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Abstract

Beyond managing student dropout, higher education stakeholders need decision support

to consistently influence the student learning process to keep students motivated, engaged,

and successful. At the course level, the combination of predictive analytics and self-regulation

theory can help instructors determine the best study advice and allow learners to better self-

regulate and determine how they want to learn. The best performing techniques are often

black box models that favor performance over interpretability and are heavily influenced by

course contexts. In this study, we argue that explainable AI has the potential not only to

uncover the reasons behind model decisions, but also to reveal their stability across contexts,

effectively bridging the gap between predictive and explanatory learning analytics (LA). In

contributing to decision support systems research, this study (1) leverages traditional tech-

niques, such as concept drift and performance drift, to investigate the stability of student

success prediction models over time; (2) uses Shapley Additive explanations in a novel way

to explore the stability of extracted feature importance rankings generated for these models;

(3) generates new insights that emerge from stable features across cohorts, enabling teachers

to determine study advice. We believe this study makes a strong contribution to educa-

tion research at large and expands the field of LA by augmenting the interpretability and

explainability of prediction algorithms and ensuring their applicability in changing contexts.
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1. Introduction

Understanding student success, what factors contribute to it, and how, remains an open

question in learning analytics (LA) and educational data mining (EDM) research. Predictive

LA is a rapidly growing area of research that focuses on modeling future learner outcomes.

This growth is facilitated by borrowing various techniques from several disciplines such as

machine learning (ML) to solve various LA tasks [1, 2], with predicting student success

being among them [3]. Modern Learning Management Systems (LMS) allow to trace the

history of learners’ activities. According to [4], “self-regulated learning (SRL) is a behavioral

expression of meta-cognitively guided motivation”. In line with the SRL theory, studying

trace data can be considered a representation of a motivated learning choice and further

used to engineer higher-level indicators that represent different aspects of learning [5].

The most popular ML models used to learn from the study data are black-box algorithms

that offer high predictive power [3, 6], but at the cost of interpretability [7]. One solution is

eXplainable Artificial Intelligence (XAI), which focuses on generating understandable expla-

nations for a model’s decisions, which is essential for delivering responsible analytics [8]. The

use of XAI for LA is a relatively new but rapidly growing area of research, with most applica-

tions aiming to improve interpretability through visualization, e.g., to provide personalized

instruction [9] or data-driven feedback through learning dashboards [10]. A popular class of

XAI techniques are additive feature attribution methods, which provide feature importance

rankings and effects [11]. Using these techniques for LA can provide stakeholders with the

success factors [12] that allow the promotion of desirable learning behaviors.

However, due to the changing contexts of learning, it is important to ensure not only the

explanatory power but also the stability of models across years [13]. Technological advances

and changes in learning contexts can lead to a mismatch between historical patterns of

learning and current data, known as concept drift [14]. For example, the outbreak of COVID-

19 drastically affected the way education is delivered, thereby affecting learning patterns

and outcomes [15]. Model stability is essential when advising students based on learning

indicators that have been found to be significant for academic success based on historical

data. Traditionally, this has been assessed either by the stability of performance scores and
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linear model coefficients or by statistical analyses such as correlation studies [13, 16].

This study introduces a novel approach of applying XAI to investigate the stability of

student success prediction models across years. To this end, we make the following contribu-

tions to the field of LA and XAI. First, we map trace data from three academic years onto

learning-related features based on best practices in the SRL literature and enrich the feature

set with the financial consumption indicators adapted for LA. Next, we use concept drift

detection techniques to assess the extent to which the distributions of (1) the study data and

(2) model predictions change across academic years. Next, we use the engineered features as

inputs to eight ML algorithms widely used in predictive LA [3, 6, 17] and use statistical tests

to evaluate model performance degradation across years. We then use SHapley Additive eX-

planations (SHAP) [11] to generate feature importance rankings used in the model stability

assessment using the feature agreement, rank agreement and rank correlation metrics widely

adopted in the XAI domain [18]. By examining the stability of feature importance across

years, we can gain valuable insights into the stability of learning patterns and the applicabil-

ity of models in changing study contexts. Finally, we show how the generated explanations

for the stable models can illustrate desired SRL behavior. To test the generalizability of our

findings, we perform an external validation using data from a different course.

In our study, we highlight the importance of ensuring model stability in light of cur-

rent European legislation that prevents interventions without explicit student consent [19].

Therefore, past models based on anonymized historical data become crucial as they serve as

the most reliable means to generate study advice, provided that the models remain stable.

Thus, we demonstrate the dual utility of SHAP, which not only enables the study of stability

but also serves as a tool for identifying stable success factors that facilitate student guidance.

The paper is organized as follows. Section 2 outlines the related work and identifies the

research gap addressed. Section 3 describes the methodology. Section 4 presents the results

and discusses them. Section 5 covers theoretical and practical implications, and Section 6

concludes by summarizing main findings, limitations, and future research opportunities.
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2. Related work

2.1. Concept drift

In most real-world ML applications, the quality of the deployed predictive models de-

grades over time, a phenomenon known as model degradation [20]. The first type of model

degradation comes from changes in the hidden context not captured by existing data col-

lection methods, hence unknown to the model [20]. Since these changes cannot manifest

themselves in the data, ML research focuses primarily on concept drift, formally defined

as a change of the distribution underlying the data [21]. The problem of concept drift is

exacerbated in ML, where concepts are learned from past data and applied to current data,

assuming they still hold. Thus, continuous tracking and evaluation of predictive systems

is essential for the usefulness of ML models for decision making [20]. In the LA domain,

changes in both the internal and external context of learning over time are reflected in the

collected data. It is vital to understand these changes to make well-informed decisions [22].

Concept drift detection methods include statistical tests evaluating significant changes

in raw data distributions, model performance analysis, and parameter changes assessment

[20, 21]. Distribution change is primarily detected using nonparametric statistical tests such

as Kolmogorov-Smirnov [23, 24] and Wilcoxon [25] tests. Model performance can also be

used to detect concept drift with increases in error rates being a sign of change. Concept drift

is also reflected in changes in the optimal parameters of the model under the uncertainty it

causes [26]. The issue of concept drift is well recognized in areas where learning from evolving

data is essential, e.g., anomaly detection, credit scoring and churn prediction [27, 28].

Another method of quantifying distributional shifts is based on credit risk research, where

the Population Stability Index (PSI) is an industry benchmark for assessing differences be-

tween statistical distributions [29]. The PSI helps to identify variations in model predictions,

by comparing their distributions on a current test cohort with those on a test set when the

model was developed. Higher PSI values indicate deteriorating model stability [30].
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2.2. Predictive LA and model stability

Predictive modeling in LA has shifted from finding the right features and building highly

accurate models to stronger theoretically supported approaches [5]. The current study is

based on Winne and Hadwin’s (1998) constructivist model of SRL [31], which views learn-

ers as active agents who process information to create learning artifacts that support their

learning goals. Learners engage in SRL by evaluating learning materials, tools, and tac-

tics through metacognitive monitoring, which is influenced by internal conditions such as

motivation, prior knowledge, and affective states, and external conditions such as teacher

roles and course requirements. The relevance of the SRL model in face-to-face, blended and

online learning settings is well established [6, 32] and the influence of both internal [33] and

external conditions [34, 35] has already been investigated [5].

LA is no exception when it comes to the problem of concept drift, as technological

developments and changes in the learning contexts lead to shifts in student learning patterns

[14]. This has implications for the use of historical educational data as, under concept drift,

the models trained on past data are no longer valid for decision making on current student

cohorts [14], making concept drift detection essential for producing generalizable models.

Predictive models’ stability has been primarily explored by comparing the algorithms’

performance and the features’ predictive power. Early research on the stability and sensitiv-

ity of models across time cohorts suggests the strongest predictive patterns remain apparent

in both cohorts [13]. However, instructional design changes affect the patterns connected

with them, influencing the predictive power and stability of the features measuring them

[13]. A recent study by [16] conducts a meta-analysis to estimate the predictive performance

of study indicators across homogeneous courses. The suggested statistical method included

the Pearson correlation between grades and study indicators separately, a meta-analysis, and

a random effects model [16]. Some indicators were found to be consistent and others to show

variability with moderate heterogeneity. When heterogeneity exists, variability occurs, and

more homogeneous courses have higher stability in their indicators’ predictive power [16].

Predictive LA studies mostly focus on early prediction to orchestrate interventions for at-

risk students [36]. However, studies that examine portability/stability of indicators across
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contexts (e.g., [16, 5]) analyze the relationship between SRL indicators and grades using

trace data of a complete course. Full course data can offer insights into study profiles, rec-

ommended behavior and advise for future students, rather than intervening with individual

at-risk students. This allows to solve the ethical conundrum of targeting only at-risk students

[37] and not the entire student body. The patterns that lead to better academic success can

also benefit students who are not at risk. In addition, because trace data is complex and not

always available, educators often have to rely on historical data.

2.3. eXplainable AI for LA

The increasing use of ML algorithms for LA has raised concerns about transparency and

fairness. Recent advances in XAI have improved the interpretability and transparency of

ML models. Although XAI for education is similar to its broader application, it has unique

requirements as summarized in the XAI in EDucation (XAI-ED) framework [38], which em-

phasizes the benefits of improved student-teacher interactions, enhanced AI literacy, and

increased trust. The approaches to achieving explainability in education align with those of

general XAI. However, a misinterpretation of an explanation can cause AI systems to mal-

function, so it is essential to carefully assess the experience, needs, and capabilities of target

users, involving not only ML experts but also key stakeholders of education: instructors and

students [38, 39]. Pedagogical experts may need more complex explanations, but learners

can benefit from even simple explanations to understand AI decisions [39].

The popularity of XAI in education has led to diverse XAI applications for various LA

tasks. The study by Mu et al. (2020) [40] uses the TreeSHAP algorithm to provide explana-

tions for models that predict wheel-spinning, in which students attempt an educational task

repeatedly without learning a specific skill. By leveraging actionable features and feature

contributions returned by TreeSHAP, the most effective interventions can be identified to

assist struggling students [40]. In another study by [12], different XAI approaches, including

LIME [41], Kernel SHAP [11], PermutationSHAP [11], Contrastive Explanation Method [42],

and Diverse Counterfactual Explanations [43], were evaluated for explaining a Bidirectional

LSTM model designed to predict student success in Massive Open Online Courses (MOOCs).

Although the models align on the top-contributing features, significant variations exist in
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the importance scores across different explainability methods [12]. Moreover, the choice of

a technique impacts the feature importance more than the data or model itself, emphasiz-

ing the need to carefully select an appropriate explainability method based on the desired

properties [12]. XAI also finds its applications in dropout assessment tasks [44] where the

effectiveness of Shapley values, SHAP, and LIME frameworks is evaluated for the task of

explaining predictions made by a black-box Multi-Layer Perceptron (MLP) model. Notably,

the SHAP framework yields the highest explainability index among the evaluated methods

[44]. SHAP has also been adopted for explaining AI-based student success prediction models

[45] trained on social media usage and demographics data. The study revealed that certain

sensitive demographic factors had a substantial impact on the model’s predictions, thereby

highlighting concerns about the fairness and trustworthiness of the deployed model [45].

2.4. Research gap and novelty

In this paper, we introduce a novel perspective on stability that differs from previously

established definitions. We situate our research in the domain of student success prediction,

where the models’ stability is evaluated in the context of using the model’s insights to

provide study advice. For black-box models, these insights are revealed using XAI techniques,

allowing educators to understand the model output and use it for advising. Due to ethical

and privacy concerns, this advice is primarily based on data from past course runs. In this

context, stability can be defined as the consistency of the “model’s reasoning”, specifically

the consistency of the global feature importance revealed by the explainability technique.

For student success prediction, these features represent students’ self-regulatory capabilities,

and the importance of a particular aspect of self-regulation is crucial for advising students.

The extent to which a feature’s importance remains stable from one course run to another

is at the core of the definition of stability in this research.

Existing studies focus on assessing the stability and portability of linear models using

various statistical techniques. In contrast, our study investigates the stability of more com-

plex and often black-box ML algorithms for predicting student success. To this end, we

draw inspiration from the broad field of XAI, and emphasize the importance of model inter-

pretability, focusing on the analysis of global feature importance. This aspect is critical in
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our quest to identify consistent student success indicators and to understand their variation

across courses and course sequences. We use SHAP, a widely accepted feature attribution

technique, to examine the stability of key student success indicators. Furthermore, for those

indicators that show stability, we examine their feature importance rankings and feature ef-

fects, which are critical for advising students and promoting desirable SRL behaviors. To the

best of our knowledge, this study is the first of its kind to investigate the stability of student

success prediction models through a comprehensive analysis of global feature importance.

3. Methodology

Following the general ML pipeline, we first prepare the data as described in Section

3.1 and check for concept drift in the data (Section 3.2). Next, we perform the predictive

modeling task with the SHAP explanations generated on top of the trained models (Section

3.3). Finally, the model predictions are used to analyze prediction drift (Section 3.2), while

the performance metric values and the generated SHAP estimates (Section 3.4) are used to

check performance stability and compute agreement metrics as described in Section 3.5.

3.1. Data

We use the data from the mandatory first-year bachelor courses: first, the Accountancy

course taught in the fall (first) semester (used for the main analysis) and, second, the Global

Economics course taught in the spring (second) semester (used for the external validation)

in four programs offered on one campus by the Faculty of Economics and Business in a

higher education institution in Belgium. LMS trace data was collected from these courses

for three academic years (AY): AY 2018-2019 (AY 18-19 for short), AY 2019-2020 (AY 19-20

for short) and AY 2020-2021 (AY 20-21 for short). The choice of academic years allows us

to consider the effect of COVID-19. For the Global Economics course taught in the spring

semester, the comparison of AY 18-19 with AY 19-20 shows the transition from non-COVID

mode to partial COVID mode (first lockdown), while the comparison of AY 19-20 with

AY 20-21 shows the transition from partial COVID mode (first lockdown) to full COVID

mode (subsequent lockdowns). For the Accountancy course taught in the fall semester, the
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comparison of AY 18-19 to AY 19-20 is unaffected by the pandemic while the comparison of

AY 19-20 to AY 20-21 shows a transition from non-COVID mode to full COVID mode.

3.1.1. Feature engineering

We base our feature engineering on SRL theory using the widely adopted study indicators

as summarized in [46], which grounds feature engineering in the study of [5] and enriches

the feature set with features inspired by financial consumption patterns that measure ex-

ploration, exploitation, and plasticity of human consumption [47]. These features have been

shown to be informative in previous research [46]. A detailed feature engineering is described

below. To measure study success, we collect the summative exam grades (on a scale of 0-20

with passing grades starting at 10) and transform them into a binary pass/fail feature.

The original events captured by an LMS are used to generate higher-level learning actions

as they are proven to be more meaningful [5, 48]. We refer to these actions as features or

indicators hereafter. The study of [5] proposes to capture study behavior on the levels of

activity and study regularity. In addition, for both levels, the overall and learning action

specific patterns are captured resulting in four types of features: overall level of activity

(OLA), learning action specific level of activity (LALA), overall regularity of study (ORS),

and learning action specific regularity of study (LARS) [5]. Regarding the specific level of

activity, four different types of learning actions are further delineated: forum contribution,

forum consumption, access to learning materials and access to the main course page.

The engineered features are displayed in Table 1. A session is defined as a sequence of

consecutive learning actions performed within a time frame of maximum eight hours. An

event during the session is captured as the most granular activity per timestamp. Due to

the logging idiosyncrasies of the LMS, it is possible to have several events per timestamp as

opening one directory also logs opening all its sub-directories. These cases were preprocessed

by replacing multiple events with one event as it better represents an action performed by a

student. We use the terms view, click and access interchangeably to describe these student

actions. We define active days and active weeks [5]: an active day is a day with at least one

learning action while an active week is a week with a number of active days equal or above

the course’s average number of active days per week. The motivation for using the weekly
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indicators is similar to [5]: the course has a weekly periodicity.

Table 1: Engineered features. Those remaining after preprocessing are displayed in bold (Section 3.1.2)

Type Feature Description

OLA

Total number of sessions Total number of sessions of non-zero duration

Total sessions duration Sum over all the sessions duration during the course, seconds

Median session duration Median calculated over all the sessions’ duration during the course, seconds

Median number of actions per session Median calculated over all the sessions’ total learning actions counts

Proportion of active days Total number of active days relative to the duration of the course in days

Median number of active days per week Median calculated over all the weeks with active days during the course

Median di�erence between active days Median calculated over the time distances between consecutive active days during

the course.

Proportion of active weeks Total number of active weeks relative to the duration of the course in weeks

LALA

Proportion of active days: course mate-

rial/main page

Total number of active days with course materials/main page views relative to

the duration of the course in days

Proportion of active weeks: course mate-

rial/main page

Total number of active weeks with course materials/main page views relative to

the duration of the course in weeks

Proportion of posts read - forum con-

sumption

Total number of posts read on the forum relative to the total number of posts

available on a discussion forum

Total number of created posts - forum

contribution

Total number of posts written on discussion forum during the course’s duration

ORS

Constancy of clicks Entropy calculated with the probabilities estimated as the proportion of the

number of learning actions per session relative to the total number of learning

actions across all sessions

Constancy of session length Entropy calculated based on the probabilities estimated as the proportion of a

session’s length relative to the total sessions length across all sessions

Proportion of weeks with �rst-day ac-

tivity

Total number of weeks with activity on the �rst day relative to the duration of

the course in weeks

Proportion of �rst-day-of-week activity Median calculated over all the weeks for the proportion of the learning actions

performed on the �rst day of the week relative to the total number of actions

performed in this week

LARS
Constancy of clicks: course material/main

page daily

Entropy calculated based on the probabilities estimated as the proportion of the

number of course material/main page views per day relative to the total number

of course material/main page views

Constancy of clicks: course material/main

page weekly

Entropy calculated based on the probabilities estimated as the proportion of the

number of course material/main page views per week relative to the total number

of course material/main page views

Due to the unavailability of granular event data for forum consumption and contribution,

we cannot measure them on a timely basis. Hence, we express forum consumption as a

proportion of total posts read relative to the total number of posts available on the forum.

Forum contribution is expressed as the total number of posts written on the forum.

To compute the ORS and LARS features, we follow the approach of [5] and use entropy.

We give the features more intuitive names by replacing the entropy term with the term ‘Con-

stancy’. This is motivated by the fact that a higher entropy corresponds to a more uniform

distribution of learning over time, resulting in a higher regularity, i.e. constancy of learning.

Constancy is calculated using Shannon’s entropy H formula as H = �
PM

i=1 Pi log2 Pi with

the probabilities Pi calculated as explained in Table 1.

The aforementioned indicators do not fully capture the temporal aspects of studying

which is crucial as learning unfolds over time. To this end, the features of [5] are com-
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plemented with the features of [47] to incorporate more sophisticated ways of capturing

self-regulation behavior [46]. Originally, [47] studies human consumption patterns across

time and space. In particular, these patterns are captured by exploration, exploitation, and

plasticity. These traits can be proxied by diversity, loyalty, and regularity metrics, respec-

tively. These metrics have been shown to play an important role in predicting the financial

outcomes of individuals [47, 49]. In this study, we adapt these metrics for the SRL context.

Firstly, diversity represents the extent to which users spread their transactions over time

(temporal diversity) or space (spatial diversity) with a higher diversity corresponding to

spreading the transactions almost equitably over the bins [47], i.e., Di =
�

PN
i=j Pij log2 Pij

log2 M

where Pij is the fraction of transactions in bin j for user i, N is the total number of bins with

M of them being non-empty. In the context of students studying for a course, this translates

to temporal diversity with weekly bins. This concept of diversity is closely tied to the concept

of entropy but at the scale of sessions. Sessions are chosen as transactions as the constancy

of individual learning actions is already measured by the features displayed in Table 1. The

diversity metric is in the range [0; 1], with larger values corresponding to spreading studying

more evenly over the semester. Hence, we change the name from ‘Diversity’ to ‘Uniformity’

as it better represents uniformly spreading study effort throughout the semester.

Second, the loyalty metric from [47] represents how transactions are distributed across

different bins (spatial or temporal), with higher values corresponding to having most trans-

actions within the top N of the bins, i.e., Li =
fiPN

j=1 Pij
where fi is the combined fraction

of all transactions that occur in the top three most-frequented bins, Pij is the fraction of

transactions in bin j for user i. We rename ‘Loyalty’ into ‘Bingeing’ as it better expresses the

concentration of study effort in a small number of time slots. We calculate temporal bingeing

with weekly bins, with sessions as transactions. We purport that the action of bingeing on

learning materials to catch up in a course or to study for an exam is a self-regulation action.

Lastly, regularity measures the differences between behavioral patterns over shorter and

longer study periods, i.e., Ri = 1�
p

(D1
i�DT

i )2+(L1
i�LT

i )2
p
2

whereD1
i and L

1
i are the diversity and

the loyalty in a shorter period (e.g., one month), DT
i and LTi is the diversity and the loyalty

in the entire period. Since the label ‘Regularity’ is quite intuitive even in study contexts, we
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Table 2: Outcome feature distribution

Accountancy Global Economics

AY 2018-2019 AY 2019-2020 AY 2020-2021 AY 2018-2019 AY 2019-2020 AY 2020-2021

Pass 383 (53%) 391 (56%) 457 (64%) 333 (46%) 420 (62%) 305 (46%)

Fail 335 (47%) 309 (44%) 261 (36%) 389 (54%) 256 (38%) 357 (54%)

keep it the same. We compute temporal Regularity with D1
i and L1

i set to the Uniformity

and the Bingeing in the semester weeks, respectively, and DT
i and LTi set to the Uniformity

and the Bingeing in the entire course, respectively. The purpose of Regularity is to compare

how students disperse and self-regulate their periods of Uniformity and Bingeing.

3.1.2. Data preprocessing

We deal with missing values by dropping the students who did not take the final exam

or have no corresponding activity on the LMS platform. Table 2 shows the final distribution

of the outcome variable after data preprocessing. Missing values for the entropy features

are imputed as V = log2B, where the value of B varies according to the granularity of the

entropy. In particular, for the daily and weekly features, B represents the course duration

in days and weeks, respectively. For the session features, B is set to the average number

of sessions calculated over all the students. This design choice is based on the fact that

the absence of study represents a “missing not at random” situation, where missing data is

systematically related to unobserved data. We assume that when there is no studying at

all, the regularity of studying is uniform, which can be represented by the maximal possible

entropy value of V . Missing values for the uniformity, bingeing and regularity metrics are

set to the highest possible value of 1.

Correlation analysis revealed that some of the features are highly correlated and represent

essentially the same information (see online Appendices A and B1). Including such features

may obscure important interactions. In addition, we follow Occam’s razor and prefer a less

complex model. Therefore, we drop some of the LALA and LARS features and end up with

13 features marked in bold in Table 1 and the Bingeing, Uniformity and Regularity features.

1Online appendices and source code can be found at https://github.com/tiu-elena/LA-stability
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3.2. Concept drift detection

As argued in Section 2.1, the Kolmogorov-Smirnov (KS) nonparametric test is widely used

in concept drift detection [21, 22] especially for smaller sample sizes. The null hypothesis

of the two-sample KS test is that two samples come from the same distribution, with the

test statistic calculated as Dn;m = supx jF1;n(x) � F2;mj where n;m represent the number

of observations in the reference and current samples, respectively, F1;n and F2;m are the

cumulative distribution functions of these samples, and sup is the supremum function. The

null hypothesis is rejected at � if Dn;m >
q
� ln(�

2
) � 1+

m
n

2m
. To control alpha inflation, we

apply Bonferroni correction, adjusting � to �
m
, where m is the number of tests.

The stability of the distribution of the model predictions can be assessed with PSI scores

(as outlined in Section 2.1). The PSI calculation includes binning the model predictions into

a number of equal-sized bins, and then calculating the difference between the proportion

of predictions in each bin on the current dataset and the proportion of predictions in the

same bin on the reference dataset with the final PSI score calculated as the sum of these

differences, i.e., PSI =
PK

k=1

�
(P k

t2 � P k
t1) � ln

�
Pk

t2

Pk
t1

��
where P k

t1 represents the number of

observations that fall within bin k in the reference dataset while P k
t2 represents the number

of observations that fall within bin k in the current dataset. According to [29], a PSI value

above 0.25 indicates a significant shift in the score distribution.

The detected distribution and prediction drifts can be seen as a first signal of model

instability, since the model is no longer used in the same context in which it was trained.

We can also use the results of this step to benchmark our stability assessment approach to

see if it confirms the findings seen from the concept drift alone.

3.3. Predictive modeling

A blueprint ML pipeline starts with splitting the data. As we want both to optimize

the model hyperparameters and evaluate the model’s generalization capabilities, the nested

cross-validation strategy is used (Figures 1 and 2). It consists of outer and inner loops

of splitting the data and running the models that are used for both the data of the past

academic year (hereafter, AY T-1 data) and the data of the current academic year (hereafter,

AY T data) (Figure 1). The outer loop is represented by 10 stratified folds each being split
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Figure 1: Methodology: outer loop

into 10% test data and 90% train data. The AY T-1 train data is further used in the

inner loop where it is split into train and validation data following a stratified 5 fold cross-

validation approach used to search for the best model configuration. Within each outer fold,

we use min-max normalization to transform the data for the models that require it (Table 3).

Figure 2: Methodology: inner loop

The optimal model is retrained using all the AY T-1 train

data defined in the outer loop (hereafter, Model AY T-

1 ) and is applied on the AY T-1 test data to obtain the

performance metrics. Also, the global feature importance

scores are calculated using the Model AY T-1 and the AY

T-1 test data (step 1 in Figure 2). As using a sample of data

as a background dataset is advised in the official SHAP

implementation [11], we follow their guidance and use a

random sample of 100 observations as a background dataset

to speed up the calculations.

The next step is to apply the Model AY T-1 on the

AY T test data and obtain the performance metrics and

the global feature importance scores (step 2 in Figure 2).

This step comes in line with the performance change eval-

uation, one of the concept drift detection methods [21]. As

retraining the model is the simplest way to respond to con-

cept drift [21], the Model AY T-1 is retrained on the AY T
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train data (hereafter Model AY T-1 retrained) and is used

to make predictions on the AY T test data to obtain the

performance metrics and global feature importance scores

(step 3 in Figure 2). However, retraining the model alone

may not be sufficient to fully account for concept drift. Therefore, the optimization proce-

dure is performed using the inner loop and the AY T data. The resulting model (hereafter

Model AY T ) is applied to the AY T test data to obtain the performance metrics and the

global feature importance scores (step 4 in Figure 2).

The above four steps are repeated 10 times based on the data split in the outer loop

in order to account for the different ways of splitting the data and reducing the impact of

splitting the data only once. The pipeline is run on eight ML algorithms tailored to solve the

binary classification task that gained immense popularity in the field of the LA literature

[3, 6, 17]. These algorithms and their hyperparameter search spaces are shown in Table 3.

3.4. eXplainable AI

In this study, we chose to use the Kernel SHAP algorithm, motivated by its wide adoption

in the field and its ability to provide model-agnostic explanations through feature contribu-

tions [11]. Inspired by the original Shapley values [61] and LIME [41], Kernel SHAP is an ad-

ditive feature attribution method that approximates the original model f(x) as a sum of the

feature effects �i as g(z
0) = �0 +ΣM

i=1�iz
0
i where z

0 2 f0; 1gM , M is the number of simplified

input features, and �i 2 R. The feature effects are calculated as the marginal contribution of

a feature value across all possible coalitions as �i(f; x) =
P

z0�x0
jz0j!(M�jz0j�1)!

M !
[fx(z

0)�fx(x0ni)]

where jz0j is the number of non-zero entries in z0, z0 � x0, fx(z
0) = f(hx(z

0)) = E[f(z)jzS]

and S is the set of non-zero indexes in z0 [11].

Kernel SHAP simplifies the input mapping hx(z
0) = zS and approximates f(zS) with

E[f(z)jzS], where zS has missing values for features not in the set S. The latter conditional

expectation is in turn approximated with Ez �S
[f(z)], assuming feature independence. Initially

seen as a limitation of Kernel SHAP [11], the feature independence has been shown to

be a correct way of looking at the feature contributions from a causal perspective, as the

observational conditions are flawed and lead to the failure of sensitivity [62]. This problem
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Table 3: Students success prediction models. The models displayed in bold require normalized data.

Model Grid search space Used in

Na��ve Bayes (NB) [50] Smoothing parameter: 100 values spaced evenly on a log scale from [10−9, 1] [3, 6, 17]

Support vector ma-

chine (SVM) [51]

Regularization parameter C: {0.1, 1, 10, 100}
Kernel coe�cient: {1, 0.1, 0.01, 0.001}
Kernel function: {RBF, Polynomial, Sigmoid}

[3, 6, 17]

Arti�cial Neural Net-

work (Multi-Layer

Perceptron - MLP)

[50]

Hidden layer sizes: {(#features/2,), (#features/2, #features/4,)}
Activation function: {Identity, Logistic, Hyperbolic tangent, ReLu}
L2 regularization term α: {10−6, 10−5, 10−4}
Solver: {L-BFGS, SGD, ADAM}
Learning rate: {10−4, 10−3}

[3, 6, 17]

Logistic regression (LR)

[52]

Penalty: L1, L2

Inverse of regularization strength C: {10−3, 10−2, 10−1, 101, 102, 103}
Solver: {Liblinear, Newton-CG, L-BFGS}

[3, 17]

K-Nearest Neighbors

(KNN) [53]

#neighbors: [1, 30] with a step of 5

Weight function: {Uniform, Distance}
[3]

Random Forest (RF)

[54]

Maximal depth: {-, 3, 5, 10}
Min. #samples to split: {2, 5, 10}
Criterion: {Gini, Entropy, Log. Loss}
#estimators: {50, 100, 200}
#samples to train: {#features, #features/2}
#features for best split: {-,

√
#features, log2#features}

[6, 55]

XGBoost (XGB) [56] Maximal depth: {-, 3, 5, 10}
Min. #samples to split: {2, 5, 10}
Learning rate: {0.1, 0.01}
#estimators: {50, 100, 200}
#features for best split: {-,

√
#features, log2#features}

[55, 57]

TabNet (TAB) [58] Decision prediction layer width: {8, 16, 24, 32}
Number of steps in the architecture: {1, 2, 3}
Feature reusage in the masks coef.: {1, 1.2, 1.4}
#shared Gated Linear Units: {1, 3}
Sparsity loss coe�cient: {1e-6, 1e-3}

[59, 60]
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does not arise if we consider the feature attribution problem from a causal perspective

treating inputs as causes of the output. In this case, the marginal expectation Ez �S
[f(z)]

corresponds to a correct view of the feature contribution effect. Adopting a causal perspective

involves considering a hypothetical intervention, leaving the actual causal relation in the real

world aside [62]. In other words, the interventional distribution might create observations

that are far from the data distribution. This raises a problem of a trade-off between being

“true to the model” and being “true to the data” [63]. As this research investigates model

stability, being “true to the model” is preferable, justifying using the Kernel SHAP algorithm.

3.5. Model agreement evaluation

To measure the agreement between models, we (1) compare the values of the predictive

performance metrics and their statistical significance and (2) adapt the metrics from the

research on the general disagreement problem between explainability techniques [18, 64]

to be applied to the rankings generated from the SHAP estimates. Below, we describe the

metrics and the aspects of disagreement they measure. Note that these metrics are computed

for each fold and subsequently averaged to obtain a final estimate of the metric value, as

SHAP estimates are calculated per each outer fold, resulting in ten sets (Figure 2). Note

also that for the metrics that require the specification of the top-k features, we set k = 8

(half of the total number of features), as this provides a fair trade-off between variability

in feature importances for calculating agreement metrics and visualization capabilities for

using the explanations for decision making.

Performance metrics. We use balanced accuracy as the metric for evaluating predictive

performance because accuracy is one of the most widely used metrics for predicting student

success [6] as well as in concept drift detection analysis [20], and we use its balanced ver-

sion to account for a slight imbalance in the data. The balanced accuracy is calculated as

sensitivity+specificity
2

=
T P

T P +F N
+ T N

T N+F P

2
where TP (FP ) is the number of true (false) positives

and TN (FN) is the number of true (false) negatives. To test whether the differences between

the four different sets of performance measures are statistically significant, we perform a non-

parametric Friedman test with the null hypothesis that the means of three or more groups

are equal. The test statistic is calculated as T1 =
12

bk(k+1)

Pk
i=1 (Ri � b(k + 1)=2)2 where Rj =
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Pb
i=1R(Xij) is the sum of the ranks R(Xij); if there are ties, then T1 =

(k�1)
Pk

i=1 (Ri� b(k+1)
2

)2

A1�C1

where A1 =
Pb

i=1

Pk
j=1 (R(Xij))

2 and C1 =
bk(k+1)2

4
.

To test the statistical significance of the individual differences, we use a nonparametric

Wilcoxon signed-rank test [25], which tests the null hypothesis that two related paired sam-

ples come from the same distribution. The test statistic is calculated asW = min(W�;W+)

where W+ and W� are the sums of the positive and negative ranks, respectively. To avoid

alpha inflation due to multiple testing, we use Bonferroni correction of p-value as �
m

where

� is the original significance level and m is the number of tests.

Feature Agreement. In the general disagreement problem in the XAI domain, the main

notion of disagreement between models lies in the differences in the top-k important features

returned by the explainability technique [18]. Consequently, a feature agreement metric

has been introduced [18] as FeatureAgreement(Ea; Eb; k) =
jtop feat(Ea;k)\top feat(Eb;k)j

k
where

top feat(E; k) is the set of top-k features returned by the XAI technique E.

Rank Agreement. Not only the agreement of the top features is vital but also their or-

der. Accordingly, a stricter metric of rank agreement is introduced by considering both

the commonality of top-k features and their position in the respective rankings [18] as

RankAgreement = j[s2Sfsjs2top feat(Ea;k)^s2top feat(Eb;k)^rank(Ea;s)=rank(Eb;s)gj
k

where S is a fea-

ture set, rank(E; s) is the rank of feature s returned by the technique E.

Rank correlation. The differences between explanations also manifest themselves in the

changes in the relative feature importance rankings returned by the explainability technique

[18]. In this respect, the agreement between them can be measured by the rank correlation

(RC) coefficients [65], i.e, RC(Ea; Eb; F ) = rs(Ranking(Ea; F ); Ranking(Eb; F )) where rs

is the Kendall rank correlation, F is the top eight features returned by the Kernel SHAP

algorithm of the AY T-1 model applied on the AY T-1 test data, Ranking(E;F ) is a rank

assignment to the features in F returned by E. We use the Kendall rank correlation because

of its suitability for small sample sizes with ties present in data, i.e., rs =
P�Qp

(P+Q+T )�(P+Q+U)

where P is the number of concordant pairs in Ranking(Ea; F ) and Ranking(Eb; F ), Q is

the number of discordant pairs in Ranking(Ea; F ) and Ranking(Eb; F ), T is the number of

ties only in Ranking(Ea; F ), and U is the number of ties only in Ranking(Eb; F ).
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4. Results and Discussion

4.1. Concept drift detection

Table 4 shows the results of our concept drift analysis on the independent features (vi-

sualizations of distributions can be found in online appendix D, Figures 13-16). Since we

are using the same data of AY 19-20 for two comparisons for each course, we correct the

significance level � as 0:05
2

= 0:025. For the Accountancy course, comparing the distributions

of AY 18-19 and AY 19-20 reveals that 10 out of 16 (62.5%) features exhibit concept drift,

as we can reject the null hypothesis at a significance level of � = 0:025. Comparing AY

19-20 to AY 20-21, we observe an even more pronounced shift, with 14 out of 16 (87.5%)

features showing evidence of concept drift. This finding underscores the profound impact

of COVID-19 on study behavior and is consistent with the research findings of [15], which

found significant differences in study patterns depending on the year of study. Note that

since this is a first-semester course, and COVID-19 affected only the second semester, the

drift from AY 18-19 to AY 19-20 is much smaller than the drift from AY 19-20 to AY 20-21.

For the Global Economics course, our analysis confirms the above reasoning. Comparing

the distributions from AY 18-19 and AY 19-20, we see a significant shift: 13 out of 16 (81.3%)

features experience concept drift, marking a transition from the pre-COVID mode to a partial

COVID setting, specifically during the first lockdown. This shift was a direct response to

the unanticipated impact of COVID, resulting in a profoundly disruptive influence on the

educational experience. The AY 19-20 vs. AY 20-21 comparison shows 9/16 (56.3%) drifting

features, which is a smaller change than observed in the previous comparison. This contrast

highlights the diminishing effects of COVID as the educational system gradually adapted to

the new circumstances, moving from a partial COVID mode to a full COVID mode.

The identified concept drift in the distribution of independent features serves as an early

indicator of potential model instability as the historic data used to train the model does not

come from the same distribution that the model is being applied to in the future.
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Table 4: KS test p-values. Significant values (α = 0.025) are displayed in bold = drifted features.

Accountancy Global Economics

AY 18-19 vs. AY

19-20

AY 19-20 vs. AY

20-21

AY 18-19 vs. AY

19-20

AY 19-20 vs. AY

20-21

Bingeing of sessions 0.01 0 0 0

Constancy of clicks 0.79 0 0 0.10

Constancy of session length 0 0 0 0.03

Median di�. between active days 0 0 0 1

Median number of actions per sessions 0 0 0 0

Median number of active days per week 0 0 0 0.84

Median session duration 0 0 0 0

Proportion of active days 0.11 0 0 0.29

Proportion of �rst-day-of-week activity 0.13 0 0.01 0

Proportion of posts read 0 0.10 0.02 0.14

Proportion of weeks with �rst-day activity 0.52 0 0 0.01

Regularity of sessions 0.07 0 0.09 0

Total number of created posts 0.002 0.75 0.99 0.95

Total number of sessions 0.02 0 0 0.01

Total sessions duration 0.10 0 0 0

Uniformity of sessions 0 0 0.05 0

4.2. Prediction drift

In addition to the model performance stability analysis, we perform a prediction drift

analysis, i.e., we use the PSI index to measure the extent to which the distributions of model

predictions are stable across years. In particular, we calculated PSI scores for the comparison

between the predictions of theModel AT T-1 applied to AY T-1 test data and the predictions

of theModel AT T-1 applied to AY T data (Appendix C, Table 1). With the PSI we examine

if the prediction distribution changes when used on data from different academic years while

keeping the model constant. We see that the threshold of 0.25 is exceeded in almost all

comparisons, indicating a prediction drift of the models. For the Accountancy course, this

drift is higher for the comparison happening within the COVID context, i.e., AY 19-20 vs.

AY 20-21, while for the Global Economics course the values are higher for the shift from the

non-COVID mode to the partial-COVID mode, i.e., the AY 18-19 vs. AY 19-20 comparison.

4.3. Model performance stability

Figures 3 and 4 show the Friedman test results and the box plots of the balanced accuracy

values obtained from the outer folds of the nested cross-validation. The tables below the box

plots show the Wilcoxon test statistics and their p-values. For the individual comparisons of

the model applications, we are interested in three performance comparisons: (1) Model T-1

applied to test data from AY T-1 vs. Model T-1 applied to test data of AY T to understand

how well the model can perform as-is without modification; (2) Model T-1 applied to test
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(a) AY 18-19 vs. AY 19-20 (b) AY 19-20 vs. AY 20-21

Figure 3: Model performance: Accountancy - accuracy and statistical tests results (p-values are in brackets)

data from AY T vs. Model T-1 retrained applied to test data from AY T to understand the

performance gains (if any) from retraining the model; (3) Model T-1 applied to test data

from AY T vs. Model T applied to test data from AY T to further evaluate the added value

of hyperparameter optimization. In line with these comparisons, the significance level � for

the Wilcoxon test is corrected to 0:05
3

= 0:016. Note that an analysis of the comparative

performance between the algorithms is beyond the scope of this research.

For the Accountancy course, the p-values of the Friedman test statistic show that the

null hypothesis can be rejected for both the comparisons, i.e., the differences in model per-

formance are statistically significant. However, looking at the pairwise differences for the

comparison of AY 18-19 and AY 19-20 (Figure 3a), both the box plots and the Wilcoxon test

statistics show that the differences in the performance of most of the models in the above

comparisons are not statistically significant. From the box plots, it can be seen that for

all the algorithms, using the model trained on the data of past AY results in a lower mean

performance than using it on the data of the same AY on which it was trained, but the

margin is rather small and not statistically significant. The same is true for retraining the

model: for 6/8 of the models (i.e., except for NB and TAB), the average balanced accuracy is

higher than when using the original model, but the difference is not statistically significant.

In contrast, when looking at the results for the Accountancy course and comparing AY 19-

20 with AY 20-21 (Figure 3b), retraining the model has an added value for the performance

21



(a) AY 18-19 vs. AY 19-20 (b) AY 19-20 vs. AY 20-21

Figure 4: Model performance: Global Economics - accuracy and t-test results (p-values are in brackets)

of most of the models, as we can see that the differences between just applying the model

trained on the past data and the model retrained on the new data are statistically significant

for 5/8 of the models. The visual observation of the box plots also confirms these findings, as

we can clearly see that the mean values of the updated models are higher than the original

ones, although there is no clear added value of optimizing the hyperparameters as retraining

alone improves the performance. These results are consistent with the data drift discussed

in Section 4.1, where for the Accountancy course we observed a higher concept drift in the

data distribution of AY 20-21 compared to AY 19-20, reinforcing the need to update the

model with the latest data. These results also illustrate the impact of COVID-19, which had

a tremendous impact on education worldwide and changed the nature of studying [66].

To validate the results, we present the same analysis in Figure 4 for the Global Economics

course. For both the comparisons, we can see that the results of the Friedman tests show

the statistical significance of the differences between the models. However, for most of the

algorithms, the pairwise tests show no significant differences in performance for the pairs of

the models we are interested in. Comparing AY 18-19 and AY 19-20, visual observation of

the box plots shows that for most of the algorithms (6/8), the average performance decreases

when the historical model is applied as-is to the current data, while optimizing and retraining

the model improves the performance for all the algorithms. However, these differences are

not statistically significant. On the other hand, the comparison between AY 19-20 and AY

20-21 (Figure 4b) does not show the decrease in performance when the historical model is
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applied to the current data, and the differences are not statistically significant. The effect

of (optimizing and) retraining the model is less obvious than in the previous comparison

with 5/8 algorithms benefiting from the retraining and 6/8 algorithms benefiting from the

optimization and retraining. However, these differences are not statistically significant.

In the context of the Global Economics course, both comparisons are affected by COVID-

19 effects. The first comparison concerns the transition from a non-COVID to a partial-

COVID mode, while the second the transition from a partial-COVID to a full-COVID mode.

For both the comparisons, we observed no statistically significant changes in the historical

model performance when applied to new data and no significant effects of optimizing and

retraining the model. This comes in line with the fact that, for both comparisons, the

contexts of the academic years share similarities, i.e., either a (partial) non-COVID context

for the first comparison and a (partial) COVID context for the second comparison. This

common study context, when manifested in the data, allows the model to learn the patterns

that remain stable across academic years, leading to performance stability. Nevertheless, the

insights gained from a visual observation of the box plots are consistent with the detected

concept drift (Section 4.1): the performance gains from optimizing and retraining the model

are more apparent for the case of a larger concept drift (AY 18-19 vs. AY 19-20).

4.4. Model agreement evaluation

Table 5 shows the agreement metrics for three comparisons of the rankings: (1) Model

T-1 applied to the AY T-1 test data vs. Model T-1 applied to the AY T test data; (2) Model

T-1 applied to the AY T test data vs. Model T-1 retrained applied to the AY T test data;

(3) Model T-1 applied to the AY T-1 test data vs. Model T applied to the AY T test data.

The choice of the comparisons is based on the fact that we are interested in the changes

in the rankings of the historical model application with its current applications (including

applying the model as-is, retraining it, and optimizing along with retraining).

In the context of both Accountancy and Global Economics (Table 5), and for both AY

comparisons, we can see that the highest agreement values are obtained for the feature

agreement metric while the rank agreement metric shows the lowest agreement. This is

consistent with the logic of the metrics calculation: rank agreement is the strictest agreement
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Table 5: Agreement metrics. Darker colors represent higher agreement.

AY 18-19 vs. AY 19-20 AY 19-20 vs. AY 20-21

Feature agreement Rank correlation Rank agreement Feature agreement Rank correlation Rank agreementModel

(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)

Accountancy

NB 1,00 0,91 0,91 0,84 0,69 0,66 0,58 0,40 0,38 0,93 0,89 0,85 0,74 0,69 0,69 0,28 0,25 0,28

RF 0,93 0,86 0,88 0,89 0,63 0,65 0,56 0,20 0,23 0,93 0,65 0,69 0,81 0,11 0,14 0,60 0,06 0,09

LR 0,95 0,78 0,68 0,85 0,65 0,22 0,59 0,24 0,11 0,94 0,70 0,68 0,76 0,39 0,31 0,40 0,18 0,13

SVM 0,95 0,93 0,78 0,73 0,35 0,28 0,31 0,18 0,15 0,93 0,59 0,63 0,79 0,31 0,25 0,45 0,15 0,10

KNN 0,94 0,86 0,84 0,74 0,49 0,49 0,46 0,19 0,20 0,90 0,81 0,81 0,79 0,29 0,29 0,41 0,13 0,15

MLP 0,86 0,80 0,69 0,73 0,66 0,36 0,40 0,29 0,19 0,93 0,81 0,60 0,82 0,68 0,54 0,46 0,35 0,20

XGB 0,91 0,79 0,80 0,67 0,32 0,36 0,33 0,15 0,16 0,90 0,54 0,56 0,81 0,18 0,21 0,44 0,10 0,11

TAB 0,90 0,61 0,61 0,80 0,36 0,34 0,46 0,05 0,10 0,85 0,59 0,58 0,61 0,11 0,22 0,24 0,16 0,10

Global Economics

NB 0,95 0,84 0,70 0,66 0,50 0,33 0,51 0,36 0,24 0,88 0,85 0,73 0,82 0,77 0,66 0,73 0,70 0,26

RF 0,93 0,81 0,78 0,89 0,47 0,35 0,64 0,26 0,23 0,91 0,81 0,76 0,83 0,66 0,66 0,60 0,38 0,38

LR 0,89 0,75 0,68 0,65 0,57 0,29 0,39 0,33 0,23 0,96 0,65 0,58 0,89 0,47 0,31 0,66 0,26 0,18

SVM 0,93 0,68 0,69 0,77 0,36 0,41 0,50 0,23 0,13 0,88 0,74 0,83 0,88 0,40 0,35 0,56 0,21 0,14

KNN 0,89 0,81 0,79 0,86 0,66 0,61 0,59 0,29 0,33 0,88 0,78 0,76 0,71 0,46 0,49 0,34 0,28 0,24

MLP 0,89 0,81 0,68 0,76 0,67 0,49 0,44 0,38 0,26 0,94 0,89 0,61 0,84 0,78 0,55 0,48 0,46 0,30

XGB 0,88 0,76 0,74 0,66 0,39 0,35 0,36 0,19 0,21 0,95 0,76 0,76 0,85 0,58 0,58 0,59 0,36 0,36

TAB 0,84 0,59 0,69 0,65 0,24 0,32 0,35 0,16 0,16 0,86 0,66 0,65 0,62 0,35 0,25 0,29 0,11 0,18

measure among the metrics used in this paper, as it requires the feature not only to appear in

the top important features but also to hold the same ranking. Another clear pattern is that

the agreement decreases as the models are updated: the agreement is the highest when the

model is applied unchanged to new data and is the lowest when the model is optimized and

retrained on new data. Also, for both courses and comparisons, the Naive Bayes algorithm

shows the highest agreement. This stability can be explained by the way the algorithm

works: it is the only one of the algorithms used in this study that belongs to the family of

generative learning algorithms, while the others are discriminative. It uses the probabilistic

structure of the data to learn the patterns behind the different classes. Therefore, if this

structure remains stable, the model itself remains stable despite the distributional changes.

In the context of the Accountancy course (Table 5), we can observe that higher agree-

ment is obtained for all model comparisons when comparing AY 18-19 and AY 19-20. This

is also the case for the smaller distributional shift as described in Section 4.1 due to the

same instructional context in both academic years (no COVID effects). In contrast, when

comparing AY 19-20 and AY 20-21, we can see a lower agreement, especially for the rank

agreement metric. Together with the observed concept drift and the significant performance

gains of the (optimized) retrained model, this finding illustrates the need to keep the model

updated as soon as the learning context changes. The analysis of the data from the Global

Economics course confirms these findings: we observe a lower agreement when comparing

AY 18-19 and AY 19-20, which corresponds to a switch to the (partial) COVID mode and
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Table 6: The indicators portable across the models under investigation. Values in brackets represent the
number of algorithms the feature is found to be stable for.

Accountancy Global Economics

AY 18-19 vs. AY 19-20 AY 19-20 vs. AY 20-21 AY 18-19 vs. AY 19-20 AY 19-20 vs. AY 20-21

Total sessions duration (8/8) Total sessions duration (8/8) Total sessions duration (8/8) Total sessions duration (8/8)

Total number of sessions (6/8) Constancy of clicks (5/8) Total number of sessions (6/8) Proportion of posts read (7/8)

Proportion of weeks with �rst-

day activity (6/8)

Median number of active days

per week (4/8)

Constancy of session length

(3/8)

Total number of sessions (5/8)

Constancy of clicks (5/8) Total number of sessions (3/8) Proportion of posts read (3/8) Proportion of active days (4/8)

Median number of active days

per week (4/8)

Proportion of active days (3/8) Median di�erence between ac-

tive days (1/8)

Constancy of session length

(3/8)

is also consistent with a higher concept drift (Table 5).

In Table 6, we display the indicators that consistently appear in the top-eight important

features across all four different model applications (Figure 2). In particular, we first ensure

that the feature appears in the top-eight in at least 8 out of 10 folds. Then, for the features

that meet this requirement, we calculate the number of models for which it appears in the

top-eight important features for all model applications. We can see that the two most stable

features represent the overall level of activity (Total number of sessions and Total session

duration). The features representing the regularity of study (i.e., Constancy of clicks and

Constancy of session length) also appear to be portable across years; however, they appear

in less of the algorithms. The findings of overall activity and regularity indicators being

stable across contexts are in line with the findings of Saqr et al. (2022) [16].

Figure 5 shows SHAP summary plots summarizing both the feature importance ranking

and the feature effects for the top eight features of the Naive Bayes model that was found

to be the most stable according to the agreement metrics. Positive SHAP values contribute

positively to the prediction, and vice versa. We can see that both the feature effects and

the top important features remain stable with slight changes in ranking. The plots reveal

how study indicators relate to academic success, emphasizing that higher overall activity

(total number of sessions and their total duration) positively influences academic success.

SHAP plots can be used as a visual aid by teachers to improve their decision-making when

providing study guidance and advice to students, similar to their adoption in studies on early

success prediction [9] and formative feedback generation [10].
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