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Abstract
Dengue is a public health problem to many of the tropical countries. The dengue threat in Sri Lanka

has a significant social and economic impact on the country and hence predicting dengue cases in the
immediate future is of utmost importance. It is believed that the dengue mosquito breeding is highly
affected by environmental factors. In this study, dengue cases are predicted based on environmental
factors and the study is narrowed down to Colombo municipal council area, at which the most Dengue
cases are reported island-wide.
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1 Introduction

Dengue is a mosquito born virus transmitted to humans by the mosquitoes of Aedes species. Dengue fever
and Dengue Haemorrhagic fever account for approximately 390 million infections annually, including over
22,000 deaths worldwide [1]. Brazil, Vietnam, Peru and Philippines are the countries with most dengue
cases. Sri Lanka also reports a significant number of annual dengue cases bearing over 60,000 infections
reported in 2022 from January to September [2]. Dengue is a serologically confirmed disease in Sri Lanka
since 1962. There had been several outbreaks in over a period of 50 years with frequent outbreaks after
1990. Understanding this situation, Sri Lankan government has prepared a dengue action plan to properly
analyse and mitigate the disease spread. It shows the allocation of money and resources together with the
steps taken to handle the situation.
Several past studies have analyzed disease dynamics to propose control strategies such as insecticide usage
and awareness programs and educational strategies at primary level school education [3, 4]. The main focus
of these studies are to identify the disease transmission from the perspective of both host and vector. Due
to the unavailability of vaccines or drugs for the dengue virus, controlling strategies have become the only
solution that has yet helped in curtailing the reported dengue cases. Thus, predictive models help a nation in
forecasting upcoming outbreaks and help prepare for such outbreaks in advance. Dengue prediction models
are extensively studied over the past decades, with statistical and weather data using various methods [5].
Mathematical modeling is one of many such methods of forecasting a disease emergence. Among many
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mathematical and epidemiological models, compartmental models are prominent as they give a descriptive
visualization of virus transmission between vectors and hosts [6, 7]. Most of the existing compartmental
models have used fixed parameters values, where as a few has considered the parameter variation approach.
When dengue transmission is concerned, the parameters used in models are commonly considered as fixed
parameters [8, 9, 11]. Several studies have used parameter estimation methods utilizing the actual dengue
data [9, 10]. This study uses an approach of using external environmental factors to obtain parameter values
in the transmission model incorporating vector genetics as well.
In the next section of this paper, a dengue transmission model is introduced to identify and illustrate the
virus spread between human hosts and mosquito vectors. The environmental factors affecting the dengue
disease transmission is identified and explained in the Section 3 together with the methods used to analyse
such existing effects. The dengue prediction model built using a simulation method is explained in the last
two sections.

2 Disease Transmission Dynamics

Dengue disease transmission is highly correlated with environmental factors. Therefore understanding the
relationship between environmental factors and dengue emergence and building a method to predict the
dengue incidences that may occur in the future is the main focus of this study. The human population
can be divided into 3 compartments (susceptible, infected and recovered) and the vector population can
be divided into 2 compartments (susceptible and infected). The transmission of the disease between the 5
compartments can be visualized by Figure 1.

Figure 1: Dengue transmission compartmental schematic diagram

The disease transmission dynamics can mathematically be identified by means of ordinary differential equa-
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tions as follows [12].
dSh

dt
= µh(Nh − Sh)−

βh
Nh

ShIv, (1a)

dIh
dt

=
βh
Nh

IvSh − (µh + γh)Ih, (1b)

dRh

dt
= γhIh − µhRh, (1c)

dSv

dt
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IhSv, (1d)

dIv
dt

=
βv
Nh

IhSv − µvIv. (1e)

The parameters and the variables used in this 5D model are as given in table 1.

Table 1: Parameters of the 5D model [12]
Parameter Description

Nh Total human population
Nv Total vector population
Sh Susceptible human population
Ih Infected human population
Rh Recovered human population
Sv Susceptible vector population
Iv Infected vector population
µh host reproduction & mortality rate
µv vector reproduction & mortality rate
γh thost recovery rate
βh transmission rate from vector to host
βv transmission rate of from host to vector

For simplicity the above 5D model can be reduced to a 2D model considering vector and human population
densities as well as the quasi equilibrium of the vector population [12]. The 2D model consisting of infected
human population density dynamics and recovered human population dynamics is given by Equation 2.

dI

dt
= βhz

βvI

βvI + µv
(1− I −R)− (µh + γh)I, (2a)

dR

dt
= γhI − µhR, (2b)

Table 2 gives the variables and the parameters of the 2D model.

Table 2: Parameters of the 2D model
Parameter Description

I Infected human population density
R Recovered human population density
z Per-capita vector density

3 Analysis of Environmental Factors

Since dengue is a vector borne disease, the behaviour of the disease highly depends on vector dynamics.
The virus carrying aedes mosquito dynamics varies with many environmental factors owing to the breeding,
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survival and biting behaviours [13, 14]. Thus, in this study we have considered, four environmental factors
and the effect of each of them on dengue occurrences was analysed using Wavelet Analysis and Principal
Component Analysis.

3.1 Wavelet Analysis (WA)

When vector biology is taken into account, it can be understood that the environmental factors affect dengue
occurrences with certain time lags. The environmental factors considered in this study are, maximum
temperature, minimum temperature, rainfall and humidity. In order to identify the time delays of the effect
of each of these variables, cross wavelet analysis can be utilized.
The cross wavelet analysis uses time series data to identify existence of common power between two time
series used [17]. Thus, in order to find the time lags the time series data of the dengue occurrences and
the time series of each of the four environmental factors were used. In this study, a direct and an indirect
cross wavelet analysis method was used to calculate the time lags. The results obtained were compared
afterwards. The cross wavelet power spectrum of each of the environmental variables with reported dengue
cases during the period from 2009-2016 are given in Figure 2.

Figure 2: Cross wavelet power spectrum (a) between dengue cases and maximum temperature, (b) between
dengue cases and minimum temperature, (c) between dengue cases and rainfall, (d) between dengue cases
and humidity (2009-2016)

In the cross wavelet power spectrum, the significant high power between dengue time series and each
environmental factor time series is depicted by the black thick line. Using the direct method, the angle
of the arrows in the most significant area is measured and the time lag was calculated using the following
formula.

∆t =
∆θ × P

2π
(3)
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Here ∆t is the time delay, ∆θ is the angle of the arrows and P is the periodicity.

The same analysis was conducted using an indirect method. In the indirect method the weekly time delays
were utilized to change the direction of the arrows. The time at which the arrows in the high power regions
faces right (θ = 00) was taken to be the time lag.
Considering the power spectrum of each of the variables (Figure 2), a time lag between dengue occurrences
and temperature values (maximum and minimum) could not be identified since the cross wavelet power
spectrum does not identify any significant common power between the two time series (see figure 2a and
2b). For both rainfall and humidity 10 weeks time delays were calculated. The time delays obtained from
both direct and indirect cross wavelet methods are the same (Table 3).

Table 3: Time lags (τ) of the environmental factors calculated using cross wavelet analysis
Max Temp Min Temp Rainfall Humidity

Direct wavelet Analysis - - 10 10
Indirect wavelet analysis - - 10 10

The common high power between dengue cases and temperature values could not be identified due to a low
variability of temperature values in the CMC area. The maximum temperature though out the time period
considered ranges from 270C to 340C (see Figure 3). This fact shows that the temperature in the CMC
area is relatively warm and does not fluctuate beyond the range 270C − 340C. The fluctuation of minimum
temperature is within the range 220C to 290C (see Figure 4). These fluctuations are low when compared
with the fluctuation of dengue cases during the considered period of time. These temperature ranges in
the CMC area stays in the favourable range for dengue transmission though out an year [16]. Thus, the
temperature fluctuation does not highly effect the disease transmission although it is a crutial condition.
Due to this consistent favorability, the time lag of the temperature values are taken to be zero for this study.

Figure 3: Variation of Maximum Temperature (2009-2016). The dotted line shows the maximum and
minimum values of recorded maximum temperature
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Figure 4: Variation of Minimum Temperature (2009-2016). The dotted line shows the maximum and
minimum values of recorded minimum temperature

3.2 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a method of data transformation in such a way that a large set
of variables are represented as a linear combination of smaller sets retaining most of the information and
variance of the original data. By utilizing the method of PCA, one can determine the factors underlying
the data by using the total variance of the data explained with fewer components [15].
The PCA for this study shows that the 4 environmental factors considered can be represented using only
one principal component. By looking at the eigen vectors it was also seen that the highest correlation was
seen between PC1 and rainfall. The environmental factors can be represented using the PC1 as given by
Equation 3.

PC1 = (−0.0236)MT(t) + (−0.0199)mt(t) + 0.9904R(t−τ) + 0.1348H(t−τ) (4)

Here MTt and mtt are maximum temperature and minimum temperature at time t respectively and R(t−τ)

and H(t−τ) are rainfall and humidity at time t − 10 respectively. These time points are taken by the cross
wavelet analysis. Therefore, PC1 is a linear combination of the 4 environmental factors with their respective
time lags.

3.3 Principal Component Regression Analysis (PCR)

Principal Component Regression (PCR) is used together with the PCA to minimize the multicollinearity
between explanatory variables and dependant variable [18]. In this study, the explanatory variables are
the environmental factors and the dependent variable is the reported dengue cases. The relationship with
the environmental factors and the reported dengue cases, is found by a regression analysis by using the
principal components selected. Since the selected principal component (PC1) is a representation of all
the 4 environmental factors, the PCR results give the relationship between reported dengue cases and the
environmental factors with their respective time lags. The PCR equation obtained is,

Ih(t) = a0 + a1PC1 where a0 = 0.0003149 and a1 = 8.6726× 10−6 (5)
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4 Per Capita Vector Density

In the dengue transmission model given in section 2, there are several parameters. Out of these parameters,
the most dynamic parameter can be identified as per-capita vector density. Per-capita vector density (z)
is defined as the number of mosquitoes per person. The number of mosquitoes in any given environment
changes frequently depending on many external factors. In this study the external factors affecting the
dynamics of per-capita vector density are considered to be the environmental factors. Moreover, the dynamic
behaviour of per-capita vector density highly affect the dengue occurrence since the virus is transmitted to
humans by vectors. The relationship between per-capita vector density and human population density can
be identified using incubation periods of the dengue virus (see Figure 5).

Figure 5: Transmission timeline of dengue virus from host to vector (extrinsic incubation period) and vector
to host (intrinsic incubation period)

By taking into account the timeline of the incubation periods of both mosquito and human (see Figure 3),
it can be concluded that z(t−2) affects Ih(t) where t is measured in weeks. i.e.,

Ih(t) ∝ z(t−2) (6)

Since infected vectors transmit the disease to humans, the per-capita vector density z is in fact the infected
vector population per person. The infected vector population at time (t − 2) depends on infected human
population at time (t− 3). Therefore we also have the relation,

z(t−2) ∝ Ih(t−3) (7)

From these two relations we get the two equations,

Ih(t) = k1z(t−2) (8)

z(t−2) = k2Ih(t−3) (9)

From the Principal Component Analysis (PCA) the equation that gives the connection between dengue
cases and environmental factors was obtained (Equation 5). Including this relationship in equation 8 and
equation 9, we get

(a0 + a1PC1) = k1k2Ih(t−3) (10)

Therefore, the function for per-capita vector density can be defined only using the environmental factors as
given by Equation 10.

z(t−2) = k(a0 + a1PC1) where k =
1

k1
(11)

Since the environmental factors are seasonal the value k is also seasonal. Thus, the parameter k can be
defined as the seasonal k for this study.
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5 Prediction of Dengue Incidences in CMC area
5.1 Simulation of Dengue Incidences

The results obtained from the PCR was used to simulate the dengue cases in the period from 2009 to 2016.
For this simulation, the seasonal k value in equation 11 is used by selecting the increasing and decreasing
patterns in the reported dengue cases. These fluctuation in the data were identified as the seasons in a year.
For each selected season different seasonal k values were chosen using trial and error method. Then the
obtained simulated lines were matched with the actual data to get an approximate seasonal k value. The
simulated results are shown in Figure 6

Figure 6: Simulated Dengue cases from 2009-2016: Each season selected are given in 4 different colors. The
simulated lines are obtained with different seasonal k values.

5.2 Model Validation

In order to validate the method 70% of the data were used as the trial data and 30% were used as test
data. The simulation results were obtained for the trial data and the seasonal k values were recorded. The
recorded seasonal k values shows significant clusters (see Figure 7). Thus, the k value can be considered as
significant for each season, which also confirms the seasonal variation of per-capita vector density resulting
in seasonality of dengue occurrences.
Considering this clustering of k for each season, for the test data the mean of the k values were calculated
separately for each season. Since this study used a trial and error method, the k values may contain errors.
Therefore, the 90% confidence intervals (CI) were also calculated for each season using the Equation 11.

CI = X ± α
s√
n

(12)

Where,x =sample mean, α =confidence level value, s =sample standard deviation, n =sample size.
The mean seasonal k values and the 90% Confidence Intervals of each season are shown in Table 4.
The trial data results and test data results are depicted in Figure 8, in which the trial data simulations are
given in colored lines and test data simulations are given in stared colored lines.
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Figure 7: Seasonal k chosen are clustered according to the seasons in each year

Table 4: Mean and 90% confidence intervals for seasonal k
Season k 90% CI

January-April 650 [571.77161, 728.22839]
April-June 1365.714 [1290.34955, 1441.07845]

June-September 550 [509.86968, 590.13032]
September-January 1197.143 [1107.071, 1287.215]

Figure 8: Predicted Dengue cases: 30% of the data set (test data) was predicted using the simulated results
of 70% of data (trial data). The stared line shows the predicted dengue cases in each season obtained using
the mean seasonal k value calculated using the trial data. The black dotted line shows the 90% confidence
bounds for each season.

By looking at the test data it can be seen that the predicted dengue cases are not accurate after the second
season in the test data set. For these predictions, in addition to k values the end point of each predicted
season was considered to be the starting point of the next season. Therefore, the errors in each season gets
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accumulated when this method is used for a longer period of time. Therefore, this method can only be used
to predict dengue cases of not more than 2 upcoming seasons.

5.3 Prediction of Dengue Incidences of an Upcoming Season

Using the mean seasonal k value and the 90% confidence intervals the dengue cases in the 2016 April to
June season was predicted as shown in Figure 9. For this prediction it is assumed that the environmental
data in this season are not known. Since it was found that the environmental factors affect dengue cases
with certain time lags, this prediction was done using those past environmental values only. From wavelet
analysis it was found that the temperature values does not have any time lag. Therefore the mean of the
temperature values calculated from past data were used for the prediction. Using the known rainfall and
humidity data of the last 10 weeks with mean temperature values, the dengue incidences of the upcoming
10 weeks is predicted using the mean seasonal k values. The results are shown in Figure 9. In the figure
the magenta stars represent the predicted dengue cases of the upcoming 10 weeks from April to June. The
black dotted lines show the 90% confidence intervals.

Figure 9: Prediction of Dengue cases for the April-June season in 2016 given in stared magenta line. The
90% confidence bound for this season is given in black dotted line
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6 Discussion

Many studies conducted to analyze and predict dengue dynamics have used a variety of approaches. Sri
Lanka is one of the countries that have been affected by Dengue for a longer time. In this work toward the
the attempt to predict dengue cases, we first modelled the per-capita vector density using environmental
factors. The time lags of the environmental factors identified in this model was found using cross-wavelet
analysis and principal component analysis. Out of the four environmental factors, rainfall and humidity
show a time lag of 10 weeks. Since the temperatures in the CMC area provide consistent and favorable
conditions to breeding and spreading, the minimum and maximum temperatures do not have any time lags.
The seasonal factors in the per-capita density was identified as k which also aligns with the seasonality of
environmental factors.
Hence, the findings in this study show that the seasonal trend in reported dengue cases also occurs due to
the variation of environmental factors with their respective time lags. Thus, using the proposed method,
it is possible to predict both the expected trend and the number of dengue cases for the upcoming season
using only the data of environmental factors.
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