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Abstract 
Blended learning has gained prominence in higher education in response to the growing integration of 
technology in society, aiming to enhance student engagement by combining face-to-face instruction with 
online components. This pedagogical approach supports autonomy, encourages active participation, 
and promotes critical thinking by enabling students to apply theoretical concepts to practical situations 
through digital tools and interactive platforms. 

This study investigates the key factors influencing student motivation and satisfaction in blended 
learning environments. It draws on two theoretical frameworks: Self-Determination Theory (SDT), which 
highlights the psychological needs of autonomy, relatedness, and competence as essential for intrinsic 
motivation; and the Technology Acceptance Model (TAM), which focuses on Perceived Usefulness (PU) 
and Perceived Ease of use (PEOU) as predictors of technology acceptance. 

The research was conducted at a Portuguese university with a sample of 444 students, who completed 
a questionnaire comprising 38 items distributed across seven constructs (namely, Autonomy, 
Relatedness, Competence, PU, PEOU, Learning Motivation (LM), and Learning Satisfaction (LS)), along 
with sociodemographic data. The analysis employed Partial Least Squares Structural Equation 
Modelling (PLS-SEM), evaluating both the measurement model and the structural model, using 
bootstrapping to assess the significance of the path coefficients. 

The results confirmed most of the formulated hypotheses. Perceived ease of use and perceived usefulness 
were the strongest predictors of learning motivation, which, in turn, significantly influenced learning 
satisfaction. Additionally, PU and PEOU mediated the relationship between the SDT factors and learning 
motivation. However, PEOU did not mediate the relationship between competence and PU. 

These findings offer valuable insights for university leaders, educators, and student organisations, 
highlighting the importance of aligning blended learning strategies with students’ psychological and 
technological needs to enhance their motivation and overall satisfaction. 
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1 INTRODUCTION  
In contemporary higher education, the widespread diffusion of digital technologies has necessitated 
pedagogical transformations that capture students’ attention while aligning instructional practices with 
society’s accelerating technological integration. Within this context, blended learning, defined as the 
orchestrated integration of traditional face-to-face instruction with online learning modalities, has arisen as 
a preeminent educational paradigm [1, 2, 3]. Scholarly inquiry increasingly positions blended learning as 
an approach that augments learner autonomy, fosters active engagement, and cultivates higher-order 
cognitive capacities (Cao et al., 2023) [4]. Critical observation suggests that the deployment of digital tools 
and interactive platforms not only stimulates critical thinking but also facilitates the application of abstract 
theoretical constructs to practice-oriented, real-world challenges (ElSayad, 2024) [5]. 

The present study aims to examine the determinants of student motivation and satisfaction in blended 
learning environments, employing a dual-theoretical framework synthesising Self-Determination Theory 
(SDT) and the Technology Acceptance Model (TAM). Self-Determination Theory posits that three basic 
psychological needs - autonomy, competence, and relatedness - are fundamental for intrinsic 
motivation; their satisfaction is essential for fostering sustained engagement, adoption, and continued 
utilisation of educational technologies (Ryan & Deci, 2017) [6]. Research has consistently shown that 
the fulfilment of these needs correlates strongly with autonomous motivation, enjoyment of learning, and 
academic value, whereas the frustration of these needs is associated with pressure and diminished 
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motivation (Wang et al., 2019) [7]. These psychological needs can be supported through digital and 
pedagogical means, thereby enhancing students’ engagement and satisfaction [8, 9]. 

Complementarily, TAM emphasises two core constructs, namely Perceived Usefulness and Perceived 
Ease of Use, as pivotal antecedents of technology acceptance. These constructs are integral in 
determining whether learners adopt blended learning approaches and in shaping their satisfaction with 
such environments (Suson, 2024) [10]. The TAM posits that perceptions of usefulness and ease of use 
constitute critical determinants of the acceptance and satisfaction with educational technologies, while 
complementary factors, such as technological self-efficacy, intrinsic motivation, and positive emotional 
experiences, are also acknowledged as central contributors [11]. 

Various empirical studies reinforce the significance of these constructs in blended learning satisfaction. 
For instance, perceived usefulness has been shown both to influence learning motivation and to have a 
direct effect on students’ reported satisfaction in blended environments. Perceived ease of use likewise 
contributes positively to both motivational constructs and satisfaction outcomes (Suson, 2024) [12]. 

Building upon previous investigations conducted in Portugal, this study examines university students’ 
perspectives on the factors they perceive as most influential within blended learning environments. A 
conceptual framework is advanced, depicted through a path diagram and subjected to analysis via 
Partial Least Squares Structural Equation Modelling (PLS-SEM). The study primarily seeks to elucidate 
the determinants that shape student motivation and satisfaction in blended learning contexts, while 
simultaneously exploring the mediating roles of perceived usefulness and perceived ease of use in the 
interplay between core psychological needs and learning motivation (LM). 

Section 2 articulates the research hypotheses and provides a thorough characterisation of the sample. 
It further explicates the constructs incorporated into the questionnaire employed for data collection, 
alongside the conceptual model (path diagram) that forms the basis of empirical testing. Section 3 
delineates the principal findings of the investigation. Finally, Section 4 synthesises the key conclusions 
and considers the practical implications arising from the study’s outcomes. 

2 METHODOLOGY 
The present study was conducted with a sample of students enrolled at a Higher Education Institution 
between 2021 and 2025, the majority of whom held working-student status, with a proportion 
undertaking studies at the master’s level. Of the participants, 52.9% identified as female and 47.1% as 
male. Ages ranged from 22 to 58 years (M = 26.1, SD = 2.9). 

Partial Least Squares Structural Equation Modelling (PLS-SEM) was applied as the statistical analysis 
technique, using SmartPLS 4. The minimum sample size requirement was established in line with the 
recommendations of Soper (2025) and Westland (2010), considering the number of observed indicators 
(38) and latent variables (7), the expected effect size (0.20), a statistical power of 0.80, and a 
significance threshold of 0.05. Based on these parameters, the analysis indicated that a minimum of 
425 cases was necessary to guarantee methodological adequacy and to address the complexity of the 
model. The achieved sample exceeded this benchmark, with 444 valid responses, thereby strengthening 
the reliability and robustness of the statistical outcomes. 

For data collection, a questionnaire was used that, in addition to sociodemographic variables, included 
38 items divided into seven constructs [Competence (C), Relatedness (R), Autonomy (A), Perceived 
Ease of Use (PE), Perceived Usefulness (PU), Learning Motivation (LM) and Learning Satisfaction (LS)].  

All 38 items across the seven constructs under analysis are self-report measures, each assessed using a 
seven-point Likert scale ranging from 1 (Strongly Disagree, SD) to 7 (Strongly Agree, SA. The constructs 
were as follows: 

i)  Twelve items: four addressing Autonomy, four focusing on Relatedness, and four assessing 
Competence [adapted from Chiu, 2021 [8]]; 

ii)  Twelve items: six concerning Perceived Usefulness and six concerning Perceived Ease of Use 
[adapted from Davis, 1989 [16]]; 

iii)  Eight items measuring Learning Motivation [adapted from Suson [10]]; 

iv)  Six items examining Learning Satisfaction [adapted from Suson [10]]. 

There are several studies [13, 14, 15] that interconnect Self-Determination Theory (SDT) and 
Technology Acceptance Model (TAM), namely how autonomy, relatedness, and competence positively 
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influence Perceived Ease of Use and Perceived Usefulness. Several studies support the hypothesis that 
Perceived Ease of Use has a positive effect on Perceived Usefulness in the context of the Technology 
Acceptance Model (TAM) [16, 17]. 

Taken together, the constructs of Perceived Ease of Use (PEOU) and Perceived Usefulness (PU) 
highlight the dual role of usability and functional relevance in shaping students’ learning motivations. 
While PEOU reduces cognitive and technical barriers, thereby facilitating autonomy and fostering a 
sense of competence, PU reinforces the value of technology by demonstrating its contribution to 
academic performance and skill development. Empirical evidence indicates that both factors act as 
significant antecedents of motivational processes in digital learning environments [15, 18, 19]. By 
integrating these dimensions, this study posits that motivation to learn is not only enhanced when 
technology is easy to use but also when it is perceived as meaningful and beneficial for achieving 
educational outcomes [20, 21]. Hence, the simultaneous consideration of PEOU and PU within TAM 
provides a robust explanatory framework for understanding how technological features translate into 
sustained learning engagement and motivation. 

Learning motivation is widely recognised as a critical driver of students’ satisfaction in technology-
enhanced learning environments. Motivated learners are more likely to engage actively with course 
materials, persist in challenging tasks, and perceive the learning experience as meaningful and 
rewarding. Research grounded in self-determination theory and online learning acceptance has 
demonstrated that higher levels of intrinsic and extrinsic motivation are positively associated with 
satisfaction outcomes [22, 23]. Empirical findings in blended and online learning contexts further confirm 
that motivation plays a pivotal role in predicting overall learning satisfaction, reinforcing its importance 
as a key antecedent in digital education models [24]. 

A summary of all the relationships examined in the conceptual research framework is presented in 
Figure 1. 

 
Figure 1. Conceptual model—path diagram. 

This research aims to test the following hypotheses: 

- H1: Autonomy has a positive effect on Perceived Usefulness (PU). 
- H2: Autonomy has a positive effect on Perceived Ease of Use (PEOU). 
- H3: Relatedness has a positive effect on Perceived Usefulness (PU). 
- H4: Relatedness has a positive effect on Perceived Ease of Use (PEOU). 
- H5: Competence has a positive effect on Perceived Usefulness (PU). 
- H6: Competence has a positive effect on Perceived Ease of Use (PEOU). 
- H7: Perceived Ease of Use (PEOU) has a positive effect on Perceived Usefulness (PU). 
- H8: Perceived Ease of Use (PEOU) has a positive effect on Learning Motivation (LM). 
- H9: Perceived Usefulness (PU) has a positive effect on Learning Motivation (LM). 
- H10: Learning Motivation (LM) has a positive effect on Learning Satisfaction (LS). 
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- H11: Perceived Usefulness mediates the relationship between: a) Autonomy and Learning 
Motivation (LM); b) Relatedness and Learning Motivation (LM); c) Competence and Learning 
Motivation (LM); 

- H12: Perceived Ease of use mediates the relationship between: a) Autonomy and Learning 
Motivation (LM); b) Relatedness and Learning Motivation (LM); c) Competence and Learning 
Motivation (LM); 

- H13: Perceived Ease of use mediates the relation between Competence and Perceived 
Usefulness (PU). 

The research hypotheses outlined above were analysed using SmartPLS software (version 4) to conduct 
Partial Least Squares Structural Equation Modelling (PLS-SEM). This approach enabled the testing of 
all relationships depicted in the conceptual research framework shown in Fig. 1. 

SmartPLS simultaneously provides results for both reflective measurement and structural models, 
including assessments of their reliability and validity [25]. In the present study, a reflective measurement 
model was applied, and the convergent and discriminant validity of the constructs under analysis were 
evaluated. Subsequently, the structural model was tested to assess the outcomes related to the 
formulated research hypotheses (H1 to H13). 

3 RESULTS 
Table 2 presents the results for the reliability of the measurement model (i.e., Cronbach’s alpha, 
composite reliability [CR], and average variance extracted [AVE]). The values for Cronbach’s alpha 
(ranging from 0.88 to 0.95) were appropriate, as they exceeded the threshold of 0.70 proposed by Hair 
et al. [26]. Regarding composite reliability, the values ranged between 0.92 and 0.96, all of which were 
above the recommended 0.80 threshold [31]. Average variance extracted (AVE) was used to evaluate 
convergent validity, defined as the extent to which a construct converges in explaining the variance of 
its items [26]. The criterion of 0.50 or higher [26] was satisfied, as all AVE values surpassed this 
threshold. Overall, the measurement model exhibited satisfactory internal consistency, reliability, and 
convergent validity. 

Table 2. Reliability and convergent validity indicators. 

 Cronbach's 
 Alpha 

Composite  
Reliability (CR) 

Average Variance  
Extracted (AVE) 

Autonomy 0,876 0,915 0,729 

Competence 0,879 0,917 0,734 
Learning Motivation 0,951 0,959 0,744 

Learning Satisfaction 0,921 0,938 0,717 
Perceived Ease of Use 0,906 0,928 0,681 

Perceived Usefulness 0,938 0,951 0,765 
Relatedness 0,883 0,919 0,740 

Table 3 reports the results of the discriminant validity analysis, which assesses the extent to which 
constructs and their indicators are empirically distinct from one another. Establishing discriminant validity 
ensures that each construct captures unique aspects of the phenomena under study and that the items 
collectively represent a single latent construct [26]. The table presents the values of the Fornell–Larcker 
criterion and the Heterotrait–Monotrait (HTMT) ratio of correlations [27]. According to the Fornell–
Larcker criterion [28], the square root of the AVE for each construct should exceed its highest correlation 
with any other construct, thereby demonstrating adequate discriminant validity. 

The HTMT is defined as the ratio between the geometric mean of the average correlations of items 
within the same construct and the average correlations of items across different constructs [25]. As 
shown in Table 3, all values fall below the recommended threshold of 0.90. 
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Table 3. Discriminant Validity – Fornell-Larker Criterion and Heterotrait-Monotrait Ratio (HTMT). 

 1 2 3 4 5 6 7 
1. Autonomy 0,854 0,833 0,850 0,824 0,819 0,852 0,817 
2. Competence 0,871 0,857 0,838 0,814 0,805 0,844 0,831 
3. Learning Motivation 0,868 0,859 0,863 0,839 0,818 0,810 0,837 
4. Learning Satisfaction 0,893 0,894 0,898 0,847 0,805 0,836 0,838 
5. Perceived Ease of Use 0,884 0,847 0,855 0,870 0,825 0,808 0,870 
6. Perceived Usefulness 0,863 0,876 0,859 0,898 0,840 0,875 0,838 
7. Relatedness 0,869 0,865 0,859 0,864 0,869 0,854 0,860 

The square root of the AVE is presented in bold on the diagonal, whereas the HTMT ratios are reported 
as underlined values 

The results regarding the formulated research hypotheses (H1 to H13) are presented in Table 4.  

Table 4. Testing the significance of hypotheses under investigation. 

 Path coefficient (B) T Statistics p-value Supported 
H1: Autonomy -> Perceived Usefulness 0,243 4,519 0,000 Yes 
H2: Autonomy -> Perceived Ease of Use 0,442 10,089 0,000 Yes 
H3: Relatedness -> Perceived Usefulness 0,208 4,014 0,000 Yes 
H4: Relatedness -> Perceived Ease of Use 0,342 7,390 0,000 Yes 
H5: Competence -> Perceived Usefulness 0,381 5,732 0,000 Yes 
H6: Competence -> Perceived Ease of Use 0,166 3,503 0,000 Yes 
H7: Perceived Ease of Use -> Perceived Usefulness 0,122 2,115 0,034 Yes 
H8: Perceived Ease of Use -> Learning Motivation 0,452 8,330 0,000 Yes 
H9: Perceived Usefulness -> Learning Motivation 0,479 8,797 0,000 Yes 
H10: Learning Motivation -> Learning Satisfaction 0,898 97,494 0,000 Yes 
H11a: Autonomy -> Perceived Usefulness -> Learning 
Motivation 0,117 3,640 0,000 Yes 

H11b: Relatedness -> Perceived Usefulness -> 
Learning Motivation 0,100 3,298 0,001 Yes 

H11c: Competence -> Perceived Usefulness -> 
Learning Motivation 0,183 5,904 0,000 Yes 

H12a: Autonomy -> Perceived Ease of Use -> Learning 
Motivation 0,200 6,531 0,000 Yes 

H12b: Relatedness -> Perceived Ease of Use -> 
Learning Motivation 0,155 5,526 0,000 Yes 

H12c: Competence -> Perceived Ease of Use -> 
Learning Motivation 0,075 3,123 0,002 Yes 

H13: Competence -> Perceived Ease of Use -> 
Perceived Usefulness 0,020 1,540 0,124 No 

Of the seventeen hypotheses formulated, all were supported except for H13. Of the sixteen validated 
hypotheses, ten pertain to direct effects, whereas the remaining six pertain to indirect effects. The 
constructs Autonomy, Relatedness, and Competence show positive impacts on Perceived Usefulness, 
as expected, thus supporting Hypotheses H1, H3, and H5. The constructs Autonomy, Relatedness, and 
Competence show positive impacts on Perceived Ease of Use, as expected, thus supporting 
Hypotheses H2, H4, and H6. The results (H1 to H6 validated) highlight that students’ intrinsic 
motivations, grounded in Self-Determination Theory (SDT), play a pivotal role in shaping technology 
acceptance, particularly with respect to perceived usefulness and perceived ease of use. 

As hypothesised, Perceived Ease of Use exerted a significant positive influence on Perceived 
Usefulness, thus providing support for H7. Both Perceived Ease of Use and Perceived Usefulness were 
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found to have a significant positive influence on Learning Motivations, thus providing empirical support 
for H8 and H9. Learning Motivations demonstrated the strongest positive impact on Learning 
Satisfaction across all tested hypotheses, thus providing robust support for H10. Perceived Usefulness 
and Perceived Ease of Use were found to significantly mediate the relationships between the Self-
Determination Theory constructs (Autonomy, Relatedness, and Competence) and Learning 
Satisfaction, thus providing empirical support for H11a, H11c, and H12a–H12c. 

Finally, Perceived Usefulness was the only variable that did not demonstrate a mediating role between 
the Competence construct of Self-Determination Theory and Perceived Ease of Use, and therefore H13 
was not supported. 

4 CONCLUSIONS 
Blended learning has become a central approach in higher education, particularly in technology-driven 
societies. By combining face-to-face instruction with digital learning, it enhances flexibility, 
personalisation, and inclusivity, while also fostering students’ motivation, digital literacy, and adaptive 
learning skills. As a result, blended learning plays a pivotal role in supporting academic success and in 
preparing students for the demands of a rapidly evolving professional landscape. 

This study aims to identify the key factors influencing university students’ motivation and satisfaction in 
blended learning environments by interconnecting psychological, technological, and pedagogical 
dimensions. The findings indicate that the psychological needs of autonomy, relatedness, and competence 
(concepts drawn from Self-Determination Theory (SDT)), exert significant positive effects on technology 
acceptance, particularly with regard to perceived usefulness (PU) and perceived ease of use. 

Blended learning plays a pivotal role in higher education by combining digital flexibility with face-to-face 
engagement, thereby enhancing students’ motivation and satisfaction. To support this process, 
universities and academic staff can implement strategies such as interactive digital activities, collaborative 
learning, and timely feedback, ensuring that technology is effectively aligned with pedagogical goals. 

To ensure that blended learning becomes an attractive and motivating experience for students, and 
enhances their academic satisfaction, a coordinated set of strategies is required at different institutional 
levels. Universities can invest in accessible and user-friendly digital platforms, provide training for both 
staff and students, and ensure that technological infrastructures are reliable and inclusive. Academic 
staff can adopt active and collaborative pedagogical approaches, integrating interactive content, real-
world applications, and continuous formative feedback to sustain engagement. Student associations 
may contribute by promoting peer-support initiatives, mentoring schemes, and community-building 
activities that foster relatedness and belonging. In parallel, university psychological support services can 
play a key role in helping students manage stress, strengthen self-regulation skills, and develop adaptive 
coping strategies, thereby complementing the academic dimension of blended learning. Together, these 
actions create a holistic ecosystem that supports students’ motivation and satisfaction in hybrid learning 
environments. 
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