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Abstract

Background: Chronic kidney disease (CKD) is a major global health burden. Patient
education is a crucial part of CKD management. Large language models (LLMs) such as
ChatGPT and Gemini may help patients access medical information, but their reliability in
CKD-related contexts is uncertain. Methods: We collected 291 questions from 100 CKD
patients and selected and analyzed 123 of them across three categories: medical condition
and treatment, nutrition and diet, and symptom management. Responses from ChatGPT
and Gemini were assessed by two nephrology specialists using the Quality Assessment of
Medical Artificial Intelligence (QAMAI) scale. Results: When all 123 questions were evalu-
ated together, ChatGPT outperformed Gemini in terms of clarity and usefulness. However,
when the questions were analyzed by category, Gemini demonstrated relatively stronger
performance in the nutrition and symptom management domains. Accuracy and relevance
were comparable between the two models. Neither consistently provided adequate cita-
tions. Conclusion: ChatGPT and Gemini demonstrate potential as supplementary tools for
CKD patient education, with complementary strengths across different domains. Although
they cannot replace clinical expertise, their supervised use could enhance information
access and reduce clinician burden.

Keywords: chronic kidney disease; ChatGPT; Gemini; large language models; artificial intelligence

1. Introduction

Chronic Kidney Disease (CKD) is a major and growing global health challenge [1,2].
CKD is associated with complex systemic complications, including cardiovascular, en-
docrine, and hematologic disorders, which demand comprehensive management and close
patient engagement [3-7]. However, previous research has shown that many patients
remain inadequately informed about their condition even after diagnosis [8]. Insuffi-
cient knowledge may compromise adherence to treatment and self-management strate-
gies. In clinical practice, time constraints during nephrology consultations, high patient
volumes, complex follow-up schedules, and the sheer breadth of information requiring
communication all limit opportunities for comprehensive patient education. Many patients
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report that their questions remain unanswered, and studies consistently show that sub-
stantial proportions of CKD patients lack a basic understanding of their condition even
after diagnosis.

At the same time, the information environment surrounding CKD has changed dra-
matically. Many patients search the internet or use social media platforms to obtain health
information, frequently encountering fragmented, commercially driven, or conflicting mes-
sages. This uncontrolled information landscape can exacerbate anxiety, reinforce miscon-
ceptions, and make it difficult for patients to distinguish evidence-based recommendations
from misleading content. For CKD—where diet, medication adherence, symptom moni-
toring, and timely referral to specialist care are all critical—these informational gaps and
inconsistencies may translate directly into worse outcomes. Systematic reviews show that
limited health literacy is common in CKD and is associated with poorer self-management
and higher morbidity [8-10]. Against this background, scalable, high-quality tools for
patient education have become a central priority in kidney care.

Advances in artificial intelligence (Al), particularly large language models (LLMs)
such as ChatGPT and Gemini, have opened new avenues for patient education. These
conversational Al systems generate human-like text responses and are increasingly used
by the general public to seek health-related information [11,12]. Their accessibility and
interactive design may offer an effective supplement to traditional education methods,
particularly for chronic conditions that require continuous self-management. Despite this
potential, questions remain regarding their accuracy, clarity, and reliability in specialized
areas such as nephrology, as well as their adequacy in languages other than English.

The emergence of LLMs has also created new challenges. These systems may produce
plausible but incorrect statements (“hallucinations”), omit important caveats, or fail to
provide verifiable citations [13,14]. Their performance can vary by task, specialty, language,
and model version. Moreover, although Al has been proposed as a tool to improve
health literacy in kidney care, it remains unclear whether current models truly meet the
informational needs of patients, especially in non-English contexts and in populations with
limited health literacy [10,15].

In response to these concerns, several instruments have been developed to systemati-
cally evaluate Al-generated medical content. The Quality Assessment of Medical Artificial
Intelligence (QAMALI) tool is among the first validated frameworks specifically designed to
assess the quality of information generated by Al platforms, including multiple dimensions
such as accuracy, clarity, relevance, completeness, source citation, and usefulness [16].
Applying such a standardized tool to patient-centered questions can help move beyond
anecdotal impressions and provide structured evidence on model performance.

Despite rapidly growing interest in Al for nephrology, there is still limited evidence re-
garding LLM performance for CKD patient education, particularly in languages other than
English [17-20]. Turkish, spoken by a large CKD population, has fewer high-quality patient
education resources and is under-represented in Al training data compared with English.
Research has documented systematic performance degradation for queries in languages
other than English, with studies comparing Turkish versus English performance [21]. This
linguistic performance gap is particularly relevant for patient populations where English
is not the primary language, as the majority of health literacy barriers already dispropor-
tionately affect non-English speaking communities. Understanding how LLMs perform in
Turkish and how their strengths differ across types of patient questions is, therefore, highly
relevant for clinical practice in our setting and in other non-English-speaking regions.

This study evaluates the responses of ChatGPT and Gemini to questions commonly
asked by CKD patients. By analyzing their performance, we aim to determine their potential
role as supplementary educational tools. Particular attention is given to the suitability
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of these models in a Turkish-language context, where locally relevant patient education
resources are limited.

2. Methods
2.1. Study Design and Participants

We conducted an observational, cross-sectional study between January and July 2025
in the nephrology outpatient clinic of a tertiary university hospital. The study included
100 adult patients (aged >18 years) with CKD who were under regular follow-up and
provided informed consent. Patients who were unable to write were excluded.

This study was approved by the Istanbul University-Cerrahpasa, Cerrahpasa Medical
Faculty ethics committee (approval no: E-74555795-050.04-1274848; approval date: 12
March 2025) and conducted according to the Declaration of Helsinki.

2.2. Data Collection

We asked participants to write down up to three questions they most wanted to ask
regarding their disease, treatment, follow-up, and daily life. Not all patients provided
three questions, resulting in a total of 291 questions. After excluding those unrelated
to nephrology, 123 questions remained eligible for analysis (Supplementary Table S1).
Questions were grouped into three categories:

1. Medical condition and treatment (1 = 73);
2. Nutrition and diet (n = 35);
3.  Symptom management (1 = 15).

Although several questions overlapped in content, all were retained to allow assess-
ment of consistency in model responses. The study workflow is shown in Figure 1.

2.3. Large Language Model Evaluation

We posed each question to two LLMs (ChatGPT interface [OpenAl], powered by the
GPT-40 LLM, and the Gemini interface [Google], powered by the Gemini 1.5 model) [22,23].
The evaluated versions of ChatGPT and Gemini correspond to the publicly available and
widely used models at the time of data collection; we selected these versions to reflect
real-world patient access rather than the most recent experimental releases. We submitted
all queries in identical wording and order without user interaction and only recorded
the first responses. All responses were independently evaluated by two nephrologists
using the QAMALI tool. QAMALl is a validated scoring tool specifically designed to assess
the quality of health information generated by medical Al systems [16]. It provides a
structured framework that enables experts to move beyond subjective impressions and
evaluate Al-generated content in a consistent, reproducible manner.

QAMALI evaluates six subdimensions, accuracy, clarity, relevance, completeness, ci-
tation of sources, and usefulness, with total scores ranging from 6 to 30 [16]. Accuracy
reflects the degree to which the information aligns with current evidence and clinical
guidelines; clarity captures how understandable and well-structured the explanation is;
relevance assesses how directly the response addresses the user’s question; completeness
indicates whether essential aspects of the topic are covered; citation of sources evaluates
the transparency and reliability of the referenced evidence; and usefulness measures the
practical value of the response for decision-making and self-management. Responses
are classified as excellent (26-30), good (21-25), moderate (16-20), poor (11-15), or very
poor (6-10).

https:/ /doi.org/10.3390/kidneydial6010009


https://doi.org/10.3390/kidneydial6010009

Kidney Dial. 2026, 6, 9

40f12

Patient Enroliment
100 adult CKD patients (=18 years)

Nephrology outpatient clinic | January-July 2025
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Question Collection

Patients wrote up to 3 questions each

Total: 291 questions collected

|

Question Screening Excluded: 168 questions

Questions grouped into 4 categories (Non-nephrology/"Others")

L
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Questions Included for Analysis

n=123
Group 1 Group 2 Group 3
Medical Condition Nutrition & Diet Symptom
& Treatment Management
n =73 (59.4%) n = 35 (28.5%) n =15 (12.1%)

LLM Response Generation

Each question submitted to:
GPT-40 & Geminil.5

Identical wording, same order, first responses only

!

Expert Evaluation

Independent assessment by 2 nephrologists
Using QAMAI Scale (6 dimensions)

Figure 1. Study workflow. CKD: Chronic Kidney Disease; LLM: Large Language Model; QAMAL
Quality Assessment of Medical Artificial Intelligence.

2.4. LLM Scoring According to Nephrologists

We independently posed each patient question to both LLMs and recorded the first
generated response. Two nephrologists served as evaluators: one professor of nephrology
with over 22 years of clinical experience, and one associate professor with over seven years
of experience. All six QAMAI dimensions were scored on a 5-point Likert scale (1 = very
poor, 5 = excellent), in accordance with the original validation study. Both evaluators
scored all dimensions for every response. The evaluators were blinded to the identity of the
LLM. For analysis, final scores were calculated as the mean of the two evaluators’ ratings.
Inter-rater reliability was assessed using the intraclass correlation coefficient (two-way
random effects model, absolute agreement).

To illustrate the scoring process, Supplementary Table S2 presents representative
examples of patient questions, corresponding LLM responses, and the individual QAMALI
scores assigned by each nephrologist.
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2.5. Statistical Analysis

QAMALI sub-dimension scores were calculated as the mean of ratings provided by
the expert evaluators for each question. Descriptive statistics (mean, standard deviation,
median, and minimum-maximum) were calculated. Normality was tested using the
Shapiro-Wilk test. Since assumptions of normality were not met, comparisons between
ChatGPT and Gemini were performed using the Wilcoxon signed-rank test.

For each sub-dimension, the proportion of high scores (>4) was reported as frequency
and percentage, with between-model differences tested by McNemar's test. Inter-rater reli-
ability was assessed using the Intraclass Correlation Coefficient (ICC) with 95% confidence
intervals (two-way random effects model, absolute agreement). Effect sizes were calculated
using Cohen’s d. Statistical significance was set at p < 0.05. Analyses were conducted using
IBM SPSS version 21 (Chicago, IL, USA).

3. Results

A total of 100 patients with CKD were included. The mean age was 59.4 + 16.1 years,
and 50% were male. A total of 291 questions were collected, of which 123 were included
in the final analysis after excluding those unrelated to nephrology. Of these, 73 (59.4%)
addressed medical condition and treatment (group 1), 35 (28.5%) focused on nutrition and
diet (group 2), and 15 (12.1%) concerned symptom management (group 3).

3.1. QAMAI Scores

Overall, the QAMAI assessment showed that both models generally provided high-
quality responses, with mean total scores of 23.68 £ 1.78 for ChatGPT and 23.21 + 2.42 for
Gemini (p = 0.106) (Table 1). Assessment of total QAMALI scores demonstrated that 96.7% of
ChatGPT responses and 87.8% of Gemini responses were classified as good (21-25 points)
or excellent (26-30 points), indicating that both models generally provided high-quality
information despite domain-specific differences.

Table 1. QAMAI mean scores.

Dimension ChatGPT (Mean + SD)  Gemini (Mean + SD) p-Value
Accuracy 4.44 £ 0.53 4.55 £ 0.53 0.095
Clarity 4.78 £ 0.32 4.50 + 0.56 <0.001
Relevance 4.66 1 0.43 4.58 £ 0.51 0.124
Completeness 428 +0.57 423 +0.70 0.634
Usefulness 451 +0.49 4.36 + 0.63 0.009
s A
QAMAI Total Score  23.68 + 1.78 (18-26) 23.21 +2.42 (14.5-26)  0.106

When individual dimensions were analyzed, ChatGPT performed significantly better
for clarity (4.78 = 0.32 vs. 4.50 &= 0.56, p < 0.001) and usefulness (4.51 £ 0.49 vs. 4.36 =+ 0.63,
p =0.009). No significant differences were observed for accuracy (ChatGPT: 4.44 + 0.53,
Gemini: 4.55 £ 0.53, p = 0.095), relevance (4.66 £+ 0.43 vs. 4.58 + 0.51, p = 0.124), or
completeness (4.28 + 0.57 vs. 4.23 £ 0.70, p = 0.634). Both models consistently received the
minimum score (1.00) for source citation across all responses (Table 1).

https:/ /doi.org/10.3390/kidneydial6010009


https://doi.org/10.3390/kidneydial6010009

Kidney Dial. 2026, 6, 9

6of 12

Subgroup analysis by question category revealed distinct performance patterns. For
medical condition and treatment questions, ChatGPT scored significantly higher for clarity
(4.72 £ 0.35 vs. 4.32 £+ 0.59, p < 0.001), relevance (4.54 £ 0.47 vs. 4.36 & 0.53, p = 0.019),
completeness (4.24 £ 0.62 vs. 3.93 £+ 0.69, p = 0.001), and usefulness (4.45 £ 0.52 vs.
4.11 £+ 0.62, p < 0.001) (Table 2).

Table 2. QAMAI scores by question categories.

Dimension Group 1 Group 2 Group 3
ChatGPT Gemini p Value ChatGPT Gemini p Value ChatGPT Gemini p Value

Accuracy  436+£058 435+057 0781 4514043 4804027  0.001 4734032 4934026 0058
Clarity 4724035 4324059 <0001  488+025 468+041  0.009 4934018 4974013 0564
Relevance 454+ 047 436+053  0.019 4884024 4884025  1.000 4734037 4974013 0038
Completeness 424 £ 0.62 3934069  0.001 4204049 458+£042  0.004 4434042 493+018  0.002
i‘;}‘;f:ﬁcfs 1.00 1.00 NA 1.00 1.00 NA 1.00 1.00 NA
Usefulness  4.45+052 4114062  0.001 4694047 468+051  0.847 440+051  487+023 0004
%?rﬁcire e 2074235 <0001 x20F 24634126 0145 uBx1s  OF 0.001

Group 1: Medical condition- and treatment-related questions. Group 2: Nutrition- and diet-related questions.
Group 3: Symptom management-related questions.

In contrast, for nutrition and diet questions, Gemini performed better in accuracy
(4.80 £0.27 vs. 4.51 + 0.43, p = 0.001) and completeness (4.58 + 0.42 vs. 4.29 + 0.49,
p =0.004). For symptom management questions, Gemini outperformed ChatGPT in rel-
evance (4.97 £ 0.13 vs. 4.73 + 0.37, p = 0.038), completeness (4.93 & 0.18 vs. 4.43 £ 0.42,
p = 0.002), and usefulness (4.87 & 0.23 vs. 4.40 £ 0.51, p = 0.004) (Table 2). Mean QAMAI
subdimension scores and mean total QAMALI scores by question groups are shown in
Figures 2 and 3.

mmm ChatGPT
51 . Gemini

N w =Y
1 1 1

Mean QAMAI score (1-5)

=
L

0..

Accuracy Clarity Relevance Completeness Citation Usefulness

Figure 2. Mean QAMALI subdimension scores.
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Figure 3. Mean total QAMAI scores by question groups.

3.2. Effect Size Analysis

Effect size analyses using Cohen’s d are shown in Table 3. ChatGPT showed a moderate
advantage in clarity for medical/treatment-related questions (d = 0.806). In contrast, Gemini
demonstrated larger effect sizes in completeness (d = 1.329 in symptom management) and
usefulness (d = 1.142 in symptom management).

Table 3. Effect sizes by question groups.

Group 1 Group 2 Group 3
Dimension ChatGPT Gemini Cohen’s d ChatGPT Gemini Cohen’s d ChatGPT Gemini Cohen’s d
Accuracy 4.36 +0.58 4.35+0.57 0.014 4514043 4.80+0.27 0.768 4.73+0.32 493 +0.26 0.702
Clarity 4.72+0.35 4.32 +0.59 0.806 4.88 +0.25 4.68 +0.41 0.572 4.93+0.18 497 +0.13 0.270
Relevance 4.54 +0.47 4.36 +£0.53 0.380 4.88+0.24 4.88+0.25 0.000 4.73+0.37 497 +£0.13 0.938
Completeness  4.24 4 0.62 3.93 £0.69 0.462 4.29 +£0.49 4.58 +£0.42 0.651 443 +0.42 4.93+0.18 1.329
Usefulness 4.45+0.52 4.11£0.62 0.607 4.69 +0.47 4.68 +0.51 0.018 4.40+0.51 4.87+0.23 1.142

Group 1: Medical condition- and treatment-related questions. Group 2: Nutrition- and diet-related questions.
Group 3: Symptom management-related questions.

3.3. Inter-Rater Reliability

Inter-rater reliability for QAMAI scores was moderate across domains. ICC values
for ChatGPT ranged from 0.137 (clarity) to 0.430 (completeness), while Gemini showed
slightly higher consistency, ranging from 0.376 (usefulness) to 0.575 (completeness). The
overall ICC for QAMAI was 0.395 (95% CI, 0.136-0.577) for ChatGPT and 0.560 (95% (I,
0.371-0.692) for Gemini.

3.4. Consensus Analysis

Consensus analysis, based on the proportion of responses receiving high ratings
(scores 4-5), showed that ChatGPT achieved 100% agreement for clarity, compared with
87.8% for Gemini (p < 0.001). For completeness, ChatGPT responses were rated highly
in 85.4% of evaluations, versus 76.4% for Gemini (p = 0.054). Neither model received
high scores for source citation, with both consistently obtaining the minimum score across
all evaluations.
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4. Discussion

This study compared the performance of ChatGPT and Gemini in answering CKD
patients” questions. We found that both models produced generally high-quality responses,
but with clear, domain-specific strengths. ChatGPT performed better for medical condition
and treatment questions, offering clearer and more practically useful explanations, whereas
Gemini gave more accurate and complete answers for nutrition and symptom management.
Effect size analyses indicated that these differences were clinically meaningful: ChatGPT
showed a moderate advantage in clarity for medical/treatment items, while Gemini demon-
strated large effects in completeness and usefulness for symptom-related content. Together,
these findings support a complementary use of the two models for patient education,
provided they are deployed under careful clinical supervision.

Our results are consistent with broader evidence that LLM performance is highly
task-dependent rather than dominated by a single “best” model. A recent scoping review
of 69 comparative LLM studies reported that ChatGPT-4 was the most accurate model in
21 studies, while ChatGPT-4 and Bard /Gemini tied for readability in 14 studies, although
nearly half of the studies did not use standardized evaluation tools [24]. In another
study, ChatGPT-4 correctly triaged 93% of simulated nephrology patient messages with
high internal consistency, suggesting potential to support patient portal workflows [25].
Together with our QAMALI scores, these data indicate that current LLMs may be ready
to augment, but not replace, nephrologists in both patient communication and selected
aspects of clinical reasoning.

CKD-focused studies further clarify model-specific strengths. A recent systematic
review synthesized 23 nephrology LLM studies and found that Gemini (formerly Bard)
achieved the highest Global Quality Score for CKD questions, while Copilot (Bing Chat)
outperformed both ChatGPT-3.5 and Gemini (formerly Bard) for nephrology laboratory
interpretation [18]. In pediatric CKD, Naz et al. showed that both ChatGPT-3.5 and
Gemini (formerly Bard) achieved high F1 scores for diagnosis and lifestyle counseling when
benchmarked against Kidney Disease Improving Global Outcomes (KDIGO) guidelines,
with Gemini attaining the highest overall quality score [17]. In line with these findings,
Gemini in our study outperformed ChatGPT for nutrition and symptom management
questions, which closely mirror lifestyle counseling and day-to-day self-management,
whereas ChatGPT retained an advantage in clarity and perceived usefulness for treatment-
related issues. These converging findings suggest that Gemini may be particularly well-
suited for CKD education and day-to-day guidance, while ChatGPT remains strong for
abstract medical reasoning and structured explanation [26,27]. Studies in nephrology
also show that Al chatbots can be useful educational tools. One study reported that
chatbots designed to follow current nephrology guidelines can provide CKD patients
with personalized, easy-to-understand information, helping support their education and
self-management [28].

From a patient education perspective, clarity and usefulness are particularly important
dimensions. Even highly accurate information may not lead to better self-care if patients
find it confusing, overly technical, or poorly organized. Our data indicate that ChatGPT’s
strength lies precisely in translating complex concepts into clear, accessible language. Given
that limited health literacy affects nearly one in four CKD patients, ChatGPT’s strength
in clarity may help reduce knowledge gaps that contribute to poor adherence and worse
outcomes [8-10,29]. Recent work suggests that Al use can reduce the reading complexity of
kidney donation documents from a 9th-grade to a 4th-grade level using GPT-4, suggesting
that LLMs may help address health literacy barriers when properly guided [15]. Likewise,
our data suggest that ChatGPT’s clearer explanations of disease and treatment may be
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particularly useful for patients with limited health literacy, who struggle with complex
medical terminology.

However, clarity alone is not sufficient. For domains like nutrition and symptom
management—where day-to-day decisions are nuanced and highly contextual—accuracy
and completeness are critical. Small errors or omissions in dietary advice may have
serious consequences for patients with advanced CKD, especially regarding potassium,
phosphorus, sodium, or fluid intake. Gemini’s stronger performance in these domains in
our study is therefore clinically meaningful. Its more thorough and precise responses in
symptom management suggest that it may be particularly useful for addressing common
concerns such as pain control, pruritus, or fluid overload, which often drive unplanned
healthcare use and reduce quality of life.

A consistent limitation observed in our study and throughout the literature is the
lack of reliable citations. Previous studies have shown that many references generated
by ChatGPT-3 are fabricated or inaccurate, despite appearing convincing [30]. In clinical
settings, one analysis found that 69% of ChatGPT-3.5-generated references were fabricated,
and another reported that only 7% were both real and correct [14,31]. This limitation
represents a major barrier to safe clinical adoption, as unverifiable sources undermine trust
and increase the risk of misinformation [13,30,32]. In our evaluation, both models scored at
the minimum level for source citation across all questions, reinforcing concerns that current
default configurations are not suitable for unsupervised use as providers of evidence-
linked information. It is also important to note that, during our study, advanced retrieval-
augmented features such as deep research modes were not used for either model. Future
implementations integrated into clinical systems should prioritize retrieval-augmented
generation with curated nephrology guidelines (e.g., KDIGO, European Renal Association,
and national recommendations) and transparent citation of up-to-date sources.

Our study adds to the still-limited evidence on LLM performance in Turkish. Prior
work in Korean, Japanese, Chinese, and Arabic medical settings suggests that accuracy
is generally lower for non-English questions and that performance can drop further for
open-ended or free-text tasks [19,20,33,34]. These findings highlight important language-
related gaps when applying LLMs outside English. Despite these challenges, our data
indicate that both ChatGPT and Gemini can produce high-quality Turkish responses to
CKD questions, as evaluated by nephrologists using a standardized tool. However, we did
not directly compare Turkish and English performance, and QAMAI scores reflect expert
evaluations rather than patient comprehension. As a result, subtle linguistic errors, cultural
nuances, or misunderstandings may, therefore, be under-recognized. Future studies should
explicitly compare Turkish and English answers to the same CKD questions and incorporate
patient-reported measures of comprehensibility, trust, and behavioral impact.

Beyond technical performance, our findings have several practical and ethical im-
plications. First, the complementary strengths of ChatGPT and Gemini suggest that a
“model-agnostic” strategy may be preferable in clinical practice. Rather than committing
to a single LLM, nephrology teams could select or combine models based on the type of
information requested—for example, using ChatGPT to generate clear explanations of di-
agnosis and prognosis and Gemini to provide detailed guideline-aligned recommendations
on diet and symptom control. Such a modular approach would require robust governance,
including consistent human oversight, clear disclaimers, and mechanisms for continuous
quality monitoring. Finally, our study emphasizes the importance of equity considerations.
While LLMs could potentially reduce disparities by providing clear explanations to patients
who have limited access to specialist care, they might also exacerbate inequities if only
digitally literate or affluent patients can use them effectively. Older adults, people with
limited literacy, and those with limited internet access may struggle to benefit from these
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tools. To ensure equitable implementation, LLM-based education should be integrated into
supervised clinical settings—such as dialysis units or CKD clinics—where staff can assist
patients in formulating questions, interpreting answers, and applying information to their
own circumstances.

Another point is that moderate ICC values for some QAMAI subdimensions do
not necessarily indicate poor inter-rater agreement. For areas such as clarity, evaluators
frequently assigned very similar scores, leading to low between-item variance and conse-
quently lower ICC estimates, particularly in the context of a two-rater design and a 5-point
rating scale.

This study has some limitations. The cross-sectional design captures model perfor-
mance at a single time point in a rapidly evolving technological landscape. The number
of symptom-related questions was relatively small; although statistically significant dif-
ferences were observed in this subgroup, these findings should be interpreted cautiously
due to the limited sample size. Furthermore, evaluations relied on nephrologists rather
than patients, which may not fully reflect real-world understanding or behavior change.
Future research should include larger and more diverse question sets, integrate patient
perspectives, and assess the effects of Al-generated information on clinical outcomes such
as adherence, clinic attendance, and hospitalization.

Future research should build on these insights in several ways. Larger, multicenter
studies that include diverse CKD populations and languages are needed to confirm our
findings and explore regional variations. Longitudinal designs could evaluate how LLM-
generated information influences clinical outcomes such as adherence, blood pressure
control, dietary adherence, clinic attendance, hospitalization, or time to dialysis initiation.
Mixed-methods studies incorporating qualitative interviews and focus groups with patients
and caregivers would help illuminate how they perceive, trust, and use Al-generated
advice in daily life. Comparative effectiveness studies could examine hybrid models where
nephrologists oversee and refine LLM outputs before sharing them with patients, versus
traditional education alone. Finally, technical work is required to develop nephrology-
specific, retrieval-augmented LLM systems that provide transparent citations and are
aligned with up-to-date guidelines.

5. Conclusions

Both ChatGPT and Gemini produced high-quality answers to Turkish CKD patient
questions but showed complementary strengths. ChatGPT was superior in clarity and
perceived usefulness for medical and treatment queries, whereas Gemini provided more
accurate and comprehensive guidance for nutrition and symptom management. The
persistent absence of trustworthy citations remains a critical barrier, emphasizing the
need for careful implementation, verification mechanisms, and ongoing nephrologist
oversight. Continuous monitoring and re-evaluation will be essential to LLMs as their
clinical integrations continue to evolve.
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