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dataset (480 students; 16 attributes), which was obtained from Kaggle.
Three settings are compared: raw features with three grade classes,
engineered features (72 attributes after one-hot encoding) with three classes,
and a binary pass/fail task with 20 selected features. Information gain, gain
ratio, the Gini index and Pearson correlation identified student absence
days, visited resources and raised hands as the strongest predictors. With
raw features, Random Forest reached 79% accuracy and the voting
ensemble 82.6%. After feature engineering, Random Forest reached 90%
(+11 points) and the Support Vector Machine improved from 43% to 75%.
In the binary setting, Random Forest, Extra Trees, the neural network and
the voting ensemble each reached 98.6%. Compared with previously
reported x-API results, including a 2024 study, the engineered models are
competitive; because merging grade bands makes the task easier, binary
results are reported separately from multi-class results. The findings show
that data representation produces larger gains than ensembling and that a
pass/fail formulation is well suited to early-warning use.

Keywords: Student performance prediction; Onehot encoding; Feature
selection; Binary classification; x-API dataset; Random Forest; Educational
data mining
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1. Introduction

Educational Data Mining (EDM) applies data
mining and machine learning to data generated in
educational settings, and the prediction of student
performance is one of its core tasks (Romero &
Ventura, 2013). The x-API dataset, collected from
the Kalboard 360 learning management system and
distributed through Kaggle, has become a widely
used benchmark for this task because it combines
demographic, academic-background and behavioral

attributes (Amrieh et al., 2015, 2016). Amrieh et al.

(2016) showed that behavioral features improved
accuracy by up to 22.1% and that ensemble
methods added improvements of up to 25.8%.
Most studies on this benchmark compare
algorithms, and the effect of data preparation on
accuracy is seldom measured separately. Recent
work has begun to address preparation: Farhood et
al. (2024) one-hot encoded nominal variables and
examined Lasso feature selection on a pass/fail
target. The present study extends this line by
contrasting three settings on the same dataset,
namely raw features, engineered features and a
binary task, and by comparing the results
systematically with previously published values.
Three terms in the title are used in a specific sense.
Onehot encoding replaces a categorical variable by
one binary indicator per category, so that classifiers
do not read arbitrary integer codes as ordered
quantities. Feature selection keeps the attributes that
carry information about the target and removes
redundant or uninformative ones (Domingos,
2012; Nargesian et al.,, 2017). Binary classification
here means predicting only whether a student
passes or fails, instead of assigning one of three
grade bands.

The main contributions are as follows:

. A side-byside evaluation of raw, onehot-
engineered and binary settings of the xAPI task
using six classifiers and a voting ensemble.

o A feature analysis that combines
information gain, gain ratio, the Gini index and
Pearson correlation.

. A short, explicit treatment of the binary
pass/fail formulation and of why its accuracy is
higher.

. A systematic comparison with previous x-
API results.

The remainder of the paper is organized as follows.
Section 2 reviews related work, Section 3 describes
data and methods, Section 4 reports results and
the comparison with previous studies, Section 5
discusses the findings, Section 6 states limitations,
and Section 7 concludes.

2. Related Work

2.1 The x-API dataset and behavioral features
Amrieh et al. (2015, 2016) introduced behavioral
features such as raised hands, visited resources,
announcements viewed and discussion
participation, collected through the experience API
(xAPI). They evaluated Artificial Neural Network,
Naive Bayes and Decision Tree classifiers and
applied bagging, boosting and Random Forest,
reporting accuracy above 80% when the model was
tested on newcomer students. Bendangnuksung
and Prabu (2018) later applied a deep neural
network to the same data and reported 84.3%
accuracy, as summarized by Tang et al. (2024).

The dataset records 16 attributes per student:
demographic and background variables, academic-
stage variables and four behavioral counts that
reflect activity in the learning management system.
Because the behavioral counts are collected
automatically during the course, they are available
before final examinations, which makes the dataset
suitable for early prediction. At the same time, the
data come from a single platform, a single time
window and 480 students, so results obtained on
them should be treated as benchmark evidence
rather than as general laws.

2.2 Encoding, feature selection and ensembles
Feature engineering builds suitable features from
the available ones and redundant
attributes to improve predictive performance
(Nargesian et al., 2017; Khurana et al., 2016).
Ensemble methods combine several models and
usually give more precise solutions than a single
model (Xiao et al., 2018), and Random Forest,
which averages many decision trees, remains robust
even when variables outnumber observations (Biau
& Scornet, 2016).

Several encoding strategies exist for categorical
attributes. Label (ordinal) encoding maps categories
to integers and is appropriate when the categories
have a natural order; one-hot encoding creates one

removes

binary column per category and is appropriate for
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nominal attributes; frequency and target encodings
summarize categories with statistics but require
care to avoid leakage. One-hot encoding is the
most widely used default for nominal variables, but
it increases dimensionality, which can affect
distance-based learners and increase the risk of
overfitting on small samples. Feature selection is
therefore commonly combined with encoding
(Domingos, 2012; Nargesian et al., 2017), which is
the design used here.

2.3 Previous Studies

Farhood et al. (2024) compared seven machine-
learning and three deep-learning models on the
Math and x-API datasets using both kfold cross-
validation and holdout validation. They one-hot
encoded the nominal variables (16 to 38 variables

for x-API, with the four most frequent categories
kept for three high-cardinality variables) and
defined the target as Pass for the Middle and High
classes and Fail for the Low class. Random Forest
achieved the highest mean accuracy among the
machine-learning models (92.69% on x-API under
holdout validation), and Lasso selection raised the
accuracy of k-nearest neighbors from 86.10% to
90.23%. Beckham et al. (2023) used Pearson
correlation to identify factors affecting grades,
Pallathadka et al. (2023) compared Naive Bayes,
ID3, C4.5 and SVM, Asselman et al. (2023)
applied XGBoost, and Tang et al. (2024) combined
feature ranking with a weighted-voting ensemble of
deep belief networks on questionnaire data.

Table 1. Selected studies on student performance prediction.

Study Data Method Key finding
ANN, Naive  Bayes, Behavioral features: up to +22.1%
Anmrieh et al. (2016) x-API Decision Tree; bagging, accuracy; ensembles: up to +25.8%;

boosting, RF

Bendangnuksung &

above 80% on newcomers

g [¢)
Prabu (2018)* x-API Deep neural network 84.3% accuracy
ancl)lza;})ladka et al UCI student data IS\]\a/;\:Ie ‘FRVRM Y Compared accuracy and error rate
Pearson correlation; Prior failures r = —0.36; mother's

Beckham et al. (2023) Student data
Asselman et al. (2023) Student data
Farhood et al. (2024) Math and x-API
DBN

Questionnaire,

Tang et al. (2024) 628 students

several ML models
XGBoost
7 ML and 3 DL models;

one-hot; Lasso

ensemble;

and mRMR

education r = 0.22

Improved prediction with XGBoost
RF 92.69% on x-API (pass/fail)

Relief p \1SE 1.66; R2 0.743

2.4 Research gap and novelty

Previous xAPl studies introduced features or
compared algorithms, and the most recent
comparison (Farhood et al., 2024) studied one
target definition. What remains missing is a direct
comparison of the same classifiers on the same data
under raw, encoded and binary settings, together
with a clear account of how these results sit relative
to published values. This paper provides that
comparison, which is its principal novelty.

The paper is organized around three research
questions. RQ1: how much do one-hot encoding
and feature selection improve the accuracy of
common classifiers relative to raw features! RQ2:
how do the results differ between a three-class and

a binary pass/fail formulation? RQ3: how do the
results compare with values reported in previous
studies on the same dataset?

3. Materials and Methods

3.1 Dataset

The xAPI dataset was downloaded from Kaggle
(Aljarah, 2016). It contains 480 student records
with 16 predictor attributes and one class label,
and has no missing values. The sample comprises
305 male and 175 female students, 245 records
from the first semester and 235 from the second,
and 289 students absent fewer than 7 days against
191 absent for more. Attributes fall into three
groups (Table 2): demographic, academic
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background, and behavioral. The four behavioral
counts are numeric on a 0-100 scale.

The target has three classes: Low (scores 0-69, n =
125, 26%), Medium (70-89, n = 211, 44%) and
Table 2. Attributes of the x-API dataset.

High (90-100, n = 144, 30%). The classes are
moderately imbalanced (Figure 1), which is why
precision, recall and Flscore are reported
alongside accuracy.

Group Attributes
) Gender; nationality; place of birth (14 countries); parent responsible (father, mother);
Demographic . . .
parent answering survey (yes, no); parent school satisfaction (good, bad)
Academic Educational stage (lower level, middle school, high school); grade ID (G-1 to G-12);
background section (A, B, C); topic (12 courses); semester (first, second)
) Raised hands; visited resources; viewing announcements; discussion groups (all 0-100);
Behavioral
student absence days (under 7, above 7)
Distribution of the Three Grade Classes in the x-API Dataset
209
200
175
8 150 139
= 132
S 125
7]
G
5 100
o)
e
2 75
50
25
(0]

Low (L)

Medium (M)
Grade Class

High (H)

Figure 1. Distribution of the three grade classes in the x-API dataset.

3.2 Experimental design

The same classifiers were execute on three different
settings describe in (Figure 2), to study the impact
of data representation and feature engineering to
effect the accuracy of different algorithms.

(1) Raw Features (All Features): Using the
original x-API dataset means without change in any
feature. This setting serves as the performance
baseline.

(ii) Engineered Features: Using all 72
attributes generated after applying label encoding,

one-hot encoding and normalization of feature,
while predicting the same dependent variable name
class having target values,
{ o e . This technique tells
the effect of feature engineering.

(iii) Binary Class: using only 20 selected
attributes examine a binary target variable,
{ 1 { } where {  }is marked a $ ,
and { } { } are marked as, { }.
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FIGURE X: EXPERIMENTAL DESIGN WITH THREE SETTINGS ON THE x-API DATASET

(i) RAW FEATURES
(Baseline)

(ii) ENGINEERED FEATURES

(iii) BINARY TASK

BASELINE CLASSIFIERS RUN

DATA PREPROCESSING
» Encoding: Label, One-Hot
+ Normalization

|

FEATURE SELECTION &
LABEL TRANSFORMATION

* Selection: 20 Attributes

Linear SVM k-NN

* Mapping: {Medium, High} to

RBF Kernel SVM  Decision Tree

| Engineered x-APIDataset | :

Pass, {Low} to Fail

LB
8§e '

16 Raw Attributes, 3 Classes
{Low, Medium, High}

72 Engineered Attributes, 3 Classes
{Low, Medium, High}

Binary x-API Dataset

20 Selected Attributes, 2 Classes
{Fail, Pass}
|

-

Content:
* 16 Attributes
o (Demographic, Academic,
Behavioral)
* 3 Classes (Low, Medium, High)

CLASSIFIERS RUN
* 72 Attributes
(Encoded & Normalized)
» 3 Classes (Low, Medium, High)

CLASSIFIERS RUN |

» 20 Selected Attributes
* 2 Classes
- Fail: {Low}

Performance Baseline

Engineered Performance

- Pass: {Medium, High})
Binary Performance

Note: Data relertion utiitablude on Eata s_plit (e.g., 70% train / 30% test)

Legend: (@ Linear SVM () RBF Kernel SVM @ k-NN [} Decision Tree

— Binary Performance

Figure 2. Experimental design with three settings on the x-API dataset.

3.3 Preprocessing and feature engineering
Categorical attributes were label-encoded, which
maps each value to an integer (for example, gender
F=1and M = 2) and allows correlation analysis.
Because integer codes can imply an order that does
not exist for nominal attributes such as nationality
or topic, attributes were also one-hot encoded; this
expanded the 16 raw attributes to 72 features. Tree-
based models handle categorical values well, but
most other algorithms work better with numeric
input. Attributes were ranked by information gain
(the reduction of class uncertainty once the
attribute is known), gain ratio (information gain
corrected for its bias toward attributes with many
values) and the Gini index (the reduction of class
impurity), using the Orange Rank widget, and the
Pearson correlation between each encoded
attribute and the encoded class was computed in
SPSS. Feature selection for the binary task was
guided by these results and retained 20 attributes.
To illustrate, an attribute with 12 course names is
replaced by 12 binary indicators, and an attribute
with 14 countries of birth by 14 indicators, so a
record with 16 attributes grows into a much wider
representation (72 features in the engineered
setting). More columns increase model complexity:
with only 480 records, wide representations can

promote overfitting in flexible models, which is
one reason feature selection is applied.
Normalization rescales numeric attributes, such as
the 0-100 behavioral counts, to a common range;
this matters for distance-based and gradient-based
learners such as KNN, SVM and the neural
network and is irrelevant for tree-based models.

3.4 Binary (pass/fail) Class

In the binary setting the three-level class label is
collapsed into two outcomes, Pass and Fail. This
formulation answers the question that matters
most for early warning, namely whether a student
is likely to succeed, and it is easier than the three-
class task for two reasons. First, it removes
confusion between neighboring grade bands, where
most misclassifications of a three-class problem
occur. Second, with only two classes the accuracy
expected by chance is higher. Binary and multi-
class accuracies are therefore reported separately
and are not ranked against each other. The binary
task also used the reduced 20-attribute feature set.
Consider students near a band boundary, for
example with scores close to 69 and 70. In a three-
class task they belong to different classes and are
easily confused, whereas in a binary task the pair is
separated only if the pass/fail threshold lies
between them. In general, merging classes removes
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the decision boundaries that are hardest to learn.
The binary results therefore indicate how well a
model separates students who are likely to succeed
from those at risk, not how well it forecasts grade
bands, and any comparison with three-class
accuracy should be made with this difference in
mind.

3.5 Classifiers, setup and evaluation

Six classifiers were used: Decision Tree (DT), k-
Nearest Neighbor (KNN; Deng et al., 2016),
Support Vector Machine (SVM; Guenther &
Schonlau, 2016), Artificial Neural Network (ANN,
a multilayer perceptron), Random Forest (RF; Biau
& Scornet, 2016) and Extra Trees (ET), which
averages randomized trees fitted on sub-samples. A
voting  (average) ensemble combined the
predictions of the individually trained classifiers.
Experiments were run with Orange 3 and Python
(Spyder, Python 3.6, Anaconda) on an Intel Core
i3 PC (2.00 GHz, 4 GB RAM), with training and
testing splits of 70:30 and 80:20. Performance was
measured with accuracy, precision, recall and F1-
score derived from the confusion matrix (Fawcett,
2006; Powers, 2020):

Decision Tree. A decision tree partitions the data
by a sequence of attribute tests chosen to maximize
class purity; it is easy to interpret but prone to over-
fitting. KNN. KNN assigns the class that is most
common among the k closest training records;
because it relies on distances, it is sensitive to
feature scaling and can lose accuracy as the number
of sparse dimensions grows. SVM. The SVM seeks
the maximum-margin boundary between classes
and benefits from scaled inputs. ANN. The
multilayer perceptron learns non-inear
combinations of inputs through back-propagation
and needs scaled inputs and sufficient data.
Random Forest and Extra Trees. Both average
many randomized decision trees: Random Forest
uses bootstrap samples and random attribute
subsets, and Extra Trees additionally chooses split

thresholds at random, which reduces variance.
Voting ensemble. The predictions of the
individual classifiers are combined by voting
(average method). The influence of hyperparameter
settings was not examined in this study.

C + )

1=2x(

x )/ (

+ )
Precision indicates how many of the records
assigned to a class truly belong to it, recall how
many records of a class were found, and F1
balances the two. In multi-class tasks the measures
are defined per class and summarized into a single
value; because the summary can differ from
accuracy when classes are unbalanced, both are
reported.
4. Results
4.1 Feature analysis
Student absence days was the most informative
attribute under all three criteria (information gain
0.397; gain ratio 0.410, Gini 0.131), followed by
visited resources (0.391) and raised hands (0.362);
semester, stage and section carried almost no
information (Figure 3). Pearson correlation
confirmed this pattern (Table 3). Correlations with
the class were significant (p < .05) for parent
responsible, raised hands, absence days, visited
resources, parent school satisfaction,
announcements viewed, gender, parent survey
participation, discussion, topic and place of birth,
whereas nationality, stage, grade and section were
not significant. The signs depend on the integer
coding of the class label and are interpreted as
association strength only.
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# Inf-:u."gain Gain ratio Gini
{8 studentAbsenceDays 2 EET 0410 0131
[f) visITedResources 0.391 . 0195 0,143
I} rzisedhands D26l 0.181 0,130
@ AnncuncementsView 0253 0127 0.098
(8 ParentAnsweringSurvey 2l DAL O:d521 . 0053
Maticnall Ty 14 e 0128 0052 . 0045
Relation ?| e D126 0120|0049
(8 PlaceofBirth Mo D23 0.051 ___  0.045
(8 ParentschoolSatisfaction 7 0307 | ___ | 0.040
[} Discussion = 0.088 _ 0.044 0.038
Topic 12| 0.076 0023 _ 0.030
(8 gender 2 0.052 0.055 0.019
8 GradelD 10 0.047 0019 _ 0.019
Semester . 0012 | G012 | 0.005
StagelD 3], 0.011 | 0.008 0.005
8 SectionlD 3. 0.007 0.006 0.003
Figure 3. Ranking of Features.

Table 3. Significant Pearson correlations with the class label (N = 450).

Attribute r P

Parent responsible =272 <.001

Raised hands -.231 <.001

Student absence days -.199 <.001

Visited resources -.162 <.001

Parent school satisfaction -.146 .001

Announcements viewed -.144 .002

Gender 124 .007

Parent answering survey ~.123 007

Discussion -.122 .007

Topic .104 .023
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Place of birth

-.092 044

4.2 Raw Features (All Features)

With 16 raw attributes, Random Forest was the
best individual model (79%), followed by Extra
(78.5%), the neural network (73.6%),

Trees

Decision Tree (66%), KNN (61%) and SVM (43%).

The SVM combined a precision of 73% with a
recall of 43% and an Fscore of 31%, indicating
that it did not separate the three classes. The voting
ensemble reached 82.6%, better than every
individual model (Table 4, Figure 4).

4.3 Engineered Features

After encoding and normalization (72 features),
every classifier improved (Table 5). Random Forest
rose from 79% to 90%, Extra Trees from 78.5% to
89%, Decision Tree from 66% to 83%, SVM from
43% to 75%, KNN from 61% to 70% and the
neural network from 73.6% to 78.4%. The voting
ensemble rose from 82.6% to 89% but no longer
exceeded Random Forest (90%), because the
strong tree-based learners already captured most of
the available signal.

The size of the gain depended on the starting point.

The models that were weakest on raw features
gained the most (SVM +32 points, Decision Tree

+17), the strongest raw models gained 10-11
points (Random Forest, Extra Trees), and the
neural network gained least (+4.8). KNN improved
by 9 points but remained the lowest-scoring model
(70%), which is consistent with the sensitivity of
distance-based methods to the wider, sparser
representation created by one-hot encoding.

4.4 Binary Class Pass/Fail with Selected Features
With 20 selected attributes and two classes,
Random Forest, Extra Trees, the neural network
and the voting ensemble each reached 98.6%
accuracy, followed by Decision Tree (96.5%), KNN
(94%) and SVM (91%).

The test sets are small, which limits how finely
models can be separated. If a 30% test split of the
480 records (144 records) was used, an accuracy of
98.6% corresponds to 142 correct predictions, that
is, two errors, and a single record changes accuracy
by about 0.7 points. The tie among Random Forest,
Extra Trees, the neural network and the voting
ensemble therefore indicates that all four separate
pass from fail almost perfectly on this split, not
that they are equivalent in general.

Table 4. Performance on the x-API dataset (Acc = accuracy, P = precision, R = recall, F = F1; %).

Setting Classifier Features Acc P R F
Random Forest 16 79 8179 79
Extra Trees 16 78.5 80 78 79
Neural Network 16 73.6 74 74 74
All Features Decision Tree 16 66 67 67 67
k-NN 16 61 64 61 61
SVM 16 43 173 43 31
Voting ensemble 16 82.6 83 83 83
Random Forest 72 90 91 90 90
Extra Trees 72 89 91 89 89
Engineered Features
Neural Network 72 784 81 78 79
Decision Tree 72 83 85 83 83
https://sesjournal.com | Khan et al., 2026 | Page 6594


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences

ISSN (e) 3007-3138 (p) 3007-312X Volume 4, Issue 3, 2026
k-NN 72 70 72 69 69
SVM 72 75 8575 74
Voting ensemble 72 89 89 89 89
Random Forest 20 98.6 99 99 99
Extra Trees 20 98.6 99 99 99
Neural Network 20 98.6 98 98 98

Selected Features to predict Binary Class Decision Tree 20 96.5 97 97 97
k-NN 20 94 94 94 94
SVM 20 91 9191 91
Voting ensemble 20 98.6 99 99 99

Classifier Accuracy Across the Three Experimental Settings on x-API Dataset

. ° I (i) All Features (16 Attrib, 3-Class)
100 4 d i 2 3 B (i) Engineered Features (72 Attrib, 3-Class)
mmm (jii) Binary Selected (20 Attrib, 2-Class)

Q
3
3

90 -

80

i:’. 701
$
601
50 1
401
30
Randof“?o‘es‘ ™o eurdt newwo™ pecigon 1 e M Joins Erse®
Figure 4. Accuracy of the classifiers on the x-API dataset under the three settings.
Table 5. Accuracy change from feature engineering on the three-class task (%).
Classifier Raw (16 features) Engineered (72 features) Change (points)
Random Forest 79 90 +11
Extra Trees 78.5 89 +10.5
Decision Tree 66 83 +17
lk-NN 61 70 +9
SVM 43 75 +32
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Neural Network 73.6 78.4

Voting ensemble 82.6 89

+4.8
+6.4

4.5 Does encoding give the best result?

For the threeclass task, yes: all seven models
improved after encoding, and the best single model
rose from 79% to 90%. The highest accuracy
overall (98.6%) occurred in the binary setting, but
this setting combines three changes at once:
encoding, feature selection and a simpler two-class
label. Because no binary experiment on raw
features was run, the part of the 98.6% attributable
to encoding alone cannot be separated from the
part due to class reduction and selection. The
three-class results (79% to 90%) are therefore the
cleanest evidence of the effect of encoding.

4.6 Fl-score and error profile

Accuracy can overstate performance when classes
are unbalanced, so Table 6 and Figure 5 report the
Fl-score and its gap to accuracy. In almost every
cell the two measures agree within one point,
which indicates that errors are not concentrated in
a single class. The exception is the SVM on raw
features, where accuracy (43%) exceeds the F1-
score (319%) by 12 points. This is consistent with a
model that predicts mostly the majority class: the
Medium class holds 44% of the records, close to
the SVM's accuracy. Encoding removed the
problem (75% accuracy, 74% F1). The Fl-scores of
the voting ensemble followed its accuracy in every
setting.

Table 6. Accuracy minus Fl-score on the x-API dataset (percentage points).

Classifier Raw, 3 classes Engineered, 3 classes Binary
Random Forest 0.0 0.0 -0.4
Extra Trees -0.5 0.0 -0.4
Neural Network -04 -0.6 0.6
Decision Tree -1.0 0.0 -0.5
I-NN 0.0 1.0 0.0
SVM 12.0 1.0 0.0
Voting ensemble -0.4 0.0 -0.4

4.7 Comparison with Previous Studies

Table 9 and Figure 6 place the results beside values
reported for the xAPl data. The comparison is
indicative, because protocols differ. Three points
distinguish the present study from earlier work.
First, unlike Amrieh et al. (2016), whose
contribution was the introduction of behavioral
features, this study isolates the effect of data
representation. Second, Farhood et al. (2024) one-
hot encoded nominal variables and evaluated Lasso
selection on one pass/fail target; here raw, encoded
and binary settings are contrasted on the same data
and the ranking is information-theoretic. Third, a
voting ensemble is evaluated in every setting, which
shows when ensembling helps (raw features, +3.6

points over Random Forest) and when it does not
(engineered features, —1 point).

In the three-class setting, the engineered Random
Forest (90%) exceeds the 84.3% reported for a
deep neural network (Bendangnuksung & Prabu,
2018) and the above-80% newcomer accuracy of
Amrieh et al. (2016). In the binary setting, the
models here (98.6%) exceed the 92.69% of
Random Forest and 91.18% of the gradient-
boosted neural network reported by Farhood et al.
(2024). This difference should not be read as
superiority: Farhood et al. defined Fail as the Low
class and Pass as Medium or High, the feature sets
differ (20 selected attributes here), and their
protocol used 100 repeated evaluations whereas
this study used single hold-out splits.

Table 9. Results on the x-API dataset compared with previous studies.
Study Setting Method Reported result
Multi-class, Classifiers with Above 80% on newcomer students;

Amrieh et al. (2016)
& x-API

Bendangnuksung

behavioral features bagging, boosting, RF up to +25.8% from ensembles
Deep neural network  84.3%
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Prabu (2018)*

Farhood et al. (2024) Pass/fail, holdout

Random Forest

92.69%

Gradient-boosted

Farhood et al. (2024) Pass/fail, holdout

Farhood et al. (2024)

3 classes,

This study features

This stud 3 classes
Y engineered features

This study Binary, 20 selected

features

raw .
RF; voting ensemble

" RF; voting ensemble

91.18%

neural network

Pass/fail, with Lasso k-NN

86.10% to 90.23%
79%; 82.6%

90%; 89%

RF, ET, ANN, voting 98.6%

Comparison of Accuracy with Previous Studies on the x-API Dataset

This Study (Binary, 20 Features)
(RF, ET, ANN, Voting)

This Study (Engineered Features)
(RF / Voting)

This Study (Raw Features)
(RF / Voting)

Farhood et al. (2024) |
(k-NN with Lasso)

Farhood et al. (2024) |
(GB Neural Network)

Farhood et al. (2024) |
(Random Forest)

Bendangnuksung & Prabu (2018) |
(Deep Neural Network)

Amrieh et al. (2016) |
(Behavioral / Ensembles)

80.0%

98.6%

90.0%

90.23%

91.18%

92.69%

84.3%

70 75 80

85 90 95 100 105
Reported Accuracy (%)

Figure 5. Accuracy reported in previous studies compared with this study.

5. Discussion

Behavior over background. Absence days, resource
visits and hand-raising were the most informative
attributes under every criterion and were
significantly correlated with the class. Engagement
during the course is therefore a stronger signal
than structural attributes such as stage, section or
semester, which is consistent with the behavioral-
feature findings of Amrieh et al. (2016) and with
the feature importances reported by Farhood et al.
(2024).

Why encoding helped. Several classifiers depend
on distances or weights and can misread integer
codes of nominal attributes as ordered values. The

weak SVM result on raw features (43% accuracy,
31% F-score) and its recovery to 75% after one-hot
encoding are consistent with this explanation.
Tree-based models handle categorical values well
and started from the highest raw accuracy, yet still
gained about 10 points, so encoding is not only a
remedy for distance-based methods.

When ensembling helps. Voting improved on
every individual model with raw features, but not
on Random Forest after encoding. Ensembling is
thus most useful when the base learners are weak
or noisy, and its benefit shrinks as the
representation improves.
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Binary results. The binary formulation removes
confusion between adjacent grade bands and raises
the chance baseline, so the 98.6% scores describe
an easier problem and should not be compared
directly with the three-class results. Their value is
practical: a pass/fail alert is what an advisor needs
to decide whether to intervene.

5.1 Institutional Implications

Implications for practice. An advisor-facing early-
warning tool would use the binary model: it needs
only attributes that are available during the course
(absence days, resource visits, hand-raising) and
produces a simple pass/fail alert. The three-class
model is more informative but less accurate and is
better suited to planning than to alerts. In both
cases the output should support, not replace,
human judgment.

Generalizability and reproducibility. The x-API
data are publicly available, so the experiment can
be repeated. Complete reproducibility additionally
requires the exact preprocessing steps, the list of
the 72 engineered features and of the 20 selected
attributes, the random seeds of the splits and the
hyperparameter settings, which should be released
with the paper. Whether the same pattern holds on
other datasets, in particular on locally collected
questionnaire data, remains to be tested.

6. Limitations

The dataset is small (480 records) and comes from
one learning platform, and the classes are
imbalanced. Evaluation used single hold-out splits
(70:30 and 80:20) without crossvalidation or
confidence intervals, and the influence of
hyperparameter settings was not examined. The
three settings differ in more than one respect in
the binary case (label, features), and no binary
experiment on raw features was run, so the effect
of encoding cannot be isolated there. Comparisons
with previous studies are indicative because of
differences in protocol and target definition.

6.2 Threats to validity

Threats to validity. Internal validity is affected by
the use of single hold-out splits and by the
possibility that feature ranking was computed on
all records before splitting, which can inflate
estimates. Construct validity depends on how the

binary label was formed from the three grade bands.

External validity is limited to one dataset from one

learning platform. Statistical conclusion validity is
limited because no confidence intervals or
significance tests were computed; with a test set of
roughly 144 records, differences of one or two
points should not be over-interpreted.

7. Conclusion

This study showed that data representation matters
more than the choice of classifier on the x-API task.
One-hot encoding and normalization raised
Random Forest from 79% to 90% and SVM from
43% to 75%, and a binary pass/fail task with 20
selected features reached 98.6%. Absence days,
resource visits and raised hands were the strongest
predictors. Ensembling helped with raw features
but not after encoding. Future work should add a
binary experiment on raw features, repeated cross-
validation, hyperparameter tuning and per-class
analysis, and should test the pipeline on other
datasets.

Future research should include (i) a binary
experiment on raw features, which would complete
a two-by-two design of label (three-class or binary)
and representation (raw or engineered) and isolate
the effect of encoding in each case; (ii) repeated
stratified cross-validation with confidence intervals
and significance tests; (iii) systematic
hyperparameter tuning; (iv) alternative encodings
and selection methods, including embedded
methods such as Lasso; and (v) validation on other
datasets, including locally collected questionnaire
data.
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