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Abstract—In this research, we combine machine learning and
Monte Carlo simulation to estimate the probability that Systems
Engineering students at the University of Córdoba fail to attain
the relational level of the Structure of the Observed Learning
Outcomes (SOLO) taxonomy in mathematics courses. Attainment
of this level indicates the ability to integrate mathematical concepts
and techniques in order to solve engineering problems. Logistic
Regression is employed to model this probability using measures of
student self-efficacy. Because the available dataset provides only
limited coverage of the input space, Monte Carlo simulation
is used to generate additional student profiles and evaluate
counterfactual intervention scenarios aimed at improving self-
efficacy. The results indicate that the baseline probability of failing
to attain the relational level is 56.94%. Among the individual
interventions considered, reducing mathematics anxiety yields
the largest reduction in this probability, followed by strengthen-
ing mastery-learning beliefs and improving perceived teaching
support. The simultaneous implementation of all interventions
produces the greatest effect, reducing the estimated probability to
47.69%. These findings suggest that the combination of machine
learning and Monte Carlo simulation provides a computational
framework for evaluating educational interventions prior to their
implementation and supports evidence-based decision-making in
engineering education.

Keywords-machine learning; logistic regression; support vector
machines; Gaussian processes for classification; educational data
mining; Monte Carlo method; learning outcomes.

I. INTRODUCTION

Learning applied mathematics is challenging across educa-
tional levels, from elementary education to postgraduate study.
This difficulty stems from both the formal nature of mathem-
atics and the complexity involved in translating real-world
situations into mathematical representations. Consequently,
engineering students often experience difficulties in integrating
concepts, techniques, and methods when addressing problems
within their respective fields, such as industrial, electrical, and
mechanical engineering.

This research was conducted within the Bachelor’s pro-
gramme in Systems Engineering at the University of Córdoba,
Colombia, where an Outcome-Based Education (OBE) ap-
proach is integrated with the Structure of the Observed Learning
Outcomes (SOLO) taxonomy. Within this framework, learning
achievement is classified into five levels according to the grade
scale [0, 5], as follows:

i) Prestructural (0.0–2.0): The student has not yet demon-
strated an understanding of the key concepts.

ii) Unistructural (2.1–2.9): The student demonstrates an under-
standing of a single aspect of the task.

iii) Multistructural (3.0–3.7): The student demonstrates an
understanding of several aspects of the task, although these
are not yet integrated.

iv) Relational (3.8–4.5): The student is able to integrate
multiple aspects of the task into a coherent whole.

v) Extended Abstract (4.6–5.0): The student demonstrates a
deep understanding of the underlying concepts and is able
to apply them in novel contexts.

A student is deemed to have passed an assessment upon
achieving at least the multistructural level, corresponding to a
grade of 3.0 or higher. Similarly, progression within a course
requires a final grade of at least 3.0. However, the development
of effective engineering problem-solving skills is generally
associated with the relational and extended abstract levels,
particularly in mathematics-related courses.

Accordingly, the first objective of this research is to estimate
the probability that a student fails to attain at least the relational
level in mathematics as a function of self-efficacy, defined as
an individual’s belief in their capability to perform actions
required to achieve a particular outcome [1]. Self-efficacy is
shaped by several sources, including mastery experiences, social
modelling through the observation of peers, social persuasion
such as instructor feedback, and emotional and motivational
states.

Regarding the mathematical notation, let D = {(xi, yi)}Mi=1

be a dataset comprising observations of students’ self-efficacy
perceptions and their performance in engineering mathematics.
The ith student is represented by a real-valued D-dimensional
feature vector xi ∈ X ⊆ RD, whose jth component corres-
ponds to a particular self-efficacy attribute. For example, xij

may represent the extent to which the ith student believes they
can successfully solve most mathematics problems during an
assessment.

The corresponding target variable is defined as yi = 1 if the
ith student failed to attain the relational level, as determined by
the mean grade obtained in previous mathematics courses, and
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yi = 0 otherwise. Here, M denotes the number of observations
in the dataset.

Given a new student represented by the feature vector xk,
the objective is to estimate the probability P (ŷk = 1 | xk),
where ŷk = 1 indicates that the model predicts the student will
fail to attain the relational level. Here, xk denotes the input
vector, while yk and ŷk represent the observed and predicted
outcomes, respectively.

A further objective of this research is to estimate the
probability of failing to attain the relational level under a
range of hypothetical interventions designed to reduce this risk.
To this end, we pondered the following research questions:
i) How would this probability change if students perceived

greater teaching support?
ii) How would this probability change if mathematics anxiety

were reduced?
iii) How would this probability change if mastery confidence

were increased?
iv) How would this probability change if greater teaching sup-

port, reduced mathematics anxiety, and increased mastery
confidence were considered simultaneously?

To address the two objectives outlined above, a dataset
comprising 93 observations and 26 variables was collected
(i.e., M = 93 and D = 26).

Several machine learning methods were evaluated for es-
timating the probability that a student xk fails to attain the
relational level, that is, P (ŷk = 1 | xk). Across the 10-fold
cross-validation experiments, Logistic Regression achieved the
highest accuracy among the methods considered. A similar
pattern was observed for precision.

Finally, the Monte Carlo method is employed to simulate
the proposed intervention scenarios and thereby address the
research questions outlined above. According to the simulation
outcomes, the baseline probability of failing to attain the
relational level in mathematics is estimated at 57.94%. The
simulation results suggest that this estimate decreases to
54.54% under improved teaching support, 53.64% under
reduced mathematics anxiety, and 53.99% under increased
mastery confidence. The largest reduction is observed when
all three interventions are considered simultaneously, yielding
an estimated probability of 47.69%.

The remainder of the paper is organised as follows. Sec-
tion II reviews the relevant literature, Section III describes the
methodology, and Sections IV and V present the results and
discussion. Section VI concludes the paper.

II. PRIOR RESEARCH

Educational data mining methods have been widely
employed to predict student dropout, delayed gradu-
ation [2][3][4], and the risk of course failure or with-
drawal [5][6][7][8][9][10][11][12][13][14]. In contrast, we
examine the relationship between self-efficacy and engineering
students’ attainment of the relational level in mathematics,
which reflects their ability to integrate mathematical concepts
and apply them to problem-solving tasks within the SOLO
framework.

Self-efficacy, introduced by Albert Bandura in 1986, refers to
an individual’s belief in their capability to successfully achieve
a particular level of performance [1].

The relationship between self-efficacy and mathem-
atics has been extensively investigated in the literat-
ure [15][16][17][18][19][20]. Similar associations have also
been reported for reading skills [21].

Several of these studies have focused on mathematics at
the undergraduate level [15][16][20], whereas others have
examined self-efficacy in middle and secondary school set-
tings [17][18][19].

Our research differs from prior one in three principal
respects.

First, the questionnaire employed in our research captures
broader beliefs regarding mathematical self-efficacy, rather
than focusing on task-specific skills such as histogram con-
struction [20].

Second, the relationship between self-efficacy and the out-
come variable is formulated in our research as a classification
problem, whereas previous studies have typically adopted
a regression framework. In addition, our analysis is based
on an educational process extending over at least two and
a half years, reflecting the period during which students
might complete the core mathematics curriculum. Our research
further combines empirical observations with simulation to
investigate intervention scenarios that would be difficult to
evaluate experimentally because of the time, resources, and
ethical considerations involved.

Third, our analysis focuses specifically on engineering math-
ematics, thereby providing a more clearly defined application
context than that considered in related recent work [20].

A similar combination of machine learning and Monte Carlo
methods has previously been employed to analyse the risk of
failing physics courses [22][23] and student demotivation in
scientific computing [24][25].

Logistic Regression and the Monte Carlo method have been
applied to estimate the risk of failing physics courses based
on students’ academic progress during a semester [23]. This
work extends an earlier study in which Monte Carlo simulation
alone was used for the same purpose on a smaller dataset [22].
In that context, student progress is measured using at most
two grades, making visualisation feasible. By contrast, our
research considers a multivariate input space comprising more
than three input variables. Consequently, both studies combine
predictive modelling and Monte Carlo simulation, although we
additionally evaluate Gaussian Processes and Support Vector
Machines alongside Logistic Regression.

Prior research has also combined regression models with
Monte Carlo simulation to analyse the risk of student demotiv-
ation within a multivariate setting [24][25]. While both lines
of research employ supervised learning methods, our research
addresses a classification problem, whereas the aforementioned
studies focus on regression.

The Monte Carlo method has also been applied to predict
student performance in engineering, medical, and mixed student
cohorts, where it was found to outperform linear regression,
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particularly in capturing non-linear grade transitions and
stochastic variability [26].

To our knowledge, the combination of methods adopted in
our research has not previously been applied to investigate
the relationship between self-efficacy and the probability of
attaining the relational level in engineering mathematics.

III. RESEARCH METHODOLOGY

In this research, supervised machine learning methods were
used to estimate the probability that the kth student fails to
attain the relational level in mathematics, which is denoted as
P (ŷk = 1 | xk). The analysis considered probabilistic classifi-
ers, including Logistic Regression and Gaussian Processes [27],
together with Support Vector Machines. Although Support
Vector Machines do not provide probabilistic outputs inherently,
their predictions might be calibrated to yield probability
estimates [28]. Further details of these methods may be found
in [29][30].

A dataset was collected at the beginning of 2026 to train
the models described above. The corresponding questionnaire
was designed such that its items represented the input variables
included in the dataset. Responses were recorded on a Likert
scale ranging from 0 (strongly disagree) to 5 (strongly agree).

The questionnaire was administered to 93 students enrolled
between the fifth and eighth semesters of the programme, which
is designed to be completed over 10 semesters. Participant
identities were anonymised prior to analysis. Table I presents
the questionnaire and the correspondence between its items
and the 26 input variables of the models, represented by the
components of the vector xi, for i = 1, . . . , 93.

The target variable is derived from the mean grade obtained
across the core mathematics courses of the programme, namely
Calculus I (Differential Calculus), Calculus II (Integral Calcu-
lus), Calculus III (Vector Calculus), Differential Equations, and
Linear Algebra. The distribution of the average grades used
to define the target variable is presented in Figure 1, while
Figure 2 shows the resulting class distribution.

As the dataset is not perfectly balanced, model performance
is evaluated using stratified 10-fold cross-validation. This
procedure partitions the data into 10 folds, enabling model
training and evaluation across 10 iterations. The distribution of
records within each test fold is reported in Table II. Prior to
model fitting, all input variables are standardised by centring
them to zero mean and scaling them to unit variance.

Within the collected dataset, the proportion of students who
failed to attain the relational level is 56.99%, corresponding
to P (y = 1) = 56.99%. However, Figure 3 shows that the
input variables do not uniformly cover the input space, with
some values unobserved in the available data. For example, the
variables xi,1, xi,2, xi,3, and xi,15 never take the value 2. To
explore regions of the input space that are sparsely represented
or absent from the observed dataset, the Monte Carlo method
is employed [31], assuming a multivariate normal distribution
for the input variables.

The second objective of the research is addressed by
estimating the probability that students fail to attain the

Figure 1. Histogram of the students’ Average Grade obtained in mathematics
courses

Figure 2. 53 out of 93 students (57%) did not reach the relational level in
mathematics

relational level under a range of intervention scenarios. To
this end, the Monte Carlo method is employed to simulate the
implementation of these interventions.

Formally, the estimation of P (ŷ = 1) requires the evaluation
of the following integral:

P (ŷ = 1) =

∫
X
P (ŷ = 1 | x)P (x)dx. (1)

As the integral cannot be evaluated analytically, the Monte
Carlo method is employed to approximate it. To this end, a
matrix X ∈ RN×D is generated, whose rows correspond to
samples drawn from a multivariate normal distribution with
zero mean and covariance matrix S. The zero-mean assumption
reflects the prior standardisation of the input variables. Here,
N denotes the number of generated samples and D the number
of input variables.
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TABLE I. DESCRIPTION OF THE DATASET COLLECTED IN THIS RESEARCH

Input
Variable

Question Mean Standard Deviation Minimum Value Maximum Value Mode Median

xi,1 I can successfully solve most of the
mathematics problems assigned to me.

3.65 0.71 2.00 5.00 4.00 4.00

xi,2 If I try hard enough, I can complete even
difficult mathematics tasks.

4.23 0.69 2.00 5.00 4.00 4.00

xi,3 I can learn new mathematics topics
without needing constant help.

3.62 0.83 2.00 5.00 4.00 4.00

xi,4 When I make mistakes in mathematics, I
can identify them and improve.

3.96 0.70 3.00 5.00 4.00 4.00

xi,5 I am confident in my ability to understand
complex mathematical concepts.

3.63 0.88 1.00 5.00 4.00 4.00

xi,6 I often have difficulty successfully com-
pleting mathematics problems.

3.09 0.95 1.00 5.00 3.00 3.00

xi,7 Compared with most of my classmates,
I am able to achieve good results in
mathematics.

3.43 0.74 2.00 5.00 3.00 3.00

xi,8 I learn mathematics as quickly as other
students in my class.

3.60 0.88 2.00 5.00 4.00 4.00

xi,9 Seeing other students succeed in math-
ematics increases my belief that I can
succeed as well.

4.19 0.95 1.00 5.00 5.00 4.00

xi,10 When other students understand mathem-
atics faster than I do, I begin to doubt my
own ability.

2.54 1.17 1.00 5.00 3.00 3.00

xi,11 I feel that my mathematical ability is
inferior to that of most of my classmates.

2.58 1.08 1.00 5.00 3.00 3.00

xi,12 My teachers believe that I can succeed in
mathematics.

3.60 0.87 1.00 5.00 3.00 4.00

xi,13 When my teacher encourages me, my
confidence in mathematics increases.

4.11 0.90 1.00 5.00 5.00 4.00

xi,14 Positive feedback about my work in
mathematics strengthens my belief in my
ability.

4.22 0.81 1.00 5.00 4.00 4.00

xi,15 When I receive negative feedback in math-
ematics, I begin to doubt my competence.

2.70 1.20 1.00 5.00 3.00 3.00

xi,16 I feel supported by my teacher in devel-
oping my mathematical skills.

3.65 1.01 1.00 5.00 3.00 4.00

xi,17 I feel calm when solving mathematics
problems.

3.78 0.96 1.00 5.00 3.00 4.00

xi,18 I become anxious when mathematics prob-
lems are very challenging.

3.44 1.09 1.00 5.00 3.00 3.00

xi,19 I feel overwhelmed when I face difficult
mathematics topics.

3.29 1.19 1.00 5.00 3.00 3.00

xi,20 I feel confident even when working with
unfamiliar mathematical material.

2.94 0.97 1.00 5.00 3.00 3.00

xi,21 Even relatively simple mathematics tasks
can make me feel stressed.

2.38 1.06 1.00 5.00 2.00 2.00

xi,22 I enjoy solving challenging mathematics
problems.

3.14 1.10 1.00 5.00 3.00 3.00

xi,23 I believe mathematics is important for
becoming a successful systems engineer.

4.22 0.81 2.00 5.00 5.00 4.00

xi,24 I study mathematics only to obtain good
grades.

2.98 1.11 1.00 5.00 3.00 3.00

xi,25 I study mathematics only to fulfil the
requirements for obtaining the Systems
Engineering degree.

2.94 1.06 1.00 5.00 3.00 3.00

xi,26 I feel curious about learning mathematics. 3.63 1.03 1.00 5.00 4.00 4.00
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The multivariate normal distribution is assumed in order to
preserve the dependence structure among the input variables.
For example, variables xi,18 and xi,21 are expected to be
statistically dependent because both relate to the anxiety
experienced by the ith student.

This assumption is motivated by the mathematical tractability
of the multivariate Gaussian distribution and its ability to repres-
ent relationships among variables through the covariance matrix
S. Consequently, the dependence structure of the input variables
is approximated using a latent multivariate Gaussian model
parametrised by the empirical covariance matrix. Although this
approximation might not possibly capture every aspect of the
observed dependence, it provides a computationally efficient
and statistically reasonable basis for Monte Carlo simulation.

The integral introduced above is approximated using Monte
Carlo integration:

P (ŷ = 1) ≈ 1

N

N∑
i=1

P (ŷi = 1 | Xi,:), (2)

where Xi,: denotes the ith row of the matrix X .
The evaluation of a policy π leads to the conditional

probability

P (ŷ = 1 | π) =
∫
X
P (ŷ = 1 | x, π)P (x | π)dx. (3)

This quantity is estimated by Monte Carlo simulation after
fixing selected variables to values consistent with the policy
under consideration. The resulting approximation is given by

P (ŷ = 1 | π) ≈ 1

N

N∑
i=1

P (ŷi = 1 | Xi,:, π). (4)

To simulate improved teaching support, variables X:,12,
X:,13, X:,14, X:,15, and X:,16 are fixed at their respective
75th percentiles, namely 0.44, 0.97, 0.96, 0.33, and 0.33.

To simulate reduced mathematics anxiety, variables X:,17

and X:,20 are fixed at their 75th percentiles (1.31 and 0.01,
respectively), whereas variables X:,18, X:,19, and X:,21 are
fixed at their 25th percentiles (−0.37, −0.24, and −0.38,
respectively).

To simulate increased mastery confidence, variables X:,1,
X:,2, X:,3, X:,4, and X:,5 are fixed at their 75th percentiles
(0.55, 1.22, 0.39, 0.8, and 0.44, respectively), while X:,6 is
fixed at its 25th percentile (−1.19).

Finally, the simultaneous implementation of all interventions
is simulated by fixing the corresponding variables according
to the specifications described above.

IV. THE RESEARCH RESULTS

The evaluation results suggest that Logistic Regression
achieves higher accuracy and precision than both Support
Vector Machines (SVMs) and Gaussian Processes (GPs)
(Table III). A plausible explanation is the relatively small
sample size in relation to the dimensionality of the input
space. With only 93 records and 26 input variables, more

TABLE II. 10-FOLD CROSS-VALIDATION SETTING FOR THE DATASET

Fold Number of Examples Number of Examples
for Fitting the Model for Testing

Positive Negative Total Positive Negative Total
1 47 36 83 6 4 10
2 47 36 83 6 4 10
3 47 36 83 6 4 10
4 48 36 84 5 4 9
5 48 36 84 5 4 9
6 48 36 84 5 4 9
7 48 36 84 5 4 9
8 48 36 84 5 4 9
9 48 36 84 5 4 9
10 48 36 84 5 4 9

flexible non-linear models are likely to be more susceptible
to overfitting, whereas Logistic Regression provides a simpler
decision boundary that might generalise more effectively under
limited-data conditions.

Furthermore, Logistic Regression is particularly suitable
when the relationship between the input variables and the
log-odds of the target variable can be approximated linearly.
Under such conditions, the model typically exhibits lower
variance and greater interpretability than more flexible non-
linear alternatives.

The results reported in Table III correspond to the hyperpara-
meter configurations selected through stratified 10-fold cross-
validation. All models were implemented using the scikit-learn
library [32].

For SVMs, the best-performing polynomial kernel had degree
one and was therefore equivalent to the linear kernel, which
explains the identical results obtained with both kernels. The
regularisation parameter C was 7.8×10−3 for the linear kernel
and 0.25 for the polynomial kernel. For the sigmoid kernel, the
optimal values of C and γ were 0.5 and 1.6×10−2, respectively.
When the radial basis function (RBF) kernel was employed,
the corresponding values were C = 2 and γ = 1.9× 10−3.

For Gaussian Processes, the best-performing configuration
consisted of the sum of two kernels: an RBF kernel scaled by
3.1× 10−3 with length scale equal to 1, and a Matérn kernel
scaled by 1.9 × 10−3 using the same length scale. For the
Rational Quadratic kernel, the length scale and shape parameter
α were 1.5× 10−2 and 1.9× 10−3, respectively.

The fold-wise results obtained for Logistic Regression during
the 10-fold cross-validation procedure are reported in Table IV.
The model achieved an average accuracy of 72.22% and an
area under the receiver operating characteristic (ROC) curve of
0.72 (Figure 4), indicating performance substantially better than
random classification. In addition, the recall of 91% corresponds
to the correct identification of 48 out of 53 positive instances,
as shown in the confusion matrix reported in Table V.

The regularisation parameter of the Logistic Regression
model was selected using the elbow criterion illustrated in
Figure 5. The comparison reported in Table III was conducted
using λ = 2× 10−2.

After fitting the Logistic Regression model to the complete
dataset using the selected regularisation parameter, Monte Carlo
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Figure 3. Histogram for each input variable
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TABLE III. 10-FOLD CROSS-VALIDATION RESULTS

Machine Mean Mean Mean Mean
Learning Precision (%) Recall (%) F1 Score Accuracy (%)
Model (%)
LR 70.32 91.00 78.94 72.22
SVM+Lin 67.33 96.33 79.00 70.11
SVM+Sig 68.00 96.33 79.50 71.11
SVM+Pol 67.33 96.33 79.00 70.11
SVM+RBF 67.33 96.33 79.00 70.11
GP+RQ 68.83 92.67 78.59 71.00
GP+DP 69.86 65.67 66.82 63.33
GP+M+RBF 69.04 83.00 74.80 68.78
GP+M 68.14 83.00 74.16 67.67
GP+RBF 69.39 84.67 75.68 69.78

In this research, we have adopted Logistic Regression (LR), Support Vector
Machines (SVM) with Linear (SVM+Lin), Sigmoid (SVM+Sig), Polynomial
(SVM+Pol), and Radial Basis Function (SVM+RBF) kernels. Additionally, we
employed Gaussian Processes (GP) for classification with Rational Quadratic
(GP+RQ), Dot Product (GP+DP), Matern (GP+M), and Radial Basis Function
(GP+RBF) Kernels.

TABLE IV. 10-FOLD CROSS-VALIDATION RESULTS CORRESPONDING TO
THE LOGISTIC REGRESSION MODEL

Fold Precision (%) Recall (%) F1 score (%) Accuracy (%)
1 71.43 83.33 76.92 70.00
2 71.43 83.33 76.92 70.00
3 62.50 83.33 71.43 60.00
4 62.50 100.00 76.92 66.67
5 83.33 100.00 90.91 88.89
6 71.43 100.00 83.33 77.78
7 80.00 85.71 80.00 77.78
8 71.43 100.00 83.33 77.78
9 62.50 100.00 76.92 66.67
10 66.67 80.00 72.73 66.67
Mean 70.32 91.00 78.94 72.22

Figure 4. Receiver Operating Characteristic (ROC) curve for the Logistic
Regression model

TABLE V. CONFUSION MATRIX ILLUSTRATING THE PERFORMANCE OF
LOGISTIC REGRESSION MODEL

Forecasted Class
True Class ŷi = 0 ŷi = 1 Total
yi = 0 19 21 40
yi = 1 5 48 53
Total 24 69 93

Figure 5. Elbow rule used to select the regularisation parameter for the
logistic regression model

TABLE VI. MONTE CARLO SIMULATION OUTCOMES

Policy π Probability of Failing 95 % CI Standard
to Reach the Relational
Level (%)

Error

Without Policy P (ŷ = 1) = 56.94 [56.80, 57.06] 6.5 × 10−4

Teaching Support P (ŷ = 1 | π) = 54.54 [54.23, 54.56] 6 × 10−4

Anxiety
Reduction

P (ŷ = 1 | π) = 53.64 [53.52, 53.75] 8.1 × 10−4

Mastery Learning P (ŷ = 1 | π) = 53.99 [53.89, 54.10] 5.2 × 10−3

All Previous
Policies P (ŷ = 1 | π) = 47.69 [47.55, 47.82] 7 × 10−3

CI stands for Confidence Interval

simulation was employed to explore a broader region of the
input space. The resulting estimates are reported in Table VI.
All intervention scenarios reduce the probability of failing to
attain the relational level. Among the individual interventions,
anxiety reduction yields the largest decrease in this probability,
whereas the simultaneous implementation of all interventions
produces the greatest overall reduction.

The distributions shown in Figures 6–10 are consistent with
the estimates reported in Table VI. In particular, Figure 6,
corresponding to the baseline scenario, exhibits a distribution
centred at higher predicted probabilities than the intervention
scenarios. By contrast, Figure 10, which corresponds to the
simultaneous implementation of all interventions, is centred at
lower predicted probabilities, indicating the lowest estimated
risk of failing to attain the relational level. Furthermore, the
Monte Carlo estimates exhibit convergence in all scenarios, as
illustrated in Figures 11–15.

V. ANALYSIS OF THE RESULTS

In this section, the performance of the classification models
is analysed and the implications of the Monte Carlo simulation
results are discussed.

The precision and accuracy of the classifiers are below 80%,
suggesting that the predictive information contained in the
dataset is limited, albeit still informative, as both metrics exceed
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Figure 6. Distribution of probabilities P (ŷi = 1 | xi) obtained from the
simulation without a policy.

Figure 7. Distribution of probabilities P (ŷi = 1 | xi) obtained from the
simulation for the application of the teaching support policy.

Figure 8. Distribution of probabilities P (ŷi = 1 | xi) obtained from the
simulation for the application of anxiety reduction policy.

Figure 9. Distribution of probabilities P (ŷi = 1 | xi) obtained from the
simulation for the application of mastery learning policy.

Figure 10. Distribution of probabilities P (ŷi = 1 | xi) obtained from the
simulation for the application of all policies.

60%. Furthermore, the recall of Logistic Regression and the
other models exceeds 90%, indicating that most students who
are unlikely to attain the relational level are correctly identified.
In this context, failing to identify a struggling student may have
more serious consequences than providing additional support
to a student who may not strictly require it.

The moderate predictive performance of the models is
reflected in the distributions shown in Figures 6–10. Mod-
els with greater discriminative power might produce more
polarised distributions, concentrating probability mass closer
to the extremes. Nevertheless, such levels of uncertainty are
not uncommon in educational psychology research, where
human perceptions and behaviours are often characterised by
substantial variability.

The combination of machine learning and Monte Carlo
simulation provides a virtual environment for evaluating educa-
tional interventions without the time and resource requirements
associated with large-scale experimental studies. Notably, the
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Figure 11. The simulation converges to the expected probability
P (ŷ = 1) = 56.94% when no policy is applied as N = 51, 200, with a
standard error of 6.5× 10−4. The result lies within the 95% confidence

interval of [56.80, 57.06].

Figure 12. The simulation converges to the expected probability
P (ŷ = 1 | π) = 54.54% when teaching support policy is applied as

N = 51, 200, with a standard error of 6× 10−4. The result lies within the
95% confidence interval of [54.23, 54.56].

probability estimated under the baseline simulation is very
close to the empirical proportion of students who failed to
attain the relational level in the observed dataset. Specifically,
|P (ŷ = 1)− P (y = 1)| = |56.94− 56.99| = 0.05.

The small discrepancy between these values suggests that
the multivariate Gaussian assumption provides a reasonable
approximation for the purposes of simulation.

Despite these encouraging results, further research is required
to improve predictive performance and strengthen the validity
of the proposed framework. In particular, collecting a larger
dataset and investigating lower-dimensional representations of
the input space may improve model robustness and predictive
accuracy.

Figure 13. The simulation converges to the expected probability
P (ŷ = 1 | π) = 53.64% when anxiety reduction policy is applied as

N = 51, 200, with a standard error of 8.1× 10−4. The result lies within the
95% confidence interval of [53.52, 53.75].

Figure 14. The simulation converges to the expected probability
P (ŷ = 1 | π) = 53.99% when mastery learning policy is applied as

N = 51, 200, with a standard error of 5.2× 10−3. The result lies within the
95% confidence interval of [53.89, 54.10].

The simulation outcomes provide evidence that might assist
decision-makers in prioritising interventions aimed at helping
students attain at least the relational level in engineering
mathematics. Within the context of the present study, reducing
mathematics anxiety appears to yield the largest individual re-
duction in risk, followed by increasing mastery confidence and
improving teaching support. The greatest reduction is achieved
when all interventions are implemented simultaneously.

VI. CONCLUSION AND FUTURE WORK

In summary, the Monte Carlo simulations estimate that the
probability of failing to attain the relational level in mathematics
courses within the Bachelor of Systems Engineering programme
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Figure 15. The simulation converges to the expected probability
P (ŷ = 1 | π) = 47.69% when all policies are applied as N = 12, 800, with

a standard error of 7× 10−3. The result lies within the 95% confidence
interval of [47.55, 47.82].

at the University of Córdoba is 56.94% (95% CI: [56.80,
57.06]).

The simulation of improved teaching support reduces this
probability to 54.54% (95% CI: [54.23, 54.56]). This result
suggests that students’ perceptions of instructional support
might play a relevant role in their ability to attain relational-
level understanding. In particular, practices that strengthen
students’ confidence and provide constructive feedback may
contribute to reducing the risk of underachievement.

Simulating reduced mathematics anxiety further decreases
the estimated probability to 53.64% (95% CI: [53.52, 53.75]).
This finding highlights the potential importance of emotional
and affective factors in engineering mathematics education.
Consequently, instructional strategies that minimise unnecessary
stress and support students when confronting challenging
material may help mitigate the risk of failing to attain the
relational level.

Similarly, improving mastery-learning beliefs reduces the
estimated probability to 53.99% (95% CI: [53.89, 54.10]).
This result is consistent with the self-efficacy literature, which
emphasises the importance of mastery experiences in shaping
students’ beliefs about their capabilities. Learning environments
that promote incremental progress, sustained engagement, and
repeated experiences of success might therefore contribute to
improved outcomes.

The largest reduction is obtained when all interventions are
implemented simultaneously, lowering the estimated probability
to 47.69% (95% CI: [47.55, 47.82]). This result suggests that
the factors considered in this research should not be viewed
in isolation, as their combined influence appears to be greater
than that of any individual intervention.

Overall, the results demonstrate that the combination of
machine learning and Monte Carlo simulation provides a
computational framework for evaluating educational interven-

tions prior to their implementation. Such an approach enables
decision-makers to explore the potential consequences of
alternative strategies aimed at improving students’ attainment
of relational-level understanding in engineering mathematics.

Future work should focus on expanding the dataset in order
to obtain more accurate and robust estimates. A larger sample
would also facilitate the analysis of all levels of the SOLO
taxonomy rather than restricting the problem to a binary
classification task. In addition, the questionnaire employed
in this study should be compared with alternative self-efficacy
instruments reported in the literature.

Further research should also investigate dimensionality-
reduction techniques, including Principal Component Analysis,
Non-negative Matrix Factorisation, t-distributed Stochastic
Neighbour Embedding, and Autoencoders, in order to identify
latent representations of the input space and potentially improve
predictive performance.

Finally, the intervention strategies examined through sim-
ulation should be implemented and evaluated empirically in
educational settings to assess the extent to which the predicted
effects are observed in practice.
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