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Abstract 
Introduction. We report an investigation to compare students’ trust in GAI versus 
human librarians in the scenario of university libraries’ reference services and 
explore factors affecting students’ trust in GAI. 

Method. A within-subject design experiment with five tasks covering five disciplines 
was carried out based on a research model of antecedents for trust in AI, including 
AI (trustee) characteristics, human (trustor) characteristics, and decision situation 
(context) characteristics. Two versions of feedback (ChatGPT versus human) were 
generated for each task and randomly presented to participants without indicating 
feedback providers’ identities. 

Analysis. Quantitative analyses were carried out on the data of 146 participants, 
including descriptive statistics and reliability tests, bivariate correlations, and 
hierarchical multiple linear regression. 

Results. Students’ trust in GAI versus human librarians shows no significant 
difference. AI characteristics emerged as the strongest predictors for students’ 
trust in GAI as reference librarians, especially the perceived knowledge of AI. 
Human and decision situation characteristics have limited effects on students’ trust 
in GAI. 

Conclusion. The findings refine AI trust antecedents, emphasising system-centric 
factors over user-centric ones. It supports a shift toward designing ‘trustworthy by 
design’ AI systems and prioritises verifiable knowledge bases and clarified 
knowledge presentation ability in developing GAI-embedded reference service 
systems. 

https://doi.org/10.47989/ir31iConf64203
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Introduction 
The rapid integration of generative artificial intelligence (GAI) into library services is reshaping the 
way library services are provided (Balnaves et al., 2025). GAI refers to ‘computational techniques 
that are capable of generating seemingly new, meaningful content’ including text, images, audio, and 
video from training data (Feuerriegel et al., 2024, p. 111). With examples such as GPT-4, DALL-E, 
Copilot, and Gemini, GAI systems can not only be used to create new content mimicking the 
provided materials, but can assist humans as intelligent question-answering systems (Feuerriegel 
et al., 2024), which naturally fits to be applied to the scenario of reference services in libraries. 

As one of the primary functions of libraries, reference services traditionally refer to assisting 
patrons in using or accessing library resources (GYANG, 2020). Reference librarians aim to 
establish contact between a user and the right information at the right time (Onifade & Sowole, 
2011). Accuracy, thoroughness, timeliness, and authority are the common values associated with 
successful reference answers (Tyckoson, 2001). Reference services have a long-time adoption of 
AI technology like chatbots dating back to the mid-2000s (McNeal & Newyear, 2013). With the 
pervasive use of GAI and its instant feedback, many patrons now expect reference librarians to 
provide direct answers to their requests instead of a list of reference sources (Kaushal & Yadav, 
2022). Drawing by the requirements of patrons, libraries try to shift the paradigm of reference 
services by implementing the latest technology solutions to enhance user experiences (Jha, 2023), 
such as bringing in GAI as virtual reference librarians around the clock (Vijayakumar & Sheshadri, 
2019). 

On the other hand, implementation of AI technology in libraries may not be as optimistic as 
imagined (Wheatley & Hervieux, 2019). Besides financial challenges and inadequate infrastructure 
(Hussain, 2023), patrons’ awareness, adoption, and readiness to use AI-embedded library services 
are the main constraints (Ajani et al., 2022). Insufficient empirical studies on AI technologies in 
libraries further affect libraries’ engagement in the current AI conversation (Wheatley & Hervieux, 
2019). Yan et al. (2024) recently reviewed 53 AI application scenarios involving university students 
since 2017, yet none of these specifically examined AI implementation within library services. 

While GAI promises efficiency gains for libraries, its adoption hinges on trust, a foundational 
element in human-AI collaboration that influences reliance, satisfaction, and long-term 
engagement (Shin, 2021). Trust in this context can be defined as the perception of confidence in 
librarians’ reliability and integrity (Belanger et al., 2002). In reference services, trust has long been 
tied to librarians’ empathy and contextual expertise (Phelps & Campbell, 2012), but GAI as reference 
librarians introduces unique challenges, including perceived opacity and algorithmic biases that 
may erode user confidence (Rudin, 2019). 

Trust in AI has drawn increasing attention in human-AI interaction studies (Wang et al., 2024), due 
to its close connection to users’ intention to accept or use AI systems. However, no well-examined 
models have been identified in current literature to predict users’ trust in AI (Wang et al., 2024). 
Early studies focus on revealing antecedents of trust in non-human trustees, such as robotics, 
virtual, and embedded AI (Glikson & Woolley, 2020). Saßmannshausen et al. (2021) classified the 
antecedents into three groups: the trustor, the trustee, and the context. Antecedents of these 
three groups have been examined in various fields, such as production management 
(Saßmannshausen et al., 2021), customer service (Pelau et al., 2021), and legal decision-making 
(Kahr et al., 2023). Scenarios related to AI-embedded library services seldom appear in studies 
related to trust in AI. Some recent studies have started to investigate patrons’ perspectives and 
experiences of AI implementation in libraries (Kaushal & Yadav, 2022). However, as one of the key 
stakeholders of university libraries, students’ trust in GAI as librarians has not drawn enough 
attention in the current literature. 
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Considering the above research gaps, this study selects the scenario of reference services in 
university libraries to carry out empirical research regarding university students’ trust in AI. It aims 
to compare university students’ trust in GAI versus human librarians in providing reference 
services and reveal factors influencing their trust. A user test covering various discipline areas was 
carried out on university students. Two research questions guided the design of this study: 

RQ1: Is there a difference between university students’ trust in a human librarian and a GAI system 
to provide reference services? 

RQ2: What are the factors affecting university students’ trust in GAI providing reference services? 

Method 
To compare university students’ trust in GAI versus human reference librarians, this study carried 
out a within-subject design experiment. To answer RQ1, five tasks from five discipline areas were 
included in the experiment. A reference librarian and a GAI system provided two versions of 
feedback to each task. Participants were asked to evaluate their trust in the feedback after 
completing each task without knowing the identity of the feedback provider. To answer RQ2, a 
research model (Figure 1) was developed based on the framework of antecedents for trust in AI by 
Saßmannshausen et al. (2021). This framework has been tested for its ability to explain AI trust 
within the scenario of production management. Since our study aims to investigate factors 
affecting university students’ trust in GAI in reference services, this framework was thus employed 
as a structural foundation for the design of the study. 

 
Figure 1. Research model of antecedents for trust in AI within reference services 

The research model includes three aspects: AI (trustee) characteristics, human (trustor) 
characteristics, and decision situation (context) characteristics. AI characteristics originally 
include two elements (perceived comprehensibility and perceived ability). Because this study 
focuses on the scenario of library reference services and AI’s domain knowledge about a task can 
affect users’ trust in AI and its recommendations (Gomez et al., 2023), we added perceived 
knowledge as a third AI characteristic. Human characteristics originally include expert status and 
digital affinity. Because users’ AI literacy reflects their competence in using AI technology (Wang 
et al., 2023), which includes judging the reliability of AI feedback, we included it as a third human 
characteristic. Decision situation characteristics originally consisted of predictability of the 
situation and error costs, reflecting the scenario of production management. In this study, we 
modified the predictability of the situation as task complexity, indicating the difficulty of the task 
for patrons to solve in their research or studies. Since reference services do not include costs for 
the company of a wrong decision by AI, we deleted error costs from the framework and added a 
new element, ‘task area’, to reflect the discipline area of the task for students to make decisions. 
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Seven 5-point Likert scale instruments were modified based on related studies (Gomez et al., 2023; 
Saßmannshausen et al., 2021; Wang et al., 2023) in order to fit the scenario of reference services. 
For task complexity, we asked participants to evaluate how difficult it was for them to complete 
the task. For task area, it was pre-decided and requires no input from the participants. 

Experiment materials 
The experiment was conducted online and used two types of materials: experiment tasks and a 
digital platform to guide participants through the testing process. Five tasks were selected from 
existing university assignment questions of five disciplines: computer science, physics, law, 
economics, and history, most of which were rarely explored in prior studies (Cavalcanti et al., 2021). 
Two feedback versions were developed for each task: One was generated by ChatGPT, prompted 
to act as a reference librarian providing feedback with explanations and reference sources, while 
the other was provided by five subject librarians in university libraries (one for each discipline). 
Both feedback versions were formatted consistently: Presenting answers and explanations first, 
followed by a reference sources list. Figure 2 shows five tasks and one example of both versions of 
feedback. The online platform Credamo was employed to create the experimental environment, 
direct participants, and gather data. Credamo randomly assigned one of the two feedback versions 
for each task to participants, and all items in the instruments were displayed in random order. 

 
Figure 2. Experiment tasks and sample feedback from GAI and human librarians 

Data collection and analysis 
Figure 3 shows the procedure of the experiment. Participants first read the information and 
consent form to agree to participate, then they get the first task with feedback provided by human 
librarian or ChatGPT. Participants do not know the identity of the feedback provider, and they are 
asked to evaluate their trust in the provider based on the feedback. They will then answer three AI 
(trustee) instruments and evaluate the difficulty of the task. The process will repeat until all five 
tasks are completed. Then participants answer three human (trustor) instruments and one social-
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demographic questionnaire about their gender, age, educational background, major, and trust 
tendency. 

 
Figure 3. Experiment procedure 

The participant recruitment was carried out via Credamo from July 28th to August 11th, 2024, 
targeting university students in China, including undergraduates, master’s, and doctoral students. 
Each participant received compensation of 15 RMB upon completing the entire procedure. 

Collected data was assessed through descriptive statistics and reliability tests, and bivariate 
correlations were used to identify preliminary associations. To evaluate the relative contributions 
of the three groups of characteristics, hierarchical regression models were employed, with 
predictors entered in blocks sequentially. This approach enabled a comparison of the explanatory 
power of AI, human, and situational factors while accounting for socio-demographic controls. 
Multicollinearity was assessed using variance inflation factors, and all analyses were conducted in 
SPSS, with significance set at p < 0.05. 

Participants and reliability 
A total of 150 participants volunteered for the experiment, 146 (97.3%) of whom completed the 
entire procedure. Socio-demographic distribution of the participants is shown in Table 1. 

Topic Dimension Total % Topic Dimension Total % 

Gender 
Male 43 29.50% 

Educational 
background 

Bachelor's degree 112 76.70% 
Female 103 70.50% Master's degree 28 19.20% 

Major 

Arts 4 2.70% PhD. 6 4.10% 
Business 45 30.80% 

Age 

<19 0 0.00% 
Education 15 10.30% 19 6 4.10% 
Engineering 20 13.70% 20 23 15.80% 
Health 3 2.10% 21 34 23.30% 
Humanities 18 12.30% 22 38 26.00% 
Law 6 4.10% 23 18 12.30% 
Science 12 8.20% 24 13 8.90% 
Social Science 14 9.60% 25 6 4.10% 
Technology 9 6.20% >25 8 5.50% 

Total   146 100% Total   146 100% 

Table 1. Participants’ socio-demographics 

Reliability of the seven instruments was tested with Cronbach’s alpha. The values are all above 0.7 
(Table 2), indicating high internal consistency. The Kaiser-Meyer-Olkin (KMO) measures also 
exceeded 0.7, indicating satisfactory sampling adequacy. 
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Instrument Valid % Cronbach's Alpha KMO 

Trust in the reference librarian 730 100% 0.816 0.815 
Perceived ability 730 100% 0.763 0.747 
Perceived comprehensibility 730 100% 0.745 0.753 
Perceived knowledge 730 100% 0.761 0.777 
Digital affinity 146 100% 0.738 0.756 
AI literacy 146 100% 0.709 0.865 
Trust tendency 146 100% 0.845 0.722 

Table 2. Reliability and adequacy test of instruments  

Results 
Students’ trust in GAI as reference librarians 
We compared students’ trust in a human versus a GAI librarian in the scenario of reference services. 
The descriptive values for students’ trust are shown in Table 3. The two independent samples T-
test shows that though the average score (GAI=4.04, Librarian=4.02) of trust for AI is higher than 
for the human librarian, the differences were not significant with p=0.65. 

 Type  Variables No Mean Median Minimum Maximum Standard 
deviation 

  Trust in librarian 368 4.02 4.20 1.0 5.0 0.59 
Dependent 
variable Trust in GAI 362 4.04 4.20 1.4 5.0 0.61 

Independent 
variables 

Perceived ability 362 3.93 4.00 1.3 5.0 0.71 
Perceived 
comprehensibility 362 3.82 4.00 1.3 5.0 0.81 

Perceived Knowledge 362 4.11 4.25 1.5 5.0 0.60 
Digital affinity 362 3.81 4.00 1.5 5.0 0.70 
AI literacy 362 3.96 4.00 2.2 4.7 0.33 
Expert status: History 362 3.16 3.00 1.0 5.0 1.12 
Expert status: 
Economics 362 2.98 3.00 1.0 5.0 1.09 

Expert status: Law 362 2.49 2.00 1.0 5.0 1.01 
Expert status: Physics 362 2.33 2.00 1.0 5.0 1.17 
Expert status: 
Computer science 362 2.83 3.00 1.0 5.0 1.18 

Task complexity 362 3.62 4.00 1.0 5.0 1.18 
Trust tendency 362 3.74 4.00 1.0 5.0 0.92 

Table 3. Key figures of the dependent and independent variables  

We selected data with GAI providing feedback and compared students’ trust in GAI with different 
socio-demographic backgrounds. The two independent samples T-test shows no significant 
differences in the average and standard deviation of male and female students’ trust in GAI. The 
one-way ANOVA shows that students’ educational background (F=2.657, p=0.072) and major 
(F=1.276, p=0.248) have no significant effect on their trust in GAI, while students of different ages 
show different trust in GAI (F=2.116, p=0.041). Students older than 24 have significantly lower trust 
in GAI compared to students aged 21 and 22. Students’ trust tendency shows a significant positive 
correlation with their trust in GAI, with the Spearman rank-order correlation coefficient r=0.23. 
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Correlation analyses 
We carried out the Spearman rank-order correlation analysis of AI characteristics, human 
characteristics, decision situation characteristics, socio-demographic characteristics, and 
students’ trust in GAI providing reference services. Results show that six variables have strong 
significant positive correlations with students’ trust in GAI, which are perceived ability, perceived 
knowledge, perceived comprehensibility, digital affinity, AI literacy, and trust tendency 
(rs=0.50~0.68, ps<0.001). Perceived knowledge has the highest coefficient (r=0.68). Students’ 
expert status in physics has a weak significant correlation with students’ trust in GAI. All other 
variables have insignificant correlations with students’ trust in GAI. 

Regression model for students’ trust in GAI as reference librarians 
To further investigate factors affecting students’ trust in GAI providing reference services (RQ2), a 
hierarchical multiple linear regression analysis was performed, with trust in GAI as the dependent 
variable. Predictors were entered in four blocks, following the research model: Block 1 includes AI 
characteristics (perceived ability, perceived comprehensibility, and perceived knowledge). Block 2 
includes human characteristics (digital affinity, AI literacy, and expert status of five discipline 
areas). Block 3 includes decision situation characteristics (task complexity and task area). Block 4 
includes socio-demographic characteristics (gender, age, educational background, major, and 
trust tendency). 

The overall model was significant, explaining 67.5% of the variance in trust. Table 4 summarises 
the unstandardised (B) and standardised (β) coefficients, standard errors (SE), t-values, p-values, 
and VIFs from the final model. AI characteristics accounted for the majority of the explained 
variance. All three variables were significant positive contributors, with perceived knowledge 
emerging as the strongest (β = 0.524, p < .001). Human characteristics added small incremental 
variance (ΔR² = 0.003, ΔF(7, 351) = 0.42, p = 0.882), and no individual predictor was significant. 
Decision situation characteristics contributed a small but significant increase (ΔR² = 0.005, ΔF(2, 
349) = 3.67, p = 0.027), though neither task area nor task complexity reached individual significance. 
Social-demographic characteristics explained an additional 0.4% of variance (ΔR² = 0.004, ΔF(1, 348) 
= 4.58, p = 0.033), with educational background as the only significant predictor. 
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Predictors B SE β t p VIF 
Block 1: AI Characteristics 
Perceived ability 0.182 0.040 0.212*** 4.52 <0.001 2.36 
Perceived comprehensibility 0.162 0.033 0.217*** 4.95 <0.001 2.07 
Perceived knowledge 0.532 0.050 0.524*** 10.71 <0.001 2.57 
Block 2: Human Characteristics 
Digital affinity 0.011 0.035 0.013 0.32 0.752 1.70 
AI literacy -0.048 0.070 -0.026 -0.69 0.492 1.50 
Expert status: History 0.005 0.019 0.010 0.27 0.784 1.35 
Expert status: Economics -0.005 0.020 -0.009 -0.26 0.792 1.39 
Expert status: Law 0.013 0.021 0.022 0.62 0.535 1.30 
Expert status: Physics 0.015 0.020 0.028 0.73 0.464 1.59 
Expert status: Computer science -0.027 0.021 -0.053 -1.30 0.196 1.78 
Block 3: Decision Situation Characteristics 
Task area 0.022 0.014 0.051 1.53 0.126 1.17 
Task complexity 0.030 0.018 0.058 1.64 0.102 1.36 
Block 4: Social-Demographic 
Education background 0.091 0.042 0.067* 2.14 0.033 1.04 
Model Summary R2=0.675 
 Adj. R2=0.663 
 F (13.348) =55.68 
Note: Coefficients from the final model. B=unstandardised coefficient, β=standardised coefficient, SE=standard errors. *p < .05, 
***p < .001. VIFs indicate no multicollinearity concerns. 

Table 4. Hierarchical multiple regression results predicting students’ trust in GAI providing reference 
services  

Discussion 
This study provides empirical insights into the factors shaping university students’ trust in GAI 
providing reference services. Based on the analysis, students’ trust in GAI versus human reference 
librarians shows no significant difference. In this study, participants did not know the identity of 
the reference feedback provider. They evaluated their trust in the provider based on the feedback 
for each task. On one hand, this indicates that students may think the quality of the feedback 
provided by human librarians has no significant differences compared to the one provided by GAI, 
which agrees with previous studies that manual feedback may not be more efficient than AI-
generated feedback (Cavalcanti et al., 2021). On the other hand, our finding supports the view that 
when participants were deceived about the identity of AI, they tended to report the AI as more 
competent and helpful (Zhang et al., 2023). This indicates that merging GAI in reference services 
to provide high-quality feedback is a practical way for university libraries. 

The results of the regression model show that AI characteristics emerged as the strongest 
predictors for students’ trust in GAI providing reference services, especially the perceived 
knowledge of AI. This aligns with previous studies that AI characteristics are decisive to explain 
and build users’ trust (Glikson & Woolley, 2020; Saßmannshausen et al., 2021), since they indicate 
the competence of AI systems (Glikson & Woolley, 2020). However, perceived ability is traditionally 
recognised as a strong influencing factor for trust in AI (Schaefer et al., 2016). In this study, the 
prominent effects of GAI’s perceived knowledge may reflect the context of reference services, and 
at the same time, indicate that with GAI’s ability in knowledge work becoming more remarkable 
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(Ritala et al., 2023), its domain knowledge related to working tasks has become more decisive in 
affecting users’ trust. 

Although correlation analysis shows digital affinity and AI literacy are positively related to students’ 
GAI trust, the regression model shows that human (trustor) and decision situation characteristics 
have a limited effect on predicting GAI trust. This finding supports previous studies that decision 
situations may contribute to the explanation of GAI trust through mediated indirect effects 
(Saßmannshausen et al., 2021; Schaefer et al., 2016). On the other hand, our findings are against the 
previous study’s view that people with advanced AI literacy show higher trust in AI (Huang & Ball, 
2024). This may be due to our experiment did not reveal feedback providers’ identities to 
participants. Another explanation is that AI literacy does not directly build users’ trust in AI but 
facilitates users with the ability to critically appraise AI outputs (Bećirović et al., 2025). 

Conclusion 
Despite the wide implementation of AI technology in library services, studies about patrons’ trust 
in GAI as virtual librarians are limited. This study chooses university libraries’ reference services, 
one of the primary functions of libraries and the earliest adoption of AI expert systems, as the 
scenario to investigate students’ trust in GAI. The empirical results show no significant differences 
in students’ trust in GAI versus human reference librarians. AI characteristics, including perceived 
ability, comprehensibility, and knowledge, strongly affect students’ GAI trust, while users’ 
characteristics and decision situation characteristics have no significant direct effects. 
Theoretically, these findings refine AI trust antecedents for information science, emphasising 
system-centric factors over user-centric ones in reference services and bringing in AI’s perceived 
knowledge as a new antecedent to predict trust. It also supports a shift toward designing 
‘trustworthy by design’ AI systems, integrating transparency, interpretability, and explainability 
features to enhance comprehensibility (Abdul et al., 2018). Practically, academic librarians could 
prioritise GAI-embedded reference service systems with verifiable knowledge bases, clarified 
knowledge presentation ability, and user-friendly interfaces to boost adoption. Future research 
could employ longitudinal designs to track students’ trust evolution and investigate GAI librarians’ 
effects on different dimensions of patrons’ trust. 
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