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The rise of Large Language Models (LLMs) in education introduced powerful tools such as ChatGPT, which
students increasingly use for academic purposes. However, these technologies present significant challenges
for higher education, such as the risk of undermining academic integrity through Al-assisted performance and
the uncertainty around proper use. This paper seeks to understand the benefits and risks university students
perceive regarding LLM usage and how those influence their acceptance and use of related services in higher
education. To this end, we employed a mixed-method approach. Using the UTAUT2 model extended by a Risk
Expectancy construct, we conducted an online survey and follow-up interviews with university students. The
results indicated that while students perceive considerable risks related to LLMs, those do not impact their
usage and behavioral intention. We discuss this phenomenon based on the qualitative interview analysis and
suggest research directions for future work.
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1 Introduction

Large Language Models (LLMs) significantly impacted the educational landscape. According to a
survey conducted by von Garrel et al. [49], by mid-2023, over 63% of students in Western Europe
had used an Al tool in their studies, with nearly half of them relying on ChatGPT! specifically.
LLMs, trained on vast datasets, offer powerful functionalities with applications across various
academic fields. However, while universities are aware of students’ increasing usage of these tools,
there is little clarity on how and why they are used, leaving institutions uncertain about how to
adapt to this new paradigm. At the same time, not engaging with such technologies could leave
students unprepared for future professional environments that require the use or demand a critical
reflection of LLMs.
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The main issue centers around the ambiguity of LLM usage in higher education [1, 19]. On one
hand, LLMs are viewed as a productivity tool in academic research [18] or as a potential asset to
support adaptive teaching and learning practices [36]. On the other hand, various authors also
caution against the unethical use of LLM-based services and potentially detrimental effects on
education, citing plagiarism, misinformation, privacy, hallucination, or copyright concerns [23, 24,
28, 29, 35]. Given this situation, very little is known about how students perceive various benefits
and risks related to these technologies and how they affect their usage decisions. Consequently,
the study of how users interact and adopt LLM-generated content gained interest in the computer-
supported cooperative work and social computing community for investigating trust, safety, and
responsibility in Al [27].

The growing discourse around both the potential benefits and risks of LLMs highlights the need
for theoretical models that not only account for their perceived usefulness but also systematically
incorporate users’ risk perceptions. Models such as the Technology Acceptance Model (TAM) [10,
32] and the Unified Theory of Acceptance and Use of Technology (UTAUT2) [46] are established
methods to predict technology adoption, but primarily measure intended system qualities, such as
performance or usability, while negative side effects are not covered. Work to include risk perception
into these models exists mainly in the context of e-commerce and has produced inconclusive
results [17]. Given the above-mentioned discourse on the potentially harmful effects of LLMs in
particular, it is reasonable to believe that perceived risk may play a more prominent role in usage
decisions regarding these systems. Although work by von Garrel et al. [49] provides initial insights
into the prevalence of related tool usage, a comprehensive account of students’ risk perceptions
and their effect on usage behaviors regarding LLM-based services for their studies is missing.

We conducted a mixed-methods [9] investigation to understand how students use LLM-based
services, what factors drive their adoption, and how they perceive their use in academic settings.
Using the UTAUT2 extended by a Risk Expectancy construct, we examined the factors driving
students’ acceptance and use of LLM-based services in their studies. In our work, we understand
“risk” as students’ perceived potential for negative consequences when using LLM-based services,
including privacy concerns, academic integrity issues, and uncertainty about the reliability and
objectivity of generated content. Subsequently, we conducted several in-depth interviews to gain
more insights into students’ perceptions and lived experiences regarding LLMs. This dual-method
design enables us to capture a wide range of perspectives and contribute a new understanding
of the academic use of LLMs. Our findings suggest that although students recognize significant
risks associated with LLMs, these concerns do not appear to influence their usage or behavioral
intentions. Further interviews with participants affirm these sentiments. Our research shows a
disconnect between students’ awareness of LLM-related risks and their actual usage behavior,
suggesting that traditional acceptance models may underestimate the influence of motivational and
contextual factors. This raises a broader question explored in this paper: Why do students continue
to use LLM-based services despite perceiving them as risky? We examine this tension by combining
survey data with qualitative insights, positioning our findings within broader debates around the
behavioral paradoxes of technology use, such as the privacy paradox [16]. Understanding this
gap is important for designing more effective educational policies and interventions that promote
responsible and informed use of LLM-based services in academic settings. To this end, we discuss
explanations for this observation drawn from the qualitative interview analysis and recommend an
alternative theoretical framework for future research.

Contribution Statement

In this paper, we make three key contributions to understanding the acceptance of LLM-based
services in higher education. First, we extend the UTAUT2 model with a novel Risk Expectancy
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construct to examine how perceived risks influence students’ behavioral intentions. Second, a
mixed-methods study combining survey data and in-depth interviews reveals that while students
report high awareness of various risks, these do not significantly diminish their use of LLMs. Third,
our qualitative analysis provides insight into why this gap exists, revealing how students rationalize
risk and how motivational orientations shape their usage decisions. We frame our findings within
known behavioral patterns such as the privacy paradox and established motivational theory,
particularly goal orientations. In doing so, we expand the conceptual toolkit for understanding Al
adoption in everyday academic life.

2 Theory and Related Work

Based on a survey of over 6000 university students in June 2023, von Garrel et al. [49] found that
almost two-thirds were using Al-based tools for their studies, with a lower adoption rate among
persons who self-identify as women. The literature suggests a diverse set of potentially valuable
applications of LLM-based services, particularly ChatGPT, to study-related tasks. These include
fostering central key qualifications such as language proficiency [15] and various research-related
tasks [4, 19, 31]. Huge potential benefits have been proposed in generating individualized learning
material and feedback [13, 19]. LLMs may also increase technology accessibility, for example, by
generating image descriptions or providing other language-based interfaces [19].

However, various authors also caution against the unethical use of LLM-based services, again
primarily ChatGPT, and potentially detrimental effects on education [28, 29, 35]. Apart from general
concerns about the automation of human elements in education [8], arguably one of the most widely
voiced concerns is the use of LLM-based services to cheat in examinations or to plagiarise academic
work [20]. Issues related to the academic credit system notwithstanding, this may undercut the
development of corresponding cognitive abilities and hinder learning [4, 13]. Moreover, model
hallucinations and biases, giving rise to misinformation, can be detrimental to learning as well
[6, 38]. Copyright and privacy concerns are also being discussed regarding training data and
generation prompts [19, 31]. It is notable, however, that many of these concerns primarily exhibit
an administrator or educator perspective. Whether and to what extent similar risks and benefits
are being perceived and weighed by students remains unclear.

Factors influencing and predicting the acceptance and use of LLM-based services among students
is an active and growing field of research. According to the technology acceptance model (TAM),
the intention to adopt a particular technology can be predicted by two key variables: perceived
usefulness and perceived ease of use [11, 32]. Later work has, respectively, recast these constructs
as performance expectancy and effort expectancy, and extended them by various other factors,
including hedonic motivation, age, gender, or habit, to formulate a Unified Theory of the Acceptance
and Use of Technology (UTAUT and later UTAUT?2) [44, 46]. While many potential benefits of
using LLMs outlined above can be readily construed in terms of performance or effort expectancy,
associated risks or other detrimental effects of usage are seemingly more challenging to integrate
with these models.

Based on 373 self-reports collected from 373 post-graduate students, Tian et al. [43] investigated
their intention to use Al chatbots in their studies. The authors found that performance expectancy
was positively correlated with behavioral intention, while effort expectancy demonstrated no
statistically significant correlation. Strzelecki [39] surveyed over 500 students regarding their
intention to use ChatGPT and found performance expectancy, habit, and hedonic motivation to
have the highest predictive power. This indicates that some students may use LLM-based services,
particularly chatbots, simply for fun rather than to achieve a particular goal. Using survey data
from 400 Spanish university students Romero-Rodriguez et al. [37] report similar results. However,
contrary to the above-cited study by von Garrel et al. [49], they found no gender differences.
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Based on their survey of over 600 US undergraduates, Albayati [5] found perceived usefulness
and ease of use statistically significant predictors of usage intention regarding ChatGPT. Moreover,
the authors found privacy concerns and social desirability to influence students’ perceptions,
indicating awareness of related potential risks. Using UTAUT as a framework, Menon and Shilpa
[33] interviewed 32 students from India on their usage of ChatGPT and identified privacy concerns
as an additional factor, whose statistical significance remains unclear.

Summary and Research Question

Overall, related work generally corroborates UTAUT’s central variables, particularly performance
expectancy, as valid predictors for students’ acceptance and use of LLMs. However, given the broad
versatility of LLM-based applications, particularly chatbots, perceived performance expectancy
may vary greatly depending on the task. In that regard, existing research is much less informative.
Moreover, insights into other forms of LLM-based services, as well as the role of perceived risks,
remain much more tentative as well. On the one hand, students’ lack of risk perception would
readily explain the absence of related factors in predictive models. On the other hand, given the
various concerns educators and policymakers raise, such a lack of awareness would hardly be
desirable. In other words, an empirical account, however robust, of behavioral intention may still
fall short of normative educational expectations. In our work, we define “risk” broadly to encompass
multiple perceived threats related to LLM use in academic settings, including privacy breaches,
academic misconduct (e.g., plagiarism or dependence), and concerns over the reliability or bias
of generated content. These categories of risk, though often conflated in public discourse, may
have distinct implications for student behavior. Therefore, by investigating the following research
question, our study provides a more differentiated and student-centered perspective on the factors
influencing the acceptance and use of LLM-based services for study-related purposes.

RQ: What benefits and risks do students perceive concerning using LLM-based services for their
studies, and how do these perceptions influence their corresponding usage behavior?

Based on previous research and the general discourse on LLMs, perceived LLM risk denotes the
perceived potential for unwanted detrimental side effects, which may fall into a variety of categories:
privacy risks, referring to concerns over data security and information exposure when using LLM
tools; academic integrity risks, related to issues such as plagiarism, reliance on Al-generated content,
and potential violations of institutional policies; and trust-related risks, concerning students’
confidence in the accuracy, fairness, and potential biases of LLM-generated responses. Three general
scenarios appear plausible. Students may only perceive negligible risk, which then, naturally, does
not have a notable effect on their usage behavior. However, given the prevalence of risk in the
public discourse on Al in general and LLMs in particular, we find that scenario unlikely. Instead,
we expect that students do perceive notable risks, which then either do or do not have a significant
effect on usage. In either case, a more in-depth understanding of the mechanisms underlying or
preventing such effects in the context of LLMs is desirable.

3 Methodology

This study employs a sequential explanatory mixed-methods design [9], which aligns with our
dual goals of identifying generalizable usage patterns of LLM-based services and unpacking the
reasoning behind those patterns. We first conducted a quantitative online survey to examine
students’ acceptance of LLMs using the UTAUT2 framework, extended by a novel Risk Expectancy
construct. This step enabled us to identify key predictors of behavioral intention through statistical
analysis. Subsequently, we conducted in-depth interviews with a purposefully sampled subset
of survey participants to contextualize and explore students’ lived experiences, motivations, and
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perceptions in greater depth. This design strengthens the empirical robustness of our findings but
also improves their interpretability by connecting statistical analysis with individual sensemaking.

The remainder of the paper is structured as follows. In Section 4 and Section 5, we present the
procedures and results of the survey and interview studies, respectively. Section 6 then jointly
discusses the implications and limitations. Section 7 concludes the paper with a summary and
outlook.

4 Online Survey

We conducted an online survey to understand which factors influence the use of LLMs in higher
education. The online survey aims to understand the demographics of the students who use LLMs,
how frequently they use them, and how they adopt and use LLMs for their studies.

4.1 Participants

We recruited 156 participants via mailing lists, student networks, and social media platforms (e.g.,
LinkedIn, WhatsApp, and Signal groups). Overall, the study involved students currently enrolled
in universities. We used Google Forms to collect the answers. Participation was voluntary, and
participants did not receive compensation.

In total, 156 participants (80 self-identified as female, 71 self-identified as male, one self-identified
as diverse, and four participants preferred not to describe their gender) met the enrolment criteria.
The mean age was x = 22.81 (s = 1.96). The students studied STEM subjects, social sciences,
economics, jurisprudence, and medicine.

4.2 Survey Structure

We adapted the constructs from the UTAUT? to include inquiries about LLM adoption, perception,
and usage [45, 47]. As a consequence, we adapted the items from the constructs Performance
Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), Facilitating Conditions (FC), Hedonic
Motivation (HM), Price Value (PV), Habit (HT) and Behavioral Intention (BI) to focus on the use
of LLMs of students. We also designed items on an additional construct, which we termed Risk
Expectancy (RE), whether students also perceive potential negative consequences of using LLMs
in their study and how this might affect their behavioral intention. Table 1 shows the complete
list of the adapted items. All items were rated on a seven-point Likert scale, where 1 indicated
total disagreement (“Strongly Disagree”) and 7 total agreement (“Strongly Agree”). Additionally,
we asked the participants for their age, self-identified gender, familiarity with LLMs, and how
frequently they use LLMs for their studies. Lastly, participants were asked whether they agreed to
be contacted for a follow-up interview (see Section 5).

Table 1. Survey items on LLM-based services for studying. Cronbach’s « revealed a consistency for all
constructs except the construct Facilitation Conditions (FC). The statements were translated directly from
their original language into English. The items were rated on a seven-point Likert item.

Construct Item  Statement

Performance Expectancy PE1 I find LLM-based services useful for my studies.

(PE)

Cronbach’s & = 0.92 PE2 LLM-based services increase my chances of achieving

study-relevant goals that are important to me.

Continued on next page
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Construct Item  Statement
PE3 I can complete study-related tasks more quickly with
LLM-based services.
PE4 I increase my productivity in studies with LLM-based

services.

Effort Expectancy (EE) EE1

It is easy for me to learn to use LLM-based services for
my studies.

Cronbach’s « = 0.84 EE2 My interaction with LLM-based services in my studies is
clear and understandable.
EE3 I find LLM-based services easy to use in my studies.
EE4 It is easy for me to become proficient in using LLM-based
services for my studies.
Social Influence (SI) SI1 People who are important to me think that I should use
LLM-based services for my studies.
Cronbach’s a = 0.88 SI2 People who influence my behavior think that I should
use LLM-based services for my studies.
SI3 People whose opinions I value prefer that I use LLM-based

services for my studies.

Facilitating Conditions FC1

(FC)

Cronbach’s a = 0.60 FC2
FC3
FC4

I have the necessary resources to use LLM-based services
for my studies.

I have the necessary knowledge to use LLM-based ser-
vices for my studies.

LLM-based services are compatible with other technolo-
gies that I use for my studies.

I can get help when I have difficulties using LLM-based
services for my studies.

Hedonic Motivation (HM) HM1

Using LLM-based services for my studies is fun.

Cronbach’s a = 0.75 HM2 Using LLM-based services in my studies is enjoyable.
HM3 Using LLM-based services in my studies is very enter-
taining.
Price Value (PV) PV1 LLM-based services for studying are inexpensive.
Cronbach’s a = 0.89 PV2 LLM-based services provide good value in the study con-
text.
PV3 At the current price, LLM-based services offer good value
for my studies.
Habit (HT) HT1 Using LLM-based services for my studies has become a
habit for me.
Cronbach’s a = 0.70 HT2 I am addicted to using LLM-based services in my studies.
HT3 I must use LLM-based services for my studies.
HT4 The use of LLM-based services for my studies feels natu-

ral to me.

Continued on next page
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Risk Expectancy (RE) RE1 I believe that using LLM-based services in my studies
involves uncertainties that should be considered.
Cronbach’s & = 0.80 RE2 I see risks associated with using LLM-based services in
my studies.

RE3 I believe that using LLM-based services in my studies is
associated with certain risks.
RE4 I find the use of LLM-based services in my studies risky.

Behavioral Intention (BI) BI1 Iintend to use LLM-based services for my studies in the
future.
Cronbach’s @ = 0.93 BI2 I will always try to use LLM-based services in my daily
studies.
BI3 I plan to use LLM-based services regularly for my studies

in the future.

4.3 Results

The following section presents the results of our survey. We begin by assessing the internal
consistency within the constructs. Then, we present the answers regarding familiarity, frequency
of LLM use, UTAUT2, and, as suggested by previous work [43], correlations between behavioral
intentions and frequency of use.

4.3.1 Assessing the Internal Consistency Within Constructs. We begin by investigating the internal
consistency of the items by calculating Cronbach’s a. Cronbach’s a measures the consistency
of the items within a construct [42]. We discarded constructs with a Cronbach’s « of less than
0.7 and kept constructs with an a value equal or higher to 0.7. Previous work suggested that
values above 0.7 are acceptable and provide sufficient internal consistency for measuring the same
construct [41]. Our results showed that all constructs except FC showed sufficient reliability (see
Table 1). Consequently, we removed the construct Facilitating Conditions from our analysis while
keeping all other constructs for further investigation.

4.3.2  Familiarity and Frequency of Using LLMs for Education. Figure 1 and Figure 2 show the
distribution of the familiarity with LLMs and the use frequency. Asking the question “How familiar
are you with LLM-based services?” showed that twelve participants indicated no familiarity, 39
participants had low familiarity, 55 participants had some familiarity, 41 had a high familiarity, and
finally, nine participants had a very high familiarity (see Figure 1). Asking the question “How often
do you use LLM-based services?” showed that 20 participants never used LLMs, 49 used them a few
times, 30 used them one to three times per month, 40 used them three times per week, and 17 used
them almost every day (see Figure 2).

4.3.3 UTAUT2. We used the UTAUT2 questionnaire to investigate the user acceptance and usage
of LLMs of our participants (see Table 1). We calculated the average student responses and reported
them along with the standard deviation. Figure 3 visualizes the mean and distribution of the answers
for each construct. Table 2 shows the mean values for each build and their respective Spearman rank
correlations with Behavioral Intention and Use Frequency. Risk Expectancy exhibited the highest
mean score among all constructs, indicating widespread concern among students, yet it showed no
significant correlation with either Behavioral Intention or actual Use Frequency. This suggests a
potential disconnect between students’ perception of risk and their actual usage behavior, contrary
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ID Statement ’é

Q1 Ihave no familiarity with LLMs. % b

Q2 TIhave alow familiarity with LLMs. %20

Q3 TIhave some familiarity with LLMs. g

Q4 Ihave a high familiarity with LLMs. 3 ’—‘ Y
Q5 Ihave a very high familiarity with LLMs. ’ o Q@ Q4 Qs

Q2
Familiarity with LLMs

Fig. 1. Distribution of LLM familiarity among the participants. Our results show that most students are
familiar with using LLMs.
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ID Statement

Q6  Never.

Q7 A few times.

Q8  One to three times per month.
Q9  One to three times per week.

Q10 Almost every day. @ Q7 Q8 Q¥  Qio
Use Frequency of LLMs
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n
o

Number of Participants
=
o

o

Fig. 2. Use frequency of LLMs. Most participants have used LLMs a few times before.

to what might be assumed based on the prominence of risks in academic and public discourse
around LLMs. Using follow-up interviews we further investigated the underlying motivations and
reasoning behind those patterns.

Table 2. Mean and standard deviation of each UTAUT2 construct with a Cronbach’s & > 0.7. We calculated
Spearman’s rank correlation coefficient for the UTAUT2 constructs with the construct Behavioral Intention
and the Use Frequency. All correlations with Behavioral Intention and the other constructs were significant
(p < .001) except for Risk Expectancy (p = .067). Similar to Behavioral Intention, all correlations with Use
Frequency and the other constructs were significant (p < .001) except for Risk Expectancy (p = .197). Bold
numbers indicate the highest and lowest numbers.

Constructs x s Spearman’s Correlation Spearman’s Correlation
Behavioral Intention Use Frequency

Performance Expectancy 4.18 1.82 0.87 0.71

Effort Expectancy 433  1.36 0.64 0.58

Social Influence 292 156 0.61 0.41

Hedonic Motivation 437 141 0.70 0.55

Price Value 450 1.66 0.50 0.39

Habit 2.27 1.18 0.85 0.77

Risk Expectancy 532 1.10 -0.14 -0.10
Behavioral Intention 3.72  1.99 - 0.77

5 Follow-Up Interviews

While the survey results reported above, particularly the low predictive value of Risk Expectancy,
are in line with previous research on UTAUT2, they are nevertheless surprising and certainly
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Fig. 3. Mean UTAUT2 values for each construct. Risk Expectancy achieved the highest mean score, while
Habit received the lowest mean score.

undesirable. From an educational perspective, students should factor perceived risk into their usage
decisions. To further explore this dynamic and to provide more contextual interpretation for the
quantitative findings, we conducted follow-up interviews to investigate how students make sense
of perceived risks, what factors drive or override those concerns, and how different usage goals
and educational motivations may influence their decisions.

5.1 Sampling and Procedure

49 survey participants agreed to be contacted for a follow-up interview. The interviews aimed to
map out various viewpoints on LLM-based services and provide a more differentiated account of
perceived benefits and risks. Therefore, we implemented purposive maximum variation sampling [7,
p. 114f] with respect to LLM acceptance and use. To this end, we conducted a k-means clustering on
the complete survey data, generating four clusters. Also considering age, gender, usage experience,
and study discipline, we contacted eight participants for a follow-up interview, two from each
cluster. Figure 4 visualizes the four clusters in 2D based on principal component analysis and
indicates the selected participants. Table 4 provides additional information on the factors above for
each participant. All eight were successfully contacted and interviewed.

The interviews followed a semi-structured guideline divided into three sections, leaving room for
spontaneous inquiries. Each section ended with an open question, allowing participants to formulate
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Fig. 4. Visualisation of the four k-means clusters based on a principal component analysis. Circled dots
indicate the selected interview participants.

individual responses. We aimed to obtain a more holistic view of different usage intentions and
influences. Hence, we prioritized gathering rich and authentic responses rather than striving for
comparability between the interviews.

5.1.1 Usage Context: Participants were asked what they understood by LLM-based services, what
related services they knew about, and which they were currently using for their studies, and
how. Participants not using any LLM-based services were asked what potential applications they
knew about and what kept them from using them. This section aimed to gain an overview of the
participants’ current use of LLM-based services as a basis for the remainder of the interview.

5.1.2  Usage Factors: Based on this, participants were asked more about the factors facilitating or
preventing their use of LLM-based services in their studies. If applicable, they were asked when
they first started using related services and what prompted them. Subsequently, the interview
inquired about the most influential factors identified during the survey study, including performance
expectancy, hedonic motivation, habit, and effort expectancy. Participants were presented with
their corresponding survey responses and asked to explain why they responded the way they
did. We aimed to gain a more differentiated understanding of how participants conceived of these
constructs and their influence on their usage behavior.

5.1.3 General Assessment: In the final section, participants were asked for a more general evaluation
of the benefits and risks of using LLM-based services in their studies. Analogous to the previous
section, they were asked to comment on their survey responses related to Risk Expectancy. Moreover,
they were asked about their wishes for the future and the necessity of legal regulations around
LLM-based services.
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Table 3. Main categories and exemplary selected sub-categories of the final coding system. Every line of each
category represents a sub-category.

Performance Effort Social Facilitating Hedonic
Expectancy Expectancy Influence Conditions Motivation
generate ideas techn. availability friends & family no clear rules entertainment
improve text service selection fellow students prohibition work, not fun
summarize inf. training (social) media pleasure
mathematics user experience non-issue frustration
literature citations prompting
Price Value Habit Behavioral Risk

Intention Expectancy

free version
premium version

not established
established

pos. stmt. of intent
neg. stmt. of intent
general affinity

general reluctance

dangerous output
reduced learning
alleg. of plagiarism
privacy

5.2 Data Analysis

The interviews were conducted via Zoom and lasted between 29 and 54 minutes. They were
audio-recorded and transcribed verbatim. The data was then subjected to a structuring qualitative
content analysis [26], using a combination of deductive and inductive coding. The overall aim of
the analysis was to gain a better understanding of the UTAUT2 constructs plus Risk Expectancy
and their possible interactions in the specific context of LLM-based services.

The eight central UTAUT?2 factors and Risk Expectancy were thus defined as the main categories
of analysis and first applied deductively to the interview transcripts. Already during this phase,
several passages were identified that were difficult to clearly assign to only one category. We,
therefore, allowed multiple categories to be assigned to the same section. For each main category,
sub-categories were then developed inductively in order to capture specific expressions for each
factor. That is, new sub-codes were defined, for instance, for concrete application contexts (PE),
barriers (EE), or concerns (RE) mentioned by the interviewees. In that phase, we also specifically
looked for plausible interactions between the main categories, particularly in those sections assigned
to multiple categories. The sub-codes were refined during several coding iterations until further
revisions were judged negligible. While the general coding focus thus shifted from deductive to
inductive over the course of the analysis, these two phases were not entirely separate but partially
occurred in parallel, as some rather obvious sub-codes were introduced early, and later revisions
could still result in a change of main category.

The analysis was mainly conducted by the second author, who consulted with the other two
authors for peer feedback on coding strategies and initial insights. After the analysis was completed,
the second author presented their findings to the others to discuss the results and interpretations.
Subsequently, the first author also conducted a confirmability audit of the coded data [3] based on
the complete MAXQDA project file containing all transcripts, codes, and code assignments. This
resulted in minor revisions of the code structure but did not affect the overall results of the analysis.
Table 3 shows an overview of the final code system, including all main categories and selected
sub-categories.

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW512. Publication date: November 2025.



CSCW512:12 Michael T. Riicker, Carolin Biichting, and Thomas Kosch

Table 4. Selected interview participants.

cluster index discipline age gender experience
0 48 nutritional science 23 f very high
22 natural science 23 m high
1 54 social science 23 f high
11 economics 21 m medium
2 40  math/computer science 21 f medium
78 liberal arts 25 m low
3 35 education 25 f medium
124 political science 20 m none
5.3 Results

Unsurprisingly, the most commonly mentioned service was ChatGPT, and four of the eight partici-
pants did not know about or use any other service. However, other services like QuillBot, DeepL,
or Grammarly were mentioned as well, and one participant explicitly stated that they never used
just one service by itself, but always a “combination,” which together formed “a kind of workflow.”
In terms of performance expectancy, one of the main motivations was to save time on specific

tasks and get things done faster.
What motivated me, I think, was the speed at which you can get things done.

Participants mentioned a range of different tasks for which they described LLM-based services as
sufficiently performant. These included, above all, the production and improvement of different
kinds of text, ranging from written correspondence to term papers to program code. However,
the particular kind of usage could differ significantly, from generating first ideas and outlines,
improving style, and generating complete solutions.

Just say, okay, I type this into it, I say here, write this letter (...) using this data.
You can sometimes input a written text and get a better wording.
And I once got an idea for an implementation of a simple program from ChatGPT.

I often use ChatGPT for creative brainstorming.

Simple knowledge questions to “summarize or explain certain terminology” were also mentioned,
and one interviewee related an instance where some of their fellow students used ChatGPT to
focus their reading assignment:
What sections can I build on and where should I pay particular attention when I read it
myself, to get some food for thought.

Another used ChatGPT to generate feedback to a solution draft:

Sometimes I present my solution and use ChatGPT to ask if it makes sense. (...) Have I
forgotten anything? Are there contradictions?
In that sense, LLM-based services were also perceived as a possible learning support, which,
according to one student, may be particularly useful in cases where human tutors are not available.
However, participants also reported several instances where the generated results did not meet their
expectations. This pertained, for instance, to faulty results, misinformation, or lack of emotion. In

2All presented data quotes are translated from the native language verbatim.
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particular, several participants reported that ChatGPT seemingly struggled with higher mathematics,
and some mentioned the issue of “made-up research studies” and an overall inability to generate
proper citations. This point also pertains to Risk Expectancy and we will return to this interrelation
below.

Concerning effort expectancy, several interviewees described the actual use of LLM-based services
as rather accessible, referring, for instance, to natural-language interfaces, for which “you don’t
have to learn any programming code” However, some also described notable efforts to formulate
and re-formulate appropriate prompts in order to arrive at the desired results. Depending on the
context, these efforts could outweigh the expected gains such that by the time you get it right “I
might as well have done it myself” Some students also described entry thresholds, particularly
concerning first-time setups:

What version do I use? Do I want to spend money? Do I have to install something? Do
I need an account? How does it work?

Some also referred to their “affinity to technology” to explain why they didn’t find certain services
intuitive. Notably, the students who reported on such entry thresholds were also the ones who,
according to the prior survey, had less experience using LLM-based services. This corroborates the
previously reported quantitative finding that effort expectancy notably influences usage behavior.

The interviews also mentioned the effects of habit on usage behavior. While some reported that
using LLM-based services had already become routine, the more frequent response was to the
contrary. Several interviewees reported that it often did not even occur to them to use LLMs for a
particular task:

I often don’t use it even though I could, not because I explicitly decide against it, but
just because I don’t think of it.

I completely forget about it. It’s just not at the back of my mind.

Habit also appears to play a role in the notable prevalence of ChatGPT in students’ responses, even
though very similar services have since become available:

I already know about it and use it and that’s why I don’t use the other ones. It’s not a
conscious decision (...) just habit.

For social influence, some students mentioned social media, particularly videos on YouTube or
Instagram:

The biggest influence, I think was this somewhat popular Youtuber and I knew from
previous experience that his tips for working more efficiently are pretty good. So that
made me trust in the technology and I gave it a try.

Personal conversations or peer experience reports, particularly by friends, family and fellow
students, were also mentioned as having influenced usage decisions. One student even described a
rather competitive fear of being left behind

I mean if everyone uses it but you don’t, then it’s a little like WhatsApp, or the
smartphone, the computer. At some point you are just cut off.

However, negative influences were described as well, both on an institutional and personal level

The people I talk about and also the fact that my French uni isn’t very positively
disposed toward it.

As already mentioned, several students reported that they found using LLM-based services
rather effortless and convenient, for example, due to saving time, which several described as a
pleasant experience. In that sense, hedonic motivation depends on good performance. However, in
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another sense, it also seemed to exist in a certain tension, if not outright conflict, with performance
expectancy:

Yeah, I don’t know. It’s amusing to let ChatGPT formulate some dumb hook up lines,
but I wouldn’t say that’s very useful.

Sometimes you get nonsense answers and that’s always rather funny because it sounds
so sophisticated and formal, but is completely wrong. That’s always funny.

“Dumb” or “nonsense” answers may be a source of entertainment or fun but are also detrimental to
utility. The interplay of these effects is likely highly situational and task-dependent. If entertainment
is the goal, hilarious output is a source of fun. If the goal is to get actual work done, however, it is
just as easily a source of frustration. Compared to other technical systems, generating entertaining
content may be a genuinely new quality of LLMs, suggesting a more complex role of hedonic
motivation in their use.

Concerning Risk Expectancy, students reported on a broad range of perceived risks of using
LLM-based services, both for society in general and the specific context of their studies. The
former included, for instance, the displacement of jobs, particularly journalistic professions, or
the intentional dissemination of political propaganda and fake news, which could be generated
en masse using LLM-based services. Note that such intentional misinformation differs from the
generation of unwanted misinformation, which we will discuss below. Data privacy and copyright
issues were mentioned as well:

I have also already put in text containing personal information about me and I don’t
know if they were stored somehow.

Because it is always unclear where the information comes from that ChatGPT is
referencing.

Apart from the processes and information used to generate certain output, students also expressed
uncertainty about the legal status of that output and who owns any rights to it.

The most commonly mentioned risk was that the information generated by LLMs may be
unreliable, faulty, biased or discriminating, particularly with respect to racism or sexism.

I think I see the risk of misinformation and that people might think it’s correct because
it comes from some online source.

And I think that ChatGPT and all these services mirror all our human weaknesses and
problems, especially with respect to sexism or racism. And you need to know that
these services are not perfect, just because they come from a computer.

Indeed, several students described the necessity of a critical attitude toward LLM-generated re-
sponses, and practices of double-checking:

And then I read it again to see, OK, does this make sense?

I see that people use such systems and don’t have a clue about the kind of botched
stuff that may come out.

All these issues about misinformation, errors, or biases could also be framed in terms of performance
expectancy because the output quality does not meet the user’s requirements. Moreover, double-
checking the system’s output requires further effort and its importance likely increases in the
context of high-stakes scenarios such as term papers or theses:

I am currently in the middle of my Master’s thesis, which has to adhere to scientific
standards, and because ChatGPT’s sources are always very fuzzy, I stay away from it
for the time being.
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Hence, there likely exists a three-fold interaction between performance expectancy, effort ex-
pectancy and Risk Expectancy. This provides a plausible partial explanation for why Risk Expectancy
was not observed to have a notable influence on usage in the quantitative survey, as significant
portions of it may instead have been conflated with performance and effort expectancy. However,
the interviews also provided additional insights into the construct of Risk Expectancy:

Well the question of using or not using, I'd say, essentially comes down to two things.
Whether it is functional and does what I want, but also whether for me personally it
makes sense that I don’t do it myself.

Well, one disadvantage can certainly be that you tend to overuse it and maybe reduce
your own learning output.

You make it easy for yourself and then you don’t learn it anymore.

These participants exhibit an awareness that delegating certain efforts to an LLM may rob them
of valuable learning opportunities, regardless of the system’s expected quality of performance. In
fact, increased performance expectancy may result in a higher temptation to avoid an otherwise
challenging task, further increasing the risk of reduced learning. Compare this to the following
statement about plagiarism:

I think the fear to get caught. Because many use these services to just let them write a
term paper or something with made-up sources.

Several other students mentioned the risk of being accused of plagiarism, which in an educational
context is essentially cheating, an attempt to avoid a cognitive challenge and feign a level of
mastery not attained. In contrast to the risk of reduced learning, the risk of being caught cheating
may indeed decrease with more sophisticated LLMs as their output becomes harder and harder to
distinguish from genuine human performance. We believe this is a very important point to make
that informs different motivations for using LLMs in a learning context, which we will discuss
further in the next section.

Concerning facilitating conditions and given the above concerns, particularly regarding data
privacy, copyright, and plagiarism, it is unsurprising that several students expressed a favorable
opinion regarding clear rules and regulations of LLM use by their universities. While an outright
ban was endorsed by no one, several called for boundaries and enforceable consequences of misuse:

In my opinion there should be regulation. Students should be allowed to use these
services. Period. (...) But if I, say, during an exam I take out my phone to ask ChatGPT,
then that is obviously cheating.

I am a little afraid that they just make up some rule, but then you don’t know how that
is actually enforced. And my uni does this frequently.

In summary, the qualitative findings generally corroborate the quantitative survey results. They
also provide insight into the specific meaning of these factors and plausible interrelations between
them in the specific context of LLM use in education, particularly between performance expectancy,
effort expectancy, hedonic motivation, and Risk Expectancy.

6 Discussion

To answer our research question, we investigated the benefits and risks students perceive concerning
using LLM-based services for their studies and how these influence their usage behavior. The results
of the quantitative survey (cf. Section 4) are consistent with related prior work, which has found
the UTAUT?2 constructs performance expectancy, effort expectancy, habit, and hedonic motivation
to be valid predictors for behavioral intention in that context [5, 37, 40].
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Additionally, given the prevalence of the potentially harmful effects of LLMs in the public and
academic discourse, we suspected that perceived risks may also influence students’ usage decisions.
Therefore, we investigated students’ Risk Expectancy and found that, while many indeed perceive
notable usage risks, this does not seem to affect behavioral intention. On the one hand, the finding
that Risk Expectancy does not contribute to predicting behavioral intention is consistent with
UTAUT? in its present form, further corroborating the theory in this new context. On the other
hand, it raises questions about the specific mechanisms that prevent these perceptions from being
acted upon. Given the potential adverse effects of LLM usage in educational contexts [29, 35, 38],
ignoring perceived risk is hardly desirable behavior.

The analysis of the interview data (see Section 5) shows that participants indeed perceived a
large variety of potential benefits and risks of using LLM-based services in their studies, mainly
mirroring those put forward in the literature. However, several of the more general risks mentioned
by interviewees, such as hallucinated or biased results, are also readily interpretable as reduced
performance expectancy. This may have conflated these two constructs in the quantitative survey
and thus contributed to explaining the negligible effect of risk perception on usage behavior.
Another type of risk mentioned in the interviews and prior work [5, 33] pertains to data protection
and privacy issues. Here, the low effect on behavioral intention may be explained by the same kind
of “privacy paradox” observed in several other contexts as well [16, 22]. In that sense, LLMs mirror
behavioral trends observed in other technology domains, including smartphone overuse, password
reuse, and reduced social media privacy concerns. This suggests that perceived benefits, such as
efficiency and convenience, overrule potential downsides in their decision-making. Future research
should explore targeted interventions, such as educational awareness programs or user-centered
design improvements, to assess whether increasing risk awareness alters long-term usage patterns.

However, students also mentioned risks more directly related to their study and learning out-
comes, particularly the risk of getting caught when handing in an LLM-generated solution to a
task or the concern of impoverishing one’s learning process. Those can be framed in terms of
motivational goal orientation [12, 14]. Cheating is indicative of performance goals (i.e., seeking
good/avoiding bad grades) or even mastery avoidance goals (i.e., dodging a challenge), whereas
trying to enhance learning or at least being concerned about not diminishing it is indicative of
a mastery approach goal (pursuing learning/seeking challenges). Consequently, what counts as
arisk (e.g., getting caught, failing an exam, learning less) vis-a-vis successful performance (e.g.,
undetected cheating, improved learning) likely depends on individual motivations and attitudes
towards learning.

While goal orientation has a long-standing history in research on learner motivation, we are
unaware of any research utilizing motivational theories of learning to investigate the use of LLM-
based services in education. Nevertheless, we would hypothesize that a student’s goal orientations
concerning their studies are predictive of the kind of LLM usage they would endorse and practice
in that context and the associated benefits and risks. In all likelihood, the performance quality of
LLMs will keep improving. Hallucinated, outdated, or inappropriate results keep decreasing with
every new model iteration [2, 34], providing ever-easier opportunities to cheat without getting
caught. Yet learning happens through cognitive engagement and is diminished if said engagement
is offloaded or bypassed. Learning cannot be delegated.

Regarding regulation, this makes it rather difficult to draw a general and clear line between using
LLMs in a way that undercuts learning by diminishing relevant cognitive engagement and using
them in a way that fosters learning through scaffolding or by focusing the process. How much effort
has to be put into a solution attempt until it becomes a legitimate input for LLM-generated feedback?
Does generating an abstract solution strategy constitute legitimate scaffolding or an undesirable
reduction in task difficulty? Such questions critically depend on the particular task at hand and its
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particular educational objective. This certainly challenges educators and policymakers who aim
to establish consistent rules regarding using LLM-based services in education. Nevertheless, our
findings suggest that many students favor precise regulation only to have a reliable guideline about
what kind of behavior they might get in trouble for.

Consequently, our findings contribute to ongoing discussions within the computer-supported
cooperative work community around the socio-technical dynamics of emerging technologies. In
particular, the disconnect between high perceived risk and continued use of LLMs echoes prior
work on the privacy paradox in social media and collaborative platforms [16, 22], where user
actions diverge from expressed concerns. While students recognized various risks associated with
LLMs—including issues of academic integrity, misinformation, and privacy, these concerns do
not appear to significantly deter their actual usage. This behavioral paradox mirrors patterns
observed in other domains of technology adoption, such as privacy and ethical concerns. Similar
tensions have been documented by Wang et al. [50], who found that Al prototypers benefit from
in-situ Al tools to better anticipate harms during early design stages, yet such tools are rarely used
without deliberate intervention due to limited awareness or motivational barriers. Moreover, Long
et al. [30] showed that users of generative Al workflows tend to appropriate and customize tools
over time, increasing their perceived utility despite initial concerns or novelty-related skepticism
or the novelty effect of Al tools [21, 25, 48]. These insights support our finding that students,
after an initial familiarization phase, rationalize or integrate LLM use into their study routines
even when risk perceptions remain high. However, our study suggests that this gap is not merely
behavioral but tied to deeper motivational tensions: students weigh risks against competing goals
such as efficiency, performance, and time pressure. This perspective invites computer-supported
cooperative work researchers to move beyond rationalist models of acceptance and engage with
motivational theories, such as goal orientation and learned helplessness, as lenses to explain this
behavioral dissonance. By surfacing these frictions, our work extends risk-related discourse in
computer-supported cooperative work and contributes towards an understanding of how LLMs are
being normalized in everyday academic practice.

6.1 Limitations and Future Work

Although our study employs a mixed-methods approach to consider quantitative and qualitative
perspectives, we acknowledge several limitations. Due to how the survey participants were recruited,
our sample cannot be assumed to be representative of the population of university students recruited
through our network. It exhibits certain biases, likely introduced via the distribution networks
available to the researchers and evidenced, for instance, by the disproportionately high number
of computer science and maths students among the survey respondents. One criticism of the
qualitative interviews might be the low number of participants, which comprised eight persons.
To counteract this limitation, we aimed to sample a broad range of participants, thereby also
deliberately trying to mitigate the quantitative bias mentioned above. While a larger sample size is
always preferable, the combination of quantitative and qualitative sampling and analysis employed
in the present study also mitigates some of the limitations of either approach. To mitigate the issue
of limited representativeness in future work, we will expand our sampling to include a more diverse
and stratified participant base across disciplines, institutions, and educational systems. Additionally,
incorporating cross-cultural data could further clarify how risk perception interacts with students’
individual backgrounds and cultural norms.

Furthermore, the way “risk” was framed in our study may have influenced participants’ responses
by placing more emphasis on concerns than advantages. While the Risk Expectancy construct
captured generalized concern, interviews revealed that students interpret risk in diverse and
situational ways. This suggests the need for more differentiated risk constructs in future studies,
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distinguishing between systemic, behavioral, and pedagogical risks to better understand how each
uniquely affects user behavior. Future research should consider a framing to explore how both
perceived risks and benefits shape behavior. Moreover, as LLM tools become more embedded in
educational settings, students’ perceptions and usage patterns are likely to change. A longitudinal
study that tracks changes in attitudes, mental models, and behavioral responses over time through
repeated surveys and interviews would provide deeper insights into these dynamics. Such a study
could also incorporate risk-awareness interventions, including Al literacy training, transparency-
enhancing design features, or peer-led discussions, to assess their effectiveness in fostering more
reflective and responsible use of LLM-based services.

Lastly, our findings strongly suggest that students’ perceptions of associated benefits and risks
depend on their individual goal orientations. Whether students pursue mastery or performance
goals, that is, whether they are genuinely concerned with their own learning process or merely
want to get past the next exam or term paper, likely has a significant effect on when and how they
employ LLMs in their studies. Therefore, future research should investigate students’ acceptance
and use of LLM-based services while also controlling for goal orientation.

7 Conclusion and Outlook

Understanding and predicting students’ adoption of LLM-based services in higher education is
an important and very timely field of research. To that end, prior work has successfully applied
established theories of the acceptance and use of technology (e.g., TAM or UTAUT2) and shown that
performance and effort expectancy, among others, remain vital predictors. Our survey results are
consistent with those findings and corroborate that potential risks, although frequently discussed
by educators and policymakers and readily perceived by students, seem to have negligible effects
on usage intention. Yet predictive models can only ever capture the status quo of people’s behaviors,
whereas educational endeavors are chiefly concerned with behavioral change. This is particularly
apparent in the context of risk perception, which arguably should affect students’ decisions to use
LLM-based services or not. Here, our qualitative findings strongly suggest the need for a more
differentiated view. Some of the risks students perceive, for example, hallucinated or biased output,
may be conflated with lowered performance expectancy. At the same time, privacy concerns may
be subject to the “privacy paradox” observed in many other contexts as well. When it comes to
actual student learning, however, we propose that some of the most prominently discussed risks
of LLM use in education, such as cheating, plagiarism, and impoverished learning outcomes, are
better understood not through the lens of technology acceptance and use but through motivational
goal orientation. Viewed from this perspective, students’ motivation to truly master a subject or
to merely demonstrate or, if necessary, fake performance can be expected to directly impact their
attitudes and behavioral intentions towards LLM-based services for their studies. Further research
is needed to corroborate this. Yet, it may contribute to a better understanding of how and why
students use LLMs and ultimately inform effective institutional policy.
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