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Abstract

In social science degree programs, where Statistics is not a core subject, students often
experience anxiety and negative attitudes that influence their engagement and may hinder
academic performance. This study examines the role of positive emotions in the teaching of
Probability Calculus and Inferential Statistics in Business Administration and Management
studies, analyzing their relationship with students’ engagement in Problem-Based Learning
(PBL). The research is framed as an exploratory single-campus case study conducted with
a modestly sized sample of undergraduate students from a single Faculty. Moving beyond
traditional approaches that view emotions merely as outcomes of learning, our model
assumes that positive emotions, both prior to and following the PBL experience, shape
students’ perceptions of its usefulness, their collaborative behaviors, and their communica-
tion with instructors. Using Structural Equation Modeling (SEM) and Cluster Analysis, the
findings show that positive emotions are a key driver of students’ predisposition toward
and engagement with PBL, indicating that cultivating a supportive emotional climate
enhances participation and deepens the understanding of statistical concepts. These re-
sults suggest that fostering emotional engagement is essential not only for improving
motivation and academic outcomes in Statistics but also for developing transversal and
sustainability-related competencies such as critical thinking, collaboration, communication,
and evidence-based decision-making. The study contributes to current discussions on
sustainable and inclusive teaching practices by highlighting the importance of integrating
socio-emotional dimensions into active learning methodologies in higher education.

Keywords: Problem-Based Learning (PBL); higher education statistics; positive emotions;
student engagement; sustainable competencies; Structural Equation Modeling (SEM)

1. Introduction
In higher education, statistics courses often represent a major challenge for students,

not only because of their conceptual difficulty but also due to the negative emotions they
tend to generate, such as anxiety, frustration, and low self-confidence [1]. This phenomenon,
commonly referred to as statistical anxiety, is widely identified by researches as a key factor
that undermines student engagement and performance, ultimately limiting the devel-
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opment of essential transferable competencies such as critical thinking, problem-solving,
and data-driven decision making in complex and uncertain professional environments [2,3].

Addressing these intertwined cognitive and emotional challenges is particularly rel-
evant in the context of Sustainable Development Goal 4.7, which emphasizes the role
of education in equipping learners with the knowledge, skills, and dispositions needed
to make informed, responsible decisions and to address complex societal and organiza-
tional challenges.

In this context, traditional approaches to teaching Probability Calculus and Inferential
Statistics in Business Administration and Management studies often prove to be insufficient.
Methods based primarily on lectures and rote memorization may fail to actively engage
students or to promote a deep understanding of statistical concepts [4,5]. Moreover, they
tend to offer limited opportunities for students to connect abstract techniques with their
practical application [6], which may result in difficulties in grasping and applying essential
skills, lower academic performance, and the persistence of negative emotional responses
such as anxiety and low confidence.

Researchers in mathematics education have highlighted the role of the learning en-
vironment in shaping the emotions and motivations of students [7], which are integral to
their problem-solving behavior and classroom engagement [8]. In this sense, emotions
are not merely by-products of learning but central components of the learning process,
by influencing attention, persistence, and cognitive engagement.

From this perspective, educational research increasingly calls for pedagogical ap-
proaches that move beyond traditional instruction and explicitly integrate both cognitive
and emotional dimensions of learning. In response to these challenges, innovative method-
ologies such as Problem-Based Learning (PBL) [9] offer a promising alternative. PBL is a
student-centered instructional approach in which learners acquire knowledge and skills
through the active resolution of complex-world or simulated problems, typically in collab-
orative settings. Unlike traditional lecture-based methods, PBL emphasizes self-directed
learning, critical thinking, and the application of knowledge to practical contexts [9–11].

In this study, PBL is implemented through structured group-based activities in which
students collaboratively analyze statistical problems, receive continuous feedback from
the instructor, and produce explanatory outputs (e.g., videos). Unlike more traditional
PBL approaches, which often rely on minimal instructor intervention and a high degree
of student autonomy, the implementation adopted in this study incorporates structured
guidance and continuous feedback, tailored to the specific context of statistics education.
This approach aligns with previous research [12–14] emphasizing the role of guided support
and scaffolding in PBL, particularly in disciplines such as statistics where conceptual
complexity may require additional instructional structure.

PBL emphasizes active learning through problem-solving and collaboration within
contextually embedded and professionally relevant scenarios [15], which is associated
with higher levels of student engagement and understanding [16], while fostering the
development of transferable competencies [17].

By situating learning in meaningful and context-rich scenarios, this approach not only
promotes active engagement but also facilitates the development of both cognitive and
socio-emotional competencies relevant to complex decision-making processes.

Studies show that PBL promotes critical thinking [18], increases motivation [19,20],
and strengthens the connection between theoretical concepts and their practical applica-
tion [21]. As a result, researchers increasingly consider it a relevant approach in higher
education [22]. Furthermore, by situating learning in meaningful and context-rich scenarios,
PBL aligns with the principles of sustainability-oriented education, supporting students
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in developing the ability to address complex and uncertain challenges characteristic of
contemporary professional and societal contexts.

Although researchers have explored the benefits of PBL in various disciplines, in-
cluding Statistics [23], most studies have focused primarily on the impact on student
achievement [24], with little attention to emotional aspects [25]. Research indicates that
PBL can lead to a better understanding and retention of knowledge [26], as well as greater
motivation and engagement of students [27].

The literature on emotions in PBL includes the use of facial expressions [28], the com-
parison of emotional effects in near-PBL tutoring and faculty-led PBL tutoring [29], the de-
velopment of new strategies for the integration of emotions in the teaching of engineering
ethics [30], and the analysis of how emotions influence the way students search for and
process information to solve problems on the internet [31]. Recently, Kazemitabar et al. [32]
have explored how medical students regulate their emotions when communicating bad
news to patients in a technology-enhanced learning environment by obtaining data through
the application of PBL.

These studies illustrate a growing interest in the role of emotions within PBL contexts,
but the evidence remains fragmented and context-specific. A notable gap still exists in the
literature regarding the systematic analysis of how emotional factors shape student engage-
ment with PBL [33] and influence learning and performance outcomes [34], particularly in
the context of statistics education.

This study addresses this gap by examining how emotions influence engagement
with PBL in Statistics within the business domain. In this regard, we extend the work of
Muerza et al. [35], who investigates the relationship of PBL with students’ emotions and
academic performance. Given that prior research has extensively documented the impact
of emotions on learning and motivation [36,37], we focus specifically on positive emotions,
aiming to understand how they strengthen the engagement with PBL and contribute to its
effectiveness, ultimately improving educational results.

A thorough exploration of these emotional aspects, along with the development of
competencies required by PBL, provides a holistic view of the effectiveness of this ped-
agogical approach. Understanding how emotions fluctuate and interact with academic
challenges in the context of PBL can offer valuable insight into designing more effective
and empathetic learning environments [38]. Integrating emotional intelligence into the
educational process can improve student’ resilience, enhance their ability to handle chal-
lenging situations, and support their overall personal development [39]. In line with this,
prior research views learning as a holistic experience in which emotions and intellect
are intertwined, highlighting the inseparability of affect and cognition in the learning
process [40].

Our study investigates the application of PBL specifically within the Statistics II course
at the Faculty of Economics and Business, University of Zaragoza. This course is part of
the second-year curriculum for both the Business Administration and Management (ADE)
and Law-Business Administration and Management (DADE) programs and introduces
the Probability Calculus and Inferential Statistics methods. The analysis is framed as an
exploratory single-campus case study, based on a modestly sized sample of undergraduate
students from a single Faculty. We hypothesize that fostering positive emotions within
PBL enhances student engagement and academic performance by integrating emotional
considerations with academic content.

This study is based on the research question: How are positive emotions related to
the engagement of students with PBL and their perception of learning in Statistics II? To
address this question, we employ a second-order Structural Equation Modeling (SEM)
approach that allows us to analyze complex relationships between latent constructs and
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their indicators [41]. Specifically, we develop a second-order model to capture positive
emotions and PBL engagement as overarching constructs, focusing on how pre- and
post-PBL emotions shape students’ perceptions of its usefulness, teamwork skills and
communication with instructors.

Given the dynamic and cumulative nature of emotions in education [42–44], we inte-
grate both pre- and post-PBL emotions into a single construct. This approach is consistent
with prior research [42,45] that conceptualizes emotions as temporally structured and
evolving processes, where anticipatory and evaluative emotional states jointly contribute
to the overall learning experience.

Based on the results of the estimation of the structural equation model, we also per-
form a Cluster Analysis to identify distinct student groups according to their levels of
involvement with PBL and their emotional responses. We analyze these clusters in relation
to some socio-demographic and academic factors and, in particular, the academic perfor-
mance to examine their impact on student achievement. Understanding these relationships
can provide information on how different levels of engagement and emotional states impact
students’ academic success. This information can inform educators on adapting teaching
methods to better support students with varying levels of engagement and emotional
responses, thus promoting overall learning effectiveness and student well-being.

This study makes three key contributions. First, it examines the role of positive emo-
tions in students’ engagement with PBL in the context of teaching Probability Calculus
and Inferential Statistics in Business Administration and Management Studies. Second, it
identifies patterns in positive emotions, which contribute to a deeper understanding of their
relationship with learning processes. Third, given the demonstrated importance of these
emotions, it highlights the need to foster them through strategies such as interactive intro-
ductory sessions, reflection exercises, a supportive classroom environment [46], positive
feedback [47], and strong student–teacher relationships [48]. These interventions not only
aim to improve emotions, but also to ensure that students remain motivated and engaged.

Hence, this study contributes to the framework of Education for Sustainable De-
velopment (ESD) by demonstrating how active methodologies such as Problem-Based
Learning (PBL), together with the development of socio-emotional capacities, strengthen
key sustainability competencies, including critical thinking, collaboration, communication,
and statistical literacy for informed decision-making. By examining the role of positive
emotions in shaping student’ engagement with PBL in a Statistics course, the study pro-
vides evidence on how emotionally supportive and participatory learning environments
foster more resilient, inclusive and sustainable educational practices.

The remainder of this paper is structured as follows. Section 2 analyzes the back-
ground with regard to emotions in the teaching of Mathematics and Statistics. Section 3
outlines the material and methods employed in this research and specifies the structural
equation models used. Section 4 details the results and discusses their implications. Finally,
Section 5 concludes this study, offers some preliminary recommendations, and outlines
future research lines. Four appendices are also included. Appendix A presents the ques-
tionnaire; Appendices B and C present the validity and reliability study of the first- and
second-order structural equation models; and Appendix D presents a sensitivity analysis
of the beta coefficient relating the positive emotions construct to PBL engagement.

2. The Role of Emotions in Learning Mathematics and Statistics
Mathematics and Statistics play a fundamental role in academic and professional

development [49], and emotions have been increasingly recognized as key factors in their
learning process [50]. Rather than being mere by-products of learning, emotions actively
shape students’ motivation, self-efficacy, and academic performance.
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Research highlights that fostering positive emotions, such as enjoyment and satisfaction,
strengthens persistence in mathematical challenges and improves students’ attitudes [51].
This shift in perspective moves away from viewing mathematics primarily as a source of
anxiety and instead emphasizes how well-designed, challenging yet achievable tasks can
generate positive affective states such as pride and engagement [52].

In this context, both personal and situational factors, including self-efficacy, feedback,
and the quality of instructional support, shape emotions [53,54]. Empirical evidence
consistently shows that positive emotions, such as motivation and self-confidence, are
associated with improved academic outcomes, whereas negative emotions, particularly
anxiety, tend to hinder learning [55,56].

From the perspective of achievement emotion theory, emotions are not only outcomes
of learning but also determine students’ readiness to engage with academic challenges,
influencing both cognitive processing and performance [57–59]. In addition, students’
self-concept plays a key role, as those with a more positive perception of their abilities
tend to experience more favorable emotions and lower levels of anxiety, regardless of their
actual performance [60,61].

Taken together, these findings highlight the need to conceptualize learning in math-
ematics and statistics as an inherently cognitive-affective process, in which emotions are
integral to students’ engagement and success.

Within this theoretical framework, active pedagogical approaches, particularly PBL,
emerge as effective strategies for shaping both the cognitive and emotional dimensions of
learning. PBL [33] promotes active participation, autonomy, and collaboration, creating
learning environments that enhance motivation and reduce anxiety.

Empirical studies show that such environments, especially when based on meaning-
ful and achievable tasks, foster positive emotional experiences and strengthen students’
engagement [52]. In addition, PBL has been associated with improvements in communi-
cation skills, teamwork, and the perceived relevance of learning, contributing to a more
meaningful educational experience [33].

However, despite the growing body of research on PBL, most studies focus primarily
on academic performance and cognitive outcomes, while the emotional dimension receives
less attention [25]. Moreover, existing studies often analyze emotions at a single point in
time, which fails to capture their dynamic evolution throughout the learning process.

This limitation is particularly relevant in statistics education, where research on emo-
tions remains less developed than in mathematics, despite evidence suggesting that emo-
tional factors play a crucial role in students’ engagement and performance [62].

To address these limitations, it is necessary to adopt a more integrative perspective that
conceptualizes emotions as dynamic and temporally structured processes. Emotions expe-
rienced prior to engaging in a learning activity influence students’ expectations, confidence,
and predisposition to participate, while emotions experienced after the activity reflect their
evaluation of the learning experience in terms of usefulness, satisfaction, and achievement.

From this perspective, emotions should not be analyzed in isolation but as part of a
continuous and cumulative process that unfolds throughout the learning experience [57,59].

Despite extensive research on emotions and active methodologies in mathematics edu-
cation, there remains a notable gap in the literature on statistics education. Although studies
such as [62] have examined PBL in university-level Probability and Statistics courses, most
research on emotions in learning continues to focus primarily on Mathematics.

Our study addresses this gap by examining how positive emotions are related to
statistical learning in a business education context. We hypothesize that positive emotions
are positively related to students’ motivation and engagement in PBL, and that these dimen-
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sions are associated with greater commitment and improved performance, highlighting the
need to integrate emotional factors into academic content.

Modeling positive emotions as a second-order construct that integrates both pre- and
post-learning emotional states is theoretically justified, as it reflects the temporally struc-
tured and evolving nature of emotional processes in learning contexts. This approach
provides a more comprehensive understanding of how emotions shape students’ engage-
ment with PBL, as both initial predispositions and subsequent emotional responses jointly
influence their participation, collaboration, and perception of learning outcomes.

In this context, the present study aims to fill a gap in the literature by examining the
role of positive emotions in statistical learning within a business education context and
proposes a second-order structural model in which emotions before and after PBL jointly
explain students’ engagement with the methodology.

3. Materials and Methods
From a sustainable educational governance perspective, the implementation of inno-

vative teaching methodologies such as PBL serves as a strategic tool for enhance equity,
participation, and the overall quality of learning environments. Strengthening students’
positive emotions is not only pedagogically beneficial but also contributes to the sustainabil-
ity of the educational system by improving engagement, supporting retention, and helping
reduce performance-related inequalities.

In this study, the use of data-driven analytical techniques, specifically Structural
Equation Modeling (SEM) and Cluster Analysis, provides empirical evidence to inform
decision-making. These methods allow institutions to monitor students’ emotional and
learning profiles, evaluate the effectiveness of instructional innovations, and design tar-
geted interventions, thereby positioning data analytics as a key resource for sustainable
educational management.

3.1. Case Study

During the 2022–2023 academic year, PBL was implemented in the Statistics II course
for second-year ADE and DADE students at the University of Zaragoza’s Faculty of
Economics and Business. This 6-ECTS course included 30 h of lectures and 60 h of practical
activities using R Commander, a graphical user interface for the statistical software R.

All students enrolled in the Statistics II course in both degree programs were invited
to participate in the study, and participation was voluntary. In the ADE group, a total
of 96 students were enrolled. Of these, 44 students agreed to participate, while 52 did
not participate. Among those who participated, 37 completed the final survey and were
included in the analysis.

In the DADE group, 94 students were enrolled in the course and invited to participate.
A total of 45 students agreed to participate and completed the final survey.

The study formed part of an officially approved Teaching Innovation Project and
did not require formal approval from an Institutional Review Board or Ethics Committee
according to institutional regulations. We obtained informed consent from all participants
prior to data collection.

We read an information statement to students in class explaining the purpose of
the study, its voluntary nature, and the use of the data for research and publication pur-
poses. We informed them that all data would be collected and analyzed anonymously and
in aggregate form, and that no personal or identifying information would be recorded.
Students provided consent by voluntarily proceeding with the activity after receiving
this information.

Table 1 shows a summary of the participants’ characteristics.
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Table 1. Characteristics of the participants.

Gender Age Repeat Status

Degree Male Female 20 21 Over 21 Yes No Total

ADE 17 20 11 18 8 20 17 37
DADE 19 26 41 2 2 3 42 45

The introduction of PBL aimed to enhance traditional learning by helping students
bridge theoretical concepts in probability and statistical inference with business scenarios
derived from complex organizational contexts. Many students struggle to recognize the
usefulness of probability in decision-making and to select the appropriate model based on
the problem at hand.

Therefore, in the first stage of the course, practical cases were introduced in which
students analyzed scenarios such as demand forecasting for a business, the probability of
default in a customer portfolio, or waiting times in a customer service setting. Through
PBL, they explored the application of key probability distributions (Binomial, Poisson,
Normal, Exponential, among others) and justified their selection in each context.

The course then progressed to statistical inference, starting with sampling theory and
the Central Limit Theorem, which helped students understand how sample distributions
facilitate the estimation of population parameters. To reinforce this concept, they conducted
simulations using business datasets and analyzed the variability of sample statistics.

In the parameter estimation unit, they applied confidence intervals to assess key
business indicators such as average customer spending or employee satisfaction. Finally,
in the hypothesis-testing unit, the students worked on validating critical business claims,
such as whether a new marketing campaign had increased sales or whether there were
significant salary differences between departments.

In addition to performing calculations, they interpreted the results and justified their
application in business decision-making, thereby strengthening their analytical skills and
competence in data management.

To implement this approach effectively, the course did not follow the traditional seven-
step PBL model by Schmidt [63], but rather the method developed by Muerza et al. [27],
which is specifically designed to support statistical learning through collaborative problem-
solving and the co-creation of shared learning resources.

This approach was adopted because it places greater emphasis on applied data anal-
ysis, continuous feedback during the problem-solving process, and the production of
explanatory materials within a statistics learning context.

The method involved six steps: (i) Identification of concepts and understanding of the
problem; (ii) Analysis of the problem; (iii) Development of solutions; (iv) Group tutoring;
(v) Recording an explanatory video; (vi) Sharing the problem in an online platform.

Students first worked in teams to analyze the situation, identify the appropriate
statistical tools, and reach a solution together. They then presented their responses to the
tutoring in-groups of the teacher, who provided corrections and feedback until the solution
was precise and well founded.

Once their results were validated, the students recorded explanatory videos in which
they detailed the step-by-step procedure used, ensuring that their peers could fully under-
stand the problem-solving process. We will henceforth refer to the process developed by
the student as the “project”.

The project was implemented as a complementary, out-of-class component that did
not replace or reduce the rigor of the core course. For each team, the activity lasted one
month. Each team met to analyze and solve the exercise before their group tutorial.
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During the tutorial, students took on the role of the teacher, with the teacher provided
support to reinforce and clarify concepts. Subsequently, students had to meet again to
prepare a script for their solution video and to record it. The teaching staff did not receive
any additional training to carry out their role throughout the process.

This approach is associated with higher levels of student engagement and understand-
ing, particularly through the promotion of active participation, communication skills, and a
deeper comprehension of statistical concepts.

In this way, the students not only mastered statistical techniques, but also developed
critical soft skills essential for data-driven decision-making in modern business contexts.

A structured questionnaire served as the primary instrument for data collection (see
Appendix A). The questionnaire included closed-ended questions designed to capture
students’ perceptions of various aspects of PBL implementation.

This questionnaire was aligned with the methodological framework proposed by
Muerza et al. [27], and the constructs and items reflect the main components of the PBL
process, including collaborative work, interaction with the instructor, and the development
of applied statistical understanding.

In this way, the measurement model is directly linked to the structure and objectives
of the implemented methodology.

Responses were measured on a 5-point Likert scale, where 1 indicated “totally dis-
agree”, 2 indicated “strongly disagree”, 3 indicated “neutral”, 4 indicated “strongly agree”,
and 5 indicated “totally agree”.

We also asked the participants about the intensity with which they experienced some
positive emotions before and after the project. Participants marked the corresponding value.

3.2. The Model

We used a Partial Least Squares Structural Equation Modeling (PLS-SEM) with a
second-order specification to analyze the influence of positive emotions on engagement
with PBL (see Figure 1).

The use of PLS-SEM in this study is justified by several characteristics of the research
design. First, the primary objective is predictive and exploratory, as the study seeks to
understand the relationships between positive emotions and students’ engagement with
PBL in a context where these relationships have not been extensively modeled in statistics
education. In this regard, PLS-SEM is particularly suitable because it focuses on maximizing
explained variance and supports theory development.

Second, the proposed model includes higher-order (second-order) constructs, specifi-
cally Positive Emotions and PBL Engagement, each composed of multiple first-order dimen-
sions, reflecting the multidimensional nature of emotional and behavioral responses in PBL
settings. PLS-SEM is well-suited for estimating complex hierarchical models of this type,
offering greater flexibility and fewer identification constraints than covariance-based SEM.

Third, the data exhibit deviations from normality, as indicated by the descriptive
statistics (e.g., skewness and kurtosis values, see Table A1 in Appendix B), which is expected
in educational settings involving self-reported emotional measures. This further supports
the use of PLS-SEM, as it does not require multivariate normality assumptions.

Finally, the sample size (n = 82) is relatively modest for covariance-based SEM,
particularly given the complexity of the model and the number of indicators, as well as the
specific context of a single-course implementation. Given the importance of sample size in
the choice of estimation method, we further assess its adequacy by applying the inverse
square root method [64]. Considering that the most complex part of the model includes
two predictors, and assuming a significance level of 0.05, a statistical power of 0.80, and a
medium effect size (0.21–0.30), the minimum required sample size is 69 observations [41]
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(Exhibit 1.7, p. 27). Therefore, the final sample of 82 students is sufficient to support the
estimation of the proposed model and ensures adequate statistical power for detecting the
expected relationships.

From a theoretical perspective, this temporal structure is particularly relevant, as it
captures the evolution of students’ emotional experiences from anticipatory states to
evaluative responses. Emotions experienced before the activity reflect students’ initial
expectations, confidence, and predisposition toward learning, while emotions experienced
after the activity represent their evaluation of the experience in terms of achievement,
usefulness, and satisfaction.

Therefore, both measurements correspond to the same emotional constructs, but fulfill
different functional roles within the learning process.

This reasoning supports modeling emotions as a second-order construct, as it allows us
to capture a higher-level latent dimension representing the continuity and transformation
of students’ emotional experiences over time. Rather than treating pre- and post-learning
emotions as independent variables, the second-order specification recognizes them as
intrinsically linked manifestations of a single affective process that unfolds throughout the
learning experience [57,59].

From a methodological standpoint, this approach is consistent with the use of second-
order constructs in structural equation modeling when multiple first-order dimensions
represent different manifestations of the same underlying phenomenon.

In this case, the repeated measurement of identical emotional indicators across two
time points provides strong conceptual and empirical support for integrating them into a
unified higher-order construct, offering a more coherent and parsimonious representation
of students’ emotional engagement.

Positive emotions are defined as a second-order reflective construct that includes the
constructs Positive Emotions Before and Positive Emotions After. The construct Positive
Emotions Before captures positive emotions such as Joy, Happiness, Excitement, Satisfaction
and Pride [65] experienced before implementing PBL, while the construct Positive Emotions
After captures the same positive emotions experienced after the implementation of PBL.

The decision to combine emotions experienced before and after PBL into a single
construct is based on the dynamic and cumulative nature of emotions in educational con-
texts [42–44]. Pre-learning emotions can shape the PBL experience, influencing subsequent
emotions and contribute to an overall affective state throughout the learning process [66,67].

From a methodological perspective, integrating both measurements into a single
construct provides a more comprehensive assessment of the role of emotions in academic
performance [68]. Furthermore, by capturing emotions as a continuous process, this
approach offers a more accurate representation of affective influences on PBL, aligning
with contemporary theoretical models on the interaction between emotions and cognitive
processes in educational settings [69].

Engagement with PBL, in turn, is defined as a second-order reflective construct that
includes the reflective constructs Utility of PBL, Teamwork Skills, and Communication
with the Teacher.

These first-order constructs consist of indicator variables derived from the student
survey, providing a comprehensive view of their engagement levels. The Utility of PBL
construct captures students’ perceptions of the usefulness of PBL in their learning. It reflects
how students perceive the relevance and applicability of PBL in their learning, reflecting
how they perceive its relevance and applicability in statistical education.

Perceived utility is closely related to motivation and engagement in learning, as stu-
dents are more likely to invest effort when they perceive clear benefits in their learning [70].
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The Teamwork Skills construct evaluates students’ perceived improvement in their
ability to work in teams after PBL. Teamwork not only enhances collaborative skills but
also increases student engagement and participation, as students interact and rely on each
other to solve problems.

The Communication with the Teacher construct assesses how PBL enhances students’
relationships with the teacher. Good communication with the teacher can improve students’
motivation and participation by providing guidance and ongoing support [71].

Our primary objective was to examine how positive emotions relate to PBL engage-
ment, that is, to investigate how positive emotions before and after implementing PBL
relate to the perceived usefulness of PBL, teamwork skills, and communication with the
teacher (see Figure 1).

Figure 1. Path Model.

4. Results and Discussion
4.1. Relationship Between Positive Emotions and PBL Engagement

In this section, we present the results of the analysis on the relationship between
positive emotions and PBL engagement, based on the model shown in Figure 1, which we
estimated using R 4.1.3 and the seminr statistical package.

To assess the significance of the path coefficients and the stability of the estimates, we
applied a bootstrapping procedure with 1000 resamples. To examine this relationship, we
used the two-stage disjoint estimation method described by Sarstedt et al. [72], applying
the PLS-SEM algorithm at each stage [73].

In the first stage, which serves as an intermediate step, we estimated the relationships
between the observable indicator variables and the first-order constructs using a first-order
structural model. Figure 2 presents this model together with its parameter estimations.

The figures in the arrows represent the regression coefficients. All model loadings
show the expected signs, and most regression coefficients are significant at the 95% level.

The results indicate that pre-learning positive emotions do not significantly influence
teamwork or communication with the teacher and are negatively related to the perceived
utility of PBL. This suggests that, in line with Pekrun et al. [74], anticipatory emotional
states play a different role from those that emerge during the learning process.

The absence of significant effects on teamwork and communication may be explained
by the fact that these dimensions develop during the PBL experience itself rather than
beforehand. Therefore, initial emotional states may have limited influence on the social
and collaborative dynamics that emerge throughout the learning process [75].

More importantly, the negative relationship between pre-learning positive emotions
and perceived utility can be interpreted in terms of students’ perceived need for instruc-
tional support. Students who begin the course with high levels of confidence may feel less
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need for alternative methodologies, as they are already comfortable with their existing
learning strategies.

Figure 2. Estimation of the structural model of the first stage (** p < 0.01; *** p < 0.001).

In contrast, students with lower initial emotional states, such as uncertainty or anxiety,
may be more receptive to innovative approaches like PBL and perceive them as more
useful, which is consistent with previous research suggesting that learners differ in their
preferences and responses to instructional methods [76,77].

In line with the framework proposed by Pekrun and Linnenbrink-Garcia [78], this
finding suggests that anticipatory emotions do not necessarily translate into higher engage-
ment but rather influence students’ openness to pedagogical change and their perceived
need for support.

The stronger effect of post-learning emotions, compared to pre-learning emotions,
suggests that evaluative emotions (e.g., satisfaction and pride) play a key role in reinforcing
engagement. In PBL contexts, these emotions emerge through active participation and
successful task completion, thereby strengthening students’ perceptions of usefulness
and collaboration, which is consistent with experiential learning approaches to student
engagement [79].

These relationships are not discussed at a general level, but are interpreted in relation
to the specific dimensions of engagement examined in this study.

Additionally, the relationship between positive emotions and teamwork can be ex-
plained by the role of affective states in facilitating social interaction and cooperation.
Positive emotions promote openness and collaborative behavior, thereby enhancing the
quality of group interaction, as highlighted in recent research on emotional presence in
collaborative learning [80].

In line with the PBL literature, teamwork is a core component of this methodology,
and emotional engagement contributes to more effective collaboration [81]. This is particu-
larly relevant in the context of ESD, where collaboration and communication are essential
competencies for addressing complex challenges [82].

Finally, the results indicate that pre-learning positive emotions are not significantly
associated with communication with the teacher, whereas post-learning positive emotions
have a significant and positive influence.

This pattern suggests that interaction with the instructor in PBL contexts does not
depend on students’ initial emotional states but instead develops throughout the learning
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process. As students engage in PBL activities, continuous guidance, feedback, and sup-
port from the instructor foster positive emotional experiences, which in turn strengthen
communication and interaction.

However, these findings should be interpreted with caution. The observed relation-
ships do not allow for definitive causal conclusions, as alternative explanations cannot
be ruled out. For instance, students with higher initial motivation or prior ability may
be more likely to engage with the activity and report more positive emotions. Similarly,
differences across degree programs may also influence both emotional responses and en-
gagement levels. Further research would be needed to separate the influence of these
possible confounding effects in order to establish causal influences.

In the second stage (see Figure 3), which is the most relevant as it directly addresses the
research objective, we find that all the coefficients of the structural equation are significant
at the 95% level and exhibit the expected positive signs.

Figure 3. Estimation of the structural model of the second stage (*** p < 0.001).

Finally, as expected, positive emotions have a significant positive impact on engage-
ment with PBL, highlighting the need to enhance students’ positive emotions to increase
their engagement with PBL.

To assess the robustness of this impact, we conducted a leave-one-out cross-validation
sensitivity analysis, which did not reveal significant differences (see Appendix D).

This finding suggests that positive emotions enhance students’ motivation, engage-
ment, and persistence by shaping how they appraise learning tasks [83,84].

From the perspective of PBL literature, active and collaborative learning environments
foster these emotional states, which in turn sustain participation and involvement [85].

Moreover, these results align with ESD, as they support the development of key
competencies such as critical thinking, collaboration, and problem-solving [86].

The measurement models of both stages demonstrate strong reliability, convergence
and discriminant validities using standard criteria (see Appendix B for first-order constructs
and Appendix C for second-order constructs).

All constructs are specified as reflective and include at least two indicators, ensuring
the minimum conditions for model identification. The internal consistency reliability is high
with the exception of the construct Communication with the Teacher. Although slightly
lower, this construct still demonstrates a reasonable level of internal consistency with a
high value of the composite reliability coefficient rhoC = 0.81 (>0.7) and a Dijkstra–Henseler
coefficient rhoA = 0.67 which is very close to the recommended threshold 0.7. In addition,
the construct shows high loadings on its items, supporting its internal consistency (see
Appendix B).

Model stability and statistical inference were evaluated using a bootstrapping proce-
dure, which confirms the robustness of the estimated relationships. This is particularly
relevant given the modestly sized sample (n = 82), a context in which PLS-SEM is especially
appropriate.

To assess potential multicollinearity issues, the Variance Inflation Factor (VIF) value
was examined. The VIF value for the constructs Positive Emotions Before and Positive
Emotions After was below the recommended threshold of 3 (VIF = 1.515), indicating that
multicollinearity is not a concern in the model.

https://doi.org/10.3390/su18083728

https://doi.org/10.3390/su18083728


Sustainability 2026, 18, 3728 13 of 34

Besides, the R2 values obtained for the endogenous constructs (R2 = 0.210, R2 = 0.165,
R2 = 0.205, and R2 = 0.269) indicate an acceptable, albeit moderate, level of explanatory
power, which is common in social science research.

Finally, no missing data were observed in the dataset; therefore, no imputation proce-
dures were required.

4.2. Groups of Students

This section presents the results of the cluster analysis, which establish a typology of
students with similar profiles in terms of Positive Emotions and PBL Engagement. Both
constructs were used as grouping variables.

To determine the optimal number of clusters, we employed the NbClust package in R,
which evaluates multiple clustering validity indices simultaneously. Specifically, NbClust
computes a wide range of criteria (e.g., Calinski–Harabasz, Dunn, Silhouette, and Gap
statistic) and identifies the optimal number of clusters based on a majority rule across
these indices.

The results indicated that nine indices suggested a two-cluster solution, which was the
most frequently recommended option compared to alternative solutions (e.g., 3, 4, or more
clusters). Therefore, following this criterion, we selected a two-cluster solution.

Subsequently, we combined a hierarchical agglomerative algorithm (Ward’s method)
with a k-means procedure to refine the solution.

Figure 4 presents the boxplots obtained by crossing the two constructs with the
identified groups, along with error bars representing the 95% confidence intervals for
the mean scores of both constructs. In addition, Tables 2 and 3 provide a comprehensive
overview of group differences by summarizing descriptive statistics and comparisons for
continuous and categorical variables, respectively.

Figure 4. Boxplots and error bars by groups of the second-order factor scores.
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Table 2. Comparison of clusters in continuous variables: descriptive statistics and parametric and
non-parametric tests.

Variable Group 1
(n = 32)

Group 2
(n = 50)

Mean Diff.
(1–2) 95% CI t (df) p-Value Mann-

Whitney W p-Value

Positive Emotions −0.86 (0.66) 0.55 (0.76) −1.41 [−1.74, −1.08] −8.58 (80) <0.001 107.5 <0.001
PBL Engagement −0.90 (0.76) 0.57 (0.65) −1.47 [−1.78, −1.16] −9.33 (80) <0.001 109.0 <0.001
Academic performance
(Grades) 5.86 (1.95) 6.50 (1.67) −0.63 [−1.46, 0.19] −1.53 (76) 0.131 582.0 0.157

Table 3. Sample characteristics by group.

Variable Category Group 1 (%) Group 2 (%) χ2 (df) p-Value

Gender Male 37.50 48.00 0.50 (1) 0.480Female 62.50 52.00

Age
20 59.38 66.00

2.12 (2) 0.34621 21.88 26.00
Over 21 18.75 8.00

First enrollment No 25.00 30.00 0.06 (1) 0.811Yes 75.00 70.00

Degree program ADE 59.38 36.00 3.41 (1) 0.065DADE 40.62 64.00

A clear separation between the two groups can be observed (see Figure 4), with
statistically significant differences for both Positive Emotions and PBL Engagement (see
Table 2).

In the first group (39.02% of the students), both constructs tend to have low values,
indicating that these students experience relatively low positive emotions and exhibit low
levels of engagement with PBL.

In contrast, the second group (60.98% of the students) shows substantially higher
values for both constructs, indicating higher levels of positive emotions and stronger
engagement with PBL.

These differences reflect distinct quantitative profiles between groups. While these
patterns may be indicative of variation in students’ experiences with PBL, they should be
interpreted with caution, as no qualitative data were collected to explain the underlying
reasons for these differences.

4.2.1. Cross-Analysis of Groups with Demographic and Academic Variables

In this section, we examine whether there are significant patterns between the two
identified student groups by cross-referencing them with demographic and academic variables.
This cross-analysis helps determine whether factors such as gender, degree program, first-time
enrollment, age, and academic performance are associated with cluster membership.

Gender

Figure 5 displays bar plots showing the distribution of student groups by gender
(left) and the distribution of gender across groups (right), while Table 3 analyzes the
presence of statistically significant differences using the Pearson’s chi-squared test with
Yates’ continuity correction.

The results indicate that there are no significant differences in the distribution of
male and female students across the two groups (Pearson’s chi-squared p-value = 0.480).
Therefore, gender does not appear to be a determining factor in students’ experience
with PBL.
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Figure 5. Bar plots with the distribution of student groups by gender (left) and the distribution of
gender across student groups (right).

The lack of a significant relationship between gender and levels of engagement and
positive emotions towards PBL suggests that the method is equally effective across genders.
This indicates that the PBL approach is inclusive and unbiased with respect to gender,
which is a positive aspect in terms of educational equity.

The uniformity in the PBL experiences among all students highlights the effectiveness
of the approach in providing equitable learning opportunities.

The absence of significant gender differences in cluster membership contrasts with part
of the existing literature, which reports gender-based differences in emotional responses
to mathematics, often indicating higher levels of anxiety among female students [87,88].
However, the findings of this study suggest that, within the context of PBL, these differences
may be reduced or attenuated.

One possible explanation is that PBL environments promote collaborative learning,
active participation, and continuous interaction, which may help mitigate traditional
gender-related disparities in emotional engagement.

Additionally, the business school context, where students may have more homo-
geneous academic backgrounds and motivations, could also contribute to reducing
such differences.

These results are consistent with studies suggesting that student-centered and inter-
active methodologies foster more inclusive learning environments, thereby minimizing
the impact of individual characteristics such as gender on engagement and emotional
experience [89].

Degree Program

Figure 6 presents the distribution of student groups by degree program (left) and
the distribution of degree programs across groups (right), while Table 3 analyzes the
presence of statistically significant differences using the Pearson’s chi-squared test with
Yates’ continuity correction.
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Figure 6. Bar plots with the distribution of student groups by degree (left) and the distribution of
degree across student groups (right).

It can be observed (see Table 3) that there is a marginally significant association at
the 10% level between degree program and cluster membership (Pearson’s chi-squared
p-value = 0.065). Students in Group 2 (high engagement) are more frequently enrolled in
the DADE program, whereas students in Group 1 are more commonly associated with the
ADE program (see Figure 6 and Table 3).

Although this relationship does not reach conventional levels of statistical significance,
the observed pattern suggests a potential association between academic background and
students’ engagement and emotional experience in PBL.

One possible explanation is that the degree program may act as a proxy for underlying
differences in students’ academic profiles, such as prior preparation, quantitative skills,
or motivation. For instance, DADE programs often involve more competitive admission
criteria, which may be associated with these characteristics.

However, these findings should be interpreted with caution. Selection effects and prior
academic ability may influence both emotional responses and engagement, potentially
confounding the observed relationship. In addition, potential self-selection effects cannot
be ruled out, as participation in the activity was voluntary and may be influenced by
students’ initial motivation or attitudes.

Furthermore, since prior academic performance was not directly measured in this
study, it is not possible to disentangle whether the observed differences between degree
programs reflect the effect of the program itself or pre-existing differences in students’
academic profiles. This limitation is particularly relevant when interpreting the degree-
program pattern, which should therefore be understood as indicative rather than causal.
Further research is needed to better understand the underlying mechanisms and to isolate
the potential effects of prior academic ability, self-selection, and degree-program differences.

First-Time Enrollment

We examined whether students taking the Statistics II course for the first time differ
from repeat students in terms of cluster membership, in order to assess whether prior expe-
rience with the course influences engagement with PBL and associated positive emotions.

The Pearson’s chi-squared test with Yates’ continuity correction indicated no significant
association between first-time enrollment and cluster membership (p-value = 0.811, see
Table 3). As shown in Table 3 and Figure 7, the distribution of first-time and repeat students
is very similar across both groups.
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Figure 7. Bar plots with the distribution of student groups by first enrollment (left) and the distribu-
tion of first enrollment across student groups (right).

These results suggest that prior experience with the course is not significantly associ-
ated with students’ engagement with PBL or their positive emotional responses. In this
context, the PBL approach appears to be associated with similar outcomes regardless of
whether students are taking the course for the first time or repeating it, indicating a con-
sistent pattern across different student profiles. This pattern suggests that PBL may be
applied in a consistent manner across students with different levels of prior exposure.

Age

We conducted an analysis to examine whether age-related patterns were present across
the clusters, in order to assess whether students of different age groups were more likely to
belong to high- or low-engagement profiles.

The results (see Table 3) indicate no significant association between age and cluster
membership (Pearson’s chi-squared p-value = 0.346). As shown in Table 3 and Figure 8,
the distribution of age groups is similar across clusters, with only minor differences that
are not statistically significant.

Figure 8. Bar plots with the distribution of student groups by age (left) and the distribution of age
across student groups (right).
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These findings suggest that age does not play a determining role in students’ engage-
ment with PBL or their positive emotional responses. This result is consistent with the
findings for first-time enrollment, indicating that neither age nor prior experience appears
to substantially influence cluster membership. Overall, these results suggest that the PBL
approach can be applied across students of different ages, supporting its consistency as a
teaching methodology.

Academic Performance Variables

Finally, we examined whether academic performance differs across clusters to assess
whether students’ grades are associated with their levels of engagement and positive
emotions in PBL.

As reported in Table 2, no statistically significant differences were found between
groups in academic performance. The difference in mean grades between Group 1 (low
engagement) and Group 2 (high engagement) was −0.63 (95% CI [−1.46, 0.19]), which is
not statistically significant (t(76) = −1.53, p-value = 0.131). These results are consistent with
the non-parametric Mann-Whitney test (W = 582, p-value = 0.157).

Although the results are not statistically significant, the negative mean difference
suggests a tendency for students in the high-engagement group to achieve slightly higher
grades than those in the low-engagement group (see Figure 9). A study with larger sample
sizes would be necessary to confirm the existence of this effect.

Figure 9. Boxplots and error bars by groups of the final grades.

Although the present study does not include direct measures of prior academic perfor-
mance, this limitation should be taken into account when interpreting the results. Future
research could incorporate indicators such as previous grades or academic background to
better isolate the specific contribution of PBL and emotional factors.

5. Conclusions
This study examined the role of positive emotions in the teaching of Probability Calcu-

lus and Inferential Statistics within Business Administration and Management programmes,
and analyzed their relationship with PBL.

Using PLS-SEM techniques, the results reveal a significant and direct positive relation-
ship between students’ positive emotions and their engagement with PBL. These findings
highlight the central role of emotional factors in shaping students’ involvement, motivation,
and active participation in statistical learning, as also suggested by Valiente et al. [25].

Moreover, the work of Wickramasinghe and Appiah [62] reinforces the benefits of PBL
for students’ conceptual understanding and statistical literacy, highlighting the importance
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of active learning methodologies. In line with previous research, emotionally supportive
and active learning environments appear to foster deeper engagement and contribute to
the development of key competencies.

Integrating emotional considerations into PBL strategies not only improves student’
self-efficacy and motivation, but also promotes teamwork and enhances communication
with the teacher, which may lead to improved academic performance.

Together, the evidence reinforces the importance of emotionally responsive and active
methodologies in promoting engagement, deeper conceptual understanding, and skill
development in statistical learning. Striking a balance between challenge and accessibility,
combined with teacher support and opportunities for both autonomous and collaborative
learning, enhances students’ attitudes toward Statistics while improving their performance
and emotional well-being.

The study also identified two distinct student profiles characterized by different levels
of positive emotions and engagement with PBL. One group exhibited lower emotional
behavior as well as lower engagement and participation, while the other showed higher
levels of both constructs. These results underline the importance of recognizing hetero-
geneity in student experiences and the need for targeted pedagogical strategies to support
less engaged learners.

At the same time, the role of students’ initial emotional status should be understood
as part of a broader and more complex set of factors that extend beyond the classroom.
Students often enter statistics courses with pre-existing beliefs, prior experiences, and emo-
tional dispositions, such as anxiety or low self-confidence, that have developed over time
and may not be easily modified through a single pedagogical intervention.

In this context, while PBL can contribute to improving engagement by fostering
positive emotional experiences during the learning process, it should not be considered a
standalone solution to deeply rooted emotional barriers. Rather, its effectiveness depends
on how it is integrated within a broader educational framework that includes supportive
teaching practices, scaffolding, and institutional strategies aimed at addressing students’
diverse needs.

This perspective highlights the importance of combining pedagogical innovation
with a more holistic understanding of students’ learning conditions, recognizing that
emotional engagement is shaped by both in-class and out-of-class factors. Based on the
empirical findings of this study, the following prioritized actions are proposed. Each
recommendation specifies the relevant actor, the stage of implementation, and its direct
link to the observed results.

First, instructors should actively promote participation at the beginning of the course
by clearly communicating the purpose, benefits, and expectations of the activity. This
recommendation is directly linked to the empirical finding that pre-learning positive
emotions are negatively associated with perceived utility, suggesting that students who
already feel confident may underestimate the value of the activity and therefore require
additional motivation to engage.

Second, instructors should focus on supporting students throughout the PBL activity,
particularly during key stages such as group tutoring and feedback on video production,
by providing structured guidance. This recommendation is based on the empirical result
that post-learning emotions are strongly associated with perceived utility, teamwork,
and communication with the teacher, indicating that positive emotional experiences are
developed during the process rather than prior to it.

Third, course instructors should design activities that explicitly emphasize collab-
orative and reflective components, such as group discussion, peer interaction, and the
creation of explanatory materials (e.g., videos). This action is directly supported by the
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observed association between positive emotions and improvements in teamwork and
communication skills.

Fourth, course instructors should ensure the availability of shared learning resources,
such as the online platform used to disseminate student-produced materials, both during
and after the activity. This recommendation is linked to the importance of reinforcing the
collective learning environment, which is associated with higher levels of engagement
observed in the study.

These actions should be implemented across different stages of the activity: ini-
tial communication (before participation), guided support (during the process), and re-
source sharing (after completion), aligning with the temporal dynamics of students’
emotional experiences.

Beyond these practical implications, these findings also contribute to the framework
of ESD, illustrating how emotionally supportive and active learning methodologies can
strengthen key sustainability competencies, including critical thinking, collaboration, com-
munication, and data-informed decision-making.

This study presents several limitations that should be considered when interpreting
the results. To begin with, the sample consists of 82 students from a single faculty at one
university, which limits external validity and restricts the generalizability of the findings.
Although this design allows for an in-depth analysis of a specific educational context,
the results should be interpreted cautiously, as institutional and contextual factors may
influence the observed relationships.

In addition, the study was conducted in a natural educational setting without a control
group exposed exclusively to traditional methodologies. While this enhances ecological
validity, it prevents isolating the specific effects of PBL from other influencing factors,
such as prior academic ability, motivation, prior experiences, beliefs or instructor-related
variables. Therefore, the findings should be understood as indicative of associations rather
than causal relationships.

Furthermore, the data were collected using a structured Likert-scale questionnaire,
which may introduce response biases and may not fully capture the complexity of students’
emotional experiences. The absence of qualitative methods limits the depth of interpreta-
tion, and the cross-sectional design prevents the analysis of temporal dynamics and causal
directionality between variables.

Finally, the use of a single data source and measurement method raises the possibility
of common method bias, which may inflate observed relationships. Future research should
address these limitations by incorporating mixed-method approaches, longitudinal de-
signs, and multiple data sources, allowing for a more comprehensive understanding of the
interplay between emotions, engagement, and learning outcomes. Further studies should
also expand the scope of analysis by including larger and more diverse samples across in-
stitutions and disciplines, enabling comparative studies and the identification of contextual
factors that may moderate the effectiveness of PBL. Additionally, experimental or quasi-
experimental designs could help clarify causal relationships, while qualitative approaches
may provide deeper insights into students’ emotional trajectories and learning experiences.
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Appendix A. Questionnaire Developed

Please answer the questions carefully according to the experience you have had during
your participation in the project.

Section 1: General information

Is this your first time enrolling in the subject? □ Yes □ No

Please specify your gender □ Male □ Female

Please specify your age □ 20 □ 21 □ > 21

Please specify your degree □ ADE □ DADE

Section 2: PBL experience

Indicate your degree of agreement with the following statements (please mark with
an X where appropriate on a scale of 1 to 5): 1—totally disagree, 2—strongly disagree,
3—neutral, 4—strongly agree, 5—totally agree.

1 2 3 4 5
1. The realization of the project has increased my motivation towards the course

2. The project has helped me better assimilate the concepts and content of the
course when preparing for the exam

3. The project has increased my interest in the course

4. Once the project was completed, my perception of the subject has changed

5. The project has helped me to express myself rigorously using the appropriate
statistical language

6. The project has helped me develop my teamwork skills

7. The project has helped me develop my interpersonal skills with my colleagues

8. There has been a smooth collaboration and communication throughout the
project with my colleagues

9. There has been fluid collaboration and communication with the teacher
throughout the project

10. The teacher’s indications on how to approach the tasks were sufficient
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Section 3: Positive Emotions Questionnaire: Before and After PBL

Please specify your feelings about learning Statistics before and after participating in
the PBL activity.

Before PBL After PBL

None Little Quite
a bit A lot Fully None Little Quite

a bit A lot Fully

Happiness

Joy

Excitement

Pride

Satisfaction

Appendix B. Evaluation of Measurement and Structure Models
(First Stage)

Table A1 shows the names of the indicator variables grouped by their corresponding
first-order constructs, and the related first-order constructs for each second-order construct
(see path models in Figures 1–3). In addition, Table A1 presents the results of a descriptive
analysis of these indicators.

The highest mean and median ratings are observed in the indicators related to the PBL
Engagement construct, followed by those related to Positive Emotions After PBL.

The lowest mean and median ratings correspond to the indicators associated with
Positive Emotions Before PBL. Furthermore, the variables are not normally distributed,
as they exhibit high kurtosis and, in some cases, significant skewness.

Table A2 shows the correlation matrices of the items corresponding to each of the scales
(first-order constructs). All correlations are statistically significant and positive, and most
values exceed 0.5. These results indicate a high level of reliability (internal consistency).

To assess the reflective measurement models included in the model estimated in the
first stage (Figure 2), we must ensure the reliability and validity of the five constructs,
thereby confirming their suitability for inclusion in the path model. The key criteria include
indicator reliability, internal consistency reliability (Cronbach’s alpha, rhoA reliability,
and composite reliability rhoC), convergent validity using the Average Variance Extracted
(AVE) metric, and discriminant validity [90].

Table A3 shows the estimated indicator loadings and their statistical significance
assessed through a bootstrap procedure with 1000 resamples, together with the above
internal consistency and convergent validity measures.

All indicator loadings are high and statistically significant and positive, with the
smallest value being 0.721, which suggests sufficient levels of indicator reliability.

Internal consistency reliability is high, with the exception of the construct Communica-
tion with the Teacher. Although slightly lower, this construct still demonstrates an accept-
able level of internal consistency, with a composite reliability coefficient of rhoC = 0.81 (>0.7)
and a Dijkstra–Henseler coefficient rhoA = 0.67, which is very close to the recommended
threshold of 0.7.

In addition, the construct shows high loadings on its items, which further supports its
internal consistency.

Convergent validity indicates that a construct captures more than 50% of the variance
in its indicators, which is evaluated using the AVE metric. The AVE values, together with
the internal consistency reliability metrics, are well above the minimum threshold of 0.5,
highlighting the high level of convergent validity in all reflectively assessed constructs.
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Table A1. Descriptive statistics of the indicator variables by construct of the first-stage model.

Second-Order
Constructs First-Order Constructs Indicator Variables Missing Mean Median Min Max St.Dev. Kurtosis Skewness

Positive Emotions

Positive Emotions Before PBL

Happiness Before PBL 0 2.07 2 1 5 0.91 2.796 0.096
Joy Before PBL 0 1.99 2 1 5 0.96 2.615 0.164
Excitement Before PBL 0 2.16 2 1 5 1.06 1.962 −0.023
Satisfaction Before PBL 0 1.94 2 1 4 0.92 2.034 −0.238
Pride Before PBL 0 2.06 2 1 4 0.99 2.362 −0.406

Positive Emotions After PBL

Happiness After PBL 0 2.88 3 1 5 1.00 4.116 0.932
Joy After PBL 0 2.89 3 1 5 1.12 3.945 1.028
Excitement After PBL 0 3.01 3 1 5 1.30 2.191 0.433
Satisfaction After PBL 0 3.22 3 1 5 1.28 2.140 0.502
Pride After PBL 0 3.59 4 1 5 1.19 2.309 0.578

PBL Engagement

Utility of PBL

PBL increased my motivation 0 3.56 4 1 5 0.88 3.484 −0.575
PBL enhanced my exam prep 0 3.89 4 1 5 0.93 4.605 −1.080
PBL increased my interest 0 3.76 4 1 5 0.88 4.112 −0.914
PBL changed my perception 0 3.22 3 1 5 1.13 2.487 −0.336
PBL improved statistical
language 0 3.98 4 1 5 0.89 4.306 −0.909

Teamwork Skills
PBL develop teamwork skills 0 3.48 4 1 5 1.08 3.277 −0.677
PBL develop interpersonal skills 0 3.48 3 1 5 1.11 2.797 −0.424
PBL collab. & comm. classmates 0 4.23 3 1 5 1.06 4.598 −1.481

Communication with the Teacher PBL collab. & comm. teacher 0 4.15 4 3 5 0.59 2.746 −0.040
Teacher’s instructions sufficient 0 4.21 4 1 5 0.78 5.962 −1.314
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Table A2. Correlations between the items composing each scale.

Positive Emotions Before
PBL

Happiness
Before PBL Joy Before PBL Excitement

Before PBL
Satisfaction
Before PBL

Pride Before
PBL

Happiness Before PBL 1.000 0.718 0.549 0.490 0.571
Joy Before PBL 0.718 1.000 0.571 0.529 0.561
Excitement Before PBL 0.549 0.571 1.000 0.478 0.546
Satisfaction Before PBL 0.490 0.529 0.478 1.000 0.793
Pride Before PBL 0.571 0.561 0.546 0.793 1.000

Positive Emotions After
PBL

Happiness
After PBL Joy After PBL Excitement

After PBL
Satisfaction
After PBL

Pride After
PBL

Happiness After PBL 1.000 0.638 0.543 0.399 0.509
Joy After PBL 0.638 1.000 0.618 0.543 0.485
Excitement After PBL 0.543 0.618 1.000 0.645 0.644
Satisfaction After PBL 0.399 0.543 0.645 1.000 0.713
Pride After PBL 0.509 0.485 0.644 0.713 1.000

Utility of PBL PBL increased
my motivation

PBL enhanced
my exam prep

PBL increased
my interest

PBL changed
my perception

PBL improved
statistical
language

PBL increased my
motivation 1.000 0.531 0.786 0.521 0.573

PBL enhanced my exam
prep 0.531 1.000 0.614 0.363 0.609

PBL increased my interest 0.786 0.614 1.000 0.548 0.622
PBL changed my
perception 0.521 0.363 0.548 1.000 0.410

PBL improved statistical
language 0.573 0.609 0.622 0.410 1.000

Teamwork Skills
PBL develop

teamwork
skills

PBL develop
interpersonal

skills

PBL collab. &
comm.

classmates
PBL develop teamwork
skills 1.000 0.826 0.400

PBL develop interpersonal
skills 0.826 1.000 0.408

PBL collab. & comm.
classmates 0.400 0.408 1.000

Communication with the
Teacher

PBL collab. &
comm. teacher

Teacher’s
instructions

sufficient
PBL collab. & comm.
teacher 1.000 0.388

Teacher’s instructions
sufficient 0.388 1.000

Another crucial aspect of validity assessment is the establishment of discriminant va-
lidity, which ensures that each construct is empirically distinct and captures a phenomenon
not explained by other constructs in the model. In line with the Fornell–Larcker criterion,
the square root of each construct’s AVE should exceed its highest correlation with any other
construct in the model. Table A4 presents the square root of the AVE values on the diagonal
and the correlations between the constructs in the off-diagonal elements.
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Table A3. Reliability and validity of first-order constructs.

Constructs Variables Original
Est.

Bootstrap
Mean

Bootstrap
SD T Stat. 2.5%

CI
97.5%

CI
p-

Value AVE > 0.5 Cronbach’s
Alpha > 0.7 rhoA > 0.7 rhoC > 0.7

Positive Emotions Before PBL

Happiness Before PBL 0.822 0.806 0.080 10,233 0.609 0.905 0.000

0.649 0.874 0.966 0.902

Joy Before PBL 0.829 0.812 0.078 10,600 0.615 0.912 0.000

Excitement Before PBL 0.852 0.847 0.066 12,997 0.765 0.925 0.002

Satisfaction Before PBL 0.738 0.719 0.128 5752 0.372 0.872 0.004

Pride Before PBL 0.781 0.765 0.112 6959 0.482 0.899 0.002

Positive Emotions After PBL

Happiness After PBL 0.764 0.756 0.071 10,776 0.588 0.864 0.000

0.659 0.871 0.882 0.906

Joy After PBL 0.815 0.811 0.048 16,812 0.705 0.889 0.000

Excitement After PBL 0.868 0.867 0.030 28,505 0.796 0.915 0.000

Satisfaction After PBL 0.798 0.794 0.058 13,739 0.658 0.879 0.000

Pride After PBL 0.810 0.808 0.047 17,155 0.699 0.881 0.000

Utility of PBL

PBL increased my motivation 0.875 0.871 0.037 23,561 0.791 0.928 0.000

0.646 0.863 0.885 0.901

Joy After PBL 0.721 0.697 0.099 7251 0.453 0.841 0.000

Excitement After PBL 0.899 0.891 0.034 26,494 0.818 0.939 0.000

Satisfaction After PBL 0.731 0.730 0.071 10,260 0.563 0.851 0.000

Pride After PBL 0.777 0.761 0.071 10,898 0.599 0.870 0.000

Teamwork Skills

PBL develop teamwork skills 0.885 0.881 0.049 17,974 0.748 0.951 0.000

0.701 0.782 0.780 0.875PBL develop interpersonal skills 0.880 0.877 0.050 17,444 0.747 0.950 0.000

PBL collab. & comm. classmates 0.737 0.718 0.111 6621 0.475 0.877 0.002

Communication with the Teacher
PBL collab. & comm. teacher 0.727 0.718 0.128 5678 0.405 0.886 0.004

0.683 0.559 0.663 0.810
Teacher’s instructions sufficient 0.915 0.905 0.078 11,767 0.785 0.992 0.002
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Table A4. Fornell–Larcker criterion table for the first-order constructs.

Positive Emotions
Before PBL

Positive Emotions
After PBL Utility of PBL Teamwork Skills Communication

with the Teacher

Positive Emotions Before PBL 0.805 - - - -
Positive Emotions After PBL 0.583 0.812 - - -
Utility of PBL 0.082 0.414 0.804 - -
Teamwork Skills 0.263 0.404 0.523 0.837 -
Communication with the Teacher 0.313 0.449 0.272 0.334 0.826

Note: The bold values on the diagonal represent the square root of the average variance extracted (AVE)
for each construct. Discriminant validity is supported when these values are greater than the corresponding
inter-construct correlations.

Notice that the square roots of the AVEs for the reflectively measured constructs are
all higher than the correlations between each pair of constructs.

Another measure used to assess convergent validity is the Heterotrait-Monotrait
Ratio (HTMT), as defined by [73]. The HTMT calculates the average correlations between
indicators across different constructs (heterotrait–heteromethod correlations) and compares
them with the geometric mean of the average correlations between indicators measuring
the same construct (monotrait–heteromethod correlations). In our case, the HTMT values
fall below the more conservative threshold of 0.85, as suggested in Henseler et al. [91] as
the upper limit for establishing the discriminant validity of a construct (see Table A5).

Table A5. HTMT table for the first-order construct.

Positive Emotions
Before PBL

Positive Emotions
After PBL

Utility
of PBL

Teamwork
Skills

Positive Emotions After PBL 0.648 - - -
Utility of PBL 0.121 0.449 - -
Teamwork Skills 0.283 0.473 0.628 -
Communication with the Teacher 0.390 0.616 0.429 0.475

Furthermore, it is necessary to determine whether the HTMT values are significantly
below 0.85. This evaluation requires calculating bootstrap confidence intervals using a
bootstrap procedure.

Table A6 presents the original ratio estimates (Original Est.), bootstrapped mean
ratio estimates (Bootstrap Mean), bootstrap standard deviations (Bootstrap SD), and 95%
confidence intervals (2.5% and 97.5%), obtained using the percentile method.

Table A6. Bootstrapped HTMT table for the first stage model constructs.

Bootstrapped HTMT Original
Est.

Bootstrap
Mean

Bootstrap
SD 2.5% CI 97.5% CI

PEBefore → PEAfter 0.648 0.649 0.099 0.442 0.826
PEBefore → Utility 0.121 0.198 0.059 0.110 0.333
PEBefore → Team 0.283 0.304 0.094 0.151 0.506
PEBefore → Teacher 0.390 0.433 0.119 0.244 0.683
PEAfter → Utility 0.449 0.470 0.105 0.274 0.669
PEAfter → Team 0.473 0.480 0.090 0.295 0.651
PEAfter → Teacher 0.616 0.628 0.156 0.349 0.940
Utility → Team 0.628 0.637 0.103 0.447 0.837
Utility → Teacher 0.429 0.475 0.140 0.249 0.782
Team → Teacher 0.475 0.495 0.158 0.247 0.801

As shown, the upper bound of the confidence interval for HTMT remains below
the more conservative threshold of 0.85 in most cases, thereby generally confirming the
establishment of discriminant validity. Although one relationship exceeds this threshold,
this does not represent a major issue, especially given that both the original estimate and
the bootstrap mean value support the overall validity of the construct distinctions.

Consequently, meeting all the criteria described above confirms the suitability of the
reflective measurement models for subsequent PLS-SEM analyses.
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Table A7 shows the estimations of the structural model coefficients together with a
statistical assessment of their significance using bootstrap techniques (1000 resamples). The
results indicate that the relationship between Positive Emotions Before PBL and Utility of
PBL is significantly negative, highlighting the inverse relationship between these constructs.

In contrast, all structural model coefficients with origin in Positive Emotions After
PBL are positive and statistically significant, highlighting the direct relationship between
this construct and all indicators of the PBL Engagement construct.

Table A7. Estimates of the first-stage structural model.

Path Coefficient Original
Est.

Bootstrap
Mean

Bootstrap
SD

T
Stat.

2.5%
CI

97.5%
CI

p-
Value

Positive Emotions Before PBL → Utility of PBL −0.242 −0.238 0.141 −1.711 −0.513 0.045 0.092
Positive Emotions Before PBL → Teamwork Skills 0.041 0.045 0.131 0.312 −0.219 0.306 0.730
Positive Emotions Before PBL → Communication
with the Teacher 0.077 0.090 0.128 0.603 −0.182 0.328 0.400

Positive Emotions After PBL → Utility of PBL 0.555 0.573 0.138 4.028 0.311 0.845 0.000
Positive Emotions After PBL → Teamwork Skills 0.381 0.392 0.121 3.134 0.139 0.591 0.002
Positive Emotions After PBL → Communication
with the Teacher 0.404 0.404 0.120 3.359 0.168 0.626 0.002

Table A8 shows the values of Cohen’s f 2 coefficients, which measure the size of local
effects in PLS-SEM. They assess the impact of the Positive Emotions constructs After PBL
and Before PBL) on the PBL Engagement constructs (Utility of PBL, Teamwork Skills and
Communication with the Teacher), by measuring how the effect size changes when the
Positive Emotions constructs are included or excluded. The largest effects correspond to
Positive Emotions After PBL on Utility of PBL (0.246), Teamwork Skills (0.110) and Com-
munication with the Teacher (0.110) indicating medium and small effect sizes, respectively.
The smallest effects correspond to the Positive Emotions Before PBL, which show only a
small effect on Utility of PBL (0.045).

Table A8. Cohen’s f 2 effect sizes for the first-stage structural model.

Utility of PBL Teamwork Skills Communication with the Teacher

Positive Emotions Before PBL 0.045 0.002 0.007
Positive Emotions After PBL 0.246 0.110 0.110

Appendix C. Evaluation of Measurement and Structure Models
(Second Stage)

In stage 2, we use the scores of the first-order constructs (Positive Emotions Before
PBL, Positive Emotions After PBL, Utility of PBL, Teamwork Skills, and Communication
with the Teacher obtained in stage 1 to estimate the second-stage model (Figure 3).

Table A9 shows the results of a descriptive statistical analysis of these scores. All
variables are significantly non-normal, due to the presence of leptokurtosis and, in the
case of Utility of PBL, Teamwork Skills, and Communication with the Teacher, significant
negative skewness. This justifies the use of PLS-SEM, which is more appropriate for
estimating SEM models under non-normality conditions.
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Table A9. Descriptive statistics of indicator variables by construct of the second-stage model.

Constructs Indicators Missing Mean Median Min Max St.Dev. Kurtosis Skewness

Positive Emotions
Positive Emotions Before PBL 0.000 0.000 0.041 −2.194 2.010 1.000 2.682 0.016

Positive Emotions After PBL 0.000 0.000 −0.051 −1.329 2.963 1.000 2.981 0.548

PBL Engagement

Utility of PBL 0.000 0.000 0.102 −3.518 1.597 1.000 5.253 −1.083

Teamwork Skills 0.000 0.000 0.245 −3.053 1.392 1.000 3.882 −0.933

Communication with the
Teacher 0.000 0.000 −0.306 −3.165 1.389 1.000 3.810 −0.656

Table A10 shows the correlation matrices of the items of the second stage model,
classified by scale. Although these correlations are lower than those observed in the first-
stage model, they are all statistically significant and positive, indicating the presence of
internal consistency in the constructs.

Table A10. Correlation matrices of the items of the second stage model classified by scales.

Positive Emotions Positive Emotions Before
PBL

Positive Emotions After
PBL

Positive Emotions Before PBL 1.000 0.583
Positive Emotions After PBL 0.583 1.000

PBL Engagement Utility of PBL Teamwork Skills Communication with the
Teacher

Utility of PBL 1.000 0.523 0.272
Teamwork Skills 0.523 1.000 0.334
Communication with the Teacher 0.272 0.334 1.000

Table A11 shows the estimated loadings of the measurement second stage model
together with a statistical assessment of their significance using a bootstrap procedure with
1000 resamples, as well as the same internal consistency and convergent validity measures
used in Table A3.

Similarly to the first stage model, Table A11 demonstrates that the indicator loadings
are high and statistically significant, with the smallest value being 0.737, indicating satis-
factory levels of indicator reliability. Furthermore, the values for rhoA, Cronbach’s alpha,
and rhoC exceed or are close to the threshold of 0.7, thereby confirming the reliability of
the second-order constructs (Positive Emotions and PBL Engagement). The AVE values
(0.779 and 0.581, respectively) confirm the convergent validity of these constructs.

In line with the Fornell–Larcker criterion, Table A12 presents the square root of the
AVE values on the diagonal and the correlations between the constructs in the off-diagonal
elements. Note that the square root of the AVE for PBL Engagement (0.763) is higher than
the correlation between the two constructs (0.518).

In addition, the HTMT value is 0.685 (with the upper boundary of the 95% confidence
interval equal to 0.894), which also supports the discriminant validity of the construct.

Table A13 presents the HTMT ratio corresponding to the second stage model con-
structs together with a statistical assessment of its significance using bootstrap procedures
(1000 resamples). Note that the upper bound of the confidence interval for HTMT remains
below the more conservative threshold of 0.85, thereby confirming the establishment of
discriminant validity for the constructs.
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Table A11. Reliability and validity of second-order constructs.

Constructs Indicators
Loadings

AVE > 0.5 Cronbach’s Alpha > 0.7 rhoA > 0.7 rhoC > 0.7Original
Est.

Bootstrap
Mean

Bootstrap
SD

T
Stat.

2.5%
CI

97.5%
CI p-Value

Emotions
Positive Emotions Before PBL 0.948 0.949 0.022 43.830 0.904 0.990 0.000

0.779 0.737 0.932 0.875
Positive Emotions After PBL 0.811 0.791 0.103 7.908 0.536 0.914 0.002

PBL Engagement

Utility of PBL 0.737 0.737 0.086 8.569 0.549 0.871 0.000

0.581 0.644 0.646 0.806Teamwork Skills 0.802 0.797 0.055 14.713 0.679 0.884 0.000

Communication with the Teacher 0.747 0.740 0.083 9.001 0.529 0.862 0.000
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Table A12. Fornell–Larcker criterion table for the second-order constructs.

Positive Emotions PBL Engagement
Positive Emotions 0.882
PBL Engagement 0.518 0.763

Note: The bold values on the diagonal represent the square root of the average variance extracted (AVE)
for each construct. Discriminant validity is established when these values exceed the corresponding
inter-construct correlation.

Table A13. Bootstraped HTMT for the second stage model constructs.

Bootstrapped HTMT Original
Est.

Bootstrap
Mean

Bootstrap
SD T Stat. 2.5% CI 97.5% CI p-Value

Positive Emotions → PBL
Engagement 0.578 0.577 0.043 3222 0.490 0.651 0.002

In summary, the results confirm that positive emotions play a crucial role in engage-
ment with PBL. The reliability and validity of the constructs are robust, and there is a
significant and direct relationship between positive emotions and engagement with PBL.

The estimated structural model parameters are presented in Table A14, together with a
statistical assessment of their significance using a bootstrap procedure with 1000 resamples.
The path coefficient is statistically significant at the 5% level, confirming a significant and
direct relationship between Positive Emotions and PBL Engagement.

This result reinforces the importance of fostering positive experiences to enhance
students’ involvement in problem-based learning.

Table A14. Estimates of the second-stage structural model.

Path Coefficient Original
Est.

Bootstrap
Mean

Bootstrap
SD T Stat. 2.5% CI 97.5% CI p-Value

Positive Emotions → PBL
Engagement 0.518 0.530 0.067 7.697 0.387 0.653 0.000

Table A15 shows the value of the Cohen’s f 2 coefficient to assess the impact of the
Positive Emotions construct on the PBL Engagement construct. The value of f 2 is equal to
0.368, that is a large effect.

Table A15. Cohen’s f 2 effect size for the second-order structural model.

f2 Cohen PBL Engagement

Positive Emotions 0.368

Appendix D. Sensitivity Study of the Estimation of the Path Coefficient
in the Second-Order Model

In this appendix we analyze the robustness of the path coefficient β in the structural
equation of the second-order model (see Figure 3). To this end, we conduct a leave-one-out
cross-validation procedure in which we re-estimate the proposed second-order model
82 times, each time excluding one observation from the sample. The estimated values of β

are presented graphically in Figure A1 and numerically in Table A16.
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Figure A1. Graphical analysis of the estimated β coefficients. On the left the histogram and on the
right the boxplot.

Table A16. Numerical analysis of the estimated β coefficients.

Mean SD CV Median Min Max Skewness Kurtosis
0.519 0.007 0.014 0.519 0.496 0.542 0.179 2.475

It can be observed that the estimated values of the β coefficient fluctuate around
0.519 (the estimated value in our study is 0.518), with a standard deviation of 0.007, a low
coefficient of variation (1.4%), and values ranging between 0.496 and 0.542. Although the
distribution of β values is clearly leptokurtic due to the presence of outliers, the range
of estimated values is rather narrow and does not fundamentally alter the conclusions
reached regarding the relationship between the two constructs. We can therefore conclude
that the results of the study with respect to this coefficient are robust.
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