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Predicting student academic performance in Learning Management Systems (LMS) is 

challenged by class imbalance and the "black-box" nature of many high-accuracy models, 

limiting their practical adoption in educational settings. This study proposes an explainable 

stacking ensemble framework that integrates heterogeneous base learners—k-nearest 

neighbors (KNN), random forest (RF), extra trees (ET), XGBoost, and LightGBM—with a 

Logistic Regression (LR) meta-learner for transparent aggregation. To address class 

imbalance, a hybrid SMOTE-ENN resampling strategy is applied exclusively within 

training folds under stratified 5-fold cross-validation (CV), preventing data leakage. Model 

interpretability is achieved through Shapley Additive Explanations (SHAP), providing both 

global feature importance and local prediction explanations. Experiments were conducted 

on the Kalboard 360 benchmark dataset (480 instances, 16 features), which exhibits natural 

class imbalance across three performance levels (High: 29.58%, Medium: 43.95%, Low: 

26.45%). The proposed framework achieves an accuracy of 96.57%, precision of 96.34%, 

recall of 93.26%, and F1-score of 94.40%, outperforming individual classifiers and 

homogeneous ensembles. Low fold-wise variance confirms stability across validation splits. 

Wilcoxon signed-rank tests (α = 0.05) indicate no statistically significant difference 

between the proposed model and baseline classifiers, though the stacking framework 

consistently achieves the highest mean scores. SHAP analysis reveals that behavioral 

engagement features—particularly student absence days and visited resources—dominate 

predictions, while demographic attributes contribute negligibly. The framework supports 

early warning analytics and educator-oriented intervention strategies as a modular decision-

support component for LMS-based educational information systems. These findings 

demonstrate that combining stacking ensembles with leakage-safe resampling and SHAP-

based explainability offers a practical, interpretable solution for student performance 

prediction. 
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1. INTRODUCTION

The growing digitization of education has altered traditional 

learning environments by including Learning Management 

Systems (LMS). LMS platforms make learning content 

distribution easier and allow for the systematic collection of 

behavioral data, such as login frequency, time spent on 

learning modules, and activity completion rates [1, 2]. This 

information opens up many doors for Educational Data 

Mining (EDM), a field that uses data mining methods to learn 

more about students and how they learn [3]. 

Recent advances in machine learning have shown 

promising results in predicting student academic outcomes, 

enabling timely and personalized interventions [4]. Different 

challenges, though, make predictive models useless in the 

classroom. First, class imbalance where high-performance 

students outshine failing or at-risk children is common in 

educational databases. This bias causes models to favor 

majority classes and overlook minority trends, reducing early-

warning effectiveness [5]. Secondly, while complex models 

like ensemble methods (e.g., stacking, boosting, bagging) 

deliver higher accuracy, they often act as "black boxes"—

provides little to no insight into how predictions are produced 

[6]. In the context of education, where trust, transparency, and 

accountability are critical, insufficient interpretability may 

impede acceptance by stakeholders, including educators, 

parents, and legislators [7]. Thus, a growing demand exists for 

interpretable and Explainable Artificial Intelligence (XAI) 

approaches that preserve model performance while making 

outcomes understandable [8]. 

This study proposes a stacking ensemble with Logistic 

Regression (LR) as a transparent meta-learner, enabling 

interpretable aggregation of heterogeneous classifiers while 

preserving interpretability. Shapley Additive Explanations 

(SHAP) allocates a contribution value to each feature for a 

given prediction, enabling both local (instance-level) and 

global (dataset-level) explanations [9]. This research also 

addresses class imbalance using Synthetic Minority Over-
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sampling Technique – Edited Nearest Neighbors (SMOTE-

ENN), a hybrid resampling method that combines over-

sampling of minority classes with noise reduction through 

edited nearest neighbors [10]. The framework is optimized 

using Grid Search and evaluated with stratified 5-fold cross-

validation (CV), ensuring competitive and generalizable 

performance. 

Kaggle xAPI-Edu-Data in Kalboard 360 

(https://www.kaggle.com/aljarah/xAPI-Edu-Data, accessed 

June 8, 2023) offers the data needed for this research. Its parts 

related to student involvement and academic performance are 

behavior-driven. Its pragmatic base makes it ideal for 

developing interpretable models pertinent to learning 

environments in the real world. This research aims to: 1) create 

a highly competitive predictive model using stacking 

ensemble learning, 2) effectively address class imbalance 

through hybrid resampling SMOTE-ENN, 3) improve 

interpretability through SHAP for local and global 

explanations, and 4) identify and analyze critical behavioral 

features that impact academic performance. 

This work contributes to the literature of EDM and learning 

analytics in four major ways: 

(1) We present a leakage-aware stacking ensemble 

architecture for LMS-based academic performance 

prediction. Unlike typical workflows, which may lead to 

optimistic bias during resampling, the proposed system 

uses SMOTE-ENN only in training folds during stratified 

cross-validation. 

(2) The method combines heterogeneous ensemble 

learning with an interpretable LR meta-learner, which 

enables the interpretable aggregation of nonlinear 

behavioural patterns and maintains model transparency. 

(3) The prediction pipeline of the study directly 

integrates SHAP-based explainability to facilitate global 

and local interpretations of student behavioural 

characteristics that are associated with academic 

achievement. 

(4) The proposed framework supports early warning 

analytics and educator-oriented intervention processes as 

a modular LMS decision support component. 

Beyond predictive accuracy, this framework is explicitly 

conceived as a decision-support component for LMS-based 

educational information systems. By integrating a transparent 

meta-learner with SHAP-based explanations and leakage-safe 

resampling, the framework supports deployment scenarios 

that require institutional trust, accountability, and data 

governance. 

Predicting student academic performance has become a key 

research direction in EDM and Learning Analytics, 

particularly as the adoption of LMS increases across formal 

and informal learning environments. LMS creates detailed 

behavioral traces, like logins, resource visits, assignment 

submissions, and participation in discussion forums, that can 

be used to model student involvement and learning progress 

based on data [11, 12].  

Dogan et al. [13] earlier surveys showed that classical 

machine learning methods performed well for predicting 

academic success. A recent study found that behavior and 

relationships are more important than demographic traits for 

making accurate predictions [14-16]. These results show how 

important it is to include behavior-driven indicators in LMS-

based predictive models and to select and analyze them 

properly.  

Traditional machine learning models, including decision 

trees (DT), LR, and support vector machines (SVMs), have 

been widely used for academic performance classification. 

These models are easy to understand and use, but they do not 

always work well when dealing with LMS data that is different 

from one another. Recent work has focused on ensemble-

based learning as a solution to this problem, using bagging, 

boosting, and stacking to combine multiple models. 

Ensembles frequently achieve better results than individual 

models in educational datasets, according to earlier studies. 

This is particularly the case when there are interaction effects 

or nonlinear correlations in the student's behaviors [17, 18]. 

Nonetheless, ensemble models often behave as "black boxes," 

limiting their suitability for educational settings where 

transparency, trust, and accountability are essential for 

adoption by instructors and policymakers [19]. 

To resolve interpretability challenges, XAI has gained 

substantial attention in the EDM community. At the same 

time, XAI addresses the black-box nature of prediction models 

[19] and enhances their performance by leveraging 

multidimensional behavioral, motivational, and demographic 

data to uncover patterns that traditional methods cannot. 

Artificial Intelligence (AI)-driven models can combine several 

types of data, such as simulation logs, engagement scores, and 

test outcomes, to provide you with individualized feedback 

and predictions [20]. SHAP and LIME are two techniques that 

have been shown to help determine the importance of features 

and model logic, thereby building confidence and ensuring 

that AI is used ethically in schools [21]. This transparency is 

especially critical in high-stakes settings where decisions 

based on algorithmic predictions must be justifiable. SHAP 

provides one of the most powerful model-agnostic 

frameworks for decomposing predictions into additive feature 

contributions. SHAP has been successfully used to identify 

important learning behaviors and provide interpretable 

explanations at both global and local levels [22]. For instance, 

SHAP was used by Swamy et al. [23] to understand dropout 

rates and by Tong and Li [24] to analyze logs of massive open 

online course (MOOC) enrollment. 

The foregoing review reveals a consistent pattern across 

three interconnected research directions — ensemble learning, 

class imbalance handling, and XAI — each of which has 

advanced substantially in isolation but has rarely been 

integrated into a coherent, system-oriented architecture for 

LMS environments. The following critical gaps emerge from 

this analysis. 

Notwithstanding these gains, some significant deficiencies 

persist. First, most previous ensemble-based EDM studies 

either ignore class imbalance or treat it superficially, even 

though imbalance is endemic in educational data (with more 

high-performing than at-risk students). Only a few works 

explore hybrid resampling, such as SMOTE-ENN, and even 

fewer apply them rigorously within cross-validation folds [5, 

25]. Second, even though more and more people are using 

SHAP, it is most often used as a post-hoc analysis rather than 

as part of a single prediction pipeline. This can lead to 

explanations that do not fit with the techniques used to 

optimize models. Third, earlier research has rarely examined 

the stability and reliability of SHAP explanations, which is a 

key need for real-world LMS deployment, as model 

transparency must be consistent across different data splits and 

student cohorts. Fourth, limited research offers a systemic 

architecture perspective, incorporating ensemble modeling 

and explainability as functional components within an 

academic decision-support system.  
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No previous research has explicitly built an architecture for 

LMS decision-support processes that combines stacking 

ensemble learning, full SHAP-based interpretability, and 

hybrid class-imbalance handling via SMOTE-ENN synthesis 

(see Table 1). Furthermore, the current literature seldom 

situates models within an information systems context, which 

limits their usefulness for actual institutional implementation. 

Using a modular, deployment-aware architecture that views 

explanation, imbalance handling, and prediction as co-

designed functional components inside an LMS-based 

academic information system, this study fills these 

overlapping gaps. 

Table 1 summarizes the methodological distinctions 

between the proposed framework and representative prior 

studies. The study shows four major gaps: (1) most ensemble-

based EDM studies do not use hybrid resampling or do so 

outside of cross-validation, which could cause data leakage; 

(2) SHAP is mostly added after the fact rather than being an 

integral part of the pipeline; (3) the choice of meta-learner in 

stacking architectures is not always backed up by evidence; 

and (4) no previous work on the Kalboard 360 dataset has 

looked at all three problems (imbalance, stacking, and 

interpretability) from the point of view of deployment-aware 

information systems. The proposed framework is created to 

address these four gaps cohesively. 

The following framework organizes the research 

discussion: Section 2 describes the method used. We will 

present and analyze our experimental findings and their 

implications for XAI methods, and describe how XAI 

improves the EDM system, as mentioned in 3. This study 

concludes in Section 4. 

 

Table 1. Gap analysis of previous studies and the proposed framework 

 

Study Dataset 
Imbalance 

Handling 
Ensemble Explainability Identified Limitations Gap Addressed by This Study 

[24] XuetangX LMS 
One-Sided 

Selection 
Stacking SHAP 

No LMS Kalboard; limited local 

explainability 

Global + local SHAP on 

Kalboard 

[26] Kalboard 360 None Bagging/RF None Low interpretability Introduce interpretable ensemble  

[27] OULAD None RF SHAP 
No LMS Kalboard; limited local 

explainability 

Global + local SHAP on 

Kalboard 

[28] 
Korea Univ. 

LMS 
None Stacking SHAP 

No LMS Kalboard; limited local 

explainability 

Global + local SHAP on 

Kalboard 

[15] Kalboard 360 None Boosting+RF None Low interpretability Introduce interpretable ensemble  
Note: LMS = Learning Management Systems; SHAP = Shapley Additive Explanations; RF = Random Forest. 

 

 

2. METHOD 

 

This section presents the unifying methodological 

framework developed to forecast how well students would 

perform in LMS contexts, ensuring it is easy to understand and 

competitive. The suggested solution combines data 

preparation, hybrid imbalance handling, stacking for ensemble 

learning, hyperparameter optimization, and SHAP-based 

explainability. Figure 1 shows how the whole process works. 

 

 
 

Figure 1. The proposed XAI stacking-based model for predicting student academic performance of this research 
Note: XAI = Explainable Artificial Intelligence. 
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2.1 Dataset description 

 

The Kalboard 360 dataset was selected based on three 

criteria. First, it has been used in at least two peer-reviewed 

publications [15, 26], so it can be meaningfully compared to 

other work in the EDM field and is thus considered an 

established benchmark. Also, it is ecologically relevant since 

its feature composition records behavioral interactions inside 

an LMS context: 480 records and 16 attributes, which include 

four categories: demographic, academic backgrounds, parent 

participation, and behavioral (such as visited resources, raised 

hands, announcements viewed, and discussion)—closely 

resemble data commonly documented by modern LMS 

platforms. The dataset is suitable for testing the SMOTE-ENN 

resampling component of the proposed system. Thirdly, it 

offers a non-trivial three-class classification problem with 

natural class imbalance (High: 142 instances = 29.58%; 

Medium: 211 instances = 43.95%; Low: 127 instances = 

26.45%). The adoption of the dataset here prioritizes 

reproducibility and direct comparability with the current EDM 

research, despite the single-source nature of this dataset, which 

is acknowledged as a limitation (Section 3). In Table 2, a full 

description of the features and the categories. 

 

2.2 Data pre-processing 

 

The data preprocessing is a critical phase that precedes the 

application of classification algorithms. Numerous machine 

learning frameworks exist within the Python ecosystem, 

including scikit-learn which is expected to model and perform 

better [29-31]. Before constructing the predictive model, 

feature transformation and normalization were applied to 

prepare the dataset for machine learning algorithms. 

 

2.2.1 Encoding of categorical attributes 

Nominal attributes (e.g., nationality, topic, section) were 

transformed using one-hot encoding, while ordinal attributes 

(e.g., grade level, educational stage) were encoded using 

ordinal encoding. This dual strategy preserves semantic 

relationships in ordinal features while enabling algorithms to 

operate effectively on categorical variables. It is important to 

note that the performance of machine learning algorithms is 

significantly influenced by categorical data encoding [32, 33]. 

 

 

Table 2. Feature and properties of the datasets 

 

No Features & Feature Types Feature Category Description 

1 Gender categorical Male or Female 

2 Nationality categorical Egypt, Kuwait, Saudi Arabia, Lebanon, etc. 

3 Birthplaces categorical Egypt, Kuwait, Saudi Arabia, Lebanon, etc. 

4 Relation categorical Guardian Responsible for the Student (Father or Mother) 

5 Educational stages categorical Low Level, Middle Level, High Level 

6 Grade levels categorical G-01 to G-12 

7 Section ID categorical A, B, C 

8 Topic categorical English, Arabic, IT, Math, Chemistry, Biology, etc 

9 Semester categorical First or Second 

10 Student absence days numerical Above-7, Under-7 

11 Discussion groups numerical 0 - 100 

12 Visited resources numerical 0 - 100 

13 Viewing announcements numerical 0 - 100 

14 Raised hand numerical 0 - 100 

15 Parent answering survey categorical Yes or Not 

16 Parent school saticfaction categorical Yes or Not 

 

 
 

Figure 2. Ordinal encoder process 
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Two encoding procedures applied to the categorical features 

in the dataset are illustrated in Figure 2. Ordinal encoding was 

used for features having a natural rank order, where each 

category is assigned an integer value in sequence. Notably, the 

target variable Class was encoded with a custom category 

order ['L', 'M', 'H'], so the ordinal relationship—Low, Medium, 

and High performance—is kept numerically during model 

training. Nominal categorical features that are not ordered 

were One-Hot Encoded using 

OneHotEncoder(sparse_output=False), which creates a binary 

column for each category of the variable. The original nominal 

columns were then eliminated and merged with the encoded 

binary features to create the final feature matrix for subsequent 

modelling processes. 

 

2.2.2 Normalization of numeric features 

Numerical features were normalized using Min-Max 

scaling features (such as resource visits, announcements 

watched, or how often the user raised their hand) to ensure all 

algorithms had the same feature ranges and prevent features 

with larger values from having more influence. Normalization 

methods include min-max, z-score, and decimal scaling [34]. 

The following from Figure 3 shows that the process of 

applying MinMax Normalization to reduce errors. 

 

 
 

Figure 3. MinMax normalization process 

 

2.3 Hybrid class imbalance handling 

 

The majority of students are categorized as having mid- to 

high-performance levels, while there are often noticeable 

performance discrepancies as shown in educational records. 

The SMOTE-ENN hybrid resampling method is used to solve 

this research problem [35, 36]. There is always the chance of 

data leakage in resampling investigations. The training fold is 

the only one that uses SMOTE-ENN during cross-validation. 

Using a sampling technique that accounts for instances' closest 

neighbors, SMOTE generates synthetic minority samples. By 

eliminating noisy samples or those that approach the threshold, 

ENN raises the assessment threshold [37-39]. 

 

2.4 Machine learning models 

 

This study evaluated various classical machine learning 

algorithm to enhance the predicted accuracy of student 

academic performance. Eight methods were employed. A 

concise summary of each algorithm is shown below: 

(1) K-Nearest Neighbors (KNN): The algorithm is 

designed to place a new data point in the most common 

group among its KNN, based on the Euclidean distance. 

Data sorting can be accomplished in a straightforward yet 

efficient manner.  

(2) Decision Tree (DT): A classification algorithm that 

utilizes a DT structure to divide the feature space into 

exclusive subsets according to the most significant 

attributes. 

(3) Logistic Regression (LR): A classification procedure 

employed to estimate the likelihood of an object's 

affiliation with two distinct classes (binary 

classification).  

(4) Random Forest (RF): An ensemble classifier that 

mitigates overfitting by consolidating forecasts from 

numerous DT. This is accomplished by randomly 

selecting characteristics and data points for each tree.  

(5) Support Vector Machine (SVM): A classification 

technique that seeks to identify the best hyperplane that 

maximally separates data classes.  

(6) Extra Tree Classifier (ETC): An ensemble method 

based on DT that constructs many trees concurrently, 

much like RF, but with an increased level of 

randomization. 

(7) Extreme Gradient Boosting (XGB): is a better version 

of Gradient Boosting that is meant to improve speed and 

computer efficiency. This method uses a more 

regularized model to avoid overfitting, and it is known 

for how well it handles large datasets. 

(8) Light Gradient Boosting Machine (LGBM) is a tree-

based boosting algorithm. method designed to enhance 

the speed and memory efficiency of model training. 

 

2.5 Ensemble-based learning models 

 

Ensemble learning is an ML technique that combines 

multiple models to improve overall performance and 

predictive accuracy [40]. The basic concept behind ensemble 

learning is the combination of multiple individual models. 

These individual models are combined in an ensemble 

approach to improve the stability and predictive power of the 

model [34]. This approach allows for higher predictive 

performance compared to a single model. Other ensemble 

models used include: 

(1) Bagging involves training multiple models on various 

subsets of the training data and aggregating their 

predictions. Combining predictions from many models 

trained independently on different subsets of the training 

data yields the best results [40]. Bagging reduces 

prediction variance by averaging predictions from 

models trained on different subsets of data. 

(2) Voting classifier gets the majority value of the 

predetermined algorithm by combining all prediction 

models [41]. 

 

2.6 Proposed stacking ensemble model 

 

A stacked ensemble architecture incorporates many 

learning patterns and improves prediction. This structure 

consists of two hierarchical levels:  

 

2.6.1 Base learners 

Five different classifiers were chosen based on their 

complementing strengths, likes KNN, RF, ETC, XGB, and 

LGBM. We chose these models because they use linear, tree-

based, and boosting methods to show both simple and 

complicated decision structures.  

 

2.6.2 Meta-learners 

As a meta-learner, LR combines all of the base model 

predictions. During training, k-fold cross-validation (k = 5) is 

used to make predictions for each base learner that are not in 

the fold. These predictions create a new meta-feature matrix 

that is utilized to train LR and make the final predictions. This 

hierarchical structure makes the model more interpretable and 

less variable, which solves the problems with individual and 

1255



 

homogeneous ensemble models.  

Wolpert [24] proposed that stacking differs from bagging 

and boosting because it uses a meta-learner to combine the 

outputs of different basis learners rather than using the same 

base models. Stacking is an ensemble learning strategy that 

combines numerous models with meta-models to improve 

performance and durability. Stacking models use training data 

to construct numerous base models, which then feed their 

predictions into the meta-model to get the final result. There 

are several types of stacking, including homogeneous 

stacking, which is used with templates of the same type as the 

base model. Heterogeneous stacking employs various types of 

models as base learners [40]. The stacking ensemble model 

proposed in this study operates at two levels, as shown in 

Figure 4: Level 1 (multiple base learners) and Level 2 (meta-

learners). The proposed stacking ensemble consists of two 

hierarchical levels. 

At Level-1, heterogeneous base learners (KNN, RF, ETC, 

XGB, and LGBM) are trained using stratified 5-fold cross-

validation. At Level-2, LR is employed as the meta-learner to 

combine out-of-fold predictions generated by the base models. 

LR was selected due to its competitiveness, low variance, 

and transparency, which aligns with the explainability 

requirements of educational decision support systems. 

 

 
 

Figure 4. Proposed stacking ensemble flowchart for predicting student academic performance 

 

2.7 Hyperparameter optimization 

 

Grid search and stratified 5 fold cross-validation were used 

together to improve all of the models. The stage is used for 

both base learners and meta learners. When working with 

unbalance educational data, it is important to use stratification 

to make sure that the class proportions stay the same between 

folds. The optimization procedure lowers the chance of 

overfitting. It finds the optimal values for parameters like 

learning rate (boosting models), regularization strength (LR), 

maximum tree depth (ETC, LGBM), and number of estimators 

(KNN, RF, XGB). The results of the final parameter settings 

are detailed in Section 3. 

 

2.8 Explainability using Shapley Additive Explanations 

 

Using SHAP helps make things clear and lets stakeholders 

understand the outcomes of the model. SHAP may break down 

predictions into the contributions of each feature, which gives 

explanations that are not tied to the model and are specific to 

the predictions. 

 

2.8.1 Global interpretation 

Finding the most important academic and behavioral 

characteristics in the whole dataset by analyzing global SHAP 

values. Resource visits, hand-raising frequency, and 

attendance patterns are some of the major indicators that are 

highlighted in summary and significance plots. 

 

2.8.2 Local interpretation 

SHAP power plots serve to generate local explanations. 

They demonstrate how particular attributes influence 

individual predictions at the instance level. Model assessments 

are clear and implementable with these elucidations for 

customized academic interventions.  

 

2.8.3 Interaction effects 

The efficacy of performance prediction is contingent upon 

SHAP interaction values, which encapsulate pairwise feature 

interactions and provide a more profound understanding of the 

aggregation of engagement behaviors. Thus, understanding 

common nonlinear patterns in LMS behavioral data is used in 

interaction analysis. 

Thus, the human should be able to explain and determine 

which features significantly influence the prediction results if 

the model is explainable [42, 43]. In this work, SHAP is used 

to explain the proposed methodology because SHAP [44], is 

model-agnostic. This method is based on game theory and 

aims to explain how machine learning systems make decisions 

[45, 46]. SHAP values not only play an important role in 

feature selection [47] and model explanation [48], but also 

experience significant growth in explainable AI (XAI). SHAP 

calculates each feature's Shapley value, which affects model 

output. Each feature's Shapley value is determined using the 

equation: 

 

𝜙𝔦(𝑝) = ∑  
 

𝑆⊆\{𝑖}

|𝑆|! (𝑛 − |𝑆| − 1)!

𝑛!
(𝑝(𝑆⋃{i}) − 𝑝(𝑆)) (1) 

 

Finding the Shapley value for a given function i (out of n 

total features, where S is a subset of n) based on the prediction 

p (the output of the complex model). 

 

2.9 Performance evaluation metrics 

 

Models were evaluated using methods including accuracy, 

precision, recall, and F1-score. These are the most commonly 

used metrics to measure classification performance. The 
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calculation of these metrics is described by Eqs. (2)-(5). A true 

negative (TN) indicates that the individual is healthy and the 

test is negative. A true positive (TP) means the person is sick 

and the test is positive. A false positive (FP) occurs when a test 

indicates that someone is sick when they are actually healthy. 

A false negative (FN) occurs when the test indicates the person 

is not unwell when they really are. The proposed model's 

performance parameters can be calculated using the following 

equation [49-51]. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 (2) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (4) 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (5) 

 

 

3. RESULT AND DISCUSSION 

 

Eight machine learning algorithms have been applied to the 

LMS Kalboard 360 dataset. The investigation the setup and 

protocol of the experimental, also evaluation. Some 

prepossessing was carried out on the dataset before applying 

the algorithm. Following the application of the eight classic 

ML algorithms, bagging, and voting to the preprocessed 

dataset, an explainable stacking ensemble method was 

developed. The examine focuses on performance, specifically 

how the ensemble method enhances performance when 

compared to earlier research to predict student academic 

success. Futhermore, explainability refers to whether SHAP 

values can explain the ensemble method's internal logic. The 

predictor model calculates the performance metrics, whereas 

the interpreter summarizes the consequences of negative and 

positive attributes. In this study, the model was initialized 

using an ensemble learning meta-learner and Shapley values 

to build a stacked ensemble learning model and an XAI model. 

 

3.1 Experimental setup 

 

The proposed framework was implemented using Python 

with scikit-learn [29]. SHAP libraries [52] was used to 

interpret the model that provides local and global explanations. 

Imbalanced-learn with SMOTE-ENN [53] was used to 

combine under-sampling and over-sampling to handle 

imbalanced data. All experiments were conducted on a 

machine with 16GB RAM and an AMD Ryzen 7000 series 

processor. 

To ensure unbiased evaluation, SMOTE-ENN was applied 

exclusively within the training portion of each stratified cross-

validation fold. No resampling was performed on the 

validation or test partitions. This leakage-aware protocol 

prevents synthetic information from influencing evaluation 

data and guarantees consistent performance estimation. 

 

3.2 Model performance evaluation 

 

A hybrid resampling (SMOTE-ENN) method was used in 

the experiment to address issues arising from an unbalanced 

dataset. We then looked at a five-fold cross-validation method 

for training the model, since validation is an important step in 

making useful predictive models. In order to construct models 

for the purpose of forecasting students' performance, two 

classes of machine learning algorithms were employed: 

classical methods (KNN, LR, DT, RF, SVM, XGB, ETC, 

LGBM) and ensemble methods (bagging, voting, and 

stacking). 

This study compared eight different machine learning 

models with a stacked ensemble learning approach for 

predicting student academic performance to demonstrate the 

empirically effectiveity of the ensemble learning method. 

When testing the selected stacking ensemble model, five 

fundamental learning models: KNN, RF, ETC, XGB, and 

LGBM were used to build a stacked classifier. LR was the 

meta-model used. 

The comparative experiment was conducted on candidate 

meta-learners, LR and SVM, to justify the selection of LR as 

the meta-learner empirically. All candidates are tested using 

the same stacking architecture and 5-fold cross-validation 

conditions. Table 3 presents the findings of the comparison to 

identify the best meta-learner. In terms of mean accuracy 

(75.83% vs. 70.83%) and macro F1-score (76.55% vs. 

71.68%), Stacking + LR performed better than Stacking + 

SVM. The 5-point accuracy discrepancy remains unaddressed, 

despite Stacking + SVM having a smaller standard deviation 

(1.47% vs. 5.41%). Because of its high computational 

efficiency, compliance with accurate SHAP-based 

interpretability, and excellent predictive accuracy, LR was 

chosen as the meta-learner. 

 

Table 3. Comparison of meta-learner on stacking classifier 

(5-fold CV) 

 
Meta Learner 

Model 

Accuracy 

Mean (%) 

Accuracy 

Std (%) 

F1 Macro 

Mean (%) 

F1 Macro 

Std (%) 

Stacking+LR 75.83 5.41 76.55 5.26 

Stacking+SVM 70.83 1.47 71.68 1.43 

 

Table 4. Hyperparameter search space for grid search cross-

validation (CV) 

 
Algorithm 

Model 
Parameter Values Searched 

KNN n_neighbors 10 

 weights uniform, distance 

DT criterion gini, entropy 

 max_depth 5, 10 

 min_samples_leaf 3 

LR C 0.1, 1, 10 

SVM C 0.1, 0.3, 1 

RF n_estimators 100 

 max_depth 8, 10 

 min_samples_leaf 2, 3 

XGB n_estimators 80, 120 

 max_depth 2, 3 

 learning_rate 0.03, 0.05 

ETC default parameter  

LGBM n_estimators 200, 250 

 learning_rate 0.05 

Bagging n_estimators 50, 60 

 min_samples 0.07 

Voting optimized base estimators  

Stacking optimized base estimators  
Note: KNN: K-Nearest Neighbors; DT: Decision Tree; LR: Logistic 

Regression; SVM: Support Vector Machine; RF: Random Forest; XGB: 

Extreme Gradient Boosting; ETC: Extra Trees Classifier; LGBM: Light 

Gradient Boosting Machine; Bagging: Bootstrap Aggregating; Voting: 

Voting Classifier. 
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Figure 5. The best score evaluation measurement 

 

Using a stratified approach, the data were divided into 

training and testing subsets at an 80:20 ratio. Moreover, to 

avoid models suffering from the overfitting problem, the k-

fold cross-validation technique was used with the value of k 

set to 5 using GridSearchCV as hyperparameter tuning. Table 

4 presents the optimal hyperparameter configurations obtained 

through grid search optimization with 5-fold cross-validation 

for each classifier. Evaluation metrics were employed to 

measure and compare the performance of stacking ensembles 

against other ML models such as bagging and voting 

approaches. 

The results of all the models' predictions, as measured by 

Accuracy, Precision, Recall, and F1-score. The model 

successfully reduces the likelihood of inaccurately identifying 

students as top performers by efficiently minimizing false 

positive predictions, as seen by the high precision value. At the 

same time, the model was able to accurately identify most 

high-performing students despite the initial class imbalance in 

the dataset, as shown by its strong recall performance. The 

model appears to strike a good compromise between 

sensitivity and prediction dependability, as evidenced by the 

relatively tight association between F1-score and precision. 

These results are the product of the hybrid features of the 

SMOTE-ENN resampling approach, which incorporates 

synthetic minority oversampling and noise reduction through 

Edited Nearest Neighbors (ENN). To reduce majority-class 

bias and increase the classifier's discriminative strength, this 

strategy helps to establish a more even distribution of training 

data. Figure 5 shows the best score evaluation measurement 

for predicting students' academic performance that is produced 

by combining stacking ensembles with hybrid resampling. 

 

Table 5. Performance comparison of the proposed classifier 

models 

 

Algorithm Model 
Accuracy 

(%)  

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

KNN 94.10 93.56 87.54 89.36 

DT 93.42 90.68 88.01 88.88 

LR 87.32 81.19 75.54 76.23 

SVM 95.54 95.14 91.17 92.38 

RF 94.93 93.57 89.95 91.29 

XGB 92.63 90.11 87.32 88.08 

ETC 96.27 96.00 92.55 93.73 

LGBM 95.93 95.66 91.85 93.15 

Bagging 93.33 90.14 89.57 89.52 

Voting 94.76 93.28 89.84 91.11 

Stacking (Meta-

Learner: LR) 
96.57 96.34 93.26 94.40 

Note: KNN: K-Nearest Neighbors; DT: Decision Tree; LR: Logistic 

Regression; SVM: Support Vector Machine; RF: Random Forest; XGB: 

Extreme Gradient Boosting; ETC: Extra Trees Classifier; LGBM: Light 
Gradient Boosting Machine; Bagging: Bootstrap Aggregating; Voting: 

Voting Classifier. 

 

 
(a) Accuracy per model and resampling 

 
(b) Precision per model and resampling 

1258



 

 
(c) F1-score per model and resampling 

 

Figure 6. Comparison of performance metrics of selected models 

 

Table 6. Wilcoxon signed-rank test: stacking vs baseline models (metrics: F1, resampling: SMOTE-ENN,  = 0.05) 

 
Comparison (vc Stacking) F1 Mean (Baseline) % F1 Mean (Stacking) % W-Statistic p-Value Significance 

KNN 89.36 94.40 1.0 0.125 no significance 

DT 88.88 94.40 3.0 0.3125 no significance 

LR 76.23 94.40 0.0 0.0625 no significance 

SVM 92.38 94.40 5.0 0.625 no significance 

RF 91.29 94.40 6.0 0.8125 no significance 

XGB 93.73 94.40 7.0 1.0 no significance 

ETC 88.08 94.40 0.0 0.0625 no significance 

LGBM 93.15 94.40 4.0 0.4375 no significance 

Bagging 89.52 94.40 2.0 0.1875 no significance 

Voting 91.11 94.40 3.0 0.3125 no significance 
Note: KNN: K-Nearest Neighbors; DT: Decision Tree; LR: Logistic Regression; SVM: Support Vector Machine; RF: Random Forest; XGB: Extreme 

Gradient Boosting; ETC: Extra Trees Classifier; LGBM: Light Gradient Boosting Machine; Bagging: Bootstrap Aggregating; Voting: Voting Classifier; SMOTE-
ENN: Synthetic Minority Over-sampling Technique – Edited Nearest Neighbors. 

 

Table 5 shows the model performance in terms of Accuracy, 

Precision, Recall, and F1-score using SMOTE-ENN 

resampling. The Stacking Classifier performed best overall 

(Accuracy: 96.57%, Precision: 96.34%, Recall: 93.26%, and 

F1-score: 94.40%), followed by ETC and LGBM. LR 

performed the worst among all the metrics.  

Figure 4 shows a comparison of metrics (accuracy, 

precision, and F1-score) of eleven classification models 

(KNN, DT, LR, SVM, RF, ETC, XGB, LGBM, Bagging, 

Voting, and Stacking) in four resampling situations (none, 

SMOTE, ENN, and SMOTE-ENN). The results show that, in 

all metrics, SMOTE-ENN consistently achieves the highest 

performance. The worst scores are achieved without 

resampling at the same time, which indicates that the 

resampling technique has a considerable influence on the 

model performance for imbalanced class distributions. 

Moreover, the low standard deviation values observed 

across all evaluation metrics confirm the resilience and 

reproducibility of the proposed framework during stratified 5-

fold cross-validation. This indicates that the stacking-based 

SMOTE-ENN model can maintain a competitive predictive 

performance despite variations in data partitioning. 

The results (see Table 5) show that the ensemble-based 

models are more effective for the unbalanced classification 

tasks after SMOTE-ENN resampling. This improvement 

indicates that the suggested framework captures more 

discriminative patterns in the data when compared to earlier 

results on the same dataset, such as Abu Amrieh et al. [26]. 

This improvement is significant. Three pieces of evidence 

bolster the credibility of this discovery. To begin, the very 

consistent fold-wise performance is seen by the small error 

bars in Figure 6(a-c). Secondly, the model demonstrates that 

promising generalization is maintained across all evaluation 

criteria, as seen by the uniformly low standard deviations 

across accuracy, precision, and F1-score. Section 3.3's SHAP 

analysis demonstrates, thirdly, that the model is dependent on 

significant behavioral variables, most notably 

StudentAbsenceDays. 

The results of the Wilcoxon signed-rank test indicated no 

statistically significant differences at α = 0.05 (p > 0.05), even 

though the proposed stacking structure regularly scored the 

highest mean F1-score under the SMOTE-ENN configuration. 

It is clear from the low fold-wise variability and consistent 

performance gains that the proposed framework offers 

dependable predictive capability for LMS-based student 

performance prediction. Detailed statistical test results are 

presented in Table 6. 

 

3.3 Result of Explainable Artificial Intelligence: Shapley 

Additive Explanations 

 

The results of the interpretability analysis utilizing the 

SHAP methodology are presented below. Each attribute is 

represented by a SHAP summary graphic, which shows how 

it affects the student's academic achievement.  

The explanation for Figure 7 shows that 

StudentAbsenceDays is the most dominant feature, surpassing 

all others. This indicates that student attendance has the 

greatest influence on predicting academic performance. The 

second most influential feature is VisitedResources, which 

reflects the intensity of students' access to learning materials 

within the LMS. Subsequent features, such as 
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ParentAnsweringSurvey, Relationship, RaiseHands, 

ParentSchoolSatisfaction, and AnnouncementView, make 

relatively moderate yet significant contributions. Semester and 

gender contribute the least among the features displayed 

individually. These findings confirm that the optimal stack 

ensemble is primarily driven by behavioural engagement 

features, reinforcing the importance of LMS interactions and 

attendance patterns in predicting students' academic 

performances. The model is easy to understand using the 

SHAP method, which helps identify important factors for early 

teaching support. 

Figure 8 shows the SHAP summary plot, which reveals both 

the magnitude and directional influence of each feature on the 

model's predictions. StudentAbsenceDays exhibits the widest 

SHAP value distribution, with clear polarization by colour: 

low absence values (blue) consistently push predictions in a 

positive direction. In contrast, high absence values (red) exert 

strong negative impacts, confirming that absenteeism is the 

most decisive and consistent behavioural determinant in the 

model. VisitedResources demonstrates the opposite pattern, 

where higher feature values yield positive SHAP 

contributions, affirming that active engagement with learning 

materials meaningfully elevates predicted academic 

performance. ParentAnsweringSurvey and Relation show 

similar trends, suggesting that when parents are involved, and 

there is a good relationship between home and school, it 

positively influences predictions. RaisedHands and 

AnnouncementsView similarly exhibit positive directional 

associations, reflecting the predictive value of interactive 

participation and responsiveness to instructional 

communications within the LMS. In contrast, demographic 

and institutional features, including gender, Semester, 

StageID, GradeID, SectionID, Nationality, and PlaceofBirth, 

display SHAP distributions tightly concentrated near zero, 

confirming their negligible predictive contribution. The 

summary plot substantiates that the model's predictive 

behaviour is predominantly governed by dynamic behavioural 

engagement indicators rather than static student attributes, 

demonstrating both statistical validity and pedagogical 

interpretability. 

 

  
  

Figure 7. A global explanation of the stacking model SHAP 

explainer 

Figure 8. Shapley Additive Explanations (SHAP) summary 

plot based on mean SHAP values 

  

 
 

Figure 9. Force plot depicting feature contribution toward a single prediction 

 

Figure 9 presents a SHAP force plot providing a local 

explanation for an individual prediction. The visualisation 

illustrates how specific features shift the prediction away from 

the baseline, either increasing or decreasing the final output. 

The prediction ultimately leans toward the high-performance 

class, indicating that the model classifies the student as likely 

to achieve excellent academic results. Low absence emerges 

as the primary positive contributor, substantially strengthening 

the prediction. Active engagement with learning resources and 

classroom participation reinforces this effect, further pushing 

the output toward high performance. 

In contrast, certain parental-related variables exert minor 

negative contributions, slightly moderating the prediction. 

Overall, the combined influence of behavioural engagement 

factors outweighs opposing signals, resulting in a confident, 

high-performance classification. This local explanation aligns 

with the global SHAP analysis, reaffirming that attendance 

and LMS engagement are the central drivers of academic 

performance predictions. 

To enhance the interpretability of the Stacking Classifier, 

SHAP dependence plots were generated for the most 

influential feature identified in the model. Figure 10 presents 
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two dependence plots for StudentAbsenceDays—encoded 

ordinally as 0 (above 7 days, high absenteeism) and 1 (under 

7 days, low absenteeism)—with interaction effects colored by 

VisITedResources (Figure 10(a)) and raisedhands (Figure 

10(b)), both evaluated with respect to the High Performance 

(H) class prediction. 

 

 
(a) VisitedResources 

 
(b) RaisedHands 

 

Figure 10. Shapley Additive Explanations (SHAP) dependence plots for studentabsencedays with interaction effects on high 

performance (H) class prediction 

 

The plots show a clear bifurcation in SHAP values. Students 

with a low absence rate (encoded as 1) tend to have very high 

SHAP values (around +0.5 to +0.6), indicating that the model 

predicts they will perform well. On the other hand, students 

who are frequently absent from class (encoded as 0) have low 

SHAP values (about -0.4 to -0.6), which reduces the likelihood 

of being labeled as high performers—even if other behavioral 

characteristics still have favorable values. That 

StudentAbsenceDays is the principal gating characteristic in 

the model's decision-making process is supported by this 

pattern, which aligns with educational research findings that 

consistent attendance is necessary for good learning outcomes. 

Beyond the main effect, the interaction coloring in Figure 

10(a) reveals that among students with low absenteeism, those 

who more frequently access digital learning resources 

(VisitedResources, higher values shown in warmer colors) 

tend to obtain marginally higher SHAP contributions. This 

suggests a synergistic relationship between physical 

attendance and digital engagement, in which both behaviors 

jointly increase the likelihood of high academic performance. 

Similarly, Figure 10(b) demonstrates that students who 

combine consistent attendance with active classroom 

participation (RaisedHands, higher values in warmer colors) 

attain the highest SHAP values, reflecting the principle of 

active learning, in which participatory behavior reinforces 

comprehension and correlates positively with academic 

achievement. 

The pedagogical implications of these findings are direct. 

Before cumulative learning impairments become irreversible, 

academic counselors should intervene early when an 

individual's absenteeism exceeds 7 days. Second, attending 

class is not enough to guarantee good grades; teachers also 

need to actively encourage students to participate and make 

effective use of digital tools. Thirdly, the Stacking Classifier's 

SHAP values are interpretable, which makes the model a good 

early warning system. It can identify students who are 

struggling before the end-of-semester exams and then help 

them with quick, evidence-based interventions. 

1261



 

3.4 Comparison with previous studies 

 

These results offer important new information about the 

advantages of using stacking ensemble techniques for 

predicting student academic performance, a basic strategy. 

Furthermore, in Table 7, we compared the proposed student 

performance prediction model with previous models (i.e., Abu 

Amrieh et al. [26], Alsulami et al. [15], Adnan et al. [27], Jang 

et al. [28], and Tong and Li [24]) in addition to each of the 

machine learning models that make up the stacking ensemble 

(KNN, RF, XGB, ETC, and LGBM). An outline of the 

baseline is provided below: 

Abu Amrieh et al. [26]: Using ANN, NB, DT, and ensemble 

methods (bagging, boosting, and RF) to improve classification 

performance. The conducted feature selection and 10-fold CV, 

but did not resample the data. The recorded accuracy was 82%, 

precision was 85%, recall was 82%, and F1-score was 82%. 

The ensemble results increased accuracy by up to 25.8%.  

Alsulami et al. [15]: Used the Kalboard 360 LMS dataset, 

the Boosting+DT algorithms achieved an accuracy of 77.9% 

with hyperparameter optimization, and 10-fold CV was used. 

 

Table 7. Comparing the proposed model with previous model 

 

Ref. Model Dataset 
Train Test 

Split 
Resampling 

Performance Metrics 

Accuracy Precision Recall 
F1-

Score 

Abu Amrieh et 

al. [26] 
Decision Tree (DT) 

Kalboard 360 

LMS 

- 

10-fold CV 
- 0.82 0.85 0.82 0.82 

Alsulami, et al. 

[15] 
Boosting+DT 

Kalboard 360 

LMS 
10-fold CV - 0.77 0.77 0.77 0.79 

Adnan et al. 

[27] 

Random Forest 

(RF) 
OULAD 

80:20, 10-

fold CV 
- 0.92 0.87 0.96 0.91 

Jang et al. [28] 
Logistic Regression 

(LR) 

LMS Korea 

University 
10-fold CV - 0.84 - - 0.80 

Tong and Li 

[24] 

Stacking (LR meta-

learner) 
XuetangX LMS 

80:20, 5-

fold CV 
OneSidedSelection 0.98 0.85 0.87 0.86 

Proposed 

Model 

Stacking (LR meta-

learner) 

Kalboard 360 

LMS 

80:20, 5-

fold CV 
SMOTE-ENN 0.97 0.96 0.93 0.94 

 

Adnan et al. [27]: Using the OULAD dataset, the RF 

algorithms achieved 92% accuracy and precision. A 10-fold 

CV was used, with 80% and 20% data splits, and then 10-fold 

cross-validation was added. Jang et al. [28]: Using the Korea 

University LMS dataset, the selected STC algorithm 

successfully achieved 94% accuracy and precision, and a 10-

fold CV was used. Tong and Li [24]: The conducted research 

using the LMS dataset in China. Applied six algorithms and a 

stacking ensemble with a meta-learner LR on online student 

behaviour logs and demographic data. The split is 80:20, with 

5-fold CV and OneSideSelection resampling. The best results 

are from the stacking model with meta-learner LR, which 

achieved 98% accuracy and precision. The proposed model, 

which used ensemble stacking with an LR meta-learner, got 

96.57% accuracy, 96.34% precision, 93.26% recall, and 

94.40% F1. A 5-fold CV grid search was used with an 80:20 

data split. Also, SMOTE-ENN resampling was utilised to fix 

the imbalance. 

Our stacked ensemble strategy addresses these issues by 

combining the best features of multiple models. Mixing the 

outputs of several base learners with LR meta-learners 

improves performance by combining the simplicity and 

complexity of linear and nonlinear models. By immediately 

correcting data imbalances, our strategy improves projection 

performance metrics. Our primary goal is to utilize 

interpretability modeling to gain a deeper understanding of 

education. SHAP integration has made our method more 

competitive and consistent than independent models for 

academic performance. 

 

3.5 Discussion 

 

These findings suggest that behavioral engagement within 

LMS environments may partially compensate for certain 

academic risk factors, thereby providing meaningful 

pedagogical insights into student learning behavior. The 

integration of SHAP-based interpretability further enables 

transparent identification of influential behavioral attributes, 

facilitating transparent interpretation of how specific LMS 

engagement behaviors contribute to student performance 

prediction. Consequently, the proposed framework may 

support targeted intervention strategies based on explainable 

behavioral indicators rather than demographic profiling alone. 

Several limitations of this study should nevertheless be 

acknowledged. First, the experimental evaluation was 

conducted using the Kalboard 360 dataset (n = 480). Although 

this benchmark dataset has been widely utilized in EDM 

research, reliance on a single institutional dataset may not 

adequately represent the behavioral diversity and contextual 

variability of broader LMS ecosystems. Furthermore, 

institution-specific learning practices and learner interaction 

patterns may limit the transferability of the proposed 

framework across different educational settings. The relatively 

limited sample size may also constrain model generalizability 

in larger-scale educational environments. Nevertheless, the 

use of the Kalboard 360 benchmark enables meaningful 

comparison with prior studies and provides a controlled setting 

for evaluating the methodological contribution of the proposed 

framework. 

Second, the proposed approach relies primarily on static 

tabular features and does not explicitly model temporal 

learning trajectories, despite the increasing importance of 

sequential interaction data in modern LMS platforms. 

Consequently, longitudinal engagement dynamics and 

evolving learning behaviors remain unexplored in the present 

study. 

Third, although the framework demonstrated promising 

predictive performance under experimental conditions, its 

practical deployment feasibility has not yet been evaluated 

through real-time inference scenarios, long-term institutional 

implementation, or user acceptance assessment involving 

educators and academic administrators. 
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Future research should therefore investigate cross-

institutional validation and sequence-aware learning analytics 

models capable of capturing temporal engagement dynamics 

from continuous LMS interaction data. Additional studies may 

also explore deployment-oriented evaluation frameworks to 

assess scalability, transparency, and practical integration 

within real educational environments. 

 

 

4. CONCLUSIONS  

 

This research presented an explainable stacking ensemble 

model for predicting students' performance in LMS settings. It 

did this by accounting for class imbalance, ensemble 

interpretability, and real‑time prediction constraints. The 

proposed framework combines diverse base learners, a LR 

meta‑learner, and SHAP‑based interpretability for both local 

and global predictions. Experimental results show an F1-score 

of 94.40% and an accuracy of 96.57% using the SMOTE-ENN 

in a stratified 5-fold cross-validation on the Kalboard 360 

dataset. The framework's relatively low fold‑wise variability 

results in accurate and stable predictions across validation 

folds. Statistical tests using the Wilcoxon signed‑rank test (α 

= 0.05) showed no significant difference between the proposed 

stacking model and the baseline classifiers. Nevertheless, the 

proposed framework consistently achieved the highest scores 

across all evaluation metrics. 

LR offered better predictive performance and 

interpretability within the stacking architecture, as shown by 

additional experiments comparing LR with SVM as the 

meta‑learner. Demographic variables had a smaller impact on 

model decisions, according to the SHAP analysis, whereas 

behavioral engagement markers, especially 

StudentAbsenceDays and VisitedResources, emerged as 

strong predictors. The results indicate that the proposed 

framework is useful for behavioral analytics in LMS and has 

practical applications in educational technology. Future 

endeavors will focus on validating the framework with larger, 

multi-institutional datasets and on integrating temporal 

learning models to better understand student involvement 

patterns. 
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