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Statistically speaking, are students situationally engaged and motivated in the statistics 
classroom?
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The aim of the present exploratory study was to examine students’ 
situational engagement and motivation in the statistics classroom at 
Zayed University, in Dubai, United Arab Emirates (UAE). Two instruments 
were used for this purpose: a) experience sampling method (ESM), and 
b) the validated Mathematics Motivation Questionnaire (MMQ). This 
study employed two samples, at the undergraduate level (2nd and 4th 
Semesters). Participants consisted of 100 students enrolled in Statistics 
I and Statistics II (Probability and Structure of Randomness). The results 
indicate that, apart from challenge and effort, emotional engagement 
is not significantly different across different activities. The results also 
indicate increases in intrinsic value and utility value and decreases in test 
anxiety. Finally, results indicate higher engagement and effort when social 
interaction is purposely planned and fostered, such as in small groups. 
On the contrary, individual class activities seem to generate slightly 
lower levels of engagement and effort. These findings have significant 
implications for educators and researchers who seek to enhance students’ 
engagement and motivation in their statistics courses.
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Introduction 

The study of student situational engagement and motivation 
is gaining increased traction in the research literature (Tan et 
al., 2021; Rivera & Garden, 2021). Situational engagement is 
contextual and is often described as moments in time when 
students are entirely focused on a teaching and learning 
activity (Inkinen et al., 2020) and experience important 
levels of challenge, skill, and interest (Schneider et al., 2016). 
A considerable amount of literature has been published on 
engagement. These studies have, however, mainly focused 
on overall engagement, cognitive, behavioural, or emotional 
engagement in regular classrooms at the undergraduate 
level (Mendini & Peter, 2018). More recently, several studies 
have begun to examine momentary engagement in science 
classes and optimal learning moments (Upadyaya et al., 
2021; Tang et al., 2020; Rosenberg et al., 2020; Dietrich et 
al., 2019; Janna et al., 2019; Schmidt et al., 2018; Schneider 
et al., 2016). 

In fact, Inkinen et al. (2020) posited that students experienced 
elevated levels of situational engagement during 
approximately 15% of the time spent in the classroom. 
What is less clear is what happens during the remaining 
85% of the time. Although there is emerging qualitative 
and quantitative research on situational engagement and 
motivation in various disciplines and published research in 
which motivation and/or engagement in the mathematics 
classroom at university level were investigated, assessed, 
or measured (Hammad et al., 2022; Lim et al., 2022; Park 
& Han, 2021; Tossavainen et al., 2021; Goldin, 2017; Sundre 
et al., 2012), a search of the literature revealed a paucity 
of studies which (a) seek to answer the research questions 
and (b) use the methodology set for this study 1. at tertiary 
level, 2. in the statistics classroom, and 3. in the context 
of the UAE. The present study seeks to address this gap, 
as it contributes to literature (1) by combining situational 
measures of engagement in the mathematics/statistics 
classroom using the Experience Sampling Method (ESM) 
and the Mathematics Motivation Questionnaire (MMQ).

This article has been divided into five sections. The first 
section deals with the literature review and gives a brief 
overview of situational engagement and motivation. The 
second section is concerned with methodology. Section 
Three presents and analyses the results. The fourth section 
discusses the results and presents its limitations. Section 
Five concludes the study. 

Related research

Situational engagement  

Research on situational engagement originates from the 
concept of flow, “the experience of complete absorption in 
the present moment” (Nakamura & Csikszentmihalyi, 2009, 
p. 195). According to flow theory, a flow moment emerges 
when there is an activity with clear goals and immediate 
feedback. It requires a dynamic fragile equilibrium of 
intensely focused concentration, driven by interest (in the 
subject area, topic, domain, teaching and learning activity), 
perceived skill/capabilities, and challenge (tasks that provide 

opportunities for action). The flow moment can be sustained 
(often referred to as directed motivational currents) or 
repeated only if students continue to engage progressively 
with more complex activities, tasks, and challenges 
(Nakamura & Csikszentmihalyi, 2009). That is, to be actively 
engaged and motivated in a teaching and learning activity 
face-to-face (F2F) and/or online, students should experience 
(1) situational interest, which sets the foundation for 
continuing motivation and subsequent learning (Shernoff et 
al., 2014), (2) challenge in the activity or task, and (3) should 
perceive that they have the (acquired) skill or competence 
(s) to tackle the task. 

Studies by Inkinen et al. (2020), Renninger et al. (2018), 
Goldin (2017), Shernoff et al. (2014), and Olitsky (2007) have 
shown, for instance, that discussing and/or solving a math 
problem individually, with a classmate or within a group can 
trigger situational interest and engagement. Results of a 
study by Choi et al. (2007) showed that a flow experience 
had direct and indirect positive consequences on the 
achievement of the learning outcomes.  Additionally, Hong 
et al. (2017) argued that intrinsic motivation, self-efficacy, 
flow experience, and learning progress were positively 
correlated. As student engagement in learning is often 
intricate, the concept of flow has been investigated in several 
modalities (online, blended) and in various educational and 
geographical contexts (Pearce et al., 2005; Shin, 2006; Choi 
et al., 2007; Esteban-Millat et al., 2014; Hong et al., 2017) 
to identify similarities. Pearce et al. (2005) uncovered for 
instance a series of flow-paths and patterns related to the 
online interactions that occurred in the classroom. Several 
patterns of situational engagement were also identified by 
Upadyaya et al. (2021) and Schnitzler et al. (2021) in F2F 
classes, which indicates that levels of engagement (and 
experience) within and between students in one classroom 
and with similar tasks can vary significantly (Martin et al., 
2020; Pöysä et al., 2018).

Situational engagement and motivation in mathematics

While situation engagement has been studied extensively 
in the context of scientific learning (Lavonen et al., 2021; 
Pöysä et al., 2018; Upadyaya et al., 2021), research related 
specifically to engagement in mathematics and statistics 
courses has been very limited. Situational engagement in 
solving math problems was investigated by Inkinen et al. 
(2020) as part of a wider inquiry into ten scientific practices 
at the high school level. It was found that solving math 
problems elicited an above-average level of situational 
engagement. A comparison of STEM project-based learning 
to traditional approaches showed greater positive affective 
mathematics engagement in terms of mathematical self-
acknowledgement (Lee et al., 2019). Student engagement 
in linear algebra courses was shown to improve using the 
activity, discussion, and exercise cycle style of teaching, 
with cognitive engagement, affective engagement and 
behavioural engagement being particularly affected. A few 
studies examined mathematics situational engagement in 
various scenarios outside the traditional classroom setting 
(Bond, 2020; Lindstedt et al., 2020; Vainikainen et al., 2015). 
Similarly, several studies investigated the use of technology 
to improve situational engagement with the majority finding 
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a positive correlation (Attard et al., 2020; Gil-Doménech & 
Berbegal-Mirabent, 2019).

Student engagement in mathematics at the macro level 
has received greater attention. Several studies investigated 
the relationship between engagement and academic 
achievement. Wang et al. (2021), for instance, conducted 
two longitudinal studies seeking to understand the role of 
metacognition and motivation in predicting adolescents’ 
engagement in math learning over time. Similarly, a 
longitudinal study of middle school students showed that 
students who were more alike in their engagement attained 
similar factor patterns regardless of their achievement level 
(Skilling et al., 2021). An investigation into the relationship 
between student engagement and mathematics achievement 
based on a survey of 295,416 high school students showed 
a positive correlation between engagement and higher 
levels of academic achievement, with cognitive engagement 
having the strongest association with achievement (Fung et 
al., 2018). Given the lack of studies that examine situational 
engagement specifically in mathematics and statistics 
courses in Higher Education, the present research fills an 
important gap in the literature.

Conceptual framework 

Expectancy value theory is a psychological model that 
describes how individuals make decisions. The theory posits 
that people evaluate different options by considering the 
expected outcome (the average outcome if the option was 
chosen many times) and the value (or desirability) of that 
outcome. The overall evaluation of an option is the product 
of these two factors: the expectancy value. Expectancy-
value theory (EVT, Eccles et al., 1983) is also a key theory 
on student motivation and achievement. Expectancy value 
theory can, therefore, be used to understand and predict 
a wide range of behaviours, including educational choices, 
career decisions, and health behaviours. 

Additionally, it can help to explain why people may choose 
to engage in certain activities despite the potential costs or 
challenges involved. According to EVT, the expected value of 
an action is determined by two factors: the probability that a 
particular outcome will occur, and the value that the person 
places on that outcome. EVT posits that (1) expectancies 
students have about their success in a specific task (“Can 
I actually do this task?”), a positive answer would predict 
better performance and increased motivation to select more 
challenging tasks (Eccles & Wigfield, 2002, p. 111), and (2) 
reasons or task-related value beliefs (“Why should I do this 
task?”) are critical to student engagement and motivation 
in the classroom. Recent research indicated, however, that 
(a) engagement is malleable (Upadyaya et al., 2021; Dietrich 
et al., 2019) and (b) motivation also often fluctuates during 
class periods. To reflect these latest findings, Eccles and 
Wigfield (2020) relabelled EVT as Situated Expectancy-Value 
Theory (SEVT) to give higher prominence to the fact that 
expectancy-value beliefs are “situationally sensitive and 
interact over short periods of time” (Beymer et al., 2022, p. 
2). 

Purpose of the study and research questions  

The overall aim of the current study is to build on previous 
research by investigating situational engagement and 
motivation in the statistics classroom at the university level 
in the UAE. For the purposes of this study, the authors 
adopted Martin et al.’s (2017) definition of motivation 
“as the inclination, energy, emotion, and drive relevant to 
learning, working effectively, and achieving” (p. 152). 

The present study seeks answers to the following three 
research questions: 

To what degree are students in the statistics 
classroom situationally engaged and 
motivated?

Does the type of activity students were engaged 
in influence their level of engagement, effort, 
persistence, experience of flow, and anxiety?

Is there a correlation between the level of 
engagement across different dimensions of 
situational engagement?

RQ1.

RQ2.

RQ3.

Materials and methods

Participants and procedure 

The study initially enrolled 100 students across two classes: 
17 students in a 4th-semester Statistics II course and 83 
students in a 2nd-semester Statistics I course. These were 
convenience and purposeful samples at Zayed University 
(ZU). 

Different data collection points 

Although 100 students were enrolled in the study, only 
78 responded to the demographic survey. This reduction 
in sample size (from 100 to 78) can be attributed to 
non-response or incomplete participation in the initial 
demographic survey. In other words, 78 surveys were 
fully completed and considered for the statistics of the 
demographic variables - 17 students from the 4th-semester 
Statistics II course and 61 students from the 2nd-semester 
Statistics I course. The first sample comprised 17 students in 
a 4th semester Statistics Course (Statistics II), with a Mean 
age M= 19, SD ± 0.87; range: 17-21 years. Demographics 
(17.6% male / 82.4% female). Overall, the first sample 
data comprised 38 survey responses (MMQ) and 108 ESM 
responses. 

The second sample consisted of 61 students in a 2nd-
semester Statistics Course (Statistics I), with a Mean age M= 
17.9, SD ±0.78; range: 17-21 years.  Demographics (9.8%, 
90.2 % female).  Overall, the second sample data consisted 
of 146 survey responses (MMQ) and 391 ESM responses. 
The class length was 90 minutes for both samples.
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MMQ-Start (N=84): At the start of the 
experiment, 84 students participated in the 
MMQ-start. This sample size is larger than the 
78 who completed the demographic survey 
because not all students who participated in the 
MMQ completed the demographic survey, and 
vice versa.

MMQ-End (N=100): By the end of the study, 
all 100 students had completed the MMQ. This 
increase in sample size reflects full participation 
in the MMQ at the conclusion of the study, even 
though some students may have missed the 
demographic survey earlier and the MMQ-start, 
they took part in the other stages of the study, 
i.e., the ESM.

-

-

ESM responses:
The ESM was administered at two points during 
each class: 45 minutes into the class (N=277 
responses) and at the end of the class (N=222 
responses) for 3 weeks. These sample sizes 
reflect the number of ESM responses collected, 
not individual participants. Since each student 
provided multiple responses across the different 
time points and activities for 3 weeks, the 
response count exceeds the number of individual 
students. Therefore, the difference in sample 
sizes (277 vs. 222) is due to varying participation 
at different points in the class session, possibly 
influenced by factors such as class engagement 
and attendance.

-

Ethical clearance was sought and obtained on 27 November 
2022. [Ethics Approval Number: ZU22_089_F]. A consent 
form was sent to all participating students for signature, 
before starting the experiment.

Fredricks and McColskey (2012) argued that “most current 
methods” did “not adequately capture the dynamic and 
interactive nature of engagement” (p. 779). Moreover, 
Rosenberg et al. (2020) stated that situational engagement 
was “often studied using single time-point surveys—
which may not account for the dynamic nature of learners’ 
situational engagement” (p.4). Others, such as Morris et 
al. (2019), indicated that retrospective surveys were not 
as accurate as the Experience Sampling Method (ESM). as 
they often under-reported negative experiences and over-
reported positive experiences (p. 4). 

This study therefore used (1) the Mathematics Motivation 
Questionnaire or MMQ (Fiorella et al., 2021) and (2) the 
Experience Sampling Method (ESM) to collect, by means of 
self-report, actual, real-time data for three weeks.  

MMQ: Originally designed to gauge secondary 
students’ motivation in mathematics classes, the 
19-item validated MMQ was adapted by Fiorella 
et al. (2021) from the 25-item validated SMQ 
(Science Motivation Questionnaire) designed by 
Glynn et al. (2011). The nonlinear SEM reliability 
coefficients of the five MMQ constructs indicate 

(1)

good to excellent values and range from .76 
to .91. Cronbach’s α for the five constructs are 
Intrinsic value (3 items, .85); Self-regulation (4 
items, .72); Self-efficacy (4 items, .86); Utility 
value (4 items, .89); Test anxiety (4 items, .78). 
Considering that results above 0.7 are deemed 
acceptable, a value close to .9 suggests that the 
consistency of the results obtained by the MMQ 
questionnaire was relatively high.

ESM was used to capture graduate students’ 
situational engagement and motivation in math 
classrooms, in situ/online and in the moment 
(s) they were occurring (Hektner et al., 2007) to 
minimise memory biases. Students were asked 
to specify whether they were [in the classroom] 
or [online]. 

(2)

Measures 

MMQ: The 19 items of the MMQ are divided 
into five categories: (a) intrinsic value, described 
by Eccles and Wigfield (2020) as “anticipated 
enjoyment one expects to gain from doing the 
task or purposes of making choices and as the 
enjoyment one gets when doing the task” (p. 
11); (b) self-regulation; (c) self-efficacy; (d) utility 
value, or “how well a particular task fits into an 
individual’s present or future plans” (Eccles & 
Wigfield, 2020, p. 12); and (e) test anxiety. 

Example items were “I like math that challenges 
me” (intrinsic value), “I put enough effort into 
learning the math” (self-regulation), “I believe 
I can master the knowledge and skills in the 
math course” (self-efficacy), “I think about how 
learning math can help my career” (unity value), 
and “I am nervous about how I will do on the math 
tests” (test anxiety). A demographics section was 
added to the MMQ and collected information 
about participants’ gender, nationality (Emirati/
non-Emirati), year of study, GPA, major, number 
and titles of mathematics courses currently 
taken, and most recent score at a math exam. 

The MMQ was administered online on 30 
January 2023 (=start of the experiment, pre) 
and a second time on 19 February 2023 (= three 
weeks later, post). 

ESM: Interval contingent notification triggers 
(Van Berkel et al., 2017) - experience questions 
(one-to-five Likert scales) were simultaneously 
sent to all students (online and face-to-face) by 
email (Google forms) at 45 minutes (into the class, 
break time) for all samples and one question and 
four statement items were sent to all samples at 
the end of each class with a notification expiry 
time set at 5 minutes, to reduce participants’ 
burden and avoid interrupting students’ 
situational engagement. Research by Sahami 
Shirazi et al. (2014) on 200 million notifications 
from more than 40,000 users indicated that the 

(1)

(2)

MMQ participation:
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probability of a participant not clicking on a 
notification five minutes after receiving it was 
17% (p. 3058).

Students were asked (1) to give thought to and reflect on 
the lecture and the activities of the past minutes and (2) to 
rate the items within five minutes. Then, they were asked 
similar questions at the end of the class. See Tables A and B 
in the Appendix. 

Analytic plan

Statistical analysis 

The collected data were coded, entered, and analysed using 
the statistical package SPSS version 28. Statistical tests with 
p–values < 0.05 were considered statistically significant. 
Descriptive statistics were employed to describe all items 
of the questionnaire.  T-tests, paired t-test, or ANOVA were 
also used to examine the correlations between the different 
constructs measured by the Likert scale items. 

For the MMQ, we computed the mean and standard 
deviation for each statement that was all positively worded, 
and then we constructed the below subscales:

Intrinsic Value (Items 1-3)

Self-Regulation (Items 4-7)

Self-Efficacy (Items 8-11)

Utility-Value (Items 12-15)

Test Anxiety (Items 16-19)

1.

2.

3.

4.

5.

To score each subscale, the mean score (and standard 
deviation) of the statements that belong to each subscale 
was calculated, without the need to reverse-score any 
statement.

For the ESM scale, the average scores for the dimensions for 
both the ESM at 45 minutes and the ESM were computed at 
the end of class.

Results  

Demographic characteristics

100 students enrolled in two classes were selected for the 
experiment. Out of the 100 students, 78 answered the 
demographic survey, leading a sample size of 78, with 
88.5% being female and 11.5% male. Table 1 shows that 
most participants are in their first year of study (78.2%), 
while the rest are in their second year. Most participants 
are Emirati (96.2%), while only a small percentage are non-
Emirati. In terms of high school type, most participants 
attended private schools (59%), followed by public schools 
(34.6%), and a small percentage attended both. Regarding 
majors, the most popular one is Computational Systems 
(56.4%), followed by Business Transformation (28.2%), Social 

Innovation (11.5%), and Sustainability (3.8%). Lastly, in terms 
of courses, most participants were enrolled in Statistics I 
(78.2%), while 21.8% were enrolled in the Probability and 
Structure of Randomness course (Statistics II). 

Table 1. Demographic characteristics of participants.

Table 2 provides additional information about the 
participants (age, experience with Math, GPA). 

Table 2. Participants’ characteristics.

MMQ

First, the descriptive statistics for the MMQ statements were 
calculated: Out of the 100 students enrolled in the study, 84 
were present during the start of the experiment, while all of 
them were present during the last day of the experiment. 
This explains the difference in the total number of answers 
between MMQ-Start and MMQ-End, as shown in Table 3.

An analysis of the MMQ-Start data revealed that the students 
had moderately high levels of motivation for learning math. 
The mean scores for each item ranged from 2.94 to 4.01, 
with a standard deviation ranging from 1.02 to 1.52. Notably, 
the students reported the highest levels of motivation for 
“putting enough effort into learning math” (mean = 4.00) 
and the lowest levels of motivation for “being concerned 
that other students are better in math” (mean = 2.94).
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Table 3. Comparison of MMQ scores between start and end 
of experiment: Student attitudes towards learning Math. 
(Fiorella et al., 2021).

Items 13, 14, and 15, which relate to how learners perceive 
the usefulness of math in their lives and career, have high 
mean scores, suggesting that respondents are motivated to 
learn math because they see its relevance to their future.

On the other hand, Items 17 and 18, which reflect anxiety 
and worry towards math tests and performance, have lower 
mean scores compared to other items, indicating that 
respondents are less anxious about math tests at MMQ-End 
than MMQ-Start.

Analysis of the MMQ-End data revealed a slight decrease 
in the students’ motivation levels for learning math. The 
mean scores for each item ranged from 2.67 to 3.84, with 
a standard deviation ranging from 1.03 to 1.41. Notably, 
the students reported the highest levels of motivation for 
“preparing well for math tests and quizzes” (mean = 3.90) 
and the lowest levels of motivation for “being concerned 
about failing math tests” (mean = 2.83).

Overall, the results suggest that the students had moderately 
high levels of motivation for learning math at the beginning 
of the course, but that their motivation levels decreased 
slightly by the end of the three weeks. These findings may 
have implications for math educators and suggest the need 
for interventions to sustain students’ motivation levels 
throughout the course.

Next, we calculated the descriptive statistics for the 
constructs, i.e., MMQ Dimensions, as shown in Table 4.

Table 4 shows that the mean scores for all five subscales 
slightly increased or remained stable from MMQ-Start to 
MMQ-End. The standard deviations for each subscale were 
relatively consistent across MMQ-Start and MMQ-End, 

Table 4. Comparison of MMQ dimension scores at start and 
end of experiment.

indicating that the variability in responses did not change 
significantly over time. However, the Test Anxiety subscale 
showed a notable decrease in mean score from MMQ-Start 
to MMQ-End.  These results suggest that the study had a 
positive impact on students’ attitudes towards math learning 
and reduced their test anxiety levels.

In terms of intrinsic value, there was a slight 
increase in mean scores from 3.42 to 3.52, 
indicating that students may have found 
math more enjoyable and interesting as they 
progressed through the study. This is a positive 
result, as intrinsic motivation is a key factor in 
learning and academic achievement.

The self-regulation subscale showed no 
significant change, with mean scores remaining 
consistent at 3.85 and 3.86. This indicates that 
students maintained their level of effort and use 
of learning strategies throughout the study.

The self-efficacy subscale showed a slight 
decrease in mean scores from 3.76 to 3.69. This 
could indicate that students may have become 
less confident in their ability to learn math as 
they progressed through the study. However, the 
difference in mean scores is not large enough to 
draw any definitive conclusions.

The utility value subscale showed a small increase 
in mean scores from 3.55 to 3.58. This suggests 
that students may have become more aware of 
the usefulness of math in their lives and future 
careers as they progressed through the study.

Finally, the test anxiety subscale showed a 
significant decrease in mean scores from 3.36 to 
3.03. This is a positive result as it indicates that 
students may have become less anxious about 
math tests as they progressed through the study.

•

•

•

•

•

As it can be seen from Table 4, there is a significant difference 
between the means of MMQ-Start and MMQ-End for the 
Test Anxiety subscale (p=0.033). The mean score for Test 
Anxiety decreased from 3.36 (SD=1.13) at MMQ-Start to 3.03 
(SD=1.12) at MMQ-End, indicating that students reported 
less anxiety towards math tests after completing the study.
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For the other subscales (Intrinsic Value, Self-Regulation, Self-
Efficacy, and Utility-Value), there is no significant difference 
between the means of MMQ-Start and MMQ-End. The mean 
scores for these subscales remained relatively stable over 
time, indicating that the intervention did not significantly 
affect students’ motivation towards math in these areas.

The results suggest that the intervention was effective in 
reducing students’ anxiety towards math tests but did not 
significantly impact their motivation towards other aspects 
of learning math.

To answer RQ1, MMQ scores were computed, which is 
the average of all items in the MMQ scale (MMQ-End). 
The mean score of 3.54 on the MMQ suggests that, on 
average, students have a moderate level of motivation and 
engagement in mathematics. The standard deviation of 
0.71 indicates that there is some variability in the scores, 
with some students having higher levels of motivation and 
engagement than others.

A t-test to compare the mean scores on the MMQ across 
different groups of students was run, such as by semester of 
study and course enrolment. The t-test was 2.153 (p-value= 
0.031) indicating a statistically significant difference in the 
mean MMQ scores between students in their second or 
fourth semester of study. Therefore, based on these results, 
it can be concluded that students in their fourth semester 
of study, enrolled in Statistics II (mean of 3.80), have a 
significantly different level of situational engagement and 
motivation than students in their second semester of study 
enrolled in Statistics I (mean of 3.45). 

T-tests were then used to compare the mean scores on the 
MMQ’s five subscales across different groups of students; 
the two groups are by semester of study and by course level. 
The results are summarised in Table 5.

Table 5. Comparison of MMQ subscale mean scores across 
different groups of students.

For the Intrinsic Value, Utility-Value, and Test Anxiety 
subscales, the t-tests were not significant at the 0.05 level 
(p-value of 0.07, 0.40, and 0.23, respectively). This suggests 
that there may be no statistically significant differences in 
mean scores between the two groups being compared by 
semester of study and by course as well.

For the Self-Regulation and Self-Efficacy subscales, t-tests 
were significant (p-value of 0.05 and p-value < 0.001, 
respectively), suggesting that there is a statistically significant 
difference in mean scores between the two groups (per 
semester of study and by course).

EMS: (EMS-45 minutes and EMS-End)

Table 6 presents the frequency and percentage of the types 
of activities that students reported engaging in during the 
last few minutes of the class at two different time points: 45 
minutes into the class and at the end of the class.

At 45 minutes into the class, the most frequently reported 
activities were calculating and collaborating in small groups, 
each reported by 31.5% of students, followed by listening 
(24.1%). On the other hand, at the end of the class, the most 
frequently reported activity was listening (38.9%), followed 
by collaborating in small groups (27.8%) and writing (9.3%).
These results suggest that the types of activities that 
students engage in change over the course of the class, with 
a shift towards more listening and less calculating as the 
class progresses. 

Table 6. A comparison of student activities at 45 minutes and 
end of class.

The differences in situational engagement based on the type 
of activity have been studied by several authors (Lavonen 
et al., 2021). However, it has not been done in the context 
of university mathematics/ statistics courses. To fill this gap 
in the literature, we measured situational level of interest, 
challenge, motivation, and importance in student studies 
and future goals with respect to several common classroom 
activities. The Experience Sampling Method was carried out 
twice during each lecture - once at the 45-minute mark and 
once at the end of the lecture. The summary of the results 
collected at the 45-minute mark is presented in Table 7. 

As shown in Table 7, the mean level of interest, challenge, 
and motivation differs across activities. There is no single 
activity that dominates situational engagement across 
different dimensions. Listening was the highest-rated 
activity in terms of interest. Surprisingly, listening was also 
deemed as the most challenging activity followed closely 
by calculating. Calculating was also rated as the most 
motivating activity. Other activities were deemed the most 
important for students’ studies and future goals.

The p-values of the one-way ANOVA test are shown in the 
last column of Table 7. Since all the p-values are above 0.05, 
the results show that there is no significant difference in 
the sample means of the activities. Concretely, the results 
suggest that all the activities hold the same level of interest, 
challenge, motivation, and importance in studies and goals. 
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The lack of difference between calculating and other activities 
is a somewhat surprising revelation, given that calculating 
is at the core of mathematics. Moreover, calculating is 
traditionally believed to be the most challenging activity in 
mathematics courses. However, this belief is not supported 
by our results, as other activities, such as listening and 
interpreting, are rated equally challenging by the students.

Table 7. Comparison of average levels of situational 
engagement across different classroom activities as 
measured at the 45-minute mark.

The summary of the results collected at the end of the lecture 
is presented in Table 8. Students’ situational engagement, 
effort, desire to continue the activity, and involvement are 
measured for various activities performed at the end of the 
lecture. As shown in Table 8, calculating, interpreting data, 
and other activities are rated as the most engaging while 
explaining is rated the lowest. Calculating is the highest-
rated activity in terms of effort, followed by other activities 
and interpreting. 

The results show that while calculating is often rated near 
the top of situational dimensions, there is no significant 
separation between calculating and the remaining activities. 
Since all the p-values are above 0.05, there is no statistically 
significant difference in sample means of the activities 
across different situational dimensions. Specifically, there 
is no evidence in our results to suggest that calculating 
required more effort than the other activities. As mentioned 
above, it is a surprising observation, given that calculating is 
traditionally considered the activity which requires the most 
effort. The results collected at the end of the lecture are in line 
with those collected at the 45-minute mark. This suggests 
that the differences in engagement scores were primarily 
due to individual differences rather than the activities 
themselves. The lack of significant differences between the 
activities indicates that engagement levels were consistent 
regardless of the activity in which participants were engaged 
in. The same applies to all other dimensions of the ESM.

Table 8. Comparison of average levels of situational 
engagement across different classroom activities as 
measured at the end of the class.

Next, to answer RQ2, frequency and percentage of each 
response for each activity were computed from those who 
answered true for me and very true for me to the ESM-END, 

as shown in Table 9.

Table 9. A comparison of student activities at 45 minutes and 
end of class.

Table 9 indicates that for each of the activities, most 
participants who answered “true for me” or “very true for 
me” reported being engaged with the topic at hand. The 
activity that generated the highest percentage of such 
responses was collaborating in a small group (74.6%), 
while the lowest was explaining phenomena scientifically 
(66.7%). Additionally, for most activities, most participants 
who answered “true for me” or “very true for me” reported 
putting in a lot of effort, with the highest percentage being 
for calculating (81.1%). Regarding the desire to continue 
with the work, the activity with the highest percentage of 
positive responses was, again, collaborating in a small 
group (54%), while the lowest was interpreting data and 
evidence scientifically (50%). Finally, for the statement “I 
was so involved that I forgot everything around me,” the 
activity that generated the highest percentage of affirmative 
responses was, once again, collaborating in a small group 
(55.6%).

Across all activities, the percentage of participants who 
reported being engaged with the topic at hand and putting 
in a lot of effort was generally high. This suggests that the 
activities were generally effective at capturing participants’ 
attention and encouraging them to invest effort. 
Furthermore, the activities that involved more open-ended 
inquiry, such as interpreting data and evidence scientifically 
and asking questions and designing scientific inquiry, had 
slightly lower levels of engagement and effort compared to 
the activities that involved more straightforward tasks, such 
as calculating and writing.

ESM Dimensions were also examined, as indicated in Table 
10, to gauge whether the types of activity students were 
engaged in influenced their level of engagement, interest, 
effort, motivation, persistence, experience of flow, being 
involved:

Table 10. Mean scores of EMS subscales at 45 minutes and 
end of class.
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The mean scores for interest, engagement/challenge, effort/
motivation, and continuation (persistence) were all higher at 
the end of the class compared to 45 minutes into the class. 
Specifically, the mean score for interest was 3.96 (SD=0.86) 
at the end of the class, compared to 3.59 (SD=1.12) at 
45 minutes. The mean score for engagement/challenge 
was 3.97 (SD=0.83) at the end of the class, compared to 
3.42 (SD=1.13) at 45 minutes. The mean score for effort/
motivation was 3.50 (SD=1.09) at the end of the class, 
compared to 3.13 (SD=1.13) at 45 minutes. Finally, the mean 
score for persistence was 3.84 (SD=0.98) at the end of the 
class, compared to 3.47 (SD=1.12) at 45 minutes.

The standard deviations for each dimension are similar across 
the two-time points, which suggests that the variability in 
students’ responses did not change significantly over time. 
Again, a statistical analysis would be needed to confirm this.
Overall, these findings suggest that participants may become 
more interested, engaged, motivated, and persistent as a 
class progresses, but the changes may be relatively small. 
It is also worth noting that these findings are based on 
self-reported data collected using the ESM, which may be 
subject to response biases or other limitations.

To obtain further insight regarding various dimensions of 
situational engagement and to attempt to answer RQ3, we 
considered their pairwise correlations. The results of the ESM 
at the 45-minute mark are shown in Table 11, where the values 
above the diagonal represent the Pearson correlation and 
the values below the diagonal represent the corresponding 
p-values. As shown in Table 11, all the correlations are 
relatively weak albeit in most cases statistically significant. 
The correlation between students’ assessment of the 
level of interest and the level of challenge is 0.00986. The 
corresponding p-value is 0.87 which indicates that there is 
no relation between student interest and challenge in the 
activities.  While the lack of relation is expected in certain 
cases, it is surprising in others. For instance, the correlation 
between motivation and interest level is 0.16, which is very 
low. It is a surprising result, given that one would expect 
student motivation to be strongly correlated with interest 
in the activity.

Table 11. Pairwise correlations between different dimensions 
of situational engagement as measured at the 45-minute 
mark.

Similarly, the pairwise correlations between various 
dimensions of situational engagement measured at the 
end of the lecture are presented in Table 12, to answer RQ3. 
The correlations between different aspects of situational 
engagement are stronger than in Table 11. In particular, the 
correlation between the level of engagement in activity and 
the amount of effort is 0.54. The correlation between the 
desire to continue an activity and the amount of involvement 

is 0.58. The relatively strong correlations are expected in 
some cases while surprising in others. For instance, the 
correlation between engagement and effort is somewhat 
surprising given that activities that require a lot of effort may 
be expected to reduce students’ enthusiasm regarding the 
activity. On the other hand, a low correlation between effort 
and the desire to continue an activity is less surprising. 

Table 12. Pairwise correlations between different dimensions 
of situational engagement as measured at the end of the 
class.

Comparison of different dimensions of situational 
engagement between the two courses is provided in Tables 
13 and 14. As shown in Table 13, there is little difference in 
situational engagement between the Statistics I and Statistics 
II courses measured at the 45-minute mark. The mean values 
of the engagement levels are similar across all dimensions 
except challenge. The students on the Statistics II course 
(Year 2) found their activities to be on average significantly 
more challenging, which is normal as this is an advanced 
course (4th Semester, Year 2). Situational engagement in 
terms of interest, motivation, and importance for their future 
goals was on average the same for both courses. 

Table 13. Comparison of ESM-45 minutes among students 
by course.

The comparison of situational engagement between the two 
courses measured at the end of each lecture is presented 
in Table 14. As shown in Table 14, there is little difference 
in situational engagement between the two courses. In 
particular, the mean level of engagement, effort, desire to 
continue, and involvement is essentially the same for the 
two courses. The p-values indicate that any difference in 
values is not statistically significant. 

Discussion 

This exploratory study set out with the aim of investigating 
situational engagement and motivation in the statistics 
classroom at the university level in the UAE. The present 
study sought answers to three research questions: (1) 
To what degree are students in the statistics classroom 
situationally engaged and motivated? (2) Does the type of 
activity students were engaged in influence their level of 
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Table 14. Comparison of ESM-end among students by 
course.

engagement, effort, persistence, experience of flow, and 
anxiety?, and (3) Is there a correlation between the level of 
engagement across different dimensions of the situational 
engagement?

The Mathematics Motivation Questionnaire (MMQ) was 
administered to 84 students at the beginning of the study and 
to 100 students at the end of the study to measure changes 
in their motivation for mathematics. Pre- to post-course 
comparisons were done by descriptive statistics, T-tests, 
paired t-test, and/or ANOVA. Additionally, the Experience 
Sampling Method (ESM) was used in each class for three 
weeks to collect, by means of self-report, real-time data. 
ESM results’ standard deviations and Pairwise correlations’ 
coefficients were analysed to obtain further insight regarding 
various dimensions of situational engagement. 

With respect to the first research question, a slight increase 
in mean scores for intrinsic value was found, indicating that 
students found math more enjoyable and interesting as they 
progressed through the course. The self-regulation subscale 
showed no significant change, indicating that students 
maintained their level of effort and use of learning strategies 
throughout the course. The self-efficacy subscale showed 
a slight decrease in mean scores, suggesting that students 
may have become less confident in their ability to learn 
math as they progressed through the course. The utility 
value subscale showed a small increase in mean scores, 
indicating that students may have become more aware of 
the usefulness of math in their lives and future careers (EVT’s 
“Why should I do this task?”). Finally, the most obvious 
finding to emerge from the analysis is that the test anxiety 
subscale showed a significant decrease in mean scores, 
indicating that students became less anxious about math 
tests as they progressed through the study.

Overall, the results suggest that students’ motivation for and 
engagement with math improved slightly over the course 
of the study, with increases in intrinsic value and utility 
value, and decreases in test anxiety. However, there were 
no significant changes in self-regulation and self-efficacy. 
These findings have important implications for educators 
and researchers in the field of mathematics education who 
seek to enhance students’ motivation for mathematics, and 
more specifically statistics. 

With respect to the second research question, consistent 
with literature (Olitsky, 2007; Shernoff et al., 2014; Calonge 
& Safiullin, 2015; Goldin, 2017; Inkinen et al., 2020; 
Hultberg et al, 2018; Renninger et al., 2018), and based on 

the frequency and percentage of each response for each 
activity, this research found that participants’ levels of 
(emotional) engagement and [effort] for the activities that 
involved more classroom interaction (e.g., small cooperative 
groupwork) were consistently higher. Conversely, activities 
that were more individually focused, such as explaining 
phenomena scientifically, seemed to generate slightly lower 
levels of engagement and effort. 

Another trend that was observed is that participants’ desire 
to continue with the work for a while after the end of the 
activity appears [persistence] to be lower overall, with only 
about half of the participants indicating a desire to continue 
for most activities. Additionally, for most activities, fewer 
participants reported being so involved [flow] that they 
forgot everything around them, suggesting that while 
participants were engaged with the class and the active 
learning activities, they were still aware of their surroundings 
to some extent.

With respect to the third research question, what stands out 
in the ESM dimensions results is that students may become 
more interested, engaged, motivated, and persistent as a 
statistics class progresses, which may be due to increased 
student-student and student-professor interactivity. 
However, the differences between the means for each 
dimension are relatively small, ranging from 0.37 to 0.84, 
which indicates that the changes in these dimensions over 
time may not be large or significant. Future research could 
use more rigorous statistical analyses to confirm these 
findings and explore potential moderators of the observed 
changes in students’ experiences over time.

Practical implications

Situational engagement in the statistics classroom is 
undoubtedly multifaceted, contextual, and dynamic. Based 
on our results, we propose several implications for practice. 
First, stronger emotional engagement with statistics 
courses can be fostered by purposely designing classroom 
opportunities that create and maximise interaction between 
academics and students (e.g., active lecturing, teamwork with 
active guidance) or video-based learning using knowledge 
tracing (Shehata et al., 2023). Second, increasing the number 
of problem-solving formative assessments (problem-based 
teaching, e.g., calculating, and interpreting data, rated as 
the most motivating and engaging activities), providing, 
and discussing constructive feedback, in class and among 
students with the use of chatbots (Kamalov et al., 2023; 
Calonge et al., 2023; Rudolph et al., 2023a, 2023b) may 
help students comprehend and better synthesise content, 
may further decrease test anxiety, and thus improve the 
class experience, cognitive and behavioural engagement, 
satisfaction, self-efficacy, and motivation. 

Third, as listening was rated very high in terms of interest but 
considered the most challenging activity, we recommend 
chunking every lecture with active learning strategies as 
advocated by Freeman et al. (2014) in a meta-analysis of 
225 studies of undergraduate education across all the STEM 
areas, by for instance asking students to (a) apply statistics to 
authentic phenomena that may be of interest to them, such 
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as climate change, inflation, wealth distribution, healthcare, 
etc., (b) use Python tools such as Jupyter Notebook or SymPy 
(Kamalov et al., 2023; Calonge et al., 2023), (c) explain data 
visualisations, (d) practise statistical modelling, etc.  Finally, 
as explaining was rated “most challenging” and “least 
engaging”, providing additional opportunities to present in 
pairs or teams with peer and instructor feedback may boost 
students’ confidence and improve their expectancies about 
their success in a specific task (EVT’s “Can I actually do this 
task?”).  

Limitations 

The scope of this study was limited in terms of institution 
(n=1), the number of participants, and course availability. 
With a small purposive sample size, caution must be applied, 
as the findings cannot be extrapolated to all contexts, all 
students in all statistics courses. Despite this limitation, 
statistics, a foundational STEM subject, is often perceived 
as challenging and abstract. Students across various 
cultures and educational systems face similar difficulties in 
understanding and applying statistical concepts. Moreover, 
the digital age has heightened the importance of data 
analysis and interpretation. A study from the UAE, a rapidly 
developing nation with a strong focus on technology 
and innovation, can provide valuable insights into global 
trends in data literacy education. In conclusion, a study on 
student engagement and motivation in statistics classrooms 
at a single UAE university, while focused on a specific 
context, can offer valuable insights with broad implications 
for higher education worldwide. Additionally, despite 
using ESM to help reduce general recall bias, as survey 
respondents participated of their own volition, there may be 
possible self-selection bias in the resulting data.  A natural 
progression of this work would be to use multiple sources 
of data, such as behavioural observations or physiological 
measures, to assess students’ experiences more objectively 
in the classroom.

Conclusions 

This exploratory study has identified significant factors that 
impact situational engagement and motivation in the statistics 
classroom, including instructor-student and student-student 
interactions, varied active learning strategies, tools and 
activities, and application of knowledge to real phenomena. 
Expectancy-Value Theory offers valuable insights into the 
dynamics of student engagement in the statistics classroom 
in higher education. By acknowledging the significance of 
students’ beliefs in their ability to succeed (expectancy) 
and the perceived importance of the subject matter (value), 
educators can better tailor their teaching strategies and 
course materials to enhance motivation and student 
engagement. Recognising that students are more likely to 
engage actively when they believe in their capabilities and 
see the relevance of statistics in their academic and future 
professional pursuits is pivotal. Moreover, the Expectancy-
Value Theory reminds us that fostering a supportive, active, 
and encouraging learning environment is equally essential, 
as it can positively influence students’ perceptions of their 
own competence and the value of the subject. 

Ultimately, integrating the principles of this theory into 
pedagogical practices can lead to more motivated and 
engaged statistics students, thereby enhancing the quality 
of education, and preparing them for success in their 
future careers. These actionable insights could be used to 
inform instructional design and classroom management in 
statistics courses to better align with student engagement 
and preferences. As educators and students adapted 
to the challenges of emergency remote teaching and 
learning during COVID (Calonge et al., 2022), they now 
need to consider AI as a powerful tool for engagement 
and motivation (Kamalov et al., 2023, Calonge et al., 2023). 
Students and educators can, for instance, use AI to create 
simulations and visualisations that bring statistical concepts 
to life. Students can also interact with chatbots (Kamalov et 
al., 2023, Calonge et al., 2023, Hultberg et al., 2024; Firat, 
2023), question, explore, analyse and visualise real-world 
datasets in a more engaging way, fostering curiosity and a 
deeper understanding. 

Chatbots, as virtual teaching assistants, can summarise and 
paraphrase key points and complex concepts (e.g. Bayesian 
statistics, Nonparametric statistics, etc.), provide immediate 
feedback and practice on assignments, upcoming exams 
and quizzes, allowing students to adjust their learning 
strategies on the go. This personalised feedback loop can 
boost motivation, learning, and highlight areas for revisions 
and improvement. However, universities need to proactively 
develop transparent and applicable policies and strategies 
to integrate AI into courses and programs effectively, as 
AI can fundamentally alter teaching methods, requiring a 
reimagining of curriculum design and delivery. This includes 
faculty and student training to avoid faculty resistance, and 
as students become more familiar with AI tools, they may 
demand their integration, pressuring universities to adapt 
quickly. Clear policies on the ethical uses of AI, quality 
assurance (of learning) and ongoing evaluation are also 
needed to ensure AI augments rather than hinders the 
learning experience (Van Wyk, 2024). Rudolph et al. (2024) 
summarised it as “the promise of unprecedented learning 
enhancements and the peril of crucially important ethical 
dilemmas” (p. 19). 

By embracing AI thoughtfully and strategically, we can create 
a dynamic, motivating and engaging statistics classroom 
that fosters a deeper understanding and appreciation for this 
crucial subject. It is a new frontier, a somewhat still uncharted 
territory, and like any revolution or crisis, it requires us to be 
adaptable, agile, forward-thinking, and innovative.
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