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Abstract— This paper details an approach to identify
multiple-choice questions that are most effective in
discriminating deficiencies in mathematics competencies of
incoming first-year engineering students who are graduates of
the K-12 program that was recently implemented in the
Philippines. To achieve this objective, machine learning
algorithms such as the k-Nearest Neighbors (kNN), Logistic
Regression (LR), Random Forest (RF), Decision Tree (DT), and
Gradient Boosting Machines (GBM) were implemented. From
a question bank containing 1,300 questions covering Algebra
(A), Advanced Algebra (AA), Plane and Spherical
Trigonometry (T), Analytic Geometry (AG), and Solid
Mensuration (SM), five domain experts identified the
suitability of the questions as part of a diagnostic examination
in mathematics. Specifically, using a S-point Likert scale (5
being the highest), the experts rated the suitability of each
question to test the proficiency of a student in 23 mathematics
competencies based on what is prescribed by the Commission
on Higher Education (CHED). The collected survey data were
then used to train the machine learning models, which
extracted patterns to identify the questions that would be most
suitable to test the mathematics competencies of incoming first-
year engineering students. With a precision recall score of
99.90%, the LR model was selected as the best performing
model and analysis of how the LR model predicts the labels
through the use of shap values revealed that the preference was
given towards questions which test student proficiency in
foundational mathematics competencies like that of Algebra
and Analytical Geometry. Overall, these findings provided a
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better understanding of the questions that are most effective in
discriminating student deficiencies in mathematics subjects.

I. INTRODUCTION

The implementation of the Enhanced Basic Education Act
of 2013, as outlined in [1], has prompted higher education
institutions (HEIs) in the Philippines to revise their admission
policies, especially in the engineering baccalaureate programs
they offer. With the mandate to accept K-12 graduates
regardless of track [2], non-STEM students who meet HEI
admission requirements can now pursue engineering
baccalaureates even if their specialization is not aligned to the
degree they are accepted in. This scenario is expected to
result in a large disparity in basic mathematics proficiency
among first-year engineering students. Although no evidence
has been published yet to validate this scenario, prominent
universities in the Bicol Region have shared experiences that
suggest this scenario is already being experienced [3].

Ideally, to address this development, diagnostic tests are
conducted to assess the current mathematics proficiencies of
students who are pursuing a degree in engineering [4].
However, with the implementation of the K-12 curriculum,
these tests are no longer employed since incoming first-year
engineering students are already expected to be proficient in
Algebra (A), Advance Algebra (AA), Plane and Spherical
Trigonometry (T), Analytical Geometry (AG), and Solid
Mensuration (SM) prerequisite competencies. This present
practice is seen to be detrimental to entirety of incoming first-
year engineering students since proficiencies of these
students in prerequisite mathematics competencies are
expected to be highly diversified. For instance, STEM
students are in an advantageous position since these subjects
are part of their graduation requirements, whereas non-STEM
graduates would have little to no exposure to A, AA, T, AG,
and SM subjects since these are not included in their
curriculum [5]-[6]. It is therefore crucial to institutionalize a
diagnostic tool that intend to capture the gaps in the
mathematics competencies of students who wish to pursue an
engineering degree.

To address this problem, this paper presents a systematic
development of a diagnostic examination that can potentially
be institutionalized with the help of machine learning
classification algorithms (MLCA). Using prerequisite
mathematics competencies identified in policies, standards,
and guidelines (PSG) published by the Commission on
Higher Education (CHED) [7]-[12], a pool of 1300 questions



covering A, AA, T, AG, and SM subjects was collected. A
team of five domain experts was commissioned to label
questions that would be effective in discriminating
mathematics deficiencies among incoming first-year
engineering students. The collected data from the assessment
of the experts were then fed to five MLCA for further
analysis. Interpretation of the best-performing MLCA using
shap values revealed that questions testing proficiency in two
mathematics subjects are most preferred to ensure effective
identification of student deficiencies. By utilizing this
substantiated finding, identifying gaps in mathematical
proficiencies among incoming first-year engineering students
that are critical to guarantee the successful completion of
their engineering degree can be more efficiently achieved by
designing a diagnostic assessment tailored to identify
deficiencies in these domain expert-identified critical
subjects.

II. METHODOLOGY

This paper utilized explainable machine learning to
identify multiple choice questions that would be most
discriminatory in identifying student deficiencies in A, AA,
T, AG, and SM subjects. To achieve this objective, the
following MLCA were employed: (1) k-Nearest Neighbors
(kNN), (2) logistic regression (LR), (3) random forest, (RF)
(4) decision tree (DT), and (5) gradient boosting machines
(GBM). Interpretation of how the best performing MLCA
predicts the label of a question was facilitated through the use
of shap values, as in [13]-[16].

A. Collection of Multiple-Choice Questions

Fourteen (14) engineering faculty members willingly
participated in creating a question bank that was initially
developed through a shared cloud drive. Over the course of
three months, they developed 3000 multiple choice questions
covering A, AA, T, AG, and SM subjects, which were stored
in the shared cloud drive. To assess these questions, five (5)
domain experts were commissioned (see Table I for
demographics of the domain experts). Due to limited
resources, however, only 1300 questions (260 for each
subject) were assessed as agreed upon during negotiations
with the experts.

TABLE I. DEMOGRAPHICS OF TAPPED DOMAIN EXPERTS
Demographics Frequency

Average Age (years) 51+12.6

Average Years of Teaching Experience 17+5.5

Courses Taught
College Algebra 5
Plane and Spherical Trigonmetry 4
Advance Algebra 5
Analytical Geometry 4
Solid Mensuration 4
Differential Calculus 4

Demographics Frequency
Integral Calculus 5
Differential Equations 3
Highest Degree Earned
Master’s Degree 4
Doctrate Degree 1

B. Development of Question Assessment Tool

The prerequisite competencies identified in the CHED
PSGs common to engineering programs offered in the
Philippines were used as the basis to assess the suitability of
the pooled questions in identifying mathematics deficiencies
of incoming first-year engineering students [7]-[12].
Specifically, the primary objective of this instrument was to
seek expert opinion on which questions covering A, AA, T,
AG, and SM are most suitable to include in a 50-item
multiple choice diagnostic examination. For instance, the
domain experts were asked to rate using a 5-point Likert
scale (5 being the highest) the suitability of a question to test
the proficiency of a student in the 23 mathematics
competencies itemized under Table II. In addition, at the last
column of the instrument, the experts were asked to label the
questions either as 0 or 1, with 1 indicating that the question
should be included in the diagnostic examination. Reliability
analysis of the instrument revealed a Cronbach’s alpha
coefficient of 0.7485, indicating that the developed
instrument is indeed internally consistent and reliable [17].
Data collected from this survey were then collated as the
arithmetic average of the expert ratings, with the final label
assignment determined as the majority.

TABLEII. IDENTIFIED PREREQUISITE COMPETENCIES
Competency Description of Competency”
Code* P P ¥
Al Simplify and manipulate algebraic expressions
A2 Determine the solution sets of algebraic equations,
- exponential and logarithmic equations; and inequalities
A3 Apply algebraic concepts and techniques to solve word
— problems
Identify the domain and range of a given
A 4 . .
- relation/function
AA 1 Determine the solution sets of inequalities
Determine the solution sets of systems involving
AA 2 .
— quadratics
Apply advance algebra concepts and techniques to
AA 3
- solve word problems
Perform operations and manipulations on matrices and
AA 4 .
- determinants
AA 5 Solve systems of linear equations using matrices and
- determinants
AA 6 Find the sum of elements in arithmetic and geometric
- sequences
T1 Define angles and their measurements using degrees
- and radians
T2 Evaluate the sine, cosine, tangent, cosecant, secant,
- and cotangent functions
T3 Prove the properties and identities of trigonometric
— functions




Cor(r;gzt;ncy Description of Competency”
T 4 Define and evaluate inverse trigonometric functions
TS Solve trigonometric equations
T 6 Solve problems involving right triangles using
- trigonometric function definitions for acute angles
T 7 Solve problems involving oblique triangles by the use
- of the sine and cosine laws
AG 1 Set up equations given enough properties of lines and
- conics
Draw the graph of the given equation of the line and
AG 2 . ; .
- the equation of the conic section
Analyze and trace completely the curve, given their
AG 3 equations in both rectangular and polar coordinates, in
two-dimensional space
SM 1 Calculate the area of plane figures using appropriate
- formulas
Calculate the surface areas and volumes of various
SM 2 . . .
- types of solids using appropriate formulas
SM 3 Dgtermine the volumes and surface areas of solids
- using other methods such as the theorems of Pappus

& A — Algebra; AA — Advance Algebra; T — Plane and Spherical Trigonometry; AG — Analytic
Geometry; SM — Solid Mensuration

b Competency descriptions were taken from approved CMOs [11]-[16].

C. Model Training and Selection Phase

Five MLCA were used to create a machine learning
model that would extract patterns in the survey data
(dataframe with 1300 records containing 24 features,
inclusive of the assigned labels) which would identify
questions most suitable to test the mathematics competencies
of incoming first-year engineering students. Particularly, the
kNN, LR, RF, DT, and GBM classification algorithms, as
implemented in [18]-[19] at default parameters, were used to
identify these patterns. To achieve this objective, 75% of the
data were used as the training and validation set while the
remaining were used as the holdout set. At a proportion
chance criterion of 50.01%, the training data was
substantially balanced, requiring only a 5-split stratified K-
fold for the training and validation phase of the MLCA
models. Finally, the precision-recall (PR) curve was used the
criterion to identify which among the trained MLCAs
performed best to predict the labels in the survey data.

D. Model Interpretation Phase

To gain insights into how the best performing MLCA
predicts the label of a question based on the mathematics
competencies listed in Table II, this study utilized shap
values as implemented in [13]-[16]. Through the calculation
and visualization of these values, this study was able to better
understand the impact of the suitability of a question in
testing the identified mathematics competencies on the label
of the question given by the domain experts.

E. Model Validation Phase

As the final phase of this study, the best performing
MLCA was validated through a pilot-test diagnostic
examination deployed to 141 incoming first-year engineering
students who expressed voluntary participation. Out of a pool
of 641 expert-selected questions, 10 questions for each of the
five identified subjects were randomly selected, resulting in a
50-item multiple choice diagnostic examination. The

diagnostic scores obtained by the participants were then used
to confirm the insights derived from the analysis of how the
best performing MLCA predicts the label of a question.

From a pool of 641 expert selected questions, diagnostic
scores garnered by the participants through a 50-item
multiple choice diagnostic examination (10 questions taken
randomly for each of the five identified subjects) were used
to confirm the insights derived from the interpretation of how
the best performing MLCA predicts the label of a question.

III. RESULTS AND DISCUSSION

A. Mean Expert Ratings of the Collated Data

Analysis of the mean expert ratings grouped by the expert
assigned question labels revealed a clear preference primarily
on Algebra and secondarily to Trigonometry questions. As
shown in Figure 1, it is worth noting that the opinion of
domain experts put emphasis to test A 1, A 2, A 3,and A 4
competencies of incoming first-year engineering students.
This is consistent to what is observed in [20]-[25] and this
finding further solidify the reliability of the data as basis for
determining characteristics of a question that should be
included in the diagnostic examination.
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Figure 1. Barplot of Mean Expert Rating Grouped by Assigned Label.

B. Best Performing Model

Table III presents the precision-recall scores of the trained
MCLA models. Comparison of the training, validation, and
holdout scores revealed that both the Random Forest and
Decision Tree models demonstrate overfitting on the data and
that Logistic Regression was the best performing model.
Tuning of the Logistic Regression model at a C value of 100
further increased its holdout precision-recall score to 99.90%.
At this tuned parameter, this indicated that only 2 out 165 (or
about 1.21%) questions from the holdout data were being
misclassified as false-positives (no false-negatives were
returned by the model). These results strongly support the use
of the trained Logistic Regression model as the basis of



understanding the patterns on how a question is predicted to
be included in the diagnostic examination.

TABLE III. PERFORMANCE OF TRAINED MODELS

Model Training | Validation | Holdout

PR Score | PR Score | PR Score
(%) (%) (%)
k-Nearest Neighbors 95.29 91.31 93.76
Logistic Regression 99.35 98.34 98.77
Random Forest 100.00 95.92 94.75
Decision Tree 100.00 93.42 94.00
Gradient Boosting Machnie 98.19 94.18 92.71

C. Interpretation of Best Performing Model

Interpretation of how the features affect the label
prediction of the best performing model is shown in Figure 2
as a beeswarm plot. Parallel to the findings shown in Figure
I, A 1 and A 3 competencies were identified as the top
predictors of the question labels. As previously observed in
reviewed literature [20]-[25], proficiency in Algebra
competencies is foundational to engineering programs and
these even are identified as markers which predict the
successful completion of an engineering program.
Surprisingly, AG_1 was also identified as one of the top
predictors of the best performing model. While this may not
be conclusive, it may be speculated that proficiency in AG 1
would be highly dependent on the proficiency in A 1. As
seen under Table I, AG 1 is defined as the competency for
setting-up equations of lines and conics. It is therefore
expected that if a student is proficient in AG 1, it would
follow that this student would also be proficient in A 1.
While interplay between these features is already beyond the
scope of this work, it is highly likely that the interplay
between these features could be understood better if analyzed
in the perspective of latent variables.
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Figure 2. Beeswarm Plot of the Feature of the Best Performing Model.

D. Validation of Best Performing Model

To further solidify the insights derived from the
interpretation of the best performing model, this study found
it necessary to validate the applicability of the model selected
questions as a diagnostic examination. As shown in Figure 3,
results indicated that the majority of the participants garnered
diagnostic scores that are less than 50%. Comparing the
means of this result with the means of the collective
mathematics grade the participants garnered in both their
junior and senior high years (mean grade of 83.24 + 4.8 and
p-value that is less than 0.0001 using Welch’s T-statistic), it
can be inferred that the participants is expected to
demonstrate gaps in the identified prerequisite competencies.
It is also interesting to note that STEM and non-STEM
participants have almost the same median scores. This
finding may also indicate the need to implement intervention
programs not only to non-STEM enrollees but also to STEM
enrollees. While this work acknowledges that additional
researches may be needed to further validate the arguments
presented in this study, it is hoped that these would serve as a
baseline or point of comparison to future researches in this
area.
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Figure 3. Results of Diagnostic Examination.

E. Practical Implications of Findings

The trained model in this study offers a valuable decision-
making tool for engineering faculty that is aimed at
simplifying the question selection process and providing a
more informed basis for decisions regarding the inclusion or
exclusion of a question based on its rating. This described
value is demonstrated in Figure 4 and Figure 5, which show
how the trained model determines the suitability of a question
by including or excluding it based on its ratings. Specifically,
the model identifies questions that test for proficiency in
specific mathematics competencies, such as A 3, AG_1, and
A 1, providing a clear guideline for question selection and
revision. In addition, these force-plots provide a
straightforward way for faculty to determine which questions
should be included in diagnostic examinations, without the
need for time-consuming item analysis. Overall, the trained
model has the potential to enhance the effectiveness and
impact of assessments of mathematics competencies in first-
year engineering students.
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Figure 4. Force-plot of an Included Question.
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Figure 5. Force-plot of an Included Question.

IV. FUTURE WORK

As the field of technology continues to rapidly advance,
including the emergence of revolutionary technologies such
as ChatGPT [26], it is important to recognize that the
machine learning model developed in this study must be
transformed into an engaging and reliable data product in
order to effectively support engineering faculty who are
seeking to integrate artificial intelligence into their teaching
methods. As a recommendation for future work, this study
suggests packaging the question selection process as a GPT
model problem to significantly enhance its usability and
deployability to target users. However, like that of ChatGPT,
it is highly crucial to thoroughly evaluate and test the
efficacy of this approach prior to deploying this on a larger
scale.
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