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Abstract  

Dependence on generative artificial intelligence (AI) raises questions about students’ ability to maintain 

independence in decision-making. This study aims to examine the relationship between generative AI 

dependence and decision-making independence among active students at Universitas Airlangga. A 

quantitative correlational design was employed with 65 students selected through purposive sampling, 

using a Likert-scale questionnaire and Pearson correlation analysis. The results revealed a very weak, 

positive, and statistically nonsignificant relationship between the two variables (r = 0.103; p = 0.416). 

This finding indicates that generative AI dependence was not significantly associated with decision-

making independence in the study sample. The study contributes to research on AI use in higher 

education by highlighting the importance of distinguishing technological dependence from students’ 

capacity to make independent decisions. 

Keywords: Generative AI dependence; Decision-making independence; Universitas Airlangga 

students; Pearson correlation; Decision-making autonomy. 

Abstrak 

Ketergantungan terhadap artificial intelligence (AI) generatif menimbulkan pertanyaan mengenai 

kemampuan mahasiswa mempertahankan kemandirian dalam pengambilan keputusan. Penelitian ini 

bertujuan menganalisis hubungan antara ketergantungan terhadap AI generatif dan kemandirian 

pengambilan keputusan pada mahasiswa aktif Universitas Airlangga. Penelitian menggunakan 

pendekatan kuantitatif korelasional dengan melibatkan 65 mahasiswa yang dipilih melalui teknik 

purposive sampling, menggunakan kuesioner skala Likert dan analisis korelasi Pearson. Hasil 

menunjukkan hubungan positif yang sangat lemah dan tidak signifikan antara kedua variabel (r = 0.103; 

p = 0.416). Temuan ini menunjukkan bahwa ketergantungan terhadap AI generatif tidak terbukti 

berhubungan secara signifikan dengan kemandirian pengambilan keputusan pada sampel penelitian. 

Penelitian ini berkontribusi pada kajian penggunaan AI di pendidikan tinggi dengan menekankan 

pentingnya membedakan ketergantungan teknologi dari kemampuan mahasiswa mengambil 

keputusan secara mandiri. 

Kata Kunci: Ketergantungan AI generatif; Kemandirian pengambilan keputusan; Mahasiswa 

Universitas Airlangga; korelasi Pearson; Otonomi keputusan. 
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Introduction  

The development of generative artificial intelligence (AI) has transformed how 

university students search for information, formulate ideas, and complete academic 

assignments. Unlike conventional search tools, generative AI can produce answers 

and recommendations through conversational interactions that may influence users’ 

thinking processes. Feuerriegel et al. (2024) explain how generative AI produces new 

content based on patterns learned from data, while Kasneci et al. (2023) discuss its 

potential to support learning through explanations, feedback, and academic 

assistance. Nevertheless, this convenience raises concerns when technological 

assistance begins to replace students’ cognitive effort. Brand et al. (2025) explain that 

addictive behaviors can be understood through interactions among personal, 

cognitive, affective, and environmental factors. Therefore, concerns surrounding 

generative AI use involve not only frequency of use but also the possibility of 

dependence in relation to students’ ability to make decisions independently. 

Dependence on generative AI needs to be distinguished from routine use accompanied 

by critical evaluation. Zhang et al. (2024), in a study involving 300 university students, 

examined the associations of academic self-efficacy, academic stress, and performance 

expectations with problematic AI use. At the synthesis level, An et al. (2026) reviewed 

54 empirical studies and identified psychological factors, skill gaps, environmental 

pressures, and the appeal of technology as factors associated with excessive 

dependence. Their review also identified concerns involving cognitive functioning, 

learning effectiveness, academic integrity, and psychosocial well-being. Meanwhile, 

Stanciu and Calugar (2022) demonstrated the relevance of maladaptive cognitions in 

explaining problematic internet use through the Interaction of Person-Affect-

Cognition-Execution (I-PACE) model. These findings indicate that technological 

dependence is associated with various psychological and behavioral factors, but they 

do not, in themselves, explain how generative AI dependence relates to students’ 

independence in decision-making. 

A more direct empirical basis for examining the relationship between AI dependence 

and decision-making independence is provided by Le (2026). Based on a survey of 300 

university students in Vietnam, the study identified an association between AI 

dependence and reduced decision-making autonomy, learning engagement, and 

concerns about privacy and security. However, these findings derive from the 

Vietnamese higher education context, and their relevance to Indonesian students 

remains to be examined. In an experiment involving 120 university students, Barcaui 

(2025) found that knowledge retention among students who used ChatGPT reached 

57.5%, lower than the 68.5% recorded by the conventional learning group after 45 days. 

These findings concern knowledge retention rather than decision-making 

independence directly. Thus, both studies provide grounds for investigating the 
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consequences of AI use, but they are insufficient to conclude that AI dependence is 

invariably associated with lower decision-making independence. 

Previous studies have shown that human–AI interactions concern not only efficiency 

but also how decisions are formed and evaluated. Rastogi et al. (2022) found that de-

anchoring strategies accompanied by explanations can help reduce anchoring bias and 

improve human–AI collaboration performance when a model provides incorrect 

predictions with low confidence. Through a systematic review of 14 articles, Zhai et al. 

(2024) identified a tendency among users to rely excessively on AI dialogue systems 

to select quick solutions, potentially reducing their engagement in critical and 

analytical thinking. Meanwhile, an experiment by Kern et al. (2022) showed that 

automated recommendations with humans retaining final decision-making authority 

were perceived as fairer than decisions delegated entirely to algorithms. These three 

findings underscore the importance of active human involvement, but they do not 

directly examine the relationship between generative AI dependence and students’ 

decision-making independence. 

In light of this research gap, this study aims to analyze the relationship between 

generative AI dependence and decision-making independence among active students 

at Universitas Airlangga. A quantitative correlational design is employed to identify 

the direction, strength, and statistical significance of the relationship between the two 

variables without drawing causal conclusions. This focus is important because AI can 

support academic activities when students continue to evaluate information, consider 

alternatives, and take responsibility for their choices. Conversely, excessive 

dependence raises questions about the extent to which students retain independent 

judgment when using technological recommendations. This study is expected to 

provide context-specific empirical evidence concerning the relationship between the 

two variables in Indonesian higher education. Its findings may also inform the 

development of AI literacy that emphasizes information verification, critical 

evaluation, and responsibility for decision-making, without assuming that the 

intensity of AI use necessarily reflects dependence. 

Method  

This study employed a quantitative approach with a correlational design to examine 

the relationship between generative artificial intelligence (AI) dependence as the 

independent variable (X) and decision-making independence as the dependent 

variable (Y), without testing for causal relationships (Creswell & Creswell, 2023). The 

study was conducted among active students at Universitas Airlangga, with data 

collected online from September 17 to 25, 2026. The sample consisted of 65 active 

students who had previously used generative AI and had used it at least once during 

the preceding three months. Respondents were selected using a non-probability 

sampling technique, specifically purposive sampling. The questionnaire was 
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distributed via WhatsApp using Google Forms and began with informed consent and 

screening questions. Because respondents were not selected randomly, the findings 

are not intended to probabilistically represent the entire student population of 

Universitas Airlangga. 

The research instrument was a closed-ended questionnaire using a five-point Likert 

scale, ranging from Strongly Disagree (1) to Strongly Agree (5). The instrument 

consisted of 42 items: 15 items measuring generative AI dependence and 27 items 

measuring decision-making independence. Both variables were operationalized 

through the adaptation and development of constructs and indicators from relevant 

sources, taking into account their suitability for the context of university students and 

generative AI use (Cruchinho et al., 2024). The use of the Likert scale follows the 

approach of measuring individual responses to a set of statements representing a 

particular construct (Jebb et al., 2021; Taufique et al., 2026). The dimensions, indicators, 

and number of items for each variable are presented in Table 1. 

Table 1. Operationalization of research variables 

Variable Dimensions and indicators Number of 

indicators 

Number of 

items 

Generative AI 

dependence (X) 

Unidimensional construct: feelings of 

vulnerability without access to AI, concerns 

about relevance and performance, the need to 

maintain an up-to-date image, seeking external 

validation, and fear of personal skills becoming 

obsolete 

5 15 

Decision-making 

independence (Y) 

Decision-making ability; resistance to 

conformity and external influence; 

independence in making decisions 

9 27 

Total 
 

14 42 

Source: Prepared by the authors based on the adaptation and development of instruments from 

Morales-García et al. (2024) and Risyda et al. (2021). 

The data were analyzed using IBM SPSS Statistics, including descriptive statistics, 

validity testing, reliability testing, assumption testing, and hypothesis testing. Item 

validity was assessed using Pearson correlations between individual item scores and 

total scores, with a critical r value of 0.244. Instrument reliability was evaluated using 

Cronbach’s alpha, with an acceptance threshold of 0.60, taking the context of its 

application into account. Both tests were conducted using the main study data from 

65 respondents rather than a separate pilot sample. Normality was assessed using the 

one-sample Kolmogorov–Smirnov test on the unstandardized residuals, while 

linearity was evaluated using the Deviation from Linearity significance value. 

Significance values greater than 0.05 were used as the criteria for meeting both 

assumptions. The hypothesis was tested using the Pearson product–moment 
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correlation with a two-tailed test at a significance level of 0.05 to determine the 

direction, strength, and statistical significance of the relationship between the two 

variables. 

Results and Discussion  

Respondent characteristics: Gender, semester, faculty, and generative AI use 

patterns 

This study involved 65 active students at Universitas Airlangga who met the study 

eligibility criteria: they had previously used generative artificial intelligence (AI) and 

had used it at least once during the preceding three months. Respondent 

characteristics were analyzed by gender, semester, and faculty, while generative AI 

use patterns were examined in terms of frequency of use, platforms used, and 

purposes of use. This information provides an overview of the respondents’ 

demographic profiles and their experiences with generative AI technology. The 

distribution of respondents’ demographic characteristics is presented in Table 2, while 

their generative AI use patterns are presented in Table 3. These tables provide a basis 

for understanding the respondents’ backgrounds before examining the relationship 

between generative AI dependence and decision-making independence. 

Table 2. Respondents’ demographic characteristics 

Characteristic Category Frequency Percentage 

Gender Female 44 67.7% 

Male 21 32.3% 

Total 65 100% 

Semester 1 2 3.1% 

3 16 24.6% 

5 42 64.6% 

7 5 7.7% 

Total 65 100% 

Faculty Faculty of Vocational Studies 35 53.8% 

Faculty of Social and Political Sciences 6 9.2% 

Faculty of Economics and Business 4 6.2% 

Faculty of Psychology 3 4.6% 

Faculty of Science and Technology 3 4.6% 

Faculty of Medicine 3 4.6% 

Faculty of Public Health 3 4.6% 

Faculty of Nursing 2 3.1% 



Sakti et al., Generative AI dependence and decision-making 

462 

 

Faculty of Humanities 2 3.1% 

Faculty of Dental Medicine 1 1.5% 

Faculty of Law 1 1.5% 

FIKKIA 1 1.5% 

Faculty of Fisheries and Marine Sciences 1 1.5% 

Total 65 100% 

Source: Primary research data, processed in 2026. 

As shown in Table 2, 44 respondents (67.7%) were female, while 21 (32.3%) were male. 

In terms of semester, the majority were in their fifth semester, comprising 42 students 

(64.6%), followed by 16 students in their third semester (24.6%), five in their seventh 

semester (7.7%), and two in their first semester (3.1%). Regarding faculty affiliation, 

the Faculty of Vocational Studies accounted for the largest proportion, with 35 

respondents (53.8%), while the remaining respondents were distributed across 12 

other faculty or academic-unit categories. This distribution indicates that the sample 

included students from diverse academic backgrounds, although their representation 

was uneven. The predominance of students from the Faculty of Vocational Studies and 

the fifth semester should be considered when interpreting the findings, particularly in 

assessing how representative the sample is of the overall student population at 

Universitas Airlangga. 

Table 3. Generative AI use patterns 

Characteristic Category Frequency Percentage 

Frequency of use Every day 26 40.0% 

5–6 days per week 11 16.9% 

3–4 days per week 20 30.8% 

1–2 days per week 8 12.3% 

Total 65 100% 

Platform used ChatGPT 33 50.8% 

Claude 17 26.2% 

Gemini 14 21.5% 

Microsoft Copilot 1 1.5% 

Total 65 100% 

Purpose of use Assisting with university assignments — 89.2% 

Finding or understanding information — 86.2% 

Brainstorming — 83.1% 
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Assisting with making or considering 

decisions 

— 49.2% 

Source: Primary research data, processed in 2026. 

As shown in Table 3, generative AI use was relatively frequent among the respondents. 

A total of 26 students (40.0%) used it every day, while 37 students (56.9%) used 

generative AI at least five days per week. ChatGPT was the most widely used 

platform, reported by 33 respondents (50.8%), followed by Claude with 17 

respondents (26.2%), Gemini with 14 (21.5%), and Microsoft Copilot with one (1.5%). 

In terms of purpose, generative AI was most commonly used to assist with university 

assignments (89.2%), find or understand information (86.2%), and engage in 

brainstorming (83.1%). In addition, 49.2% of respondents used it to assist with making 

or considering decisions. The percentages for purposes of use do not add up to 100% 

because respondents could select more than one answer. 

Overall, the characteristics presented in Tables 2 and 3 show that the respondents were 

predominantly female and in their fifth semester, with uneven representation across 

faculties. Meanwhile, generative AI had become part of most respondents’ routines, 

particularly for supporting academic activities and information seeking. Nearly half 

of the respondents also reported using AI to help consider decisions. Nevertheless, 

frequency and purpose of use cannot be treated as direct measures of generative AI 

dependence. Routine use does not necessarily indicate a high level of dependence, just 

as using AI to consider decisions does not automatically mean that students have lost 

their independence. Therefore, the relationship between the two variables must still 

be established through an analysis of the research instrument scores. 

Descriptive statistics of the research variables 

Descriptive statistics were used to provide an overview of the scores for generative 

artificial intelligence (AI) dependence and decision-making independence among the 

students who participated in the study. The analysis included the number of 

respondents (N), minimum score, maximum score, mean, and standard deviation. The 

mean indicates the average respondent score for each variable, whereas the standard 

deviation describes the dispersion of scores around the mean. The results of the 

descriptive statistical analysis are presented in Table 4 to summarize the score 

characteristics of both variables systematically before proceeding to the analysis of the 

relationship between them. 

Table 4. Descriptive statistics of the research variables 

Variable N Minimum Maximum Mean Standard 

deviation 

Generative AI dependence (X) 65 18 72 48.03 11.07 
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Decision-making independence 

(Y) 

65 80 135 110.80 13.40 

Source: Primary research data, processed in 2026. 

As shown in Table 4, generative AI dependence had a mean score of 48.03 and a 

standard deviation of 11.07. Respondents’ scores for this variable ranged from 18 to 

72. Meanwhile, decision-making independence had a mean score of 110.80 and a 

standard deviation of 13.40, with scores ranging from 80 to 135. These results indicate 

that the two variables differed in their score ranges and levels of dispersion. However, 

their mean scores cannot be compared directly to determine which variable is higher 

or lower because the instruments contain different numbers of items and have 

different total score ranges. Therefore, the interpretation of descriptive statistics 

should take into account the measurement characteristics of each variable. 

When calculated as the mean score per item, generative AI dependence had an average 

of 3.20, whereas decision-making independence had an average of 4.10 on the five-

point response scale. These values provide an overview of students’ average responses 

to the statements in each instrument. Nevertheless, their interpretation requires 

consideration of the scoring direction and the meaning of each item. Accordingly, 

mean scores per item do not automatically indicate respondents’ levels of dependence 

or independence, particularly in the absence of a clearly established classification 

scheme. These descriptive statistics serve to characterize the research data, while the 

relationship between generative AI dependence and decision-making independence 

is examined through correlation analysis aligned with the study’s objectives. 

Instrument validity and reliability testing 

Validity and reliability tests were conducted to evaluate the quality of the research 

instrument before proceeding with further analyses. The validity test aimed to 

determine the extent to which each statement item measured the variable under 

investigation, whereas the reliability test assessed the instrument’s internal 

consistency in measuring that variable. In this study, item validity was assessed by 

comparing the calculated r value with the critical r value of 0.244. An item was 

considered valid if its calculated r value exceeded the critical value. Meanwhile, 

instrument reliability was assessed using Cronbach’s alpha, with a minimum 

threshold of 0.60. Summaries of the validity and reliability test results for both 

variables are presented in Tables 5 and 6. 

Table 5. Summary of instrument validity test results 

Variable Number of 

items 

Range of calculated r 

values 

Critical r 

value 

Result 

Generative AI dependence 

(X) 

15 0.301–0.650 0.244 All items 

valid 
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Decision-making 

independence (Y) 

27 0.275–0.687 0.244 All items 

valid 

Source: Primary research data, processed in 2026. 

As shown in Table 5, all 15 items measuring generative AI dependence had calculated 

r values ranging from 0.301 to 0.650. Meanwhile, the 27 items measuring decision-

making independence had calculated r values ranging from 0.275 to 0.687. All these 

values exceeded the critical r value of 0.244. Accordingly, based on the criteria applied 

in this study, all 42 statement items met the item-validity criterion and were retained 

in the research instrument. These results indicate that each item correlated with the 

score of the variable it was intended to measure, in accordance with the established 

threshold. Nevertheless, these findings constitute evidence of validity based on item 

correlations and do not, in themselves, establish all aspects of instrument validity. 

The reliability test was subsequently used to assess the internal consistency of the 

statement items for each variable. The analysis employed Cronbach’s alpha, with the 

results presented in Table 6. Higher coefficients indicate stronger internal consistency 

among the items within an instrument. In this study, an instrument was considered 

reliable if its Cronbach’s alpha coefficient exceeded 0.60. The results for both variables 

were therefore compared against this threshold to determine whether the instruments 

demonstrated adequate internal consistency for subsequent analyses. 

Table 6. Instrument reliability test results 

Variable Cronbach’s alpha Number of items Result 

Generative AI dependence (X) 0.912 15 Reliable 

Decision-making independence (Y) 0.942 27 Reliable 

Source: Primary research data, processed in 2026. 

As shown in Table 6, generative AI dependence had a Cronbach’s alpha coefficient of 

0.912, while decision-making independence had a coefficient of 0.942. Both values 

exceeded the minimum threshold of 0.60 adopted in this study. Therefore, both 

instruments met the reliability criterion in terms of internal consistency. Overall, the 

results indicate that all statement items met the item-validity criterion based on item 

correlations, while both variables demonstrated adequate internal consistency. The 

instruments could therefore be used in subsequent analyses, including the 

examination of the relationship between generative AI dependence and decision-

making independence among university students. 

Classical assumption tests: Normality and linearity 

The classical assumption tests in this study comprised normality and linearity tests to 

assess whether the assumptions required for correlation analysis were satisfied. The 

normality test examined whether the unstandardized residuals were normally 

distributed, whereas the linearity test assessed whether the relationship between 
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generative AI dependence (X) and decision-making independence (Y) followed a 

linear pattern. Both tests were conducted using data from 65 respondents. The results 

were used to evaluate whether the data met the assumptions required for the planned 

statistical analysis. A summary of the normality test results is presented in Table 7, 

while the linearity test results are presented in Table 8. 

Table 7. Normality test results 

Test N Test statistic Asymp. Sig. (2-tailed) Interpretation 

Kolmogorov–Smirnov 65 0.079 0.200 Normal 

Source: Primary research data, processed in 2026. 

As shown in Table 7, the one-sample Kolmogorov–Smirnov test yielded a test statistic 

of 0.079 and an asymptotic significance value (two-tailed) of 0.200. This significance 

value exceeded 0.05, indicating insufficient evidence to conclude that the residuals 

deviated from a normal distribution. Accordingly, based on the criterion applied in 

this study, the residual normality assumption was considered satisfied. This result 

supports proceeding with the planned statistical analysis. However, the conclusion 

concerns the distribution of the model residuals and does not imply that each research 

variable must independently be considered normally distributed based on this test. 

The linearity test was then conducted to assess whether the relationship between 

generative AI dependence and decision-making independence could be treated as 

linear. The test examined two components: Linearity and Deviation from Linearity. 

The Linearity component indicates the statistical significance of the linear component 

of the relationship, whereas Deviation from Linearity assesses whether the 

relationship deviates significantly from a linear pattern. In this study, the significance 

values for Linearity and Deviation from Linearity were 0.498 and 0.989, respectively. 

A summary of these results is presented in Table 8 to support the assessment of the 

linearity assumption before conducting the correlation analysis. 

Table 8. Linearity test results 

Component F Sig. 

Linearity 0.472 0.498 

Deviation from Linearity 0.437 0.989 

Source: Primary research data, processed in 2026. 

As shown in Table 8, the Linearity component had an F value of 0.472 and a 

significance value of 0.498, while the Deviation from Linearity component had an F 

value of 0.437 and a significance value of 0.989. The Deviation from Linearity 

significance value exceeded 0.05, indicating that no statistically significant deviation 

from a linear pattern was detected. Therefore, the relationship between generative AI 

dependence (X) and decision-making independence (Y) could be treated as linear for 

the subsequent analysis. Overall, the normality and linearity test results indicated that 
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both assumptions were satisfied according to the criteria applied in this study. 

Accordingly, the correlation analysis could proceed to examine the relationship 

between the two research variables. 

Hypothesis testing: Pearson correlation 

Hypothesis testing was conducted using Pearson product–moment correlation 

analysis to determine the direction, strength, and statistical significance of the 

relationship between generative AI dependence and decision-making independence 

among students at Universitas Airlangga. The analysis involved 65 respondents and 

used a significance level of 0.05. The correlation coefficient (r) was used to indicate the 

direction and strength of the relationship between the two variables, while the 

significance value (p) was used to determine whether the relationship was statistically 

significant. The Pearson correlation test results are presented in Table 9. 

Table 9. Pearson correlation test results 

Relationship between variables Pearson correlation 

(r) 

Sig. (2-

tailed) 

N 

Generative AI dependence (X) × Decision-making 

independence (Y) 

0.103 0.416 65 

Source: Primary research data, processed in 2026. 

As shown in Table 9, the Pearson correlation analysis yielded a correlation coefficient 

of r = 0.103 and a significance value of p = 0.416 (p > 0.05). The correlation coefficient 

indicates a positive but very weak relationship between the two variables. However, 

because the p value exceeded 0.05, the relationship was not statistically significant. 

Therefore, H1 was not supported, while H0 could not be rejected. This means that the 

study did not find sufficient statistical evidence to establish a significant relationship 

between generative AI dependence and decision-making independence among 

students at Universitas Airlangga. 

These findings indicate that, within the study sample, generative AI dependence was 

not demonstrated to have a statistically significant relationship with decision-making 

independence among students at Universitas Airlangga. Although the correlation 

coefficient indicated a positive direction, this value cannot be used to conclude that 

greater dependence on generative AI is associated with greater decision-making 

independence. This is because the relationship was very weak and the test result was 

not statistically significant. Therefore, the findings should be interpreted 

proportionately: they do not provide sufficient statistical evidence of a relationship 

between the two variables in the sample studied, rather than proving that such a 

relationship does not exist in the broader student population. 
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The relationship between generative artificial intelligence dependence and 

decision-making independence among university students 

The use of generative artificial intelligence (AI) in academic life raises questions about 

the extent to which university students can benefit from technology without losing 

control over their thinking and decision-making processes. This question is relevant to 

the findings of a study involving 65 active students at Universitas Airlangga, which 

revealed a very weak positive relationship between generative AI dependence and 

decision-making independence (r = 0.103; p = 0.416; N = 65). The significance value 

indicates that the observed relationship was not statistically significant. Thus, the 

hypothesis concerning a significant negative relationship was not supported by the 

data. These findings should be interpreted cautiously because AI dependence is not 

necessarily synonymous with a loss of independence. Abbas et al. (2024) demonstrated 

that ChatGPT use may be associated with unfavorable academic consequences, 

whereas Saleh et al. (2025) showed that concerns about dependence are not always 

strongly associated with the use of AI for learning or with perceived benefits. These 

differences suggest that the consequences of AI use depend on the behavioral aspects 

being measured. In the present study, the available evidence only indicates that a 

relationship between the two variables could not be statistically established. 

The frequency of AI use in this study indicates that the technology had become part of 

the respondents’ academic routines. A total of 40% of respondents used AI daily, while 

30.8% used it three to four days per week. Nevertheless, the high frequency of use was 

not accompanied by a statistically significant relationship with decision-making 

independence. This finding suggests that frequency of access and the ability to make 

decisions are two distinct aspects. Chan and Hu (2023) found that university students 

perceived generative AI as a technology offering benefits for learning, although its use 

also presented several challenges. Their findings help explain why routine AI use 

cannot automatically be interpreted as surrendering decision-making authority to 

technology. Students may use AI to obtain information or complete assignments more 

efficiently while still evaluating the information before making choices. However, the 

present study did not specifically measure the extent to which respondents verified 

the accuracy of AI outputs or relied on AI recommendations as the basis for their final 

decisions. Therefore, frequent AI use is insufficient to establish a decline in decision-

making independence, just as a nonsignificant correlation does not demonstrate that 

all forms of AI use are risk-free. 

The respondents’ patterns of AI use further clarify this distinction. AI was used to 

assist with university assignments by 89.2% of respondents, to find information by 

86.2%, and to engage in brainstorming by 83.1%, while 49.2% used AI to assist with 

decision-making. These data indicate that AI was used more extensively to support 

various academic activities than exclusively to make choices. This pattern should be 
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considered in relation to how students evaluate technological outputs. Hou et al. 

(2025a) highlighted the importance of critical thinking in understanding students’ 

reliance on AI for problem-solving. AI use may involve verification and deliberation, 

but it may also occur without adequate evaluation. In the context of the present study, 

the overall dependence scores do not establish which of these patterns predominated 

among individual respondents. For example, students who use AI to develop ideas 

may still generate and evaluate their own ideas before making decisions. Conversely, 

using AI to obtain direct answers may reduce engagement in the evaluation process if 

the outputs are accepted without verification. Because these behavioral patterns were 

not measured separately, such differences represent one possible explanation for the 

weak relationship between AI dependence and decision-making independence. 

The possibility that AI can support certain activities without automatically 

undermining independence is also evident when the present findings are compared 

with experimental evidence. A correlation of 0.103 indicates that this study did not 

identify a statistically significant relationship between AI dependence and decision-

making independence. Meanwhile, Urban et al. (2024) found that students who used 

ChatGPT produced creative problem-solving solutions with higher quality, 

elaboration, and originality than those in the control group. This finding demonstrates 

that AI assistance can improve performance on specific tasks, but it does not, by itself, 

explain how independently students make decisions. The quality of a product, the 

ability to evaluate results, and independence in making choices are distinct aspects. 

This distinction is important to avoid equating the benefits of AI for task completion 

with a general improvement in independence. In the present study, the dependence 

and independence scores were not significantly associated; therefore, there is no basis 

for concluding that AI use either increased or decreased the respondents’ decision-

making independence. Instead, the findings draw attention to the need to identify the 

types of tasks students undertake and the thinking processes involved in their use of 

AI. 

In addition to usage patterns, psychological conditions and academic demands may 

be relevant factors in understanding AI dependence. In this study, the mean score for 

AI dependence was 48.03, with a standard deviation of 11.07, while the mean score for 

decision-making independence was 110.80, with a standard deviation of 13.40. These 

figures describe the distribution of respondents’ scores but cannot be used directly to 

classify dependence or independence as low, moderate, or high without an 

appropriate classification scheme. Acosta-Enriquez et al. (2025) found that academic 

stress mediated the relationship between academic self-efficacy and AI dependence, 

with a significant indirect effect (β = 0.398; p < 0.001). This finding suggests that 

dependence may be associated with students’ academic experiences and beliefs about 

their own abilities, rather than merely with the frequency of technology use. 

Nevertheless, the present study did not measure academic stress or self-efficacy. 
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Consequently, these factors cannot be used to directly explain the observed 

correlation. Future research should examine whether task demands, academic 

pressure, and confidence in personal abilities help explain variations in the 

relationship between AI dependence and decision-making independence. 

The nonsignificant relationship identified in this study should also be understood by 

distinguishing general AI dependence from the behavior of following AI 

recommendations in specific situations. Klingbeil et al. (2024) found that participants 

in an experiment could rely excessively on AI advice, including when the advice 

conflicted with the available contextual information. This finding illustrates the risks 

that arise when technological recommendations are accepted without adequate 

evaluation. However, experimental studies of advice-following behavior in specific 

tasks are not equivalent to questionnaire-based measurements of AI dependence and 

decision-making independence. This difference in measurement approaches helps 

explain why dependence-related risks may be observed in experimental settings, 

whereas the present study found no significant relationship between the two variable 

scores. The Interaction of Person-Affect-Cognition-Execution (I-PACE) model 

proposed by Brand et al. (2019) may help interpret the possible roles of personal, 

affective, cognitive, and executive-function factors in technology use. However, the 

present study did not directly examine the components of the I-PACE model. The 

model is therefore used as a conceptual lens, not as evidence that the respondents 

exhibited addictive behavior or a loss of control in decision-making. 

Differences in the constructs measured may also explain why the relationship between 

AI dependence and academic outcomes does not always follow the same pattern. In 

the present study, the correlation between AI dependence and decision-making 

independence was very weak, positive, and nonsignificant (r = 0.103; p = 0.416). By 

contrast, Pujiastuti et al. (2025) found a significant negative relationship between 

dependence on AI chatbots and academic text-reading ability among students in an 

Indonesian language education program (r = −0.370; p = 0.020). This difference need 

not be interpreted as a contradiction because reading ability and decision-making 

independence are distinct constructs. Dependence on instant answers may be 

associated with reduced engagement in reading and comprehending texts in depth, 

but this does not automatically indicate that students have also lost their ability to 

make choices. Differences in sample characteristics, instruments, and AI-use contexts 

also limit direct comparisons. Accordingly, the present findings do not rule out the 

possibility of negative consequences for specific academic abilities. Rather, they 

indicate that the relationship between AI dependence and academic outcomes should 

be examined in relation to the specific abilities being measured instead of being 

generalized as a uniform effect on all aspects of students’ cognition. 
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The sample characteristics constitute another consideration when interpreting the 

findings. A total of 53.8% of respondents were from the Faculty of Vocational Studies, 

and 64.6% were in their fifth semester. This composition indicates that the experiences 

of certain groups were more strongly represented in the data, meaning that the 

findings may not reflect the entire student population of Universitas Airlangga evenly. 

Strzelecki and ElArabawy (2024) found that performance expectancy, effort 

expectancy, and social influence were associated with students’ intentions to use 

ChatGPT, while behavioral intention and facilitating conditions were associated with 

actual use. These findings suggest that AI-use behavior is also related to perceived 

benefits and the environment in which the technology is used. In the present study, 

differences in academic demands across study programs, peer influence, and the 

availability of facilities were not analyzed as separate factors. Therefore, the 

nonsignificant relationship may not capture the full range of students’ experiences 

with AI. The predominance of respondents from the Faculty of Vocational Studies and 

the fifth semester also limits the generalizability of the findings. Future research 

should include students from a broader range of faculties and semesters to determine 

whether the relationship between AI dependence and decision-making independence 

varies according to academic context and respondent characteristics. 

Measurement also influences how the correlation findings should be interpreted. The 

very weak relationship between AI dependence and decision-making independence 

may not fully capture variations in how students interact with the technology. 

Morales-García et al. (2024) developed an AI dependence scale for university students 

with a unidimensional structure supported by exploratory and confirmatory factor 

analyses and demonstrated measurement invariance across gender. Meanwhile, Hou 

et al. (2025b) developed an instrument that distinguishes reflective, cautious, 

unconsidered, and collaborative AI-use behaviors. The scale demonstrated adequate 

internal reliability, with a Cronbach’s alpha of 0.84. These different approaches 

indicate that measuring general AI dependence and assessing specific behaviors 

during problem-solving may produce different insights. In the present study, the 

dependence and independence scores did not provide detailed information about how 

respondents accepted, evaluated, or rejected AI recommendations. Therefore, future 

research could combine questionnaires with decision-making scenarios or 

observations of AI-use processes to examine the relationship between dependence and 

independence more thoroughly. 

Overall, this study found no statistically significant relationship between generative 

AI dependence and decision-making independence among 65 active students at 

Universitas Airlangga. The very weak positive correlation (r = 0.103; p = 0.416) did not 

support the hypothesis of a significant negative relationship, but it also did not 

establish that AI dependence is never associated with decision-making independence. 

Findings from different contexts indicate that the consequences of AI use may vary 
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according to task type, how students evaluate technological outputs, psychological 

conditions, and the constructs being measured. The interpretation of these results 

remains limited by the relatively small sample size, purposive sampling, the 

predominance of respondents from the Faculty of Vocational Studies and the fifth 

semester, and the cross-sectional correlational design, which cannot establish causal 

relationships. Accordingly, the findings are best understood as evidence that the 

relationship between the two variables was not established in this sample. Future 

research should use larger and more diverse samples, measure specific patterns of 

dependence, and examine factors such as critical thinking, academic stress, and trust 

in AI. Such an approach could clarify the conditions under which AI functions as a 

tool for supporting thought and those under which its use may reduce students’ 

engagement in decision-making. 

Conclusion  

The findings indicate that generative artificial intelligence (AI) dependence was not 

statistically significantly associated with decision-making independence among 65 

active students at Universitas Airlangga (r = 0.103; p = 0.416). The very weak positive 

correlation indicates that the data do not support the assumption that greater AI 

dependence is associated with lower decision-making independence. This finding 

suggests that AI dependence and decision-making independence do not necessarily 

move in opposite directions. One possible explanation is that students can use AI to 

seek information, develop ideas, and consider alternatives without fully delegating 

their final decisions to the technology. However, because this study did not examine 

AI-use mechanisms in depth, this explanation remains interpretive. Accordingly, the 

relationship between AI dependence and decision-making independence should be 

understood in terms of the context of use and how students evaluate AI outputs, rather 

than solely on the basis of usage frequency. 

This study contributes to research on generative AI use in higher education by 

demonstrating that AI dependence should not automatically be assumed to be 

associated with lower decision-making independence. In practical terms, the findings 

underscore the importance of promoting AI use accompanied by critical evaluation, 

consideration of alternatives, and responsibility for final decisions. Nevertheless, the 

results should be interpreted in light of several limitations, including the relatively 

small sample size, purposive sampling, the predominance of respondents from the 

Faculty of Vocational Studies and the fifth semester, reliance on self-reported data, and 

the cross-sectional correlational design, which cannot establish causal relationships. 

Future research should involve larger and more diverse samples, measure specific 

patterns of dependence, and examine factors such as critical thinking skills, academic 

stress, self-efficacy, and trust in AI. Longitudinal or experimental approaches could 
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also be used to clarify how patterns of AI use are associated with the development of 

students’ decision-making independence over time. 
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