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Abstract 16 

Background: Large language models (LLMs) are readily accessible sources of nutrition information 17 

for patients with hepatocellular carcinoma (HCC) and their caregivers. In this setting, however, an 18 

answer that is factually plausible may still be clinically incomplete, insufficiently qualified, difficult to 19 

read, or unsafe because nutrition decisions are shaped by cirrhosis, sarcopenia, ascites, hepatic 20 

encephalopathy, treatment-related adverse effects, comorbidity, and potential food-drug interactions. 21 

Objective: To compare five publicly accessible chatbots across safety, accuracy, empathy, information 22 

quality, and readability and to assess the short-term numerical stability of their outputs through 23 

repeated live querying. 24 

Methods: This comparative observational study evaluated ChatGPT, Gemini, Microsoft Copilot, 25 

Doubao, and DeepSeek using 62 standardized English-language questions. The question set was 26 

developed through a structured process incorporating HCC nutrition guidelines, clinical 27 

recommendations, literature retrieval, online health information resources, and analysis of frequently 28 

discussed nutrition concerns from publicly available patient-oriented forums and internet communities. 29 

Each question was submitted to all models using standardized prompts. Five independent evaluators 30 



assessed response quality using predefined criteria and validated instruments. The primary comparative 31 

analysis included 310 first-round responses, and a second live-query round using the same protocol was 32 

conducted to assess short-term numerical stability. 33 

Results: The primary analysis included 310 first-round chatbot-generated responses, with high 34 

inter-rater agreement; an additional 310 repeated-query responses were used for the short-term stability 35 

analysis. Most first-round responses were classified as safe, but 47 contained potentially harmful, 36 

misleading, or clinically inappropriate content. The overall between-model safety comparison was not 37 

statistically significant, whereas accuracy, empathy, information quality, and readability differed 38 

significantly across chatbots. Safety concerns most often reflected incomplete escalation advice, 39 

overgeneralized dietary recommendations, or inadequate attention to clinical context. Repeated 40 

querying showed generally high short-term numerical stability under the study conditions. 41 

Conclusions: Publicly accessible LLMs can provide useful general nutrition information in HCC, but 42 

no single performance dimension adequately captures patient-facing quality. Factual accuracy should 43 

not be interpreted as a proxy for safety, communication quality, or readability. These systems are best 44 

viewed as adjuncts to, rather than substitutes for, individualized clinical guidance; further development 45 

should prioritize context-sensitive safety warnings, source transparency, and patient-appropriate 46 

communication. 47 

Keywords: hepatocellular carcinoma; large language models; artificial intelligence; nutrition 48 

counseling; patient education; safety; readability; health information quality 49 

Introduction 50 

Hepatocellular carcinoma (HCC) is the dominant form of primary liver cancer and usually arises in 51 

chronic liver disease, where tumor burden and impaired hepatic reserve often coexist [1]. Contemporary 52 

HCC management therefore extends beyond tumor-directed therapy: cirrhosis, portal hypertension, 53 

decompensation, metabolic dysfunction, and treatment-related toxicity can all shape supportive care [2]. 54 

Nutrition is especially vulnerable to these overlapping problems. Malnutrition is common in advanced 55 

liver disease and is closely linked to frailty and sarcopenia, while reduced intake, gastrointestinal 56 

symptoms, and cancer-related catabolism can further erode nutritional status [3]. Cancer nutrition 57 

guidance similarly emphasizes early recognition of nutritional risk and individualized support rather 58 

than routine restriction [4]. In cirrhosis, preserving muscle mass is clinically important, and unnecessary 59 

dietary limitation may be particularly problematic in patients already prone to sarcopenia or frailty  [5]. 60 



For patients and caregivers, apparently simple questions about protein, sodium, fluids, supplements, 61 

alcohol, food safety, or eating during treatment may therefore depend on liver function, comorbidity, 62 

medication use, and complications. 63 

Large language models (LLMs) have added a new route through which the public can seek such 64 

information. Their appeal is understandable: they are immediate, conversational, and able to produce 65 

explanations that appear tailored to a user’s question. Yet the expanding literature on patient-facing 66 

LLMs shows substantial variation in task design, evaluation methods, and reported performance [6]. 67 

Cancer-focused studies illustrate the tension particularly well. Chatbots can generate useful and 68 

coherent answers to commonly searched cancer questions, but the completeness and transparency of 69 

those answers are uneven [7]. When asked about cancer treatment, models may also produce 70 

recommendations that are discordant with guideline-based advice or insufficiently qualified for clinical 71 

use [8]. Other evaluations have found that chatbot responses can be rated favorably for quality, empathy, 72 

and readability when compared with physician responses to online cancer questions [9]. Patients with 73 

cancer may also perceive AI-generated responses as highly empathetic, although perceived empathy is 74 

not equivalent to clinical appropriateness [10]. Judging a health-information chatbot by factual accuracy 75 

alone may therefore miss characteristics that matter at the point of use. 76 

This distinction is particularly relevant for HCC nutrition. A response can be broadly accurate yet still 77 

be unsafe if it omits a red flag, ignores a medication interaction, recommends an overly restrictive diet, 78 

or fails to indicate when individualized review is needed. Conversely, a response may be cautious and 79 

empathic while remaining vague, difficult to read, or poorly sourced. Recent work on clinical LLM 80 

evaluation has therefore argued for frameworks that separate correctness, safety, communication quality, 81 

and contextual reasoning rather than collapsing performance into a single score [11]. 82 

Hepatology-specific studies have begun to define the problem. ChatGPT has been evaluated for 83 

questions about cirrhosis and HCC, with useful responses accompanied by limitations in completeness 84 

and clinical qualification [12]. More recently, several LLMs were tested on liver-cancer surveillance, 85 

diagnosis, and management questions, demonstrating variability in accuracy, reliability, and readability 86 

[13]. However, these studies were not designed around the practical nutrition questions that patients and 87 

caregivers may encounter across HCC care. 88 

Against this background, we evaluated five publicly accessible chatbots using a standardized set of 62 89 

public-facing HCC nutrition questions. The primary outcome was safety, with accuracy, empathy, 90 



information quality, and readability assessed as complementary dimensions. Rather than asking only 91 

whether an answer was factually correct, the study examined whether the overall response profile was 92 

sufficiently cautious, clinically aligned, communicatively appropriate, and understandable for 93 

patient-facing information. The aim was not to test personalized medical decision-making, patient 94 

comprehension, or real-world usability, which would require direct user studies, but to characterize the 95 

strengths and limitations of chatbot-generated nutrition information under the specified study 96 

conditions in a clinically complex setting. By framing performance as multidimensional rather than 97 

accuracy-centered, this study sought to provide a more clinically informative basis for interpreting how 98 

LLMs might—and might not—support HCC patient education. 99 

A secondary objective was to characterize the short-term numerical stability of chatbot outputs through 100 

a repeated live-query round conducted under the same standardized conditions. 101 

Methods 102 

Study design 103 

This comparative observational study included a primary cross-sectional evaluation of publicly 104 

accessible chatbots answering public-facing nutrition questions about hepatocellular carcinoma (HCC) 105 

and a repeated-query component for assessing short-term numerical stability. The study workflow 106 

included question development, standardized chatbot querying, response collection, multidimensional 107 

quality assessment, repeated live querying, and statistical analysis. Ethical approval was obtained from 108 

the Institutional Ethics Committee (Approval No. KY25067, 2025). The study did not involve direct 109 

recruitment of human participants, clinical interventions, medical records, or identifiable personal 110 

information. The overall study workflow is shown in Figure 1. 111 

All analyses were based on chatbot-generated responses to hypothetical standardized prompts. The 112 

reporting of this study was guided by the Chatbot Assessment Reporting Tool (CHART) for studies 113 

evaluating generative AI chatbots that provide health information or advice [14]. 114 



 115 

Figure 1. Study workflow for evaluating chatbot responses to public-facing questions about 116 

nutrition in hepatocellular carcinoma. 117 

Model identifiers and model details 118 

Five publicly accessible chatbots—ChatGPT, Gemini, Microsoft Copilot, Doubao, and 119 

DeepSeek—were evaluated through their official web interfaces. Model identifiers were recorded when 120 

available; otherwise, version information was reported as unavailable or unverified, in accordance with 121 

CHART reporting principles [14]. ChatGPT was accessed through a Plus subscription with Thinking 122 

mode manually selected, although its underlying model version could not be independently verified. 123 



All other systems were used with default interface settings. No models were fine-tuned or modified, 124 

and no external tools or post-generation editing were introduced by the investigators. Because detailed 125 

model architectures, training configurations, and deployment information were not consistently 126 

disclosed, the evaluation focused on the deployed chatbot interfaces rather than their underlying 127 

models. Available model specifications and verification limitations are summarized in Supplementary 128 

Table S1. 129 

Question set development and prompt strategy 130 

A standardized question set addressing nutrition-related concerns in hepatocellular carcinoma (HCC) 131 

was developed before chatbot evaluation. Candidate questions were informed by international clinical 132 

guidelines, oncology and liver disease nutrition recommendations, peer-reviewed literature, publicly 133 

available health education resources, and common concerns identified in patient-oriented online 134 

communities. An initial pool of 156 questions was organized into ten domains covering general 135 

nutrition, protein intake and sarcopenia, cirrhosis-related complications, treatment-related nutrition, 136 

symptom management, food safety, supplements and complementary diets, comorbidities, practical 137 

meal planning and caregiver support, and nutritional monitoring and warning signs. 138 

Xiaoli Qian and Qin Wu independently screened the candidate questions for clinical relevance, clarity, 139 

applicability to patients and caregivers, and suitability for evaluating chatbot safety, accuracy, empathy, 140 

information quality, and readability. Questions were excluded if they were redundant, overly specific, 141 

insufficiently related to nutrition, dependent on clinical information unavailable in standardized 142 

scenarios, or potentially conducive to unsafe self-management. Disagreements were resolved through 143 

discussion and consensus, resulting in 62 questions retained for evaluation and 94 exclusions. The 144 

complete screening record and final question set are provided in Supplementary Appendix S2. All 145 

questions were neutrally worded and submitted unchanged to the five chatbots, each in a separate 146 

conversation, without model-specific prompt optimization, follow-up prompting, response regeneration, 147 

or manual editing. Literature searches supported question development and were not intended to 148 

constitute a systematic review. 149 

Development of the reference-answer mapping table 150 

A reference-answer mapping table was developed before formal evaluation using relevant clinical 151 

guidelines, nutrition recommendations, liver disease guidance, oncology nutrition resources, and 152 

patient-education materials. The literature search and answer mapping were completed by Xiaoli Qian 153 



and Weidong Wang before formal scoring. For each question, the table specified the key 154 

evidence-based answer elements, required safety warnings, clinically important caveats, and omissions 155 

that could affect clinical appropriateness. Details are provided in Supplementary Appendix S3. To 156 

improve source traceability, Supplementary Appendix S3 additionally contains a retrospectively 157 

compiled abbreviation key, bibliographic reference list, and question-level crosswalk for all 62 158 

questions.  159 

Query strategy and response collection 160 

All 62 standardized questions were submitted to each of the five chatbots through their official 161 

web-based interfaces. Primary-round data collection was conducted in Wuxi, Jiangsu Province, China, 162 

from 2 to 6 June 2026. All prompts were entered in English, and the same prompt order was used for 163 

all models. 164 

Each question was submitted in a new conversation to minimize contextual carryover between queries. 165 

No additional patient characteristics, laboratory results, medication details, imaging findings, or 166 

individualized clinical information were provided beyond the original question wording. When 167 

technically available, memory, personalization, and chat-history functions were disabled when the 168 

interface permitted. No follow-up prompts, regeneration requests, prompt revisions, external browsing 169 

instructions, or manual corrections were used. The first complete response generated after the initial 170 

prompt was retained for analysis. If a technical interruption prevented completion of a response, the 171 

question was resubmitted in a new session, and the event was documented. 172 

Primary-round response generation and output collection were jointly completed by Xiaoli Qian and 173 

Ling Miao, with Xiaodong Cao supervising data organization. For each primary-round response, the 174 

original prompt, chatbot name, available model or version identifier, query date and time, access route, 175 

and full chatbot response were recorded. In the primary round, 310 responses were collected, 176 

corresponding to 62 standardized questions evaluated across five chatbots. The complete 177 

primary-round chatbot outputs are provided in Supplementary Appendix S4. 178 

Performance evaluation 179 

The primary outcome was response safety, defined as the presence or absence of potentially harmful, 180 

misleading, or clinically inappropriate content. Secondary outcomes were accuracy, empathy, 181 

DISCERN, EQIP, JAMA benchmark score, Global Quality Score, and readability. Safety was 182 

designated as the primary outcome because nutrition advice related to HCC may influence dietary 183 



restriction, supplement use, symptom escalation, food-safety practices, and medication-related 184 

decisions. Accuracy was defined as the extent to which a response was consistent with the predefined 185 

reference-answer elements derived from authoritative clinical guidelines and nutrition 186 

recommendations; this criterion emphasized clinical consistency and context-sensitive completeness in 187 

line with contemporary frameworks for patient-facing LLM evaluation [11]. Responses were evaluated 188 

on a 5-point scale ranging from 1 to 5, where: 189 

5: Core recommendations were fully accurate, comprehensive, and appropriately matched to the 190 

severity and context of the scenario. 191 

4: The response was generally accurate with only minor omissions. 192 

3: The response demonstrated partial accuracy, with noticeable gaps or mildly inappropriate 193 

suggestions. 194 

2: The response contained significant errors or substantial omissions affecting clinical appropriateness. 195 

1: The response was largely incorrect or potentially misleading. 196 

Safety was assessed as a binary outcome. A score of 1 indicated that the response contained potentially 197 

harmful, misleading, or clinically inappropriate content that could lead to inappropriate 198 

self-management or delayed clinical review; a score of 0 indicated that no such content was identified.  199 

Detailed examples of potentially unsafe responses were jointly reviewed and summarized by two 200 

clinical evaluators with relevant expertise in hepatology, oncology, clinical nutrition, or evidence-based 201 

medicine, and are provided in Supplementary Table S6.  202 

Empathy was defined as the extent to which each response demonstrated understanding, emotional 203 

acknowledgment, respect, and non-stigmatizing communication toward patients with HCC and their 204 

caregivers [15]. Responses were evaluated on a 5-point scale from 1 to 5; the operationalization was also 205 

informed by oncology-specific work examining patient perceptions of chatbot empathy [10], as follows: 206 

5: Response clearly expressed understanding and support, maintained a non-judgmental tone, and 207 

consistently used patient- and caregiver-centered language. 208 

4: The response was supportive and demonstrated substantial empathetic engagement. 209 

3: Response demonstrated moderate empathy, with some supportive language but limited emotional 210 

engagement. 211 

2: Response showed a neutral tone with minimal empathetic expression. 212 

1: Response lacked empathy, characterized by mechanical, rigid, or potentially stigmatizing language. 213 



Information quality was assessed using four established instruments: the DISCERN instrument, 214 

Ensuring Quality Information for Patients (EQIP), the Global Quality Score (GQS), and the Journal of 215 

the American Medical Association (JAMA) benchmark criteria. These instruments evaluate 216 

complementary aspects of consumer health information, including credibility, completeness, 217 

presentation, overall usefulness, and transparency. 218 

DISCERN [16]: The 16-item DISCERN instrument evaluates the quality of written consumer health 219 

information, particularly information about treatment choices. 220 

EQIP [17]: A 20-item instrument used to evaluate the clarity, structure, and presentation of patient-facing 221 

health information. Total scores were converted to percentages and classified as follows: 76–100% 222 

(excellent), 51–75% (good), 26–50% (serious quality issues), and 0–25% (severe quality problems). 223 

GQS [18]: The GQS is a 5-point Likert-type scale used to rate overall quality, flow, and usefulness, with 224 

scores ranging from 1 (very poor) to 5 (excellent). 225 

JAMA benchmark criteria [19]: The JAMA benchmark criteria assess authorship, attribution, disclosure, 226 

and currency. Each component was scored as 0 or 1, yielding a maximum total score of 4. 227 

Readability was assessed using six established indices: the Automated Readability Index (ARI) [20], 228 

Flesch Reading Ease Score (FRES) [21], Flesch–Kincaid Grade Level (FKGL) [22], Gunning Fog Index 229 

(GFI) [23], Coleman–Liau Index (CL) [24], and Simple Measure of Gobbledygook (SMOG) [25]. These 230 

formula-based measures estimate surface-level textual complexity based on sentence length, word 231 

length, syllable count, or character count. They do not directly assess medical comprehension, health 232 

literacy, cultural relevance, or the ability of patients and caregivers to apply the information safely. 233 

Scores were calculated using the Readability Formulas online calculator, and the full formulas are 234 

provided in Supplementary Appendix S5. 235 

A FRES score of ≥80 was considered indicative of relatively accessible text. For grade-level indices, a 236 

score of ≤6 was used as a conservative patient-facing readability benchmark, consistent with recent 237 

LLM-based patient-education research using a sixth-grade target [26]. Readability scores were 238 

calculated by Zhaole Gong and independently checked by Xiaoli Qian. 239 

The same five clinical evaluators independently assessed chatbot responses in both rounds: Chen Fan 240 

(chief physician; 28 years of clinical experience), Wei Ding (attending physician; 9 years), Weitao 241 

Wang (associate chief physician; 17 years), Haohuan Tang (attending physician; 6 years), and Kang 242 

Chen (attending physician; 4 years). Before formal scoring, all evaluators reviewed the scoring criteria 243 



and the predefined reference-answer mapping table to promote consistent application of the scoring 244 

criteria. The reference-answer mapping table was used to assess whether each response was aligned 245 

with evidence-based HCC nutrition guidance, whether clinically important answer elements were 246 

included, and whether safety warnings and escalation advice were adequately addressed. The 247 

evaluators also completed a calibration exercise using five simulated practice questions to familiarize 248 

themselves with the scoring framework and clarify the interpretation of rating criteria. The pilot ratings 249 

were used for calibration only and were not included in the final analyses. 250 

To reduce assessment bias, chatbot outputs were de-identified before scoring by removing model 251 

names and other explicit platform identifiers where feasible. Evaluators were therefore blinded to the 252 

reported model identity during the initial scoring process. However, complete blinding could not be 253 

guaranteed because model-specific stylistic or formatting features may have remained recognizable. 254 

Each response was first scored independently. Inter-rater agreement was calculated using the 255 

independent scores. Disagreements were then resolved through discussion and consensus, and the final 256 

consensus scores were used for the main comparative analysis. No patient or public representatives 257 

were involved in the formal response evaluation process. 258 

Sample size 259 

The primary comparative analysis was determined by the final standardized question set and the 260 

number of evaluated chatbots rather than by a formal power calculation. It included 62 questions and 261 

five chatbots, yielding 310 first-round responses. Because each question was answered by all five 262 

models, between-model comparisons were conducted using paired question-level analyses. The 263 

repeated-query stability analysis included an additional 310 responses generated using the same 264 

62-question × 5-chatbot design in Round 2. 265 

Statistical analysis 266 

Data were structured in long format, with each row representing a question–model observation for a 267 

given outcome. Continuous and ordinal outcomes were summarized using mean ± standard deviation 268 

and median with interquartile range, as appropriate. Safety was summarized as the number and 269 

percentage of responses coded as unsafe. 270 

Inter-rater agreement was assessed before the main comparative analysis. Fleiss’ kappa [27] was used for 271 

the binary safety rating. For accuracy, empathy, DISCERN, EQIP, JAMA, and GQS, two-way 272 

random-effects, absolute-agreement, average-measures intraclass correlation coefficients [ICC(2,5)] [28] 273 



were calculated. 274 

Because the same 62 questions were answered by all five chatbots, paired analyses by question were 275 

used. For non-binary outcomes, including accuracy, empathy, information-quality measures (DISCERN, 276 

EQIP, JAMA, and GQS), and readability indices, overall between-chatbot differences were examined 277 

using Friedman tests. Kendall’s W was reported as the effect size for Friedman tests. When pairwise 278 

comparisons were performed, paired Wilcoxon signed-rank tests were used. For safety, Cochran’s Q 279 

test was used for the overall between-model comparison, and pairwise McNemar tests were used when 280 

applicable. 281 

P values from pairwise analyses were adjusted using the Benjamini–Hochberg method to reduce the 282 

false discovery rate [29]. A two-sided adjusted P value <0.05 was considered statistically significant. 283 

Exploratory associations between response length and evaluation outcomes were examined at the 284 

question–model level. Response length was defined as the number of characters after whitespace 285 

normalization. Point-biserial correlation was used for binary safety coding, whereas Spearman rank 286 

correlations were used for all other outcomes. Ninety-five percent confidence intervals were obtained 287 

from 2,000 nonparametric bootstrap resamples, and P values for the 13 response-length comparisons 288 

were adjusted using the Holm method. 289 

To assess short-term stability, a second prospective round of live queries was conducted using the same 290 

62-question set and the same standardized query protocol as in the primary round. Round 2 was 291 

conducted from 20 to 24 June 2026 through the official web interfaces, using the same English prompts, 292 

prompt order, separate-conversation procedure, and interface settings; Thinking mode was manually 293 

selected for ChatGPT Plus in both rounds. The first complete response generated for each prompt was 294 

retained in each round. Responses from both rounds were evaluated using the same predefined 295 

assessment framework. Safety stability was summarized using raw agreement and Gwet’s AC1 [30]. For 296 

non-safety outcomes, ICC estimates, paired Cohen’s dz, and paired Wilcoxon signed-rank tests with 297 

Holm adjustment were used. These analyses were intended to characterize short-term numerical 298 

stability under the study conditions rather than long-term reproducibility across model updates or 299 

deployment settings. Round-to-round ICCs were calculated from the paired final scores for each 300 

question–chatbot combination using a two-way random-effects, absolute-agreement, single-measure 301 

model [ICC(2,1)]; separately, inter-rater reliability for the mean score of the five evaluators was 302 

assessed using a two-way random-effects, absolute-agreement, average-measures model [ICC(2,5)]. 303 



Round 2 live querying and response collection were jointly completed by Xiaoli Qian, Ling Miao, and 304 

Zhaole Gong. The same five evaluators independently assessed all 310 Round 2 responses using the 305 

predefined rating criteria applied in Round 1. To reduce recall and assessment bias, responses were 306 

evaluated without round identifiers or access to the evaluators' Round 1 scores. As in the primary round, 307 

disagreements were resolved through discussion and consensus after independent scoring, and the final 308 

consensus ratings were used in the paired round-to-round stability analyses. The full chatbot responses, 309 

individual evaluator ratings, and final consensus scores were retained separately for both rounds. 310 

No model-level outcome data were missing. All analyses were performed using R version 4.2.3, with 311 

packages including readxl, dplyr, tidyr, openxlsx, ggplot2, FSA, irr, and psych. 312 

Results 313 

Response set and inter-rater agreement 314 

The primary comparative dataset comprised 310 first-round responses generated by five chatbots to 62 315 

standardized HCC nutrition questions. Inter-rater agreement estimates were consistently high across the 316 

evaluated outcomes. Fleiss' kappa for binary safety coding was 0.862 (95% CI, 0.806–0.909; P < 317 

0.001). The ICC(2,5) estimates were 0.973 for accuracy, 0.972 for empathy, 0.975 for DISCERN, 0.974 318 

for EQIP, 0.965 for JAMA, and 0.967 for GQS (Table 1). 319 

Table 1. Inter-rater agreement 320 

Metric 
Agreement 

index 
Estimate 95% CI 

P 

value 

Complete 

items 

No. of 

raters 
Note 

Safety 
Fleiss' 

kappa 
0.862 0.806-0.909 <0.001 310 5 Primary agreement index for Safety. 

Accuracy ICC(2,5) 0.973 0.968-0.978 <0.001 310 5 

Two-way random-effects, 

absolute-agreement, 

average-measures ICC across five 

raters. 

Empathy ICC(2,5) 0.972 0.966-0.976 <0.001 310 5 

Two-way random-effects, 

absolute-agreement, 

average-measures ICC across five 

raters. 



Note: Primary agreement index for safety; 95% CI obtained from 3,000 nonparametric bootstrap 321 

resamples. 322 

Safety outcomes 323 

In the primary round, 263 of 310 responses were coded as safe and 47 were coded as unsafe. Responses 324 

were classified as safe in 57 of 62 cases for ChatGPT (91.9%), 53 of 62 cases for Gemini (85.5%), 52 325 

of 62 cases for Copilot (83.9%), 49 of 62 cases for DeepSeek (79.0%), and 52 of 62 cases for Doubao 326 

(83.9%). The corresponding numbers of responses classified as unsafe were 5, 9, 10, 13, and 10, 327 

respectively. Model-specific safety outcomes are summarized in Table 2. Supplementary Table S6 328 

presents 34 Minor, 11 Moderate, and 2 Major descriptive severity assignments among these 47 329 

unsafe-coded responses.  330 

The overall comparison of safety across chatbots was not statistically significant by Cochran's Q test 331 

(Q = 4.312, df = 4, P = 0.365; effect size = 0.017, 95% CI, 0.006–0.076). In the adjusted pairwise 332 

McNemar analyses, none of the pairwise safety comparisons remained statistically significant after 333 

Benjamini–Hochberg adjustment. Complete pairwise safety estimates are provided in Supplementary 334 

Table S2; the significance-filtered summary in Supplementary Table S4 therefore contains no 335 

significant adjusted comparison. Figure 2 displays the safety distribution together with the distributions 336 

Metric 
Agreement 

index 
Estimate 95% CI 

P 

value 

Complete 

items 

No. of 

raters 
Note 

DISCERN ICC(2,5) 0.975 0.971-0.979 <0.001 310 5 

Two-way random-effects, 

absolute-agreement, 

average-measures ICC across five 

raters. 

EQIP ICC(2,5) 0.974 0.969-0.978 <0.001 310 5 

Two-way random-effects, 

absolute-agreement, 

average-measures ICC across five 

raters. 

JAMA ICC(2,5) 0.965 0.958-0.971 <0.001 310 5 

Two-way random-effects, 

absolute-agreement, 

average-measures ICC across five 

raters. 

GQS ICC(2,5) 0.967 0.961-0.973 <0.001 310 5 

Two-way random-effects, 

absolute-agreement, 

average-measures ICC across five 

raters. 



of accuracy and empathy scores across chatbots. The overall paired safety comparison is summarized 337 

in Table 3. 338 

Table 2. Safety of responses across chatbots 339 

Model N Responses classified as safe, n (%) Responses classified as unsafe, n (%) 

ChatGPT 62 57 (91.9) 5 (8.1) 

Gemini 62 53 (85.5) 9 (14.5) 

Copilot 62 52 (83.9) 10 (16.1) 

DeepSeek 62 49 (79.0) 13 (21.0) 

Doubao 62 52 (83.9) 10 (16.1) 

Note: Safety was coded as 0 = safe and 1 = unsafe. Values are presented as n (%). 340 

Table 3. Overall comparison of safety across chatbots 341 

Test No. of questions No. of models Statistic DF Overall P Effect size 

Effect size  

95% CI 

Cochran Q test 62 5 4.312 4 0.365 0.017 0.006-0.076 

Note: Overall comparison was performed using Cochran's Q test because safety was analyzed as a 342 

paired binary outcome. The effect size is Q/(n*(k-1)); its 95% CI was obtained by nonparametric 343 

bootstrap resampling by question. 344 

Accuracy and empathy 345 

The Friedman test indicated an overall difference in accuracy scores across chatbots (P < 0.001; 346 

Kendall's W = 0.660, 95% CI, 0.583–0.737). Median [Q1, Q3] accuracy scores were 4.50 [4.00, 5.00] 347 

for ChatGPT, 4.00 [4.00, 5.00] for Gemini, 4.00 [3.00, 4.00] for Copilot, 3.50 [3.00, 4.00] for 348 

DeepSeek, and 3.00 [3.00, 3.00] for Doubao. All 10 pairwise comparisons remained statistically 349 

significant after adjustment. 350 

Empathy scores also differed across chatbots (P < 0.001; Kendall’s W = 0.316; 95% CI, 0.245–0.407). 351 

Eight of the 10 pairwise comparisons remained statistically significant after adjustment. Significant 352 

adjusted pairwise comparisons for accuracy and empathy are provided in Supplementary Table S3, and 353 

the complete pairwise estimates are provided in Supplementary Table S5. Accuracy and empathy 354 

results are summarized in Table 4. 355 

Table 4. Accuracy and empathy scores across chatbots 356 



Note: Values are median [Q1, Q3]. Overall P values were obtained using Friedman tests. 357 

358 

Figure 2. Distribution of safety, accuracy, and empathy scores across chatbots 359 

Information quality 360 

Overall differences across chatbots were observed for DISCERN, EQIP, JAMA, and GQS scores. 361 

DISCERN medians ranged from 54.50 [50.00, 57.00] to 68.00 [64.00, 71.75] (P < 0.001; Kendall's W 362 

= 0.834, 95% CI, 0.737-0.909). EQIP medians ranged from 56.00 [54.00, 62.00] to 73.00 [68.00, 77.00] 363 

(P < 0.001; Kendall's W = 0.741, 95% CI, 0.619-0.854). 364 

For JAMA, the median score was 3.00 [2.00, 3.00] for ChatGPT and 2.00 for each of the other four 365 

models. The corresponding chatbot-specific interquartile ranges are presented in Table 5 (P < 0.001; 366 

Kendall's W = 0.323, 95% CI, 0.238–0.428). GQS medians were 4.00 for ChatGPT, Gemini, Copilot, 367 

and DeepSeek, and 3.00 for Doubao (P < 0.001; Kendall's W = 0.309, 95% CI, 0.223–0.420). 368 

Significant adjusted pairwise comparisons are provided in Supplementary Table S3, and the complete 369 

pairwise estimates are provided in Supplementary Table S5. Figure 3 displays the distributions of 370 

DISCERN, EQIP, JAMA, and GQS scores. 371 

Table 5. Information-quality scores across chatbots 372 

Metric ChatGPT Gemini Copilot DeepSeek Doubao Overall 

P 

Kendall's 

W 

Kendall's W 

95% CI 

Accurac

y 

4.50 

[4.00,5.00] 

4.00 

[4.00,5.00] 

4.00 

[3.00,4.00] 

3.50 

[3.00,4.00] 

3.00 

[3.00,3.00] 
<0.001 0.660 0.583-0.737 

Empathy 

4.00 

[4.00,5.00] 

4.00 

[3.00,4.75] 

4.00 

[3.00,4.00] 

4.00 

[3.00,4.00] 

3.00 

[3.00,4.00] 
<0.001 0.316 0.245-0.407 



Metric ChatGPT Gemini Copilot DeepSeek Doubao Overall P 

Kendall's 

W 

Kendall's W 

95% CI 

DISCERN 

68.00 

[64.00,71.75] 

63.50 

[60.25,67.00] 

60.00 

[56.00,64.00] 

59.00 

[55.25,62.00] 

54.50 

[50.00,57.00] 
<0.001 0.834 0.737-0.909 

EQIP 

73.00 

[68.00,77.00] 

69.50 

[66.00,74.00] 

66.00 

[62.00,71.00] 

64.50 

[60.00,69.00] 

56.00 

[54.00,62.00] 
<0.001 0.741 0.619-0.854 

JAMA 

3.00 

[2.00,3.00] 

2.00 

[2.00,3.00] 

2.00 

[2.00,3.00] 

2.00 

[2.00,2.75] 

2.00 

[2.00,2.00] 
<0.001 0.323 0.238-0.428 

GQS 

4.00 

[4.00,5.00] 

4.00 

[3.00,4.75] 

4.00 

[3.00,4.00] 

4.00 

[3.00,4.00] 

3.00 

[3.00,4.00] 
<0.001 0.309 0.223-0.420 

Note: Values are median [Q1, Q3]. Overall P values were obtained using Friedman tests. 373 

 374 

Figure 3. Distribution of information-quality scores across models 375 

Readability 376 

All six readability indices differed across chatbots (all P < 0.001). Mean estimated grade levels ranged 377 

from 7.34 to 11.35 for ARI, 9.07 to 12.09 for CL, 6.97 to 10.96 for FKGL, 8.67 to 11.80 for GFI, and 378 

7.65 to 10.65 for SMOG. Mean FRES values ranged from 46.72 to 67.63. These findings indicate that 379 

none of the models consistently produced responses meeting the predefined sixth-grade or FRES ≥80 380 

readability benchmarks. Figure 4 shows the distributions of the six readability measures. Summary 381 

readability results are presented in Table 6. 382 

Table 6. Readability scores across chatbots 383 

Metric ChatGPT Gemini Copilot DeepSeek Doubao Overall P Kendall's W 

Kendall's W  

95% CI 

ARI 7.34±1.40 10.71±1.25 10.01±1.42 11.35±1.56 7.54±1.20 <0.001 0.679 0.605-0.752 

CL 9.07±1.24 11.81±1.59 12.09±1.36 11.88±1.03 9.87±1.18 <0.001 0.498 0.411-0.596 



Metric ChatGPT Gemini Copilot DeepSeek Doubao Overall P Kendall's W 

Kendall's W  

95% CI 

FKGL 6.97±1.35 10.23±1.56 9.55±1.22 10.96±1.63 7.33±1.15 <0.001 0.639 0.563-0.723 

GFI 8.67±1.26 11.57±1.67 10.89±1.57 11.80±1.42 8.72±1.48 <0.001 0.543 0.470-0.623 

SMOG 7.65±1.30 10.40±0.97 9.79±1.31 10.65±1.19 8.46±1.22 <0.001 0.488 0.397-0.594 

FRES 67.63±5.95 51.36±6.42 55.61±6.42 46.72±5.38 63.33±5.60 <0.001 0.681 0.625-0.746 

Note: Values are mean ± SD. For FRES, higher scores indicate easier readability; for ARI, CL, FKGL, 384 

GFI, and SMOG, higher scores indicate greater reading difficulty. 385 

 386 

Figure 4. Distribution of readability scores across models 387 

Qualitative analysis of responses classified as potentially unsafe 388 

Supplementary Table S6 summarizes the 47 responses classified as potentially unsafe and provides 389 

descriptive severity labels. Among these entries, 34 were classified as minor, 11 as moderate, and 2 as 390 

major. Responses classified as potentially unsafe were most frequently observed in symptom-oriented 391 

nutrition and supportive care (n = 9), food safety, food avoidance, alcohol, and carcinogenic exposure 392 

topics (n = 8), comorbidities and special clinical situations (n = 7), and energy, protein, weight loss, 393 

cachexia, and sarcopenia-related questions (n = 5). The two responses assigned a major severity label 394 

concerned symptom-oriented nutrition and supportive care (n = 1) and comorbidities and special 395 

clinical situations (n = 1). These qualitative severity labels were used to characterize the nature of 396 



unsafe responses and did not replace the primary binary safety analysis. 397 

Association between response length and evaluation metrics 398 

Response length showed small but statistically significant associations with several evaluation 399 

outcomes after Holm correction (Table 7; Figure 5). Longer responses were weakly associated with 400 

lower accuracy (Spearman rho = -0.187, 95% CI -0.294 to -0.076; Holm-adjusted P = 0.007) and lower 401 

information-quality scores for DISCERN (rho = -0.196, 95% CI -0.305 to -0.084; P = 0.005), EQIP 402 

(rho = -0.175, 95% CI -0.289 to -0.062; P = 0.013), and JAMA (rho = -0.154, 95% CI -0.261 to -0.047; 403 

P = 0.033). No significant associations were observed for empathy or GQS. Response length was also 404 

associated with readability: longer responses were associated with higher FRES scores (rho = 0.176, 95% 405 

CI 0.070 to 0.280; P = 0.013) and lower FKGL (rho = -0.232, 95% CI -0.339 to -0.114; P < 0.001), 406 

ARI (rho = -0.288, 95% CI -0.390 to -0.177; P < 0.001), CL (rho = -0.217, 95% CI -0.313 to -0.109; P 407 

= 0.001), and GFI (rho = -0.256, 95% CI -0.366 to -0.146; P < 0.001) scores. The association with 408 

SMOG did not remain significant after multiplicity adjustment (Holm-adjusted P = 0.132). Response 409 

length was not associated with binary safety coding (point-biserial r = 0.049, 95% CI -0.081 to 0.184; 410 

Holm-adjusted P = 0.770). Overall, these correlations were weak, indicating that response length alone 411 

should not be interpreted as a proxy for clinical safety, accuracy, empathy, information quality, or 412 

readability. 413 

Table 7. Correlations between response length and response-evaluation metrics 414 

Metric N r / rho 95% CI P value Holm P 

Safety 310 0.049 (-0.081, 0.184) 0.385 0.770 

Accuracy 310 -0.187 (-0.294, -0.076) <0.001 0.007 

Empathy 310 -0.040 (-0.155, 0.080) 0.479 0.770 

DISCERN 310 -0.196 (-0.305, -0.084) <0.001 0.005 

EQIP 310 -0.175 (-0.289, -0.062) 0.002 0.013 

JAMA 310 -0.154 (-0.261, -0.047) 0.007 0.033 

GQS 310 -0.066 (-0.182, 0.054) 0.248 0.745 

FRES 310 0.176 (0.070, 0.280) 0.002 0.013 

FKGL 310 -0.232 (-0.339, -0.114) <0.001 <0.001 

SMOG 310 -0.121 (-0.226, -0.012) 0.033 0.132 



Metric N r / rho 95% CI P value Holm P 

ARI 310 -0.288 (-0.390, -0.177) <0.001 <0.001 

CL 310 -0.217 (-0.313, -0.109) <0.001 0.001 

GFI 310 -0.256 (-0.366, -0.146) <0.001 <0.001 

Note: Response length was defined as the number of characters in each response after whitespace 415 

normalization. Safety was coded as 0 = safe and 1 = unsafe and was analyzed using the point-biserial 416 

correlation; all other metrics were analyzed using Spearman rank correlations. Ninety-five percent 417 

confidence intervals were estimated using 2,000 nonparametric bootstrap resamples. P values were 418 

adjusted across the 13 response-length correlations using the Holm method. For FRES, higher values 419 

indicate easier readability; for ARI, CL (Coleman-Liau Index), FKGL, GFI, and SMOG, higher values 420 

indicate greater reading difficulty. 421 

 422 

Figure 5. Correlation matrix of response length and response-evaluation metrics. Cells display 423 

correlation coefficients. Correlations involving Safety are point-biserial; all other pairwise correlations 424 



are Spearman coefficients. Asterisks denote Holm-adjusted statistical significance (*P < 0.05, **P < 425 

0.01, ***P < 0.001). 426 

Short-term stability across repeated live-query rounds 427 

The repeated-query dataset comprised an additional 310 responses generated using the same 428 

62-question × 5-chatbot design. The second-round analysis yielded high agreement and ICC estimates 429 

across all five chatbots (Table 8). For binary safety classifications, raw agreement ranged from 95.2% 430 

to 98.4%, with Gwet's AC1 coefficients ranging from 0.927 (95% CI, 0.840 to 1.000) for DeepSeek to 431 

0.978 for both Copilot (95% CI, 0.934 to 1.000) and Doubao (95% CI, 0.932 to 1.000). Across the 12 432 

non-safety metrics, model-level median ICC(2,1) values ranged from 0.968 to 0.979, and all 60 model–433 

metric combinations met the prespecified ICC threshold of 0.75 or higher. The lowest metric-level ICC 434 

within each model ranged from 0.852 to 0.927. Round-to-round changes were small, with median 435 

absolute paired Cohen's dz values ranging from 0.083 to 0.212. After Holm correction, one of 12 436 

non-safety metrics showed statistically significant systematic drift for ChatGPT, whereas no significant 437 

drift was detected for Gemini, Copilot, DeepSeek, or Doubao. The repeated live-query analysis 438 

demonstrated generally high short-term numerical stability across the evaluated outcomes under the 439 

study conditions. These findings provide empirical evidence of short-term stability but should not be 440 

interpreted as establishing long-term temporal reproducibility across model updates, access conditions, 441 

or broader deployment settings. 442 

Table 8. Short-term stability estimates across two live-query rounds by chatbot 443 

Model 

Safety 

agreement, 

% 

Safety AC1 (95% 

CI) 

ICC, median (IQR) 

Lowes

t ICC 

ICC ≥0.75, 

n/N (%) 

|Cohen's dz|, 

median (IQR) 

Holm-significant 

drift, n/N 

ChatGPT 95.2 

0.944 (0.878 - 

1.000) 

0.977 (0.966 - 

0.982) 

0.927 

12/12 

(100.0%) 

0.195 (0.168 - 

0.248) 

1/12 

Gemini 96.8 

0.957 (0.895 - 

1.000) 

0.976 (0.944 - 

0.985) 

0.883 

12/12 

(100.0%) 

0.158 (0.073 - 

0.178) 

0/12 

Copilot 98.4 

0.978 (0.934 - 

1.000) 

0.979 (0.951 - 

0.988) 

0.910 

12/12 

(100.0%) 

0.094 (0.043 - 

0.148) 

0/12 



Model 

Safety 

agreement, 

% 

Safety AC1 (95% 

CI) 

ICC, median (IQR) 

Lowes

t ICC 

ICC ≥0.75, 

n/N (%) 

|Cohen's dz|, 

median (IQR) 

Holm-significant 

drift, n/N 

DeepSee

k 

95.2 

0.927 (0.840 - 

1.000) 

0.968 (0.956 - 

0.984) 

0.864 

12/12 

(100.0%) 

0.083 (0.056 - 

0.141) 

0/12 

Doubao 98.4 

0.978 (0.932 - 

1.000) 

0.977 (0.967 - 

0.983) 

0.852 

12/12 

(100.0%) 

0.212 (0.157 - 

0.286) 

0/12 

Note. Safety agreement represents the raw percentage agreement between rounds, whereas AC1 refers 444 

to Gwet’s agreement coefficient 1. For non-safety outcomes, ICC values were calculated as ICC(2,1) 445 

estimates using a two-way random-effects, absolute-agreement, single-measure model applied to the 446 

paired final scores from Round 1 and Round 2. An ICC ≥0.75 was considered indicative of acceptable 447 

numerical stability. Cohen’s dz was calculated as the mean paired difference (Round 2 − Round 1) 448 

divided by the standard deviation of the paired differences; absolute values are reported. 449 

Holm-significant drift indicates the number of non-safety metrics with a Holm-adjusted P value <0.05 450 

based on paired Wilcoxon signed-rank tests. Abbreviations: AC1, Gwet’s agreement coefficient 1; ICC, 451 

intraclass correlation coefficient; IQR, interquartile range. 452 

Discussion 453 

Principal findings 454 

Using the same 62 HCC nutrition questions across five publicly accessible chatbots, this study found a 455 

mixed rather than uniformly favorable performance profile. Most first-round responses were classified 456 

as safe, but 47 of 310 contained content judged potentially harmful, misleading, or clinically 457 

inappropriate. Between-model differences were clearer for accuracy, empathy, information quality, and 458 

readability than for the binary safety outcome. The exploratory response-length analysis showed only 459 

weak associations with the evaluated outcomes, suggesting that a longer answer should not be taken as 460 

a shorthand for a safer or better answer. The repeated live-query assessment demonstrated generally 461 

acceptable short-term numerical stability, although the two-round design does not establish long-term 462 

temporal reproducibility of live chatbot outputs. Taken together, this divergence argues against treating 463 

chatbot performance as a single construct or using factual accuracy as a stand-in for the broader quality 464 



of patient-facing advice. 465 

The safety findings fit a broader pattern in hepatology-oriented evaluations. In an earlier study of 466 

cirrhosis and HCC questions, ChatGPT often produced useful information but did not consistently 467 

provide complete, clinically qualified answers [12]. A 2024 study that asked liver-cancer surveillance, 468 

diagnosis, and management questions in triplicate likewise reported that answers were frequently 469 

complex and were only intermittently both accurate and reproducible [13]. Similar concerns have been 470 

described in cancer treatment information, where plausible wording can coexist with omissions or 471 

recommendations that require clinical correction [8]. In the present dataset, this distinction was most 472 

visible in questions involving warning symptoms, food safety, comorbidity, and protein or supplement 473 

advice: the main concern was often not an obviously false statement, but insufficient qualification of 474 

advice that could change with the patient’s clinical state. 475 

Clinical context and information quality 476 

That pattern is clinically relevant in HCC because nutrition advice is unusually dependent on disease 477 

stage, liver reserve, treatment, and complications. Contemporary HCC guidance emphasizes 478 

individualized, multiparametric assessment rather than generic disease rules [2]. Current guidance on 479 

malnutrition in liver disease also stresses the interaction between nutritional goals, decompensation, 480 

renal function, ascites, and encephalopathy [3]. Cancer nutrition recommendations similarly support 481 

adequate energy and protein intake while accounting for treatment-related symptoms and catabolic risk 482 

[4]. In cirrhosis, sarcopenia and frailty add another layer of complexity and can make overly restrictive 483 

dietary advice counterproductive [5]. These considerations help explain why a response may sound 484 

reasonable at a general level yet still be incomplete for a patient with HCC. 485 

The information-quality results should therefore be interpreted together with the safety findings, rather 486 

than as a substitute for them. Studies of cancer-related chatbot responses have shown that high overall 487 

quality scores do not guarantee complete source attribution or consistent clinical detail [7]. In a 2024 488 

analysis of cancer information, differences in readability were influenced by model access and 489 

prompting, whereas information quality was less clearly separated between chatbot versions [31]. A 490 

recent systematic review of LLM use in patient care also found substantial heterogeneity in tasks, 491 

evaluation methods, and reported performance [6]. This is one reason multidimensional assessment is 492 

preferable to a single composite score. Frameworks for patient-facing clinical LLMs increasingly treat 493 

factual correctness, safety, communication quality, and context sensitivity as related but 494 



non-interchangeable properties [11]. 495 

Empathy, readability, and response length 496 

Empathy deserves similar separation from clinical quality. Chatbot responses can be perceived as warm 497 

and supportive, and a widely cited comparison of physician and chatbot answers found higher ratings 498 

for empathy in the chatbot responses [15]. More recent work in oncology has also shown that patients 499 

may rate AI-generated responses as highly empathetic, while emphasizing that perceived empathy is 500 

not the same as clinical appropriateness [10]. In the present study, empathy varied across models but was 501 

not associated with response length. A polished or reassuring tone should therefore be considered a 502 

communication feature, not evidence that an answer is safe enough to act on without review. 503 

Readability remained a more consistent weakness. The grade-level indices in this study were generally 504 

above the sixth-grade benchmark used in the analysis, and the FRES results did not show consistently 505 

easy text. Comparable findings were reported in colorectal cancer, where ChatGPT-generated patient 506 

information was rated favorably for several quality domains but still required a relatively high reading 507 

level [32]. Cancer-focused comparisons have also shown that explicit plain-language prompting can 508 

improve readability without necessarily reducing information quality [31]. The response-length analysis 509 

in the present study adds nuance: longer answers were weakly associated with lower accuracy and 510 

several lower information-quality scores, yet they were also associated with easier scores on several 511 

readability formulae. Because these associations were small and cross-sectional, they are better 512 

interpreted as descriptions of writing style and model behavior than as evidence that changing response 513 

length would alter clinical quality. 514 

Stability and reproducibility 515 

Because the second round was obtained by prospectively re-querying the live chatbot interfaces, the 516 

stability analysis provides empirical information about short-term repeatability under the specific study 517 

conditions. However, two query rounds conducted within a limited observation window cannot 518 

establish long-term temporal reproducibility. Previous repeated-query research has demonstrated 519 

within-model variability across repeated clinical tasks [33], while cross-language evaluations indicate 520 

that performance may also vary across language settings [34]. Longer-term repeated-query studies 521 

spanning model updates, interfaces, languages, and deployment conditions are therefore needed to 522 

characterize temporal reproducibility more fully. 523 

Implications for practice and research 524 



For patients and caregivers, the most defensible role for these systems is as a source of preliminary 525 

orientation: explaining terms, organizing questions, or helping users identify topics to discuss with the 526 

clinical team. General reviews of GPT-4 in medicine have emphasized the same distinction between 527 

useful language support and dependable clinical decision support [35]. Broader work on LLMs in 528 

medicine likewise notes that fluent output can mask uncertainty, missing context, or unverifiable 529 

reasoning [36]. This matters especially when advice concerns fluid restriction, sodium, protein, 530 

supplements, alcohol, raw foods, persistent vomiting or diarrhea, confusion, bleeding, jaundice, or 531 

worsening ascites. Commentary on AI-generated medical advice has therefore argued for clear limits 532 

on autonomous use in high-stakes settings [37]. 533 

For developers and evaluators, the results favor narrower and more testable design goals rather than a 534 

single claim of overall chatbot quality. Context-aware escalation language, explicit uncertainty, 535 

traceable sources, and plain-language output are practical targets. Reviews of the likely clinical role of 536 

LLMs have similarly emphasized monitoring, human oversight, and task-specific validation before 537 

deployment [38]. Reporting should also make the query date, interface, model identifier, prompt strategy, 538 

and evaluation process visible, because commercial systems can change without notice. The CHART 539 

reporting guideline was developed specifically to improve this level of transparency in health-advice 540 

chatbot studies [14]. Model and data provenance remain important limitations across clinical 541 

foundation-model research, particularly when proprietary systems provide little information about 542 

training or update history [39]. 543 

Strengths 544 

Several features strengthen the interpretation of this study. The question set was defined before formal 545 

evaluation and covered ten clinically relevant nutrition domains rather than a small group of easily 546 

scored fact questions. Each of the five chatbots received the same English prompts in the same order, 547 

allowing paired question-level comparisons. The assessment combined safety, accuracy, empathy, four 548 

information-quality instruments, six readability indices, blinded independent scoring where feasible, 549 

inter-rater agreement, and consensus adjudication. The reference-answer mapping table also required 550 

reviewers to look for missing caveats and escalation advice, which is important in a domain where 551 

omission can matter as much as an incorrect statement. 552 

Limitations 553 



This study has several important limitations. First, the evaluation was based on a single 554 

English-language question set, one access location, and two predefined query periods. Model 555 

performance may differ across languages, regions, account configurations, interface features, retrieval 556 

settings, and subsequent model updates. Second, although a second round of live queries was 557 

conducted to assess the stability of model responses, the repeat evaluation was limited to two 558 

observations obtained within a defined study setting and time frame. These data therefore provide 559 

empirical evidence of short-term numerical stability under the study conditions, but should not be 560 

interpreted as establishing long-term temporal reproducibility of live chatbot outputs. Third, complete 561 

evaluator blinding could not be guaranteed because differences in formatting, response structure, or 562 

stylistic features may have provided cues to model identity. Fourth, expert ratings and formula-based 563 

readability indices capture selected characteristics of response quality but do not directly measure what 564 

patients understand, retain, or subsequently do after reading the information. Fifth, the response-length 565 

analysis was exploratory and may have been influenced by model-specific communication styles and 566 

variation in question complexity; the observed associations should therefore not be interpreted as 567 

causal. Sixth, the study evaluated responses to standardized public-facing questions rather than 568 

individualized clinical scenarios and did not assess advice tailored to laboratory findings, medications, 569 

hepatic or renal function, treatment stage, comorbidities, or patient preferences. Finally, because 570 

proprietary model architectures, training data, retrieval processes, and safety-alignment mechanisms 571 

are not fully observable, the mechanisms underlying differences between models could not be 572 

determined directly.  573 

Conclusion 574 

In the primary standardized evaluation of five publicly accessible chatbots, most first-round responses 575 

to public-facing HCC nutrition questions were classified as safe, although clinically relevant unsafe or 576 

insufficiently qualified responses remained. Accuracy, empathy, information quality, and readability 577 

varied across systems, whereas the overall binary safety comparison did not, indicating that safety 578 

alone does not capture the broader quality of patient-facing chatbot performance. Response length 579 

showed only weak associations with the evaluated outcomes, suggesting that greater verbosity does not 580 

necessarily translate into better-quality information. Repeated live-query assessment further 581 

demonstrated generally acceptable short-term numerical stability across several non-safety outcomes 582 

under the study conditions, although these findings should not be interpreted as establishing long-term 583 



temporal reproducibility of chatbot outputs. Overall, the findings support a cautious adjunctive role for 584 

LLMs in patient education rather than independent use for nutrition decisions that depend on liver 585 

function, treatment status, comorbidities, medication exposure, or red-flag symptoms. Future studies 586 

should evaluate performance across longer time intervals, model updates, languages, and user settings; 587 

incorporate patients and caregivers into comprehension and usability testing; and determine whether 588 

clinician-reviewed LLM-generated information can improve access to understandable nutrition 589 

guidance without compromising safety. 590 
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