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Abstract—Human mobility plays a significant role in spatio-
temporal propagation of infectious diseases. But how much of
an impact does human mobility have on propagating a dengue
outbreak in a dengue endemic country such as Sri Lanka?
We show that a proxy value for human mobility, derived from
mobile network big data, has a significant correlation with
dengue incidence using past case data. Furthermore, we discuss
the applicability of this proxy measure of mobility to increase
accuracy of several prediction models based on machine learning
techniques. These improved models can be used to do spatio-
temporal forecasting of dengue outbreaks which can help medical
officers and related governmental or non-governmental agencies
execute preemptive measures before the outbreak occurs in
actuality.

I. INTRODUCTION

The significance of human mobility in propagation of infec-
tious diseases has been established in multiple works done pre-
viously [1, 2]. Until recently, the datasets and methodologies
available for estimating human mobility have been limited.
However, there has been a significant increase in research done
to estimate human mobility using call detail records (CDR)
with applications in multiple, wide ranging domains [3–5].

The main focus of our work is in measuring the impact of
human mobility in propagating a vector borne tropical disease
such as dengue in a dengue endemic country. A recent study
from Pakistan [6] developed a model that validates the impact
of human mobility in introducing dengue to naive regions
as well as regions where dengue incidence is low. However
in regions where dengue is already prevalent throughout the
year, human mobility would not effect disease propagation
in the same manner. The forecasting models developed for
regions where the human population is immunologically naive
to dengue would not be applicable to a country like Sri Lanka,
where dengue is endemic to most regions of the country.

In the next section, we describe the proxy measure for
human mobility developed by us, which we use to determine
the correlation between that value and dengue incidence. We
compare the correlation of this value with other values such
as temperature and rainfall (factors previously identified in

the literature as contributing factors to disease propagation
[7]) to show that there is a significant correlation between
human mobility and dengue incidence. In section III, we
compare the accuracy of the proxy measure by incorporating
the mobility value to multiple prediction models to determine
whether mobility plays a significant role in spreading dengue
in a dengue endemic country such as Sri Lanka.

II. MOBILITY MODEL

Most of the mobility models developed in related work
have been based on the number of trips between different
regions[6, 8]. Additionally, considering only overnight stays
of subscribers in a region other than his or her home, an
approach taken for a study on malaria in Namibia [9], is not
suitable for modeling dengue propagation. The reason is that
the primary vector of dengue, aedes aegypti, is known to be
most active during daytime [10]. Our focus was on developing
a mobility measure that can be applied to a geographic region
so that it can be incorporated directly into machine learning
models. In the context of disease forecasting, machine learning
methods can be described as working broadly on the principle
of identifying a set of attributes that can describe dengue
incidence characteristics for a specific spatial region, and
training a model to learn the weightage of those attributes that
contributes toward disease incidence. For such a forecasting
model, we would need a mobility measure that corresponds to
each spatial and temporal unit of consideration.

In our project, the smallest spatial unit for which data is
available is a Medical Officer of Health (MOH) division,
which is an administrative area defined by Sri Lanka’s Ministry
of Health. Number of dengue cases reported from each MOH
division in a given week for the year of 2013 was used
to represent dengue incidence. Pseudonymized call detail
records from multiple mobile operators in Sri Lanka for the
year of 2013 was used to derive the mobility measure. The
mobility model derived using the available mobile phone data
is described below.



A. Probabilistic Mobility Model

The probabilistic model was developed by building upon
available literature on the subject where it is assumed that
the number of calls taken or received by a subscriber in a
particular region is proportional to the amount of time spent in
that region [11]. Our model builds on the same assumption and
obtains a normalized mobility value for each MOH division.
The mobility value for a subscriber is calculated by the number
of calls made by a subscriber who is not a resident of that
particular MOH in a given week. This value is normalized by
dividing from the total number of calls taken by that subscriber
in that week. This derived value per subscriber is aggregated
to get a mobility value for an MOH division.

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

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

Mobility of subscriber sj at 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 - No. of subscribers travelled to mi for that week

III. RESULTS & PREDICTION MODELS

The distance correlation was used as a measure to determine
the dependence between dengue incidence and mobility. The
correlation graph for mobility and other input features is
depicted in Fig. 1. This graph shows that mobility has a signif-
icant correlation when compared to the other input parameters
considered in our predictive models such as temperature,
rainfall and the no. of dengue cases in previous weeks.

Fig. 1. Correlation of input parameters with dengue incidence

TABLE I
RMSE AND r2 VALUES OF DIFFERENT MACHINE LEARNING METHODS

Model Mobility Used RMSE r2

Neural Networks No 10.923 0.194
Neural Networks Yes 9.867 0.342

XGBoost [12] No 10.023 0.321
XGBoost Yes 9.548 0.384

SVR No 7.445 0.139
SVR Yes 7.297 0.173

Several different machine learning methods were tried out
to come up with a dengue outbreak forecasting model with
and without the derived mobility measure. The results from
our own preliminary analysis is also given in Table I. The
RMSE and the r2 values for each method improved with the
introduction of the mobility measure. Amongst the methods
that were tried, Support Vector Regression (SVR) [13] pro-
vided the greatest accuracy, reflecting recent literature [14]
where the performance of SVR has been shown to be better
than Neural Networks. Therefore, SVR was selected as the
method to carry out further work on our predictive model. The
model was trained for 5 MOH divisions that were identified
beforehand and the resultant model was used to predict for
the sixth MOH division. After tuning the SVR model, we
were able to obtain an RMSE value of 6.463 without mobility
and 6.236 with the introduction of mobility. Similarly, the r2

values were 0.351 and 0.396 for SVR models without and
with mobility respectively. The related prediction graphs for
Moratuwa MOH division are given in Fig.2 & 3.

Fig. 2. Predicted vs actual dengue incidence for Moratuwa MOH (without
mobility)

IV. ONGOING AND FUTURE WORK

We are currently working on developing a trip based mo-
bility model where the derived value can be aggregated to an
MOH division. This model can be compared with the mobility
model described above to determine which approach yields
the greatest accuracy and fit. It can also be used as another
validation of the observed improvement in predictive accuracy
due to the introduction of mobility. Since the mobility measure



Fig. 3. Predicted vs actual dengue incidence for Moratuwa MOH (with
mobility)

is derived independently of the modeling of the disease itself,
this measure can be used in forecasting other infectious disease
outbreaks as well. Validating the feasibility of using this
measure in forecasting other infectious diseases can be done
as a part of future work.

V. CONCLUSION

We have proposed a new methodology to calculate human
mobility that provides a mobility measure for each admin-
istrative region. The advantage of this measure is it can be
directly applied to any machine learning model without having
to calculate a separate measure for different machine learning
techniques. The results show that this measure is significantly
correlated with dengue incidence. Additionally, we were able
to obtain an improvement in prediction accuracy of all the
considered models by introducing the mobility measure. Based
on these results, we can conclude that mobility does have a
significant impact in dengue propagation even in a dengue
endemic country such as Sri Lanka.
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