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What is already known on this topic? 
Large language model (LLM)–based chatbots are increasingly used by patients to obtain medical information. Previous studies have shown 
variable reliability, quality, and readability of LLM-generated health content, and most materials exceed the recommended sixth-grade 
reading level for patient education. 
 
What this study adds? 
This study is the first to evaluate four LLMs in the context of congenital hypothyroidism using parent-centered questions, assessing 
reliability, quality, readability, and source accuracy. Although all models demonstrated good levels of reliability and quality, ChatGPT-5.2 
showed superior overall performance compared with the others. These findings suggest that, as LLMs continue to evolve, they hold 
increasing potential to generate more reliable and readable health information. 
 
Abstract 
Objective: To comparatively evaluate the reliability, quality, and readability of responses generated by widely used large language model 
(LLM)–based chatbots to congenital hypothyroidism (CH)–related patient questions. 
Methods: Forty CH frequently asked questions (FAQs), derived from clinician-reviewed patient education resources, were submitted under 
standardized conditions (December 2025) to ChatGPT-4, ChatGPT-5.2, Gemini, and Copilot. The mod൴f൴ed DISCERN (mDISCERN) 
൴nstrument was used to assess rel൴ab൴l൴ty, whereas the Global Qual൴ty Score (GQS) was used to evaluate qual൴ty. Readability was evaluated 
using Flesch Reading Ease (FRE), Flesch–Kincaid Grade Level (FKGL), Gunning Fog Index (GFI), Coleman–Liau Index (CLI), and Simple 
Measure of Gobbledygook (SMOG). Scores were compared using Friedman tests with Bonferroni-corrected post hoc analyses. 
Results: Median mDISCERN scores were 5.0 for ChatGPT-4, ChatGPT-5.2, and Gemini, and 4.0 for Copilot. Median GQS scores were 5.0 
for ChatGPT-4, ChatGPT-5.2, and Gemini, and 4.0 for Copilot. Differences among models were significant for both mDISCERN and GQS 
(p<0.001), with ChatGPT-5.2 outperforming others in key pairwise comparisons. Readability differed significantly across all indices (all 
p<0.001). ChatGPT-5.2 demonstrated the highest FRE and lowest FKGL, whereas Gemini produced the most complex text. However, all 
models exceeded the recommended sixth-grade reading level. 
Conclusion: LLM-based chatbots generated generally moderate-to-high quality CH information, but readability remains suboptimal for 
patient education. ChatGPT-5.2 showed the best overall performance. LLM outputs may support patient information needs but should 
complement, not replace, clinician-provided counseling. 
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Introduction 
Primary congenital hypothyroidism (CH) is the most common congenital endocrine disorder, with an estimated incidence of approximately 1 
in 1,000–3,000 live births worldwide. If left untreated, CH may lead to severe and irreversible intellectual disability; however, this adverse 
outcome can largely be prevented through neonatal screening programs and early initiation of treatment. In countries where newborn 
screening programs are effectively implemented, the majority of patients with CH demonstrate neurodevelopmental outcomes within normal 
limits (1,2,3,4,5,6,7). 
Abnormal findings on newborn screening necessitate confirmatory biochemical testing to establish or exclude the diagnosis of 
hypothyroidism. Measurement of thyrotropin (thyroid-stimulating hormone, TSH) together with free thyroxine (free T4), or alternatively 
total T4 and triiodothyronine (T3) uptake, is recommended for this purpose. The presence of elevated serum TSH levels accompanied by low 
free T4 concentrations confirms the diagnosis of primary hypothyroidism and requires urgent initiation of treatment (8). Oral levothyroxine 
is the treatment of choice, and both the timing and dosage of thyroid hormone replacement are critical determinants of clinical outcomes 
(9,10). In term infants, the recommended initial dose is 10–15 µg/kg/day, a range that has been associated with optimal neurocognitive 
outcomes, normal growth, and improved school performance (10,11). 
Nowadays, pat൴ents—and part൴cularly parents of newborns—have long been act൴vely us൴ng the ൴nternet to access health-related ൴nformat൴on. 
Prev൴ous reports ൴nd൴cate that approx൴mately 90% of adults use the ൴nternet, and nearly 75% search for health-related ൴nformat൴on before 
seek൴ng med൴cal care, h൴ghl൴ght൴ng the ൴mportance of evaluat൴ng the accuracy and readab൴l൴ty of onl൴ne med൴cal content (12). Med൴cal content 
൴s d൴ssem൴nated to broad aud൴ences through d൴g൴tal and soc൴al med൴a platforms such as Google, Facebook, and Tw൴tter (13). In recent years, 
the use of art൴f൴c൴al ൴ntell൴gence (AI) technolog൴es ൴n the f൴eld of healthcare has ൴ncreased rap൴dly (14). AI refers to the ab൴l൴ty of computer 
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systems to perform funct൴ons that typ൴cally requ൴re human ൴ntell൴gence, ൴nclud൴ng dec൴s൴on-mak൴ng, learn൴ng from exper൴ence, natural 
language understand൴ng, and problem-solv൴ng. 
In add൴t൴on to trad൴t൴onal c൴tat൴on metr൴cs, alternat൴ve metr൴cs such as Altmetr൴c scores prov൴de valuable ൴ns൴ght ൴nto the d൴ssem൴nat൴on and 
soc൴etal ൴mpact of sc൴ent൴f൴c publ൴cat൴ons. B൴bl൴ometr൴c analyses not only ൴llustrate the h൴stor൴cal development of a research f൴eld but also 
൴dent൴fy h൴ghly ൴nteract൴ve stud൴es that shape academ൴c v൴s൴b൴l൴ty. Recent b൴bl൴ometr൴c stud൴es h൴ghl൴ght the grow൴ng role of d൴g൴tal engagement 
൴n the d൴ssem൴nat൴on of med൴cal knowledge, emphas൴z൴ng the ൴mportance of evaluat൴ng onl൴ne ൴nformat൴on sources ൴n contemporary healthcare 
env൴ronments (13). 
In th൴s context, AI–dr൴ven large language models (LLMs) have emerged as novel and eas൴ly access൴ble sources of ൴nformat൴on for ൴nd൴v൴duals 
seek൴ng health-related knowledge. AI-based chatbots are capable of ൴nteract൴ng w൴th pat൴ents, answer൴ng quest൴ons, and prov൴d൴ng bas൴c 
med൴cal ൴nformat൴on (15). Chat Generat൴ve Pre-Tra൴ned Transformer (ChatGPT) vers൴on 3.5 was released ൴n 2022, rap൴dly ga൴ned a large user 
base, and was subsequently followed by more advanced vers൴ons (16). In add൴t൴on to ChatGPT, other LLM-based chatbots, such as M൴crosoft 
Cop൴lot and Google Gem൴n൴, have also been developed. These models were selected because they represent the most w൴dely used and 
publ൴cly access൴ble LLM-based chatbots at the t൴me of the study and have been frequently evaluated ൴n prev൴ous healthcare-related research, 
allow൴ng comparab൴l൴ty w൴th ex൴st൴ng l൴teratüre. 
Art൴f൴c൴al ൴ntell൴gence enables pat൴ents to access health-related ൴nformat൴on eas൴ly; however, health l൴teracy plays a cruc൴al role ൴n pat൴ent 
understand൴ng and engagement, and the readab൴l൴ty, rel൴ab൴l൴ty, and qual൴ty of th൴s ൴nformat൴on are of cr൴t൴cal ൴mportance (17).The Nat൴onal 
Inst൴tutes of Health (NIH), the Amer൴can Med൴cal Assoc൴at൴on (AMA), and the Un൴ted States Department of Health and Human Serv൴ces 
recommend that web-based pat൴ent educat൴on mater൴als be wr൴tten at or below a s൴xth-grade read൴ng level (18,19,20,21). In add൴t൴on, LLMs 
may occas൴onally c൴te non-ex൴stent sources or generate b൴ased or ൴naccurate ൴nformat൴on, wh൴ch ra൴ses concerns regard൴ng pat൴ent safety, 
part൴cularly ൴n cond൴t൴ons that may lead to ൴rrevers൴ble neurodevelopmental outcomes (22). Improved pat൴ent knowledge regard൴ng d൴sease 
mechan൴sms and treatment has been shown to enhance adherence to med൴cal recommendat൴ons and ൴mprove cl൴n൴cal outcomes (23). 
The a൴m of th൴s study was to conduct a comparat൴ve evaluat൴on of the responses generated by four AI-based chatbots—ChatGPT-4, ChatGPT-
5.2, Gem൴n൴, and Cop൴lot—to frequently asked quest൴ons (FAQs) related to congen൴tal hypothyro൴d൴sm, w൴th respect to readab൴l൴ty, rel൴ab൴l൴ty, 
and qual൴ty. 
1. Materials and Methods 
1.1. Study Design 
This study was designed as a cross-sectional analytical study evaluating the reliability, quality, and readability of responses generated by AI–
based LLMs regarding congenital hypothyroidism. 
1.2. Question Sources and Initial Screening 
Questions related to CH were developed using patient education content from internationally recognized, reliable, evidence-based websites 
that are reviewed by clinicians, including the Cleveland Clinic, Mayo Clinic, and the United Kingdom National Health Service (NHS). These 
sources were selected because they are widely regarded as trustworthy in patient and caregiver education and include questions that are 
frequently asked by patients and their families. 
Initially, 60 questions related to congenital hypothyroidism were identified. Questions that were repetitive, highly similar in wording, 
overlapping in meaning, or not directly related to CH were excluded through a screening process. Following this refinement, 40 questions 
were selected for the final analysis. The complete list of questions is provided in the Supporting Information section. 
1.3. Question Categorization 
The final set of questions was categorized into six clinically meaningful domains reflecting the topics most frequently sought by parents of 
children with CH. These domains included basic information; symptoms and clinical features; diagnosis and screening; treatment and 
monitoring; risks, side effects, and complications; and recovery and outlook. 
1.4. Artificial Intelligence Models and Interaction Procedure 
The selected questions were submitted to multiple LLM-based chatbot platforms, including ChatGPT-4 and ChatGPT-5.2 (free and paid 
versions; OpenAI; December 2025 and December 2025), Gemini (free version; Google; November 2025), and Copilot (Microsoft; December 
2025), all of which were publicly accessible at the time of the study. All evaluations were conducted in December 2025 using identical 
prompts and standardized conditions. All searches were performed using a web browser in incognito mode without logging into any personal 
accounts to minimize personalization bias. 
To ensure that each response was generated independently and to prevent contextual memory bias, the conversation history was cleared prior 
to each question, and a new chat session was initiated. To assess response consistency, the same set of questions was resubmitted to each 
chatbot one week later under the same conditions. No additional prompts, follow-up questions, response regeneration commands, or 
clarifications were used, except for requesting references when they were not initially provided by the chatbot. 
All responses and cited references were recorded and stored for subsequent analysis. The existence, accessibility, and academic credibility of 
the cited sources were systematically verified and documented. All cited references were systematically verified using PubMed, Google 
Scholar, CrossRef, and official journal websites. A reference was classified as fabricated if it could not be identified in these databases or if 
inconsistencies were detected in authorship, journal name, publication year, volume, page numbers, or DOI information. In addition, 
references that were retrievable but unrelated to the topic or that did not support the statements made in the chatbot response were classified 
as inaccurate citations. All references were independently reviewed by two pediatric endocrinologists, and disagreements were resolved by 
consensus. Source usage and citation behavior were incorporated into the modified DISCERN (mDISCERN) and Global Quality Scale 
(GQS) assessments, and misleading, fabricated, or non-academic references were systematically identified and recorded. 
1.5. Expert Evaluation Process 
All chatbot responses were independently evaluated by two pediatric endocrinologists with clinical experience in the management of CH. In 
cases of disagreement regarding scoring, the responses were re-assessed by a third pediatric endocrinologist, and a final decision was reached 
by consensus. Inter-rater agreement exceeded 0.80 (Cohen’s κ), indicating excellent agreement. 
1.6. Reliability Assessment 
The mDISCERN instrument was used to assess reliability. This scale consists of five criteria, with each criterion scored as 1 if fulfilled and 0 
if not fulfilled. Higher total scores (out of five) indicate greater reliability. The reliability and validity of the DISCERN instruments have 
been previously established (24,25). The mDISCERN scale evaluates the following five criteria using a yes/no format: clear statement of 
aims; reliability of information sources; balance and absence of bias; provision of additional sources of information; and discussion of 
uncertainties. 
1.7. Quality Assessment 
The quality of the chatbot responses was evaluated using the GQS, which has been applied in similar studies (26,27). GQS is a five-point 
Likert scale designed to assess the usability, quality, and flow of online health information. A score of 1 represents the lowest quality, 
whereas a score of 5 indicates the highest quality. Scores of 2 reflect low quality with limited usefulness, 3 indicate moderate quality with 
limited usefulness, and 4 represent good quality and usefulness (Table 1). 
1.8. Readability Assessment 
The readability of the responses generated by the chatbots was analyzed using multiple established readability indices to evaluate textual 
complexity and the required reading level. These indices included the Flesch Reading Ease (FRE), Flesch–Kincaid Grade Level (FKGL), 
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Gunning Fog Index (GFI), Coleman–Liau Index (CLI), and the Simple Measure of Gobbledygook (SMOG). Readability scores were 
calculated using an online tool with automated computation functions (28). 
The FRE score ranges from 0 to 100, with lower scores indicating more difficult text. Scores between 0 and 30 correspond to very difficult 
texts requiring college-level reading skills; scores between 31 and 50 indicate difficult texts appropriate for grades 13–16; scores between 51 
and 60 represent relatively difficult texts at the 10th–12th grade level; scores between 61 and 70 indicate plain English suitable for grades 8–
9; scores between 71 and 80 correspond to fairly easy texts at the 7th-grade level; scores between 81 and 90 indicate easy texts appropriate 
for the 6th-grade level; and scores between 91 and 100 represent very easy texts that can be understood by an average 11-year-old student. 
The FKGL score represents the grade level required to understand a text, with scores of 10 or higher indicating that the material is 
appropriate for readers at the high school level or above. According to recommendations from the AMA and the NIH, patient education 
materials should be written at a sixth-grade reading level or lower (18,19,20,21). 
The CLI measures the reading level corresponding to grade levels in the United States. The SMOG score indicates the number of years of 
education required to understand a text. In the GFI, which evaluates textual complexity based on sentence length and the proportion of long 
words, scores above 12 indicate more difficult texts. 
Acceptable readability thresholds were defined as an FRE score of ≥80 and ≤6 for the other four indices. Materials exceeding these 
thresholds were considered more difficult to read than the levels recommended for the general population (23,29,30,31,32). 
1.9. Statistical Analysis 
  Statistical analyses were performed using SPSS software (IBM Corp., Armonk, NY). Continuous and ordinal variables were assessed for 
normality using the Shapiro–Wilk test. As the outcome scores did not follow a normal distribution, results were summarized as median and 
interquartile range (IQR). Differences in scores across the compared chatbot models were evaluated using the Friedman test. When the 
Friedman test indicated a statistically significant difference, post hoc pairwise comparisons were conducted using the Wilcoxon signed-rank 
test with Bonferroni correction. A Bonferroni-corrected p value of <0.008 was considered statistically significant. Effect sizes for the 
Friedman tests were calculated using Kendall’s W and interpreted as small (≈0.1), moderate (≈0.3), and large (≥0.5). This approach was used 
to complement p-values and to provide information on the magnitude of differences among models. 
1.10.Ethics 
This study did not involve human participants or patient-level data. All evaluated responses were obtained from publicly accessible artificial 
intelligence platforms. Therefore, ethics committee approval was not required. 
2. Results 
The response performance of ChatGPT-4, ChatGPT-5.2, Gemini, and Copilot was evaluated using CH-related FAQs grouped into six 
domains. These domains comprised Basic Information; Symptoms and Clinical Features; Diagnosis and Screening; Treatment and 
Monitoring; Risks, Side Effects, and Complications; and Recovery and Outlook. 
The reliability of the LLMs was assessed using mDISCERN. The median mDISCERN score was 5.0 (4.0–5.0) for ChatGPT-4, 5.0 (5.0–5.0) 
for ChatGPT-5.2, 5.0 (4.0–5.0) for Gemini, and 4.0 (3.0–4.0) for Copilot (Table 2). 
The quality of the responses was evaluated using GQS. The median GQS score was 5.0 (4.0–5.0) for both ChatGPT-4 and Gemini, 5.0 (5.0–
5.0) for ChatGPT-5.2, and 4.0 (3.0–4.0) for Copilot (Table 2). 
The readability of the responses to the FAQs was evaluated using multiple indices. The highest FRE score was observed for ChatGPT-5.2 at 
57.2 (39.4–66.8), whereas the lowest FRE score was recorded for Gemini at 38.2 (31.1–46.8). The lowest FKGL score was also obtained for 
ChatGPT-5.2 at 8.4 (7.0–12.0), while the highest FKGL score was found for ChatGPT-4 at 13.3 (11.9–14.5). ChatGPT-5.2 demonstrated the 
lowest SMOG, GFI, and CLI scores, whereas Gemini had the highest values for these indices (Table 3). 
Gemini and Copilot provided references and direct links to the cited sources after each response. ChatGPT-4 and ChatGPT-5.2 did not 
provide sources by default but supplied references when explicitly requested; ChatGPT-5.2 included hyperlinks, whereas ChatGPT-4 did not. 
Regarding the accuracy of the cited sources, ChatGPT-5.2 achieved a rate of 100%, ChatGPT-4 and Gemini each demonstrated an accuracy 
of 95%, and Copilot showed an accuracy rate of 60%. 
All LLMs provided additional information beyond the direct answers and indicated what further details they could offer upon request. In 
addition, ChatGPT-5.2 presented brief summary sections for parents (e.g., “short answer for parents”) for some questions. The responses 
generated by ChatGPT-4 were generally longer than those of the other models. 
2.1.Reliability and Quality 
All LLMs differed significantly in terms of mDISCERN scores (p < 0.001). The Friedman test yielded χ²(3)=22.653 (p<0.001), with a 
Kendall’s W of 0.19, indicating a small-to-moderate effect size. In pairwise comparisons, significant differences were observed between 
ChatGPT-5.2 and ChatGPT-4 and between ChatGPT-5.2 and Copilot (p = 0.002 and p < 0.001, respectively) (Table 2). ChatGPT-5.2 
achieved higher reliability scores than the other models. 
With respect to content quality, GQS scores also differed significantly among all LLMs (p < 0.001). The effect size was small-to-moderate 
(χ²(3)=22.393, p<0.001; Kendall’s W=0.19). In pairwise comparisons, the GQS score of ChatGPT-5.2 was significantly higher than those of 
the other three models (p = 0.001, p = 0.001, and p < 0.001, respectively) (Table 2). No significant differences in reliability or quality scores 
were observed across the different question categories. 
2.2.Readability 
Significant differences were observed among the AI models across all readability indices (SMOG, FKGL, GFI, CLI, and FRE; all p < 0.001). 
Effect size analysis demonstrated large effects for FKGL (W=0.59), SMOG (W=0.55), CLI (W=0.58), and FRE (W=0.49), and a very large 
effect for GFI (W=0.86), indicating substantial differences in textual complexity across models(Table 3). ChatGPT-5.2 demonstrated 
significantly higher FRE scores and significantly lower FKGL, SMOG, GFI, and CLI scores compared with all other models (Table 4), 
indicating superior readability. 
In pairwise comparisons among ChatGPT-4, Gemini, and Copilot, mixed results were observed depending on the index. No significant 
difference was found between ChatGPT-4 and Copilot for the CLI score, or between Gemini and Copilot for the SMOG score (p = 0.624) 
(Table 4). 
FRE: Significant differences were observed among the models (p < 0.001). Copilot was more readable than ChatGPT-4 and Gemini (p = 
0.002 and p < 0.001, respectively). ChatGPT-5.2 was more readable than all other models (all p < 0.001). 
FKGL: Significant differences were found among the models (p < 0.001). Copilot was more readable than ChatGPT-4 and Gemini, and 
Gemini was more readable than ChatGPT-4 (all p < 0.001). ChatGPT-5.2 demonstrated significantly better readability than all other models 
(all p < 0.001). 
SMOG: Significant differences were detected across all models (p < 0.001). ChatGPT-4 had lower SMOG scores than Gemini and Copilot (p 
< 0.001 and p = 0.002, respectively). ChatGPT-5.2 showed lower SMOG scores than all other models (all p < 0.001). 
GFI: GFI scores ranked from lowest to highest as ChatGPT-5.2, ChatGPT-4, Copilot, and Gemini, with all pairwise comparisons being 
statistically significant. 
CLI: Based on CLI scores, ChatGPT-4 and Copilot were more readable than Gemini (both p < 0.001). ChatGPT-5.2 had significantly lower 
CLI scores than all other models (p = 0.001 vs. ChatGPT-4; p < 0.001 vs. Gemini and Copilot) (Tables 3 and 4). 
3. Discussion 

UNCORRECTED PROOF



4 
 

In this study, the quality, reliability, and readability of responses provided by ChatGPT-4, ChatGPT-5.2, Gemini, and Copilot to the most 
frequently asked questions related to CH were evaluated. To the best of our knowledge, this is the first study to compare the responses of 
four different LLMs to CH-related FAQs. 
As is well known, CH is diagnosed during the neonatal period, most commonly through heel-prick blood screening. If early treatment is not 
initiated, it can lead to irreversible intellectual disability and developmental delay, making it a major source of anxiety for parents of 
newborns (8). For this reason, many parents seek information on this condition through LLMs. These systems have been reported to assist 
healthcare professionals in areas such as disease diagnosis, treatment planning, prognostic assessment, and public health management, and 
they may also influence patient decision-making in healthcare (33). By comparing the quality, reliability, and readability of LLMs, the 
present study provides insight into their suitability for use by parents. 
In our study, the reliability and quality of all LLMs were found to be in the moderate-to-high range, with statistically significant differences 
observed among them. Ranked from lowest to highest, the models were Copilot, ChatGPT-4 and Gemini, and ChatGPT-5.2. ChatGPT-5.2 
was significantly more reliable than ChatGPT-4 and Copilot and demonstrated higher quality than ChatGPT-4, Gemini, and Copilot. 
Consistent with our findings, a previous study evaluating ChatGPT, Perplexity, ChatSonic, and Microsoft Bing AI reported that the 
information quality of the responses was moderate to high (34). Gül et al. (14) found lower mDISCERN scores for ChatGPT and Gemini and 
higher scores for Perplexity. Another study reported that Gemini achieved higher GQS scores compared with other chatbots (35). The 
superior performance of ChatGPT-5.2 in our study may be attributed to its concise and accurate responses and the high accuracy of the 
sources it provided, while Gemini’s provision of references and direct links alongside its answers likely contributed to its relatively high 
scores. 
Recent studies have shown that the accuracy, quality, and clinical appropriateness of LLM responses depend largely on the clarity and 
specificity of user prompts. The study by Sarangi and Mondal (36) also emphasized that LLMs such as ChatGPT, Google Bard, and 
Microsoft Bing perform better when prompted with clear and well-defined queries. Accordingly, we formulated our questions to be concise 
and unambiguous, drawing on internationally recognized, evidence-based, and clinician-reviewed patient education resources. Within the 
scope of the validated assessment tools used in this study, all evaluated LLMs demonstrated generally high levels of reliability and 
quality.We also evaluated the readability level of the responses in our study. In the United States, the average literacy level corresponds to 
approximately the 7th–8th grade; however, according to the AMA, health education materials should be written at the 6th-grade level. This 
recommendation is based on the fact that patients’ comprehension decreases when they are dealing with illness and psychological stress, and 
therefore even complex medical conditions should be explained in very simple language (27). Nevertheless, previous studies have shown that 
a substantial proportion of online patient education materials exceed the recommended readability levels, which is considered inappropriate 
from a public health perspective (19,20,21,24). 
While statistically significant differences were observed across models, effect size analysis showed that reliability and quality differences 
were small-to-moderate, whereas readability differences were large to very large. This suggests that although overall content quality was 
relatively comparable among models, substantial variability exists in textual complexity, which may have meaningful implications for patient 
comprehension and health literacy. 
In our study, the responses generated by ChatGPT-5.2 were found to correspond approximately to a 9th–10th grade reading level, whereas 
those of Copilot corresponded to a 12th–14th grade level, ChatGPT-4 to a 13th–14th grade level, and Gemini to a 14th–16th grade level. 
ChatGPT-5.2 was statistically significantly more readable than all other LLMs. Pairwise comparisons among ChatGPT-4, Gemini, and 
Copilot yielded variable significant differences depending on the readability index used. 
Momenaei et al. (37) reported that understanding ChatGPT’s responses on retinal disease surgery required a university-level education. 
Similarly, another study found that responses provided by ChatGPT, Bard, and Microsoft Bing Chat to palliative care–related questions were 
written at approximately a 10th-grade reading level (38). Although studies directly comparing ChatGPT, Gemini, Copilot, and particularly 
ChatGPT-5.2 in terms of readability are limited, existing evidence, consistent with our findings, indicates that the readability of LLM-
generated content generally exceeds the recommended 6th-grade level. This raises important concerns about how such content can be made 
more accessible for individuals with lower educational attainment. 
Previous studies have demonstrated that ChatGPT versions can reduce readability levels when provided with specific instructions (39,40,41). 
These findings suggest that incorporating tailored prompts aimed at simplifying language could enhance readability in future applications. 
The superior readability of ChatGPT-5.2 observed in our study may also be attributed to its more advanced language model architecture 
compared with the other LLMs. 
In a study evaluating the knowledge levels of caregivers of children with CH, insufficient knowledge was identified as a major barrier to 
effective follow-up. It was emphasized that healthcare professionals providing information about this condition—one of the leading 
preventable causes of intellectual and developmental disability—should use clear, simple, and understandable language (42). Education is a 
key component of disease management (43), and studies have shown that providing patients and caregivers with personalized information 
improves adherence to medical recommendations and leads to better health outcomes (44). 
In this context, the use of LLMs by caregivers, in addition to the education provided by healthcare professionals, has become increasingly 
common with the recent expansion of AI-based applications. Although the use of LLMs is known to enhance access to healthcare 
information, concerns remain regarding the potential for misleading content, variability in quality, and readability levels that may exceed 
those appropriate for the general population (14,45). Therefore, AI-based tools should be used cautiously, and consultation with healthcare 
professionals should be encouraged when necessary. Consistent with this, all LLMs evaluated in our study included warning statements 
advising users to consult a physician or noting that the information provided should not be used as a substitute for medical decision-making. 
Consistent with previous research, digital platforms such as YouTube and web-based resources represent major sources of health information 
for patients; however, studies have demonstrated considerable variability in the readability, reliability, and quality of such content, 
emphasizing the importance of ongoing evaluation of online health information (18,46) 
4. Limitations 
In this study, the analysis was limited to English-language responses, as English is the most commonly used language in general online 
information seeking. Therefore, the findings cannot be directly generalized to content generated in other languages. In addition, the use of a 
single readability calculator may have introduced minor variability in readability estimates, although the tool employed has been widely used 
in previous studies (35)Furthermore, the findings are based on chatbot responses obtained in December 2025; given the continuous updating 
of LLMs, these results may change over time. LLM-generated responses are not fully deterministic and may vary across sessions or over 
time due to model updates and probabilistic generation mechanisms. Therefore, exact reproducibility of responses cannot be fully 
guaranteed. 
5. Strengths 
This study represents the first comprehensive evaluation of multiple LLMs specifically in congenital hypothyroidism. The use of validated 
and widely accepted assessment tools, standardized prompts, and expert evaluation enhances the methodological robustness and objectivity 
of the findings, enabling a reliable comparison across models. 
6. Conclusion 
This study showed that although all four chatbots produced CH-related content with moderate to good reliability and quality, ChatGPT-5.2 
outperformed the others in reliability, quality, and readability, despite overall readability exceeding the recommended sixth-grade level. CH 
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is a condition that can be detected early through neonatal heel-prick screening and remains a major public health concern. Therefore, the 
potential of AI-based tools to provide accurate, understandable, and reliable information to patients and caregivers is of great importance. To 
minimize the risk of misinformation, LLMs should expand their knowledge bases, rely on credible academic sources, and generate content 
with readability levels that better match the general population’s health literacy. Nevertheless, regardless of how advanced LLMs become, 
they cannot replace face-to-face medical consultations and clinical evaluation between patients and physicians. 
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Table 1. Global qual൴ty scale (GQS) cr൴ter൴a. 
1. Poor qual൴ty, poor flow of the s൴te, most ൴nformat൴on m൴ss൴ng, not at all useful for pat൴ents 
2. Generally poor qual൴ty and poor flow, some ൴nformat൴on l൴sted but many ൴mportant top൴cs m൴ss൴ng, of very l൴m൴ted use to 
pat൴ents 
3. Moderate qual൴ty, subopt൴mal flow, some ൴mportant ൴nformat൴on ൴s adequately d൴scussed but others poorly d൴scussed, 
somewhat useful for pat൴ents 
4. Good qual൴ty and generally good flow, most of the relevant ൴nformat൴on ൴s l൴sted, but some top൴cs not covered, useful for 
Pat൴ents 
5. Excellent qual൴ty and excellent flow, very useful for pat൴ents 

 
 

Table 2. Compar൴son of mDISCERN and GQS scores across AI models 

AI Model 
 

mDISCERN 
Median  
(Q1–Q3) 

 

 

vs ChatGPT-5 
(p) 

vs Gemini (p) 
GQS 
Median 
(Q1–Q3) 

 

vs ChatGPT-5 
(p) 

vs Gem൴n൴ (p) 

ChatGPT-4 5.0 (4.0-5.0) 0.002 0.655 5.0 (4.0-5.0) 0.001 0.721 
ChatGPT-5.2 5.0 (5.0–5.0) Reference - 5.0 (5.0-5.0) Reference - 
Gemini 5.0 (4.0–5.0) 0.008 Reference 5.0 (4.0-5.0) 0.001 Reference 
Copilot 4.0 (3.0–4.0) <0.001 0.036 4.0 (3.0-4.0) <0.001 0.021 
Values are presented as med൴an (൴nterquart൴le range [Q1–Q3]).Overall d൴fferences among AI models were assessed us൴ng the Fr൴edman 
test. Post-hoc pa൴rw൴se compar൴sons were performed us൴ng the W൴lcoxon s൴gned-rank test w൴th Bonferron൴ correct൴on (p < 0.008). 
Aster൴sks (*) ൴nd൴cate stat൴st൴cally s൴gn൴f൴cant d൴fferences. 

 
Table 3. Comparison of readability scores across AI models 
Readability index ChatGPT-4 Gemini Copilot ChatGPT-5.2 p 
FRE 41.2 (36.3–48.9) 38.2 (31.1–46.8) 46.9 (39.8–52.8) 57.2 (39.4–66.8) <0.001 
FKGL 13.3 (11.9–14.5) 11.9 (11.0–13.9) 10.2 (8.8–12.8) 8.4 (7.0–12.0) <0.001 
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SMOG 12.6 (11.3–13.9) 13.9 (12.4–15.8) 13.2 (12.0–14.6) 9.8 (7.4–13.5) <0.001 
GFI 14.0 (12.8–15.8) 15.8 (13.6–17.2) 14.6 (13.4–16.3) 10.2 (7.9–14.9) <0.001 
CLI 12.9 (11.8–14.7) 14.2 (12.4–16.8) 12.9 (11.8–14.1) 9.1 (7.3–13.9) <0.001 
Values are presented as median (interquartile range [Q1–Q3]). Comparisons across AI models were performed separately for each 
readability index using the Friedman test. Statistically significant differences (p < 0.05).  
FRE: Flesch Reading Ease; FKGL: Flesch–Kincaid Grade Level; SMOG: Simple Measure of Gobbledygook; GFI: Gunning Fog Index; 
CLI: Coleman–Liau Index. 

 
 

Table 4. Post-hoc Wilcoxon signed-rank test results for readability indices 
Comparison FRE p FKGL p SMOG p GFI p CLI p 
ChatGPT-4 vs 
Gemini 

0.013 
<0.001 <0.001 <0.001 <0.001 

ChatGPT-4 vs 
Copilot 

0.002 
<0.001 0.002 <0.001 0.624 

Gemini vs Copilot <0.001 <0.001 0.014 0.001 <0.001 
ChatGPT-4 vs 
ChatGPT-5.2 

<0.001 
<0.001 <0.001 0.002 0.001 

Gemini vs 
ChatGPT-5.2 

<0.001 
<0.001 <0.001 <0.001 <0.001 

Copilot vs 
ChatGPT-5.2 

<0.001 
<0.001 <0.001 <0.001 <0.001 

All p-values were obtained using the Wilcoxon signed-rank test with Bonferroni correction. Adjusted significance level was set at p < 
0.008. 
FRE: Flesch Read൴ng Ease; FKGL: Flesch–K൴nca൴d Grade Level; SMOG: S൴mple Measure ofGobbledygook; GFI: Gunn൴ng Fog Index; 
CLI: Coleman–L൴au Index. 
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