead to different activities in LMSs thus resulting in different LMS usage. As a result, 
these course-specific predictors cannot be compared across courses. In the present review 
study, meta regression analysis was conducted only on generic log variables.

Many previous studies analyzed LMS data of one or only a few courses and learning 
tasks, which makes it difficult to compare study results and draw generalizable conclusions 
in the ways of using LMS data for predictive modeling (Conijn et al., 2017). Some studies 
performed prediction modelling on several courses and found that the effect of student LMS 
behaviors on students' learning performance differs across courses (eg, Conijn et al., 2017; 
Gašević et al., 2016). In Conijn et al. (2017)'s study, several log variables, such as the total 
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 145

number of views and clicks, had a positive relationship with students' grade in some courses 
while showed a negative relationship in others. These contradicting results may be explained 
by the fact that the courses differed in characteristics such as type, theme and learning 
design. For example, students taking fully online courses show more online interactions with 
LMSs compared with blended courses, which might have a great possibility of contributing 
to the effect of log variables on student academic performance. Furthermore, the dependent 
variable used in prediction models were not all the same. Some studies performed regres-
sion analysis to investigate the relationships between log variables and total course score 
(eg, Bravo-Agapito et al., 2021; Jovanović et al., 2021), while others used final exam score 
or post-test score (eg, Schumacher & Ifenthaler, 2021; Ulfa & Fatawi, 2021). Final exam 
score and post-test score are the one-time exams and tests which assess learners' knowl-
edge acquired through the courses or learning modules. Total course score is the sum of 
all assessment parts of the course, which typically covers both final exam score (if there is) 
and the grade weights of the course design such as assignments, discussion forums, and 
quizzes. Therefore, the current study examines whether the predictive power of log variables 
on final exam score and total course score differs.

In the current empirical studies on LA, researchers investigated the predictive power 
of log variables in different learning contexts, mainly including learning type (fully online or 
blended), learning theme (eg, STEM, culture and arts), and the type of the dependent vari-
able in prediction models (total course score or final exam score). Furthermore, the study 
characteristic variable of sample size that has been examined in many published meta-anal-
ysis articles was also considered in the current study. Therefore, a total of four potential 
moderators (ie, sample size, learning type, learning theme, the type of the dependent vari-
able) would be examined in this meta-analysis. We aim to provide a review with meta-anal-
ysis of log variables that have been found to be significant predictors for student academic 
performance, compare the effect size of basic and elaborated, generic and course-specific 
log variables and investigate whether the effect size of generic log variables will change 
according to the four moderating factors.

RESEARCH SIGNIFICANCE AND OBJECTIVES

Improving academic performance is considered one of the crucial issues for education. In 
the existing literature, numerous studies have adopted LA approach to explore the relation-
ships between log variables and student academic performance in the hope of providing 
guidance for instructors to make decisions. For example, instructors can encourage students 
in engaging online learning activities if they are less active during a longer period.

Recently, researchers have reviewed the literature to examine different aspects of 
applying LA to gain insights for monitoring student learning in digital environments, such 
as data sources, data analysis techniques, purposes and LA applications on some topics 
(eg, evaluation and assessment of student academic performance). Among them, several 
studies reviewed certain log variables used in predicting academic performance. For exam-
ple, Namoun and Alshanqiti (2021) conducted a systematic literature review of 62 studies 
between 2010 and 2020 to investigate the applications of data mining and LA techniques 
in predicting student performance. Results showed that most studies employed regression 
and supervised ML models to predict student performance. Online engagement in learning 
activities, term assessment grades, and student academic emotions were the most evident 
predictors of learning performance. Ifenthaler and Yau (2020) reviewed 46 empirical studies 
published from 2013 to 2018 to investigate the effective role of LA in facilitating study success 
in the context of higher education. Results showed that one set of predictors for student 
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WANG and MOUSAVI146

success was variables extracted from online log traces which represented student online 
interactions and engagement, such as login frequency and submission of assignments.

Although some review studies found log data to be the main data sources of LA and 
summarized several log variables for predicting student academic performance, few stud-
ies further systematically provided a fine-grained summary of the influential log variables. 
Furthermore, despite the increase of LA research, there is no consensus to date on how LA 
might be implemented, eg, which data is useful, what different considerations have to be 
made regarding course characteristics, etc. (Agudo-Peregrina et al., 2014). It indicates that 
there is a need for further studies to investigate the issue of the generalizability of prediction 
models. Especially regarding the predictors, there is still a lack of comprehensive review of 
the log variables used in the context of predicting student academic achievement, especially, 
whether the effect of log variables on student academic achievement varies according to 
different learning contexts.

Thus, this study sets out to fill the gaps by providing a systematic review with a meta-anal-
ysis of log variables and their performance in predicting student academic achievement. In 
this regard, this paper investigates the studies from the body of research published in the 
most recent decade. The study aims to:

1.	Perform a systematic review of influential log variables and moderating factors (ie, sample 
size, the course type and theme, the type of dependent variable used in prediction models).

2.	Conduct meta-regression analyses on most frequently generic log variables and investi-
gate whether the effect size of generic log variables will change according to the above 
mentioned four moderators.

3.	Compare the effect size of basic and elaborated, generic and course-specific log variables.

METHOD

This study employs a systematic review to provide a comprehensive examination of the log 
variables that have a significant impact on student academic achievement. We extracted the 
standardized regression coefficients of the statistically significant log variables in the predic-
tion models to do a meta-analysis. The meta-analysis of standardized regression coefficients 
has the potential to yield a more accurate estimate of the effect of a predictor variable on 
a dependent variable after controlling for other variables that might also be related to the 
outcome variable (Fernández-Castilla et al., 2018). As previous studies involved two kinds 
of dependent variables in regression analysis, that is, continuous (assessment scores) and 
categorical (eg, pass/fail, student dropout), we only focused on the regression analysis of 
assessment scores. We use academic achievement to indicate assessment scores in the 
following analysis.

This systematic review is conducted based on the PRISMA (Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses) framework proposed by Page et al., 2021. We 
systematically searched the empirical studies related to using log variables to predict student 
academic achievement. We used preselected keywords to search peer-reviewed scholarly 
studies through main electronic databases. The output of the research results created the 
primary collection of the studies which were then imported to Endnote, a reference manage-
ment software. The metadata of the searched studies was extracted in the MS Excel work-
sheet. Then, the title and abstract of the studies were screened by two reviewers based on 
inclusion and exclusion criteria. Next, the full texts of the studies were evaluated based on 
the eligibility criteria.

 14678535, 2023, 1, D
ow

nloaded from
 https://bera-journals.onlinelibrary.w

iley.com
/doi/10.1111/bjet.13282 by U

N
IV

E
R

SIT
Y

 O
F SO

U
T

H
 A

U
ST

R
A

L
IA

, W
iley O

nline L
ibrary on [26/06/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 147

Search strategy

We searched articles published from 2010 to 2021 on six databases that cover popular jour-
nals of interest in education and data science: Scopus, IEEE Xplore, ERIC, Web of science, 
ScienceDirect, and ACM Digital Library. The search was performed between November 
2021 and December 2021.

The keywords are terms relating to LA (eg, log data, log analysis, educational data mining, 
learning analytics), and “assessing academic performance” (eg, assess*, student assess*, 
study success, learning performance, academic achievement). The keywords or the syno-
nyms within each term were paired with Boolean operator OR and two terms of keywords 
were paired with AND. Because our main research objective is to examine the effect size of 
log variables in predicting student academic achievement, we used AND to add the keyword 
“regression OR coefficient” to Boolean expressions. An example search query was: (“learn-
ing analytics” OR “log data” OR “log analysis” OR “log file” OR “educational data mining” OR 
“log variable”) AND (assessment OR “educational assess*” OR “academic performance” OR 
“academic achievement” OR “study success” OR “academic success” OR “learning perfor-
mance”) AND (regression OR coefficient).

Inclusion and exclusion criteria

The summary of the inclusion and exclusion criteria is given in Table 1. The search process 
was limited to complete full text articles published on journals and conference proceedings 
from 2010 to 2021 and written in English. Other types such as notes and book chapters were 
excluded during the search process. Only empirical studies were included.

Selection process

Article selection process was carried out by following the recommendations from the PRISMA 
framework as shown in Figure 1. The search work output a total of 3717 articles from the 
six digital databases. Three hundred and eighty-nine duplicates were excluded in the first 
round of article selection process. In the second round, we removed 2984 studies that were 
not relevant to the setting or context of this review. Finally, in the third round, we excluded 
studies that did not meet the inclusion criteria (n = 256). This round involved the inclusion 
of related studies and exclusion of non-related studies according to these eligibility criteria: 
(1) Does the studies involve log analysis and regression analysis? (2) Is assessment score 

Inclusion Exclusion

Published from 2010 to 2021 Published outside the period of 2010 to 2021

Written in English Not written in English

Primary studies Not primary studies

Journal articles, conference papers Books, Slides, Notes, Posters, Reports

Empirical studies Not empirical studies

Complete full-text studies Incomplete full-text studies

Directly focus on using online log variables in 
regression analysis for predicting student academic 
achievement and report regression coefficients

Studies that do not directly use online log variables in 
regression analysis for predicting student academic 
achievement and report regression coefficients

T A B L E  1   Inclusion and exclusion criteria
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WANG and MOUSAVI148

the dependent variable of the regression analysis? (3) Are the significant regression coeffi-
cients of log variables reported in the study? A total of 123 studies were eliminated from the 
selection as they did not perform log analysis or regression analysis. Then, 57 studies were 
excluded because their regression models were not used for predicting assessment scores. 
At last, 76 studies were excluded because no regression coefficients were reported. There-
fore, 88 studies were kept from the final selection.

F I G U R E  1   Flow diagram of the article search and selection process.
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 149

Data extraction and analysis

The final selection of the studies was examined by two reviewers for achieving the objectives 
of the study. The metadata of the selected studies was tabulated by using an Excel work-
sheet. The metadata includes author information, publication year, source title, conference 
rank and journal rank by Journal Impact Factor (JIF) and Journal Citation Indicator (if JIF is 
not available) (Clarivate, 2021) (Table 2).

Coding procedures

Outcome variable

We focus on the effect of log variables on student academic achievement. Therefore, the 
significant regression coefficients β of log variables and the sample size of each study were 
recorded. Regression coefficients were coded based on each independent regression model, 
and separately coded if a study performed several independent regression models. Besides, 
if a study included repeated regression analysis at different time, the results retrieved from 
the last regression analysis would be chosen. The coding was conducted by two research-
ers and checked interchangeably. Disputes that had occurred in the coding process were 
resolved.

Potential moderating variables

Four potential moderating variables were examined in the meta-analysis. These 33 studies 
were coded by two reviewers for these four variables.

1.	Sample size. Sample size was coded as five ranges, “≤50”, “51–100”, “101–500”, “501–
1000”, “≤1001”.

2.	Learning type. The learning type was coded as “fully online” and “blended”.
3.	Learning theme. The learning theme was coded as “Education”, “Business”, “STEM 

(Science, Technology, Engineering, Mathematics)”, “Culture and Arts (CA)”, “Life Sciences 
and Chemistry”, “Medicine”, “Society”, “K-12”, and “Multiple themes”. The code of “Multi-
ple themes” means that some studies built a regression model by using log data from 
multiple courses.

4.	The type of the dependent variable. The type of the dependent variable was coded as 
“total score” and “exam score”.

Statistical analyses

The statistical analyses include two parts, meta-regression analysis of generic log variables 
and independent sample T test for testing the significant difference between the effect sizes 
of generic and course-specific, basic and elaborated log variables.

As course-specific log variables were measured differently across courses, we only 
performed meta-regression analysis on generic log variables. We used the package meta-
for in R to conduct the meta-analysis. The metafor package (Viechtbauer, 2010) provides 
functions for conducting meta-analyses in R and includes the required methods for conduct-
ing moderator analyses without limitations compared with other packages. Users can fit 
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WANG and MOUSAVI150

Year Authors Source title Rank

2021 Bravo-Agapito et al. (2021) Computers in Human Behavior Q1

2021 Dewar et al. (2021) Medical Teacher Q1

2021 Galikyan et al. (2021) Computers and Education Q1

2021 Huang et al. (2021) Proceedings of the 29th International Conference on 
Computers in Education

B - CORE

2021 Jost et al. (2021) Education and Information Technologies Q1

2021 Jovanović et al. (2021) Computers and Education Q1

2021 Maier (2021) Computers and Education Q1

2021 Mangaroska et al. (2021) IEEE Transactions on Learning Technologies Q1

2021 Mills (2021) Heliyon Q2

2021 Ober et al. (2021) Computers and Education Q1

2021 Schumacher and 
Ifenthaler (2021)

The Internet and Higher Education Q1

2021 Smith et al. (2021) Proceedings of the 52nd ACM Technical Symposium on 
Computer Science Education

A - CORE

2021 Tan et al. (2021) International Conference on Human System Interaction, 
HSI, 2021

C - CORE

2021 Ulfa and Fatawi (2021) International Journal of Emerging Technologies in Learning Q2

2021 Wu et al. (2021) IEEE 3rd International Conference on Computer Science 
and Educational Informatization

Not ranked

2021 Xu et al. (2021) IEEE Transactions on Education Q2

2021 Yang et al. (2021) Assessment for Effective Intervention Q2

2021 Chan et al. (2021) European Journal of Dental Education Q3

2020 Han and Ellis (2020) Australasian Journal of Educational Technology Q1

2020 Han et al. (2020) Educational Technology Research and Development Q1

2020 Li et al. (2020) The Internet and Higher Education Q1

2021 Papamitsiou and 
Economides (2021)

Journal of Computer Assisted Learning Q1

2020 Pei et al. (2020) International Journal of Science Education Q2

2020 Saqr et al. (2020) BMC Medical Education Q2

2020 Sharma et al. (2020) Studies in Higher Education Q1

2020 Stadler et al. (2020) Computers in Human Behavior Q1

2020 Summers et al. (2020) Assessment & Evaluation in Higher Education Q1

2021 Tacoma, et al. (2021) Journal of Computer Assisted Learning Q1

2020 Tacoma et al. (2020) Computers in Human Behavior Q1

2020 Tempelaar et al. (2020) PloS One Q2

2020 Zarrabi and 
Bozorgian (2020)

Computers and Composition Not 
available

2019 Chen et al. (2019) 2019 IEEE International Conference on Engineering, 
Technology and Education

Not ranked

2019 Foung and Chen (2019) Electronic Journal of E-Learning Q2

2019 Gu and Xu (2019) Journal of Educational Computing Research Q1

T A B L E  2   Metadata of the reviewed studies
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 151

(Continues)

T A B L E  2   (Continued)

Year Authors Source title Rank

2019 Jokhan et al. (2019) Studies in Higher Education Q1

2019 Jovanović et al. (2019) Computers and Education Q1

2019 Koh et al. (2019) Education Sciences Q1

2019 Lee et al. (2019) Science Education Q1

2019 Musabirov et al. (2019) International Journal of Emerging Technologies in Learning Q2

2019 Ramirez-Arellano 
et al. (2019)

Journal of Educational Computing Research Q1

2019 Soffer and Cohen (2019) Journal of Computer Assisted Learning Q1

2019 Tian et al. (2019) Proceedings—International Joint Conference on 
Information, Media, and Engineering, IJCIME 2019

Not ranked

2018 Chiu and Hew (2018) Australasian Journal of Educational Technology Q1

2018 Conijn et al. (2018) Journal of Computer Assisted Learning Q1

2018 Jiang et al. (2018) Contemporary Educational Psychology Q1

2018 Li and Baker (2018) Computers and Education Q1

2018 Li et al. (2018) Research and Practice in Technology Enhanced Learning Q2

2018 Liu et al. (2018) Journal of Information Science and Engineering Q4

2018 Ruipérez-Valiente 
et al. (2018)

Expert Systems Q2

2018 Saqr et al. (2018) PloS One Q2

2018 Tan et al. (2018) Proceedings of 2018 International Symposium on 
Educational Technology

Not ranked

2018 Theobald et al. (2018) Learning and Individual Differences Q1

2017 Conijn et al. (2017) IEEE Transactions on Learning Technologies Q1

2017 Ellis et al. (2017) Educational Technology & Society Q2

2017 Grubišić et al. (2017) Proceedings of the 9th International Conference on 
Computer Supported Education

B - CORE

2017 Jo et al. (2017) Journal of Computer Assisted Learning Q1

2017 Li et al. (2017) Proceedings of the 5th International Conference on 
Educational Innovation through Technology

Not ranked

2017 Lin et al. (2017) Proceedings - 2017 6th IIAI International Congress on 
Advanced Applied Informatics

Not ranked

2017 Mwalumbwe and 
Mtebe (2017)

Electronic Journal of Information Systems in Developing 
Countries

Q2

2017 Pardo et al. (2017) IEEE Transactions on Learning Technologies Q1

2017 Scheffel et al. (2017) IEEE Transactions on Learning Technologies Q1

2017 Widyahastuti et al. (2017) International Conference on e-Learning B4 - Qualis

2016 Choi et al. (2016) Proceedings of the 9th International Conference on 
Educational Data Mining

B - CORE

2016 de Marcos et al. (2016) Computers in Human Behavior Q1

2016 Goggins and Xing (2016) Computers and Education Q1

2016 Naumann and 
Salmerón (2016)

International Review of Research in Open and Distance 
Learning

Q2

2016 Strang (2016) Education and Information Technologies Q1
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WANG and MOUSAVI152

meta-regression models to examine the influence of one or more moderator variables on the 
outcomes. It can handle both continuous and categorical moderator variables. Furthermore, 
it includes functions for fitting fixed-effects and random-effects models.

The meta-regression analysis in the current study includes the following steps. Firstly, 
each regression coefficient was transformed into a standard normal metric, Fisher's Z score, 
as an effect size. Secondly, Cochran's Q-Test (Cochran, 1950) and the I 2 statistic (Higgins 
et al., 2002) were used for the heterogeneity test. Heterogeneity in meta-analysis refers to 
the variation in study outcomes between studies. Cochran's Q is calculated as the weighted 
sum of squared differences between individual study effects and the pooled effect across 

T A B L E  2   (Continued)

Year Authors Source title Rank

2016 Yamada et al. (2016) ICCE 2016 - 24th international conference on computers 
in education: think global act local - main conference 
proceedings

B - CORE

2016 You (2016) The Internet and Higher Education Q1

2015 Joksimović, Gašević, 
Kovanović, et al. (2015)

Journal of Computer Assisted Learning Q1

2015 Joksimović, Gašević, 
Loughin, et al. (2015)

Computers and Education Q1

2015 Junco and Clem (2015) Internet and Higher Education Q1

2015 Jo et al. (2015) Educational Technology & Society Q2

2015 Kennedy et al. (2015) Proceedings of the 5th International Conference on 
Learning Analytics & Knowledge (LAK 2015)

A - CORE

2015 Pardo et al. (2015) Proceedings of the 5th International Conference on 
Learning Analytics & Knowledge (LAK 2015)

A - CORE

2015 Svihla et al. (2015) Journal of Learning Analytics Q1

2015 Wei et al. (2015) Computers and Education Q1

2015 You (2015) Educational Technology & Society Q2

2015 Zacharis (2015) The Internet and Higher Education Q1

2014 Agudo-Peregrina 
et al. (2014)

Computers in Human Behavior Q1

2014 Yoo and Kim (2014) International Journal of Artificial Intelligence in Education Q3

2014 Yu and Jo (2014) Proceedings of the 4th International Conference on 
Learning Analytics & Knowledge (LAK 2014)

A - CORE

2013 Gijlers and de Jong (2013) Journal of the Learning Sciences Q1

2013 Lin and Chiu (2013) Proceedings - 2013 IEEE 13th International Conference on 
Advanced Learning Technologies

B - CORE

2013 Miller and Soh (2013) Proceedings - Frontiers in Education Conference C - CORE

2013 Ritter et al. (2013) Proceedings of the 6th International Conference on 
Educational Data Mining

B - CORE

2012 Bernacki et al. (2012) Contemporary Educational Psychology Q1

2012 Romero-Zaldivar 
et al. (2012)

Computers and Education Q1

Note: According to CORE 2021 summary: A*—7.22% of 803 ranked venues; A—16.06% of 803 ranked venues; B—37.11% of 803 
ranked venues; Australasian B—1.62% of 803 ranked venues; C—36.24% of 803 ranked venues; Australasian C—1.74% of 803 
ranked venues; Other—167 total. Qualis: This conference ranking has been published by the Brazilian ministry of education and 
uses the H-index as performance measure for conferences. Based on the H-index percentiles, the conferences are grouped into 
performance classes that range from A1 (=best), A2, B1, …, B5 (=worst).
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 153

studies, with the weights being those used in the pooling method. The I 2 statistic describes 
the percentage of variation across studies that is due to heterogeneity rather than chance. 
I 2 values of 25%, 50% and 75%, correspond to small, moderate and large amounts of heter-
ogeneity among studies. Thirdly, the funnel plot and Egger regression test were used to 
test whether the results were biased due to different publication sources. Finally, moderator 
analyses were performed.

Log variables can be classified into generic and course-specific, basic and elaborated 
variables. We used independent samples T test to test whether the effect sizes of generic 
and course-specific, basic and elaborated log variables were significantly different.

RESULTS

This section reports the findings and discoveries by considering the research objectives of 
this review study.

Soundness and quality assurance of the dataset of the selected 
studies

Out of 69 journal publications and 19 conference studies, 78% of the studies are published 
in Q1 and Q2 ranking journals and A level conferences. This finding shows the soundness of 
the selected studies that all studies are thorough research by technology and analytical field. 
Table 2 shows that the highest number of selected studies that were published in one journal 
is 10, and they are published in Computers and Education, followed by Journal of Computer 
Assisted Learning, which provided 6 publications in the selected studies.

Distribution of the reviewed studies over time

The current review focused on studies from January 2010 to December 2021. Over that time, 
we noticed a gradual rise in the number of selected studies that met our research objectives. 
Figure 2 shows the highest number of studies published in 2021 (n = 17) and no studies that 
met our inclusion criteria published before 2012.

Sample size of the reviewed studies

Table 3 provides the sample size, the learning type and theme investigated in the reviewed 
studies. Figure 3 shows sample sizes of the reviewed studies. It reveals a great variation 
in recruitment. There was a total of 106 samples investigated in the reviewed studies. Most 
models (n = 45) were performed on a sample size of between 100 and 500. Some models 
(n = 21) were performed on a sample size of between 500 and 1000. It indicates that most 
reviewed studies have fairly large sample sizes, which enables researchers to validate the 
regression models with more solid evidence.

Learning type

We coded the learning type in the reviewed studies as “fully online” and “blended”. Typically, 
online learning is the use of web-based technologies to provide out-of-class learning in the 
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WANG and MOUSAVI154

absence of the physical classroom, which enables learning without time, place and pace 
constraints (Bernard et  al.,  2014; Chigeza & Halbert,  2014; Israel,  2015). It is launched 
through LMSs or virtual learning environments (VLE) such as Moodle and Blackboard. 
Blended learning refers to the integration of traditional face-to-face learning and online learn-
ing, which is seen as a way of combining the benefits of two formats (Adams et al., 2015). 
In the current study, we coded the course or learning task that integrated face-to-face class 
session and an online learning tool or platform as blended. As shown in Appendix A, apart 
from 4 studies that did not specify the course type, 44 courses or learning tasks investigated 
in the reviewed studies were delivered fully online, while the other 59 were blended learning.

Learning theme

Learning theme investigated in the reviewed studies can be classified into 9 groups as we 
mentioned in the previous section. Figure 4 shows that the highest number of courses or 
learning tasks were related to the field of STEM, followed by K-12 education.

The type of dependent variable in the regression models

We found that there were two kinds of dependent variables used in the regression models, 
total course score and exam score. We coded them as “total score” and “exam score”. 
Appendix B provides the information of dependent variables and log variables, and regres-
sion coefficients of log variables. There were totally 112 independent regression models, in 
which 68 models used exam score as the dependent variable.

The type of log variables in the regression models

A total 328 log variables were found to significantly predict student academic achievement. 
There are 161 generic and 167 course-specific, 236 basic and 92 elaborated log variables 

F I G U R E  2   Publications distributed by year.
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 155

Log variables Description Frequency Study
Regression 
coefficients

Login time Overall time spent online 13 Jovanović et al. (2021) 4.077

Mills (2021) 0.110

Sharma et al. (2020) 0.591

Li et al. (2018) 0.104

Conijn et al. (2017) 2 −0.190

Conijn et al. (2017) 6 0.250

Conijn et al. (2017) 9 0.340

Conijn et al. (2017) 10 −0.340

Conijn et al. (2017) 11 −0.180

Conijn et al. (2017) 12 0.760

Conijn et al. (2017) 14 −0.230

Joksimović, Gašević, 
Loughin, et al. (2015)

0.030

Yu and Jo (2014) 0.238

Login frequency Total number of learners' online 
access

6 Sharma et al. (2020) 0.287

Li et al. (2017) −0.044

Strang (2016) 0.137

You (2016) 1 0.150

You (2016) 2 −0.180

Wei et al. (2015) 0.060

Regularity of study 
time

Standard deviation of study 
time

5 Jost et al. (2021) −0.310

Conijn et al. (2017) 6 0.260

Conijn et al. (2017) 7 −0.570

Conijn et al. (2017) 10 0.170

Conijn et al. (2017) 13 −0.400

Regularity of study 
interval

Standard deviation of study 
interval

9 Li et al. (2018) −0.158

Conijn et al. (2017) 1 −0.370

Conijn et al. (2017) 2 −0.320

Conijn et al. (2017) 4 −0.190

Conijn et al. (2017) 8 −0.520

Conijn et al. (2017) 10 −0.220

Conijn et al. (2017) 15 −0.530

Jo et al. (2017) −0.270

Jo et al. (2015) −0.590

T A B L E  3   Twelve log variables in the reviewed studies

(Continues)
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WANG and MOUSAVI156

T A B L E  3   (Continued)

Log variables Description Frequency Study
Regression 
coefficients

Frequency of viewing 
course pages

Total number of learners' 
viewing course pages

16 Schumacher and 
Ifenthaler (2021)

0.218

Han and Ellis (2020) 0.220

Soffer and Cohen (2019) 0.220

Tan et al. (2018) 0.275

Conijn et al. (2017) 1 0.310

Conijn et al. (2017) 2 0.330

Conijn et al. (2017) 3 0.350

Conijn et al. (2017) 5 0.630

Conijn et al. (2017) 8 −1.380

Conijn et al. (2017) 9 −0.420

Conijn et al. (2017) 10 −2.280

Conijn et al. (2017) 11 −0.520

Ellis et al. (2017) 0.880

Pardo et al. (2017) 0.850

Joksimović, Gašević, 
Loughin, et al. (2015)

−0.090

Scheffel et al. (2017) −0.287

Number of clicks Total number of clicks on online 
learning platform

10 Tempelaar et al. (2020) 1 0.080

Tempelaar et al. (2020) 2 0.061

Conijn et al. (2017) 1 −0.200

Conijn et al. (2017) 2 −0.390

Conijn et al. (2017) 3 −0.360

Conijn et al. (2017) 7 −0.300

Conijn et al. (2017) 8 1.300

Conijn et al. (2017) 10 0.140

Conijn et al. (2017) 11 0.210

Conijn et al. (2017) 12 1.910

Time-on-task Time spent on completing the 
learning task

5 Stadler et al. (2020) 0.090

Tacoma et al. (2021) 0.190

Tacoma et al. (2020) 0.280

Tempelaar et al. (2020) 2 −0.127

Zarrabi and 
Bozorgian (2020)

0.750

Average time per 
online session

Average time studying each 
session

4 Conijn et al. (2017) 2 0.220

Conijn et al. (2017) 7 0.350

Conijn et al. (2017) 11 0.130

Conijn et al. (2017) 15 −0.180
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 157

(Appendix  B). It indicates that most studies investigated the frequency and time counts 
measures. Only a small number of log variables were aggregated and elaborated indicators.

Meta-regression analyses

We performed meta-regression analyses on 161 generic log variables. According to Fu 
et al. (2011), the sizes of the included studies should be at least 6 to 10 studies for a continuous 
study level variable; and for a (categorical) subgroup variable, each subgroup should have a 
minimum of 4 studies. Therefore, we summarized 12 log variables that were frequently found 
to be significant in the reviewed studies, including login time, login frequency, regularity of 
study time and interval, frequency of viewing course pages, number of clicks, average time 
per online session, time-on-task, number of online sessions, starting late, late submission 

T A B L E  3   (Continued)

Log variables Description Frequency Study
Regression 
coefficients

Number of online 
sessions

Total number of active online 
learning sessions

7 Conijn et al. (2017) 2 0.240

Conijn et al. (2017) 9 0.550

Conijn et al. (2017) 10 0.440

Conijn et al. (2017) 11 0.240

Conijn et al. (2017) 13 0.600

Conijn et al. (2017) 14 0.460

Lin and Chiu (2013) 0.414

Starting late Time until the first learning 
activity

6 Conijn et al. (2017) 2 −0.100

Conijn et al. (2017) 4 −0.270

Conijn et al. (2017) 7 −0.580

Conijn et al. (2017) 8 −0.270

Conijn et al. (2017) 15 −0.120

Foung and Chen (2019) −0.078

Late submission Number of learners' failure to 
submit assignments on time

4 You (2016) 1 −0.360

You (2016) 2 −0.180

You (2015) 1 −0.400

You (2015) 2 −0.210

Largest period of 
inactivity

Largest period of not active 
online learning activities

10 Conijn et al. (2017) 1 0.160

Conijn et al. (2017) 2 0.150

Conijn et al. (2017) 3 −0.250

Conijn et al. (2017) 7 −0.560

Conijn et al. (2017) 8 0.560

Conijn et al. (2017) 10 0.320

Conijn et al. (2017) 11 0.190

Conijn et al. (2017) 13 0.330

Conijn et al. (2017) 15 0.500

Conijn et al. (2017) 16 0.720
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WANG and MOUSAVI158

and largest period of inactivity (Table 3). We conducted separate meta-analyses, one for 
each subgroup. Because the metadata of average time per online session shows only one 
level on all the moderators, we did not perform meta-regression on this log variable. Not all 
subgroups show differences on all the moderating variables. We only did meta-analyses on 
the moderating variables with varying levels.

F I G U R E  3   Sample sizes in the reviewed studies.
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F I G U R E  4   Learning theme investigated in the reviewed studies.
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 159

Heterogeneity

Since each subgroup gets its own separate meta-analysis, estimates of the heterogeneity 
will also differ from subgroup to subgroup. When the number of studies in a subgroup is 
small, it is likely that the estimate of heterogeneity will be imprecise (Borenstein et al., 2009). 
Therefore, in practice, the estimate of heterogeneity is pooled across subgroups. The heter-
ogeneity test results were Q = 10,100.70 (df = 145, p < 0.001, I 2 = 98.56%), so the random 
effects model was chosen.

Publication bias

Figure 5 shows that all the 160 effect sizes of generic log variables are evenly distributed on 
both sides and gather at the middle and upper part of the plot. Some studies have statistically 
significant effect sizes (the gray areas), others do not (the white area). The Egger regres-
sion reveals no significant bias with z = 0.96 (p > 0.05). Therefore, we can conclude that the 
results were not biased due to the publication sources.

Mean effect size

For login time, the integrated results show a significantly positive effect on student academic 
achievement (β = 0.17, z = 14.77, p < 0.001, 95% CI = [0.15, 0.19]), which means students 
whose login time one standard deviation above the mean would have a grade that is 0.17 
of a standard deviation above the average grade. For login frequency, the integrated results 
show a significantly positive effect on student academic achievement (β = 0.04, z = 2.53, 
p < 0.05, 95% CI = [0.01, 0.06]), which means students whose login frequency one standard 
deviation above the mean would have a grade that is 0.04 of a standard deviation above the 
average grade. For regularity of study time, the integrated results show no significant effect on 
student academic achievement (β = −0.04, z = 25.31, p > 0.05). For regularity of study inter-
val, the integrated results show a significantly negative effect on student academic achieve-
ment (β  =  −0.28, z  =  −22.02, p < 0.001, 95% CI  =  [−0.30, −0.25]), which means students 

F I G U R E  5   Contour-enhanced funnel plot.
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WANG and MOUSAVI160

whose standard deviation of study interval one standard deviation above the mean would 
have a grade that is 0.28 of a standard deviation below the average grade. For frequency on 
course pages, the integrated results show a significantly positive effect on student academic 
achievement (β = 0.29, z = 22.49, p < 0.001, 95% CI = [0.26, 0.31]), which means students 
whose frequency on course pages one standard deviation above the mean would have a 
grade that is 0.29 of a standard deviation above the average grade. For the number of clicks, 
the integrated results show a significantly negative effect on student academic achievement 
(β = −0.27, z = −15.80, p < 0.001, 95% CI = [−0.30, −0.23]), which means students whose 
number of clicks one standard deviation above the mean would have a grade that is 0.27 of a 
standard deviation below the average grade. For time-on-task, it shows a significantly positive 
effect on student academic achievement (β = 0.24, z = 0.03, p < 0.001, 95% CI = [0.19, 0.29]), 
which means students whose time-on-task one standard deviation above the mean would 
have a grade that is 0.24 of a standard deviation above the average grade. For the number 
of online sessions, it shows a significantly positive effect on student academic achievement 
(β = 0.41, z = 22.24, p < 0.001, 95% CI = [0.37, 0.44]), which means students whose number 
of online sessions one standard deviation above the mean would have a grade that is 0.41 
of a standard deviation above the average grade. For starting late, the integrated results 
show a significantly negative effect on student academic achievement (β = −0.12, z = −11.94, 
p < 0.001, 95% CI = [−0.14, −0.10]), which means students who start learning late one stand-
ard deviation above the mean would have a grade that is 0.12 of a standard deviation below 
the average grade. For late submission, the integrated results show a significantly negative 
effect on student academic achievement (β = −0.21, z = −9.91, p < 0.001, 95% CI = [−0.25, 
−0.17]), which means students whose level of procrastination one standard deviation above 
the mean would have a grade that is 0.21 of a standard deviation below the average grade. For 
largest period of inactivity, the integrated results show a significant positive effect on student 
academic achievement (β = 0.14, z = 8.99, p < 0.001, 95% CI = [0.11, 0.17]), which means 
students whose largest period of inactivity one standard deviation above the mean would 
have a grade that is 0.14 of a standard deviation above the average grade. The above results 
indicate that the moderator analysis was suitable for the log variables of login time, login 
frequency, regularity of study interval, number of clicks, frequency on course pages, time-on-
task, number of online sessions, starting late, late submission and largest period of inactivity.

Moderator analyses

Sample range

As shown in Table 4, the moderator test of sample range was found to be significant in four 
log variables, including regularity of study interval (Q = 45.65, df = 4, p < 0.001), time-on-task 
(Q = 82.15, df = 4, p < 0.001), number of online sessions (Q = 39.66, df = 4, p < 0.001), and 
starting late (Q = 9.57, df = 3, p < 0.05). We can see that different sample ranges show signif-
icantly different effects on the effect size of these four log variables. It indicates that sample 
size has an unsteady impact on the regression analysis in the reviewed studies.

Learning type

Table 5 shows that the moderator test of learning type was only found to be significant in 
the log variable of regularity of study interval (Q = 29.89, df = 2, p < 0.001). From Table 5, we 
can see that fully online learning shows a stronger effect on the effect size of regularity of 
study interval than blended learning (βfully online = −0.40, βblended = −0.37). It indicates that the 
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 161

impact of regular study on academic achievement is stronger when students take fully online 
courses or learning tasks.

Learning theme

As shown in Table 6, the moderator test of learning theme was found to be significant in four 
log variables, including regularity of study interval (Q = 49.86, df = 4, p < 0.001), time-on-task 
(Q = 79.04, df = 3, p < 0.001), number of online sessions (Q = 118.47, df = 3, p < 0.001), and 
starting late (Q = 8.35, df = 2, p < 0.05). We can see that the courses or learning tasks in 
the field of business indicate stronger effect on the effect size of regularity of study interval 
(βbusiness = −0.68) and courses or learning tasks in the field of STEM show a weaker effect 
(βSTEM = −0.38). The effect size of time-on-task was stronger in the field of CA than that in 

Log variables Q df Sample range Estimate Z CI

Login time 695.82 12

Login frequency 112.92 5

Regularity of study interval 45.65*** 4 ≤50 −0.28

101–500 −0.52*** −5.81 [−0.69, −0.34]

501–100 −0.29* −2.46 [−0.52, −0.06]

<1000 −0.24* −2.09 [−0.47, −0.02]

Frequency on course pages 2.75 4

Number of clicks 6.96 4

Time-on-task 82.15*** 4 ≤50 −0.13

51–100 0.97*** 7.41 [0.72, 1.23]

101–500 0.09

501–1000 0.24*** 5.06 [0.15, 0.33]

Number of online sessions 39.66*** 4 51–100 0.50* 2.21 [0.06, 0.94]

101–500 0.47*** 4.14 [0.25, 0.69]

501–1000 0.53*** 3.99 [0.27, 0.79]

<1000 0.25

Starting late 9.57* 3 101–500 −0.35** −2.76 [−0.61, −0.10]

501–1000 −0.28 −1.27 [−0.70, 0.15]

<1000 −0.08 −0.58 [−0.38, 0.21]

Largest period of inactivity 3.68 3

T A B L E  4   Moderator analysis of sample range

Log variables Q df Learning type Estimate Z CI

Login time 635.32 12

Login frequency 109.19 5

Regularity of study interval 29.89*** 2 Fully online −0.40*** −2.81 [−0.69, −0.12]

Blended −0.37*** −4.69 [−0.52, −0.22]

Frequency on course pages 4.66 2

Time-on-task 3.74 2

T A B L E  5   Moderator analysis of learning type
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WANG and MOUSAVI162

Society (βCA = 0.97, βsociety = 0.23). The courses or learning tasks in the field of society indi-
cate stronger effect on the effect size of number of online sessions than those in the field 
of STEM (βsociety = 0.65, βSTEM = 0.34). The courses or learning tasks in the field of STEM 
indicate a significant effect on the effect size of starting late (βSTEM = 0.33), while courses or 
learning tasks in the field of CA show no significant effect.

The type of the dependent variable

For the type of the dependent variable, Table 7 shows that the moderator test was significant 
in four log variables, including regularity of study interval (Q = 31.87, df = 2, p < 0.001), number 
of online sessions (Q = 38.44, df = 2, p < 0.001), starting late (Q = 8.35, df = 2, p < 0.05), and 
late submission (Q = 8.11, df = 2, p < 0.05). We can see that the type of dependent variable in 
the regression models significantly moderates the effect size of regularity of study interval (βtotal 

score = −0.28, βexam score = −0.39). It also moderates the effect size of number of online sessions 
(βtotal score = 0.44, βexam score = 0.46). Using exam score as the dependent variable shows a signif-
icant effect on the effect size of starting late (βexam score = −0.29), while using total score as the 
dependent variable shows no significant effect. However, for the effect size of late submission, 
using exam score as the dependent variable indicates no significant effect, while using total 
score as the dependent variable shows a significant effect (βexam score = −0.40).

T test on the type of log variables

The results of independent samples T test show that there is no significant difference 
between the effect size of the generic and course-specific log variables (t = −1.62, df = 291, 
p > 0.05). Significant difference was found between the effect size of basic and elaborated 

Log variables Q df Learning theme Estimate Z CI

Login time 660.92 12

Login frequency 111.88 5

Regularity of study interval 49.86*** 4 Business −0.68*** −3.95 [−1.01, −0.34]

STEM −0.38*** −5.63 [−0.51, −0.25]

CA −0.16

Society −0.28

Frequency on course pages 6.55 5

Number of clicks 2.06 2

Time-on-task 79.04*** 3 CA 0.97*** 7.37 [0.71, 1.23]

Society 0.23*** 4.83 [0.14, 0.33]

K-12 0.09

Number of online sessions 118.47*** 3 STEM 0.34*** 5.70 [0.22, 0.45]

Society 0.65*** 8.27 [0.50, 0.80]

Multiple themes 0.44*** 4.19 [0.23, 0.65]

Starting late 8.35* 2 STEM −0.29** −2.87 [−0.48, −0.09]

CA −0.08 −0.36 [−0.50, 0.35]

Largest period of inactivity 2.66 2

T A B L E  6   Moderator analysis of learning theme
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 163

log variables (t = 2.269, df = 100, p < 0.001). We also calculated Cohen's D to examine the 
extent of the significant difference. The result was 0.33, which indicates a small effect.

DISCUSSION

As the first meta-analysis of the log variables in predicting academic achievement, this 
paper presents a synthesis of the effect sizes related to the log variables based on empirical 
research. Four potential moderators were examined (ie, sample size, learning type, learn-
ing theme, the type of the dependent variable), and the moderating effect was found to be 
different across different log variables. Furthermore, the effect sizes of different types of log 
variables were compared, in order to provide a deep understanding of how LA studies inves-
tigated log data.

Influential log variables

Based on the systematic review, we found that there is no wide variation in the learning 
type, the dependent variable of regression models, and the generic or course-specific log 
variables investigated in the reviewed studies. However, most reviewed studies investigated 
STEM courses and learning tasks. Furthermore, most log variables were generated from the 
basic frequency and time counts. Although only a small number of elaborated log variables 
were found to be significantly associated with academic achievement, the vigorous devel-
opment of AI affords opportunities to improve the assessment of processes and enables the 
various possibility of the extraction and aggregation of log data: further calculation (eg, ratio, 
entropy), theory-driven LA-based variables (eg, regularity, procrastination), and network 
analysis-based variables (eg, density, centrality). Furthermore, variables are extracted from 
multichannel data, based on activities on not just LMSs but also AI-based tools (eg, e-book, 
video annotation application, notetaking, highlighting and bookmarks), which implies that 
promising directions for assessing learning processes are being developed with different AI 
techniques. The review results also show that the generation of some log variables varies 
across studies. For example, some studies investigated regularity of study time or regular-
ity of study interval, which was calculated based on standard deviation. However, the log 
variable of regular study in the work of You (2016) was calculated based on the virtual attend-
ance score. It indicates a lack of a uniform paradigm in generating complex log variables.

Log variables Q df Dependent variable type Estimate Z CI

Login time 731.32 12

Login frequency 115.99 5

Regularity of study interval 31.87*** 2 Total score −0.28* −1.12 [−0.26, −0.76]

Exam score −0.39*** −5.53 [−0.52, −0.25]

Frequency on course pages 4.67 2

Number of online sessions 38.44*** 2 Total score 0.44* 2.35 [0.07, 0.81]

Exam score 0.46*** 5.74 [0.30, 0.61]

Starting late 8.35* 2 Total score −0.08 −0.36 [−0.50, 0.35]

Exam score −0.29** −2.87 [−0.48, −0.09]

Late submission 8.11* 2 Total score −0.40** −2.85 [−0.68, −0.12]

Exam score −0.02 −0.11 [−0.29, 0.26]

T A B L E  7   Moderator analysis of the type of the dependent variable
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WANG and MOUSAVI164

Among 12 generic log variables that were most frequently found to be significant in 
predicting academic achievement, most of them showed positive effects in some courses and 
learning tasks but negative in others. Only the positive effect of number of online sessions 
and negative effects of starting learning late and regularity of study interval were found in 
all the reviewed studies. A session was defined as the sequence of behavior from the first 
click after the login to the LMS until the last click before logging out, or the last click before 
staying inactive for at least 40 minutes (Conijn et al., 2017). The number of online sessions 
is a basic indicator that reflects student active interactions with the LMSs. Starting late is a 
measure of the time until the first activity, which is a more complex predictor relating to time 
management. Regularity of study interval is calculated by standard deviation of the study 
intervals. Therefore, this variable technically means the “irregular study”. It indicates that the 
association between log variables that reflect regular study and time management behaviors 
and academic achievement was steadier across different learning contexts. Positive effect of 
regular study on student learning has been confirmed in many studies (eg, Conijn et al., 2017; 
You, 2016). You (2016) pointed out that successful students would actively participate in their 
learning, such as regularly accessing online courses and completing assignments in a timely 
manner. Furthermore, previous studies also demonstrated the detrimental effects of starting 
to learn late on learning success (eg, Levy & Ramin, 2012; Michinov et al., 2011). Therefore, 
students who start the course early, regularly access the course and actively participate in 
the learning activities would be more likely to have a higher grade.

Moderator analyses

We performed a meta-regression on eleven generic log variables. Only regularity of study time 
was not suitable for the moderator analysis. The significant effect was found on other ten log vari-
ables. Mean effect sizes of these log variables show that login time, frequency on course pages, 
number of online sessions and largest period of inactivity positively impact student academic 
achievement, while starting late, regularity of study interval and late submission have a negative 
impact. Not all moderators influence the effect sizes of these log variables on all levels. For the 
moderator role of sample range, only regularity of study interval, time-on-task, number of online 
sessions and starting late are significantly moderated. For the learning type, it only significantly 
moderates the effect size of regularity of study interval. Students who regularly participate in 
fully online learning would have higher grades than studying blended courses. This result is 
logical because student academic achievement in fully online courses basically depends on 
how students perform online learning activities. The learning theme only significantly moderates 
the effect sizes of regularity of study interval, time-on-task, and number of online sessions, and 
starting late. The type of dependent variable in the regression models significantly moderates 
the effect size of regularity of study interval, starting late and late submission. These results 
suggest that the effect sizes of log variables relating to regular study, time management and 
active interactions vary across different courses and learning tasks. For building generaliza-
ble prediction models for multiple courses, more theoretical reasoning is needed to aggregate 
effective and meaningful log predictors that accurately reflect underlying concepts and can 
be widely applied, for exam ple, optimizing the measurements of regular study and distributed 
learning across courses based on learning theories and a more fine-grained disentanglement 
of learning content. In order to do so, we need to better understand what the measurements are 
actually measuring, what the effect is and how to translate it into specific measures of previously 
defined theoretical concepts (Conijn et al., 2017). This necessitates the introduction of theories 
into LA. As suggested by Gašević et al. (2015), Gašević et al. (2016), Wise and Shaffer (2015), 
theory-driven LA can help researchers gain more dynamic and replicable insights into the learn-
ing process rather than the static prediction of academic outcomes in a single case.
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WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 165

Difference in effect size

We found that there was no difference of the effect sizes between generic and course-spe-
cific log variables, while a significant difference between the basic and elaborated was found. 
Even though the generic and course-specific log variables have no significant difference in 
the prediction power, previous research has found that predictive models with only generic 
indicators were able to explain only a small portion of the overall variability in the students' 
course performance (Jovanović et al., 2019). It has also emphasized the quality of learning 
behaviors rather than the quantity of learning (Jo & Kim, 2013; You, 2015; You, 2016). As we 
mentioned in the previous section, theory-driven LA is needed for better conversion of log 
data into elaborated variables. For example, guided by the theory of self-regulated learning 
(SRL), You (2016) found that the variable of regular study was a more persuasive indicator 
than simple frequency measures. It further proves the crucial role theory plays in justifying 
selecting variables, developing models and interpreting results. Therefore, more complex 
variables based on well-defined theoretical frameworks warrants consideration.

LIMITATIONS AND FUTURE RESEARCH

Although the present review study provides insight into the effect of influential log variables 
on student academic achievement, there are still some limitations. First, we only focused 
on the statistically significant log variables in regression analysis. Future review studies 
can examine why some log variables were significant in some studies while insignificant in 
others. Second, not all categorical levels of some moderators were available in some generic 
log variables, which limits the meta-regression analysis. Future research could broaden the 
scope of the search to obtain more diverse metadata. Third, we did not examine the predic-
tion for students at risk of failing a course or student dropout which deals with a categorical 
dependent variable. Further research can be conducted on this issue.

Regarding the direction of future research on predicting student academic achievement, 
most reviewed studies mainly examined frequency and time duration log variables. Addi-
tional elaborated indicators that reflect students' levels of engagement, motivation (eg, effort, 
persistence), and decision-making in online learning should be explored and tested in this 
field. This requires the integration of educational and learning theories and LA, such as, how 
well learners self-regulate their learning and how learners build connections with others. 
Furthermore, the application of AI in assessment brings a new set of challenges, for exam-
ple, the sidelining of professional expertise in automated decision-making generated by AI 
approaches (Swiecki et al., 2022). Researchers can study on making AI-based assessments 
more explainable to the teacher for balancing between AI and teacher decision-making on 
teaching, learning, and assessment.

CONCLUSIONS

The present study reviewed 88 empirical studies on using log variables to predict student 
academic achievement. The main aim of this study is to explore the significant influential log 
variables and whether their effect size was moderated by factors reflecting different learning 
contexts. This research made three main contributions: (1) presents a new perspective of the 
log variables, which provides a reliable quantitative conclusion of log variables in predicting 
student academic achievement; (2) conducted subgroup analysis, examined four potential 
moderating variables, and identified varying degrees of moderating effect on several log vari-
ables including regularity of study interval, time-on-task, number of online sessions, starting 
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WANG and MOUSAVI166

late, and late submission; (3) compared the effect of generic and course-specific, basic and 
elaborated log variables, and found significant difference between the basic and elaborated. 
The findings help understand the role of log variables in predicting student academic achieve-
ment and make it clear that the effect size of certain generic log variables varies across the 
research contexts. For instructors, a depth understanding of log variables can help them obtain 
the continuous views of learners' engagement and infer student knowledge and learning in 
online learning, thus overcoming “one size fit all” approach and making appropriate decisions 
based on AI-based data outputs, for example, providing personalized teaching or remedial 
instruction for students. For researchers, the exploration of the effect size of log variables 
enables the generation of more robust log variables which best represent and reflect the true 
learning process of learners.
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APPENDIX A:  SAMPLE S IZE AND CONTEXT 
INFORMATION IN THE REVIEWED STUDIES

Authors N Learning type Learning theme

Bravo-Agapito et al. (2021) 802 Fully online ICT and Sociology

Dewar et al. (2021) 1042 Not specified Medicine

Galikyan et al. (2021) 633 Fully online Linguistics

Huang et al. (2021) 62 Fully online CS

Jost et al. (2021) 62 Blended Psychology

Jovanović et al. (2021) 344 Blended Medicine

Maier (2021) 620 Fully online K-12

Mangaroska et al. (2021) 153 Blended CS

Mills (2021) 265 Blended K-12

Ober et al. (2021) 329 Blended K-12

Schumacher and Ifenthaler (2021) 101 Fully online Business

Smith et al. (2021) 80 Blended CS

Tan et al. (2021) 172 Fully online Language

Ulfa and Fatawi (2021) 53 Blended CS

Wu et al. (2021) Not specified Fully online CS

Xu et al. (2021) 1 55 Blended CS

Xu et al. (2021) 2 72 Blended CS

Yang et al. (2021) 1 565 Fully online K-12

Yang et al. (2021) 2 426 Fully online K-12

Chan et al. (2021) 98 Blended Medicine

Han and Ellis (2020) 335 Blended CS

Han et al. (2020) 53 Blended Education

Li et al. (2020) 1 238 Fully online Chemistry

Li et al. (2020) 2 238 Fully online Chemistry

Papamitsiou and Economides (2021) 67 Blended Business
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(Continues)

Authors N Learning type Learning theme

Pei et al. (2020) 125 Blended K-12

Saqr et al. (2020) 598 Blended Medicine

Sharma et al. (2020) 873 Blended ICT

Stadler et al. (2020) 329 Fully online K-12

Summers et al. (2020) 1602 Not specified Multiple courses

Tacoma et al. (2021) 521 Blended Statistics

Tacoma, et al. (2020) 599 Blended Statistics

Tempelaar et al. (2020) 1 14 Blended Mathematics

Tempelaar et al. (2020) 2 14 Blended Statistics

Zarrabi and Bozorgian (2020) 72 Fully online Language

Chen et al. (2019) 70 Blended CS

Foung and Chen (2019) 7156 Blended English

Gu and Xu (2019) 546 Blended K-12

Jokhan et al. (2019) 1403 Blended ICT

Jovanović et al. (2019) 486 Blended Engineering

Koh et al. (2019) 263 Blended K-12

Lee et al. (2019) 343 Fully online K-12

Musabirov et al. (2019) 189 Blended CS

Ramirez-Arellano et al. (2019) 137 Blended Life sciences and Chemistry

Soffer and Cohen (2019) 646 Fully online Humanities and Medicine

Tian et al. (2019) 67 Fully online K-12

Chiu and Hew (2018) 1563 Fully online Literature

Conijn et al. (2018) 199 Blended CS

Jiang et al. (2018) 1985 Fully online K-12

Li and Baker (2018) 71,457 Fully online Mathematics

Li et al. (2018) 2454 Fully online Language

Liu et al. (2018) 2697 Fully online Multiple courses

Ruipérez-Valiente et al. (2018) 69 Fully online Chemistry and Physics

Saqr et al. (2018) 215 Blended Medicine

Tan et al. (2018) 87 Fully online Language

Theobald et al. (2018) 424 Fully online Education

Conijn et al. (2017) 1 889 Blended Mathematics

Conijn et al. (2017) 2 1164 Blended Mathematics

Conijn et al. (2017) 3 742 Blended Mathematics

Conijn et al. (2017) 4 815 Blended Mathematics

Conijn et al. (2017) 5 587 Blended Mathematics

Conijn et al. (2017) 6 673 Blended Mathematics

Conijn et al. (2017) 7 279 Blended Mathematics

Conijn et al. (2017) 8 302 Blended Physics

Conijn et al. (2017) 9 620 Blended Psychology

Conijn et al. (2017) 10 234 Blended Physics
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Authors N Learning type Learning theme

Conijn et al. (2017) 11 227 Blended Physics

Conijn et al. (2017) 12 189 Blended Physics

Conijn et al. (2017) 13 189 Blended Psychology

Conijn et al. (2017) 14 61 Blended Mathematics

Conijn et al. (2017) 15 164 Blended Mathematics

Conijn et al. (2017) 16 198 Blended Mathematics

Ellis et al. (2017) 291 Blended Engineering

Grubišić et al. (2017) 156 Fully online CS

Jo et al. (2017) 43 Blended Public administration

Li et al. (2017) 2582 Blended CS

Lin et al. (2017) 48 Fully online K-12

Mwalumbwe and Mtebe (2017) 1 111 Blended Life sciences and Chemistry

Mwalumbwe and Mtebe (2017) 2 60 Blended Engineering

Pardo et al. (2017) 145 Blended Engineering

Scheffel et al. (2017) 134 Fully online Sustainable Development

Widyahastuti et al. (2017) 95 Fully online Language

Choi et al. (2016) 21,171 Fully online Multiple courses

de Marcos et al. (2016) 161 Blended ICT

Goggins and Xing (2016) 24 Fully online Education

Naumann and Salmerón (2016) 533 Fully online K-12

Strang (2016) 228 Fully online Business

Yamada et al. (2016) 93 Blended CS

You (2016) 530 Fully online Arts

Joksimović, Gašević, Kovanović, et al. (2015) 44 Fully online CS

Joksimović, Gašević, Loughin, et al. (2015) 204 Fully online CS

Jo et al. (2015) 200 Fully online Business

Junco and Clem (2015) 233 Not specified Multiple courses

Kennedy et al. (2015) 6635 Fully online CS

Pardo et al. (2015) 149 Blended Not specified

Svihla et al. (2015) 835 Fully online K-12

Wei et al. (2015) 381 Fully online Education

You (2015) 569 Fully online Arts

Zacharis (2015) 134 Blended CS

Agudo-Peregrina et al. (2014) 138 Fully online ICT and business

Yoo and Kim (2014) 370 Fully online CS

Yu and Jo (2014) 84 Blended Public administration

Gijlers and de Jong (2013) 50 Fully online K-12

Lin and Chiu (2013) 528 Blended Multiple courses

Miller and Soh (2013) 134 Fully online CS
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(Continues)

APPENDIX B:  THE INFORMATION OF THE DEPENDENT VARIABLE, 
LOG VARIABLES, AND REGRESSION COEFFIC IENTS

Authors N Learning type Learning theme

Ritter et al. (2013) 3224 Blended K-12

Bernacki et al. (2012) 160 Fully online Education

Romero-Zaldivar et al. (2012) 172 Blended Engineering

Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Bravo-Agapito 
et al. (2021)

Total score Task factor Generic Elaborated 0.418

Access factor Generic Elaborated 0.209

Questionnaire factor Course-
specific

Elaborated 0.217

Dewar et al. (2021) Exam score Engagement score Course-
specific

Elaborated 0.280

Galikyan 
et al. (2021)

Total score Number of different threads 
a learner contributed to

Course-
specific

Basic 6.700

Huang et al. (2021) 1 Exam score Page synchronization ratio Course-
specific

Elaborated 0.320

Huang et al. (2021) 2 Exam score Page synchronization ratio Course-
specific

Elaborated 0.398

Jost et al. (2021) Exam score On-peak time Generic Basic 0.350

Studying regularity Generic Elaborated −0.310

Jovanović 
et al. (2021)

Total score Total session length Generic Basic 4.077

Entropy of daily counts of the 
forum_contribute learning 
actions

Generic Elaborated 2.322

Entropy of weekly counts of 
the lecture_viewed active 
days

Generic Elaborated 2.777

Entropy of weekly counts of 
the course_main_viewed 
active days

Generic Elaborated −2.703

Maier (2021) Exam score Time learners spent reading 
the rules and examples

Course-
specific

Basic 0.010

Number of clicks between 
rules and examples

Course-
specific

Basic −0.660

Ratio between the number of 
failed trainings divided by 
the number of completed 
trainings

Course-
specific

Elaborated −0.410
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Mangaroska 
et al. (2021)

Total score Level of complexity of a 
chosen coding exercise

Course-
specific

Basic 0.650

Time students spend 
navigating in mastery 
grids to monitor and 
reflect on their progress

Course-
specific

Basic 0.420

Number of submitted 
assignments

Generic Basic 0.990

Number of incorrect 
submissions

Generic Basic −0.320

Number of incomplete 
assignments

Generic Basic −0.170

Mills (2021) Total score Combined (active and 
inactive) time logged in 
the program

Generic Basic 0.110

Comparison between 
participants mastered 
and learned topics

Course-
specific

Elaborated −6.670

Quotient of students' total 
topics mastered to total 
topics practiced

Course-
specific

Elaborated 44.710

Ober et al. (2021) Total score Number of assignments 
completed

Generic Basic 0.760

Number of clicks to the 
results page

Course-
specific

Basic 0.860

Schumacher and 
Ifenthaler (2021)

Exam score Number of views of handout Generic Basic 0.218

Smith et al. (2021) Exam score Interaction Generic Elaborated 0.540

Tan et al. (2021) Total score Times of late submission Generic Elaborated 7.358

Times of on-time submission Generic Elaborated 7.253

Completeness of course 
material

Generic Elaborated 2.365

Ulfa and 
Fatawi (2021)

Exam score Number of working on 
exercises

Course-
specific

Basic 0.303

Wu et al. (2021) Total score Total number of tasks and 
videos watched

Course-
specific

Basic 0.845

Sum of learning chapters Course-
specific

Basic 0.265
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(Continues)

Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Xu et al. (2021) 1 Total score Study time Generic Basic 0.359

Used time for MCQ Course-
specific

Basic 0.291

Submission delay Generic Elaborated 0.419

Xu et al. (2021) 2 Total score Number of posts Course-
specific

Basic 0.082

Yang et al. (2021) 1 Exam score Percentage of questions 
answered correctly

Course-
specific

Elaborated 0.050

Number of attempts to 
answer questions

Course-
specific

Basic −0.570

Yang et al. (2021) 2 Exam score Percentage of questions 
answered correctly

Course-
specific

Elaborated 0.050

Number of implausible 
decisions students 
made while reading the 
wke-Book

Course-
specific

Basic −0.350

Number of attempts to 
answer questions

Course-
specific

Basic −0.870

Chan et al. (2021) Exam score Quiz access Course-
specific

Basic −0.349

Han and Ellis (2020) Total score Frequency of access to the 
learning resources

Generic Basic 0.220

Frequency of access to the 
study kit

Course-
specific

Basic 0.130

Frequency of correctly 
answered exercise 
sequences

Course-
specific

Basic 0.610

Frequency of incorrectly 
answered exercise 
sequences

Course-
specific

Basic −0.550

Han et al. (2020) Exam score Engagement heterogeneity Course-
specific

Elaborated 0.783

Li et al. (2020) 1 Total score Proportion of units accessed 
before the deadline

Generic Elaborated 0.160

Students studying a unit in 
advance of the deadlines

Generic Elaborated 0.143

Slope of a simple linear 
regression that regressed 
time on task in a given 
module on the module 
number (1)

Course-
specific

Elaborated 0.245
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Slope of a simple linear 
regression that regressed 
time on task in a given 
module on the module 
number (2)

Course-
specific

Elaborated −0.115

Li et al. (2020) 2 Exam score Students studying a unit in 
advance of the deadlines

Generic Elaborated 0.155

Slope of a simple linear 
regression that regressed 
time on task in a given 
module on the module 
number (1)

Course-
specific

Elaborated 0.206

Slope of a simple linear 
regression that regressed 
time on task in a given 
module on the module 
number (2)

Course-
specific

Elaborated −0.080

Papamitsiou and 
Economides 
(2021)

Exam score Time to answer correctly Course-
specific

Basic 0.023

Time to answer wrongly Course-
specific

Basic −0.025

Pei et al. (2020) Exam score Time spent in the reflecting 
steps

Course-
specific

Basic 0.270

Saqr et al. (2020) Total score Tutor eigencentrality Generic Elaborated −0.398

User count Generic Basic −0.354

Centralization outdegree Generic Elaborated −0.255

Reciprocity Generic Elaborated 0.204

Sharma et al. (2020) Total score Total frequency Generic Basic 0.287

Total duration Generic Basic 0.591

Stadler et al. (2020) Exam score Time-on-task Generic Basic 0.090

Number of interactions Generic Basic −0.090

Summers 
et al. (2020)

Total score Number of lectures that the 
student attended

Generic Basic 0.287

Number of times the student 
accessed course 
materials

Generic Basic 0.278

Number of times the student 
viewed recorded lectures

Generic Basic 0.089
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(Continues)

Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Tacoma et al. (2021) Exam score Time-on-task Generic Basic 0.190

Tacoma et al. (2020) Exam score Total time on task Generic Basic 0.280

Student viewed student 
models for four or five 
homework sets.

Course-
specific

Elaborated 4.000

Student viewed student 
models of at most four 
homework sets.

Course-
specific

Elaborated 1.900

Homework-Practice-Other 
topic, students who made 
all three decisions at 
least once

Course-
specific

Elaborated −1.000

Practice-Other topic, 
students who made the 
decisions Practice and 
Other topic at least once 
and never made the 
decision Homework

Course-
specific

Elaborated −1.320

Other, students who always 
worked on another topic 
after viewing the student 
model

Course-
specific

Elaborated −0.950

Tempelaar 
et al. (2020) 1

Exam score Total number of clicks Generic Basic 0.080

Proportion of exercises 
correctly solved

Course-
specific

Elaborated 0.637

Number of attempts to solve 
an exercise

Course-
specific

Basic −0.551

Total number of hints asked 
for

Course-
specific

Basic −0.067

Tempelaar 
et al. (2020) 2

Exam score Total number of clicks Generic Basic 0.061

Proportion of exercises 
correctly solved

Course-
specific

Elaborated 0.864

Number of attempts to solve 
an exercise

Course-
specific

Basic −0.522

Time-on-task Generic Basic −0.127

Zarrabi and 
Bozorgian (2020)

Exam score Revision behavior Course-
specific

Basic 0.320

Time-on-task Generic Basic 0.750

Pause behavior Course-
specific

Basic 0.870

Pausing strategy Course-
specific

Basic 0.680
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Chen et al. (2019) Total score Frequency of turning to the 
previous page

Course-
specific

Basic 0.257

Frequency of jumping to a 
bookmark

Course-
specific

Basic 0.224

Frequency of deleting 
markers

Course-
specific

Basic 0.271

Foung and 
Chen (2019)

Total score Total number of attempts at 
indiwork

Generic Basic 0.139

Days after the term starts Generic Basic –0.078

Gu and Xu (2019) Exam score Number of diaries posted by 
each student

Course-
specific

Basic 0.392

Number of topics that each 
student initiated for 
discussion

Course-
specific

Basic 0.284

Number of stories posted by 
each student

Course-
specific

Basic 0.159

Jokhan et al. (2019) Total score Weekly average logins Generic Basic 0.360

Weekly average completion 
rates

Course-
specific

Basic 0.524

Jovanović 
et al. (2019)

Exam score Entropy of weekday session 
counts

Generic Elaborated 2.580

Entropy of weekly use of 
summative exercises

Course-
specific

Elaborated 2.830

Entropy of weekly use of 
course videos for the 
pre-class activities

Course-
specific

Elaborated 3.300

Entropy of weekly access to 
the course e-book

Course-
specific

Elaborated 3.870

Entropy of requests to see 
a solution for a formative 
MCQ

Course-
specific

Elaborated −2.380

Frequency of change in 
the ‘pattern’ of learning 
resource use during 
pre-class activities

Course-
specific

Basic −2.770

Number of weeks of high 
engagement with 
summative exercises

Course-
specific

Basic −7.270

Koh et al. (2019) Exam score Word count of posts Course-
specific

Basic 0.208

Out-degree centrality Generic Elaborated −0.202

Out 2-step reach centrality Generic Elaborated 0.170

Class arc reciprocity Generic Elaborated 0.335
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(Continues)

Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Lee et al. (2019) Exam score Number of argumentation 
tasks where students 
used hasbot to revise

Course-
specific

Basic 0.260

Musabirov 
et al. (2019)

Total score Number of lines of code 
written

Course-
specific

Basic −2.870

Percent of additional 
assignment 
accomplished

Course-
specific

Elaborated 12.660

Percent of wrong tasks' 
submission

Course-
specific

Elaborated −29.610

Ramirez-Arellano 
et al. (2019)

Total score Number of missed learning 
activities

Generic Basic −0.190

Soffer and 
Cohen (2019)

Exam score Number of times the student 
entered the forums

Course-
specific

Basic 0.100

Number of times the student 
entered the course's 
homepage

Generic Basic 0.220

Number of times the student 
entered a page in the 
learning units, divided by 
the total number of pages

Generic Elaborated 0.220

Number of students' hits in 
the course website pages

Generic Basic −0.530

Number of assignments 
the student submitted, 
divided by the number 
of assignments in the 
course

Generic Elaborated 0.300

Tian et al. (2019) Exam score Number of assignments 
submission

Generic Basic 23.436

Extent to which the 
student postpones the 
assignment until the 
deadline

Generic Elaborated −15.246

How quickly students 
complete homework

Course-
specific

Elaborated 22.297

Chiu and 
Hew (2018)

Total score Total views Course-
specific

Basic 0.065

Total comments Course-
specific

Basic 0.062
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Conijn et al. (2018) Exam score Videos started Course-
specific

Basic −0.430

Quizzes finished Course-
specific

Basic 0.390

Resources read Course-
specific

Basic −0.190

Unique resources read Course-
specific

Basic 0.320

Peer assignments started Course-
specific

Basic 0.080

Peer assignment finished Course-
specific

Basic −0.670

Jiang et al. (2018) Exam score Frequency of opening the 
notepad window

Course-
specific

Basic 0.230

Total amount of time in 
minutes that notepad was 
open

Course-
specific

Basic 0.160

Number of words in note-
taker's note

Course-
specific

Basic 0.150

Number of sentence 
segments in note-taker's 
note

Course-
specific

Basic 0.210

Frequency of note-taking 
actions

Course-
specific

Basic 0.200

Frequency of note-
reaccessing actions

Course-
specific

Basic 0.200

Total amount of time (in 
minutes) spent on taking 
notes

Course-
specific

Basic 0.140

Total amount of time (in 
minutes) spent on note-
reaccessing episodes

Course-
specific

Basic 0.120

Average duration (in 
minutes) of a note-taking 
action

Course-
specific

Basic −0.120

Average duration (in 
minutes) of a note-
reaccessing action

Course-
specific

Basic 0.070

Ratio of time spent on note-
taking actions and total 
time on notepad

Course-
specific

Elaborated −0.120

Ratio of time spent on note-
reaccessing actions and 
total time on notepad

Course-
specific

Elaborated 0.120
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(Continues)

Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Li and Baker (2018) Total score Quiz coverage Course-
specific

Elaborated 0.389

Lecture coverage Course-
specific

Elaborated 0.546

Li et al. (2018) Exam score Number of completed 
quizzes

Course-
specific

Basic 0.230

Study irregularity Generic Elaborated −0.158

Total access time Generic Basic 0.104

Pacing Course-
specific

Basic 0.116

Liu et al. (2018) Total score Stop video Course-
specific

Basic 0.264

Pause video Course-
specific

Basic 0.143

Seek video Course-
specific

Basic 0.316

Ruipérez-Valiente 
et al. (2018)

Exam score The average number of 
attempts

Course-
specific

Basic 0.187

Percentage of correct 
exercises without use 
of hints and answering 
correctly at the first 
attempt

Course-
specific

Elaborated 0.324

The average number of 
minutes spent by the 
student each day

Generic Basic 0.342

Percentage of exercises and 
videos that were started 
but the student never 
completed or achieved 
proficiency in them

Course-
specific

Elaborated 0.155

Students' failure of correctly 
solving exercises, 
attempting too many 
times, or asking too many 
hints

Course-
specific

Elaborated −0.264

Saqr et al. (2018) Total score Tutor out-degree Generic Elaborated −0.140

Eigencentrality Generic Elaborated 0.130

Density Generic Elaborated 0.220

AV group clustering Generic Elaborated 0.680

Tan et al. (2018) Exam score Number of PDF file 
downloads or clicks

Generic Basic 0.235

Number of the learners view 
course page

Generic Basic 0.275

Number of the learners 
create posts

Course-
specific

Basic 0.257
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Theobald 
et al. (2018)

Exam score Number of weeks in which 
each student had 
accessed the LMS 
irrespective of the actual 
amount of time students 
spent online

Generic Elaborated −0.245

Conijn et al. (2017) 1 Exam score Total number of clicks Generic Basic −0.200

Number of course page 
views

Generic Basic 0.310

Irregularity of study interval Generic Elaborated −0.370

Largest period of inactivity Generic Basic 0.160

Conijn et al. (2017) 2 Exam score Total number of clicks Generic Basic −0.390

Number of online sessions Generic Basic 0.240

Total time online Generic Basic −0.190

Number of course page 
views

Generic Basic 0.330

Irregularity of study interval Generic Elaborated −0.320

Largest period of inactivity Generic Basic 0.150

Time until first activity Generic Basic −0.100

Average time per session Generic Basic 0.220

Conijn et al. (2017) 3 Exam score Total number of clicks Generic Basic −0.360

Number of course page 
views

Generic Basic 0.350

Largest period of inactivity Generic Basic −0.250

Conijn et al. (2017) 4 Exam score Irregularity of study interval Generic Elaborated −0.190

Time until first activity Generic Basic −0.270

Conijn et al. (2017) 5 Exam score Number of course page 
views

Generic Basic 0.630

Conijn et al. (2017) 6 Exam score Total time online Generic Basic 0.250

Irregularity of study time Generic Elaborated 0.260

Conijn et al. (2017) 7 Exam score Total number of clicks Generic Basic −0.300

Irregularity of study time Generic Elaborated −0.570

Largest period of inactivity Generic Basic −0.560

Time until first activity Generic Basic −0.580

Average time per session Generic Basic 0.350

Conijn et al. (2017) 8 Exam score Total number of clicks Generic Basic 1.300

Number of course page 
views

Generic Basic −1.380

Irregularity of study interval Generic Elaborated −0.520

Largest period of inactivity Generic Basic 0.560

Time until first activity Generic Basic −0.270

 14678535, 2023, 1, D
ow

nloaded from
 https://bera-journals.onlinelibrary.w

iley.com
/doi/10.1111/bjet.13282 by U

N
IV

E
R

SIT
Y

 O
F SO

U
T

H
 A

U
ST

R
A

L
IA

, W
iley O

nline L
ibrary on [26/06/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



WHICH LOG VARIABLES SIGNIFICANTLY PREDICT ACADEMIC ACHIEVEMENT? 185

(Continues)

Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Conijn et al. (2017) 9 Exam score Number of online sessions Generic Basic 0.550

Total time online Generic Basic 0.340

Number of course page 
views

Generic Basic −0.420

Conijn et al. (2017) 10 Exam score Total number of clicks Generic Basic 0.140

Number of online sessions Generic Basic 0.440

Total time online Generic Basic −0.340

Number of course page 
views

Generic Basic −2.280

Irregularity of study time Generic Elaborated 0.170

Irregularity of study interval Generic Elaborated −0.220

Largest period of inactivity Generic Basic 0.320

Conijn et al. (2017) 11 Exam score Total number of clicks Generic Basic 0.210

Number of online sessions Generic Basic 0.240

Total time online Generic Basic −0.180

Number of course page 
views

Generic Basic −0.520

Largest period of inactivity Generic Basic 0.190

Average time per session Generic Basic 0.130

Conijn et al. (2017) 12 Exam score Total number of clicks Generic Basic 1.910

Total time online Generic Basic 0.760

Conijn et al. (2017) 13 Exam score Number of online sessions Generic Basic 0.600

Irregularity of study time Generic Elaborated −0.400

Largest period of inactivity Generic Basic 0.330

Conijn et al. (2017) 14 Exam score Number of online sessions Generic Basic 0.460

Total time online Generic Basic −0.230

Conijn et al. (2017) 15 Exam score Irregularity of study interval Generic Elaborated −0.530

Largest period of inactivity Generic Basic 0.500

Time until first activity Generic Basic −0.120

Average time per session Generic Basic −0.180

Conijn et al. (2017) 16 Exam score Largest period of inactivity Generic Basic 0.720

Ellis et al. (2017) Total score Number of student views of 
any page of the course 
notes

Generic Basic 0.880

Number of multiple-choice 
questions answered

Course-
specific

Basic 0.290

Grubišić et al. (2017) Exam score Total number of concepts Course-
specific

Basic 0.323

Total score gained on tutor Course-
specific

Basic 0.410
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Jo et al. (2017) Total score Irregularity of access interval Generic Elaborated −0.270

In-degree centrality Generic Elaborated 0.330

Out-degree centrality Generic Elaborated 0.570

Li et al. (2017) Exam score Number of lesson quizzes 
taken

Course-
specific

Basic 1.112

Number of completed 
lessons

Course-
specific

Basic −0.364

Logon numbers Generic Basic −0.044

Rate of announcements read Course-
specific

Elaborated 0.029

Average time spent on the 
platform of each logon

Generic Basic 0.030

Number of completed units Course-
specific

Basic 0.051

Number of videos watched 
incompletely

Course-
specific

Basic 0.037

Lin et al. (2017) Exam score Total learning time Generic Basic 0.297

Inquiry simulation 
experiment and activity 
learning time

Course-
specific

Basic 0.397

Mwalumbwe and 
Mtebe (2017) 1

Exam score Number of peer interactions Generic Basic 0.196

Number of forum posts Course-
specific

Basic 0.771

Mwalumbwe and 
Mtebe (2017) 2

Exam score Number of forum posts Course-
specific

Basic 0.194

Number of exercises 
performed

Course-
specific

Basic 0.544

Pardo et al. (2017) Total score Frequency of resource view Generic Basic 0.850

Frequency of students 
interact with the multiple-
choice questions 
(question is answered 
correctly, question is 
answered incorrectly, and 
the student requests to 
see the answers)

Course-
specific

Basic 0.310

Scheffel et al. (2017) Total score Number of posts Course-
specific

Basic 0.185

Number of comments to 
posts

Course-
specific

Basic 0.521

Number of page views Generic Basic −0.287

Widyahastuti 
et al. (2017)

Exam score Online text submissions Course-
specific

Basic 4.514
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(Continues)

Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Choi et al. (2016) Total score Average number of 
discussion topics posted 
by a teacher

Course-
specific

Basic −0.177

Average number of wiki 
topics posted by a 
teacher

Course-
specific

Basic −0.295

Average number of 
assignments posted by a 
teacher

Course-
specific

Basic 0.106

Average number of wiki 
viewed by a student

Course-
specific

Basic 0.141

Average ratio of completed 
quiz by a student

Course-
specific

Elaborated 0.164

Average ratio of completed 
assignments by a student

Generic Elaborated 0.177

Average number of 
discussions participated 
by a teacher

Course-
specific

Basic 0.160

de Marcos 
et al. (2016)

Total score Closeness centrality Generic Elaborated 0.553

Eccentricity Generic Elaborated −0.762

Eigenvector centrality Generic Elaborated −0.965

Goggins and 
Xing (2016)

Total score Number of posts a student 
wrote during this module

Course-
specific

Basic 0.500

Total frequency of reading 
action recorded by CAN 
during this time

Course-
specific

Basic 0.810

An inverse value of the total 
delay time for response 
divided by number 
of posts to create an 
average

Course-
specific

Elaborated 0.480

Total time student used for 
consecutive reading 
actions

Course-
specific

Basic 0.680

Naumann and 
Salmerón (2016)

Exam score Number of task-relevant 
pages visited

Course-
specific

Basic 0.130

Number of task-irrelevant 
pages visited

Course-
specific

Basic −0.020

Strang (2016) Total score Course logins Generic Basic 0.137

Lesson reading activity 
identified by Moodle 
system logs

Course-
specific

Basic 0.134

Lesson quiz activity 
identified by Moodle 
system logs

Course-
specific

Basic 0.378

Lesson quiz scores identified 
by Moodle system logs

Course-
specific

Basic 0.158
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Yamada et al. (2016) Total score Number of slide pages that 
learners read

Course-
specific

Basic 0.469

You (2016) 1 Total score Whether the students 
consistently accessed the 
course material without 
delay and completed the 
assigned learning content

Generic Elaborated 0.400

Student's failure to submit 
assignments on time

Generic Basic −0.36

Number of course logins Generic Basic 0.150

Whether a student 
downloaded and read the 
course information

Generic Basic 0.100

You (2016) 2 Exam score Whether the students 
consistently accessed the 
course material without 
delay and completed the 
assigned learning content

Generic Elaborated 0.350

Student's failure to submit 
assignments on time

Generic Basic −0.180

Number of course logins Generic Basic −0.180

Whether a student 
downloaded and read the 
course information

Course-
specific

Basic 0.110

Joksimović, 
Gašević, 
Kovanović, 
et al. (2015)

Total score Continuing a thread Course-
specific

Basic 0.930

Joksimović, 
Gašević, 
Loughin, 
et al. (2015)

Total score Number of the student-
content interactions

Generic Basic −0.09

Time spent on student-
system interaction types

Generic Basic 0.030

Jo et al. (2015) Exam score (Ir)regularity of login interval Generic Elaborated −0.590

Junco and 
Clem (2015)

Total score Number of days the student 
used their textbook

Generic Basic 0.338

Kennedy 
et al. (2015)

Total score Active days Generic Basic 0.204

Assignment switches Course-
specific

Basic 0.314

Pardo et al. (2015) Exam score Number of annotations 
submitted by each 
student

Course-
specific

Basic 0.230
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(Continues)

Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Svihla et al. (2015) Exam score Total minutes for unit Generic Basic 0.139

Number of days visited static 
curriculum step

Course-
specific

Basic −0.172

Number of days visited 
dynamic visualization 
step

Course-
specific

Basic 0.180

Wei et al. (2015) Exam score Number of times that 
students logged into the 
online course

Generic Basic 0.060

Number of times that 
students spent on 
reading learning 
materials

Course-
specific

Basic 0.090

Number of postings on the 
discussion board

Course-
specific

Basic 0.060

You (2015) 1 Total score Absence of weekly 
attendance

Generic Elaborated −0.460

Late submission of 
assignments

Generic Elaborated −0.400

You (2015) 2 Exam score Absence of weekly 
attendance

Generic Elaborated −0.420

Late submission of 
assignments

Generic Elaborated −0.210

Zacharis (2015) Total score Frequency of reading and 
posting messages via 
either discussion forum, 
chat or emails

Course-
specific

Basic 0.481

Content creation in classwiki 
and site blog

Course-
specific

Basic 0.299

Quiz attempt, quiz continue 
attempt, and quiz close 
attempt

Course-
specific

Basic 0.152

Uses of the available 
resources

Course-
specific

Basic 0.124

Agudo-Peregrina 
et al. (2014)

Total score Exchanges between the 
students enrolled in a 
course

Generic Basic 0.209

Participation level of 
teachers and the extent 
to which students 
perceive a teacher's 
proximity through online 
presence

Course-
specific

Basic 0.508

Completing and sending 
individual and group 
assignments, quizzes, 
questionnaires, or other 
similar tasks

Course-
specific

Basic 0.563
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Interactions in active task Course-
specific

Basic 0.489

Yoo and Kim (2014) Total score Average posting time to 
deadline

Course-
specific

Basic 0.200

Yu and Jo (2014) Total score Total studying time in LMS Generic Basic 0.238

Interactions with peers Generic Basic 0.278

Gijlers and de 
Jong (2013) 1

Exam score Number of messages 
related to integration-
oriented consensus 
building (social mode of 
collaboration)

Course-
specific

Basic 0.179

Number of messages related 
to orientation (inquiry-
learning process)

Course-
specific

Basic −0.051

Gijlers and de 
Jong (2013) 2

Exam score Number of messages 
related to integration-
oriented consensus 
building (social mode of 
collaboration)

Course-
specific

Basic 0.349

Lin and Chiu (2013) Total score Total number of online 
sessions

Generic Basic 0.414

Total number of follow-up 
posts created

Course-
specific

Basic 0.132

Total number of posts read Course-
specific

Basic −0.152

Miller and 
Soh (2013)

Exam score Assessment total clicks Generic Basic 0.125

Tutorial total seconds Course-
specific

Basic 0.002

Tutorial average seconds on 
a page

Course-
specific

Basic 0.043

Tutorial minimum seconds 
on a page

Course-
specific

Basic 0.265

Tutorial minimum clicks on 
a page

Course-
specific

Basic 7.595

Exercise average seconds 
on a page

Course-
specific

Basic 0.013

Exercise minimum seconds 
on a page

Course-
specific

Basic 0.017

Exercise average entries Course-
specific

Basic 0.141

Exercise total interval Course-
specific

Basic −0.0001
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Authors

The type 
of the 
dependent 
variable Log variables The type of log variables

Regression 
coefficients

Ritter et al. (2013) Exam score Average of the sum of the 
number of hints and the 
number of errors in each 
problem

Course-
specific

Basic −0.186

Total number of sections 
attempted by the student

Course-
specific

Basic 0.267

Total number of skills within 
the sections that the 
student encountered

Course-
specific

Basic −0.206

Bernacki 
et al. (2012)

Exam score Highlight made Course-
specific

Basic 0.049

Click on checklist of learning 
goals

Course-
specific

Basic 0.060

Romero-Zaldivar 
et al. (2012)

Total score Time in minutes using the 
virtual machine

Course-
specific

Basic 8.071
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