
	 84	 International Journal of Engineering Pedagogy (iJEP)	 iJEP | Vol. 15 No. 6 (2025)

JEP International Journal of 

Engineering Pedagogy 

iJEP  |  eISSN: 2192-4880  |  Vol. 15 No. 6 (2025)  | 

Arroyo-Barrigüete, J. L., Carabias-López, S., Obregón, A., González-Arechavala, Y., Canales-Cano, S. (2025). Gender Differences in Mathematics 
Achievement among Engineering Students: Does the Way Performance is Measured Matter? International Journal of Engineering Pedagogy (iJEP), 15(6),  
pp. 84–110. https://doi.org/10.3991/ijep.v15i6.54591

Article submitted 2025-01-23. Revision uploaded 2025-06-02. Final acceptance 2025-06-17.

© 2025 by the authors of this article. Published under CC-BY.

Online-Journals.org

PAPER

Gender Differences in Mathematics Achievement 
among Engineering Students: Does the Way 
Performance is Measured Matter?

ABSTRACT
Recent research on the gender gap in mathematics achievement [1] has found no differences 
among Spanish undergraduate students in business administration degrees. This study aims 
to replicate the aforementioned work in an engineering school, which differs notably in 
its sample composition: a lower percentage of female students and a higher proportion of 
top-performing students in mathematics. Combining regression models with NeuralSens, a 
state-of-the-art algorithm based on interpretable neural networks, we analyze the academic 
achievement in two first-year mathematics courses (Algebra and Calculus) and one second-year 
course (Differential Equations), considering a sample of 1,832 undergraduate engineering stu-
dents. NeuralSens is employed to verify that the linear regression specification captures the 
underlying relationships and that no relevant nonlinear effects have been omitted. Overall, 
female students perform as well as, or slightly better than, their male peers across the three 
courses, although the effect sizes are small. These results hold even in a context tradition-
ally considered unfavorable to female students. Our findings highlight the importance of 
using comprehensive and continuous evaluation methods over isolated standardized tests 
when assessing mathematics achievement and suggest that female students’ performance in 
engineering programs is not inferior when proper assessment methods are employed.

KEYWORDS
engineering, gender differences, academic achievement, mathematics, performance 
measurement

1	 INTRODUCTION

The underrepresentation of women in science, technology, engineering, and 
mathematics (STEM) fields is a well-documented fact [2–6]. The Global Gender Gap 
Report states that “women are underrepresented in STEM fields, and the gender 
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gap is most prevalent in two fields: Information and Communication Technologies 
and Engineering and Manufacturing” [7, p. 42]. Academic literature reflects on the 
undesirable consequences of this situation. On the one hand, there is evidence that 
a greater representation of women in studies positively affects academic perfor-
mance in both men and women [8, 9]. On the other hand, diversity in the workforce 
contributes to creativity, productivity, innovation, and success. As Corbett and Hill 
pointed out [10, p. 92], “women’s experiences—along with men’s experiences should 
inform and guide the direction of engineering and technical innovation.”

The possible causes of this low female presence have been analyzed in multiple 
papers on STEM studies [11–19], particularly engineering [20, 21]. One of the causes 
of the gender gap in STEM fields seems to be the selection bias derived from the 
perception of a gender gap in terms of performance, that is, women’s performance 
in STEM is lower than men’s. Academic literature points out the relevance of this ste-
reotype in women’s decision-making [10, 22–27]. Stereotypes about women in STEM 
also generate structural biases in education [28, 29], and actions aimed at increasing 
the representation of minorities in STEM fields are ineffective if they do not consider 
inclusion measures that counteract these kinds of biases [30]. Multiple examples of 
inclusion initiatives for women in STEM are shown in the literature [20, 31–35].

When complex relationships between female representation and performance 
in STEM are studied, mathematics courses play a critical role. First, because individ-
uals with unproductive mathematics dispositions are less likely to enroll in STEM 
studies [36]. Secondly, the association between sparse representation of women 
in STEM and low female achievement seems particularly strong in mathematics 
courses, which have a critical role in most STEM disciplines [8]. Growing literature 
supports that, in general, women’s performance in mathematics is not lower than 
that of men. Meta-analyses conducted on youth populations [37, 38] and on both 
youth and adult populations [39] concluded that, on average, there is no gender 
gap in mathematics performance. However, this result should be qualified. On the 
one hand, there is a large cross-cultural variability: there are important differences 
between different countries in the direction and intensity of the gender gap in math-
ematics achievement [13, 33, 37, 40]. On the other hand, among high performers, 
differences seem to persist [41, 42], as observed, for example, in the Mathematics 
Olympiads [43], although it is true that the gap seems to be narrowing over time [33]. 
Finally, gender differences could vary depending on the kind of assessment: stan-
dardized tests, which are commonly considered objective measures, tend to show a 
male advantage, which is not observed in academic grades [44–48]. Sonnert and Fox 
[49, p. 98] concluded that “[t]he analysis of the relationship between standardized 
scores and grades among science/engineering majors and degree recipients in the 
same departments and institutions would further reveal dynamics of gender and 
academic performance among undergraduates in these critical fields.”

The issue of a gender gap in women’s performance in STEM, if it exists, can be 
interpreted from the perspective of fairness in assessment. As noted in the standards 
for educational and psychological testing [50. p. 51]. “Regardless of the purpose of 
testing, the goal of fairness is to maximize, to the extent possible, the opportunity for 
test takers to demonstrate their standing on the construct(s) the test is intended to 
measure.” Fairness concerns major requirements of assessment, ranging from the 
validity of individual score interpretation to moral issues [50–53]. According to 
the American Educational Research Association [50], when a difference in the test 
functioning (DTF) for different specially defined groups occurs, potential sources of 
bias in measurement should be investigated. If construct-irrelevant variables are 
identified, DTF constitutes a predictive bias that would reveal a lack of fairness.
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The first construct that literature highlights to explain the differences in per-
formance in mathematics by gender is self-efficacy [54–61]. Perceived self-efficacy 
(SE) is a belief, which, according to Bandura [62], “is concerned with judgments of 
how well one can execute courses of action required to deal with prospective situa-
tions.” Evidence that females have on average lower mathematics SE than males is 
shown in the meta-analysis of Else-Quest et al. [37], subsequent literature [63–65], 
and the systematic review of Wang and Yu [66]. According to the meta-analysis of 
Huang [67], this gap increases with age. Growing literature accepts this explana-
tion for the gender gap in mathematics performance in standardized tests, favoring 
male learners [65, 68, 69], and difficulties in changing it because it is based on neg-
ative stereotypes of girls in mathematics [27, 55, 57, 58, 70]. However, this gender 
gap in SE seems to disappear for content and strategies that are directly related to 
what they have been taught [69, 71, 72]. This fact is coherent with previous research 
reporting the disappearance of the gender gap in performance, favoring men when 
achievement is measured by grades or by certain kinds of items in standardized 
tests. These findings have been documented in studies conducted across different 
countries [46, 73–77].

A second relevant explanation is related to math anxiety (MA), which is under-
stood as anxiety triggered by the presence, memory, or anticipation of situations 
related to mathematics [78, 79]. According to social cognitive theory, one of the 
leading causes of anxiety arousal in a situational context is low perceived SE in exer-
cising control over the related situational events. In fact, similar states with different 
interpreted causes could be felt and labeled as another emotion, such as anger [80]. 
There is empirical evidence of the association between low SE and MA [81–85]. 
Since females tend to have lower SE, gender differences could also be expected 
in MA. Indeed, literature reveals that female learners have a higher prevalence of 
MA [86–89], and the difference with males increases with the mathematics gender 
stereotype endorsement [90–91].

According to different meta-analyses, MA and math achievement tend to have a 
negative association [54, 87, 89, 92–95]. With regard to gender mediation, according 
to the recent meta-analysis by [92] and [87], for a certain level of MA, the effect on 
achievement does not change between male and female students. The decrease in 
performance attributed to MA does not reflect a lower mathematics competence 
[96, 97], which means there is a predictable bias. The cognitive mechanism that 
causes this drop seems to be a reduction in available working memory capacity, 
which is particularly necessary in complex mathematical problems when MA states 
arise [96–101]. MA is especially significant under conditions of time pressure and 
high-stakes evaluation [102–108], which is frequently the case for standardized tests. 
It is in light of this evidence that Cipora et al. [78] propose to evaluate as a possible 
criterion for MA diagnosis “the discrepancy between math performance in relaxed, 
e.g., self-paced, and stressful, e.g., time pressure, high stakes situations” (p. 14). From 
this perspective, the MA construct gives great importance to the study of this discrep-
ancy in the gender gap in mathematics performance as one of the implicit measures 
of MA that can be considered more reliable measures than questionnaires [109].

Most of the studies mentioned focused on the relationship between gender and 
academic performance, particularly among science/engineering majors, and were 
carried out in US universities. It is therefore important to extend these works to 
other geographical contexts in order to assess the extent to which similar results are 
obtained that could be interpreted as an MA anxiety signal, according to Cipora et al. 
[78], and bring to light issues of fairness.
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The present paper examines the performance in mathematics of engineering 
undergraduate students at a Spanish University, Universidad Pontificia Comillas, 
replicating the research developed by [1] in the area of business administration (BA). 
The previous study focused on first-year BA courses, Mathematics I and II, which 
covered topics in Algebra and Calculus. However, the academic context differs sub-
stantially: the level of mathematical difficulty in a BA is lower, and the proportion 
of female students is much higher than in engineering. Despite these differences, 
the interest lies in comparing relative mathematics performance under different 
assessment methods (standardized testing versus continuous evaluation), as both 
studies do. This replication is particularly valuable because it examines whether the 
results previously found are confirmed in a more demanding context, characterized 
by a lower percentage of female students and a higher proportion of top-performing 
mathematics students. The conclusions achieved by these researchers were that 
at the pre-university level, male students outperform their female peers (higher 
grades). Still, throughout the first year of university studies, there are no differences 
in grades, and in those cases in which differences exist, female students outper-
form their male peers. Among other possible explanations, the authors suggested 
that this result is due to how mathematics performance is assessed in each case: 
standardized tests for pre-university performance and grades for performance in 
undergraduate subjects.

This study works with the grades obtained in the subjects of Algebra and Calculus, 
both in the first year, and Differential Equations, in the second year of engineering 
degrees (industrial and telecommunications technologies degrees). The final grade 
depends on various types of assessment tests that are conducted, all of which are 
focused on problem-solving. An important issue that helps prevent instructor bias 
is that, in all three mathematics courses analyzed, both midterms and final exams 
are identical across all class groups. Additionally, each exam question is graded by a 
single designated instructor across all sections, ensuring a uniform grading criterion. 
This centralized grading system minimizes instructor-related variability and guar-
antees a high level of consistency across course sections. All exam accommodations 
and modifications recommended by a specialized team at the university for students 
with special needs are conveniently implemented.

From the point of view of fairness, interactions between assessment and teaching 
style are also relevant, provided that instructors are responsible for both the deliv-
ery of instruction and the assessment processes [50, 110, 111]. These interactions 
are a natural concern for faculty when designing the assessment system [110, 112]. 
For the case of the three selected subjects, two objectives are established for the 
assessment system to support learning: The first one is to provide ongoing feedback 
to students through their teachers, which is an important factor that encourages 
persistence in attaining an engineering degree, according to Amelink and Meszaros 
[113] and Khodadad [114]. The second objective is to incentivize all students towards 
consistently working in order to gradually acquire the knowledge and problem- 
solving skills they are going to be tested on, with a constructivism-inspired approach 
[115]. An active learning style is pursued by working on problem-solving skills in 
different contexts, in which students’ level of independence is modulated. The possi-
bility of consulting the teacher is always present. There is evidence that supportive 
and active learning have an inclusive effect in STEM [114, 116, 117]. Instructors’ 
phronesis has managed to come very close to the recommendations to operational-
ize fairness in the assessment of a subject [53, 110]. However, the context incorpo-
rates two very relevant differences with respect to the replicated study in the area of 
business administration [1], which could foster the presence of a gender gap favor-
ing men, as previously mentioned. The first is the low representation of women. 
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For engineering studies at a Spanish University, a low representation of women is 
shown [118]. In the sample considered in this paper, the percentage of women is 
close to 25%, while in [1], the percentage of women was close to (and in several 
cases exceeded) 50%. The second difference is related to the student profile. In the 
Spanish university system, engineering degrees are among the most demanding, so 
there is an important self-selection bias: only students with a higher level in sciences 
(especially physics and mathematics) opt for these degrees. This leads to a high con-
centration of top performers in these disciplines in engineering degrees. Given the 
previously mentioned evidence that there seems to be a gender gap in performance 
for this group, the present research also offers the opportunity to evaluate whether 
these differences by gender are indeed observed.

Thus, our research question is whether there is a gender gap in mathematics 
achievement favoring male students among undergraduate engineering students. 
The hypothesis to be tested is that no such gender gap exists when mathematics per-
formance is measured through grades based on various formative activities rather 
than on standardized tests.

2	 MATERIAL AND METHODS

2.1	 Participants and procedure

The study was developed at the Universidad X, a medium-sized private Spanish 
university founded in 1890. The participants were 1,832 undergraduate engineering 
students (483 female and 1,349 male) who entered this university between the aca-
demic years 2015–2016 and 2019–2020 to study industrial or telecommunications 
technology degrees. The data were provided by the Office of Data Governance and 
Intelligence (“Oficina de Gobierno e Inteligencia del Dato”) at Universidad Pontificia 
Comillas, under the authority of the Vice-Rectorate for Research, Faculty Affairs, 
and Artificial Intelligence. All records were fully anonymized to prevent the identi-
fication of individual students, in accordance with the university’s ethical and legal 
data protection requirements. During the preparation of this work, the authors used 
ChatGPT to improve the manuscript’s readability and language. After using this tool, 
the authors reviewed and edited the content as needed and take full responsibility 
for the content of the publication. A quantitative non-experimental methodology 
has been chosen. The design has been structured in four phases: identification of 
the most relevant variables related to academic performance in mathematics, col-
lection of information, crude data analysis, and statistical analysis through Neural 
Networks and linear regression models (OLS).

2.2	 Variables

The dependent variables in the regression models are the grades obtained in 
the Algebra and Calculus subjects, both in the first year, and Differential Equations 
in the second year. These three courses were selected because they are the only 
mathematics subjects included in the engineering curriculum during the first two 
academic years. Other courses offered during this period cover topics such as physics, 
chemistry, technical drawing, programming, and introductory engineering, but 
none involve additional mathematics instruction. Focusing on these three subjects 
allows us to comprehensively capture students’ mathematics performance during 
the early stage of their degree. All grades correspond to the first call. Because some 
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students dropped out of school or did not take a particular subject, each regression 
includes a different number of individuals (refer to Table 1).

Table 1. Number of students and mean (SD) grades by subject and gender. Grades on a 0–10 Scale

Gender N  
(Access)

N  
(Algebra)

Mean (SD)  
Algebra

N 
(Calculus)

Mean (SD)  
Calculus

N  
(DiffEq)

Mean (SD)  
DiffEq

Female 483 472 5.19 (2.32) 472 5.43 (2.25) 369 7.30 (1.87)

Male 1349 1321 4.68 (2.54) 1320 4.86 (2.45) 977 6.78 (1.95)

Total 1832 1793 4.81 (2.49) 1792 5.01 (2.41) 1346 6.92 (1.94)

As previously mentioned, the assessment systems employed in the three subjects 
fulfill two main objectives: firstly, providing continuous feedback from teachers to 
students and secondly, encouraging students to engage progressively in acquiring 
the knowledge and competencies required by each course. The final grade includes 
short problem-solving exams during regular class periods that last around one hour 
and count for 10% of the final grade on average; midterm exams, also focused on 
problem-solving, count for 25% of the final grade; computer software exams, in 
which students are asked to solve problems using software they have learned to use 
during practical classes, count for 5% of the final grade; and final problem-solving 
exams assess students’ overall knowledge of the subject and are worth 60% of the 
final grade.

Regarding independent variables, a considerable number of causal factors 
affecting academic performance have been identified in previous research, and a 
recent meta-analysis on this topic [119] identified 105 different variables grouped 
in two major groups: factors related to the student and factors associated with the 
instructional process. Nevertheless, regarding the student-related factors, it is usual 
to distinguish between personal and social variables [120]. In this case study, both 
instructional and social factors play a minor role due to the homogeneity of both 
the students and the teaching process. On the one hand, students in Universidad 
Pontificia Comillas have a similar social background, because almost all students fall 
into the upper-middle class. A paper analyzing the business administration degree 
of the same university [121] concluded that 86% of fathers and 77% of mothers had 
a higher education degree. On the other hand, instructional factors are the same for 
the three subjects analyzed, because both teaching methodologies and evaluation 
systems are almost identical for all groups, without relevant differences among them.

So, this paper will focus on personal factors, with pre-university performance 
being the first of them. This factor is highly relevant since it combines the student’s 
skills, work capacity, and compromise. Several papers have reported significant 
correlation with academic performance in university students [120, 122, 123]. As 
a proxy of pre-university performance, we have used the grade obtained in EvAU 
(Evaluación para el Acceso a la Universidad—Evaluation for University Access), 
equivalent to the SAT in the Spanish university system, which is used by all public 
universities and some private universities to select their future students. The EvAU, 
which ranges from 0 to 10, aggregates the grade from an exam and the grade from 
the last two years of high school. The regression models incorporate this variable and 
its square, as previous research has identified a possible non-linear effect [122]. We 
have also included grades in Universidad X’s own admission exams, which include 
tests in Mathematics (AE Mathematics), Physics (AE Physics), English (AE English), 
and Abstract Reasoning (AE Reasoning). These four tests are carried out within a 
three-hour timeframe. Specifically, the mathematics test is very stressful for the 
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candidates: it consists of 15 highly challenging multiple-choice questions that must 
be solved within 60 minutes.

Another relevant factor is where the students come from, as previous research 
points to an adverse effect due to the adaptation to a new life situation when a 
student changes his or her residence [124, 125]. This is an interesting peculiarity of 
the Spanish university system, and recent research has proved that this variable is 
highly relevant [122]. Thus, we have included a dummy variable (Madrid) to indi-
cate whether students completed their previous studies in Madrid, the province 
where the university is located. This variable takes the value 1 for students coming 
from Madrid and 0 for the rest. Finally, we have incorporated the variable Female, 
which takes the value 1 for female and 0 for male students.

2.3	 Data analysis

The R programming environment (R Core Team, 2025) has been used to develop 
statistical analysis. The model’s estimation has been carried out by using basic func-
tions included in such programming environments [126] and the “lmtest” [127], 
“ggplot2” [128], “fmsb” [129], “RCurl” [130], “car” [131], “WRS2” [132], “caret” [133], 
“dplyr” [134], “lfe” [135], “rstatix” [136], and “NeuralSens” [137] packages.

In the first stage, a crude analysis of the math level at the entrance to the degree 
(AE Mathematics), as well as the grade in EvAU, was developed. We have also devel-
oped a crude analysis for grades in three subjects: algebra, calculus, and differential 
equations. In all cases, a contrast of normality (Shapiro-Wilk) and a contrast of equal-
ity of variances (Levene’s test) have been carried out. When normality is not veri-
fied, but equality of variances is, the Mann-Whitney-Wilcoxon test has been used. 
The Yuen test has been applied in those cases where both conditions are violated.

In the second stage, linear regression models have been fitted for the three sub-
jects. We have standardized all variables to allow comparability of coefficients. No 
evidence of multicollinearity was found, as all variance inflation factors (VIFs) were 
below 5 across all models. On the other hand, we detected the existence of hetero-
scedasticity, which generates inference problems. Therefore, multivariate linear 
regression models with heteroskedasticity-consistent standard errors have been 
used. Residuals were inspected visually (Q-Q plots) and with formal tests (Shapiro-
Wilk). Although slight deviations from normality were observed in some models, 
the relatively large sample size ensures that the validity of statistical inference is not 
compromised. Finally, we have verified these results by adjusting a neural network 
(NN) and employing a state-of-the-art algorithm, “NeuralSens” [137], that allows esti-
mating sensitivities to input variables in an NN model. NeuralSens computes the 
partial derivatives of the NN output with respect to each input variable, providing a 
local sensitivity analysis that captures both linear and nonlinear relationships. Thus, 
if the relationship between an input variable and the outcome is truly linear, the 
mean sensitivity estimated by NeuralSens will be virtually identical to the beta coef-
ficient obtained from an OLS regression. Conversely, if the relationship is nonlinear, 
the mean sensitivity will differ from the OLS coefficient, and this nonlinearity will 
be flagged by a high standard deviation in the distribution of local sensitivities. As 
a consequence, the model will automatically capture any nonlinearity since NNs do 
not require a priori functional specification. Therefore, in the case where the linear 
regression models are well specified, the NN results will be identical. In the case of 
discrepancies, we would have an indication that the regression model should be 
modified. In summary, the use of NN with post-hoc analysis in this study serves 
as a validation tool to ensure that the functional specification of the OLS models 
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is appropriate. Unlike other machine learning methods, NeuralSens provides case- 
specific insights into how each input contributes to the output, making it particularly 
suited for assessing potential nonlinearities and confirming the robustness of the lin-
ear specification. The grid method has been employed to identify the optimal NN in 
each case, considering from 1 to 10 neurons in the hidden layer and decay from 10−7 
to 10−2. The criterion for selecting the best fit was the RMSE (root-mean-square error). 
To prevent overfitting problems, in all cases, 10-fold cross-validation has been used.

3	 RESULTS

3.1	 Crude analysis

Table 2 shows the scores obtained by male and female students in the differ-
ent tests considered. It is relevant to mention the large difference in absolute value 
between the EvAU score (overall pre-university performance) and the score on the 
mathematics entrance test (pre-university performance in mathematics, measured 
using a test developed by Universidad Pontificia Comillas). The reasons for this dis-
crepancy are the high demands of the admission process at Universidad Pontificia 
Comillas, whose entrance exams have a very high level of complexity, and the fact 
that the EvAU includes other subjects whose grades are usually higher than those 
obtained in mathematics. The low dispersion in EvAU scores can be attributed to 
the high selectivity of the admission process: only students with strong academic 
records are admitted, which naturally results in relatively low variability.

The crude analysis of the grades obtained in the entrance assessments, both in 
terms of the mathematics exam and the overall EvAU grade, shows that although 
females have a higher grade in the EvAU (significant differences at 95%), their perfor-
mance in the university’s mathematics exam is lower than that of male students (refer 
to Table 2, which reports p-values corrected for multiple comparisons using the Holm 
method). When the grades in the three subjects under study are analyzed, there are 
significant differences at 95% in all three cases in favor of female students. That is, 
women show a better performance both in their pre-university global achievement 
(measured by the EvAU score) and in undergraduate mathematics subjects. However, 
with regard to their pre-university performance in the specific case of mathematics 
(measured according to the entrance test), their performance is worse than that of 
their male classmates. Although statistically significant differences were observed, 
effect sizes were small in all cases except for the EvAU score. Importantly, in under-
graduate mathematics subjects, the differences were in favor of female students.

Table 2. Statistical comparison of academic performance: Grades in the test of access in mathematics, EvAU, 
and the three subjects under analysis (algebra, calculus, and differential equations)

Gender Access (Math) Access (EvAU) Algebra Calculus Dif. Equations

Female: mean (SD) 4.90 (2.00) 8.58 (0.91) 5.19 (2.32) 5.43 (2.25) 7.30 (1.87)

Male: mean (SD) 5.13 (1.96) 8.14 (0.96) 4.68 (2.54) 4.86 (2.45) 6.78 (1.95)

Contrast (p-value) W = 304816  
(0.035)

Y = 9.58  
(<0.01)

Y = 3.61  
(<0.01)

Y = 4.55  
(<0.01)

W = 209780  
(<0.01)

effect-size 0.05 (small) 0.36 (medium) 0.13 (small) 0.18 (small) 0.13 (small)

The histograms of grades are shown in Figure 1. Figure 2 presents box and whis-
ker plots of grades in Algebra, Calculus, and Differential Equations, disaggregated 
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by gender. Each box represents the interquartile range (IQR), with the horizontal black 
line indicating the median. Dotted horizontal lines correspond to group means (blue 
for female students and red for male students), highlighting slight differences in cen-
tral tendency. Grade dispersion is greater in Algebra and Calculus than in Differential 
Equations for both genders. This is likely due to the fact that Differential Equations 
is a second-year course and, therefore, does not include students who dropped out 
of the degree program during the first year. As a result of this selection process, only 
the best students remain in the sample, leading to lower variability in performance.

Fig. 1. Histogram for grades in Algebra, Calculus and Differential Equations (female vs. male students)

Fig. 2. Box and whisker plots for grades in Algebra, Calculus and Differential Equations  
(female vs. male students)

Given that in the Spanish university system the criterion for passing the course is 
to obtain a grade equal to or higher than 5 (on a 0–10 scale), the risk ratio has been 
calculated for the three subjects using this grade (refer to Table 3). It can be seen that 
the risk of failing is significantly lower for female students, while in all cases the risk 
ratio is lower than 1.
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Table 3. Risk ratio for female students vs. male students in algebra, calculus,  
and differential equations (cut-off criterion = 5)

 Algebra Calculus Dif. Equations

Risk Ratio 0.78 0.72 0.54

Confidence Interval (95%) 0.67–0.90 0.61–0.85 0.35–0.83

p-value < 0.01 < 0.01 < 0.01

3.2	 Regression and neural network models

Tables 4 to 6 show the results of the regression models for the three subjects ana-
lyzed. It can be seen that in all of them, the grade obtained in EvAU and its quadratic 
term are significant. In fact, the EvAU variable is the one that generates the great-
est effect. The grades obtained in the entrance exams in Mathematics and Physics 
are also significant in the three subjects. We have also confirmed the importance of 
the variable “Madrid,” since not only is it significant in the three subjects, but it is 
the second most important variable after the EvAU grade in Algebra and Differential 
Equations.

Finally, in relation to gender, the variable under study in this paper, we do not 
observe differences in the case of Calculus (refer to Table 5), but differences exist in the 
subjects of Algebra (refer to Table 4) and Differential Equations (refer to Table 6). In 
these subjects, female students achieve better results than their male peers, although 
the magnitude of the effect is small. In other words, the mathematical gap identified 
at the university entrance (measured on the university entrance exam) disappears 
and is even reversed in two subjects. An analysis of dropout patterns shows that 
the proportion of female students among those who did not complete the course is 
very similar to that among those who did, across all three subjects. This suggests that 
attrition bias due to gender is likely minimal in this study and confirms that there is 
no significant selection bias that could compromise the interpretation of the results.

Table 4. Standardized OLS regression results for algebra

Variables
Algebra

Estimate 95% IC p-Value Effect Size

(Intercept) −0.25 −0.33 −0.16 < 0.01  

AE Mathematics 0.14 0.10 0.18 < 0.01 Small

AE Physics 0.20 0.16 0.24 < 0.01 Small to moderate

AE English −0.03 −0.08 0.01 0.10  

AE Reasoning 0.06 0.02 0.09 < 0.01 Negligible

EvAU 0.51 0.47 0.56 < 0.01 Large

EvAU^2 0.05 0.02 0.07 < 0.01

Madrid 0.25 0.17 0.33 < 0.01 Moderate

Female 0.09 0.01 0.17 0.02 Small

R2/Adjusted R2 0.42/0.42
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Table 5. Standardized OLS regression results for calculus

Variables
Calculus

Estimate 95% IC p-Value Effect Size

(Intercept) −0.17 −0.25 −0.09 < 0.01  

AE Mathematics 0.17 0.13 0.21 < 0.01 Small

AE Physics 0.12 0.09 0.16 < 0.01 Small

AE English −0.07 −0.11 −0.03 < 0.01 Small

AE Reasoning −0.01 −0.05 0.03 0.70  

EvAU 0.55 0.51 0.59 < 0.01 Large

EvAU^2 0.04 0.01 0.07 < 0.01

Madrid 0.16 0.08 0.24 < 0.01 Small

Female 0.07 −0.01 0.15 0.09  

R2/Adjusted R2 0.40/0.40

Table 6. Standardized OLS regression results for differential equations

Variables
Dif. Equations

Estimate 95% IC p-Value Effect Size

(Intercept) −0.26 −0.37 −0.14 < 0.01  

AE Mathematics 0.13 0.07 0.19 < 0.01 Small

AE Physics 0.09 0.03 0.14 < 0.01 Small

AE English −0.02 −0.08 0.03 0.38  

AE Reasoning −0.04 −0.09 0.01 0.14  

EvAU 0.38 0.32 0.43 < 0.01 Moderate

EvAU^2 0.07 0.02 0.11 < 0.01

Madrid 0.21 0.09 0.32 < 0.01 Small to moderate

Female 0.15 0.04 0.26 0.01 Small

R2/Adjusted R2 0.20/0.19

Table 7 shows the results of the NN models for the three subjects considered, 
used to verify the results obtained in the regression models. In all cases, the optimal 
model resulted in having 1 neuron in the hidden layer (7-1-1), with the decay being 
slightly different in each subject, as shown in Table 7. Following Pizarroso et al. 
[137], if both the mean (mean sensitivity, MS) and standard deviation (sensitivity 
standard deviation, SSD) are near zero, it indicates that the variable is irrelevant. If 
the mean is different from zero and the standard deviation is near zero, it indicates 
that the variable is relevant and has a linear effect. If the standard deviation is dif-
ferent from zero, regardless of the value of the mean, the output has a non-linear 
relationship with the input, and as a consequence, the variable is relevant and 
has a non-linear effect. Finally, mean squared sensitivity (MSS) is a measure of the 
relevance of each variable.
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As can be seen, the results obtained are virtually identical to those of the regres-
sion models. This confirms the absence of non-linear effects not included in these 
models. In fact, the NN points to a small nonlinearity in the EvAU variable (SSD 
higher than in the other variables), which is consistent with the functional spec-
ification of the regression models and with the results obtained: in all cases, the 
quadratic term was significant (refer to Tables 4–6). In conclusion, the results 
are remarkably robust, both for the sample size and the complete coincidence of 
results when two very different tools are applied. That is, the similarity between 
the regression coefficients and the mean sensitivities obtained from the NN pro-
vides additional support for the adequacy of the linear specification. The Appendix 
includes the graphical results obtained with NeuralSens for the three subjects (see 
Figures A1 to A3). These figures are relevant in that they allow us to verify that 
the sensitivity distributions (lower part of the figures) do not present abnormal 
distributions, such as more than one mode, which would be an indicator of some 
nonlinear effect.

Table 7. Neural network models for algebra, calculus, and differential equations

Variables

Algebra Calculus Dif. Equations 

(7-1-1/decay = 10−6) (7-1-1/decay = 10−4) (7-1-1/decay = 10−5)

MS SSD MSS MS SSD MSS MS SSD MSS

AE Mathematics 0.14 0.02 0.14 0.17 0.02 0.17 0.11 0.05 0.12

AE Physics 0.20 0.03 0.20 0.12 0.02 0.12 0.08 0.04 0.09

AE English −0.04 0.01 0.04 −0.07 0.01 0.07 −0.05 0.02 0.06

AE Reasoning 0.06 0.01 0.06 −0.01 0.00 0.01 −0.01 0.00 0.01

EvAU 0.50 0.07 0.51 0.54 0.07 0.55 0.40 0.18 0.44

Madrid 0.24 0.03 0.25 0.16 0.02 0.16 0.20 0.09 0.22

Female 0.10 0.01 0.10 0.07 0.01 0.07 0.16 0.07 0.18

R2 0.42 0.40 0.20

Note: In each case, the network architecture and the selected decay are indicated.

Table 8 shows the results of the regression models for average grade obtained in 
the three subjects considered (Algebra, Calculus, and Differential Equations) for the 
1,345 students who have taken all three courses. The table also includes the results 
of the equivalent NN model (average grade obtained in the three subjects consid-
ered as the dependent variable). Again, the results obtained are virtually identical 
to the regression model. The conclusions are very similar to those obtained in the 
individual regressions. Once again, the EvAU grade is the variable with the greatest 
impact, followed by “Madrid,” and the grades obtained in the mathematics and phys-
ics admission exams. Gender is significant, indicating that female students have a 
higher average performance in mathematical subjects than their male counterparts, 
although the effect size is small.
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Table 8. Standardized OLS regression results and NN for the average value  
in the three subjects (algebra, calculus, and differential equations)

Variables
OLS 7-1-1 Network Decay = 1e-06

Estimate 95% IC p-Value Effect Size MS SSD MSS

(Intercept) −0.30 −0.41 −0.20 < 0.01     

AE Mathematics 0.18 0.13 0.23 < 0.01 Small 0.16 0.06 0.17

AE Physics 0.18 0.14 0.23 < 0.01 Small 0.16 0.06 0.17

AE English −0.06 −0.11 −0.02 0.01 Negligible −0.08 0.03 0.08

AE Reasoning 0.02 −0.03 0.06 0.39 0.03 0.01 0.03

EvAU 0.51 0.46 0.56 < 0.01 Large 0.51 0.20 0.55

EvAU^2 0.11 0.07 0.14 < 0.01    

Madrid 0.22 0.12 0.32 < 0.01 Small to  
moderate

0.22 0.08 0.23

Female 0.14 0.05 0.23 < 0.01 Small 0.14 0.05 0.15

R2 0.39 0.39

4	 DISCUSSION

The results of the regression models for the three subjects considered (Algebra, 
Calculus, and Differential Equations) show that the EvAU variable has the greatest 
effect, while the grades obtained in the entrance exams in Mathematics and Physics 
are also significant for all three subjects. This confirms that pre-university perfor-
mance is highly relevant when predicting academic performance in undergraduate 
students [120–122, 138]. The importance of the variable “Madrid” is also noted. As 
we indicated previously, although this result has been identified in previous studies 
[122, 124, 125], it is still puzzling. In other countries, it is very common for university 
students to move away from their family home. This is much less common in Spain 
(approximately 30% in our sample), and we observe that this change has a relevant 
and negative impact on academic performance.

In relation to gender, the results obtained show a contrast between the perfor-
mance in admission exams (AE) designed by the university and subsequent per-
formance in undergraduate mathematics courses. Although female students score 
lower than their male counterparts in AE, which could corroborate previous stud-
ies on pre-university gender gaps, they perform equally well or slightly better in 
Algebra, Calculus, and Differential Equations. The gender variable is statistically sig-
nificant in Algebra and Differential Equations but not in Calculus, with consistently 
small effect sizes favoring female students. While subject-specific differences may 
reflect distinct cognitive demands, exploring these variations lies beyond the scope 
of this study.

This discrepancy in outcomes may be attributable to the nature of evaluation 
methods. As mentioned, the AE corresponds to standard tests with multiple-choice 
questions. They are solved within a short period, under high pressure for students, 
and significantly impact their academic life. These conditions are prone to gener-
ating anxiety, among other reasons, due to their competitive nature, in which men 
tend to perform better than women [139], partly due to the adverse environment 
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created [43, 140]. This observation is also consistent with the mentioned research on 
undergraduate studies in business administration [1]: as highlighted by Rozgonjuk 
et al. [141], STEM students have a higher perceived self-efficacy than social science 
students, but the prevalence of MA is similar. On the other hand, when the evalua-
tion of performance considers a larger number of elements, demonstrating a more 
continuous and persevering effort over time, and is not limited to the result of a 
single standard test, the results of the female students tend to be better than those of 
the male students. This is the case with the grades in mathematics subjects analyzed 
in this study

The outputs obtained from the NN models for the three subjects are virtually 
identical to those of the regression models. This finding indicates that our results are 
highly robust, supported by both the sample size and the consistency of outcomes 
derived from applying two methodologically distinct approaches. Indeed, the simi-
larity between the regression coefficients and the mean sensitivities obtained from 
the NN provides additional support for the adequacy of the linear specification.

Taken together, these results confirm our hypothesis: there is no gender gap 
favoring male students when mathematics performance is measured through 
grades based on various formative activities rather than on standardized tests. This 
conclusion is consistent with previous research among undergraduate students in 
general [77] and among undergraduate Spanish students in other disciplines [1]. 
Nevertheless, these results raise several interesting points. As previously indicated, 
our sample is characterized by a low percentage of women and a high percentage 
of top-performing students, both factors that could potentially lead to a gap favoring 
men. Yet, this is not the case. Hence, even in a situation we might consider unfavor-
able to female students, their performance is not inferior in any way to that of their 
male peers. The gap observed in AE suggests that the method used to measure aca-
demic performance (standardized tests versus classroom grades) impacts outcomes, 
as previously pointed out in existing literature [45, 46, 77, 106]. However, because 
our data are observational and the analytical approach is non-experimental, all 
reported relationships must be viewed as correlational. Future experimental studies 
will be necessary to establish definitive causal links.

5	 CONCLUSIONS

In accordance with the purpose of this article, the main conclusion that can 
be drawn is that no relevant differences in mathematics performance by gender 
have been observed at the level of Spanish undergraduate engineering students, 
or, if there were, they would be in favor of female students. This statement refers 
to situations where the measurement of mathematical performance encompasses 
the evaluation of various formative activities that demonstrate a significant number 
of students’ capabilities, rather than solely relying on standardized tests conducted 
under conditions of time pressure and high-stakes assessment.

The absence of a gender gap in the academic achievement of female and male 
students in mathematics at the higher educational level coincides with the result 
obtained in recent research among undergraduate students in business adminis-
tration at the same University [1]. It is important to note that, although the previous 
study focused on Algebra and Calculus, the present study also includes Differential 
Equations, and the mathematical content in the engineering program is more 
advanced. Furthermore, the gender composition of the student body is notably dif-
ferent. The fact that no gender gap in engineering studies is observed acquires an 
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important significance, because of some fundamental differences in the circum-
stances in which both studies are carried out. On the one hand, it is necessary to 
consider that the relationship between the demand and supply of places in Spain 
to study engineering leads to the fact that, in general, only highly qualified students 
access these degrees. These students are high performers, especially in the disci-
plines of physics and mathematics, a group of students where, as has been indicated, 
literature continues to perceive the persistence of a certain gender gap. On the other 
hand, it should be noted that the low percentage of female students in engineering 
degrees, in an academic context of fewer female professors and in a professional 
context of relevant positions occupied mainly by men, can affect their self-efficacy 
perception. Given these elements, which could lead to an unfavorable situation for 
female students’ academic performance, it is important to verify that this perfor-
mance is not worse but, if anything, better.

The plurality of tools used methodologically reinforces the conclusion obtained 
in this work and the robustness of the results observed. Both the use of regression 
models and NN models, which are applied in this paper, lead to consistent results: 
the gender variable, if significant, is significant in confirming a higher performance 
of female students in mathematical subjects.

6	 IMPLICATIONS FOR ENGINEERING EDUCATION 
AND FURTHER RESEARCH

The previous conclusion highlights the importance of considering potential 
biases introduced by assessment methodologies, particularly standardized tests, 
when interpreting gender differences in mathematics performance. As indicated 
by Ashcraft and Moore [99, p. 204], “Math-anxious individuals avoid elective math 
coursework, avoid college majors that require math, and avoid career paths that 
involve math.” A significant body of literature suggests that MA is more preva-
lent among women. Although our study does not directly measure math anxiety, 
the observed differences between performance in standardized admission tests 
and grades obtained through continuous assessment might suggest the influence 
of factors such as anxiety or test stress. Future research explicitly measuring MA 
could help clarify the extent to which anxiety contributes to the observed gender 
differences in standardized math assessments.

It is worth acknowledging that standardized tests are sometimes chosen as a 
measurement formula due to time constraints or the need to use homogeneous and 
seemingly objective instruments for a large number of individuals. Nevertheless, 
it is important to be aware that performance on these tests might be influenced by 
external factors, such as anxiety due to stressful testing conditions. Standardized 
tests are also chosen because of the ease of implementing them online, which could 
be one of the causes of the increase in the gender gap among engineering students 
in favor of men during the COVID-19 lockdown [142].

As Hopko et al. [97, p. 663] noted, different evaluation methods lead to differ-
ent results, which “elucidates the importance of clearly defining skills to be mea-
sured and the corresponding strategy of measurement.” Our findings appear to 
align with this insight, as the observed differences between standardized admis-
sion tests and continuous formative assessments suggest that evaluation methods 
may influence measured academic outcomes. As a consequence, to promote equity 
in mathematics achievement, instructors should balance high-stakes examinations 
with formative assessments, which are observed to have an inclusive effect in STEM. 
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Such a blend (a) mitigates the performance volatility induced by test stress, a fac-
tor shown to penalize many female students, and (b) increases the amount of feed-
back students receive, a practice consistently linked to persistence and retention in 
engineering programs.

Our conclusions are limited to a specific educational system, such as the Spanish 
one. So, they allow us to assume that the absence of a gender gap in university perfor-
mance in mathematics-related subjects extends beyond the Anglo-Saxon sphere, the 
orbit to which most of the similar studies carried out to date refer. The main limita-
tion of this study is that the sample consists of students from a single university with 
highly homogeneous evaluation practices. As a result, the findings may not be fully 
generalized to institutions with different grading cultures or student populations. 
It must be added that only the degrees in industrial and telecommunications tech-
nologies have been analyzed. Nevertheless, these two engineering degrees are the 
most common in Spain and, in addition, are included in the areas with the highest 
gender gap, as noted above [7]. The consistency of the results, obtained using differ-
ent models, and their substantial coincidence with the previous study at a business 
school, confirms their soundness, at least within the defined territorial framework. 
However, it would be interesting to replicate this work in other universities so that 
our conclusions may or may not be confirmed.
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Fig. A2. NeuralSens graphical results (Calculus)

Fig. A3. NeuralSens graphical results (Differential Equations)
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