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Abstract—In 2017, the largest recorded dengue outbreak in
Sri Lanka’s history occurred. Since then, dengue has continued
to threaten national health across Sri Lanka. The development
of an effective Early Warning System (EWS) for dengue out-
breaks is essential for Sri Lanka’s Ministry of Health to take
preventative measures. We propose the use of Graph Neural
Networks as EWS. Using earth observational data from NASA’s
global satellites and dengue incidence data from Sri Lanka’s
Ministry of Health, we developed a series of traditional and
graph representation EWS to forecast Dengue cases across Sri
Lanka’s 25 districts between 2013 and 2022. We demonstrate
empirically that Graph Neural Networks which incorporate spa-
tiotemporal relations significantly outperform traditional EWS
such as Autoregressive Integrated Moving Average (ARIMA),
Random Forest, and Long Short-Term Memory (LSTM). Our
source code is available on GitHub and will be provided in the
final submission.

Index Terms—Disease Forecasting, Bioinformatics, Graph Neu-
ral Networks

I. INTRODUCTION

In 2017, the largest recorded dengue outbreak in Sri Lanka’s
history occurred. Over 186,000 dengue cases and 440 deaths
were reported that year (1). Dengue spread throughout Sri
Lanka using mosquitos as their vector, despite the govern-
ment’s attempts to spray mosquito breeding sites and use
chemical fogging to kill mosquitoes (1). This was not a one-
off event either. Historical dengue case patterns in Sri Lanka
display alarming growth from the 2000s to the 2010s (2).

As dengue continues to worsen in Sri Lanka, additional
preventative measures are required. An Early Warning System
(EWS) which seeks to predict future dengue cases using
historical data could help the government increase vector miti-
gation weeks before outbreak events. A review of EWS which
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monitored many mosquito-borne diseases such as malaria
and dengue showed promising success rates (3). The review
showed almost all EWS used weather patterns as a predictor
for dengue outbreaks (3). Analysis of Sri Lanka’s historical
records displayed a positive correlation between dengue cases
and rainfall patterns on the island (2; 4).

Ground cover can also be used for improved prediction.
The use of landscape features and vegetation indices have also
correlated with dengue cases (5). Factors such as Normalized
Difference Vegetation Index (NDVI) had a negative correlation
with dengue outbreaks, suggesting heavy urban areas with
little vegetation create a dangerous environment suited for
dengue outbreaks (6). Additional research of dengue across
the globe suggests socioeconomic factors such as population
density and human mobility affect dengue outbreaks in cities
and across municipality borders (5; 7). Previous EWS for
dengue which included human mobility resulted in increased
outbreak prediction (8).

Problem Novelty. Existing works mostly view EWS as
a time series prediction problem where the features (prior
rainfall, ground cover, etc.) are used to predict dengue out-
breaks in the next time period within a single region. Prior
work has not explicitly modeled the spatial aspects of disease
spread, which for vector borne diseases can be a significant
factor. One reason is that data for application of spatial
models is not readily available. We propose to add the spatial
dimension to the disease modeling problem within a Graph
Neural Network framework, with the graph being defined
by the spatial connectivity of the region. That is, our work
frames the traditional singular time series with proxy variables
forecasting task as a multiple correlated time series graph



problem. With this change in problem definition, one can
expect to see changes in the most suitable models.

Contributions. The contributions of this study are summa-
rized as follows.

o We gathered meteorological, epidemiological, and socio-
economic data over multiple spatial regions (GIS-
polygons with a spatial resolution of approximately 500
square miles per polygon). Hence, we develop (and make
available to the research community) a novel disease
data set that has aligned meteorological, epidemiological,
socio-economic and spatial features.

+ We develop a robust EWS for disease that we apply to
dengue in Sri Lanka. The model can be applied to any
disease setting where the data is available.

o We compare traditional machine learning models to state-
of-the-art graph network models that monitor human
mobility between Sri Lankan counties.

e One conclusion from our results is that models which
incorporate spatial correlations between the polygonal
regions (as with our Graph Neural Network models)
outperform models which predict independently on each
GIS-polygon. That is, it is important to use meteorolog-
ical, epidemiological, and socio-economic data in one
GIS-polygon to influence the prediction in neighboring
polygons. This spatial graph structure can easily be
accommodated within a Graph Neural Network model,
which motivates our choice of model.

This paper will flow step-by-step in the process of developing
these models. We will begin by discussing research relating to
statistical and machine learning models used in EWS, and our
proposed graph network models. Next, we will mathematically
define the EWS problem statement. We then discuss the
methodology used to create our organic data, what data we
collected, and where the data was gathered from. Analysis
on our collected data will be discussed. Afterward, each of
our ML model’s architectures will be explained alongside our
performance evaluation criteria. Finally, we will show our
model’s results and discuss what they suggest with regards
to the future of EWS for dengue and disease forecasting.

II. RELATED WORKS

Traditional EWS. Traditional models used for time series
forecasting such as Autoregressive Integrated Moving Average
(ARIMA) (9; 10; 11; 12; 13), Support Vector Regression
(SVR) (14; 15), Random Forest (16), Extreme Gradient Boost-
ing (XGBoost), LASSO Regression (14), Artificial Neural
Networks (ANN) (15; 17), Auto-Regressive Neural Networks
(ARNN) (18), and Long Short-Term Memory (LSTM) (16; 19)
have been widely applied across both disease forecasting and
similar problems. They are used both standalone as explored
in (20) and (21), and as hybrid methods. In particular, (22)
uses a joint Attention and LSTM method for forecasting
traffic speeds, (23) uses a joint ARIMA and LSTM model,
(24) uses LASSO Regression, (25) uses ARIMA, (19) uses
SVM and LSTMs, (16) uses Random Forests and LSTM, (26)
uses a Poisson multivariate regression model, and (27) uses

LSTMs. ARIMA in particular is the most commonly used
model for dengue forecasting problems as it allows lagged
meteorological attributes to serve as covariates to historical
dengue data (28).

Traditional EWS Limitations. These traditional ap-
proaches are often used with respect to data that inadequately
account for spatial relations that are inherently present in
disease forecasting problems. Another common issue is the
lack of high resolution disease data, which results in many
papers adapting the forecasting problem to a more trivial
outbreak classification task rather than a regression task. (29)
uses raster data that accounts for the temporal nature of
the data, but only in a single location, and is framed as
a classification task. (30) gathers data from 5 districts of
Malaysia, but independently creates an outbreak variable for
each district without accounting for inter-district causality and
is also a classification task. Likewise, (28) gathers dengue data
across Colombia over a 4 year period but pools all dengue
cases in their country-wide model and evaluates each district
individually in their district models.

Graph Representation Learning. In recent years, an
emerging direction for multiple-correlated time series forecast-
ing solutions are the applications of Graph Neural Networks
(GNNs). GNNs and their derivatives have been remarkably
successful for problems similar in nature to disease forecasting
such as traffic speed forecasting (31), water demand forecast-
ing (32), and west nile virus forecasting (33), where spatial
attributes are a huge factor of future trends alongside temporal
attributes.

Some novel graph-based approaches include Graph Atten-
tion Networks (GAT) (34), Diffusion Convolutional Recurrent
Neural Networks (DCRNN) (35), Diffusion Convolutional
Networks (DCNN) (36), Gated Attention Networks (GAAN)
(37), Graph Embeddings (8), Spatio-Temporal Graph Neural
Networks (STGNN) (38), Spatio-Temporal Graph Attention
Networks (STGAT) (39), Attention-Based Spatio-Temporal
Graph Convolution Networks (ASTGCN) (40), Two-Stream
Adaptive Graph Convolutional Networks (AAGCN) (41), and
Temporal Graph Convolutional Networks (A3TGCN) (42).
Enhancements to these GNNs include optimizations to learn-
ing spatial convolutions (43), better adaptive paths (44), and
edge featured graphs (45).

We believe that the graphical and temporal structure of
dengue data will be better captured through graph representa-
tion learning and explore the effectiveness of applying these
spatio-temporal GNNs as an EWS in disease forecasting in
comparison to traditional models.

A. Problem Statement

Correlated Time-Series Data. Consider a problem where
we are provided with spatio-temporal data across a country
with N regions. The state of the i-th region can be represented
as a time series

TS = <m§i),x;i), ...,J:@)



across t time-steps, where :v;Z) is a K-dimensional vector
representing K features (e.g. Disease Cases, Precipitation) at
time j. The relationship between regions is represented as an
adjacency matrix A € RVXV,

The goal represented as a regression task is to predict the
future status of disease cases across all N regions given the
historical statuses of all regions. Formally, we use a window
of historical data covering [tj41,¢;4;] consisting of / time-
steps to predict the future disease cases across the window
[tj+141,tj+14p) With p time-steps, that is, p-step ahead fore-
casting.

B. Models

We considered standard time-series models as well as
spatio-temporal graph neural network models.

C. Baseline Time Series Models

We selected five Baseline EWS Models to benchmark our
GNNs against: ARIMAX, Random Forest, XGBoost, Auto-
Regressive Neural Networks (ARNN), and LSTMs, which
are commonly used for disease forecasting (46; 47; 48; 49).
The first model we explored was ARIMAX, which is then
applied individually to each of the 25 districts to account
for regional variability. We determined the optimal parameter
configurations as ARIMA(1, 2, 3) through iterative testing.

Our findings indicate that ARIMAX consistently outper-
formed SARIMAX, the seasonal variation of ARIMAX. This
superiority is likely due to Sri Lanka’s equatorial climate,
which does not exhibit extreme seasonal changes. The second
model we attempted was LSTM. We configured our model
with a single hidden layer consisting of 50 units and with
a window size of three. The model was then trained on
normalized features using MinMaxScaler on the first 70% of
the data, with the remaining 30% reserved for testing. The last
baseline model we attempted was Random Forest. Our model
was instantiated with 100 decision trees and trained on the
70% of the data as usual.

The result of MAE and RMSE are displayed in (table) where
the ARIMAX approach outperforms LSTM and Random For-
est. We will delve into more sophisticated GNNs to further
improve our dengue forecasting capabilities.

D. Spatio-Temporal Graph Neural Networks

Model Selection. We selected five spatio-temporal Graph
Neural Networks including ASTGCN (2019) (40), A3TGCN
(2020) (42), STGAT (2019) (39), DCRNN (2018) (35), and
AAGCN (2019) (41). While these models are slightly dated,
it is important to note that they still achieve near state-of-
the-art results on either the METR-LA (35) traffic forecasting
dataset, the PEMS-BAY traffic forecasting dataset, or in their
own domains, i.e. AAGCN in action forecasting, while being
generic enough to adapt them for our disease forecasting
dataset. Due to the similar structure of the two datasets, we
believe that successful traffic speed prediction models can
achieve similar results on disease data.

Training Details. We train Random Forest and XGBoost
out-of-the-box from scikit-learn. ARIMA is trained using

statsmodel, and ARNN is trained out-of-the-box using Neural-
Prophet (50). LSTM was trained with a hidden dimension of
64 and a dense layer. We implement ASTGCN, A3TGCN,
STGAT, DCRNN, and AAGCN using PyTorch Geometric
Temporal (51). Our GNNs are trained on an AMD Ryzen 5
PRO 4650U CPU using the Adam optimizer with a learning
rate of 0.00001 and a weight decay of 0.000001. ASTGCN is
trained with 2 blocks and a filter of 64, DCRNN, A3TGCN and
STGAT are trained with a hidden dimension of 64. AAGCN
is trained out-of-the-box from PyTorch Geometric. We use a
batch size of 1 to prevent over-fitting, a window of 3 past time-
steps, and predict a window of 3 future time-steps. Our graphs
plot the prediction from the first time-step of the 3 predicted
time-steps in each window. We use the standard 70/30 split
for train and test data.

III. DATA COLLECTION

Data Source Aggregation. We benchmark our models on
a disease dataset from (52) consisting of weekly disease cases
measured weekly across each of Sri Lanka’s 25 districts. We
also incorporate satellite data consisting of precipitation, hu-
midity, land surface temperature, temperature, and land canopy
cover from NASA EarthData’s meteorological data. Using a
district demarcated shapefile of Sri Lanka from the GADM
database of Global Administrative Areas (53), we spatially
join the two datasets based on latitude and longitude, then
temporally aggregate the data to match the weekly resolution
of the disease data. We save the mean, minimum, and maxi-
mum values of the satellite data over the aggregation period
as features. Due to a lack of travel data between districts, our
adjacency matrix is organically built independently by each
member of the team based on district distances and cross-
validated to produce a more accurate matrix.

Adjacency Matrix of Sri Lanka's Districts
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Fig. 1. Our organic adjacency matrix plotted across a GIS polygon of Sri
Lanka’s districts.

IV. DATA ANALYSIS

Before the ML models were trained, exploratory data anal-
ysis was performed on the weather features and dengue case



Correlation Matrix for Colombo
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Fig. 2. Correlation matrix of meteorological features with dengue cases 10
weeks in the future. The data used is from Colombo.

data. The weather data was abstracted to weekly minimums,
maximums, and averages for each variable available. The
weather variables included rainfall, temperature, humidity,
NDVI, and other metrics related to dengue and mosquito
populations. Additionally, some social variables were added,
including district population.

Correlation between dengue cases and the features were
taken. Additionally, correlation when cases are 10+ weeks out
was taken. This is because long-term temperature and rainfall
changes have been shown to affect dengue (54). To see if this
was the same in Sri Lanka, the correlation for cases 10 weeks
in the future was included.

The dengue case to weather correlation increases when out
10 weeks, which is an indicator that the features should be
delayed by several weeks to improve prediction. The number
of weeks to delay each feature was analyzed by checking
the correlation with dengue 1 to 25 weeks into the future.
The rainfall features were found to have the biggest change
in correlation. All precipitation was shifted back 12 weeks.
Minimum NDVI was shifted 17 weeks back and Mean canopy
surface water was shifted back 12 weeks.

Coreltion v Shift Amount

Fig. 3. Correlation of variables with all dengue cases across all districts. The
absolute value of the correlation was plotted.

V. EXPERIMENTS
A. Dataset

We conduct experiments on our Sri Lanka Dengue dataset
from (52), which consists of Sri Lanka’s 25 districts, each
with weekly precipitation, land surface temperature, air tem-
perature, vegetation, humidity, and land cover data aggregated
across hourly, three hourly, and daily time resolutions between
2013 and 2022. We additionally average measurements taken
across various points within a district due to the lack of high
resolution disease case data. Our goal is to predict the disease
cases count in all 25 nodes across the next 3 time-steps given
the past 3 time-steps.

Additionally, we repeat the procedure above using a time-
shifted dataset based on peak feature importance metrics.

Random Forest Forecasted Results for Kalutara
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Fig. 4. Forecasting results of the best performing baseline and GNN in
Kalutara. One concludes that using the spatio-temporal approach produces
impressive predictions of future dengue cases.

VI. STATISTICAL SIGNIFICANCE

We evaluate our GNNs using Time-Series (Rolling) Cross
Validation as an alternative to K-Fold Cross Validation to avoid
K-Fold Cross Validation’s forward-looking problem with time-
series data. Our Rolling Cross Validation is rolled across 5
segments consisting of 60%, 70%, 80%, 90%, and 100% of
the data. Every GNN is reinitialized at each segment, and each
segment is split into train and test sets following a 70/30 split.
Since rolling cross validation does not incorporate the entire
dataset in each of its splits, we also measure the performance
of the models on the full dataset.

VII. RESULTS

Baselines and Metrics. We evaluate our models using Mean
Absolute Error (MAE) and Root Mean Squared Error (RMSE),
where a lower error is indicative of better performance.
From the table, we see that GNNs consistently outperform
the baseline in this dataset in both cross validation and no



TABLE I
MODEL ERROR COMPARISON WITH THE BEST RESULTS IN BOLD.

Cross Validated

Full Dataset

Model MAE RMSE MAE RMSE
Shifted Dataset

ARIMA 168.37 + 187.86  189.22 + 181.52  133.41 142.22
Random Forest 48.91 +11.95 84.66 4+ 19.22 34.52 64.42
XGBoost 53.89 + 10.76 95.22 + 17.22 40.77 75.44
ARNN 82.46 + 16.67 106.83 4 26.14 56.38 70.16
LSTM 81.19 +17.95 131.36 + 30.81 49.19 81.88
DCRNN 45.98 +2.34 71.61 £+ 2.56 26.20 36.30
STGAT 25.38 +1.37 44.78 + 2.26 22.28 42.65
AAGCN 41.93 +1.11 55.83 +1.98 39.27 49.20
A3TGCN 34.03 +1.10 58.52 + 1.87 18.65 30.55
ASTGCN 33.68 +19.85 47.72 £ 18.12 20.62 32.41
Unshifted Dataset

ARIMA 105.11 + 86.63 133.35 + 82.70 275.70 284.18
Random Forest 65.58 + 12.44 108.32 +29.04 49.44 67.02
XGBoost 86.91 + 39.76 114.06 + 43.78 161.29 169.34
ARNN 111.87 + 63.15 159.28 + 51.62 123.72 134.49
LSTM 68.95 + 25.91 92.57 + 48.35 57.93 69.02
DCRNN 45.72 +2.78 70.82 + 2.85 43.54 65.32
STGAT 25.20 + 1.04 44.35 £+ 2.04 24.68 42.85
AAGCN 40.44 + 0.69 53.90 + 1.07 40.39 52.90
A3TGCN 33.53+1.23 58.13 + 2.15 31.28 54.04
ASTGCN 33.08 + 15.58 46.54 + 13.70 27.52 39.99
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Fig. 5. Plots of the baseline model predictions and the graph model predictions
in the top and bottom plots respectively. Predictions are for the test data of
Colombo.

validation on both the shifted and unshifted datasets, with
STGAT performing the best in cross validation and A3TGCN
performing the best without. ARIMA receives a significant
boost in performance after the shifting of data, which is ex-
pected given that ARIMA excels at capturing auto-correlation,

which is boosted by lagging the data. Notably, the shifting of
the data on average improves the full dataset prediction results
and keeps the cross validated results the same, with ARIMA
and LSTM experiencing an improvement in Cross Validated
results but an increase in full dataset errors.

Analysis The results show that on average, the baselines
achieve an average RMSE of 70.65 on the shifted dataset
and 144.81 on the unshifted dataset. In comparison, spatio-
temporal GNNs achieve an average RMSE of 38.22 on the
shifted dataset and 50.62 on the unshifted dataset. This means
that on average, GNNs were 32 and 94 cases closer to the
actual dengue cases than the baselines on the shifted and
unshifted datasets respectively. One can observe that there is
a consistent improvement from using spatio-temporal GNNss,
supporting the main idea that GNNs that incorporate both
spatial and temporal relations are better suited for EWS.

Modeling Challenges. At some predicted time-steps, the
predictions in one district is greatly influenced by the cases
of neighboring districts, even if the disease was not spread
in actuality, causing abnormal spikes in some of the test
predictions. This is one inherent flaw of using GNNs. In an
ablation study, the models performed better without surface
temperature data, and some models such as DCRNN per-
formed better when using only the disease case data, which
we attribute to DCRNN being designed for METR-LA, which
is a single-featured dataset, while our dataset has 20 features
at each time-step.
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Fig. 6. Focusing on the spatio-temporal model A3TGCN, we show prediction
results for four districts in Sri Lanka. Each district is one GIS-polygon in our
model. One observes that the EWS model gives impressive prediction curves.

VIII. LIMITATIONS

Locality. For our research, we consulted with a Sri-Lanka
based epidemiologist to make the assumption that the average
time-frame between Dengue infection and diagnosis is a 3
week period, hence we use a window size of 3 and 3-step
ahead forecasting. We additionally measure feature importance
across multiple time-steps to determine the optimal shift for
each feature. We also conduct an ablation study to determine
which features should be included in each model. However,
these shifts and feature importances will vary across regions,
and transfer learning on these problems may not be able to
capture these changes.

Data Resolution. Another limitation is the scarcity of high
resolution disease case data, both temporally and spatially.
Due to disease case data being tallied weekly in Sri Lanka,
the temporal resolution of our dataset is limited to weekly
aggregated features. Consequently, we only have slightly over
6000 time-steps in our Sri Lanka dataset, and some models
may have trouble learning from such a small dataset. Addi-
tionally, disease case data is only reported per district, and
as a result, spatio-temporal features needed to be aggregated
geographically as well. Consequently, our graph contains only
25 nodes while METR-LA, for example, contains 207, which
can negatively impact GNNs that rely on geospatial features
or graph convolutions. Looking forwards, we emphasize the
importance of collecting high resolution, secure, and accurate

data that will bolster the training of GNNs.

Data Availability. As an organically produced dataset of
its own kind, we were unable to find similar spatio-temporal
datasets to benchmark the robustness of our results on other
datasets. This is an aspect that should be explored in future
research, but is a clear limitation that cannot be addressed at
this time. Supposing that there was such data, we believe that
the major differences between that data and our data would
be in the graph structure, seasonality, and environmental fea-
tures, all of which can be captured by spatiotemporal GNNs.
Hence, we believe that our work effectively demonstrates the
possibilities that spatio-temporal GNNs bring to EWS.

Another limitation with data availability is that dengue in-
cidence rates are influenced by a wide range of environmental
factors, some of which are rarely measured, The economic
landscape and poverty level of the region, for example, is
a big influence that we were unable to find a suitable data
source for. We also had to use a trivially built adjacency
matrix instead of a highly detailed and accurate representation
of the relationships between Sri Lanka’s districts due to a
lack of transportation data between districts. We believe that
with the incorporation of such economic data, geographical
relationships, and more time-steps, GNNs will be able to
achieve state-of-the-art results as a robust EWS for dengue.

Compute While GNNs have been shown to perform better
within the problem definition of the paper, it is important
to note that GNNs are much more computationally intensive
compared to traditional methods. This may be a limitation
when there is extremely high resolution spatiotemporal data,
i.e. hourly cases within the United States.

IX. CONCLUSION

In this paper, we approached the development of an EWS
using both traditional machine learning models and innovative
graph representation techniques. Our paper seeks not to intro-
duce novel methods for disease forecasting, but evaluates the
effectiveness of a novel representation of dengue forecasting
as a correlated time series problem that enables us to leverage
spatio-temporal graph representation learning used to achieve
state of the art results in problems of similar nature such as
traffic forecasting. We demonstrate that spatio-temporal Graph
Neural Networks consistently outperformed their traditional
counterparts as measured by MAE and RMSE. We also show
that shifting features based on feature importance can have
a nontrivial effect on forecasting results. The best-performing
model was A3TGCN with an MAE of 18.65 and RMSE of
30.55 on our shifted dataset. Looking forward, we plan to
apply this approach to analyze dengue data from Brazil, using
the same dataset as referenced in our earlier work (52), with a
more in-depth ablation study. The preprocessing and training
code developed during this project has been designed for easy
adaptation to other similar datasets on dengue, which could
facilitate broader applications and enhance predictive accuracy
in future implementations.
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