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PAPER

Improving Engineering Students’ Motivation 
for Success in Statistics and Data Science: 
An Innovative Visualization of Four Mathematical 
Models in Higher Education in United Arab Emirates

ABSTRACT
This study aims to analyze the factors that improve engineering students’ motivation for 
success in statistics and data science courses at higher education institutions by using four 
mathematical models. The distinctiveness of this study was exemplified by the innovative 
graphical depiction of those models. The impact of certain factors, such as the importance 
of recognition and enjoyment of the course, students’ self-concept, and future aspirations, 
on engineering students’ motivation for achieving success in statistics and data science 
courses was examined. The proposed models are expected to provide beneficial academic 
insights to students, instructors, administrators of higher education, and societies worldwide. 
This paper employed a quantitative methodology, including a sample consisting of 144 female 
and 101 male engineering students enrolled in various statistics and data science courses at 
higher education institutions in the United Arab Emirates (UAE). A comprehensive survey 
questionnaire was developed to gather quantitative data, which were mathematically mod-
eled via factor and regression analyses. The four mathematical models analyzed six variables 
derived from the survey items. According to the results, models IV, II, I, and III had the most 
significant influence on motivation, in decreasing order. Model IV explained 94.4% of the 
variation in the motivation for achieving success in statistics and data science courses, while 
models II and I explained 75.5% and 71.4%, respectively. The study’s limitations stem from 
the fact that its findings might not apply universally and are dependent on the specific educa-
tional settings or cultural contexts in which the study was conducted.
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1	 INTRODUCTION

The transdisciplinary significance of statistics and data science is evident in many 
aspects of contemporary life, highlighting their pivotal role in advancing human 
understanding across a wide range of professions [1, 2]. In engineering, concepts 
such as probability and statistics play a major role in solving various engineering 
problems [3]. Furthermore, statistics is used in medicine and health sciences to 
compare a patient’s blood pressure readings in different positions of the patient [4]. 
Moreover, various phenomena in disciplines like business, sociology, sports, political 
science, and criminology have emerged through the application of statistical method-
ologies [5–7]. Thus, the interdependent relationship between statistics, data science, 
and other academic and professional domains highlights the importance of these 
subjects for advancing knowledge and fostering innovations.

Many generations of students have endured tedious statistics classes that focus more 
on teaching a set of formulas to be applied in various contexts than on understand-
ing the reasoning behind using formulas or the challenges that arise when attempt-
ing to use data to answer problems [8, 9]. Educators who emphasize the connections 
between courses can help students find meaning and purpose in their education. It 
was reported that students’ performance is optimized through the enhancement of 
their cognitive self-perception in mathematics by evaluating their belief in their math-
ematical ability, willingness to take more mathematics classes than necessary, confi-
dence in their ability to study advanced arithmetic, and preference for receiving help 
when needed [10]. The mathematical and statistical anxiety of students was found to 
be one of the main factors resulting in negative performance in examinations of math-
ematics and statistics [11]. The situational engagement and motivation of students in a 
statistics classroom were investigated, and the findings indicated that students’ intrin-
sic and utilitarian values have increased while their test anxiety has decreased [12]. 
According to the findings of [13], it is recommended to relate statistical exercises to stu-
dents’ real-life applications in the teaching and learning of statistics and data science. 
As a result, the learning environment and personal characteristics of each learner, 
such as motivation, engagement, pedagogical approaches, and character traits, become 
increasingly influential in explaining the differences in academic success.

Accordingly, several studies reported the effect of individual student’s character 
traits and behavior, such as regularity in class attendance [14, 15], lifestyle [16, 17], 
social interactions [18], self-esteem [19], locus of control or satisfaction in life [20], 
self-efficacy [21], and the use of artificial intelligence (AI) [22]. On the other hand, 
pedagogical approaches were found to enhance students’ academic achievement in 
statistics. Contrary to conventional approaches of teaching statistics, active learning, 
challenge-based gamification, automatic question generation, situation-problems in 
statistics textbooks, animation of algorithm in a graph form, educational approaches 
with AI, and the use of mobile learning applications, Android-based interactive 
e-modules were found to have a beneficial effect on student learning [23–29]. Although 
data science and statistics courses hold substantial importance, there has been a notice-
able dearth of research investigating diverse motivational aspects and their impact 
on students’ motivation and engagement with these subjects at higher educational 
levels [30, 31]. Therefore, this paper contributes to the existing academic literature by 
creating and incorporating four mathematical models designed to answer the follow-
ing research question: What are the predictive factors that support improving engi-
neering students’ motivation to achieve success in data sciences and statistics courses? 
Subsequent to the introduction, the paper comprises several sections elucidating 
the importance of the research, a comprehensive literature review, the theoretical 
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framework, research methodology, questionnaire design, factor analysis, regression 
analysis, mathematical modeling, findings, and recommendations. The conclusion of 
the paper explains the study’s limitations and provides a summary of the research.

2	 RESEARCH SIGNIFICANCE

While numerous studies have examined various variables to predict students’ 
academic performance in data science and statistics, scant attention has been 
devoted to understanding students’ motivation for academic achievement in data 
science and statistics courses in engineering programs. Notably, achievement moti-
vation encompasses a wide range of concepts, including interest, aspirations, and 
self-concept. Recently, achievement motivation has been widely investigated in dif-
ferent research studies in the form of a single construct [32–35]. Nevertheless, lim-
ited or nearly no studies have addressed the several building blocks of motivation 
in relation to students’ achievement. This study addresses this gap by investigating 
the association between different motivation paths of engineering students, such 
as course importance recognition, interest, future ambitions, and self-concept, with 
their motivation for academic success in data science and statistics courses. A nota-
ble contribution of this paper is the development of four mathematical models, 
which creatively integrate graph-based visualizations to enhance engineering stu-
dents’ motivation for academic success in higher-education settings. These models 
provide a means to measure engineering students’ mathematical motivation for 
academic achievement, providing administrators with valuable insights into stu-
dents’ attitudes and abilities. Through the discernment of students demonstrating 
elevated and diminished mathematical motivation, these models provide promising 
prospects for curbing failure and dropout rates in data science and statistics courses 
across diverse academic institutions. This study aimed to enhance engineering stu-
dents’ motivation for success in statistics and data science courses, ultimately lead-
ing to a positive impact on our educational systems.

3	 THEORETICAL FRAMEWORK

The main focus of this study is on the social cognitive approach to motivation 
[36, 37] and achievement goal theory [38]. From a theoretical perspective of this 
approach, studies established the dependence of motivational dynamics on students’ 
beliefs and interpretations of actual events as well as achievement context [37, 39]. 
It has been reported that several academic activities can be intrinsically and extrin-
sically motivated according to the expectancy-value theory [40]. In this regard, the 
social cognitive model broadly classifies the motivation constructs to expectancy com-
ponents (e.g., self-concept) and value components (e.g., task value recognition). The 
former defines the belief of a student that he/she can accomplish a certain assigned 
task, and the latter comprises the students’ rationale for choosing to complete this 
specific task [37]. Accordingly, the two factors relating to each category are evalu-
ated in this study. Course importance recognition and interest levels relate to value 
components, whereas future ambitions and self-concept subsume expectancy com-
ponents. Thus, it can be practically assumed that students who study statistics and 
data science not only are intrinsically motivated and enjoy studying these subjects, 
but also are extrinsically motivated owing to the possible future career opportunities 
with decent incomes. The achievement goal theory was employed to conceptualize 
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this study as it acknowledges that learners’ goal orientations affect cognitive and 
affective outcomes. The types of goal orientations in relation to this theory are mas-
tery and performance goals, which were established by [38] and later refined by [41].  
Briefly, mastery goal orientation places more emphasis on personal development and 
learning than performance goal orientation does on relative competence and peer 
comparison. The valences of “approach” and “avoidance” were added to the mastery 
versus performance goal paradigm, extending it beyond the dichotomic conceptu-
alization [42, 43]. This more recent two-by-two matrix of goal orientation states that 
whereas learners with performance-avoidance goals do not want to be perceived as 
incompetent, learners with performance-approach goals want to show their skill and 
competence in relation to others. Comparably, students with mastery-approach objec-
tives concentrate on acquisition of the material, whereas those with mastery-avoidance 
goals worry about not learning it [44]. Therefore, the self-concept from the expectancy 
component of the social cognitive model was expanded to include both affective and 
cognitive elements, which are reflected by the achievement goal theory.

4	 LITERATURE REVIEW

Academic motivation, referred to as the intangible generator driving students’ quest 
for knowledge, is a key predictor of academic achievement, sparking intellectual curi-
osity and tenacity that inspire students toward their educational aspirations. Among 
the factors associated with motivation for success, which in turn directly impact aca-
demic achievement, are self-concept, interest, and future ambitions; these factors are 
widely instrumental [35]. Academic self-concept was originally defined as an evalua-
tive perception of one’s academic competence [45]. Following the self-enhancement 
model, academic self-concept is a key predictor of academic achievement [46–50]. 
Nevertheless, it was demonstrated that academic motivation mediates the association 
between academic self-concept and academic achievement; a positive self-concept 
may contribute to academic achievement, and motivation is essential in determining 
how self-concept translates into actual performance [51]. The academic achievement of 
students in statistics was found to be substantially influenced by students’ self-concept 
in statistics [52]. Despite self-concept being repeatedly reported as the central motiva-
tional construct [53–57], the majority of college students suffer from extremely low 
levels of statistics self-concept [58] owing to insufficient knowledge [59] and negative 
attitudes toward mathematical courses [60]. To remediate these attitudes and anxiety 
toward statistics, [61] a study was conducted using descriptive (comparison of one’s 
performance with classmates) and predictive (comparison of one’s performance with 
previous performances) dashboards to provide ongoing feedback for students’ per-
formance in a statistics course, so as to assess their impact on motivation levels, anx-
iety, and attitudes. The study demonstrated that whereas the predictive dashboard 
enhanced motivation for highly motivated students, it demotivated others, questioning 
the notion that self-referenced feedback is typically beneficial [62]. This highlights the 
importance of analyzing self-concept in specific domains such as statistics and data 
science to develop targeted strategies for enhancing student motivation [63, 64].

Besides self-concept, interest stands as a crucial catalyst for academic motiva-
tion among college students, fueling their engagement and persistence in the pur-
suit of scholarly excellence [65–69]. Accordingly, several studies attempted to boost 
the interest of students by employing different, enjoyable pedagogical strategies 
and tested their impact on students’ interest and ultimately academic motivation 
for success. A significant relationship was observed between students’ interest in 
the contents of statistics courses and students’ statistical achievement [52]. It was 
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found that making the learning process more enjoyable improves student attitudes 
and reduces student anxiety in statistics and mathematics courses [68–70]. Despite 
their proven effectiveness, fun activities are not widely used in college mathematics 
classrooms as a study demonstrated that while female students lacked the skills to 
implement these activities, male students were concerned about the time required, 
leading to hesitation in the incorporation of such strategies [71–72]. It is suggested 
that the implementation of healthy and interesting learning activities by instructors 
in online courses of statistics improves students’ enjoyment of the learning process 
and promotes students’ creative ideas in statistics [73]. The findings of [74] suggest 
that the use of mobile applications in calculus learning enhanced the positive percep-
tion of students in terms of motivation, attractiveness, relevance, and effectiveness.

Similarly, how students envision their futures seems to affect their motivation to 
succeed and, consequently, their academic success. The expectancy-value theory of 
motivation states that students are more inclined to perform tasks they value and relate 
to their objectives. Students lose the desire to succeed in a course when they do not per-
ceive how it relates to their personal or professional goals [75]. As students mature, they 
place more emphasis on future planning and creating goals [76], and many college stu-
dents already have a clear idea of prospective career routes, which greatly improves 
their drive to accomplish such objectives. The correlation between increased motiva-
tion and academic achievement has been substantiated by recent research [77–79].  
However, if students view statistics or data science as unrelated to their future job 
goals, their motivation may diminish, highlighting the importance of students recog-
nizing the significance of their coursework in relation to their envisioned professions 
[60, 80]. To demonstrate, a study conducted by [81] stated that interventions focused on 
the enhancement of the perceived significance of course material result in enhanced 
student motivation and performance by amplifying their interest as well as academic 
motivation. Moreover, it is reported that achievement motivation functions as a media-
tor to students in the course of introductory statistics, as it was found that expectancy is 
substantially correlated with performance in statistics [82]. Similarly, [83] highlighted 
three different approaches to enhancing the perceived course value for students by 
(a) establishing connections between new content and students’ preexisting knowl-
edge and future objectives, (b) facilitating students’ understanding of how the course 
content aligns with a wider framework, and (c) illustrating the practical relevance of 
course materials to real-life scenarios and professional aspirations.

In light of the conducted literature review, it can be concluded that factors such as 
interest, importance recognition, self-concept, and enjoyment have an instrumental 
effect on academic motivation and academic performance. Accordingly, this study 
aimed to evaluate the relative importance of many key achievement motivation con-
structs in predicting the motivation of college students in statistics and data science 
courses. The expansion of this study upon previous research in this area is achieved 
by considering (1) diverse motivational constructs, (2) two facets of self-concept 
(affective and cognitive), and (3) multiple models of motivational constructs that can 
represent students’ academic motivation for success.

5	 RESEARCH METHODOLOGY

A 55-item survey questionnaire was designed using a quantitative research 
approach to collect the dataset for the present study. The sample population of 
this study consisted of students enrolled in undergraduate statistics and data sci-
ence courses in various engineering programs, as they were the optimal target to 
gather the related information to the main objective of this paper. Four colleges and 
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universities in United Arab Emirates (UAE) were reached out to engage with students 
majoring in engineering programs such as computer, chemical, civil, mechanical, 
electrical, and cybersecurity engineering. Higher-education institutions agreed to 
participate and granted the required ethical approval for the study to be conducted 
on their students. The study population consisted of all engineering students regis-
tered in statistics and data science courses at the four colleges and universities in 
the UAE. The professors of statistics and data science courses were approached and 
informed consent was attained from the students. It was explained to the students 
that their participation was completely optional and that they might opt out at any 
time. Employing a simple random sampling methodology, students from the four 
colleges and institutions were selected and were requested to complete the survey 
form. The use of simple random sampling methodology provided each student with 
an equal and independent chance of being selected. The study sample consisted 
of 245 engineering students enrolled in statistics and data science courses. In this 
group, there were 101 male and 144 female students. Furthermore, 103 students 
were 18–20 years old, 89 were 21–24 years old, 34 were 25–29 years old, 14 were 30 
to 34 years old, 4 were 35 to 39 years old, and 1 was 40 years or older. The students 
were provided with the opportunity to answer all the 55 items using a 5-point Likert 
scale, where the choices ranged from strongly disagree (1) to strongly agree (5). The 
use of a 5-point Likert scale was deemed appropriate owing to its simplicity and 
clarity, i.e., this scale made the questions easy to understand and answer which 
ultimately enhanced students’ response rates and the reliability of the collected data 
for this study. The answers of the students were handled with the highest confiden-
tiality and used exclusively for the purpose of this study. The quantitative analysis 
was conducted using the SPSS 26.0 software, which included the factor and regres-
sion analyses. The use of factor analysis enhanced the reliability and validity of the 
collected data. The rationale behind the use of regression analysis was to determine 
how the independent variables influence the main dependent variable of the study.

The self-attribution [84], self-determination [85], and self-concept [86] theories 
were employed to gauge students’ evaluations of their own self-concept, enjoyment, 
satisfaction, value recognition, and expectations of future careers and incomes in rela-
tion to statistics and data sciences courses. These theories provide important compre-
hension of the student’s motivation in the courses indicated; particularly, how they 
see their own abilities and comprehension of the subject matter, how fulfilled they 
feel after completing the course, and how important the course is to them now and 
in the future for their jobs and earnings. The components of the questionnaire were 
tailored using several validated tools, together with additional questions specifically 
generated to fulfill the primary objective of the study. The intrinsic motivation inven-
tory, a multidimensional tool, was used to examine the students’ subjective experi-
ence related to a specific task, i.e., statistics and data science courses in this study, 
which facilitated the identification of students’ subjective experience associated with 
the courses’ enjoyment, perceived competence, importance, and tension [87]. Other 
tools such as the motivated strategies for learning questionnaire [88], attitude toward 
mathematics inventory [89], and self-description questionnaire [90–92] were used to 
gauge students’ attitudes toward statistics and data science courses.

6	 FACTOR ANALYSIS

This section examined the correlation between the items of the survey 
questionnaire by conducting a principal axis factor analysis using a Promax (oblique) 
rotation to evaluate the extent to which the items weigh into the factors. Chiefly, the 
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Kaiser-Meyer-Olkin (KMO) values and P-values from Bartlett’s test of sphericity were 
calculated to evaluate the feasibility of factor analysis for the dataset used in this 
study (refer to Table 1). All the subscales have KMO values exceeding 0.7, and the 
P-values of the Bartlett’s test of sphericity were below 0.01, indicating that factor 
analysis is adequate for investigating the study’s variables associated with the con-
structs of the main variables listed in Table 1. A reliability test was employed to 
examine the cohesion and homogeneity among the items within each subscale. The 
objective of this test was to evaluate the reliability of each subscale by examining 
the consistency and unity among the items within each subscale. To determine the 
reliability coefficients of mathematical self-concept and mathematical motivation 
in statistics and data science courses, Cronbach’s alpha reliability coefficients were 
computed. Table 1 shows that all scales have alpha reliability coefficients greater 
than 0.8, indicating strong internal validity and reliability.

Table 1. KMO, Bartlett’s test, and reliability analysis

Variables’ Scales KMO  
Values

Bartlett’s Test of 
Sphericity P-Values

Cronbach’s 
Alpha Coefficient

Students’ motivation .887 .000 .923

Importance .835 .000 .845

Students’ enjoyment .926 .000 .880

Students’ expectation of future careers and incomes .781 .000 .834

Students’ self-concept .899 .000 .906

7	 REGRESSION ANALYSIS AND MATHEMATICAL MODELING

The main objective of this study was to analyze the factors that improve engi-
neering students’ motivation for success in statistics and data science courses in 
higher education. As a result, several hypotheses have been formulated in four 
mathematical models using a deductive approach to investigate the ways in which 
different predictive factors impact and mold students’ motivation for success in 
statistics and data science courses. This section pivots around elaborating on each 
of the four models designed and demonstrating how effectively they describe this 
study’s target variable, students’ motivation for success in data science and statis-
tics courses. It also provides a suitable basis for potential future research of parallel 
aims. Regression analysis is deemed the most statistically appropriate choice to ana-
lyze the relationship between students’ motivation for success in statistics and data 
science courses as well as other predictive factors within each model. Accordingly, 
various regression tests have been employed to evaluate the effectiveness of every 
model. Essentially, the dependent variable considered by all four models is students’ 
motivation for success in statistics and data science. The performance of each model 
has been examined by conducting several regression analysis tests.

Furthermore, a global regression test has been conducted for each model to mea-
sure how effectively the assessed independent variables (X) explain the variations 
in the targeted dependent variable (Y′). This is accomplished primarily using the R2 
coefficient of determination, which typically measures the model’s capability to fore-
cast real values, thus serving as an evaluation tool to the model’s accuracy. In other 
words, R2 quantifies the proportion of the total variability in the dependent variable 
that can be accounted for by the variation in the independent variables. In addition, 
the regression coefficients (β) supplement the validation loop by attributing the indi-
cated variations observed in R2 to chance or the variation in the dependent variable.
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7.1	 Model I

Model I analyzes the effect of engineering students’ value recognition of statistics and 
data science courses (independent variable) as well as their motivation for success in 
the associated courses (dependent variable). According to the expectancy-value theory, 
the success of an individual in a certain task depends on two factors: one’s belief of how 
well they can perform and the subjective value of the task. The latter is the pivot of this 
model and constitutes intrinsic value (i.e., interest), attainment value (i.e., self-identity 
confirmation), utility value (i.e., usefulness), and cost (i.e., effort). Therefore, the the-
ory suggests that an interplay between these factors determines the motivation of a 
person to accomplish the assigned task, which corresponds to the motivation for suc-
cess in data science and statistics courses in the scope of this study. This approach was 
employed by [93] to predict students’ performance in science, technology, engineering, 
and mathematics subjects. The results indicated that both expectancy and value signifi-
cantly influenced students’ academic achievement in the courses, with value element 
playing a slightly more dominant role. Accordingly, it is likely that perception of the 
importance of statistics and data science courses impacts the motivation for success, 
and that is the base of the formulation of our first null hypothesis as follows:

Ho1:	 There is no relationship between the importance of statistics and data sci-
ence courses and students’ motivation for success in these courses (b1 = 0).

Table 2. Model I summary

Model R R2 Adjusted R2 Std. Error of the Estimate

I .845a .714 .712 10.54837

Note: aPredictors: (Constant), Importance of statistics and data science.

Table 3. Model I ANOVAa

Model Sum of Squares df Mean Square F Sig.

I Regression 52987.233 1 52987.233 476.212 .000b

Residual 21252.197 191 111.268

Total 74239.430 192

Notes: aDependent Variable: Students’ motivation for success in statistics and data science,  
bPredictors: (Constant), Importance of statistics and data science.

Table 4. Model I coefficientsa

Model
Unstandardized Coefficients Std. Coefficients

t Sig.
B Std. Error Beta

I (Constant) 34.986 4.134 8.464 .000

Importance of statistics  
and data science

2.401 .110 .845 21.822 .000

Note: aDependent Variable: Students’ motivation for success in statistics and data science.

Tables 2, 3, and 4 present statistical data on the relationship between students’ view 
of the significance and requirement of statistics and data science courses, and their moti-
vation for achieving success. This is accomplished by evaluating the model using several 
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goodness-of-fit metrics to confirm its validity. Table 2 demonstrates that the coefficient 
of determination is 0.714, which implies that 71.4% of the variance in students’ motiva-
tion for academic success in statistics and data science courses can be explained by their 
view of the value and need of the subject. The adjusted coefficient of determination, 
denoted as R

adj
2 0 712= . , exhibits a strong affinity with the unadjusted coefficient, indi-

cating reliable and well-supported findings. Therefore, it may be inferred that the data 
exhibits a high degree of conformity to the model. The solidity of the model is further 
supported by the comparatively tiny value of the standard estimate of error. In addition, 
Table 3 presents a strong correspondence to the data with a significant F value of 476.2 
and a P-value of zero. The null hypothesis is rejected based on the P-value being less 
than 0.01, indicating a statistically significant association between engineering students’ 
opinion of the importance of statistics and data science courses and their motivation for 
success in these courses. As can be seen from Table 4, the unstandardized coefficient has 
a value of 2.401, whereas the standardized coefficient has a value of 0.845.

71.4%
Importance of

Statistics and Data
Science (X

1
)

Motivation
for Success
in Statistics

and Data
Science (Y ')

Model I β = 0.845

Fig. 1. Graph-based visualization of model I

Figure 1 presents a graphical illustration of model I. It demonstrates that the per-
ception of the importance of statistics and data science courses with a coefficient (β) 
of 0.845 explains 71.4% of the increase in students’ motivation to succeed in their 
respective courses.

A mathematical linear model is formulated using regression analysis as follows:

	 Y′ = a + bX1 + u,	

	 Y′ = 34.986 + 2.401X1 + u	 (1)

where Y′ denotes the response variable (motivation for success in statistics 
and data science courses); a, the intercept; b, the coefficient illustrating the extent 
of dependency of the response variable on the explanatory one; X1, the indepen-
dent variable (perception of the importance of statistics and data science courses); 
and u, the stochastic error showing the significance of other potential explanatory 
variables.

7.2	 Model II

Model II evaluates the effect of engineering students’ enjoyment of the learning 
process on the academic motivation for success in statistics and data science courses. 
Fundamentally, academic enjoyment corresponds to the pleasure and fulfillment that 
students derive from participating in a collaborative and engaging learning experi-
ence. It fosters intrinsic motivation, hereby resulting in higher levels of engagement 
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and attention. Moreover, the extent to which the lecture is enjoyable determines the 
persistence levels of students against challenging concepts and setbacks as they become 
more inclined to invest more effort when they find the process rewarding. A study con-
ducted by [94] found that there exists a favorable correlation between enjoyment and 
both intrinsic and extrinsic motivational drives. In other words, students who derived 
satisfaction from their lessons were more likely to actively participate and excel in exam-
inations. Contrarily, negative feelings such as boredom were associated with less moti-
vation and inferior academic achievements. Similar findings were reported by multiple 
literature sources [95, 96]. Thus, it is probable that the level of satisfaction and enjoyment 
derived from statistics and data science courses influences one’s drive for achievement. 
This forms the foundation for our second hypothesis, which is stated as follows:

Ho1:	 There is no relationship between students’ enjoyment of statistics and data 
science courses and students’ motivation for success in these courses (b1 = 0).

Table 5. Model II summary

Model R R2 Adjusted R2 Std. Error of the Estimate

II .869a .755 .753 9.76730

Note: aPredictors: (Constant), Enjoyment of statistics and data science.

Table 6. Model II ANOVAa

Model Sum of Squares df Mean Square F Sig.

II Regression 56018.016 1 56018.016 587.191 .000b

Residual 18221.414 191 95.400

Total 74239.430 192

Notes: aDependent Variable: Students’ motivation for success in statistics and data science, 
bPredictors: (Constant), Enjoyment of statistics and data science.

Table 7. Model II coefficientsa

Model
Unstandardized Coefficients Std. Coefficients

t Sig.
B Std. Error Beta

II (Constant) 52.800 3.007 17.556 .000

Enjoyment of statistics 
and data science

1.999 .083 .869 24.232 .000

Note: aDependent Variable: Students’ motivation for success in statistics and data science.

Tables 5, 6, and 7 show statistical insights about the correlation between the level of 
enjoyment and fulfillment of learning practices in statistics and data science courses 
and the drive to succeed in these courses. This is achieved by assessing the model’s 
validity through the evaluation of several goodness-of-fit measures. As can be seen 
from Table 5, the coefficient of determination is 0.755. This means that 75.5% of the 
variation in students’ motivation for academic achievement in statistics and data sci-
ence courses can be explained by the level of enjoyment they experience throughout 
the class. The adjusted coefficient of determination, denoted by R

adj
2 0 753= . , shows 

a significant correlation with the unadjusted coefficient, indicating dependable and 
well-substantiated results. Thus, it can be deduced that the data demonstrates a 
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significant level of adherence to the model. The model’s robustness is reinforced by 
the relatively small value of the standard error estimate. Furthermore, Table 6 demon-
strates a robust correlation with the data, as evidenced by a substantial F value of 
587.191 and a P-value of zero. The null hypothesis is rejected as the P-value is less than 
0.01, demonstrating a statistically significant correlation between the pleasure of sta-
tistics and data science courses and the drive for success in such courses. Table 7 shows 
that the unstandardized beta coefficient is 1.999, whereas the standardized beta coef-
ficient is 0.869. According to the results of models I and II, it can be anticipated that 
the enjoyment (R2 = 0.755) of students in the data science and statistics courses loads 
slightly more into their motivation for success compared with the value recognition of 
these courses (R2 = 0.714). The findings of model II agree with the previous literature 
as it was reported that students’ enjoyment strongly and positively boosts the intrinsic 
motivation of students, which ultimately promotes students’ achievement [96].

75.5%
Enjoyment of

Statistics and Data
Science (X

1
)

Motivation
for Success
in Statistics

and Data
Science (Y ')

Model II β = 0.869

Fig. 2. Graph-based visualization of model II

Figure 2 presents a depiction of the findings of model II. It shows that the varia-
tion of enjoyment and fulfillment of statistics and data science courses with a coef-
ficient (β) of 0.869 is responsible for 75.5% of the increase in students’ motivation to 
succeed in their respective courses.

A mathematical linear model is formulated using the regression analysis 
as follows:

	 Y′ = a + bX1 + u,	

	 Y′ = 52.800 + 1.999X1 + u	 (2)

where Y′ denotes the response variable (motivation for success in statistics and 
data science courses); a, the intercept; b, the coefficient illustrating the extent of 
dependency of the response variable on the explanatory one; X1, the independent 
variable (enjoyment in statistics and data science courses); and u, the stochastic error 
showcasing the significance of other unconsidered explanatory variables.

7.3	 Model III

Model III measures the dependability of motivation for success in statistics and 
data science courses on engineering students’ self-concept as a single unit of motiva-
tional construct, in such courses. Self-concept is a widely studied aspect in the academic 
research field as it has been repeatedly proven to have a strong and direct correla-
tion with academic achievement [97]. As self-concept is a latent construct that cannot 
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be directly observed, rigorous scrutiny is essential to demonstrate its validity. A recent 
study demonstrated that self-concept is considered to be a product of personal, social, 
and contextual factors [98]. First, personal factors involve past academic experiences, 
self-efficacy, and personal traits. To elaborate, while repeated successes can bolster 
self-efficacy and in turn self-concept, sequential failures undermine it. Similarly, the per-
ception of students’ academic abilities is considerably dependent on their persona, e.g., 
a student who is naturally resilient, persistent, and focused tends to experience less fail-
ures, which reflects a higher degree of self-concept. Second, social factors, such as paren-
tal, peer, and teacher influences, also play a pivotal role in determining the self-concept 
of students. For example, a recent study by [99] demonstrated empirical evidence on the 
positive effects of positive parental contributions, such as autonomy encouragement, 
academic involvement, and emotional support on students’ self-concept and academic 
achievement. Lastly, contextual factors correlated with the pedagogical strategies imple-
mented in the classroom, academic environment, etc. are associated with the level of 
students’ self-concept. Notably, the design of curriculum and assessments that can cater 
to diverse learning styles can aid in enhancing students’ self-concept [100]. Accordingly, 
studies that expose levels of domain-specific self-concept greatly contribute to the for-
mulation of tailored curricula and pedagogy. Specifically, in a mathematics-related 
course such as statistics, in which students typically suffer from low self-concepts [101], 
positioning the level of students’ self-concept is instrumental in this essence. Therefore, 
to evaluate self-concept in statistics and data science on engineering students’ motiva-
tion to succeed, the third null hypothesis was formulated as follows:

Ho1:	 There is no relationship between students’ self-concept in statistics 
and data science courses and students’ motivation for success in these 
courses (b1 = 0).

Table 8. Model III summary

Model R R2 Adjusted R2 Std. Error of the Estimate

III .764a .583 .581 12.72720

Note: aPredictors: (Constant), Students’ self-concept in statistics and data science.

Table 9. Model III ANOVAa

Model Sum of Squares df Mean Square F Sig.

III Regression 39679.945 1 39679.945 244.966 .000b

Residual 28346.801 175 161.982

Total 68026.746 176

Notes: aDependent Variable: Students’ motivation for success in statistics and data science, 
bPredictors: (Constant), Students’ self-concept in statistics and data science.

Table 10. Model III coefficientsa

Model
Unstandardized Coefficients Std. Coefficients

t Sig.
B Std. Error Beta

III (Constant) 39.574 5.424 7.296 .000

Students’ self-concept in 
statistics and data science

1.206 .077 .764 15.651 .000

Note: aDependent Variable: Students’ motivation for success in statistics and data science.
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The statistical outcomes of the association between engineering students’ 
self-concept in statistics and data sciences and their motivation for success in these 
courses are presented in Tables 8, 9, and 10. The validity of the model was mainly 
tested using the coefficient of determination value, which was found to be 0.583, as 
shown in Table 8. To elaborate on this result, 58.3% of the variations in the motiva-
tion for academic success in the courses specified were directly attributed to the vari-
ations in the self-concept of students in statistics and data science courses. Similar to 
the past models, a further indication to the validity of the model can be indicated by 
the affinity between R2 and R R

adj ad
2 2 0 581( ).=  and the minor standard error estimate 

value, which suggests a reliable model. Accordingly, it can be deduced that the model 
quite precisely describes the variables. The null hypothesis is rejected as a result of a 
zero P-value (< 0.01); therefore, there is a statistically significant correlation between 
the domain-specific self-concept and the motivation for success in the associated 
courses (refer to Table 9). The standardized and unstandardized beta values of the 
statistical analysis are 0.764 and 1.206, respectively, as shown in Table 10.

58.3%
Self-Concept in

Statistics and Data
Science (X

1
)

Motivation
for Success
in Statistics

and Data
Science (Y ')

Model III β = 0.764

Fig. 3. Graph-based visualization of Model III

For clarity and simplicity purposes, Figure 3 represents a depiction of the general 
findings of models III. It shows that the variation of self-concept in statistics and data 
science courses with a coefficient (β) of 0.764 is responsible for 58.3% of the increase 
in students’ motivation to succeed in their respective courses.

A mathematical linear model is formulated using the regression analysis 
as follows:

	 Y′ = a + bX1 + u,	

	 Y′ = 39.574 + 1.206X1 + u	 (3)

where Y′ denotes the response variable (motivation for success in statistics and 
data science courses); a, the intercept; b, the coefficient illustrating the extent of depen-
dency of the response variable on the explanatory one; X1, the independent variable 
(self-concept in statistics and data science courses); and u, the stochastic error.

7.4	 Model IV

Unlike previous models, model IV is comprehensive as it regresses the collective 
impacts of several factors on motivation for academic success in statistics and data 
science courses. Some of the factors were elaborated on earlier in the preceding 
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models, such as value recognition, fulfillment and enjoyment, as well as self-concept. 
Nevertheless, in this model the multidimensionality of the global self-concept term 
is addressed. Essentially, self-concept can be broadly categorized into cognitive and 
affective. As regards the scenario of this study, the former is descriptive in nature 
as it refers to a subjective estimation of competence in learning and employs con-
cepts related to statistics and data science, whereas the latter is inherently evaluative 
and corresponds to one’s emotional and motivational responses to one’s worth and 
abilities [102, 103]. For example, cognitive self-concept is developed from previous 
academic achievements in the courses, which reflects one’s belief that they have the 
capability to perform well in future assessments [104]. From another perspective, 
[104] showed that self-efficacy, defined as the conviction that one can successfully 
execute the behavior required to produce the desired outcomes, provides a single 
and substantial ingredient to cognitive self-concept. To demonstrate, [105] conducted 
a study on college students to establish a correlation between self-efficacy, student 
engagement, and academic achievement. The findings indicated a strong relationship 
between self-efficacy and academic achievement among college students, while being 
mediated with student engagement. Another study complemented these findings by 
reporting that autonomous motivation of success mediates the association between 
self-efficacy and engagement [106]. Therefore, it is of great importance to evaluate stu-
dents’ self-efficacy, within the framework of cognitive self-concept, to determine their 
levels of motivation for success. Meanwhile, affective self-concept is merely based on 
personal feelings rather than objective measures. A student, therefore, may feel proud 
and confident or anxious and inadequate about their academic abilities regardless of 
their actual academic performances [107]. Although students’ learning experiences 
are influenced by both positive affect and effort, the former has a greater impact on 
long-term motivation and engagement than the latter. Stated differently, students who 
have robust emotional self-perception are more inclined to invest time in and focus 
on a specific academic subject that they find interesting, which can eventually lead to 
greater success [108]. However, the present study has not definitively determined the 
distinct associations between the two aspects of self-concept and different education 
and professional outcomes, such as career intention, educational goals, and resilience. 
Therefore, this study specifically addresses their impact as motivational constructs 
on the motivation for success in statistics and data science courses. Moreover, educa-
tion and career ambitions are powerful motivators that direct an individual’s efforts 
toward achieving goals, which in turn can impact performance [109]. Conventionally, 
when individuals first dedicate themselves to future objectives that hold personal 
importance, they have the ability to intentionally create a logical structure or sys-
tem of proximal subgoals to direct their actions toward achieving those future goals. 
The proximal subgoals function as target goals, which are precise behaviors and per-
formance criteria that direct action, thereby, improving motivation. As the system 
of subgoals becomes more evident and specific subgoals are achieved, the level of 
dedication to the future goals intensifies [110]. On the basis of the limited empiri-
cal evidence so far, it is possible to speculate that future aspirations are positively 
correlated with motivational components. The following five hypotheses have been 
developed to forecast students’ motivation for success in statistics and data science. 
The five hypotheses were examined in light of the performance of model IV.

Ho1:	 There is no relationship between the importance of statistics and data sci-
ence courses and students’ motivation for success in these courses (b1 = 0).

Ho2:	 There is no relationship between students’ enjoyment of statistics and data 
science courses and students’ motivation for success in these courses (b2 = 0).
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Ho3:	 There is no relationship between students’ expectations of future careers 
and income and students’ motivation for success in statistics and data 
science courses (b3 = 0).

Ho4:	 There is no relationship between students’ cognitive self-concept in statis-
tics and data science courses and students’ motivation for success in these 
courses (b4 = 0).

Ho5:	 There is no relationship between students’ affective self-concept in statis-
tics and data science courses and students’ motivation for success in these 
courses (b5 = 0).

Table 11. Model IV summary

Model R R2 Adjusted R2 Std. Error of the Estimate

IV .972a .944 .943 4.68609

Note: aPredictors: (Constant), Importance of statistics and data science, Enjoyment of statistics and data 
science, Expectations of future careers and income, Cognitive self-concept in statistics and data science, 
Affective self-concept in statistics and data science.

Table 12. Model IV ANOVAa

Model Sum of Squares df Mean Square F Sig.

IV Regression 64493.055 5 12898.611 587.382 .000b

Residual 3798.990 173 21.959

Total 68292.045 178

Notes: aDependent Variable: Motivation for success in statistics and data science, bPredictors: (Constant), 
Importance of statistics and data science, Enjoyment of statistics and data science, Expectations of future 
careers and income, Cognitive self-concept in statistics and data science, Affective self-concept in statis-
tics and data science.

Table 13. Model I coefficientsa

Model
Unstandardized Coefficients Std. Coefficients

t Sig.
B Std. Error Beta

IV (Constant) 21.192 2.382 8.898 .000

Importance of statistics 
and data science

1.390 .065 .489 21.316 .000

Enjoyment of statistics 
and data science

1.114 .073 .492 15.158 .000

Expectations of future careers 
and income

.897 .126 .163 7.106 .000

Cognitive self-concept 
in statistics and data science

-.038 .072 -.017 -.529 .597

Affective self-concept 
in statistics and data science

.107 .163 .020 .660 .510

Note: aDependent Variable: Students’ motivation for success in statistics and data science.

Tables 11, 12, and 13 provide statistical insights into the relative effects of the 
aforementioned factors on motivation for success in statistics and data science 
courses. As shown in Table 11, the coefficient of determination of the model, taken 
as a measure of model validity, is relatively higher than those of all the previous 
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models, with a value of 0.944. In other words, 94.4% of the variations in the moti-
vation for success in data science and statistics courses can be explained by the 
variations in the factors enlisted. Indeed, this model is relatively proven to be com-
plete of all the potential, major motivational constructs. Similarly, the adjusted 
value of coefficient of determination only differs by approximately 0.001 from the 
unadjusted one, indicating strong model reliability and dependability. Moreover, 
the standardized error value was found to be the smallest relative to all the other 
models examined in this study, further supporting to the goodness-of-fit and pre-
cision of model IV. As shown in Table 12, the P-value of the model indicates the 
rejection of the null hypothesis and a statistically significant correlation between 
motivation for success and all the studied constructs. Essentially, Table 13 provides 
the beta coefficients of all the factors that facilitate the comparison of their load-
ings into the motivation aspect of students. The standardized beta coefficients of 
importance recognition, enjoyment, expectations of future career and income, as 
well as affective and cognitive self-concepts are 0.489, 0.492, 0.163, 0.02, and -0.017 
respectively. This proves that the variable magnitudes of their effects peak with the 
enjoyment of statistics and data science courses and reaches a minimum with cog-
nitive self-concept. These conclusions also agree with the unstandardized values 
(refer to Table 13).
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Fig. 4. Graph-based visualization of model IV

Figure 4 presents the findings of model IV. It shows that the variation of impor-
tance recognition, enjoyment and fulfillment, expectations of future careers and 
incomes, cognitive self-concept, and affective self-concept of statistics and data sci-
ence courses with coefficients (β) of 0.489, 0.492, 0.163, -0.017, and 0.020, respectively, 
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are responsible for 94.4% of the variance in engineering students’ motivation to 
succeed in statistics and data science courses. A mathematical linear model was for-
mulated via regression analysis as follows:

	 Y′ = a + b1X1 + b2X2 + b3X3 + b4X4 + b5X5 + u,	

	 Y′ = 21.192 + 1.390X1+ 1.114X2 + 0.897X3 - 0.038X4 + 0.107X5 + u,	 (4)

where Y′ denotes the response variable (motivation for success in statistics and 
data science courses); a, the intercept; b, the coefficient illustrating the extent of 
dependency of the response variable on the explanatory one; X1, the independent 
variable (importance of statistics and data science), X2 (enjoyment of statistics and 
data science), X3 (expectations of future careers and income), X4 (cognitive self-concept 
in statistics and data science), and X5 (affective self-concept in statistics and data 
science); and u, the stochastic error.

8	 COMPARATIVE ANALYSIS

In this section, the results provided by the students were analyzed based on 
gender. Figures 5–10 present box-and-whisker plots with scales based on the 
responses provided by the students for the items designed to measure a certain 
variable among those studied, motivation for success, importance recognition, 
enjoyment, future income expectations, affective, and cognitive self-concept. As 
can be seen from Figure 5, motivation for success in statistics and data science 
courses has the maximum cumulative responses from engineering students; 
ranging from 85 to 175. The distributions of responses between male and female 
students were more or less similar in terms of mean and interquartile ranges. 
Nevertheless, female students alone had four outliers in their distributions. 
Therefore, there were insignificantly small percentage of students (females) suf-
fering from very low motivational levels (0.8% of the total population). Figure 6 
shows the same measure but for importance of statistics and data science courses 
variable. The cumulative response values ranged from 25 to 50 with a similar dis-
tribution among genders to that of motivation. However, the range of the impor-
tance variable was substantially smaller than that of motivation, reflecting the 
small variation of importance recognition among engineering students. There 
was a total of three outliers, one belonging to male students and the rest belong-
ing to female students. Accordingly, it could be speculated that no student overes-
timated the value of statistics and data science courses, whereas some (minority) 
underestimated it.

Furthermore, enjoyment of statistics and data science (see Figure 7) responses 
lie in approximately the same range of importance recognition of the courses, but 
lacks any outlier, showing no extremities of boredom or entertainment among 
engineering students of both genders. The approximately balanced distribution of 
the responses also demonstrated a reasonable resemblance to that of the impor-
tance variable. Expectations of future careers and income, as shown in Figure 8, 
fell far below the cumulative responses of importance and enjoyment variables, 
with values ranging from 4 to 20. Elaborating on the distribution, it is clear that 
the female students’ responses were spread over smaller ranges around the mean 
and had a higher minimum than those of male students, indicating that they 
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aspire for more career opportunities and income than male students. However, 
female students had two low outliers that fell within the range of male students’ 
responses.

Figures 9 and 10 present gender differences in terms of two self-concept 
dimensions, cognitive and affective, respectively. In general, the cognitive 
component by far outweighs the affective component in the responses for both 
male and female students, as can be interpreted from the cumulative responses 
of both aspects. In addition, female students were found to have more proxi-
mate responses for cognitive self-concept and are generally lower than males. 
There were few outliers in both distributions, suggesting that few female and 
male students had very low levels of cognitive self-concept in statistics and data 
science. Contrarily, female students exhibited a higher affective self-concept 
than male students, with a single outlier, and that too higher than the minimum 
male response.

Fig. 5 Fig. 6

Fig. 7 Fig. 8
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Fig. 9 Fig. 10

9	 DISCUSSION

This study formulated four mathematical models to investigate the effect of 
course importance recognition, enjoyment, future career and income expectations, 
and two dimensions of self-concept, namely, affective and cognitive, on the moti-
vation for success in statistics and data science courses. The results of this study 
contribute to the current body of literature by forming a solid, reliable founda-
tion of the motivational constructs for the success of engineering students study-
ing statistics and data science courses. This study has four fundamental findings, 
which are clearly postulated in the graph-based visualization of the four models 
(see Figure 11). The results of the analysis of variance (ANOVA) indicated that mod-
els IV, II, I, and III, had the strongest to weakest impacts, in the specified order. 
Specifically, models I, II, and III study single independent variables of importance, 
enjoyment, and global self-concept, and are investigated to explain 71.4%, 75.5%, 
and 58.3%, respectively, of the motivation of engineering students for success in the 
courses mentioned.

In other words, enjoyment (model II) ranks as the strongest motivational con-
struct, followed by importance recognition (model I) and then global self-concept 
(model III). Indeed, the results of model II agree with those of previous literature, as 
enjoyment had been widely reported to be strongly and positively correlated with 
motivation and academic achievement [96, 111]. In particular, the level of interest 
in mathematics courses frequently aligns with the level of enjoyment, as students 
who are really interested tend to be more engaged and driven. Engaging with the 
content may enhance comprehension, increase enjoyment, and promote future 
investigation. This finding is consistent with that of previous research, highlighting 
a widespread negative perception and attitude toward mathematics courses, usually 
driven by the lack of engagement in teaching approaches that could spark greater 
student interest in the subject [60, 71]. Similarly, students’ important recognition 
of statistics and data science courses explain nearly three-quarters of the variation 
in their motivation for success. In the same vein, the findings are consistent with 
those of studies reporting that recognizing the value of courses and acknowledging 
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their importance in relation to other courses highly impact students’ motivation and, 
consequently, their academic performance in the course [112]. Despite its core rel-
evance to motivation, self-concept is proven to be the weakest indicator of motiva-
tion among engineering students. This observation is in coherence with previously 
reported studies that denoted a positive slight to moderate correlation between 
global self-concept and the motivational component of students [113]. In many 
cases, the weakness of this correlation is attributed to student-centered learning 
environments, which support students’ sense of competence and help reduce reli-
ance on academic self-concept for motivation by making students feel more capable 
and engaged, encouraging them to learn for the joy of the experience rather than 
for how they academically perceive themselves [114]. Furthermore, model IV best 
describes the study variables. It comprises all the independent variables discussed, 
i.e., importance, enjoyment, cognitive, and affective self-concept, along with future 
expectations of career and income; it also explains 94.4% of the variance in the over-
all motivation of engineering students’ success. Besides integrating single variables, 
the addition of expectations of future career and income enhanced the explana-
tory power of the model, in comparison with the others, highlighting its pivotal role 
in determining the motivation levels of students, consistent with previous studies 
[76, 115].

Overall, the findings of this study suggest a holistic approach to enhancing the 
motivation of engineering students in academic settings. Considering that enjoyment 
is the most potent motivating element, educators need to provide captivating and 
pleasurable learning experiences, particularly in statistics and data science courses, 
to cultivate a favorable learning environment that stimulates students’ interest. This 
need for engagement is associated with the finding that cognitive self-concept has a 
stronger impact on motivation than affective self-concept, suggesting that enhanc-
ing students’ understanding and cognitive skills can reciprocate to more meaningful 
and enjoyable learning experiences.

The distribution of responses among female and male students was analyzed to 
distinguish the motivational drives of each gender (see Figures 5–10). Essentially, 
motivation for success in statistics and data science courses exhibited the maximum 
cumulative responses of students ranging from 85 to 175. Female students’ responses 
for future career expectations and income factors were spread over smaller ranges 
around the mean and had a higher minimum than that of male students, indicat-
ing that they aspire for more career opportunities and income than male students. 
This conclusion was previously reported by several literatures [116] and peculiarly 
explained by [117], who stated that female students often exhibit noticeably larger 
levels of social, artistic, and conventional interests, whereas male students gener-
ally display significantly higher realistic and investigative interests, regardless of 
their age.

Contrarily, other studies demonstrated the exact opposite results. For example, [118] 
reported that women contemplate less about the future than men in many con-
texts. In addition, it has been observed that the cognitive component outweighs the 
affective component in the responses for both male and female students, as can be 
interpreted from the cumulative responses of both aspects (see Figures 9 and 10). 
This difference was attributed to cognitive self-concept having a more robust and 
consistent relationship with academic motivation and achievement; college students 
tend to prioritize their cognitive assessments over their emotional judgments in aca-
demic situations [119]. Nonetheless, the balance between emotions and cognitive 
self-concept was reported to be tuned by several factors, such as domain and 
age [120].
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Fig. 11. Visualization of four integrated models

10	 CONCLUSION

Within the realm of educational research in statistics and data science, the inves-
tigation of variables that impact students’ academic motivation has received con-
siderable empirical scrutiny owing to its potential to uncover novel approaches for 
enhancement in pedagogical strategies in higher-education institutions. Specifically, 
this study aimed to assess the effect of enjoyment, importance recognition, future 
expectations of career and income, and two self-concept dimensions, i.e., cogni-
tive and affective on engineering students’ motivation for success in statistics and 
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data science courses offered at universities in the UAE. For this purpose, surveys were 
distributed, and responses collected from engineering students enrolled in statistics 
and data science courses were used to develop four graph-based visualizations; con-
sequently, their respective explanatory powers of motivation for success in the men-
tioned courses were statistically analyzed via ANOVA to determine the mathematical 
relationships between the study factors and the response variable, i.e., motivation.

In decreasing order of importance, the most important models for improving stu-
dents’ motivation for success in statistics and data science courses are the models IV, 
II, I, and III. Model IV explained 94.4% of the variations in the motivation for achiev-
ing success in statistics and data science courses, whereas models II and I explained 
75.5% and 71.4%, respectively. The findings indicated that model IV, which included 
the importance, enjoyment, future ambitions, and self-concept dimensions, exhib-
ited the highest explanatory power of motivation to academic success in statistics 
and data science courses. Nevertheless, model III, which investigated the effect of 
global self-concept, had the least impact on students’ motivational drive. Enjoyment 
and fulfillment of the learning process of the course had the highest impact on stu-
dents’ motivation, with enjoyment levels explaining almost 75.5% of the variance 
in academic motivation for success. In light of these results, instructors, educators, 
policymakers, and higher-education institutions are recommended to apply the fol-
lowing to improve students’ learning experience:

1.	 Provide regular feedback on students’ academic progress in statistics and data 
science courses to improve cognitive self-concept while simultaneously fostering 
a classroom atmosphere that prioritizes emotional welfare.

2.	 Integrate a diverse range of teaching methodologies in statistics and data sci-
ence courses that accommodate various learning preferences, including practi-
cal experiments or projects, collaborative conversations, and imaginative tasks, 
which enable students to investigate subjects in personally engaging manners.

3.	 Implement active learning activities in the teaching and learning of statistics and 
data science courses, as it is expected to enhance students’ engagement, enjoy-
ment, and ultimately achievement, provided that such activities are properly 
implemented.

4.	 Highlight the significance and pertinence of statistics and data science courses’ 
contents to students’ future objectives and practical applications.

5.	 Employ the study’s constructed models and input data of discussed factors to 
evaluate students’ motivation for success in statistics and data science at the start 
and end of the course period to evaluate the effectiveness of the pedagogical 
style used.

This study had limitations that need to be acknowledged. First, the findings are 
contingent on the unique educational environment or cultural framework in which 
the study was conducted and may not be applied in general. Second, the selected 
environment might not support generalization, as all the participants had cultural 
features that were similarly associated with gender differences. Third, most of the 
students shared common characteristics in terms of language, culture, tradition, and 
other factors within the higher education system in the UAE, with minor differences. 
Fourth, the rules were common among all the accredited higher-education insti-
tutions in the UAE in terms of the language of teaching and quality of education. 
Hence, it is recommended to use the proposed models for this study in statistics 
and data science courses offered by universities on different continents. This might 
greatly enhance the generalizability of the results and strengthen their practicality 
and could be valuable for scholars within the field.
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