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ABSTRACT
Vaccination Incompletion of Children Aged 12 to 59 Months in Ethiopia

Kidanie Aragaw Alemu
Addis Ababa University, 2014

More children in Ethiopia start and do not complete all expanded programme on immunization
(EPI) recommended for routine immunization (RI) vaccines than those who complete their vaccine
schedule. This group of defaulter is bigger than the group that has no vaccines. However, both
groups of children that have no vaccines and those that have partial vaccination are in similar risk
of acquiring vaccine preventable diseases. This study aims to assess demographic, socio economic,
environmental and health service factors affecting childhood vaccination incompletion, and to
determine the extent of incomplete vaccination within and between regions in Ethiopia based on
EDHS 2011 data. In this study a total of 6797 children 12 to 59 months of age were included (mean
age of 36 and standard deviation 13.655 months). Among these children 33.76% were completely
immunized while 66.24% were partially vaccinated. Descriptive data analyses, binary logistic, and
multilevel logistic regression analyses were used. This study identified that region, wealth index, sex
of household head, birth order of a child, being of wise of a mother to have balanced family life,
Jfrequency of a mother listening to radio, and mothers’ getting of prenatal care and assistant from a
health professional were statistically significant at 5% level for a child 12 to 59 month of age being
partially immunized. The multilevel logistic regression analysis revealed that there was
heterogeneity across regions. Between regional variations for vaccination incompletion of children
12 to 59 months of age was 1.0596 with standard error 0.4603. Intraclass correlation between two
individual mothers in the same region was 0.322067. A low ICC indicates relatively small between
regional variations, but in this study it was high. Region Tigray, Afar, Oromia, Somali (at 10%
significance level), Gambela, Addis Ababa and Dire Dawa were statistically significant regions for
the variation of children vaccination defaulting in the country. The chance of a child 12 to 59 month
of age being partially immunized was 67% on average in the country. The average probability of a
child 12 to 59 months of age being under vaccinated was below the average (0.6661) in Tigray
(0.3747), Addis Ababa (0.1773) and Dire Dawa (0.4596) while it was higher in Afar (0.8997),
Oromia (0.7969), Somali (0.7809), and Gambela (0.8310) regions.
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CHAPTER ONE

INTRODUCTION

1.1. Background

Ethiopia is a federal country and administratively divided into nine Regional States and two City
Administrations. The National Regional States and City Administrations are further divided into 103
zones, 800 Woreda (Districts), and approximately 15,000 kebeles. There is extensive
decentralization of service delivery, with relatively autonomous regions largely responsible for

implementation.

Woreda is the basic administrative unit and it is further divided into kebeles, representing urban
dwellers associations in towns and peasant associations in rural villages. For administration of public
health care, there is a Regional Health Bureau (RHB) at the Regional level, and a Zonal Health
Department (ZHD) at the Zonal level and Woreda health office at Woreda level. At each kebele
level (5,000 populations on average) there is health post staffed with two female health extension

workers.

Therefore, decentralization has brought an opportunity for the EPI programme as the implementing
bodies (Woreda) are becoming more capable both politically and economically to play a role in
resource mobilization and allocation for immunization programmes in their respective areas. Some
regions and Woreda have already started allocating budgets for operational costs, and a few started
contributing for capital costs by procuring refrigerators. However, contributions for purchase of

vaccines and injection materials by the regions and woreda have yet to be started.

According to the census 2007, surviving infants constituted about 3.64% of the total population.
17.5% of the population is aged less than 5 years, and 24% of the total population are women in the
reproductive age group (15-49 years). The population age pyramid has remained predominately
young: 44% are under 15 years, over half (52%) are between 15 to 65 years, and only 4% of all
persons are over the age of 65 years. The sex ratio is almost one, and women in the reproductive
ages constitute 24% of the population. While the average lifetime fertility has declined in the past 15
years from a 1990 level of 6.4 births per woman down to 4.8 births (EDHS, 2011), rural women still

have an average of three more births per woman compared to women in urban areas. Overall, even



the fertility decline, the population is still growing at an annual rate of 2.6%. The World has
benchmarked a population growth rate of 2% per year as a level beyond this is difficult for a
country’s institutions and technologies to keep up with expanding population pressure on all sectors.
In Ethiopia, the lowest rate of population growth is in the Amhara region, which, at 1.7%, is lower

than population replacement (FMOH, 2010).

Results from the 2011 EDHS data show a remarkable decline in all levels of childhood mortality.
Infant mortality has declined by 42 percent over the 15-year period preceding the survey from 101
deaths per 1,000 live births to 59 deaths per 1,000 live births. Furthermore, under-five mortality has
declined by 47 percent over the same period from 166 deaths per 1,000 live births to 88 deaths per
1,000 live births.

Mortality trends can also be examined by comparing data from DHS surveys conducted in 2000,
2005, and 2011. Infant and under-five mortality rates obtained by these surveys evidence a
continuous declining trend in mortality. Under-five mortality decreased from 166 deaths per 1,000
live births in the 2000 survey to 88 in 2011, while infant mortality decreased from 97 deaths per
1,000 live births in the 2000 survey to 59 in the 2011 survey. On the other hand, even though
neonatal mortality rate decreased from 49 deaths per 1,000 live births in 2000 to 39 deaths per 1,000
live births in 2005, it has since remained stable at 37 deaths per 1,000, as reported in the 2011
EDHS.

Mortality rates in urban areas are consistently lower than in rural areas, although the difference is
quite small for neonatal mortality. Infant mortality is 29 percent higher in rural areas (76 deaths per
1,000 live births) than in urban areas (59 deaths per 1,000 live births). The urban-rural difference is
even more pronounced in the case of under-five mortality. Wide regional differences in infant and
under-five mortality are observed, as well. Under-five mortality rates range from a low of 53 per
1,000 live births in Addis Ababa to a high of 169 per 1,000 live births in Benishangul-Gumuz.
Under-five mortality is also relatively high in Affar, Gambela, and Somali (EDHS, 2011).

In Ethiopia male children in general experience a higher mortality than female children. This is true

for all mortality rates. Infant mortality is higher for births to mothers under age 20 than for mothers



in the older age groups. Infant mortality is also higher for first births and 7th and higher-order births
than for births of orders 2-6. Short birth intervals substantially reduce children’s chances of survival,
especially intervals of less than two years. For example, children born less than two years after the
preceding birth are 2.5 times more likely to die within the first year of life and within the first five

years of life as children born three years after the preceding birth (EDHS, 2011).

Ethiopia developed a revised health policy in 1993. The Health Sector Development Plan (HSDP)
was launched in 1997 as the implementation frame-work of the health policy. The major foci of the
health policy are decentralization of the health care system, development of the preventive,
promotion, curative components of health care, assurance of accessibility of health care for all
segments of the population, and the promotion of participation of the private sector and NGOs in the

health sector.

In an effort to scale up coverage and equity of essential health services in line with the PHC
approach the country has formulated integrated delivery modes at all levels, taking into account the
referral system and nature of the services (promotion, preventive, curative and rehabilitative).
Availability of primary health care units increased from 20% to 100% for health posts. Since 2004,
the country has introduced a new community based health care system using lady health extension
workers that cater services at the door-steps of households and through schedulable outreach
programs. To this effect, the country has trained and deployed a total of 30,000 lady health extension
workers across the country, covering 2 HEWs per 5, 000 populations in all of the 16,000 villages or
kebeles, as locally are called the health extension workers, are currently providing a package of

integrated essential health services of which immunization services is a major component.

The latest NHA, April 2010 for Ethiopia revealed that priority health services such as maternal, child
health, and nutrition remained underfunded and donor dependent. The high Out-of-pocket (OOPs)
spending (37%) presents a major obstacle for accessing basic services particularly by the poor.
Though, according to the latest NHA, 2010, the overall country’s spending on health has improved
to 16.1 USD per capita, is still far from the recommended 15% of government allocation to the
health sector (Abuja agreement) as well as the 34 USD per capita expenditure required to achieve

essential health services coverage, including immunization services that has been recommended by



the Commission for Macro Economics and Health expenditure needed to make essential health

interventions (WHO, 2001).

To respond to the health workforce demand, a number of new training institutions have been
established and capacity enhanced. The curriculums have been reviewed with prime focus on the
community based and mid-level health professionals, such as health extension workers, nurses, and
health officers. Accelerated Health Officers (HO) Training Program (AHOTP) initiated. The number
of HO has increased from 683 in 2004 to about 3768 in 2009, and there are more ‘in the pipeline’
pursuing their AHOTP training. Health workforce density has grown from 0.25 per 1,000 population
in 2003/04 to the current 0.84 in 2008/09, ranging (2.8) in Harari to 0.47 in Somali region (FMOH,
2010). The number of Health Officers and HEWs has reached 3,500 and 30,000 respectively, while
there are currently enough nurses to meet a nurse to population ratio of 1:5,000 recommended by

WHO.

Incomplete immunization can put children at greater risk of acquiring an ailment. Vaccine efficacy is
affected by child’s nutrition status. The types of vaccines used in the developed and developing
world are different. Risk levels of various diseases are different in developing and developed
countries. Additionally, vaccinations are developed based on etiology of viruses and with
consideration towards preventing logistical hurdles to efficacy. For instance, oral polio vaccine is
used in many developing countries including Ethiopia due to their ease of use. OPV consists of live
attenuated vaccines and is administered as oral drops. This is easy to administer by health workers
with all levels of training. However, diarrhea is a problem among infants in Ethiopia and a child
suffering from diarrhea may purge the vaccine and not develop immunity. Injectable polio vaccine
(IPV), used in many developed countries consists of dead poliovirus strains and mitigates the effect
of diarrhea. However, IPV requires a higher level of training for the health worker administering the
vaccine and can pose a higher threat for children who do not complete all three vaccination dosage.
Similarly, different pertussis vaccines are used in developed and developing countries due to
perceived risk (Jadhav, Gautam, Gairola, 2009). Higher cost acellular vaccination is used in the US
and many developed countries due to lower perceived risk while a vaccination from the whole cell is

used in developing countries.



In addition to science, varied real world issues to ensure effectiveness and efficacy of vaccination
also have to be considered. Problems with cold chain storage of vaccines are a problem in rural parts
of Ethiopia (Kidane et al., 2003). Therefore, the vaccine reaching remote rural areas may not have
same efficacy as those available in the capital, Addis Ababa and other urban areas. 21% of Ethiopian
measles vaccinations administered were in fact ineffective (Kidane et al., 2006). Community
members’ experiences with vaccines can affect family’s perception of vaccine efficacy. Family
decisions around vaccination seeking are affected by perceived efficacy of vaccines. Given
geographic disparity in travel and time cost of vaccination, vaccination efficacy plays a role in
vaccination seeking. Some vaccines obtained after the age 12 month window recommended by EPI
are still effective, policies and recommendation that allow catch-up, when children have defaulted,

are needed for Ethiopia where the dropout rate is very high.

The Eight Millennium Development goals are end poverty and hunger, achieve universal education,
promote gender equality, reduce child mortality, improve maternal health, combat HIV/AIDS,
malaria and other diseases, ensure environmental sustainability, and develop a global partnership
(FMOH, 2010). These MDGs are health and social outcome objectives that were agreed upon by all
UN member nations in 2000 and are to be achieved by 2015. Looking at the fourth MDG, the aim is
to reduce the global child mortality rate by two-thirds. More than 10 million of the child deaths each
year are caused by lack of application of evidence based, cost effective prevention methods (Black et
al., 2003). Reducing child mortality has positive sequel such as reduced fertility, which can lead to
empowerment of women and can affect performance in the other MDGs. Also, reducing child
morbidity ensures that there is a healthy and robust generation contributing to society. Sub-Saharan
Africa is the lowest performing region in terms of MDG 4-reducing child mortality. Ethiopia is in
good progress in achieving the eight MDGs except fifth and eighth goals (Ethiopia-MDGs report,
2012).

Under-5 mortality rate in Ethiopia is 88/1000 (EDHS, 2011). In fact, a child in Ethiopia is 30 times
more likely to die before age 5 than a child in Western Europe (Roy, 2010). Children are the most
vulnerable segment of the population, but many of the ailments that cause death in this population
can be avoided by completion of routine childhood vaccination. Since the 1960s, prevention

methods such as childhood vaccination are the main reason for improvements in child survival in



developed world (Callreus, 2010). The global Universal Childhood Immunization initiative goal for
Routine Immunization (RI) is 80% coverage (Immunization). Ethiopia in 2010 has an aggregated
coverage rate of 61-75%, well below the international standard. Within Ethiopia, regional coverage

ranges from 4-92% (Roy, 2010).

Risk factors for not receiving childhood Immunization may be a combination of push and pull
factors. Both Ministry of Health efforts to immunize children (push) and parents demand for their
children’s vaccinations (pull) are needed to make RI and Supplemental Immunization (SI)
successful. In Ethiopia as in many developing countries, international organizations, such as the
World Health Organization (WHO), and The Global Alliance for Vaccine and Immunization
(GAVI), and bilateral partners such as United States Agency for International Development
(USAID), Centers for Disease Control (CDC) plays an important role in the success of immunization
efforts. Location of healthcare facilities; ratio of healthcare worker to patient; and seamlessness of
nongovernmental organization (NGO) efforts with Ministry of Health (MOH) efforts, can play a role
in the supply of vaccines. At the same time, community education efforts and vaccine promotion
campaigns can also affect the demand for childhood vaccines among parents and caregivers
(Andersson et al., 2009). Previous studies have demonstrated that behavior and characteristics of
parents and caregivers can give an indication of a child’s likelihood of being vaccinated (Tadesse,

Deribew and Woldie, 2008; Vandermeulen et al., 2008; Andersson et al., 2009).

1.2. Statement of the Problem

Inadequate levels of immunization against childhood diseases remain significant public health
problem in resource-poor areas of the globe (Mayinbe et al., 2005). The reason for incomplete
vaccination and non-uptake of immunization services are poorly understood. In Ethiopia, the EPI
targets eight diseases, namely tuberculosis, poliomyelitis, diphtheria, pertusis, tetanus, hepatitis B,
yellow fever and measles. The standard measure of vaccination coverage is the percentage of
children who have received the requisite number of vaccine doses irrespective of the age at receipt of
the vaccine (Luman et al., 2005). However, to maximal protection against vaccine-preventable
diseases, a child should receive all immunizations within recommended intervals (Glauber, 2003).
Receipt of vaccines at recommended ages and intervals insures that the child is adequately protected

from target diseases at all times.



Despite increases in routine vaccination coverage during the past three decades, the percent of
children completing the recommended vaccination schedule remains below expected targets in many
low and middle income countries (Roy 2010). In 2008, the World Health Organization Strategic
Advisory Group of Experts on Immunization requested more information on the reasons that
children were under-vaccinated (receiving at least one but not all recommended vaccinations) or not

vaccinated in order to develop effective strategies and interventions to reach these children.

Taking into account the above, this thesis will address the following research questions:
. What are some characteristics of parents and caregivers associated with incomplete
childhood vaccination in Ethiopia?
II. Do diversity of the population and their life style play a role in childhood immunization
incompletion?
III.  Are the group with high incomplete vaccination and the group with low incomplete
vaccination significantly different from each other?
IV.  Does maternal healthcare utilization have impact on childhood immunization status?
V. Do knowledge and attitude of mothers towards vaccine and vaccine preventable diseases
affect immunization status of a child?
VI.  Are there any identifiable differences among regions in rates of children who have received

incomplete vaccination?
1.3. Objective of the Study

1.3.1. General Objective
+ To identify risk factors that may influence childhood immunization incompletion in

Ethiopia.

1.3.2. Specific Objectives
+ To determine the probability distribution of children age 12 to 59 months vaccination
incompletion in the country and within the regions.

To evaluate and compare the performance of the region’s children age 12 to 59 months

1=

vaccination incompletion reduction.

+ To determine the extent of incomplete vaccination of children within and between regions.



1.4. Significance of the Study

According to guidelines developed by the World Health Organization, children are considered fully
vaccinated when they have received a vaccination against tuberculosis (BCG), three doses each of
the DPT and polio vaccines, and a measles vaccination by the age of 12 months. Taking into account
this EPI the study may provide information to stakeholders in achieving the target goals about
children immunization. Further it enables to fill the gap that there is little research done in Ethiopia
on explaining the variability rather than determining risk factors of under five children vaccination

incompletion.



CHAPTER TWO

LITERATURE REVIEW

2.1. Immunization Coverage and EPI program in Ethiopia

Immunization coverage is one of the indicators used to monitor progress towards the achievement of
MDG4. Childhood immunization coverage is fairly low in Ethiopia. The 2011 EDHS report
indicates that, only 24 percent of children age 12-23 months was fully vaccinated at the time of the
survey. While this represents a 19 percent increase from the level reported in the 2005 EDHS, the
percentage of children who are fully vaccinated remains far below the goal of 66 percent coverage

set in the HSDP IV (MOH, 2010).

Considering coverage for specific vaccines, 66 percent of children had received the BCG vaccine,
and 56 percent had received the measles vaccine. A relatively high percentage of children received
the first DPT dose (64 percent). However, only 37 percent received the third dose of DPT, reflecting
a dropout rate of 43 percent. More than eight children of every ten (82 percent) received the first
dose of polio, but only about four in ten (44 percent) received the third dose, reflecting a dropout rate
of 46 percent. Even though DPT and polio vaccines are often routinely administered at the same

time, polio coverage is higher than DPT coverage (EDHS Report, 2011).

Incomplete immunization has been the main cause of several outbreaks of vaccine preventable
diseases. In Ethiopia Childhood Immunization, complete 12 months, provide immunity against

tuberculosis, poliomyelitis, tetanus, diphtheria, pertussis, and measles (Kidane, 2006).

The Ethiopia EPI was started in 1980 with an intention of reaching 100% coverage by 1990 (WHO:
Expanded program on immunization). The EPI program in Ethiopia is administered by the Ministry
of Health with technical support from the WHO and other organizations. International partners
provide extra support in expanding coverage of EPI. For instance, the Reaching Every District
(RED) approach is collaboration with the WHO, USAID, UNICEF, Global Alliance for Vaccines
and Immunization (GAVI), and Centers for Disease Control (CDC) (Kidane, 2006). The RED
approach consists of strengthening social mobilization activities, and developing culturally

appropriate behavioral change communication strategies (Berhane, 2008).



Studies have shown inconclusive results of the necessity for birth dose of oral polio vaccine (OPV)
(Benn et al., 2008). However, it is recommended for added protection in regions with high poliovirus
prevalence. Women of child bearing age receive tetanus toxoid vaccine to protect their unborn
children. In 2007, the EPI schedule for developing countries was updated to include a pentavelent
consisting of the tetravalent of DPT and Hepatitis B and Haemophilus Influenza type B (HIB) (Roy,
2010).

In Ethiopia, given on routine and outreach bases, the vaccination policy calls for BCG vaccine given
at birth or at first clinical contact, three doses of DPT-HepB-Hib vaccine given at approximately 4,
8, and 12 weeks of age, four doses of oral polio vaccine given approximately at 0-2, 4, 8, and 12
weeks of age, and measles vaccine given at or soon after reaching 9 months of age (EDHS Report,
2011).

Table 2.1 Schedule of EPI Routine program

Vaccine Disease Age

BCG Tuberculosis At birth

DPT Diphtheria, Pertussis, Tetanus 6, 10, 14 weeks

OPV Polio At birth, 6, 10, 14 weeks
Measles Measles 9 months

Source: Roy, 2010

2.2. Factors Affecting Uptake of Complete childhood Immunization

A review of literature suggests that vaccination defaulting occurs in many types of settings. Socio-
demographic characteristics of the general population, caretakers, cultural factors, knowledge of
mothers/caretakers, characteristics of child, family size, maternal healthcare utilizations, and

accessibility of services influence uptake of childhood immunization.

2.2.1. Geography and Governance

The diversity of the population, geography and their lifestyle plays a role in child immunization.
Ethiopia has a federal governance system. The nine regional states and two chartered cities of
Ethiopia are divided based on cultural and linguistic lines. The nine regional states consist of Afar,

Benishangul-Gumuz, Gambella, Harari, Oromiya, Somali, the Southern Nationals, Nationalities and
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Peoples Regional State (SNNP) and Tigray. The two administrative cities are Dire Dawa and the
capital, Addis Ababa. This system was established in the 1994 constitution and was instituted as a
means for providing the right of self-governance to identity groups, thus furthering democratic
governance (United Nations Statistics Division). Religion, food, livelihood and other cultural

practices vary from region to region.

The Great Rift Valley, which is caused by two divergent plates, runs across Ethiopia. This geologic
feature also creates varied topography with 116m (381 ft) below sea level in the Afar Depression to
4,620m (15,157 ft) above sea level in Ras Dashen Mountain in North Gondar. Child immunization
providers in Ethiopia have the burden of reaching very diverse populations. The cultures of the
population at each elevation are shaped by the geography. Different types of food is grown and
consumed at each elevation and nutrition status of children also varies due to geography and issues
of access. lodine deficiency is prevalent in the mountainous areas and Vitamin A deficiency is an
issue in Amhara and Tigray (Kaluski, Ophir and Amede, 2002). Vitamin A deficiency is a risk factor
for acquiring measles, a vaccine preventable disease contributing to child mortality in Ethiopia
(Yang et al., 2005). Depending on the elevation and location, the availability of clean water may
vary. Lack of clean water can lead to diarrhea in infants and loss of efficacy in vaccines administered

orally.

Ethiopia has seasonal monsoons. Poor roads are made more hazardous during this time, which has
implications for both transportation of vaccines from the capital to peripheral areas, and parents
ability to travel to immunization sites. Pastoralists who travel seasonally live in Afar and Somali

regions. Nomadic people must be reached in a different way than sedentary populations.

2.2.2. Socio-Demographic Characteristics of Parents/Caretakers

A number of economic characteristics of families affect the underlying tendency to default on
childhood immunization. Ethiopia ranked 174w out of 187 in the United Nations Development
report’s, a ranking of various social and economical factors that affect life chances (Human
Development Report, 2011). The Human Development Report gives an indication of Ethiopia’s
standing in the world stage and some indication for the economic wellbeing and standard of living in
Ethiopia, which may affect decisions around childhood vaccination uptake. Economically, the cost-

benefit analysis at the household level may deter parents from demanding child immunization. For
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parents and caregivers, the present cost of vaccination may surmount the possible cost of future
illness (Andersson et al., 2009). Family income has been seen to be a significant predictor of
vaccination defaulting. Additionally, education, which is closely related to income and other means
of social capital, is also a factor that influences vaccination uptake. Analyses of DHS data from 22
countries have shown that maternal education is significantly associated with child immunization.
Studies have also seen a similar link with paternal education (Vandermeulen et al., 2008; Reading,

Surridge and Adamson, 2004).

A comparative study done among slum and non slum dwellers in Bangladesh children age of 12-23
months of age in three zone of Dhaka demonstrated that complete coverage is associated with
educational status of the mother, income and living conditions (Kidane et al., 2006). The study
revealed that mothers with lowest education, households with limited monthly income and people
living in slum area were less likely to complete a child immunization. It is also indicated that
children whose mothers were born in a rural area or an urban slum, and those whose mothers were
aged less than 30 years are 0.35 and 0.43 times less likely to be fully immunized respectively (H.
Perry et al., 1998). But in Kenya young age of mothers was associated with high immunization

coverage as compared with the older mother (N. Kamau and F.O. Esami, 2001).

In other cross sectional study done in Burkina Faso educational status of mother is significantly
associated with complete childhood immunization. Religion also shows a significant association
with the immunization status of the children in which children of non Muslim followers were 1.8
times more likely to complete immunization than other religions (Aboubakary et al., 2009). A study
done in 2004 from reanalysis of the DHS data of Bangladesh compares the educational status of
mothers of children less than five years of age indicated that mothers who had primary, secondary
and higher education were more likely to fully immunize their children than those with no education
(WHO, 1998). In the study age of mothers was also another determinant of child immunization
status in which children of middle age mothers are more likely to be fully immunized than children

of youngest and oldest mothers (Mosiur, 2010).

A case control study done in Wanago woreda Southern Ethiopia in 2008 identified monthly income

as the only factor associated with defaulting from immunization (Tadesse et al., 2008). But other
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socio demographic factors such as family size, age of the mother or immediate care taker,
occupational status, ethnicity, religion, parity, and educational status does not show an association
with defaulting. In contrast to this study from Tikrit city indicates that urban resident (being urban or
rural), educated mothers and those who have 2 and less children were more likely to complete the
recommended vaccine (Sarab et al., 2008). Also mothers age and mothers job were significantly

associated with complete childhood vaccination.

A study done on risk factors for childhood immunization incompletion in Ethiopia showed that type
of residence, region and wealth index were the only significant characteristics in predicting the
likelihood of a child being vaccinated. A child from the regional state of Tigray had a higher
likelihood (OR: 1.779 [95% CI: 1.265-2.501]) of being vaccinated than a child from the capital,
Addis Abeba. However, children from all other regional states and the city state of Dire Dawa were
less likely to be fully vaccinated than Addis Abeba. Urban children were more likely to be
vaccinated than rural children (OR: 0.444 CI [0.342-0.576]). Additionally, children from the richest
quintile were more likely to be vaccinated than any other wealth quintile. Other characteristics such

as parents’ education and age were not significant (Roy, 2010).

2.2.3. Parity, Birth Order and Sex of Child

A review done in India from 1996- 2006 showed that girls were found to have significantly lower
immunization coverage than boys for BCG, DPT, and measles (Daniel et al., 2009). In a study done
in Bangladesh also females are 0.84 times less likely to be fully vaccinated than male children
(WHO, 1998). But another study done in Nigeria in 2003 showed no significant sex difference
(Diddy, 2009). In 2006 Ethiopian EPI survey also showed that no statistically significant difference

between girls and boys with regard to their immunization status (Kidane et al., 2006).

One aspect of social capital, male gender of child is seen to have a better effect on child outcome in
many developing countries. In Ethiopia, this is not the case. Male infant mortality in Ethiopia is
higher than the female infant mortality (G/Mariam, 2005; EDHS, 2005). According to Kidane, sex of
child was not significant factor in vaccination uptake (2006). A study of child immunization uptake
in the UK found that children in larger families were more likely to have incomplete immunization
(Reading, Surridge and Adamson, 2004). Children of low parity households in Ethiopia were also
more likely to be vaccinated than those in high parity families (Kidane, 2006). Tadesse et al., did not
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find that family size, age of mother, ethnicity, religion or educational status were associated with

defaulting in their study in Southern Ethiopia (2008).

In a study done on the risk factors for childhood immunization incompletion in Ethiopia, being fifth
or above in the family showed strong association with vaccination incompletion. In many countries,
health programs shaped around birth spacing have been successful in raising health outcomes of both
maternal and child health. Emphasis on birth spacing can have an impact on vaccination demand and

vaccination seeking behavior among parents (Roy, 2010).

2.2.4. Maternal Healthcare Utilization

Maternal health utilization like antenatal care, TT vaccination of mothers and place of delivery are
factors that are associated with the immunization status of children. Studies indicated that mothers
who follow ANC and give birth at health facility are more likely to fully vaccinate their children.
Some studies also show that attendant at birth has an impact on the immunization status of children.
For example study done in 2001 in rural Mozambique shows that home delivered children has a 2.27

times higher risk of not completing their vaccination program (Jagrati et al., 2008).

In a study done on factors affecting immunization status of children aged 12-23 months in Ambo
woreda, West Shewa Zone of Oromia Regional State, children of mothers who had followed
antenatal care during their pregnancy were 8.7(95% CI: [5.5, 13.8]) times more likely to be
immunized than those who do not, but the number of times the mother received the care has not
significantly associated. Beside this, children of mothers who had received 1-2 doses of tetanus
toxoid vaccine were 3.7(95% CI: [2.25, 6.2]) and those of received three or above doses were
11.1(95% CI: [5.9, 20.5]) times more likely to be vaccinated than children whose mother did not
received (Belachew, 2011).

2.2.5. Knowledge of Mothers /Care takers on Immunization

Knowledge about vaccination is attained through various channels including interaction with
healthcare centers. Knowledge and attitude toward vaccination and vaccine preventable disease
affects the immunization status of a child. A study done in Nigeria on determinants for immunization
status of children in rural area showed that mothers of higher knowledge were more likely to fully
immunize their children, more than half of mothers can correctly call the symptoms of vaccine

preventable disease, and 99% of the mothers felt immunization is good for their child (Olumuyiwa
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et al., 2008). Mothers and caretakers who did not know the schedule of vaccines and the benefits of
immunization were 6 times more likely to have defaulter children (Tadesse et al., 2008; Kidane et

al., 2006).

Interpersonal communication between community members and spousal communication has lead to
diffusion of modern health practices (Valente and Saba, 2008). Since, the positive effect of
interpersonal communication can be strong; it can also have a negative effect of keeping families
from taking up beneficial health practices. This form of communication may further exacerbate the
effects of healthcare access by compelling families to have negative attitudes towards immunization

or perceiving it as an extra burden rather than normalizing it as part of life (Roy, 2010).

2.2.6. Access

Parental self-efficacy about child immunization is affected by structural access to health facilities. A
national survey of defaulters in Ethiopia showed that kebeles (districts) with Health Extension
Workers (HEW) were more likely to have higher coverage. Also, kebeles where the immunization
sites were within 1 hour of walking distance had higher coverage than those with longer walking
distance (Kidane, 2006). Mothers, who can receive continuity of care after childbirth through a
health facility, may seek immunization for their child. Mothers who used post-natal health services

were more likely to complete vaccination (Tadesse et al., 2008).

Different studies showed the importance of availability and accessibility of health facility in
immunization coverage. Families nearer to the health facility are more likely to complete the
immunization than those far from it. A cross sectional study made in India, Assam district showed
that immunization status of the children was significantly higher where the distance of the health
centre was less than 2km compared with those residing in remote inaccessible areas with a distance

of greater than Skm to the health centre (Rup et al., 2008).

Another cross sectional study done in Sudan showed that walking time to the nearest place of
vaccination strongly influenced the correct vaccination status of the child. Children of mothers who
have better access to vaccine services (less than 30 minutes walking time to the nearest place of
vaccination) were 3.4 times more likely to have had the correct vaccinations than children of

mothers who have to walk 30 minutes or longer (Ibnouf et al., 2007).
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2.3. Review on Statistical Models

2.3.1. Logistic Regression

The use of logistic regression modeling has exploded during the past decade. From its original
acceptance in epidemiologic research, the method is now commonly employed in many fields
including but not nearly limited to biomedical research, business and finance, criminology, ecology,
engineering, health policy, linguistics and wildlife biology. At the same time there has been an equal
amount of effort in research on all statistical aspects of the logistic regression model (Hosmer and

Lemeshow, 2000).

Regression methods have become an integral component of any data analysis concerned with
describing the relationship between a response variable and one or more explanatory variables. It is
often the case that the outcome variable is discrete, taking on two or more possible values. Over the
last decade the logistic regression model has become, in many fields, the standard method of

analysis in this situation.

What distinguishes a logistic regression model from the linear regression model is that the outcome
variable in logistic regression is binary or dichotomous. This difference between logistic and linear
regression is reflected both in the choice of a parametric model and in the assumptions. Once this
difference is accounted for, the methods employed in an analysis using logistic regression follow the

same general principles used in linear regression (Hosmer and Lemeshow, 2000).

2.3.2. Multilevel Model
Multilevel analysis is a methodology for the analysis of data with complex patterns of variability;

with a focus on nested source of variability: eg., pupils in class, employees in firms, suspects tied by
judges in courts, animals in litters, longitudinal measurement of subjects, etc. In the analysis of such
data, it usually is illuminating to take account of the variability associated with each level of nesting.
There is a variability, eg., between pupils but also between classes, and one may draw wrong
conclusion if either of these sources of variability is ignored. Multilevel analysis is an approach to
the analysis of such data including such techniques as well as the methodology how to use these. The
name of multilevel analysis is mainly used in the social sciences (in wider sense; sociology,
psychology, education, economics, criminology, etc.), but also in other fields such as epidemiology,

bio-medical sciences, engineering, agriculture, public health, etc (Snijders and Bosker, 1999).
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In its present form multilevel analysis is a stream which has two tributaries: contextual analysis and
mixed effects model. The former focuses on the effect of the social context on the individual
behavior while the later is the statistical models in the anova and regression analysis where it

assumes that some of the coefficients are fixed and others are random (Snijders and Bosker, 1999).
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CHAPTER THREE

DATA AND METHODOLOGY

3.1. Data Source
The Demographic and Health Survey (DHS) is a periodic cross-sectional survey administered at the

household level, funded by USAID, in many middle and low income countries. The first Ethiopia
DHS was conducted in 2000 and then subsequently in 2005 and 2011. For this analysis, data from
the 2011 Ethiopia DHS were used. In addition to the USAID, the EDHS are funded by several other
international partners and the Ethiopian Ministry of Health. The nationally representative EDHS
2011 data was collected under the guidance of the Central Statistical Agency of Ethiopia.

Administratively, regions in Ethiopia are divided into zones, and zones, into administrative units
called woredas. Each woreda is further subdivided into the lowest administrative unit, called kebeles.
During the 2007 census each kebeles was subdivided into census enumeration areas (EAs), which
were convenient for the implementation of the census. The 2011 EDHS sample was selected using a
stratified, two-stage cluster design and EAs were the sampling units for the first stage. The sample
included 624 EAs, 187 in urban areas and 437 in rural areas (EDHS Report, 2011). EA is similar to
a census tract used by the US Census. In the census frame, EAs are developed at the Woreda level

(see Figure 3.1). Each EA was either totally urban or rural and were grouped by administrative

Woreda (EDHS, 2011).

Region+Adminisrtative City

(9 regional States

|
l\ +2 administrative cities)
b :

A

Zones (collection of Woredas)

Woreda(collection of kebeles)

Kebele (smallest administrative unit)

-

Figure 3.1 Ethiopia Administrative Divisions
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Households comprised the second stage of sampling. A complete listing of households was carried
out in each of the 624 selected EAs from September 2010 through January 2011. Sketch maps were
drawn for each of the clusters, and all conventional households were listed. The listing excluded
institutional living arrangements and collective quarters (e.g., army barracks, hospitals, police

camps, and boarding schools).

The sample for the complete 2011 EDHS survey was 17,817 households. However, for this analysis,
only one portion of the EDHS data pertaining to maternal and child health is analyzed. The sample
used in this data consists of 11,654 women age 15-45 respondents. Of these respondents, 6,797 had

children age 12-59 months who have had either complete or incomplete vaccination.

3.2. Variable Description

3.2.1.Response Variable

The response variable, Y of this study is the vaccination status of immunized children 12-59 month
of age in Ethiopia for the period 2005-2010. A child between 12 and 59 month of age is said to be
completely vaccinated if he/she receives one BCG, three doses of DPT, at least three doses of OPV
and a measles vaccine. A child that misses at least one dose of the eight vaccines is said to be
partially vaccinated and unvaccinated if he/she does not receive any dose of the eight vaccines, and
vaccinated if he/she takes at least one dose of the eight vaccines.

1, ifa childis partially vaccinated
:{O, if a child is completely vaccinated

3.2.2. Explanatory Variable
The predictor variables for this study are given in the following table.

Table 3.1 Description of Predictor Variables

Variable | Description Codes/Values Name
1 Identification number 1-6797 D
1="15-19"
2 ="20-24"
3="25-29"
2 Age of mother in 5-year groups MAGE
4 ="30-34"
5 = "35-39"
6 = "40-44"
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7 = "45-49"

1="Tigray"
2 ="Affar"
3 ="Ambhara"
4 ="Oromiya"
5 ="Somali"
3 Region 6 = "Benishangul-Gumuz" REGION
7 ="SNNP"
8 ="Gambela"
9 ="Harari"
10 = "Addis Ababa"
11 = "Dire Dawa"
4 Type of place of residence 1= "Urban” RESIDENCE
2 ="Rural"
0 = "No education"
5 Highest educational level of mother 1= "Primary” MEDUC
2 ="secondary"
3 ="Higher"
1 ="Orthodox"
2 ="Catholic"
6 Religion 3 = "Protestant” RELIGION
4 ="Muslim"
5 ="Traditional"
6 = "Other"
7 Sex of household head 0="Male” SHH
1 ="female"
0 ="Not at all"
8 Frequency of listening to radio 1 ="Less than once a week" FLRADIO
2 ="At least once a week"
0 ="Not at all"
9 Frequency of watching television 1 ="Less than once a week" FLTV
2 ="At least once a week"
1 ="Poorest"
2 ="Poorer"
10 Wealth index 3 = "Middle" Wi
4 ="Richer"
5 ="Richest"
11 Number of living children Number NLCHILD
0 = "No education"
12 Husband/partner's education level 1= "Primary” HEDUC

2 ="secondary"

3 ="Higher"
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1 = ||1_3||
13 Birth order number 2="4-6" BORD
3 ="more than 6"
14 | Sexof child 0= "Male SCHILD
1 ="Female"
15 Prenatal care : health professional 0="no" PRENA
1 - |lyeS|I
16 Assistance: health professional 0="no" ASSIST
1 - |lyeS|I
. 0 ="home"
17 Place of delivery DELIVERY
1 =" health facility"
) ) ) 0 - ||nou
18 Wise to have a balanced family life = veer WTHBFL
="yes

3.3. Methodology

3.3.1. Binary Logistic Regression
Logistic regression is a popular modeling approach when the dependent variable is dichotomous,
ordinal or multinomial. It allows predicting the log odds of outcomes of a dependent variable from
a set of variables that may be continuous, discrete, categorical, or a mix of any of these. The most
attractive feature of a logistic regression model is that it neither assumes linearity in the relationship
between the covariates and the outcome variable, nor does it require normally distributed variables.
It also does not assume homoscedasticity and in general has less stringent requirements than linear
regression models. Thus logistic regression is used in a wide range of applications leading to binary
dependent data analysis ( Agresti, 2002). The error term in binary logistic regression is distributed
binomially, not normally. Consequently, the response variable in logistic regression is not restricted
to normality in case of parameter estimation. Because of this logistic regression is the most popular
method of analyzing binary response data. There are two primary reasons for choosing the logistic
regression. First from mathematical point of view it is an extremely flexible and easily used
function, and second it lends itself to a clinically meaning full interpretation (Hosmer and
Lemeshow, 2000). Logistic model, as compared to its competitor the probit model, is less sensitive

to outliers.

In instances where the independent variables are categorical or a mix of continuous and categorical,

logistic analysis is preferred to discriminant analysis (Agresti, 2007). The assumptions required for
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statistical tests in logistic regression are far less restrictive than those for ordinary least squares
regression. There is no formal requirement for multivariate normality, homoscedasticity, or linearity
of the independent variables within each category of the response variable. However, the
assumptions that apply to logistic regression model include: meaningful coding, inclusion of all
relevant and exclusion of all irrelevant variables in the regression model and low error in the
explanatory variables, the dependent variable must be a dichotomy, the categories (groups) must be
mutually exclusive and exhaustive; a case can only be in one group and every case must be a
member of one of the groups, and larger samples are needed than linear regression because
maximum likelihood coefficients are large sample estimates. A minimum of 50 cases per predictor is

recommended.

Logistic regression determines the impact of multiple independent variables presented
simultaneously to predict membership of one or other of the two dependent variable categories.
There are two main uses of logistic regression. The first is the prediction of group membership.
Since logistic regression calculates the probability of success over the probability of failure, the
results of the analysis are in the form of odds ratio. Logistic regression also provides knowledge of

the relationships and strengths among the variables.

3.3.1.1. Odds, Log odds and Odds Ratio

Odds=PO =D __pG=lx) _ 7 [3.1]
p(y=0/x) 1-p(y=1/x) 1-x

The odds indicates how often something (e.g., y=1) happens relative to how often it does not happen
(e.g., y=0), and ranges from 0 when p(y = 1/x) = 0 to o when p(y = 1/x) = 1. The log of the

odds known as the logit ranges from —oo to oo.

Vs 1 x5 - xg,
Let Y=]|:!]| be nxl vector of 0 and 1, X = 1 *21 x:z” =[1 X, - X,] be
Yn LT '
1 Xp1 - xnp

n*(p+1) matrix of p-predictor variables where the first (leading) column is a column of 1’s
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Bo

corresponds to the constant or intercept of logistic regression equation, and 8 = ﬁ:l be a (p+1) x1

By
vector of parameters.
Then the model that is linear in the logit (the log odds function) is:
_ o p(y=1/x) \ _
g(x) =logit =In (—1_p(y=1/x)) =X'p [3.2]

Solving to p(y=1/x)=x assuming that the explanatory variables are either interval or nominal

scale:

p(y = 1/x) = = P& ﬁ)/l texp(X'B) = exp(PotPrat+Ppxp) [3.3]

1+exp(Bo+P1x1++BpXp)

In general, if a nominal scaled variable has [ possible values or levels, then [ — 1 design variables

will be needed.

From [3.3] the odds are given as:

Odds = ﬁ =exp(X'B) = exp(,[i’o + B1x; + -+ ﬂpxp) [3.4]
In logistic regression analysis, it is assumed that the explanatory variables affect the response
variable through a suitable transformation of odds of the probability of success, m. This
transformation is a suitable link function of 7 and is called the logit -link, which is defined as:

T

logit() = In(——) = In(exp(X' B)) = X' B [3.5]

-7
The transformed variable denoted by logit(7) is the log-odds and is related to the explanatory
variables as:
logit(m) = g(X) = X'B = Bo + Prx1 + - + Bpxp [3.6]
The above equations give suitable representations of the success probability, odds, and log-odds.
Indeed, these representations facilitate interpretations of parameter estimates. The parameter f3;
refers to the effect of x; on the log- odds for ¥ =1 controlling the other X’s in the model. For

predictor variables having [ levels (/ > 2), interpretation can be made by making one of the /-levels

as a reference category.
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The odds ratio ¥ is defined as the ratio of the odds for those with the risk factor to the odds for

those without the risk factor. The log of the odds ratio is given by:
log (lp(xj =1,x = 0)) = g(xj = 1) —glx; =0)=pj, forj+l
3.3.1.2. Parameter Estimation
The most commonly used method of estimating the parameters of a logistic regression model is the
method of Maximum Likelihood (ML) instead of Ordinary Least Squares (OLS) method. Due to this

reason the ML method based on Newton-Raphson iteratively reweighted least square algorithm

becomes more popular with researchers (Ryan, 1997).

The sample likelihood function is, in general, defined as the joint probability function of the random
variables whose realizations constitute the sample. Specifically, for a sample of size n whose
observations are(y1, Y2» ", V), the corresponding random variables are(Y;, Y2, -, Y).
Since the Y; is a Bernoulli random variable with probability of success m;, the probability mass

function of Y] is:

- 1
f(yl):ﬂ‘-ly[(l_ﬂ'l)l Y, , yi:{o fO}" i=1,2,...,n [37]

Since the observations are assumed to be independent, the likelihood function is obtained as the

product of the marginal distribution given in expression (3.7) as follows:
— [ 7Y 1-y;
LB)=1lz (1-7;) 1] 3.1

The principle of maximum likelihood states that we use the estimate of § that maximizes the
likelihood function. However, it is easier mathematically to work with the log likelihood function.

The log likelihood function is:

[3.9]

z(/f>=1n<L(,6’>>:i§y,.ln[l”" j+,§1n(1-m)

—TT; i=1

To find the value of f that maximizes the log likelihood we differentiate [3.9] with respect to f and
set the resulting expressions equal to zero. These equations, known as the likelihood equations, are

given as:
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Yiea(yi—m) =0and YL x;;(y; —m) =0forj=1,2,..,p [3.10]
For logistic regression the expressions in equation (3.10) are nonlinear in f and thus require special
methods for their solution. These methods are iterative in nature and have been programmed into
available logistic regression software. As such, it represents the fitted or predicted value for the
logistic regression model. An interesting consequence of equation (3.10) is that the sum of the

observed values of y is equal to the sum of the predicted (expected) values.

A [3.11]

In fact, the maximum likelihood estimates of £ in the multiple binary logistic regression models are
those values of  that maximize the log-likelihood function. No closed form solution exists for the
values of ,[? that maximize the log-likelihood function. Computer-intensive numerical search
procedures are therefore required to find the maximum likelihood estimates ,[? and hence 7,
because multiple logistic regression model computes the probability of the selected response as a
function of the values of the predictor variables. There are several widely used numerical search
procedures, one of these employs iteratively reweighted least squares algorithm. In this study, we
shall rely on standard statistical software programs specifically designed for logistic regression to

obtain the maximum likelihood estimates of parameters.

3.3.1.3. Significance Test
The significance test of the model can be assessed in two ways first by testing the overall model, and

second by testing the significance of each explanatory variable in the model.

3.3.1.3.1. Testing the Significance of the Overall Model

A logistic model is said to provide a better fit to the data if it demonstrates an improvement over the
intercept-only model (also called the null model). An intercept-only model serves as a good baseline
because it contains no predictors. After all explanatory variables are added to the model, an
improvement over this baseline is examined by using the likelihood ratio tests, Wald tests, score

tests.
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i. The Likelihood Ratio (LR) Test

The Likelihood Ratio (LR) test is performed by estimating two models and comparing the fit of one
model to the fit of the other. Removing predictor variables from a model will almost always make
the model fit less well (i.e., a model will have a lower log likelihood), but it is necessary to test
whether the observed difference in model fit is statistically significant. The likelihood ratio test does
this by comparing the log likelihoods of the two models; if this difference is statistically significant,
then the less restrictive model (the one with more variables) is said to fit the data significantly better
than the more restrictive model. The likelihood ratio test is performed to test the overall significance

of all coefficients in the model on the basis of test statistic:
G = —-2[-logLy, — (—logL,)], [3.12]
where Lo and L, are the likelihood of the null and saturated model respectively.

Under the null hypothesis the statistic G has chi-square distribution with degrees of freedom equal to
the difference in the number of degrees of freedom between the two models and plays the same role

in logistic regression as the numerator of the partial F-test does in linear regression.

2 2 2 [3.13]
G~Xrwp-ar L)X (ps-1)" X p

So the P-value for the testis p(x2 > G).
ii. Wald Test

Wald test statistic W is obtained from the following vector-matrix calculation:

W = Bvar(B)] B = FX'VX)E ,v=diag(R,(1—#)),i=1,..,n [3.14]
, which will be distributed as chi-square with p + [ degrees-of-freedom under the hypothesis that
each of the p + [ coefficients is equal to zero. Since evaluation of this test requires the capability to
perform vector-matrix operations and to obtain 3 , the maximum likelihood estimator of f3, there is
no gain over the likelihood ratio test of the significance of the model.
Remark
The method of estimating the variances and covariances of the estimated coefficients follow from

well-developed theory of maximum likelihood estimation. This theory states that the estimators are
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obtained from the matrix of second partial derivatives of the log likelihood function. These partial

derivatives have the following general form:

LD _ s ra-7) [3.15]
aﬁj i=1
, and
2
L n
R =_insz'17[f(l_7[,~) [3.16]
i=1

BB, -

For j,1 =0,1,2,..,p wherem; denotes m(x;). Let the (p + 1)x(p + 1) matrix containing the
negative of the terms given in equations (3.15) and (3.16) be denoted as I(f). This matrix is called
the observed information matrix. Its estimated value is given as [ (,[?) = X'VX where X is an n by (p
+1) matrix containing the data for each subject, and V is an n by n diagonal matrix with diagonal

element 7;(1 — ;). That is, the matrix X is

1 xll cee xlp
X = 1 o1 o x:ZP , and the matrix V is
1 X o X
k) 0 o
0 (-7
V= . 2( 2)
: 0 - -
0 0 #,(1-%,)

The variances and covariances of the estimated coefficients are obtained from the inverse of the

information matrix which we denote as var(,[?) =T ‘1(,[?). The standard errors of the estimated

. ol
coefficients, which we will denote as, SE(,B]-) = [var(ﬁj)] /2 for j=0,1,2,..,p.

iii. Score Test

The score test for the significance of the model is based on the distribution of the p derivatives of

L(B) with respect to . The computation of this test is in the same order of complication as the

Wald test.
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3.3.1.3.2. Significance Tests for Individual Predictors

This involves formulation and testing of a statistical hypothesis to determine whether the
independent variables in the model are "significantly" related to the outcome variable. To determine
the significance of the independent variables, we can use the Wald statistic and the likelihood ratio

test.

3.3.1.4. Goodness of Fit for Logistic Regression

Suppose we denote the observed sample values of the outcome variable in vector form as
y Where Y' = (y1,¥,, ..., ) and we denote the values predicted by the model, or fitted values, as Y
where Y’ = (91,95, ..., 9»). We conclude that the model fits if (1) summary measures of the
distance between Y and ¥ are small and (2) the contribution of each pair (y;,9;),i = 1,2,..,n to

these summary measures is unsystematic and is small relative to the error structure of the model.

Goodness-of-fit is assessed over the constellation of fitted values determined by the covariates in the

model, not the total collection of covariates. For instance, suppose that our fitted model contains p
independent variables, X' = (xl,xz, ...,xp) and let / denote the number of distinct values of
X observed. If some subjects have the same value of X, then /] < n. We denote the number of
subjects with X = x; by m; forj=1,2,...,J. It follows that Z§=1mj =n. Let y; denote the
number of responses with y = 1 among the m; subjects with X = x;. It follows that Z;zl yi=nq,

the total number of subjects withy = 1.

In linear regression, summary measures of fit, as well as diagnostics for case wise effect on the fit,
are functions of a residual defined as the difference between the observed and fitted value (Y - 17).
In logistic regression there are several possible ways to measure the difference between the observed
and fitted values. To emphasize the fact that the fitted values in logistic regression are calculated for

each covariate pattern and depend on the estimated probability for that covariate pattern, we denote

exp(@(xj)>
1+exp(§(xj)>

the estimated logit. If model fits well, then the plot of observed versus the fitted counts close to 45

the fitted value for the j* covariate pattern as y; where J; = m;fi; = m; where g (xj) is

degree line through the origin.

28



Two measures of the difference between the observed and the fitted values are the Pearson residual
and the deviance residual. For a particular covariate pattern the Pearson residual is defined as

follows:

YiTm;x; [3.17]

, and the deviance residual is defined as

b

Y. m;—y; [3.18]
]A +(mj—yj)lﬂ J A]

d(y » #)=%42 yjln{
, where the sign, + or -, is the same as the sign of ( y;—m. f[j). In general for logit model we use
J

the following measures for goodness of fit:

i. Chi-Square Goodness Of Fit and Deviance Tests

The summary statistic based on the Pearson residuals is the Pearson chi-square statistic
J A
x=$o ,-ij))z 13.19]
Jj=1
The summary statistic based on the deviance residuals is the deviance

D = ﬁl(d(yj,f:j))z [3.20]
i

The distribution of the statistics X? and D under the assumption that the fitted model is correct in all
aspects is supposed to be chi-square with degrees-of-freedom equal to /] — (p + 1) and this is true

under n — asymptotics and m — asymptotics. The p -values calculated for these two statistics

when | = n, using the )((Zj_p_l) distribution, are incorrect.
ii. The Hosmer-Lemeshow Tests

Hosmer and Lemeshow (1980) proposed grouping based on the values of the estimated probabilities.
Suppose for sake of discussion, that J = n. In this case we think of the n columns as corresponding
to the n values of the estimated probabilities, with the first column corresponding to the smallest
value, and the n** column to the largest value. Two grouping strategies were proposed as follows:
(1) collapse the table based on percentiles of the estimated probabilities and (2) collapse the table
based on fixed values of the estimated probability. With the first method, use of g = 10 group
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results in the first group containing the n; = n/lO subjects is having the smallest estimated

probabilities, and the last group containing the n;, = n/10 subjects having the largest estimated
probabilities. With the second method, use of g = 10 groups results in outpoints defined at the
values k/ 10 ,k=1,2,...,9, and the groups contain all subjects with estimated probabilities between
adjacent outpoints. For example, the first group contains all subjects whose estimated probability is
less than or equal to 0.1, while the tenth group contains those subjects whose estimated probability is
greater than 0.9. For the y = 1 row, estimates of the expected values are obtained by summing the
estimated probabilities over all subjects in a group. For the y = 0 row, the estimated expected value
is obtained by summing, over all subjects in the group, one minus the estimated probability. For
either grouping strategy, the Hosmer Lemeshow goodness-of-fit statistic,C, is obtained by
calculating the Pearson chi-square statistic from the gx2 table of observed and estimated expected

frequencies. A formula defining the calculation of C is as follows:

—~ = \2
¢ =y9_ L™ Hoomer and Lemeshow, 2000) [3.21]

- k=1 n,’(ﬁk(l—ﬁk)
where n’, is the total number of subjects in the k" group, c; denotes the number of covariate

patterns in the k" decile, 0, = Z;’;l y; is the number of responses among the ¢; covariate patterns,

_ m;ft; : . o
and T, = Z;’;l 7 / n', 1 the average estimated probability.

Using an extensive set of simulations, Hosmer and Lemeshow (1980) demonstrated that, when ] = n
and the fitted logistic regression model is the correct model, the distribution of the statistic € is well

approximated by the chi-square distribution with g — 2 degrees of freedom, )((zg_z).

iii. Classification Tables
In this approach, estimated probabilities are used to predict group membership. Presumably, if the
model predicts group membership accurately according to some criterion, then this is thought to

provide evidence that the model fits.

Thus, we can create a table as follows:
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Observed positive | Observed negative

Predicted positive (above cutoff) a b

Predicted negative (below cutoff) c d

Of course, we hope for many counts in the a and d boxes, and few in the b and ¢ boxes, indicating a
good fit. In an analogy with medical diagnostic testing, we can consider the following quantities:

e s d
Sensitivity = ﬁ and Specificity = P

Higher sensitivity and specificity indicate a better fit of the model (Hosmer and Lemeshow, 2000).

iv. ROC Curve
Extending the above two-by-two table, rather than selecting a single cutoff, we can examine the full
range of cutoff values from O to 1. For each possible cutoff value, we can form a two-by-two table.
Plotting the pairs of sensitivity and specificities (or, more often, sensitivity versus one minus
specificity) on a scatter plot provides an ROC (Receiver Operating Characteristic) curve. The area

under this curve (AUC of the ROC) provides an overall measure of fit of the model.

In particular, the AUC provides the probability that a randomly selected pair of subjects, one truly
positive, and one truly negative, will be correctly ordered by the test. By “correctly ordered”, we
mean that the positive subject will have a higher fitted value (i.e., higher predicted probability of the

event) compared to the negative subject (Hosmer and Lemeshow, 2000).

v. Coefficient of Determination for Logistic Regression
Another method to evaluate the overall model fit is by using a coefficient of determination approach.
This method fits the estimation in a similar fashion that the coefficient of determination is used in

multiple regression analysis. The coefficient of determination for the logit model is represented as

R _=2LLnur=(LLyg) | (Hosmer and Lemeshow, 2000)  [3.22]
—2LL

It implies the degree of relative negative impact the independent variables has on the model versus
not having any independent variables at all. It reflects how much the badness-of-fit is reduced as
well as a proportionate reduction in the absolute value of log likelihood. The model fit improves as

R? increases from O to 1, and is a perfect fit at R? = 1. It is rarely used. It is almost always rather
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low, since observed values need to be either O or 1, but predicted values are always in between these

extremes.

3.3.1.5. Logit Model Diagnostics
Before concluding that the model "fits", it is crucial that diagnostics measures be examined to see if
fit is supported over the entire set of covariate patterns. We assume that the fitted model contains p
predictors and that they form ] covariate patterns. The key quantities for logistic regression
diagnostics, as in linear regression, are the components of the "residual sum-of-squares." In linear
regression a key assumption is that the error variance does not depend on the conditional mean,
E(Y; / x]-). However, in logistic regression we have binomial errors and, as a result, the error variance
is a function of the conditional mean (Hosmer and Lemeshow, 2000):

var(Yj/xj) = m]-E(Yj/xj) * (1 - E(Y]-/x]-)) = m]-n(xj) * (1 - n(x]-)) [3.23]
Residuals
Let r; and d; denote the values of the expressions given in equation (3.17) and (3.18), respectively,
for covariate pattern x;. Since each residual has been divided by an approximate estimate of its
standard error, we expect that if the logistic regression model is correct these quantities have a mean
approximately equal to zero and a variance approximately equal to 1(Hosmer and Lemeshow, 2000).
Leverage
In addition to the residuals for each covariate pattern, other quantities central to the formation and
interpretation of linear regression diagnostics are the "hat" matrix and the leverage values derived
from it. In linear regression the hat matrix is the matrix that provides the fitted values as the
projection of the outcome variable into the covariate space. Let X denote the Jx(p + 1) matrix
containing the values for all | covariate patterns formed from the observed values of the p
covariates, with the first column being one to reflect the presence of an intercept in the model. The
matrix X is often called the design matrix. In linear regression the hat matrix is H = X(X'X)~1X’
;¥ = Hy. The linear regression residuals, (y — y)expressed in terms of the hat matrix are (I — H)y,
where [ is the Jx/ identity matrix. Using weighted least squares linear regression as a model,
Pregibon (1981) derived a linear approximation to the fitted values, which yields a hat matrix for

logistic regression. This matrix is

H= V§X X'v)~x ’V% , (Hosmer and Lemeshow, 2000) [3.24]
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where V is a Jx] diagonal matrix with general element v; = mjn(xj) * (1 — n(x]-)).
In linear regression the diagonal elements of the hat matrix are called the leverage values and are
proportional to the distance from x; to the mean of the data. This concept of distance to the mean is

important in linear regression, as points that are far from the mean may have considerable influence
on the values of the estimated parameters. The extension of the concept of leverage to logistic

regression requires additional discussion and clarification.

Let the quantity h; denote the diagonal element of the matrix H defined in equation (3.24). It may be
shown that

hj = vx';(X'VX)™'x'; = v;b; , (Hosmer and Lemeshow, 2000) [3.25]

, Where x'; = (x1 j2X2jy e Xp ]-) is the vector of covariate values defining the jt" covariate pattern.

The sum of the diagonal elements of H is, as is the case in linear regression, Zle hj =p+1, the
number of parameters in the model. In linear regression the dimension of the hat matrix is usually
nxn and thus ignores any common covariate patterns in the data. With this formulation, any diagonal
element in the hat matrix has an upper bound of 1 / i Where k is the number of subjects with the same
covariate pattern. If we formulate the hat matrix for logistic regression as Jx/ matrix then each
diagonal element is bounded from above by 1/mj , Where m; is the total number of subjects with

the same covariate pattern. When the hat matrix is based upon data grouped by covariate patterns,

the upper bound for any diagonal element is 1.

It is important to know whether the statistical package being used calculates the diagnostic statistics
by covariate pattern. For example, STATA's logistic command uses individual subject data to fit
models. Following estimation it computes all diagnostic statistics by covariate pattern but retains the
size of the original data set. Thus all subjects in a particular covariate pattern have the same
covariate values, fitted value and diagnostic statistics, but each subject has an individual outcome.
On the other hand, SAS's logistic procedure computes diagnostic statistics based on the data
structure in its model statement. If one assumes that there are n covariate patterns (and the outcome

is either O or 1) then diagnostic statistics are based on individual subjects. However, if the data have

been previously collapsed or grouped into covariate patterns and binomial trials input, Yi /mj is used,
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then diagnostic statistics are by covariate pattern. In general, it is recommended that diagnostic
statistics be computed taking into account covariate patterns. This is especially important when the
number of covariate patterns, J, is much smaller than n, or if some values of m; are larger than 5.

A major point that must be kept in mind when interpreting the magnitude of the leverage is the effect
that v; has on h; in equation (3.25). To interpret a particular value of the leverage in logistic
regression correctly, we need to know whether the estimated probability is small (<0.1) or large
(>0.9). If the estimated probability lies between 0.1 and 0.9 then the leverage gives a value that may
be thought of as distance. When the estimated probability lies outside the interval 0.1 to 0.9, then the
value of the leverage may not measure distance in the sense that further from the mean implies a

larger value (Hosmer and Lemeshow, 2000).

A quantity that does increase with the distance from the mean is b; = x';(X'VX)~'x';. Thus, if we
are only interested in distance then we should focus on bj. However, since the most useful diagnostic
statistics for logistic regression are functions of the full leverage, h;, the distance portion, b; , is not
useful further here.

Standardized Residuals

If we use the Pregibon (1981) linear regression-like approximation for the residual for the

]'th

covariate pattern, y; — mjﬁ(xj) = (1 - hj)yj, then the variance of the residual is

mjﬁ(xj)[l — ﬁ(xj)](l — hj) which suggests that the Pearson residuals do not have variance equal
to 1 unless they are further standardized. The standardized Pearson residual for covariate pattern
xj is

Tsj =TJ/ =7 (Hosmer and Lemeshow, 2000) [3.26]
-y

Influence Diagnostics (DFBETA and DFFIT)
Another useful diagnostic statistic is one that examines the effect that deleting all subjects with a
particular covariate pattern has on the value of the estimated coefficients and the overall summary

measures of fit, X% and D.The change in the value of the estimated coefficients is obtained as the
standardized difference between £ and ,[?(_ j)» Where these represent the maximum likelihood
estimates computed using all J covariate patterns and excluding the m; subjects with pattern x;

respectively, and standardizing via the estimated covariance matrix of . Pregibon (1981) showed, to

a linear approximation, which this quantity for logistic regression is
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rih; [3.27]

Using similar linear approximations it can be shown that the decrease in the value of the Pearson
chi-square statistic due to deletion of the subjects with covariate pattern x; is

2
J

AX 3= =ry
“len)

(Hosmer and Lemeshow, 2000) [3.28]

, where AXj2 is one step difference in Pearson chi-square statistic. A similar quantity may be
obtained for the change in the deviance,

hyrj
(1-n,)

If we replace r% by d % this yields the approximation

AD =d 5+

d 3 (Hosmer and Lemeshow, 2000) [3.29]
(l—hj) ,

These diagnostic statistics are conceptually quite appealing, as they allow us to identify those

AD ;=

covariate patterns that are poorly fit (large values of AX ]-2 and/or AD;), and those that have a great

deal of influence on the values of the estimated parameters (large values of AB]- ).

3.3.2. Multilevel Model
In multilevel research, the structure of the data in the population is hierarchical, and a sample from

such a population can be viewed as a multistage sample. First we take a sample of units from the
higher level, and next we sample the sub units from available units. In such samples the individual

observations are generally not completely independent.

Because of cost, time and efficiency considerations stratified multistage samples are the norm for
sociological and demographic surveys. For such samples clustering of the data is, in the phase of

data analysis and data reporting, a nuisance which should be taken into thought. This cluster
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sampling scheme often introduces multilevel dependency or correlation among the observations that

can have implications for model parameter estimates.

For multistage clustered samples, the dependence among observations often comes from several
levels of the hierarchy. The problem of dependencies between individual observations also occurs in
survey research, where the sample is not taken randomly but cluster sampling from geographical
areas is used instead. In this case, the use of single level statistical models is no longer valid and
reasonable. Hence, in order to draw appropriate inferences and conclusions from multistage stratified
clustered survey data, we may require tricky and complicated modeling techniques like multilevel

modeling (Khan and Shaw, 2011).

The full multilevel regression model assumes that there is a hierarchical data set with one single
dependent variable that is measured at the lowest level and explanatory variables at all existing

levels. Conceptually the model can be viewed as a hierarchical system of regression equation.

The multilevel model for univariate case with two levels is given by:

YiiZIB0+IB1_/Xii+u0j+€ij’ j=12,..,N (3.30]

where N is number of groups
i=12,..., n; nj is the number of individuals in each group
Uy, isthe error at the sec ond level, e; the error at the first level

. Jho Jh
Y[,j is respons at lt firstlevel and J sec ond level

Jh
X i istheexplanatory variable at ith firstlevel and ‘]r second level

The 2011 EDHS data set used for this study is based on stratified, two-stage cluster design, and EAs
(sub units of kebele defined in 2007 census) were the sampling units for the first stage. The sample
included 624 EAs, 187 in urban areas and 437 in rural areas. Households comprised the second stage
of sampling. Among the appropriate approaches to analyzing under five vaccinations incompletion
data from this survey is therefore based on nested sources of variability. Here the units at lower level

(level-1) are children who are nested within units at higher level (regions: level-2).

Mothers in each region were assumed to share the same characteristic and they are not independent.

The response variable in this study is binary. Consequently, multilevel logistic regression is one
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choice for the analysis. The multilevel logistic regression analysis considers the variations due to
hierarchical structure in the data. It allows the simultaneous examination of the effects of group level
(cluster and division) and individual level variables on individual level outcomes while accounting
for the non independence of observations within groups. Also this analysis allows the examination of
both between group and within group variability as well as how group level and individual level

variables are related to variability at both levels (Khan and Shaw, 2011).

3.3.2.1. Why Multilevel Model?
In a particular analysis, multilevel modeling offers a number of the following advantages. First, a

multilevel model provides a convenient framework for studying multilevel data. Such a framework
encourages a systematic analysis of how covariates at various levels of a hierarchical structure affect

the outcome variable.

Second, multilevel modeling corrects for the biases in parameter estimates resulting from clustering.
In contrast to the popular belief, ignoring multilevel structure can result in biases in parameter
estimates as well as biases in their standard errors. The more highly correlated the observations are

within clusters, the more likely that ignoring clustering would result in biases in parameter estimates.

Third, multilevel modeling provides correct standard errors and thus correct confidence intervals and
significance tests. When observations are clustered into higher-level units, the observations are no
longer independent. Independence is one of the most assumptions underlying traditional linear and
binary regression models. When the clustering structure in the data is ignored and the independence
assumption is violated, the linear and binary regression models tend to underestimate the standard

€ITors.

Fourth, estimates of the variances and covariances of random effects at various levels enable
investigators to decompose the total variance in the outcome variable into portions associated with

each level (Snijders and Boskers, 1999).

3.3.2.2. Multilevel Logistic Regression Model
As described above the data set used for this study has a two level hierarchical structure; mothers are

nested within regions. We first consider a two-level model for binary outcomes with a single
explanatory variable. Suppose we have data consisting of mothers who gave birth (level-1) grouped

into regions (level-2). We observe Y;; a binary response for mother i in region j and X;; is an
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explanatory variable at the mother level. Where i = 1,2, ...,n; and j =1,2,..,N . We define the
probability of the response equal to one as 7;; = p(Yl- i=1/x j) and let 7r;; be modeled using a
logit link function. The standard assumption is that ¥;; has a Bernoulli distribution. Then the two -

level logit model can be written as:

i

logit(yzij)zlog1 =B+ B X, *u,, [3.31]

7[1]

where ug;is the random effect at level-2. Without u,;, equation (3.31) would be a standard logistic
regression model. Therefore, conditional on ug; the Y;;’s can be assumed to be independently
distributed. Here, u,; is a random quantity and follows N (0,02). Model (3.31) is often described

alternatively in the literatures of multilevel models as:

log[ 7T
1—7[1_]_

:lzﬁ(>j+181Xij [332]

ﬁ()jzﬂ()+u0j [3.33]

Relative to equation (3.32) and equation (3.33) equation (3.31) is the so-called combined equation

(Guang and Zhao, 2000).

Multilevel logistic regression model assumes that (a) the probability of ‘success’ (Yl- = 1) or
‘failure’ (Yl- = 0) is the same for all individuals in the group; (b) observations between clusters are

independent, and those within clusters have identical correlations; (c) each random effects are
independent and each has a distribution that can be estimated via maximum likelihood; (d) random

effects and model predictors at all levels are independent.

3.3.2.2.1. Heterogeneous Proportion
The basic data structure of two -level logistic regression is a collection of N groups (units at level-2:

regions) and within group j,j = 1,2,..., N arandom sample of n; level-1 (mothers who gave birth)
units. The outcome variable is dichotomous and denoted by Y;;,i =1,2,..,n;,j =1,2,...,N for
level-1 unit i in group j. The outcomes are supposed to be coded 0 and 1: O for ‘failure’, 1 for
‘success’ or vice versa. The total sample size isM = Z?’zlnj. If one does not take explanatory

variables into account, the probability of success is assumed constant in each group. Let the success

probability in group j be denoted by p;. The dichotomous outcome variable for the individual i in
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group j, Y;; can be expressed as the sum of the probability in group j, E(Yij) = p; and some
individual dependent residual &, i.e.
Yij =p]-+£i]- [334]

The residual term is assumed to have mean zero and variance, var(si j) =p j(l -p j).

Since the outcome variable is coded 0 and 1, the group average
_ 1 n; n
Vi= il Yy =0 [3.35]
now is the proportion of success in groupj. This is an estimate for the group-dependent

probability p;. Similarly, the overall average
A o 1 i
p=Y =3V %V 3.36]

here is the overall proportion of success, p (Snijders and Bosker, 1999).

3.3.2.2.2. Testing Heterogeneous Proportions
For the proper application of multilevel analysis in general and multilevel logistic regression

analysis in particular, the first logical step is to test for heterogeneity of proportions between groups
(in our case between regions). Two common test statistics that are used to check for heterogeneity of

proportions are described below.

To test whether there are indeed systematic differences between groups, the well-known chi-square
test for contingency tables can be used. The test statistic of the chi-squared test for a contingency

table is often given in the familiar form

O-E)
ZZ=Z( _ ) [3.37]

, where O is the observed and E is the expected count in a cell of the contingency table.

In this case it can be written as

Py zin_(pj_p)z [3.38]
=" p(1-p)
This statistic follows approximately chi-square distribution with N-1 degrees of freedom. The
approximation is valid if the expected numbers of success and of failures in each group, n;p;

and nj(l -p j) respectively, are at least 1 while 80 percent of them are at least 5 (Agresti, 2002).
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This condition will not always be satisfied, and the chi-square test then may be seriously in error.
For a large number of groups the null distribution of the test statistic of the chi-square can be
approximated by a normal distribution with the correct mean and variance (McCullagh and Nelder,

1989).

A second test of heterogeneity of proportions was proposed by Commenges and Jacqmin (1994).

The proposed test statistic is

szgl(n%(njﬁj_ﬁ)z)_Mﬁ(l_ﬁ) [3.39]

~ ~ N
p(l_p)1 / 2% ni(n;=
Jj=1

The statistic, Z, follows a standard normal distribution for large values of M under the null

hypothesis. Thus, large calculated values of this statistic are indication of heterogeneous proportions.
In the statistic Z the numerator contains a weight of njz while chi-square test uses a weight of n;.
This shows that the two tests combine the groups in different ways. Hence, when the group sizes n;
are different, it is possible that the two tests lead to different outcomes. The test statistic Z is shown
to have high power over the chi-square test and it can be applied whenever there are many groups,
even with small group sizes, provided that no single group dominates. A rule of thumb for the
application of this test is that there should be at least N=10 groups, the biggest group should not have

a relative share larger than % = 0.1 and the ratio of the largest group size to the 10" largest group

size should not be more than 10 (Snijders and Bosker, 1999).

3.3.2.2.3. Estimation of Between and Within Groups’ Variance
The true variance between the group dependent probabilities, i.e., the population value of var(p j),

can be estimated by

2

_A£2_ 2 S within [3.40]
Var(pj)_z- ~ Shetween™ M1

, where T is given as in (3.41)

2
. Iy jzlnj - S2(nj) [341]
N-1 M nN
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For dichotomous outcome variables, the observed between-group variance is closely related to the

chi-square test statistic (3.38). They are connected by the formula

»  _pd=p) [3.42]
nN ZZ

Shetween™

The within-group variance in the dichotomous case is a function of the group averages and given by

1 ~ _ _
Yy ,(-5)

2 _ [3.43]
Swithin — M—Nj=l

3.3.2.24. The Empty Model
The empty two-level model also called null two-level model for a dichotomous outcome variable

refers to a population of groups (level-2 units) and specifies the probability distribution for group-

dependent probabilities p; in Y;; = p; +¢; without taking further explanatory variables into
account. We focus on the model that specifies the transformed probabilities f (p j) to have a normal

distribution. The general link function f (p j) is:

f(p;) = Bo + u; [3.44]
where B, is the population average of the transformed probabilities and u,; the random deviation
from this average for group j. If f(p) is the logit function, then f (p j) is just the log-odds for group j.
Thus, for the logit link function, the log-odds have a normal distribution in the population of groups,
and are given by:
logit(p;) = Bo + Uoj , Uo; ~ IID(0, 0f) [3.45]
This model does not include a separate parameter for the level-one variance. This is because the
level-one residual variance of the dichotomous outcome variable follows directly from the success
probability, as indicated by var(ei j) =p j(l - p]-). The probability corresponding to the average
value B, , denoted by m , is defined by f(1y) = B,. For the logit function, the so-called logistic

transformation of [, , is defined by

exp(Bo)

o8 (Snijders and Bosker, 1999) [3.46]

o = logit(Bo) =
This 7, is close (but not quite equal) to the average value of probabilities p; in the population of
groups. Because of the non linear nature of the link function there is no a simple relationship

between these probabilities and the variance of the deviance u,;. There is an approximation formula,

however, valid when the variances are small. The approximate relation (valid when o is small)
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between the population variances is Var(p]-) ~ For the logit function, this

— % _

(F ()™
. 2 ) . .

yields var(p ]-) ~ o} (no(l — no)) . Note that these are population variances not variances for the

observed proportions in the groups.

The null model also serves as a “baseline model” for purposes of comparison with more complex
models. Note that a model is “conditional” by the presence of predictors at level 1 or level-2. Since a
researcher almost always employs predictor variables and is not simply interested in the null model,

most mixed models are conditional.

3.3.2.2.5. The Random Intercept Model
Random intercept models are models where only the intercept of the level-1 dependent variable is

modeled as an effect of the level-2 grouping variable and possibly other level-lor level -2 (or
higher). Random intercept regression models are also called “means as outcome regression models”.
In this model the intercept vary between groups. This reflects that some groups tend to have, on

average, higher responses and others tend to have lower.

Random intercepts are used to model unobserved heterogeneity in the overall response. This allows
knowing how the variability of the overall probability of incomplete vaccination seems across
regions. In the random intercept logistic regression model, the intercept is the only random effect
meaning that the groups differ with respect to the average value of the response variable. It

represents the heterogeneity between groups in the overall response.

We now assume that there are variables which are potential explanation for observed success or
failure. These variables are denoted by Xj, = {x;;, i=12,..m;, h=12,...,kand j=12, ..N,
k is number of predictor variables}. Since some (or all) of these variables could be level-1
variables, the success probability is not necessarily the same for all individuals in a given group.

Therefore, the success probability p;; depends on the individual as well as the group.

The logistic random intercept model expresses the log-odds, i.e. the logit of p;;, as a sum of a linear

function of the explanatory variable and a random group-dependent deviation u,;. That is,
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pij

[3.47]

. k k
logit(p)=log =Bt X Bixng=B,+ X Byxnjtu

ij
where the intercept term f3; is assumed to vary randomly and is given by the sum of an average

intercept S, and group-dependent deviations, uy;. Thatis By; = By + ug; . The first part of the
RHS of (3.47) incorporating the regression coefficients :Bo + ;El :Bh Xnij 1 the fixed part of the
model, because the coefficients are fixed. The remaining part u,; is called the random part of the

model. It is assumed that the residual, u,; are mutually independent and normally distributed with

mean zero and variance o¢ (Snijders and Bosker, 1999). From (3.47) we have

_ij

. _ Py | k
loglt(Pij)—logLI » }—ﬁoj"‘hglﬂhxhij

Solving for p;; we have

k
eXp(IB()+hE] IBhXhij—l_u()j) [348]

i k
1+exp(ﬂ0+h§l ﬁh-xhij +u0j)

Thus, a unit difference between the x; values of two individuals in the same group is associated

with a difference of B}, in their log-odds, or equivalently, a ratio of exp(,,) in their odds. Level-2
residual, wu;is the effect of being in group j on the log-odds that y = lwith level-2 (residual)
variance o, or the between-group variance in the log-odds that Y = 1 after accounting for the

predictor(s).

Random intercept models have many applications, for instance estimating the regional effects on
under-five childhood vaccination incompletion adjusting for individual mother’s level factors, and
within the model evaluate and compare the performance of the region’s vaccination defaulter
reduction. This can be done by obtaining the odds ratio for each region. This regional effect is a
measure of the situation of childhood vaccination incompletion due to the region relative to the
average of all regions. If the odd of childhood vaccination incompletion for regional effects is
sufficiently larger than one, the region is considered to have performed worse than the average; if it
is significantly smaller than one, the region is considered to have better performance than the

expected.
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3.3.2.2.6. The Random Coefficient Multilevel Logistic Regression Model
Random coefficients models are ones where the coefficient(s) of lower-level predictor(s) is/are

modeled as well. Random coefficients model explain unobserved heterogeneity in the effects of
explanatory variables on the response variable. In logistic regression analysis, linear models are
constructed for the log-odds. The multilevel analogue, random coefficient logistic regression, is
based on linear models for the log-odds that include random effects for the groups or other higher

level units.

Consider explanatory variables which are potential explanations for the observed outcomes. Denote
these variables by X, = {xp;;, i =12,..m;, h=12,..,k and j=1,2, ..N}. Since some or
all of these variables could be level-one variable, the success probability is not necessarily the same
for all individuals in a given group. Therefore, the success now consider a model with group-specific
regressions of logit of the success probability, logit(pl- j) on a single level one explanatory variable
Xq 18

P [3.49]

y

log it(pl.j)zlog{1 J=ﬁ,,_,-+,31jx1ij

The intercepts fBy; as well as the regression coefficients, or slopes f8;; are group dependent. These

group-dependent coefficients can be split into an average coefficient and the group dependent

deviation:
Boj = Bo + ugj . and 1 = 1 + uy;j [3.50]
Substituting (3.50) in (3.49) we have

[3.51]

p..
1_; =,30+uoj+(,31+u1j)x1zj
i

logit(p;)=log
From (3.50) there are two random group effects, the random intercept u,; and the random
slope u, ;. It is assumed that the level-two residuals u,; and u,; have means zero given the value of
the explanatory variable X. Thus f; is the average regression coefficient like S, is the average
intercept. The part, By + B1xy;; of equation (3.51) is called the fixed part of the model and the other

part, Ugj + Uyjxq;; is called the random part. The term u,;x;;; can be regarded as a random

interaction between group and explanatory variable X. This model implies that the groups are

characterized by two random effects: their intercept and their slope. These two group effects, uy;
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and uq; will not be independent, but correlated. The random intercept variance var(uo j) = ¢¢, the
random slope variance wvar(u;;) =of, and the covariance between the two random effects

cov(uo i Up j) = 0y are called variance components (Snijders and Bosker, 1999).

The model for a single explanatory variable discussed above can be extended by including more
variables that have random effects. Suppose that there are k level-one explanatory
variables X;,X>, ..., Xk, and consider the model where all X-variables have varying slopes and

random intercept. That is,

_ p; p [3.52]
loglt(pl/):log l_pl] :ﬂoj‘l‘hzlﬂhjxm]
But
Boj = Bo + ugj,and Bnj = Bn + up; for h = 1,2, ..., k. Then (3.52) rewrite as
_ ~ D —{B k }-F{A k } [3.53]
log lt(pij)_log(l—ji]}_ 0+hzlﬂhxmj oj+h21uhjxhij

k
The first part of the above model, ,5 0+ pX ,thhij is the fixed part and the second part,
h=l1

U+ § upixp; 18 the random part of the model (Snijders and Boskers, 1999).
h=1

3.3.2.2.7. Intra-class Correlation Coefficient (ICC)
The fundamental reason of using multilevel analysis is the assumption of existence of more

similarities between mothers in the same region than in different regions. This leads to the existence
of intra-class (intra-regional) correlation. ICC is the degree of resemblance between level one units
belonging to the same group. It is an indication of the proportion of variance at the second level
(region) and it can also be interpreted as the expected (population) correlation between two
randomly chosen individuals within the same group (Joop, 2010).

In two- level model, the ICC is calculated in the intercept only model. This model can be derived

from (3.51) by excluding all explanatory variables, which results in the following equation:

lo git(p j) = Bo + up;. ICC is then calculated based on the following formula:

between group variance o [3.54]

ICC = . 2, 2
total variance o,to,
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where 2 is the residual variance of individual (lower) level units. Since in logistic distribution the

level one residual variance is ¢2 = ”2/3 ~ 3.29 (Snijders and Bosker, 1999), the above can be

reformulated as:

between group variance o> [3.55]
ICC = 5 =
total variance o,;+3.29
3.3.2.2.8. Parameter Estimation

Parameter estimation for multilevel logistic model is not straightforward like the methods for
ordinary logistic regression. The most common methods for estimating multilevel logistic models
are based on likelihood. Among the methods, Marginal Quasi Likelihood or MQL (Goldstein, 1991),
(Goldstein and Rasbash, 1996) and Penalized Quasi Likelihood or PQL (Laird, 1978) and (Breslow
and Clayton, 1993) are the two prevailing approximation procedures. Both MQL and PQL are based
on Taylor series expansion to achieve the approximation. Based on the first and second term of
Taylor expansion, MQL and PQL are often known as first order MQL and second-order MQL, first-
order PQL and second-order MQL respectively. After applying these quasi likelihood methods, the
model is then estimated using iterative generalized least squares (IGLS) or reweighted IGLS

(RIGLS) (Goldstein, 2003).

Besides, there are other estimation methods: Maximum Likelihood Method (several simulation
based; McCulloch (1997)), Bayesian methods using Markov Chain Monte Carlo (MCMC), adaptive
Gaussian quad rapture (AGQ), Laplace approximation and the Iterative Bootstrap method. Using
MCMC simulation technique has come to the forefront of statistical research over the last one and
half decade (Gelfand et al., 1990) and also it is being used with greater extent in multilevel modeling

recently.

3.3.2.2.9. Significance Test
We can consider significance tests for individual estimates, such as intercepts, slopes, and their

variances, as well as whether the full model accounts for a significant amount of variability in the
dependent variable. In between, there is also the possibility of determining whether the subset of
predictors contribute significantly.

a) Significant Test for Fixed Effects

The fixed effects in multilevel regression are typically tested in a familiar way, by creating a ratio of

the intercept or slope estimate to the estimate of the standard error. The usual null hypothesis test is
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whether the coefficient, either intercept or slope, is significantly different from zero (i.e., is the
population value zero or not). This kind of ratio usually distributed as a normal or t distribution is
used in many statistical tests (Newsom, 2011).

B

= [3.56]

Where, 3, is either the intercept or slope coefficient and SE (,[?h) is the standard error estimate.

In SPSS (and similarly in SAS, Stata, and MLwin), fixed effects tests involve the same ratio of the
estimate to the standard error estimate, but significance is determined by the normal curve, so it is
considered a z-test. The z-test is often referred to as a “Wald” test.

b) Significance Test for Random Effects

Random effects tests examine hypotheses about whether the variance of intercept or slopes (or their
covariance) is significantly different from zero. The tests of variances and covariances are made
using a Wald z-test and chi-square test. The Wald test for variances is simply a ratio of the variance
estimate divided by the standard error estimate. Significance tests of variances (but not covariance)
using this approach should be interpreted after dividing the p-Value from the output in half (i.e., as a

one-tailed test) (Snijders & Bosker, 1999).
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CHAPTER FOUR

DATA ANALYSIS AND RESULTS

4.1. Descriptive Data Analysis
The distribution of factors and covariates that affect the immunization status of children 12 to 59

months of age are shown in Appendix A. A total of 6797 children with the specified month of age
were considered for the study; 34% and 66% of them fully and partially immunized their children

respectively.

A significant number of respondents, 81.43% were rural residents. In terms of wealth index, the
sample consisted of 20.85% richest and 25.75% poorest of the sample with 16-19% at other levels in
between. Mother’s age ranges from15 to 49. However, the majority of mothers (32.15%) were in the
25-30 ages range. Majority of mothers had no formal education (67.71%), 26.7% of them had
primary, and the rest had secondary and higher education. Based on mother’s knowledge on their
child’s father’s education about 50.74%  of the husbands had no formal education, 37.81% had
primary, and the remaining had secondary and higher education level. Muslim, orthodox and

protestant mothers respectively comprised 42.7%, 35.87% and 18.85% of the sample.

In terms of health care services only 32.28% and 23% of mothers had got respectively prenatal care
and assistant by health professionals, and only16% of them delivered in health facility. Considering
mother’s utilization of radio and TV respectively majority of them (54.26% and 67%) did not
listen/watch at all, 20.76% and 20.49% listened/watched less than once a week, and 16.98% and
12.51% listened/watched at least once a week. Majority of mothers (71.9%) were not wise to have

balanced family life.

During the study sex ratio of children 12 to 59 months of age were almost one to one; this
distribution corresponds to the type of sex ratio among the general population in Ethiopia. Birth
order ranged from 1 to 18 and 52% of them had first to third, 32% had fourth to sixth and 16% had
greater or equal to seventh order in birth. The number of living children per mother were 4 on

averages, 88.4% of them had less than seven living children.
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The percentage of partially immunized children 12 to 59 months of age were varied from region to
region. The first and the second minimum percentage were observed respectively in Addis Ababa
(16.97%) and in Tigray (37.34%) while the first and the next maximum percentage were observed in
Afar (90.33%) and in Gambela (83.3%) respectively. In terms of mothers age the percentage
decreased up to 34 and increased above 35 years of age while these percentage were almost the same
whether the house hold is male or female. Besides the percentage generally decreased not only as the
education level of the mothers as well as their husband increased but also as the wealth index level
of the house hold increased from poorest (77.26%) to richest (43.75%). Concerning mother religion
the minimum and maximum percentage of partially immunized children were observed respectively
for orthodox (53.53%) and traditional (87.5%). In addition, taking into account residence most of

rural (70.98%) and almost half percentage of urban children were under vaccinated.

Mass media plays vital role in advertizing vaccine campaigns and to disseminate crucial education
about vaccine preventable diseases. The percentage of vaccine defaulter children decreased from
71.85% to 52.34% as their mothers’ frequency of listening radio rises from null to at least once a
week. Similarly when the mothers’ frequency of watching TV increases, these percentages showed

from 71.54% to 42.12% decrement.

Mothers’ health care utilization plays a vital role in immunization of their children. Respectively
52.19% and 72.93% of mothers did and did not get prenatal care by health professionals partially
immunize their children. Similarly of mothers did and did not get assist from health professionals
52.82% and 71.44% of them partially vaccinated their children. But from under vaccinated children
respectively 74.57% and 77.72% were from mother of no prenatal care and assistant. Further 89.34%
of defaulters were home delivered children, and 78.79% were from mothers who were not wise to

have balanced family life.

Parity, birth order and sex of a child have influence on the immunization status. While percentage of
defaulters showed a slight increment, 64.28 %( birth order 1 to 3) to 71.49% (birth order >=7), for
both sexes these percentage is almost the same. In addition, when the number of living children

increased the percentage of partially vaccinated children generally increased.
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A cross-tabulation or contingency table analysis is, often used to analyze categorical data, a two or
more dimensional table that records the number (frequency) of respondents having the specific
characteristics described in the cells of the table. The chi-square test is used to assess the relationship
between two nominal or ordinal variables. It is a very general statistical test that can be used
whenever we wish to evaluate whether frequencies that have been empirically obtained differ
significantly from those that would be expected on the basis of chance or theoretical expectations.
Chi-square statistic does not give any information about the strength of the relationship but it only
conveys the existence or nonexistence of the relationships between the variables investigated. Based
on the result of the cross tabulation analysis (Table 4.1), immunization status of a child was found to
be associated with all class variables except sex of household head and sex of a child at 5% level of
significance.

Table 4.1 Cross-tabulation or Contingency table Analysis statistics of Predictor
Variables by Immunization Status

S.N Predictor Variable Chi-square value Df prob.
1 | Mother age 16.0091 6| 0.0137
2 | Region 1055.9504 10 | <0.0001
3 | Residence 300.6941 1| <0.0001
4 | Mother education 173.6290 3 | <0.0001
5 | Religion 294.5097 5 | <0.0001
6 | Sex of house hold head 2.0935 1| 0.1479
7 | Frequency of listening radio 156.7378 2 | <0.0001
8 | Frequency of watching TV 282.7196 2 | <0.0001
9 | Wealth index 438.6327 4 | <0.0001

10 | Husband education 89.1087 3 | <0.0001
11 | Birth order number 19.8460 2 | <0.0001
12 | Sex of child 0.0086 1| 0.9259
13 | Prenatal care: health professional 285.8552 1| <0.0001
14 | Assistant: health professional 212.1458 1 | <0.0001
15 | Place of delivery 273.9524 1 | <0.0001
16 | Wise to have balanced family life 313.0868 1 | <0.0001

4.2. Logistic Regression Analysis

4.2.1. Parameter Estimation, Significance and Goodness of Fit Test
Multiple logistic regression analysis was used to identify the effect of each covariates and factors on

the immunization status of children 12 to 59 month of age. The analysis was done by using SAS
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software package and Newton Raphson optimization technique with stepwise variable selection
method was used to estimate model parameters. The resulting maximum likelihood estimates of
model parameters are given in Table 4.2 below. SAS software package codes the reference category
as 0 and the remaining categories 1 alternatively keeping others as 0.

Table 4.2 Maximum Likelihood Estimates of Model Parameters

Analysis of Maximum Likelihood Estimates

Standard | Wald Chi- Pr > ChiSq Exp(Es
Category Parameter DF | Estimate Error | Square t)
Intercept 1| 0.0904 0.0974 | 0.8614 0.3533 1.095
Afar 1| 2.7360 0.1903 | 206.6924 <.0001 15.425
Amhara 1| 1.4090 0.1047 | 180.9584 <.0001 4.092
Oromia 1] 1.9914 0.1108 | 323.2906 <.0001 7.326
Somali 1| 1.8079 0.1474 | 150.5203 <.0001 6.098
. Benishangul-Gumuz 1 1.5116 0.1188 | 161.9473 <.0001 | 4.534
Reglon SNNP 1| 1.5644 0.1043 | 224.8606 <.0001 4.780
Gambela 1] 2.0219 0.1497 | 182.5211 <.0001 7.553
Harari 1| 1.2849 0.1334 | 92.7559 <.0001 3.614
Addis Ababa 1] -0.0432 0.1922 | 0.0504 0.8223 0.958
Dire Dawa 1] 0.6612 0.1252 | 27.8966 <.0001 1.937
Female household 1] 0.2713 0.0808 | 11.2655 0.0008 | 1.312
Sex of HH
head
Listening to radio 1| -0.1815 0.0682 | 7.0725 0.0078 | 0.834
less than once a
Frequency of week
Listening radio Listening to radio 1| -0.3618 0.0844 | 18.3938 <.0001 | 0.696
at least once a
week
Poorer wealth 1| -0.1338 0.0923 | 2.1001 0.1473 0.875
Middle wealth 1| -0.2838 0.0935 | 9.2155 0.0024 0.753
Wealth index -
Richer wealth 1] -0.2363 0.0949 | 6.2008 0.0128 | 0.790
Richest wealth 1| -0.7058 0.1049 | 45.2671 <.0001 0.494
Birth order number 1] -0.1623 0.0656 | 6.1273 0.0133 | 0.850
Birth order 4-6
number Birth order number 1]/ -0.0288 0.0847 | 0.1156 0.7339 | 0.972
more than 6
Mothers get 1| -0.3841 0.0645 | 35.4216 <.0001 0.681
Prenatal Care prenatal care by
health professional
Mothers get 1] -0.2128 0.0770 | 7.6452 0.0057 0.808
Assistant assistant by health
professional
Being of wise to | Mother is wise to 1| -0.3343 0.0688 | 23.5950 <.0001 0.716
have balanced have balanced
family life family life
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To test the significance of the overall model we use the model fit information or the test statistic

obtained from testing global null hypothesis: BETA=0. The model fit information for logistic

procedure in SAS calculated based three criteria: -2logLikelihood statistic, Akaike Information
Criterion (AIC), and Schwarz Criterion (SC). The -2LogLikelihood statistic has a chi-square
distribution under the null hypothesis (that all the explanatory effects in the model are not
significant) and the procedure produces a p-value for this statistic. The AIC and SC statistics give
two different ways of adjusting the -2Log Likelihood statistic for the number of terms in the model
and the number of observations used. These statistics should be used when comparing different
models for the same data; lower values of the statistic indicate a more desirable model. The logistic
procedure in SAS produces three test statistics for testing the global null hypothesis: likelihood ratio,
Wald and Score test statistic. As indicated in Table 4.3 and Table 4.4 all the three provide evidence
for the significance of the full model compared to the empty model.

Table 4.3 Results of Model Fit Statistics

Model Fit Statistics
Criterion Intercept only Intercept and Covariates
AIC 8694.870 | 7380.679
SC 8701.694 | 7537.636
-2 Log L 8692.870 | 7334.679
R-Square 0.1811 Max-rescaled R-Square 0.2510
Testing Global Null Hypothesis: BETA=0
Test Chi-Square DF Pr > ChiSq
Likelihood Ratio 1358.1909 22 <.0001
Score 1320.5965 22 <.0001
Wald 1062.3076 22 <.0001

To check the significance of individual predictor variables in the model logistic procedure in SAS
produces Wald chi-square test statistic.

Table 4.4 Wald chi-square test statistic for significant predictors

Effect DF Wald Pr > ChiSq
Chi-Square

REGION 10 633.9962 <.0001
Sex of household head 1 11.2655 0.0008
Frequency of listening to radio 2 19.6807 <.0001
Wealth index 4 48.9523 <.0001
Birth order number 2 6.3820 0.0411
Prenatal care: health professional 1 35.4216 <.0001
Assistant: health professional 1 7.6452 0.0057
Wise to have balanced family life 1 23.5950 <.0001

After developing model one should check whether it is good fit to the data. The Hosmer- Lemeshow
goodness of fit test and ROC curve provides convincing evidence to decide the model fit the data well.
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Table 4.5 Hosmer- Lemeshow Goodness of Fit Test

Partition for the Hosmer and Lemeshow Test
Y =1 Y=0
Group Total Observed Expected Observed Expected
1 680 162 147.33 518 532.67
2 682 273 275.47 409 406.53
3 680 355 361.50 325 318.50
4 680 429 437.53 251 242.47
5 681 492 485.25 189 195.75
6 682 498 514.97 184 167.03
7 680 524 535.04 156 144.96
8 681 558 556.78 123 124.22
9 670 580 570.36 90 99.64
10 681 631 617.77 50 63.23
Hosmer and Lemeshow Goodness-of-Fit Test
Chi-Square DF Pr > ChiSq
10.4555 8 0.2345

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
1- Secificity
Figure 4.1 ROC Curve
4.2.2. Rank Correlation of Observed Responses and Predicted Probabilities
Define an event response as the response having ordered value of 1. A pair of observations with

different responses is said to be concordant (discordant) if the observation with the response that has

the larger ordered value has the lower (higher) predicted event probability. If a pair of observations
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with different responses is neither concordant nor discordant, it is a tie. Enumeration of the total
numbers of concordant and discordant pairs is carried out by categorizing the predicted probabilities

into intervals of length 0.002 and accumulating the corresponding frequencies of observations.

Let N be the sum of observation frequencies in the data. Suppose there is a total of t pairs with
different responses, n. of them are concordant, n; of them are discordant, and t — n, — ny of them
are tied. Proc logistic computes the following four indices of rank correlation for assessing the

predictive ability of a model:
= (n. +0.5(t —n, — nd))/t

Somers'D

— (nc - nd)/t

Goodman — Kruskal Gamma = (ne = nd)/(nc +ny)

' o (n, —ng)
Kendall's Tau — a = /(O.SN(N _ 1))

Note that C also gives the area under the receiver operating characteristic (ROC) curve when the
response is binary (Hanley and McNeil, 1982). For immunization status data the rank correlations
for assessing the predictive ability of the model are shown in Table 4.6.

Table 4.6 Associations of Predicted Probabilities and Observed Responses

Percent Concordant 75.6 Somers' D 0.516
Percent Discordant 24.0 Gamma 0.518
Percent Tied 0.4 Tau-a 0.231
Pairs 10332090 c 0.758

4.2.3. Model Diagnostics
Before concluding that the model is adequate, it is a common practice to detect the presence of

outliers and influential observations among others. DFBETAs, Cook’s distance and a value of the
leverage statistic less than unity respectively imply no specific impact of an observation on the
coefficient of a particular predictor variable, an observation had no overall impact on the estimated
vector of regression coefficients and no subject has a substantial large impact on the predicted

values of the model (see Table 4.7).
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Table 4.7 Minimum and Maximum Values for Influence Statistics

Influence Minimum | Maximum Influence Minimum | Maximum Influence Minimum | Maximum
Cook's distance 0.00007 0.04138 DFBETA for region7 -0.00839 0.0071 DFBETA for WI(2) -0.00579 0.00628
Leverage value 0.00128 0.01076 DFBETA for region8 -0.00683 0.00719 DFBETA for WI(3) -0.00627 0.00642
DFBETA for constant -0.01037 0.0135 DFBETA for region9 -0.01575 0.00909 DFBETA for WI(4) -0.00771 0.00562
DFBETA for region2 -0.00684 0.00738 DFBETA for region10 -0.00918 0.00706 DFBETA for WI(5) -0.00594 0.00538
DFBETA for region3 -0.02918 0.01076 DFBETA for region11 -0.01111 0.02339 DFBETA for BORD(2) -0.00513 0.00521
DFBETA for region 4 -0.007 0.00699 DFBETA for SHH(1) -0.00388 0.00579 DFBETA for BORD(3) -0.00428 0.00497
DFBETA for region5 -0.00745 0.00669 DFBETA for FLRADIO(1) -0.00426 0.00539 DFBETA for PRENA(1) -0.00277 0.0032
DFBETA forregion6 -0.01399 0.0085 DFBETA for FLRADIO(2) -0.00371 0.00461 DFBETA for ASSIST(1) -0.00394 0.0048

DFBETA for WTHBFL(1) -0.0028 0.0035

The diagnostics AX? and AD plotted versus the estimated logistic probabilities (fj) are shown in
Figure 4.2 and Figure 4.3, respectively. We prefer to use these plots instead of plots of r; and d;
versus ;. The reasons for this choice are as follows: (1) When J = n, most positive residuals
correspond to covariate patterns where y; = m; and negative residuals to those with y; = 0. Hence,

the sign of the residual is not useful. (2) Large residuals, regardless of sign, correspond to poorly fit
points. Squaring these residuals further emphasizes the lack of fit and removes the issue of sign. (3)

The shape of the plot allows us to determine which patterns have y; = 0 and which have y; = m;.

The shapes of the plots in Figures 4.2 and 4.3 are similar and show quadratic like curves. The points
on the curves going from the top left to bottom right corner correspond to covariate patterns
with y; = m;. The ordinate for these points is proportional to (1 — nj)z since m; = 1 for most
covariate patterns. The points on the other curves, going from the bottom left to top right corner,
correspond to covariate patterns with y; = 0. The ordinate for these points is proportional to (0 -
nj)z. Covariate patterns that are poorly fit will generally be represented by points falling in the top
left or top right corners of the plots. We look for points that fall some distance from the balance of
the data plotted. Assessment of this distance is partly based on numeric value and partly based on
visual impression. The range of AX? is much greater than AD. This is a property of Pearson versus
deviance residuals. For good fit model most of the values of AX? and AD must be less than, or at
least not much larger than, 4. We use 4 as a crude approximation to the upper ninety-fifth percentile

of the distribution of AX? and AD as, under m-asymptotics; these quantities would be distributed
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approximately as )((21). From goodness of fit tests and diagnostic checking results, we can say that

our model is adequate (Hosmer and Lemeshow, 2000).

One Step Difference in Pearson Chisquare
30

Estimated Probability

Figure 4.2 Plot of one step difference in Pearson chi-square statistic (4X?) versus the estimated probability

One Step Difference in Deviance
7

Estimated Probability

Figure 4.3 Plot of one step difference in deviance (4D) versus the estimated probability

4.2.4. Interpretation of Parameter Estimates
For a dichotomous variable the parameter of interest is the odds ratio. An estimate of this parameter

is obtained from the estimated logistic regression coefficient, regardless of how the variable is
coded. The odds ratio is the ratio of two odds, evaluated at different values of a predictor. Odds ratio

is a measure of association; it is an estimate of the risk of an exposed group relative to control group

or unexposed (reference) group. Odds ratio less than 1 indicates negative relationship and odds ratio
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greater than 1 indicates positive relationship and odds ratio of unity indicates no relationship. The
crude (unadjusted) and adjusted odds ratio of the fitted logit model are provided in Table 4.8 and
Table 4.9 respectively.

Table 4.8 Crude (Unadjusted) odds ratio of partially vaccination risk factors

Category Effect Point | 95% Wald
Estim | CL
ate

Region Afar vs. Tigray 15.425 | 10.62 | 22.4
Amhara vs. Tigray 4.092 3.332 | 5.024
Oromia vs. Tigray 7.326 5.896 | 9.102
Somali vs. Tigray 6.098 4.568 | 8.139
Benishangul-Gumuz vs. Tigray 4.534 3.592 | 5.723
SNNP vs. Tigray 4.780 3.896 | 5.865
Gambela vs. Tigray 7.553 5.633 | 10.13
Harari vs. Tigray 3.614 2.783 | 4.695
Addis Ababa vs. Tigray 0.958 0.657 | 1.396
Dire Dawa vs. Tigray 1.937 1.516 | 2.476

Sex of Female household head vs. Male 1.312 1.119 | 1.537

household head

Frequency of Listening to radio less than once a 0.834 0.730 | 0.953

listening week vs. not at all

children Listening to radio at least once a 0.696 0.590 | 0.822
week vs. not at all

Wealth index Poorer wealth vs. Poorest 0.875 0.730 | 1.048
Middle wealth vs. Poorest 0.753 0.627 | 0.904
Richer wealth vs. Poorest 0.790 0.656 | 0.951
Richest wealth vs. Poorest 0.494 0.402 | 0.606

Birth order Birth order number 4-6 vs. 1-3 0.850 0.748 | 0.967

number Birth order number more than 6 vs. 1- |0.972 0.823 | 1.147
3

Prenatal care: | Mothers get prenatal care by health 0.681 0.600 | 0.773

health professional vs. do not get

professional

Assistant: Mothers get assistant by health 0.808 0.695 | 0.940

health professional vs. do not get

professional

Wise to have a Wise mother to have balanced family 0.716 0.625 | 0.819

balanced family life | 1ife vs. not wise
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Table 4.9 Adjusted odds ratio of partially vaccination risk factors

Category Effect Estimate | 95% CL
Afar vs. Tigray 15.425 10.747 | 22.698
Amhara vs. Tigray 4.092 3.336 5.030
Oromia vs. Tigray 7.326 5.906 9.118
Somali vs. Tigray 6.098 4.586 8.175

Region Benishangul-Gumuz vs. Tigray 4.534 3.599 | 5.734

SNNP vs. Tigray 4.780 3.901 5.872
Gambela vs. Tigray 7.553 5.661 | 10.184
Harari vs. Tigray 3.614 2.786 4.700
Addis Ababa vs. Tigray 0.958 0.652 1.387
Dire Dawa vs. Tigray 1.937 1.516 2.477

Sex of Female household head vs. Male 1.312 1.120 1.538

household

head

Listening Listening to radio less than once a | 0.834 0.730 | 0.954

radio week vs. not at all
Listening to radio at least once a |0.696 0.590 | 0.822
week vs. not at all

Wealth Poorer wealth vs. Poorest 0.875 0.730 | 1.048

index Middle wealth vs. Poorest 0.753 0.627 | 0.904
Richer wealth vs. Poorest 0.790 0.656 | 0.951
Richest wealth vs. Poorest 0.494 0.402 | 0.606

Birth order | Birth order number 4-6 vs. 1-3 0.850 0.748 | 0.967

number Birth order number more than 6 vs. 1-3 0.972 0.824 1.148

Prenatal Mothers get prenatal care by health | 0.681 0.600 | 0.773

care professional vs. do not get

Assistant Mothers get assistant by health |0.808 0.695 | 0.940
professional vs. do not get

Wise to Wise mother to have balanced family |0.716 0.626 | 0.819

have a life vs. not wise

balanced

family life

A logit model analysis showed that region, wealth index, sex of household head, birth order of a
child, being of wise of a mother to have balanced family life, frequency of a mother listening to
radio, and mothers’ getting of prenatal care and assistant from a health professional were found to be

statistically significant. However; age, religion and education status of a mother, place of delivery,
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number of living children, residence, frequency of a mother watching TV, sex of a child, and

husband education status were not statistical significant at 5% level.

The odds of having partial immunization were compared with complete immunization. Compared to
region Tigray being a child from any other region except the capital of Addis Abeba was positively
associated with not being fully vaccinated. A child from region Afar 15.43 times (95% CI [10.747,
22.698]), Amhara 4.1 times (95%CI [3.336, 5.03]), Oromia 7.33 times (95% CI [5.906, 9.118]),
Somali 6.1 times (95% CI [4.586, 8.175]), Benishangul-Gumuz 4.53 times (95% CI [3.599, 5.734]),
SNNP 4.78 times (95% CI [3.901, 5.872]), Gambela 7.55 times (95% CI [5.661, 10.184]), Harari
3.61 times (95% CI [2.786, 4.7]), and Dire Dawa 1.94 times (95% CI [1.516, 2.477]) more likely to
be partially vaccinated than a child from Tigray.

Children from higher wealth quintiles families showed significantly lower rates of vaccination
incompletion than the lowest quintile, and there was general pattern of progressive risk decrease
associated with wealth. Similarly as the frequency of mother listening to radio increases the
likelihood of a child being partially immunized decreases. Children whose mothers were household
head were 1.31 times (95% CI [1.12, 1.538]) more likely of being partially vaccinated than children

whose mothers were not household head.

The likelihood of being partially vaccinated was significantly associated with mothers’ health care
utilization. Children whose mothers did get prenatal care and assistance were 0.68 times (95% CI
[0.6, 0.773]) and 0.808 times (95% CI [0.695, 0.94]) less likely of being partially immunized
compared to children whose mothers did not get prenatal care and assistant from a health
professional respectively. In addition the likelihood of being partially immunized of a child whose
mother was wise to have balanced family life was 0.72 times (95% CI [0.626, 0.819]) less likely

than a child whose mother was not wise to have balanced family life.

4.3. Multilevel Analysis
In this study two-level structures with mothers as first level units and regions as second level units

has been used. Mothers selected randomly from the same region are assumed to share more similar
characters than mothers selected randomly from different regions. Three multilevel logistic
regression models: empty model with random intercept, random intercept with fixed effects model

and random coefficient with random intercept model have been considered.
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For the proper application of multilevel analysis in general and multilevel logistic regression
analysis in particular, the first logical step is to test for heterogeneity of proportions between groups.
The chi-square test was applied to assess heterogeneity among partially vaccinated children in the
regions, the chi-square statistic was found to be 1152.226 with p-value <0.0001 providing evidence
for heterogeneity in proportions.

Table 4.10 Frequency distribution of partially immunized children in regions and the
corresponding chi-square test for equal proportions

The FREQ Procedure
REGION Frequency Percent cum Freq cum Percent
1 881 12.96 881 12.96
2 393 5.78 1274 18.74
3 903 13.29 2177 32.03
4 983 14.46 3160 46.49
5 395 5.81 3555 52.30
6 609 8.96 4164 61.26
7 983 14.46 5147 75.72
8 443 6.52 5590 82.24
9 443 6.52 6033 88.76
10 277 4.08 6310 92.84
11 487 7.16 6797 100.00
Chi-Square Test for Equal Proportions
Chi-Square 1152.2260
DF 10
Pr > ChiSq <. 0001
Sample Size = 6797

4.3.1. The Empty Model with Random Intercept
The empty two-level model also called null two-level model for a dichotomous outcome variable

refers to a population of groups (level-2 units) and specifies the probability distribution for group-
dependent probabilities p; in Y;; = p; + &; without taking explanatory variables into account. In
logit transformation it is the model that incorporates only the grand mean and random intercept
(regional effect) without predictor variables. It is given by:

logit(p;) = Bo + Uoj , Uo; ~ IID(0, 0f)
The intercept [, also known as the grand log odds mean, is shared by all regions while the random
effect uy;, also known as level two residual, is specific to region j. It shows how the log odds mean
of children vaccination incompletion in a particular region deviates from the grand log odds mean.
The average probability of children vaccination incompletion in the absence of mothers’ level effects
in region j is less than the average when u,; is negative while it is higher than the average when u,;

is positive. ¢ is the variation between regions.
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Table 4.11 Sas Output of the Random Intercept Model

Fit Statistics

-2 Log Likelihood 7701.19
AIC (smaller is better) 7705.19
AICC (smaller is better) 7705.20
BIC (smaller is better) 7705.99

CAIC (smaller is better) 7707.99

HQIC (smaller is better) 7704.69

Covariance Parameter Estimates

Cov Parm Subject Estimate Standard Error
Intercept REGION 1.0596 0.4603
Solutions for Fixed Effects
Standard
Effect Estimate Error DF t Value Pr > |t|
Intercept 0.6906 0.3121 10 2.21 0.0513
Solution for Random Effects
STD Err
Effect Subject Estimate Pred DF t Value Pr > |t|
Intercept Tigray -1.2026 0.3184 6796 -3.78 0.0002
Intercept Afar 1.5033 0.3467 6796 4.34 <.0001
Intercept Amhara 0.2246 0.3191 6796 0.70 0.4816
Intercept Oromia 0.6765 | 0.3202 6796 2.1 0.0346
Intercept Somali 0.5803 | 0.3307 6796 1.75 0.0793
Intercept Benishangul-Gumuz 0.3470 | 0.3230 6796 1.07 0.2827
Intercept SNNP 0.3832 | 0.3190 6796 1.20 0.2297
Intercept Gambela 0.9024 | 0.3323 6796 2.72 0.0066
Intercept Harari -0.3549 | 0.3239 6796 -1.10 0.2734
Intercept Addis Ababa -2.2256 | 0.3431 6796 -6.49 <.0001
Intercept Dire Dawa -0.8527 0.3227 6796 -2.64 0.0082

From Table 4.11 we can see that the estimate of the fixed part of the null model, the average log
odds of 12 to 59 months of age child being vaccination defaulter was 0.6906 with odds of
exp(0.6906) = 1.994912 ~ 2 which is in fact odds ratio when no predictors have been considered
in the model. The odds ratio from standard logit model cannot be compared directly with odds ratios
from a multilevel model since odds ratios from a multilevel model are effects on the median odds of
being defaulter whereas odds ratio estimated from a single-level has effect on the mean odds of
being partially immunized. A crude (it is crude since each of mean and median is a measure of
central tendency) comparison has been made to understand the multilevel effects. Compared to the
odds ratios obtained by multilevel methods the standard logistic model under estimate odds ratio.
Taking into account the clustering within regions (level 2), the standard logistic model has
underestimated the odds-ratio by about 2.433% [(0.6906-0.6738)*100/0.6738] compared to

multilevel model. The average probability of vaccination incompletion is
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A __exp(&69061/ _ N
o = 1 + exp(0.6906) = 0-6661 = 0.67.

That means the chance of a child 12 to 59 month of age being partially immunized was 67% on

average in the country.

Table 4.11 also indicates that between regional variations for vaccination incompletion of children
12 to 59 months of age was 1.0596 with standard error 0.4603. From simulation results of standard
logit theory the variation among individual mothers, also called residual or error variance, is 3.29.

Applying the above two variances the intra class correlation, the measure of the intra class

. . .. . . 1.0596
correlation between two individual mothers in the same region, was ICC = Tomo6r330 = 0.322067.

A low ICC indicates relatively small between regional variations, but in this study it is high. Further
from the subheading solution for random effects Tigray, Afar, Oromia, Somali (at 10% significance
level), Gambela, Addis Ababa and Dire Dawa were statistically significant regions for the variation
of children vaccination defaulting in the country while the rest were not. In addition the average
probability of a child 12 to 59 months of age being under vaccinated was below the average (67%) in
Tigray (0.3747), Addis Ababa (0.1773) and Dire Dawa (0.4596) while it was higher in Afar
(0.8997), Oromia (0.7969), Somali (0.7809), and Gambela (0.8310) regions.

4.3.2. Random Intercept with Fixed Effects Model
In random intercept and fixed slope model, we allow the probability of 12 to 59 month of age child

vaccination defaulting to vary across regions while mother’s level effects including the fixed
intercept are fixed or constant across regions. Table 4.12 contains the model fit statistics, the

maximum likelihood estimates of fixed slopes, odds ratio and regional effects of the model.

Table 4.12 Sas Output of the Random Intercept and Fixed Effects Model

Fit Statistics

-2 Log Likelihood 7391.26

AIC (smaller is better) 7419.26

AICC (smaller is better) 7419.32

BIC (smaller is better) 7424.83

CAIC (smaller is better) 7438.83

HQIC (smaller is better) 7415.74

Covariance Parameter Estimates

Cov Parm Subject Estimate Standard Error
Intercept REGION 0.6440 0.2828
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Solution for Fixed Effects

Effect SHH FLRADIO | WI BORD PRENA | ASSIST WTHBFL | ESTIMATE | Std error DF t value Pr>t|
Intercept -0.3158 0.2754 10 -1.15 0.2782
SHH 0 -0.2724 0.08065 10 -3.38 0.007
1 0 . . .
0.3613 0.08423 20 4.29 0.0004
FLRADIO 0.18 0.08623 20 2.09 0.0498
0 . .
1 0.7145 0.1047 | 37 6.82 | <0.0001
2 0.5779 0.105 37 5.51 | <0.0001
Wi 3 0.4275 0.104 | 37 4.11 | 0.0002
4 0.4766 0.09922 37 4.8 | <0.0001
5 0 . .
1 0.02689 0.08463 20 0.32 0.754
BORD 2 -0.1344 0.08833 20 -1.52 0.1437
3 0 . .
PRENA 0 0.386 0.06446 10 5.99 0.0001
1 0 . . .
ASSIST 0.2149 0.07678 10 2.8 0.0188
0 . . .
WTHBEL 0 0.3389 0.06877 10 4.93 0.0006
1 0
Odds Ratio Estimates
95% confidence limit
SHH | FLRADIO | WI BORD PRENA | ASSIST | WTHBFL | ESTIMATE DF LCL UCL
1 1.313 10 1.097 1.572
1 0.834 20 0.724 0.962
2 0.697 20 0.584 0.831
2 0.872 37 0.724 1.052
3 0.751 37 0.621 0.907
4 0.788 37 0.651 0.955
5 0.489 37 0.396 0.605
2 0.851 20 0.742 0.976
3 0.973 20 0.816 1.161
1 0.680 10 0.589 0.785
1 0.807 10 0.680 0.957
1 0.713 10 0.611 0.831
Type III Tests of Fixed Effects
Effect Num DF Den DF | Chi-Square F Value Pr>ChiSq Pr > F
SHH 1 10 11.40 11.40 0.0007 0.0070
FLRADIO 2 20 19.68 9.84 <.0001 0.0011
WI 4 37 50.32 12.58 <.0001 <.0001
BORD 2 20 6.34 3.17 0.0421 0.0638
PRENA 1 10 35.87 35.87 <.0001 0.0001
ASSIST 1 10 7.84 7.84 0.0051 0.0188
WTHBFL 1 10 24.29 24.29 <.0001 0.0006
Solution for Random Effects
Effect Subject Estimate STD Err Pred DF t Value Pr > |t
Intercept REGION 1 -1.3497 0.2535 6784 -5.32 <.0001
Intercept REGION 2 1.3169 0.2887 6784 4.56 <.0001
Intercept REGION 3 0.04862 0.2543 6784 0.19 0.8483
Intercept REGION 4 0.6260 0.2555 6784 2.45 0.0143
Intercept REGION 5 0.4383 0.2693 6784 1.63 0.1036

63




Intercept REGION 6 0.1494 0.2591 6784 0.58 0.5641
Intercept REGION 7 0.2024 0.2541 6784 0.80 0.4257
Intercept REGION 8 0.6450 0.2712 6784 2.38 0.0174
Intercept REGION 9 -0.06921 0.2621 6784 -0.26 0.7918
Intercept REGION 10 -1.3390 0.2887 6784 -4.64 <.0001
Intercept REGION 11 -0.6852 0.2597 6784 -2.64 0.0083

The likelihood ratio test statistic G=-2m[*om/, |=770119-739126=30993 with p —value =

p(x¢r) >309.93) < 0.0001, where Lgy is likelihood function of the null model and Lgypsy is

likelihood function of the random intercept and fixed slope model, provide convincing evidence that
the random intercept with fixed effects model is significant compared to the null model. The AIC
and BIC values in the model fit statistics also ensure that as the smaller the values of AIC and BIC
the better the model is. Values of the t-test statistic used for testing the significance of individual
predictors are given in the 12"™ column with the corresponding p-values in the 13™ column of the sub
heading solution for fixed effects, and these statistic indicate that under the random intercept and
fixed effects model birth order number of a child is not statistically significant for a child to be
partially vaccinated in the country. A similar result is shown under the p-value of F-statistics in the

7" column of the sub heading type III tests of fixed effects.

The odds ratio of fixed effects from the random intercept and fixed slope model were almost similar
to that of the standard logit model results. From Table 4.12 we see that the inclusion of level one
effects decreases regional variations of vaccination defaulting from 1.0596 to 0.6440 which may be
in fact expected. Further from the null model Tigray, Afar, Oromia, Somali (at 10% significance
level), Gambela, Addis Ababa and Dire Dawa were statistically significant regions for the variation
of children vaccination defaulting in the country while in the random intercept and fixed effects

model Somali was included in the regions that were not statistically significant for the variation.

4.3.3. Univariate Random Slope with Random Intercept Model
Random effects univariate model allows the effect that the coefficient of the explanatory variable to

vary from region to region. We ran this model for each predictor separately and found that no mother
level random effects vary across regions. That is, the effect of mother’s level predictors for 12 to 59
months of age children vaccination defaulting remained fixed across regions though they were
statistically significant as fixed effects for vaccination incompletion (see Appendix B). Taking into
account regional variations Figure 4.4 indicates being partially immunized of a child decreased as

wealth index of parents increased.
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Figure 4.4 Graph showing the relationship between odds ratio of 12 to 59 month of
age vaccination defaulter children and wealth index of their mother.
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CHAPTER FIVE

DISCUSSION, CONCLUSION AND RECOMMENDATIONS

5.1. Discussion
In addition to malnutrition, the major cause of childhood mortality in Ethiopia is vaccine preventable

diseases. Childhood mortality can be significantly lowered if routine vaccination is completed. There
are several community level localized studies exploring child vaccination coverage in Ethiopia.
However, many of these do not look at aggregate country level data to make assessments on
vaccination coverage and disparities across the country. Countries strive to equalize health outcomes
among all people. The goal is to have health outcomes not to be dependent on social, economic or
geographic factors. When there is a non-physiological risk factor for a health outcome, disparities

are uncovered.

The objective of this study was to assess demographic, socio economic, environmental and health
service factors affecting childhood vaccination incompletion, and to determine the extent of
incomplete vaccination within and between regions in Ethiopia based on EDHS 2011 data. In this
study a total of 6,797 children 12 to 59 months of age were included (mean age of 36 and standard
deviation 13.655 months). Among these children 33.76% were completely immunized while 66.24%

were partially vaccinated.

The study found statistical evidence that some of the factors had significant influence on childhood
vaccination incompletion. The result showed that region, wealth index, sex of household head, birth
order of a child, being of wise of a mother to have balanced family life, frequency of a mother
listening to radio, and mothers’ getting of prenatal care and assistant from a health professional were
found to have statistically significant effects on a child 12 to 59 month of age being partially
immunized. However, age, religion and education status of a mother, place of delivery, number of
living children, residence, frequency of a mother watching TV, sex of a child, and husband

education status were not found to have statistical significant at 5% level.

The percentage of partially immunized children 12 to 59 months of age varied from region to region
(p-value<0.0001). Tigray, Afar, Oromia, Gambela, Addis Ababa and Dire Dawa showed variation in

defaulting of children vaccination. While Addis Ababa and Dire Dawa city administration and
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region Tigray performed well in minimizing the default rate of childhood vaccination in the country,
others did not. Comparing an odd of having partial immunization with complete vaccination; a child
from region Afar 15.43 times (95% CI [10.747, 22.698]), Amhara 4.1 times (95%CI [3.336, 5.03]),
Oromia 7.33 times (95% CI [5.906, 9.118]), Somali 6.1 times (95% CI [4.586, 8.175]),
Benishangul-Gumuz 4.53 times (95% CI [3.599, 5.734]), SNNP 4.78 times (95% CI1[3.901, 5.872)),
Gambela 7.55 times (95% CI [5.661, 10.184]), Harari 3.61 times (95% CI [2.786, 4.7]), and Dire
Dawa 1.94 times (95% CI [1.516, 2.477]) more likely to be partially vaccinated than a child from
Tigray.

Children from higher wealth quintiles families showed significantly lower rates of vaccination
incompletion than the lowest quintile, and there was a more or less pattern of progressive risk
decrease associated with wealth. Compared with poorest family children the risks of children being
partially vaccinated decreased by 13% for poorer, 25% for middle, 21% for richer and 51% for
richest family. This is in agreement with the findings of Roy (2010) and Belachew Etana (2011).

Children likelihood of being partially vaccinated was significantly associated with mothers’ health
care utilization. Likelihood of children whose mothers were got prenatal care and assistant being
partially immunized were decreased respectively by 32% and 19% compared to children whose
mothers were not got prenatal care and assistance from a health professional. A similar result was
found in the findings of Belachew Etana (2011) in a study of factors affecting immunization status of
children aged 12-23 months in Ambo Woreda, West Shewa Zone of Oromia Regional State. In
addition, as Roy and Belachew uncovered, the likelihood of being partially immunized of a child
whose mother was wise to have balanced family life decreased by 28% compared with a child whose

mother was not wise to have balanced family life.

The likelihood of being partially immunized of a child whose mother listened to radio less than once
a week and at least once a week decreased by respectively 17% and 30% relative to a child whose
mother did not listen radio at all. Analogous result was found by Belachew (2011), children of
mothers who heard about vaccination was 5.8(95% CI 1.3, 25) times more likely to be fully

vaccinated than those who haven’t heard.
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Birth order number of a child had negative association with being vaccination defaulter. The risk of
vaccination incompletion of a child from fourth through sixth birth order decreased by 15%
compared to a child first through third birth order while the risk of defaulting was almost the same
for a child in seventh or above birth order. Roy (2010) showed that being in fifth or above order has
strong association with vaccination incompletion. Further the risk of vaccination incompletion of
children whose mothers were household head increased by 31% contrasted with children whose

fathers were household head.

5.2. Conclusion
More children in Ethiopia start and fail to complete all EPI recommended RI vaccines than those

who completed their vaccine schedule. This group of defaulter is bigger than the group that has no
vaccines. However, children that have no vaccines and those that have partial vaccination are in
similar risk of acquiring vaccine preventable diseases. Any attempts should to be taken to improve

vaccination delivery and efficacy.

5.3. Recommendations
Childhood morbidity from vaccine preventable diseases hinders parents and caretakers ability to

actively participate in the economy and reduces contributions children might make to the economy
and society in the future. Given the fact that vaccination incompletion is very high among the
poorest segment of the population, meeting the child vaccination needs of this population should be
the first priority. EPI subsidies and international partnerships have created an interconnected funding

system where childhood vaccination can be provided to every child without cost to families.

Even though childhood immunization is a population level service, low coverage in some regional
states compared to others necessitates action. Reaching isolated kebeles consistently will allow
children to finish their RI schedule. Strategies for how to reach kebeles during both dry and wet

seasons needs to be part of the plans.

This study looked at family characteristics that might affect the decision to complete childhood
vaccination in Ethiopia. Studies that look at the effect of international and national policies on
childhood vaccination can further illuminate how family decisions are affected by issues of access
and vaccine efficacy. A policy evaluation study is recommended to examine issues of vaccination

coverage in Ethiopia.
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APPENDIX

Appendix A: Frequency Distribution of Predictor Variables by Immunization Status

Table of wealth index by

immunization status

Table of birth order by immunization
status
BORDER
Frequency y
Percent Total
Row Pct
Col Pct 0 1
1268 2282 3550
1-3 18.66 33.57 52.23
35.72 64.28
55.25 50.69
716 1440 2156
4-6 10.53 21.19 31.72
33.21 66.79
31.20 31.99
311 780 1091
More than 4.58 11.48 16.05
6 28.51 71.49
13.55 17.33
Table of sex of child by immunization
status
SCHILD
Frequency y
Percent Total
Row Pct
Col Pct 0 1
1164 2278 3442
Male 17.13 33.51 50.64
33.82 66.18
50.72 50.60
1131 2224 3355
16.64 32.72 49.36
Female
33.71 66.29
49.28 49.40

Table of Prenatal care by immunization

WI
Frequency
Percent Total
Row Pct
Col Pct 0 1
398 1352 1750
poorest 5.86 19.89 25.75
22.74 77.26
17.34 30.03
356 907 1263
Poorer 5.24 13.34 18.58
28.19 71.81
15.51 20.15
365 790 1155
Middle 5.37 11.62 16.99
31.60 68.40
15.90 17.55
379 833 1212
. 5.58 12.26 17.83
Richer
31.27 68.73
16.51 18.50
797 620 1417
. 11.73 9.12 20.85
Richest
56.25 43.75
34.73 13.77
Table of husband education by
immunization status
HEDUC
Frequency
Percent Total
Row Pct
Col Pct 0
No 1015 2434 3449
education 14.93 35.81 50.74
29.43 70.57
44.23 54.06
primary 924 1646 2570
13.59 24,22 37.81
35.95 64.05
40.26 36.56
secondary 205 273 478
3.02 4.02 7.03
42.89 57.11
8.93 6.06
Higher 151 149 300
2.22 2.19 4.41
50.33 49.67
6.58 3.31

status
PRENA
Frequency Y
Percent Total
Row Pct
Col Pct 0|1
1246 3357 4603
No 8.33 49.39 67.72
27.07 72.93
54.29 74.57
1049 1145 2194
15.43 16.85 32.28
Yes
47.81 52.19
45.71 25.43
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Table of mother age by immunization

Table of region by immunization

status
MAGE
Frequency
Percent
Row Pct
Col Pct 0 1 Total
15-19 52 146 198
0.77 2.15 2.91
26.26 73.74
2.27 3.24
20-24 406 833 1239
5.97 12.26 18.23
32.77 67.23
17.69 18.50
25-29 751 1434 2185
11.05 21.10 32.15
34.37 65.63
32.72 31.85
30-34 515 935 1450
7.58 13.76 21.33
35.52 64.48
22.44 20.77
35-39 384 706 1090
5.65 10.39 16.04
35.23 64.77
16.73 15.68
40-44 144 321 465
2.12 4.72 6.84
30.97 69.03
6.27 7.13
45-49 43 127 170
0.63 1.87 2.50
25.29 74.71
1.87 2.82
Table of residence by immunization
status
Residence | Y
Frequency
Percent
Row Pct
Col Pct 0 Total
Urban 689 573 1262
10.14 8.43 18.57
54.60 45.40
30.02 12.73
Rural 1606 3929 5535
23.63 57.80 81.43
29.02 70.98
69.98 87.27

status
Region
Frequency
Percent Total
Row Pct
Col Pct 0
552 329 881
Tigray 8.12 4.89 12.96
62.66 | 37.34
24.05 7.31
38 355 393
Afar 0.56 5.22 5.78
9.67 | 90.33
1.66 7.89
258 645 903
Amhara 3.80 9.49 13.29
28.57 | 71.43
11.24 | 14.33
199 784 983
oromia 2.93 11.53 14.46
20.24 | 79.76
8.67 | 17.41
86 309 395
. 1.27 4.55 5.81
Somali 21.77 | 78.23
3.75 6.86
159 450 609
Benishangu 2.34 6.62 8.96
1-Gumuz 26.11 73.89
6.93 | 10.00
250 733 983
SNNP 3.68 10.78 14.46
25.43 74.57
10.89 | 16.28
74 369 443
Gambela 1.09 5.43 6.52
16.70 | 83.30
3.22 8.20
185 258 443
Harari 2.72 3.80 6.52
41.76 58.24
8.06 5.73
230 47 277
Addis 3.38 0.69 4.08
Ababa 83.03 | 16.97
10.02 1.04
264 223 487
Dire Dawa 3.88 3.28 7.16
54.21 45.79
11.50 4.95
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Table of mother education by
immunization status

MEDUC
Frequency
Percent Total
Row Pct
Col Pct 0 1
No 1378 3224 4602
education 20.27 47.43 67.71
29.94 70.06
60.04 71.61
primary 683 1132 1815
10.05 16.65 26.70
37.63 62.37
29.76 25.14
secondary 151 94 245
2.22 1.38 3.60
61.63 38.37
6.58 2.09
Higher 83 52 135
1.22 0.77 1.99
61.48 38.52
3.62 1.16
Table of religion by immunization
status
Religion
Frequency
Percent Total
Row Pct
Col Pct 0
1133 1305 2438
Orthodox 16.67 19.20 35.87
46.47 53.53
49.37 28.99
16 43 59
. 0.24 0.63 0.87
Catholic =737 72.88
0.70 0.96
297 984 1281
Protestan 4.37 14.48 18.85
t 23.19 76.81
12.94 21.86
832 2070 2902
Muslim 12.24 30.45 42.70
28.67 71.33
36.25 45.98
Tradition 6 42 48
al 0.09 0.62 0.71
12.50 87.50
0.26 0.93
11 58 69
Other 0.16 0.85 1.02
15.94 84.06
0.48 1.29

Table of Sex of household head by
immunization status
SHH
Frequency Y
Percent Total
Row Pct
Col Pct 0 1
1911 3685 5596
28.12 54.22 82.33
Male
34.15 65.85
83.27 81.85
384 817 1201
1 5.65 12.02 17.67
Female 3197 | 68.03
16.73 18.15
Table of frequency of listening to
radio by immunization status
FLRADIO
Frequency y
Percent Total
Row Pct
Col Pct 0 |1
1038 2650 3688
Not at 15.27 38.99 54.26
all 28.15 71.85
45.23 58.86
707 1248 1955
tiz: ;han 10.40 | 18.36 | 28.76
week 36.16 63.84
30.81 27.72
550 604 1154
2ﬁcie25t 8.09 8.89 | 16.98
week 47.66 52.34
23.97 13.42
Table of frequency of watching TV by
immunization status
FWTV
Frequency y
Percent Total
Row Pct
Col Pct 0 1
1296 3258 4554
19.07 47.93 67.00
Not at all 58.46 =154
56.47 72.37
507 886 1393
Less than 7.46 | 13.04 | 20.49
agzi 2 36.40 | 63.60
22.09 19.68
492 358 850
At least 7.24 5.27 | 12.51
once a
week 57.88 42.12
21.44 7.95
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Table of assistance by immunization

Table of NLCHILD by immunization status

status
ASSIST
Frequency
Percent Total
Row Pct
Col Pct 0|1
1399 3499 4898
No 20.58 51.48 72.06
28.56 71.44
60.96 77.72
896 1003 1899
Yes 13.18 14.76 27.94
47.18 52.82
39.04 22.28
Table of place of delivery by
immunization status
DELIVERY
Frequency
Percent Total
Row Pct
Col Pct 0 1
1694 4022 5716
24.92 59.17 84.10
Home 29.64 | 70.36
73.81 89.34
601 480 1081
Health 8.84 7.06 15.90
facility 55.60 44 .40
26.19 10.66

Table of WTHBFL by immunization status

WTHBFL
Frequency
Percent Total
Row Pct
Col Pct 0 1
1340 3547 4887
No 19.71 52.18 71.90
27.42 72.58
58.39 78.79
955 955 1910
14.05 14.05 28.10
Yes
50.00 50.00
41.61 21.21

NLCHILD
Frequency
Percent Total
Row Pct
Col Pct 0 1
378 545 923
1 5.56 8.02 13.58
40.95 59.05
16.47 12.11
490 904 1394
7.21 13.30 20.51
2 35.15 64.85
21.35 20.08
397 835 1232
5.84 12.28 18.13
8 32.22 67.78
17.30 18.55
348 696 1044
5.12 10.24 15.36
4 33.33 66.67
15.16 15.46
248 602 850
5 3.65 8.86 12.51
29.18 70.82
10.81 13.37
212 356 568
3.12 5.24 8.36
6 37.32 62.68
9.24 7.91
125 268 393
- 1.84 3.94 5.78
31.81 68.19
5.45 5.95
63 162 225
0.93 2.38 3.31
8 28.00 72.00
2.75 3.60
17 82 99
0.25 1.21 1.46
o 17.17 82.83
0.74 1.82
11 30 41
10 0.16 0.44 0.60
26.83 73.17
0.48 0.67
5 15 20
11 0.07 0.22 0.29
25.00 75.00
0.22 0.33
1 7 8
12 0.01 0.10 0.12
12.50 87.50
0.04 0.16
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Appendix B: SAS Output of Univariate Random Intercept and random Predictor Model

Table 4.13 Sas Output of the Random Intercept and random WI Model

Covariance Parameter Estimates

Cov Parm Subject Estimate Standard Error
Intercept REGION 0.7136 0.3176
WI REGION 0.02275 0.01620
Solutions for Fixed Effects
Effect WI Estimate Std Error DF t Value Pr > |t]
Intercept 0.03835 0.2663 10 0.14 0.8883
WI 1 1.1963 0.1192 37 10.03 <.0001
WI 2 0.9652 0.1211 37 7.97 <.0001
WI 3 0.7281 0.1209 37 6.02 <.0001
WI 4 0.6901 0.1182 37 5.84 <.0001
WI 5 0
Odds Ratio Estimates
WI _WI Estimate DF 95% Confidence Limits
2 1 0.794 37 0.621 1.014
3 1 0.626 37 0.486 0.807
4 1 0.603 37 0.471 0.772
5 1 0.302 37 0.237 0.385
Type III Tests of Fixed Effects
Effect Num DF Den DF Chi-Square F Value Pr > ChiSq Pr > F
WI 4 37 112.95 28.24 <.0001 <.0001
Solution for Random Effects
Effect WI Subject Estimate  Std Err Pred DF t Value Pr > |t
Intercept REGION 1 -1.3231 0.2736 6792 -4.84 <.0001
wI 1 REGION 1 -0.1807 0.1400 6792 -1.29 0.1969
wI 2 REGION 1 -0.08620 0.1307 6792 -0.66 0.5096
WI 3 REGION 1 0.01433 0.1267 6792 0.11 0.9099
wI 4 REGION 1 0.1342 0.1353 6792 0.99 0.3210
wI 5 REGION 1 0.07614 0.1319 6792 0.58 0.5636
Intercept REGION 2 1.2734 0.3109 6792 4.10 <.0001
WI 1 REGION 2 0.1491 0.1635 6792 0.91 0.3618
WI 2 REGION 2 0.03787 0.1468 6792 0.26 0.7964
wI 3 REGION 2 -0.07234 0.1542 6792 -0.47 0.6390
wI 4 REGION 2 -0.03783 0.1496 6792 -0.25 0.8004
WI 5 REGION 2 -0.03621 0.1411 6792 -0.26 0.7976
Intercept REGION 3 0.05538 0.2742 6792 0.20 0.8399
wI 1 REGION 3 -0.09987 0.1334 6792 -0.75 0.4540
wI 2 REGION 3 0.02568 0.1237 6792 0.21 0.8356
WI 3 REGION 3 0.06404 0.1270 6792 0.50 0.6141
WI 4 REGION 3 -0.05292 0.1270 6792 -0.42 0.6769
wI 5 REGION 3 0.06484 0.1373 6792 0.47 0.6369
Intercept REGION 4 0.6281 0.2751 6792 2.28 0.0225
wI 1 REGION 4 0.08467 0.1369 6792 0.62 0.5362
WI 2 REGION 4 -0.08487 0.1335 6792 -0.64 0.5248
wI 3 REGION 4 0.07731 0.1336 6792 0.58 0.5628
wI 4 REGION 4 -0.04283 0.1253 6792 -0.34 0.7326
wI 5 REGION 4 -0.01426 0.1266 6792 -0.11 0.9103
Intercept REGION 5 0.5833 0.2891 6792 2.02 0.0436
WI 1 REGION 5 0.1112 0.1464 6792 0.76 0.4477
WI 2 REGION 5 0.04653 0.1468 6792 0.32 0.7512
wI 3 REGION 5 -0.03072 0.1431 6792 -0.21 0.8300
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WI 4 REGION 5 -0.04634 0.1405 6792 -0.33 0.7415
wI 5 REGION 5 -0.06204 0.1361 6792 -0.46 0.6486
Intercept REGION 6 0.1924 0.2786 6792 0.69 0.4899
WI 1 REGION 6 -0.04367 0.1325 6792 -0.33 0.7418
WI 2 REGION 6 -0.03047 0.1324 6792 -0.23 0.8180
wI 3 REGION 6 -0.07724 0.1335 6792 -0.58 0.5629
wI 4 REGION 6 0.04844 0.1316 6792 0.37 0.7127
wI 5 REGION 6 0.1091 0.1494 6792 0.73 0.4654
Intercept REGION 7 0.2430 0.2737 6792 0.89 0.3748
wI 1 REGION 7 0.005475 0.1249 6792 0.04 0.9650
wI 2 REGION 7 0.001644 0.1246 6792 0.01 0.9895
wI 3 REGION 7 0.08414 0.1310 6792 0.64 0.5206
WI 4 REGION 7 -0.07771 0.1269 6792 -0.61 0.5405
wI 5 REGION 7 -0.00581 0.1285 6792 -0.05 0.9640
Intercept REGION 8 0.6772 0.2912 6792 2.33 0.0201
wI 1 REGION 8 0.1101 0.1436 6792 0.77 0.4432
wI 2 REGION 8 -0.01140 0.1436 6792 -0.08 0.9367
WI 3 REGION 8 -0.05503 0.1442 6792 -0.38 0.7027
wI 4 REGION 8 -0.01148 0.1376 6792 -0.08 0.9335
wI 5 REGION 8 -0.01058 0.1389 6792 -0.08 0.9393
Intercept REGION 9 -0.09508 0.2834 6792 -0.34 0.7373
wI 1 REGION 9 -0.00726 0.1478 6792 -0.05 0.9608
WI 2 REGION 9 0.03940 0.1418 6792 0.28 0.7812
WI 3 REGION 9 -0.04713 0.1388 6792 -0.34 0.7342
wI 4 REGION 9 0.1378 0.1429 6792 0.96 0.3348
wI 5 REGION 9 -0.1259 0.1367 6792 -0.92 0.3571
Intercept REGION 10 -1.5178 0.3318 6792 -4.57 <.0001
wI 1 REGION 10 0.01291 0.1507 6792 0.09 0.9318
WwI 2 REGION 10 0 0.1508 6792 0.00 1.0000
wI 3 REGION 10 0 0.1508 6792 0.00 1.0000
wI 4 REGION 10 0 0.1508 6792 0.00 1.0000
wI 5 REGION 10 -0.06131 0.1559 6792 -0.39 0.6941
Intercept REGION 11 -0.7570 0.2793 6792 -2.71 0.0067
wI 1 REGION 11 -0.1473 0.1545 6792 -0.95 0.3405
wI 2 REGION 11 0.05773 0.1360 6792 0.42 0.6712
WI 3 REGION 11 0.04118 0.1342 6792 0.31 0.7589
WI 4 REGION 11 -0.05181 0.1424 6792 -0.36 0.7159
wI 5 REGION 11 0.07608 0.1294 6792 0.59 0.5565
Table 4.14 Sas Output of the Random Intercept and random FLRADIO Model
Covariance Parameter Estimates
Cov Parm Subject Estimate Standard Error
Intercept REGION 0.9713 0.4524
FLRADIO REGION 1.37E-19 0.01669
Solutions for Fixed Effects
Effect FLRADIO Estimate Std Error DF t Value Pr > |t|
Intercept 0.1982 0 10 Infty <.0001
FLRADIO 0 0.7273 0.04385 20 16.58 <.0001
FLRADIO 1 0.3866 0.04758 20 8.12 <.0001
FLRADIO 2 0
0Odds Ratio Estimates
FLRADIO _FLRADIO Estimate DF 95% Confidence Limits
1 0 0.711 20 0.625 0.810
2 0 0.483 20 0.441 0.529
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Type III Tests of Fixed Effects

Effect Num DF Den DF Chi-Square F Value Pr > ChiSq Pr > F
FLRADIO 2 20 322.28 161.14 <.0001 <.0001
Solution for Random Effects

Effect FLRADIO Subject Estimate  Std Err Pred DF t Value Pr > |t]

Intercept REGION 1 -1.2232 0.07762 6794 -15.76 <.0001
FLRADIO 0 REGION 1 -762E-21 0.09253 6794 -0.00 1.0000
FLRADIO 1 REGION 1 1.37E-18 0.1670 6794 0.00 1.0000
FLRADIO 2 REGION 1 -785E-21 0.09548 6794 -0.00 1.0000
Intercept REGION 2 1.4887 0.1724 6794 8.63 <.0001
FLRADIO 0 REGION 2 6.02E-19 0.07322 6794 0.00 1.0000
FLRADIO 1 REGION 2 -113E-21 0.01368 6794 -0.00 1.0000
FLRADIO 2 REGION 2 -279E-21 0.03396 6794 -0.00 1.0000
Intercept REGION 3 0.1953 0.08041 6794 2.43 0.0152
FLRADIO 0 REGION 3 1.07E-19 0.01301 6794 0.00 1.0000
FLRADIO 1 REGION 3 2.83E-19 0.03439 6794 0.00 1.0000
FLRADIO 2 REGION 3 -362E-21 0.04405 6794 -0.00 1.0000
Intercept REGION 4 0.7520 0.08334 6794 9.02 <.0001
FLRADIO 0 REGION 4 -69E-21 0.008391 6794 -0.00 1.0000
FLRADIO 1 REGION 4 -581E-21 0.07059 6794 -0.00 1.0000
FLRADIO 2 REGION 4 7.56E-19 0.09190 6794 0.00 1.0000
Intercept REGION 5 0.5432 0.1262 6794 4.31 <.0001
FLRADIO 0 REGION 5 -664E-21 0.08071 6794 -0.00 1.0000
FLRADIO 1 REGION 5 3.95E-19 0.04798 6794 0.00 1.0000
FLRADIO 2 REGION 5 3.46E-19 0.04206 6794 0.00 1.0000
Intercept REGION 6 0.2942 0.09945 6794 2.96 0.0031
FLRADIO 0 REGION 6 -51E-20 0.06205 6794 -0.00 1.0000
FLRADIO 1 REGION 6 2.66E-20 0.003228 6794 0.00 1.0000
FLRADIO 2 REGION 6 5.25E-19 0.06388 6794 0.00 1.0000
Intercept REGION 7 0.3809 0.07859 6794 4.85 <.0001
FLRADIO 0 REGION 7 -169E-21 0.02054 6794 -0.00 1.0000
FLRADIO 1 REGION 7 -587E-21 0.07130 6794 -0.00 1.0000
FLRADIO 2 REGION 7 8.09E-19 0.09838 6794 0.00 1.0000
Intercept REGION 8 0.7832 0.1552 6794 5.05 <.0001
FLRADIO 0 REGION 8 1.21E-18 0.1472 6794 0.00 1.0000
FLRADIO 1 REGION 8 -9E-19 0.1095 6794 -0.00 1.0000
FLRADIO 2 REGION 8 -2E-19 0.02431 6794 -0.00 1.0000
Intercept REGION 9 -0.3084 0.1000 6794 -3.08 0.0021
FLRADIO 0 REGION 9 -986E-22 0.01199 6794 -0.00 1.0000
FLRADIO 1 REGION 9 1.77E-19 0.02148 6794 0.00 1.0000
FLRADIO 2 REGION 9 -122E-21 0.01479 6794 -0.00 1.0000
Intercept REGION 10 -2.0295 0.1585 6794 -12.80 <.0001
FLRADIO 0 REGION 10 -268E-21 0.03264 6794 -0.00 1.0000
FLRADIO 1 REGION 10 -772E-22 0.009390 6794 -0.00 1.0000
FLRADIO 2 REGION 10 5.89E-20 0.007164 6794 0.00 1.0000
Intercept REGION 11 -0.8957 0.1023 6794 -8.76 <.0001
FLRADIO 0 REGION 11 5.87E-19 0.07138 6794 0.00 1.0000
FLRADIO 1 REGION 11 7.85E-21 0.000964 6794 0.00 1.0000
FLRADIO 2 REGION 11 -722E-21 0.08773 6794 -0.00 1.0000
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Table 4.15 Sas Output of the Random Intercept and random WTHBFL Model

Covariance Parameter Estimates

Cov Parm Subject Estimate Standard Error
Intercept REGION 0.8190 0.3658
WTHBFL REGION 0.02956 0.02054
Solutions for Fixed Effects
Effect WTHBFL  Estimate  Std Error DF t Value Pr > |t|
Intercept 0.2459 0.2833 10 0.87 0.4058
WTHBFL 0 0.6793 0.1010 10 6.73 <. 0001
WTHBFL 1 0
Odds Ratio Estimates
WTHBFL _WTHBFL Estimate DF 95% Confidence Limits
1 0 0.507 10 0.405 0.635
Type III Tests of Fixed Effects
Effect Num DF Den DF Chi-Square F Value Pr > ChiSq Pr > F
WTHBFL 1 10 45.27 45.27 <.0001 <.0001
Solution for Random Effects
Effect WTHBFL Subject Estimate Std Err Pred DF t Value Pr > |t]
Intercept REGION 1 -1.1469 0.3078 6795 -3.73 0.0002
WTHBFL 0 REGION 1 -0.2103 0.1531 6795 -1.37 0.1696
WTHBFL 1 REGION 1 0.1689 0.1453 6795 1.16 0.2451
Intercept REGION 2 1.3588 0.3378 6795 4.02 <. 0001
WTHBFL 0 REGION 2 0.08245 0.1648 6795 0.50 0.6169
WTHBFL 1 REGION 2 -0.03340 0.1596 6795 -0.21 0.8343
Intercept REGION 3 0.2251 0.3063 6795 0.73 0.4625
WTHBFL 0 REGION 3 -0.1150 0.1445 6795 -0.80 0.4260
WTHBFL 1 REGION 3 0.1231 0.1461 6795 0.84 0.3992
Intercept REGION 4 0.5959 0.3075 6795 1.94 0.0527
WTHBFL 0 REGION 4 0.07639 0.1448 6795 0.53 0.5977
WTHBFL 1 REGION 4 -0.05488 0.1438 6795 -0.38 0.7028
Intercept REGION 5 0.5235 0.3191 6795 1.64 0.1009
WTHBFL 0 REGION 5 -0.02959 0.1526 6795 -0.19 0.8462
WTHBFL 1 REGION 5 0.04849 0.1547 6795 0.31 0.7540
Intercept REGION 6 0.2506 0.3111 6795 0.81 0.4205
WTHBFL 0 REGION 6 0.05938 0.1479 6795 0.40 0.6880
WTHBFL 1 REGION 6 -0.05034 0.1479 6795 -0.34 0.7336
Intercept REGION 7 0.2910 0.3071 6795 0.95 0.3435
WTHBFL 0 REGION 7 -0.00808 0.1436 6795 -0.06 0.9551
WTHBFL 1 REGION 7 0.01859 0.1445 6795 0.13 0.8977
Intercept REGION 8 0.7531 0.3249 6795 2.32 0.0205
WTHBFL 0 REGION 8 -0.00018 0.1570 6795 -0.00 0.9991
WTHBFL 1 REGION 8 0.02736 0.1590 6795 0.17 0.8634
Intercept REGION 9 -0.3085 0.3107 6795 -0.99 0.3208
WTHBFL 0 REGION 9 0.09186 0.1477 6795 0.62 0.5341
WTHBFL 1 REGION 9 -0.1030 0.1492 6795 -0.69 0.4901
Intercept REGION 10 -1.8605 0.3383 6795 -5.50 <.0001
WTHBFL 0 REGION 10 -0.05232 0.1645 6795 -0.32 0.7505
WTHBFL 1 REGION 10 -0.01484 0.1614 6795 -0.09 0.9267
Intercept REGION 11 -0.7070 0.3096 6795 -2.28 0.0224
WTHBFL 0 REGION 11 0.1042 0.1465 6795 0.71 0.4770
WTHBFL 1 REGION 11 -0.1297 0.1498 6795 -0.87 0.3867
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Table 4.16 Sas Output of the Random Intercept and random PRENA Model

Covariance Parameter Estimates

Cov Parm Subject Estimate Standard Error
Intercept REGION 0.8921 0.40837
PRENA REGION 0.06365 0.03447
Solutions for Fixed Effects
Effect PRENA  Estimate Std Error DF t Value Pr > |t|
Intercept 0.2401 0.2994 10 0.80 0.4413
PRENA 0 0.6980 0.1273 10 5.48 0.0003
PRENA 1 0
Odds Ratio Estimates
PRENA _PRENA  Estimate DF 95% Confidence Limits
1 0 0.498 10 0.375 0.661
Type III Tests of Fixed Effects
Effect Num DF Den DF Chi-Square F Value Pr > ChiSq Pr > F
PRENA 1 10 30.08 30.08 <. 0001 0.0003
Solution for Random Effects
Effect PRENA  Subject Estimate Std Err Pred DF t Value Pr > |t
Intercept REGION 1 -1.0680 0.3390 6795 -3.15 0.0016
PRENA 0 REGION 1 -0.3450 0.2009 6795 -1.72 0.0860
PRENA 1 REGION 1 0.2689 0.1960 6795 1.37 0.1702
Intercept REGION 2 1.4042 0.3663 6795 3.83 0.0001
PRENA 0 REGION 2 0.1445 0.2239 6795 0.65 0.5187
PRENA 1 REGION 2 -0.04432 0.2187 6795 -0.20 0.8394
Intercept REGION 3 0.2569 0.3391 6795 0.76 0.4488
PRENA 0 REGION 3 -0.2003 0.1978 6795 -1.01 0.3113
PRENA 1 REGION 3 0.2187 0.1996 6795 1.10 0.2734
Intercept REGION 4 0.5257 0.3404 6795 1.54 0.1225
PRENA 0 REGION 4 0.2402 0.2007 6795 1.20 0.2316
PRENA 1 REGION 4 -0.2027 0.1993 6795 -1.02 0.3092
Intercept REGION 5 0.4412 0.3536 6795 1.25 0.2122
PRENA 0 REGION 5 0.02586 0.2124 6795 0.12 0.9031
PRENA 1 REGION 5 0.005617 0.2143 6795 0.03 0.9791
Intercept REGION 6 0.3259 0.3425 6795 0.95 0.3413
PRENA 0 REGION 6 -0.03731 0.2012 6795 -0.19 0.8529
PRENA 1 REGION 6 0.06056 0.2024 6795 0.30 0.7647
Intercept REGION 7 0.3132 0.3388 6795 0.92 0.3553
PRENA 0 REGION 7 0.07395 0.1971 6795 0.38 0.7075
PRENA 1 REGION 7 -0.05160 0.1974 6795 -0.26 0.7938
Intercept REGION 8 0.9102 0.3509 6795 2.59 0.0095
PRENA 0 REGION 8 0.04915 0.2096 6795 0.23 0.8146
PRENA 1 REGION 8 0.01579 0.2096 6795 0.08 0.9399
Intercept REGION 9 -0.3467 0.3433 6795 -1.01 0.3126
PRENA 0 REGION 9 0.06878 0.2021 6795 0.34 0.7336
PRENA 1 REGION 9 -0.09352 0.2031 6795 -0.46 0.6453
Intercept REGION 10 -1.9107 0.3689 6795 -5.18 <.0001
PRENA 0 REGION 10 -0.1662 0.2312 6795 -0.72 0.4723
PRENA 1 REGION 10 0.02989 0.2217 6795 0.13 0.8927
Intercept REGION 11 -0.8776 0.3434 6795 -2.56 0.0106
PRENA 0 REGION 11 0.1434 0.2022 6795 0.71 0.4781
PRENA 1 REGION 11 -0.2060 0.2062 6795 -1.00 0.3176
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Table 4.18 Sas Output of the Random Intercept and random ASSIST Model

Covariance Parameter Estimates

Cov Parm Subject Estimate Standard Error
Intercept REGION 0.9062 0.3965
ASSIST REGION 0.004975 0.01208
Solutions for Fixed Effects
Effect ASSIST Estimate Std Error DF t Value Pr > |t|
Intercept 0.3090 0.2929 10 1.06 0.3162
ASSIST 0 0.6032 0.07655 10 7.88 <.0001
ASSIST 1 0
Odds Ratio Estimates
ASSIST _ASSIST Estimate DF 95% Confidence Limits
1 0 0.547 10 0.461 0.649
Type III Tests of Fixed Effects
Effect Num DF Den DF Chi-Square F Value Pr > ChiSq Pr > F
ASSIST 1 10 62.08 62.08 <.0001 <.0001
Solution for Random Effects
Effect ASSIST  Subject Estimate Std Err Pred DF t Value Pr > |t
Intercept REGION 1 -1.3210 0.3015 6795 -4.38 <.0001
ASSIST 0 REGION 1 -0.00961 0.07073 6795 -0.14 0.8919
ASSIST 1 REGION 1 0.002359 0.06748 6795 0.03 0.9721
Intercept REGION 2 1.5120 0.3300 6795 4.58 <.0001
ASSIST 0 REGION 2 0.01775 0.07984 6795 0.22 0.8241
ASSIST 1 REGION 2 -0.00945 0.07192 6795 -0.13 0.8955
Intercept REGION 3 0.1336 0.3047 6795 0.44 0.6611
ASSIST 0 REGION 3 -0.04255 0.1061 6795 -0.40 0.6885
ASSIST 1 REGION 3 0.04328 0.1078 6795 0.40 0.6880
Intercept REGION 4 0.6061 0.3021 6795 2.01 0.0449
ASSIST 0 REGION 4 -0.01034 0.06959 6795 -0.15 0.8818
ASSIST 1 REGION 4 0.01367 0.07237 6795 0.19 0.8502
Intercept REGION 5 0.5278 0.3136 6795 1.68 0.0924
ASSIST 0 REGION 5 0.01268 0.07330 6795 0.17 0.8627
ASSIST 1 REGION 5 -0.00978 0.07113 6795 -0.14 0.8907
Intercept REGION 6 0.2420 0.3061 6795 0.79 0.4291
ASSIST 0 REGION 6 -0.01703 0.07678 6795 -0.22 0.8244
ASSIST 1 REGION 6 0.01836 0.07845 6795 0.23 0.8149
Intercept REGION 7 0.2216 0.3069 6795 0.72 0.4703
ASSIST 0 REGION 7 0.03525 0.09553 6795 0.37 0.7121
ASSIST 1 REGION 7 -0.03404 0.09373 6795 -0.36 0.7165
Intercept REGION 8 0.8268 0.3154 6795 2.62 0.0088
ASSIST 0 REGION 8 0.007575 0.07049 6795 0.11 0.9144
ASSIST 1 REGION 8 -0.00304 0.06885 6795 -0.04 0.9648
Intercept REGION 9 -0.1165 0.3079 6795 -0.38 0.7052
ASSIST 0 REGION 9 0.01939 0.07805 6795 0.25 0.8039
ASSIST 1 REGION 9 -0.02002 0.07872 6795 -0.25 0.7992
Intercept REGION 10 -1.9185 0.3292 6795 -5.83 <.0001
ASSIST 0 REGION 10 -0.00273 0.07005 6795 -0.04 0.9689
ASSIST 1 REGION 10 -0.00780 0.07202 6795 -0.11 0.9138
Intercept REGION 11 -0.7345 0.3045 6795 -2.41 0.0159
ASSIST 0 REGION 11 -0.01124 0.07102 6795 -0.16 0.8743
ASSIST 1 REGION 11 0.007204 0.06836 6795 0.11 0.9161
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