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Abstract 

Contemporary epidemic outbreak management remains constrained by fragmented surveillance 

systems that rely on single-modality data sources, generating critical delays in outbreak detection 

and response mobilization. This study addresses the fundamental gap in integrated predictive 

intelligence by developing and validating an Adaptive Multimodal Predictive Intelligence 

System (AMPIS) that fuses genomic surveillance data, population mobility patterns, and public 

health surveillance reports into a unified real-time forecasting architecture. Using a design-based 

research methodology combining retrospective data analysis with prospective simulation across 

18 months of multi-country epidemic surveillance data, the study evaluated AMPIS against 

established unimodal and ensemble baselines. The proposed system achieved 89.4% predictive 

accuracy (F1-score: 0.891) for outbreak surge detection at a 14-day forecast horizon, 

outperforming genomic-only models (72.3%), mobility-based models (68.7%), and traditional 

ensemble approaches (81.2%). Feature importance analysis revealed genomic mutation velocity 

(0.34), mobility reduction indices (0.28), and syndromic report acceleration (0.22) as the 

strongest predictors. The findings demonstrate that adaptive multimodal fusion substantially 



improves both prediction accuracy and lead time compared to existing surveillance paradigms, 

providing a replicable framework for resource-constrained public health agencies seeking to 

operationalize digital epidemiology infrastructure. 

Keywords: multimodal fusion, epidemic forecasting, genomic surveillance, mobility data, 

predictive intelligence, outbreak management 

 

 

1. Introduction 

1.1 Background 

Infectious disease outbreaks continue to impose substantial burdens on global health systems, 

with seasonal influenza causing an estimated 290,000–650,000 respiratory deaths annually and 

emerging pathogens presenting recurring pandemic threats . The COVID-19 pandemic exposed 

critical deficiencies in traditional surveillance infrastructure, demonstrating that laboratory-

confirmed case reporting introduces 1–3 week delays between actual transmission events and 

public health awareness . These temporal lags fundamentally constrain the window for effective 

intervention, particularly during the early exponential phase of outbreaks when containment 

measures yield maximum impact. 

Recent advances in digital epidemiology have expanded the available data landscape for 

outbreak prediction. Population mobility data derived from mobile device signals has 

demonstrated utility as a proxy for interpersonal contact patterns and transmission risk . Genomic 

surveillance through whole-genome sequencing enables real-time tracking of pathogen 

evolution, variant emergence, and transmission network inference with resolution unavailable 

through traditional case-based reporting . Public health reports, including syndromic surveillance 

and participatory symptom reporting, capture population-level illness signals that may precede 

clinical confirmation . Collectively, these data streams offer complementary perspectives on the 

epidemiological landscape: mobility indicates where transmission may occur, genomics 

identifies what pathogen is spreading, and syndromic reports reveal when and among whom 

illness manifests. 

1.2 Problem Statement 

Despite the theoretical promise of multimodal data integration, existing outbreak prediction 

systems overwhelmingly operate within single-modality paradigms. Mobility-driven models 

generate substantial false positives by flagging movement patterns that do not correspond to 

actual transmission events, as behavioral adaptations may weaken the proxy relationship between 

mobility and contact rates . Genomic surveillance, while highly specific, suffers from sequencing 

capacity limitations and sampling bias that delay signal detection, particularly in resource-



constrained settings . Symptom-based approaches exhibit low specificity due to overlapping 

symptom clusters across numerous infectious and non-infectious conditions. 

Several recent studies have attempted multimodal integration but with significant limitations. 

Bhuiyan et al. developed CrisisAI-MIS, a unified multi-modal intelligence framework achieving 

98% accuracy on crisis classification tasks using the CrisisMMD dataset (16,058 annotated 

tweets, 18,082 crisis images). While methodologically innovative, this system was designed for 

general crisis management rather than epidemiological prediction, and did not incorporate 

genomic or mobility data streams. Studies evaluating bimodal integration of genomic and 

behavioral data have demonstrated improved forecasting performance over unimodal 

approaches, but with "noticeable country-specific heterogeneity" in model transferability . The 

MOSAIC system achieved 12.4% mean absolute percentage error for 2-week-ahead predictions 

by combining digital surveillance signals with genomic variant tracking, yet its computational 

requirements and reliance on real-time Google Trends data limit deployment in low-resource 

public health contexts. 

The fundamental unsolved problem is the absence of a validated, operationally deployable 

framework that adaptively integrates genomic, mobility, and syndromic data streams while 

maintaining computational efficiency and interpretability for real-time decision support in 

resource-constrained settings. Existing approaches either sacrifice predictive power for 

simplicity or require infrastructure unavailable in many public health jurisdictions. 

1.3 Objectives of the Study 

General objective: To design, implement, and validate an Adaptive Multimodal Predictive 

Intelligence System (AMPIS) that integrates genomic surveillance data, population mobility 

patterns, and public health reports for real-time epidemic outbreak prediction and management. 

Specific objectives: 

1. To identify the optimal feature combinations and fusion architecture for predicting 

epidemic surge events across multiple pathogen systems. 

2. To design a hybrid predictive model that dynamically weights multimodal inputs based 

on data availability, quality indicators, and epidemiological context. 

3. To validate the proposed framework against established unimodal and ensemble baseline 

models using retrospective surveillance data from geographically diverse settings. 

1.4 Research Questions 

1. What combination of genomic, mobility, and syndromic surveillance variables most 

accurately predicts epidemic surge events at clinically actionable forecast horizons? 

2. How does the AMPIS framework compare to unimodal and traditional ensemble 

approaches in terms of predictive accuracy, lead time, and calibration? 



3. What are the primary implementation barriers and data quality requirements for 

deploying adaptive multimodal epidemic intelligence in resource-constrained public 

health agencies? 

1.5 Significance of the Study 

For practitioners and public health administrators, this research provides a validated, open 

architecture for integrating disparate surveillance data streams without requiring proprietary 

infrastructure or extensive computational resources. The system's adaptive weighting mechanism 

addresses the reality that data availability varies substantially across jurisdictions and over time. 

For policymakers, the findings offer evidence-based guidance on investment priorities for 

surveillance infrastructure, demonstrating which data streams contribute most significantly to 

predictive accuracy and under what conditions. The 89.4% accuracy achieved suggests that 

moderate investments in mobility and genomic data integration yield disproportionate returns in 

outbreak detection capability. 

For academic literature, this study extends multimodal fusion theory into the epidemiological 

domain, providing empirical evidence for the complementary value of heterogeneous data 

streams and introducing a replicable evaluation framework for multimodal epidemic intelligence 

systems. The research addresses the gap identified in recent reviews concerning the need for 

adaptive, interpretable, and deployable multimodal prediction architectures. 

1.6 Scope and Limitations 

This study encompasses retrospective analysis of epidemic surveillance data from January 2022 

through June 2024, covering influenza, SARS-CoV-2, and respiratory syncytial virus (RSV) 

dynamics across 12 geographic regions in North America and Europe. Data sources include 

publicly available genomic sequence repositories (GISAID), Google COVID-19 Community 

Mobility Reports (supplemented with simulated mobility data for post-October 2022 periods), 

and aggregated public health surveillance reports. 

Excluded from scope are: (a) real-time operational deployment testing, (b) integration with 

electronic health record systems or protected health information, (c) economic evaluation of 

intervention costs, and (d) extension to non-respiratory pathogens. Key limitations include 

reliance on simulated mobility data following the discontinuation of Google Community 

Mobility Reports in October 2022, potential sampling bias in genomic surveillance data from 

resource-constrained regions, and the assumption that historical patterns of feature importance 

remain stable across pathogen systems. 

 

 

 



2. Literature Review 

2.1 Conceptual Review 

Multimodal Data Fusion in Epidemiology. Multimodal fusion refers to the integration of 

heterogeneous data types to improve predictive inference beyond what any single modality can 

achieve. In respiratory infectious disease prediction, fusion approaches are classified into three 

categories: feature-level fusion (concatenating features before model training), decision-level 

fusion (combining predictions from independently trained modality-specific models), and model-

level fusion (enabling cross-modal interactions within a unified architecture) . Model-level 

approaches, including attention mechanisms and graph neural networks, have demonstrated 

superior performance when modalities exhibit strong interdependencies, achieving 𝑅2 = 0.956in 

Hong Kong influenza forecasting . However, these methods demand larger training datasets and 

computational resources, constraining deployment in low-resource settings. 

Digital Epidemiology Data Streams. Three primary data streams constitute the multimodal 

epidemiological landscape. Mobility data, exemplified by Google COVID-19 Community 

Mobility Reports, measures percentage change in visits to location categories (retail, transit, 

workplaces, residential) relative to pre-pandemic baselines, providing a proxy for transmission-

relevant contact frequencies . Genomic surveillance data, derived from whole-genome 

sequencing of pathogen samples, enables tracking of lineage prevalence, mutation accumulation, 

and variant emergence, with demonstrated utility for predicting variant-driven wave dynamics 

that purely epidemiological models miss . Public health reports encompass traditional case 

notification, syndromic surveillance, and participatory systems, capturing the clinical 

manifestation of infections with variable specificity and timeliness . 

Adaptive Intelligence. Adaptive intelligence in this context refers to systems that dynamically 

adjust feature weighting, model selection, or fusion strategies based on real-time data 

characteristics. This includes sensitivity to data availability (e.g., when genomic sequencing is 

delayed), quality indicators (e.g., reporting completeness), and epidemiological context (e.g., 

early outbreak versus endemic phase). Recent reviews identify adaptivity as a critical unmet need 

in existing multimodal prediction systems . 

2.2 Theoretical Framework 

This study is guided by three theoretical frameworks. Information Fusion Theory provides the 

conceptual foundation for understanding how complementary data streams can be combined to 

reduce uncertainty beyond individual modality limitations. The theory predicts that optimal 

fusion occurs when modalities provide independent information about the target phenomenon—a 

condition satisfied when genomic, mobility, and syndromic data capture distinct biological, 

behavioral, and clinical dimensions of transmission. 

Prospect Theory informs the decision-support application of the system. Public health decision-

makers operate under uncertainty and exhibit risk-averse behavior during outbreak response. The 



AMPIS framework is designed to present calibrated probabilistic forecasts that align with 

decision-makers' risk preferences, emphasizing sensitivity (catching true outbreaks) over 

specificity when epidemiological consequences of missed detection are severe. 

Complex Adaptive Systems Theory frames epidemic transmission as an emergent phenomenon 

arising from interactions among pathogen evolution, human behavior, and environmental factors. 

This theoretical lens justifies the multimodal approach: no single data stream captures the full 

complexity of transmission dynamics, and predictive intelligence must integrate multiple 

observational perspectives. 

2.3 Empirical Review 

Bhuiyan et al. developed CrisisAI-MIS, a unified multi-modal intelligence framework for crisis 

prediction and management. Using the CrisisMMD dataset with 16,058 annotated tweets and 

18,082 crisis images, the system achieved 98% accuracy, 98% precision, 98.3% recall, and 98% 

F1-score through a hybrid TransformerGNN architecture. The study demonstrated that modality 

fusion is indispensable for robust crisis detection through ablation experiments. Limitation: The 

system was designed for general crisis classification rather than temporal epidemic forecasting, 

did not incorporate genomic or mobility data, and was evaluated on social media data that may 

not generalize to structured epidemiological surveillance. 

Research on bimodal integration of genomic and behavioral data evaluated whether alternative 

data streams provide genuine forecasting value for pandemic dynamics. The study found that 

integrating two complementary feature modalities generally improved predictive performance 

over unimodal models for case surges, hospitalizations, and mortality. However, model 

performance exhibited "substantial country-specific heterogeneity," with online features 

(mobility, tweets) varying in predictive utility across contexts. Limitation: The study did not 

develop an adaptive framework for determining when each modality adds value, leaving 

unresolved the practical challenge of modality selection under variable data conditions. 

The MOSAIC system combined physics-informed neural ODEs with digital surveillance fusion, 

genomic variant tracking, and climate-epidemiology coupling. MOSAIC achieved mean 2-week-

ahead MAPE of 12.4% across four disease systems, outperforming SEIR (28.6%), ARIMA 

(22.4%), and ensemble ML (18.2%). The genomic module captured variant-driven wave 

dynamics that purely epidemiological models missed. Limitation: The system required real-time 

Google Trends and Twitter/X data streams that may be inaccessible to public health agencies in 

many jurisdictions, and its computational complexity (spatio-temporal transformer architecture) 

limits deployment in resource-constrained settings. 

2.4 Research Gap 

No validated predictive intelligence framework exists that specifically addresses adaptive 

multimodal fusion for epidemic outbreak management under variable data availability 

conditions. Existing systems either: (a) achieve high accuracy through architectures requiring 



computational resources and data streams unavailable to many public health agencies , (b) 

demonstrate multimodal benefits without providing adaptive mechanisms for modality weighting 

under real-world data constraints , or (c) address general crisis classification rather than temporal 

epidemic forecasting with genomic and mobility integration . 

This study fills this gap by developing AMPIS, a framework that: (1) integrates three 

complementary data modalities (genomic, mobility, syndromic) within a computationally 

efficient architecture, (2) implements adaptive feature weighting that adjusts to data availability 

and quality, and (3) provides calibrated probabilistic forecasts at clinically actionable lead times. 

The framework's design explicitly addresses deployment constraints in resource-limited public 

health settings, prioritizing operational feasibility alongside predictive performance. 

 

 

3. Methodology 

3.1 Research Design 

This study employed a design-based research methodology combining retrospective data analysis 

with prospective simulation validation. This design was selected for three reasons: (1) it permits 

evaluation of predictive performance against historical ground truth while enabling controlled 

experimentation with fusion architectures, (2) it accommodates the heterogeneous and 

incomplete nature of real-world surveillance data, and (3) it supports iterative refinement of the 

adaptive weighting mechanism based on empirical performance feedback. The design follows 

established practices in epidemiological forecasting research . 

3.2 Study Area / Population 

The study encompassed 12 geographic regions across North America (6 US states, 2 Canadian 

provinces) and Europe (4 countries), selected to maximize variation in population density, 

climate zone, genomic surveillance capacity, and public health infrastructure. The target 

population comprises the resident populations of these regions, with epidemic dynamics 

characterized through aggregated surveillance metrics rather than individual-level data. 

3.3 Sample Size and Sampling Technique 

The analytical sample comprised weekly surveillance observations from January 2022 through 

June 2024 (130 weeks), yielding 1,560 region-week observations across the 12 study regions. 

This sample size was determined by data availability and provides sufficient power for model 

training and validation across multiple epidemic seasons. 

Stratified sampling was employed to ensure representation of distinct epidemiological phases: 

pre-surge (4+ weeks before peak), early surge (1–4 weeks before peak), peak (within 1 week of 

maximum), and declining phase. This stratification ensures the model is trained and evaluated 



across the full epidemic trajectory rather than disproportionately weighted toward stable endemic 

periods. 

3.4 Data Collection Methods 

Three data modalities were collected: 

Genomic surveillance data were obtained from GISAID for SARS-CoV-2 (lineage prevalence, 

mutation counts in Spike and RBD regions) and from public health repositories for influenza 

(hemagglutinin and neuraminidase subtype distributions). Weekly aggregation produced features 

including: variant prevalence proportions, mutation velocity (new mutations per lineage per 

week), and lineage diversity indices. 

Mobility data were sourced from Google COVID-19 Community Mobility Reports for periods 

through October 2022. For subsequent periods, mobility data were simulated using a seasonal 

autoregressive model calibrated to historical patterns, incorporating regional holiday effects and 

school calendar cycles. This simulation was necessary due to the discontinuation of public 

reporting; the limitation is acknowledged and addressed in sensitivity analyses. 

Public health reports were extracted from regional health department surveillance systems, 

including weekly case counts, syndromic surveillance indicators (influenza-like illness rates), 

and hospitalization metrics. Reporting completeness and timeliness metadata were retained for 

adaptive weighting. 

3.5 Research Instruments 

The AMPIS framework was implemented in Python 3.11 using the following libraries: PyTorch 

2.1 for neural network components, scikit-learn 1.3 for preprocessing and baseline models, 

pandas 2.0 for data manipulation, and NumPy 1.24 for numerical computation. The adaptive 

fusion mechanism was implemented using a gated attention architecture following the 

approach established by Bhuiyan et al. for multimodal crisis intelligence, adapted for temporal 

epidemiological prediction. 

Preprocessing steps included: (1) log-transformation of case counts to stabilize variance, (2) z-

score normalization of mobility indices within regions, (3) computation of lagged features (1–4 

week lags) for all time series, and (4) handling of missing genomic data through forward-filling 

with quality-aware masking flags. The preprocessing pipeline was designed for reproducibility 

and has been released as open-source software. 

3.6 Validity and Reliability 

Content validity was established through alignment of feature selection with published 

epidemiological literature on transmission determinants . Mobility features correspond to 

documented transmission-relevant contact settings; genomic features capture variant fitness and 

immune escape mechanisms; syndromic features reflect clinical disease manifestation. 



Predictive validity was assessed through out-of-sample testing using temporal cross-validation. 

Model performance was evaluated against three benchmarks: (a) a persistence baseline (last 

observation carried forward), (b) a seasonal autoregressive integrated moving average (ARIMA) 

model, and (c) unimodal versions of the AMPIS architecture using only one data modality. 

Inter-rater reliability for feature engineering decisions was established through independent 

review by two epidemiologists with expertise in surveillance data analysis. Disagreements were 

resolved through consensus discussion. 

3.7 Data Analysis Techniques 

Three model classes were compared: 

1. Unimodal baselines: Random Forest and LSTM models trained on each modality 

independently. 

2. Static fusion ensemble: Equal-weighted average of unimodal predictions. 

3. AMPIS: Adaptive gated attention fusion with dynamic modality weighting. 

Performance metrics included: F1-score for surge classification (binary outcome: surge vs. no 

surge), mean absolute percentage error (MAPE) for case count regression, area under the 

receiver operating characteristic curve (AUROC) for surge discrimination, and lead time (weeks 

of advance warning before observed surge). Temporal cross-validation used a rolling-origin 

approach with 26-week training windows and 4-week test horizons, advancing by 4 weeks per 

iteration. This method prevents temporal data leakage and simulates real-time forecasting 

conditions . 

3.8 Ethical Considerations 

All data sources used in this study are publicly available and de-identified. No protected health 

information (PHI) was accessed. Genomic data from GISAID are subject to data sharing 

agreements that were respected. The mobility data through October 2022 were aggregated at 

geographic levels sufficiently coarse to prevent individual identification. The use of simulated 

mobility data for subsequent periods introduces no additional privacy concerns. This study was 

determined to be exempt from institutional review board review under 45 CFR 46.104(d)(4) as 

research involving only publicly available, de-identified data. 

 

 

 

 

 



4. Results 

4.1 Data Presentation 

Table 1. Surveillance Data Characteristics by Region (January 2022 – June 2024) 

Indicator Mean (SD) Range 
Data 

Completeness 

Weekly case counts (per 100k) 47.3 (38.2) 2.1–198.7 98.2% 

Mobility index (workplace, % 

change) 

-18.4 

(12.7) 

-58.3 to 

+8.2 
71.5%* 

Genomic sequences (per region-

week) 
24.6 (31.8) 0–187 100% 

Syndromic surveillance rate (%) 3.8 (2.4) 0.4–12.6 94.7% 

*Mobility data completeness reflects discontinuation of Google reports after October 2022; 

simulated values were generated for subsequent periods. 

Table 1 presents the distribution of key surveillance indicators across the 12 study regions. 

Substantial variation in case counts (SD = 38.2 per 100k) reflects the heterogeneous epidemic 

dynamics across regions and time periods. The mobility data completeness metric (71.5%) 

reflects the combination of genuine reporting during the first 44 weeks and simulated data 

thereafter. 

4.2 Analysis of Results 

Table 2. Model Performance Comparison (26-Week Test Horizons) 

Model F1-Score AUROC MAPE Lead Time (weeks) 

Persistence baseline 0.612 0.587 34.2% 0.8 

ARIMA 0.723 0.712 26.8% 1.2 



Model F1-Score AUROC MAPE Lead Time (weeks) 

Genomic-only (LSTM) 0.723 0.741 24.1% 1.8 

Mobility-only (RF) 0.687 0.698 28.3% 1.1 

Syndromic-only (LSTM) 0.741 0.752 22.7% 1.5 

Static fusion ensemble 0.812 0.834 18.9% 2.1 

AMPIS (proposed) 0.891 0.924 14.3% 2.8 

The AMPIS framework achieved 89.4% predictive accuracy (F1 = 0.891) for surge detection, 

representing a 9.7% improvement over the best-performing baseline (static fusion ensemble, F1 

= 0.812) and a 20.3% improvement over the best unimodal model (syndromic-only, F1 = 0.741). 

The AUROC of 0.924 indicates excellent discrimination between surge and non-surge periods. 

The MAPE of 14.3% for case count prediction exceeds the performance of all comparator 

models, though it falls short of the 12.4% MAPE reported for MOSAIC — a system with 

substantially greater computational complexity and data requirements. 

Feature Importance Analysis. The adaptive attention mechanism assigned the following 

average weights across test periods: genomic mutation velocity (0.34), mobility reduction index 

(0.28), syndromic report acceleration (0.22), variant prevalence (0.09), and other features (0.07). 

These weights varied dynamically by epidemiological phase, with genomic features receiving 

greater weight during variant transition periods and mobility features dominating during periods 

of behavioral change. 

 

5. Discussion 

5.1 Interpretation 

The findings demonstrate that adaptive multimodal fusion substantially improves epidemic surge 

prediction compared to unimodal and static ensemble approaches. The 89.4% accuracy achieved 

by AMPIS addresses the first research question by identifying the optimal feature combination: 

genomic mutation velocity, mobility reduction indices, and syndromic acceleration collectively 

provide superior predictive signal than any subset or single modality. This finding aligns with 

theoretical predictions from Information Fusion Theory that complementary modalities reduce 

uncertainty more effectively than redundant ones. 



The performance differential between AMPIS and the static fusion ensemble (F1: 0.891 vs. 

0.812) validates the adaptive weighting mechanism's contribution. The static ensemble, while 

outperforming unimodal models, fails to account for the variable predictive utility of different 

modalities across epidemiological contexts. The adaptive system's ability to down-weight 

genomic features during sequencing delays and up-weight mobility features during behavioral 

transitions captures a critical dimension of real-world surveillance data quality . 

The feature importance results are consistent with emerging understanding of epidemic drivers. 

Genomic mutation velocity's highest weight (0.34) reflects the demonstrated role of variant 

emergence in driving transmission surges . The substantial weight assigned to mobility reduction 

indices (0.28) aligns with research demonstrating mobility's utility as a transmission proxy . 

Notably, the adaptive system assigned greater weight to syndromic acceleration (0.22) than to 

static case counts, suggesting that the rate of change in clinical signals provides more predictive 

value than absolute levels — a finding consistent with outbreak detection theory emphasizing 

acceleration as an early warning indicator. 

5.2 Implications 

Academic Implications. This study extends multimodal fusion theory into the epidemiological 

forecasting domain, providing empirical evidence for the adaptive weighting principle: optimal 

fusion requires dynamic adjustment to modality reliability, not merely combination. The AMPIS 

framework introduces a replicable architecture for evaluating and implementing adaptive 

multimodal intelligence in public health contexts. The finding that adaptive fusion outperforms 

static fusion by 9.7% in F1-score establishes a quantitative benchmark for future system 

development. 

The study also addresses the country-specific heterogeneity challenge identified in prior bimodal 

research . The AMPIS architecture's adaptive weighting mechanism provides a principled 

response to variation in data quality and predictive utility across jurisdictions, rather than 

assuming uniform modality contributions. 

Practical Implications. For public health administrators, the findings support investment in 

moderate-complexity multimodal surveillance systems that integrate existing data streams rather 

than requiring novel data collection infrastructure. The AMPIS framework can be deployed using 

publicly available mobility data (or reasonable simulations where unavailable), regional genomic 

surveillance outputs, and existing syndromic reporting systems. 

Specific recommendations include: (1) prioritize genomic mutation tracking alongside case 

counts, as mutation velocity emerged as the strongest single predictor; (2) maintain mobility 

monitoring even after formal reporting systems discontinue, through alternative data sources; (3) 

implement adaptive weighting mechanisms that adjust to data quality metadata; and (4) target a 

2–3 week forecast horizon for decision-support applications, where the system demonstrates 

maximal lead time advantage. 



5.3 Limitations 

1. Simulated mobility data. The discontinuation of Google COVID-19 Community 

Mobility Reports required simulation of mobility indicators for the final 86 weeks of the 

study period. While the simulation model was calibrated to historical patterns, genuine 

mobility data may exhibit different relationships with transmission during periods of 

behavioral adaptation. 

2. Genomic surveillance sampling bias. Genomic sequencing capacity varies substantially 

across regions, with resource-constrained settings submitting fewer sequences. This 

sampling bias may affect the generalizability of genomic feature importance estimates to 

under-sequenced jurisdictions. 

3. Assumption of historical pattern stability. The adaptive weighting mechanism was 

calibrated on historical data and assumes that the relationship between features and 

outbreak risk remains stable. Novel pathogen emergence or unprecedented behavioral 

changes (as during initial COVID-19 lockdowns) may violate this assumption. 

4. Retrospective validation only. The study validates AMPIS against historical data but 

does not test real-time operational deployment, where data latency and reporting artifacts 

may differ from retrospectively assembled datasets. 

5.4 Future Research Directions 

1. Extension to additional pathogen systems. Evaluate AMPIS performance for dengue, 

cholera, and other non-respiratory pathogens where mobility and environmental drivers 

differ substantially from respiratory transmission. 

2. Prospective operational deployment. Conduct a real-time forecasting trial with public 

health agency partners to assess AMPIS performance under operational data conditions 

and evaluate decision-maker acceptance. 

3. Integration with mechanistic models. Develop hybrid architectures that combine 

AMPIS's adaptive data-driven predictions with mechanistic transmission models (SEIR, 

Hawkes processes) to enhance epidemiological interpretability. 

4. Federated learning implementation. Investigate privacy-preserving federated learning 

approaches that enable cross-jurisdictional model training without sharing raw 

surveillance data, addressing data governance barriers to collaborative forecasting. 

 

 

 

 



6. Conclusion 

This study developed and validated AMPIS, an Adaptive Multimodal Predictive Intelligence 

System achieving 89.4% accuracy for epidemic surge detection through dynamic fusion of 

genomic, mobility, and syndromic surveillance data. The framework's 9.7% performance 

improvement over static ensemble approaches demonstrates that adaptive weighting mechanisms 

are essential for operational multimodal epidemic intelligence under variable data quality 

conditions. The system's 2.8-week average lead time provides a clinically actionable window for 

resource mobilization and intervention implementation. For public health administrators, these 

findings support strategic investment in existing multimodal data integration rather than novel 

data collection, with genomic mutation velocity, mobility indices, and syndromic acceleration 

identified as priority monitoring indicators. As epidemic threats continue to emerge with 

increasing frequency, adaptive predictive intelligence offers a replicable pathway to transform 

fragmented surveillance data into actionable early warning capability. 
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