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Abstract

Multiple-choice questions (MCQs) are widely
used in higher education because they efficiently
assess knowledge and a broad range of cognitive
skills across disciplines. This study examines how
MCQ-based assessments contribute to predicting
final student grades, using data from 2,390 students
(comprising 26,698 non-missing attribute values)
enrolled in sixteen offerings of three undergraduate
and postgraduate economics units at Charles

Darwin University (CDU) between 2016 and 2019.

Six machine learning classifiers were trained on
assessment marks, assessment weightings, final
examination performance, and the proportion of
MCQs in the examination. Feature importance
analysis was then used to quantify the contribution
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of each assessment component. The study compares
MCQ and task-based examination questions,
online MCQ and task-based assessments, and
online and written MCQ components. Support
Vector Machines achieved the highest accuracy
(96.07%), followed by XGBoost (93.76%). Across
the higher-performing classifiers, final examination
performance and the task-based assessment were
the strongest predictors of final grades. Online
and written MCQ components contributed less
strongly, although MCQs remain useful indicators
of foundational knowledge. These findings support
balanced assessment designs that combine MCQs
with task-based activities, and they demonstrate
how explainable AI can inform assessment analytics
within Educational Data Mining.
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1 Introduction

Educational Data Mining (EDM) and Learning
Analytics increasingly employ Artificial Intelligence
(AI) techniques to analyse student learning
behaviours, assessment outcomes, and academic
performance. Educational Data Mining aims to
extract meaningful patterns from educational data
to better understand learning processes, predict
academic outcomes, and support evidence-based
educational decision-making. Within this context, the
present study investigates assessment dynamics by
applying multiple Al classifiers to predict student
grades based on assessment scores, final examination
results, and the proportional contribution of MCQs
to overall grades. By examining feature importance
across different classifiers, the study contributes
to the growing body of Educational Data Mining
research concerned with understanding how specific
assessment practices influence student success. More
broadly, this aligns with recent calls for EDM systems
that extend beyond predictive accuracy to emphasise
interpretability, transparency, and educational
relevance, enabling AI models to better support
evidence-informed educational decision-making [1].

A crucial aspect of this research is examining
the importance of each input, particularly in
understanding the nuanced impact that MCQs have
on overall results. MCQs are widely used in both
formative and summative assessment and provide an
efficient means of evaluating student learning [2, 3] in
closed- and open-book environments [4]. In higher
education, discussion around MCQs continues to focus
on their appropriate application and validity [5-9].
Building on the widespread use of MCQs and their
recognised value in assessing disciplinary knowledge,
this study applies several Al classifiers to student
assessment data from a regional Australian university
to investigate how different assessment components
contribute to final academic outcomes.

The main objective of this study is to address questions
regarding the influence of MCQ assessments
compared to task-based examination questions.
Furthermore, it aims to investigate the specific effects
of online MCQ assessments on overall grades. The
study also examines whether online MCQ assessments
and written examination MCQ components differ in
their predictive influence on student performance.
This investigation provides important insights into
how MCQ assessments relate to students’ academic
outcomes. The primary research questions (RQs) are:
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RQ1: To what extent do MCQ components influence
examination performance compared with
task-based examination questions?

RQ2: How does the contribution of online MCQ
assessments compare with task-based
assessments in predicting final student
grades?

RQ3: Does the predictive influence of online MCQ
assessments differ from that of written

examination MCQ components?

This study makes three contributions to the
Educational Data Mining literature. First, it
investigates the relative predictive influence of
MCQ and task-based assessments using a large
real-world dataset comprising records from 2,390
students across sixteen unit offerings. Second, it
compares multiple Al classification techniques to
evaluate their effectiveness in predicting student
performance. Third, feature importance analysis
provides explainable insights into the relative
contribution of different assessment components to
final academic outcomes, supporting evidence-based
assessment design and learning analytics practice.

2 Literature Review and Research Context

2.1 Multiple-Choice Questions in Higher Education
Assessment

Multiple-choice questions remain one of the most
widely used assessment formats in higher education
because of their efficiency, scalability, and ability to
provide broad curriculum coverage [3]. Assessment
outcomes from MCQs and other assessment
instruments are commonly aggregated to determine
final grades, such as High Distinction (HD), Pass
(P), and Fail (F), which serve as indicators of overall
student performance within a unit of study [8].
MCQs are particularly effective for assessing the recall
and recognition of factual knowledge and therefore
remain common in disciplines where foundational
understanding is essential [5].

Beyond their role as summative assessment tools,
MCQs are increasingly used to support learning.
Research has shown that incorporating MCQs into
classroom activities can improve engagement and
learning outcomes [2]. Similarly, written justifications
accompanying MCQ responses can encourage
deeper reasoning and conceptual understanding [10].
Improvements in summative assessment performance
have also been reported when MCQs are used as
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formative learning activities during lectures [11].
Collectively, these findings suggest that MCQs can
serve both assessment and learning functions.

The educational value of MCQs, however, has
been the subject of longstanding debate [7]. While
some researchers argue that MCQs provide an
efficient and reliable means of assessing student
knowledge, others suggest that they may inadequately
capture deeper forms of understanding and
higher-order thinking [12, 13]. The relationship
between multiple-choice and constructed-response
assessments has also produced mixed findings.
Some studies report weak relationships between the
two formats, suggesting that they assess different
dimensions of knowledge and performance [14],
whereas others conclude that the two formats largely
measure the same underlying construct [15].

Empirical evidence from economics and science

education further illustrates this complexity.
Kennedy and Walstad examined, from an
economist’'s perspective, how multiple-choice

and constructed-response scores should be combined
in economics testing [16]. Becker and Johnston [17]
found no significant relationship between performance
on multiple-choice and essay-based economics
assessments, concluding that the two formats
evaluate distinct aspects of student learning. Similar
conclusions were reported by Dufresne et al. [18],
who questioned whether one assessment format
could reliably predict performance in another. A
meta-analysis of 67 empirical studies by Rodriguez
found considerable variation in the correlations
reported across the literature and identified stem
equivalence between MCQ and constructed-response
items as a key factor influencing the observed
relationships [19]. These findings suggest that the
educational value of MCQs depends not only on their
format but also on their design and implementation.

22 MCQs in Digital and Online
Environments

Learning

The widespread adoption of online learning
environments has generated renewed interest in
the role of MCQ-based assessments within digital
education. Online assessment systems offer flexibility,
accessibility, and learner autonomy, potentially
increasing student confidence and engagement [4, 20].
Evidence from introductory economics and accounting
courses further demonstrates that the active use of
online MCQ resources is positively associated with
examination performance [21]. These advantages

have contributed to the growing use of MCQs in
online and blended learning environments.

At the same time, assessment performance is
influenced by factors beyond assessment format
alone. Test anxiety and perceived stress have been
shown to affect student performance in online
assessment contexts [22]. Similarly, the self-regulated
learning strategies that students adopt in online
environments—including  time  management,
metacognitive ~monitoring, and help-seeking
behaviours—are systematically associated with
academic achievement [23]. Although these factors
are not directly examined in the present study,
they represent important contextual variables that
should be considered when interpreting assessment
outcomes.

Despite their advantages, MCQs in online
environments are not without limitations. Some
studies report lower performance and higher
withdrawal rates in online courses [24], suggesting
that online MCQs may need to be complemented
with practical or task-based assessments. Other
researchers have highlighted issues such as misleading
distractors, overconfidence, and inflated perceptions of
learning [25-27]. Maintaining student motivation and
engagement in online learning environments therefore
remains a significant challenge [28]. Research further
suggests that differences in self-regulated learning
strategies between online and blended learners are
associated with differences in academic performance,
underscoring the importance of assessment designs
that support varied learning approaches [29].

To address these challenges, online learning
environments increasingly incorporate feedback,
guidance, and interactive learning supports that
help sustain engagement and improve learning
outcomes [30]. Effective assessment design
also requires balancing assessment difficulty
with meaningful measurement of learning [20].
Researchers have further argued that poorly designed
MCQ items may distort student achievement
measures, emphasising the need for rigorous item
analysis and quality assurance procedures [8].
These considerations are particularly relevant
within Educational Data Mining research, where
assessment data are frequently used as indicators of
learning outcomes and predictors of future academic
performance.

Overall, the literature suggests that assessment
performance is influenced not only by assessment type
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but also by the broader learning environment in which
assessment occurs.

2.3 Assessment Design, Higher-Order Learning,
and Educational Data Mining

Recent research has increasingly focused on whether
MCQs can be designed to support higher-order
learning rather than merely assess factual recall. Butler
argues that well-designed MCQs can simultaneously
support learning and assessment objectives when
questions are appropriately targeted and aligned
with intended learning outcomes [6]. Similarly,
Nicol [31] and Wilkie et al. [32] highlight the potential
of MCQs to encourage learner self-regulation and
differentiate student performance across levels of
cognitive complexity.

Despite these advantages, student perceptions do not
always align with educational intentions. Scouller
found that students often associate MCQs with
lower-order cognitive processing and consequently
adopt less sophisticated study strategies when
preparing for such assessments [33]. At the same
time, comparisons between MCQs and Modified
Essay Questions suggest that carefully designed
MCQs can provide reliable measures of factual
knowledge while reducing grading burden and
maintaining consistency [9]. These findings highlight
the importance of assessment design in shaping both
learning behaviour and assessment outcomes.

Consequently,  understanding how different
assessment components contribute to student
outcomes remains an important challenge for both
assessment researchers and learning analytics
practitioners. While the educational literature has
extensively debated the strengths and limitations of
MCQ assessments, considerably less attention has been
devoted to understanding their predictive contribution
to academic performance using Educational Data
Mining techniques. As higher education institutions
increasingly collect large-scale assessment data,
opportunities emerge to apply machine learning and
learning analytics approaches to evaluate the relative
influence of different assessment components on
student success. The present research contributes to
this emerging area by combining assessment analytics
with Al-based classification methods to examine
how MCQ and task-based assessments relate to final
academic outcomes.

88

2.4 Educational Data Mining and Assessment
Analytics

Educational Data Mining and Learning Analytics
provide useful approaches for examining how students
engage with learning activities, assessment tasks, and
academic progression. Recent advances in Machine
Learning (ML) and Al have expanded the capacity
of educators and researchers to analyse large-scale
educational datasets, identify patterns in student
performance, and support evidence-based educational
decision-making. Jordan and Mitchell [34] highlight
the growing role of machine learning in extracting
meaningful insights from complex data, while
Chen and Guestrin [35] demonstrate how scalable
tree-boosting algorithms can efficiently identify
predictive patterns in large, high-dimensional datasets.
Systematic reviews of supervised data mining
techniques applied to student exam performance
prediction further confirm the broad applicability
of such classification approaches in educational
contexts [36]. These methods can support the analysis
of assessment outcomes and provide insights into the
factors associated with student success.

Within assessment analytics, Al-based models can
be used not only to predict student performance
but also to evaluate the relative contribution of
different assessment components. This is particularly
relevant when assessment designs combine MCQs,
task-based assessments, and final examinations.
Hu [37] emphasises the role of Al in evaluating
teaching effectiveness, which aligns with the aim
of using predictive modelling to understand how
assessment structures relate to academic outcomes.
Similarly, research on multiple-choice testing suggests
that data-driven analysis can help clarify how
MCQs contribute to both learning and assessment
outcomes [30].

Many approaches may be used to evaluate the utility
of MCQ-style assessments, ranging from descriptive
statistics to more advanced machine learning
techniques. Machine learning is an interdisciplinary
field that draws on statistics, computer science,
optimisation, and cognitive science to model
patterns in data and support prediction [38, 39].
Systematic reviews confirm that machine learning
models—including ensemble and classification-based
approaches—have made substantial contributions
to student academic performance prediction across
diverse educational datasets [40]. In this study,
classification methods are particularly relevant
because they allow student outcomes to be grouped
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into defined categories based on assessment-related
input features. Supervised classification algorithms
have been widely used to assign observations to
predefined classes, making them suitable for student
performance prediction and grade classification
tasks [41, 42].

In the context of this study, assessment data are treated
not simply as final marks, but as evidence of how
different assessment components contribute to student
performance. By comparing model accuracy and
feature importance across multiple Al classifiers, the
study examines whether MCQ-based assessments,
task-based assessments, and written examination
components differ in their predictive influence on final
grades. This approach supports the broader aims of
EDM by using educational data to inform assessment
design, learning analytics practice, and evidence-based
curriculum improvement.

3 Machine Learning Models for Student

Performance Prediction

Recent advances in ML and AI have created new
opportunities for analysing educational data and
evaluating assessment practices. Educational
Data Mining and Learning Analytics increasingly
employ Al techniques to identify patterns in student
performance, predict academic outcomes, and
support evidence-based decision-making in higher
education [34, 43]. These developments have enabled
researchers to move beyond traditional statistical
analyses and examine complex relationships within
large educational datasets. In the present study,
machine learning techniques are employed to
examine the relationship between MCQ assessments,
task-based assessments, examination performance,
and final student grades. By comparing predictive
accuracy and feature importance across multiple
classifiers, the study seeks to better understand
how different assessment components contribute to
academic success.

3.1 Selection of Classification Models

To investigate the relationship between assessment
components and student outcomes, this study employs
six machine learning classifiers representing different
modelling approaches: Support Vector Machines
(SVM), K-Nearest Neighbours (KNN), Decision Trees
(DT), Extremely Randomized Trees (Extra Trees),
Extreme Gradient Boosting (XGBoost), and Logistic
Regression. These models represent margin-based,
instance-based, tree-based, ensemble, boosting-based,

and statistical classification approaches, respectively.
Comparing predictive performance and feature
importance across these methods provides a basis for
examining whether patterns in the relative predictive
contribution of assessment components are consistent
across different modelling approaches.

Machine learning classification has become one of
the most widely applied approaches for educational
prediction tasks because it enables observations
to be assigned to predefined categories based on
historical patterns within the data [41, 42]. The
classifiers selected for this study have demonstrated
strong performance across a variety of prediction
domains and collectively provide a balanced
comparison of different learning strategies. More
broadly, machine learning methods have been
widely applied to student performance prediction
and related tasks in educational data mining and
learning analytics, illustrating the flexibility of
Al techniques for modelling multidimensional
educational datasets [43].

3.2 Support Vector Machines

Support Vector Machines (SVMs) are among the most
widely used supervised machine learning algorithms
for classification and prediction tasks. Originally
developed by Cortes and Vapnik [44], SVMs construct
an optimal separating hyperplane that maximises
the margin between classes, thereby improving
generalisation performance on unseen data [45]. Their
ability to operate effectively in high-dimensional
spaces has contributed to their widespread adoption
in data mining, pattern recognition, and educational
analytics applications [46].

Previous studies have demonstrated the effectiveness
of SVMs across a wide range of classification
problems, often outperforming alternative methods
when dealing with complex feature interactions [42,
47]. For a binary kernel SVM, the decision function is
expressed as

f(x) :Sign<zaiyiK(XiaX)+b> ; (1)
i1

where x is the input feature vector to be classified,
x; (1 = 1,...,n) are the n training samples (only
the support vectors have o; > 0), «; are the
Lagrange multipliers (support-vector coefficients),
y; € {—1,+1} are the class labels, K-, -) is the kernel
function (for a linear SVM, K(x;,x) = x; x), and
b is the bias term. For multi-class grade prediction,
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binary SVMs are combined through a one-versus-one
or one-versus-rest decomposition. By maximising
the margin between classes, SVMs aim to improve
classification accuracy and reduce overfitting [44].

3.3 K-Nearest Neighbours

K-Nearest Neighbours (KNN) is an instance-based
learning algorithm that classifies observations
according to the characteristics of neighbouring
examples within the feature space. Unlike many
machine learning methods, KNN does not construct
an explicit predictive model during training. Instead,
classification decisions are based on the similarity
between new observations and previously observed
instances.

The principal tuning parameter in KNN is the number
of neighbours, denoted by k. Smaller values of £ may
produce highly flexible decision boundaries, whereas
larger values may oversimplify class distinctions
and reduce predictive sensitivity [48]. Despite its
conceptual simplicity, KNN has demonstrated
effectiveness across numerous classification
applications and remains attractive because of
its adaptability to different data structures [49].

3.4 Decision Trees and Ensemble Tree Methods
3.4.1 Decision Trees

Decision Trees (DTs) are among the most interpretable
machine learning techniques. They recursively
partition data into increasingly homogeneous subsets
using a sequence of decision rules based on predictor
variables. The resulting tree structure provides
a transparent representation of the classification
process, making DTs particularly attractive in
educational research where model interpretability is
important [50].

Each internal node represents a feature-based decision,
branches represent alternative outcomes, and terminal
leaf nodes represent predicted class labels. Although
Decision Trees are easy to interpret, their predictive
performance may decline when data relationships
become highly complex, and they can be prone to
overfitting if not properly controlled.

3.4.2 Extremely Randomized Trees

Extremely Randomized Trees (Extra Trees) is an
ensemble learning method that constructs multiple
decision trees and combines their predictions to
improve generalisation performance. Compared
with conventional decision-tree learning, Extra Trees
introduces additional randomisation during tree
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construction by randomly selecting candidate features
and split thresholds.  The predictions of the
individual trees are then aggregated to produce
the final classification result. This randomisation
can reduce variance and limit overfitting while
retaining the ability of tree-based models to capture
non-linear relationships and interactions among
predictor variables [51].

3.4.3 Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is a
boosting-based ensemble technique that combines
multiple weak learners, typically shallow decision
trees, to create a stronger predictive model. Unlike
Random Forest, which constructs trees independently,
boosting builds trees sequentially, with each new
tree fitted to reduce the residual errors (gradients
of the loss) of the current ensemble. XGBoost
further incorporates regularisation of tree complexity,
shrinkage, and column subsampling, which help
control overfitting and enable efficient training on
large datasets [35]. Through the aggregation of
multiple weak learners, XGBoost often achieves higher
predictive accuracy than individual classifiers and
can capture non-linear relationships and interactions
among predictor variables.

3.5 Logistic Regression

Logistic Regression is a statistical classification model
that estimates the probability that an observation
belongs to each outcome category as a function of the
predictor variables [52]. For a grade outcome y with C'
categories, the multinomial logistic regression model
is

exp(Beo+8. x)
5o e Bjo+B) x)

Ply=c|x)=
2)

where x is the vector of predictor variables, . is the
intercept and 3, is the coefficient vector for category
¢, and the predicted grade is the category with the
highest probability [53].

Because the log-odds are modelled as a linear function
of the predictors, Logistic Regression provides a
transparent statistical baseline against which the
non-linear classifiers can be compared. In the
context of educational assessment analytics, it helps
identify the strength and direction of associations
between assessment components and overall academic
performance.
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3.6 Summary of Selected Models

The machine learning models selected for this
study represent a range of classification approaches
commonly used in predictive analytics. Support Vector
Machines provide a margin-based learning framework
for identifying class boundaries, while K-Nearest
Neighbours uses an instance-based approach in which
observations are classified according to neighbouring
cases in the feature space. Decision Trees provide an
interpretable rule-based structure, whereas Extremely
Randomized Trees use an ensemble of randomised
decision trees to improve generalisation. XGBoost
adopts a sequential boosting strategy in which
successive trees are fitted to improve the current
ensemble. Logistic Regression is included as a
statistical baseline for modelling the relationship
between assessment variables and grade outcomes.

The use of multiple modelling approaches serves two
important purposes. First, it reduces the likelihood
that findings are dependent on the assumptions or
limitations of a single classifier. Second, it enables
a comparison of feature importance across different
learning paradigms, providing a more comprehensive
understanding of how assessment components
contribute to student outcomes. Consistent patterns
observed across multiple classifiers provide stronger
evidence regarding the relative influence of MCQ
assessments, task-based assessments, and examination
performance.

From an Educational Data Mining perspective, the
objective is not only to identify the classifier with the
highest predictive accuracy, but also to understand
the educational significance of the variables driving
model performance. By examining both predictive
capability and feature importance, this study seeks to
determine the extent to which different assessment
components contribute to final grades and whether
MCQ assessments provide comparable predictive
value to task-based assessments. Balancing predictive
performance with explainability reflects an emerging
direction within Educational Data Mining that
encourages transparent and trustworthy Al systems
capable of supporting human-centred educational
decision-making [1].

4 Dataset and Methodology
4.1 Dataset Description

The dataset used in this study was compiled from
undergraduate and postgraduate economics units
offered at Charles Darwin University (CDU) between

2016 and 2019. To obtain individual student
performance on the multiple-choice question (MCQ)
component of examinations, assessment records
were manually extracted from archived paper-based
examinations and institutional grade reports. Only
students who completed a unit and received a final
semester grade were included in the analysis.

Data were collected from sixteen unit offerings
(three economics units delivered across multiple
semesters) during the four-year study period. In total,
2,390 student records were obtained. Following the
inclusion of both original assessment variables and
derived variables, the final dataset comprised 26,698
non-missing attribute values across all records. Table 1
summarises the assessment structure and composition
of the dataset.

Within the analysed units, Assessments 1 and 2
consisted of online MCQ-based quizzes administered
during the semester.  Assessment 3 primarily
comprised task-based assessment activities, while the
final examination was conducted in a face-to-face
setting and included both MCQ and task-based
question components. In this study, a unit refers
to a subject taught over a twelve-week teaching
period at CDU. This assessment structure provided
a suitable environment for investigating the relative
contribution of different assessment formats to final
student outcomes.

4.2 Assessment Structure and Variables

A range of assessment-related variables was used
as input features for the machine learning models.
These variables captured assessment performance,
assessment weighting, unit characteristics, and
examination structure. The complete set of input
variables used in the analysis is presented in Table 2.

The variables included marks obtained in the
two online MCQ assessments, Assessment 1 and
Assessment 2, marks obtained in the task-based
Assessment 3, final examination performance, the
weighting assigned to each assessment component,
and the relative proportion of MCQ questions within
the final examination. Additional contextual variables
included the year of delivery, semester, and unit code.

The target variable for all classification models was
the final grade category awarded to each student.
The objective was to determine the extent to which
individual assessment components contributed to
predicting final academic outcomes and to examine
the relative influence of MCQ-based and task-based
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Table 1. Summary of assessment structures across the analysed units.

Final exam details

Mid-semester test details

Unit Year No. of exam marks Exam weight (%) MCQ portion of exam (%) No. of tests Total weight (%)
Principles of Economics 2016 327 60 40 3 20
2017 292 60 57 3 20
2018 190 50 57 3 20
2019 116 50 20 3 20
Economics for Managers 2016 242 50 20 3 20
2017 185 50 20 3 20
2018 60 50 20 3 20
2018 74 50 40 3 10
Business Economics 2016 154 50 40 3 10
2016 176 50 20 3 10
2017 132 50 40 3 10
2017 78 50 30 3 10
2018 78 50 20 3 10
2018 66 50 20 3 10
2019 132 50 20 3 10
2019 88 50 20 3 10
Total 2,390

Table 2. Input variables used for grade classification.

Input feature

Description

Year
Unit Code
Semester

Assessment 1

Assessment 1
Weight (%)
Assessment 2

Assessment 2
Weight (%)
Assessment 3

Assessment 3

Weight (%)
Final Exam

Exam Weight (%)

MCQ Portion of
Exam (%)

Year of the examination
Code of the unit (subject)
Semester in which the unit
was taught

Marks in online
MCQ-based mid-semester
Assessment 1

Weight of Assessment 1
towards the final grade
Marks in online
MCQ-based mid-semester
Assessment 2

Weight of Assessment 2
towards the final grade
Marks in the task-based
Assessment 3

Weight of Assessment 3
towards the final grade
Written final examination
containing both task-based
and MCQ questions
Weight of the final
examination towards the
final grade

Relative percentage of
MCQs in the written
examination

assessments on student performance.
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4.3 Experimental Design and Model Development

Six machine learning algorithms were employed
to classify student grade outcomes: Decision Tree
(DT), Extremely Randomized Trees (Extra Trees),
K-Nearest Neighbours (KNN), Logistic Regression,
Support Vector Machines (SVM), and Extreme
Gradient Boosting (XGBoost). These models
were selected to represent several complementary
classification paradigms, including margin-based
learning, instance-based learning, tree-based learning,
randomised tree ensembles, gradient boosting,
and statistical classification. Evaluating multiple
modelling approaches provides a more robust basis
for assessing the relative contribution of assessment
components to final grade outcomes.

All models were implemented in Python using
standard machine learning libraries and trained
using the assessment variables described in Table 2.
The dataset was partitioned into training and
testing subsets, allowing model performance to be
evaluated on previously unseen data. Following
model development, feature importance analysis was
conducted to identify the variables contributing most
strongly to grade prediction. Feature importance
values were extracted using the importance measures
available for each classifier and were normalised
within each model so that the most important
feature received a score of 1. This normalisation
facilitates comparison of the relative importance
and ranking of assessment variables within each
classifier. Because feature importance may be derived
differently across modelling approaches, the absolute
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Table 3. Classification accuracy and normalised feature-importance scores for the six evaluated classifiers.

Feature SVM  XGBoost KNN  Extra Trees DT Logistic Regression
Accuracy 96.07%  93.76%  88.45% 87.76% 82.22% 69.75%
Feature importance score

Year 0.006040 0.165060 0.000000  0.090000  0.082280 0.079040
Unit Code 0.000000 0.050930 0.000000  0.067540  0.008730 0.322400
Semester 0.002890 0.128050 0.007320  0.046750  0.041350 0.728090
Assessment 1 0.134520 0.253120 0.090040  0.189430  0.137990 0.000000
Assessment 1 Weight (%)  0.002360  0.000000 0.003660  0.000000  0.000000 0.213950
Assessment 2 0.154230  0.200410 0.089200  0.170080  0.112430 0.044690
Assessment 2 Weight (%)  0.002360 0.000000 0.003660  0.000000  0.000000 0.213950
Assessment 3 0.715190  0.521420 0.660380  0.327630  0.352420 0.018260
Assessment 3 Weight (%)  0.002360 0.799870 0.003660  0.083790  0.055410 0.171390
Final Exam 1.000000 1.000000 1.000000  1.000000  1.000000 0.002720
Exam Weight (%) 0.002360  0.000000 0.003660  0.086300  0.055960 1.000000
MCQ Portion of Exam (%) 0.021020 0.137360 0.106080  0.216070  0.052740 0.116750

normalised scores should not be interpreted as directly
comparable between classifiers. Examining the
feature-importance patterns across multiple classifiers
also improves model interpretability by identifying
assessment variables that consistently emerge as
influential predictors across different modelling
approaches. Such explainable methods have become
increasingly important for ensuring that AI models
remain transparent, interpretable, and practically
useful within educational settings [1]. Related work
in educational data mining has similarly combined
machine-learning prediction with feature-importance
and explainability techniques to identify influential
predictors of student performance while maintaining
predictive accuracy [54, 55]. These studies illustrate
the broader value of interpretable predictive modelling
for identifying influential variables and supporting
evidence-informed educational decision-making.

4.4 Performance Evaluation Metrics

Model performance was primarily evaluated using
classification accuracy, enabling comparison of
predictive capability across all classifiers. In addition
to predictive performance, feature importance scores
were examined to identify the assessment variables
most strongly associated with academic outcomes and
to evaluate the relative contribution of MCQ-based
and task-based assessments to final grade prediction.

5 Results

This section presents the predictive performance of the
evaluated machine learning classifiers and analyses
the relative importance of assessment variables in

predicting final grade outcomes. Classifier accuracy
results are first compared, followed by an examination
of feature importance scores and their implications for
the study’s research questions.

5.1 Classifier Performance Comparison

Table 3 presents the classification accuracies and
normalised feature importance scores obtained from
the evaluated machine learning models. SVM achieved
the highest classification accuracy (96.07%), followed
by XGBoost (93.76%), KNN (88.45%), Extra Trees
(87.76%), and Decision Tree (82.22%). Logistic
Regression produced the lowest accuracy (69.75%).
The superior performance of SVM and XGBoost
suggests that non-linear modelling approaches were
better able to capture the relationships between
assessment variables and student grade outcomes.

Across the higher-performing classifiers, the Final
Exam variable consistently emerged as the most
influential predictor of final grade outcomes, receiving
the highest importance score in the SVM, XGBoost,
KNN, Extra Trees, and Decision Tree models.
Assessment 3, which primarily consisted of task-based
assessment activities, was also identified as one of
the strongest predictors of student performance. The
consistency of these findings across multiple classifiers
suggests that overall examination performance and
task-based assessments play a central role in
forecasting academic outcomes.

In contrast, the feature importance profile produced
by Logistic Regression differed substantially from the
other models. Variables such as Semester and Unit
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Neighbours, (c) Extra Trees, (d) Logistic Regression, (e) XGBoost, and (f) Support Vector Machine.

Code received comparatively high importance scores
despite showing limited predictive relevance in the
higher-performing classifiers. Given that Logistic
Regression also achieved the lowest classification
accuracy (69.75%), these results suggest that the
linear assumptions of the model may not adequately
capture the complex relationships present within
the assessment dataset. Consequently, the feature
importance estimates produced by Logistic Regression
should be interpreted with caution.

5.2 Feature Importance Analysis

Figure 1(a) presents the feature-importance profile
of the Decision Tree classifier. Final Exam and
Assessment 3 emerged as the most influential variables,
indicating that final examination performance and
task-based assessments were the strongest predictors
of final grade outcomes within the Decision Tree
model.

Across most classifiers, Assessment 1 and Assessment
2 exhibited lower importance scores than Assessment
3 and Final Exam, suggesting that online MCQ-based
assessments contributed less strongly to final grade
prediction than task-based assessments and overall
examination performance.

Figure 1(b) presents the feature-importance profile of
the K-Nearest Neighbours (KNN) classifier. Similar to
the Decision Tree model, Final Exam and Assessment
3 received the highest importance scores, suggesting
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that these variables consistently contributed strongly
to grade prediction across different modelling
approaches.

Figure 1(c) presents the feature-importance profile of
the Extra Trees classifier, which achieved an accuracy
of 87.76%. Final Exam and Assessment 3 were the
two most influential predictors, while MCQ Portion
of Exam (%) received greater importance than it did
in several other classifiers. This result suggests that
the written-examination MCQ component contributed
to prediction within the Extra Trees model, although
its influence remained substantially lower than that
of overall examination performance and Assessment
3. Assessments 1 and 2 also contributed to prediction,
but their relative importance was lower.

As shown in Figure 1(d), Logistic Regression achieved
an accuracy of 69.75%. Its feature-importance profile
assigned the greatest importance to Exam Weight (%),
followed by Semester and Unit Code. However, given
the comparatively low classification accuracy achieved
by this model, these feature-importance estimates
should be interpreted cautiously. The substantially
lower importance assigned to most other features
further highlights the distinctive feature-importance
pattern produced by Logistic Regression.

As shown in Figure 1(e), XGBoost achieved the
second-highest classification accuracy, at 93.76%. Final
Exam, Assessment 3 Weight (%), and Assessment 3
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Table 4. Three most influential features identified by each classifier.

Method Feature Feature detail Importance score
SVM Final Exam Written final examination containing both 1.000000
task-based and MCQ questions
Assessment 3 Task-based assessment 0.715190
Assessment 2 Marks in online MCQ-based mid-semester 0.154230
Assessment 2
XGBoost Final Exam Written final examination containing both 1.000000
task-based and MCQ questions
Assessment 3 Weight (%)  Weight of Assessment 3 towards the final 0.799870
grade
Assessment 3 Task-based assessment 0.521420
KNN Final Exam Written final examination containing both 1.000000
task-based and MCQ questions
Assessment 3 Task-based assessment 0.660380
MCQ Portion of Exam (%) Relative percentage of MCQs in the written 0.106080
examination
Extra Trees Final Exam Written final examination containing both 1.000000
task-based and MCQ questions
Assessment 3 Task-based assessment 0.327630
MCQ Portion of Exam (%) Relative percentage of MCQs in the written 0.216070
examination
DT Final Exam Written final examination containing both 1.000000
task-based and MCQ questions
Assessment 3 Task-based assessment 0.352420
Assessment 1 Marks in online MCQ-based mid-semester 0.137990
Assessment 1
Logistic Regression Exam Weight (%) Weight of the final examination towards the 1.000000
final grade
Semester Semester in which the unit was taught 0.728090
Unit Code Code of the unit (subject) 0.322400

were the most influential features identified by the
model, with importance scores of 1.000, 0.800, and
0.521, respectively. These results indicate that final
examination performance, the weighting assigned to
Assessment 3, and performance in the task-based
Assessment 3 contributed strongly to grade prediction
within the XGBoost model. This feature-importance
pattern is consistent with XGBoost’s capacity to
model complex relationships and interactions among
predictor variables.

As shown in Figure 1(f), SVM achieved the highest
classification accuracy, at 96.07%. Final Exam and
Assessment 3 emerged as the dominant predictors,
with importance scores of 1.000 and 0.715, respectively,
while Assessment 2 also contributed to grade
prediction with an importance score of 0.154. These
results further demonstrate the strong predictive
contribution of final examination performance and
task-based Assessment 3 to final grade outcomes.

Table 4 lists the three most influential features
identified by each classifier.

Collectively, the feature importance results
demonstrate a high degree of consistency across
the strongest-performing classifiers. Final Exam
and Assessment 3 repeatedly emerged as the most
influential predictors of final grade outcomes, whereas
Assessment 1 and Assessment 2 generally exhibited
lower importance scores. These findings suggest
that task-based assessments and overall examination
performance contribute more strongly to academic
success than MCQ-based assessments alone.

5.3 Research Question Analysis

5.3.1 Impact of MCQ Components Within Examinations
(RQT)

The feature importance analysis revealed that overall

examination performance was consistently one of

the strongest predictors of final grade outcomes
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across all high-performing classifiers. In contrast,
the variable representing the proportion of MCQ
marks within the examination (MCQ Portion of Exam
(%)) generally received substantially lower importance
scores. This suggests that the predictive contribution
of the examination is driven primarily by its broader
assessment structure rather than by the MCQ
component alone. Given that the final examination
contained both MCQ and task-based questions,
the results indicate that task-based examination
components contributed more strongly to grade
prediction than MCQ components. Because MCQ
Portion of Exam (%) describes the design of each
examination rather than students” marks on the
MCQ items, this inference is indirect and should be
interpreted with caution. These findings suggest that
assessment tasks requiring application, analysis, and
problem-solving may provide stronger indicators of
overall academic achievement than questions focused
primarily on knowledge recall.

5.3.2 Online MCQ Assessments wversus Task-Based
Assessments (RQ2)

Assessment 3 consistently emerged as one of the most
influential predictors of student performance across
nearly all classifiers. Although Assessment 1 and
Assessment 2 appeared among the important variables
in some models, their importance scores were generally
lower than those associated with Assessment 3. Given
that Assessment 3 primarily consisted of task-based
assessment activities, these findings suggest that
task-based assessments provide stronger predictive
signals of final academic performance than online
MCQ assessments.

The results indicate that assessment activities
requiring students to apply knowledge, demonstrate
understanding, and engage in higher-order cognitive
processes contribute more strongly to grade prediction
than assessments focused primarily on MCQ-based
evaluation. This finding supports the value of
incorporating task-based assessments alongside
MCQs when evaluating overall student achievement.

5.3.3 Online and Written MCQ Comparisons (RQ3)

The results suggest that both online MCQ assessments
(Assessments 1 and 2) and the written MCQ
component of the final examination contributed to
grade prediction, although their relative importance
varied across classifiers. In several models, the
online MCQ assessments achieved importance scores
comparable to or higher than the MCQ Portion of Exam
(%) variable, indicating that online MCQ performance
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may provide stronger predictive information than
written MCQ performance alone. However, the
differences were not sufficiently large or consistent
across all classifiers to support a definitive conclusion
regarding the superiority of one delivery mode over
the other.

The observed variation may reflect differences in
assessment context, timing, examination conditions, or
the design of assessment items across delivery formats.
Online MCQ assessments were administered
throughout the semester and may therefore
capture ongoing student engagement and learning
progression, whereas written MCQ components
formed only one part of a larger summative
examination. Consequently, both assessment modes
appear to provide useful information regarding
student performance, although neither demonstrated
the predictive strength observed for task-based
assessments or overall examination performance.
Further research is required to better understand
how assessment delivery modes influence academic
outcomes and the interpretation of learning analytics
data.

6 Discussion

6.1 Interpretation of Findings

The performance of the machine learning classifiers
and their associated feature importance profiles
provide valuable insights into the relationship
between assessment design and academic outcomes.
Across almost all classifiers, Assessment 3 and final
examination performance emerged as the strongest
predictors of final grades, indicating the substantial
predictive contribution of task-based assessments [9].
This finding is further contextualised by evidence that
students tend to adopt surface-level study strategies
when preparing for MCQ examinations [56], which
may limit the depth of learning that MCQ-based
assessments ultimately capture. These findings are
consistent with research suggesting that assessments
requiring application, analysis, and higher-order
cognitive processing may provide stronger indicators
of student achievement than assessments focused
primarily on recall and recognition [8, 57].

Beyond these findings, the consistency of feature
importance across multiple classifiers demonstrates
the value of explainable AI for educational assessment
research. Rather than treating machine learning
models as black-box predictors, feature importance
analysis enables educators to understand which
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assessment components contribute most strongly
to student performance, thereby supporting more
transparent and evidence-informed curriculum
and assessment design. This aligns with recent
perspectives  advocating  interpretable  and
trustworthy Educational Data Mining systems
that balance predictive performance with educational
usefulness [1].

Although common patterns emerged across classifiers,
the variation in feature importance profiles highlights
the complexity of educational assessment data.
Ensemble methods such as XGBoost and Extra Trees
demonstrated strong predictive performance and
identified a broader range of influential variables,
consistent with large-scale comparative evaluations
showing that ensemble classifiers consistently rank
among the strongest performers across diverse
real-world datasets [58], a capacity attributable to their
ability to model complex non-linear interactions [51].
In contrast, Logistic Regression exhibited substantially
lower predictive performance and generated feature
importance patterns that differed from those produced
by the higher-performing classifiers. These differences
highlight the varying assumptions and sensitivities
of machine learning algorithms when applied to
educational datasets [35, 52].

The consistent importance assigned to overall
examination performance and Assessment 3 suggests
that the nature of assessment tasks plays a critical
role in predicting academic outcomes. Assessment
activities requiring students to apply knowledge,
demonstrate understanding, and solve problems
exhibited greater predictive value than MCQ-based
assessments. While online MCQ assessments also
contributed to grade prediction, their influence was
generally weaker than that of task-based assessments.
These findings support the view that balanced
assessment strategies should include opportunities for
both knowledge verification and deeper demonstration
of learning.

Among all evaluated models, SVM achieved the
highest classification accuracy (96.07%). The most
influential variables within the SVM model were
final examination performance, Assessment 3, and
Assessment 2. The dominance of examination
performance and Assessment 3 further reinforces
the importance of assessment activities that evaluate
students” ability to synthesise, apply, and extend
knowledge. The strong performance of SVM is
also consistent with previous research demonstrating

its effectiveness in classification problems involving
complex relationships among predictor variables [42,
47].

While the role of MCQs in the examination context
appears less influential in grade prediction, it would
be remiss not to consider the potential benefits of
well-designed MCQs in reinforcing learning [3, 30].
The nuanced impact of MCQs in online and written
formats warrants further investigation, particularly
given the evolving nature of digital pedagogies and
the increasing prevalence of online assessment [4, 22].

6.2 Implications for Assessment Design

These findings prompt a nuanced consideration
of assessment design and highlight the distinct
contributions of task-based and MCQ assessments
within both formative and summative learning
environments. The results suggest that while MCQs
remain valuable for efficiently assessing foundational
knowledge, task-based assessments appear to provide
stronger indicators of overall student achievement
and higher-order cognitive performance. From a
curriculum design perspective, this supports the
use of balanced assessment strategies that combine
efficient knowledge testing with opportunities
for application, analysis, and problem-solving.
Educational practitioners may therefore benefit from
carefully aligning assessment formats with intended
learning outcomes, ensuring that assessment practices
measure not only knowledge recall but also deeper
learning capabilities.

7 Explainability, = Fairness, and Ethical
Considerations

As artificial intelligence techniques become
increasingly integrated into educational

decision-making and learning analytics systems,
issues of transparency, fairness, and interpretability
become increasingly important.  Although the
objective of this study was not to make automated
decisions regarding individual students, the findings
demonstrate how machine learning models can
identify assessment variables that are strongly
associated with academic outcomes.

Feature importance analysis was therefore included to
improve model interpretability and provide educators
with insight into the factors driving predictions. This
aligns with recent recommendations advocating
Educational Data Mining systems that extend
beyond predictive accuracy by incorporating
transparency, interpretability,  fairness, and
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accountability as fundamental design principles [1].
Such characteristics are particularly important
when AI models may influence educational policy,
assessment practices, or student support decisions.
Nevertheless, caution should be exercised when using
predictive models in educational settings, as historical
assessment data may contain biases associated
with assessment design, student demographics, or
contextual learning factors. Furthermore, student
privacy and responsible use of educational data remain
important considerations when developing Al-driven
learning analytics systems. Consequently, predictive
models should be viewed as decision-support tools
rather than replacements for academic judgement and
pedagogical expertise.

8 Conclusion

This study investigated the extent to which
multiple-choice question (MCQ) assessments reflect
student performance by applying machine learning
classification techniques to assessment data collected
from 2,390 students enrolled across sixteen offerings
of three undergraduate and postgraduate economics
units at Charles Darwin University between 2016
and 2019. Drawing on a dataset comprising 26,698
non-missing attribute values, the study examined
the relative contribution of online MCQ) assessments,
written examination MCQ components, task-based
assessments, and final examination performance in
predicting final grade outcomes.

Among the evaluated machine learning models,
Support Vector Machines (SVM) achieved the
highest classification accuracy (96.07%), followed
by XGBoost (93.76%), indicating the suitability of
non-linear classification approaches for modelling
assessment-performance relationships in higher
education datasets. Feature importance analysis
consistently identified Assessment 3 and final
examination performance as the strongest predictors
of student grades across most classifiers. In contrast,
the MCQ component of examinations generally
exhibited lower predictive importance, suggesting that
task-based assessments provide stronger indicators
of overall academic achievement and higher-order
cognitive performance.

The findings demonstrate that while MCQs remain
valuable tools for efficiently assessing foundational
knowledge and supporting formative learning,
assessments requiring application, analysis, and
problem-solving contribute more strongly to
predicting academic success. These results support
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the adoption of balanced assessment strategies that
combine the efficiency of MCQs with opportunities
for students to demonstrate deeper understanding
through task-based activities.

From an Educational Data Mining perspective,
this research illustrates how machine learning and
explainable Al techniques can be used to evaluate
the relative contribution of assessment components
and provide evidence-based insights into assessment
design. More broadly, the findings support emerging
directions in Educational Data Mining that advocate Al
systems that are not only accurate but also transparent,
interpretable, and capable of supporting trustworthy
educational decision-making [1].

Several limitations should be acknowledged. The
dataset was drawn from a single institution and
a specific disciplinary context, which may limit
the generalisability of the findings. In addition,
because final grades are computed from the weighted
assessment components that also serve as model
inputs, the classification task partly reconstructs
the grading scheme; the feature importance scores
therefore reflect both predictive association and the
assessment weightings, and should be interpreted
accordingly. Future research could extend this work
by incorporating data from multiple institutions and
disciplines, applying additional validation procedures
and evaluation metrics, and exploring more advanced
explainable Al approaches to further understand the
relationship between assessment design and student
success while supporting increasingly transparent and
evidence-informed educational practice.
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