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Abstract 
The use of artificial intelligence (AI) in higher education continues to increase, but there are still limited 
studies examining the role of student personality in utilizing this technology for self-development. This 
study aims to examine the influence of personality dimensions on the use of AI and its impact on self-
development in learning. The method used is a quantitative approach with the Partial Least Squares-
Structural Equation Modeling (PLS-SEM) analysis technique. A total of 131 students who actively use AI 
in the academic process became respondents in this study. The results of the analysis show that 
personality has a significant effect on self-development (β = 0.267; p < 0.05) and on the theory of 
planned behavior (β = 0.385; p < 0.05). The use of AI also has a significant effect on learning 
effectiveness (β = 0.639; p < 0.05), and is an important mediator in the self-development process (β = 
0.328; p < 0.05). This model shows strong predictive power with R² values of 0.792 for self-development 
and 0.738 for Theory of Planned Behavior. The main contribution of this study is to provide a conceptual 
and practical basis for the development of technology-based learning designs that are responsive to 
students' personalities in the era of digital education. 
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The development of artificial intelligence (AI) technology has brought about major changes 
in higher education, especially in the way students learn, access information, and develop their 
potential (Ding et al., 2025). AI is the ability of machines to imitate human cognitive functions 
such as learning, reasoning, and problem solving. Tools such as ChatGPT, Bard, and Claude are 
now widely used by students as learning assistants, writers, or even as self-reflection 
tools.(Crompton & Burke, 2023; Lounsbury et al., 2008) 

In this context, it is important to understand how personality traits relatively stable 
psychological characteristics that shape a person's thinking and behavior play a role in influencing 
attitudes toward AI and how students use this technology in their self-development process 
(Harteis et al., 2020). One of the common approaches used in measuring personality is the Big 
Five Personality Traits or OCEAN, which includes five main dimensions: Openness to Experience 
openness to new experiences, Conscientiousness thoroughness and discipline, Extraversion 
tendency to be sociable, Agreeableness cooperative and empathetic nature, and Neuroticism 
emotional stability. (Kovbasiuk et al., 2024; Razafiarivony & Odhiambo, 2025) 
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The use of AI technology by students is no longer just a technical tool, but has become part 
of a complex and personal learning process. Therefore, it is necessary to examine how students' 
personality characteristics affect the way they adapt, regulate themselves, improve cognitive 
abilities, and build academic efficacy through the help of AI (Acosta-Enriquez et al., 2024; Mauti 
& Ayieko, 2024). Although there have been several studies that highlight the relationship 
between personality and technology adoption, most are still general and have not specifically 
examined how the five personality dimensions affect the use of AI in the context of student self-
development. Moreover, in Indonesia, research on the relationship between personality, AI, and 
student self-development is still very limited. This indicates an important gap that needs to be 
filled through more focused empirical studies (Lan & Zhou, 2025; Vieriu & Petrea, 2025a). 

This study has a unique contribution because it not only examines the relationship between 
personality and AI use, but also links it directly to the process of student self-development. In 
addition, this study will also explore the ethical dimensions of AI use, especially how personality 
differences can affect perceptions and moral responsibilities in using technology wisely. With this 
approach, the study is expected to provide conceptual and practical contributions to the 
development of more adaptive, inclusive, and character-centered learning strategies for 
students. 
 

 

Research Design 

This study uses a quantitative approach to examine the influence of personality traits of AI-using 
students on self-development in learning. The data analysis method used is Partial Least Squares–
Structural Equation Modeling (PLS-SEM) because it is able to handle complex latent variable 
relationships, including mediation effects, and is suitable for small to medium sample sizes. 
Purposive sampling technique was used to select respondents, namely students who actively use 
AI technology in academic activities (Harwisaputra et al., 2024; Purnomo et al., 2024a; Rasid et 
al., 2024). The number of respondents in this study was 131 students, in accordance with the 
minimum sample requirements in PLS-SEM (Hair et al., 2021). Construct validity testing was 
carried out through confirmatory factor analysis, while instrument reliability was tested using 
Cronbach's Alpha and Composite Reliability (CR). All testing and analysis were carried out using 
SmartPLS software. 

Research Sample and Procedure 

This study involved 131 students as participants, selected based on their active use of 
artificial intelligence (AI) in the learning process. The sampling technique applied was purposive 
sampling, which means respondents were chosen based on specific criteria aligned with the goals 
of the research. In this case, participants were students who had experience using AI for academic 
purposes and demonstrated a clear commitment to self-development. Purposive sampling was 
chosen to ensure that the data collected came from individuals who truly understood the context 
of AI usage and its relevance to personal growth. This approach allowed the researcher to gather 
more focused and meaningful data. 

Although the sample was not selected randomly, the total of 131 respondents is considered 
adequate for quantitative research, particularly when using Partial Least Squares-Structural 
Equation Modeling (PLS-SEM). This method is known for its flexibility in analyzing complex models 
and does not require normally distributed data. It is also well-suited for studies with medium to 
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small sample sizes. In the structural model of this study, there are three major paths leading to 
the dependent variable, self-development. (Hair et al., 2021) According to general guidelines for 
PLS-SEM, the minimum sample size should be ten times the number of such paths, which means 
at least 30 participants. Therefore, with 131 students, the sample size is sufficient to ensure valid 
analysis and support broader generalization of the findings. 

This study involved 131 students as participants, who were selected based on Students 
Who Use Artificial Intelligence (AI) Actively in the Learning Process in Lectures in Completing 
Assignments. The sampling technique applied was random sampling, which means that 
respondents were selected based on certain criteria that were in line with the objectives of the 
study. In this case, participants were students who had experience using AI for academic purposes 
and showed a clear commitment to self-development. Random sampling was chosen to ensure 
that the data collected came from individuals who truly understood the context of AI use and its 
relevance to personal growth.  

This approach allows researchers to collect more focused and meaningful data. Although 
the sample was not selected randomly, a total of 131 respondents was considered sufficient for 
quantitative research, especially when using Partial Least Squares-Structural Equation Modeling 
(PLS-SEM). This method is known for its flexibility in analyzing complex models and does not 
require normally distributed data. This method is also suitable for research with medium to small 
sample sizes. In the structural model of this study, there are three main paths leading to the 
dependent variable, self-development. (Hair et al., 2021) According to general guidelines for PLS-
SEM, the minimum sample size should be ten times the number of paths, which means at least 
30 participants. Therefore, with 131 students, the sample size is sufficient to ensure valid analysis 
and support broader generalization of the findings. 

Data Collection Techniques 

Data collection in this study was carried out using a closed-ended questionnaire based on 
a Likert scale. The instrument was designed to measure four main variables: personality trait (X1), 
use of AI (X2), self-development (Y), and the Theory of Planned Behavior (Z). Each variable was 
assessed through a series of statements rated on a 5-point Likert scale, where respondents 
indicated their level of agreement, ranging from strongly disagree (1) to strongly agree (5). 

The use of the Likert scale enabled the researcher to quantitatively capture participants' 
attitudes, perceptions, and behavioral tendencies toward each variable. The questionnaire items 
were carefully developed based on specific indicators of each construct to ensure the validity and 
reliability of the data collected. 

 Table 1. The Construct of the Research Variables 
No Variable Indicators Construct References 
1 

X1: Personality Traits 
 

Technology openness. C1 

(Bewersdorff et al., 2025; Wang & 
Li, 2024; Weng et al., 2024) 

2 Usage responsibility. C2 
3 Emotion management. C3 
4 Learning initiative. C4 
5 Information evaluation. C5 
6 Technology adaptation. C6 
7 Exploration comfort. C7 
8 Utilization consistency. C8 
9 Stress control. C9 

10 Sharing interaction. C10 
11 

X2:AI Utilization 
 

Concept understanding. B1 
(Ji et al., 2025; Parsakia, 2023; 

Sardi et al., 2025) 
12 Material summarization. B2 
13 Academic references. B3 
14 Comprehension checking. B4 
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No Variable Indicators Construct References 
15 Learning strategies. B5 
16 Analytical skills. B6 
17 Information organization. B7 
18 Task completion. B8 
19 Information searching. B9 
20 Routine usage. B10 
21 

Y: Planned Behavior Theory 
 

Understanding belief. A1 

(Ma’amor et al., 2024; Nazaretsky 
et al., 2025; Stein et al., 2024) 

22 Academic support. A2 

23 Environmental 
encouragement. A3 

24 Learning effectiveness. A4 
25 Optimal skills. A5 
26 Learning control. A6 
27 Self-confidence. A7 
28 Usage motivation. A8 
29 Self-development. A9 
30 Social engagement. A10 
31 
32 

Z: Self-Development 
 

Decision confidence. E1 

(Katona & Gyonyoru, 2025; 
Rogers, 2004; Sasikala & 

Ravichandran, 2024; Vieriu & 
Petrea, 2025b) 

Critical skills. E2 
33 Independent learning. E3 
34 Adaptability ability. E4 
35 Time management. E5 
36 Learning goals. E6 
37 Improvement motivation. E7 
38 Learning discipline. E8 
39 Effective strategies. E9 
40 Skill enhancement. E10 

 

Research Hypothesis 

H-DIR1: Personality Trait Has a Positive Influence on Self-Development. 
H-DIR2: Personality Trait Has a Positive Influence on the Theory of Planned Behavior. 
H-DIR3: AI Utilization Has a Positive Impact on Self-Development. 
H-DIR4: AI Utilization has a positive effect on the Theory of Planned Behavior. 
H-DIR5: Self-Development has a positive influence on the Theory of Planned Behavior. 
H1: Personality Trait Mediates the Effect of Self-Development on the Theory of Planned Behavior. 
H2: AI Utilization mediates the influence of Self-Development on the Theory of Planned Behavior. 
 

 
 

PLS-SEM Analysis: Outer Model 

Evaluation of the measurement model is crucial to ensure that indicators used to measure 
constructs or latent variables align with research objectives and maintain high quality. Construct 
validity verification is the primary purpose of measurement model evaluation (Purnomo et al., 
2024b). By analyzing the relationships between indicators and constructs, researchers can 
confirm that measurements accurately reflect the desired construct aspects. Through analysis of 
factor loadings, reliability, and discriminant validity, researchers can determine which indicators 
should be included in the analysis and which should be removed (Azhari & Effendi, 202). 

Convergent validity in PLS-SEM demonstrates how effectively the indicators or 
manifestation variables used to measure a construct correspond to the actual construct. Higher 
convergent validity indicates better quality of construct measurement. Researchers can test 
consistency among indicators used to measure the same construct using convergent validity 
measures. Convergent validity helps ensure that interpretations of PLS-SEM analysis results truly 
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reflect the intended construct. This is essential for ensuring research accuracy and findings. Table 
1 below presents the results of convergent validity, reliability, and AVE testing from the PLS 
algorithm output. 

Evaluation of Measurement Models 

Based on the results of the validity and reliability analysis, it can be concluded that each 
construct in this study meets the required validity criteria. In terms of convergent validity, all 
indicators have a factor loading value above 0.70, indicating that each indicator strongly 
contributes to the construct being measured. Furthermore, the Average Variance Extracted (AVE) 
values for all variables exceed 0.50, meaning that more than 50% of the variance from the 
indicators can be explained by the corresponding construct. This confirms that the constructs 
used in this study meet the requirements for convergent validity. 

 
 

Figure 1. Evaluation of the Measurement Model 

From the reliability perspective, the Cronbach’s Alpha (CA) and rho_A values for each 
construct are above 0.70, demonstrating that the research instrument has good internal 
consistency. Additionally, the Composite Reliability (CR) values, which also exceed 0.70 for each 
construct, confirm that all variables have a high level of reliability and can be consistently used 
to measure the intended concepts. Specifically, the Personality Trait (X1) construct has an AVE of 
0.659 with a high level of reliability (CA = 0.942, CR = 0.951), indicating that the indicators 
effectively represent students' personality traits. The Use of AI (X2) construct also demonstrates 
high validity and reliability, with an AVE of 0.667 and a CR of 0.952, confirming that its indicators 
consistently measure AI usage in learning. The Self-Development (Y) construct has the highest 
AVE value of 0.739, reinforcing that its indicators are highly representative of students' self-
development. Additionally, the Theory of Planned Behavior (Z) construct also exhibits strong 
validity and reliability, with an AVE of 0.696 and a CR of 0.958, confirming that this construct is 
well-measured in the study.  
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Table 2. Outer Model: Convergent Validity and Reliability 

No Variable Indicator 
Conver Validity Consistency Reliability 

FL 
(λ>0.70) AVE (>0.50) CA (α>0.70) rho_A (φ>0.70) CR (δ>0.70) 

1 

X1: Personality Trait 
 

C1 0.820 

0.659 0.942 0.946 0.951 

2 C2 0.857 
3 C3 0.818 
4 C4 0.813 
5 C5 0.877 
6 C6 0.792 
7 C7 0.796 
8 C8 0.815 
9 C9 0.795 

10 C10 0.724 
11 

X2: AI Utilization 
 

B1 0.839 

0.667 0.944 0.948 0.952 

12 B2 0.802 
13 B3 0.807 
14 B4 0.877 
15 B5 0.800 
16 B6 0.861 
17 B7 0.763 
18 B8 0.738 
19 B9 0.846 
19 B10 0.822 
20 

Y: Self-Development 
 

A1 0.882 

0.739 0.961 0.962 0.966 

21 A2 0.860 
22 A3 0.886 
23 A4 0.874 
24 A5 0.859 
25 A6 0.819 
26 A7 0.922 
27 A8 0.823 
28 A9 0.875 
19 A10 0.792 
20 

Z: Theory of Planned Behavior 
 

E1 0.841 

0.696 0.951 0.952 0.958 

21 E2 0.837 
22 E3 0.749 
23 E4 0.836 
24 E5 0.803 
25 E6 0.815 
26 E7 0.873 
27 E8 0.883 
28 E9 0.856 
29 E10 0.841 

Based on these results, it can be concluded that all indicators used in this research are valid 
and reliable. With strong convergent validity and high reliability, this research model can be 
considered to have a high-quality measurement framework. This ensures that the obtained 
analytical results can be trusted in assessing the influence of personality traits and AI usage on 
students' self-development through the Theory of Planned Behavior. 

Table 3. Discriminant Validity: The Fornell Larcker and HTMT 
Variable X1 X2 Y Z 

X1 
    

0.812**    

X2 
0.803*    

0.759** 0.817**   

Y 
0.782* 0.872*   

0.751** 0.841** 0.860**  
Z 0.846* 0.814* 0.886*  
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0.813** 0.778** 0.849** 0.834** 
NB: Fornell Larcker** And HTMT* 

The discriminant validity test using the Fornell-Larcker criterion compares the square root 
of each construct’s AVE with the correlations between constructs. The results show that most 
AVE square roots—X1 (0.812), X2 (0.817), Y (0.860), and Z (0.834)—are higher than their 
respective inter-construct correlations. Two exceptions were noted: the correlation between X2 
and Y (0.842), and between Y and Z (0.849), which slightly exceed their corresponding AVE values. 
Nevertheless, the overall findings indicate that the model still meets the requirements for 
discriminant validity. 

Discriminant validity was also evaluated using the HTMT (Heterotrait-Monotrait Ratio) 
approach, which determines how distinct each construct is from the others in the model. A value 
below 0.90 generally indicates acceptable discriminant validity. The results show HTMT values of 
0.803 between X1 and X2, 0.782 between X1 and Y, 0.846 between X1 and Z, 0.872 between X2 
and Y, 0.814 between X2 and Z, and 0.886 between Y and Z. Since all values are below the 0.90 
threshold, it can be concluded that the constructs are conceptually distinct and do not 
significantly overlap. Therefore, the model fulfills the discriminant validity criteria based on the 
HTMT method. 

PLS-SEM Analysis: Evaluation of Structural Model (Inner Model) 
Path Analysis and Hypothesis Testing 

 
Figure 2. Evaluation of Structural Model 

Path analysis and hypothesis testing, including direct and indirect effects (mediation), are 
essential components for understanding the mechanisms of relationships between variables. 
This testing allows researchers to identify the extent to which independent variables directly 
influence dependent variables, and whether there are mediator variables that strengthen or 
explain some of the influence. In the context of this study, the mediating role of self-experience 
in the relationship between principal leadership and self-development with teacher competence 
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provides deeper insight into the factors that influence teacher competence. Understanding the 
dynamics of these relationships is invaluable for developing more targeted and effective 
strategies for improving educator quality. 

The analysis results indicate that only Y and Z have reported R² values. Variable Y shows an 
R² of 0.792, while variable Z has a value of 0.738. Both are classified as having a moderate level 
of influence. Although these values are relatively high, in social research they are still considered 
moderate due to the possibility of other influencing factors that are not captured within the 
current model. An R² value of 0.792 for variable Y suggests that approximately 79.2% of the 
changes in the dependent variable can be explained by this variable. Likewise, an R² of 0.738 for 
Z indicates that around 73.8% of the variation is influenced by Z. These values reflect a strong 
contribution, but given the complexity of social phenomena, the “moderate” label is applied to 
provide a balanced and realistic interpretation of the model’s explanatory power. 

Tabel 4. Measurement of Structural Model: R2, ƒ2, Q2 

Variable 
R2 ƒ2 Construct Cross-Validated (Q2) 

Value Decision Value Decision 
Redundancy Communality Predictive 
SSE Q2 SSE Q2 Power 

X1   0.114 Small 1310.000  562.299 0.571 
Strong 

X2   0.662 Large 1310.000  539.422 0.588 Strong 
Y 0.792 Moderate   614.104 0.531 436.302 0.667 Strong 
Z 0.738 Moderate   611.225 0.533 493.632 0.623 Strong 

X1   0.276 Medium      
X2   0.003 Very Small      
Y   0.334 Medium      

 

The analysis results indicate that X1 has an ƒ² value of 0.114, categorized as small, meaning 
its influence on Y is relatively limited. In contrast, X2 has an ƒ² value of 0.662, which is considered 
large, showing that X2 makes a strong contribution in explaining Y. For the variable Z, X1 scores 
0.276, placing it in the medium category, which means it plays a meaningful role in influencing Z. 
Meanwhile, X2 only scores 0.003, falling into the very small category, indicating its effect on Z is 
practically negligible. Y, with a value of 0.334, is also in the medium range, suggesting it has a 
significant role in explaining variations in Z. 

Based on the Q² calculation results, all variables in the model fall into the strong category, 
indicating that the model has excellent predictive capability. The variable X1 has a Q² value of 
0.571, reflecting a reliable level of predictive accuracy for X1. The Q² value for X2 is 0.588, also 
within the strong range, showing that the model is highly capable of explaining X2. Additionally, 
Y shows the highest Q² value at 0.667, indicating that the model performs very well in predicting 
Y. Finally, Z has a Q² value of 0.623, which also falls into the strong category, confirming the 
model’s ability to explain Z accurately. In summary, the Q² values across all four constructs 
demonstrate that the model possesses a consistently strong and dependable level of predictive 
power. 

Tabel 5. Results of Path Coefficients: Direct Effects 

Hypothesis Path Analysis 
β-

Values 
(+/-) 

Sample 
Mean SDV 

T-
Statistics 
(>1,96) 

P-Values 
(<0,05) Decision 

H-DIR1 X1→Y 0.267 0.268 0.088 3.028 0.003 Accepted 
H-DIR2 X1→Z 0.385 0.386 0.089 4.305 0.000 Accepted 
H-DIR3 X2 → Y 0.639 0.642 0.078 8.230 0.000 Accepted 
H-DIR4 X2 →Z 0.056 0.063 0.083 0.677 0.499 Rejected 
H-DIR5 Y→ Z 0.513 0.507 0.083 6.189 0.000 Accepted 
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The direct effect analysis shows that variable X1 has a positive and significant influence on 
variable Y. This is reflected in the path coefficient of 0.267, a t-value of 3.028, and a p-value of 0.003, 
which is below the 0.05 significance level. This means that higher X1 values are associated with 
increased AI usage in learning (Y). Furthermore, X1 also has a significant effect on Z, with a 
coefficient of 0.385, t-value of 4.305, and p-value of 0.000, indicating that X1 contributes to 
enhancing students' self-development. 

In addition, X2 shows a significant positive effect on Y, as indicated by a high coefficient of 
0.639, t-value of 8.230, and p-value of 0.000. This suggests that X2 positively drives AI usage. 
However, the relationship between X2 and Z is not significant, with a low coefficient of 0.056, t-
value of 0.677, and p-value of 0.499, indicating that X2 does not directly impact self-development. 
On the other hand, variable Y significantly affects Z, with a coefficient of 0.513, t-value of 6.189, 
and p-value of 0.000. This confirms that AI usage (Y) plays a direct role in supporting self-
development (Z). Overall, both X1 and X2 influence Y, but only X1 and Y have a direct effect on Z. 

Tabel 6. Results of Path Coefficients: Indirect Effects 

Hypothesis Path Analysis 
β-

Values 
(+/-) 

Sample 
Mean SDV 

T-
Statistics 
(>1,96) 

P-Values 
(<0,05) Decision 

HI X1 → Y→Z 0.137 0.134 0.045 3.070 0.002 Accepted 
H2 X2→Y→Z 0.328 0.327 0.074 4.419 0.000 Accepted 

 

Based on the results of indirect effect analysis in Table 7, the path from X1 to Z through Y 
shows a coefficient value of 0.137, with a t-statistic of 3.070 and a p-value of 0.002. Since the t-statistic 
is greater than 1.96 and the p-value is below 0.05, it can be concluded that the indirect path from 
X1 to Z through Y is significant. Therefore, hypothesis H1 is accepted. Furthermore, for the 
indirect path from X2 to Z through Y, the coefficient is 0.328, with a t-statistic of 4.419 and a p-value 
of 0.000. These values indicate that the indirect effect of X2 on Z through Y is also significant. 
Hence, hypothesis H2 is accepted. 

 
 

The results of the study show that personality traits play an important role in influencing 
the use of AI technology and the process of student self-development. The five main dimensions 
in the Big Five openness, conscientiousness, extraversion, agreeableness, and neuroticism 
contribute differently to how students adapt, learn, and face academic challenges. For example, 
students with high levels of openness tend to be more open to exploring new technologies such 
as AI, while conscientiousness plays a role in discipline and consistency in learning (Bleidorn et 
al., 2021a; Buss, 1989). 

The use of AI in the context of learning has been shown to have a positive impact on a more 
personal, adaptive, and efficient learning experience. Students can use AI to obtain fast feedback, 
organize learning materials systematically, and deepen their understanding of complex concepts. 
However, the effectiveness of this use is greatly influenced by the personality characteristics of 
each individual. Therefore, personalization of AI-based learning that considers personality 
profiles is crucial in increasing the effectiveness of student learning and self-development. 

This finding is in line with previous studies that emphasize the importance of the suitability 
between individual character and the technological approach used in education. Compared to 
previous research, this study makes a novel contribution by highlighting how the integration of 
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AI and personality can shape a more targeted self-development path (Bleidorn et al., 2021b; 
Verduyn & Brans, 2012). This underscores the need for flexible, adaptive, and data-driven 
pedagogical strategies to create a more inclusive and transformative learning ecosystem. 
 

 
 

This study shows that student personality has a significant influence on the use of AI 
technology and self-development in learning. Dimensions such as openness and 
conscientiousness encourage the effective use of AI, which in turn improves students' learning 
and adaptability. The research model has strong predictive power, emphasizing the importance 
of integration between individual factors and technology in supporting student development. 
Therefore, AI-based learning designs need to be personalized according to personality profiles to 
maximize learning outcomes and readiness to face future challenges. This study also highlights 
the importance of an ethical and responsible approach to the use of AI in higher education, and 
opens up opportunities for further, more in-depth studies. 
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