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Abstract—The utility of general-purpose Large Language
Models (LLMs) in public health is frequently limited by a
lack of domain-specific investigative logic and an inability to
perform structured risk assessments. This paper introduces the
Epidemiological Language Model (ELM), a model that is fine-
tuned specifically for the logical workflows of outbreak surveil-
lance. We move beyond standard medical literature by targeting
the World Health Organization (WHO) Disease Outbreak News
(DONs) as our primary training corpus. By leveraging the
WHO’s OData API, we extracted 100 reports and developed
a Supervised Reasoning Fine-Tuning (SRFT) pipeline that maps
raw epidemiological observations to formal risk assessments and
public health response strategies. ELM serves as a specialized
reasoning core designed to process real-time surveillance signals
into actionable public health intelligence.

Index Terms—Large Language Models, Public Health Surveil-
lance, Parameter-Efficient Fine-Tuning (PEFT), LoRA, Compu-
tational Epidemiology, Epidemiological Language Model, Disease
Outbreak.

I. INTRODUCTION

The growth and spread of diseases have been a significant
challenge. Organizations like WHO and CDC update data
continuously, but the challenge to keep it structured and
generate insights and the ability to make decisions is extremely
difficult. A lot of disease text is available on WHO, CDC,
and NCBI in multiple formats like XML, JSON, Unicode,
BioC, and ASCII. Bulk downloads are available spanning
manuscripts up to 100s of GB. WHO publishes articles
and narratives called Disease Outbreak News (DONs). These
narratives include highly important information specifically
credible for epidemiology and surveillance. Every narrative
talks about the situation, the description of the situation, the
public health response, the risk assessment, and finally, advice.

The rise of Large Language Models (LLMs) in the past
years has opened many opportunities to extract text from unor-
ganized and unstructured data and keep it clean for use. LLMs
have proven to be very effective in gathering and summarizing
data. However, it is also prone to hallucination. DONs can play
an important role in advancing how epidemiological data and
text are perceived. There is a need to structure this data based
on content, topics, outbreak and factors that are closely related

to each other. Each DON has information about a disease, its
spread, action and response taken, and assessment and advice.
These articles and narratives are reasoning and logic and not
just facts about diseases and outbreaks. It resembles patterns
and spread rates.

Public Health Surveillance is a way to understand data,
analyze, and interpret at the right time. It guides us to
detect outbreaks and look for patterns. By tracking patterns,
the data tracked over time provides a real-time picture and
measures the groups with higher risk. Effective surveillance
are continuous, efficient, and practical to identify emerging
threats. There are many different surveillance methods used
depending on the health event. Passive surveillance, Active
surveillance, behavioral, sentinel and syndromic surveillance
systems are few methods. These methods form loops around
healthcare professionals, public health agencies, communities
to enable timely evidence based public health action. Active
surveillance involves deliberate, regular outreach to collect
complete data, including negative cases, and is used for rare
or high-impact diseases requiring immediate public health
action. Sentinel surveillance collects high-quality data from
selected reporting sites to monitor trends in common diseases
efficiently, though it may miss cases outside its network.
Syndromic surveillance, an increasingly important approach,
monitors symptom patterns from sources like emergency de-
partments and health helplines to provide early warning signals
of outbreaks before diagnoses are confirmed. Disease and
Health Surveillance will be used to measure disease burden,
monitor trends, risk factors, planning and implementation of
resources, control and preventive measures, and as well as
research [20]. Combining Generative AI with existing disease
surveillance systems would increase throughput of actions and
reduce time to action rate.

Current LLMs available on ChatGPT (GPT-4, GPT-5.x
series), Gemini Pro, and Claude (Opus) are generic and trained
on the entirety of the internet information available. These
LLMs are not specialized in epidemiology tasks. They do not
contain the latest information as the knowledge base they were
trained on. They would retrieve information via techniques like



RAG and web scraping and provide the information to the
user with the possibility of hallucination. In the high-stakes
environment of field epidemiology, a model must do more
than recall facts, it must evaluate diagnostic uncertainty, assess
regional transmission risks, and propose tactical interventions.
This is the “reasoning gap” in medical AI.

This paper introduces ELM (Epidemic Language Model), a
specialized LLM designed for the reasoning and the logical
workflow of outbreak investigation. The primary source of
information for this language model in this paper is only the
DONs from WHO. This DONs data is available on the OData
RESTful API. By using Supervised Reasoning Fine Tuning
(SRFT), ELM would learn investigative reasoning similar to
the DONs.

II. RELATED WORK

Traditional methods of disease outbreak and prediction
involved utilization of machine learning algorithms like time
series ARIMA, SARIMA forecasting models, XGBoost based
algorithms, and syndromic surveillance [2], [9], [11]. Although
very powerful, they lack the ability to generate text or rea-
soning of any type. The implementation does give insights
and predictions of possible outbreaks under investigation
(Quezada, Daniel et al. and Wattamwar, Aniket et al.) for
diseases like Lassa Fever [12] and monkeypox [13].

Consoli, Sergio, et al. [4] recently published a knowl-
edge graph called eKG on Epidemiological Data from the
DONs. Utilizing multiple LLMs and extracting information
and creating a structured graph, making it more accessible and
usable under the term derived as FAIR (Findable, Accessible,
Interoperable, and Reusable). The eKG makes trend analysis
and information retrieval extremely fast and relevant, but it
is a repository of facts presented in the DONs. ELM, on the
other hand, learns the logic underneath since it is fine-tuned
on the assessment, advice, and response blocks of the DONs.
eKG tells us what happened, ELM aims to learn why specific
risks were assigned and how responses were formulated.

Harrod, Karlyn K, et al. [6] showcases how textual data on
River Valley Fever (RVF) can semi-automate data extraction
and reduce human intervention and also perform geo tagging.
For the experiment, the Llama 3.1 with 8B and 70B instruction
tuned model was used. Results indicate LLM based extraction
and geo-tagging 225% more information which the human an-
notators previously missed. Geo tagging results were evaluated
by humans, and it proposed reasoning steps of the location and
the decision behind it. ELM on the other hand can provide
more reasoning to the steps towards the action to be taken by
training it on similar data.

Further, AI-based assistants are utilized in extracting in-
formation from observational data for causal inferences. Re-
viewing and recommendations based on documents provided
to AI assistants like ChatGPT is demonstrated by Louis
Anthony et al. as Causal Research Assistant [5] to improve
and help authors draw conclusions. An external script called
Causal AI Booster (CAB) is utilized and drives the LLM
responses. This method ensures that LLM does not wander

in a different direction within a long chat. With this approach,
the reasoning of a particular document and recommendation
can be generated. However, the primary tool and application
used is still ChatGPT with no access to the underlying LLM.
With the utilization of ELM, the notations are other aspects
that are already included in the weights of the models.

Information extraction in the form of network, graph, doc-
uments via LLM are emerging with few to many challenges.
There are multi agent systems developed to tackle these
problems where AI agents with respective LLMs divide the
tasks to gather the most relevant information. This solves the
problem of one LLM doing all the hard work. Liu, Qicai et al.,
[8] and Wattamwar, Aniket et al. [10] have developed multi
agent systems for outbreak monitoring, dengue spread viruses,
and self-evolving agents in multi-cancer. These systems ensure
near real time information to the user. EvoMDT (Liu, Qicai et
al.) [8] constructed is self-evolving in the sense that it updates
prompts, weights and output signals with decision quality
similar to human MDTs (Multidisciplinary tumor boards)
but with shorter responses. The integration of ELM in these
agents can make the reasoning very powerful with high impact
recommendations for epidemiologists in times of need.

III. METHODOLOGY

The core of ELM is based on the WHO Disease Outbreak
News (DONs). It utilizes the OData RESTful API from WHO.

A. Data Acquisiton and Processing

Unlike web scraping, which often fails to capture the
metadata-linked context, our pipeline targets the unique iden-
tifiers of each latest Outbreak News item. While a training
corpus of 100 samples is relatively small for traditional fine-
tuning, our approach leverages the zero-shot baseline intel-
ligence of Llama 3.1 8B. Because the foundational model
already possesses broad biomedical context, our goal was not
to instill new medical facts, but to enforce strict structural
alignment and professional persona adoption. High-signal,
expert-curated datasets (such as official WHO DONs) have
been shown to be highly effective in Parameter-Efficient Fine-
Tuning (PEFT) regimes, prioritizing data quality and logical
consistency over sheer volume.

Below is the format for each DON from the API.

{
"title": "",
"date": "",
"epi_facts": "",
"risk_assessment": "",
"response_strategy": "",
"advice": ""

}

To make this an investigative and reasoning model, the
content blocks are later structured into JSONL format for
training instructions, input, and output. The epidemiology
block acts as the input, while assessment and response are
the outputs merged in a single Gold Reasoning Chain, i.e.,
the target output. It is important to note that the API adds



the HTML tag, so the parser is also incorporated in cleaning
the text. So, semantic stripping is performed, removing all the
non-informational headers from the text, so the model learns
more of the actual content.

The approach to creating this ELM is to make a shift from
knowledge to logic. Current LLMs are trained on a large
corpus of data, so there are high chances it would be trained
on the papers and data available on PubMed as well. However,
newer models are still generic. But the ELM model focuses
on outbreak investigation.

100 files are created from the DONs API for training, and
15 are kept for the validation dataset. The format of the final
JSONL format is as follows:

{
"messages": [

{
"role": "system",
"content": "You are ELM (Epidemic Language

Model), a senior epidemiologist advisor.
Your goal is to analyze raw surveillance
reports, identify logical gaps, and
produce structured WHO-standard risk
assessments. You must always think through
transmission dynamics, data reliability,
and regional context before forming a
conclusion."

},
{

"role": "user",
"content": "Analyze the following surveillance

report for [Disease Name] in [Location].\
nTitle: [Title]\n\nEpidemiological Facts:
[Epidemiological facts content]\n\nRisk
Assessment: [Risk assessment content]\n\
nResponse Strategy: [Response strategy
content]\n\nAdvice for Countries: [Advice
for countries content]"

},
{

"role": "assistant",
"content": "<investigative_logic>\n1. DETECT:

[Detection analysis]\n2. EVALUATE: [
Evaluation analysis]\n3. CONTEXTUALIZE: [
Contextualization analysis]\n4. SYNTHESIZE
: [Synthesis analysis]</
investigative_logic>\n\nRISK ASSESSMENT [
Risk assessment summary]\n\nPUBLIC HEALTH
RESPONSE Immediate Actions: [List of
immediate actions]\n\nStrategic Priorities
: [List of strategic priorities]"

}
]

}

B. Supervised Fine-Tuning with Reasoning

We utilized Supervised Fine-Tuning (SFT) [17] over Re-
inforcement Learning (RL) [18], [19] techniques because
epidemiological risk assessment involves complex, narrative-
driven expertise where ’reward functions’ are difficult to
quantify. SFT allowed us to directly inject the ’expert logic’ of
WHO officials into the model’s latent space. The foundational

model used for ELM is Llama 3.1 Instruct provided by
Meta. This model is a multilingual instruction-tuned generative
model and is available in 8B, 70B, and 405B parameters.
For this paper, we have utilized the 8B model. Llama 3.1
has a context length of 128k and uses Group-Query Attention
for inference stability. The fine-tuning of this model with the
training samples created above is performed on Google Cloud
Platform (GCP) Vertex AI. Vertex AI is Google’s AI platform
that allows users to accelerate generative AI applications and
use cases.

Fig. 1. Model tuning details on GCP Vertex AI

The adaptor config.json file has details about the hyperpa-
rameters used to fine-tune the model.

Fig. 2. GCS bucket with weights of the fine-tuned model

C. LoRA and PEFT

Parameter Efficient Fine-Tuning (PEFT) [14], [15] [?] al-
lows adaptation of large model training parameters but only
a fraction of it, keeping the base model frozen. LoRA is the
method that uses PEFT, where the low-rank linear layers are
trained instead of the entire training parameters. This approach



is utilized when memory and compute are limited. Training
all the weights of a model is an expensive computation and
memory-heavy task with access to GPUs. The adaptors we get
after fine tuning the model can be used with the base model to
see the inference. Numerous weights from fine tuning can be
used before we merge the new weights with the base model.

TABLE I
LORA HYPERPARAMETERS FOR ELM

Parameter Value Description
Rank (r) 16 The value of 16 keeps the mem-

ory low enough to run on T4
GPUs but is sufficient for cap-
turing reasoning capabilities.

Alpha (α) 32 This is the scaling factor that
overrides the knowledge of base
models without completely de-
stroying language fluency. This
forces the model to prioritize
your “Epidemiologist” persona.

Target Modules All Linear Layers Controls where learning hap-
pens. q proj, k proj, v proj,
o proj are the attention layers;
gate proj, up proj, down proj
are MLP layers.

Dropout 0.05 Regularizing by disabling ran-
dom 5% of adapter neurons so
the model doesn’t memorize but
learns to reason.

D. LoRA vs QLoRA

Quantization in LoRA [14] is represented as QLoRA [15].
Standard LoRA utilizes the entire model to be loaded for
inference although it reduces the trainable parameters. But the
Llama 3.1 8B model requires 15-16 GB VRAM where all
the weights are loaded in 16-bit precision to perform matrix
multiplication during forward pass.

Quantization is a method to reduce the 16-bit precision FP16
(Floating Point-16) to 8-bit or 4-bit precision. Fine Tuning
can also be performed with 4-bit quantization. This method
reduces memory but keeps the logical information same even
after reduction. The overall reduction is from 16GB to 5.5
GB. This approach allows us to utilize the remaining RAM
for inference or even fine tuning more layers or trainable
parameters like rank = 32 or more without Out-of-memory
(OOM) errors.

IV. EVALUATION AND RESULTS

To assess the epidemiological reasoning capabilities of the
fine-tuned ELM-Llama-3 model, we subjected the model to
a series of “adversarial” synthetic scenarios. These scenarios
were designed to test two specific cognitive competencies
required in public health:

Distinction between Treatment and Aetiology: The ability to
differentiate between patient care gaps and diagnostic barriers.

Abductive Reasoning: The ability to infer unstated risks
(e.g., cold chain failure) from environmental clues.

One Health Synthesis: The ability to link animal health
events with human clinical presentations.

All inference was conducted using 4-bit quantization on
NVIDIA T4 GPUs to demonstrate the viability of deployment
in resource-constrained environments. The objective of ELM is
not to replace the causal reasoning of an epidemiologist, but to
align the LLM’s latent knowledge with the standardized work-
flows and heuristic pathways utilized in WHO DON assess-
ments. Our baseline comparison is designed to test heuristic
alignment rather than retrieval accuracy. Future benchmarks
will incorporate domain-adapted biomedical language models
to further contextualize gains.

A. Simulated Scenario 1

Query = “Provide a risk assessment. Identify the single
greatest barrier to establishing the outbreak’s aetiology.”

The query used is a classic trap to identify if the model
is able to reason based on the scenario compared to a base
model of intelligence.

Aetiology = Finding the cause (the specific bacteria/virus).
Antibiotics = Treating the patient.

Fig. 3. Input scenario given to model by epidemiologist

Base Model Inference: From Figure 4, it can be seen that
the model grouped the antibiotics and diagnostics LP kits
together into generic responses of ‘lack of medical supplies’.
This is technically incorrect. It got distracted with the scenario
described about deaths and no medicine with urgency and
concluded the main problem is the lack of medicine. The
generic model prioritized logic of saving lives over epidemio-
logical logic of finding the cause. The model also used generic
notation of “step 1”, “step 2” and so on, indicating it being a
general AI assistant.

Fig. 4. Base Model inference output

ELM inference: Figure 5 shows the response from the fine
tuned model. The model was able to correctly ignore the
antibiotics. It understood that antibiotics are irrelevant to the
specific query asked about “establishing aetiology”. It focused
on the LP kits, which are the only tools listed that would
help find the cause. It prioritized the epidemiological logic and
filtered the emotional/treatment “noise” to answer the specific
scientific query asked. The figure shows the “THOUGHT”
tag as the structured output format taught while fine tuning. It
adopted the persona of a Senior Epidemiologist, not a general
AI assistant. It can also be seen the THOUGHT is repeated



again in the answer, which can be controlled in further fine
-tuning iterations.

Fig. 5. ELM inference output for scenario 1

This confirms that the fine-tuning process successfully em-
bedded domain-specific causal logic that is absent in the base
model.

B. Simulated Scenario 2

Query = “Identify the single greatest barrier to laboratory
confirmation.”

In the “Lao PDR Measles” scenario, we evaluated the
models’ ability to infer implicit risks (cold chain failure) from
raw environmental data. While both the base Llama-3 model
and the fine-tuned ELM model correctly identified the +25°C
temperature log as the critical barrier to sample viability, their
delivery mechanisms differed significantly.

Fig. 6. Input scenario text given by epidemiologist

Base Model Inference: The base model exhibited “In-
structional Alignment,” treating the query as an educational
exercise. It explicitly labeled its own cognitive process (“Rea-
soning Skill: Identifying Pros and Cons”) and concluded with
a meta-commentary evaluating its own performance (“This
response demonstrates the ability to...”). This meta-layer is
counterproductive in a real-time decision support system, as it
adds cognitive load without adding operational value.

Fig. 7. Base Model inference output

ELM Inference: In contrast, the fine-tuned ELM model
exhibited “operational alignment.” It not only identified the

cold chain failure but also spontaneously extended the reason-
ing chain to relevant downstream actions, such as identifying
“Vaccination Status” as the priority data point and suggesting
immediate logistical workarounds. Although unprompted, this
“chain-of-thought extension” mimics the workflow of a human
epidemiologist who naturally anticipates the next phase of
an outbreak of investigation. This suggests that the fine-
tuning process successfully shifted the model’s alignment
from a passive “Question-Answering Machine” to a proactive
“Investigative Partner.”

Fig. 8. ELM inference output for scenario 2

V. CONCLUSION

In conclusion, this work demonstrates that the capability
of general purpose LLMs and domain specific experts can be
bridged by structural alignment of data with models like Llama
3.1 8B. We have engineered ELM that can guide a senior
epidemiologist with reasoning in situations of outbreaks. The
model infers on available hardware shifting the paradigm from
high cost centralized data centers to decentralized tools and
accessible to consumers on the front lines. While future work
must address the limitations of the model, ELM stands as
a Proof-of-Concept that logic driven, reasoning based AI is
viable and accessible.

VI. LIMITATIONS

While ELM provides a viable proof-of-concept for domain-
specific structural alignment, several limitations remain. First,
our evaluation is currently qualitative, relying on synthetic ad-
versarial scenarios to demonstrate heuristic shifts. Future work
must establish rigorous quantitative benchmarks and structured
expert evaluations to statistically validate these performance
gains against other biomedical LLMs. Second, the reliance
on a highly curated but small dataset (N=100) may limit the
model’s generalizability across a broader spectrum of atypical
outbreak contexts. As shown, only a few parameters are
trained. Training all the weights of the model is an approach to
be explored. Training all the weights is a high computation in
terms of cost and hardware availability. Subsequent iterations
of ELM will explore preference optimization (e.g., GRPO)
to enforce stricter factual grounding and expand the training
corpus to enhance robustness [19].



TABLE II
ABLATION STUDY: BASE LLAMA VS. ELM (SCENARIO 1)

Feature Base Llama ELM Analysis
Response to Distrac-
tor

Failed. Conflicted “Treatment Shortage”
(Antibiotics) with “Diagnostic Short-
age.”

Correctly filtered out Antibiotics as irrel-
evant to “Aetiology.”

The Base model confuses “Urgency”
with “Relevance.” ELM maintains a
domain-specific focus.

Granularity Low. Used generic label “Medical Sup-
plies.”

Identified specific mechanisms for
“Lumbar Puncture (LP) kits.”

ELM demonstrates “One-Shot” expert
retrieval; Base model relies on general-
ization.

Reasoning Style Generalist. Used “Step-by-step” generic
reasoning.

Used “Risk Assessment” and “Transmis-
sion Dynamics” frameworks.

Fine-tuning successfully overwrote the
default “Assistant” persona with the
“Epidemiologist” persona.

TABLE III
ABLATION STUDY: BASE LLAMA VS ELM (SCENARIO 2)

Feature Base Llama ELM Analysis
Logical Inference Correctly linked “inverter failure” +

“+25◦C” to “Cold Chain Failure.”
Correctly linked “inverter failure” +
“+25◦C” to “Cold Chain Failure.”

Both models successfully performed ab-
ductive reasoning to identify the implicit
barrier.

Persona Hallucinated a meta-evaluation layer
(e.g., “This response demonstrates...”),
breaking the expert persona.

Maintained the “Senior Epidemiologist”
persona throughout, using domain tags
(e.g., THOUGHT, Priority Data Point).

The Base model defaulted to an “Edu-
cational/Tutor” alignment, whereas ELM
simulated a professional colleague.

Operational Utility Provided the answer and then explained
why it was a good answer.

Provided the answer and immediately
generated proactive follow-ups (e.g.,
Verify Vaccine Coverage Rates).

ELM demonstrated “Anticipatory Intelli-
gence,” predicting the next logical phase
of the investigation without prompting.
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