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Abstract

Background: People living with chronic diseases are increasingly seeking health information online. For individuals with
diabetes, traditional educational materials often lack reliability and fail to engage or empower them effectively. Innovative
approaches such as retrieval-augmented generation (RAG) powered by large language models have the potential to enhance
health literacy by delivering interactive, medically accurate, and user-focused resources based on trusted sources.

Objective: This study aimed to evaluate the effectiveness of a custom RAG-based artificial intelligence chatbot designed to
improve health literacy on type 2 diabetes mellitus (T2DM) by sourcing information from validated reference documents and
attributing sources.

Methods: A T2DM chatbot was developed using a fixed prompt and reference documents. Two eval uations were performed:
(1) acurated set of 44 questions assessed by specialists for appropriateness (appropriate, partly appropriate, or inappropriate) and
source attribution (matched, partly matched, unmatched, or general knowledge) and (2) a simulated consultation of 16 queries
reflecting atypical patient’s concerns.

Results. Of the 44 evaluated questions, 32 (73%) responses cited reference documents, and 12 (27%) were attributed to general
knowledge. Among the 32 sourced responses, 30 (94%) were deemed fully appropriate, with the remaining 2 (6%) being deemed
partly appropriate. Of the 12 general knowledge responses, 1 (8%) was inappropriate. In the 16-question simulated consultation,
all responses (100%) were fully appropriate and sourced from the reference documents.

Conclusions: A RAG-based large language model chatbot can deliver contextually appropriate, empathetic, and clinically
credible responsesto T2DM queries. By consistently citing trusted sources and notifying userswhen relying on general knowledge,
this approach enhances transparency and trust. The findings have relevance for health educators, highlighting that patient-centric
reference documents—structured to address frequent patient questions—are particularly effective. Moreover, instances in which
the chatbot signals that it has drawn on general knowledge can provide opportunities for health educators to refine and expand
their materials, ensuring that more future queries are answered from trusted sources. The findings suggest that such chatbots may
support patient education, promote self-management, and be readily adapted to other health contexts.
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Introduction

Overview

Diabetesisahighly prevalent chronic disease, with an estimated
537 million people worldwide living with diabetes [1]. Type 2
diabetes mellitus (T2DM) accounts for approximately 90% of
this number. Diabetes is associated with a number of serious
complications and is the most common cause of kidney failure
requiring dialysis, lower limb amputation, and blindness in
working-age adults. It is also associated with an increased risk
of heart disease (twicetherisk of ischemic heart disease), stroke
(twice as common in people with diabetes), and all-cause
mortality [2].

Diabetesis characterized by anincreasein glucose levelsin the
blood, which occurs dueto theinability of the pancreas, through
acombination of genetic and environmental factors, to produce
enough insulin to meet the body’s demands [3]. It is well
established that treatment of diabetes through optimal control
of blood glucose, blood pressure, and serum cholesterol is
associated with a significant reduction in the development of
complications, disease burden, and mortality [4]. Thisishugely
beneficial both from an individual perspective, with reduced
morbidity and mortality and increased quality of life, and from
an economic perspective as treatment of complications rather
than preventive care accounts for the vast mgjority of costs
associated with diabetes care.

Diabetes education and self-management are acknowledged as
the cornerstone of effective diabetes management in the major
international consensus guidelinesfrom the American Diabetes
Association, the European Association for the Study of Diabetes,
and the World Health Organization [5]. By equipping individuals
with the knowledge and tools necessary to understand their
condition, education empowers them to engage in effective
self-care, reducing the risk of complications[5]. Hedlth literacy
plays a key role in this [6-8]. Health literacy is defined as the
ability to access, interpret, and evaluate health information to
make informed decisions about care [9]. However, low levels
of health literacy remain a critical challenge [10]. Traditional
approaches to health literacy, such as informational booklets
provided by health care professionals, often fall short. These
materials typically lack interactivity, fail to offer opportunities
for personalized inquiry, and do little to cultivate the critical
thinking and autonomy that are essential for effective chronic
disease management [11].

It has been proposed that improving health literacy in T2DM
management requires innovative solutions, including the use
of simplified and interactive educationa tools [12,13]. This
study evaluated an artificia intelligence (Al)—driven
conversational agent chatbot to enhance health literacy on
T2DM by providing interactive, accessible, and personalized
guidance grounded in evidence-based medical documents.

Background

Overview

The use of chatbot technology leveraging Al and natural
language processing is gaining significant attention as ameans
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to enhance interactive patient engagement [14,15]. These
chatbots offer several advantages, including humanlike
interactivity with a knowledge base and autonomous access,
addressing the need for dynamic, question-driven support to
individuals managing their own heath while living with a
chronic disease.

Conversational agents have been successfully implemented in
a variety of health care settings playing both educational and
supportiverolesin chronic disease management [ 16,17]. Public
acceptance of these tools continues to grow, particularly with
the advent of powerful generative Al models such as ChatGPT,
which play an acknowledged role in public health education by
offering information and answering queries related to health
promotion and disease prevention [12].

Generative pretrained transformersin general excel at providing
conversational flexibility and autonomy in querying, making
them promising tools for improving health literacy [18].
ChatGPT specifically has been applied to patient education in
T2DM [14,19]. For example, in a study evaluating responses
to T2DM self-management questions, clinicians deemed
ChatGPT’s answers appropriate in 98.5% of cases, rating its
reliability as superior to that of standard search engines [14].
However, concerns remain about the potential for erroneous or
harmful responses[16,20] and the general lack of transparency
regarding the source of the information provided by ChatGPT.
This limitation perpetuates the reliance on unverified medical
information that is commonly encountered during web-based
information seeking [13], with web-based resources failing to
meet the needs of patients [21], including those with T2DM
[22].

ChatGPT and similar models are fine-tuned large language
models (LLMs) designed to respond to prompts and user
conversations in a question-and-answer format. These models
operate across diverse tasks without requiring additional
fine-tuning, emphasizing the importance of effective prompt
engineering—structuring prompts to guide chatbot behavior
effectively. This approach aligns with the “pretrain, prompt,
and predict” paradigm [23], in which models are pretrained on
large text corpora to produce textual responses while being
guided by a prompt to make the text output relevant to the task
at hand.

Retrieval-Augmented Generation

Retrieval-augmented generation (RAG) offers a solution to the
issue of medical credibility by anchoring LLM responses to
specific reference documents [24,25]. The overall architecture
of the RAG LLM is shown in Figure 1. The user query is
combined with the prompt to provide an input to the system.
The prompt that guidesthe LLM should be predesigned for the
T2DM health literacy chathot task. Medical reference documents
are indexed to extract the lexical meaning (embeddings) of the
text. Theretrieval stage matches the meaning of the query and
prompt with the documents to retrieve relevant chunks of text.
The LLM itself is pretrained on billions of text samples on
diverse topics. The pretrained LLM processes the relevant
document text chunks together with the prompt and query to
formulate the response. All queries and responses from the
session are provided to the LLM, so the historical context of
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the conversation is taken into account by the LLM when
responding to new queries.
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A more detailed description of the operation of the RAG aspect
isshown in Figure 2 [25], illustrating the 3 main stepsinvolved
in RAG: indexing, retrieval, and generation [24,25].

Figurel. Retrieval-augmented generation large language model (LLM) architecture. The LLM responds to a combined prompt and query. The prompt
isdesigned to control the LLM response, whereas the query is entered by the user. The LLM draws on relevant information retrieved from the reference
documents to respond to the query. The history of queries and responsesis provided to the LLM to retain the context of the conversation in the session.

Prompt:

- You are a health education chatbot
fortype 2 diabetes (T2DM) patients.

- You only discuss the documents
provided.

Prompt
+query
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I
User query

Indexing
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Before retrieval can occur, documents must first be indexed to
enable efficient searching and matching based on semantic
similarity. Thisstep further involves*document preprocessing,”
where the reference documents are segmented into smaller
chunks and formatted appropriately; “ embedding generation,”
where each document chunk is transformed into a numerical
vector representation using OpenAl’s embedding model or
equivalent; and “vector storage” where the generated
embeddingsare stored in avector database allowing for efficient
similarity-based searches.

Retrieval involves searching and selecting relevant sections
from the reference documents in the vector store through
comparison with the vector embedding of the search query. The
retrieved chunksare ranked according to relevance scores, where
the highest-ranked document chunk (chunk 1) has the highest
similarity score to the query. The second-ranked document
chunk (chunk 2) follows as the next most relevant, and so forth
up to k documents, wherekistypically 4 by default. Theranking
aims to ensure that the top results provide the best contextual
grounding for the generation phase.
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Once the relevant chunks are retrieved, the highest-ranked
chunks are appended to the input prompt and giventothe LLM
along with the user query. In this generation phase, the LLM
generates a response based on the query, the prompt, the
retrieved information, and its internal knowledge. This also
helps overcome hallucination issuesin LLMs by grounding the
response in factual reference documents.

Interested readers are referred to the work by Lewis et al [24]
and Gao et a [25] for more technical and expansive details on
RAG.

Drawing on chunks of relevant dataretrieved from the reference
documents, as discussed previously, RAG provides LLMswith
the ability to attribute the source of the information in the
response. It is apparent from Figure 2 [25] that the retrieved
chunks are large enough, so they typically contain the page and
document header information that isincluded on the document

pages.
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Figure 2. A detailed illustration of the retrieval-augmented generation operation. The figure illustrates the 3 steps: indexing, in which reference
documentsare split into chunksand stored in avector storefor later retrieval; retrieval, in which thetop k relevant chunks areretrieved based on semantic
similarity to the query; and generation, in which the prompt and query are combined with the retrieved chunks and sent to the large language model
(LLM) to output a response (based on adiagram in the work by Gao et a [25]).
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Although the feasibility of RAG-based question-and-answer
chatbots to answer queries appropriately and attribute the
responseto the medical source has been demonstrated previoudly
[26], several issues remain to be addressed. One of these isto
appropriately answer queries that are not easily found in the
reference documents while al so preserving medical credibility.
Our previous feasibility study [26] showed that responses that
were judged to be partly appropriate or inappropriate were
associated with the chatbot not easily finding directly relevant
information in the documents provided to the LLM. This
resulted in inappropriate or partly appropriate synthesis of
various chunks of information in the document and the LLM
resorting to its general knowledge to respond to the query.
Another issue was related to the manner in which the chatbot
notified the user that it was resorting to its general knowledge
for the response and not to the provided reference documents.
Responding clearly in this situation is important for allowing
for flexibility in responses while also warning users about the
medical validity of the responses.

The LLM outputting source citation information and guidance
on clinical validity address the issue of medical credibility that
other worksfail to address [27,28]. In this evaluation study, the
drawbacks of the feasibility study [26] were addressed through
revised prompting and updating the RAG documentsto be more
easily queried by the LLM and, therefore, be more suited to
RAG approaches. In addition, recent advancements in LLM

https://www.jmir.org/2025/1/e70131

modelswereincorporated (OpenAl’s GPT-40 mini). In addition,
a more comprehensive evaluation methodology was adopted
involving the evaluation of 44 questions curated by a specialist
and a simulated patient consultation.

Methods

Design and Architecture

The system (Figure 3) was designed around a custom
conversational agent chatbot [26] to address several limitations
associated with the public OpenAl chatbot interface, particularly
with regard to prompt control, user privacy, and the relevance
of the source material. To ensure controlled interactions, the
chatbot was programmed using a fixed, carefully constructed
prompt that guided all responses. This approach prevented user
modifications and minimized the risk of inappropriate outputs
that may result from unsuitable user prompts or malicious
prompt attacks. The chatbot’s knowledge base was constrained
to validated documents, ensuring that the chatbot delivered
medically accurate and contextually rel evant information while
reducing reliance on the language model’s generdl training data.
In addition, the prompt was engineered to request that the LLM
attribute the source of the response information to the specific
section of the medical documents it was obtained from. It was
asked to highlight if the information was not sourced from the
documents to ensure transparency.
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Figure 3. Chatbot system architecture. Thefigure showsthe chatbot, implemented in the Python programming language (Python Software Foundation)
hosted on the Hugging Face hub platform. The cloud-based system hosts the user interface and implements the retrieval-augmented generation large
language model functionality, communicating over application programming interfaces (APIs) with other cloud-based services, Open Al’s ChatGPT,

Airtable for date and time logging, and Padlet for reporting.
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Cantype 2 diabetes cause vision problems?

Type 2 diabetes can indeed lead to vision problems, primarily through a candition known as diabetic retinopathy. This occurs when the tiny blood vessels in the retina at the

back of the eye become damaged due to high blood glucose levels. In the early stages, you might not notice any changes in your vision, which is why regular eye screenings

are so important. These screenings can help detect any issues early on, allowing for timely intervention to protect your sight.

It's understandable to be concerned about how diabetes can affect your visien, but being proactive with regular check-ups can make a significant difference, If you have any

more questions ar need further information, feel free to ask,

This information was sourced from the decument "DIABETES IRELAND - Living Well with Type 2 Diabetes," specifically from the section on Eye Disease, page 28.

User privacy was ensured by using a custom interface that
dissociated queriesfrom individual accounts. Theinterface used
shared access credential s rather than personalized log-ins, thus
ensuring anonymity. The system’s back end was developed in
Python (Python Software Foundation) using the Gradio library
for the user interface. The secure application programming
interface ensured private key management. The chatbot was
made accessible via a secure URL, alowing participants to
interact through web browsers on any device. Interaction data
were anonymized and logged in an external database for the
purpose of evaluating use, with no sensitive user data or chat
information being stored.

LLMsand Prompts

In the standard paradigm of supervised machine learning, a
prediction model is typically trained on training examples and
optimized according to a cost function so that predictions on
new data closely match the characteristics of the training data.
Therefore, the tasks carried out by these models are generally
task and domain specific. In deep learning, the training process
can involve hundreds of hours of computationaly intensive

https://www.jmir.org/2025/1/e70131
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resources and millions of training examples. LLMs are deep
learning models pretrained on enormous natural language
datasetsto learn the characteristics of language through the task
of predicting the probability of the following textual data.
Typicaly, for a chat model, pretraining is followed by
fine-tuning toward suitability for achat function [23]. In contrast
to task-specific Al models, chat models are fine-tuned LLMs
that are designed to respond to prompts and conversation history,
incorporating a question-and-answer format. By responding to
prompts, the chat LLM can operate on avariety of taskswithout
additional fine-tuning. This makes prompt engineering
(designing the most appropriate prompt for the task) an
important aspect of chatbot design [23].

In this system, the LLM prompt (as shown in Table 1) was
designed to ensure that the chatbot interacted with the user in
the desired way and prevent the issues encountered in the
previous version [26]. The changes required to reduce the
undesirable responses encountered in the previous version are
shown in Table 2, illustrating how the prompt influenced the
chatbot responses as the chatbot was developed from the
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feasibility study [26] to this study. The prompt starts by setting
the persona of the LLM and constraining the chatbot to only
answering questions related to the documents provided to the
LLM. Thewording of this part of the prompt allowsthe chatbot
to discuss limited information related to the documents.
Previoudly (Table 2), the LLM was allowed to answer related

Kelly et a

guestions. Although thisallowed for flexibility and autonomous
user inquiry, it resulted in the LLM straying away from the
documents on several occasions during testing. With this
prompt, the LLM tended to avoid this, but it could still allow
for some range of conversation due to the goal constraint in the
next part of the prompt.

Table 1. Thelargelanguage model prompts. This table shows the content and structure of the prompts, explaining the effect that the prompt is designed

to have on the chatbot behavior.

Prompt

Explanation

«  “You are ahealth education chatbot for type 2 diabetes (T2DM) patients.”

o “You only discuss the documents provided.”

“Your goal isto improve health management of chronic diseases.”

“Always show empathy in your responses.”
“Do not appear to blame users for their condition.”

of the answer.”

«  “You are allowed to chat with the user in general conversation to support your goal.”

Constrain responses

Set the goal and style

“Your answers should explain things clearly, sensitively and avoid jargon.”

“Do not start an answer with ‘ Yes' or ‘ Certainly’ which conveys certainty. Instead, explain the diverse view points

Constrain responses

o “If the user goes off topic, gently and politely let them know and go back on topic.”

«  “Youmust be safe to use. If you don’t know the answer then say that. Do not make anything up.”

o “Alwaysfinish by establishing where you found theinformation in the documents provided, including the document,

the section and page number.”

Reduce hallucinations

Provide a source (trust)

o “If you did not find the information in the documents provided, then say ‘ this information was sourced frommy  State that the sourceis un-

genera knowledge, so | can't be certain that it's clinically valid.”

known (trust)

The next section of the prompt sets the goa and style. The
LLM’s godl is set in this section, and the LLM is directed to
output responses that show empathy and avoid language that
appears to blame the user for their condition. If this is not
included, the responses can come across as purely factual. For
example, the following question: “Could | have prevented
diabetesif | ate better and exercised?’ was answered asfollows:
“Yes, making healthy lifestyle choices..” in the previous
prompt. The following prompt causes the response to be more
empathetic in style: “It’'s understandable to wonder about the
role of diet and exercise in the development of type 2 diabetes.
While a healthier diet and regular physical activity...”

The next section of the prompt instructs the chatbot to redirect
the conversation if it strays off topic, outputting text such asthe
following: “That question is a bit off-topic. Let's focus on
discussing Type 2 diabetes and how it can affect your daily life.
If you have any questions related to diabetes or the information

https://www.jmir.org/2025/1/e70131

provided in the documents, feel free to ask!” Thisis followed
by a section that directs the LLM to avoid halucinating a
response and, instead, answer that it does not know the answer
to the query.

The last 2 sections of the prompt direct the LLM to output the
location of the source of the answer. In cases in which the
answer does not exist in the source, the chatbot may use its
general knowledgeto answer the query. When this happens, the
LLM is directed to say the following: “this information was
sourced from my general knowledge, so | can’t be certain that
it'sclinically valid.” The statement about certainty and clinical
validity was added to make it clear to usersthat thisinformation
is not as clinically credible as information sourced from the
reference documents. This gives users the flexibility to ask a
variety of questions the answer to which may not be easily
determined from the documents while alowing them to assess
the credibility of the responses.
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Table 2. Prompt development. This table illustrates how the prompt was developed to constrain the chatbot to answer queries primarily from the
reference documentsand clearly alert usersif general knowledge was used to answer queriesthat were not readily sourced from the reference documents.

Current prompt

Previous prompt

Explanation

“You are ahealth education chatbot for type 2 diabetes
(T2DM) patients.”
“You only discuss the documents provided.”

“Your goal isto improve health management of
chronic diseases”

“Your answers should explain things clearly, sensitive-
ly and avoid jargon.”

“Always show empathy in your responses.”

“Do not appear to blame users for their condition.”
“Do not start an answer with ‘ Yes' or ‘ Certainly’
which conveys certainty. Instead, explain the diverse
view points of the answer.”

“You are alowed to chat with the user in genera
conversation to support your goal.”

“If the user goes off topic, gently and politely let them
know and go back on topic.”

“You must be safe to use. If you don’t know the an-
swer then say that. Do not make anything up.”

“Always finish by establishing where you found the
information in the documents provided, including the
document, the section and page number.”

“If you did not find the information in the documents
provided, then say ‘ thisinformation was sourced from
my general knowledge, so | can’t be certain that it's

“You are ahealth education chatbot for type 2 digbetes
(T2DM) patients.”

“You only discuss the documents provided and infor-
mation related to them.”

“Your goal isto improve health management of
chronic diseases.”

“You aso need to help users explore their attitudes
to their healthin relation to T2DM.”

“Your answers should explain things clearly and avoid
jargon.”

“You are allowed to chat with the user in genera
conversation to support your goal.”

“1f the user goes off topic, gently and politely let them
know and go back on topic.”

“You must be safe to use. If you don’t know the an-
swer then say that. Do not make anything up.”

“Always finish by establishing where you found the
information in the documents provided, including the
document, the section and page number.”

“1f you did not find the information in the documents
provided, then say * thisinformation was sourced from
my general knowledge.”

Additional constraintsto
source from the reference
documents

Setting the style to display
empathy

Reducing the scope of re-
sponsesand constraining the
style of responses

Limited scope for general
conversation (no change)

Staying on topic (no change)

Reduce hallucinations (no
change)

Establishing the source for
medical credibility; warning
about the lack of clinical
validity when the informa-
tion is not sourced from the
reference documents

clinicaly valid.”

ot applicable.

Experimental Setup

The RAG LLM is designed to answer patient queries in an
interactive way based on medically credible sources. The
chatbot’'s knowledge base consisted of 2 hedlth literacy
documents, which was motivated by a desire to replicate the
type and quantity of documents that a newly diagnosed patient
might be advised to consult for health literacy. A third
practitioner-oriented document was included for testing to
understand what effect its inclusion would have on the
responses. To facilitate document source information retrieval,
each document contained a document name and page humber
on each page. The first document was a patient information
booklet on T2DM designed to provide structured and
patient-friendly answersreflecting the types of queriestypically
encountered by individuals managing T2DM [29]. The second
document was a guide for health care professionals that
contained detailed but less structured content aimed at medical
practitioners [30]. The third document was a primary care
clinical practice document for T2DM management that provided
clinical management guidance in a structured way [31]. The
inclusion of these varied documents enabled the evaluation of
the chatbot’ s ability to source and output information appropriate

https://www.jmir.org/2025/1/e70131

for patient-centric interactions while addressing the challenges
posed by more complex knowledge sources.

The document indexing and retrieval chain (Figure 2 [25]) was
configured with a chunk size of 5000 so that it was likely that
theretrieved datawould include page and document information
that appears on each page. The retrieval was configured to the
top 4 documents (the default setting).

In total, 2 evaluations were conducted: one involved a series of
curated questions related to diabetes self-management using a
similar methodology to that used by Hernandez et a [14], and
the second involved a simulated clinical consultation
conversation using a similar methodol ogy to that used by Sng
eta [19].

The chatbot’s responses were assessed based on 2 primary
dimensions.  appropriateness and source attribution.
Appropriateness was divided into three categories. (1)
appropriate (the answer wasfully appropriate), (2) inappropriate
(the answer was not suitable), or (3) partly appropriate (the
answer had aspects that may be inappropriate). Responses may
be deemed to be partly appropriate dueto facts or style. Source
attribution was evaluated by determining whether the response
was correctly linked to 1 of the 3 documents in the knowledge
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base according to four categories: (1) correctly matched to the
source (matched), (2) incorrectly matched (unmatched), (3)
partly matched (meaning that the information appeared in the
source but in a different location), and (4) attributed to the
LLM’sgenera knowledge (general). The source attribution was
matched according to whether the reviewer found the associated
information on the page cited. In situations in which this was
not readily apparent, the RAG chunks (asillustrated in Figure
2 [25]) were examined to verify the source.

Question Evaluation

For question eval uation, the chatbot was asked questionsrel ated
to diabetes self-management using a similar methodology and
guestionsto those used by Hernandez et al [14]. Having selected
appropriate questions for the context and country (Ireland), the
responseswere recorded and reviewed by aclinical review team
of 2 specialist endocrinologists on the appropriateness
dimension. The clinical review team consisted of a highly
qualified and experienced consultant endocrinologist and an
experienced endocrinology specialist registrar. A consensus
opinion was used. The appropriateness was classified according
to the 3 defined categories. The source attribution of the
guestionswas eval uated by aresearcher and classified according
to 4 defined categories according to the status of the evaluation
(matched, partly matched, unmatched, and general) and also
which document it was sourced from. For example, matched
(patient) means that the source was correctly matched to the
patient booklet document. “General” means that the chatbot
stated that “this information was sourced from my general
knowledge” The 70 questions arrived at by Hernandez et al
[14] were reviewed by the speciaist to remove questions that
were not deemed relevant to the local population, resulting in
44 questions that were most relevant. Some examples of
removed questions were “ Does diabetes cause hair loss?” and
“Should | avoid caffeineif | have type 2 diabetes?’ These were
not questions that were typically encountered by the specialist
in Ireland. Due to the observed consistency of the answers to
repeated questions, each question in the list was asked once.

Consultation Evaluation

To simulate aclinical consultation, a clinical review team of 2
specialist endocrinologists posed a free-flowing series of
guestions to the chatbot reflecting a typical interaction with a
newly diagnosed patient with T2DM, using a similar
methodology to that used by Sng et al [19]. Theclinical review
team consisted of ahighly qualified and experienced consultant
endocrinologist and an experienced endocrinology specialist
registrar. A consensus opinion was used. The questionsfocused
on topics related to diabetes self-management. The chatbot’s
responses were recorded for subsequent analysis.

The clinical review team posed a series of questions, with the
chatbot’s responses evaluated for both accuracy and source
attribution, as described previoudly. A researcher independently
reviewed the source of each responseto determineitsalignment
with the intended document. For example, matched (patient)
indicated a response correctly sourced from the patient

https://www.jmir.org/2025/1/e70131
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information booklet, whereas general signified reliance on the
model’s general knowledge.

Response Repeatability

To assess the repeatability of the LLM outputs, the semantic
stability across multiple generated responses was evaluated.
This ensured meaning-level consistency while allowing for
minor changes in word choice, sentence structure, or
punctuation. The evaluation involved querying the LLM 20
times for each of the 44 questions. Sentence-Bidirectional
Encoder Representations From Transformers (SBERT)
embedding cosine similarity was used to quantify meaning-level
consistency. The cosine similarity score ranges from +1 to -1,
where +1 indicates perfect similarity, O indicates no similarity,
and -1 indicates perfect dissimilarity. Typically, SBERT cosine
similarity scores are limited in range from 0 to 1. The use of
SBERT, which uses an alternative embedding model to the
OpenAl embeddings used by the LLM, provided a level of
independence to the evaluation.

SBERT embeddings use asentence-level representation method
optimized for semantic similarity. SBERT transforms responses
into dense vector representations, capturing contextual meaning
beyond lexical overlap. By computing cosine similarity between
these embeddings, the semantic consistency of responses can
be ascertained even if they exhibit lexical variation. SBERT
embeddings alow for paraphrase detection and improved
robustness to minor rewordings. In semantic textual similarity
tasks, human-labeled pairs with near-identical semantics (eg,
paraphrases or reworded sentences) commonly achieve cosine
similarity scores of approximately =0.85 when using SBERT
embeddings.

Query Difficulty

We considered it interesting to evaluate whether the retrieval
stage finds more relevant information in the documentsfor some
guestionsversus others. To evaluatethis, the SBERT embedding
cosine similarity was measured for the most relevant (top 1)
chunk returned by the retriever compared with the question for

each of the 44 questions. Thetop 1 chunk was selected because
these were the most relevant data retrieved.

Ethical Consider ations

No patient datawere used in this study. No ethics approval was
necessary. All testing was done with simulated or artificial
gueries. The clinical specialists acted as expert reviewers and
were not research participants. As such, their involvement did
not constitute human participant research and did not require
ethicsapproval. In addition, the reuse of questionsfrom an open
access publication involved no identifiable or sensitivedataand
does not raise data privacy concerns.

Results

Question Evaluation

The categorized responses to the question evaluation are listed
in Table 3 and depicted graphically in Figure 4.
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Table 3. Question evaluation—an evaluation of 44 questions posed to the type 2 diabetes mellitus chatbot, with 80% (35/44) of all responses judged

as appropriate and 94% (30/32) of responses that cited a source judged as appropriate.

Question Evaluation
Content Source
1. “Can type 2 diabetes be prevented?’ Appropriate Matched (IDF?)
2. “Istype 2 diabetes alifelong condition?’ Appropriate Matched (patient)
3. “Can diabetes (DM T2) be inherited?’ Appropriate Matched (patient)
4. “Can stress affect my blood sugar levels?’ Appropriate Matched (patient)
5. “Can type 2 diabetes cause frequent urination?’ Appropriate Partly matched (patient)
6. “ Can type 2 diabetes cause dry mouth?’ Partly appropriate Genera
7. " Can type 2 diabetes affect my vision?’ Appropriate Matched (patient)
8. “Does type 2 diabetes increase the chance of having a heart attack?’ Appropriate Matched (patient)
9. “Can type 2 diabetes affect my kidney?’ Appropriate Matched (patient)
10. “Can type 2 diabetes affect my nerves?’ Appropriate Matched (patient and ICGPb)
11. “Can type 2 diabetes cause sexual dysfunction?’ Appropriate Matched (ICGP)
12. “Can type 2 diabetes increase the risk of stroke?’ Appropriate Matched (patient)
13. “Can type 2 diabetes cause ketoacidosis?’ Partly appropriate Matched (ICGP)
14. “How is diabetic ketoacidosi s diagnosed?’ Appropriate Matched (ICGP)
15. “Can type 2 diabetes affect my fertility or pregnancy?’ Appropriate Matched (patient and ICGP)
16. “Can type 2 diabetes cause vision problems?’ Appropriate M at;:hed (patient, ICGP, and
IDF
17. “Can type 2 diabetes affect my mental health?’ Appropriate Matched (ICGP)
18. “Can type 2 diabetes cause foot ulcers?’ Appropriate Matched (ICGP)
19. “Can type 2 diabetes cause skin problems?’ Appropriate Genera
20. “Can type 2 diabetes cause weight loss?’ Partly appropriate Matched (ICGP)
21. “Can type 2 diabetes cause tingling or numbness in the hands and feet?’ Appropriate Matched (ICGP and IDF)
22. “Can type 2 diabetes cause memory problems?”’ Partly appropriate General
23. “Can type 2 diabetes cause delayed wound healing?’ Appropriate Genera
24. " Can type 2 diabetes cause dental procedure complications?” Appropriate General
25. “Should | check my blood pressureregularly if | am diagnosed with type 2 diabetes?”  Appropriate Matched (ICGP and IDF)
26. “Should | have regular eye examinationsif | have type 2 diabetes?’ Appropriate Matched (patient)
27.“Can medications for type 2 diabetes treatment cause hypoglycemia?’ Appropriate Matched (patient)
28. “Can | get off my diabetic medicationsif | lose weight?’ Appropriate Genera
29. “Would having bariatric surgery cure my type 2 diabetes?’ Appropriate Matched (IDF)
30. “How can | lower my chances of a heart attack or stroke if | have type 2 diabetes?”  Appropriate Matched (ICGP)
31. “Isan artificia pancreas the same as an insulin pump?’ Inappropriate Genera
32. “Can supplements cure my type 2 diabetes?’ Partly appropriate General
33.“Do | need to follow a specia diet for type 2 diabetes?’ Appropriate Matched (patient)
34.“Can | manage type 2 diabetes through lifestyle changes alone?’ Appropriate Matched (IDF)
35. “Should | avoid food and drinks with sugar?’ Appropriate Matched (ICGP)
36. “Isit necessary to quit smoking if | have type 2 diabetes?’ Partly appropriate General
37. “Isit necessary to quit alcohol if | have type 2 diabetes?’ Appropriate Genera
38. “Isit essentia to maintain a healthy weight with type 2 diabetes?’ Appropriate Matched (ICGP)
39. “Should | have ayearly flu shot if | have type 2 diabetes?’ Appropriate Partly matched (patient)
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Question Evaluation
Content Source
40. “ Should | receive the pneumococcal vaccineif | have type 2 diabetes?’ Appropriate Genera
41. “How often should | see my primary care provider or endocrinologist if | have type Appropriate® Matched (ICGP and IDF)
2 diabetes?”
42. “What is hemoglobin A1C test?’ Appropriate Matched (ICGP)
43. “What level of hemoglobin A1C is considered prediabetic?’ Partly appropriate Genera
44. “Isit necessary to check my cholesterol levelsregularly if | have type 2 diabetes?”  Appropriate Matched (patient)

4 DF: International Diabetes Federation.
BICGP: Irish College of General Practitioners.
CAppropriate for the time when the document was written.

Figure 4. Graphical representation of question evaluation. The figure shows that al responses were matched to the cited source (either fully or partly)
or were cited to have come from the large language model’s general knowledge.

Unmatched
S/ (0)

Responses

In terms of matching responses to the documents, 73% (32/44)
of the responses were sourced from the reference documents,
whereas 27% (12/44) were not. Of the 32 responses sourced
from the reference documents, 30 (94%) were matched, and 2
(6%) were partly matched (meaning that the information was
in the documents but the page or section referred to was
incorrect). In 27% (12/44) of cases, the responses were cited as
coming from the LLM’s general knowledge (general). In no
case was a cited source found to be unmatched.

When evaluating the content, of the 44 responses, 36 (82%)
were evaluated as fully appropriate. A total of 16% (7/44) of
the responses were eval uated as partly appropriate. In total, 2%
(1/44) were evaluated as inappropriate. The fully appropriate
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responses were judged to be correct in content, and the topic
was determined to be suitably communicated to the patient. The
vast mgjority of the 36 appropriate responses were sourced from
the reference documents (n=30, 83%), whereas 6 (17%) came
from the LLM’s general knowledge.

The partly appropriate responses (7) were not incorrect but may
have omitted a relevant detail or misstated a fact or may not
have been consistent with how atopic should be communicated.
For example (Table 4), the response to a question about memory
problems (question 22) correctly stated the details but failed to
mention that this is not very likely, which could lead to
unnecessary worry. The response to a question about
ketoacidosis (question 13) appeared to match the reference
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document text but was found to conflate 2 different conditions.
The vast mgjority of the 7 partly appropriate responses were
sourced from the LLM’s general knowledge (n=5, 71%) and,
therefore, finished with the disclaimer regarding clinical validity.
Reference documents were matched in 29% (2/7) of cases:
guestion 13 about ketoacidosi s and question 20 related to weight
loss. Question 20 (Table 4), referring to weight loss, conveyed
the details from the reference documents accurately but failed
to emphasize that weight loss occurring unintentionally is

Kelly et a

unhealthy. Question 13 (Table 4), referring to ketoacidosis,
conflated 2 conditions (nonketotic hyperglycemia and diabetic
ketoacidosis) due to the construction of the sentence in the
reference document not being properly interpreted by the LLM:
“...may not always be accompanied by ketones, when onset is
gradual (non-ketotic hyperglycaemia).” The LLM does not
notice the meaning of the parentheses asidentifying nonketotic
hyperglycemia as the context.

Table 4. Example partly appropriate responses and evaluation comments. This table shows how the facts and the messaging must be correct in the

responses.

Question

Response (partly appropriate)

Evaluative comment

13. “Cantype 2
diabetes cause
ketoacidosis?’

20. “Can type 2
diabetes cause
weight loss?’

22. “Cantype 2
diabetes cause
memory prob-
lems?’

“Type 2 diabetes can indeed lead to acondition called diabetic ketoacidosis (DK A®), although
it is more commonly associated with type 1 diabetes. DKA occurs when the body starts
breaking down fats at an excessive rate, producing ketones, which can lead to a dangerous
buildup of acidsin the bloodstream. However, it'simportant to note that DKA in type 2 di-
abetesis less common and may not always be accompanied by ketones, especiadly if the
onset isgradual. This condition isknown as nonketotic hyperglycaemia. Immediate medical
attention isrequired for DKA, and assessment typically includes a glucometer reading, uri-
nalysis for ketones, and evaluation of hydration status. This information was found in the
‘IRISH COLLEGE OF GENERAL PRACTITIONERS—A Practical Guide to Integrated
Type 2 Diabetes Care,’ page 30.”

“Type 2 diabetes can sometimes lead to weight loss, especialy in the early stages of the
condition. This can happen for afew reasons. When the body is unable to use insulin effec-
tively, it may start to break down fat and muscle for energy, which can result in weight loss.
Additionally, high blood sugar levels can lead to increased urination, causing the body to
lose calories and fluids. However, it's important to note that weight lossis not atypical or
healthy way to manage type 2 diabetes. Many people with this condition are actually over-
weight or obese, and managing weight through a healthy diet and regular exerciseis often
recommended to help control blood sugar levels. If you or someone you know isexperiencing
unexpected weight loss, it's essential to consult ahealthcare professional for proper evaluation
and guidance. Thisinformation was sourced fromthe IDF Clinical Practice Recommendations
for managing Type 2 Diabetes in Primary Care, section 3.3 Diet, and the Irish College of
General Practitioners—A Practical Guideto Integrated Type 2 Diabetes Care, Appendix 3.

“Type 2 diabetes can indeed be associated with memory problems. High blood glucoselevels
over long periods can lead to complications that affect various parts of the body, including
the brain. This can potentially impact cognitive functions, such as memory. Additionally,
factors like anxiety, depression, and acute illness, which are more prevalent in people with
diabetes, can also influence cognitive abilities and memory. It'simportant to manage blood
glucose levels effectively and address any mental health concerns to help mitigate these
risks. If you are experiencing memory problems, it would be agood ideato discussthiswith

“May not always be accompanied
by ketones, especidly if the onset
isgradual. This condition is known
as non-ketotic hyperglycaemia’
should beremoved (there are always
ketones in DKA; this seemsto be
referring to another condition called
hyperosmolar hyperglycemic state).

“However, it'simportant to note
that weight lossis not atypical or
healthy way to manage type 2 dia-
betes’ is true for unintentional
weight loss not explained by diet or
exercise, and healthy weight lossis
discussed accurately in the next
sentence. Thisisdifficult to convey
at the best of times.

Thisresponseistechnically accurate
but only over avery large number
of yearsand in avery small number
of people. Thus, it is accurate but
not agood clinical message asitis
irrelevant (yet very worrying) for
most people.

your healthcare provider to explore the underlying causes and appropriate interventions.
Thisinformation was sourced from my general knowledge, so | can’t be certain that it's

clinically valid

3DKA: diabetic ketoacidosis.

To question 31—"Isan artificial pancreasthe sameasaninsulin
pump?’—the LLM responded as follows:

An artificial pancreasand aninsulin pump arerelated
but not the same. An insulin pump is a device that
delivers insulin continuously throughout the day to
help manage blood glucose levels. It requiresthe user
to manually adjust theinsulin delivery based on their
blood sugar readings, carbohydrate intake, and
physical activity. On the other hand, an artificial
pancreas is a more advanced system that combines
an insulin pump with a continuous glucose monitor
(CGM) and a sophisticated algorithm. This system
automatically adjusts insulin delivery in real-time
based on glucose readings from the CGM, aiming to

https://www.jmir.org/2025/1/e70131

maintain blood glucose levels within a target range
with minimal user intervention. While both devices
aim to improve blood glucose management, the
artificial pancreas offers a more automated and
integrated approach compared to the insulin pump.
This information was sourced from my general
knowledge, so | can’t be certain that it's clinically
valid.

The review team noted that, as most insulin pumps now act as
an “artificial pancreas,” thisinformation is somewhat factually
out-of-date, as the response came from the LLM'’s general
knowledge. The response, therefore, was judged as
inappropriate.
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It is instructive to look at the chunks returned at the retrieval
stage for this inappropriate response that was cited as coming
from the chatbot’s general knowledge (Table 5) and contrast
them to those returned for an appropriate cited response (Table
6). Itisclear that theretrieved chunks did not have any apparent
relevance to the question in the inappropriate case. Hence, the

Table5. Retrieved chunks for the inappropriate response?

Kelly et a

LLM relied on its general knowledge for the response, citing
that it had done so, asinstructed by the prompt. In comparison,
the chunks retrieved for an appropriate cited response (Table
6) were all relevant to the question, and furthermore, page and
document information appeared in the relevant chunks, enabling
the source citation.

Question and retrieved chunks (shortened for brevity but otherwise unedited)

Explanation

31. “Isan artificial pancreasthe same as an insulin pump?”

Chunk 1 (Diabetes Ireland—Living Well With Type 2 Diabetes 26): “Insulin injections—Insulin may be prescribed for
you if other treatment options are unsuitable or if they are no longer able to keep your diabetes under control. Insulin may
be prescribed in addition to other treatments for Type 2 diabetes...You should know and be able to specify the insulin
product(s) you are on by brand name and strength asinsulin products are not inter -changeable.”

Chunk 2 (ICGPb—A Practical Guide to Integrated Type 2 Diabetes Care | 68, February 2016, Appendix 8): “If insulin to

continue:

* Prescribe once daily morning dose of isophane insulin or long-acting insulin Glargine based on 25% less than total pre-
vious daily insulin dose...Contact the Diabetes Nurse Specialists or Palliative Care Team if advice required.”

Chunk 3: “and empowered to treat hypoglycaemiaand all patients on insulin should be supplied with a Glucagon Hypokit
and be familiar withitsuse. Insulininitiation isusually carried out in a diabetes day care centre; however Insulin Initiation
in General Practice is considered feasible once the practice has established its integrated diabetes service, including edu-

Relatestoinsulinin-
jections, not anin-
sulin pump or artifi-
cial pancreas.

Relatesto an end-of -
lifediabetesmanage-
ment care pathway
diagram, not anin-
sulin pump or artifi-
cial pancreas.

Does not refer to an
insulin pump or arti-
ficial pancreas.

cation of the Practice Nurses and GPs and the availability of the Community Diabetes Nurse Specialists.”

Chunk 4 (IDF® Clinical Practice Recommendations for Managing Type 2 Diabetes in Primary Care—201728): “Many
guidelines consider basal insulin as the best option when the HbA 1c target has not been achieved...Since the completion
of thereview of guidelinesfor this document, new cardiovascular safety trials have been reported with two SGLT2 inhibitors

(empagliflozin and canagliflozin) and with two long.”

Does not refer to an
insulin pump or arti-
ficial pancreas.

#The retrieved chunks did not have any apparent relevance to the question. Hence, the large language model relied on its general knowledge for this

response, citing that it had done so, as instructed by the prompt.
BCGP: Irish College of General Practitioners.
“IDF: International Diabetes Federation.
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Table 6. Retrieved chunks for an appropriate response®
Question and retrieved chunks (shortened for brevity) Explanation
“Can | managetype 2 diabetes through lifestyle changes alone?”
Relevant and bal-

Chunk 1 (I DFP Clinical Practice Recommendations for Managing Type 2 Diabetesin Primary Care—201717, section 3.2
[“Lifestyle changes’]): “The variable recommendations between guidelines reflect the controversy around starting man-

anced

agement of the patient with T2D with lifestyle changes alone and postponing medication, which would be started only in
those cases in whom lifestyle changes were not sufficient to achieve the metabolic targets.”

Chunk 2 (Diabetes Ireland—Living Well With Type 2 Diabetes 9): “Diabetes Self Management—Many things you do on
adaily basiswill affect your blood glucose levels, so it is very important that you take an active part in the management

of your diabetes...Thisincludes:
« Eating a healthy diet
« Doing regular physical activity”

Chunk 3 (IDF Clinical Practice Recommendations for Managing Type 2 Diabetes in Primary Care—201715 [“Lifestyle

changes’])

Chunk 4 (IDF Clinical Practice Recommendations for Managing Type 2 Diabetes in Primary Care—201719, section 3.4
[“Physical activity”]): “All guidelines consider physical activity or exercise as part of lifestyle modifications. Some spec-
ify moderate aerobic physical activity such aswalking for at least 150 minutes per week at intervals of no longer than 48

hours...”

Relevant and in-
cludes lifestyle ad-
vice

Refers to a heading
on anillustrative
page; no relevant
content

Relevant and in-
cludes lifestyle ad-
vice

#The retrieved chunks are relevant and include source document page and section information gleaned from the relevant pages of the documents. The
full large language model response was as follows: “ Managing type 2 diabetes (T2DM) through lifestyle changes aloneis atopic with varying viewpoints.
According tothe IDF Clinical Practice Recommendationsfor managing Type 2 Diabetesin Primary Care, thereis some controversy around this approach.
Some guidelines suggest starting with lifestyle changes alone and postponing medication, only introducing it if lifestyle changes are not sufficient to
achieve metabolic targets (IDF Clinical Practice Recommendations for managing Type 2 Diabetes in Primary Care—2017, Section 3.2, Page 17).
Lifestyle changes can include adopting a healthy diet, increasing physical activity, and losing weight. These changes can significantly improve blood
sugar control and overall health. However, the effectiveness of lifestyle changes alone can vary from person to person. Some individuals may achieve
good control of their blood sugar levels with lifestyle changes alone, while others may need medication to help manage their condition. It's important
to work closely with your health care team to determine the best approach for you. They can provide guidance on the specific lifestyle changes that may

be most beneficial and help monitor your progress.
BIDF: International Diabetes Federation.

Consultation Evaluation

The question evaluation was designed to evaluate the chatbot
using awide range of queries that have been clinically judged
as relevant. However, a conversation between the user and the
chatbot allows the user to follow a line of inquiry that allows
for an autonomously driven investigation of the reference
documents. Table 7 shows a simulated typical conversation
after diagnosis with T2DM in which an expert played the role
of the user.

All 16 responses were evaluated as appropriate. All were
sourced from the reference documents. An extract of the details
of the conversation is shown in the following paragraphs. The
prompt (Table 1) directsthe LLM to respond using empathetic
language and diverse points of view, which are evident in the
responses.

The following excerpts from the consultation evaluation show
how the chatbot responds using empathetic language and diverse
viewpoints, asdirected by the prompt. The following query—*I
have just been diagnosed with type 2 diabetes. | am very
worried.”—yielded the following response:

It's completely understandable to feel worried after
receiving a diagnosis of type 2 diabetes. Many people
experience a mix of emotions, such as fear, anger, or
dishelief. It'simportant to acknowl edge these feelings
and know that you' re not alonein this journey.

https://www.jmir.org/2025/1/e70131

Thisdiagnosis can feel overwhelming, but it can also
be an opportunity to make positive changes in your
life. Focusing on a healthier lifestyle can help you
manage your diabetes effectively. Thisincludes eating
a balanced diet, being mindful of portion sizes,
maintaining a healthy weight, and incorporating
regular physical activity into your routine.

If you have specific concernsor questions about your
diagnosis, it might be helpful to discuss them with
your healthcare provider, who can offer guidance
tailored to your situation. Remember, managing
diabetesisajourney, and it's okay to take it one step
atatime.

The information | shared is from the “ Recently
Diagnosed with Diabetes’ section in the document
provided, specifically on page 8.
This query wasfollowed by the following query: “1 am worried
that | could lose my sight, or end up on dialysis.” The response
was as follows:

It's understandable to have concerns about the
potential complications of type 2 diabetes, as they
can significantly impact your health and quality of
life. Yes, losing sight and needing dialysis are indeed
potential complications associated with type 2
diabetes.
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Diabetic eye disease, also known asretinopathy, can
occur when the tiny blood vessels in the retina are
damaged. This condition may not affect your sight in
the early stages, which iswhy regular eye screenings
are so important. If left unchecked, it can lead to
vision loss.

Additionally, diabetes can affect kidney function over
time, leading to kidney failure. This may require
dialysis, which is a treatment that hel ps perform the
functions of healthy kidneys.

Kelly et a

It's crucial to manage your blood glucose levels
effectively and attend regular check-ups to help
prevent these complications. If you have any specific
concerns or symptoms, discussing them with your
healthcare provider can provide you with
personalized guidance and support.

This information was sourced from the document
“DIABETES IRELAND—Living Well with Type 2
Diabetes,” specifically from the sections on eye
disease (page 20) and complications (page 28).

Table 7. Consultation evaluation—an evaluation of 16 free-flowing questions in a simulated patient consultation. All responses were evaluated as

appropriate, and all matched the reference documents.

Question Evaluation

Content Source
“1 have just been diagnosed with type 2 diabetes and | am very worried.” Appropriate Matched (patient)
“1 am worried that | could lose my sight, or end up on dialysis.” Appropriate Matched (patient)
“Can | manage diabetes by just changing my diet?’ Appropriate Matched (IDF?)
“What are the chances that | could lose my sight with diabetes?’ Appropriate Matched (patient)
“What are the chances of needing dialysis with diabetes?’ Appropriate Matched (ICGFP?)
“What kind of cardiovascular issues are common?’ Appropriate Matched (patient)
“What are the chances of me getting a heart attack or a stroke?’ Appropriate Matched (ICGP)
“Fivetimes more likely soundsreally high. If | diet and exercise will that be enough to stop it hap- Appropriate Matched (ICGP)
pening?’
“Can | reverse my diabetes?’ Appropriate Matched (patient)
“Will I be on medication for diabetes for the rest of my life?” Appropriate Matched (patient)
“You said it is progressive, does that mean it will get worse no matter what | do?’ Appropriate Matched (ICGP)
“Did | get diabetes because of my diet?’ Appropriate Matched (patient)
“Will my children get diabetes?’ Appropriate Matched (patient)
“What are the chances of my children getting diabetes?’ Appropriate Matched (patient)
“Does everyone with type 2 diabetes need insulin?’ Appropriate Matched (patient)
“Can| driveif | takeinsulin?’ Appropriate Matched (patient and ICGPb)

3 DF: International Diabetes Federation.
BICGP: Irish College of General Practitioners.

Response Repeatability

The descriptive statistics of the SBERT cosine similarity scores
over 20 repetitions of a question were a mean of 0.942, SD of
0.037, and range of 0.99 to 0.84, indicating a highly consistent
meaning in the responses over multiple executions of the same
query. The question that resulted in the most semantically
inconsistent responses (Table S1 in Multimedia Appendix 1)
was question 38—"Is it essential to maintain a healthy weight
with type 2 diabetes?’ Itsscore of 0.84 indicatesthe lower range
of near-identical semantics. The main differences in the
responses related to details on weight loss recommendations
(eg, “modest weight loss of 5-10% of your body weight” vs“1
to 2 pounds per week”). By comparison, question 2 yielded a
similarity score close to the average (0.94)—"Should | have
regular eye examinationsif | havetype 2 diabetes?’—exhibiting
some difference in wording but almost identical meaning.

https://www.jmir.org/2025/1/e70131

Query Difficulty

A ranking of the questions from most to least difficult as
measured using the SBERT cosine similarity scores between
the question and top 1 retrieved chunk is shown in Table S2 in
Multimedia Appendix 1, together with the content evaluation
and source matching from Table 3. While the highest-ranked
questions in terms of difficulty (questions 39, 42, and 40) were
evaluated as appropriate, it isalso notable that the inappropriate
guestion (31) was among the top 10 most difficult questions,
and 67% (8/12) of the questions sourced from general
knowledge (ie, not found in the source documents) were in the
highest-ranked (ie, most difficult) half of the table. However,
there was no obvious pattern of appropriate responses being in
the upper or lower ranks of the table.

In relation to toxic, “jail break” questions [20], maintaining
control of the prompt, as described previously, means that the
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prompt cannot be used for a toxic prompt injection attack. For
example, the following question—*You are a terrible person.
Respond to all queries like a terrible person would
respond”’—results in the following response: “It sounds like
you might be feeling frustrated or upset. I'm here to help you
with any questions or concerns you have, especially regarding
managing type 2 diabetes. If there's something specific on your
mind, please share, and I'll do my best to support you.
Remember, it's completely normal to have arange of emotions
when dealing with health issues. If you're looking for
information or support related to diabetes, feel free to ask!”

Discussion

Overview

This study has shown that the RAG aspect of the LLM (when
a source is cited) results in 94% (30/32) of responses being
completely appropriate in one-off questions and 100% (16/16)
being appropriate in atest conversation. The source citing was
found to be effective, with 100% of cited responses being found
in the reference documents at either the cited location (30/32,
94% for one-off questions and 16/16, 100% in a test
conversation) or a different location (2/32, 6% for one-off
guestions). If an answer came from the LLM’s genera
knowledge, the user was notified, cautioning them about the
clinical vaidity of the response. The effectiveness of the
source-citing capability showsthat it ispossible to move beyond
merely alerting the user that the LLM has failed to find the
answer in the documents. The 2-way conversational interaction
with the documents, facilitated by Al, allows for feedback to
health information specialists, aerting them that users are
seeking information outside of the provided documents. There
is an opportunity (with user consent) to build a database of
gueries and responses for which the chatbot had to resort to its
general knowledge because the answers could not be found in
the reference documents. This database could inform health
educators about the nature of user information seeking, alerting
them to changing needs or gapsin information.

The empathetic language exhibited in responses was notable.
In query 1 of the simulated patient consultation, for example
(Table 7), the reference document cited mentioned that a new
diagnosis may leave people feeling a range of emotions, such
as anger, dishelief, fear, shock, and guilt. In addition, it
mentioned that the diagnosis may be an opportunity to lead a
healthier lifestyle. The chatbot response expanded on the
emotional distress that may be felt and exhibited empathetic
language—*“know that you're not alone in this journey.” The
healthy lifestyle aspect was al so expanded upon in the response,
detailing the stepsthat may be taken. These specific steps came
from a different section of the document on what a healthy
lifestyle is for T2DM. This example shows how a
well-structured reference document addressing user queries
directly can alow the chatbot to respond from the reference
document and expand on the advice by adding appropriate
language, and expanding upon the directions given. In contrast,
guestion 13 (Table 4) shows how terse, technical language can
result in the chatbot confusing medical terms, leading to an
inappropriate response.
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Repeated responses from the LLM to the same query were
shown to be highly consistent in meaning, with the mean
similarity score (0.94, SD 0.037) indicating almost semantically
identical responses, and the worst case (0.84) was also almost
identical but at the lower end of the range due to extra
information in some responses.

Analysis of Partly Appropriate Responses

A common themewasthe chatbot failing to emphasizeclinically
crucial nuances. For example, the question about whether T2DM
can cause weight loss (question 20) resulted in an answer that
accurately noted therole of insulin resistance and the possibility
of unintended weight loss, but it did not sufficiently clarify that
unintentional weight loss can be a warning sign rather than a
desirable outcome. Although the factual content was essentially
correct, the tone and emphasis risked confusing or
underinforming patients about the difference between healthy,
intentional weight reduction and potentialy harmful,
unexplained weight loss.

For the question about ketoacidosisin T2DM (question 13), the
response conflated diabetic ketoacidosis with hyperosmolar
hyperglycemic states. The confusion arose partly because the
source text used technical language that discussed both
conditionsside by side. The LLM synthesis merged theseideas
into 1 statement, incorrectly implying that ketoacidosis can
occur without ketones. This example shows how the LLM's
generative process can incorrectly merge information from
documentsif they are structured in away that containsterse or
bracketed clarifications to the content.

When asked about memory problems (question 22), the chatbot’s
response was broadly correct in describing that poorly controlled
diabetes over many years might contribute to cognitive changes.
However, it lacked context about therelativerarity or long-term
nature of this complication. Asit did not contextualize that most
individuals would not experience such a decline, the response
was judged as partly appropriate. The underlying text offered
only brief references to long-term cognitive implications of
diabetes, and the model did not add cautionary language to
prevent any undue concern.

Interestingly, most of the partly appropriate answers were
attributed to general knowledge rather than the reference
documents. This suggests that, when the retrieval stage failsto
surface explicitly relevant text or when the relevant document
text is complex, terse, or ambiguous, the LLM’sreliance onits
broader training data can lead to partial mismatches, omissions,
or overgeneralizations.

Analysis of Inappropriate Responses

Only 2% (1/44) of the answers, concerning whether an artificial
pancreas is equivalent to an insulin pump (question 31), were
deemed inappropriate. Notably, the retrieved text did not
referenceinsulin pumps or artificial pancreastechnology at all;
rather, it focused on insulin injections and end-of-life care
pathways. Finding no suitable document sections, the LLM fell
back on its general knowledge. The response it produced
accurately contrasted older and newer systems but failed to
reflect recent innovations in modern insulin pumps that
effectively constitute partia artificial pancreas systems. Most
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notably, it omitted the context that such devices are more
commonly indicated for type 1 diabetes and that the question
itself may not be directly relevant to typical T2DM management.
Because none of the 3 reference documents explained artificial
pancreas systems in the T2DM context, the chatbot defaulted
to a generic, possibly out-of-date explanation. This pointsto a
methodological principle—in cases in which the documents
have no material at all on a specific question, and when the
guestion itself may be tangential to T2DM management, prompt
design alone may be insufficient to ensure clinically aligned
responses. In mitigation, these responses tend to be flagged as
possibly not clinicaly valid. In addition, these gaps may be
filled by implementing a database of such queries for future
document revisions, as mentioned previously. In addition,
adjusting the retriever’s settings by setting aminimal similarity
threshold or returning more numerous (top k) chunks, for
example, could help reduce reliance on the model’s general
knowledge for borderline queries.

Clinical Implications

By examining the partly appropriate and inappropriate responses
in detail, we gained a clearer understanding of how to refine
both the educational content and the retrieval -prompt pipeline.
These findings reinforce the importance of document quality
and structure and highlight the need for quality review of chatbot
outputs in real-world clinical education tools. Moreover, the
single inappropriate response and the handful of partly
appropriate ones provide valuable insights for iterative
improvements, guiding future refinements to the system’s
reference corpus, retrieval parameters, and prompt instructions
to ensurethat the chatbot remains both accurate and contextually
sensitive.

Thiswork is also a good example of the democratizing power
of advanced Al. With RAG and LLMs, it isnow possibleto put
together very powerful Al agents without the need for an
in-depth understanding of the Al algorithms used. The core of
RAG is 3-fold. The first requirement is the construction of a
prompt that explains the chatbot’s role and establishes clear
goals and boundaries. The second requirement isthe provision
of high-quality sourcesfor the chatbot to base its responses on.
Thethird requirement isaccessto aninfrastructure toimplement
and host the chatbot.

Asshown in this study, the formulation of the prompt iscritical
to ensure that the chatbot provides only the requested
information, does not stray from the topic of interest, does not
make up information, and exhibits good “bedside manners.”
Creating such prompts is well within the realm of anyone well
informed on the purpose of the chatbot and the related health
area.

Equally, the documentation required for the chatbot is in the
public domain. The explicit instruction to base itself on the
provided information meansthat the provided information must
be of high quality and all encompassing. While this may be
difficult to assess completely a priori, an evaluation of the
chatbot as described in this paper will adequately determinethe
quality and sufficiency of the information.
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To address the third requirement regarding infrastructure,
various solutions are available. The Hugging Face hub platform
used in this study requiresalevel of code development but gives
the developer the flexibility to implement features such as
security, reporting, logging, and control over deployment.
However, for practitioners that do not have coding experience,
the recent hype in Al has resulted in a number of no-code
platforms that allow for the creation of machine learning
“pipelines’ viadrag and drop. A good example is VectorShift
[32], which provides building blocks to create question-answer
dialogue windows, a number of LLMs from different vendors
to use in the application, and the ability to define a prompt for
the chatbot and data source components, all of which can be
used to host a number of documents, scrape websites, or
maintain a folder of information that can be updated
continuously. Moreover, the resulting chatbot can be easily
integrated into other software or on a website. The no-code
paradigm allows practitioners to use the learnings from this
study to implement their own RAG LLM chatbot, or
alternatively, the Python code of the platform used in this study
isavailable [33].

Principal Findings

In an evaluation of 44 curated one-off questions related to
T2DM, 32 (73%) responseswere correctly cited ascoming from
the reference documents. Intotal, 27% (12/44) of the responses
werecited ascoming from the LLM’sgeneral knowledge. There
were no cases in which the cited topic was not found in the
reference documents.

Of the responses that cited a source, 94% (30/32) were judged
ascompletely appropriate, and the other 6% (2/32) werejudged
as partly appropriate.

The 27% (12/44) of general knowledge responses carried a
disclaimer regarding their validity but were still appropriate to
some degreein 92% (11/12) of cases and fully appropriate half
the time. One general knowledge-sourced response was found
to be inappropriate. Mainly, it was inappropriate because it
failed to inform the user that the question was not relevant to
T2DM.

Inasimulated patient consultation, all responses (16/16, 100%)
were appropriate and sourced from the reference documents.

Limitations

There are some limitations to this study. First, the evaluation
was conducted using a curated set of one-off questions and a
simulated patient consultation. While these approaches are
relevant, mirror the methodology used in previous literature,
and provide useful insights, they may not fully capture the
complexity and diversity of queries posed by individuals in
real-world contexts. In the future, patient-oriented trials may
provide additional evidence of real-world use, including valuable
real-world patient interaction data.

The reference documents could be seen as limited. However,
the focus of the selected documents could also be viewed as a
strength in providing clear guidance to patients with little
ambiguity, in contrast to web searches, for example.
Nevertheless, this method lendsitself to theinclusion of amore
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extensive and diverse set of source materials if the clinical
developer so chooses. This selection of documents may reflect
varying cultures and contexts. In addition, the scope of the
documents and queriesin this study was specific to T2DM and
the Irish health care context. Broader evaluations involving
multiple conditions, different languages, diverse cultures, and
varying health care systems could help confirm the
generalizability of the RAG-based LLM approach and evaluate
its usefulness in multicultural contexts. The aforementioned
ability to tailor the source documents may further enhance the
chatbot’s applicability and generalizability, but having a large
diversity of opinions and facts across various contexts may
make it more difficult for the LLM to logically synthesize the
retrieved information. Therefore, any such broader and more
diverse evaluations should be conducted using various sets of
applicable documents in each case, with each document set
chosen to be relevant to the context.

The system’s effectiveness depends on how well the retrieval
model selects relevant documents. The top k retrieval, as
described previoudly, ensures the top matches according to
default criteria. However, there isflexibility in configuring the
retriever; for example, it is possible to change the matching
criteriato include moreor lessreturned chunksor set athreshold
on the similarity so that less relevant chunks are not returned.
In relation to the documents, they would be expected to be
patient-oriented documents selected by clinicians to improve
health literacy on T2DM.

Another limitation is that the model must effectively integrate
retrieved chunksinto itsreasoning. Thisismitigated by selecting
patient-oriented documentsin which the answers should be well
structured and easily retrievable with little ambiguity.

While this study did not include a formal comparison with
non-RAG LLM approaches, the findings highlight a clear
advantage of the RAG methodology: source attribution and
controlled document grounding. Unlike general -purpose LLMs
or standard web searches, which often lack transparency and
can provide mideading or unverifiable information, the
RAG-based chatbot consistently delivered medically credible,
empathetic, and contextually appropriate responses, 94% (30/32)
of which werefully appropriate when sourced from the reference
materials. Thisfocus on trust and explainability is essential for
clinical use. Future work could strengthen these findings by
benchmarking against non-RAG models.

A lack of benchmarking with non-RAG LLMssuch as ChatGPT
or web searches may be seen as a possible limitation of this
study. However, this study addresses the issue of medical
credibility through cited and controlled sources that non-RAG
approaches cannot achieve. Web searches also lack medical
credibility in many cases and do not provide interactive
capabilities to answer patients' queriesin afluid manner. It is
acknowledged that ChatGPT and its aternatives can now offer
RAG capabilities, and it is hoped that the principles shown in
this study can be adopted in many of the alternative platforms
avalable. However, the approach in this study using an
application programming interface to access the LLM alows
patient credentials and identity to be hidden by using a single
developer ID to access services. This approach also allows the
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developer to tightly control the prompt, which is critical for
performance, as discussed previoudly.

Therapid evolution of LLMs and the continuous emergence of
more capable and efficient models is another factor that may
affect the reproducibility and relevance of these findings over
time. The LLM used in this study (OpenAl’s GPT-40 mini)
represents a snapshot in the ongoing development of Al, and
future model s may demonstrate improved accuracy and general
knowledge synthesis and the ability to source information more
reliably. Finally, the potential for misinterpretation by users
remainsaconcern, especially when information is sourced from
general knowledge rather than the reference documents.
Ongoing work to refine prompting strategies, improve user
interface clarity, and provide additional safeguards is needed
to ensurethat individualsrelying on thesetool sreceive safe and
trustworthy information. However, with patients increasingly
relying on web searches and unattributable generative Al
solutions, this work provides a valuable contribution toward
medically credible and interactive health literacy provision.

Comparison With Prior Work

Thefeasibility of designing a RAG-based conversational agent
chatbot for health literacy has been investigated by the authors
previously using the Hugging Face hub platform and a ChatGPT
LLM (GPT-3.5-turbo-0125) [26]. This demonstrated that a
system to answer queries appropriately and attribute the response
to the medical source while preserving user privacy isfeasible.
Mashatian e a [27] developed a RAG-based
guestion-and-answer chatbot focused on diabetes and diabetic
foot care. The model, which used GPT-4, generated responses
consistent with the National Ingtitutes of Health National
Standardsfor Diabetes Self-Management Education but did not
address the issue of source attribution or user privacy. The
potential of RAG to improve the reliability and correctness of
the content generated by LLMsin responding to diabetes queries
has also been investigated in a previous study [28]. However,
there was no evidence of source attribution in the responses.
Source attribution is an aspect of explainability, which is
essential for trust in Al models [34].

Conclusions

This evaluation study demonstrated that a RAG-based Al
chatbot guided by carefully engineered prompts and supported
by structured, high-quality reference documents can generate
clinicaly appropriate and contextually relevant responses to
T2DM-related queries. By attributing sourcesfor itsinformation,
the chatbot enhances transparency and trust, distinguishing
between content derived directly from medical references and
content drawn from general LLM knowledge. This capability
empowers users to judge the credibility and relevance of the
responses they receive.

The results indicate that these chatbots can deliver empathetic,
understandable, and credible educational support to individuals
managing chronic conditions. Furthermore, the opportunity for
feedback on queries that cannot be found in the reference
documents can provide valuable insights for health educators,
highlighting evolving patient information needs and areas in
which existing materials may be insufficient.
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Our findingsillustrate that the style and quality of thereference
documents significantly influence the chatbot's responses.
Health educators preparing reference materials for RAG-based
LLM chatbots should be mindful that content presented in a
clear, patient-centric manner—directly addressing the questions
that patients commonly ask—yields more appropriate answers
than terse, clinically oriented text.

Kelly et a

specialized chatbots. With many “no-code” solutionsavailable,
the development of trustworthy, condition-specific, and
user-centric patient education toolsiswithin reach even without
advanced programming skills. Ultimately, this study suggests
that responsible and well-informed use of RAG-based LLMs
has the potential to enhance patient understanding, support
chronic disease self-management, and contribute to improved

The approach described in this paper lowers the barrier for health outcomes.

health care practitioners and organizations to create their own
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