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Artificial intelligence (AI) is increasingly utilized to provide real-time assistance and recommendations 
across a wide range of tasks in both education and workplace settings, especially since the emergence 
of Generative AI. However, it is unclear how users perceive the trustworthiness of these tools, 
particularly given the publicized “hallucinations” that they may experience. We conduct a randomized 
field experiment in an undergraduate course setting where students perform periodic tests using a 
digital platform. We analyze how subject characteristics affect trust in AI versus peers’ advice. Students 
are randomly assigned to either a treatment group receiving advice labeled as coming from an AI 
system or a control group receiving advice labeled as coming from human peers. Our results are in 
line with recent laboratory experiments documenting algorithm appreciation. However, this effect 
is moderated by subject characteristics: male and high-knowledge participants place significantly 
less weight on AI advice compared to peer advice. Notably, these trust patterns persist regardless of 
advice quality (correct or incorrect). Moreover, our results remain consistent over a four-week period, 
including after providing performance feedback during the second week, allowing subjects to make 
more informed trust decisions.

Large language models and AI tools, such as ChatGPT, are rapidly transforming how humans interact with 
technology in educational and professional settings. However, adoption patterns among users remain diverse, 
raising questions about the psychological underpinnings that shape human-AI interactions, such as trust towards 
AI systems1–4. Understanding the determinants of user trust in AI systems is essential to understand varying 
adoption and usage behaviors. To examine individuals’ trust in AI, we conduct a randomized field experiment 
within an educational context in an undergraduate class where students take online tests regularly on a digital 
platform.

In our experiment, we focus on the question of whether individuals are more inclined to rely on AI-generated 
or human (peer) advice, a question debated in the academic literature, particularly in decision-making 
contexts. More than four decades of research suggests algorithm aversion, where people prefer human advice 
over algorithmic recommendations1–6. However, recent laboratory experiments indicate a shift in preferences 
towards algorithmic appreciation, particularly for more complex and more objective tasks2,7–9, likely reflecting 
the improved accuracy and performance of modern algorithms. At the same time, early and largely anecdotal 
evidence suggests subject characteristics, including knowledge, experience, and personality traits may contribute 
to variations in AI appreciation9,10.

Our research focuses on two primary factors affecting trust in AI. First, we explore gender differences in AI 
appreciation. Existing economic literature yields mixed results regarding gender differences in trusting behaviors, 
although most studies indicate that women trust their peers less than men11–14. However, it remains an open 
question whether this pattern extends to trust in AI versus peer advice. The current literature on algorithm 
reliance finds mixed results for gender15: some studies report that women perceive algorithms as less useful16, 
while others find no gender differences in algorithm preference17,18. Second, we examine subject knowledge as a 
driver of AI appreciation. Prior evidence indicates that subjects with greater knowledge and expertise generally 
exhibit lower levels of trust in advice, irrespective of the source of advice (human or AI)9,13. Knowledgeable 
individuals often dismiss peer advice, viewing it as inferior to their own knowledge and understanding10. 
Empirical evidence also indicates that knowledgeable individuals tend to reject AI advice more frequently19. 
Classic work on clinical versus actuarial judgment demonstrates that experts often rely on their own judgment 
even when actuarial models outperform them20. Yet whether knowledgeable individuals exhibit differential 
trust toward AI versus peer advice, that is, whether their trust is source-dependent, remains an open empirical 
question.
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Recent studies exploring AI appreciation rely exclusively on ‘one-shot’ laboratory settings7–9. However, 
previous research highlights the external validity limitations of such environments, noting that many effects 
documented in laboratories do not extend to real-world settings21–23. Moreover, trust is a learning process, and 
individuals may behave differently once they learn about and get used to the source of advice. Thus, while these 
experiments capture the dispositional aspect of trust, they cannot capture the dynamic nature of trust (i.e., 
learned trust)24,25. Consequently, it is unclear whether individuals trust AI advice in field settings as they do in 
the laboratory.

To address this question, we conduct a randomized field experiment over a four-week period, divided into 
two distinct phases. The first phase captures subjects’ initial exposure to either peer or AI advice under controlled 
conditions to ensure internal validity (i.e., the one-shot experiment). The second phase extends over the next 
three weeks, during which students were allowed to engage in normal classroom interactions between quiz 
sessions, including discussing course material with peers, while we maintained controlled conditions during the 
quizzes themselves. This multi-period design better reflects real-world educational settings, while allowing us to 
observe how trust patterns develop over time. Furthermore, we provide students with performance feedback after 
the second week of this phase. This research design allows us to assess both the persistence of AI appreciation 
over time and whether trust patterns remain stable after subjects receive performance feedback.

For our study, we enlisted undergraduate students enrolled in a management course. Students complete tests 
on an online platform during their weekly lectures, with a significant bonus to their final grade serving as an 
incentive for participation. We randomly assign students to our treatment group that receives advice labeled as 
AI or to our control group receiving advice that is labeled peer advice. Through this design, we aim to address 
the following research questions: Do subjects demonstrate AI appreciation by relying more on AI than peer 
advice? (RQ1); is AI appreciation moderated by subject gender and knowledge? (RQ2); and do these patterns 
(AI aversion or appreciation) persist over time and following performance feedback? (RQ3).

We find that subjects place greater weight on AI advice compared to peers’ advice, as measured using Weight 
on Advice (WOA). However, we find that algorithm appreciation varies with subject knowledge and gender. 
Specifically, male and high-knowledge participants place considerably less weight on AI advice (Figs. 1 and 2). 
These results remain stable over time and after providing subjects with performance feedback.

Results
Our field experiment setting is a face-to-face undergraduate management course that meets once a week and 
includes a digital quiz every meeting. We randomly assign students to either a treatment group, receiving AI-
labeled advice, or the control group, receiving peer-labeled advice. These groups remain constant throughout 
the entire experimental period, and the only difference between them is the label on the advice provided (AI or 
peer).

Fig. 1.  Gender as a moderator of AI appreciation. Week 1 results of the ‘one-shot’ experiment by regressing 
WOA on treatment dummy, Gender, their interaction plus controls (826 obs.). The left bar (AI advice) 
represents the treatment effect on the reference group (female subjects). The difference is significant (p-value 
< 0.01). The right bar (Gender x AI advice) represents the moderating effect of being a male on the treatment 
effect (AI advice) compared to being a female. The difference across conditions is significant (p-value < 0.05). 
The confidence interval level is set at 90%.
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The experiment lasts four weeks (four sessions), comprising 82 students who provided 3,667 student-
question responses. The first week represents our controlled ‘one-shot’ experiment that allows us to confirm 
AI appreciation bias observed in recent studies8,9. To explore whether AI appreciation persists over time, 
we continued the experiment during the remaining three weeks of the course and provided students with 
performance feedback about their pre-and post-advice performance after the second week. Finally, in the last 
session, we switched the source of recommendations to capture within subject differences.

Throughout the study, we use two types of questions: numerical questions requiring calculations (e.g., 
computing financial ratios) and conceptual questions asking students to evaluate management principles 
(e.g., identifying correct theoretical statements). Examples of both question types are provided in the Online 
Appendix 1 and 2. We control for question easiness and question type as prior literature indicates that the 
nature of the task moderates trust in AI, with individuals potentially relying more on advice in tasks of higher 
difficulty8 or lower subjectivity2. We also control for advice accuracy using a binary indicator of whether the 
recommendation matches the correct answer. This allows us to account for the possibility that subjects might 
rely more on accurate recommendations regardless of whether they are labeled as AI or peer advice.

To explore trust differences between AI and peer advice, we focus on advice utilization, a consistently used 
measure of trust in behavioral studies9,26–28. We employ the Judge–Advisor System (JAS)7,8. In this system, 
subjects can view the advice after their initial answer to a question. After seeing the advice, subjects have the 
option to revise their answer without any penalty. We then compute the Weight on Advice (WOA), which 
captures the extent to which subjects incorporate the advice into their revised answers. This measure can be 
continuous, reflecting partial adoption of advice, or binary, indicating complete switches to match advice exactly.

Task validation and randomization check
We do not find significant performance differences across our treatment and control groups in the quizzes 
during the pre-experimental period of six weeks (t = 0.22; p-value = 0.826). Furthermore, we document no 
statistically significant difference in performance between genders in the pre-experimental period (t = 1.26; 
p-value = 0.213). The gender distribution across our treatment and control groups is balanced. Specifically, out 
of 41 subjects in the treatment group, 23 are male, while in the control group of 42 subjects, 24 are male. In 
addition, there is no significant difference across treatment and control groups in their performance on the first 
attempt answers before receiving the advice (t = -1.21; p-value = 0.229). There is also no significant difference 
across gender in terms of performance on the first attempt before receiving the advice (t = 1.38; p-value = 
0.170). Given that we examine both gender and knowledge as moderators of AI appreciation, we conduct two 
complementary analyses to verify that these variables are independent in our sample. First, a two-sample t-test 
shows no significant difference in the probability of being high-knowledge between male and female subjects 
(p-value = 0.44). Second, regressing subjects’ first-attempt performance at the question level on gender, with 

Fig. 2.  Knowledge as a moderator of AI appreciation. Week 1 results of the ‘one-shot’ experiment by regressing 
WOA on treatment dummy, High-knowledge, their interaction plus controls (826 obs.). The left bar (AI 
advice) represents the treatment effect on the reference group (low-knowledge subjects). The difference is 
significant (p-value < 0.01). The right bar (High-knowledge x AI advice) represents the moderating effect of 
being in the high-knowledge group on the treatment effect (AI advice) compared to the reference group for the 
interaction (low-knowledge subjects). The difference across conditions is significant (p-value < 0.01).
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controls for question easiness, question type, and quiz fixed effects, yields no significant gender effect (β = 0.052, 
p-value = 0.16). These analyses suggest that gender and knowledge effects are largely independent in our sample.

We measure knowledge based on subjects’ answers during their first attempts and therefore exogenous to 
the treatment. To validate this measure, we examine whether high-knowledge subjects outperformed their 
counterparts in both the pre-experimental phase and the final exam. Notably, high-knowledge subjects exhibited 
an average performance that is 8.1% points superior to low-knowledge subjects before the experiment (ß = 
0.0805; p-value = 0.042), demonstrating a 66.5% accuracy compared to 58.5% for the latter. Furthermore, in the 
subsequent final exam conducted about one month post-experiment, high-knowledge subjects demonstrated 
a performance that was 39.45% higher than their low-knowledge counterparts. On average, low-knowledge 
subjects scored 33.5%, while those with high knowledge scored 46.7%, signifying a 13.2% difference (ß = 0.1320; 
p-value = 0.003).

Main analyses
We first analyze whether subjects rely differently on AI versus peer-labeled advice. Table 1, column 1, documents 
that subjects change their answers more often when they receive AI-labeled advice, after controlling for factors 
that can affect a subject’s reliance on advice (ß = 0.072; p-value = 0.006). Subjects who receive AI-labeled 
advice revise their responses 7.2% points more than subjects receiving advice from peers, consistent with AI 
appreciation. We also find a significantly negative effect of task easiness on WOA (ß = -0.361; p-value < 0.001). 
Task Easiness is measured as the average first-attempt score; thus, lower values correspond to harder tasks. This 
means that subjects follow the advice more often when the task is more difficult (i.e., when students score fewer 
points on average in the first attempt). Finally, we also observe that high-knowledge subjects rely on advice to a 
lesser extent (ß = -0.152; p-value < 0.001).

Table 1, column 2 includes the interaction between gender and AI-labeled advice revealing two key findings 
regarding gender effects. First, the main effect for male subjects is not statistically significant (β = -0.008, p-value 
= 0.816), indicating no gender difference in trust toward peer advice. Second, we find a significantly coefficient 
on the interaction term between female gender and AI advice (β = 0.146; p-value = 0.002). That is, female 
subjects who receive AI advice revise their responses 14.6% points more than female subjects receiving advice 
from peers. In contrast, male subjects rely on average 12.1% points less on AI advice than female subjects (β = 
-0.121; p-value = 0.031). Table 1, column 3 includes an additional interaction between high-knowledge and AI 
advice. We find that low-knowledge subjects who receive AI advice revise their responses 16.1% points more 

(1) (2) (3) (4)

WOA WOA WOA WOA

AI advice
RQ1 0.0718*** 0.146*** 0.161*** 0.214***

(0.006) (0.002) (0.000) (0.000)

Gender
-0.0560** -0.00754 -0.0413 -0.00289

(0.038) (0.816) (0.118) (0.928)

High-knowledge
-0.152*** -0.141*** -0.0811** -0.0783**

(0.000) (0.000) (0.014) (0.017)

AI advice x Gender
RQ2 -0.121** -0.0988*

(0.031) (0.076)

AI advice x High-knowledge
RQ2 -0.168*** -0.155***

(0.001) (0.003)

Task easiness
-0.361*** -0.361*** -0.361*** -0.361***

(0.000) (0.000) (0.000) (0.000)

Conceptual task
-0.0702* -0.0702* -0.0702** -0.0702**

(0.050) (0.051) (0.048) (0.049)

Advice accuracy
0.0448* 0.0448* 0.0448* 0.0448*

(0.090) (0.088) (0.088) (0.087)

Constant
0.507*** 0.474*** 0.459*** 0.436***

(0.000) (0.000) (0.000) (0.000)

r2 0.124 0.130 0.135 0.139

Adjusted r2 0.118 0.122 0.128 0.131

Number of participants 59 59 59 59

N 826 826 826 826

Table 1.  The effect of gender and knowledge on AI appreciation in the first week ‘one-shot’ experiment. 
The dependent variable is the weight on advice (WOA), with values between 0 and 1. Our main explanatory 
variables (Gender, AI advice and High-knowledge) are binary; thus, the coefficients can be interpreted in 
percentage terms. The table reports OLS coefficient estimates and (in parentheses) p-values based on robust 
standard errors. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels (two-tailed), 
respectively.
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often than low-knowledge subjects receiving advice from peers (ß = 0.161; p-value < 0.001). In contrast, high-
knowledge subjects rely 16.8% points less on AI advice compared to low-knowledge subjects (ß = -0.168; p-value 
= 0.001). Column 4 includes both interactions in a complete model. The magnitude of effects suggests that 
knowledge (β = -0.155, p-value = 0.003) has a stronger influence than gender (β = -0.099, p-value = 0.076) on AI 
advice-taking behavior.

Table 2 explores whether AI appreciation and the moderating effects of gender and knowledge persist over 
time by testing whether our ‘one-shot experiment’ findings hold throughout the entire four-week period of 
the experiment. We find consistent results regarding all three research questions (i.e., AI appreciation bias, the 
moderating effects of gender and knowledge). Table 2, Column 1 documents that subjects change their answers 
6.1% points more often (compared to 7.2% during the first week) than subjects receiving advice from peers (ß = 
0.061; p-value = 0.055), consistent with AI appreciation persisting over time. The interaction between AI advice 
and gender in Column 2 also supports the results obtained during the first period: male subjects rely 12.8% 
points less (compared to 12.1% points in the first week) on AI advice compared to female subjects (ß = -0.128; 
p-value = 0.054). Column 3 confirms that high-knowledge subjects rely 16.3% points less (compared to 16.8% 
points in the first week) on AI advice (ß = -0.163; p-value = 0.007).

While feedback shows a significant main effect (β = 0.077, p-value = 0.053) in increasing overall advice-
taking behavior, the lack of significant interaction with AI advice suggests that feedback affects trust in AI and 
peer advice similarly. This finding indicates that relative performance feedback influences general advice-taking 
propensity rather than source-specific trust. This supports the external validity of one-shot lab experiments 
(e.g., Logg et al., 2019; Bogert et al., 2021) for predicting behavior in real-world settings where subjects can learn 
and make more informed trust decisions when performance information is shared. Additionally, performance 
feedback may influence advice-taking propensity differently depending on the relative quality of the advice 
compared to the subject’s initial answer accuracy. For instance, subjects who consistently outperform the advice 
may reduce reliance, while those with lower initial accuracy may rely more heavily on advice after receiving 

(1) (2) (3) (4)

WOA WOA WOA WOA

AI advice
RQ3 0.0614* 0.134** 0.143*** 0.195***

(0.055) (0.022) (0.008) (0.002)

Gender
-0.0247 0.0309 -0.00973 0.0354

(0.465) (0.444) (0.757) (0.356)

High-knowledge
-0.205*** -0.193*** -0.132*** -0.129***

(0.000) (0.000) (0.003) (0.003)

Feedback
0.0827** 0.0800** 0.0793** 0.0768*

(0.022) (0.027) (0.028) (0.053)

AI advice x Gender
RQ2 -0.128* -0.107*

(0.054) (0.080)

AI advice x High-knowledge
RQ2 -0.163*** -0.149**

(0.007) (0.013)

AI advice x Feedback
0.00136

(0.981)

Task easiness
-0.364*** -0.368*** -0.367*** -0.370***

(0.000) (0.000) (0.000) (0.000)

Conceptual task
0.0531 0.0518 0.0523 0.0513

(0.142) (0.152) (0.147) (0.155)

Advice accuracy
0.0306 0.0302 0.0301 0.0298

(0.296) (0.301) (0.300) (0.303)

Constant
0.427*** 0.395*** 0.385*** 0.362***

(0.000) (0.000) (0.000) (0.000)

r2 0.137 0.142 0.145 0.149

Adjusted r2 0.135 0.140 0.144 0.147

Number of participants 82 82 82 82

N 3667 3667 3667 3667

Table 2.  The effect of gender and knowledge on AI appreciation using the sample including the extended 
experimental period. The dependent variable is the weight on advice (WOA), with values between 0 and 1. Our 
main explanatory variables (Gender, AI advice and High-knowledge) are binary; thus, the coefficients can be 
interpreted in percentage terms. Feedback is a binary variable that takes the value of ‘1’ for observations after 
the second week. The table reports OLS coefficient estimates and (in parentheses) p-values based on robust 
standard errors clustered by subject and question. ***, **, and * indicate statistical significance at the 1%, 5%, 
and 10% levels (two-tailed), respectively.
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feedback. We test this by adding an interaction term between high-knowledge and feedback (see Appendix 
4). We find that while feedback significantly increases overall advice-taking propensity (β = 0.147; p-value = 
0.009), this positive effect is significantly reduced for high-knowledge individuals (β=−0.135; p-value = 0.022), 
indicating that feedback helps individuals calibrate their trust in advice more effectively.

In Table 3, we analyze how subjects react when we switch the source of advice (from AI to peer or vice versa) 
in the last test of the four-week sequence. The gender-specific analyses reveal distinct patterns in how subjects 
respond to this switch. Female subjects initially show greater trust in AI compared to peer advice (β = 0.149, 
p-value = 0.035) and significantly reduce their trust when switched to peer advice (β = -0.286, p-value < 0.001). 
In contrast, male subjects demonstrate initial skepticism toward AI advice (β = -0.120, p-value < 0.061) and show 
an even stronger reduction in trust when switched from peer to AI advice (β = -0.452, p-value = 0.011). These 
opposing gender patterns help explain why the aggregate analysis (Column 1) shows more modest effects in the 
full sample.

To examine whether advice quality affects trust patterns, Table 4 analyzes reliance on correct versus incorrect 
advice separately. While our main analyses (Tables 1, 2 and 3) control for advice quality to hold it constant across 
all observations, Table 4 provides an additional test by splitting the sample based on whether advice was correct 
or incorrect. We create two separate dependent variables: Weight on Wrong Advice (WOWA) and Weight on 
Correct Advice (WOCA). WOWA takes the value of 1 if the subject follows the wrong advice and 0 otherwise. 
WOCA takes the value of 1 if the subject follows the correct advice and 0 otherwise.

Our central findings are robust across both correct and incorrect advice. AI appreciation remains positive 
and significant in both models (WOWA: β = 0.0815, p-value = 0.013; WOCA: β = 0.114, p-value < 0.002). 
High-knowledge participants consistently show lower reliance on AI advice (WOWA: β = -0.0619, p = 0.064; 
WOCA: β = -0.0870, p = 0.017), and gender differences remain stable (WOWA: β = 0.0534, p-value = 0.092; 
WOCA: β = 0.0537, p-value = 0.078). The moderating effects of gender and knowledge are stable in direction 
and magnitude across specifications. This indicates that the observed effects are not driven by advice quality, but 
reflect systematic differences in trust toward AI-labeled advice.

Robustness tests
We test the robustness of our findings to the following empirical design choices. First, our results are robust across 
two different measures of advice-taking behavior. Our primary WOA measure captures nuanced differences in 
how subjects incorporate advice, including partial adoption of recommendations. For example, in conceptual 

(1) Overall (2) Male (3) Female

WOA WOA WOA

AI advice
0.00547 -0.120* 0.149**

(0.908) (0.061) (0.035)

Switch
-0.223* -0.452** 0.0275

(0.096) (0.011) (0.889)

AI advice x Switch
0.00680 0.266*** -0.286***

(0.905) (0.000) (0.001)

Task easiness
-0.356 -0.518 -0.167

(0.200) (0.168) (0.675)

High-knowledge
-1.340*** -1.471*** -1.328***

(0.000) (0.000) (0.000)

Gender
0.0532**

(0.028)

Advice accuracy
0.0204 0.00537 0.0380

(0.405) (0.872) (0.277)

Constant
0.938*** 1.193*** 0.749***

(0.000) (0.000) (0.000)

r2 0.189 0.178 0.251

Adjusted r2 0.184 0.170 0.242

 Number of participants 74 42 32

N 1150 620 530

Table 3.  The effect of gender and knowledge on AI appreciation in a within subject comparison. The table 
shows a regression analysis of the last week only (pre- and post-switching the source of advice). The dependent 
variable is the weight on advice (WOA), with values between 0 and 1. Our main explanatory variables (Gender, 
AI advice and High-knowledge) are binary; thus, the coefficients can be interpreted in percentage terms. 
Switch is a binary variable that takes value of '1' for observations after the second part of this last session (once 
we switch the advice source within subjects). The table reports OLS coefficient estimates and (in parentheses) 
p-values based on robust standard errors clustered by subject and question. ***, **, and * indicate statistical 
significance at the 1%, 5%, and 10% levels (two-tailed), respectively.
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questions where students evaluate multiple statements, they might adopt some but not all of the recommended 
changes, reflecting varying degrees of trust in the advice. This approach aligns with prior studies (e.g., Logg et al. 
2019), which emphasize the continuous spectrum of advice-taking behavior.

For our first robustness test, we use a binary WOA measure in a robustness test that takes the value of one if 
the subject changes the answer to match exactly the recommendation and zero otherwise. This provides a more 
conservative test of our hypotheses, particularly relevant for numerical tasks where partial adjustments are rarely 
meaningful. For instance, when calculating operating leverage, partially adjusting an answer toward the advised 
value rarely results in a correct solution – the answer is either right or wrong.

Second, our results are robust to multiple combinations of control variables (e.g., without including other 
interactions when analyzing gender and knowledge effects; excluding task easiness and/or conceptual task 
dummy; and using a binary measure of task difficulty). In Appendix 3, we also examine how task characteristics, 
particularly task difficulty, interact with AI advice. Our findings show that task difficulty (binary measure) 
significantly influences overall advice-taking behavior – subjects demonstrate higher reliance on both AI and 
peer advice for more challenging tasks (β = 0.183; p < 0.001). However, we find that the interaction between task 
difficulty and AI advice is not statistically significant, suggesting that task difficulty does not affect algorithm 
appreciation in our setting.

Third, we test whether our results are robust to alternative measures of knowledge. Our conclusions remain 
unchanged if we substitute our knowledge variable with a binary numeracy variable (median split) that measures 
subjects’ performance on numerical questions, as numerical ability may particularly affect subjects’ trust in 
algorithmic advice8,9.

Fourth, we verify that our findings are not artifacts of modeling or inference choices. Specifically, we (i) 
estimate multilevel mixed-effects models with crossed random intercepts for students (to account for individual 
differences in advice-taking propensity) and questions (to account for question-specific effects on difficulty and 
advice utility), (ii) re-estimate our models using nonlinear binary choice specifications (logit) based on a binary 

(1) (2)

WOWA: Weight on wrong advice WOCA: Weight on correct advice

AI advice
0.0815** 0.114***

(0.013) (0.002)

Gender
0.0225 0.0129

(0.244) (0.521)

High-knowledge
-0.0645** -0.0642***

(0.012) (0.010)

Feedback
0.0628* 0.0104

(0.055) (0.740)

AI advice x Gender
-0.0534* -0.0537*

(0.092) (0.078)

AI advice x High-knowledge
-0.0619* -0.0870**

(0.064) (0.017)

AI advice x Feedback
0.00776 -0.00700

(0.836) (0.866)

Task easiness
-0.124 -0.256***

(0.246) (0.007)

Conceptual task
-0.0210 0.0804**

(0.538) (0.022)

Intercept
0.158*** 0.217***

(0.006) (0.000)

R2 0.0555 0.0791

Adjusted R2 0.0531 0.0769

Number of participants 82 82

N 3667 3667

Table 4.  Examines how trust patterns vary across advice quality by analyzing reliance on correct versus 
incorrect advice separately using the four-week experimental period. The dependent variables are the weight 
on wrong advice (WOWA) and the weight on correct advice (WOCA). WOWA takes the value of ‘1’ if the 
subject follows the wrong advice and ‘0’ otherwise, while WOCA takes the value of ‘1’ if the subject follows the 
correct advice and ‘0’ otherwise. Our main explanatory variables (Gender, AI advice, and High-knowledge) 
are binary, and the coefficients can be interpreted in percentage terms. Feedback is a binary variable that takes 
the value of ‘1’ for observations after the second week. The table reports OLS coefficient estimates and (in 
parentheses) p-values based on robust standard errors clustered by subject and question. ***, **, and * indicate 
statistical significance at the 1%, 5%, and 10% levels (two-tailed), respectively.
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advice-taking measure (our second WOA measure), and (iii) compute wild cluster bootstrap p-values clustered 
at the student level (9,999 replications) to address potential small-cluster bias in inference (although few clusters 
typically means fewer than 20–5029, — we include this test as an additional robustness check). Across all these 
alternative specifications, reported in Appendix 5, the signs and significance levels of our main coefficients 
remain substantively unchanged. These results confirm that our conclusions are robust to alternative modeling 
strategies.

Fifth, we conduct subsample analyses by gender instead of fully interacted regression models. We find no 
evidence of AI appreciation among males in either the one-shot experiment or the entire experiment. This 
confirms that AI appreciation is driven primarily by the female subsample. Similarly, subsample analyses using 
high-knowledge and low-knowledge groups show no evidence of AI appreciation in the high-knowledge 
subsample for both the one-shot experiment and the entire experiment. In contrast, we document AI appreciation 
in the low-knowledge subsample.

Sixth, we address potential concerns about sample size. While our study has fewer subjects than many 
laboratory studies (e.g., Logg et al., 2019), we have a high number of within-subject observations (3,667 across 
four weeks, averaging 44 per subject). Our power analysis, assuming an intraclass correlation coefficient of 0.05, 
conventional significance level (alpha = 0.05), statistical power (beta = 0.80), and medium effect size (delta = 
0.5), indicates that 26 subjects (13 per group) would be sufficient to detect treatment effects. Our actual sample 
size substantially exceeds this threshold.

Discussion
In light of the rapid development and implementation of Generative AI tools, our study offers timely insight into 
the psychology of digitalization, particularly in an educational setting. While AI advisors in classroom settings 
are still atypical, with educators often hesitant to adopt these tools particularly for graded assignments, there 
is growing integration of AI into education. Platforms like Coursera and other e-learning environments are 
already using Generative AI agents to deliver personalized feedback tailored to students’ needs and capabilities. 
Understanding trust dynamics in these contexts is crucial for effective implementation.

We employ a randomized field experiment to explore how the availability of AI advice on digital platforms 
shapes trust. Our first set of results is consistent with recent laboratory findings on algorithm appreciation 
in real-world settings, thereby contributing to an understanding of digital adoption and trust dynamics. 
Furthermore, our analyses reveal that two key demographic variables—knowledge and gender— moderate trust 
in AI. This highlights the need to tailor AI educational tools to subject characteristics to significantly enhance 
their effectiveness and ultimately also adoption rates. A more personalized approach to AI could help balance 
the varying trust levels we observe across different user groups.

We use a randomized field experiment for two reasons. First, a controlled field experiment typically provides 
higher external validity compared to online experiments while keeping internal validity largely comparable to 
a laboratory environment21. In our ‘one-shot’ experiment, subjects were randomly assigned to treatment or 
control groups, with no communication allowed during the test phase to avoid spillovers between groups. In our 
setting, subjects were unaware of the experiment and should therefore not be influenced by the perception of 
being in an experiment. Furthermore, subjects have a substantial incentive to perform the task voluntarily and 
seriously. Notably, we find significantly lower weight on advice in our setting compared to previous laboratory 
experiments (21% versus 75% in Bogert et al., 2021)8, suggesting that real-world stakes may produce more 
conservative advice-taking patterns. However, our results are in line with other studies in laboratory settings that 
typically report WOA between 20 and 40% (e.g., Yaniv 2004).

Second, our findings demonstrate that AI appreciation patterns persists over time and even after subjects 
receive performance feedback (after the second week). While subjects generally reduced their reliance on advice 
after learning about its accuracy, the relative preference for AI versus peer advice remained stable. This suggests 
that advice source influences both dispositional trust (initial inclinations) and learned trust (evolved through 
experience), which we capture over our four-week experiment24,25. However, we acknowledge that the optimal 
time frame for trust development remains an open question. Future research could explore longer-term trust 
dynamics in academic settings across multiple terms or within organizational contexts. Research could also 
investigate how different types of training and feedback influence trust calibration. Such studies would provide 
deeper insights into how tailored approaches can help balance trust in AI tools and improve adoption in diverse 
settings.

In addition, our findings support Logg et al.‘s (2019) conclusions when comparing AI to a group of peers, 
as opposed to comparing AI to the advice of a single individual9. Consequently, we can infer that AI advice 
is not only more highly valued than advice from a single peer (as shown by Logg et al. 2019) but also more 
highly valued than advice from a peer group. However, we find important moderating effects: high-knowledge 
individuals and male subjects show significantly less trust in AI advice. These patterns persist regardless of 
advice quality (correct or incorrect) and task difficulty, suggesting they reflect deeper psychological dispositions 
rather than just responses to performance.

Moreover, our analysis regarding advice quality demonstrates that trust biases (i.e., AI appreciation) persist 
for both correct and incorrect advice. This underscores the importance of appropriate reliance to avoid both 
over-reliance and unwarranted skepticism30. Persistent trust patterns suggest that early experiences with AI tools 
influence long-term adoption, emphasizing the need for careful introduction and feedback to help individuals 
critically evaluate AI outputs.

Our study also has certain limitations. First, our relatively small sample size reduces statistical power, 
particularly after clustering the standard errors on the individual subject level to account for correlations in the 
error terms within individuals over time31. Second, our sample comprises undergraduate management students 
whose technology exposure may differ from other populations. Third, while our models reveal statistically 
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significant effects, the relatively low R-squared values suggest that a substantial part of the variance in advice-
taking behavior remains unexplained. This unexplained variance could stem from unobserved factors such as 
risk-taking attitudes, confidence levels, prior AI familiarity, cultural backgrounds, and socioeconomic status 
and norms. Future research could explore these additional determinants of trust and examine longer-term trust 
dynamics across different educational contexts and populations. Fourth, a limitation of our study concerns the 
quality of the advice itself. On average, both AI and peer recommendations were correct only about 50% of the 
time. This moderate accuracy was intentionally chosen to create uncertainty and make the advice-taking decision 
meaningful. However, this design choice does limit the generalizability of our findings. In real-world applications, 
AI systems increasingly achieve much higher accuracy rates, which could amplify the AI appreciation effects 
we observe. Conversely, our findings may not generalize to contexts where algorithmic advice is demonstrably 
poor. While our analyses control for advice quality and show consistent effects across correct and incorrect 
advice, future research should systematically examine whether the gender and knowledge moderation effects we 
document persist across different levels of algorithmic accuracy. This is particularly important in settings where 
AI substantially outperforms human judgment, as is increasingly common in domains like medical diagnosis 
and predictive modeling.

Methods
Ethics information
This study was approved by the University of Lausanne ethical committee. Informed consent was obtained from 
all the study participants. All methods were carried out in accordance with relevant guidelines and regulations.

Experimental design, context, subjects and incentive
Context. Participants are enrolled in the management course that is compulsory in the undergraduate program. 
Students perform short quizzes (tests) throughout the semester on an online platform during the regular lecture 
(examples of numerical and conceptual questions are presented in Appendices 1 and 2). Student participation 
in the quiz is voluntary. However, students have strong incentives to participate as above median performance 
in the quizzes provides students with a substantial bonus on their final grade (0.5 out of 6 points). Due to these 
strong incentives, 98% of students participate regularly.

While the observations of the first quiz session (week 1) represent the ‘one-shot’ experiment, we continued 
the experiment over the following three weeks and performed two additional manipulations. First, after the 
second week, subjects received feedback on their overall performance. Second, in the last week, we divided the 
test into two parts. We switched the recommendation source (label) for each subject in the second part of the test 
to observe within-subject differences. Therefore, subjects initially in the control (treatment) group received AI 
(peer) recommendations instead of peer (AI) recommendations in the second half of the test. This within subject 
comparison concerns only the final part of the experiment and (Table 3) is excluded from the main analyses 
(Tables 1 and 2) in order to keep the advice as a between-subjects’ treatment.

Subjects and Incentives. At the end of the semester, students above the median performance in the tests receive 
a 0.5 point-bonus out of 6 points on the final grade. Students pass the final exam if they receive a grade of at least 
4. Therefore, the bonus represents a high incentive and 94% (98%) of all students participated in the quizzes in 
the first week (four-week period).

Out of 84 enrolled students, 79 participated in the one-shot experiment, of whom 17 chose not to access the 
advice provided during the first week (number of observations: 868 from a sample of 62 students). Furthermore, 
we continued with the same experimental setup during three additional weeks with quizzes to examine whether 
our findings are stable over time. After the first two weeks, we provided subjects with performance feedback 
covering their initial attempt performance and their post-advice performance. All subjects either maintained or 
improved their scores in the second attempt, thus receiving a nudge towards trusting the advice, independent 
of the advice source. Our dataset for the first session includes 868 student-question observations and the full 
dataset across all four sessions includes 3,667 student-question observations.

Task and advice
All subjects received 14 (66) independent questions in the first week (in the four-week period), which were 
provided in a random order and answered consecutively. Out of these questions, 9 (54) were numerical requiring 
a numerical answer and 5 (12) were conceptual questions that included four short statements in the first week 
(in the four-week period). For conceptual questions, subjects needed to determine the correct statements and 
provide a yes/no answer to each one (between zero and four correct statements).

We implemented the Judge Advisor System, where participants initially respond to a question, subsequently 
decide whether to view the advice, and finally, provide a second answer without any deduction of points or 
penalty for viewing the advice or changing their answer.

Subjects were randomly assigned to either the group receiving advice labeled as coming from an AI system 
(treatment group) or the group receiving advice labeled as peer advice (control group). This grouping remained 
consistent for all questions during the first three weeks, representing a between-subjects condition.

In the instructions, participants in the control group saw an advice source that read: “A frequent answer to 
this question given by a group of management accounting students was: [Advice]”. Participants in the treatment 
group saw an advice source that read: “The answer provided by an artificial intelligence*: [Advice].

*An artificial intelligence with various capabilities (such as ChatGPT or BARD) and trained on similar 
problems.”

We deliberately provided minimal information about the AI system. This general description reflects real-
world scenarios where users often interact with AI systems without detailed knowledge of their underlying 
mechanisms. We chose this approach to avoid biasing students’ initial perceptions of AI.
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Students were not aware that they were divided into two groups receiving different types of advice.
We set the accuracy of the advice to 50%. Correct advice was randomly distributed across questions. The 

advice was the same for both groups, only the labeling of the source of the advice (AI or peers) differing between 
groups.

Model
We employ ordinary least squares (OLS) regressions to analyze the effects of type of advice, gender, and subject 
knowledge on weight on advice. We control for advice accuracy and the type of task (conceptual or numerical) 
and task easiness. Analyses are conducted at the student-question level. We cluster standard errors by subject 
and question in the multiple period analysis and use robust standard errors within the one-shot experiment29,32. 
In our one-shot experiment, the average WOA by subjects is 21.0%. To mitigate the influence of outliers we 
trimmed the data at the 1% level based on subjects’ WOA. This helps to address scenarios in which a subject 
blindly follows most of the advice given, indicating that the subject may not be taking the task seriously. This 
procedure results in the exclusion of three participants from our sample. Students who never opted-in to see the 
advice (i.e., before knowing the advice source) where excluded by default. While this consisted of 17 students 
in the first week’s one-shot experiment, none of the students were excluded in the full sample). Thus, our final 
samples include 59 students in the one-shot experiment and 82 in the full experimental period. Our main model 
(see Table 1) is the following:

	

WOAij = ß0 + ß1AI advice + ß2Gender + ß3High − Knowledge
+ß4AI advice × Gender + ß5AI advice × High−Knowledge + ßXij + eij

where Xij is the vector of control variables (Advice Accuracy, Task Easiness and Conceptual Task Dummy).

Dependent variable
WOA is the weight on advice. It represents a variable that takes the value of ‘1’ if the subject changes their first 
attempt answer to follow the advice, ‘0’ if the subject did not change their answer and ‘0.5’ if the subject took 
the average of the advice given and their initial answer. For instance the subject chose answer A in the initial 
response. After receiving the advice that recommends answers A, B and C, the subject changes the answer to A 
and B, thus taking the advice only partly into account.

Explanatory variables
Gender is a dummy variable that takes the value of ‘1’ if the subject is male and ‘0’ if the subject is female. Gender 
was coded based on student names and profile pictures in the university’s learning management system. We 
acknowledge this binary (male/female) categorization method has important limitations and may not accurately 
reflect students’ gender identities. While recent statistics indicate that approximately 0.4% of Swiss residents 
identify as non-binary, our data collection methods did not allow us to capture non-binary gender identities or 
self-reported gender information.

Knowledge is a proxy for subject’s overall knowledge and is measured using the subject’s overall first attempt 
performance in the tests. The variable Knowledge takes the value of ‘1’ if the performance is above the median 
(i.e., high-knowledge) and ‘0’ otherwise (i.e., low-knowledge).

Control variables
Task Easiness is measured at the question level. It represents the average points achieved by all subjects for a 
question during the first attempt (thus, exogenous to the advice). Therefore, lower values indicate that the task 
is harder. We find that subjects are 42% less accurate when answering difficult questions (questions for which 
the difficulty is above the median) during the first attempt (ß = -0.420; p-value < 0.001). Subject accuracy is on 
average 69.9% for easy tasks and 27.9% for difficult tasks.

Conceptual Task is a binary variable, equal to ‘1’ for conceptual questions and ’0’ for numerical questions.
Advice Accuracy is a a binary variable, equal to ‘1’ if the provided advice is correct and ’0’ if incorrect.

Data availability
The dataset analyzed during the current study, as well as code to conduct analyses, are available from the corre-
sponding author on request.
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