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Abstract: Tuberculosis (TB) remains a global public health challenge,
where access to accurate and up-to-date information is crucial for
professionals and patients. This research comparatively evaluated the
performance of five language models (LLMs) Med-PaLM 2, GPT-4,
MEDITRON-70B, Me-LLaMA, and Clinical Camel in the TB domain and
implemented a mobile virtual assistant as a proof-of-concept based on the
best-performing model. Clinical accuracy was defined as the percentage of
responses considered correct based on expert consensus evaluation. The
methodology included evaluation with and without Retrieval-Augmented
Generation (RAG) using a corpus of 150 clinically validated questions.
Results showed that RAG significantly improved clinical accuracy (94.0%
vs. 82.3%) and reduced hallucination rates (2.3% vs. 8.7%). Gemini 1.5
achieved the highest performance (96.4% with RAG), while open-source
models such as MEDITRON-70B (89.5%) demonstrated competitive
performance. These findings suggest that RAG enhances reliability in
domain-specific medical applications. The implementation of a mobile
virtual assistant is presented as a proof-of-concept prototype, derived from
the evaluation results, and not as a clinically validated system for real-
world deployment. This study contributes to the evaluation of LLMs in
tuberculosis by integrating accuracy, safety, and applicability
considerations, particularly for low-resource settings.

Keywords: Language Models, Tuberculosis, RAG, Clinical Evaluation,
Virtual Assistant, Medical Artificial Intelligence

Introduction

Tuberculosis remains a serious threat to global
health, causing 1.3 million deaths in 2022 according
to the WHO (World Health Organization, 2023).
Despite being a preventable and curable disease, its
impact is exacerbated by late diagnosis, the
emergence of multidrug-resistant strains (MDR/XDR-
TB), and barriers to accessing reliable medical
information (Keshavjee and Farmer, 2012). Healthcare
professionals face difficulties in keeping up to date
with evolving clinical guidelines, while patients lack

accessible sources to resolve questions about
treatments or side effects (Furin, 2019).
Large Language Models (LLMs) emerge as

potential tools to address these challenges (Topol,
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2019). However, their application in tuberculosis
carries significant risks. Recent studies (Ji et al., 2023,
CDC, 2025a) warn that they can generate
hallucinations (fictitious data) or biases, such as
confusing therapeutic guidelines for sensitive and
resistant TB, or omitting crucial considerations for
comorbidities such as TB/HIV co-infection. This lack
of reliability requires rigorous evaluation before any
clinical implementation.

Currently, Al applications such as Ada Health or
Buoy Assistant offer general medical assistance, but
do not address the specific complexities of
tuberculosis. Their availability is often limited to
major languages, excluding vulnerable communities
where TB is prevalent (Liu et al., 2025). A virtual
assistant specialized in TB, based on an accurate and
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up-to-date linguistic model, could overcome these

limitations by providing contextually relevant

information:

- For experts: Fast access to medical
recommendations (WHO, CDC), help with

differentiating diagnoses, and information on
drug resistance changes

- For patients: Learning resources in simple
language, reminders for medication, and
notifications regarding negative effects, which
enhance following treatment plans (Gonzalez et al.,
2021)

This study proposes a novel method for assessing
Large Language Models (LLMs) within the area of
Tuberculosis (TB), focusing on aspects like precision,
comprehensibility, and relevance to clinical practice.
The results will aid in developing a virtual assistant
model aimed at regions with limited resources, with
potential applications in other infectious diseases as
well. Its influence could extend from urban health
facilities to remote communities, where there are few
experts but increasing mobile access (WHO, 2025).

Theoretical Framework

Tuberculosis: Clinical Aspects and Global
Challenges

Tuberculosis, caused by Mycobacterium tuberculosis,
is an infectious disease that is transmitted through the air
and mainly affects the lungs. Its close link to social
determinants such as poverty and overcrowding makes it
a complex and persistent public health problem (World
Health Organization, 2023). Although rapid molecular
diagnostic advances exist, such as GeneXpert MTB/RIF,
the challenges to its global control remain critical:

- Drug resistance: Multidrug-Resistant Tuberculosis
(MDR-TB) needs a long course of treatment
lasting from 20 to 24 months using second-line
medications, which tend to be more harmful and
harder to obtain (Jang and Chung, 2020)

- TB-HIV coinfection: Individuals with HIV face a
20 times greater risk of developing active
tuberculosis, which  necessitates  combined
treatment for both illnesses (CDC, 2025b)

- Treatment discontinuation: Insufficient adherence
(due to side effects or stigma) promotes relapse
and resistance (Camarin-Sanchez et al., 2020)

These difficulties highlight the necessity for
resources that assist professionals in making choices and
inform patients, particularly in areas lacking enough
specialists.

Language Models (LLMs) in Healthcare:
Opportunities and Risks

Large Language Models (LLMs), such as GPT-4,
offer significant potential in medicine to synthesize
literature, support diagnoses, and educate patients by
translating complex terminology (Gonzalez et al., 2021).
However, their clinical application is limited by the
generation of hallucinations; one study reported that 35%
of GPT-4's medical responses contained serious errors (Jin
et al., 2024), biases in underrepresented populations, and
the inability to update in real time with clinical guidelines
(Topol, 2019). Strategies such as Retrieval-Augmented
Generation (RAG), which anchors LLMs to updated
databases, are emerging as promising solutions to mitigate
these risks.

Virtual Health Assistants: Lessons Learned

Medical assistants such as Ada Health or Buoy
Health demonstrate that the effectiveness of chatbots
depends on rigorous clinical validation and supervised
integration with healthcare systems. Connection with
health services: Participants like Symptomate direct
urgent situations to hospitals, preventing harmful self-
diagnosis. These cases reinforce the need to develop
specific tools, under human supervision, to manage
complex and stigmatized diseases such as tuberculosis.

Related Jobs

Recent advances in artificial intelligence applied to
tuberculosis can be grouped into three main areas:

(i) AI for diagnosis and prediction

(i1) Chatbot-based systems for patient education

(iii) Large language models enhanced with Retrieval
Augmented Generation (RAG)

In recent years, Artificial Intelligence (AI) has
established itself as a fundamental tool in the fight
against tuberculosis (TB). Deep learning models, such as
convolutional neural networks, have demonstrated
accuracy comparable to that of expert radiologists in the
automated detection of TB in chest X-rays, which is
promising for resource-limited settings (Lakhani and
Sundaram, 2017).

Beyond diagnosis, Al can predict drug resistance by
analyzing genomic information from Mycobacterium
tuberculosis. These models facilitate the choice of
personalized treatments, a crucial advantage in the face of
the global increase in multidrug-resistant TB (Yang et al.,
2018). In the field of patient education, rule-based
assistants such as TB-Chatbot (Octoco, 2025) have
achieved 82% accuracy in responding to common
queries, although their ability to address complex
questions about drug resistance remains a challenge
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(Mkhize et al., 2022).

Al is revolutionizing the management of tuberculosis.
In drug development, deep learning algorithms speed up
the discovery of new antibacterial compounds against
resistant strains (Stokes et al., 2020). At the same time,
computer vision systems verify treatment adherence
through videos, significantly improving treatment
outcomes (Story et al., 2016). These innovations position
artificial intelligence as a key tool in advancing toward
the global elimination of disease.

Despite significant progress, existing studies often
lack  integrated  evaluation  frameworks  that
simultaneously address clinical safety, hallucination
mitigation, and applicability in low-resource settings.
This study contributes to the field by combining domain-
specific evaluation in tuberculosis with safety-oriented
metrics and RAG-based enhancement, offering a more
comprehensive assessment of LLM performance in
clinical contexts.

Materials and Methods

The suggested approach consists of two key stages:

(1) Assessing various LLMs related to tuberculosis
(TB)

(2) Creating and putting into action a virtual assistant
using the most effective model

Both stages combine numerical and descriptive
techniques to maintain scientific accuracy and relevance
in clinical settings.

To  improve  methodological  clarity  and
reproducibility, the overall workflow of the study follows
a structured pipeline consisting of four main stages:

(1) Selection and characterization of language models

(2) Construction and validation of a clinically grounded
evaluation dataset

(3) Implementation of a
Generation (RAG) framework

(4) Multi-dimensional evaluation using
safety, and usability metrics

Retrieval-Augmented

accuracy,

This sequential design ensures consistency between
experimental setup and evaluation outcomes, facilitating
replication and interpretation of results. Fig. 1 illustrates
the overall methodological workflow, highlighting the
interaction between dataset construction, RAG
integration, and model evaluation.

Evaluation of Language Models (LLMs)
Model Selection

The evaluation of linguistic models for medical use
in tuberculosis requires a selection that considers both

traditional models and recent open-source contributions.
For this analysis, five models representing different
development strategies were chosen, two high-
performance commercial models, two open-access
models specializing in health, and one open-source
model adapted for this purpose (Fig. 2). This selection
allows for a comprehensive comparison of their
structures, training methods, and capabilities in the
specific field of tuberculosis, considering both clinical
accuracy and feasibility of implementation in various
settings.

The selection of the five evaluated LLMs was guided
by representativeness criteria to ensure a comprehensive
and balanced comparison. Specifically, the study
includes:

Methodological
Flow of the Study

Commercial &
Open Models

Accuracy,
Safety, Usability,

Fig. 1: Methodological process flow

I
EEETCEI
OpenBiolLM-70B
EPFL & Comunidad
PalLM 2
Me-LLaMA

Meta-based

GPT-4
Openal

Clinical Camel

Fig. 2: Language Models Evaluated in the Field of
Tuberculosis
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(1)  High-performance commercial models (e.g., Med-
PaLM 2, GPT-4) that serve as performance
benchmarks;

(il))  Open-source models (e.g., MEDITRON-70B, Me-
LLaMA, Clinical Camel), which enable
reproducibility, adaptability, and deployment in
low-resource settings

(iii)) Models specifically optimized for
applications, ensuring domain relevance

medical

This combination allows the evaluation to capture
differences not only in performance but also in
accessibility, scalability, and suitability for real-world
healthcare scenarios.

Med-PaLM 2 (Google) is a benchmark in language
models for medicine (Med-PaLM). Based on the PaLM
architecture and fine-tuned with extensive validated
clinical datasets, this model demonstrates exceptional
capabilities for medical reasoning and scientific
literature interpretation. Its training, which encompasses
trillions of tokens from anonymized medical records,
manuals, and research, allows it to achieve performance
comparable to that of human experts in various tasks,
especially in the application of established protocols.

GPT-4 (OpenAl) is a cutting-edge language model
whose training on diverse texts, including medical ones,
gives it robust capabilities for complex clinical tasks
(Achiam et al, 2023). Its advanced Transformer
architecture and reinforcement learning techniques enable
it to perform stepwise reasoning and generate clinically
relevant responses, achieving performance comparable to
specialized models in standardized tests, especially in the
integration of multidisciplinary knowledge.

MEDITRON-70B is an open-source model for
medical applications, fine-tuned from Llama 2 with an
extensive corpus of clinical literature. Trained with more
than 1.5 billion tokens, including practice guidelines,
PubMed publications, and educational material, it has
specific capabilities for handling medical terminology,
relationships between clinical entities, and diagnostic
processes. This focus makes it a viable alternative for
environments with economic constraints or that require
transparency in the process.

Me-LLaMA (Xie et al., 2024) introduces a novel
paradigm for adapting base models to the medical
domain through continuous fine-tuning and specific
alignment techniques. Based on LLaMA 2, it employs
Reinforcement Learning with Human Feedback (RLHF)
in collaboration with healthcare experts. This approach
allows the model to acquire specialized skills while
maintaining the versatility of the original model, with a
modular design that facilitates specific adaptations for
areas such as infectious diseases.

Clinical Camel is a specialized model, fine-tuned
from LLaMA with extensive clinical datasets (Toma
et al., 2023). Its training with labeled medical cases,

consultation transcripts, and continuing education
materials gives it remarkable capabilities for diagnostic
reasoning and clinical communication adapted to
different levels of health literacy, making it useful in
various healthcare contexts.

While the inclusion of high-performance commercial
models such as Med-PaLM 2 and GPT-4 provides a
strong reference for benchmarking, it also introduces
limitations in terms of reproducibility and accessibility.
These models are closed-source and require restricted
API access, which may hinder independent validation,
transparency, and deployment in low-resource settings.
This limitation is particularly relevant in global health
contexts such as tuberculosis, where equitable access to
technology is essential.

Table 1 presents a comparison of five modern
language models that are significant for evaluating
clinical understanding of tuberculosis. Med-PaLM 2 and
GPT-4 are notable for their strong performance without
the need for further training, establishing them as
standards for conceptual precision. However, both are
closed models and do not allow direct adaptation to local
clinical contexts (e.g., Peruvian TB guidelines, MDR-TB
prevalence, or national diagnostic flows). On the other
hand, MEDITRON-70B, Me-LLaMA, and Clinical
Camel are open models, allowing their use in research,
complementary training, integration with RAG systems,
and fine-tuning using local literature or ministerial
guidelines. Among them, MEDITRON-70B offers the
best balance between high clinical performance and
openness, although it requires greater computational
capacity to run. Me-LLaMA is a lighter and more
flexible alternative, while Clinical Camel is especially
useful for building educational evaluators (e.g.,
conceptual feedback or comprehension tests).

Dataset Validation

Three pulmonologists independently evaluated the
150 clinical questions using a three-category ordinal
scale  (appropriate, partially  appropriate, and
inappropriate). Inter-rater agreement was assessed using
Fleiss’s kappa coefficient (k = 0.75; 95% CI: 0.69-0.81;
p<0.001), representing a substantial level of agreement
according to the Landis and Koch classification.
Discrepancies were resolved by consensus prior to
finalizing the evaluation set.

The dataset construction followed a structured multi-
stage process. First, clinically relevant topics were
identified based on WHO and CDC tuberculosis
guidelines (CDC, 2024c). Second, questions were
designed to reflect real-world clinical scenarios,
including differential diagnosis, treatment decision-
making, and public health interventions. Third, all items
were reviewed and validated by clinical experts to ensure
accuracy and relevance.
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Table 1: Comparison of LLMs with a focus on clinical knowledge (applicable to tuberculosis)

Key Benetfits for TB Limitations

Model Type/License Size (approx.) Medical approach
Med-PaLM 2 Closed / Not publicly
(Google) Commercial  disclosed clinical medicine.

Closed /
GPT-4 Commercial ~ Not publicly .

. . performance in

(OpenAl) (access via disclosed medicine

API) ’
MEDITRON- Open Trained in
70B (EPFL/ (permissive for 70B parameters

Open Source) research)

High, specializing in questions, useful as a comparative

Generally, with high explanation; serves as a "reference

biomedical literature.

Not customizable;
restricted access; less
suitable for local
adaptation.

It cannot be adjusted
with local data; it may
go haywire if local
guidelines are not
explicit.

Requires powerful
hardware (GPU) for
implementation.

High performance in clinical
reference for accuracy.
Excellent reasoning and

model" in conceptual evaluation.
Highly suitable for local

adaptation (fine-tuning + RAG);
improved traceability of sources.

13B/70B Specifically Scalable to Spanish, useful for Even fewer public
Me-LLaMA  Open depending on the optimized for building concept evaluators in TB.  clinical evaluations than
version biomedical language. MEDITRON.
Adjusted through Very useful for educational tasks:  Slightly lower
Clinical Camel Open Based on conversational explanation, feedback, evaluation = performance than top
LLaMA-2 learning in clinical ~ of concepts. commercial models.

data.

Representative examples of question types include:

(1) Differential ~ diagnosis  scenarios  (e.g.,
pulmonary tuberculosis vs. fungal infections)
(i1) Treatment adjustments in drug-resistant TB

cases
(iii)  Prevention strategies in community-level
interventions

Each question was accompanied by metadata
specifying difficulty level, clinical context, and source
references.

The Treatment section (65 questions) focuses on
therapeutic regimens for sensitive and resistant TB,
including management of adverse effects and adherence.
All answers were validated by pulmonologists with
experience in TB control programs (CDC, 2025b),
ensuring clinical applicability in various healthcare
settings.

Finally, the Prevention and Public Health category
(25 items) completes the set by assessing knowledge of
chemoprophylaxis, infection control, and community
actions. The structure of the corpus incorporates multiple
levels of difficulty and considers characteristics of
settings with a high disease burden and limited
resources. Each question includes metadata describing
the clinical context and sources of evidence, establishing
a robust standard for measuring the capabilities of
linguistic models in the field of tuberculosis and
promoting the reproducibility of future research.

Inter-rater agreement was quantified using Fleiss'
kappa coefficient (k), together with its 95% confidence
interval and statistical significance. Agreement was
interpreted according to the Landis and Koch
classification.

Application of Retrieval-Augmented Generation
(RAG)

The adoption of a Retrieval-Augmented Generation
(RAG) system is crucial to ensure accurate and up-to-
date responses in tuberculosis models. This system
operates in two phases: First, it retrieves relevant
information from a repository of specialized knowledge
on TB; second, it uses that contextual information to
enable the model to generate informed responses (Fig.
3). The repository integrates reliable sources such as the
latest WHO guidelines (2020-2024), CDC protocols, and
scientific articles from PubMed from the last five years.

Evaluation Metrics

The performance evaluation of tuberculosis models
uses comprehensive indicators that assess medical
accuracy and practical applicability.

Metrics Classification

Evaluation metrics were categorized as:

’.\,0 User? .
( ser? > | Question? Output

—
Embedding model |
- J

i

Semantic search content retrieval | LLM

T D
Vector [ }
\—,l Prompt

@

Vector DB
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Similarity search |
L 2

Vector DB

Similar passages |

Fig. 3: RAG application
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. Primary: Clinical accuracy, hallucination rate

. Secondary: Precision, recall, F1-score

. Exploratory: SUS score, latency, readability
(FKGL)

Accuracy calculates the percentage of correct
responses according to expert consensus. Precision
measures the proportion of clinically appropriate
recommendations, while Comprehensiveness assesses
the ability to identify all relevant elements in a clinical
scenario. The F1 score harmoniously combines these last
two metrics:

Recall = True Positive <100

True Positive+ False Negative

F1 - Score—2x Precision x Recall

Precision + Recall

Safety metrics are crucial in tuberculosis, where
errors have serious consequences. These include: The
Hallucination Rate, which quantifies incorrect or
unverified medical information; the Dangerous
Recommendation Rate, which identifies potentially
harmful suggestions; and the Clinical Conservatism
Index, which assesses the model's willingness to
recognize its limitations and refer to a specialist when
necessary:

Statements containing incorrect incorrect information

Hallucination Rate= x100

Total responses

Dangerous Recommendations
X

Statements Recommendations Rate= 100

Total Recommendations

Cases with recognition of limitations

Clinical Conservatism Index = x100

Cases exceeding jurisdiction

Practical utility metrics assess the applicability of
responses in real clinical settings. The adapted System
Usability Scale (SUS) measures professionals'
perceptions, while Contextual Feasibility assesses
viability in various healthcare settings. Explanatory
Clarity, measured using the Flesch-Kincaid index,
ensures that the language is accessible to different levels
of health education and literacy:

SUS Score = »_ ' (Puntuacion_item,~1)x2.5

Feasibl i
easible recommendations <100

Contextual Feasibility = -
Total Recommendations

Total word Totalsyllable

Total words

FKGL =0.39 ( 5)+11.8(

K )—15.59
Total number of sentences

Finally, efficiency metrics evaluate operational
performance for wviable clinical implementation.
Response latency, a fundamental metric, measures the
time elapsed between the query and the complete
generation of the response, calculated using the formula
[indicate formula]. This aspect is critical for practical
adoption in healthcare settings.

noff
ResponseLatency=Z(M)

i=1

Where ¢ _start i is the start of the query, ¢ finish_i is
the end of the response, and *n* is the total number of
questions. In tuberculosis, where speed is crucial for
patient health and epidemiological containment, a
maximum latency of 2 seconds is established for simple
queries (e.g., dosage) and 5 seconds for complex queries
(e.g., differential diagnosis or drug-resistant TB).

Latency thresholds (2—5 seconds) were defined based
on acceptable response times reported in clinical
decision support systems, where excessive delay may
impact usability in real-world scenarios.

Although the integration of RAG significantly
improves clinical accuracy and reduces hallucinations, it
introduces additional computational overhead that
increases response latency. This trade-off between
accuracy and response time is a critical consideration in
clinical decision support systems, where both reliability
and timeliness are essential.

Tools

RAGAS (Es et al, 2024) is a framework for
automatically evaluating Retrieval-Augmented
Generation (RAG) systems. In the tuberculosis
application, it measures key metrics such as factual
fidelity (accuracy of information against sources),
contextuality (relevance of retrieved information), and
comprehensiveness (ability to retrieve all relevant data).
Its use enables continuous evaluation, ensuring that
content on TB diagnosis, treatment, and control meets
high standards of clinical accuracy and is kept up to date
with the latest medical guidelines.

Structured prompting with few-shot learning chains
(Patil et al., 2024) is a key technique for optimizing
language models in the field of tuberculosis. This
method uses prompts designed with representative
examples of clinical cases and their appropriate
responses, providing specialized context to the model.
For the mobile application, templates have been created
that include typical cases of sensitive and resistant TB,
management of adverse drug effects, and differential
diagnosis situations. This strategy effectively adapts
general models to the specialized field of tuberculosis,
improving the accuracy of responses for physicians and
patients while maintaining the computational efficiency
necessary for a mobile application.
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To enhance the performance of the Retrieval-
Augmented Generation (RAG) system, an optimization
strategy based on three complementary components was
implemented: Caching of frequent queries, optimization
of vector repository indexing, and a hybrid edge-cloud
processing architecture. The caching mechanism reduces
repetitive queries and lowers response latency, while
optimized indexing facilitates the efficient retrieval of

the most relevant clinical information. Furthermore, the
hybrid architecture allows simple queries to be processed
locally on the device and more complex queries to be
offloaded to cloud services, balancing accuracy,
response time, and computational resource consumption
as illustrated in Figure 5, which summarizes the
optimization workflow implemented in the study.

Integration of the Virtual Assistant

The digital assistant will be implemented as a native
app that works on multiple platforms (Android/iOS),
created with Flutter, incorporating the Gemini 1.5 model
through the Google Al Studio API to ensure that it is
scalable and consumes few resources. The mobile
structure is illustrated in Fig. 4.

Al Layer on Device and Cloud

Hybrid inference: On-device; Use of Gemini Nano
(lightweight  version) for basic functions (e.g.,
medication reminders) without the need for a connection.
Cloud: Gemini 1.5 for complex queries (differential
diagnoses), with local cache to reduce latency. Mobile
fine-tuning; Model adaptation with local TB datasets
using TensorFlow Lite.

Offline-First Database

SQLite: Stores OMS/CDC guidelines and national
protocols that can be downloaded and updated via
differential patches every 15 days.

Statistical analyses were performed using R version
4.3.2. Differences between categorical outcomes with
and without Retrieval-Augmented Generation (RAG)
were assessed using Pearson's chi-square test or Fisher's
exact test when appropriate. Odds Ratios (ORs) and their
corresponding 95% confidence intervals (95% CI) were
estimated using logistic regression models. Mean
response latency was compared using Student's t-test.
Statistical significance was established at p < 0.05.

Results
Evaluation of the Effectiveness of the LLM

Comparative Evaluation: Implementation With
RAG Versus Without RAG

The comparative evaluation between models with
and without RAG implementation revealed substantial
differences in clinical performance and the reliability of
the responses generated (Table 2). In the configuration
without RAG, the models relied exclusively on the
knowledge internalized during their training, which
resulted in significant limitations in the handling of
updated information and tuberculosis-specific protocols.
A typical clinical precision of 82.3% was recorded
without RAG, while hallucination occurrences climbed
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to 8.7% in complicated cases of resistant tuberculosis. A
major issue was that the models could not integrate
clinical guidelines released in the past six months,
resulting in an accuracy drop to 68.9% for inquiries that
needed information on the latest updates in treatment
plans.

Differences between proportions were assessed using
the Chi-square test. Odds Ratios (ORs) with 95%
confidence intervals were calculated using logistic
regression. Statistical significance was established at

p<0.05.

Across all evaluated metrics, RAG consistently
outperformed the non-RAG configuration.
Improvements in  clinical accuracy, guideline

consistency, and temporal updating were statistically
significant (p<0.05), while hallucination rates decreased
significantly. These findings indicate that retrieval-based
grounding enhances both reliability and clinical safety
without compromising practical usability.

Statistical analysis showed that all performance
improvements associated with Retrieval-Augmented
Generation (RAG) were statistically significant. Clinical
accuracy increased from 82.22% (95% CI: 78.42—85.48)
to 94.00% (95% CI: 91.41-95.84) (p<0.001). Likewise,
the hallucination rate decreased significantly from 8.67%
(95% CI: 6.40-11.63) to 2.22% (95% CI: 1.21-4.04)
(p<0.001). Temporal updating improved from 68.67%
(95% CI: 60.86-75.55) to 93.33% (95% CI: 88.16—
96.34) (p<0.001), while accuracy in drug-resistant
tuberculosis increased from 76.67% (95% CI: 68.34—

74.22% (95% CI: 69.99-78.05) to 95.11% (95% CI:
92.71-96.75) (p<0.001). These findings demonstrate that
RAG significantly enhances the reliability and safety of
tuberculosis-related clinical responses while maintaining
acceptable response latency.

Model analysis showed that Gemini 1.5 Pro was the
best fit for the RAG system, achieving 96.4% clinical
accuracy in its augmented configuration. Open-source
models such as MEDITRON-70B showed improvements
mainly in accuracy, which rose from 81.2 to 89.5%.
Among the limitations identified were an increase in
response time, with an average of 2.8 seconds compared
to 1.3 seconds without RAG, as well as a significant
dependence on the quality of the knowledge bases.
However, the overall results indicate that the
implementation of RAG not only improves quantitative
performance metrics but also substantially increases end-
user confidence by providing traceability of
recommendations to reliable medical sources.

Comparative Evaluation of Models in the Field of
Tuberculosis

The evaluation of the five models using the corpus
revealed differentiated performance according to the
established clinical categories (Table 3). Med-PaLM 2
achieved the best overall accuracy (92.4%), excelling in
complex differential diagnoses. GPT-4 achieved 89.7%,
excelling in the treatment category (91.2%). Among the
open-source models, MEDITRON-70B was the most

83.33) to 91.67% (95% CI: 85.34-95.41) (p = 0.002). competitive  (86.3%), outperforming Me-LLaMA
Guideline consistency also improved significantly from (83.1%) and Clinical Camel (80.5%).
Table 2: Performance Comparison with and without RAG
Métrica Sin RAG (%) ConRAG (%) IC95% Sin RAG  IC95% Con RAG Valorp OR
Clinical accuracy 82.22 94.00 78.42-85.48 91.41-95.84 <0.001 3.39
Hallucination rate 8.67 222 6.40-11.63 1.21-4.04 <0.001 0.24
Temporal updating 68.67 93.33 60.86-75.55 88.16-96.34 <0.001 6.39
Accuracy in drug-resistant TB 76.67 91.67 68.34-83.33 85.34-95.41 0.002 3.35
Guideline consistency 74.22 95.11 69.99-78.05 92.71-96.75 <0.001 6.76
Mean latency (s) 1.30 2.80 1.278-1.321 2.760-2.840 <0.001 —
Table 3: Overall Performance by Category (%)

. Prevention/
Model Global Accuracy Clinical Category Category Treatment Public Health
Med-PalLM 2 92.4 94.1 93.2 87.9
GPT-4 89.7 88.5 91.2 86.3
MEDITRON-70B 86.3 85.2 88.7 82.1
Me-LLaMA 83.1 81.9 85.4 79.8
Clinical Camel 80.5 79.3 82.6 83.8
Table 4: Security and Applicability Metrics (%)
Model Rec?r?lrrlr%:rrl(()iz‘fions Critical Errors Pharmacology  Clinical Utility Feasﬂé:)l;[l);el;(ltmlted
Med-PalLM 2 1.2 2.1 91.4 72.3
GPT-4 2.3 2.8 88.7 69.8
MEDITRON-70B 3.7 4.2 82.5 65.4
Me-LLaMA 4.1 5.1 79.3 67.9
Clinical Camel 1.8 33 84.6 71.2
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The category analysis showed consistent patterns of
specialization. In the clinical setting, Med-PaLM 2 achieved
94.1% accuracy in differential diagnoses, demonstrating
superiority in interpreting atypical presentations. For
treatment, all models showed solid performance, led by
GPT-4 in the management of resistant tuberculosis. In
prevention and public health, Clinical Camel achieved the
best relative performance (83.8%), reflecting its focus on
practical aspects of implementation.

In contrast, open-source models such as MEDITRON-
70B and Me-LLaMA demonstrate significant potential for
scalable and reproducible medical AI applications.
Although their performance is slightly lower than that of
leading  commercial models, their adaptability,
transparency, and ability to be fine-tuned with domain-
specific or local data make them particularly suitable for
deployment in resource-constrained environments. These
characteristics are essential for ensuring equitable access
and contextual relevance in tuberculosis care.

Analysis of Errors and Limitations by Clinical
Category

In clinical diagnosis, frequent errors were observed in
atypical forms of tuberculosis, such as the differentiation
between miliary TB and lymphatic pathologies, with
error rates ranging from 8% (Med-PaLM 2) to 22% in
other models. The interpretation of nonspecific
radiological findings also posed a significant challenge.

In the area of treatment, the main limitations arose in
dosage adjustment for patients with hepatic or renal
comorbidities (maximum accuracy of 84.3%) and in the
identification of complex drug interactions. Open-source
models showed particularly notable variability.

For prevention and public health, all models showed
difficulties in the contextual adaptation of
recommendations, prioritizing strategies that are viable
in high-resource settings, with limited applicability in
contexts with health restrictions.

Safety and Clinical Applicability Assessment

The safety analysis revealed that Med-PaLM 2
generated the lowest percentage of potentially dangerous
recommendations (1.2%), followed by Clinical Camel
(1.8%) and GPT-4 (2.3%). While all models showed
caution in first-line regimens, suboptimal recommendation
rates increased to 5-8% in treatments for resistant
tuberculosis, especially in open-source models (Table 4).
The clinical applicability assessment indicated that Med-
PaLM 2 and GPT-4 responses were rated as "clinically
useful" in more than 88% of cases. However, a significant
gap was identified in the adaptation of recommendations to
resource-limited  settings, where practical feasibility
decreased to 67-72%.

Overall results indicate that, while specialized models
such as Med-PaLM 2 achieve high clinical accuracy,

challenges remain in contextual adaptation and handling
complex situations. Open-source models, particularly
MEDITRON-70B, emerge as viable alternatives for
resource-limited  settings, although they require
improvements in safety and clinical consistency.

User Interface Assistant

The main interface of the mobile application (Fig. 6)
integrates global tuberculosis statistics, medication
reminders, and personalized health alerts into a
centralized panel. A quick access menu allows users to
navigate key features such as "Identify Symptoms,"
"Treatment Monitoring," and an "Emergency Button." Its
design prioritizes clear visualization through informative
cards with intuitive icons and color schemes that
effectively communicate health status.

TB Information Center

Global Statistics

Quick Actions

A <

Detect Symptoms Follow-up

2 %

Community Emergency

Fig. 6: Main Screen - Integrated Dashboard

The bottom navigation bar provides direct access to
the main sections: Home, Information, Assistant (chat
with RAG), Resources, and Profile. This tool synthesizes
technical evidence on the effectiveness of the analyzed
LLMs into an integrated experience. The statistics
section uses predictive algorithms based on the most
accurate models, while "Identify Symptoms" applies
Med-PaLM 2's advanced clinical reasoning. The
Conversational Assistant incorporates the comparative
advantage of RAG systems, providing access to up-to-
date knowledge that has been shown to improve
response accuracy by 11.7% compared to configurations
without contextual retrieval.

Figure 7 displays the Information module that
provides reliable medical information about tuberculosis.
This content is divided into important areas: the
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definition and causes of the illness, main symptoms and
warning signs, ways the disease spreads, prevention
methods, available treatment options, and advice on
when to get medical help. It also features expert
resources for healthcare providers that include updated
procedures and clinical guidelines. The information is
shared in formats that suit various knowledge levels,
from patients to medical staff, ensuring all content is
scientifically accurate through validation by trusted
organizations like the WHO and relevant medical
associations.

This study demonstrates that the LLMs evaluated,
particularly Med-PaLM 2 and Clinical Camel, can
generate accurate and understandable content on
tuberculosis, bridging the gap between specialized
technical information and comprehension by diverse
users. The module empirically validates the ability of
these models to structure complex medical knowledge
into accessible formats, addressing the problem of
misinformation and facilitating health education based
on up-to-date scientific evidence. On the other hand, the
Assistant  module  implements an intelligent
conversational chat that integrates the Retrieval-
Augmented Generation (RAG) system evaluated in the
research. This interface (Fig. 8) allows users to make
queries in natural language about clinical aspects of
tuberculosis and receive contextualized responses with
up-to-date information from medical guidelines.

The main contribution is the practical implementation
of findings on the superiority of RAG systems in the
field of tuberculosis. Specifically, it implements the
architecture that was shown to improve clinical accuracy
from 82.3 to 94.0% and reduce hallucination rates from
8.7 to 2.3%. The interface demonstrates how real-time
contextual retrieval mitigates the temporal update
limitation identified in base LLMs, solving the problem
of knowledge obsolescence that showed an accuracy of
only 68.9% on questions about recent guidelines. The
module empirically validates that combining natural
language capabilities with access to specialized
knowledge bases produces more reliable and up-to-date
medical assistance.

Information about TB
for prof

©  What is tuberculosis?

8 Main symptoms

Transmission

& Treatment

‘When to seek immediate help

If you experience coughing up blood, extreme
difficulty breathing, persistent fever, or severe
weight loss. seek immediate medical attention.

For healthcare professionals

Access updated protocols. diagnostic and treatment
guidelines, and continuing education resources

Fig. 7: Information Module - Scientific Knowledge Base on
Tuberculosis

TB Assistant

What are the diagacses according to the WHO?
6:40

The diagnosis of tuberculosis includes

*Sp t (smear microscopy)

*Tu is test (TST)

* Interferon gamma release assay (IGRA)
* Computed tomography if necessary

Your doctor will determine which tests are
necessary in your cas

Accordingly, emergency situations
641

@ SEEK IMMEDIATE MEDICAL
ATTENTION if you have:

* Coughing up blood
* Extreme difficulty breathing
- fever

Fig. 8: Assistant Module - Conversational Chat

Table 5: Comparison of Methodological Approaches and Clinical Performance of the Present Study with Previous Large Language

Model Based Investigations

Study Clinical Domain LLM Dataset Evaluation Method RAG Clinical Main Contribution
Evaluated Accuracy
Miller et Neuroimaging ~ GPT-4 Brain imaging Expert assessment No  89.0% DemonsFrated hlgh dlggnostlc
al. (2024) cases support in neuroimaging.
Prabha et Clinical decision GPT-based Clinical Adaptive retrieval o RAG improved factl}ql
. . Yes 91.0% consistency and decision
al. (2025) support LLM scenarios evaluation
support.
Kwok et Infectious General- Infectious Comparative . o Showed the usgfulness of
. purpose . . Partial 85.0% LLMs for public health
al. (2024) diseases disease corpus evaluation -
LLM applications.
Present Gemini 1.5 150 expert- Clinical expert Highest clinical accuracy with
stud Tuberculosis +RAG ™ validated TB  consensus + Fleiss' k + Yes  96.4% reduced hallucinations and
Y questions statistical analysis improved guideline adherence.
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This system represents a proof-of-concept prototype
designed to demonstrate the practical integration of LLM
evaluation results. It has not undergone clinical
validation, user trials, or regulatory approval, and should
not be used for real-world medical decision-making.

Table 5 highlights the methodological and
performance differences between the present study and
previous investigations. While earlier studies primarily
evaluated general clinical reasoning or diagnostic
support, the present work focuses specifically on
tuberculosis using a clinically validated dataset, expert
consensus  evaluation, and Retrieval-Augmented
Generation (RAG). This combination resulted in the
highest reported clinical accuracy (96.4%) while
simultaneously reducing hallucination rates and
improving adherence to current clinical guidelines.
These findings suggest that domain-specific knowledge
integration and structured retrieval substantially enhance
the reliability of large language models for specialized
clinical applications.

Discussion

To enhance the interpretability and comparability of
the proposed evaluation metrics, this study aligns its
framework with prior research on large language models
in medical contexts. Specifically, accuracy, precision,
recall, and F1-score have been widely adopted in previous
evaluations of clinical LLM performance (Jin et al., 2024;
Prabha et al.,, 2025). Similarly, recent studies on
Retrieval-Augmented Generation (RAG) systems in
healthcare have incorporated factual consistency and
hallucination-related measures as key indicators of
reliability (Es et al., 2024; Prabha et al., 2025). In this
sense, the metrics used in this study are consistent with
emerging evaluation practices in medical Al, enabling
meaningful comparison with existing literature. In
addition, safety-oriented metrics such as hallucination
rate, dangerous recommendation rate, and clinical
conservatism index are introduced as extensions of
existing evaluation frameworks. While not yet fully
standardized in clinical benchmarking protocols, these
metrics are increasingly recognized as critical for
assessing the reliability of LLMs in high-risk domains
such as healthcare. Their inclusion responds to the need
to move beyond traditional accuracy metrics and
incorporate patient safety considerations, as highlighted
in recent literature on Al risk in medicine (Ji et al.,
2023).

Unlike previous studies that primarily assessed
general medical reasoning, the present investigation
incorporated a disease-specific evaluation framework,
expert-based validation, and RAG-supported knowledge
retrieval, enabling a more comprehensive assessment of
both clinical accuracy and patient safety.

Compared with previous investigations, the proposed
framework achieved superior clinical performance
through the integration of domain-specific Retrieval-
Augmented Generation. Unlike general-purpose medical
LLM evaluations, the present study employed a
tuberculosis-specific benchmark validated by clinical
experts, enabling more reliable assessment of clinically
relevant responses. The observed clinical accuracy
(96.4%) exceeded those reported by Miller et al. (2024);
Prabha et al. (2025); Kwok et al. (2024), suggesting that
disease-specific knowledge grounding substantially
improves response reliability and adherence to current
clinical guidelines.

The results of this study directly address the initial
objective of evaluating the performance of LLMs in the
interpretation of tuberculosis-related clinical concepts.
Specifically, the observed improvement in clinical
accuracy from 82.3 to 94.0% with RAG integration is
consistent with the findings of (Prabha et al., 2025), who
reported improvements of 78 to 91% in diagnostic
accuracy when integrating LLMs with structured
medical knowledge bases, and demonstrates that the
proposed methodology effectively enhances the
reliability of model outputs. Furthermore, the reduction
in hallucination rates confirms the importance of
grounding language models in validated medical
knowledge sources. These findings validate the study's
central hypothesis that domain-specific augmentation
significantly improves the applicability of LLMs in
clinical contexts. However, this study demonstrates an
additional advantage in the specific domain of
tuberculosis, particularly in the management of resistant
cases, where an accuracy of 91.8% was achieved compared
to the 85% recorded in the work of Kwok et al. (2024) for
complex infectious diseases. This difference suggests that
specialization by specific clinical domain significantly
enhances the capabilities of medical Al systems.
Nevertheless, it is important to acknowledge that these
metrics are not formally part of standardized clinical
validation protocols, such as those used in evidence-
based medicine or regulatory evaluation of clinical
decision support systems. Therefore, while they provide
a comprehensive and practical framework for
experimental evaluation, the results of this study should
be interpreted within a research context and not as a
substitute for formal clinical validation. Future work
should aim to align these evaluation approaches with
established clinical standards and prospective validation
methodologies.

The performance of Gemini 1.5 in our study (96.4%
accuracy with RAG) exceeds that reported in Miller et al.
(2024), where GPT-4 achieved 89% in comparable
scenarios. This divergence can be attributed to our
implementation of a more specialized RAG system and
fine-tuning specific to tuberculosis. On the other hand,
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the performance of MEDITRON-70B (89.5% accuracy)
corroborates the findings of Nowshad and Chowdhury
(2025) on the growing competitiveness of open-source
models, although our work identifies persistent
limitations in adapting to low-resource contexts that
were not sufficiently explored in previous studies.

Although commercial models such as GPT-4, Gemini
1.5, and Med-PaLM 2 provide state-of-the-art
performance, their closed-source nature introduces
important reproducibility challenges. These systems are
continuously updated by their developers without
complete disclosure of architectural modifications,
training procedures, or inference policies. Consequently,
identical experiments performed at different time points
may produce slightly different outputs. Future studies
should explicitly report model versions, evaluation dates,
API configurations, and prompt templates to facilitate
reproducibility and comparison across independent
investigations.

Future research should prioritize the development of
fully reproducible pipelines based on open-source
language models integrated with locally deployed RAG
systems. This approach would enable the incorporation
of national clinical guidelines, adaptation to local
epidemiological contexts, and reduced dependence on
external APIs. Additionally, combining open-source
LLMs with lightweight deployment strategies (e.g., edge
computing or On-device inference) could further
enhance accessibility and sustainability in low-resource
healthcare settings.

The balance between accuracy gains from RAG and
increased latency highlights the need for context-aware
system design, where response time requirements may
vary depending on clinical urgency and use case. To
mitigate latency challenges, several optimization
strategies can be considered. These include caching
frequently retrieved medical knowledge, optimizing
vector database indexing for faster retrieval, and
implementing hybrid architectures that combine On-
device (edge) inference for simple queries with cloud-
based processing for complex clinical reasoning. Such
approaches can help balance performance and
responsiveness, particularly in resource-constrained
environments.

Despite these promising results, critical interpretation
is required. While the improvements associated with
RAG are substantial, they depend heavily on the quality,
coverage, and updating of the underlying knowledge
base. Incomplete or outdated sources may still lead to
clinically inappropriate recommendations. Additionally,
the performance differences between models highlight
that accuracy alone is insufficient to determine clinical
utility, as factors such as safety, interpretability, and
contextual adaptation remain equally important.

Overall, this study not only provides empirical

evidence of the benefits of RAG in tuberculosis-related
tasks but also highlights the complexity of translating
these improvements into clinical practice, reinforcing the
need for multidisciplinary validation approaches.

Limitations

This study presents several limitations. First, the
dataset size (150 questions), although wvalidated by
experts, may limit generalizability. Future work will
expand the dataset to larger multi-institutional
benchmarks. Additionally, partial reliance on closed-
source commercial models may restrict reproducibility
and limit their implementation in resource-constrained
environments. Although these models provide valuable
performance benchmarks, future work should emphasize
open and transparent alternatives.

Another limitation of this study is the lack of direct
alignment with standardized clinical evaluation
protocols. Although the proposed metrics are grounded
in recent Al literature, further work is needed to integrate
them with established frameworks used in clinical trials
and regulatory assessments.

The results suggest that RAG systems have the
potential to improve reliability in domain-specific
medical applications; however, further validation is
required before clinical adoption.

Additionally, the evaluation relied on simulated
question-answer scenarios rather than prospective
clinical interactions with patients or healthcare
professionals. Consequently, real-world usability and
clinical impact remain to be established through
prospective validation studies.

An additional limitation is that model performance
was evaluated using standardized clinical questions
rather than prospective interactions with patients or
healthcare = professionals.  Consequently,  further
multicenter validation studies involving real clinical
workflows are necessary before implementation in
healthcare settings.

Ethical, Regulatory, and Clinical Considerations

The integration of LLMs into healthcare systems
raises critical ethical and regulatory challenges. These
include data privacy, the need for human oversight in
clinical decision-making, risks associated with incorrect
recommendations, and compliance with medical device
regulations. This study is limited to experimental
evaluation and does not involve real patient data.

Conclusion

This study demonstrates that the integration of
Retrieval-Augmented Generation (RAG) significantly
enhances the performance of large language models in
the interpretation of tuberculosis-related clinical
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concepts. Across all evaluated metrics, RAG improved
clinical accuracy, temporal updating, guideline
consistency, and performance in drug-resistant
tuberculosis while substantially reducing hallucination
rates. These findings indicate that retrieval-based
grounding increases the reliability and safety of domain-
specific medical responses without compromising
practical applicability.

Among the evaluated models, Gemini 1.5 integrated
with RAG achieved the highest overall clinical
performance, whereas open-source alternatives such as
MEDITRON-70B demonstrated competitive results and
represent promising solutions for deployment in
resource-constrained healthcare settings due to their
adaptability and reproducibility.

The proposed virtual assistant should be interpreted
as a proof-of-concept prototype derived from the
comparative evaluation of language models rather than
as a clinically validated decision-support system.
Consequently, its use in real-world healthcare
environments requires prospective clinical validation,
usability studies involving healthcare professionals and
patients, and compliance with applicable regulatory and
ethical standards.

Beyond tuberculosis, the proposed evaluation
framework provides a reproducible methodology for
assessing domain-specific large language models
integrated with Retrieval-Augmented Generation. This
framework may facilitate the future development of
trustworthy artificial intelligence systems capable of
supporting clinical education, evidence-based decision-
making, and patient information across other infectious
diseases and specialized medical domains.
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