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Abstract
The increasing complexity of infectious disease dynamics highlights the need for inte-
grated and proactive surveillance systems. Traditional approaches remain largely re-
active, relying on confirmed case reports and lagging indicators. This work presents
a generalizable AI-driven Decision Support System (DSS) for spatiotemporal disease
modeling, developed and validated using avian influenza surveillance in Canada. The
proposed DSS consists of three core components: a digital surveillance module that lever-
ages online activity for early warning signals; a spatiotemporal risk prediction module
that models geographic disease risk using multi-source environmental and ecological data;
and an expert system dashboard that integrates analytical outputs into an interactive,
user-centered interface. The proposed DSS aims to equip policymakers and emergency
responders with the tools needed to mitigate the impact of AIV outbreaks, through more
informed, timely, and targeted interventions.
Keywords: Decision Support System, Disease Modeling, Avian Influenza, Spatiotem-
poral Surveillance, Social Media Analytics, Public Health AI

1. Introduction

Decision Support Systems (DSS) are interactive, data-driven tools that help decision-
makers address complex and uncertain problems by integrating data management, analytical
models, and domain knowledge to support public health surveillance, risk assessment, and
intervention planning [1]. The growing threat of infectious diseases, particularly zoonotic
spillovers, poses major challenges to public health systems, with Avian Influenza Virus
(AIV) representing a highly dynamic threat due to rapid mutation and cross-species trans-
mission [2, 3]. In recent years, highly pathogenic avian influenza outbreaks have caused
significant economic losses in poultry production and raised serious public health concerns
because of their zoonotic potential [4–6]. Human infections with subtypes such as H5N1
and H7N9 further highlight the ongoing pandemic risk [7–9], emphasizing the need for in-
tegrated predictive decision support tools that enable early detection and proactive disease
management.

Traditional surveillance systems rely primarily on laboratory-confirmed cases, veterinary
inspections, and formal reporting mechanisms. They depend on lagging indicators such as
confirmed cases and laboratory reports, which often reflect outbreaks only after transmission
has progressed. Epidemic intelligence approaches have incorporated informal sources and
early event detection [10, 11]. Early Internet-based systems such as ProMED-mail and
related platforms demonstrated the feasibility of mining online information for emerging
threats [12, 13]. Despite these advances, many systems remain fragmented or lack structured
integration with predictive analytics and operational workflows.

Recent advances in Artificial Intelligence (AI), natural language processing, and large-
scale data analytics provide new opportunities to enhance infectious disease DSS design [14].
Modern deep learning approaches, particularly Large Language Models (LLMs) [15], enable
the analysis of large-scale and heterogeneous datasets, including textual, epidemiological,
and contextual data. In the context of avian influenza, prior research has identified envi-
ronmental, ecological, and trade-related factors that influence virus spread [16, 17]. At the



Figure 1. A high-level schematic representation of the architecture of the proposed DSS.

same time, digital platforms such as social media and search engines have shown potential
for early outbreak detection across multiple diseases [18, 19]. Despite these advances, many
systems analyze these data sources separately. Integrating digital surveillance, spatiotem-
poral risk monitoring, and knowledge-based decision logic within a unified DSS can provide
a more comprehensive and timely approach to outbreak monitoring.

The primary objective of this study is to design and validate a generalizable AI-driven
DSS framework for infectious disease modeling, using avian influenza surveillance in Canada
as a case study. The framework includes three components: digital surveillance using social
media and search trends, spatiotemporal surveillance that contextualizes outbreaks across
space and time, and an expert system layer that converts analytical outputs into struc-
tured decision support. The main contribution of this work is a unified AI-driven DSS that
integrates digital and geospatial data into a single operational framework, combining struc-
tured digital signal extraction, spatial representation learning using multi-channel tensors
with pseudo-absence generation, and an interactive decision-support interface for transform-
ing complex AI outputs into actionable insights for proactive disease mitigation by public
health officials and epidemiologists.

2. AI-Driven DSS Framework

2.1. Overall Architecture

Traditional disease surveillance systems, particularly in avian influenza modeling, are
limited by reliance on lagging indicators and restricted data sources [20, 21]. To address
these gaps, we propose a unified DSS composed of three core components, as illustrated in
Figure 1. The first is a digital surveillance module that leverages social media discourse and
search engine trends to provide early warning signals that complements reactive approaches.
The second component is spatiotemporal surveillance, which integrates epidemiological, en-
vironmental, and ecological information within a unified framework to support regional risk
prediction and identify evolving spatial patterns. The third component is an expert system
implemented as an interactive dashboard that integrates outputs from both modules into a
single interface, connecting digital early warning signals with predictive spatial risk maps.
The temporal forecasting and spatial risk models operate independently, with their outputs
integrated into a knowledge base and used by an LLM-based module to support practical
public health decision-making.



2.2. Methodological Foundations

Auto-regressive time series forecasting remains a cornerstone of outbreak prediction as it
links historical case counts to future trends [22, 23]. However, these models are inherently
reactive since they rely on lagged clinical data, which can delay public health responses. The
proposed framework extends this approach by incorporating responsive digital indicators,
such as search trends and social media activity, as exogenous inputs [24]. By capturing
real-time shifts in public attention, these signals improve predictive performance and pro-
vide earlier indications for more proactive interventions. To maintain signal quality, LLMs
are used to filter and identify relevant social media posts, enabling digital indicators to
be integrated into forecasting pipelines in a structured and reliable way. For spatiotempo-
ral monitoring, we used a foundation model, a transformer that integrates environmental,
ecological, and epidemiological data linked to AIV [25–27] as multi-channel spatial inputs,
allowing the model to capture both local and long-range spatial patterns. Foundation mod-
els pretrained on large datasets can then be adapted to outbreak modeling with limited
additional training, allowing the system to generalize across regions where labeled outbreak
data are limited.

2.3. Dashboard and End-User Engagement

The practical impact of a predictive AI framework in public health depends on how
accessible it is to decision-makers. To translate complex model outputs into actionable
insights, the DSS includes an expert system with an interactive dashboard that integrates
results from the digital early warning and spatiotemporal modules in a clear interface. The
system combines surveillance signals and modeling outputs into a unified knowledge base,
where LLM-driven reasoning helps interpret and synthesize rules while providing transparent
explanations of alerts so users can understand the evidence behind them. The dashboard
supports both descriptive and predictive analytics through time-series views of digital signals
and layered spatial risk summaries, and its design is guided by real end-user workflows with
iterative feedback from epidemiologists and public health policymakers to ensure the system
improves situational awareness and supports timely, evidence-based decisions.

3. Case Study: Avian Influenza Surveillance in Canada

3.1. Digital Early Warning System

Our analysis of digital indicators showed that internet search queries and social media
activity are significantly correlated with the temporal progression of AIV outbreaks [24].
Cross-correlation analysis identified statistically significant associations across geographic
scales, with digital signals preceding officially reported case counts by one to two weeks.
Both Google Trends and X activity showed positive correlations at negative lags, indicating
increased online engagement before formal outbreak confirmation. These results suggest
that public attention and online information-seeking behavior respond quickly to emerging
outbreaks and can serve as early indicators of disease spread.

To quantify these temporal associations, we implemented a relevance classification pipeline
to filter outbreak-related posts from large volumes of social media data. Among several
transformer-based models, DistilBERT [28, 29], achieved the best performance with mean
precision, recall, and F1-score of 84.65%, 87.25%, and 85.91% using 5-fold cross-validation.
The refined digital signals were then analyzed using cross-correlation against confirmed out-
break counts, revealing consistent lead times of one to two weeks across geographic scales,
suggesting that digital signals can act as early indicators of outbreak dynamics. The filtered
indicators were incorporated as exogenous variables into Seasonal AutoRegressive Integrated



Table 1. SARIMAX Performance on Global Data with and without Lagged Exogenous
Variables. The Best Orders column represents the selected (p, d, q) order and seasonal
(P, D, Q, s) order for each model configuration.

Scenario X GT R2 Score Best Orders

Exog. without lag (Train: 52w, Eval: 13w)

(i) 0.2032± 0.0031 (1, 1, 1)(0, 0, 2, 52)

(ii) ✓ 0.2219± 0.0035 (2, 1, 0)(1, 0, 0, 52)
(iii) ✓ 0.2270± 0.0038 (1, 1, 1)(0, 0, 1, 52)

(iv) ✓ ✓ 0.2491± 0.0027 (1, 1, 1)(0, 0, 1, 52)

Scenario X GT R2 Score Best Orders

Exog. -3 weeks lag (Train: 49w, Eval: 13w)

(i) 0.1262± 2.78e−17 (1, 1, 1)(2, 0, 0, 52)

(ii) ✓ 0.4024± 5.55e−17 (2, 1, 2)(0, 0, 0, 52)
(iii) ✓ 0.1953± 5.55e−17 (0, 0, 0)(2, 0, 2, 52)

(iv) ✓ ✓ 0.4176± 5.55e−17 (1, 1, 2)(0, 0, 0, 52)

Moving Average with eXogenous variables (SARIMAX) models. An ablation study com-
pared endogenous-only configurations with models including social media activity, search
trends, and lagged variants. As shown in Table 1, models without lagged exogenous vari-
ables provided moderate improvements over baseline autoregressive models, but introducing
a three-week lag informed by cross-correlation notably improved performance. Each exper-
iment was run 30 times and evaluated using the average R2 score, a scale-independent
regression metric ranging between (−∞, 1]. The combined model using lagged X activity
and Google Trends achieved an R2 of 0.4176 compared to 0.1262 for the endogenous-only
model, demonstrating that properly aligned digital signals improve forecasting accuracy and
provide earlier warning beyond traditional case-based models.

To better understand public response during outbreak periods, we analyzed social me-
dia discourse using LLM-based approaches, including DistilBERT [28], Mixtral-8x7B [30],
BERTopic [31], and RoBERTa [32], for filtering, topic modeling, sentiment, and emotion
analysis. The results showed dominant negative sentiments such as fear, anger, and sad-
ness, along with increased risk-focused and policy-related discussions during major outbreak
waves [33]. These findings indicate that digital platforms provide both early warning signals
and insight into public perception, supporting their role within the DSS framework.

3.2. Geospatial Risk Prediction

For the spatiotemporal component, we focused on integrating multiple data sources that
have been identified in the avian influenza literature as relevant to virus spread and per-
sistence. These include bioclimatic and weather-related variables, wetland distribution,
poultry density, wild bird observations, and human population density [26, 34–38]. These
factors have been consistently associated with AIV transmission in epidemiological and eco-
logical studies. The objective was to combine these diverse spatial data sources within
a unified modeling framework that learns joint patterns across them. Because confirmed
outbreak records are usually available only for positive cases, supervised learning is sup-
ported through background sampling (pseudo-absence generation), enabling the model to
distinguish high-risk regions from non-outbreak areas. This component therefore provides
spatial risk indicators that complement digital surveillance and support comprehensive dis-
ease monitoring.

4. Conclusion

The primary contribution of this research is a unified AI-driven DSS that integrates dig-
ital epidemiology and geospatial risk monitoring to support proactive disease surveillance.
This approach addresses the limitations of reactive systems by enabling public health offi-
cials to track temporal trends through internet-based early warning signals while assessing
geographic risk patterns in parallel. The modular design allows the framework to adapt
across diseases and regions by incorporating new digital indicators and environmental data
without major restructuring. Ongoing work focuses on validating and refining the system
through user studies, and on exploring uncertainty estimation in the spatial component to
better communicate confidence levels in public health decisions.
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