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ABSTRACT 

Malaria is one of the leading causes of death from infectious diseases in the whole realm. It is a preventable 

but treatable disease which is caused by parasites called plasmodium and transmitted by Anopheles mosquito bites. 

Owning to the serious health implication of malaria infection, there is every need to develop forecasting techniques 

which will serve as early warning signals with timely case detection in regions of dynamic malaria transmission, so that 

preventive and control measures can effectively be implemented. This study is an attempt to model and forecast the 

incidence of malaria infection in Nigeria using Autoregressive Integrated Moving Average model. The study uses 

annual data for malaria infection cases for the period 1985 to 2014 in Nigeria. The graphical, unit root and stationarity 

properties of the data indicates that the series is integrated of order one, I(1). The OLS estimate of the stationary series 

shows that ARIMA (2,1,2) model is the best candidate to model the incidence of malaria infection in Nigeria. The 

modeled ARIMA (2,1,2) which is dynamically stable is used to forecast future incidences of malaria in Nigeria from 

2015 to 2018. The post forecast values shows a linear growth in the series which indicate higher rates of infection over 

the predicted period. The study recommends that government of Nigeria at all levels; international agencies and policy 

makers should embark on strong preventive, curative and control measures in order to reduce the menace of future 

incidences of malaria in Nigeria. 
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1. INTRODUCTION 

Malaria is one of the leading causes of death from infectious diseases globally. Almost half of the world’s 

population is living in areas at risk of malaria transmission; it remains a public health issue in many countries, 

including Nigeria. The incidence of malaria infection varies from place to place and at different times. Such 

variations are very common in Nigeria. The main climatic factors that directly affect malaria transmission in 

Nigeria and elsewhere in the world are temperature, rainfall, precipitation, altitude and relative humidity (the 

amount of moisture in the air). These climatic factors affect both the development of malaria parasite the life cycle 

of the mosquito vector. The areas at risk of malaria infection are greatly influenced by climatic changes and global 

warming which can also affect the rates of transmission. According to An (2011) the incubation periods for 

mosquito parasite development becomes shorter as temperature gets warmer, and the transmission of malaria occurs 

at higher altitudes thereby infecting individuals who are not directly exposed to the danger of the disease. Other 

non-climatic factors affecting the transmission of malaria include differences between human hosts, migration of 
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people from one place to another and development projects. If we understand both the climatic and non-climatic factors 

which affect the transmission of malaria, it will help us in understanding the risk associated with malaria infection in 

Nigeria better. This understanding is also useful for monitoring, preventing, and controlling local malaria epidemics. 

Kumar et al. (2014) asserts that malaria is a preventable but treatable disease which is caused by parasites called 

plasmodium and transmitted by Anopheles mosquito bites which causes significant illnesses and deaths, especially in poor 

areas. The symptoms of malaria infection become noticed between one to two weeks of infection, or even many months 

later, depending on the species of the parasite. The signs and symptoms of malaria infection include vomiting, severe fever 

and headache, if not treated, malaria can be life-threatening, as it prevent the smooth flow of blood to vital organs of the 

body (WHO, 2010). Over 3 billion people are said to have been living in areas at risk of malaria transmission (CDC, 2010). 

Over 240 million cases of malaria were estimated and reported by World Health Organization in 2008, and over 860 000 

deaths due to malaria occurred in 2008 (WHO, 2009). This mosquito-borne infectious disease caused by Plasmodium 

species has become a public health burden world-wide. Although, over 156 species of Plasmodium infect humans, only 

five types cause malaria in human beings. These are P. falciparum, P. vivax, P. malariae, P. ovale and P. knowlesi (CDC, 

2010). The most common species are Plasmodium falciparum and Plasmodium vivax with Plasmodium falciparum being 

the most deadly. Since there are different species of malaria as there are species of mosquitoes, it becomes imperative to 

know their unique life cycles and ecology. 

The Plasmodium parasite requires two different hosts to complete its life cycle: a female Anopheles mosquito and 

a human being, or another vertebrate. Therefore, the epidemiology of malaria depends on the mosquito vector, the human 

host and the parasite itself. To infect a human host, the parasite first develops in the mosquito fully, during a stage known 

as the extrinsic incubation period (EIP). The duration of this period is dependent on such factors like climatic changes, the 

mosquito species, and whether the parasite survives long enough to allow the Plasmodium to complete its life cycle, which 

lasts between 10 to 21 days (CDC, 2010). To fully understand malaria, we need to understand the mosquito vector. There 

are approximately 430 species of Anopheles mosquitoes, out of which 30 to 40 are malaria vectors. There are four phases 

in the life cycle of mosquitoes. These are egg, larva, pupa and adult. The first 3 phases are aquatic stages and take about 5 

to 15 days to complete, although this depends on the ambient temperature and the species of the mosquito. As the 

Anopheles mosquito feeds on human blood, the female adult phase acts as a vector. This female can survive for about one 

to two weeks in nature but can live up to one month or more in captivity (CDC, 2010). The 30 to 40 species of Anopheles 

mosquitoes which acts as vectors exhibits different kind of behaviours, which can affect when and how human beings are 

bitten and consequently infected with malaria. The endophagic species of mosquitoes prefer feeding indoors, whereas 

exophagic mosquito species like feeding outdoors. Endophilic species of mosquito prefer inhabiting and resting indoors, 

thereby paving way for common preventive measures such as spreading insecticides on the house walls. On the other hand, 

exophilic mosquito species like inhabiting and resting outdoors, which is more difficult to control (MFI, 2000). 

When feeding on the human’s blood, a malaria-infected mosquito can infect a human being. This is when 

sporozoites in the infected mosquito’s saliva enter the human host. There are two main phases within the human host cycle. 

These are the liver and red blood cell stages. The liver cells are first infected by the sporozoites which mature into 

schizonts. The schizonts either rupture and release merozoites, or remain dormant as hypnozoites and cause relapses by 

entering into the bloodstream many weeks or years later, although this depends on the species of the parasite. When the 

parasite leaves the liver, they multiply in the red blood cell through asexual reproduction, thereby developing into 
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trophozoites and then schizonts again. The schizonts then rupture and release merozoites. This is the final stage of malaria 

parasite’s life cycle that causes the main signs and symptoms of malaria infection (CDC, 2010). 

Owning to the serious health implication of malaria infection, there is every need to develop forecasting 

techniques which will serve as early warning signals with timely case detection in regions of dynamic malaria 

transmission, so that preventive and control measures can effectively be implemented (WHO, 2004). Kumar et al. (2014) 

conducted a study to forecast malaria cases using climatic factors such as monthly rain fall, relative humidity and mean 

maximum temperature as predictors in Delhi, India. The study employed Autoregressive Integrated Moving Average 

model and found that ARIMA (0,1, 1) (0,1,0)12 was the best fitted model for the data which could explain 72.5% variability 

in the time series data. The study finds Rainfall and relative humidity as statistically significant parameters for predicting 

malaria transmission in Delhi, India. The study concluded that ARIMA model as a forecasting and time series analysis tool 

is quite reliable in forecasting malaria incidence in Delhi, India. Kuhe and Jenkwe (2015) investigated the causal 

relationship between anopheles mosquito population and climatic factors such as temperature, rainfall and relative 

humidity in Makurdi (Nigeria). They found a strong negative and significant relationship between anopheles mosquitoes’ 

population and temperature whereas a strong positive and significant relationship existed between anopheles mosquito 

population with rainfall and relative humidity. The study established the existence of a long-run relationship between 

anopheles mosquito population and rainfall, temperature and relative humidity and concluded that anopheles mosquito 

population in Makurdi is Granger caused by rainfall, temperature and relative humidity. [See Odongo-Aginya et al., 2005; 

Srinivasulu et al., 2013; Haquel et al. 2010; Bi et al. 2003; Clements et al. 2009; Kiang et al. 2006; Tian et al. 2008 and 

Xiao et al. 2010] for more surveys. This study contributes and extends the existing literature by modeling and forecasting 

malaria infection cases in Nigeria using time series techniques and more recent data. 

3. MATERIALS AND METHODS 

3.1 Data and Software for Analysis 

The research data for this work was obtained as secondary data from WHO report on malaria, [2010] and from 

www.kff.org/../malaria_cases/. Eview version 7.1 statistical software package is used for the analysis while Minitab 

version 16.0 and Gretl statistical software packages were implemented in drawing the graphs in this work. 

3.2 Methods of Analysis 

Before we specify the theoretical model for this study, let us clarify some basic concepts. 

3.2.1 Stationary Process  

[a] Strict Stationarity: A time series {��} is said to be strictly stationary if the joint distribution of 

���, ���, … , ��� is the same as the joint distribution of ����	 , ����	, … , ����	 for all 
 � ℝ. Hence the mean and variance if 

they exist are homoskedastic. 

[b] Covariance or Weak Stationarity: A time series {��} is said to be covariance or weakly stationary if its 

mean and variance are constant over time and the autocovariance is independent of the distance between the variables.  

E���� = � < ∞ for all 
 � ℝ; E��� − ������	 − �� = cov��� , ���	� = ��ℎ�.                                                       (3.1) 

Where � is a real number and ��ℎ� is the autocovariance function for lag h. The transformation involves 

differencing the data with the given series �� to create a new series 
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∆�� = �� − ����                                                                     (3.2) 

3.2.2 Autoregressive Process 

Let {��} be a purely random process with mean zero and variance ��, then the process �� is said to be an 

autoregressive process of order p if  

�� = ������ + ������ + ⋯ + �"���" + ��                                                (3.3) 

Where ��, ��, … , �" are autoregressive parameters and the subscripts 1, 2, … are the orders of the autoregressive 

parameters which increase with increase in �� . The values of � which would make the process to be stationary are such 

that the roots of ��$� = 0 lie outside the unit circle in the complex plane. L is the lag operator such that $&�� = ���& and 

�$ = 1 − �$, … , �"$". 

3.2.3 Moving Average Process 

Suppose that {��} is a white noise process with mean zero and variance ��, then the process �� is said to be a moving 

average process of order q if 

�� = (��� + (����� + ()���� … + (*���*                                                   (3.4) 

Where (�, (�, … , (* are the moving average parameters. The subscripts on (’s are called the order of moving 

average parameters. 

3.2.4 Autoregressive Moving Average 

When an Autoregressive process and a Moving average process are combined to build a stochastic process, the 

resulting model is called an Autoregressive Moving Average (ARMA) model. An ARMA model of order p, q is specified 

as: 

�� = �+ + ������ + ������ + ⋯ + �"���" + �� − (����� + (����� + ⋯ + (*���* 

= ∑ -����. + �� −"
�/� ∑ (&���&*

�/�                         (3.5) 

When multiplied using lag operator $&�� = ���& we get -�$��� = (�$��� 

Where (�$� = 1 − (�$, … , (*$* and -�$� = 1 − -�$, … , -*$* are polynomials of degree p and q in L and the 

process is ARMA (p, q). To obtain stationarity for this model the equation -�$� = 0 has its roots outside the unit circle and 

the root of (�$� = 0 must lie outside the unit circle for the process to be invertible. 

3.2.5 Autoregressive Integrated Moving Average 

Consider the autoregressive moving average of order p, q given by 

�� = �+ + ������ + ������ + ⋯ + �"���" − (����� + (����� + ⋯ + (*���*  

Suppose that �� is non-stationary but ∆�� is stationary, let 3� = ∆4�� and 3�is stationary while �� is non-

stationary, then: 

3� = -+ + -�3��� + -�3��� + ⋯ + 3"���" + �� + (����� + (����� + ⋯ + (*���*         (3.6) 
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We can also write the model using lag operator 

-�$�3� = ⍵�$���                                                                         (3.7) 

This implies that -�$�∆4�� = 6�$���.  

Note that ∆= 1 − $, ∆�� = �� − ����, �1 − $��� = �� − �$��� . Thus, 

-$�1 − $�4�� = 6�$���                                                           (3.8) 

is called the autoregressive integrated moving average of order (p, d, q), p is the autoregressive parameter, q is the 

moving average parameter while d is the order of integration of the series. 

3.2.6 Autocovariance and Autocorrelation Function 

Autocovariance and autocorrelations are measures of dependence between variables in a time series. Suppose that 

��, ��, … , �� are square integrable random variables with the property that the covariance Cov����8 , ��� = E�9���8 −
E:���8;<9�� − E:��;<� of observations with lag = does not depend on 
. Then 

>8 = Cov��8��, ��� = Cov��8��, ��� = ⋯ = Cov��8�� , ���                                                                              (3.9) 

is called autocovariance function and  

?8 = @A
@B , = = 0, 1, 2, …                                                                     (3.10) 

is called autocorrelation. 

Let D�, D�, , … , D� be the realizations of a time series ��, ��, , … , ��. The empirical counterpart of the 

autocovariance function is given by: 

E8 = ∑ �D��8 − D̅���8�/� �D� − D̅�  with D̅ = �
� ∑ D���/�          (3.11) 

and the empirical autocorrelation is defined by 

KL = ML
MN = ∑ �D��8 − D̅���8�/� �D� − D̅� ∑ �D� − D̅��/�⁄ ��            (3.12) 

3.2.7 Partial Autocorrelation Function 

The autocorrelation at lag = is given by the coefficient �� = ?8���8 + P�. The partial autocorrelation function 

(PACF) denoted by QLL, gives the correlation between �� and ���8 allowing for the effects of intermediate lags 

����, … , ���8��. QLL is given by the last coefficient in 

�� = QRL���� + QSL���� + ⋯ + QLL���8 + P�                                       (3.13) 

We can conduct a joint test for the first T autocorrelations in the residual of the series using the following pair of 

hypothesis: 

U+ = QRR = QRS = ⋯ = QRV = 0 [all correlations are zero] against U�: QRR ≠ QRS ≠ ⋯ ≠ QRV ≠ 0 [at least one is 

significantly different from zero]. 
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3.3 Some Statistical Tests 

3.3.1 Augmented Dickey-Fuller (ADF) Unit Root Test 

The ADF unit root test is used to check whether a given series contains a unit root or whether a given series is 

stationary or not, Dickey and Fuller, [1979]. 

Consider a simple AR (1) process: 

[� = ?[��� + D�′� + ��                (3.19) 

where D�  are regressors which can be assumed to constant, or a constant and linear time trend, 

? and � are parameters to be estimated, and the ��  are assumed to be white noise. After subtracting [��� from both 

sides of equation (3.19), we have: 

∆[� = \[��� + D�′� + ��              (3.20) 

where \ = ? − 1. The null and alternative hypotheses are written as: 

U+: \ = 0 vs U�: \ < 0                                                                   (3.21) 

And evaluated using the conventional 
 −ratio for \: 

] = \̂ :se:\̂;;⁄                          (3.22) 

where \̂ is the estimate of \, and se:\̂; is the coefficient standard error. 

The above ADF unit root test is only valid for an AR (1). For an AR (̀), we consider the following regression 

equation: 

∆[� = \[��� + D�′� + (�∆[��� + (�∆[��� + ⋯ + ("∆[��" + a�         (3.23) 

Equation (2.23) is used to test equation (3.21) using the 
 − ratio in equation (3.22) Said and Dickey (1984). For 

more detail of the ADF test see [Davidson and MacKinnon, 1993, Chapter 20, Hamilton, 1994, Chapter 17, and Hayashi, 

2000, Chapter 9]. 

3.3.2 Box-Ljung Test for Autocorrelations 

The Box-Ljung test tests for the significance of autocorrelations in time series data. The test statistic is given by: 

c = d�d + 2� ∑ ?8� d − =ef8/�                (3.24) 

where d is the number of observations, = is the number of lags correlation, ?8 is the autocorrelation and T is the 

number of autocorrelation terms. If the p-value of the test statistic, c is less than 0.05, then at least one of the first T 

autocorrelations is significant meaning that autocorrelation is significant.  

3.4 Information Criteria for Model Order Selection  

We use the following information criteria for model order selection: Akaike Information criterion (AIC), (Akaike, 

1974), Schwarz information Criterion (SIC), (Schwarz, 1978), and Hannan-Quinn Criterion (HQC), (Hannan, 1980). The 

information criteria are given below: 
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 ghi = jkl mnoo
� p + m2 × 8

�p                                                          (3.25) 

 rhi = log mnoo
� p + mlog:t; × 8

�p                                                                  (3.26) 

 Uci = log mnoo
� p + m2 × log :log:t;; × 8

�p  and                                          (3.27) 

where n is the number of observations; = is the number of free parameters to be estimated, RSS is the residual 

sum of squares.  

3.5 Forecast and Forecast Evaluation 

Suppose the sample we wish to forecast is u = d + 1, d + 2, … , d + ℎ, and denote the actual and forecasted value 

in period 
 as D� and D̂�, respectively. The reported forecast error statistics are computed as follows: 

Root Mean Square Error :RMSE; =  {∑ :D̂� − D�;�|�	�/|�� /ℎ   

Mean Absolute Error:MAE; =  ∑ |D̂� − D�||�	�/|�� /ℎ  

Mean Absolute Percentage Error:MAPE; =  100 × ∑ ��̂����
�� �|�	�/|�� /ℎ  

Theil Inequality Coef�icient(TIC) = {∑ (�̂����)��������� /	
{∑ �̂���������� /	�{∑ ����������� /	

   

The smaller the error, the better the predictive ability of the model according to the criterion. The Theil Inequality 

Coefficient always lies between zero and one, the more the value is close to zero the more perfect is the fit. 

4. RESULTS AND DISCUSSIONS 

4.1 Graphical Properties of the Series 

We first plot the level series against time and observe the graphical properties of the series. The result is presented 

in Figure 1. 

 

Figure 1: Time Plot of Malaria Infection in Nigeria (Level) 

The time plot of malaria infection in Nigeria reported in Figure 1 shows fluctuating trend in the series. The 

trending in the series is not smooth which suggests that the mean and variance of the series are changing over time which is 

an indication of a non-stationary series. The up and down movement in the series suggest the presence of autocorrelation in 

the series. 
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The autocorrelation function and partial autocorrelation function of the level series are plotted and reported in Figure 2. 

 

Figure 2: ACF and PACF Plots of Malaria Infection in Nigeria (Level) 

The ACF and PACF of the level series reported in Figure 2 suggests that the series is non-stationary in level since 

some of the spikes are found standing outside the confidence bands. This also indicates that the residuals of the level series 

are not purely random process. We therefore obtain the first difference of the series. The time plot of the differenced series 

is presented in Figure 3.  

The time plot of the first difference of the series reported in Figure 3 indicates that the trending in the series is 

somehow smooth which suggests that the mean and variance are constant over time. This means that first difference of the 

series is stationary. We will further investigate this by considering the ACF and PACF of the first difference. 

 

Figure 3: Time Plot of Malaria Infection in Nigeria (1st Diff.) 

 

Figure 4: ACF and PACF Plots of Malaria Infection in Nigeria (1st Diff) 
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The plot of ACF and PACF of the first difference reported in Figure 4 suggests that the series in stationary since 

all the lags are inside the confidence bands. This indicates that the residual of the first difference of the series are purely 

random process. To actually determine the order of integration of the series, we employ Augmented Dickey-Fuller unit 

root test. 

4.2 Augmented Dickey Fuller (ADF) Unit Root Test 

The time plots indicate that the series is stationary in the first difference. To further confirm this and to obtain the 

correct order of integration of the series, we conduct unit root test both on the level and first difference of the series using 

ADF unit root test procedure. The results of the ADF unit root test in level and first difference are reported in Table 1. 

Table 1: ADF Unit Root Test Result of Malaria Infection in Nigeria 

Variable Option 
ADF Test 
Statistic 

P-value 
Critical Values 

1% 5% 10% 

Y 
Intercept only -0.5195 0.8730 -3.6892 -2.9719 -2.6251 

Intercept & Trend -2.3786 0.3818 -4.3298 -3.5806 -3.3240 

∆Y 
Intercept only -4.8106*** 0.0007 -3.6999 -2.9763 -2.6274 

Intercept & Trend -8.3693*** 0.0000 -4.3240 -3.5806 -3.2253 
Note: *** denotes the significant of the ADF test statistic at 1%, 5% and 10%. ∆Y is the first difference of Y. 

The unit root test result reported in Table 1 shows that the series is nonstationary in level since the ADF test 

statistics with constant and with constant and linear trend are all greater than the critical values of the test at the 

conventional test sizes and the p-values are all greater than \ = 0.05. But the ADF unit root test result of the differenced 

series shows that the series is stationary since the ADF test statistics with constant and with constant and linear trend are all 

less than the critical values of the test at the conventional test sizes and the p-values are all less than \ = 0.05. This shows 

that the data is integrated of order one, I(1).  

Having obtained the correct order of integration of the series, we proceed with other analysis using the stationary 

series. 

4.3 Identification of the Optimal Model 

A careful look at the ACF and PACF plots of Figure 4 indicates that the spikes of ACF and PACF quickly decay 

to zero. This suggests a mixed (ARMA) process. From Table 1, we noted that the order of integration, � = 1. Therefore we 

shall fit an ARIMA (p, d, q) for the series. We then search for an optimal model using information criteria. The information 

criteria employed in this study are Akaike Information criterion (AIC), Schwarz information Criterion (SIC) and Hannan-

Quinn Criterion (HQC). The execution of the model is repeated for different number of lags following this procedure; we 

choose using parsimony the model with the least information criteria. The result is presented in Table 2. 

Table 2: Model Order Selection Using Information Criteria 

S/n Model AIC BIC HQC R2 Adj. R2 DW 
1 ARIMA(1,1,1) -0.3111 -0.1684 0-.2675 30.93 25.40 1.822 
2 ARIMA(1,1,2) -0.9344 -0.7441 -0.8762 65.52 61.21 1.433 
3 ARIMA(1,1,3) -0.3899 -0.1520 -0.3172 44.66 35.04 1.836 
4 ARIMA(1,1,4) -0.6878 -0.4023 -0.6005 61.75 53.05 1.664 
5 ARIMA(1,1,5) -0.7333 -0.4003 -0.6315 65.97 56.25 2.164 
6 ARIMA(2,1,1) -0.2516 -0.0596 -0.1945 21.48 11.24 1.896 
7 ARIMA(2,1,2)** -0.9153 -0.8754 -0.9440 78.10 66.85 2.0256 
8 ARIMA(2,1,3) -0.3776 -0.0896 -0.2920 40.31 26.20 1.801 
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Table 2: Contd., 
9 ARIMA(2,1,4) -0.4894 -0.1535 -0.3895 50.44 35.57 1.975 
10 ARIMA(2,1,5) -0.5506 -0.1666 -0.4364 56.70 40.75 2.155 
11 ARIMA(3,1,1) -0.4502 -0.2082 -0.3805 42.43 31.23 1.733 
12 ARIMA(3,1,2) -1.0586 -0.7683 -0.9750 70.89 63.62 1.393 
13 ARIMA(3,1,3) -0.9380 -0.5993 -0.8404 69.59 59.99 1.438 
14 ARIMA(3,1,4) -0.4094 -0.0223 -0.2979 52.23 33.65 1.968 
15 ARIMA(3,1,5) -0.5253 -0.0898 -0.3999 60.61 42.07 1.862 
16 ARIMA(4,1,1) -0.3762 -0.0837 -0.2951 45.60 31.23 1.862 
17 ARIMA(4,1,2) -0.5597 -0.2186 -0.4652 58.21 44.28 2.017 
18 ARIMA(4,1,3) -0.5137 -0.1238 -0.4057 59.60 42.97 1.875 
19 ARIMA(4,1,4) -0.3917 -0.2743 -0.4029 53.32 32.98 1.796 
20 ARIMA(5,1,1) -0.2589 0.0847 -0.1677 46.91 28.18 1.912 

Note: ** denotes model selected by the criteria 

The result of Table 2 indicate that ARIMA (2, 1, 2) has the least information criteria. It thus appears to provide 

statistically adequate representation of the given data. We therefore select ARIMA (2, 1, 2) as the best candidate to model 

malaria infection scenario in Nigeria. We can now estimate the parameters of the selected model. The result of the 

parameter estimates of the optimal model is presented in Table 3. 

Table 3: OLS Parameter Estimates of Arima (2, 1, 2) Model 

Dependent Variable: ∆�� 
Variable Coefficient Std. Error t-Statistic P-value 

�+ 0.061963 0.013224 4.685618 0.0001 
�� -0.354293 0.200538 -1.766710 0.0191 
�� 0.531280 0.194617 2.729881 0.0122 
(� 0.007519 0.265679 3.114474 0.0099 
(� -0.899127 0.065242 -13.78147 0.0000 

R-squared  0.781007 
Adj. R-squared  0.668463 
Durbin Watson  2.025610 
F-statistic 13.385400 Probability (F-statistic) 0.000534 

 
The result of the estimated ARIMA (2,1,2) model in Table 3 is presented below: 

�R − ���� = N. N�R�� − N. ���S����R + N. ��RS����S + �� + N. NN��S���R
− N. ���R����S                                          (�. R) 

where �1 − $��� = Malaria infection response variable at time 
;  
[���, [��� = malaria infection response variables at time 
 − 1, 
 − 2 respectively; 

�� = Error term at time 
; 
The result of Table 3 shows that the intercept �+ is positively related with malaria infection and statistically 

significant indicating that the predicted value of malaria infectio in Nigeria will be 6.196% if all the explanatory variables 

are held constant. All the coefficients of the model are significant at 5 percent levels. The coefficient of determination (R2) 

of the regression model is 0.781007. This indicates that about 78.1% of the total variations in malaria infection in Nigeria 

have been explained by the ARIMA (2,1,2) model while the remaining 21.9% unexplained variations is being captured by 

the error term or by factors not included in the model. The F-statistic is a goodness of fit test which measures the overall 

significance of the model parameters. F=13.385400 with a p-value of 0.000534 shows that the model is a good fit. The 
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Durbin Watson statistic value of 2.025610 which is greater than R2 and R2 adjusted means that the model is non-spurious. 

The estimated model have also satisfied the stationarity condition because �� + �� = −0.35429 + 0.53128 = 0.17699 <
1. This shows that the estimated ARIMA (2,1,2) is stationary. We shall now proceed to the residual diagnosis of the 

estimated ARIMA (2,1,2) model. 

4.4 Model Diagnosis 

We check the fitted model for adequacy by first examining the goodness of fit by means of plotting the ACF and 

PACF of residuals of the fitted model. If all the sample autocorrelation coefficients of the residuals lie within the limits 

±1.96/√d where T is the number of observations upon which the model is based, then the residuals are white noise 

indicating that the model is a good fit. From the ACF and PACF plot of residuals of the fitted model presented in Figure 5, 

the residuals have passed the diagnostic test since all the sample autocorrelation coefficients lied within the confidence 

bounds. 

 

Figure 5: ACF and PACF Plot of Residuals 

This shows that the residuals are white noise and the fitted model is stationary. This is also justified by the time 

plot of residuals against time which is covariance stationary as represented in Figure 6. 
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Figure 6: Plot of Residuals of the Estimated Model 

We also performed some tests on the residuals of the fitted model such as the serial correlation LM test, Jarque-

Bera normality test of residuals and Ljung-Box test for autocorrelation of residuals. From the result of the test presented in 

Table 4, the residuals of the estimated model have satisfied the Bruesch-Godfrey serial correlation Lagrange Multiplier 

(LM) test because the p-values of F-statistic and nR2 are 0.1940 and 0.1796. The null Hypothesis of no serial correlation in 
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the residuals at all lags is accepted since the p-values are all greater than 0.05. 

Table 4: Lm Serial Correlation Test and Jarque-Bera Normality Test 

Variable Test Statistic P-value 
F-statistic 0.472228 0.6304 
nT2 1.086535 0.5808 
Jarque-Bera statistic 0.135267 0.9346 
Q[1] 0.0009 0.977 
Q[12] 9.5518 0.655 

Note: Q denotes Q-statistics. Numbers in [ ] are lags. 

The residuals has also satisfied the Jarque-Bera test of normality and the Ljung-Box test for autocorrelation since 

the p-values of the tests are all greater than 0.05 level of significance. 

Since the residuals of our model have passed all the diagnostic tests, we validate it as being an adequate and good 

model. An adequate, valid and good model should be able to forecast future values of the relevant series. In the following 

subsection, we will consider the ability of the series to forecast future values. 

4.5 Model Forecast Evaluation 

To select which of the forecast modes present a better forecast, we use accuracy measures to select the model 

mode with the best performance ability. The result of the accuracy measures is presented in Table 5. 

Table 5: Forecast Comparison Using Accuracy Measures 

Forecast Mode RMSE MAE MAPE TIC 
In sample 0.1762 0.1310 479.5184 0.5277 

Post sample 0.1634 0.1257 372.3652 0.4771 
 
In selecting the best forecast mode, we employ four measures of accuracy: Root Mean Square Error (RMSE), 

Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE) and Theil Inequality Coefficient (TIC) to compare 

the performance ability of the In-sample and Out –of sample forecasts of the estimated ARIMA (2,1,2) model and to 

decide on which mode of prediction is suitable for the series. The result of Table 5 indicates that the RMSE, MAE and the 

MAPE of the post sample forecasts are smaller than those of the In-sample forecasts, and the decision is that the smaller 

the forecast errors, the better the forecasting performance of that model, according to the criterion, our model is good for 

post-sample forecast. The Theil Inequality Coefficient always lies between 0 and 1, the 0 value indicates a perfect fit. 

Comparing our In-sample and post-sample forecasts using the theil inequality coefficient, the post-sample forecast fits 

more perfectly than that of the In-sample forecast. We therefore conclude that the post-sample forecast is the best forecast 

mode for this model. 

4.6 Forecasting Malaria Infection in Nigeria  

After chosen the post sample forecast mode for the series, we use the estimated ARIMA (2,1,2) model to forecast 

future values of malaria infection in Nigeria for the period of 4 years starting from 2015 to the year 2018. The result of the 

forecast is presented in Table 6. 
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Table 6: Forecasts of Malaria Infection in Nigeria Using Arima (2, 1, 2) Model 

Year Forecast Std. Error LCL UCL 
2015 3 794 640 1.20298 2 641 612 5 450 947 
2016 4 014 005 1.23568 2 651 139 6 076 868 
2017 4 238 415 1.27495 2 632 909 6 822 933 
2018 4 413 153 1.29660 2 652 465 7 341 840 

Note: For 95% confidence intervals, §+.+�¨ = 1.96 

We use the estimated ARIMA (2,1,2) to forecast new malaria infection cases in Nigeria from 2015 to 2018. The 

forecast value for the year 2015 is 3 794 640 with a 95% confidence interval of [2 641 612, 5 450 947]. By this we are 95% 

confident that the outcome for the next period will fall within this interval. Comparing the forecast with the annual malaria 

infection in Nigeria in the year 2014 [3 292 118], we predict that in 2015 malaria infection in Nigeria will consistently 

increase from the current year. This interval implies that the annual malaria infection increase in Nigeria may lie between 2 

641 612 and 5 450 947 (i.e. it may increase at least by 1 153 028 cases or at most by 1 656 307) in 2015. The forecast for 

the following years shows a significant and gradual increase in malaria infection in Nigeria over the forecasted period with 

the highest cases of infection been predicted to occur in the year 2018. The confidence intervals of the forecast suggest a 

consistent increase in annual cases of malaria infection in Nigeria during the forecasted period of 2015 to 2018. This 

implies that malaria infection will continue to be on the increase even after this period. 

CONCLUSIONS 

Concluding Remarks 

This study attempted to model and forecast the incidence of malaria infection in Nigeria from 1985 to 2014. The 

study used time plots, ACF and PACF to check the graphical properties of the data. Augmented Dickey-Fuller (ADF) unit 

root test is used to check the stationarity properties of the series. The results of time plots, ACF, PACF and ADF unit root 

test all indicated that the series is integrated of order one. I(1). The plots of ACF and PACF of the stationary series suggest 

a mixed ARMA process for the series and since the series is I(1), we then applied Autoregressive Integrated Moving 

Average [ARIMA] model to model the stationary series. An optimal search of the model using information criteria 

revealed that ARIMA [2,1,2] is the best candidate to model malaria infection incidence in Nigeria. The residuals of the 

estimated model have passed all the diagnostic tests meaning that the estimated ARIMA [2,1,2] is valid, adequate and good 

for forecasting. A post sample forecast was identified for the estimated model. The model was then used to forecast 

relevant series from 2015 to 2018. The post forecast values shows a linear growth in the series which indicate higher rates 

of infection over the predicted period. The study recommends that government of Nigeria at all levels; international 

agencies and policy makers should embark on strong preventive, curative and control measures in order to reduce the 

menace of future incidences of malaria in Nigeria. 
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