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Abstract
We introduce PandemIQ Llama, a domain-adapted large lan-
guage model (LLM) designed specifically for pandemic in-
telligence applications. Building on the pre-trained Llama-
3.1-8B model, we conducted continuous training using our
curated Pandemic Corpus. This dataset was assembled from
authoritative public health sources, scientific literature, and
specialized knowledge repositories, comprising 508,924 doc-
uments totaling 5.8 billion tokens, which is the largest
pandemic-domain-specific data cohort for LLM training.
Benefiting from our curated large data cohort and through
continuous training leveraging extensive computational re-
sources, the developed PandemIQ Llama model can extract
critical domain knowledge on pandemics, which is typi-
cally underrepresented in general-purpose language mod-
els. To evaluate its performance, we conducted a compre-
hensive comparison of PandemIQ Llama with both prompt-
engineered and task-specific fine-tuned models using two
tasks: the Biomedical Alert News Question Answering task
(1,508 reports with 30 expert-generated questions each) and
the Disease Event Type Classification benchmark (4,500
news snippets across eight disease categories). PandemIQ
Llama demonstrated substantial improvements over strong
baseline models, achieving performance gains ranging from
3.8% to 10.97%. These results suggest that PandemIQ Llama
could significantly enhance public health surveillance and
analysis capabilities. In addition, our results also suggest that
LLMs can perform better with continuous training than fine-
tuning on domain-specific tasks. Social Impact: Our plat-
form, powered by our model, has been launched and now
serves over 100 government and multilateral public health
organizations and users across 154 countries. Reports pub-
lished on our platform are being integrated into the Epidemic
Intelligence from Open Sources system run by the World
Health Organization. This integration will provide public
health decision-makers with a powerful LLM-based tool for
pandemic surveillance.

Code — https://github.com/noc-lab/PandemIQ-Llama
Model — Paschalidis-NOC-Lab/PandemIQ-Llama

Introduction
The COVID-19 pandemic revealed critical vulnerabilities in
global infectious disease surveillance systems, highlighting
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the urgent need for enhanced early-warning mechanisms and
rapid response capabilities. Recent advances in early warn-
ing (MacIntyre et al. 2023) and detection systems (Mol-
lalo et al. 2019; Sundermann et al. 2022), outbreak predic-
tion (Ramchandani, Fan, and Mostafavi 2020; Kim and Ahn
2021), forecasting (Reich et al. 2019; Shastri et al. 2020),
and intervention planning (Bastani et al. 2021; Zhang, Guo,
and Lv 2024) demonstrate the significant potential of AI-
driven surveillance approaches. However, the capacity to
identify emerging biological threats remains limited by in-
adequate monitoring frameworks, diminished prioritization
during inter-outbreak periods, and the increasingly complex
landscape of novel and resurgent pathogens (Parums 2023;
Brownstein et al. 2023). Web-based surveillance platforms
have become essential components of global health security
infrastructure, yet these systems face substantial challenges
in processing the continuous influx of multilingual, unstruc-
tured data streams encompassing clinical reports, public
health bulletins, news feeds, and social media content in real
time. This expanding disparity between information genera-
tion rates and analytical processing capacity creates a com-
pelling need for detection systems capable of extracting, in-
terpreting, and contextualizing diverse epidemiological sig-
nals with enhanced accuracy and efficiency.

Natural Language Processing (NLP) has emerged as a
fundamental component of pandemic surveillance systems,
evolving from specialized BERT-based architectures to con-
temporary large language models. Foundation models such
as LLMs demonstrate particular value through their capac-
ity to identify complex patterns within extensive textual
datasets. The inherent adaptability of these pre-trained sys-
tems across diverse domains and applications renders them
exceptionally suitable for health monitoring implementa-
tions (Singhal et al. 2023; Xie et al. 2024; Chen et al.
2024). Domain-specific adaptations have yielded substantial
advances in biomedical text analysis. BioBERT (Lee et al.
2020) and ClinicalBERT (Alsentzer et al. 2019) enhanced
medical text mining through targeted pretraining on biomed-
ical corpora, while COVID-Twitter-BERT (Müller, Salathé,
and Kummervold 2023) established the efficacy of social
media-adapted models for pandemic intelligence. These
BERT-based architectures have markedly improved syn-
dromic signal extraction from social media and traditional
sources, resulting in enhanced forecasting accuracy and re-
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Figure 1: PandemIQ Llama framework. We compared our PandemIQ Llama with three approaches: (1) prompt engineering;
(2) task-specific fine-tuning; and (3) fine-tuning of our domain-adapted PandemIQ Llama. Task 1: Biomedical Alert News and
Disease (BAND) (1, 508 alert reports, 30 expert-curated questions covering disease, pathogen, host, location, case counts, etc.)
and Task 2: Disease Event Classification (4, 500 news snippets, eight categories: reporting, impact, measure, violation, research,
communication, support, miscellaneous).

duced response latencies (Brownstein et al. 2023; MacIntyre
et al. 2023). Contemporary surveillance platforms includ-
ing BlueDot (BlueDot Inc. 2025) and EPIWATCH employ
BERT-based models as foundational prediction engines,
demonstrating the practical utility of domain-adapted lan-
guage models in operational biosurveillance systems (EPI-
WATCH 2025). Nevertheless, these architectures exhibit in-
herent constraints, including fixed 512-token context limi-
tations and restricted cross-domain reasoning capabilities,
thereby necessitating the development of more sophisticated
LLMs for pandemic biosurveillance.

General-purpose LLMs often struggle with domain-
specific terminology, lack the deep knowledge required for
specialized reasoning, are prone to factual errors, and fail
to align with professional standards or regulations (Parums
2023; Brownstein et al. 2023). In the domain of pandemic
biosurveillance, the general purpose LLMs demonstrated
limited understanding of epidemiological concepts, out-
break dynamics, and biosurveillance terminology. In addi-
tion, LLMs trained on general medical literature lack spe-
cialized expertise for comprehensive pandemic monitoring
tasks, particularly in recognizing pathogen-emergence pat-
terns, interpreting complex spatiotemporal outbreak data,
and integrating diverse epidemiological signals within ap-
propriate public health frameworks.

To address this gap, we developed PandemIQ Llama, a
domain-adapted foundation model for biosurveillance ap-

plications, made possible by training on our large cohort
of domain specific data and extensive computational infras-
tructure. To the best of our knowledge, PandemIQ Llama is
the first LLM adapted for pandemic intelligence with vali-
dated performance against different benchmark frameworks
and pandemic related downstream tasks. The overall de-
sign of this framework is illustrated in Fig. 1. We perform
continuous pre-training on Llama-3.1-8B with our curated
Pandemic Corpus, a collection of 5.7 billion tokens from
biosurveillance sources, enabling the model to acquire spe-
cialized epidemiological knowledge while maintaining gen-
eral language capabilities. We evaluate PandemIQ Llama
against two paradigms of approaches: (1) prompt engineer-
ing of general-purpose LLMs without domain adaptation
(e.g., (Yang et al. 2024)), and (2) task-specific supervised
fine-tuning of general LLMs without domain adaptation in
pre-training, and across two challenging tasks: (1) Biomed-
ical Alert News Question Answering (1, 508 reports × 30
expert-curated questions) and (2) Disease Event Type Clas-
sification (4, 500 news snippets across 8 categories).

Our work offers four key contributions: (1) Data: we cu-
rated the largest pandemic cohort supervised from 14 do-
main experts from Center from Disease Control and Pre-
vention (CDC), WHO, and academic leaders to cover inten-
sive and extensive domain questions; (2) PandemIQ Llama
model: the first pandemic specific pre-trained LLM is de-
veloped to empower a large community of decision mak-



ers and stakeholders with AI tools for informed decision
making; (3) Social impact: both our data and model will be
made available to benefit researchers and policy makers of
the pandemic field. In addition, this model will be integrated
to EIOS from WHO for broader global impact; (4) Estab-
lishing validation for pandemic biosurveillance: a rigorous
and extensive benchmarking framework for assessing LLM
capabilities in biosurveillance, comparing prompt-based and
fine-tuning approaches across multiple models to systemati-
cally quantify performance is established.

Method
Pandemic Corpus
Effective domain adaptation needs high-quality training
data. We collected data from public domain and developed
the Pandemic Corpus, which is a collection of 508, 924 doc-
uments comprising 5.7 billion tokens focused on 16 high-
priority pathogens given their pandemic potential and public
health significance. Corpus collection was guided by a panel
of 14 infectious disease experts. There are seven authorita-
tive sources identified by domain experts:

• Public health authorities, including WHO, CDC, Euro-
pean Centre for Disease Prevention and Control (ECDC)
and Africa CDC, provide authoritative surveillance reports,
case definitions, response protocols, clinical guidelines,
and real-time situation reports during active outbreaks.

• Scientific literature repositories (PubMed Central (PMC)
and National Library of Medicine (NLM)) contribute peer-
reviewed research with epidemiological models, clinical
characterizations, transmission analyses, and technical ter-
minology.

• Wikipedia offers disease outbreak overviews, historical
context, and explanations that connect specialized termi-
nology with general understanding.

For each source, we developed tailored scraping and pre-
processing pipelines adapted to the documents encountered.
This ensured the preservation of critical epidemiological
content while removing extraneous elements. The resulting
corpus includes documents in 31 languages, with represen-
tation from regions where outbreaks frequently occur. This
multilingual coverage helps capture early warning signals,
as local reporting often appears before international cov-
erage. The corpus also covers a balanced range of priority
pathogens, including both common threats and more rare
diseases. Documents span historical to recent reports (cut-
off: 04/15/2024), providing up-to-date knowledge.

Source Number of Docs Number of Tokens (M)
PMC 469,701 5316
NLM 3,865 153
CDC 5,962 135
WHO 4,383 79
ECDC 2,321 43
Wikipedia 22,028 12
Africa CDC 664 1.5

Table 1: Composition of the Pandemic Corpus.

PandemIQ Llama
To develop a model with both general language capabilities
and specialized epidemiological knowledge, we adopted a
continuous pre-training approach. This method allows for
domain adaptation of an existing foundation model while
preserving its general language capabilities. Leveraging our
Pandemic Corpus, we performed continuous pre-training on
the Llama-3.1-8B model (Touvron et al. 2023) to train Pan-
demIQ Llama. Specifically, our implementation leveraged
a high-performance computing cluster with five nodes con-
taining 40 NVIDIA A100 (80GB) GPUs. We conducted
our pre-training utilizing the HuggingFace Transformers
and Accelerate libraries with Fully Sharded Data Parallel
(FSDP) in mixed precision training (Zhao et al. 2023). The
model underwent 3 epochs of training on the Pandemic Cor-
pus with a global batch size of 240 (6 samples per device),
using the AdamW optimizer with a learning rate of 2×10−5

and cosine decay schedule with 3% warmup ratio. The en-
tire continuous pre-training process required approximately
1, 920 GPU hours.

Validation Benchmarks
After developing PandemIQ Llama, we evaluate its utility
using two complementary tasks: (1) Question answering to
test the model’s ability to extract epidemiological informa-
tion (pathogen identification, case counts, affected popula-
tions, and spatiotemporal outbreak details) and perform in-
ferential reasoning about outbreak patterns. (2) Multi-label
classification to assesses the model’s capacity to categorize
outbreak reports, with the challenge that reports may belong
to multiple categories. This requires nuanced understanding
of epidemiological concepts and their contextual relation-
ships.

Biomedical Alert Question Answering. The Biomedi-
cal Alert News and Disease (BAND) dataset (Fu et al.
2024) comprises 1, 508 expert-vetted outbreak reports,
each paired with 30 carefully designed questions, yielding
45, 240 question-answer pairs. These questions target crit-
ical epidemiological information including pathogen, dis-
ease, symptoms, host types, geographical spread, case num-
bers, and affected populations. We categorize questions
along two dimensions: (1) Answer format: seven open-
ended questions require free-text extraction of entities, as-
sessing the model’s ability to identify key information de-
spite linguistic variations. The remaining 23 closed-ended
questions restrict responses to predefined options (e.g.,
“Yes/No/Cannot Infer”), testing precise information extrac-
tion and inference. (2) Geographical specificity: three ques-
tions require standardized location codes for the outbreak’s
country, state, and city. These geocode questions test the
model’s ability to normalize location mentions to standard-
ized codes-a capability requiring both information extrac-
tion and external geographical knowledge. The remaining
27 non-geocode questions focus on other epidemiological
aspects.

Multi-label Disease Event Classification. The second
evaluation task involves multi-label classification of news



Source Model Accuracy by Question Type
Overall ↑ Open ↑ Closed ↑ Geocode ↑ Non-geocode ↑

Default Template (Prompt Engineering)
Meta 3.3-70B-Instruct 49.41 65.05 44.65 12.45 53.52

3.1-70B-Instruct 49.54 67.08 44.21 10.30 53.90
3.1-8B-Instruct 47.71 63.03 43.05 5.15 52.44
3.2-3B-Instruct 57.58 64.87 55.36 5.15 63.41
3.2-1B-Instruct 44.65 56.53 41.03 0.14 49.59

DeepSeek R1-Distill-70B 48.31 70.26 41.63 8.15 52.77
R1-Distill-8B 48.91 69.53 42.64 11.59 53.06

API OpenAI GPT-4o 64.61 70.39 62.85 47.21 66.54
DeepSeek Reasoner 56.32 67.93 52.79 24.32 59.88

Customized Template (Prompt Engineering)
Meta 3.3-70B-Instruct 67.51 73.51 65.68 18.31 72.98

3.1-70B-Instruct 68.94 71.06 68.30 18.60 74.54
3.1-8B-Instruct 59.79 63.95 58.52 7.01 65.65
3.2-3B-Instruct 58.56 66.89 56.02 6.72 64.31
3.2-1B-Instruct 45.84 56.41 42.62 0.57 50.87

DeepSeek R1-Distill-70B 66.87 68.24 66.45 16.60 72.45
R1-Distill-8B 50.36 62.29 46.73 2.15 55.71

API OpenAI GPT-4o 79.21 84.30 77.66 54.94 81.91
DeepSeek Reasoner 76.81 84.43 74.49 38.77 81.04

Fine-Tuning
Baseline BLOOM 75.10 – – – –
Meta 3.1-8B-Instruct 77.38 80.66 76.39 49.71 80.46
Ours PandemIQ Llama 86.07 88.47 85.33 56.08 89.40

Table 2: Performance comparison on the BAND task across prompt engineering and fine-tuning approaches. Higher values (↑)
indicating better performance. Models grouped by: (1) Prompt engineering, zero-shot using either default or custom templates
without training; (2) Fine-tuning. Key comparison: w/ Domain Adaptation (PandemIQ Llama: continuous pre-training + fine-
tuning) vs. w/o Domain Adaptation (Llama-3.1-8B-Instruct: fine-tuning only). Baseline from Fu et al. (2024).

snippets according to a detailed infectious disease event tax-
onomy (Piskorski et al. 2023). This dataset consists of 4, 500
news snippets, with each snippet assigned one or more la-
bels from eight epidemiological categories: outbreak report-
ing, impact assessment, public health measures, violation,
research & development, communication, support, and mis-
cellaneous. This classification task directly tests whether
PandemIQ Llama has acquired the epidemiological knowl-
edge needed to distinguish between related event types while
recognizing their potential co-occurrence.

Prompt Engineering Model Selection. We con-
ducted evaluations across model architectures, parameter
scales, and development generations: Llama family
(1B/3B/8B/70B) spanning versions 3.1-3.3, open-source
DeepSeek models, and commercial models (OpenAI
GPT-4o and DeepSeek Reasoner) accessed via API.

Prompting Templates. We compared two distinct prompt
templates for each task. Default prompts present ques-
tions exactly as formulated in the original benchmarks.
Customized prompts incorporate epidemiological context
and structured reasoning guidance. For BAND, we tailored
prompts to each question type, supporting both precise entity
extraction and contextual reasoning. For event classification,

we enriched prompts with detailed category descriptions ac-
cording to the annotation guidelines.

Fine-tuning. Building upon our prompt engineering, we
implemented task-specific fine-tuning to compare two adap-
tation paradigms: (1) fine-tuning our domain-adapted Pan-
demIQ Llama, which underwent continuous pre-training on
the Pandemic Corpus, and (2) conventional fine-tuning of
Llama-3.1-8B-Instruct without domain adaptation. We fine-
tuned each model separately on both downstream tasks us-
ing parameter-efficient techniques. We employed Low-Rank
Adaptation (LoRA) (Hu et al. 2022), which injects trainable
low-rank decomposition matrices into frozen pre-trained
weights. To assess adaptation capacity effects, we varied
rank parameters across r ∈ {8, 16, 32, 64, 128, 256}, with
scaling parameter α = 2r. Our implementation extended
beyond standard approaches by applying adaptation to both
attention components (query, key, value, output projections)
and feed-forward networks (down proj and up proj), allow-
ing for more parameter updates throughout the network
while maintaining computational efficiency.

Training Details. We used hyperparameter configurations
optimized for each benchmark. For BAND, we used a learn-
ing rate of 5×10−5, 7 training epochs, and gradient accumu-



lation of 4 steps with a per-device batch size of 4. For Event,
we employed a lower learning rate of 2× 10−5 with 3 train-
ing epochs and no gradient accumulation. Both configura-
tions utilized cosine learning rate decay with 3% warmup ra-
tio and zero weight decay. All fine-tuning experiments were
conducted using PEFT library with the SFT Trainer on a
single node with 8 A100 (80GB) GPUs. For all rank varia-
tions in our ablation study, we maintained these task-specific
configurations constant, modifying only the LoRA rank pa-
rameter and its corresponding scaling factor.

Results
We compared our approach with different baseline meth-
ods, including prompt engineering evaluations across Llama
variants, DeepSeek variants, and commercial APIs, as well
as fine-tuning outcomes for PandemIQ Llama and Llama-
3.1-8B-Instruct on question answering and event classifica-
tion tasks.

BAND Question Answering Task
On the BAND QA benchmark, we report overall accuracy
across all 30 questions and specific accuracy for question
subcategories (open-ended vs. closed-ended; geocoded vs.
non-geocoded). As shown in Table 2 and Figure 2, Pan-
demIQ Llama demonstrates consistent superiority across all
evaluation dimensions when compared to alternative ap-
proaches: prompt engineering with GPT-4o (our best zero-
shot result), fine-tuning without domain adaptation (Llama-
3.1-8B-Instruct), and the published BLOOM benchmark.
PandemIQ Llama achieves 86.07% overall accuracy, outper-
forming GPT-4o by 6.86%, BLOOM by 10.97%, and fine-
tuned Llama-3.1-8B-Instruct by 8.69%.

Analysis of prompt engineering across model vari-
ants revealed three key patterns: (1) model size corre-
lates positively with accuracy, (2) our epidemiologically-
informed prompts significantly outperformed default tem-
plates, and (3) commercial models (particularly GPT-4o) ex-
celled compared to open-source alternatives, especially on
geolocation-related questions. Despite template optimiza-
tions, all prompt-engineered models still underperformed
PandemIQ Llama.

Figure 3 shows the performance of fine-tuning across dif-
ferent rank configurations for both Llama-3.1-8B-Instruct
and PandemIQ Llama. Two clear patterns are evident: (1)
accuracy improves with increasing rank values for both
models, and (2) PandemIQ Llama outperforms Llama-3.1-
8B-Instruct at every rank configuration. The performance
gap between models is most pronounced for geocoded ques-
tions. Based on these results, we selected rank 256 for sub-
sequent cross-model comparisons.

Figure 4 presents a fine-grained analysis across nine epi-
demiological dimensions. PandemIQ Llama demonstrates
the most substantial gains in traditionally challenging cate-
gories: location identification (10.51%), case number extrac-
tion (7.94%), and symptom recognition (9.03%). Vulnera-
ble population identification tasks (elderly, animal workers,
and healthcare workers) show consistent improvements of
5.58%-9.23%. In questions about disease and host type iden-
tification that were already approaching ceiling performance
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Figure 3: Performance on BAND across LoRA ranks.

with Llama-3.1-8B-Instruct, our model maintains high accu-
racy.

Multi-label Classification Task
On the event classification benchmark, we evaluate perfor-
mance using Macro-F1, Micro-F1, and Weighted-F1 scores
across all eight event categories. As shown in Table 3 and
Figure 5, PandemIQ Llama demonstrates consistent superi-
ority across all evaluation metrics when compared to alter-
native approaches: prompt engineering with DeepSeek Rea-
soner (our strongest zero-shot baseline), fine-tuning without
domain adaptation in pre-training (Llama-3.1-8B-Instruct),
and the published RoBERTa benchmark. PandemIQ Llama
achieves state-of-the-art performance with a Macro-F1 score
of 79.80%, outperforming DeepSeek Reasoner by 8.81%,
RoBERTa by 3.80%, and fine-tuned Llama-3.1-8B-Instruct
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Figure 4: Accuracy on BAND across nine dimensions: dis-
ease, pathogen, symptoms, host, city, cases (numbers), el-
derly, animal (workers), and health (healthcare workers).

by 5.29%.
Prompt engineering experiments across model variants

showed patterns that were similar to our BAND findings:
(1) model scale correlates strongly with event categorization
ability, (2) customized prompts enriched with annotation
guidelines substantially improved performance across all
models, and (3) the reasoning-optimized model (DeepSeek
Reasoner) demonstrated superior discriminative capabilities
for nuanced event types. Overall, all prompt-engineered ap-
proaches remained less effective than PandemIQ Llama.

Fig. 6 illustrates classification performance across LoRA
rank configurations for both Llama-3.1-8B-Instruct and
PandemIQ Llama. Two clear trends are apparent: (1) F1

scores improve progressively with higher rank values for
both models, and (2) PandemIQ Llama consistently out-
performs Llama-3.1-8B-Instruct across the entire rank spec-
trum. Based on these findings, we adopted rank 256 for all
subsequent evaluations.

Fig. 7 shows performance across all 8 event categories.
PandemIQ Llama outperforms the vanilla fine-tuned Llama-
3.1-8B-Instruct in 6 of 8 event categories, with the largest
improvements in categories requiring specialized epidemio-
logical knowledge. For Support, we achieve 8.75% higher
F1, effectively recognizing financial assistance mechanisms
and resource allocation patterns during pandemic responses.
In Impact, PandemIQ Llama shows an 8.52% improve-
ment, accurately identifying diverse societal disruptions
caused by disease outbreaks. The model also demonstrates
stronger performance in Measure (7.35%) and Miscella-
neous (6.87%), reflecting enhanced recognition of techni-
cal language related to preventive policies and interven-
tions. Notably, gains are more modest in Research and Re-
porting categories, while performance remains comparable
to Llama-3.1-8B-Instruct in the Violation category. These
category-specific patterns confirm that domain adaptation
enhances classification performance for event types that rely

Source Model Macro-F1 ↑Micro-F1 ↑W-F1 ↑
Default Template (Prompt Engineering)

Meta 3.3-70B-Instruct 48.08 47.49 48.73
3.1-70B-Instruct 48.08 49.20 48.93
3.1-8B-Instruct 43.57 39.32 38.99
3.2-3B-Instruct 41.48 35.90 38.99
3.2-1B-Instruct 19.55 24.74 18.98

DS R1-Distill-70B 64.54 64.60 65.48
R1-Distill-8B 48.91 46.83 50.43

API OpenAI GPT-4o 53.61 52.55 53.98
DS Reasoner 57.55 58.17 59.64

Customized Template (Prompt Engineering)
Meta 3.3-70B-Instruct 63.45 62.68 64.85

3.1-70B-Instruct 59.37 60.15 59.96
3.1-8B-Instruct 57.44 52.61 57.30
3.2-3B-Instruct 49.63 47.41 46.60
3.2-1B-Instruct 13.16 22.16 13.08

DS R1-Distill-70B 64.54 64.60 65.48
R1-Distill-8B 62.01 60.52 62.54

API OpenAI GPT-4o 66.68 66.78 67.89
DS Reasoner 70.99 69.78 72.05

Fine-Tuning
BaselineRoBERTa 76.00 76.00 76.00
Meta 3.1-8B-Instruct 74.51 74.98 74.86
Ours PandemIQ Llama 79.80 80.48 80.45

Table 3: Performance comparison on the event classifica-
tion task across prompt engineering and fine-tuning ap-
proaches. Higher values (↑) indicate better performance.
Models grouped by: (1) Prompt engineering, zero-shot us-
ing either default or customized templates without training;
(2) Fine-tuning. Key comparison: w/ Domain Adaptation
(PandemIQ Llama: continuous pre-training + fine-tuning)
vs. w/o Domain Adaptation (Llama-3.1-8B-Instruct: fine-
tuning only).

on specialized pandemic terminology and contextual under-
standing.

Discussion and Conclusion
PandemIQ Llama shows notable improvements across two
demanding biosurveillance tasks. It achieves 86.07% ac-
curacy on question answering, outperforming GPT-4o by
6.86% and fine-tuned Llama 3.1-8B-Instruct by 8.69%. On
event classification, it reaches a Macro-F1 score of 79.80%,
surpassing DeepSeek Reasoner by 8.81% and a task-tuned
Llama baseline by 5.29%. These gains are most pronounced
in areas that require deeper epidemiological insight. In ques-
tion answering, the model shows the strongest improve-
ments in outbreak characterization, specifically in identify-
ing locations, extracting case counts, and recognizing symp-
toms. For event classification, it performs particularly well
in categories like Support and Impact, which involve under-
standing resource needs and broader societal effects during
health emergencies.

These results suggest that integrating epidemiological
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knowledge during pretraining leads to broader and more
meaningful improvements than those achieved through
prompt engineering or task-specific fine-tuning alone.
Rather than simply excelling at isolated benchmarks, Pan-
demIQ Llama demonstrates the ability to generalize across
a wide range of biosurveillance tasks. This kind of gener-
alization is critical for real-world public health needs, as it
enables more accurate outbreak detection, faster risk assess-
ment, and better-informed intervention strategies.

Beyond the benchmarks reported here, PandemIQ Llama
is powering a deployed biosurveillance platform called Bio-
threats Emergence, Analysis and Communications Network
(BEACON)1, where it is used in a variety of real-world
applications. These include extracting epidemiological data
from unstructured reports, assessing event risk, and generat-

1https://beaconbio.org
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Figure 7: Performance across eight event categories: Report-
ing, Impact, Measure, Violation, R&D (Research), Comm.
(Communication), Support, and Misc. (Miscellaneous).

ing structured summaries for expert users. Its performance in
these operational settings underscores its practical value for
outbreak analysts, decision-makers, and public health pro-
fessionals.

By embedding domain knowledge into the foundation
model itself, PandemIQ Llama helps close the gap be-
tween general-purpose AI and the specialized needs of pub-
lic health. Just as BioBERT and ClinicalBERT advanced
biomedical and clinical NLP, PandemIQ Llama is intended
to serve as a foundational model for the public health NLP
community. We have released the model publicly to support
further research and development, allowing others to apply
it to emerging biosurveillance challenges and build tools
that enhance global pandemic preparedness. Ultimately, this
work aims to support more effective monitoring and re-
sponse to infectious disease threats, contributing to im-
proved public health outcomes worldwide.

Social Impact: Pandemic intelligence has been under-
served by existing NLP tools because it requires specialized
domain expertise. This work fills this critical gap by pro-
viding the first dedicated domain-adapted LLM specifically
designed for pandemic intelligence applications. The urgent
societal need for such capabilities has been highlighted by
recent global health challenges, making our work not just
academically interesting but practically essential for future
pandemic preparedness. The BEACON platform, powered
by our model, has been launched and now serves over 100
government and multilateral public health organizations and
users across 154 countries.

Ethics Statement
The model’s knowledge cutoff (April 15, 2024) constrains
its applicability to emerging infectious diseases that appear



afterward. Like all LLMs, PandemIQ Llama may halluci-
nate factually incorrect information – a particular concern
in biosurveillance contexts where misinformation could im-
pact public health decision-making. We recommend human
expert oversight when our model is used directly or fine-
tuned for downstream tasks, as inherited biases and limita-
tions may persist through adaptation.
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