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Abstract 

This study investigated how college students’ use of ChatGPT has evolved from a tool for simply 
getting answers to one that supports motivation and learning engagement. Using a novel survey 
instrument based on Self-Determination Theory, we measured six types of motivation, three intrinsic, 
two extrinsic, and amotivation, across two cohorts of students (2023 and 2025). Results revealed 
statistically significant increases in both intrinsic and extrinsic motivation over time. While early use 
of ChatGPT focused on convenience and task completion, students increasingly reported using it to 
overcome mental blocks, build momentum, and stay engaged with their academic work. Follow-up 
analyses of repeat participants and comparisons by class standing suggest these trends reflect 
broader shifts in student engagement, not just cohort or experience differences. Cluster analysis 
revealed distinct motivational profiles, highlighting variation in how students incorporate ChatGPT 
into their academic routines. These findings suggest that as generative artificial intelligence becomes 
more familiar, accessible, and sophisticated, students are integrating it more deeply into their 
learning processes, not just for answers, but for sustained motivation and support. 

Keywords: ChatGPT; student motivation; self-determination theory; academic engagement; 
generative AI 
 

1. Introduction 

Since OpenAI's release of ChatGPT in November 2022, the landscape of higher education has 
undergone rapid and unprecedented transformation. Large language models (LLMs), like ChatGPT, 
offer students real-time access to coherent, context-sensitive, linguistically sophisticated, and 
logically well-structured responses across a broad range of academic domains. By early 2023, 
ChatGPT had already become a common, if unofficial, companion in many students' learning 
routines, used to generate ideas, summarize readings, structure essays, translate concepts, and 
support software development. 

This widespread adoption was highlighted at the 2025 AI Ascent Conference, where OpenAI 
CEO Sam Altman described a "generational divide on AI tools," likening the moment to the release 
of the first iPhone. He observed that many young adults now use ChatGPT not just for academics, 
but as an "operating system, life advisor, and organizational tool" [1]. These trends reflect emerging 
research showing that students are forming increasingly personalized relationships with AI, using it 
not just to complete tasks, but also for motivation, emotional support, and strategic life planning [2–
5]. 

Despite this rapid shift, liĴle is known about how such tools influence students’ academic 
motivation over time. To address this gap, the present study investigates whether and how students 
engage with ChatGPT not only for task completion, but also as a potential source of academic 
motivation. 
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1.1. ChatGPT’s Impact on Student Motivation and Autonomy 

A growing body of research is examining how generative AI influences student motivation. 
Several studies position motivation as a key outcome, grounded in well-established psychological 
models. Almulla [6] found that ChatGPT use enhanced motivation, particularly in collaborative 
learning environments. Drawing on Self-Determination Theory (SDT), Chiu [7] and Ng et al. [8] 
showed that AI-supported activities can help satisfy students’ needs for autonomy, competence, and 
relatedness. Hmoud et al. [9] similarly reported increased enjoyment, engagement, and perceived 
relevance. 

Other studies highlight ChatGPT’s practical benefits: Budu and Oteng [10], Ilić and Ivanovic 
[11], and Qi et al. [12] found that students appreciated its ability to simplify difficult concepts, increase 
efficiency, and support independent learning. These findings align with current U.S. Department of 
Education guidance, which emphasizes AI’s potential to promote personalized, adaptive, and 
socially engaging learning environments, especially for self-directed and at-risk learners [13]. 

However, concerns remain. Fan et al. [14] and Ye et al. [15] caution that ChatGPT may reduce 
cognitive effort and promote “metacognitive laziness.” Deng et al. [16] found that although students 
reported higher engagement, ChatGPT use did not improve academic confidence. Zogheib and 
Zogheib [17] noted that external factors like peer influence often outweighed intrinsic motivation. 
Broader reviews link AI-supported learning to increased convenience, but also to shifting 
expectations around effort and responsibility [18,19]. Additional concerns include misinformation, 
academic dishonesty, and weakened critical thinking [20–22]. Scholars such as Abramson [23] and 
Hasanein and Sobaih [24] argue that these risks can be mitigated through structured integration and 
guided reflection. 

1.2. Theoretical Framework: Self-Determination Theory 

Self-determination theory, developed by Ryan and Deci [25], is a widely respected framework 
for understanding the quality of human motivation. It identifies three core psychological needs 
(autonomy, competence, and relatedness) as essential for well-being and sustained engagement. 
When these needs are met, individuals tend to perform beĴer and experience greater satisfaction; 
when they are not, motivation often declines [25–27]. A 2021 meta-analysis of 144 studies involving 
over 79,000 students affirms SDT’s importance in educational contexts [27]. 

SDT frames motivation as a continuum from amotivation to extrinsic and intrinsic motivation. 
Intrinsic motivation involves doing something for its own sake. Amotivation reflects disengagement 
or a sense of futility. Extrinsic motivation includes external regulation (e.g., doing something for 
grades), introjected regulation (guilt or pride), identified regulation (recognizing personal value), and 
integrated regulation (alignment with one’s identity) [25]. As motivation becomes more internalized, 
it becomes more autonomous. Studies show that autonomy-supportive teaching [27] and 
competence-building feedback [26] help facilitate this shift. 

Satisfying these psychological needs has been shown to improve academic success in both in-
person and online learning environments [27,28]. For example, students given meaningful choices 
and supportive feedback are more likely to develop confidence and sustained interest. Wang et al. 
[28] found that need satisfaction in both delivery modes enhances motivation, reinforcing the 
importance of strong instructor-student relationships. 

1.3. Generative AI Through the Lens of SDT 

As generative AI tools like ChatGPT become more deeply embedded in academic life, their 
influence on student motivation can be examined through the lens of SDT. ChatGPT can support 
intrinsic motivation by helping students master complex tasks (e.g., writing or coding) [29,30], fueling 
curiosity by clarifying concepts [31], and making learning more emotionally engaging through 
creative prompts [32]. It can also support extrinsic motivation, for example, by helping students stay 
on track with deadlines (external regulation), or by linking schoolwork to personal goals such as 
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career preparation (identified regulation) [9,25,33,34]. For students experiencing amotivation, 
ChatGPT may help reduce overwhelm by breaking tasks into manageable steps, though over-reliance 
risks undermining competence and long-term engagement [25,33]. 

This study examines how ChatGPT influences student motivation by analyzing its relationship 
to six SDT-based motivational types, offering insights into both its educational benefits and 
limitations. 

2. Materials and Methods 

2.1. Participants 

A total of 113 undergraduate students enrolled in computing and mathematics programs 
participated in the study across two academic terms yielding 141 survey submiĴals: Fall 2023 (n = 68) 
and Spring 2025 (n = 73). Participation was voluntary and offered as extra credit in a departmental 
seminar course required of all majors each semester. Limited demographic data was collected, and 
there were no exclusion criteria. 

2.2. Measures 

Participants completed an 18-item motivation survey designed to assess their experiences using 
ChatGPT for academic purposes. Each item was rated on a 4-point Likert scale ranging from 1 
(Strongly Disagree) to 4 (Strongly Agree). The items were organized into six subscales, each reflecting 
a distinct type of motivation grounded in SDT and contextualized for ChatGPT use: 

• Accomplishment: Intrinsic Motivation Toward Accomplishment (e.g., Q2: “ChatGPT 
provides valuable tips to help me maintain my motivation when working toward long-term goals.”); 

• Desire to Know: Intrinsic Motivation Based on the Desire to Know (e.g.,Q6: “I turn to 
ChatGPT for advice on specific learning methods that enhance the joy of acquiring knowledge.”); 

• Stimulation: Intrinsic Motivation Based on the Desire to Experience Stimulation (e.g., Q8: 
“With ChatGPT's input, I incorporate activities and approaches that infuse excitement into the 
learning process.”); 

• Rewards: Extrinsic Motivation Through Rewards and Constraints (e.g., Q10: “ChatGPT 
suggests creative ways to reward myself when I achieve specific milestones or goals.”); 

• Value: Extrinsic Motivation Based on Personal Value (e.g., Q15: “With ChatGPT's 
insights, I reframe tasks to make them more personally significant.”); 

• Amotivation (e.g., Q17: “ChatGPT provides guidance on overcoming a persistent lack of 
motivation and regaining a sense of purpose.”). 

Each subscale consisted of three items, with scores calculated as the mean of their respective 
responses. Items were adapted from the Academic Motivation Scale (AMS-C 28) by Vallerand et al. 
[35] to specifically reference ChatGPT use in academic seĴings. Wording was modified to reflect 
interactions with the tool (e.g., seeking guidance, generating ideas) while preserving the original 
intent of each motivational construct. The adaptation process focused on aligning item content with 
SDT’s motivational types and with contexts in which ChatGPT might influence students’ academic 
behavior, such as seĴing goals, exploring new topics, or connecting tasks to personal values. 

Internal consistency was assessed using Cronbach’s alpha. Reliability coefficients were 
acceptable to excellent for most subscales: Accomplishment (α = .77), Stimulation (α = .86), Value (α 
= .90), and Amotivation (α = .86). The Desire to Know subscale demonstrated marginal reliability (α 
= .66). The Rewards subscale showed relatively lower internal consistency (α = .58), although 
reliability improved substantially when one item (Q12) was removed (α = .75), suggesting a potential 
mismatch between this item and the others in the subscale. However, we opted to retain Q12 in the 
analysis to preserve content coverage and consistency with the original construct definition (see 
Limitations). 
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2.3. Procedure 

The survey was administered online and took fewer than 10 minutes to complete, minimizing 
participant burden. Although usernames were used to identify repeated responses across semesters, 
participant identities were not traced. All data were de-identified prior to analysis. 

2.4. Data Analysis 

Descriptive statistics were computed for each motivation category by year. Independent-
samples t-tests were used to examine differences in motivation scores between 2023 and 2025, and 
Cohen’s d was calculated to estimate effect sizes. To account for repeated participation among the 28 
students who completed the survey in both years, linear mixed-effects models were estimated for 
each motivation category, with Year as a fixed effect and respondent (username) as a random 
intercept. We also conducted exploratory comparisons between 2025 freshmen and upperclassmen 
to assess whether class standing and prior exposure to ChatGPT shaped motivational paĴerns. All 
analyses were conducted using R version 4.5.0 [36]. 

2.4. Data Availability 

Both the dataset and survey instrument are available under a CC0 open license to support 
reproducibility [37]. 

3. Results 

3.1. Descriptive Statistics 

Mean scores for most motivation types were above the scale midpoint of 2.5, indicating general 
agreement. The exceptions were value and amotivation in 2023, which fell slightly below this 
threshold, suggesting that students initially used ChatGPT less frequently to align tasks with 
personal values or during periods of low motivation. By 2025, however, mean scores for all six 
motivation types exceeded 2.5, suggesting increased agreement with statements about ChatGPT’s 
potential to support academic motivation across multiple dimensions. As shown in Table 1, the 
highest scores were observed for desire to know, followed by accomplishment, stimulation, rewards, 
and value, with amotivation remaining the lowest. This rank order was consistent across both years. 

From 2023 to 2025, average scores increased across all six motivation types, see Figure 1. The 
largest gains were observed in rewards and amotivation, while more modest increases were noted in 
accomplishment, desire to know, stimulation, and value, see Table 1. 

Table 1. Descriptive statistics by year for each motivation type. 

Motivation type Mean (2023) SD (2023) Mean (2025) SD (2025) 

Accomplishment 2.65 0.73 2.90 0.59 

Desire to know 2.79 0.61 3.02 0.58 

Stimulation 2.56 0.75 2.78 0.70 

Rewards 2.54 0.56 2.92 0.62 

Value 2.39 0.85 2.75 0.81 

Amotivation 2.31 0.82 2.63 0.81 
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Figure 1. Mean motivation scores for each category in 2023 and 2025. Motivation scores are based on a 4-point 
Likert scale (1 = Strongly Disagree, 4 = Strongly Agree). 

3.2. Inferential Analysis 

Independent-samples t-tests were used to compare 2023 and 2025 scores for each motivation 
type. As shown in Table 2, statistically significant increases were observed in five of the six categories: 
accomplishment, desire to know, rewards, value, and amotivation (p < .05). The increase in 
stimulation was non-significant at the .05 level (p = .073). Effect sizes ranged from small to medium, 
with the largest effect observed for rewards (Cohen’s d = 0.63). 

Table 2. Independent-samples t-tests and effect sizes by motivation type. 

Motivation type 
Mean 
(2023) 

Mean 
(2025) t-value df p-value Cohen’s d Effect size 

Accomplishment 2.65 2.90 2.29 129.46 .023 0.39 Small 

Desire to Know 2.79 3.02 2.27 137.00 .025 0.38 Small 

Stimulation 2.56 2.78 1.81 136.40 .073 0.31 Small 

Rewards 2.54 2.92 3.75 138.94 <.001 0.63 Medium 

Value 2.39 2.75 2.59 137.22 .011 0.44 Small 

Amotivation 2.31 2.63 2.34 137.95 .021 0.39 Small 

To account for repeated participation, linear mixed-effects models were estimated for each 
motivation type. As presented in Table 3, all six models revealed significant increases in motivation 
scores from 2023 to 2025 (p < .05), including stimulation, which had not quite reached significance in 
the original simple t-test. Since the mixed-effects approach more effectively captures within-subject 
variance, this suggests that the increase in stimulation is in fact also significant.  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 April 2026 doi:10.20944/preprints202604.0497.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.0497.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 11 

 

Table 3. Year effects from linear mixed-effects models for each motivation type. 

Motivation type Estimate (b) Std. Error df t-value p-value 

Accomplishment 0.27 0.10 87 2.69 .009 

Desire to Know 0.23 0.09 97 2.43 .017 

Stimulation 0.22 0.10 69 2.14 .036 

Rewards 0.35 0.09 92 3.80 < .001 

Value 0.34 0.12 83 2.75 .007 

Amotivation 0.33 0.12 74 2.79 .007 

To further explore whether changes in motivation were influenced by prior college exposure to 
ChatGPT, we examined class standing among 2025 participants. Specifically, we compared 2025 
freshmen (n = 23), who may have used ChatGPT in high school but were new to using it in a college 
context, with upperclassmen (sophomores, juniors, and seniors). Independent-samples t-tests 
revealed no significant differences in motivational scores between these two groups. This finding 
suggests that the year-over-year increases observed across all six motivation types were not driven 
solely by repeated college use or class standing but may reflect broader shifts in how students relate 
to generative AI. 

3.3. Cluster Analysis 

To complement the main analyses, an exploratory cluster analysis was conducted to examine 
paĴerns in students’ motivation profiles. Standardized responses to the 18 survey items were 
grouped using K-means clustering, yielding a three-cluster solution that balanced interpretability 
and internal consistency. Summary statistics for each cluster are presented in Table 4. 

Table 4. Summary by cluster. 

Cluster Accomplish Know Stimulation Reward Value Amotivation GPA 

1 1.56 1.93 1.31 1.96 1.04 1.09 3.38 

2 3.13 3.29 3.20 3.17 3.23 3.09 3.24 

3 2.68 2.68 2.39 2.43 2.18 2.11 3.43 

Cluster 1 represented students with low motivation scores across all categories. Cluster 2 
showed high scores across all types, including amotivation, while Cluster 3 reflected moderate 
motivation. Average GPA was highest in Cluster 3 and lowest in Cluster 2, though differences were 
small. 

Figure 2 presents a Principal Component Analysis (PCA) visualization that reinforces these 
insights: Cluster 1 appeared compact and distinct; Cluster 2 showed greater dispersion, suggesting 
some heterogeneity among highly motivated students. Cluster 3 was also cohesive and fell between 
the two extremes. 
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Figure 2. Principal component analysis (PCA) plot of K-means clusters based on responses to Q1–Q18, with 
shapes indicating academic year. Ellipses represent the 95% confidence regions. 

Overall, the clusters highlight the complexity of motivational paĴerns in the context of ChatGPT 
use. While some students reporting high motivation also reported lower academic performance, the 
relationship between motivation and GPA should be interpreted with caution. The survey assessed 
self-reported motivation, not learning outcomes or ChatGPT usage paĴerns. GPA is also shaped by 
multiple factors, including course design, grading policies, and assessment types. As such, this 
analysis is exploratory and intended to generate questions for future research, not to draw definitive 
conclusions about the role of ChatGPT in academic achievement. 

4. Discussion 

This study provides insight into how students’ motivational relationships with generative AI 
tools like ChatGPT have evolved across two academic years. In 2023, student engagement appeared 
primarily task-oriented, focused on curiosity, goal completion, and support with specific academic 
challenges. By 2025, students reported broader and more personalized engagement paĴerns, 
incorporating ChatGPT into their learning routines in ways that extended beyond traditional 
academic assistance. 

These findings align with emerging work suggesting that ChatGPT is becoming integrated into 
students' academic lives [1–5]. The upward shift in motivation scores from 2023 to 2025 suggests that 
students increasingly perceived ChatGPT as a helpful resource for managing academic demands and 
sustaining engagement. 

Consistent with prior research [6–8], the strongest motivational ratings were observed in the 
domains of desire to know and accomplishment, reflecting intrinsic motivation grounded in curiosity 
and personal challenge, two key constructs in Self-Determination Theory (SDT) [25]. These paĴerns 
align with studies showing that timely, responsive support can enhance students’ sense of 
competence and autonomy [9,29]. That said, we cannot isolate whether these experiences stemmed 
from ChatGPT alone or from a combination of instructional support, peer interaction, and tool use. 

The significant increase in rewards-related motivation between years suggests growing student 
interest in using ChatGPT to organize tasks, meet deadlines, and stay productive. While extrinsic 
motivation is often seen as less ideal than intrinsic motivation, SDT highlights that when extrinsic 
motivation is internalized, such as through identified regulation, it can meaningfully support 
persistence and self-regulation [10,12]. 
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One of the more unexpected findings was the increase in amotivation. While this could signal 
disengagement, it may also suggest that students are turning to ChatGPT when they feel stuck, 
overwhelmed, or uncertain. This aligns with prior work suggesting that AI tools can serve as a coping 
mechanism or first step toward re-engagement during periods of low motivation [16,17]. Rather than 
indicating detachment, higher amotivation scores may reflect students using ChatGPT as a kind of 
psychological triage, a way to regain traction when academic energy runs low. 

The cluster analysis added a tentative layer of insight, showing that students with the highest 
motivation scores were not necessarily the highest performers. While speculative, this finding 
supports the idea that motivation alone does not guarantee academic success. Factors such as prior 
preparation, learning strategies, and time management likely influence GPA just as much, if not 
more, than AI use. Additionally, the presence of elevated amotivation in highly motivated students 
may reflect internal conflict, over-reliance on tools, or a shift in how students define success, not solely 
in terms of grades, but in terms of progress, control, or personal growth [14]. 

Taken together, our findings reflect a shift in how students use ChatGPT, not simply to "get the 
answer," but as a tool for managing motivation, regulating effort, and navigating the academic 
experience. Students increasingly describe ChatGPT as part of their motivational routines, emotional 
coping strategies, and self-regulated learning practices. These paĴerns suggest a deeper, more 
relational use of AI, echoing Altman’s [1] observation that for many young adults, ChatGPT is 
becoming more than a writing aid; it’s evolving into an everyday academic companion. 

By grounding our analysis in SDT, we offer a structured framework for interpreting these 
motivational dynamics. This approach clarifies why some students may thrive with AI support, while 
others struggle, particularly if they lack the readiness, context, or critical skills to engage 
productively. Motivation, in this context, appears dynamic and context-sensitive, shaped not only by 
personality or trait-level dispositions, but also by experience, feedback, and tool use. Additionally, 
comparisons between 2025 freshmen and upperclassmen revealed no significant motivational 
differences, suggesting that observed year-to-year increases were not solely due to prior exposure or 
class standing but reflect broader trends in how students engage with generative AI. 

But motivation is not enough. Without a strong foundation in the subject maĴer or the ability to 
critically evaluate AI-generated responses, students may be prone to surface-level learning or even 
burnout. In short, prompting alone is not pedagogy. As ChatGPT becomes more powerful and more 
personal, capable of tracking goals, preferences, and usage history, educators must be equally 
intentional about how it is introduced and integrated into the academic experience. 

If we want students to move from “let AI do it” to “let AI support me as I grow,” we must design 
learning environments that make that shift possible. That means teaching evaluative judgment, 
scaffolding AI use in stages, and treating ChatGPT not as a shortcut, but as a catalyst for deeper 
learning. This study offers early evidence that when students use ChatGPT with purpose, they are 
more likely to stay engaged, feel capable, and find meaning in their academic work. 

As AI continues to evolve, so too must our educational practices, grounded not in fear or novelty, 
but in long-standing commitments to motivation, mastery, and meaningful learning. 

Limitations 

Several limitations should be considered when interpreting the results of this study. First, the 
sample consisted exclusively of undergraduate computing and mathematics majors, a group not 
representative of the broader university population. These students may hold different aĴitudes 
toward technology, particularly generative AI, than students in other disciplines. While it is 
sometimes assumed that STEM majors are more comfortable with advanced technologies, there is 
also evidence suggesting that technically proficient students may be more critical or skeptical of AI 
tools, particularly with regard to accuracy and overreliance. 

Second, the study relied on a self-report survey administered online and incentivized with extra 
credit. Although participation was voluntary, the structure of the incentive and the lack of random 
sampling may have introduced self-selection bias, with students who had strong feelings, positive or 
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negative, about ChatGPT more likely to respond. Additionally, the use of Likert-scale items can limit 
the depth of insight into students’ nuanced experiences and may not fully capture the complexity of 
their motivational processes. 

Third, the motivation survey was adapted from the Academic Motivation Scale (AMS-C 28) to 
fit the context of ChatGPT use. While the adaptation was theoretically grounded in SDT, the items 
were not validated as a new instrument. One subscale in particular, Rewards, demonstrated 
relatively low internal consistency. We retained all three items, including Q12, to preserve content 
validity and maintain balance across subscales, but this decision may have introduced measurement 
noise that aĴenuated results related to that subscale. 

Another limitation involves the evolving nature of the ChatGPT platform itself. Between 2023 
and 2025, the underlying model underwent significant updates, improving its capabilities and user 
experience. As a result, some changes in motivational responses may reflect improved functionality 
rather than shifting aĴitudes. The rapid pace of model development presents a moving target for 
research, and findings from one version of ChatGPT may not generalize to future iterations or to 
other generative AI tools. 

Finally, while the study used a mixed-methods design to account for repeated measures among 
a subset of students, the partially overlapping sample still presents analytical challenges. Differences 
between the two cohorts may be influenced by cohort-specific factors unrelated to AI use, such as 
course load, external stressors, or instructor differences. The absence of significant demographic data, 
such as gender and ethnicity further limits the ability to analyze subgroup differences or contextual 
influences. 

Future studies should include more diverse student populations, incorporate qualitative data to 
explore motivation in greater depth, and consider longitudinal designs that follow the same students 
over time. Expanding beyond STEM majors and tracking interactions with evolving AI models will 
also strengthen the generalizability and relevance of future findings. 
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