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ABSTRACT
In the context of digital transformation, instructors’ digital competence has become a crucial factor affecting teaching quality and students’ learning experience. Digital competence is not simply a capability of using technology, but it also includes integrating digital tools to design lessons, evaluate, provide feedback, and support learning effectively. However, feedback practice and personalized learning are still a research gap, especially in university education; both lecturers and students need to adapt to digital technology. The study aims to discover the effect of digital competence on students’ feedback and personalized learning. The quantitative approach with a cross-sectional survey design is mainly applied to this study, including observation, document analysis, and a questionnaire. Data collection is done through the questionnaire, measuring three main variables: instructors’ digital competence, feedback quality, and personalized learning level. Especially, the data analysis is based on the SEM model (SmartPLS4) to test research hypotheses and evaluate the relationship among variables. The expected results show the positive effect of digital competence on feedback effectiveness and personalized learning. Instructors with good capabilities of using technology can integrate digital tools to provide in-time feedback, transparency, and flexibility to meet learning needs. Effective feedback, which can strongly promote autonomous learning by supporting students with self-regulated strategies, is the intermediary element between digital competence and personalized learning. The study significantly contributes to developing professional training programs for instructors, establishing a theoretical foundation of digital competence, creating a flexible learning environment with a student-centered approach, and providing positive feedback to meet students’ learning needs effectively.
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1. INTRODUCTION
The rapid change of digital competence has influenced teaching and learning approaches in university education in Viet Nam, Particularly Hong Bang International University. In this context, instructors’ digital competence is not only about the use of technology but also about the ability to integrate it effectively into teaching activities.  One of the factors directly affected by instructors is feedback, considered the most powerful tool for improving students’ learning outcomes. However, the effectiveness of feedback depends on how it is designed, personalized, and how HIU instructors and students interact. Alongside that, personalized learning is increasingly receiving attention as a modern educational trend, in which content and learning approach need to be adjusted to fit each student. Digital technology plays an important role in personalized support, but this belongs to instructors’ digital competence. Although there have been numerous studies on individual factors, the relationships among instructors’ digital competence, feedback, and personalized learning haven’t been fully explored. Based on the research gap identified, this study was conducted to answer the following questions: (RQ1) How does instructors’ digital competence affect the effectiveness provided to students? (RQ2) How does the instructors’ digital competence affect the implementation of personalized learning in university education? (RQ3) Does the students’ feedback play a mediating role in the relationship between lecturers’ digital competence and personalized learning? 
1.1 Problem Statement
Digital revolution has made a remarkable transformation in higher education. The previous studies have focused on the ability of using information technology since 2000s. However, the development of digital learning environment gradually changes not only using technology but also integrating it into teaching. In 2017, Redecker and Punie’ study marked the significant alteration of digital competence. From 2016 to 2022, digital transformation boomed at high rate, and teaching online became a global issue. This became a decisive factor in teaching quality and learning experience. Hizam et al. (2021) stated the positive effect on the online learning system. In recent years, the studies have confirmed that digital competence have helped instructors access digital resources and innovate teaching approaches (Dang et al., 2024). Besides, student feedback is also considered an important part of online learning. Especially, digital feedback is a useful tool, helping students exchange information in time. Betancur, C. V., & García (2023) certified that digital competence involves evaluation and feedback, one of limited factors of instructors at university currently. Artificial intelligence (AI) is a favorable condition for personalized learning development. The components of digital competence such as, digital resources, assessment, and learning support significantly contribute to student learning experience (Bond et al., 2024).
1.2 Research Objective
The study aims to evaluate the role of digital competence in improving student learning experience through digital resources and the ability to use technology. It is essential to understand how instructors’ digital competence affects online learning. Next, the study aims to analyze the influence of digital competence on student feedback and personalized learning. Finally, the study aims to support universities in Vietnam to develop digital competence programs, contributing to online teaching improvement and student-centered approach.
1.3 Research Scope
The study only focuses on surveying the relationship between instructors’ digital competence and student feedback and personalized learning. The participants are instructors and students at HIU. The content considers three main variables: digital competence independent variable, students feedback and personalized learning (dependent variables), representing educational results affect by instructors’ digital competence. The study does not mention other factors, such as learning motivation, learning outcomes, student satisfaction, and institutional issues. The research method applied quantitative approach through the survey. Data were collected in the definite time, and reflected the participants’ perception at the timepoint of the survey.
2. THEORETICAL FOUNDATION
2.1 The Concept of Instructors’ Digital Competence
In the context of digital transformation in university education, Digital Competence (DC) is a core factor that determines teaching and learning effectiveness. This concept may be defined in various ways depending on the approach. However, most of the authors agree that DC is not only the ability to use technology but also includes cognitive, pedagogical, and social competencies in a digital environment. It is a dimensional concept, including the capability to use technology, digital knowledge, and the ability of technology in various learning contexts (Ilomäki et al., 2016). This shows that DC is integrative, and it can’t be separated into technology skills and pedagogical competence.
In another study, it is the ability to design, implement, and evaluate teaching and learning activities in a digital environment. The DigCompEdu (Digital Competence Framework for Educators) is an international standardized framework for measuring instructors’ digital competence, including competence dimensions: (1) professional engagement; (2) digital resources; (3) teaching and learning; (4) evaluation; (5) empowering learners; and (6) facilitating learners’ digital competence. Especially, it emphasizes the role of instructors in using technology to personalize learning and provide students with effective feedback (Redecker, 2017). This proves that DC is an essential condition for promoting pedagogical innovation in university education. 
Besides, other studies have confirmed that instructors’ DC has a close relationship with the effectiveness of online teaching and student engagement. Instefjord and Munthe (2017) stated that instructors with high digital competence could integrate technology into teaching flexibly and creatively, thereby improving student learning experience. However, DC is not a static characteristic, but it is a process of ongoing development, affected by factors such as teaching experience, professional training, and institutional environment (Tondeur et al., 2017).  
2.2 Student Feedback in Digital Learning
Feedback is one of the most important factors influencing the students’ learning process. Hattie and Timperley (2007) emphasized that feedback could be defined as the information provided to students about their performance to close the gap between the current state and the desired learning goals. Feedback became very flexible in digital classes with technological support. Online learning platforms enabled instructors to provide immediate feedback and personalize each student's experience. This contributed to learning effectiveness and engagement (Nicol & Macfarlane-Dick, 2006). Feedback could be classified into several types: automated, instructor, and peer feedback. Personalized feedback was the strongest influence on students’ learning outcomes. Effective feedback was needed to ensure the characteristics such as timeliness, specificity, guidance-oriented content, and suitability to students’ needs (Shute, 2008). In a digital environment, Artificial Intelligence (AI) could support accurate feedback and fit each student. Besides, Carless and Boud (2018) added that it was not only a one-way transmission of information, but also an interactive process, and students played an active role in receiving and using feedback to improve their learning. It was important in digital classes, where students were required to have high self-regulation. However, providing students with feedback encountered challenges, including instructors’ workload, insufficient digital skills, and limited technology use (Handerson et al.,2019). Therefore, instructors’ DC plays an important role in ensuring feedback quality.
2.3 Personalized Learning
According to Pane et al. (2017), Personalized Learning (PL) is one of the outstanding trends in modern education. It is a content-adjusting method, pace, and learning approach to fit the needs and the capabilities of each student. Also, it is supported by an adaptive learning system, AI, and data analysis. These tools enable instructors to collect and analyze data about students’ learning behaviors, thereby offering content and appropriate learning activities (Holmes et al., 2019). As evidence, Walkington (2013) showed that PL could notably improve students’ learning outcomes, motivation, and engagement. PL content according to students’ preferences could enhance motivation and learning effectiveness. In addition, PL contributed to students’ self-study and self-regulation competence, helping them become more proactive and independent learners (Zimmerman, 2002). This is significant for long-life learning. However, PL implementation faces many challenges, such as high technological requirements, data, and instructors’ technological capabilities (Holmes et al., 2019). Therefore, their digital competence plays a core role in designing and performing PL activities.
2.4 The Relationship among DC, Feedback, and PL
DC is a foundational factor influencing feedback and PL in university education. Once instructors possess high digital competence, they can use digital tools effectively to provide immediate feedback and design appropriate learning activities with each student. Redecker (2017) confirmed that one of the important elements of digital competence was the capability of using technology to support and evaluate feedback. This indicated the direct relationship between DC and feedback quality in digital classes. Additionally, DC enabled instructors to explore learning data to understand students’ needs and characteristics, thereby designing PL activities (Holmes et al., 2019). This contributes to enhancing learning outcomes and students’ satisfaction. Some empirical studies have argued that instructors’ DC positively affects students’ engagement and learning outcomes through improving the quality of feedback and PL (Tondeur et al., 2017). However, this relationship is not always direct, but it can be affected by the mediating factors, such as instructors' attitudes toward technology, institutional support, and infrastructure (Instefjord & Munthe, 2017).
2.5 Research Gaps
Although many studies about DC, feedback, and PL have been explored, some notable gaps still remain. First, most studies focus on students’ DC rather than on instructors’, while the role of instructors is very pivotal (Tondeur et al., 2017). Second, the studies have explored the factors in isolation rather than building an integrated model to analyze the relationship among DC, feedback, and PL. Finally, the studies are still limited in the Vietnamese setting, leading to a lack of appropriate empirical evidence for the local context. Therefore, this study addresses the gaps by building an integrated model to analyze instructors’ DC affecting student feedback and PL in university education.
2.6 Hypotheses
From the above theoretical basis and research gaps, four research hypotheses were proposed, including three direct effects (H1-H3) and a mediating effect (H4).
H1. Instructors’ digital competence has a positive effect on student feedback.
H2. Instructors’ digital competence has a positive effect on personalized learning.
H3. Student feedback has a positive effect on personalized learning.
H4. Student feedback plays a mediating role between digital competence and personalized learning.
3. METHODOLOGY
3.1 Research Design
This study used a quantitative approach to test hypotheses, involving the influence of instructors’ DC on feedback and PL in university education. The quantitative approach was selected to measure the research variables as quantitative data and to test causal relationships between variables using statistical techniques (Creswell & Creswell, 2018). In addition, the explanatory research design was also applied to the study. The data were collected via a questionnaire and analyzed using PLS-SEM. This was quite suitable for the studies whose objectives are to test theoretical models and the relationships between latent variables (Hair et al., 2022).
3.2 Research Model 
On the theoretical foundation of DigCompEdu (Redecker, 2017), feedback (Hattie & Timperley, 2007), and personalized learning (Pane et al., 2017), the study proposed a three-variable research model, including instructors’ DC, student feedback, and PL.
Digital Competence (DC) 
Student Feedback (SF) 
Personalized Learning (PL) 




The proposed research model indicates that instructors’ digital competence serves as a foundation for improving the quality of feedback and supporting personalized learning. For example, instructors with high digital competence can use technology to provide in-time and appropriate feedback to help students to self-regulate the learning process according to individual needs. At the same time, DC has a direct effect on implementing PL activities without feedback. Besides, students’ feedback is also an important mediating mechanism to transform instructors’ DC into PL experience. This is quite appropriate with the previous studies, proving that effective feedback is the core factor for improving learning outcomes and student engagement, and instructors’ DC can foster interactive quality and technical support (Tondeur et al., 2017). 
3.3 Subjects and Sampling Size
The survey participants were students at Hong Bang International University (HIU), enrolling in technology-enhanced courses, including online learning and blended learning. The reasons for selecting this subject were that they directly experienced instructors’ DC, received feedback, and engaged in PL activities. Therefore, this was a source of appropriate data to evaluate perceived variables (Hattie & Timperley, 2007). The sampling selection is convenient to ensure the feasibility of data collection. According to Hair et al. (2022), for the PLS-SEM model, the minimum sample size ranged from 150 to 200 observations, increasing reliability. However, the study collected 246 samples to ensure validation.
3.4 Data Collection Instruments
The data were collected through the questionnaire using a 5-point Likert scale, ranging from levels: 1 = Strongly disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly agree. The scales were based on the previous studies to ensure reliability and validity. Particularly, those were the scale of instructors’ DC (Redecker, 2017), the scale of student feedback inherited from earning feedback (Hattie & Timperley, 2007; Nicol & Macfarlane-Dick, 2006), and the scale of personalized learning (Pane et al., 2017; Holmes et al., 2019). The use of scales was tested in the previous studies; therefore, they increased the reliability and validity of data collection instruments (Hair et al., 2022).
3.5 Procedure for Data Collection and Analysis
The procedure for collecting data was performed in the following steps. First, the questionnaire was designed based on the scales of previous studies. Second, the pilot test was done to test the transparency and understandability of questions. Based on the results of the pilot test, the questionnaire was adjusted before the main survey. The main data was collected through Google Forms in a defined period. Finally, the data were cleansed to eliminate the irrelevant questions before the analysis performance. This ensured the reliability of data collection (Creswell & Creswell, 2018).
Data was analyzed through SmartPLS with PLS-SEM. The analysis process consisted of measurement assessment and structural model assessment. First, the measurement assessment was tested through the coefficient of Cronbach’s Alpha (≥ 0.7), the outer loading (≥ 0.7), Composite Reliability (Rh-c ≥ 0.7), and Average Variance Extracted (AVE ≥ 0.5) to evaluate reliability and convergence. Besides, the discriminant validity was assessed using the Heterotrait–Monotrait ratio (HTMT) index (<0.85) (Hair et al., 2022). Second, the structural model assessment was implemented through the path coefficients and bootstrap to test the statistical significance of hypotheses (Hair et al., 2022).
3.6 RESULT ANALYSIS & DISCUSSION
Measurement model assessment and structural model assessment on SmartPLS aim to test reliability and validity. The analysis results are presented in the tables below. These results determine the appropriateness of the model as a solid foundation to discuss the relationships among variables.
	
	DC
	PL
	SF

	DC1
	0.857
	
	

	DC2
	0.859
	
	

	DC3
	0.847
	
	

	DC4
	0.822
	
	

	DC5
	0.841
	
	

	PL1
	
	0.880
	

	PL2
	
	0.865
	

	PL3
	
	0.904
	

	PL4
	
	0.907
	

	PL5
	
	0.887
	

	SF1
	
	
	0.861

	SF2
	
	
	0.859

	SF3
	
	
	0.881

	SF4
	
	
	0.863

	SF5
	
	
	0.901


Table 1: Outer loadings – Matrix
Table 1 indicates the outer loadings of the indicators for three constructs: Digital Competence (DC), Personalized Learning (PL), and Student Feedback (SF). The results illustrate that all indicator loadings exceed the recommended threshold of 0.70. ranging from 0.822 to 0.907. Particularly, the DC construct ranges from 0.822 to 0.859, the PL construct from 0.865 to 0.907, and the SF construct from 0.859 to 0.901. These loadings demonstrate a strong relationship with respective constructs and adequately represent the latent variables. As a result, the measurement model has achieved satisfactory indicator reliability and convergence validity.
	
	Cronbach's alpha
	Composite reliability (rho_a)
	Composite reliability (rho_c)
	Average variance extracted (AVE)

	DC 
	0.900
	0.903
	0.926
	0.715

	PL 
	0.933
	0.935
	0.949
	0.790

	SF 
	0.922
	0.923
	0.941
	0.762


Table 2: Construct Reliability and Validity - Overview
Table 2 shows the convergent validity of latent variables, including DC, PL, and SF. The value of Cronbach’s alpha was larger than 0.70, fluctuating from 0.900 to 0.933. This reflected the high reliability of scales. Similarly, CR was also over 0.70, reflecting the consistency and stability of scales. Besides, EVA was from 0.715 to 0.790, exceeding 0.50. It was obvious that the observed variables adequately explained the variance of their corresponding latent constructs and satisfied the requirement for convergent validity. This result confirmed that the measurement model reached reliability and validation for the next analysis.
	
	DC
	PL
	SF

	DC
	
	
	

	PL
	0.841
	
	

	SF
	0.837
	0.835
	


Table 3: Discriminant validity -HTMT Matrix
Table 3 shows the discriminant validity of concepts of latent variables, including DC, PL, and SF. The HTMT coefficient between PL and DC was 0.861, SF and DC (0.867), and SF and PL (0.875). 
	

	R-square
	R-square adjusted

	PL
	0.852
	0.851

	SF
	0.783
	0.782


Table 4: R-Square Overview
Table 4 presents the explanation of the model through R-square overview. The R-square value of PL was 0.852, and the R-square adjusted was 0.851, while the R-square of SF was 0.783, and adjusted 0.782. Generally, it meant that the model explained the dependent variables (PL and SF) quite well.
	
	DC
	PL
	SF

	DC
	
	0.213
	3.608

	PL
	
	
	

	SF
	
	0.476
	


Table 5: F-Square Overview
Table 5 demonstrates the effect of independent variables on dependent variables. DC has a positive effect on PL with a coefficient of 0.213, a much larger positive effect on SF with a coefficient of 3.608, showing a very strong influence. Meanwhile, PL also affects SF with a coefficient of 0.476, suggesting a moderate influence.
	
	DC
	PL
	SF

	DC
	
	0.381
	0.885

	PL
	
	
	

	SF
	
	0.569
	


Table 6: Path Coefficients-Matrix
Table 6 illustrates the path coefficients of variables. In the model, the path coefficients were 0.381 (DCPL), 0.885 (DCSF), and 0.569 (PLSF). These coefficients reflected the influencing direction of the relationships in the model.
Analyzing the relationship between variables was to clarify the effect of DC, SF, and PL. The analysis results from the questionnaire are found as follows.

Figure 1 presents instructors’ digital competence with five indicators (DC1-DC5). “agreement” and “strong agreement” occupied the highest rate. This proved that instructors were confident about using technology. Particularly, DC2 (selecting digital sources) was the highest, 92,3%; DC1 (effective use of digital tools in teaching) was 89,8%; and DC5 (instructors’ support through digital platforms) was (83,3%). While the “Neutral” rate fluctuated from 3,3% (DC1), 2,8% (DC2), 17,1% (DC3 - effective digital classroom organization and management), 28,5% (DC4 - using technology to assess learning outcomes), and 48,4% (DC5). This reflected that some instructors hesitated to use technology. The rate of “disagree” and “strongly disagree” was the lowest in most of the variables, such as DC1 (2,8%), DC2 (3,3%), DC3 (6,1%), DC4 (6,5%), and DC5 (5,2%). Overall, the results proved that instructors’ digital competence was highly appreciated in favor of positive agreement, reflecting that instructors were increasingly adapting well to the digital teaching environment and could apply technology in online teaching activities.

Figure 2 indicates student feedback in online classrooms through five observed variables (SF1-SF5). Most of participants had positive assessment of feedback at the highest rate of “agree” and “strongly agree”, namely 89,4% (SF3 – instructive feedback and learning outcome improvement), 87,4% (SF5 – interaction based on received feedback), 86,2% (SF1 – in-time feedback from instructors), 86,2% (SF2 – feedback helping understand weaknesses and strengths), and 76,5% (SF4 – personalized feedback based on need).  In contrast, the rate of “disagree” and “strongly disagree” was very low; SF1 (4,5%), SF2 (4,9%), SF3 (5,7%), SF4 (7,4%), and SF5 (4,1%). Also, the “Neutral” rate was low for variables, ranging from 4,9 to 16,3%. Generally, the results explained that students had positive experience with learning feedback, appreciating the support of the online learning process.

Figure 3 illustrates the Personalized Learning (PL1-PL5) framework. According to the results, “agree” and “strongly agree” outnumbered in comparison with other variables, such as 85,4% (PL3 – appropriate materials on the LMS), 83,4% (PL5 – approaching content), 82,1% (PL1 – content appropriateness with individual needs), 81,7% (PL2 – individual learning pace), and 78,4% (PL4 – learning support appropriate with individual competence). These results showed a positive trend in personalized learning, being well-fit with students’ needs and meeting flexibility and individual support in the learning process. The “Neutral” rate fluctuated from 10,2% to 15,4%, reflecting that fewer participants had a clear decision in doing the survey. The very low rates for “disagree” and “strongly disagree” occurred for most of the variables under 5%. There were fewer negative ideas for PL. In overview, the results demonstrated the role of personalized learning in enhancing the online learning experience.
4. CONCLUSION
In conclusion, there is a positive effect of digital competence on feedback and personalized learning. Instructors’ digital competence consists of selecting digital sources, using digital tools in teaching, providing technical support through digital platforms, organizing and managing effective digital classrooms, and assessing learning outcomes through technology use. Instructors tend to adapt well to the digital teaching environment and apply technology in online teaching activities. The influencing factors are found through the following items. First, HIU instructors’ digital competence positively affects feedback. When instructors have high digital competence, they can provide more rapid and diverse feedback. The forms of feedback include instructive feedback and learning outcome improvement, interaction based on received feedback, in-time feedback from HIU instructors, feedback helping understand weaknesses and strengths, and personalized feedback based on need.  Second, digital competence directly affects personalized learning thanks to technology support in designing content and a learning path for each student, selecting appropriate materials on the LMS, approaching content, ensuring content appropriateness with individual needs, maintaining individual learning pace, and providing learning support appropriate to individual competence. Third, HIU students’ feedback has a powerful effect on personalized learning because the quality of feedback helps them adjust the learning process based on individual needs. Finally, HIU student feedback plays a mediating role in the relationship between digital competence and personalized learning. From the above results, the recommendations of the study are that HIU in particular and universities in general should build digital competence training programs and professional development for instructors.  
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Figure 1: Instructors' Digital Competence 
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Figure 2: Student Feedback
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Figure 3: Personalized Learning
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