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Predicting students' performance and engagement is crucial for academic
eLearning partners in colleges and universities as well as students
themselves considering post-COVID-19 pandemic and university grant
commission (UGC) dual degree regulation era. An educational system's data
on students’ engagement in taking courses that are a significant component
of an institution of higher learning with a cogent vertical syllabus can be
used to make predictions. By examining how closely a student's course-
taking actions correspond with the requirements of the syllabus, one can
utilize the student's conduct in the classroom and online eLearning web tool
as a predictor of future achievement. This paper presents a study that uses an
eLearning web-based dataset to predict students' success throughout a series
of online interactive sessions. The dataset records how students engage with
each other during online lab work, including how many keystrokes they
make, how long they spend on each task, and how well they perform on
exams overall. The current methods lack accuracy to assess student
performance and engagement with high precision. In addressing this paper
introduces novel multi-label ensemble learning (MLEL) using XGBoost
(XGB) and K-fold cross validation. Experiment outcome shows the
proposed (MLEL-XGB) achieves much improved outcome than other
existing models.
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1. INTRODUCTION

The widespread use of the internet and the development of information technology have had an
impact on how businesses and academics gain knowledge, moving away from standard offline models to
virtual ones through the use of eLearning web-based/application-based platforms [1]. The entire curriculum
has switched to an online format, particularly during the COVID-19 epidemic, emphasizing the importance
of eLearning platforms. Alongside, university grant commission (UGC) allows student to enroll for two
degrees considering one conventional offline and other through online portal. Thus, it is important to assess
the student engagement level and their performance by employing artificial intelligence techniques.
Nonetheless, there are a lot of obstacles in the way of developing a legitimate and precise model to forecast
student engagement level and performance [2]. By offering individualized information, an efficient
evaluation technique for comprehending student behavior via eLearning platform student engagement session
streams can help improve students' academic performance.
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One of the main problems of the twenty-first century is delivering personalized content to students
in an e-learning platform based on their unique behavior of student by assessing their engagement [3].
The use of adaptive personalization techniques to comprehend learner profiles has been highlighted [4], [5].
In recent years, models for analyzing student engagement level and predicting student performance are being
created using data mining and machine learning [6]. Through the establishment of behavior patterns from
engagement session data [7], [8], data mining has been utilized for enhancing predictive model efficiency [9]
and to gain valuable insights from student engagement session information of eLearning web-based tools.
The approaches of data mining [10] and machine learning [11]-[13] show great promise in a variety of fields,
including enterprises and information security, which includes education data mining (EDM) [14]-[16].
In the next sub-section this research work studies the various recent methodologies designed to analyze the
performance student using machine learning and deep learning have been studied and highlight the problem
and motivation of the research work.

EDM [17] has emerged a new concept for enhancing learning style [18], understanding behavior,
engagement level [19], and improving student performance [20]. The EDM data is composed of different
information [21] such as administration data, student session stream activity [22], and student academic
performance and engagement information. Using the results of their midterm exams as primary data, the
study aims to predict undergraduate students' final exam marks. To generate predictions, it uses a variety of
machine learning techniques, including as random forest (RF), support vector machine (SVM), naive Bayes
(NB), K-nearest neighbors (KNN), and logistic regression (LR). The academic accomplishment grades of
1854 students enrolled in a Turkish language-I course make up the dataset. With just three parameters—
midterm exam grades, department data, and faculty data—the suggested model was able to classify objects
with an accuracy of between 70 and 75 percent. Establishing a learning analysis framework in higher
education and supporting decision-making processes—particularly in identifying high-risk students for
failure—are made possible by the findings of this study. In accordance with Saudi Arabian online learning
training regulations, this study presents a machine learning strategy to forecast student performance in an
online learning environment via the Maharat platform at Taif University. Hybrid optimization is used for
feature extraction, while the SVM method is used for prediction. Predicting academic success and evaluating
the quality control of online training courses are the main goals. Sample views regarding quality assurance
are analyzed using descriptive-analytical techniques. By bridging the gap between student performance
prediction and online learning requirements, this work improves the caliber of online learning.
Grubov et al. [22] suggested a multi-output hybrid ensemble model that makes use of information from the
superstar learning communication platform (SLCP) to forecast grades. It predicts midterm and final grades
using the XGBoost (XGB) model, outperforming comparable models with an accuracy of 78.37%.
Furthermore, the gradient boosting model outperforms comparable models in mean squared error when used
to forecast grades for homework and experiments. This multi-output hybrid ensemble model sheds light on
how grade predictions can enhance the caliber of student learning and the efficacy of teacher instruction.

Aldalur [23] provided EDM dataset collected from different databases and e-learning systems.
Here ensemble learning combining multiple machine learning model mechanism is constructed for predicting
student performance during the course. The outcome shows ensemble model outperforms other model in
terms of prediction accuracy. Similarly, predicting student performance in online interactive sessions using a
dataset gathered from digital electronics education and design suites was the main goal of the project.
The dataset records text editing, keystrokes, activity duration, exam results per session, and student
interactions during online lab work. The study presents a prediction model made up of 86 statistical
parameters that can be broadly grouped into three categories: peripheral activity count, timing statistics, and
activity type. Five well-known classifiers are used, including RF and SVM, for feature selection, which helps
preserve important features. The model's goal is to forecast whether a student will do well or poorly.
The model is evaluated in three different circumstances, and the results show remarkable classification
accuracy, with RF exhibiting the best performance at 97.4%. However, when data is imbalanced in nature
these model fails to establish feature impacting in identifying the engagement level and performance;
thus, provides poor classification accuracies [24].

The focus of the current work is developed a novel ensemble learning model that is efficient in
solving both binary and multi-label classification problem in attaining higher prediction accuracy considering
both student engagement and performance dataset in online student eLearning web portal. Multiple machine
learning models are combined by existing models to create ensemble learning. Nonetheless, these models
work well for binary classification problems. However, they perform poorly when applied to multi-label
classification problems that take data imbalance into account [25]. The drawbacks drive this study's efforts to
enhance ensemble approach to create a better student performance and engagement prediction model. This
paper first presents an eLearning web portal framework employing artificial intelligence technique leveraging
novel ensemble learning namely multi-label ensemble learning (MLEL) model to assess student engagement
and performance. The ensemble model is created using refined XGB algorithm. Later, feature ensemble is
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created to identify the useful feature employing K-fold cross validation and finally, the multi-label classifier

is constructed. Research significance:

—  The work introduced MLEL leveraging refined XGB model and K-fold cross validation.

—  The work analyzed both performance and engagement dataset. No prior work has analyzed both
datasets together. This shows robustness of proposed model.

—  The result shows the proposed model achieves much better performance than existing methods.

This paper organize as follows: section two, the proposed web-based learning tool to assess student
performance using online session activity engagement. In section three, the outcome of proposed MLEL
model is studied on different dataset and methodologies. The last section the contribution of work is
provided, followed by future enhancement.

2. PROPOSED METHOD

In this section, a web-based learning tool designed is introduced to evaluate student performance
through their engagement in online sessions, as illustrated in Figure 1. To enhance the accuracy of
performance assessment and gauge engagement levels, we propose a novel ensemble learning model
that refines XGB through K-fold cross-validation (CV). By integrating these techniques, we aim to
provide a robust and comprehensive approach for analyzing student engagement and performance in online
learning environments.

Student raw log data

Student performance and Assessment

engagement | Ssessions | Keystrokes submission delay
binary and multi-label
dataset \ Mouse clicks Mouse movement Assessment
Feature extraction Log pre-processing
Time features ‘ Activity features Session log exclusion
-~ Time

formatting ‘ Exercises log exclusion

‘ Peripheral activity features

|

Feature selection Binary and Multi label Classification
RF-Ensemble Multi-split
Multi-label feature selection optimization (MSO)
and rankin Two level
2 ensemble (TLE) || ¥GB |[ MLELXGB |

Figure 1. eLearning web portal to assess student performance and engagement using MLEL XGB model

2.1. Refined XGBoost model

The XGB tree algorithm represents an enhanced version of the previous gradient-boosting approach
[25]. It involves the aggregation of less effective classifiers to form a robust classifier, resulting in improved
classification results. Let us consider a dataset denoted as E, that represents an ongoing stream of learning
session information. This dataset consists of o examples, where each sample is represented by a pair (y]-, Z]-).
Here, y; represents a vector of n features, and z; represents a label associated with the example. The variable
Z; is utilized to denote the expected result generated by the approach in (1).

2 =11 8(y) 81 €G (1

The term g; refers to an independent regression-tree, while gl(y]-) denotes the corresponding
prediction results generated by the I™ tree for the j* sample as shown in (2). In the context of this study, it is
observed that for each tree, denoted as g(y), there exists some agreement regarding the leaf-weight,
represented by x, and the structure variable, denoted as t. The regression-tree, denoted as g;, alongside its
corresponding function can both be acquired by minimizing the objective-function presented in (3).

G = {8 = Xy} @)

0=3%, m(z,2)+ i, B(g) 3)
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In this study, the variable m is defined to be the initial training-loss function, which is utilized to
quantify the difference between the predicted outcome, denoted as Z;, along with the actual outcome, denoted
as z;. To mitigate the issue of over-fitting, researchers often employ a variable denoted as B to penalize the
complex nature of a predictive approach. This approach seeks to achieve a balance between approach
complexity and generalization performance. By introducing a penalty term, the approach's ability to fit noise
or irrelevant features in the data is reduced, thus improving its ability to make accurate predictions on unseen
data. The evaluation of 8 is given as shown in (4).

B(g) = 8U + - ulx|? 4)

The regularization-variable is denoted by & and p, while the leafs-size is represented by U.
Additionally, the ranking for various leaves is denoted by x. The construction of any ensemble-tree is
achieved by means of a summation method. The anticipated results for the j*! sample during the u'" iteration,
~(w)
Z.

j

denoted as , necessitates the inclusion of g, in order to minimize the specified function as shown in (5).

The aforementioned equation can be reduced by employing the technique of removing the stable variable
using the second-order Taylor's expanding, which can be expressed in (6).

0 =¥ m (zj,ij(“‘” + gu(yi)) +B(g) ®)

0 =32, [hyg(vy) +3iigu(y)] + B ©

The variable h; is used to denote the initial order-gradient with regard to m, and its defined is given
as shown in (7). The variable i; is used to denote the next order-gradient with regard to m, and its defined is

given as shown in (8). Hence, the objective-function parameters of the predicting approach are
mathematically represented by the subsequent equation as in (9).

hy = aij(u_l)m(zj,zj(“‘“ (7)
i = a;j(u_l)m(zj, A )
oW = yo [h. ( -)+li- ( .)2 +8U+1L »U 2 9

i=1 [158i\Y; 2 1i8ulyj S H2Zk=1 Xk ©

The formula mentioned above is represented in its simplest form as shown in (10). The sample
collection of leaf Kk, denoted as ], is represented in the following manner as shown in (11). The tree-size,
denoted by r, is assumed to be fixed. In order to determine the ideal weights, xy, for leaf j, the following
equation is employed as shown in (12). The ideal weight values for each tree-size are then derived in (13).
The variable Hy is denoted in the following manner as shown in (14). The variable Iy is denoted in (15).

0@ =5, [(Siene )i (Siey, i +wxE] +6U (10)
e ={r(y; = K)} (h
X = I:—+ku (12)
0'=13y, I:l—+‘2‘u+8U (13)
Hi = Zjg, by (14)
I = iy, (15)

The 0" metric is utilized to evaluate the characteristics of tree r, with a lower value indicating a
more favorable tree organization. While XGB approach are known for their efficiency in achieving excellent
forecasting accuracy, it is important to note that they may encounter challenges in scenarios where feature
selection is inadequate or whenever dealing with imbalanced information considering multi-label
classification problem. In such cases, the prediction accuracy of XGB approaches may experience a decrease
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in performance. The subsequent subsection will focus on the modeling of an efficient feature selection
technique throughout the training information, as a means of solving the multi-label classification problem.

2.2. Multi-label ensemble learning model

In this study, we propose a modification for the feature-selection method of the conventional
XGB approach in order to perform classification on multi-label dataset. Our aim is to enhance the feature-
importance result, thereby leading towards an enhanced prediction approach. In this work a novel K-fold
cross validation approach is introduced by modifying the below standard K-fold cross validation considering
grid size of 1 as shown in (16).

V() = £54 Tiea, P (b8 (3,0)) (16)

Nevertheless, it is important to note that the aforementioned equation does not explicitly specify the
particular feature(s) that exert influence on the correctness of the predictive approach. This study aims to
investigate the implementation of a robust CV technique coupled with an efficient feature-selection method
to enhance predictive accuracy. The proposed approach is designed to incorporate features that have a
significant effect on the predictive performance. This is evaluated using (17).

1 ~=Kk(j
V() = 35 T8 T Tieo, P(0082(300)) (7

In (17), the process of selecting the optimal value for G in order to optimize the learner's predictive approach
is achieved through the following as given (18). In (18), M represents the size of the training-set under
consideration. The function P(+) is used for defining the loss-function, while the function g;k(’)(-) is
employed for calculating the coefficients. The selection of effective features in developing a learner's
performance predictive approach is accomplished using the technique of ranking r(-), as indicated in (19).

6 = CV,(0) (18)
r(a) = {0 ifn;is not selected 1 if n; is selected as optimal prediction model j = 1,2,3,...,n (19)

The following equation is used for construction of the feature-subset as shown in (20). The optimal
features, which achieves the highest rank, is determined by considering multiple instances of K — folds.
This is evaluated using (21). Next, the calculation is performed to determine the frequency of a specific
feature being chosen within K feature-subsets that have the highest rank. The finalized feature-subset can be
derived using the (22). The function fg(-) represents a scenario in which the n'" feature is either chosen or
not. This is scientifically denoted as (23).

FS = {r(nl)'r(nl)! '"vr(nn)} (20)
Fs = {r(ny), r(ny), ..., r(ny)} 1)
stinal={fs(p1)rfs(nz);---’fs(nn)} (22)

Fs(a) = {0 if gj is chosen lesser than g times

j=123,..,n1if q;j is chosen greater or equal to g times,j = 1,2,3,...,n (23)

The preceding equation is utilized to generate a group of n’ chosen features, in which n' represents
the frequency of feature selection. The training set used in this study is a group that has been carefully chosen
to include only relevant features. This approach aims to construct a learner's predictive approach that is both
efficient and accurate. To mitigate the impact of variability throughout the training stage, the K — folds
technique is employed by iteratively repeating the steps S numerous times. Additionally, with the goal to
minimize variability, a particular group of features will be chosen based on the equations outlined.
The dataset E is reduced to E’ by selectively retaining features based on the criteria defined in (23). The
resulting dataset, denoted as E’, is obtained by including only the instances from E that satisfy the conditions

specified by n'. The K-folds method is analyzed in the same way as (17). The EPM dataset, denoted as E'(_k),

is utilized for training purposes by eliminating the k™" section. The remaining section, E ), is reserved as the
testing information set. This process is repeated for each value of k from 1 to K. The following phases are
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executed in a continual way, through a predetermined size denoted as S. In order to optimize variables, we
iterate over a grid of size L, denoted by the variable 1, ranging from 1 to L. The development of a prediction
approach is achieved through the utilization of the (24).

2, =2(E 7 0) (24)

In order to calculate the error, use the loss-function equations given below for a variety of 1 values
and implement 8, to the training dataset E'™ as shown in (25). Calculate the K — fold CV-error with
varying values of the optimization variable L as shown in (26). Utilizing a sequential CV method, the

calculation of CV error is as shown in (27). Use the subsequent equation to determine the optimum value for
the optimization variable for a given range of | values as shown in (28).

o (0
Ey, = P (b]-, g (e al)) (25)
N 1 o (10
CV(g 01) = 1, Zic=s L o P (b]-,g(E ;01)) (26)
. o (0
CVs(g o) = ézizl Yie1 ZjEE,(—k) P <bj'g(E iGl)) (27)
8 =CVs(g o) (28)

The final prediction approach is obtained by configuring the optimum values of improving
parameters as an objective-function and then minimizing it using a gradient-decent approach. To reduce the
amount of unpredictability in the prediction approach while taking into account distinct folds, stage 1 of
training involves building K-folds and iterating on them S times. Stage 2 incorporates a select group of
features into the final forecasting approach, helping to lower variation in the process. Thus, when compared
to state-of-the-art ensemble and ML-based student performance and engagement predictive approaches,
the presented MLEL-based student performance and engagement predictive approach greatly enhances
accuracy as proved in following section.

3. RESULTS AND DISCUSSION

The section studies the classification performance achieved using proposed MLEL using XGB over
other existing approaches like XGB-based, and multi-split optimization (MSO), RF-ensemble, and two-layer
ensemble (TLE). Experiments are conducted on multi-label performance and engagement dataset.
More details of dataset can be obtained. The following metrics are used for validating models. The accuracy
is computed as shown in (29). Where TP defines true positive, FP defines false positive, TN defines true
negative, and FN defines false negative. The recall is computed as shown in (30). The precision is computed
as shown in (31). The F1-score is computed as shown in (32).

TP+TN
Accuracy = —————— (29)

TP+FP+TN+FN

TP
Recall =
TP+FN (30)
. TP

Precision = 3D

TP+FP

2XPrecisionxSensitivit;

F1 — score = Y (32)

PrecisionxSensitivity

3.1. Student performance analysis

The student performance analysis is done using performance-oriented dataset obtained. Various
models like XGB-based, and MSO, RF-ensemble, and TLE are used to compare with classification outcome
of proposed MLEL-XGB. The Figure 2 shows the accuracy outcome achieved using different models.
The result shows the proposed MLEL-XGB achieves an accuracy of 0.9995 and the next best result is
achieved using RF-ensemble with 0.974, XGB with 0.971, TLE with 0.85, and MSO with 0.65.
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Figure 2. Accuracy outcomes to assess student performance using session activity

Figure 3 shows the precision outcome achieved using different models. The result shows the
proposed MLEL-XGB achieves an accuracy of 0.9989 and the next best result is achieved using
RF-ensemble with 0.974, XGB with 0.97, MSO with 0.867, and TLE with 0.86. Figure 4 shows the recall
outcome achieved using different models; the result shows the proposed MLEL-XGB achieves an accuracy
of 1 and the next best result is achieved using RF-ensemble with 0.974, XGB with 0.974, TLE with 0.94, and

MSO with 0.857.
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Figure 3. Precision outcomes to assess student performance using session activity
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Figure 4. Recall outcomes to assess student performance using session activity

Figure 5 shows the Fl-score outcome achieved using different models. The result shows the
proposed MLEL-XGB achieves an accuracy of 0.9991 and the next best result is achieved using
RF-ensemble with 0.974, XGB with 0.97, TLE with 0.9, and MSO with 0.857. Table 1 shows the
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comparative study of all metrics of different classification model testing on performance related dataset.
The overall results achieved show the proposed model achieves much higher accuracy, precision, recall, and
F1-score in comparison with XGB-based, MSO, RF-based, and TLE.

F-score (performance)

1.05
1 PR
p— I RF-Ensemble
o 0.95 — [— AMSO
Q — jr—
709 N = = TE
=085 T \ —_— — =-XGB
0.8 % \ —— —  -MLEL-XGB
0.75 b\ -
RF-Ensemble MSO TLE XGB MLEL-XGB

Predicitve model

Figure 5. Fl-score outcomes to assess student performance using session activity

Table 1. Comparative study for performance dataset
Predictive model  Accuracy  Precision  Recall  Fl-score

RF-ensemble 0.974 0.974 0.974 0.974
MSO 0.8 0.917 0.353 0.857
TLE 0.86 0.86 0.95 0.9

XGB 0.967 0.972 0.97 0.971
MLEL-XGB 0.9992 0.999 0.9992  0.9991

3.2. Student engagement analysis

The student engagement analysis is done using engagement-oriented dataset obtained. Various
models like XGB-based, MSO, RF-based, and TLE are used to compare with classification outcome of
proposed MLEL-XGB. The Figure 6 shows the accuracy outcome achieved using different models; the result
shows the proposed MLEL-XGB achieves an accuracy of 0.9992 and the next best result is achieved using
RF-ensemble with 0.974, XGB with 0.967, TLE with 0.86, and MSO with 0.8.

Accuracy (engagement)

1.2
1 — 11 RF-Ensemble
™,
206 " TLE
204 \ =XGB
02 \ - MLEL-XGB
0 k
RF-Ensemble MSO TLE XGB MLEL-XGB

Predicitve model

Figure 6. Accuracy outcomes to assess student performance using session activity

Figure 7 shows the precision outcome achieved using different models. The result shows the
proposed MLEL-XGB achieves an accuracy of 0.999 and the next best result is achieved using RF-ensemble
with 0.974, XGB with 0.972, MSO with 0.917, and TLE with 0.86. Figure 8 shows the recall outcome
achieved using different models; the result shows the proposed MLEL-XGB achieves an accuracy of 0.9992
and the next best result is achieved using RF-ensemble with 0.974, XGB with 0.97, TLE with 0.95, and MSO
with 0.353.
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Figure 7. Precision outcomes to assess student performance using session activity
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Figure 8. Recall outcomes to assess student performance using session activity

Figure 9 shows the Fl-score outcome achieved using different models. The result shows the
proposed MLEL-XGB achieves an accuracy of 0.9991 and the next best result is achieved using
RF-ensemble with 0.974, XGB with 0.971, TLE with 0.9, and MSO with 0.857. Table 2 shows the
comparative study of all metrics of different classification model testing on performance related dataset.
The overall results achieved show the proposed model achieves much higher accuracy, precision, recall, and
F1-score in comparison with XGB-based, MSO, RF-based, and TLE.
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Figure 9. Fl-score outcomes to assess student performance using session activity

Table 2. Comparative study for engagement dataset
Predictive model  Accuracy  Precision Recall  Fl-score

RF-ensemble 0.974 0.974 0.974 0.974
MSO 0.8 0.917 0.353 0.857
TLE 0.86 0.86 0.95 0.9

XGB 0.967 0.972 0.97 0.971
MLEL-XGB 0.9992 0.999 0.9992  0.9991
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4. CONCLUSION

This paper introduced a novel ensemble model namely MLEL-XGB to accurately assess student
performance and engagement level for designing effective eLearning-based web-based tool. The proposed
model is studied using a performance-oriented dataset; the results achieved are very promising. Further,
the proposed model is validated using an engagement-oriented dataset; a very good performance is achieved.
Considering both the dataset the proposed MLEL-XGB model achieves much better performance than
XGB-based, MSO, RF-ensemble, and TLE. The result shows robustness of proposed classifier in handling
multi-label classification dataset. The future work would focus on analyzing more different kind of dataset to
assess the performance of proposed classifier.
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