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Abstract Fertility experience in Nigeria has been modeled using children ever born and analyzed with one part models.
The distribution of children ever born in Nigeria is rightly skewed and with large preponderance of zeros. This suggests that
models which can accommodate both over-dispersion and excess zeros are imperative to investigate the factors influencing
the Nigerian fertility. Therefore, this study reviewed statistical count models and investigated a robust model that can be used
to model fertility experience in Nigeria. This study utilized the 2013 National Demography and Health Survey (NDHS)
dataset. Information on 38948 women of childbearing age (14-49 years) were extracted which include socio-economic,
demographic and proximate characteristics. A stratified three-stage cluster sampling was adopted. The different statistical
count models explored include Poisson/Quasi-Poisson, Negative Binomial, Discrete Weibull, Zero-Inflated Poisson,
Zero-Inflated Negative Binomial, Hurdle Poisson and Hurdle Negative Binomial. The likelihood ratio test for Nested Models,
Vuong test for Non-Nested Models and more generally the Akaike Information Criterion (AIC) were used to adjudge for the
best model. The likelihood ratio test for nested models revealed that the models which account for overdispersion were of
better fit. The Vuong test for Non-Nested model indicated that the two part models were of better fit than the one part models.
To examine the nature of the excess zero observations, Zero-Inflated Poisson versus the Hurdle Poisson and also the
Zero-Inflated Negative Binomial versus Hurdle Binomial were compared. The Vuong test showed that the Hurdle models fit
better than their Zero-Inflated counterpart. More generally, the AIC for the different models were compared; the values were:
113504.4 (Poisson), 112975.2 (negative binomial), 111402.5 (discrete weibull), 1103663 (zero-inflated Poisson), 110353.3
(zero-inflated negative binomial), 109050.7 (hurdle Poisson), and 108970 (hurdle negative binomial). The Hurdle negative
binomial gave the smallest AIC and identified contraceptive use, residing with partner, having more than one wife, age at
marriage, women work status, currently breastfeeding, partners’ age, level of education (secondary and higher), wealth
quintile, religion (other religion), ethnicity and region (North-East, North-West, South-East and South-South) to be
statistically significantly associated with fertility level at p-value < 0.05. The Hurdle Negative Binomial provided more
robust estimates and captured better the fertility experience in the Nigerian setting. The Hurdle Negative Binomial is
therefore recommended and appropriate for modeling the fertility experience in Nigeria.
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1. Introduction

integers, 0, 1, 2, etc. In modeling such count data in diverse
disciplines, the model often used is the Poisson regression,
which models the conditional mean of the count as a linear
regression on a set of covariates through the log link function.
However, the Poisson model imposes parametric assumption
of equality of mean and variance, which is too stringent for
most count datasets. For many empirical applications, the
variance of observed count data usually exceeds the mean,
namely overdispersion and some cases underdispersion
when the mean exceeds the variance. Also situation arises
where occurrence dependence is unreasonable. The
assumption of the Poisson model is gravely invalid and the

Count data appear in many application areas, from social
science, natural science to medical sciences. In
Epidemiology and Public Health, examples of discrete
responses includes length of stay in hospital, commonly used
as an indicator of the quality of care and planning capacity
within a hospital [1], and the number of visits to a doctor
[2-4], often taken as a measure of demand in healthcare and
the number of children as an indicator of fertility [5-7].

Count data which refer to number of times an event occurs
in a specified or fixed period of time takes non-negative

* Corresponding author:

mail2karyus@gmail.com (Yusuf Olushola Kareem)
Published online at http://journal.sapub.org/statistics
Copyright © 2018 Scientific & Academic Publishing. All Rights Reserved

standard errors will underestimate the true variability in the
estimator and thus lead to overly small confidence intervals
and inflated t-statistics [7].
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Figure 1. Percentage Distribution of Children Ever Born (NDHS 2013)

As a consequence of the limitations of the Poisson model
which fails to account for over/under-dispersion in data and
occurrence dependence; while the problem of occurrence
dependence is not easily resolved, the problem of
overdispersion usually caused by unobserved heterogeneity
and/or excess zeros has been addressed in the literature with
the wuse of negative binomial model [8]. The
negative-binomial distribution is a viable and more flexible
alternative distribution which allows the variance term to
vary with each independent observation and removes the
restriction of equality of the mean and variance and provides
a better fit for count data in the presence of overdispersion
[9].

However, negative binomial regression cannot deal with
excess zero problems. Several extensions of Poisson
regression based models have been proposed to account for
overdispersion and excess zeros. These include the
zero-Inflated and hurdle models [10, 11] and the discrete
weibull model [12].

Fertility experience of a woman, usually measured by
number of children ever born (CEB) [13, 14], is an example
of count data. The distribution of CEB are usually rightly
skewed and with large preponderance of zeros [15]. For
instance, in the 2008 and 2013 Nigeria Demographic and
Health Survey (NDHS) datasets, about 29% of the women of
reproductive age (14 to 49 years) had no child and the
number of children ever born ranges from 0 to 18.

Over the last decade, Nigeria accounts for approximately
one sixth of African population with about 3% annual
growth rate and her population is projected to reach 440
million by 2050 and by 2100 will be ranked as the 3™ most
populous country in the world after China and India [16]. If
measures continue to grow unchecked, scholars have argued
that this is an indicator of population explosion and

economic instability which may cause water scarcity, hunger,
chronic poverty, environmental degradation and conflict due
to over utilization of the existing resources [5, 17].

Scholars have attempted to identify factors driving high
level of fertility in Nigeria, nearly all reported studies on
modeling fertility using children ever born in Nigeria have
used statistical models like the Logistic and Poisson
regression model [5, 6] and few have considered using
negative binomial to account for the observed
over-dispersion [8]. Nevertheless, the large number of zero
responses gives concern for the suitability of these methods.

This suggests that models which can accommodate both
overdispersion and excess zeros are imperative to model the
fertility experience of Nigeria. Therefore, this study
reviewed statistical count models and investigate a more
robust model that can be used to explain fertility experience
in Nigeria.

2. Methods

Study design

This study utilized the 2013 National Demography and
Health Survey (NDHS) dataset which is a cross sectional
design conducted by ICF Macro Calverton, Maryland USA,
in conjunction with the National Population Commission
(NPC). Nigeria is divided into States, each State is
subdivided into Local Government Areas (LGAs), and each
LGA is divided into localities, each locality was subdivided
into Census Enumeration Areas (EAs). The 2013 NDHS
sample was selected using a stratified, three stage cluster
design consisting of 904 clusters, 372 in urban areas and 532
in rural areas. A representative sample of 40,680 households
was selected for the survey, with a minimum target of 943
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completed interviews per state [18]. The study focused on all
women of reproductive age 14 to 49 years (n=38948) who
have duly completed individual women questionnaires at the
time of the survey. This study used a secondary analysis and
hence there are no serious ethical issues. All the personal
identifiers have been removed from the data; as a result, the
confidentiality and anonymity of respondents were ensured.
Also, permission to download and utilize the 2013 NDHS
data was obtained from the ICF International before the
utilization of this data through
gpsrequests@dhsprogram.com.
Variable Description and Coding

The outcome variable of interest (dependent variable) is
fertility which was measured by the number of children ever

born. The number of children ever born is an index of recent
fertility and it is a count variable; while the independent

variables  include  proximate, = demographic  and
socio-economic variables: region, residence, women
educational level, religion, ethnicity, wealth index,

contraceptive use, currently breastfeeding, marital status,
residing with partner, number of other wives, age at marriage,
husband educational level, women working status and
husband/partners’ age. Children ever born in the context of
this study refers to the number of children a woman
previously born alive as at the time of the study. All women
of reproductive age were included because; it was aimed at
predicting fertility of women irrespective of their
background characteristics. The variables were coded as
presented in Table 1.

Table 1. Description of Variables

Variables Description

1=North Central, 2= North East, 3=
North West, 4= South East, 5=
South South, 6= South West

1= Urban, 2= Rural

1. | Region

2. Residence

0= No education, 1= Primary, 2=

3. | Education Secondary, 3= Tertiary

1=Poorest,2=Poorer, 3= Middle, 4=
Richer, 5= Richest

0=No, 1=Yes
1=Catholic, 2= Other Christians, 3=

4. | Wealth Index

5. | Breastfeeding

6. Religion Muslims, 4= others
.. 1= Hausa/Fulani, 2= Igbo, 3=
7. | Ethnicity Yoruba, 4= others
8. | Contraceptive use 0=No, 1=Yes
9. | Residing with partner 1=Yes, 2= No
10. | Number of other wives 0= None, 1=>1

11. | Age at marriage 1=<18, 2= 18-30, 3=31-49

Husband educational
level

13. | Work status

0= None, 1= Primary, 2=

12 Secondary, 3= Tertiary

0=No, 1= Yes
1=<30, 2= 30-39, 3= 40-49, 4= 50+

14. | Partner’s age

Statistical Analysis

The IBM SPSS (version 23.0) was used to clean the data;
the data was weighted using variable created from v005
(sample weight) before use. The sampling design effect;
clustering was adjusted for using variables v021 (Primary
sampling unit) and v022 (Sample strata for sampling error)
respectively. Frequency tables were used to present
socio-economic, demographic and proximate characteristics
of respondents. Means and standard deviation (SD) were
used to summarize quantitative variables, while categorical
variables ~ were  summarized  with  percentages.
Multicollinearity test of variables and dispersion test for the
model were carried out. A variance inflation factor (VIF)
greater than 4 was used as cut-off to indicate collinearity in
a variable. Similarly, a value greater than 1.0 indicates
overdispersion and a value less than 1.0 suggests
underdispersion. The Statistical count regression models
were fitted to children ever born using the backward
selection procedure for variable selection; covariates
significant at p value < 0.1 were selected for the full model.
The count models fitted include:

Generalized Linear Models (GLM)/one-part model

e Poisson/Quasi-Poisson,
e Negative binomial

Modified Count/Two-part models

Zero-inflated Poisson

Zero-inflated negative binomial

Hurdle Poisson

Hurdle negative binomial regression models and the
discrete Weibull regression model.

Test of Model fit

The Vuong test was used to compare non-nested models;
the likelihood ratio test was used to assess the nested models.
The loglikelihood, Akaike Information Criterion (AIC) were
then compared for all models to evaluate and select the most
suitable model. These Statistical tests were analyzed using
Statistical Software programming R. The larger the
loglikelihood, the better a model and a more appropriate
model gives the smallest AIC.

Criteria for Model Evaluation

This study used the following test: loglikelihood,
likelihood ratio, Vuong test and AIC for model evaluation
and to assess the best model. We compare the loglikelihood
from each model. To investigate the presence of
overdispersion, we compare goodness of fit between pairs
of nested models such as Poisson vs. negative binomial
(NB); zero-inflated Poisson (ZIP) vs. zero-inflated negative
binomial (ZINB) and hurdle Poisson (HP) vs. hurdle
negative binomial (HNB) using the likelihood ratio test. To
test whether excess zero exist in the data we compared these
models: Poisson vs. ZIP (or HP); NB vs. ZINB (or HNB)
using the Vuong test; since the models are non-nested.
Similarly, we compared ZINB vs. HNB; ZIP vs. HP to
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ascertain the nature of the presence of any observed excess g‘lble tzi y Frequency Distribution of Respondents by Proximate
. . . . . aracteristics
zeros using the Vuong test. A statistically significant large

positive Vuong z-statistic provides an evidence of a better fit Variables Frequency Percentage
of model 1 over model 2, while a large, negative test statistic Total 38948 100
indicate that model 2 is of better fit. More generally, the Age
models were compared using the Akaike Information 15-19 7820 20.1
Criterion (AIC) as the criteria for assessing the best fit. The 20-24 6757 17.3
AIC is a measure of goodnesss of fit of an estimated 25-29 7145 183
statistical model; it is used when comparing models fitted 30-34 5467 14.0
by maximum likelihood method to the same data, the model 35-39 4718 12.1
with the smaller AIC gives a better fit. The AIC is estimated 40-44 3620 9.3
as: 45-49 3422 8.8
AIC = =2 x loglikelihood + 2 * npar Meano 28.849.6
where npar is the number of parameters in the fitted model. Age at First Sex
Not had sex 5586 15.2
<18years 19552 53.1
3. Results >18years 11692 31.7
Meanto 16.897+3.656

Proximate, Socio-economic and Demographic
Characteristics of Respondents

Age at First Birth
Preliminary =~ summary  statistics of  Proximate, <18years 11033 40.0

socio-economic and demographic characteristics of 18-30years 16025 58.0
respondents are presented in table 2 and table 3. A total of >30years 556 2.0
38,948 records of women within child bearing age (14-49 Meanzo 19.35+4.365
years) were extracted. The mean of total CEB = 3.06,
standard deviation (SD) = 3.02, skewness = 0.18 and kurtosis Current marital status
= 0.13. The weighted mean age of respondents was 28.8 Never in a union 9326 239
years (SD = 9.6 years). About 5% of the population had not Married 27043 69.4
been exposed to sexual intercourse and the mean age at first Living with partner 787 20
sexual intercourse was 16.9 years (SD= 3.7 years). About Widowed 967 25
two-fifth of the population had their first birth before 18yrs Divorced 424 L1
with a mean age of 19.4years (SD= 4.4 years), 69.4% were No longer living 402 10
married while 23.9% are not in a union. About 84% of the together/separated

Total 38948

population does not use any contraceptive; however these
women knew either a modern method of contraception or

folkoric/traditional method. Three out of five of the Contraceptive Use

. Not usi 32722 84.0
respondents recruited were from the Northern part of the orusing
o . . .. Condom 2009 52
country, 57.9% of all respondents lived in rural communities, i
L. . . Withdrawal 1771 4.5
47.1% were of the Christian faith, 52% were Muslims and Periodic abstinence q4l 2
others ari either tf)adltlonallst or do not practl.ce any faith. Injection/PillTUD 193 20
Abpu} 18% and 2?? % belong to t'he pgoregt and richest wealth Other modern method 312 21
quintile respectively. Multicollinearity test of 20 Total 38948
independent variables was conducted, the omitted predictors:
age at first birth, last birth a caesarian section, currently Contraceptive Knowledge
amenorrheic and cohabitation duration were removed due to Knows no method 5779 14.8
problem of inconsistency, multicollinearity and singularity Only folkloric method 272 0.7
in statistical analysis. Similarly, overdispersion test using the Only traditional method 255 0.7
14 predictor variables produced a value of 1.16, and Knows modern method 32642 83.8
indicated that there exists overdispersion in the CEB model Total 38948

which is statistically significant at 0.001.
Number of Other wives

None 18600 67.3
>1 9051 32.7
Total 27651
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Table 3. Frequency Distribution of Respondents by Socio-economic and
Demographic Characteristics

Variables Frequency Percentage
Total 38948 100
Region

North Central 5572 14.3
North East 5766 14.8
North West 11877 30.5
South East 4476 11.5
South South 4942 12.7
South West 6314 16.2
Total 38948

Type of Place of Residence

Urban 16414 42.1
Rural 22534 57.9
Total 38948

Religion

Christianity 18237 47.1
Islam 20149 52.0
Others 369 1.0
Total 38756

Ethnicity

Hausa/Fulani 13263 34.1
Igbo 5636 14.5
Yoruba 5482 14.1
Others 14503 37.3
Total 38885

Currently working

No 14685 37.9
Yes 24060 62.1
Total 38745

Wealth Index

Poorest 7132 18.3
Poorer 7428 19.1
Middle 7486 19.2
Richer 7992 20.5
Richest 8910 22.9
Total 38948

Women educational level

No education 14729 37.8
Primary 6734 17.3
Secondary 13927 35.8
Higher 3558 9.1
Total 38948

Husband educational level

No education 11498 39.2
Primary 5454 18.6
Secondary 8314 28.3
Higher 4064 13.9
Total 29331

Model fitting

The model fitted for the CEB model compare the
parameters from the Poisson/Quasi-Poisson, Negative
Binomial, Zero-Inflated and Hurdle Poisson and Negative
Binomial variants and the Discrete Weibull. As shown in
Table 4 and 5, the estimate and standard errors of the models
were compared. Statistical parameters for model fit were
also assessed. It should be noted that the estimates from the
Poisson and quasi-Poisson are always the same, but we
compared the standard errors from the quasi-Poisson with
other models reviewed, since the quasi-Poisson model
provide robust standard error for overdispersed data. The
various models gave similar (positive or negative)
coefficients for all the covariates, except for the discrete
weibull which retained positive coefficient for variables:
rural residence (0.0003), other ethnicity (0.0044) and having
more than one wife (0.0004) as oppose to other models. The
standard errors were similar for all the models, although the
discrete weibull provided the minimum standard error for all
the variables.

For all the models, contraceptive use, residing with partner,
age at marriage, women work status, currently breastfeeding,
partner’s age, women educational level (higher), wealth
index, region (North East, South East and South South) and
ethnic group (Yoruba and Igbo) retained statistical
significance with number of children ever born at p value <
0.05.

Model Assessment and Evaluation

The number of parameters estimated by the maximum
likelihood (ML) method, the number of zeros captured
(X f; (0)) and the loglikelihood of various models were
computed. The ML parameters were 33, for Poisson model;
34 for negative binomial and 66 for both zero-inflated
Poisson and hurdle Poisson model, 67 for both zero-inflated
negative binomial and hurdle negative binomial and 34 for
the discrete weibull model. The Poisson model captures the
least number of zeros (1723) while the zero-inflated models
capture more number of zeros than the hurdle models. The
zero-inflated negative binomial captures the highest number
of zeros (2831), followed by the zero-inflated Poisson (2821)
and their hurdle variants. Both hurdle Poisson and hurdle
negative binomial capture the same number of zeros (2265).
Furthermore, the hurdle negative binomial model gave the
maximum loglikelihood of -54418.01, -56453.62 for hurdle
Poisson, -55109.64 for zero-inflated negative binomial,
-55117.16 for zero-inflated Poisson, -55666.25 for discrete
weibull, -56453.62 for negative binomial and Poisson
model produced the least loglikelihood of -56719.19. The
likelihood ratio chi-square test was used to investigate the
nested models: negative binomial vs. Poisson, zero-inflated
negative binomial vs. zero-inflated Poisson, hurdle negative
binomial vs. hurdle Poisson model. The likelihood ratio test
indicated that the negative binomial models fit better than the
Poisson model (x* = 531.14; p<0.001), zero-inflated negative
binomial fit well than their zero-inflated Poisson (x*=531.14;
p<0.001) and similarly the hurdle negative binomial fit better
than their hurdle Poisson (y* = 82.72; p<0.001). It is evident
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that the likelihood ratio test also provided evidence that the
models which account for overdispersion were better, and
therefore suggests that overdispersion is present in the data.
The Vuong statistic test for non-nested models in table 6
revealed that the zero and hurdle variants are better than their
one part model counterpart. Although, the hurdle Poisson vs.
Poisson (AIC= 30.596; p<0.001) and hurdle negative

binomial vs. negative binomial (AIC= 33.533; p<0.001)
have a larger test statistic compared to their zero inflated
models counterpart. Also, the =zero-inflated negative
binomial vs. hurdle negative binomial (AIC= -33.726;
p<0.001) were also compared; the negative sign of the
Vuong statistic implies that the hurdle models are better
model fit than the zero-inflated models.

Table 4. Model Estimates of Poisson, Negative Binomial, Zero-Inflated Poisson, Zero-Inflated Negative Binomial and the Discrete Weibull Regression

Coefficients
GLM Modified Count Models Discrete
Distribution Method Poisson(Quasi) NB ZIP ZINB HP HNB Weibull
B B p p p p B
(Intercept) 0.2852 0.2764 0.5543 0.5523 0.3588 0.3449 0.7848
Region:North East 0.0479 0.0449 0.0757 0.0755 0.0793 0.0789 0.0621
Region:North West 0.0069 0.0027 0.0318 0.0317 0.0329 0.0318 0.0250
Region:South East 0.1416 0.1362 0.1433 0.1432 0.1581 0.1569 0.1293
Region:South South 0.0455 0.0432 0.0377 0.0373 0.0451 0.0442 0.0605
Region:South West 0.0166 0.0157 0.0079 0.0081 0.0032 0.0022 0.0328
Residence:Rural -0.0223 -0.0208 -0.0120 -0.0116 -0.0127 -0.0117 0.0003
Educ. level:Primary -0.0079 -0.0093 -0.0060 -0.0061 -0.0063 -0.0067 -0.0094
Educ. level:Secondary -0.1534 -0.1556 -0.1516 -0.1520 -0.1639 -0.1662 -0.1151
Educ. level:Higher -0.3028 -0.3078 -0.2950 -0.2954 -0.3121 -0.3164 -0.2376
Wealth index:Poorer -0.0388 -0.0389 -0.0232 -0.0232 -0.0241 -0.0243 -0.0317
Wealth index:Middle -0.0321 -0.0314 -0.0237 -0.0237 -0.0268 -0.0270 -0.0365
Wealth index:Richer -0.0592 -0.0577 -0.0487 -0.0485 -0.0515 -0.0511 -0.0570
Wealth index:Richest -0.1646 -0.1638 -0.1533 -0.1533 -0.1628 -0.1634 -0.1423
Currently breasfeeding:Yes 0.1603 0.1715 0.0648 0.0661 0.0389 0.0403 0.1224
Religion:Other Christian 0.0185 0.0205 0.0080 0.0080 0.0048 0.0057 0.0068
Religion:Islam -0.0101 -0.0109 -0.0082 -0.0084 -0.0116 -0.0118 -0.0191
Religion:Others 0.1143 0.1141 0.0911 0.0911 0.0894 0.0892 0.0537
Ethnicity:Igbo -0.1219 -0.1165 -0.1194 -0.1191 -0.1364 -0.1349 -0.0849
Ethnicity:Yoruba -0.0729 -0.0676 -0.0936 -0.0929 -0.1043 -0.1031 -0.0558
Ethnicity:Others -0.0217 -0.0182 -0.0326 -0.0321 -0.0367 -0.0357 0.0044
Contraceptive use:Yes 0.1930 0.2018 0.1548 0.1560 0.1520 0.1556 0.1532
Residing with partner:No -0.0782 -0.0816 -0.0790 -0.0795 -0.0869 -0.0893 -0.0832
Number of other wives:1+ -0.0675 -0.0633 -0.0512 -0.0507 -0.0540 -0.0524 0.0004
Age at marriage:18-30 -0.2438 -0.2494 -0.2124 -0.2131 -0.2187 -0.2219 -0.2154
Age at marriage:31-49 -0.6386 -0.6477 -0.5053 -0.5064 -0.4982 -0.5045 -0.4831
Husb. Edu level:Primary 0.0024 0.0051 -0.0006 -0.0004 0.0002 0.0015 0.0012
Husb.Edu level:Secondary -0.0133 -0.0115 -0.0195 -0.0194 -0.0219 -0.0214 -0.0097
Husb. Edu level:Tertiary -0.0175 -0.0192 -0.0107 -0.0110 -0.0078 -0.0087 -0.0272
currently working:Yes 0.1701 0.1741 0.1311 0.1315 0.1378 0.1401 0.1262
Partners' age:30-39 0.8000 0.7982 0.6346 0.6348 0.8220 0.8280 0.5756
Partners' age:40-49 1.3112 1.3115 1.1078 1.1085 1.3193 1.3291 0.9935
Partners' age:50+ 1.5587 1.5625 1.3361 1.3371 1.5446 1.5559 1.2089

Reference group for each variables: Region (North Central), Residence (Urban), Educ. Level (None), Wealth index (Poor), Currently breastfeeding (No), Religion
(Catholic), Ethnicity (Hausa/Fulani), Contraceptive Use (No), Residing with partner (Yes), Number of other wives (None), Age at marriage (< 18), Husband Edu

level (None), currently working (No), Partners’ age (<30).
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Table 5. Model Estimates of Poisson, Negative Binomial, Zero-Inflated Poisson, Zero-Inflated Negative Binomial and the Discrete Weibull Regression

Standard Errors

Distribution Method Quasi-Pois NB Z1pP ZINB HP HNB DW

S.e(p) S.e(p) S.e(p) S.e(p) S.e(p) S.e(p) S.e(p)
(Intercept) 0.0302 0.0300 0.0287 0.0291 0.0319 0.0331 0.0231
Region:North East 0.0138 0.0140 0.0128 0.0129 0.0131 0.0138 0.0112
Region:North West 0.0143 0.0146 0.0133 0.0134 0.0136 0.0144 0.0126
Region:South East 0.0272 0.0273 0.0253 0.0256 0.0265 0.0277 0.0220
Region:South South 0.0161 0.0163 0.0150 0.0152 0.0155 0.0163 0.0123
Region:South West 0.0179 0.0180 0.0165 0.0167 0.0173 0.0181 0.0140
Residence:Rural 0.0096 0.0098 0.0089 0.0090 0.0091 0.0096 0.0080
Educ. level:Primary 0.0110 0.0113 0.0102 0.0104 0.0104 0.0110 0.0098
Educ. level:Secondary 0.0135 0.0137 0.0126 0.0128 0.0130 0.0136 0.0112
Educ. level:Higher 0.0213 0.0213 0.0198 0.0200 0.0208 0.0217 0.0162
Wealth index:Poorer 0.0099 0.0101 0.0091 0.0093 0.0093 0.0098 0.0090
Wealth index:Middle 0.0118 0.0121 0.0109 0.0111 0.0111 0.0118 0.0106
Wealth index:Richer 0.0141 0.0144 0.0130 0.0132 0.0133 0.0140 0.0122
Wealth index:Richest 0.0174 0.0177 0.0161 0.0163 0.0166 0.0175 0.0146
Currentlybreasfeeding: Yes 0.0073 0.0074 0.0068 0.0069 0.0070 0.0074 0.0064
Religion:Other Christian 0.0143 0.0145 0.0133 0.0135 0.0137 0.0144 0.0121
Religion:Islam 0.0169 0.0171 0.0157 0.0159 0.0162 0.0170 0.0142
Religion:Others 0.0322 0.0334 0.0296 0.0301 0.0301 0.0319 0.0299
Ethnicity:Igbo 0.0264 0.0265 0.0245 0.0248 0.0257 0.0269 0.0219
Ethnicity:Yoruba 0.0201 0.0203 0.0186 0.0188 0.0193 0.0203 0.0166
Ethnicity:Others 0.0124 0.0126 0.0115 0.0116 0.0117 0.0124 0.0109
Contraceptive use:Yes 0.0105 0.0107 0.0097 0.0098 0.0101 0.0106 0.0089
Residing with partner:No 0.0129 0.0129 0.0119 0.0121 0.0125 0.0131 0.0099
Number of other wives:1+ 0.0075 0.0077 0.0070 0.0070 0.0071 0.0075 0.0067
Age at marriage:18-30 0.0083 0.0084 0.0077 0.0078 0.0079 0.0083 0.0070
Age at marriage:31-49 0.0345 0.0338 0.0335 0.0338 0.0343 0.0355 0.0238
Husb. Edu level:Primary 0.0108 0.0111 0.0100 0.0102 0.0102 0.0108 0.0098
Husb. Edu level:Secondary 0.0118 0.0120 0.0110 0.0111 0.0113 0.0118 0.0103
Husb. Edu level:Tertiary 0.0149 0.0151 0.0138 0.0140 0.0142 0.0149 0.0125
currently working:Yes 0.0082 0.0083 0.0076 0.0077 0.0079 0.0083 0.0068
Partners' age:30-39 0.0181 0.0173 0.0177 0.0178 0.0221 0.0225 0.0101
Partners' age:40-49 0.0179 0.0171 0.0175 0.0176 0.0217 0.0222 0.0105
Partners' age:50+ 0.0181 0.0174 0.0178 0.0179 0.0220 0.0225 0.0112

Reference group for each variables: Region (North Central), Residence (Urban), Educ. Level(None), Wealth index (Poor), Currently breastfeeding (No), Religion
(Catholic), Ethnicity (Hausa/Fulani), Contraceptive Use (No), Residing with partner (Yes), Number of other wives (None), Age at marriage (< 18), Husband Edu
level (None), currently working(No), Partners’ age (<30).
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Table 7. Incidence Rate Ratio (IRR) of the Best Model (HNB) for Factors Influencing Children Ever born

Variables

Bivariate Model

Multivariate Model

IRR (95% C.I)

AIRR (95% C.I)

Region

North Central (Ref)
North East

North West

South East

South South

South West
Residence:

Urban (Ref)

Rural

Educational Level
No education (Ref)
Primary

Secondary

Tertiary

Wealth Index
Poor (Ref)

Poorer

Middle

Richer

Richest

Currently Breastfeeding
No (Ref)

Yes

Religion

Catholic (Ref)
Other Christian
Islam

Others

Ethnicity
Hausa/Fulani (Ref)
Igbo

Yoruba

Others
Contraceptive Use
No (Ref)

Yes

Residing with partner
Yes (Ref)

No

Number of other wives
None (Ref)

1+

Age at Marriage
<18 (Ref)

18-30

31-49

Partners Educational level
No education (Ref)
Primary

Secondary

Tertiary

Women currently working
No (Ref)

Yes

Partner’s age

<30 (Ref)

30-39

40-49

50+

1.43449 (1.3203-1.5585)
1.67004 (1.5544-1.7943)
0.61289 (0.5646-0.6653)
0.74808 (0.6900-0.8110)
1.02047 (0.9439-1.1032)

1.17269 (1.1513-1.1945)

0.79247 (0.7318-0.8581)
0.17462 (0.1649-0.1850)
0.19567 (0.1804-0.2122)

0.69316 (0.6378-0.7534)
0.46290 (0.4274-0.5014)
0.37495 (0.3469-0.4053)
0.29735 (0.2757-0.3207)

0.88315 (0.8668-0.8998)

1.28969 (1.2028-1.3829)
2.51223 (2.3446-2.6918)
2.94085 (2.2576-3.8305)

0.35499 (0.3317-0.3799)
0.53153 (0.4952-0.5706)
0.55032 (0.5208-0.5815)

0.90371 (0.8820-0.9260)

0.79377 (0.7683-0.8201)

1.31120 (1.2876-1.3353)

0.71275 (0.7004-0.7253)
0.58574 (0.5396-0.6358)

1.71415 (1.5104-1.9453)
1.23422 (1.1179-1.3626)
0.97441 (0.8658-1.0967)

1.23422 (1.1179-1.3626)

3.64039 (3.2887-4.0296)
9.16948 (8.0537-10.431)
10.7881 (9.3087-12.502)

1.08208 (1.0532-1.1117)
1.03230 (1.0037-1.0617)
1.16992 (1.1081-1.2352)
1.04522 (1.0124-1.0791)
1.00219 (0.9673-1.0383)

0.98837 (0.9700-1.0072)

0.99336 (0.9722-1.0150)
0.84684 (0.8245-0.8698)
0.72877 (0.6984-0.7604)

0.97596 (0.9574-0.9949)
0.97331 (0.9511-0.9960)
0.95015 (0.9244-0.9766)
0.84925 (0.8207-0.8788)

1.04108 (1.0261-1.0563)

1.00576 (0.9777-1.0346)
0.98831 (0.9559-1.0218)
1.09335 (1.0271-1.1639)

0.87383 (0.8290-0.9211)
0.90201 (0.8669-0.9386)
0.96293 (0.9418-0.9886)

1.16838 (1.1444-1.1929)

0.91456 (0.8914-0.9383)

0.94891 (0.9351-0.9629)

0.80103 (0.7881-0.8142)
0.60379 (0.5632-0.6473)

1.00148 (0.9805-1.0229)
0.97879 (0.9563-1.0018)
0.99139 (0.9629-1.0207)

1.15041 (1.1319-1.1692)

2.28867 (2.1900-2.3918)
3.77775 (3.6169-3.9457)
473919 (4.5348-4.9529)

IRR: Incidence rate ratio; AIRR: Adjusted Incidence rate ratio; CI: Confidence Interval
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Table 6. Vuong Test Statistic for Non-Nested Models

Alt. Hypothesis X;;(énigcz(;i:'ztcl:::;) P-value
ZIP > Poisson 21.8035 <0.001
HP > Poisson 30.5962 <0.001
ZINB > NB 21.6260 <0.001
HNB > NB 33.5326 <0.001
ZIP > HP -35.0438 <0.001
ZINB > HP -34.2900 <0.001
ZINB > HNB -33.7255 <0.001

More generally, all the models were compared using the
Akaike Information Criterion (AIC) as presented in figure 2.
The order of AIC values was consistent with the Vuong test
statistic and in agreement with the likelihood ratio test and
the loglikelihood values. The Poisson model gave the highest
AIC (113504.4) and the hurdle negative binomial model
gave the smallest AIC (108970.0) and is of best fit.

Incidence Rate Ratios (IRR) of Hurdle Negative
Binomial Regression

The results of bivariate and multiple regression of the best
model, that is, the hurdle negative binomial regression model
is presented in table 7. The table shows the Incidence Rate
Ratios (IRR) for the bivariate model; Adjusted Incidence
Rate Ratios (AIRR) and their 95% confidence interval (CI).

The bivariate analysis indicated a significant high risk of
childbearing among women in the North East (IRR= 1.435,
95% CI: 1.32-1.56) and North West (IRR= 1.670, 95% CI:
1.56-1.79) compared to women in the North Central region.
Women who reside in rural areas more likely to bear more
children and women higher in educational level and wealth
quintile were found to have less desire for children.

Currently breastfeeding women (IRR= 0.883, 95% CI:
0.87-0.90) and using any form of contraception (IRR=0.90,
95% CI: 0.88-0.93) were found to be associated with lower
risk of childbearing. Similar results also revealed that
women from the Igbo, Yoruba and other ethnic group have
lower risk to bear more children compared to the
Hausa/Fulani tribe. Early age at marriage and polygamous
marriage (IRR=1.31, 95% CI: 1.29-1.34) were found to be
associated with high risk of childbearing.

The Multivariate analysis showed that women in North
East (AIRR=1.08, 95% CI: 1.05-1.11) and North West
(AIRR=1.03, 95% CI: 1.004-1.06) had higher risk of
children. Also women in South East (AIRR=1.17, 95% CI:
1.11-1.24) and South South (AIRR=1.05, 95% CI: 1.01-1.08)
have high risk of child bearing compared with women in the
North Central region after adjustment with other
characteristics. Igbos are about 12% less likely (AIRR=0.88,
95% CI: 0.83-0.92), Yorubas are about 10% less likely
(AIRR=0.90, 95% CI: 0.87-0.94) and other ethnic group are
about 3% less likely (AIRR=0.97, 95% CI: 0.94-0.99) to
have as many children compared with women from
Hausa/Fulani tribe. The results also revealed that increase in
women educational level and wealth quintile were found to
be significantly associated with desire for fewer children.
Secondary and tertiary education were significantly
associated with lower risk of childbearing. Women who had
tertiary education were about 27% less likely (AIRR=0.73,
95% CI: 0.70-0.76) to bear children compared with women
who had no education. Similarly, women in the richest
wealth quintile were about 15% less likely (AIRR=0.85,
95% CI: 0.82-0.88) to have as many children as women in
the poorest quintile when all characteristics were adjusted
for.

AIC Values for Alternative Models
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Figure 2. AIC values for Poisson, negative binomial, zero-inflated Poisson, zero-inflated binomial, hurdle Poissonl, hurdle negative binomial and the

discrete weibull regression model
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Age at entry into marriage were significantly associated
with children ever born, women who got married after 30
years (AIRR=0.60, 95% CI: 0.79-0.82) showed about 40%
lower risk of childbearing compared to women who got
married before 18 years. Women who do not reside with
their partner’s are less likely to be at risk of high fertility
compared to women who do not reside with their partner’s.
Women in polygamous unions are 0.95 times less likely to
have high fertility than women in monogamous unions.
Women who are working (AIRR= 1.15, 95% CI: 1.13-1.17)
were more likely to bear more children than women who are
not working.

4. Discussion

This study investigated statistical count models for
modeling dataset that are overdispersed with large number of
zeros. Findings indicated that the generalized linear model
tends to give similar estimates and the zero-inflated model
and hurdle model also provide similar coefficients. Although,
the standard errors from the quasi-Poisson were compared
because they gave robust standard errors. Several studies
have shown that the quasi-Poisson gives robust standard
error estimates than the Poisson model when data are
over/under- dispersed [11, 19].

Nevertheless, the hurdle, zero-inflated models extracted
more information than the generalized linear models and are
of better fit. This suggests that the overdispersion in the
dataset is due to excess zeros which corroborate the
arguments of Guinnane and Moehling (2002). Due to this
fact, many studies have adopted the use of modified or
zero-augmented model in count data analysis but only few
studies have utilized modified models in fertility studies.
Studies by Melkersson and Rooth (2000) proposed
zero-inflated count data model to deal with excess zero in
Swedish fertility data. Similarly in another study, Silva and
Covas (2000) modeled completed fertility of Portuguese
women using modified hurdle model. Poston and Mckibben
(2003) have also used the zero-inflated Poisson to predict the
average number of children ever born to U.S. white and
Mexican women and proposed that the zero-inflated negative
binomial should be used for similar studies in the future.
Poston and Mckibben concluded that the zero-inflated
models are statistically more appropriate than the Poisson
and negative binomial models in a low-fertility population
like that of the U.S.

However, in the Nigerian context, where birth is seen as a
gift from God; this norm tends to increase the level of
fertility and couples do not intend or make decisions to be
childless or bear a child, contrary to the situation in advanced
and low-fertility country [20]. This study revealed that the
hurdle models are more statistically appropriate than the
zero-Inflated models in the Nigerian context; with a high
level of total fertility rate of 5.5 [18].

The hurdle negative binomial regression model showed
that women educational level and wealth quintile were found

to be significantly associated with fertility level. Women
who had atleast secondary education were less likely to have
high fertility compared to women who had no education.
Similarly, women in the richest wealth quintile were less
likely to have as many children as women in the poorest
quintile when all characteristics are adjusted for. These
results are consistent with past studies conducted in Nigeria
and other parts of the globe [5, 6, 8, 21, 22].

The level of fertility in Nigeria were found to be
associated with ethnic groups than the region of the
respondents, since respondents from different ethnic groups
may reside in another region not dominated by their ethnic
group. Women in North East and North West have high risk
of childbearing compared with women in the North Central
region. Similarly, women in South East and South South are
likely to have a higher level of fertility when adjusted for
other characteristics. Igbos, Yorubas and other ethnic group
are less likely to have as many children compared with
women from Hausa/Fulani tribe. These findings have also
been reported in previous studies [5, 6].

Our results also revealed that age at entry into marriage
were significantly associated with fertility, which is related
to the length of a woman reproductive life span. Women who
got married within 18 to 30years and after 30 years revealed
a decrease in fertility compared to women who got married
before 18 years. Women who do not reside with their
partners’ were less likely to be at risk of high fertility
compared to women who reside with their partners’. These
results are in consonance with previous findings [5, 8], since
women might be exposed to lower coital frequency. Married
to older partners was associated with high risk of fertility;
which may be due to marital or cohabitation duration.
Although, in this study, attention was not given to the
husband’s age at marriage. Surprisingly, women who are
working were more likely to bear more children than women
who are not working, this is in accordance with similar
studies conducted in Nigeria [5, 6, 8].

5. Conclusions

This study investigated statistical count models that can be
used for count data, which are overdispersed with large
number of zero using fertility data. The hurdle negative
binomial provided the best robust estimates of fertility
among women of reproductive age and captures better the
fertility experience in the Nigerian setting. The hurdle
negative binomial is therefore recommended and appropriate
for modeling the fertility experience in Nigeria and
appropriate for count data that are overdispersed with large
number of zeros.

Limitation of Study

Nigeria Demographic and Health Survey (NDHS) data are
reported retrospectively. Cultural beliefs and norms often



International Journal of Statistics and Applications 2018, 8(1): 23-33 33

affects the reports and data that involves birth, especially of
dead children, since CEB according to NDHS is the total
number of children dead or living bear by women in their
reproductive age.
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