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ABSTRACT

Objective: This observational, cross-sectional study evaluated the responses of three artificial 
intelligence–powered chatbots (ChatGPT, Gemini 3, and Microsoft Copilot) to the Hypertension 
Knowledge-Level Scale in terms of information quality, reliability, and readability.

Method: On January 15, 2026, all scale items were entered into the three chatbots. The 
responses were evaluated by 11 experts specializing in internal medicine nursing using the 
Ensuring Quality Information for Patients (EQIP) and DISCERN tools. Readability was assessed 
using the Average Reading Level Consensus (ARLC) calculator.

Results: A statistically significant difference was found among the chatbots in EQIP scores (P 
= 0.040), with Gemini 3 achieving the highest quality score (55.00 ± 13.23) and Microsoft 
Copilot the lowest score (42.13 ± 18.41). DISCERN scores also differed significantly among the 
groups (P < 0.001), with ChatGPT demonstrating the highest information reliability (57.42 ± 
8.19). Readability levels were similar across the chatbots and were generally difficult to read.

Conclusion: AI-powered chatbots have notable potential to support patient education in 
hypertension; however, due to limitations in content accuracy, reliability, and readability, they are 
not sufficient as standalone tools in nursing practice. Their use should be guided and supervised by 
nurses and supported by further multicenter experimental studies evaluating patient outcomes.

Keywords: Artificial intelligence, ChatGPT, hypertension, nursing, patient education

ÖZET

Amaç: Bu araştırma, üç farklı yapay zekâ destekli sohbet robotunun (ChatGPT, Gemini 3 ve 
Microsoft Copilot) Hipertansiyon Bilgi Düzey Ölçeği (HİB-DÖ) maddelerine verdikleri yanıtların 
bilgi kalitesi, güvenilirlik ve okunabilirlik açısından değerlendirilmesi amacıyla gözlemsel ve 
kesitsel bir araştırma olarak gerçekleştirildi.

Yöntem: Araştırmada, 15.01.2026 tarihinde Hipertansiyon Bilgi Düzey Ölçeği’nin (HİB-DÖ) 
her bir maddesi üç farklı yapay zekâ destekli sohbet robotuna girilerek yanıt vermesi istendi. 
Her ölçek maddesine verilen yanıtlar, iç hastalıkları hemşireliği alanında uzman hemşireler ve 
akademisyenlerden oluşan 11 uzmanın görüşüne sunuldu. Uzmanlardan, yapay zekâ destekli 
sohbet robotları tarafından verilen yanıtları Ensuring Quality Information for Patients (EQIP) ve 
DISCERN Uzman Görüşleri Değerlendirme Formu ile değerlendirmeleri istendi. Ayrıca, her ölçek 
maddesine verilen yanıtlar Average Reading Level Consensus (ARLC) hesaplayıcısı kullanılarak 
okuma güçlüğü açısından değerlendirildi.

Bulgular: EQIP puanları açısından üç sohbet robotu arasında istatistiksel olarak anlamlı fark 
saptandı (P = 0,040). En yüksek kalite puanının Gemini 3’e ait olduğu bulunurken (55,00 ± 
13,23), en düşük yazılı kalite puanı Microsoft Copilot’ta görüldü (42,13 ± 18,41). DISCERN 
puanları bakımından gruplar arasında istatistiksel olarak yüksek düzeyde anlamlı fark bulundu 
(P < 0,001). ChatGPT, bilgi güvenilirliği açısından en yüksek ortalamaya sahipti (57,42 ± 8,19). 
ARLC okunabilirlik düzeyi açısından üç sohbet robotunun yanıtları benzer düzeydeydi ve genel 
olarak zor okunur nitelikteydi.

Sonuç: Yapay zekâ destekli sohbet robotlarının hipertansiyon gibi kronik hastalıklarda hasta 
eğitimini destekleyebilecek önemli bir potansiyele sahip olduğu, ancak içeriklerin doğruluğu, 
güvenilirliği ve okunabilirliği açısından hemşirelik uygulamalarında tek başına yeterli olmadığı 
görülmektedir. Bu nedenle, bu teknolojilerin hemşire rehberliği ve denetimi altında kullanılması, 
ayrıca etkinliğini ve hasta sonuçlarını değerlendiren çok merkezli deneysel çalışmalarla 
desteklenmesi önerilir.

Anahtar Kelimeler: Yapay zeka, ChatGPT, hipertansiyon, hemşirelik, hasta eğitimi
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Introduction
Approximately 1.3 billion people worldwide aged 30–79 years 
live with hypertension. More than 10 million deaths are reported 
to be attributable to high systolic blood pressure, accounting 
for approximately 20% of all-cause deaths.1 Clinical guidelines 
indicate that a low-sodium diet, regular physical activity, 
maintaining an ideal weight, limiting alcohol consumption, and 
adequate potassium intake significantly improve blood pressure.2

The use of chatbots that leverage artificial intelligence and 
natural language processing technologies is gaining increasing 
attention as a tool to enhance nurse–patient interaction.1,3 
These chatbots offer several advantages, including human-like 
interaction and autonomous access, which may help meet the 
dynamic and question-based support needs of individuals living 
with chronic diseases and managing their own health.3

Chatbots are gaining popularity in various sectors, including 
healthcare, the service industry, and education.4 However, 
current AI-powered chatbots in healthcare have a significant 
disadvantage because the information they provide often lacks 
references and sources.5,6 In hypertension education, the use of 
artificial intelligence requires collaboration among researchers, 
developers, and healthcare professionals to critically evaluate and 
verify the accuracy of AI responses, obtain reliable information, 
and create personalized AI programs tailored to the needs of 
individuals with hypertension.7

The current literature includes limited studies comparing the 
accuracy, reliability, readability, clarity, and quality of responses 
generated by AI-powered chatbots using standardized 
hypertension information scales.8,9 This knowledge gap 
highlights the need for scientific studies that evaluate the 
accuracy, readability, and appropriateness of AI-powered 
chatbot responses related to hypertension. This study aimed to 
evaluate and compare the quality, reliability, and readability of 
the responses provided by three different AI-powered chatbots 
to the Hypertension Knowledge-Level Scale.

Materials and Methods
In this study, the responses of three different AI-powered chatbots 
(ChatGPT, Gemini 3, and Microsoft Copilot) to the items of the 
Hypertension Knowledge-Level Scale were evaluated in terms of 
information quality (EQIP), reliability (DISCERN), and readability 
(ARLC, reading difficulty). This research was designed as an 
observational, cross-sectional study evaluating the responses of 
AI-powered chatbots at a specific point in time. The study was 
conducted on January 15, 2026. The AI tools used in this study 
(ChatGPT, Gemini 3, and Microsoft Copilot) were accessed as the 
latest publicly available versions as of January 15, 2026. Ethics 
committee approval was not required because the study did not 
involve any intervention in humans or animals and did not use 
human data. The data used in this study consisted of anonymized 
medical information obtained from AI-powered chatbots.

The items of the Hypertension Knowledge-Level Scale were 
entered into the ChatGPT (https://chatgpt.com), Gemini 
3 (https://gemini.google.com/app), and Microsoft Copilot 
(https://copilot.microsoft.com) platforms, respectively. 

Each scale item was entered individually into each chatbot, 
and the following command was used: “Please respond to 
the statement ‘High blood pressure is either high systolic or 
diastolic pressure’ from the Hypertension Knowledge-Level 
Scale in a way that is understandable to the average person 
and medically appropriate.” All items were evaluated using a 
fully standardized prompt template, and no modifications were 
made between questions to ensure consistency across chatbot 
responses. An example of the prompt template is provided. 
To prevent potential bias, all personal data associated with 
the browser were deleted before the search process began. 
Separate user accounts were created for interaction with each 
AI-powered chatbot.

In this study, the Hypertension Knowledge-Level Scale, a 
widely used measurement tool, was employed. The scale was 
developed by Baliz Erkoç et al.10 in 2011 and underwent validity 
and reliability testing.10 It consists of 22 items and 6 subscales. 
These subscales are the definition of hypertension (items 1 
and 2), medical treatment (items 3, 4, 5, and 6), medication 
adherence (items 7, 8, 9, and 10), lifestyle (items 11, 12, 13, 
14, and 15), diet (items 16 and 17), and complications (items 
18, 19, 20, 21, and 22). The scale items are complete sentences 
that can be either true or false, and items 3, 4, 5, 6, 8, 10, 12, 
14, and 17 are false statements. In the study by Howick et al.,11 
the Cronbach’s alpha value of the scale was 0.81.

The 22 items of the Hypertension Knowledge-Level Scale were 
systematically entered into the ChatGPT (https://chatgpt.com), 
Gemini 3 (https://gemini.google.com/app), and Microsoft 
Copilot (https://copilot.microsoft.com) platforms while 
maintaining their original order. The responses given to each 
scale item were recorded. Each response to the Hypertension 
Knowledge-Level Scale was submitted for the opinions and 
suggestions of expert nurses and faculty members in the field of 
internal medicine nursing (11 experts in total) and was evaluated 
in terms of consistency, writing quality, reliability, and reading 
difficulty. The experts evaluated the responses to each item of the 
Hypertension Knowledge-Level Scale using the Expert Opinions 
Evaluation Form based on the Ensuring Quality Information for 
Patients (EQIP) and DISCERN guidelines. The responses to each 
scale item were evaluated in terms of reading difficulty using the 
Average Reading Level Consensus (ARLC) calculator.

MAIN POINTS
■	 There were significant differences in the quality, reliability, and 

readability of hypertension-related information generated by 
artificial intelligence–assisted chatbots.

■	 ChatGPT achieved the highest score in information reliability, 
whereas Gemini 3 demonstrated the highest written content 
quality.

■	 Responses from all three chatbots were generally above the 
recommended readability level for patient education.

■	 AI-assisted chatbots may serve as supportive tools in hypertension 
education but are not sufficient for use as standalone resources.

■	 These technologies should be used under nursing guidance and 
supervision, with appropriate verification and simplification of the 
content.
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The Ensuring Quality Information for Patients (EQIP) tool was 
used to assess the quality of the responses obtained by evaluating 
different aspects of the content, such as consistency and writing 
quality. This scale consists of 20 questions with response options of 
“yes,” “partially,” “no,” and “not applicable.” In the scoring method, 
“yes” responses are multiplied by 1, “partially” responses by 0.5, 
and “no” responses by 0. The scores obtained are summed and 
divided by the total number of applicable items after subtracting 
the number of responses marked as “not applicable.”12 The EQIP 
score, expressed as a percentage, is calculated by multiplying 
the final value obtained from the expert assessment by 100. 
The results obtained are classified as follows: scores of 76–100% 
indicate that the sources are “well written” (exceptional quality), 
scores of 51–75% indicate “good quality with minor issues,” 
scores of 26–50% indicate “serious quality issues,” and scores of 
0–25% indicate “severe quality issues.”12

The accuracy of the responses provided by three different 
artificial intelligence chatbots to each item of the Hypertension 
Knowledge-Level Scale, as well as the quality and reliability of 
the written content, was evaluated using the DISCERN Expert 
Opinion Assessment Form. The Expert Opinion Assessment Form 
According to the DISCERN Guide was developed by Charnock et 
al.13 in 1999 and translated into Turkish by Gökdoğan et al.14 in 

2003. It is a 5-point Likert-type assessment tool consisting of 16 
parameters. This assessment tool serves as a guide for authors, 
encouraging the creation of reliable and scientifically based 
health information. In this assessment tool, evaluation is based 
on scores of 1, 3, and 5 points: 1 point indicates “low” quality 
(extreme/serious deficiencies), 3 points indicate “moderate” 
quality (deficiencies are significant but not serious), and 5 points 
indicate “high” quality (very few deficiencies).13 According to the 
DISCERN guidelines, scores on the Expert Opinion Assessment 
Form range from 15 to 80. The total score is calculated by 
summing all item scores on the form and dividing by the 
number of items. A high total score indicates high quality of the 
educational material.13,14

After expert review, the responses generated by each chatbot 
were evaluated for reading difficulty using the Average Reading 
Level Consensus (ARLC) calculator. This online calculator, 
accessible at https://readabilityformulas.com/calculator-
arlc-formula.php, calculates the average of 8 well-known 
readability formulas. These formulas include the Automated 
Readability Index, Flesch-Kincaid Grade Level, Flesch Reading 
Ease, Gunning Fog Index, Coleman-Liau Readability Index, 
SMOG Index, FORCAST Readability Formula, and Linsear Write 
Readability Index. The calculator then generates a difficulty 

Table 1. Scoring of ChatGPT responses to items on the Hypertension Knowledge-Level Scale

Item number EQIP (n=11) DISCERN (n=11) ARLC WC SC RD AR

1 25.60 47.65 12.51 53 3 Very difficult 18–20

2 51.49 57.89 13.91 30 2 Professional 21–22

3 53.55 56.88 12.50 60 4 Very difficult 18–20

4 54.61 61.69 15.80 63 4 Extremely difficult 23+

5 45.65 63.67 13.64 71 5 Professional 21–22

6 42.76 66.87 11.66 64 4 Difficult 17–18

7 45.63 45.65 11.02 60 4 Fairly difficult 16–17

8 39.54 45.72 11.58 62 4 Difficult 17–18

9 38.65 56.73 12.70 77 3 Very difficult 18–20

10 66.74 54.56 11.65 61 4 Difficult 17–18

11 41.55 61.54 12.06 57 4 Difficult 17–18

12 76.60 66.76 13.30 55 4 Very difficult 18–20

13 34.59 68.93 10.42 51 4 Somewhat difficult 15–16

14 33.65 57.55 9.80 54 4 Somewhat difficult 15–16

15 51.66 58.45 8.52 65 4 Slightly difficult 14–15

16 24.59 54.55 12.99 50 4 Very difficult 18–20

17 62.75 41.58 12.57 60 4 Very difficult 18–20

18 52.47 44.67 11.55 49 4 Difficult 17–18

19 65.63 54.77 14.12 54 4 Professional 21–22

20 35.78 63.56 12.24 49 4 Difficult 17–18

21 49.66 67.76 10.92 49 4 Fairly difficult 16–17

22 48.65 65.89 12.49 41 3 Difficult 17–18

Total (X ± SD) 47.94 ± 13.70 57.78 ± 8.53 12.20 ± 1.57 56.4 ± 10.4 3.9 ± 0.7 – –
EQIP, Ensuring quality ınformation for patients; ARLC, Average reading level consensus; WC, Word count; SC, Sentence count; RD, Reading difficulty; AR, Age 
range; SD, Standard deviation.
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score based on grade levels ranging from very easy (first grade, 
age 6–7 years) to extremely difficult (college graduate, age 23+ 
years).15 Artificial intelligence–assisted technologies were used 
in the preparation of this manuscript.

Statistical analysis was conducted using SPSS version 25 (IBM 
Corp., Armonk, NY, USA). The normality of the data was assessed 
using the Shapiro–Wilk test. Mean and standard deviation were 
used to present continuous data, whereas frequency was used 
to present categorical data. The Kruskal–Wallis test was used to 
evaluate group differences and mean values. The level of statistical 
significance was set at P < 0.05, with a 95% confidence interval.

The limitations of the study should be considered, including 
that the assessment covered only one scale related to 
hypertension, that the questions asked to the AI-powered 
chatbots were in English, and that using a different language 
could alter the responses.

Results
The responses provided by ChatGPT to the Hypertension 
Knowledge-Level Scale items are presented in Table 1 in terms of 
written information quality, reliability, and readability. According 
to the EQIP classification, the total score of ChatGPT responses 
was 47.94 ± 13.70, and the overall quality of the responses was 

concentrated in the categories of “good quality with minor issues” 
(51–75%) and “serious quality issues” (26–50%). According to 
DISCERN, ChatGPT responses were generally of “moderate–good 
quality,” with some items rated as “high quality.” The total score 
of the responses to the scale items was relatively high in terms of 
information reliability, at 57.78 ± 8.53. ChatGPT responses were 
above the recommended level for patient education in terms 
of readability and were difficult for the general population to 
read (12.20 ± 1.57). When the reading level was examined, the 
responses were mostly classified as “very difficult” and “difficult.” 
The number of sentences and words was 3.9 ± 0.7 and 56.4 
± 10.4, respectively, indicating ChatGPT’s tendency to produce 
short but dense and technical content.

The responses provided by Gemini 3 to the Hypertension 
Knowledge-Level Scale items are presented in Table 2 in terms 
of written information quality, reliability, and readability. The 
EQIP scores of Gemini 3 responses were predominantly in the 
“good quality with minor issues” range (51–75%). The scores for 
all items in the HİB-DÖ indicated high written quality (55.3 ± 
13.8), although some item responses had serious quality issues 
(Item 6: 21.67; Item 22: 36.76). According to DISCERN, Gemini 
3 responses were generally of “low–moderate quality” in terms 
of written quality (45.6 ± 8.7). Limitations were notable in 
the dimensions of treatment options, risks, and impartiality. In 

Table 2. Scoring of Gemini 3 responses to items on the Hypertension Knowledge-Level Scale

Item number EQIP (n=11) DISCERN (n=11) ARLC WC SC RD AR

1 56.63 41.65 12.41 109 6 Difficult 17–18

2 72.85 44.67 12.19 118 8 Difficult 17–18

3 42.77 45.87 10.43 115 10 Somewhat difficult 15–16

4 61.66 49.33 13.68 128 12 College 21–22

5 43.87 40.54 12.49 148 10 Difficult 17–18

6 21.67 50.55 12.97 145 10 Very difficult 18–20

7 59.64 44.67 12.26 172 11 Difficult 17–18

8 45.66 38.60 12.59 174 13 Very difficult 18–20

9 74.79 36.51 14.26 204 13 College 21–22

10 48.60 31.67 11.48 186 11 Difficult 17–18

11 50.12 43.65 11.46 174 12 Very difficult 15–16

12 51.23 46.76 12.54 166 13 Difficult 18–20

13 56.73 37.50 12.73 136 10 Somewhat difficult 17–18

14 74.64 35.68 13.55 133 11 Slightly difficult 21–22

15 49.55 51.65 12.77 126 12 Difficult 18–20

16 64.98 62.63 10.73 141 12 Very difficult 20–21

17 54.60 48.69 12.07 179 15 Difficult 17–18

18 48.76 40.78 11.27 179 16 Fairly difficult 16–17

19 55.78 55.70 12.92 175 14 College-level entry 18–20

20 73.98 39.55 13.33 191 20 Very difficult 18–20

21 64.67 57.64 11.12 189 21 Fairly difficult 16–17

22 36.76 56.52 12.96 187 20 Very difficult 18–20

Total (X ± SD) 55.3 ± 13.8 45.6 ± 8.7 12.4 ± 0.9 158 ± 28 12.6 ± 4.1 – –
EQIP, Ensuring quality ınformation for patients; ARLC, Average reading level consensus; WC, Word count; SC, Sentence count; RD, Reading difficulty; AR, Age 
range; SD, Standard deviation.
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terms of readability, Gemini 3 responses were above the level 
recommended for patient education, similar to ChatGPT, and 
were difficult for the general public to read. Gemini 3 produced 
longer and more detailed responses, which increased EQIP scores 
but negatively affected readability.

The responses provided by Microsoft Copilot to the Hypertension 
Knowledge-Level Scale items are presented in Table 3 in terms 
of written information quality, reliability, and readability. The 
EQIP total score was 41.6 ± 18.1, and the responses were largely 
in the categories of “serious quality issues” (26–50%) and “severe 
quality issues” (0–25%). The DISCERN total score was 38.8 ± 8.9, 
indicating that Microsoft Copilot responses were generally of 
“low quality.” The responses were difficult to read, with an ARLC 
total score of 12.9 ± 1.1. Copilot’s response length showed high 
variability. In some items, excessively long responses (WC>200, 
SC>20) negatively affected readability and content consistency. 
The average word and sentence counts for Microsoft Copilot 
responses were 124 ± 53 and 7.5 ± 6.8, respectively.

Statistically significant differences were found among the 
three chatbots in terms of EQIP scores (P = 0.040) (Table 4). 
Gemini 3 had the highest quality score (55.00 ± 13.23), whereas 
Microsoft Copilot had the lowest written quality score (42.13 ± 
18.41). Statistically significant differences were found among 
the groups in terms of DISCERN scores (P < 0.001). ChatGPT 

had the highest average score in terms of information reliability 
(57.42 ± 8.19). There was no statistically significant difference 
among the groups in terms of ARLC readability level (P = 0.071). 
The responses of the three chatbots were similar in level and 
were generally difficult to read (12.18 ± 1.56, 12.37 ± 0.98, and 
12.93 ± 1.04).

Discussion
AI-powered chatbots are gaining popularity in healthcare 
because they provide a platform that facilitates easy access to 
information and offers personalized interaction.16 However, the 
reliability of health-related content provided by AI chatbots, the 
accuracy of information sources, and compliance with clinical 
guidelines remain controversial.9

This study found that the responses provided by Gemini 3 to the 
Hypertension Knowledge-Level Scale had higher mean EQIP scores 
than those provided by ChatGPT and Microsoft Copilot, and these 
differences were statistically significant. This result indicates that 
Gemini 3 had better content structure, information presentation, 
consistency, and quality. In contrast, the wide distribution of 
Copilot’s EQIP scores shows that although it achieved high quality 
in some items, it had significant deficiencies in many others. The 
fact that all three models remained below the recommended 
high-quality threshold for patient information materials according 

Table 3. Scoring of Microsoft Copilot responses to ıtems on the Hypertension Knowledge-Level Scale

Item number EQIP (n=11) DISCERN (n=11) ARLC WC SC RD AR

1 34.61 34.60 13.39 94 3 Very difficult 18–20

2 32.44 33.68 14.11 91 4 Professional 21–22

3 26.56 41.66 13.60 113 5 Professional 21–22

4 72.14 29.78 14.56 112 5 Extremely difficult 23+

5 44.22 45.70 14.18 125 5 Professional 21–22

6 66.67 50.60 12.45 93 4 Difficult 17–18

7 55.68 56.45 10.99 82 4 Fairly difficult 16–17

8 21.67 55.60 10.88 119 6 Fairly difficult 16–17

9 62.44 40.52 13.12 149 7 Very difficult 18–20

10 26.98 24.60 13.47 105 5 Very difficult 18–20

11 24.23 28.74 12.82 93 6 Very difficult 18–20

12 22.54 33.95 11.77 106 5 Difficult 17–18

13 25.68 37.65 12.72 98 4 Difficult 16–17

14 64.12 35.87 11.65 114 5 Fairly difficult 18–20

15 58.28 42.65 13.52 120 5 Difficult 18–20

16 71.44 44.38 13.36 86 5 Very difficult 18–20

17 40.55 47.56 14.50 95 6 Extremely difficult 23+

18 20.62 29.43 12.99 226 25 Very difficult 18–20

19 22.61 36.90 12.52 125 7 Fairly difficult 17–18

20 56.44 32.65 11.65 110 5 Difficult 16–17

21 51.20 30.55 12.81 286 24 Very difficult 18–20

22 25.84 36.80 13.31 149 12 Very difficult 18–20

Total (X ± SD) 41.6 ± 18.1 38.8 ± 8.9 12.9 ± 1.1 124 ± 53 7.5 ± 6.8 – –
EQIP, Ensuring quality ınformation for patients; ARLC, Average reading level consensus; WC, Word count; SC, Sentence count; RD, Reading difficulty; AR, Age 
range; SD, Standard deviation.
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to the EQIP classification supports the view that AI-powered 
chatbots are not suitable for use alone in clinical patient education 
or in providing information about hypertension.

In a study by Bremner et al.17 focusing on psychological trauma, 
only 42% of the information obtained by patients through online 
search engines was found to be accurate. In particular, unclear 
information in nursing education may lead to misunderstandings 
and negatively affect medical decisions.

Chatbots are considered applicable and effective in providing 
personalized healthcare support, increasing patient engagement, 
reducing healthcare costs, and facilitating access to medical 
advice. To achieve this, data obtained from accurate and reliable 
sources are expected to be high quality and trustworthy. Despite 
technological advances and developments, the quality of all 
AI-powered chatbots still needs improvement.4

In this study, after expert review, the reliability and quality of 
ChatGPT, Gemini 3, and Microsoft Copilot responses were 
evaluated using DISCERN. ChatGPT scores were found to be 
statistically significantly higher than those of Gemini 3 and 
Microsoft Copilot. The higher DISCERN scores for ChatGPT 
responses may be attributed to its more balanced presentation 
of hypertension treatment options, relatively clearer explanation 
of potential risks and benefits, and use of language that supports 
patients’ decision-making mechanisms.

In a study examining ChatGPT’s responses to the Diabetes 
Knowledge Questionnaire, which is used to assess the accuracy 
of patients’ diabetes knowledge, all responses were found to 
be correct, with clear and understandable explanations.7 In 
a study examining ChatGPT’s responses to questions about 
hypertension, 92% of responses were classified as appropriate, 
whereas 8% were deemed inappropriate.9 A study evaluating 
ChatGPT’s responses to questions about head and neck cancer 
showed that most responses were correct and that 86.4% 
received a “comprehensive/correct” rating. On the other hand, 
none of the responses were classified as “completely wrong/
irrelevant.”18 The findings of the current study are consistent 
with the results of these studies. These results indicate that 
ChatGPT has the potential to provide more balanced and reliable 
information than other AI-powered chatbots in chronic diseases 
such as hypertension. Although this information cannot replace 
nursing care, it may help support patient education when used 
under the guidance and supervision of nurses.

Readability is defined as the reading level required to understand 
written materials. Numerous formulas and numerical values 
have been developed to objectively determine readability. In 
chronic diseases such as hypertension, nurses play a critical 
role in providing understandable, simple, and patient-specific 

information to ensure effective self-care and treatment 
adherence. Patient education materials must be written at a 
level that patients can understand to be effective. Therefore, the 
American Medical Association, the National Institutes of Health 
(NIH), and the United States Department of Health and Human 
Services recommend that all articles and patient information 
materials be written at a 6th-grade reading level or below.16

When the readability and reading difficulty of the three 
AI-powered chatbots were evaluated, differences were observed 
among them. The longest and most complex texts were found 
in Gemini 3 responses, which were classified as “difficult,” “very 
difficult,” and “college” level because of the high number of 
words and sentences. Microsoft Copilot responses to some items 
were predominantly in the “very difficult” and “professional” 
ranges because of the high number of words and sentences. 
Although ChatGPT produced shorter and simpler texts than the 
other chatbots, its responses were still above the recommended 
readability level for patient education on hypertension. These 
findings indicate that all three chatbots have difficulty producing 
content suitable for individuals with low health literacy. Rather 
than using content generated by AI-powered chatbots directly 
as patient education material in nursing care, it may be more 
appropriate for nurses to simplify, verify, and restructure this 
content according to individual patient needs.

Conclusion
The results of this study reveal that AI-powered chatbots have 
significant potential in patient education for chronic diseases 
such as hypertension. However, they are not sufficient on their 
own in clinical nursing education in terms of the accuracy, 
reliability, and suitability of the content produced for patients’ 
educational levels. It is noteworthy that information produced 
by AI-powered chatbots needs to be simplified, especially 
for patients with low educational levels. In nursing practice, 
AI-powered chatbots are recommended for use as supportive 
tools in patient education under the guidance and supervision 
of nurses. When incorporating this technology into patient 
education, nurses should verify the accuracy of the generated 
content, adapt it according to patients’ educational levels, and 
support it with face-to-face education. Future research requires 
multicenter and experimental studies evaluating the integration 
of AI-powered chatbots into nursing care and education 
processes and examining their effects on patient outcomes, 
treatment decision-making, treatment adherence, and quality 
of life. Furthermore, structured quality control and feedback 
systems should be established to ensure that responses provided 
by AI-powered chatbots are continuously monitored and 
updated by nurses.

Table 4. Comparison of scores given on the Hypertension Knowledge-Level Scale after expert evaluation (n=11)

Measure ChatGPT (X ± SD) Gemini 3 (X ± SD) Microsoft Copilot (X ± SD) P

EQIP 47.35 ± 13.16 55.00 ±13.23 42.13 ± 18.41 0.040*

DISCERN 57.42 ± 8.19 45.49 ± 7.98 38.65 ± 8.67 < 0.001*

ARLC 12.18 ± 1.56 12.37 ± 0.98 12.93 ± 1.04 0.071

EQIP, Ensuring quality ınformation for patients; ARLC, Average Reading Level Consensus; SD, Standard deviation; *, Kruskal–Wallis test. Statistical significance 
was set at P < 0.05.
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