International Journal of Statistics and Applications 2016, 6(4): 223-234
DOI: 10.5923/j.statistics.20160604.03

Zero Inflated Regression Models with Application to
Malaria Surveillance Data

ehinde r'. npeiu, mdamolia b. Yusu ’*, noja . a, ass V. olanan
Kehinde P. Akinpelu', Oyindamola B. Yusuf"’, Onoja M. Akpa', Abass O. Gbolahan’

"Department of Epidemiology and Medical Statistics, Faculty of Public Health, College of Medicine, University of Ibadan, Nigeria
“State Ministry of Health, State Secretariat, Nigeria

Abstract Monthly reports of malaria cases are usually presented as count data potentially with excess zeros. The standard
Poisson and negative binomial regression used for modeling such data cannot account for excess zeros and over-dispersion.
Hence, this study was designed to model the annual trends in the occurrence of malaria among under-5 children using the zero
inflated negative binomial (ZINB) and zero inflated Poisson regression (ZIP). The study also determined the effects of month,
year and geographical location on the occurrence of malaria. Malaria surveillance data were obtained from the Integrated
Disease Surveillance and Response (IDSR) of Oyo State Ministry of Health, Nigeria from 2010 —2014. Descriptive statistics
were conducted to check for the presence of over-dispersion. Model comparisons were performed between ZINB and ZIP and
the best model was selected using Vuong z-statistic criteria. Incidence rate ratios and 95% CI were determined. There were
slight variations in the incidence of malaria cases; 35.81 per 1000 in 2011, 35.64 per 1000 in 2013 and 35.72 per 1000 in 2014.
The highest risk of malaria was in the year 2014 (IRR = 3.59, 95% CI: 3.05, 4.23) and lowest in 2012 (IRR =2.56, 95% CI:
2.31, 2.83). The risk of malaria was highest in October (IRR = 1.47, 95% CI: 1.15, 1.88) and lowest in January (IRR = 0.80,
95% CI: 0.69, 0.94). The highest risk of malaria was reported in Saki West (IRR=4.77, 95% CI: 3.58, 6.35) and lowest in
Ogbomoso South (IRR =0.73, 95% CI: 0.55, 0.97). The Vuong z-statistic for the ZINB and ZIP models was -17.079 (i.e. V <
-1.96), indicating that ZINB fits the data better. The zero inflated negative binomial regression is the best model to determine
the factors that predict the number of cases of malaria, when there is an indication of over dispersion and excess zeros. Zero
inflated negative binomial model is suggested for researchers dealing with similar data.

Keywords Malaria, Over dispersion, Zero inflated count models

and sampling zeros from two processes; the process that
1. Introduction generates excess zeros from a binary distribution which are
the structural zeros, and the process that generates both
non-negative and zero counts from Poisson or Negative
Binomial (NB) distributions which are the sampling zeros
[2]. However, these seemingly simple and straightforward
approaches to modeling may not be appropriate when
observations include excess number of zeros [3] such as the
number of cases of malaria in under-5 children.
Zero-inflated models have been developed for the Poisson
model [3], the Negative Binomial model [4] and other
models which are used in different fields such as
econometrics, demography, medicine, public health,
epidemiology, biology etc. One of their main features is that
they adjust well to data from a particular mixture of two
populations: one that has only zero counts and another in
which the counts are the realizations of a discrete distribution.
The main motivation for zero-inflated count models is that
real-life data frequently display over-dispersion and excess
* Corresponding author: zeros [3]’ [5] . . .
boyusuf@comui.edung (Oyindamola B. Yusuf) The zero inflated Poisson model deals with heterogeneity
Published online at http://journal sapub.org/statistics associated with excess zeros. It uses a Poisson distribution
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Modeling count data in the health sciences continues to
pose a challenge even for the most experienced researchers.
The standard methods for explaining the relationship
between outcome variables and a set of explanatory variables
typically involve Poisson and negative binomial modeling
techniques. However, the basic Poisson regression model
forces the conditional variance of the outcome to be equal to
the conditional mean. The negative binomial regression can
be written as an extension of Poisson regression and this
allows greater flexibility in modeling the relationship
between the conditional variance and the conditional mean
compared to the Poisson model. In addition, an often
encountered characteristic of count data is that the number of
zeros in the sample can exceed the number of zeros predicted
by either Poisson or negative binomial model [1].

Zero-inflated models are interpreted as a mix of structural
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inclusion of additional structural zeros but does not handle
over-dispersion [6], [7], [3]. The ZIP regression model was
first introduced by Lambert who applied it to manufacturing
detects [3]. Lambert provided a motivation application of
these models and discussed the case of zero-inflated Poisson.
In a study by Ridout et al. (1998), ZIP regression models
were applied to apple shoot propagation data. The ZIP
models were inadequate for the data as there was evidence of
over dispersion. Other contemporary applications for the ZIP
regression model can be found in dental epidemiology [8],
occupational health [9], and children’s growth and
development [10]. In practice, after accounting for
zero-inflation, the non-zero part of the count distribution is
often over-dispersed. In this regard, Greene (1994) had
described an extended version of the negative binomial
model for excess zero count data, the Zero-Inflated Negative
Binomial (ZINB). The ZIP parameter estimates can be
severely biased if the non-zero counts are over-dispersed in
relation to the Poisson distribution.

The zero inflated negative binomial model deals with both
over-dispersed and zero-inflated data [11], [4]. It assumes
there are two distinct data generating processes. The result of
Bernoulli trial is used to determine which of the two
processes is used. For observation i, with probability =i the
only possible response of the first process is zero counts, and
with probability (1-mi) the response of the second process is
governed by a negative binomial with mean A;. The zero
counts are derived from the first and second processes, where
a probability is estimated for whether zero counts are from
the first or the second process. The overall probability of
zero counts is the combined probability of zeros from the two
processes [1]. The ZINB regression model was also applied
to human microbiota sequence data with random effects. The
results revealed that the simulation study used indicated that
the method of estimation gave unbiased results for both fixed
effects and random effects [1].

1.1. Application to Malaria Surveillance Data

Disease surveillance is the continuous scrutiny of
occurrence of disease and health-related events to enable
prompt intervention for the control of diseases. It includes
the ongoing systematic collection, collation, analysis and
interpretation of data on disease occurrence and public health
related events and dissemination of the information obtained
from such data for prompt public health action [12].
Incidence is a measure of the number of new cases of a
disease or other health outcomes that develop in a population
of individuals at risk, during a specified time period.

Malaria is the most prevalent tropical disease in the world
today. The disease affects approximately 650 million people
and kills between one and three million, most of them young
children in Sub-Saharan Africa. Malaria is endemic
throughout Nigeria with seasonal variation in different
geographic zones of the country; the 2011 US Embassy
Nigeria Malaria Fact Sheet established that an estimated
65% of the Nigerian population live in poverty which has
been linked with malaria. The disease is regarded as a major
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limitation to economic development in tropical and
subtropical regions because rainfall, warm temperatures, and
stagnant waters provide habitats ideal for mosquito larvae
[13]. Malaria infection during the crucial first five years of
life is a major public health problem in tropical and
subtropical regions throughout the world [14].

About 97% of the population are at risk of malaria and
the remaining 3% live in the malaria free highlands
(Southern Jos, the plateau state). The prevalence among
children aged 6 - 59 months in south-west Nigeria was
50.3% while the least prevalence, (27.6%), was observed in
children aged 6 to 59 months in the south-east region [15].
This is important to note because Oyo State, as the focus of
this study, is located in south western Nigeria and has been
the recipient of several initiatives to combat the disease in
under 5 children.

The Roll Back Malaria (RBM) Partnership converged in
Abuja in 2000 to develop strategies for appropriate and
affordable  treatment for  affected persons in
malaria-endemic communities [16]. In 2005, Nigeria
adopted artemisinin-based combination therapies (ACTs) as
first-line therapy for uncomplicated malaria. It was
determined that by 2010, 80% of persons with malaria
would be effectively treated [17]. Furthermore, intermittent
preventive treatment for prevention of malaria in pregnancy
(IPTp) is a key component of malaria control strategy in
Nigeria and sulfadoxine-pyrimethamine (SP) is the drug of
choice. However, despite the evidence of the effectiveness
of IPTp strategy using SP in reducing the adverse effects of
malaria during pregnancy, the uptake and coverage in
Nigeria is low [18]. It is important to note in studies
analyzing incidence / prevalence rates, that the year / timing
of introduction or intensification of these intervention
strategies in different populations may affect the observed
incidence rates in those years.

In 2013, the ITN ownership programme in Nigeria
recorded coverage of 20.3% in the southwest [19]. In
addition to the direct impact of malaria, there are also
severe social and economic burdens on communities and
the country as a whole, with about 132 billion naira lost to
malaria annually in form of treatment costs, prevention, [20]
[21]. One of the most recent of these intervention policies,
the Affordable Medicines Facility-malaria, is a product of
the Roll Back Malaria Partnerships and was developed to
correct low access to ACTs as well as to prevent the
development of resistance to artemisinin based therapies.
Distribution of Affordable Medicine Facility-malaria
Artemisinin Combination Therapies (AMFm-ACTs) started
in Nigeria in 2011; however a recent study by [22] to assess
the level of awareness and utilization of this facility
uncovered a very low level of awareness with about 9.1%
of respondents aware of its availability. Such lack of
awareness greatly hampers the effectiveness of such
intervention programmes because these heavily subsidized
drugs usually do not get to the target under-5 population
and this significant finding may influence the observed
pattern of malaria incidence, among other factors. [22]
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It is important to take into account the effect of seasonal
variations in Malaria transmission in Africa. Although no
standard way of defining malaria seasonality currently exists
[23], several studies have demonstrated that the seasonality
of rainfall, minimum temperature and irrigation are
important determinants of the seasonality in the
entomological inoculation rate (EIR) of malaria [24].
Furthermore, environmental factors have been shown to
modify malaria transmission with clear differences
documented between the patterns of transmission in rural
versus urban areas [25]. For example, [26] working in
Sokoto in northern Nigeria, demonstrated that the highest
prevalence rate was recorded in the month of August with
59.5% positive cases and the month of March had the least
infection rate of 9.18%. The age group of 0 - 5 years was also
found to have the highest infection rate of 43.77%. Similarly,
in Benin city, [27] who investigated the seasonal variation of
malaria parasitaemia in an urban tropical city from January
to December 2001, found that the highest malaria incidence
(56.7%) were in the months of July, August and September
and the lowest was found in the month of June. The study
revealed that the peak of malaria incidence coincided with
the height of the rainy season and low incidence in dry
season which is between November and April and accounted
for 43.3%.

The rate of malaria infection across space depends on
dynamic  processes involving complex climatic,
environmental, physical, and social variables operating
differently in space [28]. In a study by [29] working among
symptomatic patients who sought medical attention in Minna,
Nigeria, it was demonstrated that the mean annual malaria
incidence rates were significantly different over the 4-year
study period with a drastic decline in malaria cases from
2005 through 2007. The monthly/seasonal climatic results
revealed that malaria incidence rates were higher in the
months of June to August and the highest malaria incidence
rate of 170.75 + 131.86 was recorded in August and this was
not significantly different from the relatively lower rates
recorded in September and October. There was therefore
distinct seasonality in the monthly mean hospital attendance
and malaria rates. Higher numbers of cases were recorded in
the rainy than dry season. The study concluded that malaria
incidence rates decreased over the 4 years and that malaria
transmission in the area is highly seasonal and strongly
influenced by rainfall and relative humidity.

Another study on malaria in the Highlands of Obudu cattle
ranch Cross River state, Nigeria, recorded the highest cases
of malaria (34.6%) in 2010 with prevalence rate of
82.29/1000 and lowest cases (16.0%) in 2008 with a
prevalence rate of 39.61/1000. Incidence was highest among
children aged between 5 and 14 years while children under-5
years contributed 24.69%. Varying incidence rates were
observed in the years within the period with 102 cases
(31.5%) reported in the dry season and 222 cases (68.5%) in
the wet season. The study concluded that further studies are
needed in order to assess the influence of climate change on
the transmission pattern [30]. The magnitude of the burden
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of the disease in under-5 children remains high [31], because
children of this age group are more susceptible [32], [33].

The number of cases of malaria contains excess zeros and
failure to account for excess zeros in a count dataset may
subsequently result in biased parameter estimates and wrong
inferences. The knowledge of the proportion of excess zeros
in the number of cases of malaria will help to improve the
inference thereby providing valuable information for policy
makers. Hence this study was designed to model annual
trends in the incidence of malaria in under-5 children in
South-Western Nigeria using the Zero inflated Poisson
regression and Zero inflated negative binomial regression
models.

2. Methodology

2.1. Study Area

The study area comprised of the health facilities in all the
33 local government areas of Oyo state. With a land area of
27,148km” and a population of 6 million, Oyo state is the
second largest state in the South-west, Nigeria. The state was
carved out of the former Western region of Nigeria in 1976.
Administratively, the state consists of 33 local government
areas predominantly inhabited by the Yoruba tribe (but
comprising of selected distinct Yoruba dialects in the four
corners of the state). The dry season lasts from November to
March while the wet season starts from April to October
annually. Average daily temperature ranges between 25 °C
(77.0 °F) and 35 °C (95.0 °F), almost throughout the year.
The vegetation pattern of Oyo State is that of rain forest in
the south and guinea savannah in the north. The state
operates three-tier health care services; primary, secondary
and tertiary health care facilities across urban and rural areas.
There are 1,648 health facilities disaggregated into 631
Primary Health Centres (PHCs), 46 Secondary Health
Facilities (SHFs), 5 Tertiary Health Centres (THCs) and 968
registered private health facilities [34].

2.2. Study Design

A malaria longitudinal surveillance data (2010 to 2014) of
under-5 children was obtained from the database of the
Integrated Diseases Surveillance and Response (IDSR) of
Oyo State Ministry of Health, Nigeria.

2.3. Study Population and Data Extraction

Outpatient and inpatient records from the 764 health
facilities in 33 local government areas in Oyo state were
used. For the purpose of the present study, data were
extracted and re-entered into excel sheet. A total number of
1,980 observations of children aged 0-59 months who were
infected with malaria from 2010 to 2014 were used.
Information on the LGA of domicile, month and year of
infection were also extracted as explanatory variables in the
analysis.
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2.4. Data Management

Descriptive statistics including mean and standard
deviation (SD) were computed to check for the presence of
over-dispersion. The pattern of infectious disease among
under-5 children over the years in the 33 local government
areas was examined using descriptive statistics. The zero
inflated negative binomial and zero inflated Poisson models
were used to determine the effect of season (defined as
month of reporting) years and the geographical location
(determined by the 33 local government areas) on the
occurrence of malaria. Incidence rate ratio (IRR), 95% CI
and their p-values were reported. Maximum likelihood
technique was used to estimate the parameters of the two
models using the logit function. Model comparisons were
performed between ZINB and ZIP using Vuong z-statistic
selection criteria and the best fitting model for the number of
cases of malaria was selected.

2.5. Statistical Models

The number of reported cases of malaria among under-5
children in Oyo state would be zero-inflated by those months
when no child was infected with malaria or those months
when though children were infected with malaria, cases were
not reported in any health facility in the given LGA. In this
situation, the zero-inflated Poisson (ZIP) or the Zero-inflated
Negative Binomial (ZINB) models are more plausible due to
the zero-inflated problems inherent in the data.

The ZIP employs two component models that correspond
to two zero generating processes.

The first process is governed by a binary distribution that
generates structural zeros while the second process is
governed by a Poisson distribution that generates counts,
some of which may be zero [3]. Let the response variable

v,(i=1,2,...,n) be the reported cases (number of children)
of malaria at a given time point [. Assuming F) is the
probability that the response ), for the I h point in time is

necessarily 0 and £, = E(,) is the expected value of the

count response, then the two component models are
described as follows:
The probability of observing a zero (0) count is

P(0)=Pr(y, =0)=F, + (1~ F)exp(~x) ()

while the probability of observing any particular nonzero
count Y, is

P(y,) = (1~ ) SRR

it

)

With E(y;) =(1-F)p; and
V(iy,)=(0—-F)u,(1+ F,u) as conditional expected
values and variance of y; respectively [35].

Combining equations (1) and (2) above and assuming that
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X, is the matrix of covariates or independent variables in the

model, we have a stage equation for the ZIP model as
follows:

F+(-F)exp(—y;) fory, =0

Pr(yi /xi) = (3)

(1 _ F;) exp(_lui)lui l
!

1

fory, >1

Similarly, the competing ZINB model corresponding to
equation (3) is given as follows:

1

1) _
Fl.+(1—F;)[H_aﬂiJ fory,=0
Pr(y,/x;)=
F[l-"—aﬂi] | 1 Vi
_ ‘o
(=F) 1 [l+ay.] [1+ay} Joryi>0
ri=|y! !
a
“
2.6. Model Comparison

2.6.1. The Vuong’s Test

In the present study, model comparison was achieved
using the Vuong test [36] [2]. A comparison between two

non-nested models with probability mass functions B (.)

and P, (.) can be performed using Vuong test [36], [2].

Briefly, using the maximum likelihood estimation
procedures, the Vuong test specifically tests the null
hypothesis that the two models fit the dataset equally well
and model comparison was based on the predicted
probabilities of the two competing models [36].

Let P;(y,/x;) be the predicted probability of an
observed count for case i from the model j . Given a

sample of size # and defined m; as:

B,/ xi)j
Py(y:/x)

The Vuong statistics V which test the hypothesis that
€ (m;) =0 is given by:

m, = Log( O]

1 n
3 3m)
1 (6)

1< _\2
;;(mi‘m)
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At 5% significance level, the first model will be preferred
if V> 1.96 while if V < -1.96, then the second model will be
preferred. Both models are equivalent when VI < 1.96.
Under the null hypothesis, the Vuong’s statistic is
asymptomatically normally distributed [36].

3. Results

3.1. The Distribution of Reported Cases of Malaria in
Under-5 Children
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The amount of zero in the reported cases of malaria in
under-5 children in Oyo state is about 27% and although
more than one thousand cases of malaria had been reported at
some points, reported cases never reached 10% at any point
(Figure 1).

On the other hand, incidence of malaria cases among
under-5 children decreased from 35.81 per 1000 in 2011 to
35.64 per 1000 in 2013 but subsequently increased to 35.72
per 1000 in 2014 (Figure 2).

The distribution of number of reported of under-5 malaria
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Figure 1. The distribution of number of reported of under-5 malaria
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Figure 2. Pattern of malaria cases in under-5 children from 2010 to 2014



228 Kehinde P. Akinpelu et al.:

3.2. Assessing the Effect of the Explanatory Variables
(Month, Year and Local Government Area) on the
Occurrence of Malaria among Under-5 Children in
Oyo State using the ZINB Model

Table 2 shows the regression parameters for the zero
inflated negative binomial regression and zero inflated
Poisson regression models. The risk of malaria among
under-5 children was higher by 166.6% in the year 2011
compared to year 2010 (IRR =2.166, 95% CI: 1.953, 2.403).
In 2012, there was an excess risk of 155.5% compared to
year 2010 (IRR =2.555, 95% CI: 2.307, 2.829) and in 2014,
there was an increase of 258.9% compared to year 2010 (IRR
= 3.589, 95% CI: 3.045, 4.232).

For the months of reporting in the ZINB model, the risk of
malaria among under-5 children increased by 28.7% in
August (IRR = 1.287, 95% CI: 1.087, 1.523), 32.2% in July
(IRR =1.322, 95% CI: 1.117, 1.564) and 46.8% in October
(IRR =1.468, 95% CI: 1.145, 1.883) compared to the risk in
the month of April. However, the risk of malaria decreased in
the reporting months of February (IRR= 0.824, 95% CI:
0.701, 0.970) and January (IRR = 0.804, 95% CI: 0.685,
0.944) compared to the risk in the month of April (Table 2).

For the local government areas, the risk of malaria was
higher by 366.6% in Atiba (IRR = 4.665, 95% CI: 3.518,
6.186), 204.9% in Egbeda (IRR = 3.049, 95% CI: 2.291,
4.060), 304.7% in Ibadan North (IRR = 4.047, 95% CIL:
3.022, 5.420) and 376.8% in Saki West (IRR=4.768, 95% CI:
3.582, 6.348) compared to the risk in Afijio LGA. However,
the risk of malaria was lower by about 44% in Ibarapa North
(IRR =0.558, 95% CI: 0.418, 0.744), 30.9% in Irepo (IRR =
0.691, 95% CI: 0.539, 0.886) and 27% in Ogbomoso South
(IRR =0.727, 95% CI: 0.546, 0.968) compared to the risk in
Afijio local government area (Table 2).

For the zero inflated group, in 2011, the odds of a malaria
case being in the certain zero group was 6 times higher
compared to year 2010. (IRR = 5.954, 95% CI: 2.243,
15.801). In 2013, the odds of a malaria case being in the
certain zero group was 3 times higher (IRR =3.421, 95% CI:
2.641,4.431) compared to year 2010. However, in year 2012,
the odds of a malaria case being in the certain zero group was
lowered (IRR = 0.005, 95% CI: 0.000, 0.115) compared to
year 2010 (Table 2).

In the months of January (IRR = 0.099, 95% CI: 0.024,
0.216), February (IRR = 0.099, 95% CI: 0.024, 0.216) and
March (IRR = 0.022, 95% CI: 0.078, 0.709), the odds of a
malaria case being in the certain zero group were lowered
compared to the month of April. Conversely, in the month of
September, the odds of a malaria case being in the certain
zero group was 4 times higher (IRR=3.979, 95% CI: 1.122,
14.114) compared to the month of April.

3.2.1. Assessing the Effect of the Explanatory Variables
(Month, Year and Local Government Area) on the
Occurrence of Malaria among Under-5 Children in
Oyo State using the ZIP Model
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For the ZIP model, the risk of malaria was higher by
249.7% in the year 2012 compared to the risk in year 2010
(IRR =3.497, 95% CI: 3.456, 3.539). In the year 2013, the
risk of malaria among under-5 children increased by 284.6%
(IRR = 3.846, 95% CI: 3.801, 3.891) and for year 2014, it
increased by 370.2% (IRR = 4.702, 95% CI: 4.629, 4.776)
compared to the risk in year 2010.

The risk of malaria among under-5 children in the months
of August (IRR=1.483, 95% CI: 1.463, 1.503), July
(IRR=1.332, 95% CI: 1.314, 1.351), June (IRR=1.267, 95%
CI: 1.248, 0.007) and October (IRR=1.368, 95% CI: 1.341,
1.395) were higher compared to the risk in the month of
April. However the risk was reduced in the months of
February and January by 23.7% (IRR=0.763, 95% CI: 0.752,
0.775) and 21.6% (IRR=0.784, 95% CI: 1.314, 1.351)
respectively compared to the risk in the month of April.

For the local government areas, the risk of malaria among
under-5 children was increased by 438.2% in Atiba (IRR =
5.382, 95% CI: 5.236, 5.531), 264.7% in Egbeda (IRR =
3.647, 95% CI: 3.549, 3.749), 221.2% in Ibadan North East
(IRR =3.212, 95% CI: 3.119, 3.308), 233% in Ibadan South
East (IRR =3.330, 95% CI:3.234, 3.429) and 519.7% in Saki
West (IRR=6.197, 95% CI:6.029, 6.369) compared to the
risk in Afijio LGA. However there was a decrease of 24.2%
in Irepo (IRR = 0.758, 95% CI: 0.735, 0.782), 20.7% in
Ogbomoso South (IRR = 0.793, 95% CI: 0.764, 0.823) and
38.6% in Orelope (IRR = 0.614, CI: 0.589, 0.640) compared
to the risk in Afijio LGA.

For the zero inflated group, the odds of a malaria case
being in the certain zero group in year 2013 was 5 times
higher (IRR = 4.618, 95% CI: 2.317, 9.207) compared to
year 2010. However in year 2012, the odds of a malaria case
being in the certain zero group was lower (IRR = 0.138, 95%
CI: 0.057, 0.337) compared to year 2010.

The odds of a malaria case being in the certain zero group
was 3 times higher in the month of December (IRR =2.773,
95% CI: 1.093, 7.036). It was 6 times higher in October (IRR
= 5.697, 95% CI: 2.036, 15.943) and 4 times higher in
September (IRR =3.896, 95% CI: 1.551, 9.788) compared to
the month of April. However, the odds of a malaria case
being in the certain zero group were lowered in the months of
February (IRR = 0.008, 95% CI: 0.001, 0.008), January (IRR
= 0.003, 95% CI: 0.001, 0.013) and March (IRR= 0.012,
95% CI: 0.004, 0.043) compared to the month of April.

In Surulere local government area, the odds of a malaria
case being in the certain zero group was lowered by 99.7%
(IRR =0.003, 95% CI: 0.051, 0.130) compared to the risk in
Afijio local government area.

3.3. Comparison of ZINB and ZIP Regression Models

The Vuong z-statistic of the ZINB and ZIP models was
-17.07876; a large negative value less than -1.96 i.e. V <
-1.96 indicating that the ZINB had better fit to the data than
the ZIP model.
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4. Discussion

This study examined the performance of the ZINB
regression and the ZIP regression models in the presence of
over-dispersion. The malaria surveillance data showed
excess zero cases and over-dispersion (the variance was
greater than the mean). The result implies that the zero
inflated negative binomial regression model (ZINB) will be
preferred since it accommodates over-dispersion in the
outcome data than the zero inflated Poisson regression model
(ZIP) [4]. The finding is in line with a study by Ridout et al.
(1998) who considered various ZIP regression models for
an Apple shoot propagation data and concluded that the ZIP
models were inadequate for the data as there was still
evidence of over dispersion and then fitted zero-inflated
negative binomial models to the data. The test criteria
established that ZINB regression model was the best model
to determine the effects of the season, year of reporting and
geographical location on the number of cases of malaria
among under-5 children. The finding agrees with a study
conducted by Muniswamy et a/ who used Wald score and
likelihood ratio tests to compare ZINB and ZIP models in the
number of death notices [37].

The incidence of malaria among under-5 children from
2010 - 2014 appears to have a fluctuating pattern. This
pattern may be affected by level of reporting of new cases
and the health-seeking behaviour of the caregivers of the
affected children as well as inconsistencies in the use of
malaria preventive strategies [29]. This pattern is similar to
findings in a study conducted among symptomatic patients
who sought medical attention in Minna and demonstrated
that the mean annual malaria incidence rates were
significantly different over a 4 year study period (2004 —
2007) with a drastic decline in malaria cases recorded from
2005 through 2007 [29]. In addition, Ukpong et al (2015) in
Obudu cattle ranch, Nigeria, recorded varying incidence
rates of malaria within the years of study. Finally, the pattern
of malaria infection rate across space in Nigeria depends on
dynamic processes involving climatic, environmental,
physical and social variables operating differently in space
[28].

In the ZINB model, the incidence of malaria among
under-5 children increased from year 2011 to 2014. The
years under review had a significant effect on the occurrence
of malaria among under-5 children. This finding is strongly
supported by the study of [29] in Minna, Niger state, who
demonstrated that the mean annual malaria incidence rates
were strongly correlated with the amount of rainfall and
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relative humidity measured in the individual years of study.
This influence of climatic change on the transmission pattern
was also identified in another study in Cross River, Nigeria
[30].

The increased incidences of malaria in the months of May,
June, July, August, September and October have also been
documented in another study in Benin City, Nigeria. Highest
malaria incidences were reported in the months of May, July,
August, September and October and lowest in the month of
June [27]. The study attributed the observed increase in
incidence of malaria to the height of the rainy season in
Nigeria which lasts from May to October and additionally
reported low incidence of disease in the dry season
beginning from November to April.

The LGAs were also found to be significant predictors of
the occurrence of malaria among under-5 children. The
increased incidences observed in some of the local
government areas may be due to closeness to rural areas [38].
The effect of geographical location on the occurrence of
malaria has also been reported in a study by Onwuemele,
2013. The rate of malaria infection across space depends on
dynamic  processes involving complex  climatic,
environmental, physical and social variables [28]. The
highest incidence was found in Saki-West (an agricultural
and relatively more rural community) while the lowest
incidence was observed in Ogbomoso South. This is in line
with the findings of Kalu and Oladeinde who highlighted
higher transmission rates of malaria in rural than urban
environments [39], [40].

The certain zero group predicts the odds of a case of
malaria among under-5 children, it predicts the likelihood of
being in the “always 0” group. The year of reporting, month
and the local government areas were found to be predictors
for non-cases of malaria. The non-cases of malaria in the
month may be due to the onset of dry season with reduced
malaria transmission. This finding is in line with a study by
[27] who documented that in the dry season, malaria
transmission and infection are relatively low between
November to April. The non-cases in the years may be
explained by the Roll Back Malaria initiative programmes to
combat the disease among under-5 children which was
implemented in 2011 to correct low access to ACTs and to
prevent the development of resistance to artemisinin based
therapies. Also the distribution of Insecticide treated nets
(ITNs) in 2013 may have influenced the non-cases among
under-5 children [19].

Descriptive statistics of number of cases among under 5 children in 2010 to 2014

N Mean

Variance

Min Max  No of zero cases (%) No of non-zero cases

No of Malaria cases in under 5 children 1980 204.15

158215.404 0

10925 534(27.0%) 1446(73.0%)
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Table 2. Parameter Estimates in the Zero Inflated Negative Binomial and Zero Inflated Poisson Regression Model for Malaria Among Under-5 Children

ZINB 7Ip
Standard 95% CI for IRR 95% CI for IRR
Parameters IRR pvalue Standard IRR p value
Error Lower Bound  Upper Bound Error Lower Bound  Upper Bound

Intercept 0.121 67.021 52.87 84.958 <0.001 0.015 44.523 43.233 45.851 <0.001
2010 (Year 1)*

2011 (Year 2) 0.053 2.166 1.953 2.403 <0.001 0.006 3.089 3.053 3.126 <0.001

2012 (Year 3) 0.052 2.555 2.307 2.829 <0.001 0.006 3.497 3.456 3.539 <0.001

2013 (Year 4) 0.058 3.040 2.714 3.406 <0.001 0.006 3.846 3.801 3.891 <0.001

2014 (Year 5) 0.084 3.589 3.045 4.232 <0.001 0.008 4.702 4.629 4.776 <0.001

April *

August 0.086 1.287 1.087 1.523 0.003 0.007 1.483 1.463 1.503 <0.001

Dec 0.096 1.399 0.944 1.376 0.170 0.009 1.064 1.045 1.083 <0.001

Feb 0.083 0.824 0.701 0.970 0.020 0.008 0.763 0.752 0.775 <0.001

Jan 0.082 0.804 0.685 0.944 0.008 0.008 0.784 0.772 0.797 <0.001

July 0.086 1.322 1.117 1.564 <0.001 0.007 1.332 1.314 1.351 <0.001

June 0.085 1.256 1.063 1.484 0.007 0.008 1.267 1.248 1.287 <0.001

March 0.083 0.976 0.83 1.149 0.775 0.008 1.007 0.991 1.023 0.358

May 0.086 1.285 1.086 1.521 0.003 0.008 1.231 1.212 1.251 <0.001

Nov 0.094 1.125 0.936 1.353 0.207 0.009 1.068 1.050 1.087 <0.001

Oct 0.127 1.468 1.145 1.883 0.002 0.010 1.368 1.341 1.395 <0.001

Sept 0.093 1.284 1.070 1.541 0.007 0.008 1.182 1.163 1.200 <0.001

Afijio *

Akinyele 0.144 1.498 1.129 1.986 0.005 0.016 1.522 1.475 1.570 <0.001
Atiba 0.144 4.665 3.518 6.186 <0.001 0.014 5.382 5.236 5.531 <0.001
Atisbo 0.145 1.079 0.812 1.434 0.601 0.017 1.149 1.111 1.188 <0.001
Egbeda 0.146 3.049 2.291 4.060 <0.001 0.014 3.647 3.549 3.749 <0.001

Ibarapa central 0.147 1.455 1.091 1.941 <0.001 0.016 1.659 1.607 1.711 <0.001
Ibadan North 0.149 4.047 3.022 542 <0.001 0.014 5.812 5.655 5.974 <0.001
Ibadan North East 0.146 2.625 1.972 3.494 <0.001 0.015 3.212 3.119 3.308 <0.001
Ibadan North West 0.146 1.797 1.350 2.392 <0.001 0.015 2.069 2.009 2.131 <0.001
Ibadan South East 0.148 2.713 2.030 3.626 <0.001 0.015 3.330 3.234 3.429 <0.001
Ibadan South West 0.146 1.674 1.257 2228 <0.001 0.015 2.186 2.123 2.251 <0.001
Ibarapa East 0.146 1.004 0.754 1.337 0.977 0.018 1.241 1.198 1.286 <0.001
Ibarapa North 0.147 0.558 0.418 0.744 <0.001 0.021 0.586 0.562 0.610 <0.001
Ido 0.146 1.528 1.148 2.034 0.004 0.016 1.857 1.800 1.916 <0.001

Irepo 0.127 0.691 0.539 0.886 0.003 0.016 0.758 0.735 0.782 <0.001
Iseyin 0.144 1.397 1.053 1.852 0.021 0.016 1.742 1.688 1.797 <0.001

Itesiwaju 0.146 0.815 0.613 1.086 0.162 0.018 0.908 0.877 0.941 <0.001

Iwajowa 0.146 0.515 0.387 0.685 <0.001 0.021 0.592 0.568 0.617 <0.001
Kajola 0.145 0.992 0.747 1.318 0.958 0.017 1.246 1.205 1.288 <0.001
Lagelu 0.145 1.489 1.121 1.978 0.006 0.016 1.765 1.710 1.821 <0.001

Ogbomoso South 0.146 0.727 0.546 0.968 0.029 0.019 0.793 0.764 0.823 <0.001
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ZINB zIp
Standard 95% CI for IRR 95% CI for IRR
Parameters IRR pvalue Standard IRR p value
Error Lower Bound  Upper Bound Error Lower Bound  Upper Bound
Ogbomoso North 0.147 2.259 1.694 3.014 <0.001 0.015 2.809 2.728 2.893 <0.001

OgoOluwa 0.145 0.899 0.676 1.194 0.461 0.018 0.993 0.959 1.029 0.717

Olorunsogo 0.147 0.811 0.608 1.082 0.156 0.018 0.929 0.896 0.962 <0.001
Oluyole 0.145 1.455 1.095 1.933 0.010 0.016 1.756 1.702 1.812 <0.001
Onaara 0.148 1.998 1.495 2.67 <0.001 0.015 2.519 2.446 2.595 <0.001
Orelope 0.157 0.623 0.458 0.848 0.003 0.021 0.614 0.589 0.640 <0.001

Orire 0.146 1.081 0.812 1.439 0.594 0.017 1.269 1.228 1.313 <0.001
Oyo East 0.146 2217 1.665 2.951 <0.001 0.015 2.809 2.728 2.893 <0.001
Oyo West 0.145 1.063 0.800 1.412 0.674 0.017 1.174 1.135 1.213 <0.001
Saki East 0.145 0.826 0.622 1.098 0.189 0.018 0.927 0.895 0.960 <0.001
Saki West 0.146 4.768 3.582 6.348 <0.001 0.014 6.197 6.029 6.369 <0.001
Surulere 0.145 0.803 0.604 1.066 0.131 0.018 0.954 0.921 0.988 0.009
Inf.Intercept 1.231 0.009 0.000 0.011 <0.001 0.749 0.007 0.002 0.031 <0.001
Inf.2010 (Year 1) *
Inf.2011 (Year 2) 0.498 5.954 2.243 15.801 <0.001 0.331 2.886 1.509 5.522 <0.001
Inf.2012 (Year 3) 1.601 0.005 0.000 0.115 <0.001 0.455 0.138 0.057 0.337 <0.001
Inf.2013 (Year 4) 0.132 3.421 2.641 4.431 <0.001 0.352 4.618 2.317 9.207 <0.001
Inf.2014 (Year 5) 1.365 0.003 0.000 0.037 1.000 0.525 1.507 0.538 4216 0.275

Inf. April *

Inf.August 0.887 0.306 0.054 1.741 0.182 0.564 0.459 0.152 1.389 0.168
Inf.Dec 0.687 3.838 0.998 14.754 1.001 0.475 2.773 1.093 7.036 <0.001
Inf.Feb 0.562 0.099 0.024 0.216 <0.001 1.14 0.008 0.001 0.008 <0.001
Inf.Jan 0.562 0.099 0.024 0.216 <0.001 0.795 0.003 0.001 0.013 <0.001
Inf.July 0.788 0.478 0.102 2.240 0.349 0.554 0.546 0.184 1.616 0.275
Inf.June 0.917 0.298 0.049 1.797 0.186 0.554 0.546 0.184 1.616 0.275

Inf.March 0.562 0.022 0.078 0.709 <0.001 0.634 0.012 0.004 0.043 <0.001
Inf. May 0.799 0.478 0.100 2.287 0.355 0.545 0.643 0.221 1.870 0.417
Inf.Nov 0.653 1.939 0.539 6.972 1.001 0.471 1.751 0.695 4.407 0.275
Inf.Oct 0.937 4.693 0.748 29.445 1.001 0.525 5.697 2.036 15.943 <0.001
Inf.Sept 0.646 3.979 1.122 14.114 <0.001 0.47 3.896 1.551 9.788 <0.001

Inf.Afijio *

Inf.Akinyele 1.205 0.295 0.028 3.126 0.311 0.830 0.502 0.099 2.554 0.406

Inf. Atiba 1.216 0.142 0.013 1.535 0.108 0.838 0.346 0.067 1.790 0.207
Inf.Atisbo 1.197 0.611 0.058 6.380 0.681 0.807 1.001 0.206 4.868 0.275
Inf.Egbeda 1.156 1.143 0.119 11.021 0.907 0.807 1.001 0.206 4.868 0.275
Inf.Ibarapa central 1.118 1.958 0.219 17.519 0.548 0.793 1.369 0.289 6.477 0.692
Inf.Ibadan North 1.090 3.059 0.361 25.904 0.305 0.781 1.837 0.397 8.489 0.436
Inf.Ibadan North East 1.156 0.143 0.119 11.021 0.907 0.807 1.001 0.206 4.868 0.275
Inf.Ibadan North West 1.157 1.142 0.118 11.031 0.909 0.807 1.001 0.206 4.868 0.275
Inf.Ibadan South East 1.090 3.059 0.361 25.904 0.305 0.781 1.837 0.397 8.489 0.436
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ZINB zIp
Standard 95% CI for IRR 95% CI for IRR
Parameters IRR pvalue Standard IRR p value
Error Lower Bound  Upper Bound Error Lower Bound  Upper Bound
Inf.Ibadan South West 1.156 0.143 0.119 11.021 0.907 0.793 1.369 0.289 6.477 0.692
Inf.Ibarapa East 1.155 1.196 0.124 11.505 0.877 0.770 2416 0.534 10.927 0.252
Inf.Ibarapa North 1.125 1.898 0.209 17.219 0.569 0.793 1.369 0.289 6.477 0.692
Inf.Ido 1.157 1.139 0.118 10.998 0.910 0.807 1.001 0.206 4.868 0.275
Inf.Irepo 1.020 1.143 0.155 8.442 0.896 0.698 1.001 0.255 3.932 0.207
Inf.Iseyin 1.205 0.295 0.028 3.126 0.311 0.830 0.502 0.099 2.554 0.406
Inf.Itesiwaju 1.161 1.124 0.115 10.941 0.920 0.807 1.001 0.206 4.868 0.275
Inf.Iwajowa 1.191 0.600 0.058 6.199 0.669 0.819 0.715 0.144 3.558 0.682
Inf.Kajola 1.191 0.601 0.058 6.205 0.669 0.807 1.001 0.206 4.868 0.275
Inf.Lagelu 1.191 0.601 0.058 6.205 0.669 0.819 0.715 0.144 3.558 0.682
Inf.Ogbomoso South 1.161 1.124 0.115 10.941 0.920 0.770 2416 0.534 10.927 0.252
Inf.Ogbomoso North 1.118 1.954 0.218 17.484 0.549 0.781 1.837 0.397 8.489 0.436
Inf.OgoOluwa 1.191 0.601 0.058 6.205 0.669 0.819 0.715 0.144 3.558 0.682
Inf.Olorunsogo 1.154 1.652 0.172 15.861 0.664 0.793 1.369 0.289 6.477 0.692
Inf.Oluyole 1.191 0.601 0.058 6.205 0.669 0.819 0.715 0.144 3.558 0.682
Inf.Onaara 1.095 2.951 0.345 25.234 0.323 0.770 2.416 0.534 10.927 0.252
Inf.Orelope 2.608 2.362 0.014 395.314 0.273 0.807 1.547 0.318 7.521 0.252
Inf.Orire 1.159 1.133 0.117 10.986 0914 0.807 1.001 0.206 4.868 0.275
Inf.Oyo East 1.156 1.143 0.119 11.021 0.907 0.807 1.001 0.206 4.868 0.275
Inf.Oyo West 1.191 0.601 0.058 6.205 0.669 0.819 0.715 0.144 3.558 0.682
Inf.Saki East 1.191 0.601 0.058 6.205 0.669 0.819 0.013 0.003 0.063 0.682
Inf.Saki West 1.156 1.143 0.119 11.021 0.908 0.793 1.369 0.289 6.477 0.692
Inf.Surulere 1.191 0.601 0.058 6.205 0.669 0.819 0.003 0.051 0.130 <0.001
Dispersion 2.196

* Reference category

Table 3. Comparison Tests for the Under-5 Malaria Models (ZIP nd ZINB)

Model comparison for Malaria

Model 2: Zero-Inflated Negative Binomial

Vuong z-statistic p-value

Model 1: Zero-inflated Poisson —
Vuong statistic

-17.07876 <0.001

*Test-statistic is asymptotically distributed N (0, 1) under the null hypothesis

5. Conclusions

There was an overall increase in the incidence of malaria
over the five year study period. Although there was an initial
reduction in the incidence of malaria for the year 2012,
subsequent years showed a sustained increase in incidence.
The year of reporting and month were predictors of the
occurrence of the disease. The study suggests that the Roll
Back Malaria initiative should be intensified in the rural

areas particularly where the risk was highest. Our findings
showed that the zero inflated negative binomial regression is
the best model to determine the factors that predict the
number of cases of malaria, when there is an indication of
over dispersion and excess zeros. In addition, researchers
dealing with count data having excess zeros and
over-dispersion should consider zero inflated negative
binomial regression model.
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