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Abstract: This study examined instructors’ acceptance of a learning analytics tool (i.e.,
feedback dashboard) using a person-centered approach grounded in the Technology
Acceptance Model (TAM). Prior TAM research has typically adopted variable-centered
methods that assume homogeneous perceptions, potentially obscuring qualitative
differences among instructors. Latent profile analysis (LPA) was conducted to identify
acceptance profiles among instructors. Four profiles emerged: enthusiastic adopters,
moderate adopters, cautious adopters, and resistant adopters, characterized by
progressively lower perceived usefulness, perceived ease of use, and attitudes toward
use. Intention to use the dashboards also decreased from enthusiastic to resistant
adopters. The findings highlight the value of person-centered approaches in capturing
heterogeneity in instructors’ acceptance of analytics tools.
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1. Introduction

The Technology Acceptance Model (TAM) (Davis et al., 1989) has been widely used to
examine instructors’ adoption of educational technologies, including learning analytics tools.
TAM posits that perceived usefulness and perceived ease of use shape attitudes toward using
a technology and, in turn, intention to use. Although prior research supports TAM’s explanatory
power (e.g., Chan et al., 2024; Lee et al., 2024), most studies rely on variable-centered
approaches such as regression and structural equation modeling (SEM) (e.g., Fathema et al.,
2015; Masrom, 2007) that assume homogeneity in technology acceptance. Instructors may
instead differ in kind rather than merely in degree, forming distinct subgroups with different
configurations of perceived usefulness, perceived ease of use, and attitudes toward use.

To address this limitation, this study employs a person-centered approach—Ilatent
profile analysis (LPA)—to examine technology acceptance. LPA identifies unobserved
subgroups of users who share similar patterns across acceptance-related constructs (Lubke
& Muthén, 2005). This approach captures heterogeneity in technology acceptance and offers
insights for the design and implementation of learning analytics tools.

Focusing on a feedback dashboard, this study aims to identify distinct acceptance
profiles and examine their differences in intention to use. The research questions are:

¢ RQ1: What latent profiles emerge from perceptions of feedback dashboard?
¢ RQ2: How does intention to use feedback dashboard differ across profiles?

2. Method
2.1 Feedback Dashboard

This study examined instructors’ acceptance of Student Evaluation Analytics (SEA)
Dashboard (Lin et al., 2025), a learning analytics dashboard that summarizes and visualizes
teaching evaluation scores and topics and sentiments extracted from students’ open-ended
comments to support instructors’ reflection and pedagogical improvement.



2.2 Participants and Procedure

Instructors at a Singapore university who had used the SEA dashboard were invited via email
to complete a Qualtrics survey. After providing informed consent, 305 instructors participated
(172 male, 132 female, 1 non-binary), with diverse age (20-29 to 70+ years) and teaching
experience (>1 year to <20 years). The sample size is sufficient for latent profile analysis
(Sinha et al., 2021). The survey took about 10—15 minutes.

2.3 Measures

Demographics included age, gender, and teaching experience. Attitudes toward student
feedback were measured using the 11-item ASF scale (Chailis & Lin, 2026) (a = .74-.79).
Technology acceptance was assessed using 14 TAM items adapted from Masrom (2007),
measuring perceived usefulness, perceived ease of use, attitudes toward use, and intention
to use (a = .83-.91). All non-demographic items used a 5-point Likert scale.

2.4 Data Analysis

Latent profile analysis (LPA) was conducted in R (tidyLPA) using perceived usefulness,
perceived ease of use, and attitudes toward using dashboard as indicators. Solutions with one
to four profiles were examined. Solutions with more than four profiles were not considered to
avoid overextraction and very small profiles. Model selection was based on lower AIC and BIC
values, significant BLRT, entropy (= .80), theoretical interpretability, and minimum profile size
(= 5%). Differences in intention to use across profiles were examined using ANOVA in SPSS.

3. Results

3.1 Latent Profile Analysis

The four-profile solution showed the best fit, with acceptable AIC and BIC, high entropy (.95),
and a significant BLRT (see Table 1). The smallest profile included 7% of the sample,
exceeding the minimum threshold of 5%. Thus, the four-profile solution was selected. Profiles
differed in decreasing levels of perceived usefulness, perceived ease of use, and attitudes
toward use (Profile 1 to Profile 4), and were labeled as enthusiastic adopters, moderate
adopters, cautious adopters, and resistant adopters (see Figure 1).

Table 1. Fit indices for solutions with 1 to 4 profiles. The selected solution is shown in bold.

Profiles
1 2 3 4
AIC 2104.66 1762.02 1602.35 1366.41
BIC 2126.98 1799.22 1654.43 1433.37
Entropy 1.00 0.87 0.90 0.95
BLRT (p) - 0.01 0.01 0.01
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Figure 1. Profile composition



3.2 Differences Across Profiles

A one-way ANOVA was conducted to examine the differences in intention to use dashboards
across profiles. Results showed significant differences in intention to use across profiles, F(3,
301) = 138.32, p < .01, n? = 0.58. All pairwise comparisons (Tukey HSD) were significant (ps
< .001). Intention to use followed a clear gradient, with enthusiastic adopters having the
highest intention (M = 4.46, SD = 0.45), followed by moderate adopters (M = 3.62, SD = 0.51),
cautious adopters (M = 2.96, SD = 0.45), and resistant adopters (M = 2.02, SD = 0.56).

4. Discussion

This study extends learning analytics research by applying a person-centered approach to
examine instructors’ acceptance of feedback dashboards. Using LPA, four profiles emerged:
enthusiastic adopters, moderate adopters, cautious adopters, and resistant adopters, with
decreasing intention to use the dashboard across profiles. These findings highlight qualitative
differences among users that are often overlooked in variable-centered studies (e.g., Fathema
et al., 2015). Person-centered methods offer value for researchers to uncover heterogeneous
acceptance patterns beyond traditional average-effect models. They also help practitioners to
identify distinct user groups, enabling targeted interventions and professional development.
Some limitations should be noted. Self-report data may introduce bias, and the cross-
sectional, single-institution design limits generalizability and insights into change over time.
Future research could use longitudinal and multi-institutional designs to examine how
acceptance profiles evolve as learning analytics tools and organizational supports mature.

Acknowledgements

This research is supported by MOE Tertiary Education Research Fund (MOE2023-TRF-031).

References

Chailis, M. & Lin, F. (2026, April 8—12). Developing a survey to measure university instructors’ attitudes
foward student feedback [Paper presentation]. American Educational Research Association
(AERA) 2026 Annual Meeting, Los Angeles, CA, United States.

Chan, A, Tse, A., Lam, O., & Chan, C. (2024). Examining teacher acceptance of learning analytics in
a higher educational institute: A structural equation modelling exploration. 12, 125-146.

Davis, F. D., Bagozzi, R. P., & Warshaw, P. R. (1989). User acceptance of computer technology: A
comparison of two theoretical models. Management Science, 35(8), 982—1003.
https://doi.org/10.1287/mnsc.35.8.982

Fathema, N., Shannon, D., & Ross, M. (2015). Expanding the technology acceptance model (TAM) to
examine faculty use of learning management systems (LMSs) in higher education institutions.
MERLOT Journal of Online Learning and Teaching, 11(2), 210-232.

Lee, S.-S., Li, N., & Kim, J. (2024). Conceptual model for Mexican teachers’ adoption of learning
analytics systems: The integration of the information system success model and the technology
acceptance model. Education and Information Technologies, 29(11), 13387-13412.
https://doi.org/10.1007/s10639-023-12371-7

Lin, F., Li, C., Lim, R. W. Y., & Lee, Y. H. (2025). Empower instructors with actionable insights: Mine
and visualize student written feedback for instructors’ reflection. Computers and Education:
Artificial Intelligence, 8, 100389. https://doi.org/10.1016/j.caeai.2025.100389

Lubke, G. H., & Muthén, B. (2005). Investigating population heterogeneity with factor mixture models.
Psychological Methods, 10(1), 21-39. https://doi.org/10.1037/1082-989X.10.1.21

Masrom, M. (2007). Technology acceptance model and e-learning. 72 International Conference on
Education, 1-10.

Sinha, P., Calfee, C. S., & Delucchi, K. L. (2021). Practitioner's guide to latent class analysis:
Methodological considerations and common pitfalls. Critical Care Medicine, 49(1), e63—e79.
https://doi.org/10.1097/CCM.0000000000004710



https://doi.org/10.1287/mnsc.35.8.982
https://doi.org/10.1007/s10639-023-12371-7
https://doi.org/10.1016/j.caeai.2025.100389
https://doi.org/10.1037/1082-989X.10.1.21
https://doi.org/10.1097/CCM.0000000000004710

