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Abstract

The growing cases of outbreaks of infectious diseases warrant a paradigm shift in how the heterogeneous data streams in
real time are analysed to proactive early warning systems that have the potential to analyse the heterogeneous data streams
in real time. The article infroduces a novel multi-modal deep learning system, which integrates clinical electronic health
records, environmental indicators such as temperature, humidity and air quality, and human mobility patterns in order to
predict the outbreaks before they are officially announced. The model was tested on a large dataset to compare it against
nine baseline models such as Transformer, LSTM-Attention, and XGBoost. The proposed multi-modal deep learning model
had superior results on all metrics with an accuracy of over ninety-eight percent, an AUC-ROC of over ninety-nine percent
and a Matthews correlation coefficient of more than ninety-five percent. Most importantly, the system has been demonstrated
to provide a lead time of about a hundred and twelve hours or nearly five days of early warning before World Health
Organization declaration, with a false alarm rate only about a fifth of an alert per month, more than sevenfold better than the
next best operating system. Robustness Analysis The robustness analysis revealed that the model can tolerate moderate
level of Gaussian noise, and the model is data-efficient to a large extent. The confusion matrix showed that there was equal
per-pathogen accuracy in more than ninety-four percent in the case of novel or unknown pathogens and almost ninety-eight
percent in the case of established pathogens such as COVID-19. The computational needs were low, with inference latency
of less than fifty milliseconds and memory footprint of less than three gigabytes, making it feasible to run it on the current
public health infrastructure. These findings can conclusively demonstrate that the multi-modal deep learning and cross-modal
attention can fundamentally change the epidemic disease surveillance system to become proactive and data-driven in

preventing outbreaks, which has a significant implication on global preparedness in terms of public health.

Keywords: Multi-Modal Deep Learning, Infectious Disease Surveillance, Early Outbreak Detection, Cross-Modal Attention,
Temporal Fusion, Electronic Health Records, Mobility Patterns, Environmental Indicators, Proactive Public Health, Real-Time
Prediction.
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INTRODUCTION

The outbreaks of infectious diseases have
been a major health issue that has attracted
serious attention in form of effective and
efficient detection systems that would
contain the impacts of the outbreaks. The
surveillance measures which were previously
implemented tend to be reactive and could as
well be implemented to delay the
intervention and aggravate the situation in
case of the public health crisis (Bhuyan et al.,
2025). However, the development of more
sophisticated  computational  tools, in
particular, machine learning and deep
learning is a radical solution to proactive
disease surveillance because now it will
become possible to analyze large and
heterogeneous data (Rahman et al., 2023). In
particular, the Al-based surveillance systems
would be able to use a wide range of data,
such as electronic health records,
environmental indicators and mobility
patterns, to detect abnormalities, which are
the signs of a health threat (David, 2025;
Mayaki, 2025). These systems go beyond
traditional constraints of reporting delays and
disjointed data streams to enable a shift
towards reactive to proactive, data-informed
approaches to public health (David, 2025;
Rudwan et al., 2026). The paper describes a

novel multi-modal deep learning model that

is capable of absorbing and learning
complicated interactions among clinical,
environmental, and mobility data streams to
early detect outbreaks of infectious diseases
(Ali, 2026; Isiaka et al., 2024). It is a
framework based on the power of deep
learning to discover subtle patterns and
correlations between these disparate data
modalities thereby providing unparalleled
accuracy in disease trend prediction and
enabling rapid intervention in the health of
the population (Arsi et al., 2025; Ekundayo,
2024; Hassan, 2025). This all-encompassing
strategy proves necessary in enhancing
resilience of health care system in different
parts of the world in the case of
uncontrollable outbreaks of diseases (Shah et
al., 2024). The holistic approach to data
analysis is supposed to address the
traditional, siloed limitations in data analysis,
which would yield a holistic understanding of
the dynamics of outbreaks, and, accordingly,
predictive power and more targeted
responses to the public health (Agbaakin and
Iyorkar, 2024; Hossen et al., 2026). The fact
that the framework is able to process real-
time information streams of different sources
due to the implementation of complex
computational models allows one to identify
the urban patterns, predict the spread and

generation of diseases, and come up with
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actionable hypotheses that can be utilized to
intervene early (Ahmed et al., 2025). Such a
multi-modal approach can be employed to
predictive epidemiology to a high degree of
both precision and timeliness of outbreak
detection since complex data relationships
cannot be addressed using traditional
statistical tools (Ghosh, 2026a, 2026b; Li et
al., 2025). This will require an excellent
analytical framework that will be in a
position to synthesize the divergent sets of
data like the clinical symptomatology, the
environmental sensor measurements and the
pattern of population movement to come up
with emergent epidemiological indicators
(Akintola et al., 2025; Mustapha et al., 2023).
A combination of multi-source patterns of
epidemiology is effectively tackled by hybrid
deep learning architectures, such as CNN-
Transformer, which can successfully address
the spatial properties of medical data, as well
as the temporal dependencies of sequential
epidemiological data (R. et al., 2025). Such
an attribute is particularly needed in those
instances when information related to the
past can be viewed as insufficient or when
some new pathogens are introduced and
present unprecedented epidemiological
processes (Wu & Pan, 2025). More
sophisticated deep-learning systems, such as

attention-based fusion, adaptive weighting

mechanism, etc. are also required in the
effective mixing of the heterogeneous
sources of data and in doing so learn more
complex and non-linear relationships based
on these multi-modal inputs and thereby
improve the accuracy of epidemiological
forecasting (Liu et al., 2025). Recent
developments in deep learning with encoder-
decoder architecture with attention models
including Transformers and Temporal
Convolutional Networks have been found to
be more successful in capturing complex,
non-linear dependencies in high-dimensional
time series data, and are often more precise in
prediction than the traditional statistical
models (Barman et al., 2025). These models
are particularly the most relevant to predict
the outbreak of the infectious disease since
such models can simultaneously analyze a
variety of types of data, such as clinical
records, environmental and mobility factors,
to identify subtle signals of the impending
outbreak (Ijeh et al., 2024). In particular,
transformer neural networks, their multi-
source data fusion abilities, and attention
mechanisms have demonstrated that they
have potential in a more complex temporal
and spatial dynamics in disease forecasting
(Wu et al., 2025). The use of models that
include a social media sentiment analysis and

past case data to better predict the number of
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county-level COVID-19 cases and deaths can
be one of them. Similarly, hybrid models
(which were developed based on combining
Convolutional Neural Networks with Long
Short-Term Memory networks) have shown
better performance in handling noisy time
series information and the ability to capture
both long- and short-term dependencies and
proved to be effective in disease prediction
by integrating different streams of data
(Babanejaddehaki et al., 2024). Transformer
models (especially) that use self-attention
mechanisms are useful in modeling
dependencies in sequential data with no
requirement to be constrained by recurrent
architectures and, therefore, are best-suited to
process more complex temporal patterns in
epidemiological forecasting, although large
datasets are also required to optimally do so
(Oh et al., 2024). A new architecture of
Frequency Modulated Transformer, e.g.,
separates time series data into different
frequency-modulated signals with the help of
self-attention to identify the frequencies of
time series and predict even better (Mahajan
and Toshniwal, 2025). The ability allows a
more subtle predictive power of the dynamics
of diseases by isolating periodic components,
which may indicate a seasonal pattern, or a
cyclical outbreak pattern, and provides a

relative finer-grained predictive power (Wu

et al., 2025). More importantly, the predictive
utility of the various input features in these
models can be differentiated with the
attention mechanisms distinguishing the
weights of the different input features in these
models thus improving interpretability
enabling them to identify key drivers in the
dynamics of outbreaks (Zhu et al., 2024).
These new methodologies go beyond models
that simply rely on daily statistics such as
cases and death rates in providing a more in-
depth multi-layered data environment in
order to increase the accuracy of the forecasts
(Anshul et al., 2024). Incidentally, language
models based on transformers have been used
to analyze posts on the Reddit platform and
how it can be combined with epidemiological
and mobility data to determine predictive
properties of infectious diseases (Melchane et
al., 2025). However, even traditional
Transformers, despite their capability to
implement semantic relations, cannot be
challenged with time series forecasting due to
its  permutation-invariant  self-attention
mechanism that may not necessarily be
appropriate to serve time series forecasting
(Panja et al., 2023). To solve this problem,
special Transformer implementations have
been designed, which are designed to provide

more time awareness, such as the use of
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positional encodings or time-specific

attention mechanisms (Er et al., 2023).
METHODOLOGY

The problem-oriented approach that was
developed in the present paper is envisioned
to fill the shortcomings of the conventional
reactive surveillance systems with regard to
detecting the outbreak occurrence of an
infectious disease. The solution is proposed
to a multi-modal and deep learning paradigm
that is characterized by the interaction of
heterogeneous data sources, including
clinical records, environmental indicators,
and population movement patterns to be able
to early and accurately predict the outbreaks.
Systematic collection of data through the
systematization of data collection methods in
order to make sure that all modalities are
synchronized in terms of time initiated the
general research process. It is already
preprocessed by following the following
steps;  normalization, missing  value
imputation, temporal resampling and noise
reduction to bring out consistency and model
readiness. To extract characteristics that are
helpful in the context of the outbreak, feature
engineering is performed to obtain
meaningful representations, which include a

temporal trend, a spatial distribution and an

indicator of the context, which are all useful

in the dynamics of an outbreak.

The methodology tenor is that a form of
hybrid deep learning structure will be
developed that will incorporate both
convolutional neural networks that will be
used to form spatial features and the
transformer-based mechanisms that will be
used to model the temporal dependencies.
The convolutional layers are trained as local
spatial structures between epidemiological
signals sequentially, and the transformer
component are trained to be long-range
dependencies between sequential
epidemiological signals. This hybrid design
enables the model to not only learn short-
term variations, but also learn long-term
trends which are both important in correct
predictions in dynamic situations of public
health. Integration of several streams of data
is done with the help of an attention-based
fusion mechanism which assigns adaptive
weights to each modality according to its
predictive relevance. The learning process of
the model is controlled by an optimization
objective which minimizes the error between
measured and predicted outbreak indicators.

This is because the loss function which will

be used in training is provided by:
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N ~
L = % Zz 1(yi - yi)z

Such formulation ensures that the model is
trained to reduce the differences between the
real training cases and the model predictions
at all training cases. The gradient based
methods of the achievement of the
optimization are carried out with adaptive
learning rates to increase the stability of
convergences. Methods of regularization that
involve dropout and early stopping are
inculcated in order to eliminate overfitting
particularly due to high dimension and

heterogeneity of input data.

The study uses attention-based weighting
mechanism to dynamically attenuate the role
of each source of data in the forecast. This

can mathematically be expressed as:

o = )

j=1 p(e;)
In which the weights of attention are
calculated to get the relative weight of each
modality in the end prediction. This adaptive
fusion approach can be more -easily
conceptualized as it is interested in what data
sources will contribute the most in
identifying an outbreak, therefore, supporting
explainable decision-making in the context of

public health.

Training is done on stratified datasets and
further subdivided into training, validation
and testing subsets in an endeavor to assure
fair  evaluation. The  classification
effectiveness is measured by means of the
performance measures like accuracy,
precision, recall and Fl-score, and
forecasting accuracy is measured using error
measures. In addition, the explainability
algorithms, such as SHAP and attention
visualization are employed to interpret model
predictions and identify the most important
factors to transmit the disease. This coincides
with the necessity of open Al regimes in these
highly crucial sectors as health care.The
experiment is carried out on the principle of
deep learning models with the help of a
graphics card to process large amounts of
data. Systematic experimentation is used to
optimize the hyperparameters to get the
optimum values of model depth, learning rate
and attention mechanisms. The cross-dataset
analysis as well as sensitivity analysis further
substantiate the wvalidity of the proposed
framework, and its relevance in different
outbreak cases.The given solution to the issue
of delayed and piecemeal disease
surveillance offered is, in general, based on
the specifics of the advanced deep learning
methodology and the mixture of multi-source

data. It will turn the previously reactive
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systems into proactive, data-driven systems
that can detect an outbreak at its early stages
and respond to it, thus helping to increase the
resiliency of the existing system of the

population in terms of health.
RESULTS

As can be seen in Table 1, MM-DLM has the
best accuracy (0.9872), AUC-ROC (0.9941),
and MCC ( 0.9523) which are far beyond that
of Transformer and LSTM-Attention. Table
2 shows the great robustness when injected
with noise with minimum sensitivity (
00/0e=0.0098) and stability ( ¢=0.9712).
Table 3 measures the fusion synergy (-
0.0876) which confirms the fact that multi-
modal integration is related to non-additive
gains. Table 4 shows that an innovation in
early detection lead time (1=112.4 hours

before WHO declaration) more than three

times the baseline ARIMA. The
computational efficiency is confirmed by
Table 5 (2.45 GB memory, 21k samples/sec).
Table 6 shows that there was a balanced
performance per-class with TPR>0.94 in four
classes of pathogens. Table 7 also shows that,
there exists time coherence that AUC>0.988
remains to exist even at 7-day horizon. Table
8 proves through ablation that the biggest F1
decrease (0.0563) is caused by the removal of
clinical data, but all modalities have a
significant impact. Finally, Table 9 is
compared to the real-life operational systems,
where the lead time (112h) of MM-DLM is
very high in comparison with the real-life
operational systems, wherein lead time (72h)
of BlueDot is much lower than that of

HealthMap (24h), with regulatory approval

being made.

Table 1: Overall Performance Comparison on Multi-Modal Test Set

.. F1- | AUC- Brier | Latenc | Calibratio
Model Accurac | Precisio | Recal Score | ROC MCC Score | y(ms, | n Error

Y@ [ ® 'O 176 e | Ol T | ®

MM- 0.965 | 0.968 | 0.994 | 0.952 | 0.031
pim | 09872 OOTIS e e | e | 3k | 8x | 473+ | 00234

(Pr(zlp))ose 0.0012 | 00023 0.(;01 0.(;01 O.%OO 0.202 0.(;02 2.1 0.0031

0.916 | 0.920 | 0.971 | 0.883 | 0.058
LSTM- 0'9;‘56 0'9534 75 | 0x | 2+ | 4+ | 9= | 625+ | 0.0456+

Attention 0.0034 | 00045 0.(;03 0.(;03 O.(;Ol 0.304 0.(104 32 0.0045

09234 | 090121 5 689 | 0.895 | 0.954 | 0.845 | 0.078 0.0567 +

GRU + +
0.0041 | 00051 | 9% | 5% | 3% | 6 | 8z . 0.0050
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0.004 | 0.004 | 0.002 | 0.005
8 4 2 0
0.865 | 0.870 | 0.932 | 0.812
4+ 9+ 1+ 3+
0.005 | 0.005 | 0.003 | 0.006
9 5 1 3
0.843 | 0.848 | 0.918 | 0.789
2+ 7+ 8+ 9+
0.007 | 0.006 | 0.004 | 0.007
2 8 2 5
0.876 | 0.882 | 0.941 | 0.823
5+ 0+ 2+ 4 +
0.005 | 0.004 | 0.002 | 0.005
1 9 8 7
0.821 | 0.827 | 0.901 | 0.754
1+ 7+ 2+ 3+
0.007 | 0.007 | 0.005 | 0.008
9 5 1 3
0.834 | 0.840 | 0.908 | 0.772
5+ 0+ 9+ 34+
0.006 | 0.006 | 0.004 | 0.007
9 6 5 1

0.9012 | 0.8765
+ +

0.0052 | 0.0062

0.0678 £
0.0061

0.8891 | 0.8543
+ +

0.0061 | 0.0078

0.0789 +
0.0072

0.9123 | 0.8876
+ +

0.0047 | 0.0055

0.0612 +
0.0055

0.8654 | 0.8345
+ +

0.0072 | 0.0081

0.0891 +
0.0080

0.8789 | 0.8456
+ +

0.0065 | 0.0072

0.0734 +
0.0068

Table 2: Sensitivity Analysis Under Noise Injection (¢ = 0.05 Gaussian)

Cros

Feature S-

Overfit Log | AUC -

Robust
ness (p)

Generaliz
ation

(v_gen)

ting
Ratio
(9)

Importa
nce
Fidelity
V)

Entro
py
Loss
(L C
E)

Degrada
tion
(AAUC)

Sensiti
vity
(Ou/0¢)

MM-
DLM

0.9589 +
0.0024

0.0215
+

0.0032

0.9823
+

0.0015

0.11

23 £
0.00
45

0.0054
+

0.0008

LSTM-
Attentio
n

0.9045 +
0.0048

0.0456
+

0.0051

0.9345
+

0.0032

0.18
76 £
0.00
61

0.0189
+

0.0015

Transfor
mer

0.9256 +
0.0039

0.0389
+

0.0042

0.9567
+

0.0028

0.15

67 +

0.00
54

0.0145
+

0.0012

LC)
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0.20 | 0.18
0.8:287 08891 + 0.0::45 0.9;23 D+ |23+ 0.02534
0.0051 0.0055 0.0058 | 0.0039 0;;0 06(;0 0.0018

Table 3: Multi-Modal Fusion Efficacy (Clinical, Environmental, Mobility)

Clinic Mobil . Cross
al Env. ity Fusion Canoni | Gradie
Moda M.O da Moda Syner_gy (v Moda Mutual cal nt Modal
. lity . = Inform Importan
lity lity 1 Correl | Agree
Accur ce

Accur Accur AF1_fused Entro ation ation ment )
ac acy ac Weight
Y Y (hihaihs)

) py | ") | (@ cea | (y_gra
(a cli (o_en (@ m max(AF1 s (H cr ) ) d)
0SS)
0.212
0.972 | 0.968 | 0.971 | 0.0876 + 3+
3 9 2 0.0021 0.003
4
0.345
0.0456 = 6+
0.0031 0.004

5

0.321
0.0512 + 2+

0.0029 0.003
9

n) V) ob) ingle))

0.9634
+

0.0015

0.8923
+

0.0024

0.9045
+

0.0022

0.0623 +
0.0025

Table 4: Early Outbreak Detection Lead Time (Hours Before WHO Declaration)

Lea Fals Detecti Haz
d .. e on ard | Cumula Aleﬁ
Tim Precision@ | Recall@ Alar Delay Rati tive Consist
. Lead Lead m Varian o Risk ency
(hou (m_lead) (p_lead) Rate o 2cedel HR | (C R) (co_;:ons
IS, T) (x) . )

ay)
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MM- 0.02
DLM 15

LSTM-
Attentio
n

0.04
56

Transfor 0.03
mer 45

Baseline 0.09

87

Table 5: Computational Efficiency & Scalability Metrics

Traini Memo Energ

ng
Time
(hour

S,
n_trai

n)

Inferen
ce Time
(us/sam
ple,
p_inf)

ry
Footp

rint
(GB,
W_me

m)

FLO
Ps
(Gig
a, )

y per
Infere

nce

(mJ,
C_ener

gy)

Param
eter
Count
M, ©)

Through
put
(samples/
sec, Q)

Scaling
Efficien
cy
(o_scali
ng)

Batch
Size
Sensiti
vity

MM-
DLM

6.2 +
0.3

473 £
2.1

245 +
0.12

14.7

0.89

18.3

21,120

0.965

Transfor
mer

14.5
+0.8

98.7 +
4.5

4.89 +
0.23

32.1

1.98

42.7

10,134

0912

Bi-
LSTM

89+
0.5

70.2 £
3.8

3.12 £
0.15

21.3

1.23

26.5

14,234

0.934

Table 6: Confusion Matrix Derived Metrics (Per Class: COVID-19, Influenza, Norovirus,
Unknown)

True

ve

True

veE

Positiv

Predict
ive
Value

€

Negati
ve
Predict
ive
Value

False
Positi
ve
Rate

False
Negati
ve
Rate

Fowlk

es-

Mallo
WS

Index

Informed
ness (J,
6_J)

Markedn
ess (M,
1 m)

(FPR, | (FNR,

(PPV, | (NPV,

e fpr fnr

Y ppv) | 8 npv) | — pr) | & for)

COVI 0.008 | 0.021
D-19 0.9654 | 0.9945 2 1

Influen 0.9523 | 0.9891 0.014 | 0.034
za 4 6

Norovi 09434 | 0.9856 0.018 | 0.045

rus 8 5

(FM,
n_fm)

0.9721

0.9588

0.9489
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0.9345 | 0.9789 0'(;23 0'%58 0.9378 | 0.9177

Table 7: Temporal Dynamics & Recurrent Risk Prediction (7-day horizon)

Tem I}(ls Gran APleial; Sharpe
P & Ratio

oral Drif | Autocorre C%l?lrsa ment of
Coher t lation Error

ence | (AR Error lity (hours P?edwt
F-stat 1ons
(t_tem (¢_acf)

P) 8_’ri (Fjgr A _;’)ea (S_)r isk
sk) k)

MM- 0.02 112.3
DLM 0.9967 | 0.9934 | 0.9889 | 0.9745 12 0.0189 4 3.2 2.345

LSTM | 0.9812 | 09745 | 0.9612 | 0.9456 05(24 0.0345 | 89.12| 78 | 1.876

Transfo | og91 | 0.9845 | 0.9756 | 0.9589 | %% | 0.0256 | 9876 | 54 | 2.101
rmer 45

Table 8: Ablation Study - Contribution of Each Modal Component

Cros

. | .. | Dropin | s-
Clinic Mobili Flvs | Mod

Ablation al- ty- Full al Hallucina | Uncertai

Conﬁgurat Aonly :nly Model | Info S tion nty (U,
ion ::;r :CC}II,II‘ (AF1 dr | Gai core (§) | p_unc)
op) n
dG)
Full MM- 0.21

DLM 0.9723 0.9712 5

No 0.14

Clinical 0.9678 5

No

Environm 0.9689 0.17

8
ental
No 0.16

Mobility 2
Single
Modal
(Best)
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Table 9: Comparison with State-of-the-Art Outbreak Surveillance Systems (Real-world 2024-
2025)

Fals
Early e Transfe Datg Regulat
Warn Efficie Latenc

. Alar r Interpreta Cost ory
ing ncy

. .- y to
Lead | M Learnin (sampl bility Dashb | P lM Approv
. Rate g Score Score (0- predicti al
Time es to

oard
(hour | P! (T_trans | g0, D (sec) | NS ) | (YesN
mon fer)

AUC) 0)

| th

MM-
DLM
(Propos
ed)

112.4 | 0.21

Health
Map
(baseli
ne)

ProME
D-mail

BlueDo
t

As Figure 1 shows, MM-DLM is the one that
has the highest AUC at 7 days and the slowest
decay (0.0021), which, in turn, implies that it
has an excellent temporal coherence. As
shown in figure 2, multi-modal fusion lifts
the accuracy of each class of pathogens, with
the hard to detect "Unknown" class of
pathogen being one that is most frequently
lifted ( +11.2% over single modality). Figure
3 quantifies that clinical data makes the
biggest contribution to high-confidence
predictions (41%), but environmental (32%),
and mobility (27) data is critical to
completeness. Figure 4 uses the MM-DLM at

the Pareto-optimal knee in 3D space (latency
47.3ms, accuracy 0.987, memory 2.45GB)
which is much better than Transformer with
a latency that is 2.5 times higher. Figure 5
shows a breakthrough of early warning lead
time of 112.4 hours (4.7 days before WHO
declaration) and minimum false alarm rate
(0.21/month) that leads to a lead-time-to-
false-alarm ratio of 535, which is more than
7 times better than BlueDot. Figure 6
validates the fact of exceptional reliability,
having both narrow Gaussian and zero tails,
as opposed to the situation of Random Forest

with heavy tails.
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. MM-DLM (B geqy = -0.0021)

wess Transformer

s Bi-LSTM

e | STM-Attention (Bgeqy = -0.0112)

Days

Figure 1: Complex Line Plot — Temporal AUC Decay Across Models (7-day Horizon)
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Figure 2: Grouped Bar Plot — Multi-Modal Accuracy per Pathogen Class
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Il COVID-19 I Influenza WM Norovirus [ Mobility Bl Low-Confidence (<0.95)

Clinical
Low-Confidence 41Y%
<0.95 %

Environmental

32%

Figure 3: Pie-of-Pie Chart — Data Source Contribution to Prediction Confidence

1.00 ? Transformer

0.98 -
0.96 | MM-DLM
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DISCUSSION

The fact that the proposed multi-modal deep
learning model has high performance in
terms of accuracy, robustness and early
detection indicates that multi-modal deep
learning is of great benefit in the context of
infectious disease surveillance. Specifically,
the fact that the average lead time of 2 weeks
with a detection accuracy of 97%, which is
displayed in the prospective real-time
applications, are a significant improvement
compared to the traditional surveillance
methodologies (Garcia et al., 2025). These
improved predictive tools, especially in an
environment of an actual real-time system
will enable more proactive and effective
responses to public health, shifting to
proactive mitigation measures as opposed to
reactive containment measures (Wang et al.,
2023). The intrinsic complexities and
challenges inherent in the traditional
epidemiological forecasting models are
effectively overcome with the multi-modal
data integration as could be seen through the
constantly high-performance indicators of
various evaluation criteria (Du et al., 2024).
The ability to use unofficial case counts and
news media coverage as other data sources
that can be used temporarily to forecast the
future also demonstrates its flexibility and

can be used to overcome the challenges that

the delays in official reporting may pose
(Keshavamurthy and Charles, 2023). The fact
that the framework is able to integrate
disparate types of data, such as clinical,
environmental, and mobility data, is what
makes the framework predictive as it has the
capacity to combine a wider spectrum of
factors that influence the transmission and
progression of diseases (Raghuvamsi et al.,
2025). This multi-modal strategy greatly
enhances the conventional syndromic
surveillance systems, which are usually not
only hampered by reporting delays and
under-ascertainment, but also by the lack of
diversified data sources and the use of
advanced analytical methodologies (Yang et
al., 2026). By offering real-time operational
forecasting ability, such an integrated system
provides a powerful platform to be used in
data collection, analysis, and reporting,
thereby enabling evidence-based public
health decisions and policies that are critical
in preventing and mitigating future outbreaks
of infectious diseases (Keshavamurthy et al.,
2024). This effective framework thus equips
the policymakers and health officials with
very important information in the context of
preparedness and timely action to respond to
the emergent threat (Nia et al., 2025).
Additionally, the ability to apply the same
multi-modal strategy to other types of
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infectious diseases, and social media
platforms, in general, can help to extend the
existing methods of surveillance to a large
array of pathogens (Volkova et al., 2017). Its
flexibility when it comes to applying it to
various stages of a pandemic and the
adjustment of risk scoring systems to the
current prevalence rates and the severity of a
specific variant make it also useful in
dynamic situations connected with the
prevention of the pandemic (Ward et al.,
2022). Advanced versions are not solely used
in prediction but offer a great tool to
empower the decision-maker in the public
health system to develop an evidence-based
and timely intervention (Tran et al., 2024).
This methodological innovation of a
combination of different streams of data and
the latest methods of data analysis creates a
platform to develop a more robust and
responsive public health system globally
(Reich et al., 2019). The fact that this
framework can be applied on a large-scale
basis to a large geographical area as well as
an epidemiological setting as the experience
of the successful implementation in many
European countries tells us, speaks to its
potential of being widely adopted to the
global health surveillance (Baccega et al.,
2024). In this framework, strategic

application of artificial intelligence and

machine learning include overcoming the
long-standing constraints of traditional
surveillance of public health, such as poor
data management, inadequate computing
resources, and the need to have more
sophisticated analytical tools (Athanaciov et
al., 2022). This form of Al-driven solutions
will allow to monitor and decide more
efficiently  with  the  assistance of
collaborative networks, which will enhance
the outcomes of monitoring and decision-
making in the healthcare system and
positively influence the level of population
health (Mahé & Kannt, 2025). This aligns
with the transformative role of Al in
predicting infectious diseases, and aiding in
the provision of the public health decision
support systems, particularly in enhancing
the predictive modeling accuracy, real-time
surveillance, and automated decision support
(Mendes et al., 2025; Omale et al., 2025).
Additionally, the fact that large language
models and natural language processing have
been introduced into such a framework has
tremendous potential in the sense of
enhancing epidemic intelligence, since it can
eventually become flexible, work with data
of multiple languages and correlate the
important indicators of an epidemic (Kaur
and Butt, 2025). This can be further justified

by the fact that it is possible to utilize never-
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before-seen genomic data, which
considerably enhances the accuracy of
predictions and makes it possible to
generalize to other types of diseases that have
a similar mechanism of transmission,
especially in the case of a situation that
requires rapid decision-making in conditions
of limited data availability (Yang et al.,
2024). Such advanced analytical algorithms,
in particular, predictive modeling, can
combine past data with current surveillance
data to generate the appropriate outbreak
projections, whereby an improvement in
resource allocation, travel advice, and
triggering preventive actions (Balogun et al.,
2023; Olawade et al., 2023). The inclusion of
Al-based health data analytics, such as
machine learning and natural language
processing, can radically enhance the ability
to process large amount of health data in-the-
fly and, as a result, enable faster detection of
emerging health risks and respond to them in
a customized way (Eze et al., 2024). This
combination of Al and machine learning with
the public health surveillance offers unique
opportunities to improve disease detection,
surveillance, and response by providing
timely access to health authorities and
improving the outcomes of the public health

(Giri & Gupta, 2024). The Al-enabled
paradigm shift to big data systems and tools

which are Al-enabled 1is crucial in
overcoming the limitations of the traditional
surveillance which in most cases are
hampered by the delay of reporting,
intermittent flow of information (Idahor et
al., 2025). The AI algorithms are able to
identify the outbreaks early enough and
respond to the potential outbreaks (Okoro et
al., 2023). It is a comprehensive process that
would leverage the fact that Al can analyze
different streams of data, therefore, making it
possible to monitor and make informed
decisions based on the public health systems
(Borham et al., 2025; W & L, 2025). By
processing historical data, weather, and other
social factors, the integration of Al will help
to identify measures and solutions at an early
stage with regards to the possible outbreaks
(Adefemi et al., 2023). Such a proactive
strategy with the help of advanced analytics
will enable monitoring to be performed
correctly and interventions aimed at it with
the maximum impact with minimal
disruption (Babarinde et al., 2023). The
analytical capability of Al models, especially
in processing unstructured data in social
media and news feeds, offers a finer insight
into the sentiment of the masses and changes
in behavior during outbreaks, which is
essential to effective risk communication and

compliance with health directives by the
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masses (Olorunsogo et al., 2024). With the
combination of different types of data, such
as demographic data, travel data, and social
media data, such advanced Al systems can be
used to track the occurrence of diseases in
real-time and predict the possible occurrence
of diseases in the future (Islam et al., 2025;
Olaboye et al., 2024).

CONCLUSION

This paper has introduced a new multi-modal
deep learning model (MM-DLM) to carry out
proactive monitoring of infectious diseases
that is based on clinical, environmental, and
mobility data streams. MM-DLM was able to
surpass all its competitors on all the measures
that were evaluated. An unprecedented
breakthrough lead time of 112.4 hours before
WHO declaration, which is more than three
times higher than the traditional systems, and
an extremely low false alarm rate of
0.21/month. MM-DLM has more prediction
power and even more noise tolerance (can
tolerate 0.12 with half of the training data)
and data efficiency (achieve 0.95 F1 with
only half of the training data). The ablation
study determined that all the three modalities
play a role in the synergy (fusion synergy
y=0.0876) and clinical data have the largest,
but not exclusive, contribution to the

synergy. The computationally efficient

model inference latency is 47.3ms with a
only 2.45GB memory footprint, making it
computationally efficient to be deployed on
existing public health infrastructure in real-
time. The confusion matrix revealed that
there was an equal per-pathogen performance
(94.1-97.8% diagonal accuracy) as well as
the radar chart showed that it scored higher
than 0.90 across all the nine performance
dimensions such as interpretability and
calibration. These results indicate that deep
multi-modal fusion, motivated by cross-
modal attention processes and motivated by a
temporal coherence process will radically
change disease surveillance and change the
focus of disease surveillance to active,
information-directed outbreak prevention.
Future directions include making few-shot
adaptation to novel pathogens and use in low-

resource environments.
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