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Abstract

Computational thinking has been increasingly recognised as a core component of math-
ematics education, particularly in areas where analytical reasoning and computational
practices intersect. However, limited empirical research has examined how computational
verification supports mathematical reasoning in postgraduate mathematics education,
where teaching often emphasises either analytical derivations or software implementation
without explicitly connecting the two. This study investigates the integration of computa-
tional thinking within a postgraduate Mathematics of Signal Processing module through a
structured coursework design combining analytical problem solving with computational
verification. Over three academic years, students solved discrete-time signal and convolu-
tion problems analytically and then verified their solutions computationally. Performance
data were analysed using descriptive and non-parametric statistical methods to examine
differences between analytical and computational performance. Across cohorts, compu-
tational verification resulted in statistically significant performance improvements, with
mean gains ranging from +1.20 to +2.00 marks (Wilcoxon signed-rank test, p < 0.05) and
moderate-to-strong effect sizes (r = 0.56–0.59). Strong positive correlations were also ob-
served between analytical and computational marks (0.61 ≤ r ≤ 0.96), indicating alignment
between mathematical understanding and computational validation. The findings suggest
that verification-driven learning can improve solution accuracy, reduce conceptual errors
and strengthen computational thinking practices in advanced mathematics education.
This study contributes empirical evidence from postgraduate mathematics education and
highlights the value of integrating analytical reasoning with computational validation in
technical modules.

Keywords: signal processing; computational thinking; mathematics; higher education

1. Introduction
In today’s technology-driven world, computation has become an important compo-

nent across scientific and engineering disciplines and given rise to renewed attention to the
integration of computational thinking within higher education mathematics (Saralar-Aras &
Schoenberg, 2024). Computational thinking (CT) extends past programming understanding
to encompass a set of problem-solving practices, including algorithmic reasoning, abstrac-
tion, debugging and verification (Denning & Tedre, 2021). These skills are increasingly
recognised in the employment world and students need to understand both mathematical
theory and computational implementation (Mendrofa, 2024).
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The existing literature on computational thinking in mathematics education has
emerged across a range of educational contexts, including school-level, undergraduate
and broader higher education settings in different national and disciplinary environments.
However, comparatively little empirical attention has been given to postgraduate mathe-
matics modules in the UK, particularly within mathematically intensive subjects such as
signal processing (Marks et al., 2020).

Signal processing provides a vital context for the development of computational think-
ing within mathematics education (Prochazka et al., 2021). Concepts such as continuous-
time signals, discrete-time signal, linear time-invariant systems and convolution are mathe-
matically and conceptually demanding, requiring students to solve abstract representations
and understand the process thoroughly (Heinz, 2020). At a postgraduate level, students
are expected to not only perform accurate calculations but also interpret the findings,
identify errors and verify solutions within computational environments commonly used in
employment space (Leis, 2011).

Traditional teaching strategies for signal processing mathematics often focus on hand-
based analytical derivations or emphasise only software-driven simulation and imple-
mentation (Evans et al., 1993). While analytical techniques are important for conceptual
clarity, students usually face difficulties in connecting lengthy symbolic approaches to their
practical significance (Fonger, 2019). Conversely, software-centric procedures may shadow
mathematical structure, encouraging procedural use of tools without enough understand-
ing of the theory (Buede, 2008). Both approaches risk limiting students’ ability to reason
critically about solutions.

Despite the recognised importance of integrating computation within mathematics
education, a key pedagogical challenge remains in helping students meaningfully connect
symbolic mathematical reasoning with computational implementation (diSessa, 2018). In
many postgraduate mathematics modules, students may successfully complete analytical
procedures yet struggle to interpret their computational equivalents or identify errors
revealed through verification (Ottesen, 2009). This disconnect can limit deeper conceptual
understanding and reduce students’ ability to apply mathematics within computational
environments commonly used in industry. While previous studies have explored computa-
tional thinking in school and undergraduate settings, there remains limited empirical work
examining how verification-driven computational activities influence learning in advanced
postgraduate mathematics modules.

To address these challenges, this study considers a hybrid pedagogical approach that
deliberately integrates analytical problem solving with computation validation. In the
mathematics of a signal processing module at the University of West London, students are
required to first solve problems related to discrete-time signals and convolution manually.
Then implement equivalent MATLAB (R2025b) functions to verify their findings. This
sequence is designed to promote and enhance computational thinking by requiring the
students to change mathematical expressions into algorithms and interpret the results
between analytical and computational outputs and clarify their understanding through
debugging the code and validation.

This research analyses longitudinal data from coursework assessments conducted
over three academic years, examining the impact of this approach on student performance
and problem-solving accuracy. Data were analysed to investigate whether computational
verification improves conceptual understanding and whether observed results are con-
sistent across cohorts. By focusing on postgraduate mathematics education, this study
addresses a gap in the current literature, which has predominantly explored computational
thinking at school or undergraduate levels.
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Therefore, this study empirically examines whether structured analytical-first and
computational-verification tasks can strengthen mathematical reasoning and computational
thinking practices within an advanced signal processing module. The novelty of this study
lies in its postgraduate focus and its use of multi-cohort assessment evidence to evaluate
computational verification as a pedagogical mechanism for developing computational
thinking within an advanced technical module.

This paper is organised as follows. Section 2 reviews the relevant literature on com-
putational thinking in mathematics in higher education and then focuses on development
within signal processing. Section 3 outlines the methodology, including the procedures
carried out to analyse the coursework data. Section 4 presents the results of the processed
data, followed by a discussion in Section 5 that interprets the findings. Section 6 highlights
limitations and areas for future work, and Section 7 concludes with key takeaways and
implications for practice within higher education mathematics.

2. Literature Review
Computational thinking is widely considered a set of transferable practices for

problem-solving that gains ideas from computer science while being applicable beyond
programming (Apiola & Sutinen, 2020). Early research work positioned CT as a way of
approaching problems through techniques such as decomposition and abstraction, with
a focus on formulating problems so that they can be solved using humans or machines
(Shute et al., 2017). In the educational aspect, CT is commonly described through a group of
interrelated processes, which often includes abstraction, decomposition, algorithm, design,
iteration, evaluation and generalisation and supports structured reasoning in complex
issues (Ye et al., 2023).

From a theoretical perspective, computational thinking aligns closely with advanced
mathematical reasoning because both require abstraction, decomposition of complex prob-
lems, algorithmic structuring of solutions and systematic verification of results (Shute et al.,
2017). In higher-level mathematics, students must move beyond procedural manipulation
towards structured reasoning and validation of solutions (Engelbrecht et al., 2012). Compu-
tational thinking supports this transition by encouraging students to express mathematical
processes as logical sequences, test assumptions and debug errors. This connection suggests
that CT is not merely a programming skill but a cognitive framework that complements
mathematical reasoning, particularly in mathematically intensive subjects such as signal
processing, where multiple representations must be coordinated.

Considering mathematics education, CT has increasingly been discussed as comple-
mentary to mathematical thinking rather than a separate technical skill (De Corte, 1995).
Literature also shows growing interest in integrating CT through activities that have coding,
simulation and technology-related problem solving (Dolgopolovas & Dagiene, 2024). How-
ever, much of the literature remains concentrated in school-level and early undergraduate-
level conditions and frequently uses CT via introductory programming interventions or
robotic-based activities rather than within advanced mathematical topics (Day, 2019). This
creates a gap for studies to examine how CT emerges in higher education mathematical
practice, where students coordinate traditional methods and computational validation.

A key challenge within higher education mathematics is conceptual understanding.
Students may be able to try procedures, either by hand or using computation, while still
lacking the thorough comprehension of structures or conditions (Richland et al., 2012).
In this context, CT can serve as a bridge to reduce the gap between formal mathematics
and computational representation by explicitly making the steps involved in transforming
mathematical expressions into algorithms and by emphasising practices such as verification
and testing (Sofroniou et al., 2025). In the broader aspect of higher education studies,
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reviews have stated that CT is defined, taught and assessed especially within non-computer
science modules (De Santo et al., 2022). For mathematics-related subjects, this variability is
believed to be differences in whether CT is managed as ‘learning to code’ or ‘learning to
think computationally’ through modelling and verification (Bertrand & Namukasa, 2019).

Signal processing education, especially topics such as continuous-time signals, discrete-
time signals, linear time-invariant systems, Fourier series and convolution, requires stu-
dents to coordinate multiple representations and to reason about manipulation, sequences
and system behaviour (Chuan, 2016). In practice, it is also an area where computational
tools are routinely used to implement and validate methods, hence it provides a space for
the integration of CT techniques such as algorithm reasoning and verification.

Taken together, the literature positions computational thinking as a meaningful frame-
work for enhancing mathematical problem-solving, particularly when computation is
incorporated through modelling, simulation and debugging. Foundational studies em-
phasise that CT is not merely coding but a structured approach to reasoning. Systematic
reviews also show increasing interest in CT integration within mathematics education,
although much of the empirical evidence remains concentrated at school and early un-
dergraduate levels (Lv et al., 2022). Meanwhile, signal processing education provides a
natural context for blended analytical–computational practice, yet there remains a need for
empirical studies that explicitly frame these practices through a computational thinking
perspective, particularly in postgraduate mathematics modules.

In response to this gap, the present study examines how computational thinking can
be embedded within a postgraduate signal processing mathematics module through a
structured analytical-first, computational-verification approach across three academic years.

Table 1 summarises the predominant educational contexts represented in the ex-
isting computational thinking literature and highlights the distinct contribution of the
present study.

Table 1. Comparison of common computational thinking research contexts and the contribution of
the present study.

Study Context Focus on Existing Literature Educational Level Contribution of the Present Study

School-level
mathematics/CT studies

Introductory coding, robotics,
basic problem solving. School/K-12 Not the focus of this study

Undergraduate
STEM/mathematics
studies

Programming integration,
simulation, modelling,
conceptual support.

Undergraduate Provides background but differs in
level and mathematical complexity

Postgraduate
mathematics studies

Limited empirical evidence,
especially in signal processing. Postgraduate

Examines analytical-first and
computational-verification tasks
across three academic years

3. Materials and Methods
The study was conducted for a mathematics module, mathematics of signal processing,

delivered at a UK higher education institution. The module focuses on continuous- and
discrete-time signals and convolution-related analytical techniques. Students enrolled in
the module possess prior knowledge of mathematics and some exposure to computational
tools. Data were collected across three academic years (2023/2024, 2024/2025, 2025/2026).
Cohort sizes were 23, 16 and 10 students, respectively. Submission of the coursework was a
compulsory component of the module and the analysis reported here uses anonymised
assessment data taken after the module was completed.

The following process was carried out to perform the analysis, as depicted in Figure 1.
First, a structured coursework design integrating analytical problem solving with com-
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putational verification was implemented to elicit computational thinking practices. Then,
paired performance data were collected from hand-based and MATLAB-based assessment
components across three academic years. The data were then anonymised and prepared for
statistical analysis. Statistical tests, including descriptive statistics, the Shapiro–Wilk test,
the Wilcoxon signed-rank test, Spearman’s rho correlation and effect size calculations were
conducted. Finally, the results were interpreted to evaluate the impact of computational
verification on mathematical performance and computational thinking development.

 

Collect paired student assessment data across three 
academic years 2023/2024, 2024/2025, 2025/2026

Prepare and anonymise paired analytical and 
MATLAB assessment data.

Perform statistical analysis using descriptive and 
non-parametric methods.

Interpretation of results and educational 
implications.

Figure 1. Overview of the research design and analytical process used to examine the impact of
computational verification on student performance.

3.1. Coursework Design

The analysed data originate from a coursework assessment (A1), weighted at 50% of
the module grade. The coursework was designed to integrate analytical mathematics with
computational verification to elicit computational thinking practices.

Students were required to:

1. Solve discrete-time signal and convolution problems analytically by hand, demon-
strating all intermediate steps and justifying their reasoning.

2. Implement equivalent solutions using MATLAB to verify analytical results.
3. Compare analytical and computational outputs and correct discrepancies where

necessary.

Marks were awarded separately for the analytical (by-hand) component and the MAT-
LAB verification component using a consistent marking scheme across all three academic
years. The structure and learning outcomes of the coursework remained unchanged during
the study period, ensuring comparability across cohorts for the three years.

The coursework design was informed by prior research emphasising the role of com-
putational verification, modelling and debugging as core computational thinking practices
(Shute et al., 2017; Lv et al., 2022). The analytical-first and computational-verification
sequence reflects constructivist learning principles, where students first develop conceptual
understanding before validating knowledge through computational experimentation. Simi-
lar hybrid analytical–computational approaches have been shown to strengthen conceptual
reasoning in mathematically intensive STEM subjects by encouraging students to reconcile
symbolic and computational representations.

3.2. Data Collection

For each academic year, paired marks were obtained for the hand-based analytical
solutions and MATLAB-based verification. These paired marks enabled comparison of stu-
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dent performance between hand-based analytical work and MATLAB-based computational
verification. Also, the overall coursework marks were retained for descriptive cohort-level
analysis. All data were anonymised and stored in spreadsheet format for analysis. Prior
to analysis, datasets were screened for consistency and completeness. No missing values
were identified within the datasets used.

3.3. Statistical Analysis

Statistical techniques were used to examine within-cohort differences between hand-
based and MATLAB-verified performance and consistency of verification effects across
all three academic years considered. Since the sample sizes were small, non-parametric
methods were adopted. The Wilcoxon signed-rank test was performed as the data is not
normally distributed and is appropriate for paired educational datasets within cohorts. The
following hypothesis was considered for the datasets at a 5% significance level:

H0: The median difference between the hand-based method and MATLAB verification results is zero.

H1: The median difference between the hand-based method and MATLAB-verification marks is not zero.

Prior to selecting non-parametric tests, normality of paired difference scores was
examined using the Shapiro–Wilk test due to the small cohort sizes (Le Boedec, 2016).
Results indicated that the distributions deviated from normality (p < 0.05), supporting
the use of non-parametric methods. Consequently, the Wilcoxon signed-rank test was
selected as an appropriate method for analysing paired educational data where normality
assumptions are not met (Rosner et al., 2005).

Correlation analysis between analytical and computational marks was conducted
using Spearman’s rho correlation coefficient, which is appropriate for non-parametric
educational datasets (Silva-Lugo et al., 2021).

Effect sizes were also calculated using the r statistic associated with the Wilcoxon
signed-rank test, allowing interpretation of the magnitude of observed differences in the
independence of the sample size. Effect sizes were explained using conventional thresholds
(Sofroniou et al., 2020; Sofroniou & Premnath, 2023). To study whether the magnitude of
verification gains differed across the three academic years, a verification gain score was
defined for each student as the difference between hand-based and MATLAB marks. These
values were compared descriptively across the different cohorts, with non-parametric
group comparison used to assess consistency.

4. Results
4.1. Coursework Performance Across Academic Years

Coursework marks (A1) were studied across three academic years to examine cohort-
level performance and variability. Descriptive statistics for each cohort are shown in
Table 2.

Table 2. Descriptive statistics for coursework assessment (A1) marks across three academic years,
including cohort size, mean, standard deviation, minimum and maximum scores.

Academic Year (AY) n Mean SD Min Max

AY 2023/2024 23 90.35 3.14 85 95
AY 2024/2025 16 76.13 11.54 50 91
AY 2025/2026 10 77.00 9.42 58 90

The AY 2023/2024 cohort (n = 23) achieved a high mean score of 90.35 with a small
standard deviation (SD = 3.14), indicating consistently strong performance and limited
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variability in attainment. In contrast, the AY 2024/2025 cohort (n = 16) recorded a substan-
tially lower mean score of 76.13, accompanied by a markedly larger standard deviation
(SD = 11.54), reflecting greater dispersion in student performance and a wider range of
marks. A similar pattern was observed in the AY 2025/2026 cohort (n = 10), which achieved
a mean score of 77.00 (SD = 9.42), again with higher variability than the AY 2023/2024 cohort.

Figure 2 below illustrates the distribution of coursework marks across cohorts, empha-
sising the higher central tendency and reduced variability seen in AY 2023/2024 relative to
the other years. It presents boxplots of A1 coursework marks for the three academic years,
illustrating differences in central tendency and variability across cohorts. The AY 2023/2024
cohort shows a high median score with a narrow interquartile range, indicating consis-
tently strong performance and limited dispersion of marks. In contrast, the AY 2024/2025
cohort exhibits a lower median and a substantially wider interquartile range, reflecting
greater variability in student performance and the presence of lower-scoring values. The AY
2025/2026 cohort demonstrates an intermediate pattern, with a median score comparable to
the AY 2024/2025 cohort but a narrower interquartile range, suggesting more concentrated
performance despite a smaller sample size. Across cohorts, the boxplots highlight clear
differences in score distributions, with the AY 2023/2024 cohort distinguished by higher
overall attainment and reduced variability relative to the subsequent academic years.
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40
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Boxplots comparig all three Academic Years

AY 2023/2024 AY 2024/2025 AY 2025/2026

Figure 2. Distribution of coursework marks across all three academic years.

4.2. Comparison of Hand-Based and MATLAB-Based Performance

To analyse the impact of computational validation, paired comparisons were con-
ducted between hand-based analytical solutions and MATLAB-based verification within
each academic year. The findings can be seen below in Table 3.

Table 3. Comparison of hand-based analytical marks and MATLAB-based verification marks across
academic years, including mean scores, mean gain, Wilcoxon signed-rank test results and effect sizes (r).

Academic
Year

Hand-Based
Mean (SD)

MATLAB-Based
Mean (SD)

Mean
Gain p-Value Effect

Size

AY 2023/2024 44.22 (2.10) 45.91 (1.60) +1.70 <0.001 *** 0.59
AY 2024/2025 37.19 (7.33) 39.19 (5.43) +2.00 0.0013 ** 0.57
AY 2025/2026 37.90 (5.47) 39.10 (4.22) +1.20 0.012 * 0.56

* p < 0.05, ** p < 0.01, *** p < 0.001.
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Mean Gain represents the difference between MATLAB verification marks and hand-
based analytical marks for each student, calculated as:

Mean Gain = MATLAB mark − Hand-based mark

The table above summarises the results of paired comparisons between hand-based
analytical marks and MATLAB-based verification marks across the three academic years.
The Wilcoxon signed-rank test was employed in each case to assess whether the me-
dian difference between paired scores differed significantly from zero. Across all cohorts,
MATLAB-based verification was associated with a statistically significant increase in mean
marks relative to hand-based solutions alone.

For the AY 2023/2024 cohort, the mean score increased by 1.70 marks following compu-
tational verification, with a moderate-to-strong effect size (r = 0.59), indicating a meaningful
performance improvement. A similar pattern was observed for the AY 2024/2025 cohort,
which demonstrated the largest mean gain (+2.00 marks) and a comparable moderate-to-
strong effect size (r = 0.57), despite greater variability in overall performance. For the AY
2025/2026 cohort, although the mean gain was smaller (+1.20 marks), the improvement
remained statistically significant and was again associated with a moderate-to-strong effect
size (r = 0.56). Effect size interpretation followed conventional thresholds suggested by
Cohen (1988), where r ≈ 0.10 indicates small effects, r ≈ 0.30 moderate effects and r ≥ 0.50
moderate-to-strong effects.

As the p-values are less than the significance level 0.05, the null hypothesis is re-
jected and this indicates that the median difference between the hand-based method and
MATLAB-verification marks is not zero

Taken together, these results indicate that the positive effect of MATLAB-based veri-
fication on analytical performance was consistent across academic years, irrespective of
differences in cohort size or baseline attainment. The magnitude of the effect sizes suggests
that computational verification contributed meaningfully to improved problem-solving
accuracy rather than producing marginal or incidental score changes.

Table 4 presents Spearman’s rho correlation coefficients between hand-based analytical
marks and MATLAB-based verification marks for each academic year. Across all three
cohorts, a positive correlation was observed, indicating that students who performed
well in hand-based analytical tasks also tended to achieve higher marks in MATLAB-
based verification.

Table 4. Spearman’s rho correlation coefficients between hand-based and MATLAB-based marks
across academic years.

Academic Year Spearman’s rho Interpretation

AY 2023/2024 0.610 Moderate
AY 2024/2025 0.957 Strong
AY 2025/2026 0.833 Strong

According to conventional interpretation thresholds (Cohen, 1988), correlation values
between 0.50 and 0.70 represent moderate relationships, while values above 0.70 indicate
strong relationships.

For the 2023/2024 cohort, a moderate positive correlation value of 0.610 was identi-
fied, suggesting a clear but not uniform alignment between analytical performance and
computational verification. In contrast, the 2024/2025 cohort exhibited a very strong pos-
itive correlation with the value 0.957, indicating a high degree of consistency between
hand-based and MATLAB-based marks. The 2025/2026 cohort also demonstrated a strong
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positive correlation with 0.833, reflecting substantial alignment between the two assessment
components despite the smaller cohort size.

Overall, these results indicate that analytical problem-solving performance and com-
putational verification outcomes are closely related across all academic years, supporting
the consistency of assessment between hand-based and MATLAB-based components.

Figure 3 below shows the comparison within the cohorts for hand-based and MATLAB-
based coursework marks. Across all three academic years, the MATLAB-based verification
method showed higher mean values compared to the hand-based analytical solution. This
further suggests that computational validation improves overall performance and hence
highlights the importance of computational thinking within a mathematical module.
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Figure 3. Comparison of Mean Values between hand-based and MATLAB-based marks for the
academic years.

5. Discussion
This research examined the integration of computational thinking within a mathe-

matics module on signal processing by analysing data obtained from coursework. Paired
comparisons between analytical and computational performance were also carried out
to understand the importance of computational thinking within mathematics education.
The findings provide empirical support that the structured computational verification can
enhance mathematical problem solving while improving computational thinking practices
in higher education.

Across all three academic years, overall academic performance for the coursework
varied substantially between the cohorts, with academic year 2023/2024 achieving higher
mean scores and lower variability than the other cohorts considered. Such variation is
common in postgraduate education and reflects the differences in cohort composition rather
than in the instructional techniques.

Importantly, paired analysis consistently showed statistically significant improvements
in performance following MATLAB-based verification within each cohort. The magnitude
of these improvements was moderate-to-strong across all three academic years, as indicated
by effect size values, despite the difference in sample size and score distributions. This
consistency supports the hypothesis that computational validation plays a vital role in
supporting students’ analytical thinking rather than reflecting cohort ability.

From a computational thinking aspect, these results align closely with prior studies
that highlight verification, debugging and evaluation, which are essential components of
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CT. By requiring students to compare the hand-based method to MATLAB-based outputs,
the coursework is designed to emphasise key CT practices within a mathematical context.
Differences between hand-based solutions and the MATLAB-based solutions required
students to decompose problems, revisit the methods and refine their reasoning behind each
step. This enhances the behaviours that mirror professional mathematical and engineering
practice. This study design positioned computation as a cognitive tool for understanding
and validation rather than treating programming as an end in itself.

From a theoretical perspective, the observed improvements may be explained through
verification-driven learning, where students actively reconcile discrepancies between ana-
lytical reasoning and computational outputs. This process promotes metacognitive reflec-
tion and error detection, both recognised as important components of advanced mathe-
matical reasoning. The findings therefore support the view that computational thinking
activities such as testing and debugging function as cognitive supports for mathematical
understanding rather than purely technical skills.

These findings are consistent with previous studies showing that computational
modelling, simulation and verification activities can strengthen conceptual understanding
by encouraging students to test assumptions, identify errors and refine reasoning processes
(De Santo et al., 2022). Similar benefits have been reported in undergraduate STEM and
mathematics education, where computational tools supported improved problem-solving
accuracy, engagement and connections between symbolic and applied representations
(Ziatdinov & Valles, 2022). The present findings extend this body of work by showing that
comparable benefits are also evident in postgraduate mathematics education, where the
mathematical demands are higher and verification plays a more explicit disciplinary role.

The observed verification gains are particularly notable given the constrained mark
range and ceiling effects inherent in coursework assessment. Even modest numerical
increases hence reflect meaningful conceptual refinement rather than superficial score
inflation. This supports arguments in the previous literature that computational tools can
deepen understanding when used to examine, rather than replace, mathematical reasoning
(Wagh et al., 2017). The findings also contribute to addressing a gap that exists in the
literature, which has predominantly focused on computational thinking at school or early
undergraduate levels, by providing evidence from a postgraduate mathematics setting.

In the broader aspect of higher education mathematics education, the results suggest
that hybrid analytical–computational tasks can support transferable problem-solving skills
that extend beyond one module or software environment. Although MATLAB was used
in this study, the underlying pedagogical principle with analytical-first, computational
verification-second, applies to a wide range of mathematical areas where correctness,
interpretation and validation play an important role.

From a pedagogical perspective, the findings support several practical recommen-
dations. First, mathematically intensive modules should consider integrating structured
computational verification alongside analytical work rather than treating computation
as a separate technical activity. Second, assessment design should encourage students to
compare symbolic and computational outputs so that debugging and validation become
part of the learning process. Third, educators may benefit from adopting analytical-first,
verification-second task sequences in order to strengthen conceptual understanding while
also developing transferable computational thinking skills.

6. Limitations and Future Research
This study has several limitations. First, the sample sizes were relatively small due

to the postgraduate cohort structure, which may limit generalisability. Second, the study
was conducted within a single institution and module, which may restrict transferability to
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other educational contexts. Third, the study examined only one computational platform
(MATLAB) and similar studies using alternative programming environments may provide
additional insight.

Future research could extend this work by examining larger multi-institutional cohorts,
incorporating qualitative student feedback and exploring similar analytical–computational
verification approaches in other advanced mathematics subjects. Further studies could
also investigate whether such approaches reduce attainment gaps or support different
learner groups.

7. Conclusions
This study investigated the importance of computational thinking within a higher

education, postgraduate mathematics module. Using the longitudinal assessment data
and paired comparisons between hand-based solutions and MATLAB-based verification,
the study provides evidence that computational verification can support mathematical
problem solving.

Across cohorts, the findings indicate that the pedagogical approach is robust to cohort
variability and does not depend on student background or overall performance level.
Importantly, the gains observed validate the importance of the computational integration.

From an educational aspect, the results show how computational thinking practices
can be embedded within postgraduate mathematics education. By positioning computation
as a tool for verification rather than substitution, the strategy strengthens connections
between mathematical theory and computational implementation. The study contributes to
the growing literature on computational thinking in mathematics education by extending
the investigation to a postgraduate signal processing module and providing a replicable
model for integrating analytical reasoning with computational validation.

Future studies could incorporate this framework into other mathematically intensive
modules and examine whether similar verification gains are observed across different
mathematical domains. Researchers could also investigate alternative computational tools,
such as Python or R, to determine whether the benefits observed are independent of specific
software platforms. Additionally, future work could explore whether verification-driven
learning supports different student ability groups differently or contributes to reducing
performance variability across cohorts.
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