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Abstract 

This study examines the impact of digital personalised learning (DPL) environments on students' self-
evaluation of learning. The DPL environment in this study adapts to individual characteristics such as prior 
knowledge, metacognition, and motivation. While previous research on DPL has produced mixed results, 
few studies have explored its influence on self-evaluation of learning, which is associated with higher 
motivation and improved learning outcomes. This study aims to examine the following: (1) the difference 
in students' self-evaluation between adaptive and non-adaptive learning environments, (2) the moderating 
effect of the subject area on this difference, and (3) the impact of the amount of adaptivity on self-evaluation 
of learning. Data from 2,634 secondary school students using the DPL tool in a large-scale innovation 
project were analysed through multilevel linear regression. Results showed that students in adaptive 
learning tracks reported significantly higher self-evaluation scores compared to those in non-adaptive 
environments. While the subject area did not significantly moderate this effect, students reported higher 
self-evaluations in Science & Technology than in Social Sciences. Finally, no significant association was 
observed between the amount of adaptivity and students’ self-evaluations. Our study highlights that 
adaptive learning environments positively influence self-evaluation though this influence does not differ 
by subject area. Furthermore, the extent to which the learning environment is personalised was not 
associated with self-evaluation of learning. This study demonstrates the benefits of personalised learning 
in real-world settings, despite the challenges of controlling variables in such environments. 
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1. Introduction 

1.1. Digital Personalised Learning  

Students vary widely in terms of prior knowledge, experiences, motivation, language proficiency, 
socio-economic background etc. Addressing these differences in traditional learning environments 
is a significant challenge for educators. However, advances in digital technology and data analytics 
now allow the creation of personalised learning environments tailored to individual learner 
characteristics. These personalised learning environments hold promise in different contexts such as 
K12-education and the corporate sector where learners have less guidance of an educator who takes 
into account individual differences but are required to learn autonomously. Digital personalised 
learning (DPL) is defined as “enabling and supporting learning based upon particular characteristics 
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of relevance or importance to students through technology, potentially adapting to students’ needs 
by teaching at the right level” [1, p. 10]. Personalised learning supports individual needs and goals 
by tailoring the learning process to each student's unique characteristics, such as their prior 
knowledge and motivation [2]. A concept that is often used in research on how personalised learning 
can be facilitated through digital learning technologies is adaptivity. Adaptivity can be defined as 
“the ability of a learning system to diagnose a range of learner variables and to accommodate a 
learner's specific needs by making appropriate adjustments to the learner's experience with the goal 
of enhancing learning outcomes” [23, p. 276]. 
 

1.2. Effectiveness of DPL 

It is hypothesized that if we adapt the learning environment to students’ characteristics, they will 
learn more effectively. However, empirical findings on its effectiveness have been mixed. For 
example, a meta-analysis by [3] showed that adaptivity was not a significant moderator of the 
effectiveness of digital technologies to train reading. Furthermore, a systematic review of analytics 
for adaptivity revealed mixed results, with only about half of the studies showing positive effects of 
adaptation on learning outcomes [4]. A recent meta-analysis by [5] showed that personalised 
learning has an overall medium positive effect on learning achievement. [6] also investigated the 
effect of DPL on learning perceptions including students’ motivation and attitudes towards learning 
and found a small effect size. The effectiveness of DPL is typically assessed using pre- and post-test 
interventions that compare experimental and control conditions. However, these studies often fail 
to detect significant effects (e.g., [7]). This could be attributed to the short duration of interventions, 
which may only yield small differences between adaptive and non-adaptive conditions, especially in 
the short term. 

Analyzing log data presents an opportunity for a more nuanced understanding of student 
behavior and outcomes in DPL environments [8]. Log data offers precise and detailed insights into 
students’ behavior and performance throughout the learning process. Furthermore, compared to 
traditional pre- and post-tests, analyzing log data is non-intrusive and does not require shifting tasks 
from the learning environment to a (standardized) testing format [7]. For instance, [9] investigated 
learning effectiveness by analyzing the participants' usage data, such as the number of attempts at 
testing themselves, and found that those who made more attempts gained higher post-test scores. 
[10] measured learning efficiency by dividing the recorded total number of completed tasks by the 
number of correctly answered problems. Additionally, they used Bayesian knowledge tracing to 
generate moment-by-moment learning curves, and they concluded that the curves accurately 
depicted how well pupils could regulate their learning across time. [7] applied a modeling approach 
to assess learning efficiency through the extracted log data where the student's average learning rate 
within a session and over sessions is modeled. The findings revealed that adaptive digital educational 
games could promote learning efficiency across game-playing sessions compared to the non-
adaptive games. Although log data shows the potential of better understanding students' behavioral 
or learning patterns in DPL environments, students’ log data are underexplored [8]. 

1.3. The Effect of DPL on Self-Evaluation of Learning 

The effects of DPL on learning have mainly been studied through self-developed or standardized 
knowledge tests or self-report questionnaires measuring students’ attitudes or motivation [5, 6]. 
However, limited attention has been given to how DPL environments influence students' self-
evaluation of learning [11]. Self-evaluating abilities can be defined as "a personal, unguided reflection 
on performance for the purpose of generating an individually derived summary of one's own level 
of knowledge, skill, and understanding in a particular area" [12, p.15]. This concept encompasses 
both quantity estimates (e.g., "How many task requirements have I met?") and quality estimates (e.g., 
"How well have I done?") [13]. Building on this, [14] further distinguishes between formative self-
assessment, aimed at fostering learning during the process, and summative self-assessment, which 



involves post-task evaluations of learning based on performance. Self-evaluation plays a crucial role 
in students' academic achievement and self-regulated learning, where they set goals, monitor 
progress, and adjust strategies to achieve those goals [14, 15]. These are important skills not only 
within K12 education, but also in corporate settings where employees often need to train 
autonomously through digital learning platforms. Self-regulation skills are important for learners to 
estimate their mastery in certain topics and make decisions about the next best actions within the 
learning environment.  

In digital learning environments, self-evaluation gains particular significance. Online self-
evaluation methods offer several advantages over traditional pen-and-paper approaches, such as 
time-efficient scoring, immediate feedback, flexible assessment formats, and enhanced opportunities 
for students to reflect on their learning [16]. By leveraging these digital features, DPL environments 
have the potential to foster more accurate and meaningful self-evaluations, enabling students to 
better understand their progress and adapt their learning strategies. Exploring the relationship 
between DPL and students’ self-evaluation is essential to understand how DPL environments 
influence not only cognitive outcomes but also students' metacognition. 

1.4. Moderator Variables of the Effectiveness of DPL 

The effectiveness of DPL is likely influenced by multiple factors, including individual learner 
characteristics, subject area, and the design of the adaptive system. However, research findings on 
the moderating effects of these variables remain inconsistent [5, 6]. Subject area appears to play a 
role in the variability of DPL outcomes. A recent meta-analysis found that the impact of DPL differs 
across disciplines, showing small effects in subjects like languages, math, and science; medium effects 
in psychology; and larger effects in technology-based subjects [5]. In contrast, [6] found subject 
domain was not a significant moderator of the effect of DPL. Moreover, self-evaluation scores may 
also vary by subject area. For example, students in well-defined subjects like mathematics or science 
may find it easier to estimate their abilities compared to students in more interpretive or subjective 
areas like history or literature [17]. 

The design of the adaptive system itself is another potential moderator. Some DPL environments 
rely on simple, rule-based adaptations, while others employ more advanced systems that 
continuously assess students’ abilities and dynamically adjust tasks [18, 23]. It is hypothesized that 
more flexible and sophisticated adaptive systems may yield greater improvements in learning 
outcomes. Despite these theoretical considerations, empirical evidence remains limited. Existing 
research has yet to draw definitive conclusions about how these variables interact to influence the 
effectiveness of DPL, underscoring the need for further research in this area. 

1.5. Research Questions 

Previous research on DPL has primarily been conducted through controlled experiments, often with 
fixed instructions, to facilitate comparisons between adaptive and non-adaptive learning 
environments. While these "efficacy" studies [20] are critical for establishing baseline effectiveness, 
it is equally important to explore the potential of DPL in real-world settings. Such studies can include 
larger participant groups, cover a broader range of subjects, and account for the variability inherent 
in authentic educational contexts. Assessing the impact of DPL through self-evaluation of learning 
offers a valuable approach. Self-evaluation is less intrusive for students, making it easier to integrate 
into authentic learning settings. The following research questions were investigated: (1) Is there a 
difference in students’ self-evaluation of learning between adaptive and non-adaptive learning 
environments?, (2) Is the difference in students’ self-evaluation of learning between adaptive and 
non-adaptive learning tracks moderated by the subject area?, and (3) Is students’ self-evaluation of 
learning influenced by the amount of adaptivity in the learning tracks?. 



2. Methodology 

This study is part of a wider evaluation of an innovation project in which over 550 schools 
participated. The aim of this project was to foster DPL in Flemish secondary schools (Belgium). The 
DPL tool enables teachers to design personalised learning pathways for their students. This 
personalisation is driven by key moments that include cognitive (e.g., "What is 2 x 2?"), motivational 
(e.g., "Would you like to learn more about this topic by watching a video or reading a text?"), and 
metacognitive (e.g., "Do you think you have mastered this topic?") questions (see Figure 1 for an 
example learning track). Based on how students respond to these key moments, the system assigns 
them a customized pathway within the learning track. An example of the design of a learning track 
for computational thinking developed with the DPL tool can be found in [24]. Regarding the students’ 
self-evaluation in the DPL tool, students are shown the expected learning content and goals at the 
beginning of each learning track. At the end, they are asked to assess their progress by moving a 
slider from 'Completely not' to 'Definitely yes,' which corresponds to a numerical score from 1 to 10, 
reflecting their perceived achievement of the learning goals.  

 

 
Figure 1: Example of an Adaptive Learning Track in the DPL Tool 

 
This study utilizes log data from December 2021 to April 2024, and entailed 2,511 students from 

secondary schools actively participating in the DPL project. Of these, 683 students participated in 
the adaptive learning environments (including at least one key moment) and 1,828 students in the 
non-adaptive learning tracks. Subject areas were categorized as Science and Technology (e.g. 
Mathematics, Chemistry, and Biology) and Social Sciences (e.g. English, History, and Politics). The 
distribution of students in each category was as follows: Adaptive Science and Technology (n = 21), 
Nonadaptive Science and Technology (n = 238), Adaptive Social Sciences (n = 73), and Nonadaptive 
Social Sciences (n = 208). The DPL tool was used by teachers for multiple purposes ranging from 
instruction of new concepts, exercising learning content, formative assessment, and addressing 
individual learner needs. The DPL tool was mostly used in the classroom, and to a limited extent at 
home. 

A multilevel linear regression analysis was conducted including three levels because the data 
structure was hierarchical: measurements were nested within students, and students were nested 
within teachers. The proportion of variance explained at each level was quantified by the Intraclass 
Correlation Coefficient (ICC). The analyses were conducted using the R package lmerTest [21].  



3. Results 

3.1. Adaptive Versus Non-Adaptive Learning Tracks 

To answer RQ1, a three-level random intercept regression model was tested. The levels considered 
were measurements (level 1), students (level 2), and teachers (level 3). The majority of the variance 
in the student self-evaluation of learning was accounted for at the student level (ICC = 0.51), followed 
by the teacher level (ICC = 0.25). This suggests that the individual differences among students play 
a more significant role in explaining the variability in students’ self-evaluation of learning than the 
differences between teachers. The results of this model (see attached Table 1 and Figure 2) showed 
that self-evaluation of learning was significantly larger in adaptive learning tracks (M = 7.36, SE = 
0.12) compared to non-adaptive learning tracks (M = 7.14, SE = 0.12), although the effect size of the 
difference was small (Cohen's d = 0.07).   
 
Table 1  
Parameter Estimates (and Corresponding Standard Errors) of the Multilevel Regression Models 
Testing the Differences between Adaptive and Non-Adaptive Learning Tracks in Self-Evaluation of 
Learning 

 Model 1 
Estimate (SE) 

Model 2 
Estimate (SE) 

Intercept 7.37 (0.09)*** 7.54 (0.38)*** 
Adaptivity (Nonadaptive) -0.21 (0.03)*** -0.06 (0.36) 
Subject (Social Sciences)  -0.59 (0.65) 
Adaptivity (Nonadaptive): 
Subject (Social Sciences) 

 -0.07 (0.69) 

AIC 147088.21 15986.71 
BIC 147130.75 16030.39 
Log Likelihood -73539.10 -7986.36 
Num. observations 36602 3785 
Num. groups: Student 2511 540 
Num. groups: Teacher 189 50 
Variance: Student (Intercept) 2.47 1.93 
Variance: Teacher (Intercept) 0.81 0.88 
Variance: Residual 2.81 3.14 

Note. Model 1 = Model with one predictor (Adaptivity); Model 2 = Model with 2 predictors 
(Adaptivity and Subject area) and an interaction between them. ***p<.001, **p<.01, *p<.05   
 
 



 
Figure 2: Predicted Self-evaluation of Learning for Adaptive vs. Non-Adaptive Learning Tracks 

3.2. Influence of Subject Area 

Regarding RQ2, to test the moderating effects of subject area, a model including an interaction 
between adaptivity and the subject area was tested (Model 2). It should be noted that these analyses 
are based on a smaller dataset due to the fact that part of the learning tracks lacked metadata on 
subject area. As shown in Table 1 and Figure 3, the moderating effect was not significant (Cohen's d 
= 0.03, small). Yet, there was a significant main effect of ‘Subject Area’, with Social Science subjects 
(M = 6.88, SE = 0.31) linked to lower self-evaluation scores compared to Science & Technology 
subjects (M = 7.58, SE = 0.28), with a small effect size (Cohen's d = 0.28).  
 

 
Figure 3: Predicted Self-Evaluation Scores for Adaptive vs. Non-Adaptive Learning Tracks by 
Subject Area 
 



3.3. Influence of Amount of Adaptivity 

A three-level random intercept regression model was tested. The levels considered were 
measurements (level 1), students (level 2), and teachers (level 3). The amount of adaptivity was 
operationalized as the total number of key moments in a learning track. It is assumed that the higher 
the total number of key moments in a learning track, the more adaptive the learning track is. The 
results of this model (see Table 2, Figure 4) showed that there was no association between the amount 
of adaptivity and students’ self-evaluation of learning (Cohen's d = 0.10, small).   

Table 2  
Parameter Estimates (and Corresponding Standard Errors) of the Multilevel Regression Models 
testing the Impact of the Amount of Adaptivity on Self-Evaluation of Learning 
 
 Estimate (SE) 

Intercept 7.28 (0.19)*** 

Amount of adaptivity -0.08 (0.26) 

AIC 20117.70 

BIC 20150.30 

Log Likelihood -10053.85 

Num. observations 5012 

Num. groups: Student 694 

Num. groups: Teacher 64 

Variance: Student (Intercept) 2.01 

Variance: Teacher (Intercept) 1.39 

Variance: Residual 2.49 
Note. ***p<0.001; **p<0.01; *p<0.05 
   

 
Figure 4: Predicted Self-Evaluation Scores for the Amount of Adaptivity 



4. Discussion 

This study investigated the effectiveness of DPL environments on students’ self-evaluation of 
learning. Specifically, we examined: (1) whether students’ self-evaluation of learning differs between 
adaptive and non-adaptive environments, (2) the moderating effect of subject area on this 
relationship, and (3) whether the degree of adaptivity influences students’ self-evaluation of learning. 
Using multilevel regression analysis, we analyzed students' log data with a three-level model 
encompassing measurement, student, and teacher levels. 

Our findings underscore the influence of learning environment structure on students’ self-
evaluation of learning. Students in more personalised environments generally rated their learning 
experiences more positively, aligning with prior research that highlights the benefits of DPL 
environments on learning outcomes (e.g., [6], [11]). However, the dependent variable in this study—
self-evaluation of learning—has received limited attention in previous research, making direct 
comparisons challenging. 

Interestingly, the subject area did not moderate the effectiveness of DPL environments on 
students’ self-evaluations. This suggests that DPL environments can support positive self-evaluation 
across diverse subjects, corroborating findings from [6], who observed no significant differences in 
effect sizes among learning domains. However, a main effect of subject area was noted, with students 
rating themselves higher in science and technology subjects compared to social sciences. 

Contrary to our expectations, higher levels of adaptivity did not significantly enhance students’ 
self-evaluation of learning. We hypothesized that greater personalization would lead to better 
outcomes, but the limited variation in adaptivity levels (ranging from 1 to 3) may have been 
insufficient to reveal significant differences. This finding suggests the need for further exploration 
of adaptivity operationalization and their impact on learning. 

Several limitations should be considered when interpreting these findings. First, the validity of 
self-evaluation scores could not be assessed due to the absence of an objective criterion. Self-
evaluation is prone to errors such as overconfidence, which may inflate students’ self-assessments 
relative to their actual performance [17]. Second, teachers had the flexibility to choose, adapt, or 
create learning tracks, requiring them to label activities and key moments accurately. Regular checks 
were conducted, however, given the real-life nature of the dataset and the freedom given to teachers, 
it is possible that a small portion of the dataset was not labelled correctly (e.g., a cognitive key 
moment labeled wrongly as a motivational key moment). Nevertheless, given the size of our dataset, 
these inaccuracies are unlikely to have significantly impacted the results. 

To enhance the robustness of future studies, we recommend incorporating objective performance 
measures, such as knowledge tests, to complement self-evaluation data. Research indicates that the 
validity of self-evaluation improves with students’ experience in self-assessment and can be further 
refined by questioning approaches (e.g., absolute vs. relative to peers), anonymity, and alignment 
with objective benchmarks [22]. Additionally, this study employed a rule-based personalization 
system designed by teachers. Exploring more advanced, AI-driven adaptive systems could provide 
insights into the effectiveness of different adaptivity operationalizations [18]. 

This study examined the effectiveness of a DPL environment within a realistic, curriculum-
integrated setting across various subjects. While our findings primarily pertain to secondary 
education, they have broader implications for lifelong learning—a key educational goal in the 21st 
century. As digital learning environments increasingly emphasize autonomy and personalization, 
fostering students' self-assessment skills will be crucial. Effective tools that support reflection and 
self-monitoring can empower students, paving the way for autonomous, lifelong learning. 
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