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ABSTRACT
Effective health communication is crucial for patient out-
comes, but clinicians often struggle to consistently apply
health literacy best practices. Audit and Feedback (A&F) is a
proven method for improving adherence to guidelines, but
traditional manual audits are costly and unscalable. This
paper introduces HealthLit, an AI-driven A&F system that
uses large language models (LLMs) to automatically assess
clinician fidelity to health literacy principles in healthcare
interactions. We fine-tuned Mistral 7B and Llama3 8B on a
dataset of 212 annotated healthcare interactions, incorporat-
ing Retrieval-Augmented Generation (RAG) for enhanced
contextual understanding. HealthLit demonstrates strong
performance in identifying key health literacy practices, with
Llama3 8B achieving higher accuracy than Mistral 7B. User
studies with healthcare professionals indicate that Health-
Lit’s feedback is acceptable, appropriate, and feasible for
real-world application. Our results highlight the potential of
LLMs to significantly improve the scalability and accessibil-
ity of health literacy training and practice.
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1 INTRODUCTION
Effective communication is crucial in healthcare. Low health
literacy – the ability to find, understand, and use health
information – is a significant barrier to positive patient out-
comes [11]. While Healthy People 2030 [12] emphasizes the
importance of organizational health literacy, many health-
care systems struggle to consistent implement best practices.
Research shows that specific communication strategies, such
as limiting jargon, using teach-back, and structuring infor-
mation clearly, can improve patient comprehension and ad-
herence [2]. However, widespread adoption is hindered by
factors such as time constraints, insufficient training, and
limited resources.
Audit and Feedback (A&F) is a well-established interven-

tion to promote guideline adherence by providing clinicians
with performance feedback relatively to established standards[6].
Tradditional A&F, relies onmanual reviews by health literacy
experts (HLEs), which is labor-intensive, expensive, and diffi-
cult to scale. Recent advances in natural language processing
(NLP), particularly large language model (LLM) offer promis-
ing methods to automate A&F. Prior work has applied ML
models in automating A&F in contexts like motivational in-
terviewing [7], however, their use in health literacy remains
unexplored.

This paper introduces HealthLit, an LLM-driven A&F sys-
tem designed to automatically audit and provide feedback on
clinician fidelity to established health literacy practices. We
address the limitations of manual audits by leveraging the
capabilities of LLMs to analyze healthcare interactions and
generate actionable feedback. HealthLit employs Retrieval-
Augmented Generation (RAG) to provide the fine-tuned mod-
els with relevant context from healthcare interactions, en-
suring an accurate assessment of health literacy practices.
Structured prompts, crafted using prompt engineering tech-
niques, guide the model to perform a step-by-step evaluation,
mirroring the approach of human experts.

*These authors contributed equally to this work.
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By automating the health literacy assessment process,
HealthLit aims to reduce the burden on human experts, in-
crease scalability, and ultimately promote the wider adoption
of evidence-based communication strategies in healthcare
settings. The key contributions of this work are:
• The development and evaluation ofHealthLit, anAI-driven
A&F system for health literacy, utilizing fine-tuned LLMs
(Mistral 7B [10] and Llama3 8B [3]) and Retrieval-Augmented
Generation (RAG).

• A comparative analysis of HealthLit’s AI-generated audits
against expert HLE assessments, focusing on complete-
ness, accuracy, and efficiency.

• An evaluation of the usability of HealthLit’s feedback
through user studies with healthcare professionals.

2 BACKGROUND AND RELATEDWORK
This section provides background on health literacy, de-
scribes key health literacy practices, and reviews relevant
work on A&F.

Health Literacy and its Importance
Health literacy refers to an individual’s ability to obtain,

process, and understand basic health information to make
appropriate health decisions [11]. Low health literacy asso-
ciated with higher hospitalization rates, poor adherence to
medical guidance, and worse health outcomes [13]
Key Health Literacy Practices Research has identified

several key communication strategies to enhance patient un-
derstanding and engagement in healthcare. The teach-back
method-asking patients to reiterate information, helps iden-
tify and correct misunderstandings [2, 4]. Using open-ended
questions, rather than a simple yes/no answer, encourages
patients to express their concerns and understanding more
fully. Furthermore, employing plain language, free of medical
jargon, is crucial for improving comprehension, especially
for those with lower health literacy [1]. Other supporting
strategies involve chunking and checking information as
well as using visual aids.

Audit and Feedback (A&F) A&F is a widely used quality
improvement strategy that involves providing healthcare pro-
fessionals with summaries of their clinical performance over
time[8, 9]. It has proven effective in improving adherence
to guidelines across various healthcare domains, including
medication prescribing, diagnostic testing, and preventative
care. The effectiveness of A&F depends on several factors, in-
cluding the source, the format, and the frequency of feedback
delivery [8].

3 SYSTEM DESIGN
3.1 HealthLit System Overview
HealthLit is an LLM-driven Audit and Feedback system de-
signed to assess clinician adherence to health literacy best
practices. As depicted in Figure 1, the system architecture

Figure 1: HealthLit System.

comprises three primary components: fine-tuned LLMs, a
Retrieval-AugmentedGeneration (RAG)module, and a prompt
engineering framework. We represent the overall system as
a functionH that takes a healthcare interaction transcript𝑇
as input and outputs an audit and feedback report 𝑅:

𝑅 = H(𝑇 ) (1)
The systemH(𝑇 ) can be further decomposed into its core

components:
H(𝑇 ) = P(R(𝑇,M(𝑇 ;𝜃 𝑓 ))) (2)

whereM represents the fine-tuned LLM (either Mistral 7B
[10] or Llama3 8B [3]), parameterized by 𝜃 𝑓 after fine-tuning;
R represents the RAG module; and P represents the prompt
engineering framework.
3.2 Fine-Tuning LLMs
LLMs are typically pre-trained on vast, general-domain cor-
pora, which may limit their performance on specialized tasks
requiring domain-specific knowledge, such as health literacy
assessment. To address this, we fine-tune pre-trained LLMs
on a curated dataset𝐷 = {(𝑡𝑖 , 𝑎𝑖 )}𝑁𝑖=1, where 𝑡𝑖 is a healthcare
interaction transcript and 𝑎𝑖 represents the corresponding
expert annotations for health literacy practices. We employ
Low-Rank Adaptation (LoRA) [5] using LLaMA-Factory [18]
for efficient fine-tuning. LoRA adapts a pre-trained LLMwith
parameters 𝜃0 by introducing trainable rank decomposition
matrices. Instead of updating all parameters in 𝜃0, LoRA up-
dates a small set of parameters Δ𝜃 , such that the updated
parameters 𝜃 𝑓 are given by:

𝜃 𝑓 = 𝜃0 + Δ𝜃 (3)
where Δ𝜃 represents a low-rank update. This significantly

reduces the number of trainable parameters, memory re-
quirements, and training time. Specifically, we fine-tuned
the following models (although HealthLit’s modular design
allows for integration of other LLMs):
• Mistral 7B [10]: A lightweight yet powerful model opti-
mized for efficiency and performance.
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• Llama3 8B [3]: A larger model with enhanced contextual
understanding and reasoning capabilities.

3.3 RAG Module
While fine-tuning improves LLM performance, limitations
such as potential hallucinations and difficulties with nu-
anced medical terminology remain, particularly critical in
healthcare. To mitigate these, we incorporate a Retrieval-
Augmented Generation (RAG) module. The RAG module
operates as follows:
Preprocessing Input healthcare transcripts 𝑇 are seg-

mented into smaller, semantically coherent chunks {𝑐1, 𝑐2, ..., 𝑐𝑛}.
These chunks are then transformed into vector embeddings
using an embedding function 𝐸:

𝑣𝑖 = 𝐸 (𝑐𝑖 ), ∀𝑖 ∈ {1, 2, ..., 𝑛} (4)

The set of embeddings𝑉 = {𝑣1, 𝑣2, ..., 𝑣𝑛} forms the knowl-
edge base for the RAG module.

Query EmbeddingGiven a query𝑞 (e.g., a question about
health literacy practices in the transcript), it is also embedded
using the same embedding function:

𝑣𝑞 = 𝐸 (𝑞) (5)

Retrieval The similarity between the query embedding 𝑣𝑞
and each chunk embedding 𝑣𝑖 is calculated using a similarity
function 𝑆 (e.g., cosine similarity). The top-𝑘 most relevant
chunks are retrieved:

𝐶𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 = top-𝑘 ({𝑐𝑖 |∀𝑖 ∈ {1, 2, ..., 𝑛}}, 𝑆 (𝑣𝑞, 𝑣𝑖 )) (6)

Augmented Generation The retrieved chunks 𝐶𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑

are provided to the fine-tuned LLMM as additional context,
along with the original query 𝑞. The LLM then generates the
response 𝑟 :

𝑟 = M(𝑞,𝐶𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 ;𝜃 𝑓 ) (7)
The RAGmodule, therefore, enhances the LLM’s responses

by grounding them in the specific content of the transcript,
reducing the risk of hallucinations and improving accuracy.
The direct link between retrieved chunks and their embed-
dings enables source attribution, enhancing transparency.
3.4 Prompt Engineering
Effective prompt engineering is critical for guiding LLMs.
We employ a two-pronged approach:

Fine-Tuning Prompts: The fine-tuning dataset 𝐷 in-
cludes prompts designed to evaluate specific health liter-
acy techniques (e.g., Teach-Back). Let 𝑝𝑖 be a prompt paired
with a transcript segment 𝑡𝑖 , forming an input-output pair
(𝑝𝑖 , 𝑡𝑖 , 𝑎𝑖 ) used for fine-tuning. These prompts are designed
following principles from healthcare NLP research [15], fo-
cusing on objectives like patient understanding and comfort.
System Prompt for Inference: At inference time, a

structured system prompt 𝑃𝑠𝑦𝑠 guides the LLM’s evalua-
tion. This prompt defines the LLM’s role as a “skilled lan-
guage evaluator" and enforces a structured reasoning pro-
cess, 𝑃𝑠𝑦𝑠 = (𝑅, 𝐼,𝑂), where 𝑅 (Role): Defines the LLM’s role

(e.g., “skilled language evaluator"); 𝐼 (Instructions): Speci-
fies the task, including referencing evidence-based health
literacy practices like the Teach-Back method [17]; and 𝑂

(Output Format): Defines the desired output structure (e.g.,
identifying strengths, areas for improvement, and specific
suggestions).

The final output 𝑅 is then generated by applying the sys-
tem prompt to the LLM’s output with the RAG context:

𝑅 = P(M(𝑞,𝐶𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 ;𝜃 𝑓 )) = 𝑃𝑠𝑦𝑠 (M‘(𝑞,𝐶𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 ;𝜃 𝑓 ))

This approach reduces output variability, a key require-
ment for reliable deployment in healthcare settings [16].

4 EXPERIMENTAL EVALUATION
4.1 Dataset.
To train and evaluate HealthLit, we curated a dataset of sim-
ulated healthcare interactions designed to exemplify varying
levels of adherence to health literacy best practices. The
dataset was derived from 33 audio recordings of healthcare
interactions, covering diverse clinical specialties. While the
specific medical content might vary across recordings, the
underlying principles of effective health communication re-
mained consistent.

The recordingswere professionally transcribed using Tran-
scribeMe [14]. Initially, we used the full transcripts and corre-
sponding expert evaluations as input-output pairs for model
training. However, preliminary experiments revealed that
the length of these transcripts hindered the LLMs’ ability to
effectively identify and learn key health literacy concepts.
To address this challenge, we segmented the transcripts

into smaller, semantically coherent blocks. Health Literacy
Experts (HLEs) then evaluated each segment independently.
The HLE evaluation for each segment consisted of:
• Categorical ratings: “Agree", “Disagree", or “Neutral", de-
pending on whether the HLE believed the nurse in the
conversation adhered to health literacy principles.

• Suggestion for improvement: HLE provided insights on
how the healthcare provider could better incorporate health
literacy practices.
To promote consistency, key health literacy concepts (e.g.,

Teach-Back, open-ended questions, plain language) were
embedded in the LLM prompts during fine-tuning and in-
ference, enabling the model to better recognize and assess
these practices.

The final dataset comprises 212 data points, each consist-
ing of three components:
• Instruction: An embedded prompt guiding the model’s
response.

• Input: The segmented transcribed healthcare interaction.
• Output: The expert evaluation of the transcript.
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Script name HL Practice
HealthLit A

HLEs
rating

HL-
rating

Quality Feedback
Specificity Actionability Constructiveness Accuracy Quality score Total Quality Score

24 hr urine.
Health literacy

expert

Open Ended 0 1 1 2 2 0 5
15plain language 2 2 0 2 2 0 4

Teach Back 2 1 2 2 2 0 6

Biofeedback
Data Sheet

Open Ended 2 0 2 2 2 0 6
19plain language 0 2 2 2 2 1 7

Teach Back 2 0 2 2 2 0 6

Catheter Removal.
Data Sheet

Open Ended 0 2 2 2 2 0 6
17plain language 2 2 2 2 2 2 8

Teach Back 0 2 1 0 2 0 3

Circumcision_
Health literacy expert

Open Ended 2 2 1 2 2 0 5
16plain language 2 2 1 2 2 0 5

Teach Back 2 2 2 2 2 0 6

Epi Pen Data Sheet
Open Ended 0 2 2 2 2 0 6

19plain language 2 2 2 2 2 2 8
Teach Back 1 2 1 2 2 0 5

Nasogastric Tube
Placement
Data Sheet

Open Ended 0 2 0 0 2 0 2
18plain language 1 2 2 2 2 2 8

Teach Back 2 2 2 2 2 2 8

Neurogenic bowel
_Health literacy

Open Ended 1 2 2 2 1 0 5
18plain language 2 1 2 2 2 1 7

Teach Back 2 2 1 2 2 1 6

RVP instructions
_Health literacy

Open Ended 0 2 2 2 2 0 6
19plain language 0 2 2 2 2 2 8

Teach Back 0 1 1 2 2 0 5

UTI Antibiotics
Data Sheet

Open Ended 0 2 2 2 2 0 6
20plain language 1 2 2 2 2 2 8

Teach Back 1 2 2 2 2 0 6
Table 1: Peformance of HealthLit with Mistral 7B Fine-tuned Model Integrated in RAG.

Script name HL Practice
HealthLit B

HLEs
rating HL-rating Quality Feedback

Specificity Actionability Constructiveness Accuracy Quality score Total Quality Score
24 hr urine.

Health literacy
expert

Open Ended 0 1 1 0 0 2 3
15plain language 2 1 2 2 2 0 6

Teach Back 2 1 2 2 2 0 6

Biofeedback
Data Shee

Open Ended 2 2 2 2 2 0 6
20plain language 0 1 1 2 2 1 6

Teach Back 2 1 2 2 2 2 8

Catheter Removal.
Data Sheet

Open Ended 0 1 2 2 2 2 8
22plain language 2 2 2 1 2 1 6

Teach Back 0 1 2 2 2 2 8

Circumcision_
Health literacy expert

Open Ended 0 1 2 2 2 0 6
18plain language 2 2 2 2 2 0 6

Teach Back 0 1 2 2 2 0 6

Epi Pen Data Sheet
Open Ended 0 2 2 2 2 2 8

21plain language 2 2 2 2 2 2 8
Teach Back 1 2 1 2 2 0 5

Nasogastric Tube
Placement
Data Sheet

Open Ended 0 2 1 1 2 1 5
15plain language 1 1 1 1 1 0 3

Teach Back 2 1 2 2 2 1 7

Neurogenic bowel
_Health literacy

Open Ended 1 0 2 2 2 1 7
20plain language 2 1 2 2 2 2 8

Teach Back 2 0 1 2 2 0 5

RVP instructions
_Health literacy

Open Ended 0 0 2 2 2 1 7
23plain language 0 1 2 2 2 2 8

Teach Back 0 1 2 2 2 2 8

UTI Antibiotics
Data Sheet

Open Ended 0 1 2 2 2 2 8
24plain language 1 1 2 2 2 2 8

Teach Back 1 1 2 2 2 2 8
Table 2: Peformance of HealthLit with Llama3 8B Fine-tuned Model Integrated in RAG.
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4.2 Quantitative Evaluation
We evaluated HealthLit’s performance in identifying the
presence or absence of key health literacy practices in tran-
scribed healthcare interactions. Two fine-tuned LLMs, Mis-
tral 7B [10] and Llama3 8B [3], both integrated with Retrieval-
Augmented Generation (RAG), were used. The evaluation
framework compared the automated assessments of Health-
Lit (HL) with those of a Health Literacy Expert (HLE). Both
HealthLit and the HLE rated each transcript segment on
a three-point scale: 0 (Disagree), 1 (Neutral), and 2 (Agree).
These ratings indicate whether a specific health literacy prac-
tice (e.g., plain language, teach-back, open-ended questions)
was absent (Disagree), partially present (Neutral), or present
(Agree) in the segment.

In addition to the practice-specific ratings, we assessed
the quality of the feedback generated by HealthLit using a
comprehensive Quality Feedback Evaluation Rubric. This
rubric measures five dimensions: Specificity, Actionability,
Constructiveness, and Accuracy. Each dimension is rated
on a scale of 0 (Poor), 1 (Fair), to 2 (Good). A total Quality
Score (ranging from 0 to 8) is calculated, providing a holistic
measure of feedback quality. A higher score indicates that the
feedback is specific, actionable, constructive, and accurate. It
is important to note that the Quality Score is independent of
the presence/absence ratings of the health literacy practices
themselves; it assesses the quality of the generated feedback,
not the correctness of the practice identification. The HLEs
compared and evaluated both types of assessments (practice
presence and feedback quality). Table 1 (Mistral 7B, HealthLit
A) and Table 2 (Llama3 8B, HealthLit B) present the results
of the HLE evaluations.

Analysis of the results revealed distinct performance char-
acteristics between the two models. Mistral 7B showed good
agreement with the HLE when health literacy practices were
clearly present. For example, segments demonstrably using
plain language or the teach-backmethod were typically rated
"Agree (2)" by both HL-Mistral 7B and the HLE. However, in
ambiguous or borderline cases, Mistral 7B exhibited a ten-
dency towards "Neutral (1)" or, less frequently, an incorrect
"Agree (2)" rating when the HLE assessed the practice as
absent. This suggests a potential limitation in Mistral 7B’s
ability to discern subtle contextual cues, possibly due to its
smaller model size.

In contrast, Llama3 8B, with its larger model architecture,
demonstrated greater sensitivity to nuanced linguistic fea-
tures. Llama3 8B’s ratings more frequently aligned with the
HLE’s assessments, particularly in assigning "Agree (2)" and
"Neutral (1)" ratings. This closer alignment indicates that
Llama3 8B is more effective at capturing the presence or
partial presence of key health literacy practices, even when
indicators are subtle. The improved performance of Llama3

8B in borderline cases suggests a superior ability to differen-
tiate between clearly present, ambiguous, and absent health
literacy features.
Regarding feedback quality, Llama3 8B consistently out-

performedMistral 7B. Llama3 8B achieved an average overall
Quality Score of 6.59 across the three key health literacy prac-
tices, while Mistral 7B scored 5.96. Notably, Mistral 7B scored
0 for 18 times on the Accuracy criterion, indicating signifi-
cant limitations in providing precise and accurate feedback.
The Llama3 8B model, however, consistently provided more
accurate, actionable, and specific recommendations.
In conclusion, Llama3 8B demonstrated superior perfor-

mance compared to Mistral 7B in both accurately identifying
key health literacy practices and generating high-quality,
actionable feedback. These findings highlight Llama3 8B’s
greater potential for supporting effective improvements in
clinical communication.

4.3 Qualitative Evaluation
Besides the quantitative evaluation, we performed a qualita-
tive analysis to understand how the RAG module and struc-
tured system prompt enhance HealthLit’s ability to identify
and provide feedback on health literacy practices. Examples
from a transcript segment about UTI antibiotic treatment
("UTI Antibiotics V1"), detailing nurse-parent interactions,
illustrate the benefits of these components.
To demonstrate the effectiveness of HealthLit’s compo-

nents (fine-tuning, RAG, and structured system prompts),
we conducted an ablation study comparing its performance
against baseline models. We compared outputs from Health-
Lit (both the Mistral 7B and Llama3 8B versions) with those
from the pre-trained Llama3 8B and Mistral 7B models with-
out fine-tuning, RAG, or structured system prompts. The
pre-trained models were provided with the same medical
transcript and the query: "Did the nurse use effective Teach
Back questions to gauge patient understanding?". The Health-
Lit outputs were derived from the system’s generated audit
reports.

The comparison reveals significant differences.HealthLit’s
outputs exhibit a clearly defined analytical structure, directly
attributable to the structured system prompt and fine-tuning.
This structure is crucial for providing effective feedback to
healthcare practitioners, as it explicitly identifies strengths,
weaknesses, and suggestions for improved phrasing, with
supporting examples from the transcript. In contrast, the out-
puts from the pre-trained models are primarily descriptive,
focusing on extracting examples without providing a struc-
tured analysis of adherence to health literacy best practices.
Furthermore, the pre-trained models frequently misclassify
conversational elements. For instance, questions like "Any
questions?" and "Does he have any allergies...?" were incor-
rectly identified as open-ended questions. This inaccurate
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feedback limits its usefulness for training and improvement,
as clinicians may receive incorrect or insufficiently focused
guidance. The structured, analytical output of HealthLit, en-
abled by fine-tuning, RAG, and prompt engineering, provides
significantly more valuable and actionable feedback for im-
proving health literacy practices. By selectively retrieving
relevant segments (especially nurse questions), RAG reduces
the LLM context window while maintaining accurate health
literacy assessment, yielding practical outputs for improved
communication.

5 CONCLUSION
This paper proposes HealthLit, an AI-driven Audit and Feed-
back (A&F) system leveraging fine-tuned LLMs (using LoRA)
to efficiently assess healthcare providers’ adherence to health
literacy best practices in clinician-patient interactions. Ini-
tial development revealed challenges including limited data,
computational constraints, and aligning AI with expert eval-
uations. We addressed these using prompt engineering (in-
context learning, CoT, role-playing), transcript segmenta-
tion, and RAG (though this introduced some consistency
concerns). HealthLit represents a significant step towards
scalable, AI-driven A&F systems promoting health literacy
best practices. By combining human expertise with AI (espe-
cially LLMs), we aim to improve clinician training, patient
education, and healthcare communication, ultimately en-
hancing patient outcomes.

To enhance HealthLit’s capabilities and address remaining
challenges, future work will prioritize: (1) a hybrid AI-human
framework where AI pre-evaluates high-impact segments for
expert review, reducing HLE workload while maintaining
quality; (2) exploring Knowledge-Augmented Generation
(KAG) to improve understanding of health literacy concepts
within professional healthcare contexts; and (3) expanding
the dataset’s size and diversity. While larger LLMs are a
consideration, computational resource limitations remain a
practical constraint.
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