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Abstract
Background

Cardiovascular disease is the leading cause of death worldwide. Many patients with cardiovascular
disease struggle to understand their risk factors and medical test results due to health literacy
limitations and/or inadequate resources for personalized education. Existing digital solutions often
provide generic, one-size-fits-all information with varying degrees of medical accuracy.



Methods

LipidLIama addresses this gap by integrating a rule-based Al system—adapted from a validated
cardiovascular risk assessment tool—and a chatbot powered by a Large Language Model (LLM)
enhanced with retrieval augmented generation (RAG). To improve document retrieval, a custom
query-only adapter was trained on synthetic query corpus document pairs. Response quality was
independently evaluated by three board-certified physicians (two cardiologists and one internist)
who rated 30 responses to synthetically generated, realistic patient queries using a 5-point Likert
scale across four dimensions: correctness, conciseness, comprehensiveness, and
comprehensibility. Rater reliability was assessed using generalizability theory.

Results

The trained adapter improved top-k document retrieval accuracy from 67% to 80%. Responses
received consistently high clinical ratings across all dimensions (mean composite score = 18.21,
95% ClI: 17.80-18.62) and demonstrated strong reliability metrics across raters (generalizability
coefficient Ep? = 0.88; dependability coefficient ® = 0.84).

Conclusion

LipidLlama provides clinically grounded, personalized explanations in response to cardiovascular
health questions. With further clinical validation, this mobile health application has the potential to
enhance health literacy and minimize provider burden, significantly improving access to preventive
cardiovascular care, particularly in underserved communities.

Keywords: Artificial Intelligence, Large Language Models, Retrieval Augmented Generation,
Healthcare Disparity, Cardiovascular Health

Background

Cardiovascular disease remains the leading cause of mortality globally. While its determinants are
complex and multifactorial, modifiable lifestyle factors such as smoking status, diet, and physical
activity significantly influence disease progression [1]. Despite available interventions for risk
reduction, patients often struggle to implement these changes effectively due to limitations in health
literacy and current patient education approaches.

Personalized patient education demonstrably improves health outcomes, particularly in chronic
conditions like cardiovascular disease [2]. However, delivering individualized health literacy
content creates substantial burden for already time-constrained physicians [3]. This personalization
requires not only extended patient interactions but also additional time to compile patient-specific
educational materials matching disease status, literacy level and language. Furthermore,
physicians spend approximately one hour daily responding to patient queries through electronic
health record messaging [4]. As the population ages, the burden of chronic cardiovascular disease
on health systems will only increase [5], making the current paradigm of physician driven
personalized health education untenable due to a scaling issue.

As aresult, many patients are instead directed to general-purpose health resources, such as
Northwestern Medicine's Health Library. While these repositories provide comprehensive medical
information, they often fall short of meeting individual patient needs. Dense content, complex
medical terminology, language barriers, and lack of personalization create significant obstacles,
making it harder for patients to navigate these resources and take meaningful steps toward
managing their condition. Large Language Models (LLMs) offer a potential solution for scaling



personalized education without adding to physicians' workload [6]. However, current
implementations primarily rely on general-purpose models that lack integrated medical expertise
[7]. Without access to expert-vetted clinical knowledge and patient-specific health data, these
models struggle to provide accurate, tailored guidance. These barriers underscore the need for an
advanced Al-solution capable of delivering truly personalized patient education.

LipidLlama meets this need through a novel approach combining validated cardiac risk
assessment with Al-powered education tailored to individual patient health, knowledge, and
language preferences. The mobile application guides patients through a brief survey about their
lipid panel results and general health status, generating personalized risk assessments and
actionable recommendations. Patients can then engage with an Al-powered chatbot, grounded in
expert-curated health education materials, to ask questions in their preferred language at an
appropriate comprehension level. This paper details the development and initial clinical validation
of LipidLlama, a mobile health solution that delivers personalized cardiovascular education.

Methods
Technology

LipidLIama is a mobile application designed to deliver personalized cardiovascular risk
assessment and education. It combines rule-based and generative Al to convert patient data into
actionable feedback. The frontend uses modern web frameworks [8][9][10] to facilitate seamless,
multilingual interaction, while the backend Al services [11][12][13] are optimized for deployment on
consumer-grade infrastructure, such as an NVIDIA RTX 4090 (24GB) graphics card.

Rules-Based Al

LipidLIama’s rules-based Al system processes patient data to generate cardiac risk scores and
lifestyle recommendations. This system is built upon the simplified PREVENT equations for 10-year
Atherosclerotic Cardiovascular Disease (ASCVD) risk estimation [14][15], which are a set of
previously validated gender specific regression models. Patients are guided through an educational
health survey that collects key variables required by the PREVENT equations: total, LDL and HDL
cholesterol, systolic blood pressure, estimated glomerular filtration rate (eGFR), diabetes status,
smoking status, hypertension medication, and statin medication. Each variable is explained in clear
patient-facing language.

Health survey inputs are encoded into numerical inputs (i.e. values for cholesterol, eGFR, and
blood pressure results and 1 or 0 for binaries such as diabetes status) and processed by the
appropriate PREVENT regression equation based on gender. The model applies the published
regression coefficients without modification to calculate the individual’s 10-year ASCVD risk
percentage. The resulting risk percentage is categorized in accordance with consensus guidelines
for primary prevention of atherosclerotic heart disease into three tiers: low (<5%), elevated (5-
7.5%), and high risk (>7.5%) [16]. Individual survey parameters are also classified according to
standardized clinical ranges (normal, elevated, high). Actionable insights are generated from these
results (e.g., “quit smoking”). Figures 1 and 2 illustrate a representative risk assessment for a
synthetic female patient and the rules-based Al workflow including the PREVENT equation used
for ASCVD risk calculation.
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My Heart Health

Your risk of developing heart Failure,
heart attack, or stroke in the next 10
years is

Ask the LipidLlama Al assistant about
your risk factors For heart disease and
learn how to reduce your risk

My Results
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Figure 1 LipidLlama Home Screen.

LipidLIama home screen displaying the results of the rules-based Al system adapted from the 10-
year ASCVD risk score for a synthetic patient.”



Lipid Survey

What is your HDL cholesterol?

R ©

HDL cholesterol is known as the.
'good’ cholesterol. It helps remove
LDL cholesterol from the arteries.

Medications for high blood pressure
may include diuretics, beta blockers,
ACE nhibitors, or calcium channel
blockers.

Some common generic names
| include Lisinopril, Amlodipine, and

Metoprolol.

Risk
Assessment

Your risk of developing heart failure,
heart attack, or stroke in the next 10
years is ELEVATED

Ask the LipidLlama Al assistant about
your risk Factors for heart disease and

Some common brand names include |

Prinivil, Norvasc, and Lopressor. learn how to reduce your risk

Do you take any medications for
high blood pressure?
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Do you take any medications for
high cholesterol?

CRE ©

Medications for high cholesterol
‘may include statins, fibrates, niacin,
or bile acid sequestrants.
Some common generic names
include Atorvastatin, Simvastatin,
and Rosuvastatin.

Some common brand names include
Lipitor, Zocor, and Crestor.

Tap to
Continue!
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Figure 2 Rules-based Al system.

Patients respond to a lipid survey adapted from the 10-year ASCVD risk score. The system
evaluates responses using predefined rules derived from the ASCVD regression model and normal
value ranges, generating a personalized risk assessment.

Chatbot

Rules-based Al extracts specific information but can only give generalized feedback as possible
rule enumerations grow exponentially. Large Language Models (LLMs), like ChatGPT [17], offer
greater flexibility, allowing users to ask any question and receive a personalized

response. However, despite their impressive capabilities, LLMs can sometimes generate incorrect
or misleading answers—a phenomenon known as hallucination [18]. This occurs because LLMs
operate probabilistically: they predict words based on patterns learned from vast amounts of



internet text rather than retrieving concrete facts. While LLMs excel at mastering grammar,
structure, and compositionality, their knowledge of specific facts is inherently approximate [19][20]
[21]. For critical uses, such as a medical chatbot like LipidLlama, hallucinations pose a serious
challenge.

However, hallucination can be mitigated by providing the model with expert documents to ground
its responses. Rather than relying on an LLM’s internal knowledge to generate an answer, this
approach ensures that the necessary information is explicitly supplied. The role of Al shifts to
composing a well-formed response based on verified reference text—a task LLMs excel at. This
method, known as Retrieval-Augmented-Generation (RAG) [22], enhances the accuracy of LLM-
generated answers by anchoring them in verifiable, expert content.

RAG Pipeline

A RAG pipeline consists of a corpus of expert documents, an embedding model, and an LLM. The
document corpus encompasses information relevant to any potential query. For LipidLlama, this
corpus was curated from approximately 100 patient education articles in the Northwestern
Medicine Health Library [23], covering lipid testing, cardiovascular health, medications, and
lifestyle recommendations. Every document was written and reviewed by medical experts with
independent review by the authors to ensure that the corpus contained only accurate and up-to-
date information.

Document relevance to a given query is computed through semantic vector representations. The
BGE embedding model (another type of Al language model) transforms both documents and
patient queries into normalized vectors in a shared semantic space [24][25]. Relevance is
quantified by calculating the Euclidean distance between vectors, which allows for fast document
search [26] while maintaining angular distance properties (i.e. how aligned are documents and
queries in the semantic space). This approach ensures that conceptually similar query-document
pairs have similarity scores closer to O (i.e. are parallel in sematic space) than unrelated content.

Previous work suggests that query and document embeddings may reside in misaligned semantic
spaces, limiting retrieval accuracy. However, applying a linear transformation to query
embeddings, such as a query-only adapter, can enhance retrieval [27]. To improve query
alignment to LipidLlama’s document corpus, a lightweight query-only adapter was trained using
contrastive loss on 2,000 synthetic question-document pairs. Evaluation was conducted on a held-
out test set of 500 question-document pairs. For each query, the top 100 documents were returned
via the similarity search method described previously. Similarity scores were standardized via z-
score normalization, and documents exceeding 2 standard deviations below the mean (scores
closest to 0 before z-score normalization) were considered retrieved. Threshold decision is
hyperparameter chosen to balance accuracy against the number of documents returned, an
inherent computational limitation for the LLM. Retrieval accuracy was measured as the proportion
of queries for which the correct document appeared among the z-score normalized set post-
thresholding. Comparisons were made to baseline and to BGE-Reranker-v2-M3 [28][29], a
reranking model designed to improve document retrieval without the need for additional training.

Chatbot Response Generation and Translation

The technical details of the LipidLlama chatbot including the RAG system are available in figure 3.
An instruction-finetuned version of Llama-3.1-8B serves as the LLM backbone [30]. Patient-
specific cardiovascular health information, retrieved documents, and queries are compiled into a
prompt and passed to the LLM for response generation. To improve accessibility, a multilingual
translation pipeline to integrates the Opus-MT family of translation models before document



retrieval and after LLM response generation [31][32]. Spanish, Mandarin, Arabic, and Polish were
chosen based upon Northwestern Medicine’s patient demographics and available computational
resources.

Embed
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Education Corpus
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Patient Health Data
{% Opus-MT .
Translation Model Expert Documents

Query
+

Llama-3.1-8B-Instruct

Figure 3 LipidLIama Chatbot Technical Design Diagram

Pipelines for retrieval-augmented generation (RAG) and translation. The outer RAG pipeline is
highlighted in bolded purple arrows while the inner translation loop is indicated by gray arrows. A
patient submits a query, which is embedded and used for similarity search over a corpus of patient
education documents. The query, retrieved information, and relevant patient health data are
passed to the Llama-3.1-8B-Instruct model for response generation. If necessary, queries and
responses are translated using a language-specific Opus-MT model (gray arrows)

Physician Evaluation Procedure

To assess clinical accuracy, LipidLlama responses were evaluated by three board-certified
physicians (2 cardiologists: JDT and JH; 1 internist: AK), each independently reviewing chatbot-
generated answers to a set of synthetic patient-query pairs. All generated responses were
generated using the full RAG pipeline, incorporating the trained query-only adapter described
above. Synthetic patient profiles were created by sampling lipid values and disease prevalences
from established population ranges. Corresponding queries were drawn from an author-reviewed,
held-out test set of 238 synthetically generated questions. From this pool, 30 patient-question-
response triplets were randomly sampled for formal evaluation.

LI T]

Each response was rated on a 5-point Likert scale across four dimensions: “correct”, “concise”,
“comprehensive”, and “comprehensible”. This rating scheme was adapted from a previously
validated framework for evaluating ChatGPT responses on similar patient education topics [33].
The fully crossed design (3 raters x 30 questions x 4 dimensions) enabled decomposition of



variance across multiple sources. Generalizability theory (G-Theory) was applied to estimate the
reliability of ratings. Unlike classical test theory, G-Theory can distinguish multiple sources of
variance simultaneously, raters, questions, dimensions, and their interactions, enabling robust
analysis of the generalizability of cardiologists’ ratings [34][35][36].

Results
Document Retrieval Performance

The query-only adapter improved retrieval performance over the baseline embedding model. Both
approaches returned a similar number of documents below z-score threshold (Baseline Mean =
4.85, 95% Cl: 4.70-5.00; Query-Adapter: Mean = 5.02, 95% CI: 4.82-5.21), while the adapter
achieved a substantial gain in accuracy. The proportion of queries for which the correct document
was retrieved from the top-k documents increased from 67% (baseline) to 80% (query-only
adapter), a 13 percentage point improvement. The query-only adapter still demonstrated superior
performance when compared to the reranking model, which achieved 70% accuracy, yieldinga 10
percentage point improvement.

Physician Evaluation

LipidLlama successfully generated completed responses for 28 of the 30 test questions. The
remaining two responses requested clarifying information (e.g. “What cholesterol medication are
you taking?”), which the physician raters deemed appropriate. However, these two cases were
excluded from the final quantitative analysis.

Chatbot outputs demonstrated high clinical quality. Mean ratings (with 95% confidence intervals)
were as follows: correct mean = 4.76 (95% Cl: 4.66-4.88), conciseness mean = 4.46 (95% ClI:
4.31-4.61), comprehensive mean = 4.37 (95% CI: 4.22-4.52), and comprehensible mean = 4.62
(95% Cl: 4.47-4.77). Combination into single composite score (maximum 20) was equally strong
with mean = 18.21 (95% CI: 17.80-18.62). Rater reliability of the composite score was strong with
generalizability coefficient (Ep?) of 0.88 and a dependability coefficient (®) of 0.84, where both
coefficients range from 0 to 1, with scores above 0.8 indicating very strong reliability.

Error categorization was conducted qualitatively. Of 84 individual ratings across 28 answered
queries, 19 received correctness scores below 5, with only one instance rated 3 or lower. Review
of these cases revealed that deductions reflected minor omissions or imprecise ordering of
information rather than factual inaccuracies.

Figure 4 highlights representative results from LipidLlama by displaying two patient queries for a
synthetic patient with hypertension, smoking history, and a high ASCVD risk score of 8.5%. The
responses, including a Spanish-language translation, demonstrate LipidLlama’s ability to provide
culturally responsive, patient-specific recommendations.
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I'd be happy to help you understand why your doctor checks your cholesterol level and how often you should
have it checked.

Your doctor checks your cholesterol level to see if you have high levels of certain types of fat, called lipids, in your
blood. These lipids can build up in your arteries, which are the blood vessels that carry blood to your heart and other
parts of your body. This buildup of lipids can increase your risk of developing cardiovascular diseases, such as heart
disease, stroke, and heart failure.

Your doctor checks your cholesterol level regularly to:
1. See if your levels are within a healthy range.
2. Monitor any changes in your levels over time.
3. Make informed decisions about your treatment plan, if necessary.

The American Heart Association recommends that adults have their cholesterol level checked at least once every five
years, starting at age 20. However, if you have a history of heart disease, diabetes, or high blood pressure, your doctor
may recommend more frequent checks.

In your case, since your 10-year risk of developing stroke, coronary artery disease, and heart failure is 8.5%, which is too
high, your doctor is likely to want to check your cholesterol level more frequently to monitor any changes and make
adjustments to your treatment plan as needed.

It's great that you're taking proactive steps to manage your risk factors, including working with your healthcare
provider to manage your blood pressure and quitting smoking. Remember to discuss your cholesterol level with your
doctor and ask any questions you may have about your results.

Read More at Northwestern Health Library: Cholesterol in the Blood
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"Muy bien, trabajemos juntos para que tu corazén se sienta mejor.

Para reducir el riesgo de accidente cerebrovascular, enfermedad de las arterias coronarias e insuficiencia cardiaca, es
esencial hacer algunos cambios en el estilo de vida.

1. **Dieta:** Enféquese en comer una variedad de alimentos enteros, sin procesar como: - Frutas frescas: Trate de
comer al menos 5 porciones al dia, como papayas, mangos y pifa. - Verduras verdes: Incorpore alimentos como
espinacas, col rizada y verdura en sus comidas. - Legumbres: Los frijoles, lentejas y garbanzos son ricos en fibra y
proteina. Trate de hacer platos como feijoada o gallo pinto. - Granos enteros: Elija arroz integral, pan integral de trigo y
quinua en lugar de opciones refinadas o blancas. - Nuez y semillas (frutos secos y semillas): Almendras, nueces y
semillas de calabaza son grandes fuentes de grasas saludables y proteinas.

2. **Evite o limite:** - Carnes procesadas: Evite alimentos como chorizo, mortadela y hot dogs. - Alimentos fritos

(comida fria): Trate de limitar o evitar alimentos fritos como empanadas, platanos fritos y churros. - Alimentos de alto
contenido de sodio (alimentos con alto contenido de sodio): Tenga en cuenta alimentos como sopas enlatadas, quesos
procesados y verduras encurtidas. - Bebidas azucaradas: Limite o evite bebidas azucaradas como refrescos, bebidas
deportivas y café endulzado.

3. **Ejercicio:** Apunta por lo menos 150 minutos de ejercicio aerébico de intensidad moderada o 75 minutos de
ejercicio aerébico de intensidad vigorosa por semana. También puedes incorporar ejercicios de entrenamiento de
fuerza en tu rutina.

4. **Parar de fumar:** Como mencion6 tu proveedor de atencién médica, dejar de fumar es crucial para tu salud
cardiaca. Hay muchos recursos disponibles para ayudarte a dejar de fumar, como terapia de reemplazo de nicotina,
asesoramiento y grupos de apoyo.

5. **Administrar estrés:** Participar en actividades de reduccién del estrés como yoga, meditacion o ejercicios de
respiracion profunda.

Figure 4 Example LipidLIama Patient Interactions and Culturally Responsive Translations

LipidLIama’s response generation for a synthetic patient with hypertension, history of smoking, and
an ASCVD risk score of 8.5%. The chatbot provides personalized recommendations based on
patient-specific details retrieved from its rules-based Al system. The top panel displays an English-
language response explaining cholesterol management and cardiovascular risk factors. The
bottom panel highlights LipidLIama’s translation capabilities, demonstrating a culturally responsive
Spanish-language response about dietary and lifestyle modifications.

Discussion

LipidLIama demonstrates a novel integration of rules-based and generative Al to deliver medically
accurate, patient-specific cardiovascular risk assessment and education. By grounding LLM output
in expert-reviewed patient education documents and structured patient health data, the system
addresses known limitations of generative models, hallucination, while maintaining flexible natural
language interaction. This hybrid RAG framework is well-suited to address the challenges of
generative Al in patient-facing clinical applications where accuracy, interpretability, and trust are all
important.

This study demonstrates the technical strength and clinical validity of LipidLlama’s outputs. The
query-only adapter significantly improved top-k document retrieval accuracy by 13 percentage
points over baseline (80% vs. 67%), addressing a key challenge in RAG systems. Notably, this
lightweight approach outperformed a reranking model that required 100x more parameters and
achieved this gain without the computational burden of full parameter fine tuning, using only 2,500
query-document pairs. Importantly, improvement in retrieval accuracy enhances the grounding of
generative responses in relevant source material. Retrieval is challenging in narrow corpora such
as cardiovascular patient education documents, where substantial topic overlap creates many



semantically similar yet distinctive documents. In such cases, a “missed” document does not imply
incorrect or conflicting output as every document was thoroughly vetted to ensure clinical accuracy.
Instead, such cases involve semantic neighbors that provide clinically equivalent information. By
improving alignment between patient queries and document embeddings, the adapter increases
the likelihood of retrieving the most contextually appropriate information, supporting stronger, more
grounded responses.

Board-certified physicians, including two cardiologists and an internist, independently evaluated
LipidLlama’s clinical performance across four dimensions. Generations received high mean scores
across all measures, correctness (4.76), conciseness (4.46), comprehensiveness (4.37), and
comprehensibility (4.62), yielding a strong composite score (18.21/20). Reliability analysis using G-
Theory revealed strong generalizability (Ep? = 0.88) and dependability (® = 0.84) coefficients
indicating that both relative and absolute question scoring was strong across raters. These metrics
account for the multiple sources of random effects variance (rater, item, and interaction),
demonstrating that the observed scoring patterns are robust despite the subjectivity of rater
measurement and small sample size. Qualitative review of low-scoring responses showed that
deductions stemmed from minor omissions or imprecise phrasing rather than factual inaccuracies.
This clinical validation, combined with the strong retrieval scores, provides an initial evaluation of
LipidLIama’s ability to provide personalized cardiovascular patient education.

Al Safety and Ethics

Generative Al is the core engine behind the conversational capability of LipidLlama, raising critical
questions about safety, bias, and scope. A key mitigating tool against potentially harmful responses
is a linear regression classifier that screens user inputs before document retrieval (Figure 5). The
classifier categorizes queries into three classes: patient education questions (answerable), medical
recommendation requests (declined), and off-topic medical questions (declined). Trained on 900
synthetic, clinically realistic patient queries reviewed and verified by the authors, the classifier
achieved a 98.47% binary F1 score (patient education vs. not), with 97.72% sensitivity and 98.92%
specificity on 112 held-out test queries.
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f%:) S what your Atorvastin is
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Figure 5 LipidLIama Al Safety

This classifier provides a robust safeguard against potentially inappropriate responses. It ensures
responses to queries like “Should I discontinue my statin due to muscle aches?” direct users to
consult their healthcare provider without offering medical advice. Similarly, off-topic queries
unrelated to cardiovascular health receive clear explanation of LipidLIama’s limitations, reinforcing
its role as a patient education tool for cardiovascular health.

Beyond inappropriate medical responses, Al poses potential for biased responses. The system
utilizes the PREVENT equations rather than the Pooled Cohort Equations for ASCVD risk
assessment, acknowledging ethnicity as a social construct rather than a biological determinant [37]
[38]. While the cardiologist validation study included diverse synthetic patient profiles reviewed by
the authors, comprehensive bias evaluation remains an active area for future research.

Data privacy is inherent in LipidLIama’s architecture. The system has been designed and
optimized for consumer-grade hardware, enabling deployment completely within HIPAA-compliant
health care system servers. This design ensures that patient data remains secure within the
institutional network and eliminates dependence on external LLM providers that could compromise
sensitive health information.

Following best practices in ethical Al, the authors have reviewed the “Do No Harm” Al safety

checklist and determined that LipidLlama does not pose immediate biological-psychological,

economic, or social risks [39]. However, as the tool is deployed, continuous monitoring will be
necessary to detect and mitigate any potential harm or misuse.

Future Directions

LipidLIama has the potential to expand access to preventive cardiology by providing multilingual,
personalized cardiovascular education in a scalable manner. It has reached a significant milestone
with a fully operational minimum viable product (MVP)—a functional version of the platform that
includes its core features, enabling early user feedback and validation in real-world settings. Future
development efforts will focus on direct integration with electronic health records (EHRs) and
patient validation.

EHR integration, still in the planning phase, faces several implementation challenges: establishing
secure data protocols that comply with HIPAA and FHIR standards; building standardized
interfaces to accommodate heterogenous EHR systems and their data schemas; and establishing
clear patient consent workflows for automated data sharing. Moreover, healthcare system IT
approval processes typically require extensive security auditing and validation testing. Despite
these challenges, successful EHR integration would eliminate reliance on self-reported surveys,
reduce data entry burden, improve clinical accuracy through verified medical information, and
facilitate seamless data sharing with healthcare providers.

Developing a patient validation study to rigorously assess LipidLlama’s impact on patient
outcomes, including improvements in heart health literacy, lifestyle modifications, and medication
adherence is centrally important. Given the growing evidence supporting Al’s role in alleviating
provider-patient communication burden [40], evaluating changes in clinician behavior and
communication patterns will be essential. Equally important is the inclusion of diverse patient
populations to evaluate translation pipeline accuracy and identify potential model bias. These
efforts will inform iterative improvements to the system’s pipeline and contribute to safe, equitable
deployment at scale.



Limitations

This study has several important limitations. First, LipidLlama has not yet been tested with real
patients or integrated into clinical workflows. Its impact on clinical outcomes, health literacy, or
behavior change remains unvalidated. Second, all expert evaluation was performed at a single
academic institution by physicians familiar with Al technologies, which may limit the generalizability
of our population of raters and thus chatbot response scores. Third, while the system supports
multilingual interaction, translations have not yet been rigorously evaluated for cultural or semantic
accuracy. Finally, although synthetic patients and queries were designed to reflect real-world
distributions, they may not capture the full variability of actual populations, which could affect real-
world performance.

Conclusion

LipidLIama is a novel and practical solution to the challenge of personalized cardiovascular patient
education. It combines a validated cardiac risk score model, expert-verified content, and Al-driven
language generation to deliver clinically strong cardiovascular health education. With continued
research funding, and patient validation, LipidLlama has the potential to enhance primary
prevention of cardiovascular disease, especially in underserved communities, and become a
cornerstone in the global effort to improve cardiovascular health outcomes.
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