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Abstract 
Background: The ANC service is used to ensure a normal pregnancy with delivery of a healthy 

baby from a healthy mother. Even if WHO recommends a minimum of four  ANC visits, existing 

evidence from developing countries including Ethiopia indicates that few women utilize it due to 

different determinants such as lack of education, awareness, nearby health post, residence, etc.  

Objective: The main objective of the study was statistically to analyze the determinants of the 

barriers in number of antenatal care service visits among pregnant women in rural Ethiopia. 

Methods: A cross sectional data from EDHS-2011 was used and 1127 pregnant women who had 

9 months of pregnancy was included to the study. Several count models were fitted to select the 

model which best fits the data, these are: Poisson, NB, ZIP, ZINB, HP, and HNB regression 

models. Each  of  these  models  was  compared  by  likelihood  ratio  test  (LR), Voung test  and 

the  information criteria’s. The data were Analyzed using SAS version 9.2. 

Results: In this study there were excess zeros, 51.5%; the variance of the data, 7.196, was much 

higher than its mean, 1.85. Women from better progressed regions were about one (OR=0.8048) 

times more likely to have positive ANC visits than women from other regions, educated women 

were one times (OR=1.44) more likely to have positive ANC visits than non educated ones, 

women who had seen danger signs of pregnancy was one times (OR=1.42) the rate of positive 

ANC visits than women who hadn’t seen it, women with heavy workload had less likely to visit 

positive ANC attendance (OR =0.36) than women who had no workload problems, there is a 

greater likelihood of a positive  number of ANC visits for rich women than poor women 

(OR=1.15), and women who had nearby health post have a greater likelihood of a positive ANC 

visits than women with lack of nearby health post (OR=0.48) holding all other predictors 

constant.  

 Conclusion: Though the government effort is to improve access to modern ANC visits during 

pregnancy, it was low in rural Ethiopia than the national value. Lack of awareness, absence of 

education, heavy workload, poverty, and shortage of health post were significantly associated 

with not attending ANC visits. Hence, institutions that act on maternal and children’s health care 

should do well to apply the minimum of four ANC visits scheduled by WHO mainly on rural 

areas so that all perpetrators of maternal care shall be brought to book to deter others from 

repeating such absences and thus move the country closer to MDG targets for maternal health 

by 2015. Hurdle Poisson regression model was found to be  better  fitted  with  data  which  is  

characterized  by  excess  zeros  and  high variability in the non-zero outcomes. 

 

 

 

 
Key words: ANC; Poisson regression model; Negative binomial (NB) regression model; Zero-inflated 
Poisson (ZIP) regression model; Zero-inflated negative binomial (ZINB)regression model; Hurdle 
Poisson regression model; Hurdle NB regression model. 
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CHAPTER ONE 

INTRODUCTION 
1.1 Background of the Study 

The World Health Organization [55] estimates that about 536,000 women of reproductive age 

die each year because of pregnancy related complications. Nearly all of these deaths (99%) occur 

in the developing world [56]. Ethiopia is one of the countries with an unacceptably highest 

maternal mortality and the infant mortality rate in the world [12]. In Ethiopia, 85% of the 

population lives in rural areas, availability of health services, especially maternal health care 

services, is extremely difficult. Overall, access for maternity care is on average 26% for rural and 

76% for urban areas [55].  

One of the Millennium Development Goals (MDGs) targets is to reduce by three quarters, 

between 1990 and 2015, the maternal mortality ratio in all countries.  Maternal mortality is the 

most important indicator of maternal health and well-being in any country. As a result, it has 

been central to government health sector policies aimed at improving the overall health of the 

Ethiopian population especially that of the women.   The World Health Organization [57] has 

defined maternal mortality as “the death of a woman while pregnant  or  within  42  days  of  a  

termination  of  a  pregnancy,  irrespective  of  the  duration  and  site  of  the pregnancy,  from  

any  cause  related  to  or  aggravated  by  the  pregnancy  or  its  management  but  not  from 

accidental and incidental causes.” 

Periodic and regular supervision including examination and advice of a woman during pregnancy 

is called antenatal care. In other word, antenatal care is a preventive obstetric health care 

program aimed at optimizing maternal fetal outcome through regular monitoring of pregnancy, 

[55]. In general, the main objective of ANC is to ensure a normal pregnancy with delivery of a 

healthy baby from a healthy mother.  

World Health Organization [53] advocates  an  improved  model  for  antenatal care use for  

women  without complicated  pregnancy  in  developing  countries. This  model  recommends  at 

least  four antenatal care visits which would include compulsory blood pressure  measurement, 

urine and  blood  tests  and  non-compulsory  weight  and  height  check  at  each  visit [55].  

The Four-Visit ANC Model Outlined in WHO Clinical Guidelines: First visit (8-12 weeks) 

confirm pregnancy and EDD, classify women for basic ANC (four visits) or more specialized 

care. Screen, treat and give preventive measures. Develop a birth and emergency plan. Advice 
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and counsel; Second visit (24-26 weeks) assess maternal and fetal well-being, exclude PIH and 

anemia, give preventive measures,  review and modify birth and emergency plan; Third visit (32 

weeks) assess maternal and fetal well-being, exclude PIH, anemia, multiple pregnancies, give 

preventive measures, review and modify birth and emergency plan; Fourth visit (36-38 weeks), 

assess maternal and fetal well-being exclude PIH, anemia, multiple pregnancy, and mal-

presentation, give preventive measures, review and modify birth and emergency plan and advice 

and counsel. 

While some studies have looked at different risk factors for antenatal care (ANC) and delivery 

service utilization in the country, information coming from community-based studies related to 

the Health Extension Programme (HEP) in rural areas is limited. This study aimed to determine 

the prevalence of maternal health care utilization and explore its determinants among 9th month 

pregnant women in rural Ethiopia. 

1.2 Statement of the Problem 

The data from WHO confirms that in developing countries as a whole, educated women are more 

likely to receive antenatal care and the likelihood of their using antenatal care is associated with 

their level of education. Well oriented women’s about pregnancy complications are also more 

likely to report four or more visits. In most countries, the greatest proportionate difference occurs 

between women following socioeconomic, demographic, health and environmental related 

factors [14].  

In Ethiopia, the maternal mortality was estimated to be 673 deaths per 100,000 live births and 

infant mortality rate was 77 per 1,000 live births, which is among the highest in the world [9]. As 

emphasized in the 2005 Ethiopian Demographic and Health Survey (EDHS), the use of antenatal 

care services is very low and ranges between 26% in rural area to 76% in the urban parts of the 

country [9]. Therefore, even if there are efforts to improve access to modern antenatal care visits 

during pregnancy, it remained very limited by international standards. 

 Though  ANC  service  utilization  is  very essential  for  improvement  of  maternal  and  child 

health, the use of the service is still very limited in  rural areas of Ethiopia [9].  There could be 

several factors that limit the utilization of ANC in the region in general, in the zone in particular 

which requires further study. Therefore, it is important to explore and describe the status of ANC 

service visits utilization in rural areas of Ethiopia and describe the influencing determinants.   
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In addition, this study will provide valuable information how to model count data when 

assumption of the standard Poisson regression is violated (when there is greater  variability  in  

the  response  counts  than  one  would  expect  if  the response  distribution  truly  were  

Poisson). In such occasions, it is of interest to examine the applicability of the Zero Inflated 

models (ZIP, ZINB) and Hurdle models (Hurdle Poisson as well as Hurdle NB) in addition to 

Negative Binomial and Poisson regression models and compare their performances in terms of 

their goodness-of-fit statistics, AIC, BIC, likelihood ratio test and theoretical soundness. 

1.3 Objectives of the Study 

1.3.1 General Objectives 
The general objective of this study is statistically to analyze the determinants of the barriers in 

number of antenatal care service visits among pregnant women in rural Ethiopia. 

1.3.2 Specific Objectives 

1. To estimate the mean number of ANC visits of pregnant women in rural Ethiopia 

2. To examine the key socio-economic and demographic factors influencing the utilization of 

antenatal care services in rural Ethiopia. 

3. To fit an appropriate statistical model for the number of ANC visits of pregnant women in 

rural Ethiopia using the appropriate GOF measurements.  

1.4 Significance of the Study 

The findings of this study may identify the determinants of the barriers in number of ANC 

service visits among pregnant women in rural Ethiopia. This has a great importance in providing 

timely booking, awareness of risks and early seeking to care and birth preparedness. Information 

on which factor determines the time of ANC booking in the area could  be  helpful  for policy 

makers, program implementers, monitoring and evaluation activities. Since the  study  will  

attempt  to reveal the major factors for barriers in ANC in rural Ethiopia, it will help to guide the 

end user governmental and non-governmental organizations to develop maternal care programs 

and set appropriate plans to tackle the existing health and antenatal care problems. The other 

significance of this study will be to provide the appropriate model that aid researchers in 

determining the appropriate model to use given zero-inflated data. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Coverage and Trends of ANC  

Currently, 71 percent of women worldwide receive any ANC; in industrialized countries, more 

than 95 percent of pregnant women have access to ANC. In sub-Saharan Africa, 69 percent of 

pregnant women have at least one ANC visit, more than in South Asia, at 54 percent [42]. 

Coverage for ANC is usually expressed as the proportion of women who have had at least one 

ANC visit during her pregnancy. However, according to the report of MoH of Ethiopia in 2007, 

about 52% Ethiopian women received one or more ANC visits, less than 17% received 

professionally assisted delivery care and 19% received postnatal care [40]. Trends indicate 

slower progress in sub-Saharan Africa than in other regions, with an increase in coverage of only 

four percent during the past decade. In Africa, 80 percent of women in the richest quintile have 

access to three or more ANC visits, while only 48 percent of the poorest women have the same 

level of access [56]. A similar disparity exists between urban and rural women. Within the 

continuum of care, however, there is a smaller gap between the rich and the poor in ANC than in 

skilled attendance during childbirth, which is available to only 25 percent of the poorest women 

in sub-Saharan Africa, while reaching 81 percent of the richest. Coverage of four or more ANC 

visits as well as the number of visits disaggregated by trimester is important to assess, because 

the effectiveness of certain ANC interventions such as tetanus vaccination, IPTp for malaria, and 

prevention of mother-to-child transmission (PMTCT) of HIV depend on repeated visits and the 

trimester in which they occur. In Africa, the proportion of pregnant women who attended the 

recommended four or more visits increased by six percent over 10 years [55]. 

Similarly, the proportion of women who received ANC in the first six months of pregnancy 

increased by 10 percent over 10 years, faster than the increase of overall ANC coverage. 

Measuring coverage alone does not provide information on quality of care, and poor quality in 

ANC clinics, correlated with poor service utilization, is common in Africa. This is often related 

to an insufficient number of skilled providers (particularly in rural and remote areas), lack of 

standards of care and protocols, few supplies and drugs, and poor attitudes of health providers. 

An assessment conducted in Tanzania found twice as many poorly qualified health workers in 

rural facilities than in urban facilities [42]. 
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In Ethiopia, according to EDHS, 2005, only 6 percent of women make their first ANC visit 

before the fourth month of pregnancy [55]. The median duration of pregnancy for the first ANC 

visit was 5.6 months. The median duration of pregnancy for the first ANC visit was 4.2 months 

for urban women compared with 6.0 for rural women. In urban area where the health services are 

physically accessible and ANC at the public services are provided free of charge, only 32.4% of 

women seek the service before 16 weeks of gestation [9]. 

The report identified that, 72% of mothers with at least secondary school education received 

ANC compared to 45% and 21% of mothers’ with primary and no education respectively. The 

EDHS, 2005 and community and family survey conducted in SNNPR to assess maternity care 

utilization, also reflected the above situation [18]. 

2.2 The Effects of Inadequate ANC During Pregnancy 

Good care during pregnancy is important for the health of the mother and the development of the 

unborn baby. Pregnancy is a crucial time to promote healthy behaviours and parenting skills. 

Good ANC links the woman and her family with the formal health system, increases the chance 

of using a skilled attendant at birth and contributes to good health through the life cycle [5]. 

Inadequate care during this time breaks a critical link in the continuum of care, and effects both 

women and babies.  

It has been estimated that 25 percent of maternal deaths occur during pregnancy, with variability 

between countries depending on the prevalence of unsafe abortion, violence, and disease in the 

area [55]. Between a third and a half of maternal deaths are due to causes such as hypertension  

(pre-eclampsia and eclampsia) and antepartum haemorrhage, which are directly related to 

inadequate care during pregnancy. In a study conducted in six west African countries, a third of 

all pregnant women experienced illness during pregnancy, of whom three percent required 

hospitalisation. Certain  pre-existing conditions become more severe during pregnancy. Malaria, 

HIV/AIDS, anaemia and malnutrition are associated with increased maternal and newborn 

complications as well as death where the prevalence of these conditions is high. New evidence 

suggests that women who have been subject to female genital mutilation are significantly more 

likely to have complications during childbirth, so these women need to be identified during ANC 

[14]. 
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In sub-Saharan Africa, an estimated 900,000 babies die as stillbirths during the last twelve weeks 

of pregnancy. It is estimated that babies who die before the onset of labour, or antepartum 

stillbirths, account for two-thirds of all stillbirths in countries where the mortality rate is greater 

than 22 per 1,000 births – nearly all African countries. Antepartum stillbirths have a number of 

causes, including maternal infections notably syphilis and pregnancy complications, but 

systematic global estimates for causes of antepartum stillbirths are not available. Newborns are 

affected by problems during pregnancy including preterm birth and restricted fetal growth, as 

well as other factors affecting the baby’s development such as congenital infections and fetal 

alcohol syndrome.  

2.3 Determinants of ANC Uptake 

Disparities in ANC uptake between urban and rural areas, across regions, and by women socio-

economic status and women’s fertility behaviors have been documented. Women with shorter 

preceding birth interval were less likely to uptake ANC. Lower ANC use was also recorded 

among women whose pregnancy was unintended [15]. A study reported that wealth status, age, 

ownership of health insurance (especially for rural women), educational attainment, birth order, 

religion and administrative region of residence were significant predictors of the intensity of 

antenatal care services utilization. In particular, the utilization rate increases in wealth status. 

Utilization of these services was very low among rural women as compared to those living in 

urban areas [9].  

In Ethiopia, educational status of the mother, household wealth, place of residence, birth order of 

the child and educational and occupational status of the husband were found to be strong 

indicators of utilization of antenatal care service visits in the total sample of women [15]. 

Antenatal care use was found to be a strong indicator of use of assistance during delivery. The 

report made an advice that to increase women’s utilization of health care services and improve 

maternal health in Ethiopia some crucial steps should be taken on educating women and 

strengthening antenatal care services. Furthermore, great attention should be given to the most 

vulnerable group of women in the country this includes those who are living in rural areas with 

no education and in the low economic status group [15]. In Metekel zone, Northwest Ethiopia, 

49.8% of pregnant women had received at least one antenatal care visit during the pregnancy of 

their last delivery [18]. According to the study report, lack of awareness, low educational status 

and socio-economic characteristics, place of residence, educational status, husband’s  
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educational  status,  possessing  radio,  monthly  income and  knowledge  about  antenatal care 

were found  to have  a statistically significant reasons mentioned for not attending antenatal care 

utilization in the zone [18].  

The proportion of women who received antenatal care for their recent births in Samre Saharti 

District, Tigray, Ethiopia was 54% [58]. According to the study, education, parity, family 

education, history of obstructed labor and ANC visit were significant predictors for the selection 

of delivery place. About (55.7%) of the married women used ANC service compared single 

32.3%; about 78.5% of women with primary education and 86% with secondary education 

received ANC while it was 52% among those who were illiterate [58]. Mothers with primary 

education were three times higher to receive ANC than those who were illiterate, and mothers 

with secondary education were six times more likely to receive ANC than those who were 

illiterate[58]. Similarly, in Maichew Town, Southern Tigray Ethiopia, 80% of pregnant women 

had at least one antenatal visit during their pregnancy period [22].  The study reported that 

among  the  antenatal  user’s  6.3%  had  only  one  or  two  antenatal  contacts and  15.8%  had  

three  antenatal  visits.  Majority of the attendees (77.9%) reported to have four or more antenatal 

visits at the time of the interview [22]. The  main  reasons  for  nonattendance in this area were 

found to be absence of illness, being too busy,  long  waiting  time,  husbands  disapproval,  poor 

quality of services, and others [22]. On the contrary, a study conducted in Southwestern Ethiopia 

in 2009 [3] showed that 28.5% of pregnant women in Yem Special Woreda received ANC  at  

least  once  but  the  majority 71.5%  reported  that  they  did  not  attend  ANC up to their  last 

pregnancy. The study reported that no illness experienced during pregnancy, lack of awareness 

about ANC, far distance from health facility, being too busy and husband disapproval as the 

major reasons for not attending ANC visits [3]. In 2010, 86.3% in Hadiya Zone of Southern 

Ethiopia had received at least one antenatal visit during their last pregnancy [59]. Maternal age, 

husband attitude, family size, maternal education, and perceived morbidity were major predictors 

of antenatal care service utilization [59]. 

2.4 Count Data Models  

Count data often arise as a counting process in which the counts are nonnegative, discrete, and 

constrained by a lower bound, which is typically zero. The lower bound constraint presents the 

greatest obstacle for analyzing count data when assuming a normal distribution. It is common for 

this type of data to have a skewed distribution with variance that increases as the count levels 
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increase. Therefore, standard models, such as ordinary least squares regression, are not 

appropriate. Cameron clarified that the use of standard OLS regression leads to significant 

deficiencies unless the mean of the counts is high [19]. Several models have been proposed for 

analyzing data characterized by a preponderance of zeros. Substantively, the choice between 

these models should be based solely on the data generating process. However, datasets can vary 

as a function of both the proportions of zeros and the distribution for the non-zeros. 

Sometimes overdispersion of a data may not be significant if the percentage of zeros is too high 

(might be 80% or more) and in such case ZIP and ZINB have nearly identical estimate of the 

parameters [39]. But the paper suggests that ZIP does not fit the data well, if there is over-

dispersion with moderate percentage of zeros. Hurdle model has a higher flexibility to fit a 

model with mixture of distribution for zeros and positive counts. And it performs in a 

competitive way with ZIP and ZINB [39]. 

The best-fitting zero-inflated model sometimes depends on the proportion of zeros and the 

distribution for the non-zeros [19]. For the positively skewed distribution, Cameron suggests that 

the negative binomial Hurdle model should be chosen regardless of the proportion of zeros. This 

was also true for the negatively skewed distribution. However, for the normal distribution, the 

more complicated negative binomial Hurdle model may not be necessary. This provides a 

guideline for choice between the Hurdle and negative binomial Hurdle models for the 

distributions. 

According to some study, the negative binomial and ZIP model appears to be superior when the 

event -stage distribution is positive and when there is moderate to moderately-high zero-inflation 

but not extreme zero –inflation [19, 39].  
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CHAPTER THREE 

METHODOLOGY 

3.1 Sources of Data 

The data used for this study was taken from the 2011 Ethiopian Demographic and Health Survey 

which is a nationally representative survey of  women in the 15-49 years age groups which was 

taken from the Central Statistical Agency (CSA), Ethiopia. Women who had 9 months 

pregnancy during the survey interview were  included in the analysis.  

The  2011 Ethiopian  Demographic and Health Survey (EDHS) is the third compressive survey 

designed to provide estimates for the health and demographic variables of  interest  for  the  

following  domains:  Ethiopia  as  a  whole;  urban  and  rural areas  of  Ethiopia  (each  as  a  

separate  domain);  and  11  geographic  areas  (9 regions  and  2  city  administrations).   

This study aimed to analyze responses from 1127 (27.03%) rural women (only those who had at 

least 9 months of pregnancy period during survey) out of 37431 (82.19%) rural women of age 

15-49 interviewed in 2011 DHS. Since the main target of the study is rural Ethiopia, Addis 

Ababa city  administrations, majority of Dire Dawa city administrations and Harari region were 

not included to this study. The rest pregnat women who had 9 months of pregnancy in Dire 

Dawa city administrations and Harari region were included under the better pregressed regions 

assuming they are sorrounded by Oromiya region which one among petter progressed regions. 

3.2 Variables Included in the Model  

The response variable of this study is a count, which is the number of  antenatal care visits of 

pregnant women from early pregnancy to their 9 months of pregnancy period in rural Ethiopia.  

Thus, number of ANC visits takes descrete values starting from zero to number of visit counts in 

last. This  paper  attempts  to  include  the  potential (barriers) in the count number of antenatal 

care service visits, adopted from literature reviews and their theoretical  justification  from  the  

source  data.  The  explanatory  variables  at individual mothers  to be analyzed are grouped as 

socioeconomic, demographic and health and environmental related factors.  

The  Socio  economic  variables  under  consideration  are economic status of mother,  workload 

of mother, if the mother residing with her husband or not, mother education, and region are the  

demographic variable  considered; and availability and accessibility of health post and awareness 

about the use of ANC and pregnancy complications are considered as health and environmental 
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variables. Whether the pregnancy is wanted and preceding birth intervals are considered in 

women’s fertility behaviors. Detailed  descriptions  of  these are presented in Table 1. 

3.2.1 Descriptions of the Variables 

Table 1: Variable Description for the Analyzed ANC Visits Dataset 
Dependent Variable  Description 

ANC The number of Antenatal service visits  

Independent Variable  

MEDUC Mother educational: (0) if she has no education, (1) otherwise. 

REGION Region: (0)  Women from better progressed regions, (1) Otherwise  

RESID Pregnant mother residing with husband/partner: (0) if No, (1) Yes  

WLOAD Workload inside and/or outside home: (0) if no problem, (1) else 

WEALTH Wealth index: (0) if poor,  (1) if middle,  (2) if rich  

HPOST Availability & accessibility of health post: (0) if no problem, (1) else 

 AWARN Awareness about ANC & pregnancy complication: (0) if no, (1) yes 

SIGN Had seen sign of pregnancy complications: (0) if no, (1) yes  

PWANTD Pregnancy wanted when became pregnant: (0) if no, (1) yes 

 

3.2.2 Count Data 

An event count refers to the number of times an event occurs within a fixed interval such as the 

number of failures of electronic components per unit of time, the number of traffic accidents per 

day, or the number of patents applied for and received, the number  of  individuals  arriving  at  a  

serving  station and etc. In such type of situations, the  response  variable  of  interest  is  often  

measured  as  a  nonnegative integer or count.  

The Poisson regression is commonly used method to model count data formed under two 

principal assumptions: one is that events occur independently over given time or exposure period 

and the other is that the conditional mean and variance are equal. However, in practice, the 

equality of the mean and variance rarely occurs; the variance may be either greater or less than 

the mean. If the variance is greater than the mean, it means that counts are more variable than 

specified by the Poisson events and are described as overdispersion. If the variance is less than 

the mean, it means that counts are less variable than specified by the Poisson events and are 

described as underdispersion. However, in practice, underdispersion is less common [38]. 
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One general cause of overdispersion is excess number of observed zero counts, since the excess 

zeros will give smaller conditional mean than the true value. The count data with excess zeroes is 

known as zero-inflated Poisson counts. Of course it is possible to have fewer zero counts than 

expected, but this is again less common in practice [47]. 

In the literature of statistical modeling for counts there are number of models proposed to handle 

zero-inflated counts, for example, Hurdle model [19], Two-part model [23], Zero-modified 

distributions [13], and Zero-inflated Poisson (ZIP) models and Zero-inflated Negative Binomial 

(ZINB) models [29]. This thesis focus on Poisson, Negative Binomial, ZIP, ZINB, Hurdle 

Poisson models, Hurdle Negative Binomial models and accessed different tests for comparing 

their performances. The choice between the models should be guided by the researcher’s beliefs 

about the source of the zeros. Beyond this substantive concern, the choice should be based on the 

model providing the closest fit between the observed and predicted values. Unfortunately, the 

literature presents anomalous findings in terms of model superiority [11]. 

3.3 Statistical Models 

Even though there are several statistical models, some models may not be appropriate to deal 

with some specific types of data. Their use is solely depending on the types and nature of the 

data. In this study, the variable of interest is a count data, which is most often characterized as 

non-normal distribution. Thus, to deal with the data and methodological issues associated with 

number of ANC visits, a wide variety of statistical methods which can be used to model count 

data was discussed in the next subsections. 

3.3.1 Generalized Linear Regression Models 

The GLM is defined in terms of a set of independent random variables ��, ��, … , ��,  satisfies 

two properties:  

(1) The distribution of each ��  belongs to the exponential family in same canonical form and 

depends on a single parameter ��, though �� do not have to be the same for all 	.  
(2) The distribution of all the Y′s are of the same form.  

Usually, the parameters �� does not serve as parameters of our interest since there will be too 

many unknown parameters to be estimated. For model specification we focus more on a smaller 

set of parameters ��, ��, … , �
, where p<<N [1].    

For a GLM there is a transformation of  �� such that  ����� = �� and ����� = ����. Function  
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� is a monotone, differentiable function called the link function, which provides the relationship 

between the linear predictor and the mean of the distribution function. So the parameter  �� are replaced by the parameter  � , which makes the estimation process easier [38]. 

For most analyses of continuous data, the linear models are set under assumption that the random 

variables ��  are independent and ��~���� , ���  then ����� = �� = ���� . Compared to linear 

models, GLMs are more applicable to solve problems under more general situations as follows:  

(1) Dependent variable can have a distribution other than the Normal distribution. It can have 

any distribution belong to exponential family in canonical form.   

(2) Relationship between dependent and predictor variables need not be of the simple linear 

form as above.  

There are several advantages to introduce GLMs.  

(1) We don’t have to transform dependent variable Y to normality. 

(2) Many “nice” properties of the Normal distribution are shared by the exponential family of 

distributions.  

(3) There can be some non-linear function relating  ����� = ��  to ����, that is, ����� = ����. 

 Such models have now been further generalized to situations where functions may be estimated 

numerically.  

There are a range of techniques which had been developed for analyzing data with count or 

frequency response variables. For this study, some extension of generalized linear models such 

as  poisson regression, Negative Binomial regressions and other modes of them like Zero-

Inflated poisson regression, Zero-Inflated Negative Binomial regression, and Hurdle Poisson 

model and Hurdle Negative Binomial models was applied [48]. 

3.3.1.1 Poisson Regression Model  

Because antenatal care visits-frequency data are non-negative integers, the application of 

standard ordinary least-squares regression (which assumes a continuous dependent variable) is 

not appropriate. Given that the dependent variable is a non-negative integer, most of the recent 

thinking in the field has used the Poisson regression model as a starting point. In a standard 

Poisson regression model, the probability of pregnant women 	 having  �� antenatal care service 

visits until nine (9) months of pregnancy period (where �� is a non-negative integer) is given by: 
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����� = ��
��� �� ! " !  , ��= 0, 1, 2, … and ��� > 0� [44]  …………………………….. (Eq 1) 

Where ����� is the probability of 9 month pregnant women entity 	  having ��  antenatal care 

service visits in nine (9) months of pregnancy period and ��  is the Poisson parameter for 

pregnant women 	, which is equal to 9 month pregnant women entity 	's expected number of 

antenatal care service visits in nine (9) months, �����. Poisson regression models are estimated 

by specifying the Poisson parameter �� (the expected number of antenatal care service visits) as a 

function of explanatory variables, the most common functional form being �� = �����&�� , 

where &� is a vector of explanatory variables and � is a vector of estimable parameters. 

The log-likelihood function is:  '���� = '��� ; �� = ∑ *�� ln���� − �� − ln���!�..0�1�  …….. (Eq 2) 

Let & be a 2×�� + 1� matrix of explanatory variables. The relationship between �� and 	56 row 

vector of &, �� linked by '���� is:  '2���� = η� = ���� = �7 + ����� + ⋯ + �
��
 [44] 

There are two principal assumptions in the Poisson model we need to regard: one is that events 

occur independently over time or exposure period, the other is that the conditional mean and 

variance are equal [4]. The latter assumption is quite important. If it fails, the fitted model should 

be reconsidered. 

Although the Poisson model has served as a starting point for count or frequency analysis for 

several decades, researchers have often found that count data exhibit characteristics that make 

the application of the simple Poisson regression (as well as some extensions of the Poisson 

model) problematic. Specifically, Poisson models cannot handle over- and under-dispersion and 

they can be adversely affected by low sample means and can produce biased results in small 

samples. 

There are two basic criteria commonly used to check the presence of over-dispersion: the 

deviance, 9��; �:; � or the Pearson �χ�� statistic be greater than its degrees of freedom [20]. For 

the Poisson regression, 9��; �:; � and χ�  are respectively defined in expression 9��; �:; � = 2 ×∑ >��'2 ?" �@AB − ��� − �:; �C0�1� ;  χ� = ∑ �� ��@A��@ADE1�  [53]. …………………………….. (Eq 3) 
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However, these two rules of thumb can yield misleading inference from a direct likelihood point 

of view. Therefore, selecting between Poisson regression and an over-dispersed Poisson model 

should be performed using some appropriate modeling procedure. 

3.3.1.2 Negative Binomial Regression Model  

The negative binomial (or Poisson-gamma) model is an extension of the Poisson model to 

overcome possible over-dispersion in the data. The negative binomial/Poisson-gamma model 

assumes that the Poisson parameter follows a gamma probability distribution. The model results 

in a closed-form equation and the mathematics to manipulate the relationship between the mean 

and the variance structures is relatively simple.  

The negative binomial model is derived by rewriting the Poisson parameter for each observation 	  as �� = �����&� + F��  where ����F��  is a gamma-distributed error term with mean 1  and 

variance G. The addition of this term allows the variance to differ from the mean as: 

 HIJ[��] = �[��][1 + G�[��]] = �[��] + G�[��]. The probability mass function for the negative 

binomial distribution is: ���� = ��� = M�� + J − 1�� N �O�1 − ��" , J = 0,1,2, …  [44] …….. (Eq 4) 

The parameter �  is the probability of success in each trial and it is calculated as: 

� = O� PO  where, �� = ���� = mean of the observations; and J =  inverse of the dispersion 

parameter G �	. Q. J = �R�. When  the  parameter J is  extended  to  a  real,  positive  number,  its  

PMF  can  be rewritten using the gamma function:  ���� = ��� = Γ �" PO� Γ �O�Γ�" P�� �O�1 − ��" , ��S*0.TUP       …………………………….. (Eq 5) 

Where Γ �. �  is the gamma function. The mean and variance of the negative binomial are �[��] = � = J ��

  and HIJ[��] = ��

V  [8]. It is common to parameterize J and � in the terms of  

G and �. Define G = �O , � = ��
R
  , solving yields � = ���PR�� . After the re-parameterization, the 

above model becomes  ���� = ��� = Γ ?" PWXB Γ ?WXBΓ�" P�� � ���PR���WX ? R��PR�B" 
…………………….. (Eq 6) 
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The mean of this parameterization is �[��] = � and HIJ[��] = � + G��. This is known as the 

“NB-2” model because it has a quadratic variance function. In this model  G ≥ 0 and if G = 0, 

then it reduces to a Poisson. 

The negative binomial model can be estimated using maximum likelihood. The NB2 likelihood 

function is:  '���|G, ��� = ∑ [��ln � R� R� P��0�1� − �R ln�G�� + 1� + '2Γ ?�� + �RB − '2Γ��� + 1� −
'2Γ ?�RB  ………………………………………(Eq 7) 

The NB2 model is less robust to distributional misspecification than the Poisson model where 

one could use a pseudo-maximum likelihood estimator. 

In the NB regression model, �� is linked to the covariates: �� = ��������. 

In the context of the NB GLM, the mean response for the number of antenatal care service visits 

is assumed to have a log-linear relationship with the covariates and is structured as: 

'2���� = �7 + ∑ ��
�1� �� …………………………….. (Eq 8) 

Where, �� =  selected determinants of the barriers in number of ANC;  �[\ = regression 

coefficients to be estimated; and, � = total number of covariates in the model [44]. 

The Poisson regression model is a limiting model of the negative binomial regression model as G 

approaches zero, which means that the selection between these two models is dependent upon 

the value of G. The parameter G is often referred to as the overdispersion parameter. 

The Poisson-gamma/negative binomial model is the probably the most frequently used model in 

crash-frequency modeling. However, the model does have its limitations, most notably its 

inability to handle under-dispersed data, and dispersion-parameter estimation problems when the 

data are characterized by the low sample mean values and small sample sizes [3, 32, 35]. 

Although the negative binomial model can solve an overdispersion problem, it may not be 

enough flexible to handle when there are excess zeros.  In such cases, one can use the zero-

inflated models (zero-inflated Poisson or zero inflated negative binomials) as well as hurdle 

models (Hurdle Poisson or Hurdle negative binomial model) to solve the problem. 
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3.3.2 Zero-Inflated Models  

There are situations where a major source of overdispersion is a preponderance of zero counts, 

and the resulting overdispersion cannot be modeled accurately with negative binomial model. In 

such scenarios, one can use zero-inflated Poisson or zero-inflated negative binomial model to fit 

the data.  The first concept of a zero–inflated distribution originated from the work of [47] who 

examined the characteristics of mixed Poisson distributions [36].  

According  to Lord,  Zero-inflated  techniques  permit  the  researcher  to  answer  two  questions 

that pertain to low base rate-dependent variables: (a) what predicts whether or not the event 

occurs, and (b) if the event occurs, what predicts frequency of occurrence? In other words, two 

regression equations are created: one predicting whether the count occurs and a second one 

predicting the occurrence of the count [32].  Moreover, zero-inflated models have statistical 

advantage  to  standard  Poisson  and  negative  binomial  models  in  that  they  model  the 

preponderance of zeros as well as the distribution of positive counts simultaneously[41]. In next 

sections, zero-inflated Poisson and zero-inflated negative binomial models will be discussed 

briefly. 

3.3.2.1 Zero-Inflated Poisson (ZIP) Regression Models 

Zero-inflated models have been developed to handle data characterized by a significant amount 

of zeros or more zeros than the one would expect in a traditional Poisson or negative binomial 

model. Zero-inflated models operate on the principle that the excess zero density that cannot be 

accommodated by a traditional count structure is accounted for by a splitting regime that models 

a women who are not visited for antenatal care versus a women who have visited for antenatal 

care during their pregnancy period. The probability of an antenatal care visitation entity being in 

zero or non-zero states can be determined by a binary logit or probit model [29, 54].  

The essential idea is that the data come from two regimes. In one regime (]�) the outcome is 

always a zero count, while in the other regime (]�) the counts follow a standard Poisson process. 

Suppose that:  �[��S]�] = ^�;   �[��S]�] = �1 − ^��; 	 = 1, 2, … . . , 2. ̂ � = Inflation Probability 

Then, this two-state process gives a simple two-component mixture distribution with PMF [26]. 
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���� = ��� = _^� + �1 − ^��Q�� ;  `ℎQ2 �� = 0�1 − ^�� bcd � ! " ! ;   `ℎQ2 �� > 0 e �� > 0; I2f 0 ≤ ^� ≤ 1 … … … … … … . . �hi j� 
As before, covariates enter the model through the conditional mean, �� , of the Poisson 

distribution: �� = ��������� , where ���  is a �1 × ��  vector of the 	56  observation on the 

covariates, and � is a �� × 1� vector of coefficients. 

Clearly, ����� = �1 − ^���� = ��  and  HIJ���� = �� + ? k ��k B �� � = �1 − ^����� + ^��� �� 

indicating that the marginal distribution of �� exhibits over-dispersion of the data �	l ^� > 0�. It 

is clear that this reduces to the standard Poisson model when ̂ � = 0. This over-dispersion does 

not arise from heterogeneity, as is case when the Poisson model is generalized to the Negative 

Binomial model. Instead, it arises from the splitting of the data into the two regimes. In practice, 

the presence of over-dispersion may come from one or both of these sources [17, 30]. 

Following Lambert, 1992, it is common, and convenient, to model  ̂ � using a Logit model, so:  

^� = mnopq rst�Pmnopq rst, where U� is a  �1 × �� vector of the 	56 observation on some covariates, and u is 

a �� × 1�  vector of additional parameters [29]. Of course, the elements of U�   may include 

elements of �� , and a Probit (or other) specification may be substituted for the Logit 

specification. The covariates can be incorporated by using a log link for �� and a logit link for ^� , '2���� = ����  and '2 ? k ��k B = U��u ; Where ��  and U�  are the vectors of explanatory 

variables, and u and � are the vectors of regression parameters. Maximum likelihood estimates 

can be obtained by maximizing the log likelihood which may be written as 

'v�w��, u� = ∑ log [" 17 exp�U��u� + exp �− exp�������] + ∑ [��" }7 ���� − exp������ −                          log ���!�] − ∑ log [0�1� 1 + exp�U��u�]  [4] . …………………………….. (Eq 10) 

To code up the above log-likelihood function for use in R packages, we need to take account of 

the different ranges of summation. The third term in the log-likelihood requires no modification 

as the range of summation is for all 2. To deal with the ranges of summation in the first two 

terms, we can construct a dummy variable, 9�, which takes the value unity if �� = 0, and zero 

otherwise as follows. 9� = > 1 	l �� = 00 ~�ℎQJ`	\Qe .  
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The 	56 observation on the log-likelihood would then be coded as: 

'v�w���, u� = 9� log[exp�U��u� + exp�− exp�������] + �1 − 9��[������ − exp������ −log���!�] − log [1 + exp�U��u�] …………………………….. (Eq 11) 

Since its inception, the zero-inflated model (both for the Poisson and negative binomial models) 

has been popular among transportation safety analysts [7, 27, 30, 48, 49]. Despite its broad 

applicability to a variety of situations where the observed data are characterized by large zero 

densities, others have criticized the application of this model in highway safety. For instance, 

Lord et al. argued that, because the zero or safe state has a long-term mean equal to zero, this 

model cannot properly reflect the crash-data generating process [33, 34]. 

3.3.2.2 Zero-Inflated Negative Binomial (ZINB) Regression Models 

Similar to ZIP regression above, Zero-Inflated Negative Binomial (ZINB) regression model 

assumes there are two distinct data generation processes. The result of a Bernoulli trial is used to 

determine which of the two processes is used.  For  mother 	,  with  probability ̂ � the  only 

possible  response  of  the  first  process  is  zero  counts,  and  with  probability  of �1 − ^�� the 

response of the second process is governed by a negative binomial with mean �� . The zero 

counts  are  generated  from  both  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. 

A ZINB model for the response  �� (the number of ANC visits during pregnancy) can be written 

as: ��� = ��� = �^� + �1 − ^���1 + ����WX;                 `ℎQ2 �� = 0 �1 − ^�� Γ�" PWX�
Γ�" P�� �R� �! 

��PR� �! �WX ; `ℎQ2 �� > 0 e………………….. (Eq 12) 

In this case, the mean and variance of the ��  are: �[��] = �1 − ^����  and HIJ[��] =�1 − ^�����1 + ���^� + G�� . Where �� is the mean of the underlying negative binomial 

distribution, and � is the over-dispersion parameter [29]. The ZINB distribution reduces to the 

ZIP distribution as G → 0. The  parameter ��  is modeled  as  a  function  of  a  linear  predictor,  

that  is, �� = ���������. � is the �� + 1� × 1 vector of unknown parameters associated with the 

known covariate vector ��� = p1, ���, … , ��
t, where � is the number of covariates not including 

the intercept.  The parameter ^�, which  is  often  referred  as  the  zero-inflation  factor,  is  the 
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probability of zero counts from the binary process. For common choice and simplicity, ^�  is 

characterized in terms of a logistic regression model by writing as 'v�	��^�� = U��u. u is the �� + 1� × 1 vector  of  zero-inflated  coefficients  to be  estimated,  associated  with  the known 

zero-inflation covariate vector U�� = p1, U��, … , U��t, where  � is the number of the covariates U’s 

not including the intercept. In the terminology of generalized linear models (GLMs) log ���� and logit �^�� are  the  natural  links  for  the  negative  binomial  mean  and Bernoulli probability of 

success [29]. 

 log���� = �7 + ����� + ⋯ + �
��
 and 

  logit �^��  = u7 + u���� + ⋯ + u
��� …………………………….. (Eq 13) 

where &� and  U� are respectively vectors of covariates for the negative binomial and the logistic 

components, and � and u are the corresponding vectors of regression coefficients. 

3.3.3 Hurdle Regression Models  

A hurdle model is “a modified count model in which the two processes generating the zeros and 

the positives are not constrained to be the same” [4].  

Originally developed by Mullahy (1986), Hurdle regression is also known as two-part model 

[41]. Mullahy states, “The idea underlying the hurdle formulations is that a binomial probability 

model governs the binary outcome of whether a count variate has a zero or a positive realization. 

If the realization is non- zero (positive), the “hurdle is crossed”, and the conditional distribution 

of the positives is governed by a truncated-at-zero count data model.” The attraction of Hurdle 

regression is that it reflects a two-stage decision-making process in most human behaviors and 

therefore has an appealing interpretation. For instance, it is pregnant mother’s decision whether 

to contact the doctor’s office and to make the initial visit. However, after the pregnant mother’s 

first visit, doctor plays a more important role in determining if the pregnant mother needs to 

make follow-up visits. Therefore, in a regression setting, the first decision might be reflected by 

a Logit or Probit regression, while the second one can be analyzed by a truncated Poisson or 

Negative binomial regression. Moreover, different explanatory variables are allowed to have 

different impacts at each decision process.  
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3.3.3.1 Hurdle Poisson (HP) Regression Model 

The most popular  formulation  of a  Hurdle  regression is called  Logit-Poisson model,  which is  

the  combination of  a Logit regression modeling zero vs. nonzero outcomes and  a truncated 

Poisson regression modeling positive counts conditional on nonzero outcomes. Its probability 

density function is given as: 

����/��� = _ ^�                        lvJ   �� = 0 ���k ���
�� �� ! p����
��� �t" !   lvJ  �� > 0e  �ℎQJQ: ^� = ���� = 0�, �� = ��������,
'v� ? k ��k B = U��u  I2f 'v����� =  &��� [41] . …………………………….. (Eq 14) 

The  log-likelihood  function  of  a  Logit-Poisson  regression  therefore  can  be  expressed  as 

the  sum  of  log-likelihood functions of two components as below: 

ww = ∑ ����1� log� ��� + ����7 log�� −  ��� − �� + �� log� ��� − log� � − ����−��� −0�1�log� ��!��]. …………………………….. (Eq 15)  

Unlike  Poisson  and  Negative  binomial  regressions,  Hurdle regression  can  only  be  modeled  

through  log-likelihood function. 

3.3.3.2 Hurdle Negative Binomial (HNB) Regressions Model 

We consider a hurdle negative binomial regression model in which the response variable ���	 = 1, … , 2� has the distribution  

���� = ��� = _^� ,                                                              `ℎQ2  �� = 0�1 − ^�� Γp" PRcWt
Γ�" P��Γ�RcW� ��PR� �cXcWc! R! � ! ����PR� �cXcW , �� > 0   e ………………….. (Eq 16) 

Where �G ≥ 0�  is a dispersion parameter that is assumed not to depend on covariates [41]. In 

addition, we suppose  0 < �� < 1  and  ̂ � = ^����� satisfy  

'v�	����� = log ? ������B = ∑ ����E1� ,           

 'v����� = ∑ ���oE1�  …………………………….. (Eq 17) 

Where U�   and &�  are the 	56  row of covariate matrix U  and &  as well as �  and  u  are the 

independent variables in the regression model. We now obtain the log-likelihood function for the 

hurdle negative binomial regression model, we have: 
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ww = ∑  �1 − f����" 17log^� + �" �7 'v��1 − ^�� + 'v� − 'v�p1 − �1 + G����RcWt¡¢ +0�1�f�'v� ∑ �J��� = £�¤�1" ¡…………………………….. (Eq 18) 

In many applications, extra zeros (relative to the Poisson model) generated by the above models 

are insufficient to account for the full amount of zeros in the data. All single index models have 

to compromise between the large proportion of zeros, which tends to lower the mean, and a 

right-skewed distribution of counts with large non-zero values, which tends to increase it. 

Moreover, one often has a substantive interest in treating the zero-generating process separately 

from the process for strictly positive outcomes, which requires different sets of parameters. 

3.4 Goodness of Fit 

3.4.1 Likelihood and Deviance Residual 

The likelihood function can be used to assess the goodness of fit of a model, and several further 

measures of model performance are based on it. It is to note that this assumes mutual 

independence of observations. In case the observations are not mutually independent, the 

likelihood will be overestimated. This will have the effect of exaggerating differences in log-

likelihood and so will tend to favor elaborate models unduly. 

Deviance provides an alternative to likelihood.  The  deviance  is  used  as  a  measure  of 

discrepancy of a generalized linear model;  each unit 	 of observation  contributes  an amount 9� 
as an increment to total deviance. For the Poisson model with observed number ��  and 

corresponding estimated number ¥�, residual deviance is given by:  

9� = \	�2��� − ¥��¦f��       [21]. …………………………….. (Eq 19) 

Where  f�� is  the  squared  deviance  residual  which  can  be  obtained  according  to  the 

distribution as follows: 

Poisson regression: f�� = _2¥�                                               	l �� = 02 >�� ln ?" § B − ��� − ¥��C     v�ℎQJ`	\Q¨   [21]. ………….. (Eq 20) 

NB regression: f�� = © �ª0 ��P«§ �«                                                    	l �� = 02�� '2 ?" § B − �« �1 + ¬���'2 ?�P«" �P«§ B     v�ℎQJ`	\Q­   [21] …….. (Eq 21) 
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Where ¬  is the over-dispersion parameter. The standardized residuals were obtained by 

multiplying the deviance residual 9� by the factor  �1 − ℎ���WV where ℎ� is the leverage, which 

indicates the influence of observation 	.  
The total residual deviance D of the model is given by summation over all units: 

9 = ∑ 9�0�1� .  For  Poisson,  a  properly  fitted  model  the  expected  value  of  residual  deviance  

should  be approximately equal to the residual degrees of freedom [37]. 

3.4.2 Likelihood Ratio Test  

The  maximum  likelihood  estimation  method  is  used  to  assess  the  adequacy  of  any  two  

or more  than  two  nested  models  by  using  the  likelihood  ratio  test.  it  compares  the  

maximum likelihood  under  the  alternative  hypothesis  with  the  null  hypothesis.  For 

instance, the  null hypothesis can be the overdispersion parameter is equal to zero (i.e. the 

Poisson distribution can  be  fitted  well  the  data)  and  the  alternative  hypothesis  can  be  the  

data  would  be  better fitted by the Negative binomial regression (i.e. the overdispersion 

parameter is different from zero). The likelihood ratio test is defined as: 

  ]k = −2 × ['�μ̄� − '�μ̄, ;̂�] …………………………….. (Eq 22) 

'�μ̄� I2f '�μ̄, ;̂� are the maximized log-likelihood of  models  under  the  alternative  and  null  

hypothesis respectively. From the earlier computations, this likelihood ratio test can be written as 

]k = 2 × *27 e '2 ?0°0 B + �2 − 27� ?ln ?"±²;B − μ̄B + 2�± �'2 μ̄ + 1 − '2�±], ……………….. (Eq 23) 

Where �± is the mean of the observations under ³7 and μ̄ is the estimated positive mean counts 

under ³�.  This test statistic ]k approximately follows chi-square distribution on 1 degree of 

freedom (d.f) under the null hypothesis. 

This has a chi-square distribution.  As  a  result  this  test  of  statistics  will  be compare with the 

tabulated chi-square with a degree of freedom, the difference between the degree  of  freedom  of  

the  model  under  null  hypothesis  and  the  alternative  hypothesis respectively. This method is 

not appropriate for models which are not nested one on the other, in such situation; we will use 

another method such as the Akaike information criteria (AIC) and Bayesian information criteria 

(BIC) [25]. 
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In this study a likelihood ratio was used to compare the Poisson with the negative binomial and  

zero-inflated  Poisson  with  zero-inflated  negative  binomial  as well as Hurdle Poisson with 

Hurdle Negative Binomial since  Poisson  is  nested  on negative  binomial  and  zero-inflated  

Poisson  is  nested  in  zero-inflated  negative  binomial; However this will not be used to 

compare Poisson or negative binomial with the zero inflated Poisson and negative binomial as 

long as these models are not nested one on the other.  

3.4.3 Variance Inflation Factor 

The  variance  inflation  factor  (VIF)  is  used  to  quantify  multicollinearity  among  the 

explanatory  variables.  Stata  estimated  the  values  of  VIF  which  can  be  used  to  adjust  the 

standard  errors of the parameter estimates,  due to the presence of collinearity. A maximum 

acceptable value of 10 as proposed by Kutner (2004) is adopted in this study [28].  The following 

formula is used in Stata to estimate the value of VIF. H�´ = �?��µ¶VB [28]. …………………………….. (Eq 24) 

Where  £ = 1, 2, … . , �  and ]��  is the multiple correlation coefficient of  ��  on the other 

explanatory variables. 

3.4.4 Information Criteria 

If there are several models to be compared in order to select the best model which fits the data  

instead  of  using  the  likelihood  ratio  test,  it  can  be  easily  select  by  using  the  Akaike 

information criteria (AIC) and Bayesian information criteria (BIC).  

3.4.4.1 Akaike Information Criteria (AIC) 

AIC is the most common means of identifying the model which fits well by comparing two or 

more than two models. It is trying to balance the goodness of fit against the complexity of the 

model It is similar as of the coefficient of multiple determination (]�); however, it penalized by 

the number of parameter included in the model (i.e. the complexity of the model). Unlike the ]�, 

the  good  model  is  the  one  which  has  the  minimum  AIC  value.  It is given by the following 

formula:  

 ·�¸ = −2' + 2G. …………………………….. (Eq 25) 

Where '  are the log likelihood of a model that will compare with the other models and G is the 

number of parameter in the model including the intercept [21].  
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3.4.4.2 Bayesian Information Criteria (BIC) 

Unlike the Akaike information criteria the Bayesian information matrix (BIC) takes in to account 

the size of the data under considered. It is given by: 

 ¹�¸ = −2' + G'v��2�. [21] …………………………….. (Eq 26) 

 Where ' are the log likelihood of a model that will compare with the other models, 2 is the 

sample size of the data and k is the number of parameters in the model including the intercept.  

For this study the AIC is preferred over the BIC as it is  more  stringent  and  has  a  stricter  

entry  requirement  than  BIC  for  additional  parameters when  large  datasets  are  used.  This  

helps  to  resolve  over-fitting  of  models  where  many additional  parameters  are  added  to  

increase  the  likelihood,  so  AIC  helps  to  promote  a parsimonious model [51]. 

3.4.5 Chi-square Test 

The chi-square statistic χ� is used to test if a sample of data came from a population with a 

specific distribution. The χ� is commonly defined by:  

χk� = ∑ �ºX��X�V�X»R1� . …………………………….. (Eq 27) 

  Where ¼ denotes the number of classes (categories) decided for a given data set, ~R and �R 

are observed frequencies and expected frequencies under the null hypothesis of the G56 

class, respectively. When the null hypothesis is valid, χk�   follows an asymptotic chi-square 

distribution on ¼ − 1 d.f. 

3.4.6 Voung Test 

The Vuong test is a non-nested test that is based on a comparison of the predicted probabilities of 

two models that do not nest [53]. For instance, comparisons between Zero-inflated count models 

with ordinary Poisson, or Zero-inflated negative binomial against ordinary negative binomial 

model can be done using Voung test. This test is used for model comparison. Let’s define: ½� = ?¾W�¿ |À �¾V�¿ |À �B. Where �����|&�� is the predicted probability of observed count for case  	 from 

model  �, then Vuong test statistic test the hypothesis of  ��½� = 0� given as:   

H = √0?WÂ ∑ Ã Â ÄW B
¦WÂ ∑ �Ã �ÃÅ �VÂ ÄW . …………………………….. (Eq 28) 
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The test statistic provides evidence of the superiority of model 1 over model 2. If H > 1.96, the 

first model is preferred. But if H < 1.96, the second model is preferred. 

3.5 Software 

Almost all statistical computation was carried out using SAS version 9.2. For all regression 

modeling we used Proc NLMIXED, specifying the likelihood equations, and maximizing them 

directly using numerical methods. Maximization began from various starting points and the final 

gradient vectors and hessian matrices were investigated to ensure proper convergence of 

estimated model parameters. In addition, all hypotheses were tested at 0.05 level of significance. 

R statistical software version 3.0.3 was used for graphical purpose. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 RESULTS 

4.1.1 Descriptive Statistics and Exploratory Analysis 

Table 2 shows descriptive statistics of the number and percentage of ANC visits that the 

pregnant mothers in the sample have encountered in their nine months of pregnancy period. It 

can be seen that 580 (51.5%) of the pregnant mothers have not visited antenatal care service 

during their periods of pregnancy months, whereas 125 (11.1%) of them visited only once, 

91(8.1%) of them visited twice, 77(6.8%) visited three times, 82 (7.3%) visited four times and 

etc. Figure 8 (at appendix B) presents the distribution of the number of ANC visits per nine 

months of pregnancy period. Since there is large number of zero outcomes, the histograms are 

highly picked at the very beginning (about the zero values). However large observations (i.e. 

large number of ANC visits) are less frequently observed.  This leads to have a positively (or 

right) skewed distribution.  This could be fitted better by count data models which takes into 

account excess zeros like zero-inflated models.  

Table 2: Number of mothers that experienced ANC visits 

Number of  
ANC visits 

 
Percent 

Cumulative 
Percent 

0 51.5 51.5 
1 11.1 62.6 
2 8.1 70.6 
3 6.8 77.5 
4 7.3 84.7 
5 4.2 88.9 
6 3.5 92.4 
7 2.5 94.9 
8 2.0 96.8 
9 1.1 97.9 
10 0.4 98.3 
11 0.6 98.9 
12 0.8 99.7 
13 0.3 100 
 
Table 3 presents  summary  statistics  of  the  variables  that  are  assumed  to  affect  the  number 

of ANC visits and  its distributions for each levels of the variables.  The variables included were 

Pregnant mother's education status, Region, whether the pregnant mother is currently residing 

with her husband/partner, Workload inside/outside home, Wealth index, Availability and 
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accessibility of health post, Awareness about the use of ANC and pregnancy complications, 

whether the pregnant women ever seen signs of pregnancy complications and If the pregnancy is 

wanted  when became pregnant.  

Table 3: Descriptive Statistics of ANC Services Utilization among Pregnant Women in Rural  
               Ethiopia 
Variable Category Min Max N (%) Median Mean (St. Dev) 

MEDUC 
No education 0 12 782 (69.4) 0.00 0.98 (1.713) 
Can read and write 0 13 345 (30.6) 4.00 3.84 (3.348) 

REGION 
Better progressed regions 0 13 712 (63.2) 1.00 2.43 (3.008) 
Regions wait for special aids 0 11 415 (36.8) 0.00 0.86 (1.570) 

RESID 
No 0 13 476 (42.2) 0.00 1.22 (2.443) 
Yes 0 12 651 (57.8) 1.00 2.32 (2.755) 

WLOAD 
No problem 0 13 468 (41.5) 3.00 3.62 (3.189) 
Problem 0 8 659 (58.5) 0.00 0.60 (1.138) 

WEALTH 
Poor 0 12 588 (52.2) 0.00 0.61 (1.295) 
Middle 0 13 426 (37.8) 2.00 2.90 (3.050) 
Rich 0 12 113 (10.0) 4.00 4.40 (3.061) 

HPOST 
No problem 0 13 526 (46.7) 3.00 3.28 (3.175) 
Problem 0 6 601 (53.3) 0.00 0.60 (1.152) 

AWARN 
No 0 9 597 (53.0) 0.00 0.51 (1.088) 
Yes 0 13 530 (47.0) 3.00 3.37 (3.102) 

SIGN 
No 0 4 169 (15.0) 0.00 0.62 (1.134) 
Yes 0 13 958 (85.0) 1.00 2.07 (2.815) 

PWANTD 
No 0 13 174 (15.4) 4.00 4.19 (3.516) 
Yes 0 12 953 (84.6) 0.00 1.43 (2.255) 

 

Accordingly, less than one-third, 345 (30.6%) of the respondents (mothers) can read and write 

while more than two-third, 782 (69.4%) of them have no education. Figure 9a & 9b above again 

confirms that the distribution of the number of ANC visits per Region and Education status of 

Mother in each group differs considerably. Since there are a number of ANC visit outcomes for 

mothers from better progressed regions and educated mothers, the plots looks like obese after 5 

ANC in both groups. However large observations (i.e. large number of ANC visits) are less 

frequently observed. The number of  participated pregnant women from regions that need special 

aids (Afar, Somali, Benishangul-Gumuz, and Gambella) found to be lower 415 (36.8%) than  the 

number of mothers from better progressed regions ( Tigray,  Amhara , Oromiya, and SNNPR), 

712 (63.2%). It was also observed that husband or partner of 476 (42.2%) pregnant mothers were 

not living with them, 651 (57.8%) of them were residing with their husband or partner during the 

time of their pregnancy periods. About 588 (52.2%) of sampled pregnant mothers were poor, 426 

(37.8%) had middle income, and 113 (10.0%) were rich [Figure 5]. The number of pregnant 
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mothers who had a problem of workload inside and/or outside home was 659 (58.5%) and those 

pregnant mothers who had no problem of workload inside and/or outside home was found to be 

468 (41.5%). The frequency of pregnant mothers who became pregnant unexpectedly was 174 

(15.4%) and majority of them, 953 (84.6%) became pregnant eagerly. 

This table (Table 3) again reflects that nationally pregnant mothers use ANC visits 

approximately twice (1.85 visits) per their duration of pregnancy periods with standard deviation 

of 2.683, which is more than the mean indicating overdispersion. The number of ANC service 

visits during pregnancy for educated pregnant mothers is 3.84 ≈ 4visits and 0.98≈ 1 visits for that 

of non-educated mothers.  The average number of ANC service visits  for pregnant mothers from  

better progressed regions is two (2.43) times while the average number of ANC visits for 

pregnant mothers who are from  regions who need special aids such as Afar, Somali, 

Benishangul-Gumuz and Gambella is found to be only once (0.86). The Table reveals that the 

happening of the signs of pregnancy complications during their pregnancy periods such as such 

as vaginal bleeding, vaginal gush of fluid, severe head ache, blurred vision, fever, abdominal 

pain had made variations among pregnant women. Hence, pregnant women who had ever seen 

the signs of pregnancy complications during their pregnancy periods  used ANC service visits for 

more than twice (2.07) at average, despite the fact that the pregnant mother who had not seen the 

signs were visited only less than once,  (0.62).  

The descriptive statistics of Table 3 further illustrates that pregnant mother who had no radio or 

television at home and who was not visited by family planning worker last 12 months as well as 

not told about pregnancy complications(average ANC visits of 0.51), mother who had a problem 

of the availability of nearby health post and/or a problem of access to means of transportation 

(average ANC visits of 0.60), mothers who had a problem of workload inside and /or outside 

home (average ANC visits of 0.60), and poor pregnant mothers (average ANC visits of 0.61) 

were found to be the least ANC service users respectively. Therefore, the average number of 

ANC utilization ranges from pregnant mothers who had lack of awareness about the use of ANC 

and pregnancy complications (0.51 visits at average) to rich pregnant mothers (4.40 ≈4 visits) 

correspondingly. 
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4.1.2 Modeling the Number of ANC Service Visits 

4.1.2.1 Model Identification and Selection Summary Information 

 

Figure 1: Observed Vs Predicted Values of Poisson and Negative Binomial Regression Models 
 

Then, by penalizing a model with additional parameters, ten (10) models were refitted again 

under NB regression and compared with their AIC and BIC. After  fitting  the  model,  covariates  

with  the  largest  p-value  of  Wald  test  is  removed  and refitted the model with the rest of the 

covariates  sequentially.  Then,  the status of the pregnant mother, either she is residing with her 

husband or not, (RESID) and whether the pregnancy is wanted when become pregnant 

(PWANTD) are  the  covariates  excluded  from  the  model;  with  Wald  test p-value for the 

given covariates are large (P-value  > 0.05). Hence, as it was found in Table 8 (at appendix), new 

10 models were fitted and the negative Binomial model with the smallest AIC (AIC=3254.0411) 

containing three types of interactions were selected. The last model of NB regression model is as 

follows:  

'v����� = �7 + �� ∗ É�9T �̧0Ê bË§»� + �� ∗ ]�Ì�~��Íb55bO 
OÊÎ� + �Ï ∗ �w~·9�0Ê 
OÊÍ� + �Ð∗ ��·wÑ³�
ÊÊO� + �Ò ∗ ��·wÑ³�Ó�ËËªbO� + �Ô ∗ ³�~ÕÑ�0Ê 
OÊÍ� + �Ö∗ ·�·]��0Ê� + �× ∗ Õ�Ì��0Ê� + �Ø ∗ �w~·9�0Ê 
OÊÍ� ∗ ·�·]��0Ê� + ��7∗ ³�~ÕÑ�0Ê 
OÊÍ� ∗ ]�Õ�9�0Ê5� + ��� ∗ É�9T �̧0Ê bË§»� ∗ ��·wÑ³�Ó�ËËªbO� 
Graphs of the observed and predicted proportions of recurrent ANC visit counts for the two 

models fitted with the offset for the w2 of the follow-up time are provided in [Figure 1]. Though 

the fit of the NB model is slightly improved compared with the Poisson, It does not provide an 
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acceptable fit to the data overall since it over estimates the proportion of mothers who had 4 

ANC visits.  

Finally, the best model of the refitted NB above was compared with the rest five models again 

based the values of their corresponding 2 log likelihood and the various information criteria AIC, 

BIC, and AICC.  

4.1.2.2 Overdispersion and Poisson Regression 

In  Poisson regression analyses, Table 4, deviance  and Pearson  Chi-square  goodness  of  fit 

statistics  indicating over  dispersion  was  obtained  as  1688.1931  and 1758.7784, respectively. 

Since the Pearson chi-square statistic divided by the degrees-of-freedom is higher than one and 

the observed value of 1.1268 is significantly different from one, with P-value 0.0019, then the 

mentioned goodness of statistics represents that there was an overdispersion in data set. Even if 

the Deviance and Pearson chi-square goodness of fit statistics of 1210.3476 and 1257.4983 

respectively in Negative Binomial regression is dropped considerably but still an indication of 

significant overdispersion exists; because we would like this value divided by the degrees of 

freedom to be close to 1. 

Table 4: Test for Overdispersion 
Criteria Models DF Value Value/DF p-value 

Deviance 
Poisson 1116 1688.1931 1.5127 <.0001 
NegBin 1116 1210.3476 1.0845 0.0252 

Scaled Deviance 
Poisson 1116 1688.1931 1.5127 <.0001 
NegBin 1116 1210.3476 1.0845 0.0252 

Pearson Chi-Square 
Poisson 1116 1758.7784 1.5760 <.0001 
NegBin 1116 1257.4983 1.1268 0.0019 

Scaled Pearson X2 
Poisson 1116 1758.7784 1.5760 <.0001 
NegBin 1116 1257.4983 1.1268 0.0019 

 

4.1.2.3 Model Fitting and Selection 

The results of applying the model selection paradigm for the series of models fitted to the subset 

of Antenatal data are provided in Table 10 (on Appendix A) and Table 5, and detailed parameter 

estimates and standard errors for each model are provided in Table 9, (on Appendix A). In this 

study we have considered different possible count data models. Likelihood ratio test (LR), 

Akaike information criterion (AIC), Bayesian information criterion (BIC) and Vuong test were 

used to compare the candidate models to identify the most parsimonious model. 
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The overdispersion parameter  �G���  is significantly different from zero in NB and in both      

hurdle models (HP and HNB) regression models. Hence there is an overdispersion problem in 

the data. As a result of this the standard error of the standard Poisson regression model is smaller 

than the standard error of the other models.   

As it can be seen from Table 9, all covariates included in the standard Poisson model such as: 

mother education, region, work load, wealth, heath post, awareness, signs of pregnancy 

complications and the interaction between mother education and wealth, heath post and residing, 

and work load and awareness are significantly associated with the number of ANC visits even at 

1% significance level; however in the case of the NB model only some of them are significantly 

associated number of ANC visits at 1% significance level.  

Table 5: Model Selection Criteria for PR, NB, ZIP, ZINB, PH and NBH Regression Models 

Criteria P NB ZIP ZINB HP HNB 
-2 Log Likelihood 3310.9762 3230.0 3049.6 3063.9 3048.2 3059.0 

AIC (smaller is better) 3347.1444 3254.0 3093.6 3109.9 3092.2 3105.0 
AICC (smaller is better) 3347.3812 3254.3 3094.5 3110.9 3093.1 3106.0 
BIC (smaller is better) 3402.4449 3314.4 3204.2 3225.5 3202.8 3220.6 

 

ZIP  and  ZINB  regression  models as well as HP and HNB were  better  fitted  than  Poisson  

and  NB respectively  based  on  their  corresponding  AIC  as  well  as  BIC.  -2log likelihood, 

AIC and BIC selection criteria for the models of PR, NB, ZIP, ZINB, PH and NBH are given in 

Table 5. It was found out that the model with the smallest AIC and BIC was HP regression 

followed by ZIP regression model since their LR, χ� =3048.2 and χ� = 3049.6 both were highly 

significant (p-value<0.0001) supported by the information criteria’s. 

The plots of predicted probability from each model against the observed probability of the 

outcome (Figure 2) show that the Poisson and the NB model under-estimated zero counts and the 

zero inflated and the hurdle models captured almost all zero values. Based on predicted 

probabilities, the differences in model fit between the six models were remarkable. Still the 

standard Poisson model and the NB model do not fit the data reasonably well; the standard 

Poisson predicted about 42% zeros and NB model predicted about 45% zeros compared to 

51.5% observed zeros. 
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Figure 2: Comparison of the Densities of Each Model Fits 

The overdispersion parameter�G��� in the HP regression model is significantly different from 

zero since there is a high variability in the non-zero outcomes. In such situation, it would be 

better to use the model which takes into account the excess zeros and high variability due to non-

zero outcomes. Therefore, since it has the smallest AIC (3092.2) as well as BIC (3202.8) values 

as presented in Table 5, HP regression model was chosen as the most parsimonious model which 

fits the data better than the other possible candidate models.  

Table 6: Model Selection: Voung test, AIC, Log-Likelihood, and Inflation Probabilities 
 Poi NB ZIP ZINB HP HNB 
Poi AIC= 3359.7 

LL=-0.2270 
     

 InfPr= 0.1476      
NB V=3.3374 

P=0.0008 
AIC= 3261.6 
LL=-0.1876 

    

 Prefers NB InfPr= 0.1574     
ZIP V=7.4161 

P=1.206E-13 
V=8.0639 
P=6.661E-16 

AIC= 3093.1 
LL= -0.1284 

   

 Prefers ZIP Prefers ZIP InfPr= 0.5727    
ZINB V=7.0799 

P=1.44E-12 
V=7.9618 
P=1.776E-15 

V=1.9815 
P=0.0307 

AIC= 3107.7 
LL= -0.1328 

  

 Prefers ZINB Prefers ZINB Prefers ZIP InfPr=0.6179   
HP V=7.4068 

P=1.295E-13 
V=8.1066 
P=4.441E-16 

V=1. 9704 
P=0.04781 

V=2.0304 
P=0.0423 

AIC= 3091.9 
LL= -0.1171 

 

 Prefers HP Prefers HP Prefers HP Prefers HP InfPr= 0.8757  
HNB V=7.2661 

P=3.6993E-13 
V=7.9646 
P=1.554E-15 

V=1.9934 
P=0.0464 

V=-0.0423 
P=1.0337 

V=-2.1681 
P=1.9698 

AIC=3107.9 
LL= -0.1345  

 Prefers HNB Prefers HNB Prefers ZIP Prefers ZINB Prefers HP InfPr= 0.8756 
Note: V=Vuong Test, P= P-value, LL=Log-Likelihood, InfPr= Estimated Proportion of Zeros  
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With  respect  to  model  performance,  the  log-likelihood  (LL)  was  used  as  a  measure  of 

each model’s  performance. Table 6 clearly shows an improvement in model fitting from  

Poisson  (LL = -0.2270) and negative binomial (LL = -0.1876) to zero-inflated Poisson (LL = -

0.1284), zero-inflated negative binomial (LL= -0.1328), hurdle Poisson (LL= -0.1171) and 

hurdle negative Binomial (LL= -0.1345) models. The Vuong test statistic [53] found on Table 6 

result reflected that all the candidate models, NB, ZIP, ZINB, HP, and HNB performed better 

than the standard Poisson model. zero-inflated Poisson  performed  better than NB (V=8.0639, 

P=6.661E-16), better than Zero Inflated NB (V=1.9815, P=0.0307), better than Hurdle NB 

(V=1.9934, P=0.0464), which also holds for zero-inflated negative binomial vs. Hurdle negative 

binomial (V=-0.0423, P=1.0337).  However, the hurdle Poisson model performed better than the 

ZIP model (V=1. 9704, P=0.04781).  

The estimated value of G�� (the overdispersion parameter) is 0.1476, 0.1574, 0.5727, 0.6179, 

0.8757, and 0.8756 for NB, ZIP, ZINB, PH, and NBH respectively. This suggests that Zero 

Inflated models are better in handling zero counts, but the AIC and LL values for zero-inflated 

Poisson and hurdle Poisson models were smaller compared to the others. Therefore,  ZIP and HP 

models predicted each count outcome very close to the observed  counts,  suggesting  better fit 

than standard Poisson, negative binomial, ZINB, HNB and models.  

 

Figure 3: Observed vs Predicted Plots of Poisson, NB, ZIP, ZINB, HP and HNB Model Fits 
 

To better illustrate this fact, as well as to provide a more intuitive presentation of variables’ 

influence on the expected count in the different models, Figure 3 presents the change in the value 

of  � as the value of the variable indicating a declaration of unconstitutionality goes from zero to 

one. While this variable is not, in fact, continuous, the graph does serve the useful purpose of 
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outlining the general shape the variable’s effects on the observed count. Each line was calculated 

holding all other variables at their mean values. We therefore turn to the hurdle and ZIP 

specifications, both to obtain more accurate results, and to examine the properties of the models 

described above.  

4.1.3 Zero-Inflated Poisson and Hurdle Poisson Estimation Results 

For purposes of comparison both zero-inflated Poisson and hurdle Poisson regressions are 

estimated by reducing the interaction between mother education status and wealth index. This is 

because in both transitions the interaction term is not significant as presented in Table 9.  The 

AIC values of the full model above and the reduced one is 3093.6 and 3092.2 (which is found in 

Table 6) and 3093.1 and 3091.9 for ZIP and HP respectively.  Then  it  turned  out  that  the  

model  with  pregnant mother education status,  region, work load inside and/or outside home, 

wealth index, awareness about pregnancy complications and ANC utilizations, availability and 

access ability of health post,  signs of pregnancy complications, work load and awareness 

interaction as well as health post and residing interaction as covariates was the most 

parsimonious model. Based on the above mentioned criteria for model selection and evaluation, 

especially, vuong test, AIC and log likelihood, we opted for the Hurdle Poisson model for fitting 

the ANC data. The cumulative evidence suggests that the HP model provides an adequate fit to 

the data and that it is at least as good as, or superior to, the ZIP model for these data. With no 

evidence of overdispersion, it is reasonable to assume that the standard errors of the HP model’s 

parameter estimates are unbiased and that the model’s estimates are suitable for statistical 

inference. 

Therefore, the final hurdle Poisson regression model proposed for number of ANC service 

utilization of pregnant mothers was given as: 'v�	����� = 0.6407 + 0.3596 ∗ É�9T �̧0Ê bË§»� − 0.2312 ∗ ]�Ì�~��
OÊÎ ObÎ� − 1.0168∗ �w~·9�0Ê 
OÊÍ� − 0.7201 ∗ ��·wÑ³�
ÊÊO� − 0.1407 ∗ ��·wÑ³�Ã�ËËªb�− 0.7579 ∗ ³�~ÕÑ�0Ê 
OÊÍ� + 0.2935 ∗ ·�·]��0Ê� + 0.3844 ∗ Õ�Ì��0Ê�+ 0.6469 ∗ �w~·9�0Ê 
OÊÍ� ∗ ·�·]��0Ê� + 0.4936 ∗ ³�~ÕÑ�0Ê 
OÊÍ�∗ ]�Õ�9�0Ê5� 'v����� = 0.6993 − 0.7763 ∗ É�9T �̧0Ê bË§»� + 0.6352 ∗ ]�Ì�~��
OÊÎ ObÎ� + 0.6260∗ �w~·9�0Ê 
OÊÍ� − 0.7633 ∗ ��·wÑ³�
ÊÊO� − 0.1945 ∗ ��·wÑ³�Ã�ËËªb�+ 0.6267 ∗ ³�~ÕÑ�0Ê 
OÊÍ� − 0.9758 ∗ ·�·]��0Ê� − 0.2290 ∗ Õ�Ì��0Ê�+ 0.2057 ∗ �w~·9�0Ê 
OÊÍ� ∗ ·�·]��0Ê� − 0.7375 ∗ ³�~ÕÑ�0Ê 
OÊÍ�∗ ]�Õ�9�0Ê5� 
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Table 7: Results for Zero Inflated Poisson and Hurdle Poisson Model Estimates   

 
 
Variables 

Zero Inflated 
Poisson(ZIP) 

Hurdle Poisson (HP) 

Poisson Inflated part Poisson  Inflated part 
Estimate 
(s.e) 

Estimate 
(s.e) 

Estimate 
(s.e) 

Estimate 
(s.e) Intercept 0.4792 

(0.3748) 
0.6511 
(0.1553)***  

0.6993 
 (0.3066)* 

0.6407  
(0.1583)***  MEDUCmæçè 

-0.6590 
(0.2243)**  

0.3661 
(0.05578)***  

-0.7763 
(0.1713)***  

0.3596 
(0.05593)***  REGIONíîïmð 0.6808 

(0.2032)***  
-0.2171  
(0.06965)**  

0.6352 
 (0.1499)***  

-0.2312 
(0.07010)**  WLOADoðíô -0.2154 

(0.3786) 
-1.0136 
 (0.1700)***  

0.6260 
 (0.2506)* 

-1.0168 
(0.1668)***  WEALTHðEèï 

-0.4553 
(0.1657)**  

0.1435  
(0.04046)***  

-0.4593 
(0.1308)***  

0.1407 
(0.04028)***  HPOSToðíô 0.02906 

(0.3731) 
-0.7426  
(0.1549)***  

0.6267 
 (0.1978)**  

-0.7579 
(0.1535)***  AWARNùmú -0.9398 

(0.3046)**  
0.3047  
(0.1084) **  

-0.9758 
(0.2662)***  

0.2935  
(0.1085)**  SIGNùmú -0.6941 

(0.2796)* 
0.3506 
 (0.1208) **  

-0.7375 
(0.2116)***  

0.3844  
(0.1234)**  WLOADoðíô*AWARNùmú 0.9664 

(0.4489)* 
0.6410 
 (0.1866) ***  

0.2057  
(0.3297) 

0.6469  
(0.1844)***  HPOSToðíô*RESIDùmú 0.2933 

(0.3731) 
0.4864 
 (0.1645) **  

-0.2290 
 (0.1937) 

0.4936  
(0.1648)**  

* refers to p<0.05.  ** refers to p<0.01.  *** refers to p<0.001. 

In the binary (logistic) portion of the ZIP model in Table 7 provides that all variables emerged as 

statistically significant predictors of number of ANC visits: MEDUC, REGION, WLOAD, 

WEALTH, HPOST, AWARN, and SIGN and WLOAD×AWARN interaction  effect as well as 

HPOST×RESID since their p-values are less than 5%. It  must  be  kept  in  mind that the 

interpretation of the binary portion of the model is different from the interpretation of the count 

portion. The sign of the parameters in the positive part of the ZIP model is different from the 

Poisson model. The percentage changes in the factors are largely changed; and are more realistic 

than that of the Poisson model. Although we are still trying to estimate the relationship between 

each of the ANC variables and a binary outcome, here the two levels of the binary variable 

consist of either structural (or true) zeroes or sampling zeroes that follow the Poisson 

distribution. The percentages changes of the factors pregnant mother who have no education, 

mother from better progressed region, mother with a problem of work load inside and/or outside 

home, poor pregnant mother, mother with a problem of access to health post, mother who have 
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lack of awareness about pregnancy complications as well as ANC utilization and pregnant 

mother who had not seen sign of pregnancy complications are 44.21%, 80.48%, 36.29%, 

15.43%, 47.59%, 35.62%, 41.99%, 89.83%, and 62.26% respectively.  

Consequently,  the  negative  relationship  between WLOAD since workload problem and  the  

“no ANC visits” portion of our outcome indicates an inverse relationship between no workload 

problem of the women and “true” zeroes. That is, as workload problem inside outside home 

decreases, there is a greater likelihood of a positive number of ANC visits in the future. (OR 

=0.36). Similarly, the REGION and HPOST have a negative signs. A positive change in these 

factors induces then an increase in the number of ANC visits. The percentage change of the 

factor REGION is 80.48% (OR=0.8048) this means that the number of ANC service visited by 

the regions that need special aids is about one more likely to have zero visits than the better 

progressed region. The fitted model again suggests that the rate of non-zero ANC visits in 

educated mother was exp(0.3661)=1.44 times the rate of non zero ANC visits in non educated 

holding all other predictors constant.  The rate of non-zero ANC visits for women who had seen 

signs of pregancy complications was exp(0.3506)=1.42 times the rate of non zero ANC visits in 

women who had no signs pregancy complications holding all other predictors constant. The 

presence of a statistically significant interaction term indicates that rich women with having 

awareness about ANC utilization have a 89.84% higher odds of having non zero ANC visits 

compared to poor women with lack awareness about ANC utilization in this study population. 

Accordingly the percentages change of the factor HPOST is around 47.59%. That means, the 

number of non-zero ANC service visited by pregnant mother that have a problems of 

accessibility and/or availability of health post is 47.59% less non-zero ANC visits than that of 

women who have no problems related to health post. Whereas the percentages change of the 

factor MEDUC is around 44.21%. Hence, pregnant mothers who can read and write are 1.44 

times more user of ANC service than mothers who have no education. For AWARN, the 

percentage change is around 35.62%. Thus, mothers who had lack of awareness about ANC 

utilization and pregnancy complications are showing less participation in ANC service to that of 

pregnant mothers who had awareness of ANC use. The presence of a statistically significant 

interaction term also indicates that pregnant mother in rural Ethiopia who had no health post 

related problems with not residing with her husband/ partner have 62.26% less likely ANC visits 

than pregnant mothers that have health post related problems and residing with her husband/ 
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partner.  If we consider the significance level of 5%, we conclude easily that there is no striking 

difference between zero-inflated Poisson regression fits and the hurdle Poisson (HP) model fits 

and they are better than the standard Poisson regression, Negative Binomial, ZINB, and NBH. 

But, the ZIP model is suitable only for handling zero inflation. However, the hurdle model is also 

suitable for modeling zero deflation. This tells us that even when a test shows significant 

evidence of zero inflation, the ZIP model may still not be suitable to fit the data. Since the hurdle 

Poisson (HP) model had the best fit than all the rest models, we interpreted the results from this 

model (Table 7). 

 

 

 

 

 

 

 

 

 

Figure 4 shows that health post and workload is nested in awareness so that there are large 

numbers of women with adequate awareness about ANC usage with heavy workload and lack 

nearby health post.  In addition, many mothers who had no awareness about ANC usage and 

pregnancy complications have no workload problem inside and /or outside home but they have 

shortage of nearby heath post. In the same way, Figure 5 indicates that large numbers of women 

who utilize ANC have middle income and there were smaller numbers of women who make use 

of ANC visits having poverty. It certainly looks as if median ANC visit numbers are higher in 

rich women than in middle income, but the range of counts is very large in middle income earner 

women, so the significance of the difference is certain. 

4.1.3.1 Hurdle Poisson (HP) Model Parameter Estimate 

The hurdle Poisson-logit model suggested that non educated pregnant mothers have a higher 

probability of not visiting ANC service and a higher expected number of zero visits than 

educated pregnant mothers. The non-zero part of HP-logit model fitting confirms this conclusion, 

 

Figure 4: Bar Chart of WLOAD vs HPOST nested in AWARN 
 

        Figure 5: Both Plots of Wealth Index 
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as �û = 0.3596 has a standard error of 0.05593 (found in Table 7). The estimated odds that the 

number of ANC visits become zero with non educated (mothers who cannot read and write) are exp�0.3596 � = 1.43 times the estimated odds for educated pregnant mothers. This estimate has 

the almost same order of magnitude as the estimate from the binary part of the ZIP model. The 

impact of covariates on the odds of visiting the ANC service for a less visit versus a more visits 

is quite different. For example, being residing with her husband/partner is not associated with the 

likelihood of ANC service utilization in the analysis characterized by slight number of ANC 

visits. However, better progressed regions such as Tigray, Amhara, Oromiya and SNNPR are 

statistically significantly associated with increased odds of at least one ANC visits in the analysis 

than not good enough regions. That means, better progressed regions are 0.79 times positive 

ANC visits than those regions that need special aids. This result indicates the importance of 

stratifying our analyses according to the severity of the growth level of rural Ethiopian regions, 

as the factors influencing the pregnancy complications and ANC service utilization. 

The impact of access to a severe workload inside and/or outside home on ANC service 

utilization is an interesting finding in our analysis. Not having access to a severe workload inside 

and/or outside home did not influence the odds of ANC service utilization in those who 

demonstrated a number of ANC service visits over the study interval. For less number of ANC 

service visits, we estimate that having access to a primary care provider significantly reduces the 

likelihood (OR = 0.47) of a visit. Having signs of pregnancy complications such as vaginal 

bleeding, vaginal gush of fluid, severe head ache, blurred vision, fever, abdominal pain and 

others significantly increases the likelihood (OR = 1.47) ANC visits. That means, pregnant 

mothers who have cases of pregnancy complications have 1.47 times more non zero ANC visits 

than those who did not seen the signs of pregnancy complications. The interaction between 

access to a severe workload inside and/or outside home and lack of awareness about ANC 

utilization and pregnancy complications are statistically significant. Hence, a pregnant mother 

from rural Ethiopia who has no problem of workload inside and/or outside home as well as have 

good awareness about ANC utilization is 1.91 times more positive ANC visits than a mother 

with severe workload inside and/or outside home as well as  lack of awareness about ANC 

utilizations.  
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4.2 Model Diagnostics  

From Figure 14 (found at Appendix B), it seems that the variance stay constant as the fitted 

values vary,  while there exist 3 outliers as labeled on Figure 14. The visual  inspection  plot  of 

equal Cook’s distance are shown in  Figure 14 and Figure 6d to  identify  if  any problem  existed  

in  the  model. There are points having cook’s distance larger as labeled.   

 

Figure 6: Residuals versus Fitted for Poisson Regression 

We plot the standardized deviance residuals (SDR) against the fitted rates. An informal 

procedure that is used to check for systematic departures from the Poisson regression  is based on 

four regression diagnostic plots. Figure 6 contains the four regression diagnostic plots.  A plot of 

the standardized deviance residuals (SDRs ) against the fitted rate is shown in Figure 6a.  The R 

function was used to calculate the solid line, and the two dashed lines correspond to the 0.005 

and 0.995 quantities of the standard normal distribution, i.e. if the SDRs are approximately 

N(0,1) about 99% of these residuals should be between the dashed lines. The seven SDRs 

outside the 99% limits are identified with their observation numbers (also found at Appendix B, 

Figure 14). For model checking purposes, a normal Q-Q plot is used to identify extreme values 

which would appear in the upper right and/or lower left portion of the plot (Figure 6b).  The solid 

line in Figure 6b corresponds to the standard normal distribution.  The  SDR-Leverage plot in 

Figure 6c identifies four points (especially observation number 667, 994, 889 and 1097.) with  

both ℎ� > 2 (i.e. to the right of the solid vertical line.  A  plot of the absolute value of the SDRs 

Fig: 6a Fig: 6b 

Fig: 6c Fig: 6d 
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against the fitted values (see Figure 6d) gives an informal check of on the adequacy of  the 

assumed variance function. The null pattern will not show a trend ,  and smoothing (shown by 

the solid line) is used to identify a possible pattern , in this case a positive trend. Though 3 outlier 

cases need more investigation, the results from diagnostics of the Poisson model in Figure 1 

indicate that Poisson did not fit well. Conclusively speaking, the apparent trend in Figure 6d 

indicate over -dispersion, and the other three diagnostic plots do not indicate that “outliers” are a 

problem. 

The  parameter  estimates  of  the  final  model  before  and  after  excluding  the  outlying 

observations were close to each other. Thus in this study the zero-inflated Poisson (ZIP) 

regression model was robust to the outlying observation.  

 

Figure 7: Conditional Studentized Residuals for ANC Visits 

The first graph of Figure 7 shows the deviance residuals plotted against fitted values. It is 

observed that the plot of deviance residuals against fitted values appears to show some trend of 

falling variation with increase in estimated value. In the second graph of Figure 7, the normal 

density plot and in the third a normal quantile plot of standardized deviance residuals is shown. 

The quantile plot appears to follow a reference line except in the upper right portion. This 

verifies the assumptions of normality of the residuals for most of the range of values. Some 

deviations are observed especially at the high end which suggests the data distribution has a long 

tail at that end. 
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4.3 Discussion  

In health service studies, Antenatal care service visits could be a relevant metric to quantify 

efficiency of maternal care utilization. This thesis, which focused on an efficient statistical 

modeling for number of Antenatal care service visits, propose a GLM, zero-inflated and hurdle 

modeling approach to estimate parameters of demographic, socio-economic, health and 

environmental related factors. World Health Organization recommends a minimum of four ANC 

visits initiated during their pregnancy periods. In this study the ANC service utilization rate in 

rural Ethiopia was found to be 48.5%. Although this shows a low level of ANC service 

utilization, educated pregnant mothers, and mothers from better progressed regions, mothers who 

have no severe workloads, mothers that could get a nearby health post and have awareness about 

ANC use attends more than 3 times. Moreover, a significant proportion (77.5%) of the attendees 

had less than four visits which is less than the recommended. 

The finding of this study significantly differs with that of EDHS 2005 which showed 21.6% 

attendance of ANC in the rural areas of Ethiopia. This could be attributed to the fact that DHS 

covered more remote areas where distance from health institution could be a major predictor of 

ANC utilization. It is also important to note the time gap between the EDHS and the current 

study. A study conducted in Northern Ethiopia (2004) showed that the magnitude of ANC 

attendance was 45%. With regard to the determinants of ANC service utilization; this study 

revealed that ANC service utilization is significantly influenced by mother education, region, 

workload, economic status, access to health post, awareness about pregnancy complications, and 

manifestation of pregnancy complications. Non educated mothers were less likely to utilize ANC 

service than educated women. This finding is consistent with the findings of previous studies 

conducted in Addis Ababa [52]. Moreover, in this study the use of antenatal care was found to be 

related to economic status; Mothers with middle and rich economic level were more likely to 

attend ANC than poor women. This is also in line with other studies conducted in Southern 

Ethiopia [59]. 

This finding differs with the study conducted in Metekel zone which confirms that being  awared 

about ANC utilization were  more  than two  times (OR=2.32)  more  likely  to  use ANC visits 

[18]. In our case, awared women were  one times (OR=1.47) more  likely  to  utilize ANC visit 

than non awared ones. This study again found that education status of secondary school  and 

above had three times (OR=3.68) more ANC visits than non educated ones, but here 1.44 times 
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more likely to be visited. Gurmessa’s report determined that having  monthly family  income  of  

500  Ethiopian  Birr  and  above (OR=1.53) were positively associated with antenatal care 

service utilization [18]. This agrees with our finding that rich and middle incomer women were 

more likely to attend ANC visits; the odds ratio in our case is 1.15 (slightly different with this 

report). 

A report from Samre  Saharti  district in Tigray region of Ethiopia found differently from our 

finding that being resing with her husband or partner have significant association with ANC 

utilization [58]. According to this finding, this is not the factor. The reason for the difference 

could be that our study was conducted in a rural area, while the regional report included urban 

areas. Unwanted pregnancy were not the determinant to receive ANC visits in this study. This 

was dissimilar to other studies conducted in the Saharti Samre district, Tigray, Ethiopia [58]. 

This could be due to fear of stigma because a pregnancy without marriage is not accepted by the 

community in the study area. Therefore it appears rational to see that most of single and 

widowed mothers might be faced unwanted pregnancies. In addition mothers from low socio-

economic status (poor mothers) are unlikely to afford the cost of transport and could have limited 

access to ANC utilization, and low health seeking behavior [58]. Other studies have shown 

comparable results with this [2, 18, 23, 58, 59]. As part of enabling factors, distance from health 

post were  found  to  be  predictor  of antenatal  care  service  utilization  where  women  who 

live  within  nearby distance  from  the  health facility  were  about  0.48 times  more  likely  to  

visit ANC than  women who live at distance far from health post(OR=0.48). this was line with 

the study Yem special woreda, southwestern Ethiopia [3]. 

Hurdle Poisson model assumes that all zero data are from one “structural” source. The positive 

(i.e., non-zero) data have “sampling” origin, following either truncated Poisson or truncated 

negative binomial distribution. For example, consider a study of ANC visit users in which a 

secondary outcome is a number of ANC visits during last nine months. In this case, it is safe to 

assume that only non ANC users will visit zero ANC visits during the last nine months and ANC 

users will score some positive (non-zero) number of ANC service visits during last nine months. 

Hence the zero observations can come from only one “structural” source, the non ANC users. If 

a pregnant mother is considered as ANC user, they do not have the ‘ability’ to score zero ANC 

visits during the last nine months and will always score a positive number of ANC visits in a 

hurdle model with either truncated Poisson or truncated negative binomial distributions. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1 Conclusion 

In conclusion, the antenatal care service utilization rate in rural Ethiopia is lower than the 

national figures available to date. In addition, it is worth nothing that majority of the mothers 

who attend ANC did not receive adequate number of visits recommended by the World Health 

Organization. Furthermore, maternal education, workload inside and/or outside home, 

availability and accessibility of health post, regions, and awareness about pregnancy 

complications were major predictors of ANC service utilization. Therefore, efforts to bring about 

changes in these major predictors at individual and community level through behavioral change 

communication are recommended. 

In this study, it was found that ZIP and hurdle Poisson regression models were better fitted the 

data than NB, ZINB, HNB and Poisson. This may be due to the high variability of the number of 

ANC visits. Hurdle Poisson regression model was better fitted the data which is characterized by 

excess zeros and high variability in the non-zero outcome than any other models and therefore it 

was selected as the best parsimonious model.  

5.2 Recommendation 

Looking at the state of pregnant mothers and the number of ANC visits in rural Ethiopia, it is 

recommended that;  

1. Environmental factors and Social  activities  such  as workload of pregnant mothers inside 

and/or outside home, lack of finance and  problems of availability as well as accessibility of 

health post should  be  reduced  to  help  maximize  the  number  of ANC visits during 

pregnancy. 

2. Since the pregnant mothers who have awareness about ANC utilizations and pregnancy 

complications were attained more ANC visits than the mothers with shortage of awareness, 

education on ANC usage should be intensified especially among women’s in fertile age 

group in rural areas. Hence, concerning bodies including mass Medias and health extension 

workers should give special attention in raising awareness to be able to avoid preventable 

complications, especially in rural areas of Ethiopia. 
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3. Institutions that act on maternal and children’s health should do well to apply the minimum 

of four (4) ANC visits scheduled by WHO for developing countries especially on rural areas 

so that all perpetrators of maternal care shall be brought to book to deter others from 

repeating such absences and thus move the country closer to MDG targets for maternal health 

by 2015.  

4. Women who have no problem of the accessibility and availability of health post were more 

likely to receive ANC visits than women with a problem of that.  Hence, there is  a  need  to 

increase the availability and accessibility of health post in order to ease antenatal care 

services  to  the  needy, particularly  to  those  rural  women. 

5. Even if the EDHS dataset used for this study was not the latest, three years later on the date 

data was collected,  The  EDHS  data  base  of  the  country  should  be  expanded  to  include  

more  variable  so that researcher could really determine the actual factors contributing the 

casualties’ in  absence of ANC utilizations during their pregnancy periods. 

6. Finally, from this study we can recommend that  as  this study is a small study, the result may 

not be generalizable,  that  is  its  external  validity  may  not  be  valid.  So that it would be 

better to examine in a large data set.  
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Appendix A: SAS Output Tables  

Table 8: Comparison of the Final Ten Models Involved in the Selection Criteria 
Model Deviance Full LogLik AIC BIC 

Model 1 1058.0453 -2007.3227 4018.6454 4028.7000 
Model 2 1209.2201 -1626.5486 3275.0971 3330.3976 
Model 3 1215.8687 -1629.4282 3276.8564 3322.1022 
Model 4 1211.1484 -1621.7896 3263.5792 3313.8524 
Model 5 1217.1069 -1623.4388 3266.8776 3317.1508 
Model 6 1209.5207 -1617.6377 3257.2753 3312.5758 
Model 7 1208.1321 -1617.2171 3256.4342 3311.7347 
Model 8 1212.0614 -1615.1787 3254.3575 3314.6853 
Model 9 1207.1569 -1615.3895 3254.7790 3315.1067 
Model 10 1210.3476 -1615.0205 3254.0411 3314.3688 

 

Table 9: Parameter Estimations and S.E for the Models of PR, NB, ZIP, ZINB, HP & HNB 

 
Parameters 

Basic Count Models Zero Inflated Models Hurdle Models 
Poisson NB ZIP ZINB PH NBH 
Estimation 
(St. Error) 

Estimation 
(St. Error) 

Estimation 
(St. Error) 

Estimation 
(St. Error) 

Estimation 
(St. Error) 

Estimation 
(St. Error) 

Intercept 
-0.2638 
(0.1388) 

-0.2621 
(0.1654) 

0.5872 
(0.1608)***  

0.2036 
(0.1937) 

0.5756 
(0.1640)***  

0.1781 
(0.0687) 

MEDUC 
0.7542 
(0.0867) ***  

0.7782 
(0.1121) ***  

0.4987 
(0.0999)***  

0.5507 
(0.1027)***  

0.4937 
(0.1009)***  

0.5820 
(0.1022)***  

REGION 
-0.4352 
(0.0614) ***  

-0.4287 
(0.0769) ***  

-0.2249 
(0.0698)***  

-0.2482 
(0.0744)***  

-0.2381 
(0.0703)***  

-0.1997 
(0.0708)**  

WLOAD 
-0.9568 
(0.1212) ***  

-0.9600 
(0.1391)***  

-1.0231 
(0.1726)***  

-0.7014 
(0.1744)***  

-1.0142 
(0.1669) 

-0.8168 
(0.1644)***  

WEALTH 
0.3844 
(0.0565) ***  

0.4271 
(0.0732)**  

0.2292 
(0.0660)***  

0.2612 
(0.0679)***  

0.2253 
(0.0663)***  

0.2850 
(0.0666)***  

HPOST 
-0.7527 
(0.1061)***  

-0.7551 
(0.1197)**  

-0.7251 
(0.1555)***  

-0.6621 
(0.1529)***  

-0.7430 
(0.1538)***  

-0.6813 
(0.1543)***  

AWARN 
0.5495 
(0.0980)***  

0.5437 
(0.1212)***  

0.2976 
(0.1083)***  

0.4899 
(0.1276)***  

0.2853 
(0.1086)**  

0.4866 
(0.1034) ***  

SIGN 
0.6106 
(0.1022)***  

0.5723 
(0.1209)***  

0.3432 
(0.1204)***  

0.5318 
(0.1480)***  

0.3785 
(0.1234)**  

0.6775 
(0.1055) ***  

WLOAD*AWARN 
0.3877 
(0.1398)**  

0.3814 
(0.1658)* 

0.6358 
(0.1891)***  

0.2617 
(0.1931) 

0.6320 
(0.1847)***  

0.4212 
(0.1814)* 

HPOST*RESID 
0.3708 
(0.1131) **  

0.4093 
(0.1266)**  

0.4804 
(0.1647)***  

0.4105 
(0.1633)* 

0.4870 
(0.1649)**  

0.4660 
(0.1664)**  

MEDUC*WEALTH 
-0.2693 
(0.0703)***  

-0.3015 
(0.0974)**  

-0.1305 
(0.0796) 

-0.1972 
(0.0820)* 

-0.1289 
(0.0804) 

-0.1947 
(0.0807)* 

Dispersion �G���  
0.2862 
(0.0471)***  

0.5670 
(0.1085) 

0.0071 
(0.0154) 

0.8792 
(0.0264)***  

0.0077 
(0.0152)* 

* refers to p<0.05.  ** refers to p<0.01.  *** refers to p<0.001. 
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Table 10: Inflation and Dispersion Probabilities 
 

Model 
Inflation Probability (π) Dispersion probability (κ-1) 

Beta S.E DF t value Pr >|t| Beta S.E DF t value Pr >|t| 
NB 0.1476 0.0232 1127 6.38 <.0001 0.2977 0.0481 1127 6.19 <.0001 
ZIP 0.5727 0.1047 1127 5.47 <.0001      

ZINB 0.6179 0.0960 1127 6.44 <.0001 0.0071 0.0153 1127 0.47 0.6397 
PH 0.8757 0.0267 1127 32.78 <.0001      

NBH 0.8756 0.0267 1127 32.77 <.0001 0.0093 0.0154 1127 0.60 0.5472 
 
Table 11: Estimates of Hurdle Negative Binomial Models with Logit Link Function   

 
 
Variables 

Poisson Hurdle(PH) NegBin Hurdle (NBH) 

Poisson part Inflated part 
Negative 
Binomial 

Inflated part 

Beta(S.E) Beta(S.E) Beta(S.E) Beta(S.E) 
Intercept 0.6993(0.3066)* 0.6407(0.1583) ***  -0.6992(0.3066)* 0.2541(0.2636) 
MEDUC -0.7763(0.1713)***  0.3596(0.0559) ***  0.7761(0.1713)***  0.3794 (0.0578) 
REGION 0.6352(0.1499) ***  -0.2312(0.0701) ***  -0.6355(0.1499)***  -0.1847 (0.0708) 
WLOAD 0.6260(0.2506)* -1.0168 (0.1668) ***  -0.6260(0.2506)* -0.7841 (0.1651) 
WEALTH -0.4593(0.1308) ***  0.1407 (0.0403) ***  0.4593(0.1308)***  0.1590 (0.0417) 
HPOST 0.6267(0.1978) ***  -0.7579 (0.1535) ***  -0.6264(0.1978)**  -0.6976 (0.1544) 
AWARN -0.9758(0.2662) ***  0.2935 (0.1085)**  0.9759(0.2662)***  0.5355 (0.1038) 
SIGN -0.7375(0.2116) ***  0.3844 (0.1234)**  0.7375(0.2116)***  0.7474 (0.1032) 
WLOAD*AWARN 0.2057(0.3297) 0.6469 (0.1844)***  -0.2059(0.3297) 0.4071 (0.1827) 
HPOST*RESID -0.2290(0.1937) 0.4936 (0.1648)**  0.2287(0.1937) 0.4747 (0.1665) 
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Appendix B: Plots 

 

Figure 8: Histogram of Number of ANC Visits per Pregnant Women 

 

 
           Figure 9: Profile Plot of ANC Visits in REGION 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

0. 5 1. 5 2. 5 3. 5 4. 5 5. 5 6. 5 7. 5 8. 5 9. 5 10. 5 11. 5 12. 5 13. 5

0

10

20

30

40

50

60

P
e
r
c
e
n
t

ANC

 

Figure 10: Box Plot of Health Post 
 

Figure 11: The Mean Plot of ANC Utilization 
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Figure 12: Histogram of Mother Education Status and their ANC Utilization Experience 

 

Figure 13: An Illustration of How the Shape of a Poisson distribution Changes as its Mean Changes 

 

 

Figure 14: Cook's Distance for Poisson Fit 
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Figure 15: DFBETAs of Different Explanatory Variables 
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Appendix C: SAS Code 

*Standard Poisson;  
Proc nlmixed data  = Antenatal;  
parms  a0 =- 0.2638 a1 = 0.7542 a2 = - 0.4352 a3=- 0.9568 a4 = 0.3844 
a5 = - 0.7527 a6 = 0.5495 a7 = 0.6106 a8 = 0.3877 a9 = 0.3708;  
lambda = exp(a0 + a1 * MEDUC + a2 * REGION + a3*WLO AD + a4 * WEALTH +  
a5 * HPOST + a6 * AWARN + a7 * SIGN + a8 * WLOAD*AW ARN + a9*RESID*HPOST); 
ll = -lambda + ANC * log(lambda) - log(fact(ANC));  
model  ANC ~ general(ll);  
predict  lambda out = poi_out (rename = (pred = Yhat));  
title1  "Poisson Regression" ; run; 
 
*Negative Binomial;  
Proc nlmixed data  = ANTENATAL; 
parms  b0 =- 0.2638 b1 = 0.7542 b2 = - 0.4352 b3=- 0.9568 b4 = 0.3844  
b5 = - 0.7527 b6 = 0.5495 b7 = 0.6106 b8 = 0.3877 b9 = 0.3708; 
etanb= b0 + b1 * MEDUC + b2 * REGION + b3*WLOAD + b 4 * WEALTH + b5 * HPOST +  
b6 * AWARN + b7 * SIGN + b8 * WLOAD*AWARN + b9*RESI D*HPOST; 
lambda = exp(etanb); 
ll=lgamma(ANC+ 1/k)-lgamma(ANC+ 1)-lgamma( 1/k)+ANC*log(k*lambda)- 
(ANC+1/k)*log( 1+k*lambda);  
ESTIMATE "inflation probability"  lambda; 
model  ANC ~ general(ll);  
ods  output  Modelfit=fit; 
title1  "Negative Binomial Regression" ; run; 
 
*ZIP;  
Proc nlmixed data =ANTENATAL;  
parms  a0 =- 0.2638 a1 = 0.7542 a2 = - 0.4352 a3=- 0.9568 a4 = 0.3844 a5 = - 0.7527 
a6 = 0.5495 a7 = 0.6106 a8 = 0.3877 a9 = 0.3708 b0 = - 0.1577 b1 = 0.4882  
b2 = - 0.4276 b3=- 0.9733 b4 = 0.2199 b5 = - 0.7822 b6 = 0.5632 b7 = 0.6307  
b8 = 0.4249 b9 = 0.3942;   
etazip = a0 + a1 * MEDUC + a2 * REGION + a3 * WLOAD  + a4 * WEALTH + a5 * 
HPOST  + a6 * AWARN + a7 * SIGN + a8 *WLOAD*AWARN  + a9 * RESID*HPOST;  
infprob = 1/( 1+exp(-etazip));  
lambda = exp(b0 + b1 * MEDUC + b2 * REGION + b3 * W LOAD + b4 *WEALTH  +  
b5 *HPOST  + b6 * AWARN  + b7 * SIGN + b8 * WLOAD*A WARN  + b9 *RESID*HPOST);  
if  ANC=0 then  ll = log(infprob + ( 1-infprob)*exp(-lambda));  
else  ll = log(( 1-infprob)) + ANC *log(lambda)-lgamma(ANC+ 1)-lambda; 
model  ANC ~ general(ll);  
predict  _ll out=LL_3; 
ods  output  Modelfit=fit; 
ESTIMATE "inflation probability"  infprob; 
ESTIMATE "lambda"  lambda; 
title1  "ZIP Regression model" ; run; 
 
*ZINB;  
Proc nlmixed data  = ANTENATAL tech  = dbldog; 
parms  a0=- 0.2638 a1= 0.7542 a2=- 0.4352 a3=- 0.9568 a4= 0.3844 a5=- 0.7527  
a6=0.5495 a7=0.6106 a8= 0.3877 a9= 0.3708 b0=- 0.1577 b1=0.4882 b2=- 0.4276  
b3=- 0.9733 b4= 0.2199 b5=- 0.7822 b6= 0.5632 b7= 0.6307 b8= 0.4249 b9= 0.3942;        
etazinb = a0 + a1 * MEDUC + a2 * REGION + a3 * WLOA D + a4 * WEALTH + a5 * 
HPOST  + a6 * AWARN + a7 * SIGN + a8 *WLOAD*AWARN  + a9 * RESID*HPOST; 
lambda = exp(etazinb)/( 1+exp(etazinb)); 
etap = b0 + b1 * MEDUC + b2 * REGION + b3 * WLOAD +  b4 *WEALTH  +  
b5 *HPOST + b6 * AWARN + b7 * SIGN + b8 * WLOAD*AWA RN + b9 *RESID*HPOST; 
mu = exp(etap); 
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if  ANC = 0 then  ll = log(lambda+( 1-
lambda)*((( 1/k)**( 1/k))/((mu+( 1/k))**( 1/k)))); 
else  ll = log( 1-lambda) + lgamma(ANC +( 1/k)) + ANC*log(k*mu) 
-lgamma(ANC+ 1)-lgamma( 1/k)-(ANC+( 1/k))*log( 1+k*mu); 
model  ANC ~ general(ll); 
ods  output  Modelfit=fit; 
title1  "ZINB model regression Model" ; run; 
 
*HP;  
proc nlmixed data  = ANTENATAL tech  = dbldog;  
parms  a0 =- 0.2638 a1 = 0.7542 a2 = - 0.4352 a3=- 0.9568 a4 = 0.3844 a5 = - 0.7527 
a6 = 0.5495 a7 = 0.6106 a8 = 0.3877 a9 = 0.3708 b0 = - 0.1577 b1 = 0.4882 b2 = 
- 0.4276 b3=- 0.9733 b4 = 0.2199 
b5 = - 0.7822 b6 = 0.5632 b7 = 0.6307 b8 = 0.4249 b9 = 0.3942;  
etahp = a0 + a1 * MEDUC + a2 * REGION + a3 * WLOAD + a4 * WEALTH + a5 * HPOST  
+ a6 * AWARN + a7 * SIGN + a8 *WLOAD*AWARN  + a9 * RESID*HPOST;  
exp_eta0 = exp(etahp);  
lambda = exp_eta0 / ( 1 + exp_eta0);  
etap = b0 + b1 * MEDUC + b2 * REGION + b3 * WLOAD +  b4 *WEALTH  +  
b5 *HPOST  + b6 * AWARN  + b7 * SIGN + b8 * WLOAD*A WARN  + b9 *RESID*HPOST;  
exp_etap = exp(etap);  
if  ANC = 0 then  ll = log(lambda);  
else  ll = log( 1 - lambda) - exp_etap + ANC * etap - lgamma(ANC + 1)  
- log( 1 - exp(-exp_etap));  
model  ANC ~ general(ll);  
predict  _ll out=LL_5; 
predict  exp_etap out = hdl_out1 (keep = pred ANC rename = (pred = Yhat));  
predict  lambda out = hdl_out2 (keep = pred rename = (pred = lambda));  
title  "Hurdle Poisson" ; 
run; 
 
 *HNB;  
Proc nlmixed Data = ANTENATAL TECH=NRRIDG; 
parms  a0 =- 0.2638 a1 = 0.7542 a2 = - 0.4352 a3=- 0.9568 a4 = 0.3844 a5 = - 0.7527 
a6 = 0.5495 a7 = 0.6106 a8 = 0.3877 a9 = 0.3708 b0 = - 0.1577 b1 = 0.4882  
b2 = - 0.4276 b3=- 0.9733 b4 = 0.2199 b5 = - 0.7822 b6 = 0.5632 b7 = 0.6307 b8 
=0.4249 b9 = 0.3942; 
eta1 = a0 + a1 * MEDUC + a2 * REGION + a3 * WLOAD +  a4 * WEALTH + a5 * HPOST 
+ a6 * AWARN + a7 * SIGN + a8 *WLOAD*AWARN + a9 * R ESID*HPOST; 
expeta1 = exp (eta1); 
eta2 = b1 * MEDUC + b2 * REGION + b3 * WLOAD + b4 * WEALTH +  
b5 *HPOST + b6 * AWARN + b7 * SIGN + b8 * WLOAD*AWA RN + b9 *RESID*HPOST; 
expeta2 = exp (eta2); m=expeta2; 
p=k*m/ ( 1+k*m); P1=k*m; p2= 1+P1; 
P_negbin_0=( 1/p2)**( 1/k); 
P_binom_0 = 1-(expeta1/( 1+expeta1)); 
Pred2 =m*( 1-p_binom_0)/( 1-P_negbin_0); 
P_nb=lgamma(ANC+1/k)-lgamma(ANC+ 1)-lgamma( 1/k)+ 1/k*log( 1-p) + ANC*log(p); 
P_nb0=( 1/k)*log( 1-p); 
P_ztnb=eta1-log( 1+expeta1)+P_nb-log( 1-exp(P_nb0)); 
if  ANC=0 then  ll=-log( 1+expeta1); 
else  ll= P_ztnb; 
model  ANC~general(ll); 
ESTIMATE "inflation probability"  expeta1; 
ESTIMATE "Exp(mu)"  P_binom_0; 
title  "Hurdle Negative Binomial" ;  
run; 
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/* Vuong Test: ZIP VS. Hurdle Poisson **/  
title1  'Vuong test for ZIP VS. Hurdle Poisson' ; 
title2  'H0 = no improvement of ZIP over Hurdle Poisson' ; 
data ll_diff; 
merge  ll_3 (rename= (pred=ll_zip)) 
ll_5 (rename= (pred=ll_hp));  
run; 
data ll_diff; 
set  ll_diff; 
lr_i = ll_hp - ll_zip; 
keep  ll_zip ll_hp lr_i; 
run; 
proc means data =ll_diff vardef =n; 
var  lr_i; 
output  out =vuong_stats mean=LR var =V_lr_i n=n; 
run; 
data vuong_stats; 
set  vuong_stats; 
Vuong = (LR /sqrt(V_lr_i/n)); 
p = 2*( 1-probnorm(vuong)); 
put  vuong= p=; 
run;  

*Test for one sided overdispersion;  
data fit; 
set  fit( where =(criterion= "Scaled Pearson X2" )); 
format  pvalue pvalue6.4 ; 
pvalue= 1-probchi(value,df); 
run; 
proc print data =fit noobs ; 
var  criterion value df pvalue; 
run;  


