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SUNITA HIRSCH / DIETER UCKELMANN / TATYANA PODGAYETSKAYA  

Akzeptanz von Learning Analytics im Hochschulkontext: Eine Erweiterung 

des TAM um motivationale und selbstregulatorische Aspekte 

ZUSAMMENFASSUNG: Im Zuge der digitalen Transformation der Hochschulbildung werden Lear-

ning Analytics (LA) Systeme zunehmend eingesetzt, um selbstreguliertes Lernen zu unterstützen 

und personalisiertes Feedback bereitzustellen. Die vorliegende Studie untersucht zentrale Ein-

flussfaktoren auf die Akzeptanz solcher Systeme, indem das Technology Acceptance Model 

(TAM) um motivationale und selbstregulatorische Konstrukte erweitert wird. Darüber hinaus wer-

den die Präferenzen der Studierenden für verschiedene Formen LA-basierter visueller Feedback-

formate analysiert – mit besonderem Fokus auf Funktionen des sozialen Vergleichs. Die Ergeb-

nisse bestätigen die Bedeutung von Benutzerfreundlichkeit und wahrgenommener Nützlichkeit 

und identifizieren Aufmerksamkeitskontrolle sowie Zeitmanagement als relevante Prädiktoren für 

die Akzeptanz von LA. Entgegen der ursprünglichen Annahme wurde sozial referenziertes Feed-

back als weniger interessant wahrgenommen als individualisierte Formate. Zu den Limitationen 

der Studie zählen das Querschnittsdesign sowie der Erhebungszeitpunkt, der vor der praktischen 

Nutzung des Systems lag. Dennoch liefern die Ergebnisse wichtige Erkenntnisse für eine lernen-

denzentrierte Gestaltung von LA-Systemen und unterstreichen die Notwendigkeit anpassbarer 

Feedbackstrategien, die den individuellen Präferenzen und regulatorischen Fähigkeiten der Ler-

nenden gerecht werden. 

Schlüsselwörter: Learning Analytics, Technology Acceptance Model, Selbstgesteuertes Lernen, 

Hochschulbildung, Bildungstechnologie 

Learning Analytics Acceptance in Higher Education: An Extension of the TAM with 

Motivational and Self-Regulatory Factors 

ABSTRACT: Amid the digital transformation of higher education, Learning Analytics (LA) systems 

are increasingly used to support self-regulated learning and provide personalized feedback. This 

study investigates key factors influencing students’ acceptance of such systems by extending the 

Technology Acceptance Model (TAM) with motivational and self-regulatory constructs. It also 

examines students’ preferences for different types of LA-based visual feedback, with a particular 

focus on social comparison features. The findings confirm the importance of usability and per-

ceived usefulness, and identify attention control and time management as relevant predictors of 

LA acceptance. Contrary to initial assumptions, socially referenced feedback was perceived as less 

interesting than individualized formats. Limitations of the study include the cross-sectional design 

and the timing of data collection, which occurred before students had hands-on experience with 

the system. Nevertheless, the results provide important insights into learner-centered LA design 

and highlight the need for adaptable feedback strategies that align with individual preferences and 

regulatory capacities. 

 

Keywords: Learning Analytics, Technology Acceptance Model, Self-Regulated Learning, Higher 

Education, Educational Technology 
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1 Introduction 

The digital transformation, coupled with societal trends such as individualization and globaliza-

tion, has profoundly reshaped the landscape of higher education. Traditional teaching formats—

centered around in-person lectures and standardized learning materials—are increasingly insuffi-

cient to address the growing heterogeneity of student populations and their diverse learning needs 

(Eckert et al., 2015). In this context, data-informed technologies such as Learning Analytics (LA) 

have gained attention as promising instruments for fostering personalized, self-regulated, and 

adaptive learning (Banihashem et al., 2022). 

LA is defined as the measurement, collection, analysis, and reporting of data about learners 

and their contexts, for the purpose of understanding and optimizing learning and the environments 

in which it occurs (Siemens & Long, 2011; Viberg et al., 2018). LA tools enable students to reflect 

on their own learning processes by providing feedback on learning behaviours, task progress, and 

performance patterns. At the same time, these tools support instructors by identifying at-risk stu-

dents and promoting targeted support strategies. Especially in hybrid or blended learning environ-

ments, LA can increase transparency, enhance motivation, and foster more active engagement with 

learning content (Ifenthaler et al., 2023). The present study is situated within the KNIGHT (Arti-
ficial Intelligence in Education at HFT Stuttgart) project, which investigates how LA and Arti-

ficial Intelligence can be meaningfully and responsibly integrated into teaching and learning pro-

cesses in higher education. As part of this initiative, LA dashboards were used in selected courses 

to provide students with feedback on their individual learning activities—such as engagement with 

videos, tasks, and materials—while simultaneously offering aggregated insights into overall 

course dynamics. This dual perspective enabled learners to reflect on their own progress in relation 

to course goals and, where applicable, in comparison to peer behaviors.  

However, the effectiveness of LA depends not only on its technical capabilities, but also on 

its acceptance and meaningful use by students. Learners must perceive LA systems as beneficial, 

easy to use, and aligned with their learning goals—otherwise, these systems risk being ignored or 

even rejected. Accordingly, a nuanced understanding of learner acceptance is critical to ensure the 

successful integration of LA into educational settings (Roberts et al., 2016). 

TAM provides a well-established framework for examining the adoption of new technologies, 

focusing on key determinants such as perceived usefulness, ease of use, attitude toward technol-

ogy, and behavioural intention to use (Davis, 1989; Venkatesh et al., 2003). Nevertheless, the 

explanatory power of TAM may benefit from the inclusion of additional psychological factors—

particularly in educational settings, where individual motivation and self-regulation play a decisive 

role. This study therefore extends TAM by integrating selected motivational and self-regulatory 

constructs from the Motivated Strategies for Learning Questionnaire (MSLQ; Pintrich et al., 

1991). For reasons of parsimony and contextual relevance, only those dimensions were selected 

that were assumed to play a particularly meaningful role in the use of LA tools. Specifically, the 

following MSLQ dimensions were included: intrinsic goal orientation, extrinsic goal orientation, 

self-regulation, time management, concentration, and self-efficacy. These constructs were exam-

ined as potential predictors of perceived usefulness and ease of use, as they are expected to influ-

ence how effectively learners interpret and act upon feedback provided by LA systems. Another 

significant focus of this study is the role of social dimensions in LA. Drawing on Self-Determina-

tion Theory (SDT; Ryan & Deci, 2017), which emphasizes autonomy, competence, and related-

ness as fundamental psychological needs, this research examines the potential of social compari-

son features to enhance motivation and engagement. Fleur et al. (2023) demonstrated that upward 

social comparisons—where students compare their performance with slightly better-performing 
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peers—can increase extrinsic motivation and improve academic performance (Fleur et al., 2023). 

This suggests that dashboards incorporating well-designed social comparison features may address 

the psychological need for relatedness while promoting self-improvement. 

This study seeks to address the following research questions: First, how applicable is the TAM 

framework for understanding the acceptance of LA tools in higher education? Second, how do 

motivational and self-regulatory factors, as captured by the MSLQ, influence the acceptance of 

and attitudes toward LA tools? Third, to what extent do social comparison features in LA dash-

boards align with students’ preferences and their perceived impact on learning? By addressing 

these questions, this study aims to provide new insights into how LA tools can be designed and 

implemented to meet the diverse needs of students.  

The paper is organized as follows: Chapter 2 provides a theoretical overview. Chapter 3 pre-

sents the research questions and hypotheses. Chapter 4 details the methodology, including study 

design, instruments, and data collection. Chapter 5 reports the results, followed by an in-depth 

discussion in Chapter 6.  

 

 

2. Theoretical Background and Research Status 

LA is a multidisciplinary and inherently complex field, combining expertise from computer sci-

ence, education, psychology, and data science (Hirsch & Uckelmann, 2024). Its primary aim is to 

enhance learning environments and outcomes by leveraging data on learners and their interactions 

with digital systems. However, the implementation of LA requires a nuanced understanding of not 

only technical aspects but also the psychological and motivational dimensions that drive learner 

engagement and acceptance. This chapter addresses these challenges by integrating an established 

acceptance model alongside theoretical frameworks from motivation and self-regulated learning. 

2.1 Technology Acceptance Model (TAM) 

TAM provides a widely validated framework for analyzing the acceptance of technological sys-

tems. Derived from the Theory of Reasoned Action (TRA) (Ajzen & Fishbein, 1980) and the The-

ory of Planned Behavior (TPB) (Ajzen, 1991), TAM posits that perceived usefulness (PU) and 

perceived ease of use (EoU) are central determinants of attitude toward technology (Att), which 

in turn influences behavioral intention (IoU) and actual usage (Davis, 1989; Venkatesh & Davis, 

2000). TAM has been successfully applied in numerous educational contexts (Granić & Marangu-

nić, 2019; Pletz, 2021), including the study of learning technologies such as e-learning platforms, 

educational software, and more recently, LA systems (Mukred et al., 2024). In these settings, TAM 

provides a useful theoretical lens for understanding how learners perceive and engage with digital 

tools intended to support academic success. 

PU refers to the degree to which a person believes that using a particular technology will 

enhance their performance. In educational settings, this may include expectations that a system 

will improve learning outcomes, increase productivity, or facilitate the achievement of academic 

goals. In contrast, EoU refers to the degree to which the system is seen as intuitive, accessible, and 

free of effort. Systems perceived as overly complex or difficult to navigate are less likely to be 

accepted, particularly among users with lower technical affinity (Barz et al., 2024). Attitude to-

ward technology represents the user’s overall affective evaluation of the system, encompassing 

both cognitive judgments and emotional responses. A positive attitude increases the likelihood of 
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behavioral engagement, while negative attitudes often act as a barrier to adoption. Finally, behav-

ioral intention to use the system is considered the most immediate predictor of actual use, reflecting 

the user's motivational readiness to integrate the tool into regular practices (Venkatesh et al., 2003). 

Fig. 1 illustrates the core structure of TAM as applied in educational technology contexts. Its 

parsimonious structure and predictive validity have contributed to its widespread use in educa-

tional research.  

 

Fig. 1: Technology Acceptance Model Based on Davis et al. (1989). PU = Perceived Usefulness, EoU = Ease of Use, 

Att = Attitude, IoU = Intention to Use (Own Illustration). 

While the original TAM focused on rational-cognitive judgments, its explanatory power in educa-

tional contexts has been increasingly expanded by integrating additional constructs that account 

for the complexity of learning environments. Numerous studies have highlighted that learners’ 

acceptance of educational technologies is not solely determined by perceived usefulness and usa-

bility, but also by motivational, affective, and social-cognitive factors. For example, Vanduhe et 

al. (2020) incorporated constructs such as Task-Technology Fit, Social Influence, and Social 

Recognition to better explain the adoption of gamified e-learning environments (Vanduhe et al., 

2020). Lin and Yeh (2019) introduced Perceived Playfulness as a key intrinsic motivator in their 

study of virtual reality applications for spatial learning (Lin & Yeh, 2019). These examples illus-

trate the necessity to broaden the TAM framework in educational research to include both social-

cognitive and motivational-affective factors. 

2.2 Self-Regulated Learning  

Self-Regulated Learning (SRL) is an essential aspect of effective learning, encompassing learners' 

ability to actively direct and control their educational processes. This includes setting goals, or-

ganizing ideas, monitoring performance, and managing time efficiently (Schunk & Ertmer, 2000; 

Zimmerman, 2002). In higher education, these skills are particularly important as students are 

expected to independently navigate complex learning environments and adapt to diverse demands 

in academia and the workplace (Buckingham Shum et al., 2019).  

Zimmerman’s cyclical model of SRL (Zimmerman, 2002, 2008, 2015) is one of the most 

widely referenced frameworks for understanding self-regulated learning processes. This model 

identifies three interconnected phases that guide learners' regulation of their learning activities. 

The forethought phase involves task analysis, goal setting, and strategic planning, all influenced 

by learners’ self-motivational beliefs. The performance phase focuses on the execution of learning 

tasks, where learners employ self-control (e.g., attention focusing, self-instruction) and self-obser-

vation (e.g., metacognitive monitoring). Finally, the self-reflection phase involves evaluating task 

performance, which generates self-reactions that influence subsequent learning cycles.  
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LA tools, particularly visual dashboards, are designed to enhance SRL by providing actionable 

insights into learners’ progress and behaviors. These tools are often aligned with Zimmerman’s 

SRL model to support learners in all three phases. For instance, during the forethought phase, 

dashboards can present personalized learning paths and visualizations of goal progress, helping 

students to establish clear objectives. In the performance phase, real-time feedback mechanisms 

enable learners to monitor their engagement and adapt strategies in response to challenges. Finally, 

during the self-reflection phase, performance analytics allow learners to evaluate their progress, 

understand areas for improvement, and adjust their approaches for future tasks (Panadero, 2017). 

To operationalize and assess these self-regulatory processes in educational research, the Mo-

tivated Strategies for Learning Questionnaire (MSLQ) by Pintrich et al. (1991) has become one of 

the most prominent instruments. It captures a broad range of motivational and learning strategy 

dimensions, including intrinsic and extrinsic goal orientation, task value, control of learning be-

liefs, self-efficacy for learning and performance, test anxiety, rehearsal, elaboration, organization, 

critical thinking, metacognitive self-regulation, time and study environment management, effort 

regulation, peer learning, and help seeking (Pintrich et al., 1991). In this study, the following di-

mensions were included: intrinsic and extrinsic goal orientation, self-efficacy, self-regulation, time 

management, and concentration. These dimensions are closely aligned with the phases of Zimmer-

man’s model of self-regulated learning and reflect essential motivational dispositions and meta-

cognitive strategies that shape how students approach learning tasks, interpret feedback, and reg-

ulate their academic behavior. They are particularly relevant for understanding students’ 

interactions with LA tools, as these systems often require learners to engage in autonomous deci-

sion-making based on performance data. By integrating these constructs into Learning Analytics 

research, it becomes possible to move beyond descriptive usage patterns and toward a more nu-

anced understanding of individual learner differences. This approach highlights the role of per-

sonal dispositions in shaping the perceived usefulness and effectiveness of LA systems and con-

tributes to aligning tool design with principles of learner-centered pedagogical support. 

2.1.2 Social and motivational Theories 

Learning is not an isolated process; it is deeply influenced by observing the behaviors of others 

and their consequences, as outlined in Bandura’s Social Learning Theory (Bandura, 1977), which 

emphasizes the acquisition of competencies through observation and social interaction. In digital 

learning contexts, Learning Analytics dashboards that incorporate social comparison functions op-

erationalize these principles by providing learners with performance-related insights relative to 

their peers. However, while social comparison can enhance motivation through vicarious rein-

forcement, its effects are not universally beneficial. 

Research underscores the potential motivational benefits of dashboards that integrate social 

comparisons. For instance, Davis et al. (2017) developed a personalized feedback system that en-

abled learners to compare their behaviors with those of previously successful peers using interac-

tive visualizations of multiple learning indicators. Their study showed that learners in MOOCs 

exhibited increased engagement and higher completion rates when such a dashboard was em-

ployed (Davis et al., 2017). Nonetheless, the effects of social comparison in dashboard environ-

ments are not uniformly positive. Rank-order visualizations, which display learners’ standings rel-

ative to their peers, may lead to divergent responses. While some students are motivated by 

“healthy peer pressure” (Tan et al., 2016), others may feel discouraged or demoralized—especially 

those with low self-efficacy or limited academic confidence (Cherry & Ellis, 2005; Gašević et al., 
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2015). These ambivalent effects highlight the necessity of tailoring such tools to different motiva-

tional profiles and underscore the role of self-perception and context-sensitive feedback design. 

Complementing social-cognitive perspectives, Self-Determination Theory (Ryan & Deci, 

2000, 2017, 2020) provides a motivational framework centered on the fulfillment of basic psycho-

logical needs as a prerequisite for sustained engagement. SDT posits that intrinsic motivation 

flourishes when autonomy, competence, and relatedness are supported. Autonomy refers to the 

perception of control over one’s learning, where students feel that they can make meaningful 

choices regarding their educational activities. Learning environments that provide personalized 

feedback and adaptive pathways support autonomy by allowing students to tailor their learning 

experience to their individual needs and goals (Ryan & Deci, 2020). Competence pertains to the 

feeling of being capable and effective in one’s learning efforts. LA tools that provide structured 

feedback on performance, skill development, and learning progress can enhance competence by 

helping learners track their improvement and adjust their strategies accordingly (Chiu, 2021). Re-

latedness involves the sense of belonging and meaningful connection with others in the learning 

environment. Features such as social comparison dashboards and collaborative learning platforms 

fulfil this need by fostering a sense of connection, thereby enhancing motivation and engagement 

(Lee & Kim, 2024). 

The integration of SDT into LA research offers insights into how data-driven feedback can be 

designed to support motivation and self-regulation. For instance, LA dashboards that offer person-

alized learning trajectories and recommendations can reinforce students’ sense of autonomy by 

allowing them to make informed decisions about their learning. Similarly, diagnostic and prescrip-

tive feedback that highlights areas of strength and improvement can contribute to learners' com-

petence by providing actionable insights for academic growth. Additionally, social learning fea-

tures, such as peer comparisons and collaborative performance metrics, can influence relatedness 

by creating a sense of shared learning experiences (Ferguson & Clow, 2017). 

Despite these potential benefits, the application of SDT in LA-based feedback systems pre-

sents challenges. While some students may find social comparison features motivating, others may 

perceive them as discouraging, particularly if they struggle with self-efficacy. Similarly, feedback 

that lacks personalization or is overly prescriptive may undermine autonomy by making learners 

feel constrained rather than empowered (Wisniewski et al., 2020). These considerations under-

score the need for a learner-centered approach in designing LA tools that align with motivational 

principles and support diverse learning needs. 

Taken together, Social Learning Theory and SDT provide a robust theoretical basis for exam-

ining how social dynamics and motivational affordances of LA systems influence learner percep-

tions. When data-based feedback supports psychological needs and includes peer comparisons, it 

may increase their willingness to engage with such tools. Conversely, unmet motivational needs 

or unbalanced social comparison may lead to resistance or disengagement. 

 

3. Hypotheses 

Based on the research questions outlined in Chapter 1 and the theoretical foundation presented in 

Section 2, this study explores the applicability of the TAM in understanding students' acceptance 

of LA tools. Previous research has demonstrated the robustness of TAM across various technolog-

ical domains, including educational applications (Granić & Marangunić, 2019; Pletz, 2021). In the 

context of LA, it is essential to examine whether the core constructs of TAM—EoU, PU, Att and 

IoU—retain their predictive power regarding students' intentions to adopt LA tools. Furthermore, 
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this study seeks to expand TAM by integrating motivational and self-regulatory dimensions to 

capture the multifaceted dynamics that influence the acceptance of these tools. 

Acceptance is conceptualized as a multidimensional construct, encompassing both IoU and 

PU. This reflects the assumption that students’ internal dispositions—such as motivational orien-

tation and self-regulatory abilities—substantially contribute to how LA tools are perceived, val-

ued, and incorporated into academic behavior. 

Motivational orientations, particularly intrinsic goal orientation (IGO) and extrinsic goal ori-

entation (EGO), describe students’ underlying reasons for engaging with academic content. IGO 

represents a focus on interest and personal development, while EGO is associated with achieve-

ment driven by external incentives. Both orientations may influence students’ willingness to adopt 

LA tools, albeit through different mechanisms: students high in IGO may use LA tools to enhance 

metacognitive insight and foster mastery, whereas those high in EGO may use them to maximize 

visible performance outcomes. Therefore, the following hypotheses are proposed: 

H1.1: IGO positively predicts students’ IoU of LA tools. 

H1.2: EGO positively predicts students’ IoU of LA tools. 

In addition to motivational dispositions, self-regulatory competencies are central to the meaningful 

use of LA systems. Learners who are capable of monitoring and adjusting their learning behavior 

(SR), managing their time efficiently (TM), maintaining attentional focus (Con), and acting with 

confidence in their abilities (SE) are more likely to benefit from the affordances of LA tools. These 

tools often provide structured feedback and progress visualizations that presuppose a certain de-

gree of self-regulatory engagement. Thus, students who exhibit these competencies may perceive 

LA tools as more useful and relevant to their learning. Accordingly, the following hypotheses are 

formulated: 

H2.1: SR positively predicts PU of LA tools. 

H2.2: TM positively predicts PU of LA tools. 

H2.3: Con positively predicts PU of LA tools. 

H2.4: SE positively predicts PU of LA tools. 

Finally, this study examines how students evaluate social comparison features integrated into LA 

dashboards. These features enable learners to situate their performance relative to peers, poten-

tially stimulating motivation through feedback and orientation. When implemented appropriately, 

such features can support reflection, encourage persistence, and foster a sense of transparency in 

the learning process. To assess the perceived added value of these features, we propose: 

H3: LA tools that include social comparison features are perceived as more engaging and sup-

portive of learning than tools without such features. 



Learning Analytics Acceptance in Higher Education  55 

 

 JOURNAL OF TECHNICAL EDUCATION BAND 13, 2025, HEFT 2 

4. Methods 

This chapter outlines the methodological framework of the study, including the research design, 

LA infrastructure, sample characteristics, data collection procedures, and instruments used to 

investigate the research questions and test the proposed hypotheses. 

4.1 Research Context 

This study was conducted as part of the KNIGHT project at the HFT Stuttgart, which aims to 

integrate LA tools into various courses. The primary objective was to explore students’ attitudes 

and acceptance toward LA tools, as well as the influence of motivational and self-regulatory fac-

tors on their engagement with and preferences for these systems. A quantitative, cross-sectional 

design was employed to capture data at the beginning of the Winter Semester 2024/2025, provid-

ing an initial evaluation of students' perceptions before engaging with the LA tools during the 

courses. 

To support this initiative, a Learning Analytics infrastructure based on the Moodle plugin 

Excalibur (Judel et al., 2024) was implemented. The system enables detailed behavioral tracking 

via xAPI and delivers feedback through integrated dashboards. However, at the time of the survey, 

students had not yet interacted with the system; they were only informed about its planned features 

and goals. All processes adhered to current data protection standards. 

4.2 Sample and Data Collection 

The study involved a total of 140 bachelor’s students enrolled in the courses Mathematics 1, Math-

ematics 2, and IT in Enterprise Networks. These courses were selected due to their active integra-

tion of LA tools into the curriculum. All three courses were delivered in a hybrid format. Prior to 

data analysis, one participant was excluded due to an excessive number of missing responses, 

resulting in a final sample of 139 students. Demographic information such as age, gender, and 

specific course enrollment was not collected, as these variables were not pertinent to the study’s 

central research focus on motivational, cognitive, and behavioral predictors of LA acceptance. 

This decision was made deliberately to minimize participant burden and ensure a concise, con-

struct-focused questionnaire, in line with established guidelines for survey-based research (Tou-

rangeau et al., 2000). 

Data collection took place at the beginning of the semester during the first session of each 

course. Participants completed an online questionnaire implemented via Unipark. To ensure in-

formed participation, students first viewed a short explanatory video that introduced the LA infra-

structure, described its intended educational benefits, and outlined relevant data privacy provi-

sions. The video is available for viewing at the following link: https://vimeo.com/1099266111. 

The video also emphasized that participation was voluntary, anonymous, and that responses would 

be used exclusively for scientific purposes. Students were informed of their right to withdraw at 

any time without consequences.  

file:///C:/Users/hirsch/Desktop/HFT/JOTED_Paper/https


56 SUNITA HIRSCH / DIETER UCKELMANN / TATYANA PODGAYETSKAYA 

 

 JOURNAL OF TECHNICAL EDUCATION BAND 13, 2025, HEFT 2 

4.3 Instruments 

4.3.1 Technology Acceptance Model Constructs 

To assess students' acceptance of LA systems, constructs from the TAM were adapted, including 

perceived usefulness, perceived ease of use, attitude toward technology, and behavioral intention. 

Each construct was measured using a 5-point Likert scale, with items derived from established 

TAM studies (Davis, 1989; Pletz, 2021; Venkatesh & Davis, 2000). The questionnaire was 

administered in German. Example items include: "I believe that using Learning Analytics will 

improve my academic performance" (PU), "I believe that using the Learning Analytics 

infrastructure will be easy" (EoU), "I have a positive attitude toward using Learning Analytics" 

(Att), and "I intend to use Learning Analytics in the future" (IoU). 

4.3.2 Motivational and Self-Regulatory Factors 

Motivational and self-regulatory factors were measured using subscales from MSLQ. The 

dimensions assessed included: Intrinsic Goal Orientation, Extrinsic Goal Orientation, Self-

Regulation, Time Management, Self-Efficacy and Concentration. Each dimension was measured 

using multiple items rated on a 5-point Likert scale, with higher scores indicating stronger 

alignment with the respective dimension. 

4.3.3 Learning Analytics Feedback Preferences 

To explore students’ preferences regarding specific types of feedback provided by LA tools, the 

questionnaire included a set of 13 items, each rated on a 5-point Likert scale (1 = Not interesting, 

5 = Very interesting). The feedback options reflected a diverse set of LA outputs commonly dis-

cussed in educational research and practice. For example, the item “How interesting do you find a 

visualization of your learning time compared to your peers over the last few weeks?” assessed 

interest in socially referenced feedback. In total, five items included a social reference, while eight 

items addressed individual feedback without peer comparison. Tab. 1 provides an overview of all 

feedback types used in the questionnaire, categorized by whether or not a social reference was 

included. 

Tab. 1: Items Used to Assess Interest in Different Learning Analytics Features, Including their Social Reference and 

Feedback Type 

Learning Analytics 
Social Refer-

ence 

Visualization of learning time compared to peers over the last few weeks Yes 

Overview of completed tasks and tests compared to course objectives No 

Diagram showing progress in different course topics No 

Visualization of correct answers compared to the average of all students Yes 

Display of course activity (e.g., number of logins, completed tasks) compared to peers Yes 

Visualization of participation in discussions and forums compared to others Yes 

Predicted success based on past activity and performance No 
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4.4 Data Analysis 

All statistical analyses were performed using R version 4.3.1 (R Core Team, 2023). Before con-

ducting the main analyses, the dataset was screened for accuracy and data quality. One participant 

was excluded at the outset due to an extensive pattern of missing responses. To identify outliers, 

both univariate and multivariate procedures were applied. Univariate outliers were detected using 

standardized z-scores (|z| > 3.29). Although several such cases were identified, they were retained, 

as their values were plausible in the context of student responses and did not unduly influence the 

distribution. Multivariate outliers were examined using Mahalanobis distance, with a critical 

threshold set at p < .001 based on the χ² distribution. One multivariate outlier exceeded this thresh-

old and was excluded from further analysis to enhance the robustness of the multivariate modeling. 

Missing data were assessed using Little’s MCAR test, which yielded a non-significant result (p = 

.236), suggesting that the data were missing completely at random (MCAR).  

To evaluate the psychometric quality of the measurement instruments, descriptive statistics 

(mean, standard deviation), item difficulties, and corrected item-total correlations (discrimination 

power) were calculated for each item. Internal consistency was assessed using Cronbach’s alpha 

(α). Reliability values were interpreted following the common benchmarks (George & Mallery, 

2018): α ≥ .80 = good, .70–.79 = acceptable, .60–.69 = questionable, and < .60 = poor. Discrimi-

nation power values above .30 were considered acceptable (Moosbrugger & Kelava, 2008). 

To test the hypothesized relationships among the TAM constructs and the motivational and 

self-regulatory predictors, Path Model Analysis (PMA) was performed using the lavaan package 

(Rosseel, 2012). PMA was based on variables that met the assumption of multivariate normality; 

hence, the maximum likelihood estimator (ML) was applied. Model fit was evaluated using stand-

ard indices: chi-square (χ²), degrees of freedom (df), Comparative Fit Index (CFI), Tucker–Lewis 

Index (TLI), Root Mean Square Error of Approximation (RMSEA), and Standardized Root Mean 

Square Residual (SRMR). The structural path diagram of the final SEM model was created in 

Microsoft Visio, based on the standardized coefficients derived from the model estimation. 

For the analysis of interest in different types of LA feedback, descriptive statistics were com-

puted for each of the 13 items. Interest ratings were grouped based on whether the feedback con-

tained social comparison features or not. Normality of the aggregated scores for both groups was 

tested using the Shapiro–Wilk test. Due to significant deviations from normality in both groups (p 

< .001), a Wilcoxon signed-rank test for paired samples was applied to compare interest levels 

between feedback types with and without social comparison. 

Dashboard with recommendations for improving learning behavior No 

Overview of learning activities throughout the semester in a learning calendar No 

Visualization of how current performance aligns with personal learning goals No 

Graphic showing how many resources (videos, texts, tasks) have been used compared to peers Yes 

Display of self-tests and exercises with suggestions for improvement based on results No 

Analysis of learning interruptions with suggestions to minimize them No 
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5. Results 

5.1 Reliability Analysis 

The reliability values (Cronbach’s alpha) for the scales ranged from .51 to .85. The highest relia-

bility was observed for SE (α = .85),  IoU (α = .84) and PU (α = .83), indicating strong internal 

consistency for these measures. EoU and Attitude showed acceptable reliability values (α = .73 

and α = .76, respectively), supporting their consistency. Conversely, IGO and SR demonstrated 

the lowest reliability (α = .51 and α = .57), highlighting potential limitations in the consistency of 

these scales. EGO (α = .71) and TM (α = .67) showed moderate reliability, while Concentration 

had a slightly lower value (α = .62). These results suggest that some scales, particularly IGO and 

SR, may require refinement in future studies.  

Tab. 2: Psychometric Properties of the Scales Used.  

Scale 
Number of 

Items  
M SD 

Discrimination 

Power 
Reliability 

PU 4 3.82 0.60 .64 - .78 .83 

EoU 4 3.59 0.58 .48 - .73 .73 

Att 4 3.76 0.61 .56 - .81 .76 

IoU 3 3.60 0.73 .72 - .82 .84 

IGO 3 3.98 0.51 .40- .57 .51 

EGO 4 3.75 0.77 .47 - .71 .71 

SR 4 3.37 0.59 .32 - .60 .57 

TM 4 3.31 0.69 .49- .77 .67 

SE 4 3.41 0.74 .64 - .81 .85 

Con 4 3.40 0.70 .40 - .63 .62 

Notes: PU = Perceived Usefulness, EoU = Perceived Ease of Use, Att = Attitude, IoU = Intention of Use, IGO = 

Intrinsic Goal Orientation, EGO = Extrinsic Goal Orientation, SR = Self-Regulation, TM = Time Management, SE = 

Self-Efficacy, Con = Concentracion. All scales were measured on a 5-point Likert scale ranging from 1 (strongly 

disagree) to 5 (strongly agree). 

5.1 Descriptive Results 

The descriptive statistics for the scales used in the study are presented in Tab. 2. Overall, the results 

indicate that participants perceived LA as highly useful (PU: M = 3.82, SD = 0.60) and user-

friendly (EoU: M = 3.59, SD = 0.58). Participants also reported a high intention to use LA (IoU: 

M = 3.60, SD = 0.73) and expressed a positive attitude toward LA (Att: M = 3.76, SD = 0.61). 

In terms of motivational orientations, IGO had the highest mean among all scales (M = 3.88, 

SD = 0.51). This indicates that participants were highly motivated by intrinsic factors, such as 

personal interest or enjoyment in learning. EGO was also relatively high (M = 3.75, SD = 0.77), 

showing that external rewards or outcomes influenced participants’ motivation as well. 
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Scales related to learning strategies displayed lower mean values. For example, SR had a mean of 

3.37 (SD = 0.59) and TM had a mean of M = 3.31, (SD = 0.50). SE showed a moderately high 

mean (M = 3.41, SD = 0.74), Con had a mean of 3.40 (SD = 0.70). 

5.2 Path Model Analysis and Hypotheses Testing 

To examine the hypothesized relationships, a path model was estimated using the lavaan package 

in R, employing maximum likelihood estimation (ML). The model incorporated the core con-

structs of the Technology Acceptance Model (PU, EoU, Att, IoU) and was extended with selected 

motivational (EGO) and self-regulatory (SR, TM, Con, SE) predictors. The evaluation followed 

established criteria for model fit (CFI and TLI ≥ .95, RMSEA ≤ .06, SRMR ≤ .08), and statistical 

significance was determined at p < .05 (Hu & Bentler, 1999). The model demonstrated excellent 

fit to the data, χ²(11) = 8.00, p = .713, CFI = 1.000, TLI = 1.024, RMSEA < .001, SRMR = .023. 

The amount of explained variance was substantial for IoU (54%) and Att (62%), while more mod-

est for PU (19%). A visual representation of the structural model, including all standardized coef-

ficients, is provided in Fig. 2. 

As anticipated, the central relationships posited by the TAM were fully supported. PU exhib-

ited a strong and significant effect on IoU (β = .477, p < .001), and Att also significantly predicted 

IoU (β = .482, p < .001). EoU was positively associated with both PU (β = .369, p < .001) and Att 

(β = .252, p < .001), confirming the mediating role of usability perceptions in shaping students' 

acceptance intentions. These findings align with prior empirical research and reinforce the robust-

ness of the TAM framework in the context of Learning Analytics. 

The hypothesized effects of motivational factors could only be partially addressed. H1.1, 

which posited a positive effect of IGO on IoU, could not be empirically tested, as IGO was ex-

cluded from the model due to insufficient reliability and low item discrimination. H1.2, proposing 

that EGO would positively influence IoU, was not supported; the corresponding path was non-

significant (β = .068, p = .224), indicating that extrinsic goal orientation did not meaningfully 

contribute to students' behavioral intentions toward LA tools within the tested model. 

Partial support was found for the proposed role of self-regulatory competencies. Con demon-

strated a significant positive effect on PU (β = .203, p < .05), as did TM (β = .153, p < .05), thereby 

supporting hypotheses H2.2 and H2.3. In contrast, the effects of SR (β = .022, p = .797) and SE (β 

= –.084, p = .182) on PU were not statistically significant, leading to the rejection of H2.1 and 

H2.4. These results suggest that attentional control and effective time allocation are more critical 

for the perception of usefulness in LA tools than broader metacognitive strategies or confidence 

in academic abilities under the present conditions. 

Fig. 2 displays all statistically significant paths within the model along with their standardized 

coefficients. 
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Fig. 2: Path model of Learning Analytics acceptance, including significant paths. Con = Concentracion, TM = Time 

Management,  PU = Perceived Usefulness, EoU = Ease of Use, Att = Attitude, IoU = Intention to Use. Own illustration 

and computation. Significance levels: * p < .05, ** p < .01, *** p < .001. 

5.3 Social Comparison Features in Learning Analytics Tools 

To examine whether LA tools incorporating social comparison features were perceived as more 

engaging and impactful on learning compared to those without social comparison features, the 

interest ratings of students for the two groups of items were analyzed. The descriptive analysis was 

first conducted using boxplots (Fig. 3).  

Fig. 3: Distribution of interest ratings for different Learning Analytics feedback types. Items incorporating social 

comparison features are highlighted in green, while items without social comparison features are marked in yellow.  
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The figure shows the distribution of interest ratings for each of the 13 LA feedback types included 

in the study. Items incorporating social comparison features are marked in green, while items with-

out social comparison features are marked in yellow. 

The boxplots reveal a noticeable trend: Items without social comparison features generally 

received higher interest ratings compared to items with social comparison features. The median 

interest levels for non-social items consistently appeared higher than those for social items, with 

fewer outliers indicating more consistent perceptions among students. This suggests that feedback 

types emphasizing personal progress and individual performance were perceived as more engaging 

compared to those requiring social reference. 

To test the statistical significance of the observed differences, appropriate analyses were con-

ducted. The Shapiro–Wilk test was used to assess the normality of the summed scores for items 

with and without a social reference. The results indicated a significant deviation from normality 

in both groups (W = 0.980, p < 0.05 for the sum of items without a social reference; W = 0.956, p 

< 0.01 for the sum of items with a social reference), which necessitated the use of a non-parametric 

test for group comparisons. 

Subsequently, a Wilcoxon signed-rank test for paired samples was conducted to examine dif-

ferences in interest ratings between the two item groups. The results revealed a highly significant 

difference (V = 135, p < 0.01, r > 0.5), indicating that items incorporating social comparison fea-

tures were rated significantly lower in interest than those without a social reference. This finding 

directly contrasts with the initial hypothesis (H3), which proposed that LA tools incorporating 

social comparison features would be perceived as more engaging and impactful on learning. 

In conclusion, the results suggest that students prefer LA tools that emphasize individual pro-

gress and self-referenced feedback over those incorporating social comparison features. 

6. Discussion 

The findings of this study contribute to the growing body of research on LA acceptance by inte-

grating motivational and self-regulatory learner characteristics into TAM. As outlined in the in-

troduction, while TAM has consistently demonstrated predictive utility across technological do-

mains, its application in education often remains limited to usability-related aspects. By extending 

TAM with selected constructs from the MSLQ, this study aimed to capture the psychological dy-

namics underlying students’ perceptions of and behavioral intentions toward LA tools. 

Consistent with prior TAM-based research, the analysis confirmed that both PU and Att sig-

nificantly predicted IoU. Furthermore, EoU was positively associated with both PU and Att, rein-

forcing the notion that usability continues to be a key determinant in students’ acceptance of data-

driven learning technologies. These findings underscore the importance of maintaining user-

friendliness as a central design principle in educational analytics systems. 

Beyond these core relationships, the hypothesized effects of motivational goal orientations 

yielded more limited insight. Due to poor reliability and item discrimination, IGO had to be ex-

cluded from the model, preventing empirical testing of H1.1. Although EGO remained in the 

model, it did not significantly predict IoU, leading to the rejection of H1.2. This finding diverges 

from earlier assumptions that extrinsically motivated students would leverage LA tools to optimize 

performance outcomes. It is conceivable that LA systems—particularly when used early in a se-

mester—do not yet present sufficient performance-related incentives to engage extrinsically driven 

learners. Alternatively, the strategic use of such tools may presuppose prior familiarity with data-

based feedback systems or a greater degree of metacognitive sophistication than EGO captures. 
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In contrast, more differentiated effects were observed for self-regulatory competencies. Con and 

TM significantly predicted PU, supporting H2.2 and H2.3. This suggests that students who can 

manage their attention and allocate time effectively are better positioned to interpret the feedback 

offered by LA tools and perceive it as beneficial for their learning. These findings align with the 

idea that LA tools require a certain degree of cognitive engagement to unfold their full potential. 

However, SR and SE were not significant predictors of PU, resulting in the rejection of H2.1 and 

H2.4. One explanation may lie in the nature of the dashboards examined, which primarily focused 

on visualizations of task completion and peer comparison rather than prompting metacognitive 

reflection or encouraging confidence in one’s academic abilities. These results imply that self-

regulatory dimensions such as attentional control and time allocation may be more immediately 

relevant to students’ judgments of utility than broader self-monitoring strategies or general aca-

demic confidence. 

The findings on social comparison features (H3) were particularly noteworthy. Contrary to 

widespread assumptions, peer-related feedback was rated as less interesting than individual visu-

alizations. This challenges the notion, often derived from social learning theory, that social com-

parison necessarily promotes engagement. One possible explanation is that students were unfamil-

iar with interpreting comparative metrics without having interacted with the dashboard. 

Alternatively, the results may reflect a deliberate avoidance of competitive framing, particularly 

among students who prefer self-paced and individualized feedback. This interpretation aligns with 

prior studies that found mixed responses to social comparison, depending on learners’ self-effi-

cacy, academic confidence, and perceived threat of evaluation (Gašević et al., 2015). The observed 

preference for non-social, individual feedback suggests that learner autonomy and control may 

outweigh the motivational benefits of peer benchmarking in certain educational contexts. From a 

design and implementation perspective, these results argue against a one-size-fits-all approach to 

LA dashboards. While some learners may benefit from social benchmarks, others may experience 

increased anxiety or disengagement. Rather than eliminating social features altogether, LA tools 

should enable users to choose, configure, or deactivate peer comparisons based on their prefer-

ences and motivational orientation. This aligns with psychological needs for autonomy and com-

petence (Ryan & Deci, 2020) and may foster a greater sense of ownership and sustained engage-

ment. Configurability should thus not be seen as a superficial personalization layer, but as a 

pedagogically justified strategy to support diverse learner profiles. 

Several practical implications can be derived from these findings. First, the strong influence 

of EoU on both PU and Att reinforces the critical role of intuitive interface design. LA tools should 

minimize complexity, reduce navigational barriers, and ensure that learners can easily interpret the 

feedback provided. Second, the predictive value of Con and TM suggests that effective use of LA 

tools depends on learners' attentional and time-management capacities. Instructors and designers 

might consider embedding scaffolds—such as reflective prompts, goal-setting templates, or pro-

gress-tracking aids—to support students in interpreting data and aligning it with personal learning 

strategies. Finally, the differentiated reception of social comparison features points to the need for 

customizable dashboards that respond to diverse learner preferences and psychological profiles. 

Such flexibility can foster agency and increase sustained engagement by aligning feedback mech-

anisms with individual needs and learning dispositions. 

At the same time, several limitations must be acknowledged. Data collection occurred at the 

beginning of the semester, before students had hands-on experience with the dashboard. As such, 

responses regarding PU and EoU were based on anticipatory perceptions rather than actual inter-

action with the system, which may limit the ecological validity of the results. Additionally, the 

study relied exclusively on self-report data, which are susceptible to bias and may not fully capture 
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behavioral engagement. Some scales, such as TM and SR, showed suboptimal reliability, limiting 

the strength of interpretation for these constructs. The exclusion of IGO due to insufficient psy-

chometric quality also reduced the ability to test a complete model of motivational influence. 

Moreover, the sample was restricted to students in technical programs at a university of applied 

sciences, which may limit generalizability to other academic disciplines or more heterogeneous 

student populations. Finally, the cross-sectional design precludes causal interpretation; future stud-

ies should employ longitudinal or experimental designs to capture changes in perceptions over 

time and their relationship to actual usage behaviors. 

Despite these limitations, the findings offer important insights into the psychological factors 

shaping LA acceptance and provide concrete guidance for the design and implementation of 

learner-centered analytics systems in higher education. They also underscore the value of interdis-

ciplinary frameworks that bridge usability, motivation, and self-regulation in the pursuit of effec-

tive educational technologies. 

7 Conclusion 

This study highlights the importance of integrating motivational and self-regulatory factors into 

established technology acceptance frameworks to better understand students’ engagement with 

LA tools in higher education. By extending TAM with constructs from the MSLQ, we demon-

strated that learners’ internal dispositions significantly contribute to the perceived usefulness and 

behavioral intention to use LA systems. The findings underscore the need for learner-centered 

LA design and call for continued empirical and theoretical refinement to foster meaningful, ethi-

cal, and motivationally sound learning analytics applications. 
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