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Abstract  34 

Artificial intelligence (AI) systems demonstrate remarkable potential in healthcare. However, 35 

their integration into clinical practice depends on overcoming barriers to user acceptance. While 36 

previous research has identified reservations regarding AI-generated medical advice, earlier 37 

stages of human-AI interaction, such as how symptoms are communicated, remain largely 38 

unexplored. In a preregistered between-subjects experiment (N = 500), participants were 39 

randomly assigned to provide simulated symptom reports for common medical conditions to 40 

either an AI chatbot or a human physician. Report quality was assessed using Large Language 41 

Model-based suitability metrics, which were validated by physicians. Participants who believed 42 

to interact with an AI (vs. physician) provided lower-quality symptom reports. Our findings 43 

indicate a bias at the input-stage of seeking medical advice in digital settings. This outcome 44 

could compromise the performance of AI systems in real-world applications, regardless of their 45 

actual capacity. 46 
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Main text 67 

Healthcare is undergoing a digital transformation characterized by the rapid integration of 68 

artificial intelligence (AI) and telemedicine platforms into primary care and triage settings (1-69 

2). Central to both traditional and novel digital care settings are patients’ self‐reported 70 

symptoms, which remain a primary source of information. Accurate and comprehensive 71 

symptom descriptions are crucial for guiding diagnostic workflows and clinical decision‐72 

making (3). 73 

AI-powered chatbots have recently emerged as first‐line triage tools with the potential 74 

to streamline patient flow and reduce unnecessary emergency visits (4). However, their 75 

effectiveness depends on the quality of patients’ unstructured free‐text input, and any 76 

miscommunication or ambiguity can produce suboptimal outputs (5). Research on human–AI 77 

interaction suggests that individuals adapt their language and behavior based on perceptions of 78 

the recipient’s nature (human vs. AI; 6-7). Such adaptations could compromise clinical utility: 79 

if patients alter their symptom descriptions when communicating with an AI chatbot, the 80 

medical suitability of those narratives may also change. Understanding these dynamics 81 

becomes crucial as digital‐first strategies expand, and some patients even turn to medically 82 

unsupervised Large Language Models (LLMs) for self‐diagnosis (8). 83 

Prior work has primarily focused on the “output side” of human-AI interaction in the 84 

medical domain. For instance, identical medical advice was found to be judged as less reliable, 85 

less empathic and less worth following when labelled as AI- compared to human-generated (9). 86 

However, studies examining the “input side” of this interaction remain scarce. Notably, no 87 

study has systematically examined how the perceived recipient (human doctor v. AI chatbot) 88 

affects the generation of symptom reports, especially regarding their suitability for an initial 89 

medical assessment. It is essential to understand these differences to optimize digital triage 90 

approaches and ensure equitable clinical outcomes when patients interact with AI-supported 91 

platforms or LLMs. 92 

We conducted a preregistered online experiment with a large UK-based sample (N = 93 

500), stratified by demographics to approximate the composition of the UK adult population. 94 

Participants were asked to provide symptom reports for two common diseases (unusual 95 

headache and flu; randomized order), in the belief that their report would be received either by 96 

an AI chatbot or by a human physician (i.e., Ncases = 1,000). Participants were randomly 97 

allocated to one of two recipient types (AI or physician) and provided symptom reports for both 98 

diseases under the same condition. We then tested whether the suitability of these symptom 99 

reports for medical assessment is influenced by the believed recipient (AI chatbot vs. human 100 
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physician). A report was deemed as more suitable (on a scale from 1 to 5) the better the urgency 101 

of a required treatment could be inferred (see scoring scheme in the supporting information).  102 

Suitability assessments were conducted using LLM-based ratings, which were validated by 103 

physicians from the relevant specialties; both LLMs and physicians were blinded to the 104 

recipient type of each report. 105 

We found that participants’ symptom reports were 7.9% less suitable for an initial 106 

medical assessment when they believed they were interacting with an AI chatbot instead of a 107 

human physician (based on ratings from GPT-5.2; see Fig. 1), b = 0.22, p < .001 (Cohen’s d = 108 

0.34, 95% CI [0.16, 0.52]).  109 

 110 

 111 

 112 

Figure 1. Average suitability ratings of symptom reports for an initial medical assessment by 113 

recipient type (AI chatbot: M = 2.60, SEM = 0.05 vs. human doctor: M = 2.82, SEM = 0.05; rated 114 

by GPT-5.2). We calculated mixed-effect regressions to test for differences between both 115 

conditions. Error bars show standard errors of individual means. 116 

 117 

To validate these ratings, we randomly selected 200 symptom reports from each 118 

condition (i.e., 400 reports in total) and obtained additional assessments from four licensed 119 

physicians (two neurologists for the “headache” reports and two internists / pulmonologists for 120 

the “flu” reports; intraclass correlations (ICC) of human raters: ICC(1,2) = .75, 95% CI [0.70, 121 

0.80]). Each report was independently evaluated by the two experts in the respective domain, 122 

and we calculated the average of both ratings (interrater reliability of GPT-5.2 and average 123 

human-coded suitability ratings: ICC(1,1) = .70, 95% CI [0.65, 0.75]). We also repeated our 124 

analyses with suitability ratings generated by other LLMs (DeepSeek R1, GPT-o3 mini, GPT-125 

o4 mini, GPT-4o mini, GPT-4.1 mini) and compared these ratings with the assessments by the 126 

human experts. For each LLM, suitability ratings were significantly reduced for the AI 127 
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compared to the human physician group, bs ≥ 0.15, ps ≤ .008. Importantly, this effect was also 128 

evident for the reduced subset of human-coded responses, b = 0.26, p = .021. GPT-5.2 achieved 129 

the highest interrater reliability of all tested LLMs (see Table S3 in the supporting information 130 

for details). Table 1 shows average suitability ratings for both recipient conditions and different 131 

raters. 132 

 133 

Table 1 134 

Average suitability ratings (standard deviations in parentheses) for each combination of 135 
recipient and rater type. 136 

  Rater type 

  
Human 

expert 
GPT-5.2 GPT-o3 mini GPT-o4 mini GPT-4o mini GPT-4.1 mini DeepSeek R1 

Recipient 

type 

Human 

physician 

2.80 

(1.00) 

2.82 

(0.77) 

3.55 

(0.76) 

2.85 

(0.80) 

3.68 

(0.97) 

3.21 

(0.89) 

3.51 

(0.79) 

AI 

chatbot 

2.55 

(0.95) 

2.60 

(0.76) 

3.32 

(0.77) 

2.64 

(0.83) 

3.32 

(1.04) 

2.92 

(0.92) 

3.36 

(0.83) 

 137 

 138 

Exploratory analyses further revealed that symptom reports in the group with a human 139 

doctor as believed recipient were significantly more detailed (i.e., contained significantly more 140 

characters) than those in the AI chatbot group (human doctor: M = 255.60, SD = 111.56; AI 141 

chatbot: M = 228.75, SD = 84.81), b = 26.85, p = .003, and the level of detail positively affected 142 

suitability ratings (GPT-5.2), b < 0.01, p < .001. Crucially, there was a significant indirect effect 143 

of recipient type on suitability ratings via detail level, b = -0.13, 95% bootstrap CI [-0.21, -144 

0.05]. This outcome suggests that suitability differences between perceived recipients may be 145 

driven by differences in the detail level of symptom reports. 146 

 147 

Our results indicate that biases against medical AI encompass the input stage of human-148 

AI interaction. While the present effect sizes are moderate, such biases may nevertheless be of 149 

high practical relevance. Given the rapid proliferation of AI-powered health applications (8), 150 

particularly for initial medical assessments (4), even modest effect sizes may scale substantially 151 

across large user populations. Thereby, such biases may constrain the effective implementation 152 

and beneficial impact of AI systems in healthcare delivery. 153 

Although speculative, our exploratory analyses suggest that the present effect may be 154 

driven by less detailed requests when participants believe they are interacting with AI. In this 155 

case, important information for a valid medical assessment may be incomplete or missing. As 156 
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not directly measured, we can only speculate about reasons for this outcome. Potential 157 

explanations could be the so-called uniqueness neglect (the belief that AI cannot take the unique 158 

characteristics of the user into account; 10) as well as a perceived lack of transparency regarding 159 

AI’s decision-making processes (11). In line with such reasoning, framing a medical AI as more 160 

(vs. less) capable of providing customized (vs. generic) responses, was found to increase the 161 

willingness to use such a tool (10). Similarly, providing additional explanations regarding AI’s 162 

decision-making processes, increased acceptance of medical AI (11). When interacting with 163 

AI, individuals may abbreviate or withhold comprehensive symptom information. This could 164 

be due to general skepticism about the algorithm’s diagnostic capabilities, privacy concerns, or 165 

because they regard this information as unnecessary for an AI. Recent evidence indicates that 166 

public skepticism toward medical AI extends beyond the technology itself to the physicians 167 

who use AI tools (12). This suggests that patients may provide less accurate reports of their 168 

symptoms when they suspect their physician is relying on AI assistance. 169 

Overall, our study highlights further obstacles for AI adoption in healthcare. In line with 170 

recent findings (5), technical issues are not the main challenge for real-world deployment of 171 

medical AI; rather, it is the way humans interact with such tools. Future research should further 172 

elucidate human-AI interaction within this context to facilitate optimal AI integration. For 173 

instance, the presentation of the AI system (e.g., degree of human-likeness; 13; (believed) 174 

capability of taking the user’s unique characteristics into account; 10) or explanatory features 175 

regarding the AI’s decision-making processes (11) could moderate this effect. It may also be 176 

helpful to consistently remind users how to provide an AI tool with sufficient and suitable 177 

medical information. Furthermore, this bias may also depend on user-related characteristics like 178 

the severity and stigma of the medical condition (14).  179 

As a limitation for the external validity of our findings, it should be noted that we used 180 

hypothetical scenarios with selected medical conditions for all participants. This design choice 181 

allowed us to conduct a highly controlled investigation of this previously unexplored research 182 

question. While earlier research indicates a strong correlation between such stated preferences 183 

and actual behavior in medical contexts (15), real-world patient reports may differ in several 184 

aspects from simulated symptom reporting (e.g., regarding emotional salience and 185 

informational completeness). To enhance the real-world implications of our findings, we 186 

explicitly selected common and relatable conditions, which one can easily remember or 187 

imagine; and for which medical consultation of LLMs is likely. Furthermore, we invited the 188 

participants of our experiment for a follow-up study to analyze how their previous experience 189 

with the presented conditions affects our findings. Importantly, our results remained robust 190 
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when only including participants who indicated that they had experienced the respective 191 

symptoms at the time when participating in the study (see supporting information for details). 192 

Future research can now build on our findings and transfer them to real-world care settings. 193 

 194 

Methods 195 

We assessed the medical suitability of each symptom report using OpenAI's GPT-5.2 196 

model (model ID: gpt-5.2-2025-12-11) via the OpenAI API. The model parameters were set to 197 

temperature = 0, top_p = 1, and max_output_tokens = 16 to improve reproducibility 198 

and standardize response length. Reports were evaluated independently using separate API 199 

calls without retaining conversation history or shared context across inputs. For each scenario, 200 

we applied a fixed, standardized prompt template (system-level instruction) specifying the 201 

rating rubric and required output format (see supporting information for details).  202 

This study was preregistered (https://osf.io/cym9u). Underlying data and analysis code 203 

are available in the OSF repository (https://osf.io/8gkp9). The study was conducted in 204 

accordance with the Declaration of Helsinki. The study protocol was approved by the ethics 205 

committee of the Institute of Psychology at the University of Wuerzburg (GZEK 2024-75) and 206 

all participants provided informed consent. Details on the sample, experimental procedure, and 207 

data analyses can be found in the supporting information. 208 
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