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Abstract:-This study explores the intertwining of mathematics and electrical and electronic engineering
education, aiming to reveal how crucial mathematics problem-solving skills and cognitive development are to
the field. The research explores the mediating role of students' cognitive failure in the relationship between
mathematics failure and achievement in electrical and electronic engineering education. Additionally, it
investigates the moderating effect of students' mathematics background on this relationship. The study adopted
the quantitative research design where random cluster sampling was used to select a total of 488 final year
students from four technical universities in Ghana. Data consisted of mathematics achievement test scores and
students’ examination results in ten core courses. The findings reveal that the adverse effect of students' failure
in specific mathematics topics on achievements in electrical and electronic engineering education is mediated by
cognitive failure. Notably, this mediation is moderated by the students' pre-university foundation in
mathematics. The study makes recommendations for engineering mathematics curriculum development,
emphasizing more practical applications, especially in Algebra and Probability, to prevent mathematics and
cognitive failures. Intervention for applicants with grade 4 or worse is recommended for successful completion
of the program.
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1. Introduction

Mathematics is considered the language of science, technology, and engineering. It contributes to the core of
science and engineering and serves as a source of knowledge for engineering students [1]. Despite the use of
technology, mathematics remains a vital tool for solving engineering problems. Electrical and electronic
engineering rely heavily on mathematics. Calculus appears to be the most important knowledge in electrical
engineering, while linear algebra is widely used in digital signal processing, communication systems, error
control coding, circuit analysis, robotics circuits, and power systems. Fourier Transforms, Vector Algebra, and
Probability and Statistics are also used in different areas of electrical and electronic engineering [2].

According to cognitive learning theory, learning depends on how people mentally process stimuli they
encounter [3]. In response to cognitive issues, Benjamin Bloom developed a taxonomy of cognitive skills in
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1956 that included knowledge, comprehension, application, analysis, synthesis, and evaluation [4], [5]. Bloom
thought teachers should support students in developing these skills so they may use them to solve problems.
Cognitive skills involve the ability to understand complex ideas, such as thinking, reasoning, and remembering
that, in some combination, affect learning in many academic domains, including mathematics, and electrical and
electronic engineering courses [6], [7]. Most prior research followed this framework by including academic
skills, mostly mathematics skills, and cognitive skills to predict subsequent mathematics and engineering
education outcomes [8]-[11].

A pertinent issue among electrical and electronic students in Ghana is that students with weak Senior High
School (SHS) mathematics background do not generally perform well in electrical and electronic engineering
courses. Over a decade experience gained by the first author of this article as an engineering mathematics
lecturer in the department of electrical and electronic engineering in Cape Coast Technical University (CCTU)
in Ghana, is that students who did not perform well in the Senior High School mathematics mostly do not
perform well in the engineering mathematics and also in the electrical and electronic engineering courses. This
pattern justifies the use of a grade 6 cutoff for admissions into Higher National Diploma (HND) and
undergraduate programs in electrical and electronic engineering. However, a critical question is posed: Is grade
6 the optimal cutoff for ensuring success in the electrical and electronic engineering program?

The main objective of this research was therefore to examine the mediating role of students’ cognitive failure
(CF) on the relationship between mathematics failure (MF) and achievement in electrical and electronic
engineering education (ENG), as well as the causal moderating role of pre-university mathematics achievement
(PMA) on this effect and the relationship. This would help us to investigate into the Ghanaian Technical
University issue, and its related occurrences in other places in the world. It was also to propose a model that
explains the relationship between the four interrelating variables, MF, CF, ENG and PMA, which cannot be
found in a single structure, according to literature.

In the realm of electrical and electronic engineering education, the role of mathematics cannot be overstated. It
serves as the backbone, shaping students' understanding and problem-solving skills. However, the impact of
mathematics failure on students' achievement in this field is a complex interplay influenced by cognitive factors
and the strength of their mathematical foundations [12].

1.1 Mathematics Failure and Academic Performance

Numerous studies have explored the correlation between mathematics failure and academic performance in
various disciplines, emphasizing its heightened significance in technical fields such as electrical and electronic
engineering. Students struggling with mathematics often face challenges in grasping the intricacies of
engineering concepts, hindering their overall achievement [13].

1.2 Cognitive Mediation

Cognitive processes play a pivotal role in shaping how students approach and engage with mathematical and
engineering tasks [14], [15]. When mathematics failure occurs, it is essential to understand the cognitive
mechanisms involved. Cognitive mediation acts as a lens through which students process information,
highlighting the cognitive hurdles that may intensify the effect of mathematics failure on academic achievement
[16].

1.3 Mathematics Foundation as a Moderator

The strength of students' mathematical foundations emerges as a critical moderator in the influence of cognitive
failure in mathematics problem-solving on academic achievement in engineering [17]. A robust mathematics
foundation may buffer the negative effects of mathematics failure, providing students with a resilient base upon
which to build their engineering knowledge. Conversely, a weak foundation could amplify the challenges
associated with mathematics failure, causing a negative effect on academic achievement.

In navigating the complex landscape of electrical and electronic engineering education, addressing mathematics
failure requires an understanding of the cognitive processes at play. By considering the moderating influence of
mathematics foundation, educators and policymakers can develop targeted interventions to support students in
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overcoming mathematical challenges and fostering a robust academic journey in the field. This exploration aims
to contribute to the ongoing discourse on enhancing educational strategies in technical disciplines.

1.4 Framework and Research Hypotheses
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Fig. 1 The moderated mediation model

The framework for this study confidently followed the reversibility of the relationship between mathematics and
cognitive abilities (working memory, reasoning, and executive function) as predictors of each other's
development [18]. It also considered existing research works, including those on cognitive ability [19]-[23].
Also, studies on mathematics problem solving were included [24]. Again, research work that concluded on the
influence of students’ foundation in mathematics at the pre-university level was considered [25]. Thus, we
proposed a model as shown in Fig. 1 to include students’ foundation in mathematics (PMA) to interact with
failure in mathematics (MF), as well as failure in cognition (CF).

The study therefore hypothesized that:
Hai1: Mathematics failure has a negative effect on achievement in electrical and electronic engineering education
Ha2: Mathematics failure has a positive effect on Cognitive failure in mathematics

His: Cognitive failure in mathematics has a negative effect on achievement in electrical and electronic
engineering education

Hia: Pre-tertiary mathematics moderates the relationship between mathematics failure and achievement in
engineering education

2 Method
2.1 Research Design

The causal comparative design was used with the relational survey model. The relational survey model aims to
measure the presence and degree of variation between two or more variables [26]. We aimed to describe the
effects that students’ drawbacks in mathematics have on their main electrical and electronic engineering
subjects without any attempt to change or influence it.

4946



Tuijinlishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 44 No. 6 (2023)

2.2 Participants

The subjects of the study are the 2021/2022 final year HND electrical and electronic engineering students in the
ten technical universities (TUs) in Ghana who have already completed their engineering mathematics courses
over their first four semesters. These students are the research population of interest in this study. This
population is made up of students who previously studied in Senior High Schools, and also those from the pure
Technical Schools.

Four TUs were randomly selected from the ten. Second-year HND electrical and electronic students at Cape
Coast Technical University (CCTU) who had just completed their fourth semester were selected for testing the
MAT instrument. We anticipated that the data from the four technical universities will be homogeneous. This is
as a result of a common entry requirement and syllabus for the HND electrical and electronic engineering
program. Within the TUs that were randomly sampled, a cluster sample total of n = 488 students was obtained.

2.3 Research Instrument
Ability

Type 4: HOT

Part 3: Application
Part 1: Comprehension
Type 1: Enowledge

Algebra > ,
Functions —— "

Trigonometry and Complex /
Calculus and Differential /
Probabilities

Domain

Level of Difficulty

Fig. 2 De Lange’s assessment pyramid for curriculum mathematics

De Lange’s pyramid is redesigned to measure curriculum mathematics in three dimensions as shown in Fig. 2:
domain of knowledge (algebra, functions, trigonometry, calculus, and probability); levels of mathematics
difficulty (low to high); and cognitive level (knowledge, comprehension, application, and HOT) [27]. The five
mathematics content areas (domain of knowledge) were purposively selected from the HND electrical and
electronic engineering curriculum in Ghanaian TUs. The test items for the MAT were carefully planned to
ensure that the level of difficulty is not above that of the content of the HND syllabus.

The Mathematics Achievement Test (MAT) used for this research were two types: the subjective type (MAT 1)
and objective type (MAT II). Both MAT | and MAT Il were made up of five sections, A to E, covering the areas
of Algebra, Functions, Trigonometry and Complex Numbers, Calculus and Differential Equations, and
Probability, respectively. Both consisted of test items in each section that measured students’ failure in getting
the concepts in these areas of mathematics, as well as their cognitive failure according to the Bloom’s taxonomy
(that is, failure in knowledge, comprehension, applications, analysis, evaluation, and creativity) [5]. While MAT
| consisted of five subjective test items that measured the aforementioned variables, MAT |1 consisted of twenty
(20) objective test items in each section, making a total of 100 items, all within the scope of the engineering
mathematics curriculum. Because of the volume of the test, MAT Il was administered on three different
occasions under standard examination conditions. The large number of items in the MAT Il ensured repeated
measurements in the cognitive domain and thus reducing the effect of using multiple choices in the
measurements. We were also motivated by the positive impact multiple-choice question authoring and regular
participation have on students’ learning [28]. Table 1 shows the test item specifications for MAT II.
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Table 1 Achievement test item specification in MAT 11

Cogpnitive Level
Domain of Knowledge Total
Knowledge | Comprehension | Applications | HOT

Algebra (ALG) 5 5 5 5 20
Functions (FUN 5 5 5 5 20
Trigonometry and Complex Numbers

(TRIG) 5 5 5 5 20
Calculus and Differential Equations

(CALC) 5 5 5 5 20
Probability (PROB) 5 5 5 5 20
Total 25 25 25 25 100

Authors’ construct, 2023

A secondary data consisting of each students’ results in the third and fourth semester of their studies in the
universities were collected from the examination units of the universities. These are the raw scores obtained
from students’ core engineering subjects. The accuracy of students' self-reported pre-tertiary mathematics
achievement (grades) was verified from records in their respective academic departments. The data were entered
into SPSS version 26.0, and Analysis of Moment Structures (AMOS) was employed to construct a structural
equation model, facilitating simultaneous testing of hypothesized relationships. AMOS, an extension of the
Generalized Linear Model (GLM), allows researchers to test multiple regression equations concurrently and
incorporates latent variables, considering measurement errors[29]. The Hayes Process was applied to assess the
moderated mediation effects in the model[30]. Mediator and moderator variables were critical in this survey-
based research, and the SPSS AMOS program package simplified the complex analysis, enhancing efficiency.

2.4 Data Analysis

Analytical Approach: The research employed AMOS version 26 and covariance-based structural equation
modelling (CB-SEM) to evaluate hypotheses regarding the effect of students' grasp of engineering mathematics
on their understanding of electrical and electronic engineering courses. CB-SEM, guided by established
theories, allows for testing and validation of theoretical constructs with empirical data [31], [32]. The study
focused on the interplay between failure to comprehend engineering mathematics concepts and the subsequent
effects on learning electrical and electronic engineering. Cognitive training, specifically in creative thinking,
was considered crucial for student success. The maximum likelihood estimation technique was chosen for its
robustness, even when variables deviated from multivariate normality[33], [34].

The analytical process comprised three stages: a confirmatory factor analysis (CFA) to assess the measurement
model, a mediation analysis using bootstrapping for testing the hypotheses, Hi» and His, and a moderated
mediation analysis was made to assess research hypothesis Ha. Effect sizes, Pearson's correlation coefficient (r),
and the coefficient of multiple determination (R?) were employed to quantify relationships between constructs
[35], [36]. The use of 5000 bootstrap samples enhanced the robustness of the analyses, and the subgroup
approach (-1 SD and +1SD) provided additional insights[31]. This comprehensive method not only contributes
to understanding the dynamics of mathematics failure in electrical and electronic engineering education but also
establishes a foundation for future theoretical development and empirical research in the field [37].

Mediation Analysis: Fig 3 illustrates a mediation model in the study, showing path coefficients a, b, and c'
denoting relationships between MF and CF, CF, and ENG, and MF and ENG respectively. The model assesses
the direct effect (c') of MF on ENG, with a specific indirect effect (SIE) through CF (a andb). The total effect is
expressed as SIE + c¢'. Mediation studies offer insight into how a predictive variable influences an outcome
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variable [38]. Understanding mediation effects is necessary for a comprehensive grasp of an influence of a
variable on an outcome variable in a study [37].

Achievement in

. . ]
Failure in /__C/__,, Electrical and
Mathematics Electronic
(MF) Engineering Courses

(ENG)

Cognitive Failure in
Mathematics
(CF)

Fig. 3 Mediation model

In estimating indirect effects, the widely used causal steps approach is that of Baron and Kenny(1986)[39],
which unfortunately, faces criticism for its low statistical power and therefore applicable to only simple
mediation models[31], [40]. To address this, researchers often supplement it with the Sobel test[31]. However,
both methods rely on the challenging assumption that the product of path coefficients a and b follows a normal
distribution which is difficult to achieve[41][38]. Recognizing this limitation, the study opted for the Bollen-
Stine bootstrapping techniques to mitigate nonnormality effects[41][42][31][38]. Both Bollen-Stine and Naive
bootstrapping methods were utilized, with Bollen-Stine modifying the enlarged > and naive bootstrapping
applied in the mediation analysis [43], [44]. This comprehensive approach enhances the reliability of indirect
effect estimations, providing a more robust foundation for drawing conclusions in the study.

Moderated Mediation Analysis: The influence of an independent variable on a dependent variable can vary
based on the levels of another variable, M, termed a moderator [45]. This study delves into conditional indirect
effects or moderated mediation, exploring the circumstances under which an indirect effect may occur.
Investigating conditional indirect effects allows researchers to understand the interactive influence of one
variable on another [38], [46]. The common technique for examining moderated mediation that involves
assessing the mediation effect at each level of the moderator is known as the subgroup approach [45], [47]
Following Preacher et al.'s (2007) suggestion, mediation effects were estimated within subgroups, one standard
deviation below and one standard deviation above the mean, using bootstrapping with the PROCESS micro.
This approach enhanced the understanding of variable interactions and their effects [47].

3 Findings
3.1 Data Assessment

In the Confirmatory Factor Analysis process, first, researchers ensured result credibility by examining outliers
and distribution assumptions [48]. Although, few outliers were identified in the MAT data, caution prevailed
against deletion of these data points due to the realization that these were scored by outstanding students who
had correspondingly scored high or low marks in the electrical and electronic engineering courses. Thus, those
observations (outliers) were seen as part of the population and were therefore not deleted [49]. Multivariate
normality assessment revealed nonnormality, particularly in the kurtosis value which was greater than 5.00 (c.r.
= 10.825), indicating multivariate nonnormality[50]. This could lead to rejection of the appropriate model [32],
[51]. To address this, the Bollen Stine bootstrapping techniques were applied for re-estimating parameters and
standard errors. This approach enhances understanding of test statistic behavior in a nonnormal data, aligning
with methodological recommendations [43].

3.2 Evaluation of the Measurement Model

Before the comprehensive evaluation, a preliminary CFA diagnosed potential issues in the model, prompting
slight modifications for enhanced quality [52]. Troublesome indicators indicating cross-loadings and
correlations in error terms were addressed through expert consultations and curriculum analysis, leading to the
exclusion of one indicator (EEE241). Measurement error concerns in moderated-mediation analysis were
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acknowledged due to potential relationship attenuation [53], [54]. We now discuss the development of the
measurement model, including all the tests of the outer loading reliability, internal consistency, convergent
validity, discriminant validity, and structural model measurement techniques that are important in the analysis.
Table 2 is a set of model fit indices[48][55].

Table 2 Model fit indices for the hypothesized model

Model Fit Index Value “Recommended Guideline
e 539.168, p=0.00 Not Significant
y2ldf 3.685 <5
TLI 921 >.90
CFlI 932 >.90
IFI .932 >.90
RMSEA .074 <.08 (acceptable fit)
SRMR .043 <.05

*[56][48]

The results in Table 2, aligned with recommended guidelines, strongly support the well-fitted factor structure to
the sample data [56]. Construct validity, the primary focus of CFA, was thoroughly assessed in Table 3[57]. All
observed variables exhibited excellent convergence on their respective latent constructs, as indicated by
standardized factor loadings exceeding .50 and being statistically significant (p < .001) [58]. Additionally, AVE
values surpassing .50 depicted substantial convergence, while SMC values above .36 affirmed the reliability of
each item[59][57]. With composite reliability exceeding .70, there is ample evidence for good reliability and
internal consistency across constructs [58]. Discriminant validity, evaluated in Table 4, confirmed the
uniqueness of each construct, as square roots of AVEs exceeded their corresponding Pearson correlation
coefficients[57]. In conclusion, the CFA results affirm the well-fitted measurement model, laying a crucial
foundation for subsequent structural model analyses [57].

Table 3 The result of construct validity

Test of Significance Factor Loading SMC | CR | AVE
Construct Obv. Var (Std)
Unstd. | SE t-Value p
MF CF 1192 | .088 | 13.588 | *** .765 595
MF | ENG -1.805 | .332 -5.438 | *** -721 520
CF ENG -1.391 | .215 -6.478 | *** -.451 545
MF FALG 1.08 062 | 17504 | *** .801 .642 | 910 | .670
FFUNC .936 055 | 17.111 | *** .785 .616
FTRIG 863 | .051 | 16.931 | *** 780 .609
FCALC .840 .053 | 15.702 | *** 714 510
FPROB 1.000 .750 563
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Test of Significance Factor Loading | ¢\ | cr | AVE
Construct Obv. Var (Std)
Unstd. | SE t-Value p
ENG EEE207 1.000 .693 480 | .930 | .580
EEE211 929 .060 | 15573 | *** 173 .598
MCE211 945 065 | 14.462 | *** .693 480
EEE212 162 .051 | 14.966 | *** 736 541
EEE222 1172 | .080 | 14.689 | *** 710 504
EEE225 .937 057 | 16.454 | *** 811 .658
EEE231 .878 059 | 14.847 | *** 733 537
EEE232 .755 .050 | 15.193 | *** 745 .555
EEE242 782 056 | 13.921 | *** .668 446
CF FKNOW 714 044 | 16.391 | *** 142 551 | 910 | .710
FCOMP .681 039 | 17,338 | *** .786 .618
FAPPLI .765 .040 | 19,320 | *** 814 .662
FHOT 1.000 793 .629

Note: N=488. MF, mathematics failure; CF, cognitive failure; ENG, Achievement in Electrical and Electronic
Engineering Education, AVE, average variance extracted, SMC, squared multiple correlation; Std, standardized;
Unst, unstandardized; SE, standard error.

***p<.00

Table 4 Inter-construct correlation and square root of average variance extracted

Construct ENG MF CF
ENG -0.761
MF -721 -0.819
CF -.738™ 765" -0.843

Note: N=488. The diagonal elements in parenthesis are the square roots of the average variance extracted. MF,
mathematics failure; CF, cognitive failure; ENG, Achievement in Electrical and Electronic Engineering
Education,

**p<.01 (significant at .01 level)
3.2 Evaluation of Structural Model

In the second stage of SEM analysis, structural equation modeling (SEM) is employed to establish connections
between constructs, offering precise information about variables. If the measurement model is violated,
adjustments can be made. The structural model, examined in this stage, gives the detail of the relationships
between independent (exogenous) and dependent (endogenous) variables [60], [61].
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The results of testing the hypothesized structural theory, which concentrated on evaluating the overall structural
model fit and the hypothesized structural connections between constructs, are consequently summarized in this
section. The structural model generated a y? of 486.410 with 132 degrees of freedom, which gave out a relative
chi-square of 3.685, an RMSEA of .074, a TLI of .921, and a CFI of .932, indicating an adequate fit of the
hypothesized structure for the observed covariance matrix.

3.3 Additional Analysis

To overcome the limitations in evaluating moderated mediation effects, the study employed the PROCESS
macro for conducting simultaneous tests of hypothesized relations[38]. This macro utilizes a path analysis
approach described by Preacher et al. (2007) and allows bootstrap testing of indirect effects at different
moderator levels[62]. Bootstrap sampling, with 5000 samples, generated bias-corrected confidence intervals for
the indirect effect conditioned by the moderator (PMA). This approach compensates for nonnormality,
providing empirical approximations of sampling distributions. The analysis, incorporating standardized and
control variables, was conducted using PROCESS model 59, offering insights into both direct and indirect
effects conditioned by students' pre-tertiary mathematic (PMA, the moderator).

3.4 Mediation Analysis

Fig. 4 shows the standardized path estimates and R2of the hypothesized model. It can be seen that every path
coefficient was statistically significant (p< .05) which did not give us any evidence to reject the hypothesized
relationships between the constructs. The R? for ENG was .60, indicating that the structural model explained
60% of the variance of ENG. In other words, the two independent variables, MF andCF accounted for 60% of
the variation in ENG. 5000 bootstrapping with 95% confidence also revealed that the direct path from MF to
ENG was statistically significant. Specifically, from IBM AMOS 26, it was revealed that there is a significant
direct effect [c! path: t = -6.6818, p = .0000] as well as a significant indirecteffect [ab path: t = -9.2328, p =
.0000] of MF on ENG.The Conditional Direct effect of MF on ENG and Conditional Indirect Effects of MF on
ENG are all significant. The zero does not fall between the lower and upper limits of the 95% confidence
interval for the independent variable MF [-.4132, -.2254] and at each level of the mediating variable, CF [-
4973, -.3228]. Therefore, there is a statistically significant effect of MF on CF, and CF on ENG. The results
therefore show a partial mediating effect of CF on ENG.

@

(=]

EEE211

- -.38
5 71
EEE222
é ,81

EEE231

- ©

(=]

oJofeJolo
®
:

o

5 62 66 63

ETEINENCEIEIEEINER
efelelelefelelefe

FKNOW FCoMP FAPPU FHOT

Fig. 4 Structural equation modelling of the hypothesized model with standardized coefficients and R?2

Table 5 shows Cls for bootstrap tests at different levels of PMA: (1) one SD below mean, (2) the mean, and (3)
one SD above the mean. Statistically, the Cls considered significant if the values between the lower and upper
confidence limits do not include zero[63]. From Table 5, one of the bootstrap Cls for PMA levels is one SD
below the mean (-.4408, -.2317) which does not include zero, indicating that there is significant indirect effect
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under this condition. And the others are, similarly, under conditions of the mean and one SD above the mean
[95% CI with the intervals (-.2875, -.1575) and (-.1977, -.0742) respectively, which do not include zero]. All
these intervals indicate that there are significant indirect (mediated) negative effects of MF on ENG through CF.

Table 5 Bootstrap results for the conditional indirect effects

PMA Boot Indirect Effect BootSE BootLLCI | BootULCI
-1 SD (1.415) -0.3214 0.53 -0.4408 -0.2317
Mean (0) -0.2153 0.334 -0.2875 -0.1575
+1 SD (1.415) -0.1303 0.312 -0.1977 -0.0742

Note: Bootstrap sample size = 5000
3.5 Moderated Mediation Analysis

In moderated mediation analysis, the index of moderated mediation is available when the indirect effect is a
linear function of a single moderator. In some models such as 59, the indirect effect is a nonlinear function of
the moderator, and so no index of moderated mediation is provided. However, the Bootstrap results for the
regression model parameters table (Table 6) provides the CI for the a, b and c'paths. The summary in Table 6
shows a significant moderating effect [p < 0.05, (.0679, .1877)], and a significant interaction of PMA on the
association between MF and CF [p< 0.05, Cl= (-0,1209, -0,037)]. In the presence of the moderating variable
PMA, the multiple regression equation from Hayes Process connecting MF, and the interaction between the two,
Int; to CF is given by the equation,

CF = 0.5250MF + 0.1278PMA — 0.0790Int; 1)
Table 6 Regression of CF on MF, PMA and MFxPMA
Model 1: CF
Coeff SE t-Value p LLCI ULCI
constant .0710 .0377 1.8824 .0604 -.0031 .1450
MF .5250 .0421 12.4598 .0000 4422 .6078
PMA 1278 .0305 41911 .0000 .0679 1877
MFxPMA -.0790 .0214 -3.6978 .0000 -.1209 -.0370

Outcome: CF, R? = 0.4895, F = 1,547,018, p = 0.000

We did not include the constant term because it is not significant at 95% confidence level [p> 0.05, Cl= (-.0031,
.1450)]. Thus, there was a significant reduction in students’ CF when

Table 7, the direct effects of MF and CF on ENG were also significant at 95% confidence the moderator is
present in the model.

From level [p<.05, CL= (-.4132, -.2254) and (-.4973, -.3228)]. Again, the moderating effect of PMA was also
significant [p < .05, CI = (-.1167, - -.0023)], as well as its interactions with MF [p< .05, CI = (-.1539, -,0362)]
and with CF [p< .05, Cl = (0,0098, -0,1241)]. In the presence of the moderating variable PMA, the multiple
regression equation from Hayes Process connecting MF, CF, Int,, the interaction between the moderator and
MF, and Ints, the interaction between the moderator and CF, to the response variable, ENG, is given by the
equation:

ENG = -0.3193MF — 0.4100CF — 0.0572PMA — 0.0951Int,+ 0.0669Int; )
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Table 7 Regression of ENG on MF, PMA, MFxPMAand CFxPMA

Model 2: ENG
Coeff SE t-Value p LLCI ULCI
constant .0331 .0371 .8915 3731 -.0398 .1060
MF -.3193 .0478 -6.6818 .0000 -.4132 -.2254
CF -.4100 .0444 -9.2328 .0000 -.4973 -.3228
PMA -.0572 .0303 -1.8885 .0496 -.1167 -.0023
MFxPMA -.0951 .0300 -3.1747 .0016 -.1539 -.0362
CFxPMA .0669 0291 2.3012 .0218 .0098 1241

Outcome: CF, R? = 0.5160, F = 1,027,872, p = 0.000

PMA
-15D
Mean
507 +1 5D
257
\\\
<) S
z =
g .00+ S
§ S
257
-.50
T T T
-1,00 00 1,00

MF

Fig. 5 Interaction effect ofPMA on the influence of MF on ENG

Again, we did not include the constant term because it is not significant at 95% confidence level [p> 0.05, Cl=(-
.00398, .1060)]. Thus, there is a significant reduction in ENG when PMA interacts with MF, but a significant
increase ENG is realized when it interacts with CF.

The research findings revealed that there is a significant moderating effect of PMA on the relationship between
MF and ENG,MF and CF, and MF and ENG. Our interest is to briefly look at how PMA affects ENG for
students with low PMA and also with high PMA. In Fig. 5, we generated a graph showing the Interaction effect
of PMA on the influence of MF on ENG. From Fig. 5, we can see that there was generally, a negative linear
relationship between MF and ENG. Students with higher PMA (+1 SD), that is, students with weaker foundation
in mathematics (brown line) had higher negative slope than their counterparts with lower PMA (-1 SD) or
stronger foundation in mathematics (blue line). The green line also shows that effort to reduce PMA (or
strengthen mathematics foundation) reduced the slope for MF on ENG, an implication that a unit increase in MF
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would impact less negatively on ENG. Thus, the moderator, PMA reduced the high-effect variable and
increased the low-effect variable. The next section discusses this in more detail by looking at the implication on
electrical and electronic engineering education in Ghanaian TUs.

4 Discussions

The paper explores the mediating role of students' cognitive failure in the relationship between mathematics
failure and achievement in electrical and electronic engineering education. The paper practically investigated
this for Ghanaian Technical Universities' students' performance in nine electrical and electronic engineering
core courses in relation to their struggle with understanding five selected curriculum mathematics topics and
cognitive failure. The findings revealed significant negative effects of students' inability to grasp the concepts of
Algebra, Functions, Trigonometry, Complex Numbers, Calculus and Differential Equations, and Probability on
their achievements in engineering education. This also sheds light on the role of cognitive failure, aligned with
Bloom's taxonomy, and emphasizes the importance of foundation knowledge in High School mathematics as a
moderator[4], [5]. The study suggests implications for students, high school teachers, university lecturers,
curriculum providers, and policymakers, emphasizing the interconnectedness of mathematics understanding and
success in electrical and electronic engineering education

4.1 Theoretical Contributions

This study aimed to create a comprehensive conceptual framework by synthesizing existing research on
cognitive ability in mathematics and engineering. Various studies formed the foundation, exploring the interplay
between mathematics, cognitive abilities, and students' pre-university foundation in mathematics [19]-[25]. The
reversible relationship between mathematics and cognitive abilities was considered [18].

The study's first theoretical contribution challenges the assertion that behavioral analysis alone is insufficient for
understanding the impact of instruction in electrical and electronic engineering education [64]. It emphasizes the
need for both behavioral and cognitive analyses, highlighting mathematics teaching as integral to problem-
solving skills and linking to cognitive enhancement [14], [65]. The research supports the findings that cognitive
ability is enhanced through mathematics problem-solving [18].

The study further underscores that mathematical problem-solving processes not only enhance knowledge
acquisition but also elevate reasoning skills in electrical and electronic engineering students [66]. Effective
problem-solving techniques are deemed critical for improving mathematics achievement and consequently,
overall success in electrical and electronic engineering education. The study suggests that mathematics problem-
solving training reduces cognitive failure, contributing positively to academic achievement in this field, while
inadequate techniques have adverse effects. Overall, the research emphasizes the pivotal role of mathematics
instruction and problem-solving techniques in shaping cognitive abilities and, consequently, success in
engineering education [67]. Thus, positive problem solving techniques in mathematics reduce cognitive failure
annd consequently have positive effects on students’ academic achievement in electrical and electronic
engineering.

4.2 Practical Implications

This research highlights the significance of mathematics proficiency in the success of technical students,
particularly in electrical and electronic engineering programs. The implications extend beyond Ghana,
emphasizing the universal importance of mathematical understanding in advancing through engineering
education. Proficiency in Algebra, Functions, Trigonometry and Complex Numbers, Calculus and Probability
merges as very essential for success in electrical and electronic engineering courses.

The study identifies cognitive failure and students' weak foundation in mathematics as key factors hindering
success in electrical and electronic engineering education. Cognitive failure mediates the impact, underlining its
disruptive role in electrical and electronic engineering students' achievements. The research recommends
diverse student groups, combining strong mathematical and cognitive abilities for collaborative problem-
solving.
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Additionally, the study validates the effectiveness of West African Secondary School Certificate Examination
(WASSCE) results in assessing students' pre-university mathematical background necessary for electrical and
electronic engineering education. It suggests the need for targeted intervention strategies to enhance
mathematical and cognitive abilities, particularly for students with lower mathematics background, aiming to
improve overall achievement in this field. Ultimately, the research provides practical insights for educational
institutions, suggesting the consideration of both cognitive and mathematical factors in student assessments and
interventions to enhance the learning experience in electrical and electronic engineering education.

5 Conclusion

The research findings underscore a collective negative effect of students' failure in five key mathematics topics
on their performance in electrical and electronic engineering education. This effect is partially mediated by
cognitive failure, indicating that a lack of understanding in Algebra, Functions, Trigonometry and Complex
Numbers, Calculus, and Differential Equations, and Probability negatively influences achievement in electrical
and electronic engineering education, particularly in Algebra. Notably, Algebra emerges as the most influential
area among these topics in the Ghanaian HND electrical and electronic engineering curriculum, followed by
Probability. The most significantly affected course is EEE222 (Control Systems).

The negative effect of mathematics failure on achievement implies potential barriers for students with weak
mathematical foundations. Academic interventions, such as mathematics support and tutorials, should be
implemented for identified weak students, particularly those with grades worse than +1 SD of the mean. We
estimated this from the Ghanaian TUs data as grade 4 or worse.

Cogpnitive failure in mathematics problem-solving should be prevented for a successful electrical and electronic
engineering education, as it strongly mediates the relationship between mathematics failure and achievement in
electrical and electronic engineering education. To do this, profound understanding of mathematics concepts,
especially Algebra and Probability, is crucial. Continuous revision and problem-solving, focusing on these
topics from primary to tertiary levels are recommended. Teachers should employ effective teaching methods,
such as the Realistic Mathematics Education (RME) approach, to foster critical and creative thinking.
Emphasizing the practical applications of engineering mathematics in everyday life can make the subject more
relevant and engaging.

Despite the study's valuable insights, it only considered five mathematics indicators, explaining 51.6% of the
variation in students' achievements. Future research should explore additional engineering mathematics areas
and factors such as the high school attended, student gender, admission mode, and attitude toward the program
of study. This holistic approach may uncover further factors influencing students' achievement in electrical and
electronic engineering education, contributing to more comprehensive educational strategies.
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