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Abstract. We propose a machine learning model to predict dengue out-
breaks 2 weeks ahead in Sri Lanka. In this work, we use support vector
regression with human mobility as an input feature in addition to other
input features such as past dengue cases, temperature, rainfall and vege-
tation index. Human mobility is derived using historical pseudonymised
mobile phone call detail records (CDR) from multiple mobile phone op-
erators in Sri Lanka. We also show that human mobility contributes to
the spread of the disease even in dengue endemic regions. A genetic algo-
rithms based approach was integrated to the training phase of our model
to select the best feature combination out of more than 70 input features
that were derived after performing feature engineering. As compared to
a stand alone support vector regression, our approach is able to predict
an epidemic curve that is more accurate while also maintaining a lower
error.
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1 Introduction

Dengue is a vector borne tropical infectious disease that affects 50-100 million
people globally every year and is endemic in Sri Lanka. Predicting dengue out-
breaks 2 weeks before hand in Sri Lanka would assist in executing preventive
measures by the public health sector. In this work, we evaluate multiple machine
learning techniques on a smaller dataset to determine which technique performs
best and continue further optimisations and tuning on the selected technique
to obtain dengue outbreak predictions for a larger dataset. In our work, we use
human mobility as an input feature in addition to other input features. Human
mobility has been established as an important factor in the spread of vector-
borne pathogens such as dengue [14], but mathematical models such as gravity
model used in earlier studies have not been widely successful in modeling human
movement accurately.

The human mobility model was built using historical pseudonymised mobile
phone call detail records for Sri Lanka by quantifying human movement as an



aggregate value for a given region at a given time. Multiple input features were
derived from basic input data sources and provided as an input for multiple
machine learning techniques. After selecting the best performing technique, ge-
netic algorithms were used to further improve the fit of the prediction curve
by selecting the best input features that contribute towards a better prediction
curve. Our work provides a comparison of the performance of contemporary ma-
chine learning techniques mainly using two metrics, the root mean squared error
(RMSE) and the coefficient of determination (R2). We also show from our work
that human mobility is an influential factor even in dengue endemic regions. We
further go on to show that our genetic algorithms based approach can be used
to improve the fit of the prediction curve while reducing the error of the model
as well.

2 Related Work

Prediction of dengue outbreaks has been the focus of multiple studies glob-
ally [2, 12, 21] as well as in Sri Lanka [5, 19]. Even though the impact of human
mobility on the propagation of dengue had been established in multiple studies
previously, mathematical models such as gravity model that attempt to derive
human mobility patterns using regional population have not yielded good accu-
racy [13]. However, with the advent of increased computational capabilities and
big data processing techniques, multiple research studies have utilized Mobile
Network Big Data (MNBD) and particularly mobile phone Call Detail Records
(CDR) as a means of deriving large scale human mobility patterns [1,6,7]. While
some of these studies have already explored the applications of MNBD in do-
mains such as disease outbreak prediction and epdimedic modeling [15, 17, 18],
we did not come across any study that focus on the effect of human mobility on
dengue endemic regions.

A Malaysian study [21] compared two techniques, namely Least Squares -
Support Vector Machines vs Neural Networks in determining the best techique
to predict dengue incidence. However, there did not exist any literature that
compared more than two machine learning techniques to show which technique
was best in predicting dengue outbreaks.

Another Malaysian study made use of wavelet decomposition, support vec-
tor machines and genetic algorithms to detect climatic factors that contribute
towards dengue incidence [20]. This study optimizes on the RMSE, as opposed
to our approach of optimizing on the R2. Our study also differs in how the best
set of features is selected. The above study takes a feature if it appears in 70
% of its cross validation cycles, whereas the best set of features were taken by
using the best instance of the final generation of our approach.

3 Deriving Human Mobility using CDR

We used CDR data of nearly 10 million mobile subscribers, which is approxi-
mately half the total population of Sri Lanka, spanning for more than 1 year



from multiple mobile operators to derive a human mobility value for our predic-
tion models. The Medical Officer of Health (MOH) division, the smallest spatial
administrative unit for the health sector in Sri Lanka, for each CDR was iden-
tified in order to derive this mobility value. The home MOH division of each
subscriber was identified by deriving the most frequent night time location of a
given subscriber during the complete study period [8]. The number of CDRs for
a given subscriber for a given time period outside his or her home MOH area
was obtained. The ratio of number of CDRs outside the home MOH division
against the total number of CDRs per subscriber per given week was taken as
the weekly mobility of that mobile subscriber.

An assumption was made in building our model that the proportion of CDRs
within a given area is proportional to the proportion of time spent within that
area by a subscriber. This assumption has been used in similar studies such as
the one done in Senegal [4]. After deriving the ratio of CDRs outside the home
MOH division for a subscriber, the mobility value for an MOH division was
derived by aggregating the mobility value of all subscribers who had visited that
particular MOH division during the given time period.

If we consider M as a set of all MOH divisions, and S as a set of all sub-
scribers, our model can be defined as follows:

CDR(mi, sj , wk) = No. of CDRs in MOH division mi, for subscriber sj dur-
ing week wk where ∀mi ∈M,∀sj ∈ S

Mobility of subscriber sj in MOH mi can be defined as

mob(mi, sj) =
CDR(mi, sj , wk)∑M

i
CDR(mi, sj , wk)

(1)

where ∀mi ∈ {M −Home(sj)},∀sj ∈ S

Mobility for MOH mi can be defined as

mob(mi) =

∑N

j
mob(sj)

N
(2)

where N equals the number of subscribers that travelled to mi in that week

4 Feature Engineering

In addition to human mobility, multiple other data sources were also used as
input sources. We used weekly reported dengue cases for each MOH division
provided by the Epidemiology Unit of Ministry of Health, Sri Lanka. Rainfall
and temperature data was also obtained for the study period from the Integrated
Surface Data of National Oceanic and Atmospheric Administration, USA [11].
The mean Normalized Difference Vegetation Index (NDVI) was derived using the



MOD13Q1 dataset from the Moderate Resolution Imaging Spectroradiometer
(MODIS) satellite data [10]. All input data were projected to its corresponding
MOH division with a temporal scale of 1 week.

The values of previous weeks for a particular data source was also derived
and provided as an input for the model. The observations were lagged by 1 to 12
weeks to obtain input features for up to 12 weeks before. Missing values due to
the lagging was imputed using predictive mean matching of the MICE package
in R [16].The population of each MOH division was also considered as an input
feature for the model. Population data was obtained from the estimates done by
the Ministry of Health, Sri Lanka and was considered to be constant throughout
the study period.

5 Methodology

Multiple machine learning techniques were evaluated to determine which tech-
nique provides the best prediction accuracy. Four techniques were selected for
comparison out of which Support Vector Regression (SVR), Neural Networks
(NN) and Random Forests (RF) were selected based on the success of its use
in related literature while XGBoost [3] was selected due to its recent popular-
ity and success in many prediction problems. For evaluation of the techniques,
data from 6 MOH divisions from years 2012-2014 were used. MC-Nuwara Eliya,
MC-Galle, MC-Kandy, Anuradhapura, Kurunegala and Dehiwala were chosen as
the regions of study for the evaluation phase due to their high dengue incidence
and mobility compared to other regions. Data from the first 117 weeks of the
2012-2014 period of each MOH division was used as the training set and the
final 39 weeks were used as the test set. Lagged input values from 2 weeks to 12
weeks were used for mean temperature, minimum temperature, maximum tem-
perature, rainfall, mean NDVI and mobility while one fixed population value
per MOH division was used. During the evaluation phase, the input features
were fixed for all machine learning methods and differed only based on whether
mobility was used as an input or not.

5.1 Standalone Support Vector Regression model

From the initial evaluation, SVR was shown to have the best performance. There-
fore SVR was selected as the technique to carry out further work on the predic-
tion model. For the extended study 20 MOH divisions were selected. The test
set was selected to be year 2014 for 5 MOH divisions that had different char-
acteristics. The 5 MOH divisions were MC-Colombo, Trincomalee, MC-Galle,
Haputale and Batticaloa. The model was tuned using the tooling provided by
the R package itself [9] by exploring feasible ranges for different hyper parame-
ters. Hyperparameter tuning information is provided in Table 1.



Table 1. Hyper parameter tuning for SVR

Parameter Tuning Range Optimum Value

Type ε-regression, ν-regression ν-regression

Kernel Radial, Polynomial, Linear Radial

γ 0.001 - 0.1 0.004

ν 0.1 - 0.8 0.35

Cost 1 - 10 3

5.2 Integrating Genetic Algorithms

The support vector regression models developed were able to provide compara-
tive RMSE and R2 measures after tuning. However, some MOH divisions such as
MC-Colombo provided much lower accuarcy when compared to the overall aver-
age. A Genetic Algorithms (GA) based approach was integrated to the training
phase of the SVR model to improve the R2 measure. The models developed using
only support vector regression used all of the available engineered input features
where some of features might contribute towards the adding noise to the model.
The initution behind incorporating GA was to select the best features that con-
tribute towards increasing the R2 of the model. Input features were represented
as a binary chromosome and the fitness function was designed to minimize the
R2 of the model after a support vector regression model was trained optimizing
for RMSE using the selected input features. The population size was selected
to be 100 after experimenting with different population sizes and the the GA
model was trained for 50 generations. Crossover probability was set at 0.8 while
the mutation probability was set at 0.1.

6 Results

After deriving the input features and performing feature engineering, distance
correlation was used as a measure to determine the dependence between dengue
incidence and other input features. The correlation graph for mobility and other
input features is depicted in Fig. 1. This graph shows significant correlation
between the mobility value derived using our model and dengue incidence. Also
high correlation is shown between mean NDVI and dengue incidence.

The results from the evaluation phase detailed in Table 2 show that the
model performance increased for each technique for the evaluated dataset when
mobility was introduced to the model. While the improvement is minimal in
some techniques, overall consistency in improvement of the model performance
when mobility is introduced suggests that mobility is an influential factor in
predicting dengue outbreaks.

The results additionally show us that support vector regression has the best
performance when considering both the metrics, RMSE and R2.

After making use of the data from 20 MOH divisions and performing hyper
paramter tuning in order to build a more generic model, we were able to obtain
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Table 2. RMSE and R2 values of different machine learning methods

Model Tuning Parameters
RMSE R2

- Mobility + Mobility - Mobility + Mobility

Random Forests Max. Nodes = 5, n-trees
= 120

6.907 6.812 0.628 0.639

Neural Networks Hidden = 3, Err. = SSE,
Act. Func = logistic

10.966 9.239 0.063 0.335

XGBoost Max. Depth = 4, η =
0.05, n-folds = 4

6.892 6.794 0.63 0.64

SVR Kernel = Radial, ν =
0.3, Cost = 5

6.408 6.17 0.68 0.704

an overall RMSE of 10.005 with an R2 value of 0.891 for the final model. The
performance of the model for each MOH division in the test set is given in Table
3. The application of the genetic algorithm based optimization resulted in overall
improvement to the final model. As an example, the RMSE and R2 value for the
year 2014 for MC-Colombo was 21.99 and 0.502 respectively before applying the
optimisation. After GA optimization was applied, the RMSE value was reduced
to 18.385 while R2 was increased to 0.652.



Table 3. RMSE and R2 values for different MOH divisions (Negative R2 values were
not included)

MOH
RMSE R2

Without GA GA Optimized Without GA GA Optimized

MC-Colombo 21.99 18.385 0.502 0.652

Haputale 1.924 1.61 - -

MC-Galle 3.752 3.579 - -

Batticaloa 3.842 3.797 0.212 0.23

Trincomalee 1.784 1.864 - -

7 Discussion

This work introduces a human mobility model derived from CDR data that
can be applied to multiple machine learning techniques directly. A measure is
derived for a given spatial region for a given temporal scale and we have shown
that this derived measure shows significant correlation with dengue incidence in
the context of Sri Lanka. The improvement did vary when this mobility measure
was applied to different machine learning techniques, sometimes showing more
than 4 times improvement in R2 for Neural Networks, while showing only a 1.59
% increase in R2 for XGBoost. However, there is a consistent improvement in all
the considered techniques when mobility is introduced, which corroborates the
high correlation shown with dengue incidence.

We have been able to select the best technique by doing a quantitative com-
parison for the two metrics RMSE and R2 used in the evaluation phase. However,
we cannot observe a significant qualitative difference in performance between the
different techniques. The number of input features were kept fixed in the evalu-
ation phase to maintain consistent input features across the evaluated machine
learning methods. It should be noted that the high dimensionality of the input
would affect some machine learning techniques such as Neural Networks signifi-
cantly while not becoming a critical factor for other techniques such as Random
Forests and XGBoost. In the case of Neural Networks, the number of hidden
layers and the number of nodes within a layer were determined in order to re-
duce the introduction of noise due to high dimensionality as much as possible,
we would still have to consider the issue of dimensionality when factoring these
results objectively. High dimensionality can also explain the relatively poor per-
formance of Neural Networks when compared to the other 3 techniques that were
considered. A genetic algorithms based optimization for Neural Networks similar
to what was applied for SVR can be considered in future work as a technique to
reduce the errors due to dimensionality.

The genetic algorithms based optimization was developed due to the fact that
some MOH divisions like MC-Colombo, which has the highest dengue incidence
in the country, did not have a good prediction performance, which is reflected
in the prediction graph for MC-Colombo in Fig. 2. However, for the purpose of
applying this work to execute dengue preventive measures, it is important to



obtain a prediction curve that matches the actual epidemic curve closely. The
reason is that epidemiological trend or the possibility of a potential outbreak
would be of more interest to public health sector officials rather than the exact
number of predicted dengue cases for a given region. Therefore, we explored
possible optimizations to improve the R2 of predictions for regions where the
model is performing poorly. The GA optimization technique used in our work
optimizes R2, while the SVR training optimizes RMSE, thereby ensuring that
the model evolution optimizes for both R2 and RMSE, which is observable in
the improved prediction graph (Fig. 3) for MC-Colombo.
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8 Conclusion

We have shown that human mobility contributes to dengue incidence even in
regions where the disease is endemic. We also hope that the methodology intro-
duced in building our mobility model can be extended to build more complex
human mobility models that reflects the contribution of mobility to dengue in-
cidence more accurately. The evaluation of different machine learning technique
provides direction on which machine learning technique is most suited in the con-
text of dengue incidence prediction in Sri Lanka. The genetic algorithms based
optimization technique was shown to provide significant improvements to predic-
tion performance. Our work can also be extended to apply the GA optimization
technique to other machine learning methods and obtain a similar comparison
to determine whether the GA technique will affect the final ranking between
different machine learning methods evaluated in this study.
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