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Abstract 

Identifying the dengue epidemic periods early would be helpful to take necessary actions to prevent the 

dengue outbreaks. Providing an accurate prediction on dengue epidemic seasons will allow sufficient time 

to take the necessary decisionsand actions to safeguard the situation for local authorities. The study seeks to 

identify the dengue epidemic seasons and develop a time series model to forecast the number of dengue 

patients in future months in the Colombo district. Through this study dengue epidemic seasons of Colombo 

district were identified and SARIMA(1, 0, 0)(0, 1, 1)12 was identified as the best time series model to forecast 

the expected number of patients in the future. In addition to this a Vector Error Correction Model (VECM) 

was developed to analyze the outbreak of dengue cases as a function of monthly mean temperature and 

humidity of 1 to 4 month time lags. For the study monthly dengue incidents from 2002 to 2012 in Colombo 

district, Sri Lanka were considered.  

 

Key words:cases, outbreak, forecast, Vector Error Correction Model (VECM), Time series model 

 

1. Introduction 

Dengue is a mosquito-borne viral infection causing a severe flu-like illness and moreoverit causes serious 

lethal complication namely severe dengue and so forth. The incidence of dengue has increased 30-fold over 

the last 50 years worldwide and up to 50-100 million infections are now estimated to occur annually in over 

100 endemic countries, putting almost half of the world’s population at risk. Severe dengue (previously 

known as dengue hemorrhagic fever) was first recognized in the 1950s during dengue epidemics in the 

Philippines and Thailand. Researches indicate that today it affects Asian and Latin American countries 
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rapidly and has become a leading cause of hospitalization and death among children and adults in these 

regions. It seems dengue fever is emerging from time to time and by with some relationship. 

 

Sri Lanka is one of the major countries suffering from dengue epidemic and in recent years it has rapidly 

increased causing deaths and leaving considerable cross effects to the country livings. The aim of this study 

was to looking at the relation of dengue with time, a Box-Jenkins model was fitted to the number of monthly 

reported dengue patients in Colombo district.  

 

A similarapproach was used to model dengue incidence in Rio de Janeiro by Luz P.M., et al in 2005. They 

have used dengue incidence from 1997 to 2004 in accomplishing their analysis. In 2007 Zhu JM, Tang 

LH, Zhou SS, Huang F had fit a time series model to predict malaria. Incidents fromJanuary 1998 to 

December 2005 in Huaiyuan and Tongbai counties in Huaihe River Valleyhad been used as data in their 

model. 

 

According to the Bio Med Central Public Health (BMC Public Health)research articlethey have given 

evidence to indicate that there exist a relationship between dengue and climatic factors. In their article they 

have mentioned that “relationship between number of dengue virus infections (cases) and climatic factors 

has been reported by many researchers using several indices, and it has been concluded that climatic 

conditions have a strong influence on dengue infection”. 

 

The Special Program for Research and Training in Tropical Diseases (TDR)stated,in one of their research on 

vector control and ecosystem management,that “A range of other ecological, biological and social factors 

also tend to promote disease transmission or inhibit efforts at vector control: Natural factors include climate 

(rainfall, humidity, temperature etc.)” 

 

In the context of Sri Lanka, during the last 12 months of the year 2012, 43845 suspected dengue cases have 

been reported to the Epidemiology Unit from all over the island. At the moment the government has spent a 

vast amount of money on preventing dengue.This study aims to identify the optimal timing for issuing a 

dengue early warning that will allow sufficient time for the local authority in Sri Lanka to execute 

preventive measures to diminish the possible risks.Identification of the relationship between the climate 

factors and the spread of dengue fever also considered as a part of my study according to the climate 

patterns of Colombo district. 

 

2. Theory and Methodology 

In this study we have fitted a Vector Error Correction Model (VECM) to describe the number of dengue 

patients using the climatic factors (temperature and humidity). Even though the total rainfall of Colombo 

district was also considered initially, it was taken out from the model due to the less correlation with the 

number of dengue outbreaks.After fitting the model the accuracy of the model was tested using residual 

tests. 

 

2.1 Time Series Definition 

A time series is a collection of observations made sequentially in time. Time series data can occur in many 

different areas such as economics, marketing, physical science, demography, engineering, process control 

etc. 

Purpose of time series analysis is to  

- Understand or model the behavior of the observed series 
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- Predict or forecast future values 

Time series can generally be denoted by,  

X �t�: t =  1,2, … Where X (t) is the value of the observation at time point ‘t’. 

There are 4 main types of variation in a time series 

� Trend   : Long term change in the mean 

� Seasonal variation : Patterns occur in a fixed and known period (e.g., quarter of a   

 year, month, year ) 

� Cyclic variation : A cyclic pattern exists when the data exhibit rises and falls that   

 are not of the fixed period and known period. 

� Irregular fluctuation : Irregular fluctuations are what's left when the above mentioned   

 three components are removed from a time series. 

There are two main types of time series 

� Deterministic - A time series that can be predicted exactly 

� Stochastic      - A time series that can be only partially determined by past values 

 

Now we define the stochastic time series process as we have used as our statistical tool to analyze the 

dengue disease outbreak in the Colombo district. 

 

2.2 Stochastic Time Series Processes 

2.2.1 Stationary Time Series 

A time series with no systematic change in the mean and variance is said to be a stationary time series. In 

order to perform various time series analysis methods it is essential to make the time series stationary. There 

are two main categories of the stationary time series the first one is Strictly Stationary or First order 

stationary time series and the second type isWeakly Stationary or Second order stationary time series. 

A time series is said to be strictly stationary if the joint distribution of X�t��, X�t�, … , X�t�� is the same as 

the joint distribution of X�t� + k� , X�t + k�, … , X�t� + k�∀t�, t, … , t�, k . i.e. shifting the time origin will 

have no influence on the joint distribution. So it will only depend on the time lag. 

Alternatively if a time series {Xt} is strictly stationary, then 

(a) E�X�t�� =  µ  ; ∀t 
(b) Var�X�t��  = σ ; ∀t 
(c)  The auto covariance function depends only on the lag (k) i.e. 

γ�X�t��, X�t�� = γ�X�t� + k�, X�t + k��; ∀k 

 

A time series is said to be weakly stationary if 

(a) E�X�t�� =  µ  ; ∀t 
(b) The auto covariance function depends only on the lag (k) i.e. 

γ�X�t��, X�t�� = γ�X�t� + k�, X�t + k��; ∀k 

 

2.2.2 Contiguous models  

2.2.2.1 Autoregressive Process –����� 

Let {Z�} be a purely random process with mean zero and variance . Then {X�} is an autoregressive process 

of order “p”�AR�p� � if 

X� = α�X�$� + αX�$ + ⋯ α&X�$& 

where {Z�}~N�0, σ� and α�, α, … , α& are constants     
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2.2.2.2 Moving Average Process- 2��3� 

Let {Z�} be a purely random process with mean zero and variance . Then {X�} is a moving average process 

of order “q”�MA�q� � if 

X� = β6Z� + β�Z7$� + ⋯ + β8Z7$8 

where {Z�}~N�0, σ� and β6, β�, … , β8 are constantsand generally β6 = 1 

2.2.2.3 ��2���, 3� Models 

ARMA models or Auto Regressive Moving Average processes is formed by combining the above 

mentionedAuto Regressive (AR) and Moving Average (MA) processes. An autoregressive moving-average 

process containing p AR terms and q MA terms is said to be an ARMA process of order (p,q) and is denoted 

by ARMA(p,q).If X� has a ARMA (p,q) process then it can be written as 

X� = α�X�$� + αX�$ + ⋯ α&X�$& + Z� + β�Z7$� + ⋯ + β8Z7$8 

It can also be written as the following by using the backward shift operator. 

φ�B�X� = θ�B�Z�        

2.2.2.4 ARIMA(p,d,q)  models 

ARIMA model or an Auto Regressive Integrated Moving Average model can be explained as an extended 

ARMA model and is generally denoted as ARIMA (p,d,q) where “p” is the order of AR and “q” is the order 

of MA while “d” denotes the order of differencing. If  X� has an ARIMA (p,d,q) process then it can be 

written as  

φ�B��1 − ;�<X� = θ�B�Z� ; Where φ�B� represents the polynomial of AR process and    

   θ�B�represents the polynomial of MA process. 

2.2.3 Noncontiguous models (Seasonal models) 

When a time series exhibits patterns which tend to be repeated at a regular time interval then seasonal time 

series models turn out to be a good modeling tool.  

2.2.3.1 Seasonal AR models (SAR(p,P)) 

In a stationary Seasonal AR-process (SAR(p,P) ) can be identified by the following characteristics. 

•  ACF spikes at nonseasonal level (scale), i.e. between 1 and L die down in an exponential fashion 

(possibly oscillating). 

•  PACF spikes at non-seasonal level (scale) cuts off after lag p. 

•  ACF spikes at seasonal level (scale), i.e. at lags L, 2⋅L, 3⋅L, 4⋅L, …die down in an exponential 

fashion (possibly oscillating). 

•  PACF spikes at seasonal level (scale) cuts off after lag P⋅L. 

• Moderate ACF and PACF spikes usually exist around L, 2⋅L, 3⋅L, 4⋅L, … 

=7 = > + Φ�=7$� + ⋯ + Φ&=7$? + Φ�,@=7$A + ⋯ + ΦB,@=7$C.A + a7  

Where, 

L -number of seasons  

p – order of the non-seasonal level  

P- order of the seasonal level. 

 

2.2.3.2 Seasonal MA models (SMA(q,Q)) 

In a stationary Seasonal MA-process (SMA (q,Q) ) 

• ACF spikes at nonseasonal level cuts off after lag q. 

• PACF spikes at nonseasonal level, i.e. between 1 and L die down in an exponential fashion (possibly 

oscillating). 

• ACF spikes at the seasonal level cuts off after lag Q (L. 
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• PACF spikes at seasonal level, i.e. at lags L, 2⋅L, 3⋅L, 4⋅L,…die down in an exponential fashion 

(possibly oscillating). 

• Moderate ACF and PACF spikes usually exist around L, 2⋅L, 3⋅L, 4⋅L, … 

The seasonal model can be written as  

=7 = > + a7 − θ�E7$� − ⋯ − θ8E7$8 − θ�,@E7$A − ⋯ − θF,@=7$F  

Where, 

L-number of seasons  

q- order of the non-seasonal level  

Q-  order of the seasonal level. 

2.2.3.3 SARIMA Models (ARIMA(p,d,q,P,D,Q)L) 

Seasonal Auto Regressive Integrated Moving Average Process is a time series contain a periodic 

component, which repeats every‘s’ observation. A general SARIMA model can be written as   

ϕ& �B�ΦB�BG�W� = θI�B�ΘJ�BG�Z�     

Where B denotes the Backward shift operator,K?,ΦC , L8 ,ΘFare polynomials of order 
 p,P,q,Q respectively and Zt denotes a purely random process and M7 =  ∇O∇GOX�denotes the differenced 

series. 

 

2.3Goodness of fit statistics 

The goodness of fit of a statistical model describes how well it fits a set of observations. These are 

mathematical ways of measuring how  

 

2.3.1 R-square 

The R-square value indicates how much the variance in response is explained by the model. In other words 

it indicates how well data points fit to a certain model.  

R = 1 − SSQRG
SS�S�

 where  

SS�S� = T�yV − yW� known as the total sum of squares
V

 

SSQRG = T�yV − y\]� known as the residual sum of squares
V

 

yV − observed value 

y\] − aitted value 

According to the equation R-square value will never go beyond 1. If R-square value equals 1 then SSQRG 

should be zero i.e. there won’t be any error and the model fits perfectly (100%). Which means that a higher 

R-square value, near to one, will indicate an enhanced goodness of fit while a lower R-square value 

indicates a weakly fitted model. 

 

2.3.2 Akaike Information Criterion (AIC) 

The Akaike information criterion (AIC) is a measure of the relative quality of a statistical model, for a given 

set of data. Hence this provides a means of selecting the best model among several competing models. 

AIC deals with the trade-off between the goodness of fit of the model and the complexity of the model.  

In the general case, the AIC is 

AIC = 2k − 2ln �L� 

where k is the number of parameters in the statistical model, and L is the maximized value of the likelihood 

function for the estimated model. 
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2.4 Augmented Dickey – Fuller Test 

Augmented Dickey Fuller test (ADF) is a test for a unit root in a time series sample. The test is used most in 

statistical and econometric fields. It can also be implemented as a test for stationary in a time series. The 

original test was suggested by Dickey and Fuller in 1979 and it was designed to determine whether an AR 

(1) model was applied. This test was extended in 1981 for use with other AR models and the resulting test 

was named as Augmented Dickey Fuller test. It is this new version of the Dickey-Fuller test that is being 

used widely. 

In statistics and econometrics, an augmented Dickey–Fuller test (ADF) is a test for a unit root in a time 

series sample. It is an augmented version of the Dickey–Fuller test for a larger and more complicated set of 

time series models. The augmented Dickey–Fuller (ADF) statistic, used in the test, is a negative number. 

More negative the test statistic, stronger the rejection of the hypothesis that there is a unit roots at some level 

of confidence. 

There is no difference between the testing procedure of ADF test and Dickey-Fuller test except that ADF is 

applied to the following model (extended version of the Dickey-Fuller model). 

∆Y� =  α +  βt +  γY�$� +  δ�∆Y�$� + ⋯ + δ&$�∆Y�$&g� + ε� 
Or 

∆y� =  α+  βt +  γY�$� +  T�δh∆Y�$h

?$�

ij�
� + ε� 

Where, 

α– Constant 

β- Coefficient on a time trend 

k- is the coefficient presenting process root, i.e. the focus of testing, 

t – Time index 

p - Lag order of the autoregressive process.  

 

If both the constraints ∝ and β equals to zero i.e.(∝= 0 and β = 0 ) the case corresponds to modeling a 

random walk and using the constraint β = 0 corresponds to modeling a random walk with a drift.  

Inclusion of the lags of order p allowsADF formulation for higher-order autoregressive processes. So the lag 

length p has to be determined when applying the test. An alternative approach is to examine information 

criteria such as the Akaike information criterion etc. 

The unit root test is then carried out. The null and alternative hypotheses are as follows.  

H6: γ = 0 

H�: γ < 0 

Once a value for the test statisticpq7 =  kr
st�kr�u is computed it can be compared to the relevant critical 

value for the Dickey–Fuller Test. If the test statistic is less than the critical value, then the null hypothesis 

of k = 0 is rejected and conclude that no unit root is present. 

 

2.5 KPSS Test 

KPSS tests or Kwiatkowski–Phillips–Schmidt–Shin tests are used for determining the stationarity of a time 

series. The null hypothesis for the test is that the observed time series is stationary around a deterministic 

trend.  

Assume that there is no trend. The point of departure is a data generating process of the form 

Y� = ξ� + e� 
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where e� is stationary and ξ� is a random walk, i.e. 

ξ� = ξ�$� + υ�vℎxyxυ�~zzp�0,  {� 

If the variance is zero, συ
 = 0, then ξ� = ξ6∀t and Y� is stationary. Then by using a simple regression  

Y� = |̂ + x̂7 the estimated stochastic component can be found. Under the null hypothesis, x̂7 is stationary 

and this observation is used to design the test in which 

H6: συ
 = 0 

H�: συ
 > 0 

The test statistic is given by   

KPSS = 1
T ∗ ∑ S���j�

σr∞  

where  S� = T eG]
�

Gj�
andσr∞ is a HAC estimator of variance of er� 

 

2.6 Johansen Test 

The Johansen test is a procedure for testing co integration of several time series. This test allows more than 

one co-integrating relationship so is more generally applicable relative to other tests for co integration such 

as Engle–Granger test. 

For a general VAR��� model: 

X� = µ+ ΦD� + Π&X�$& + ⋯ + Π�X�$� + e�,t = 1, … , T 

There are two possible specifications for error correction i.e., two vector error correction models 

The Long run Vector Error Correction Model  

∆X� = µ+ ΦD� + ΠX�$& + Γ&$�∆X�$&g� + ⋯ + Γ�∆X�$� + ε� 
Where t = 1,2, … , T andΓV =  Π� + ⋯ +ΠV − I , i = 1,2, … , p − 1 

The Transitory Vector Error Correction Model 

∆X� = µ+ ΦD� − Γ&$�∆X�$&g� − ⋯ − Γ�∆X�$� + ΠX�$� + ε� 
Where t = 1,2, … , T andΓV =  ΠVg� + ⋯ + Π? , i = 1,2, … , p − 1 

 

2.7 Vector Error Correction Model 

A Vector Error Correction Model (VECM) can lead to a better understanding of the nature of any non-

stationary among the different component series and can also improve longer term forecasting over an 

unconstrained model. 

Given a VAR �p� of  I�1� x’s �ignoring constants� 

x� =  Φ�x�$� + ⋯ + Φ�$& + ϵ� 
 There always exists an error correction representation of the form (trick x7 = x7$� + ∆x7) 

∆x� = Πx�$� +  TΦV∗
&$�

Vj�
∆x�$V + ϵ� 

Where Π and the Φ
* 
are functions of the Φ’s. Specifically, 

Φh∗ =  − T ΦV

&

Vjhg�
 , j = 1, … , p − 1 

Π = −�� − Φ� − ⋯ − Φ&� =  −Φ�1� 
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The characteristic polynomial is,  

� − Φ�z − ⋯ − Φ&z& =  Φ�z� 

The above equations can be interpreted further in the following manner 

If Π = 0, then there is no co-integration. Non- stationarity of (1) type vanishes by taking differences and if 

Πhas full rank, k, then the x’s cannot be I(1) but are stationary.  

The other interesting case is, Rank(Π) = m, 0 < m < k, as this is the case of co-integration. Then 

Π = αβ′ 

(k × k) = (k × m)[(k × m)′] 

Where; the columns of β contain the ‘m’ co-integrating vectors, and the columns of α the ‘m’ adjustment 

vectors. 

Rank(Π) = min[ Rank(α), Rank(β) ] 

 

2.8 Ljung–Box Test 

The Ljung–Box test or Ljung–Box Q test is a test of whether any of a group of autocorrelations of a time 

series is different from zero. The test procedure was developed by for Greta M. Ljung and George E. P. 

Box.Rather than testing randomness at each distinct lag, Ljung–Box test tests the overall randomness based 

on a number of lags. 

The Ljung–Box test is used in many fields and is widely applied in econometrics and other applications of 

time series analysis. 

The null and the alternative hypotheses of Ljung–Box test can be defined in the following way. The null 

hypothesis says that the correlations in the population from which the sample is taken are 0, so that any 

observed correlations in the data result from randomness of the sampling process. Simply the above 

statements say that the data are independently distributed. 

H0: The data are independently distributed 

H1: The data are not independently distributed. 

The test statistic for the Ljung–Box is: 

Q = n�n + 2� T �r�

n − k
�

�j�
 

Where, 

n - Sample size 

ρr�- sample autocorrelation at lag k 

h - Number of lags being tested.  

 

For an α level of significance, the critical region for rejection of the hypothesis of randomness is  

Q > Χ
�$α,� 

Where Χ
�$α,� is the α quantile of the chi square distribution with h degrees of freedom. 

 

3. RESULTS AND DISCUSSION 

3.1 Box-Jenkins model to forecast the number of patients 

First a preliminary analysis was conducted in order to identify the highly affected districts by dengue fever 

within Sri Lanka. The results proved that the Colombo district has the highest number of dengue incidents. 

Hence the district Colombo was chosen as our area of interest to build the model. 

Time series plot of the reported number of patients per 100,000 individuals in Colombo district was 

observed initially. The idea of considering the number of patients at a rate (i.e. the number of patients per 
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100000 individuals) rather than using the actual number of patients, is to omit the influence that could be 

formed by the population growth. When observing the time series plot it can clearly be seen that the 

variation is not constant. In the beginning part the variation is very low but in the latter part of the time 

series a very high variation can be perceived. Hence a log transformation was used. 
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Figure 3.1.1 Time series plot of Patients per 100000 individuals vs. month 

 

After the log transformation it could be clearly seen that the aforementioned problem has been solved. Then 

the ACF and PACF of the log transformed data set as illustrated in figures 3.1.3 and 3.1.4 was observed in 

order to check for the stationary of the time series.  
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Figure 3.1.2 Time series plot of log transformed patient rate vs. month 

 

The autocorrelation function and the partial auto-correlation function were then observed. The auto-

correlation function of the log transformed series decays slowly. Significant lags can be observed up to 6 

lags. In other words the ACF decays very slowly which indicates non stationary present in the data set.  
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Figure 3.1.3 Autocorrelation Function for log transformed patient rate 
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Figure 3.1.4  Partial Autocorrelation Function for log transformed patient rate 

In order to remove the non-stationary present in the data, the log transformed series was differenced once 

and ACF and PACF were observed to check the stationary of the differenced series. 
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Figure 3.1.5 Time series plot of the first difference of log transformed patient rate vs. month 

 

As shown in figures 3.1.6 and 3.1.7 we can see that ACF and PACF functions decays quickly so it indicates 

that the time series is stationary and now it can be used for modeling.  
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Figure 3.1.6 Autocorrelation Function for first difference of log transformed patient rate 
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Figure 3.1.7 Partial Autocorrelation Function for first difference of log transformed patient rate 

 

Seasonal ARIMA (SARIMA) model as explained in section 2.2.3.3 was chosen to model the situation. 

Several SARIMA models were fitted to the time series and observed. Seasonal component with season 3 

was used. Table 3.1.1 explains the summary of several candidate models tested in this analysis and it was 

found from the table 

 

Model 
Significance Of  the  Co-

efficient  values 
Box-Pierce (Ljung-Box) 

SARIMA(1,0,1)(1,0,0)3 Good Auto Correlation Exist 

SARIMA(1,1,1)(1,0,0)3 Good Auto Correlation Exist 

SARIMA(1,1,1)(2,0,0)3 SAR6 term was not significant Auto Correlation Exist 

SARIMA(1,1,1)(1,0,1)3 Good Auto Correlation Exist 

SARIMA(1,1,2)(1,0,1)3 Good No Auto Correlations 

SARIMA(2,0,1)(1,1,1)3 Good Auto Correlation Exist 

SARIMA(1,0,1)(2,1,1)3 Good Auto Correlation Exist 

SARIMA(1,1,1)(1,1,1)3 Good Auto Correlation Exist 

SARIMA(1,1,2)(1,1,1)3 Good Auto Correlation Exist 

Table 3.1.1 Summery of several candidate models tested 

 

In all most all the cases p-values for the Box-Pierce was below 0.05 which is not the desirable result. But 

only one model from all the models showed Box-Pierce value greater than 0.05 and that model was 

SARIMA(1,1,2)(1,0,1)3. Then residual tests on the chosen model was conducted. Auto Correlation Function 

of the residuals indicated that there were no significant correlations among residuals. The normality test for 

residuals suggested that the residuals are normally distributed as the Anderson Darling (AD) test statistic 

value(0.278) is less than the p-value(0.645). 

Hence Box-Jenkins model to forecast number of dengue incidents within Colombo district was chosen as 

SARIMA(1,1,2)(1,0,1)3 model. The R square value for the model was 0.735926. 
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Model  SARIMA(1,1,2)(1,0,1)3 

R- square value 0.735926 

ACF Indicated no auto correlations among residuals 

Normality of residuals  AD=0.278<p-value=0.645. Hence residuals are normally 

distributed. 

Table 3.1.2 Summery of SARIMA(1,1,2)(1,0,1)3 model 

 

The values from 2002 January to 2012 February was used to build the model and values from 2012 March to 

2012 September were kept for validation of the model. 

Year Month Forecasted Patient Rate Lower Bound Upper Bound Actual Patient Rate 

2012 Mar 18.689 7.65762 45.612 24 

2012 Apr 16.168 5.03867 51.88 16 

2012 May 19.4599 5.41487 69.935 22 

2012 Jun 29.1525 7.74387 109.747 48 

2012 Jul 33.4018 8.66875 128.702 50 

2012 Aug 27.8743 7.1419 108.792 47 

2012 Sep 18.857 4.7802 74.387 20 

Table 3.1.3 Comparing the forecast and actual values 

 

According to the forecasted values by the SARIMA(1,1,2)(1,0,1)3model we can expect an increase of 

dengue incidents within the period June, July and August in which the month July is expected to have the 

maximum number of patients. When we observe the actual values it can be seen that the values suits with 

the forecasted values efficiently. In order to get a good idea refer figure 3.1.8 which illustrates the figures in 

the table 3.1.3. 
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Figure 3.1.8 Actual and Forecasted values 

The observed and the forecasted values are iliustrsated in the above figure 3.1.8. 
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3.2 Building a Vector Error Correction Model 

First the climatic factors were identified by using cross correlation function. Cross correlation between the 

patient rate and climatic factors was investigated one by one. Several climatic variables were considered 

here. But the only monthly mean humidity and monthly mean temperature showed a significant relationship 

with the patient rate in the Colombo district. So only those two climatic variables were considered when 

constructing the vector error correction model. Monthly patient rate (i.e. number of patients per 100000 

individuals) was taken along with the monthly mean humidity and monthly mean temperature.  

First stationary tests were performed on each of the variables considered, in order to find whether they were 

stationary or not. Two stationary tests were performed namely Augmented Dickey-Fuller (ADF) test as 

explained in section 2.4 and KPSS test as explained in section 2.5. The results of these tests are given in 

table 3.2.1 below. 

 

Variable Desdription 

Stationary 

level (ADF 

test) 

Stationary 

level (KPSS 

test) 

Final Result 

P���� Patient Rate I(1) I(1) 
Level 1 stationary 

i.e. (I(1)) 

MEAN�R�& 
Monthly Mean 

Temperature 
I(0) I(1) 

Level 1 stationary 

i.e. (I(1)) 

MEAN���VO 
Monthly Mean 

Relative Humidity 
I(1) I(0) 

Level 1 stationary 

i.e. (I(1)) 

Table 3.2.1 Summery of the results of ADF test and KPSS test 

Where I(0) indicates that the time series is stationary at level 0 in other words the original series is 

stationary. I(1) indicates that the time series is stationary at level 1 i.e. the first difference of the time series 

is stationary. 

If at least one test suggest that the time series is non stationary at some level it is ideal to consider the series 

as a non stationary at the given level. So as the end result all the variables are non-stationary at level 0 (i.e. 

original series) and stationary at their first difference. 

Then the Johansen co-integration test was conducted to check whether there exists a long term equilibrium 

between the variables.  

The Johansen co-integration test indicated that there were 2 co integrated equations at .05 significance level. 

So models with different lags were considered with two co-integrated terms in the VECM model. Now there 

were several models and from those the best model was chosen by using the Akaike Information Criterion 

(AIC). The models considered and their corresponding AIC values are summarized below. 

Model Tested Akaike Information Criterion (AIC) value 

lag_1_1 13.97984 

lag_1_2 14.01990 

lag_1_3 14.09361 

lag_1_4 13.91994 

lag_1_5 14.03939 

lag_1_6 14.11193 

Table 3.2.2 Summery of models considered and corresponding AIC values 

In the above table lag_1_i represented a model which considered lags from 1 to i. where i=1,2,..,6. The 

model with the smallest AIC value is considered the best model. Hence the model which contains up to 4 

lags was selected as the best model. 
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According to the chosen VECM model the relationship between dengue outbreaks and climatic factors can 

be modeled by 

D�P����� =  −�. ��� ∗ �P�����−1� −  20.82 ∗ MEAN�R�&�−1� +  573.011  − ¡. �¢¢{
∗ �MEAN���VO�−1� +  1.020 ∗ MEAN�R�&�−1� −  110.067  − 0.064 ∗ D�P�����−1��
− 0.335 ∗ D�P�����−2�� − 0.143 ∗ D�P�����−3�� − 0.405 ∗ D�P�����−4�� + 0.63
∗ D�MEAN���VO�−1�� 

+1.131 ∗ D�MEAN���VO�−2�� + 1.04 ∗ D�MEAN���VO�−3�� 

  + 0.551 ∗ D�MEAN���VO�−4�� − 1.161 ∗ D�MEAN��$��� 

  −0.231 ∗ D ¥MEAN�R�&�−2�¦ +  0.299 ∗ D ¥MEAN�R�&�−3�¦ 

  +  0.713 ∗ D�MEAN�R�&�−4��  +  0.279 
Where 

P���� − Patient Rate �per 100,000 individuals� 

MEAN���VO − Mean Humidity  
MEAN�R�& − Mean Temperature 

P�����−i� − i�� lag of patient rate ; i = 1,2,3,4 

MEAN���VO�−i� −  i�� lag of mean humidity; i = 1,2,3,4 

MEAN�R�&�−i� −  i�� lag of mean temperature; i = 1,2,3,4 

D�P����� − First difference of the series Patient Rate 

D�P�����−©�� − First difference of the i�� lag of patient rate And so on. 

Residual Tests on Vector Error Correction Model 

 

After building the model the adequacy of the model was tested through the residuals. A brief description of 

the residual tests is given below. 

Residual Test Results Description 

Heteroskedasticity Test p-value=0.08>0.05 
Accept the null hypothesis null i.e. residuals 

are homoskedastic 

Auto correlation test 

(LM test) 

p-value > 0.05 

(checked up to 6 lags) 
No serial correlation among residuals. 

Normality Test  p-value=0.15>0.05 

Hence the null hypothesis is accepted and the 

residuals are multivariate normally 

distributed 

Table 3.2.3 Summery of the residual test results 

The actual and predicted values were summarized in the table given below 

 

Year Month VECM Forecast (Patient Rate) Actual value 

2002 Jun 14.654 15 

2002 Jul 19.062 19 

2002 Aug 17.356 8 

………… ………….. …………………… ………… 

………… ………….. …………………… ………… 

2012 Aug 25.915 47 

2012 Sep 26.039 20 

Table 3.2.4 Comparing the forecast and actual values  
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The results indicate that the number of patients can be predicted through our proposed model by using the 

mean temperature and the mean humidity level as the parameters. When compared to the other climatic 

factors the best climatic factors to describe the spread of dengue fever in Colombo district are the monthly 

Mean Temperature and the monthly Mean Humidity. 

In this analysis we have also found that rain is not a significant climatic factor that needs to be considered in 

this analysis. 

 

4. CONCLUSION 

In this study we have proposed a new model to predict the Dengue disease outbreak using the vector 

correction method. The proposed model only based on the humidity and temperature and it does not require 

rainfall measurements take into account. It was also shown that the proposed model approximately provides 

reliable predictions based on the aforementioned factors. This analysis is only based on the Colombo district 

in Srilanka. The proposed numerical approach can be used to study the Dengue disease outbreak in any other 

tropical areas. The approximate prediction provided by this model on dengue epidemic seasons could 

facilitate the local authorities to take the necessary steps to safeguard the situation for local communities. 
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Figure 5.1 Autocorrelation Function of the residuals of SARIMA(1,1,2)(1,0,1)3 

 

RESI1

P
e

rc
e

n
t

0.500.250.00-0.25-0.50-0.75

99.9

99

95

90

80

70
60
50
40
30

20

10

5

1

0.1

M ean

0.645

-0.008997

S tD ev 0.1933

N 121

A D 0.278

P -Valu e

P robabil ity  P lot of  R ES I1
Norm a l 

 
Figure 5.2 Normal Probability plot of residuals of SARIMA(1,1,2)(1,0,1)3 
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Figure 5.3 Residual plots of  SARIMA(1,1,2)(1,0,1)3 

 

Unrestricted Co-integration Rank Test   

     
     
Hypothesized  Trace 0.05  

No. of CE(s) Eigenvalue Statistic Critical Value Prob.** 

     
     
None *  0.212053  49.39988  29.79707  0.0001 

At most 1 *  0.123679  19.84769  15.49471  0.0103 

At most 2  0.027649  3.476803  3.841466  0.0622 

     
     
Test indicates 2 cointegrating eqn(s) at the 0.05 level 

Table 5.1 Johansen test results for co-integration  

 

VEC Residual Serial Correlation LM Tests 

Null Hypothesis: no serial correlation at lag order h 

   
   
Lags LM-Stat Prob 

   
   
1  2.923463  0.9673 

2  7.050732  0.6318 

3  6.989763  0.6382 

4  12.53658  0.1847 

5  3.607552  0.9353 

6  15.67135  0.0741 

   
   
Table 5.2 LM test results for serial auto correlation of the residuals in VECM (up to 6 lags)  

 

VEC Residual Heteroskedasticity Tests: No Cross Terms (only levels and squares) 

      
            

   Joint test:     

      
      Chi-sq df Prob.    

      
       193.9969 168  0.0827    

      
      Heteroskedasticity test reults 
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Table 5.3 Heteroskedasticity test results 

 

     
          

Component Skewness Chi-sq df Prob. 

     
     1  0.376867  2.935262 1  0.0867 

2 -0.275266  1.565941 1  0.2108 

3  0.195650  0.791094 1  0.3738 

     
     Joint   5.292297 3  0.1516 

     
     Table 5.4 Normality test results 
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