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Eskişehir, 26470, Türkiye

aylino@andrew.cmu.edu

Robin Schmucker
Carnegie Mellon University
Pittsburgh, PA 15213, USA
rschmuck@cs.cmu.edu

Tom Mitchell
Carnegie Mellon University
Pittsburgh, PA 15213, USA

tom.mitchell@cs.cmu.edu

Alper Tolga Kumtepe
Anadolu University
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ABSTRACT
This study investigates the heterogeneity in the effects of
a Learning Analytics Dashboard (LAD) intervention, which
provides personalized feedback messages, across a diverse
population of learners. Specifically, it evaluates the im-
pact of the LAD on learners’ total material usage and fi-
nal grades, considering variables such as age, sex, prior ma-
terial access level, prior academic performance, and first-
year status. The intervention was implemented through a
controlled experimental design with 26,753 learners over 17
weeks in a fully online course. Participants were randomly
assigned to either the experimental (n = 13,377) or control
(n = 13,376) groups. Results indicate significant heterogene-
ity in the effects of the LAD intervention within the online
learning environment. The LAD improved learning material
usage and academic performance, with factors such as sex,
age, prior course material access, and prior academic per-
formance moderating these effects. Female learners, older
learners, and those with low prior academic performance
benefited more from the intervention. This suggests that
personalized learning analytics tools can enhance engage-
ment and outcomes for specific learner subgroups, reinforc-
ing the need for targeted interventions in online education.

Keywords
Learning analytics dashboards (LADs), online learning, het-
erogeneity of treatment effect

1. INTRODUCTION
Educational institutions are increasingly adopting virtual
learning environments to enhance students’ learning experi-
ences. With the rise of online learning platforms, the volume
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of learner activity data has expanded significantly. Learn-
ing analytics enables a deeper understanding of these learn-
ing processes and facilitates targeted interventions. Learn-
ing Analytics Dashboards (LADs) serve as a crucial tool in
this context, offering learners real-time feedback and insights
into their educational progress [21, 28]. Schwendimann et
al. [21] define a learning analytics dashboard (LAD) as
”a single display that aggregates different indicators about
learner(s), learning process(es) and/or learning context(s)
into one or multiple visualizations” (p.37). LADs not only
provide graphical representations of data but also facilitate
actionable insights through personalized, real-time feedback,
empowering learners to make data-driven decisions about
their educational journey [9, 7, 22]. While LADs can be
adapted to meet the needs of a variety of stakeholders within
educational settings, this study focuses on learner-facing
LADs, which are designed to engage learners directly and
provide them with insights into their own learning processes.

Despite the growing use of LADs, their impact on learn-
ers remains underexplored, particularly concerning hetero-
geneous treatment effects (HTE) [27, 10, 23, 8, 21]. Most
studies focus on average treatment effects (ATE), which
may obscure important differences among diverse learner
groups. Understanding how learners with different charac-
teristics respond to LAD interventions is essential for design-
ing equitable and effective educational tools. In particular,
large-scale and empirical research is needed to determine
the extent to which these tools provide benefits to differ-
ent subgroups of learners [4, 10, 21]. This study addresses
this gap by investigating whether LAD effects vary signif-
icantly across different learner profiles in a large-scale on-
line learning environment. Using HTE analysis, we explore
which learner characteristics are most strongly associated
with treatment effect variations. By identifying subgroups
that benefit most from LADs, this research contributes to
the development of personalized learning analytics strate-
gies.

This study aims to investigate the effect heterogeneity of
a LAD intervention within an online learning environment.
The LAD developed in this study consists of several compo-
nents, including learning behaviors, performance indicators,
exam-related metrics, and feedback messages. We employed
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a controlled experimental design with 26,753 participants.
The intervention was implemented over 17 weeks in a fully
online course. This study is significant for examining the
effects of LADs in a large-scale learning environment and
their impact on different learner groups. In addition, the
results are expected to contribute to the more personalized
and effective use of learning analytics tools, while also in-
forming strategies to improve learning outcomes in online
environments.

Research Question This study aims to investigate whether
the effects of an LAD, which provides personalized feedback
messages, varies significantly across different learner profiles.
Additionally, the research seeks to understand the differen-
tial effects of LAD interventions and contribute to the devel-
opment of more personalized and effective learning analytics
tools. To achieve this objective, the study addresses the fol-
lowing research questions:

• RQ1: Do the effects of learning analytics dashboard
(LAD) interventions vary substantially across different
groups of online learners (e.g., low-/high performers)?

• RQ2: Which learner characteristics are most strongly
associated with such treatment effect variations?

2. RELATED WORK
2.1 Learner-Facing Analytics Dashboards
Learner-facing Learning Analytics Dashboards (LADs) are
capable of visualizing the various components of learning
processes, monitoring temporal changes, and presenting data
related to learning behaviors in online learning environments
in a holistic manner [19]. These dashboards support learn-
ers’ self-regulated learning, self-reflection, and self-awareness
skills through the information they provide about online
learning experiences, contributing to enhanced learning out-
comes, academic performance, engagement, and motivation
[16, 29, 23]. However, the existing literature indicates a lim-
ited number of studies examining the influence of LADs on
learning outcomes [10]. Furthermore, the results of these
studies are not sufficiently generalizable to be applicable
more widely [10, 21].

Despite these limitations, several studies have highlighted
associations between learners’ academic achievement lev-
els, prior knowledge, motivation, self-regulation skills, and
demographic variables with their responses to and usage
patterns of LADs [20, 7]. Alam et al. found that learn-
ers with access to the LAD performed better than those
without, with the greatest benefits observed among frequent
LAD users [1]. Similarly, Chen et al. reported that high-
performers used LADs more frequently during the preview
and review phases and employed more monitoring and re-
flection strategies compared to low-performers [5]. In an-
other study, Wang et al. reveal that the extent and im-
pact of dashboards on learning outcomes are determined by
learners’ prior knowledge and learning strategies [31]. In-
terestingly, Kim et al. reported that high-achieving learners
who frequently used the LAD expressed lower levels of sat-
isfaction with the dashboard [12]. In contrast, Kia et al.
observed that low-achieving learners tended to use the LAD
more frequently and monitored their status within the class
more often [11].

While the empirical validation of LADs’ effects on academic
achievement is a topic of ongoing research, the literature in-
dicates that LADs primarily influence learners’ learning be-
haviors, engagement, and motivation levels, potentially en-
hancing interaction in online learning environments, rather
than directly impacting academic achievement [19, 10]. Fu-
ture research can contribute to the development of personal-
ized and adaptive learning tools by examining the effective-
ness of LADs in meeting the heterogeneous needs of diverse
learner profiles.

2.2 Effect Heterogeneity in Online Learning
Heterogeneous treatment effects (HTEs) are defined as vari-
ations in causal effects of an intervention (treatment) across
individuals or subgroups within a population [6, 3]. This re-
flects the phenomenon whereby the same intervention pro-
duces different outcomes depending on individual charac-
teristics or contextual factors [32]. There is growing interest
in predicting and analyzing HTEs in experimental and ob-
servational studies [13, 25, 32]. However, the application of
this approach within educational contexts is still limited [14].
Understanding how a particular educational intervention af-
fects different groups of learners is important for personal-
izing and targeting educational strategies. Such analyses
can help develop customized learning tools to meet diverse
needs. HTE analysis has the potential to enhance learn-
ing outcomes within diverse learner populations, facilitating
data-driven decision-making and policy implementation in
educational institutions.

Studies examining the effects of educational interventions
on different learner groups focus on explaining how various
learner groups experience these interventions and to what
extent they benefit from them. Leite et al. [14] investi-
gated the impact of a video recommendation system on di-
verse learner populations. Their results revealed that spe-
cific groups derived more benefit from the intervention, in-
cluding those with advanced prior algebraic knowledge, who
demonstrated a higher rate of engagement with the recom-
mendations, distance learners, Hispanic learners, and those
who received free or reduced-price lunch [14]. In their ex-
perimental study investigating the effects of LA-based feed-
back, Lim et al. [15] found that learners in the experimental
group exhibited significantly different learning patterns and
achieved higher final grades, while the impact of feedback
on final grades showed no difference among learners with
varying levels of prior academic achievement.

A review of the existing literature reveals a significant need
for more experimental investigations of how different sub-
groups experience and benefit from educational technologies
[14, 4, 21]. This study addresses this gap through an exam-
ination of the effects of a LAD on a diverse population of
learners in a large-scale online learning environment.

3. METHODOLOGY
3.1 Background on LAD Intervention
This study was conducted within an online undergraduate
course (BIT 102) at a large online university in Türkiye. The
University provides fully online degree-seeking programs to
approximately one million learners across Türkiye [26]. The
LMS offers a wide range of learning resources, including tex-
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Figure 1: LAD interface used in this study [18].

tual, visual, auditory, and video content, as well as live lec-
ture sessions [2].

The LAD was integrated into the learning management sys-
tem (LMS) and included five key components: (1) Wel-
come Greeting and Activity Synopsis, (2) Learning Mate-
rials Engagement, (3) Feedback Messages, (4) Performance
Overview, and (5) Grade Summary. The LAD was promi-
nently displayed at the top of the course interface to encour-
age interaction [17].

Using a quantitative, control-group experimental design, the
LAD application was implemented over one academic semester
[18]. Participants (N = 26,753) were randomly assigned to
either the experimental group (n = 13,377), which received
the LAD intervention, or the control group (n = 13,376),
which had no access [18]. To ensure group equivalence,
the assignment was stratified based on learners’ previous
semester performance in the Basic Information Technologies
I (BIT101) course, considering learning material usage and
final scores. This stratification aimed to balance material
usage and academic performance across both groups. An
independent samples t-test assessed the difference in learn-

ing material usage and final scores between the control and
experimental groups. The results indicated no statistically
significant difference between the two groups (p > .05) re-
garding learning material usage and final scores [17].

Following the LAD intervention in the BIT102 course over
one semester, an independent samples t-test was conducted
to evaluate statistically significant differences between the
experimental and control groups in terms of login frequency,
number of days logged in, learning material usage, and final
scores [17]. The t-test results revealed statistically signifi-
cant differences in all variables (p < .001), with higher values
consistently observed in the experimental group. However,
despite these significant differences, the effect sizes for each
variable indicated minimal practical significance [17]. The
ATE analysis conducted in this research revealed positive ef-
fects of the intervention on learning outcomes. These results
motivated this follow-up analysis aimed at investigating het-
erogeneous treatment effects.

3.2 Data and Measures
This study was conducted for one semester in an online un-
dergraduate course. A control-group experimental design
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Table 1: Distribution of Learners by Age and Sex in Experimental and Control Groups.

Age Sex
25 and under 26-33 34-41 42 and above Female Male

Experimental Group (n = 13,377) 6,548 3,808 1,914 1,106 7,241 6,135
(48.95%) (28.47%) (14.31%) (8.27%) (54.13%) (45.86%)

Control Group (n = 13,376) 6,441 3,868 1,875 1,189 7,222 6,151
(48.15%) (28.92%) (14.02%) (8.89%) (53.99%) (45.99%)

Table 2: Overview of Learner Covariates and Outcome Measures.
Covariate/Outcome Type Description
Covariates
High Grade Binary Indicates whether the learner’s grade was above the mean in the previous term’s

BIT101 course (1 = High-grade, 0 = Low-grade)
High Access Binary Indicates whether the learner’s access to learning materials was above average in

the previous term’s BIT101 course (1 = High-access, 0 = Low-access)
Sex Binary Reported sex of the learner (1 = Female, 0 = Male)
Age Continuous Age of the learner in completed years at the start of the semester
First-Year Binary Indicates the student’s academic year status (1 = First-year student, 0 = Upper-

year student)
Outcomes
Final Grade Continuous Final academic grade of the learner in the BIT102 course on a 0-100 scale
Materials Usage Continuous Number of learning materials completed by the learner in the BIT102 course

was employed. Participants (N = 26,753) were randomly as-
signed to either the experimental group (n = 13,377), which
received the LAD intervention, or the control group (n =
13,376). Table 1 shows participant age and sex distribu-
tions.

In the present study, data from learners with invalid exam
scores were excluded from the analysis. The final dataset
comprised 26,686 learners. Table 2 summarizes the covari-
ates and outcomes utilized in the statistical analyses. In
addition to the covariates presented in Table 2, we exam-
ined the effects of departmental affiliation and occupational
groups. However, no significant heterogeneity was detected
across these categories.

3.3 Heterogeneous Treatment Effect Analyses
We employed HTE analysis to examine how the LAD in-
tervention affected different student subgroups [6, 3]. Un-
like methods that assume uniform average treatment effects,
HTE analysis captures differential impacts based on learner
characteristics, such as prior academic performance or en-
gagement levels. This approach enabled us to identify which
subgroups benefited most from the intervention, informing
targeted designs for learning analytics tools. In this sec-
tion, we outline the algorithms and statistical techniques
employed, including regression-based interaction term mod-
eling, robust statistical corrections, and exploratory steps
toward implementing causal forest models.

Algorithms and Techniques: We implemented HTE analyses
using the following methods:

1. Interaction Term Modeling with OLS Regression: To
assess treatment effects across subgroups, we used Or-
dinary Least Squares (OLS) regression models with
interaction terms. Specifically, we estimated separate

models for each covariate of interest, where each model
included an interaction between the treatment indica-
tor and the respective covariate, to identify subgroup-
specific heterogeneity. The regression model is speci-
fied as:

Y = β0 + β1T + β2X + β3(T×X) + ϵ (1)

where T is the treatment (LAD intervention), X the
student covariate (e.g., high grade status, high access
to learning materials, as defined in Table 2), and Y
the outcome variable (learning material usage or final
grades), and ϵ is the error term. We refer to β0 as the
intercept, β1 as the treatment effect, β2 as the covariate
main effect (effect of X in the control group), and β3
as the treatment/covariate interaction effect.

2. Model Validation and Statistical Corrections: We used
robust standard errors (HC2) to account for heteroskedas-
ticity. To adjust for multiple hypothesis testing, we
applied the Romano-Wolf correction to the p-values
of the interaction terms, ensuring statistical validity.
Cross-validation and bootstrapping techniques were used
to validate the models and generate null distributions
for the Romano-Wolf correction, further enhancing the
robustness of our results.

3. Exploratory Use of Causal Forest (CRF): We employed
Causal Forests (CRF) [30] as a complementary non-
parametric method to explore complex, nonlinear pat-
terns of treatment effect heterogeneity beyond those
captured by linear interaction models. Using the grf

package [24], we estimated individual-level treatment
effects and computed Augmented Inverse Probability
Weighting (AIPW) scores to derive group-level het-
erogeneity estimates. This approach allowed us to val-
idate and triangulate findings from traditional OLS
models while leveraging the robustness and flexibility
of CRF. Although full CRF results are not reported,
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the method served as a sensitivity check and supports
the reliability of our subgroup analyses.

Implementation: We conducted all analyses in R. The out-
comes assessed include students’ usage of learning materials
and their final grades. By combining traditional statisti-
cal methods (OLS with interaction terms) with exploratory
machine learning approaches (CRF), our approach lays the
groundwork for a comprehensive understanding of how the
LAD intervention differentially affects student subgroups.

4. RESULTS
We present results of the heterogeneous treatment effects
analysis of the LAD with respect to learners’ total learning
material usage and final grades based on covariates: sex,
age, first-year status, prior material access level, and prior
academic achievement level. This section presents a detailed
examination of the results in the context of the research
questions, focusing on the HTEs of the LAD intervention
and the learner characteristics associated with these effects.

4.1 HTEs on Learning Material Usage
Table 3 shows the treatment (β̂1), main (β̂2), and interaction

effects (β̂3) on learning material usage for the covariates sex,
high access, high grade, age, and first-year status.

Across most models, the LAD intervention was associated
with statistically significant treatment effects, indicating a
consistent positive association with learning material usage.
For instance, significant effects were observed in the mod-
els with sex, high access, high grade, and first-year status
(p < .001 in all cases). However, in the age model, the treat-
ment effect was not significant (p = 0.3857), suggesting that
the overall impact of the LAD was not consistent across all
subgroups.

The results show a statistically significant main effect of sex
(Estimate = 0.5246, SE = 0.1829, p < .01), indicating that
female learners tend to engage with the learning materials
more than male learners. The interaction between treat-
ment and sex is also statistically significant (Estimate =
0.7733, SE = 0.3342, p < .05, Adj.p < .05). This inter-
action suggests that the LAD intervention had a heteroge-
neous effect on total material usage. Specifically, female
learners responded more positively to the intervention than
male learners.

Age also showed a statistically significant main effect (Esti-
mate = 0.1940, SE = 0.0153, p < .001) and interaction effect
(Estimate = 0.0607, SE = 0.0294, p < .05, Adj.p < .01).
These findings suggest that as age increases, learners not
only engage more with learning materials but also show rel-
atively stronger responses to the LAD intervention, as indi-
cated by the significant interaction effect.

Similarly, high access to learning materials, which indicates
whether the learner’s access to materials was above average
in the previous term’s BIT101 course, was associated with
a strong and significant main effect (Estimate = 7.6550, SE
= 0.2177, p < .001). The interaction between treatment
and high access (Estimate = 2.5855, SE = 0.3955, p < .001,

Adj. p < .001) further demonstrates that the LAD inter-
vention was particularly effective for learners who had high
access in the previous term. These results suggest that high-
level access to course materials in the prior term significantly
moderated the treatment effect, enhancing the impact of the
LAD intervention on total material usage.

The high-grade group indicated a statistically significant
main effect (Estimate = -0.4617, SE = 0.2219, p < .05),
indicating that learners with higher prior academic perfor-
mance tended to engage less with the materials compared to
those with lower performance. The interaction effect for the
high-grade group (Estimate = 0.0528, SE = 0.3884, p > .05,
Adj.p > .05) indicates that there was no statistically sig-
nificant difference in the effect of the treatment based on
whether learners had high previous grades. This suggests
that the LAD intervention did not affect learners with high
grades differently from others.

For the first-year status covariate, there was a statistically
significant main effect (Estimate = -1.2156, SE = 0.2632,
p < .001), meaning that first-year students used the ma-
terials less than upper-year students. However, the non-
significant interaction effect (Estimate = -0.0375, SE = 0.5357,
p > .05, Adj.p > .05) indicates that the LAD intervention’s
effectiveness did not differ based on students’ academic year.

In summary, the findings suggest that the LAD intervention
was generally more effective for learners who were female or
had higher prior engagement with course materials. Addi-
tionally, age showed a significant moderating effect, suggest-
ing that the intervention’s impact varied with age. These
results highlight the moderating role of individual charac-
teristics and established engagement patterns in shaping the
effectiveness of learning analytics interventions.

4.2 HTEs on Final Grades
Table 4 presents the treatment, main, and interaction effects
on final grades for covariates including sex, high access, high
grade, age, and first-year status.

Across models, the LAD intervention was associated with
statistically significant treatment effects on final grades for
several subgroups, including sex, high access, and high grade.
For example, significant treatment effects were observed in
the models with sex (Estimate = 1.0497, SE = 0.4269, p =
.0139), high access (Estimate = 1.0712, SE = 0.3585, p =
.0028), and high grade (Estimate = 2.1774, SE = 0.6390,
p = .0007). No statistically significant treatment effect was
observed in the age or first-year models.

The results indicate that the main effect of sex was not
statistically significant (Estimate = 0.1901, SE = 0.3902,
p > .05), indicating no significant difference in final grades
between female and male learners. The interaction effect be-
tween treatment and sex was also not statistically significant
(Estimate = -0.0769, SE = 0.5400, p > .05, Adj.p > .05).
This suggests that the LAD intervention did not have a het-
erogeneous effect on final grades based on sex.

Age demonstrated a statistically significant main effect (Es-
timate = 0.1085, SE = 0.0224, p < .001), suggesting that
as age increases, learners tend to achieve higher final grades.
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Table 3: Treatment, Main and Interaction Effects on Learning Material Usage for Covariates.

Covariate Effect Estimate SE t-value p-value Adj. p-value

Sex (Female) Treatment (β̂1) 1.9400 0.2380 8.1525 <0.001*** -

Main Effect (β̂2) 0.5246 0.1829 2.8681 0.004** -

Interaction (β̂3) 0.7733 0.3342 2.3142 0.021* 0.024

Age Treatment (β̂1) 0.6791 0.7828 0.8675 0.3857 -

Main Effect (β̂2) 0.1940 0.0153 12.7129 <0.001*** -

Interaction (β̂3) 0.0607 0.0294 2.0672 0.0387* 0.0025

High Access Treatment (β̂1) 1.3667 0.0954 14.3189 <0.001*** -

Main Effect (β̂2) 7.6550 0.2177 35.1563 <0.001*** -

Interaction (β̂3) 2.5855 0.3955 6.5365 <0.001*** 0

High Grade Treatment (β̂1) 2.3199 0.3370 6.8829 <0.001*** -

Main Effect (β̂2) -0.4617 0.2219 -2.0807 0.037* -

Interaction (β̂3) 0.0528 0.3884 0.1360 0.8918 0.894

First-Year Treatment (β̂1) 2.3984 0.5071 4.7293 <0.001*** -

Main Effect (β̂2) -1.2156 0.2632 -4.6187 <0.001*** -

Interaction (β̂3) -0.0375 0.5357 -0.0699 0.9443 0.9308

Note. *p < .05, **p < .01, ***p < .001.
SE = Standard Error. Adjusted p-values (Adj. p) were calculated using the Romano-Wolf correction.

Table 4: Treatment, Main and Interaction Effects on Final Grades for Covariates

Covariate Effect Estimate SE t-value p-value Adj. p

Sex (Female) Treatment (β̂1) 1.0497 0.4269 2.5490 0.0139* -

Main Effect (β̂2) 0.1901 0.3902 0.4873 0.6260 -

Interaction (β̂3) -0.0769 0.5400 -0.1425 0.8867 0.8799

Age Treatment (β̂1) 1.6514 0.9449 1.7478 0.0805 -

Main Effect (β̂2) 0.1085 0.0224 4.8404 <0.001*** -

Interaction (β̂3) -0.0218 0.0318 -0.6853 0.4931 0.4933

High Access Treatment (β̂1) 1.0712 0.3585 2.9881 0.0028** -

Main Effect (β̂2) 5.6363 0.3726 15.1286 <0.001*** -

Interaction (β̂3) -0.1641 0.5175 -0.3170 0.7512 0.7618

High Grade Treatment (β̂1) 2.1774 0.6390 3.4076 0.0007*** -

Main Effect (β̂2) 24.3270 0.4873 49.9253 <0.001*** -

Interaction (β̂3) -1.5633 0.6780 -2.3056 0.0211* 0.0042

First-Year Treatment (β̂1) 0.3985 0.7253 0.5494 0.5827 -

Main Effect (β̂2) 4.2218 0.5446 7.7518 <0.001*** -

Interaction (β̂3) 0.7019 0.7780 0.9022 0.3669 0.3177

Note. *p < .05, **p < .01, ***p < .001.
SE = Standard Error. Adjusted p-values (Adj. p) were calculated using the Romano-Wolf correction.

However, in the age model, the treatment effect did not reach
statistical significance (Estimate = -0.0218, SE = 0.0318,
p > .05, Adj.p > .05), indicating that the LAD intervention
did not significantly affect final grades differently based on
age.

For the high-access group, there was a statistically signifi-
cant main effect (Estimate = 5.6363, SE = 0.3726, p < .001),
suggesting that learners who had higher access to learning
materials in the previous term performed better in terms of
final grades. However, the interaction effect between treat-
ment and high access was not statistically significant (Esti-
mate = -0.1641, SE = 0.5175, p > .05, Adj.p > .05), indi-

cating that the LAD intervention did not have a differential
effect on final grades based on prior access to materials.

The high-grade group showed a statistically significant main
effect (Estimate = 24.3270, SE = 0.4873, p < .001), indicat-
ing that learners with higher grades in the previous BIT102
course tended to achieve significantly higher final grades in
the current term. Notably, a significant interaction effect
was observed for the high-grade covariate (Estimate = -
1.5633, SE = 0.6780, p < .05, Adj.p < .01). This finding sug-
gests that learners with lower prior academic performance
benefited more from the LAD intervention, underscoring its
potential to support underperforming students.
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Lastly, the first-year status covariate demonstrated a sta-
tistically significant main effect (Estimate = 4.2218, SE =
0.5446, p < .001), indicating that upper-year learners tended
to achieve higher final grades. However, the interaction ef-
fect was not statistically significant (Estimate = 0.7019, SE
= 0.7780, p > .05, Adj.p > .05), indicating that the LAD in-
tervention’s effect on final grades did not significantly differ
based on first-year status.

Overall, the LAD intervention showed a broadly positive
effect on final grades, particularly for students with lower
prior academic performance. However, it did not produce
statistically significant differential effects by sex, age, prior
access, or academic year, suggesting relatively uniform aca-
demic impact across these subgroups.

5. DISCUSSION
The results of this study reveal the HTEs of LAD interven-
tions on different learner profiles in an online learning envi-
ronment. In response to Research Question 1, the results in-
dicate significant heterogeneity in the effects of the LAD in-
tervention on learning material usage and final grades, based
on learner characteristics. This aligns with the argument by
Leite et al. [14] and Lim et al. [15] that the effects of
educational interventions can vary significantly across dif-
ferent learner populations. The observed heterogeneity un-
derscores the importance of considering individual learner
characteristics in the design, implementation, and evalua-
tion of LAD interventions.

Regarding Research Question 2, the results show that HTEs
are strongly associated with learner characteristics, includ-
ing sex, age, prior access to course materials, prior academic
performance, and first-year status. For example, female
learners and older learners (specifically those aged 42 and
above) responded more positively to the LAD intervention.
These results support and extend the relationships between
learner characteristics and LAD usage patterns reported by
Chen et al. [5] and Wang et al. [31]. Additionally, learn-
ers with higher previous access to course materials demon-
strated a significantly stronger response to the intervention
in terms of accessing learning materials. This result may be
related to their established study habits and self-regulation
skills. However, prior academic performance and first-year
status did not show significant interaction effects on learning
material usage.

When examining final grades, the intervention did not pro-
duce a statistically significant interaction effect for sex, prior
access to learning materials, or first-year status. These re-
sults suggest that the intervention did not have statistically
heterogeneous effects on these groups. These findings align
with the perspective of Park and Jo [19] and Kaliisa et al.
[10], suggesting that LADs have the potential to enhance
engagement with online learning environments rather than
directly influencing academic achievement. These findings
suggest that the effects of LAD interventions are more pro-
nounced on behavioral outcomes (e.g., learning material us-
age) than on academic performance. This underscores the
potential value of optimizing LAD designs to better support
diverse learner profiles and address variability in learning be-
haviors. However, a significant interaction was observed for
prior academic performance, indicating that learners with

lower past performance benefited more from the interven-
tion. This heterogeneous treatment effect suggests that the
LAD intervention may help narrow performance gaps in on-
line learning environments. While this result contrasts with
some previous studies, such as Kim et al. [12], it empha-
sizes the need for a deeper exploration of the complex rela-
tionships between learner profiles, LAD interventions, and
academic outcomes. This highlights the challenges of devel-
oping universal solutions for all learners, especially in online
learning environments. Future research should focus on de-
veloping more adaptive and personalized interventions to en-
hance learning outcomes across diverse learner populations.

Limitations: This study’s analyses are based on data from a
single course (i.e., Information Technologies) and academic
year. Future research is needed to assess the robustness
of findings across different subjects and geographic regions.
Additionally, students were not required to use the LMS
and could download materials for offline study. Since data
from offline learners is unavailable, our measures of learn-
ing activity usage may underestimate intervention effects,
as they rely solely on LMS log data. Future research will
benefit from collecting and analyzing more comprehensive
data that captures both online and offline learning behav-
iors. This will provide deeper insights into students’ learning
processes over time (e.g., learning duration and motivation)
and contribute to a more holistic understanding of effects of
educational technology interventions in distance education.

6. CONCLUSION
This study examined how the effects of an LAD interven-
tion within an online learning platform can vary significantly
across a diverse population of learners. The findings indicate
that while LADs can improve overall learner engagement
and academic performance, their effectiveness is moderated
by individual characteristics such as sex, age, prior access to
course materials, and previous academic performance. The
intervention was found to be especially beneficial for female
learners, older learners, and those with lower prior academic
achievement.

These results highlight the importance of considering learner
heterogeneity in the design and implementation of LADs.
Personalized learning analytics tools hold promise for foster-
ing engagement and supporting academically at-risk learn-
ers. Future research should explore how integrating motiva-
tional and self-regulatory components into LAD design can
enhance their effectiveness and promote equitable learning
outcomes.

7. ACKNOWLEDGMENTS
This study was supported in part by the Scientific and Tech-
nological Research Council of Türkiye (TÜBİTAK) under
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[18] A. Ozturk and A. T. Kumtepe. Learning analytics-
based dashboard application in open distance learning
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