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Abstract—This research is conducted within the Systems
Engineering undergraduate program at the University of Cérdoba
(Colombia) with the aim of estimating the risk of failing physics
courses, which are widely regarded as particularly challenging
for students. At this university, each semester is divided into three
sessions, each contributing equally to the final course grade. Our
objective is to estimate the probability of course failure based on
student performance in the early sessions. To this end, we compiled
a dataset containing session grades and final outcomes for students
enrolled in Physics I, II, and III during the 2024 and 2025 academic
years. A logistic regression model was employed to estimate the
probability that a student fails a course given their grades in
the first two sessions. Using the predictive function obtained
from the fitted model, we subsequently conducted a Monte
Carlo simulation to estimate both absolute and relative risks
of course failure across a broader range of academic scenarios.
The results suggest that poor performance in early sessions is
strongly associated with an increased probability and absolute
risk of course failure, particularly in Physics I and Physics III.
In several scenarios, the estimated risk of failure approaches
critical levels when students fail multiple early assessments. These
findings highlight the importance of early academic performance
as a predictor of final outcomes and provide evidence that might
support instructors and academic administrators in designing
early interventions aimed at reducing course failure and improving
student success.

Keywords-machine learning; logistic regression; education;
Monte Carlo method; absolute and relative risk.

I. INTRODUCTION

Nowadays, academic success is a major concern for univer-
sities worldwide. Consequently, identifying effective strategies
and conducting research to predict the risk of academic failure
has become an active area of study within social computing,
particularly through educational data mining approaches. This
research builds upon a previous study [1], extending it through
the use of machine learning methods and a larger dataset.

Educational data mining methods are commonly
utilised to predict student dropout, delayed
graduation [2][3][4], and the likelihood of course failure or
withdrawal [S][6][7][8][91[10][11][12][13][14].

Our research is centred on the academic context of the
University of Cérdoba in Colombia, where each academic
semester is split into three sessions, each lasting six weeks
and contributing equally to the final grade. The final course

grade is calculated as the mean of the student’s grades across
the three sessions. Within each session, no single assessment
exceeds 40% of the session grade, meaning that each student
undergoes at least nine evaluations during a semester.

This structure is designed to achieve several pedagogical
goals: reducing the pressure of final exams, diversifying assess-
ment strategies, encouraging consistent study habits, enabling
continuous monitoring of learning progress, facilitating early
interventions, and providing timely support to students. This
approach is supported by several educational theories and
instructional strategies, including constructivism, formative
assessment, multiple intelligences theory, cognitive load theory,
active learning, and outcome-based education.

According to constructivist theory, students build their
understanding through interaction with their environment.
Frequent evaluations help instructors monitor this evolving
understanding and adjust teaching strategies accordingly.

Formative assessment emphasises the use of ongoing evalu-
ations throughout the instructional period to monitor learning,
identify challenges, and guide teaching. This method offers
continuous feedback to both students and instructors, aligning
well with the university’s evaluation strategy.

The theory of multiple intelligences posits that students
possess diverse talents and learning preferences. A variety of
assessments throughout the semester provides a more inclusive
way to evaluate these varied strengths.

Cognitive load theory suggests that students learn more
effectively when information is presented in manageable
segments. Multiple evaluations distributed over time align with
this principle by reducing cognitive overload.

Active learning promotes student engagement through
problem-solving, discussions, and hands-on activities. Multiple
evaluations throughout the semester may reinforce this approach
by encouraging students to actively engage with the thorough
material.

At the University of Cérdoba, Outcome-Based Education
(OBE) is the foundational approach. It emphasises clearly
defined learning outcomes and assessments aligned with those
outcomes. Dividing the semester into multiple sessions allows
for a more granular alignment of evaluations with specific
goals.
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The university’s OBE model is integrated with the Structure
of the Observed Learning Outcomes (SOLO) taxonomy, which
categorises learning into five levels:

1) Prestructural (0.0-2.0): The student has not yet grasped the
key concepts.

2) Unistructural (2.1-2.9): The student understands a single
aspect of the task.

3) Multistructural (3.0-3.7): The student understands several
aspects, but without integration.

4) Relational (3.8—4.5): The student can integrate multiple
aspects meaningfully.

5) Extended Abstract (4.6-5.0): The student demonstrates deep
understanding and applies concepts to new contexts.

To pass an evaluation, a student must achieve at least the
multistructural level, corresponding to a grade above 3.0.

By structuring learning outcomes around SOLO taxonomy
principles, the curriculum offers a coherent and progressively
challenging learning experience. This structure emphasises
the development of deeper understanding as students progress.
However, despite this pedagogical framework, physics courses
remain particularly challenging for systems engineering stu-
dents, who often struggle to reach the relational or extended
abstract levels. For example, during 2025 and 2024, the average
final grades for Physics I, II, and III were 3.42, 3.55, and
3.73, respectively, suggesting limited integration of concepts
or application to real-world contexts.

In an effort to mitigate course failure and student dropout,
the university considers students to be at risk of failing a course
if they fail either of the first two sessions. This institutional
criterion motivates the following research questions:

o What is the risk of failing a physics course if a student fails
the first session?

o What is the risk if a student fails the second session?

o What is the risk if a student fails the first and the second
sessions?

These questions were previously addressed in [1] by simu-
lating a wide range of grade scenarios across the three sessions
using the Monte Carlo method. In contrast, in our research, a
predictive model is fitted using a larger dataset to estimate the
probability of failing a course given a student’s grades in the
first two sessions. We then employ the Monte Carlo method to
simulate a wide range of grade scenarios across these sessions
in order to analyse the research questions posed above.

The Monte Carlo method has been applied in related
educational contexts, for instance, to evaluate curriculum
effectiveness [15] and to estimate students’ motivation when
learning scientific computing [16][17]. As far as we know,
no prior research has addressed these questions using the
methodological approach adopted in this study.

The results of our simulations suggest the following findings:

o For Physics I, approximately 62 out of 100 students are
likely to fail the course. Among students who failed the first
session, about 81 out of 100 are at risk of failing the course;
this risk increases to 83 out of 100 for those who failed the
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second session, and to 99 out of 100 for those who failed
both sessions.

o For Physics II, approximately 59 out of 100 students are
likely to fail the course. Among students who failed the
first session, about 72 out of 100 are at risk of failing; this
increases to 85 out of 100 for those who failed the second
session, and to 99 out of 100 for those who failed both
sessions.

o For Physics III, approximately 52 out of 100 students are
likely to fail the course. Among students who failed the
first session, about 71 out of 100 are at risk of failing; this
increases to 73 out of 100 for those who failed the second
session, and to 95 out of 100 for those who failed both
sessions.

These insights contribute to implement early intervention
strategies and improve academic support in physics courses.
Finally, the rest of this paper is outlined as follows: in

Section II, we present the research and simulation methodology

adopted in this research, while we present and discuss the

results in Section III. The article concludes in Section IV.

II. RESEARCH METHODOLOGY

We adopted a quantitative approach, collecting the session
and final grades of 611 students enrolled in physics courses at
the University of Cérdoba between 2024 and 2025. Specifically,
280 students were enrolled in Physics I, 193 in Physics II, and
138 in Physics III. The relatively small dataset size reflects the
recent implementation of the previously described Outcome-
Based Education (OBE) framework at the institution.

Let D denote the dataset used in this research, defined as
follows: D = {(z;,v;) | z; € X CRPAy; € Y = {0,1};Vi =
1,..., M}, where the grades of the ith student in the first two
sessions are represented by the vector x;, which is a two-
dimensional real-valued vector. Thus, D = 2 because there are
only two independent variables corresponding to the grades
obtained in these sessions. The target or dependent variable
y;, might take one of two possible values: y; = 1 if the ith
student failed the course, and y; = 0 otherwise. Furthermore,
M is the size of the dataset.

We preprocessed the independent variables by standardising
each component for later practical convenience. Thus, for a
given ith student’s grade in the jth session, the component x;;
is yielded as follows:

Tij = Z (1

where T; and s; denote the mean and standard deviation of
the grades obtained in the jth session, respectively.

Given the dataset D, our goal is to estimate the probability
that the 7th student fails the course given the grades obtained
in the first two sessions, that is, P(y; = 1 | ;).

To accomplish this goal, we employ logistic regression, a
supervised machine learning method. In this model, the logistic
function o : R — [0, 1] applied to a linear combination of
the model weights and the independent variables to compute
P(y; = 1| x;) as follows:
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P(yl =1 | l‘z) = O'(wTi‘i + ’U)o) = O'(U)g.f‘ig + w1 T + wo)

2
where the components of the D-dimensional vector w € R
are the weights associated with the independent variables (D
= 2), and wp € R is the intercept of the prediction function.
The logistic function is defined as follows:

1
1+ exp(—u)

o(u) 3)
The values of the weights and intercept are estimated by

finding w and wq that minimise the objective function, namely

the regularised cross-entropy error £ with Lo regularisation:

M
min £L(wop,w) = — Z{yl Info(wh&; +wo)] + ...
e i=1 4)

ok (=) In[1 — o(wh s +wo)]} + %||w||2

where A € R is the regularisation parameter used to shrink the
vector w and prevent overfitting.

The model weights may be estimated using gradient-
descent—based optimisation algorithms, which rely on the
partial derivatives of the objective function £. We standardised
the independent variables to speed up the convergence of the
gradient-descent-based optimisation process. In particular, the
partial derivatives are as follows:

OL(wo, w) -
0, W) Z T, 7
o ow; i:l[a(w i+ wo) = yili; + Aw; - (5)
and
OL(wo,w) <l TA .
e = Sl w s kv —u)©

A broader description of logistic regression is provided
in [18]. We used the implementation available in the machine
learning library known Scikit-learn [19] and employed its
default optimisation algorithm, namely L-BFGS [20], to
minimise the above-mentioned objective function.

The probability threshold used for classification in [19] is
0.5. Accordingly, for a new input vector x; corresponding to
the 7th student, whose data were not used to fit the model, the
predicted label is ¢; = 1 (failure) if P(g; = 1| x;) > 0.5;
otherwise, 7; = 0.

On the other had, to select the regularisation parameter and
evaluate the performance of the logistic regression model, we
adopted K-fold Cross-Validation. In this procedure, the dataset
D is divided into K subsets, i.e., D1, Do, ..., Dk, and the
model is evaluated K times. At each iteration, K — 1 subsets
are used to fit the model, whereas the remaining subset is
employed for testing. More formally, in the kth evaluation the
model is fitted using U 1,122 D1 and tested on the subset Dy.
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We chose K = 10 for the models fitted to the datasets
corresponding to Physics I and Physics II, while K = 3 was
selected for Physics III due to the small number of positive
examples. To address the class imbalance in the dataset, we used
the stratified K -fold cross-validation procedure implemented in
Scikit-learn. The dataset partitions used in each experimental
setting are presented in Tables I to III.

TABLE I. 10-FOLD CROSS-VALIDATION SETTING FOR THE DATASET
CORRESPONDING TO THE STUDENTS WHO ENROLLED PHYSICS I COURSE

Fold Number of Examples Number of Examples
for Fitting the Model for Testing
Positive  Negative Total Positive Negative Total
1 68 184 252 8 20 28
2 68 184 252 8 20 28
3 68 184 252 8 20 28
4 68 184 252 8 20 28
5 68 184 252 8 20 28
6 68 184 252 8 20 28
7 69 183 252 7 21 28
8 69 183 252 7 21 28
9 69 183 252 7 21 28
10 69 183 252 7 21 28

TABLE II. 10-FOLD CROSS-VALIDATION SETTING FOR THE DATASET
CORRESPONDING TO THE STUDENTS WHO ENROLLED PHYSICS IT COURSE

Fold Number of Examples Number of Examples
for Fitting the Model for Testing
Positive  Negative  Total Positive Negative  Total
1 29 144 173 3 17 20
2 28 145 173 4 16 20
3 28 145 173 4 16 20
4 29 145 174 3 16 19
5 29 145 174 3 16 19
6 29 145 174 3 16 19
7 29 145 174 3 16 19
8 29 145 174 3 16 19
9 29 145 174 3 16 19
10 29 145 174 3 16 19

TABLE III. 3-FOLD CROSS-VALIDATION SETTING FOR THE DATASET
CORRESPONDING TO THE STUDENTS WHO ENROLLED PHYSICS III COURSE

Fold Number of Examples Number of Examples
for Fitting the Model for Testing
Positive  Negative  Total Positive  Negative Total
1 2 90 92 1 45 46
2 2 90 92 1 45 46
3 2 90 92 1 45 46

The evaluation aims to measure the accuracy, precision,
recall, and harmonic mean or F;-score of the classification
model. Moreover, the regularisation parameter is tuned by
selecting the value that minimises the error (defined as
1 — accuracy) using the elbow rule. Since the dataset is
imbalanced in terms of classes, we analysed the Receiver
Operating Characteristic (ROC) curve and calculated the area
under this curve.

Once w and wy are estimated, we employed the Monte
Carlo simulation method [21] to explore the space of possible
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student performance outcomes during the first two sessions.
Instead of relying solely on the limited number of observed
cases, we reconstructed the grade distribution using random
numbers drawn from a uniform distribution over the interval
[0, 5]. This allowed us to simulate a large number of plausible
grade combinations and estimate the associated risks under
uncertainty.

In essence, the Monte Carlo simulation serves as a data-
informed method for approximating risk in underrepresented
or unobserved configurations, enabling generalisation beyond
the empirical observations while remaining grounded in the
observed statistical characteristics of the data.

This method may be used to estimate the probability that a
student fails a physics course as follows:

P@i=1) = /X PG = 1| 2)Pa)dz; (D)

where y; = 1 if the model predicts that a new ith student fails
the course. Since this integral cannot be solved analytically,
the numerical method known as Monte Carlo simulation can
approximate its value by generating an N X 2-dimensional
matrix X € [0,5]V*2, whose components X;; ~ U(0,5)
are independently drawn from a uniform distribution over the
interval [0, 5].

Then, by the law of large numbers, the integral above is
approximated by computing the expected value of P(j; =1 |
X ) (here X . is the ith row of X) as follows:

P(g: = 1) = Ex, ~ups2[P0: =1 X)) ®)
or
L X
P(gi=1)~ ;P@i =1]X:) ©)

The grades are sampled from a uniform distribution because
our goal is not to reproduce the empirical distribution of grades
observed in the dataset. Instead, the purpose of the simulation
is to systematically explore the full domain of admissible
grade values when evaluating the risk predicted by the logistic
regression model. Under this assumption, all combinations of
grades in the first two sessions are treated as equally plausible
a priori, preventing the simulation from being biased toward
patterns that might be overrepresented in the observed data.

Assuming a uniform distribution is consistent with the
goal of risk analysis under uncertainty, which focuses on
understanding how the predictive model behaves across the full
range of possible inputs rather than only within the empirical
distribution of the data used to fit the logistic regression
model. Consequently, the Monte Carlo method enables the
approximation of expected failure probabilities while allowing
the analysis of scenarios that may be rare or even absent in
the available data.

Thus, the probability that the ith student fails a physics
course given that they failed the jth session is denoted as
P(y; = 1| =;; < 3), where z;; < 3 indicates that the ith
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student failed the jth session because the minimum grade
required to pass the course is 3.

The Absolute Risk (AR) of failing the course given failure
in session jth is defined as:

= 1,.%‘1‘.7‘ < 3)
(zi5 <3)

P 7.
AR(§; = 1| w5 <3) = / (ij dz; (10)
X

Similarly, the absolute risk of failing the course given that
the student did not fail session jth is:

whereas, the Relative Risk (RR) is defined as the ratio of these
two quantities:

RR(ZJZ =1 ‘ Tij <3) =

Using the Monte Carlo method, the absolute risk AR(y; =
1| x;; < 3) is approximated as:

Zf\il 1(:()1' =1 /\Xij < 3)
S LX< 3)

Herein we assume that y; = 1if P(g; = 1| X;.) > 0.5, and
1(u) = 1 if the condition u is true, and 0 otherwise. Similarly,
the absolute risk for students who did not fail session j is:

N /-
: 1(, =1 ANX,. >3
AR(§i = 1|z > 3) ~ i1 JSy > 3) "
2ic H(XG5 = 3)
Finally, the relative risk is calculated as:
Ziv=1 1(9;=1NX;;<3)
N ..
RR(Z)’L - 1 | IZJ,L] < 3) ~ Zi:l 1(ng <3) (15)

SN 1(§i=1AXi;23)
S 1(X;>3)

This simulation-based approach enables us to estimate the
conditional risks associated with failing individual sessions and
provides a probabilistic understanding of academic outcomes
based on partial performance.
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Figure 1. Grades of the students enrolled in Physics I during 2024 and 2025
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Figure 2. Grades of the students enrolled in Physics II during 2024 and 2025

The simulation was implemented in Python using the
NumPy and Matplotlib libraries. The anonymised dataset and
corresponding source code are available upon request from the
first author.

III. THE RESEARCH RESULTS AND DISCUSSION

Based on the collected dataset, the mean grades for the
first, second, and third sessions of the Physics I course were
3.29, 3.36, and 3.59, respectively, with corresponding standard
deviations of 0.73, 0.81, and 0.85. As shown in Figure 1,
the box plot of the final grade indicates that most students
passed the course, while exceptionally high grades were
relatively uncommon. Furthermore, a general trend of improved
performance can be observed in the final session.

Similarly, the mean grades for Physics II were 3.51, 3.56,
and 3.56 for the first, second, and third sessions, respectively,
with standard deviations of 0.69, 0.72, and 0.70. Figure 2
shows a performance pattern comparable to that observed
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in Physics I, where exceptionally high performances were
relatively infrequent.

Additionally, the dataset shows that the mean grades for the
first, second, and third sessions in the Physics III course were
3.68, 3.66, and 3.86, respectively, with standard deviations of
0.66, 0.60, and 0.49. Figure 3 illustrates a pattern similar to
that of the previous two physics courses, where students tend
to gradually improve their grades across sessions.

TABLE IV. 10-FOLD CROSS-VALIDATION RESULTS CORRESPONDING TO
THE STUDENTS WHO ENROLLED PHYSICS I COURSE

Fold Accuracy (%) Precision (%) Recall (%) F;i score (%)
1 100.00 100.00 100.00 100.00
2 92.86 100.00 100.00 100.00
3 96.43 88.89 100.00 94.12
4 89.29 72.73 100.00 84.21
5 67.86 40.00 25.00 30.77
6 92.86 100.00 75.00 85.71
7 92.86 85.71 85.71 85.71
8 89.29 100.00 57.14 72.73
9 92.86 100.00 71.43 83.33
10 89.29 75.00 85.71 80.00
Mean 90.36 86.23 77.50 80.23

On the other hand, concerning the machine learning method
employed in this research, the results of the 10-fold cross-
validation for the logistic regression models of Physics I and
Physics II are presented in Tables IV and V, respectively.
Table VI reports the results of the 3-fold cross-validation for
the Physics III model.

The results reveal that all models achieve high accuracy
despite the class imbalance in the datasets. Moreover, recall
exceeds 70% for the models corresponding to the Physics I
and Physics II courses, and reaches at least 66% for the model
corresponding to the Physics III course. In addition, the area
under the Receiver Operating Characteristic (ROC) curve is
above 0.95 for all models (see Figures 4 to 6). These results
indicate that the models are effective at predicting whether a
student is likely to fail a given physics course based on their
grades in the first two sessions.

These results are consistent with the confusion matrices
presented in Tables VII to IX. In particular, the model correctly
identified 69 out of 76 positive examples for the Physics I
course (see Table VII), 26 out of 32 positive examples for
the Physics II course (see Table VIII), and 2 out of 3 positive
examples for the Physics III course (see Table IX). The results
for the latter case are aligned with those reported for the second
fold in Table VI, where the precision, recall, and F; score were
equal to zero.

Figures 10 to 12 visualise the classification of all examples
in the dataset. In particular, Figure 12 shows that only one
positive example lies above the decision boundary (a false
negative), which might correspond to an exceptional case.

Once the logistic regression models were fitted for each
course, Monte Carlo simulations were performed as described
in the previous section. Thus, the results of the numerical
simulations indicate that the probabilities of failing Physics I,
II, and III are 61.62%, 58.61%, and 51.82%, respectively (see
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TABLE V. 10-FOLD CROSS-VALIDATION RESULTS CORRESPONDING TO
THE STUDENTS WHO ENROLLED PHYSICS II COURSE

Fold Accuracy (%) Precision (%) Recall (%) F; score (%)
1 100.00 100.00 100.00 100.00
2 95.00 100.00 75.00 85.71
3 95.00 80.00 100.00 88.89
4 94.74 75.00 100.00 85.71
5 94.74 100.00 66.67 80.00
6 89.47 100.00 33.33 50.00
7 84.21 50.00 33.33 40.00
8 100.00 100.00 100.00 100.00
9 94.74 100.00 66.67 80.00
10 89.47 100.00 33.33 50.00
Mean 93.74 90.50 70.83 76.03

TABLE VI. 10-FOLD CROSS-VALIDATION RESULTS CORRESPONDING TO
THE STUDENTS WHO ENROLLED PHYSICS II COURSE

Fold Accuracy (%) Precision (%) Recall (%) F; score (%)
1 100.00 100.00 100.00 100.00
2 97.83 0.00 0.00 0.00
3 100.00 100.00 100.00 100.00
Mean 99.28 66.67 66.67 66.67

TABLE VII. CONFUSION MATRIX ILLUSTRATING THE PERFORMANCE OF

LOGISTIC REGRESSION MODEL CORRESPONDING TO THE COURSE OF

PHYSICS 1.

Forecasted Class
True Class y; =0 Ui =1 Total
y; =0 194 10 204
y; =1 17 59 76
Total 211 69 280

TABLE VIII. CONFUSION MATRIX ILLUSTRATING THE PERFORMANCE OF

LOGISTIC REGRESSION MODEL CORRESPONDING TO THE COURSE OF

PHyYsICS II.

Forecasted Class
True Class 9 =0 g = 1 Total
y; =0 158 3 161
y; = 1 9 23 32
Total 167 26 193

TABLE IX. CONFUSION MATRIX ILLUSTRATING THE PERFORMANCE OF
LOGISTIC REGRESSION MODEL CORRESPONDING TO THE COURSE OF

PHysics III.

Forecasted Class
True Class 9, =0 g =1 Total
y; =0 135 0 135
y; =1 1 2 3
Total 136 2 138

TABLE X. PROBABILITY OF FAILING A PHYSICS COURSE OBTAINED FROM

THE MONTE CARLO SIMULATION RESULTS.

Course Probability of Failing Standard 95% ClI
P(g; =1) Error

Physics 1~ 61.73% 9.3x 10~%  [61.60%, 61.86%]

Physics 2 58.44% 6.3 x 104 [58.31%, 58.56]

Physics 3 51.82% 5.0 x 107%  [51.72%, 51.92%]
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Figure 3. Grades of the students enrolled in Physics III during 2024 and 2025
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Table X). Figures 13—15 illustrate the convergence behaviour
) g g logistic regression model corresponding to the course of Physics III

of the Monte Carlo simulations towards these estimates.
Figures 1618 show the histograms of the failure probability
obtained from simulated inputs to the logistic regression model.
Instead of a bell-shaped pattern, the histograms exhibit a U-
shaped distribution, reflecting the bimodal tendency typically

TABLE XI. ABSOLUTE AND RELATIVE RISK BY SESSION AND COURSE.

observed in well-separated classification problems, where most ~ Course ;eﬁfig“(s) ﬁ}’slfl(“t;e) g?lzﬁ(‘:;) 95% CI (RR)
. . ey . alle: S| (4 1S (4

randomly generated mp.u.ts yield pr.obablhtles close to either 0 Physics TSI 30,50 333 31, 2.34]
or 1. Under these conditions, the simulated outcomes follow a S2 82.82 2.61 [2.59, 2.63]
Bernoulli distribution, and the sample mean of the simulations Sl and S2  99.37 2.86 [2.84, 2.88]
. . o . Physics 11 S1 71.94 1.85 [1.83, 1.85]
provides a Monte .C.arlo estimate of P(yZ =1), 1pterpreted S 8517 447 [4.42, 451]
here as the probability that a student fails the physics course. Sl and S22 98.75 254 [2.52, 2.55]
Additionally, Table XI summaries the relative and absolute Physics 111 g; ;ggg %2; Ezi izg}
risk estimates derived from the Monte Carlo simulation. The Sland S2 9554 201 (3.98, 4.04]

corresponding relative risks for each course are illustrated using
forest plots in Figures 19-21. A similar pattern is observed
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Logistic Regression
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Figure 10. Classification of students by the logistic regression model for the
Physics I course. Regions above the black line correspond to failure
probabilities below 25%, while regions below the red line correspond to
probabilities above 75%. The green line indicates the decision boundary, i.e.,
P(§; | z;) = 50%

Logistic Regression
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+ Students who Failed Physcis Il
* Students who Passed Physcis Il
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xj1: 1st Session Grade

Figure 11. Classification of students by the logistic regression model for the
Physics II course. Regions above the black line correspond to failure
probabilities below 25%, while regions below the red line correspond to
probabilities above 75%. The green line indicates the decision boundary, i.e.,
P(§; | z;) = 50%

for Physics I and Physics III. When comparing the risk of
failing the course given that a student fails either of the first
two sessions (RR(; | x;1 < 3) = 2.32 and RR(¥; | @iz <
3) = 2.61 for Physics I, whereas RR(¢i | ;1 < 3) = 2.97
and RR(9; | zi2 < 3) = 3.67 for Physics III), failing both
sessions is associated with a substantially higher risk of failing
Physics I (RR(9; | €1 < 3,2 < 3) = 2.86) and Physics III
(RR(@ | i1 < 3,0 < 3) =4.01).

Interestingly, for Physics II (see Figure 20), failing the
second session alone (RR(§; | wi2 < 3) = 4.47) is associated
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Figure 12. Classification of students by the logistic regression model for the
Physics III course. Regions above the black line correspond to failure
probabilities below 25%, while regions below the red line correspond to
probabilities above 75%. The green line indicates the decision boundary, i.e.,
P(§; | z;) = 50%

with a higher relative risk than failing either the first session
alone (RR(y; | ;1 < 3) = 1.85) or both sessions combined
(RR(y; | ®in < 3,242 < 3) = 2.54). This pattern suggests that
interventions targeting students who fail the first two sessions
might have mitigated their risk of ultimately failing the course.

The absolute risk of course failure among students exposed
to session failures versus those unexposed is compared in
Table XII. The simulation results suggest that the probability of
failing Physics I is 80.89% for students who fail the first session.
This corresponds to a risk difference of 46.09 percentage
points (95% CI: [45.81%, 46.36%] — CI stands for Confidence
Interval —) relative to students who pass the first session, whose
absolute risk of failure is 34.80%. This difference is statistically
significant, indicating a meaningful association between failing
the first session and ultimately failing Physics 1. Furthermore,
the relative risk is 2.32, suggesting that students who fail the
first session are at least twice as likely to fail the course as
those who do not (see Figure 19).

TABLE XII. COMPARISON OF ABSOLUTE RISK (AR) OF COURSE FAILURE
BETWEEN STUDENTS EXPOSED AND UNEXPOSED TO FAILING PREVIOUS
SESSIONS, WITH CORRESPONDING RISK DIFFERENCES (RD)

AR (%) AR (%)
exposed unexposed

Course Session(s) RD (%) 95% CI (RD)

Failed

Physics I~ S1 80.89  34.80 46.09T  [45.81, 46.36]

S2 82.82  31.75 51077 [50.80, 51.34]

Sl and S2  99.37  34.80 64.577  [64.34, 64.81]
Physics I S1 71.94 3894 32997 [32.70,33.29] T

S2 85.17 19.07 66.10T  [65.86, 66.34]

Sl and S2 9875  38.94 59.817  [59.57, 60.05]
Physics III  S1 70.63  23.82 46.81T  [46.62, 47.01]

S2 73.23 19.98 53267 [53.07, 53.44]

Sl and S2 9554  23.82 71727 [71.56, 71.89]

(p-value < 0.05)

The absolute risk of failing the course increases to 82.82%
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among students who fail the second session. This corresponds to
a risk difference of 51.07 percentage points (95% CI: [50.80%,
51.34%]) compared with students who pass the second session,
whose absolute risk of failure is 31.75%. The relative risk is
2.61, indicating that students who fail the second session are
2.61 times as likely to fail the course as those who pass it (see
Figure 19).

When students fail both the first and second sessions of
Physics I, the absolute risk of failing the course increases
to 99.37%. This corresponds to a risk difference of 64.57
percentage points (95% CI: [64.34%, 64.81%]) compared with
students who do not fail the first two sessions, whose absolute
risk of failure is 34.80%. The relative risk is 2.86, further
highlighting the substantially increased likelihood of course
failure under these conditions (see Figure 19).

Standard Error vs. InN
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0.000
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Figure 13. The simulation converges to the expected probability
P(g; = 1) = 61.73% in the Physics I course as N = 409, 600, with a
standard error of 6.6 x 10~%. The result lies within the 95% confidence

interval of [61.61%, 61.86%].

For Physics 11, the absolute risk of failing the course among
students who fail the first session is 71.94%. This corresponds
to a risk difference of 32.99 percentage points (95% CI:
[32.70%, 33.29%]) compared with students who pass the first
session, whose absolute risk of failure is 38.94%. The relative
risk is 1.85, indicating that students who fail the first session
are almost twice as likely to fail Physics II (see Figure 20).

The absolute risk of failing the course among students
who fail the second session increases up to 85.17%. This
corresponds to a risk difference of 66.10 percentage points
(95% CI: [65.86%, 66.34%]) compared with students who
pass the second session, whose absolute risk of failure is
19.07%. The relative risk is 4.47, indicating a substantially
higher likelihood of failing the course under this condition
than the previous one (see Figure 20).

Failing both sessions in Physics II rises the absolute risk
of failing the course until 98.75%. This corresponds to a
risk difference of 59.81 percentage points (95% CI: [59.57%,
60.05%]) compared with students who pass both sessions,
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Standard Error vs. InN
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Figure 14. The simulation converges to the expected probability
P(g; = 1) = 58.44% in the Physics II course as N = 409, 600, with a
standard error of 6.3 x 10~%. The result lies within the 95% confidence

interval of [58.34%, 58.56%].

whose absolute risk of failure is 38.94%. However, the relative
risk decreases to 2.54, suggesting that students who fail the
first two sessions are more than twice as likely to fail Physics
II (see Figure 20).

For Physics III, the absolute risk of failing the course
among students who fail the first session is 70.63%. This
corresponds to a risk difference of 46.81 percentage points
(95% CI: [46.62%, 47.01%]) compared with students who pass
the first session, whose absolute risk of failure is 23.82%. The
relative risk is 2.97, suggesting that students who fail the first
session are nearly three times as likely to fail the course (see
Figure 21).

For students who fail the second session, the absolute risk
of course failure increases to 73.23%, compared with 19.98%
among those who pass that session. This corresponds to a
risk difference of 53.26 percentage points (95% CI: [53.07%,
53.44%]). The corresponding relative risk of 3.67 suggests that
students who fail the second session are far more than three
times as likely to fail the course (see Figure 21).

Furthermore, for students who fail the first two sessions,
the absolute risk of failing Physics III increases to 95.54%,
compared with 23.82% among students who pass both sessions.
This corresponds to a risk difference of 71.72 percentage points
(95% CI: [71.56%, 71.89%]). The relative risk of 4.01 suggests
that students who fail both sessions are about four times as
likely to fail the course (see Figure 21).

The pattern of absolute risk in all courses increases across
sessions, whereas the relative risk does not follow this pattern in
the case of Physics II. Despite the pattern observed in absolute
risk, the risk differences follow the same pattern as the relative
risk.

Besides, although the dataset contains few instances of
students failing physics courses, especially Physics III, the
Monte Carlo simulations suggest a noteworthy risk of failure.
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In particular, Physics II requires further analysis to understand
the pattern of lower failure risk among students who failed in
the previous two sessions.

Several threats to validity should be considered when
interpreting the results. First, the simulation model does not
account for potential confounding variables such as prior
preparation, study habits, or instructor differences, which may
influence course performance. Second, the evaluation structure
analysed is specific to the University of Coérdoba, limiting
the generalisability of the findings to other institutions or
disciplines. Finally, because observed cases of course failure,
particularly in Physics III, are relatively scarce in the dataset,
the risk estimates rely heavily on the assumptions of the Monte
Carlo simulation model.

Standard Error vs. InN
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Figure 15. The simulation converges to the expected probability
P(g; = 1) = 51.82% in the Physics II course as N = 819, 200, with a
standard error of 5 x 10~%. The result lies within the 95% confidence
interval of [51.72%, 51.92%].
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Figure 16. Distribution of probabilities P(y; = 1 | ;) obtained from the
simulation for the Physics I course.
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Figure 17. Distribution of probabilities P(3; = 1 | x;) obtained from the
simulation for the Physics II course.
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Figure 18. Distribution of probabilities P(g; = 1 | x;) obtained from the
simulation for the Physics III course.
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Figure 19. Forest plot showing the relative risk (RR) of failing the Physics I
course. RR(§; | ©i1 < 3) = 2.32, with a 95% confidence interval of [2.31,
2.34]; RR(y; | ws2 < 3) = 2.61, with a 95% confidence interval of [2.56,
2.63]; and RR(y; | i1 < 3,zi2 < 3) = 2.86, with a 95% confidence
interval of [2.84, 2.88]. In all cases, the Wald test p-value is less than 0.05.
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Figure 20. Forest plot showing the relative risk (RR) of failing the Physics II
course. RR(J; | ©41 < 3) = 1.85, with a 95% confidence interval of [1.83,
1.85]; RR(y; | xi2 < 3) = 4.47, with a 95% confidence interval of [4.42,
4.51]; and RR(Y; | w1 < 3,xi2 < 3) = 2.54, with a 95% confidence
interval of [2.52, 2.55]. In all cases, the Wald test p-value is less than 0.05.

IV. CONCLUSION AND OUTLOOK

In this research, we combined machine learning and Monte
Carlo simulation to analyse the risk of failing physics courses in
the Systems Engineering bachelor’s program at the University
of Cérdoba. This approach was adopted to address the limited
number of observed course failures, which makes direct
empirical estimation of risk difficult.

The results demonstrate that early-session performance is a
strong predictor of course failure, both at the level of individual
students and at the population level. The estimated risks might
therefore be employed to inform institutional policies aimed
at preventing course failure and improving student retention.

The analysis also reveals a progressive increase in absolute
risk as students fail additional sessions. In several scenarios,
the probability of failing the course reaches alarming levels,
approaching approximately 95-99%.

These findings suggest that the grading scheme may strongly
amplify the consequences of early session failures. This effect
might be associated with factors such as student discourage-
ment, reduced engagement, and diminished resilience when
facing subsequent academic challenges [22][23]. More broadly,
performance in the first or second session is strongly associated
with final course outcomes. Beyond mere statistical correlation,
early academic difficulties might signal underlying motivational
or behavioural challenges, making them valuable triggers for
early intervention and academic support strategies. Further
research is needed to design and evaluate targeted measures that
could help students recover from early setbacks and improve
their overall academic trajectory.

Possible interventions include tutoring programs, additional
problem-solving sessions, and timely formative feedback
implemented shortly after the first assessment to mitigate the
risk of course failure.

As directions for future research, we propose the following:
o Collect additional data in order to apply the proposed

methodology to other courses and broaden the scope of

academic risk analysis.
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o Extend the simulation framework to incorporate the specific
coursework and evaluation structure of each session, with
the aim of estimating risk more accurately.

o Adapt the simulation to consider non-uniform weighting of
sessions when calculating final grades, in order to explore
grading schemes that may reduce the risk of course failure.

o Incorporate additional data and evaluate alternative machine
learning methods to improve the accuracy of the risk
estimations.

o Consider additional explanatory variables to further
strengthen both the predictive model and the simulation
framework.
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Figure 21. Forest plot showing the relative risk (RR) of failing the Physics IIT
course. RR(y; | zi1 < 3) = 2.97, with a 95% confidence interval of [2.95,
2.98]; RR(y; | xi2 < 3) = 3.67, with a 95% confidence interval of [3.64,
3.69]; and RR(y; | xi1 < 3,2 < 3) = 4.01, with a 95% confidence
interval of [3.98, 4.04]. In all cases, the Wald test p-value is less than 0.05.
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