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Abstract 

The problem of malaria disease in Ethiopia is compounded by more frequent epidemics, 

combined P. vivax and P. falciparum infections, and increasing drug and insecticide 

resistance. This study examines the association between the socio-economic and 

demographic and health factors and the malaria infection status among women in 

Ethiopia using logistic regression models. The study also indicates the facto rs that 

contribute in explaining the variation of malaria infection status among women across 

regions. The study is based on 7333 women respondents. The data were obtained from 

the Central Statistics Agency of the government of Ethiopia in 2005 (EDHS 2005). We 

use conventional logistic regression modeling to detemline the relationship between the 

explanatory variables and "malaria infection status" and multilevel logistic regression to 

see whether there exist variations in malaria infection status as relates to women across 

the regions of Eth iopia. Malaria infection status among women was modeled using 

socio-economic and demographic and health variab les as potential predictors. The 

results of conventional logistic regression model showed that the explanatory variables 

" region", "currently pregnant", "wealth index", "type of place of residence", "main floor 

material" and "age" are found to have a significant association with malaria infection 

status among women in Ethiopia. Similarly, the interaction of the random parts of "age 

by main floor material" and "main floor material by wealth index" provided significant 

effect on "malaria infection status" across regions. 
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CHAPTER ONE 

1. INTRODUCTION 

1.1 Background 

A vector-bome disease, as the name suggests, is transmitted with the aid of a vector. The 

term vector refers to a medium, an arthropod or some other agent through which a 

pathogenic micro-organism is transmitted from an infected individual to another 

uninfected individual. The mechanism of transmission involves at least three different 

living organisms, the pathological agents which can either be a bacteria, virus, and 

protozoa; the vector, generally arthropods such as ticks or mosquitoes; and the human 

host. Some domesticated or wild animals can act as reservoir for the pathogens till they 

are exposed to the susceptible human population. Each vector-bome disease is associated 

with a specific pathogen and a vector which acts as a medium of transmission. The spread 

of the disease in a particular region depends on the adaptability of the vector to survive 

and grow in that region. 

Malaria remains a major public health problem in the world. It is a major life-threateni ng 

vector-bome disease transmitted through mosquitoes. The disease got its name from bad 

air (mal aria) as it was thought that the disease came from fetid marshes. Later in 1880, it 

was discovered that the real cause of malaria was Plasmodium, a single cell parasite 

which can only be transmitted from one person to another by the bite of female 

Anopheles mosquito of which 3(three) species are of importance, with respect to their 

breeding, biting and other behavioural characteristics, namely, Anopheles arabiensis, A. 

funestus and A. gambiae .. The male Anopheles mosquitoes are not involved in disease 

transmission as they don't require blood to nurture eggs as their female counterparts do. 

There are 4(four) types of Plasmodium species-Plasmodium fa1ciparum, P. ovale, P. 

Vlvax and P. malariae. Of these P. fa1ciparum is by far the most dangerous. 

Unfortunately, it is also the most common in Africa. 



Malaria is the most well known, underestimated disease in the world . More than 2 billi on 

people li ve in malarious regions of the world. As a result, between 300 to 500 million 

new infection cases occur every year with over 1.2 to 2.7 million deaths, of whi ch 

malaria is further responsible for 1 (one) out of 4(four) childhood deaths in Africa. About 

90% of these occur in Sub-Sahara Africa. A child in Africa dies every 30 seconds 

because of malaria and those who survive the severe episode of malaria might suffer from 

learning impairments or brain damage (Anonyms, 21 April 2006). Of the estimated 400 

to 900 million episodes of fever occurring yearly in African chi ldren, probably about half 

are due to malaria, resulting in over one million deaths (Breman,J.G.et aI., 200 I). 

Although malaria is spread by bites of female Anopheles mosquitoes, it can also spread 

by other means such as blood transfusions, organ transplants and sharing of needles by 

intravenous drug (IV drug) users. 

In areas of stable endemic malaria transmission 111 sub-Saharan Africa it has been 

estimated that in 1995 about 1 million deaths were directly attributable to malaria 

infection (Snow et al. 1999). Of these deaths, three-quarters were in children below the 

age of 5 years. In the same popUlation, it is estimated that about 200 million clinical 

attacks of malaria occurred in the same year. In areas of unstable or epidemic prone 

malaria in southern Africa (fringe areas), about 2000 deaths and 200,000 clinical ep isodes 

occurred and that were not prevented despite malaria control measures in these areas. 

According to a World Bank report of 1993, malaria accounts for an estimated 35 million 

disability adjusted life years (DALYs) per year lost in Africa due to ill -health and 

premature death (World Bar1k,1993). 

The malaria transmission season runs from September to December, following the major 

rainy season from June to August in Ethiopia. The widespread epidemic has a cyclical 

pattern of 5 to 8 years that follows major climatic changes. Almost 75 percent of the land 

is malarious and an estimated 50 million people (68 percent) live in areas at risk of 

malaria areas at altitude below 2000 meters above sea level are generall y considered 

malarious. However, local transmission has also been detected in areas at altitudes as 

high as 2500 meters. The transmission pattern is unstable and often characteri zed by focal 

and cyclic large scale epidemics. The most recent malaria epidemic, which occurred in 
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2003, affected 211 districts where more than 2 million clinical cases were recorded 

(Negash et aI. , 2005). 

Resistance of malaria parasites to drugs is steadi ly gammg new ground and fresh 

outbreaks of malaria are being reported from areas which were hardly affected before. 

Accord ing to the statistics of the United Nations Population Division in 1990, malaria is 

the only disease today (apart from HIV/AIDS) that shows a significant rising tendency. 

Malaria epidemics are now frequent and spread to areas previously without epidemics. 

Pregnant women, young children and elderly individuals are particularl y at risk. Malari a 

in pregnant women increases the risk of maternal death , miscarri age, stillbirth and 

neonatal death. The greatest challenge faced by communities is to address the issue of 

malaria. So it is relevant to properly assess the distribution of malaria in order to 

understand and find an appropriate so lution to the socio-economic and demographi c 

problems of the population of Ethiopia by malaria disease. 

1.2 Statement of the problem 

Malaria is one of the most severe problems faced by the world even today. The annual 

health and health-related indicators of the Federal Ministry of Health (FMoH) report 

malaria as the national leading cause of morbidity and mortality. Due to the unstable and 

seasonal pattern of malaria transmission, the protective immunity of the population is 

generally low, and all age groups are at risk of infection and disease. Understanding the 

causative factors and the underlying transmission dynamics of the di sease is important for 

epidemiological research on malaria and its eradication. Only small-scale studies have 

documented malaria prevalence in Ethiopia. However these studies are not suffic ient as 

compared to the disastrous effect of malaria in the country. Therefore, there is a need for 

further investigations on the di stribution of malaria in Ethiopia in such away that we can 

clearly indicate the socio-economic and demographic problems in the country. To ensure 

the development of suitable modeling approach and methodology, based on the avail ab le 

data on the distribution of malaria and other related factors is of utmost importance. 
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1.3 Research Objectives 

Gelleral Objective 

v' To assess the extent of malaria infection status among women in Eth iopia. 

Specific objectives 

v' To explore the factors significantly associated with malaria infection status among 

women in Ethiopia. 

v' To estimate the variances and co variances of random effects at regional levels and 

check their significance. 

v' To examine the within and between regional level differences in determining the 

extent of malaria infection among women in Ethiopia. 

1.4 Significance of the study 

Ethiopia is one of the most malaria-epidemic prone cowltries in Africa. Understanding 

the extent of malaria infection among women is the basic issue in the health sector so that 

the relevant governmental and non-governmental organizations can appropriately apply 

all their efforts, knowledge, resources, etc to improve the health status of women in 

Ethiopia. So this study envisages that it may strengthen the infonmation so far for scaling 

up and to design effective communication strategy to combat malaria. 

1.5 Limitation of the study 

1. The target population consists only women of age 15-49 years. 

2. The software used in the analysis of multilevel logistic regression (Student 

version of LISREL software) is restricted to handle few explanatory variables. 

3. Women residing in Addis Ababa could not be part of the multivariate analysis. 

This is because few of them who were malaria positive (malarious) are rejected 

when data was adjusted for analysis. 

4. The time of malaria transmission season runs from September to December 

2005 . But the data collection was conducted from March 14 to April 20,2005. 

This might considerably decrease the number of malaria positive women 

considered. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Overview of malaria 

Malaria is a common and life-threatening disease in many tropical and subtropical areas. 

Human malaria is caused by fo ur different species of the protozoan parasite Plasmodium : 

Plasmodium falciparum, P . vivax, P . ovale and P . malariae. 

Transmission 

The malaria parasite is transmitted by various species of Anopheles mosquitoes, which 

bite mainly between sunset and sunrise. 

Nature of the disease 

Malaria parasites have a complicated li fe cycle. After injection into the human host from 

anopheline mosqui toes, the parasites home in the person's li ver, where they undergo 

maturation before being released into the bloodstream, whence they invade red blood 

cell s. They change form and multiply inside the red blood cells, eventuall y rupturing the 

cells, releasing still more parasites into the bloodstream. This bloodstream cycle can 

pers ist for weeks to years, depending on the species involved. In vivax and ovale malaria, 

some parasites ("hypnozoites") can persist indefinitely in the liver. Meanwhile, back in 

the bloodstream, some of the parasites differentiate into sexual forms (gametocytes) 

wh ich, if ingested by another mosquito, can lead to the development of another 

generation of parasites, ready for transmission to another human host. 

Malaria as a di sease is therefore closely bounded to conditions which favor the survival 

of the anopheles mosquito in the form of habitat and breeding sites and which favo r the 

life cycle of the parasi te in terms of suitable temperatures. In the absence of any human 

intervention these conditions are predominantly determined by cli matic and 

environmental factors. 

One of the main env iromnental factors affecting malaria transmission is temperature. The 

effect of an increase in temperature on the parasite is to sholten the sporogony cyc le and 

hence to accelerate transmission. The duration of sporogony can be calculated by the 
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T 
formula 11 = --- where 11 =duration of sporogony in days, t = average temperature in 

t - tmin 

T, and for P.falciparum T =105 - C and tm,,,=16- C. Below 16- C parasite development 

ceases. Rising temperature also increases transmission by increasing the frequency with 

which the vector takes blood meals, which increases the growth rate of vector populations 

through a shortening of the generation time. The optimal range of temperature for most 

vectors lies between 20- C and 30- C. Higher temperatures reduce the longevity of adult 

vectors, and hence fewer of them will survive the sporogony cycle to transmit the 

malaria. There are thus upper and lower thresholds outside which malaria transmiss ion is 

very inefficient or impossible. 

The most severe form is caused by P. falciparum, in which variable clinical features 

include fever, chills, headache, muscular aching and weakness, vomiting, cough, diarrhea 

and abdominal pain; other symptoms related to organ failure may supervene, such as: 

acute renal failure , generalized convulsions, circulatory collapse, followed by coma and 

death. In endemic areas it is estimated that about 1 % of patients with P. falciparum 

infection die of the disease; the mortality in non-immune individuals with untreated 

falciparum infection is significantly higher. 

The initial symptoms, which may be mild, may not be easy to recognize as being due to 

malaria. It is important that the possibility of falciparum malalia is considered in all cases 

of unexplained fever starting at any time between the seventh day of first possible 

exposure to malaria and three months (or, rarely, later) after the last possible exposure. 

Any individual who experiences a fever in this interval should immediately seek 

diagnosis and effective treatment, and inform medical personnel of the possible exposure 

to malaria infection. 

Early diagnosis and appropriate treatment can be life-saving. Falciparum malaria may be 

fatal if treatment is delayed beyond 24 hours. A blood sample should be examined for 

malaria parasites . If no parasites are found in the first blood film while there is clinical 
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suspicion of malaria, a series of blood samples should be taken at 6- l2-hour intervals and 

examined very carefull y. 

The forms of malaria caused by other Plasmodium species are less severe and rarely Iife­

threatening. Chemoprophylaxis and treatment of fa\Ciparum malaria are becoming more 

difficult because P. falciparum is becoming increasingly resistant to various anti -malarial 

drugs . Chloroquine resistance of P. vivax is rare and was first reported in the late 1980s 

in Papua New Guinea and Indonesia. Focal "true" chloroquine resistance (i.e. in patients 

with adequate blood levels at day of failure) or prophylactic and/or treatment failure have 

later also been observed in Brazil, Columbia, Ethiopia, Guatemala, Guyana, India, 

Myarunar, Peru, the Republic of Korea, Solomon Islands, Thailand and Turkey. 

Resistance ofP. malaria to chloroquine has been reported from Indonesia. 

Type of parasite 

There are over 120 species of the parasite genus Plasmodium. However, only four of 

these infect humans to cause malaria. These four species of Plasmodium parasites are 

Plasmodium falciparum, Plasmodium vivax, Plasmodium ovale and Plasmodium 

malariae. Other species affect other mammals, birds, and reptiles; some of these (rarely) 

cause human illness. The details of the four main species of Plasmodium that infect 

humans with malaria are described below: 

1. P. vivax - They are found worldwide but most commonly in India, Central and South 

America. The incubation period in the human body is approximately 8-13 days for the 

symptoms of the disease to become apparent. Infection by this parasite can sometimes 

lead to life-threatening rupture of spleen. They hide in liver and can return later once a 

person is infected. 

2. P. ovale - They are found mostly in Africa. This form of malaria has incubation Period 

of 8-17 days in the infected person and can hide in the liver of partiall y treated people 

and return later. 
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3. P. malariae - They are found in most part of the world but are less frequent than other 

forms of the malaria parasite. The incubation period for this parasite is 2-4 weeks in the 

infected person. If the disease is untreated, it can last for many years. 

4. P. faJciparum- They are responsible for the most life-threatening forn1 of malari a and 

cause majority of the deaths in the world and are found worldwide. It is the onl y species 

that appears to directly affect the central nervous system causing neurologic defic its, 

cogniti ve sequel and epilepsy. The incubation period for this parasite is 5-12 days. They 

are resistant to most of the drugs used to treat or prevent malaria. 

Distribution of Disease: Malaria is endemic in much of the world , particularl y much of 

the Western Hemisphere between Mexico and Peru-Bolivia-Brazil , sub-Saharan Africa, 

South and South East Asia, and parts of the Midd le East and Turkey. Endem ic 

transmission requires both a pool of infected humans and the presence of competent 

vector mosquitoes. Although once common in parts of the country, malaria has become 

an exotic di sease in the United States. Nonetheless, one should remain alert to the 

potential for local transmission. 

Period of communicability: As long as infective gametocytes are present in the blood of 

a patient, that person remains a source of mosquito infection. Untreated or insufficientl y 

treated individuals may be a source of mosqu ito in fection for up to three years, depending 

on the species as follows: 

• P. malaria: up to 3 years . 

• P. vivax and ovale: 1-3 years 

• P. faJciparum: less than I year. 

Transmission by transfusions may occur as long as asexual forn1s remain in the 

circulati ng blood. Stored blood may remain infective for at least a month. Anopheles 

Mosquitoes spread Plasmodium for thei r lifespan. 

Incubation period: This is the period from infection with sporozoites by Anopheles 

mosquito to appearance of first symptoms. Normally from 7-1 4 days: 

• P. fa lciparum: 12 days. 

• P. vivax & ovale: 14 days. 
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• P. malariae: 30 days. 

This is approximately time periods and not rigid periods. 

Symptoms : 

I. Ullcomplicated Malaria : 

• Recent history of fever (can be intennittent) 

• Headaches 

• Sweats/chills (cold shaking fee ling) 

• Body pains 

2. Moderate Severe Malaria: 

• Nausea/vomiting 

• Extreme weakness 

• Diarrhoea 

3. Severe Complicated Malaria: 

• Jaundice 

• Sleepiness (Difficult in rising) 

• Shock (Cold moist skin, low blood pressure, collapse) 

• Convulsions (Fits, uncontrollable body, movements) 

• Respiratory distress (Chest in drawings, rapid breathing) 

• Hypoglycaemia (Low blood sugar) 

• Unconsciousness/Coma 

• Fluid and electrolyte disturbances. 

• Acute renal failure. 

• Acute pulmonary oedema and adult respiratory distress syndrome (ARDS). 

• Circulatory collapse, shock, septicaemia ("algid malaria"). 

• Abnonnal bleeding. 

• Haemoglobinuria. 

• High fever. 

• Hyperparasitaemia. 
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Important: 

,/ These severe manifestations can occur singly or, more commonly, in combination 

in the same patient. 

,/ Severe complicated malaria is usually caused by delay \l1 treating an 

uncomplicated attack ofP. falciparum. 

,/ In high-transmission areas, the risk of severe complicated malaria developing is 

greatest among young children, and visitors (of any age) from non-endemic areas. 

Diagnosis: Diagnosis can be done in two ways, either by visual symptoms or clinical. 

However, symptomatic diagnosis must always be confirmed clinically by medical 

personnel to ensure proper and adequate treatment at the end. Prompt diagnosis and 

effective treatment can prevent complications and death from malaria. 

Treatment: The effectiveness of antimalarial drugs differs with different species of the 

parasite and with different stages of the parasite's life cycle. Therefore Medical treatment 

should be sought immediately in such a way that the physician wi II determine the 

treatment plan most appropriate for individual condition. 

High population growth and ecological degradation in the highland and midland areas of 

Ethiopia have induced population mobility into lowland areas. This has led to increased 

exposure of people to communicable diseases like malaria. 

In epidemic years mortality rates of an extra 40,000 children are not uncommon. In the 

last major malaria epidemic in December 2003, 3,689 villages in 211 districts were 

affected, resulting in over 6.1 million cases with an estimated 45,000 to 114,000 

estimated deaths attributable to Malaria per annum (Child survival strategy, 2003). About 

94,400 children estimated number of lives saved if all Malaria control interventions are 

fully implemented (Child survival strategy, 2003). 
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Malaria is sti ll the leading cause of health problem in Ethiopia. In 2004, the disease has 

been reported as the first cause of illness and death acco unting for 15.5% of outpatient 

visits, 20.4% of admissions and 27% of deaths. The magnitude and periodicity of malaria 

epidemics in the country has also been on the rise in the past few years. 

Out of an estimated 15.3 million malaria cases in Ethiopia, only 4-5 million will be 

treated in a health fac ility aJlliually. The remainders often have no medical support. It is 

estimated that only 20 percent of children under-five population years of age that contract 

malaria are treated in a facility. 

Malaria is prevalent in over 75 percent of the area of the country, putting over 50 million 

people at risk (out of a countrywide of 77 million). The disease is responsible for largest 

single cause of morbidity. Large scale epidemics tend to occur every 5-8 years in certain 

areas due to climatic fluctuations and drought-related nutritional emergencies. Children 

and pregnant mothers are the most vulnerable. Drought related malnutrition, poor hea lth 

and poor or no sanitation can leave a weak immune system open to attack from malaria. 

It can also worsen the effects of malnutrition through malaria-related diarrhea and 

anemIa. 

Due to the unstable and seasonal pattern of malaria transmission, the protective immuni ty 

of the population is generally low, and all age groups are at ri sk of infection and di sease. 

Some small-scale studies have documented malaria parasite prevalence between 10.4-

13.5% in Gambella (Nigatu, W. et al. 1992) and 7.6- 14.1 % in Tigray in all age groups 

[World Health Organization (WHO), 1999]. The malaria indicator survey (MIS) 2007 

organized by the ministry of health (MOH) of the government of Ethiopia indicated that 

the malaria prevalence rate in Ethiopia was 0.7%. 

Malaria is also known to speed up the onset of AIDS in anyone who is HIV positi ve. 

Those living with HIV in high-ri sk areas are also amongst the most vulnerable. The 

situation is exacerbated by the vast distances rural Ethiopians must cover in the 

countryside to find a clinic or other health facilities with reliab le medical supplies. With 
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day to day survival preoccupying the minds of most parents, walking more than a day fo r 

anti-malarial supplies is a daunting task. Ethiopia's Child Survival study showed that an 

average of 94,400, out of 470,000 child deaths per year, is attributable to malaria. 

However, if the available malaria control interventions are implemented correctly and 

effectively, it has been estimated that these malaria related deaths could be reduced by a 

massive 75%, saving the lives of around 70,000 children every year. (United Nations 

Children 's Fund, 2005). 

Home-based management of malaria (HMM) is promoted as a major strategy to improve 

prompt delivery of effective malaria treatment in Africa. HMM involves presumptively 

treating febrile children with pre-packaged antimalarial drugs distributed by members of 

the community. HMM has been implemented in several African countries such as Kenya , 

Gambia, Zaire, Burkinafaso and Ethiopia. It has the potential to improve treatment 

delivery and decrease malaria-associated morbidity and mortality. However, the Home­

based management of Malaria strategy is a major undertaking, and its implementation 

should be based on sound evidence of public health benefit. 

Malaria is complex but it is a curable and preventable disease. Lives can be saved if the 

disease is detected early and adequately treated. It is known what action is necessary to 

prevent the disease and to avoid or contain epidemics and other critical situations. The 

teclmology to prevent, monitor, diagnose and treat malaria exists. It needs to be adapted 

to local conditions and to be applied through local and national malaria control 

progral1U11es. 

2.2 Review of relevant studies 

Sudatip (1997) catTied out a case-control study of health behavior factors related to malaria 

infection in Kanchanabuti province. The result showed that the greatest factor of malaria 

infection was related to staying overnight without mosquito net in the forest. There was no 

significant association between malaria infection and accepting mosquito nets impregnated 

with insecticide and taking chemoprophylaxis. 
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Ittiravivongs et al. (1992) carri ed out a study in two villages of the same malaria 

endemicity but use different work pattern (night-and day shift). It was found that uses of 

mosquito nets and malaria chemoprophylaxis were similar and there was no sign ificant 

difference in health behavior between the two villages 

Rahman et al. (1993) conducted a study on the distribution of malaria in an endemic 

district in northern Peninsula, Malaysia. The study encompassed the distribution of 

malaria case according to sex, age and profession. A total of 332 cases were recorded, 

with 182 cases occUlTing in males. The highest infection was observed in those who were 

older than 15 years old. Forest worker (loggers, rattan collectors and forest product 

gathers) were the groups exposed most to the disease (32.8%), followed by both 

plantation workers (32.2%) and aboriginal communities (32 .2%). Plasmodium falcipamm 

was the most common species of malaria in the area. 

Hu et al. (1998) applied disease mapping through GIS with multiple regression anal ys is 

to determine the nature and extent of factors influencing malaria transmission in Yunnan 

province, China. Secondary county-based data during 1990-1996 were collected and 

analyzed. Maps showed that malaria incidence rates tended to be higher in areas with 

higher temperature, heavier rainfall, denser forest and lower elevation . Malaria occurred 

more in border counties along the Yuan River. Malaria was endemic in areas where An. 

minimus is the major vector. Multiple regression analysis showed that malaria incidence 

rate increased when temperature, rainfall and forest coverage increased. A border county 

will have extra higher malaria incidence rate by 6.51/10,000 compared to a county not 

located along the border. Elevation has a negative correlation with malaria incidence rate 

in which every 100 meters decrease in elevation will result in 99.8/10,000 increase in 

malaria incidence rate. Malaria situation in Yunnan is influenced mainly by the combined 

effects of the physical environment and the presence of efficient vector. 

13 



Mauny et al (2004) used an actual data set of 3864 individuals from 38 villages of the 

Highland Madagascar; a two-level modeling process is presented. Individual malaria 

parasitaemia is modeled step by step according to age (individual factor) , altitude, and 

DDT indoor house-spraying status (village factors). The hierarchical organization of a 

data set in levels, fixed and random effects and cross-level interactions are considered. 

Accurate estimations of standard errors, impact of unknown or unmeasured variables 

quantified and accounted for through random effects, are the highlighted advantages of 

multilevel modeling. The result also showed that the overall parasite prevalence was 

15%, modified by age «10 years is 23%, ~ 10 years is 11 %), altitude (below 1300m is 

22%, above1300m is 6%), and DDT status (unsprayed 31 % and sprayed 8%). While not 

denying the importance of understanding an aetiological chain, the authors recommend 

an increased use of multilevel modeling, mainly to identify accurately ecological targets 

for public health policy. 
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3.1 The Data 

CHAPTER THREE 

Data and Methodology 

The data on which this thesis research is based on is taken from the Demographic and 

Health Survey (EDHS 2005), conducted by the Central Statistics Agency of the 

Govemment of Ethiopia (CSA). The survey was conducted in the country level. The 

training of interviewers, editors, laboratory technicians and supervisors for data collection 

was conducted from March 14 to April 20, 2005. In addition to classroom training, 

trainees did several days of field practice to gain more experience on interviewing the 

respondents. A total of 7333 eligible women residing in lowland areas were taken for this 

particular study. The 2005 Ethiopia Demographic and Health Survey (EDHS) sample is 

the result of a multi-stage stratified design. 

The thesis uses data from this survey for analysis of the demographic and health, and 

socio-economic factors that influence malaria infection status among women in Ethiopia. 

3.2 Variables in the Study 

Variables to be included in this study are selected from EDHS 2005. The dependent 

variable in this study, which is "malaria infection status", is dichotomized as I if a 

respondent is malaria positive (malarious) and 0 if a respondent is malaria negative (non­

malarious). 

The independent variables/factors included in this study were classified as demographic 

and health (example age ofa respondent) and socio-economic covariates (example wealth 

index of a respondent). 
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Table 3.1 Independent variables/factors with their label and category 

No Variable label Category 

I. Age ofthe respondent 0=21-29 

1=30-49 

2=15-20 

2. Region O=Sornali 

I=Tigray 

2=Afar 

3=Arnhara 

4=Orornia 

5=Ben-Gurnz 

6=SNNP 

7=Garnbela 

8=Harari 

9=Addis Ababa 

10=Dire Dawa 

3. Type of place of O=Rural 

residence I=Urban 

4 De facto place of O=countryside 

residence I=Town 

2=city 

5. Educational level O=No education 

I=Prirnary 

2= Secondary and 

above 
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6. Main floor material O=Natural 

1 =Cement/bricks 

7. Main roof material O=Natural 

I=Corrugated 

iron/cement 

8. Currently pregnant O=Yes 

1=No 

9. Have bednet for O=No 

sleeping I=Yes 

10. Wealth index O=Poor 

l=Middle 

2=Rich 

11. Has radio O=No 

l=Yes 

3.3 Methodology 

3.3.1 Introduction 

There are different types of multivariate statistical techniques that can be used to predict a 

binary dependent variable from a set of independent variables/factors. Among these, 

multiple linear regression analysis and discriminant analysis are two related techniques 

that quickly come to mind. However, these techniques bring difficulties when the 

dependent variable is dichotomous or categorical. Even if linear discriminant analysis 

does allow direct prediction of group membership, the assumption of multivariate 

normality of the independent variable as well as equal variance-covariance matrices in 
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the two groups is required for the prediction rule to be optimal. In this particular study the 

logistic regression model is used for analysis of data. 

3.3.2 Logistic Regression Model 

3.3.2.1 Overview 

Modeling the relationship between explanatory and response variables is a fundam ental 

issue encountered in stati stics. Simple linear regression is often used to investigate the 

relationship between a single explanatory (predictor) variab le and a single response 

variable. When there are several explanatory variables, multiple regression is used. 

However, often the response does not assume numerical values. Instead, the response 

could simply be a designation of one of two possible outcomes (a binary response) e.g. 

"alive" or "dead", "success" or "failure". Although responses may be accumulated to 

provide the number of successes and the number of failures, the bi nary nature of the 

response still remains. 

Logistic regression can be used to predict a dependent variable on the basis of 

continuous and/or categorical explanatory variables and to determine th t! pt!r"t!ntagt! of 

variance in the dependent variable explained by the explanatory variables/factors; to 

rank the relative importance of explanatory variab les/factors; to assess interaction 

effects; and to understand the impact of covariate control variables. The impact of 

predictor variables is usually explained in terms of odds ratios . 

Logistic regression uses maximum likelihood estimation after transfonning the 

dependent variable into a logit variable (the natural log of the odds of the dependent 

variable occurring or not). Logistic regression estimates the odds of a celtain event 

occurring. Note that logistic regression calculates changes in the log odds of the 

dependent variab le, not the changes in the dependent variable itself as linear regression 

does. 

Unlike linear regressIon , logistic regressIOn does not assume a linear relationship 

between the explanatory variables/factors and the dependent variable, does not require 
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normality of the dependent variable, does not assume homoscedasticity, and in general 

has less stringent requirements. It does, however, require that observations be 

independent and that the explanatory variables be linearly related to the logit of the 

dependent variab le. The predictive success of the logistic regression can be assessed by 

looking at the classification table, showing correct and incorrect classifications of the 

dichotomous dependent variab le. Goodness-of-fit tests such as the likelihood ratio test 

are available as indicators of model appropriateness. Data involving the relationsh ip 

between explanatory variables and a binary response abound in just about every 

discipline such as engineering, natural sciences, medicine, education , etc. How does one 

model the relationship between explanatory variables and a binary response variab le? 

This study looks at binary response data and its analysis through logistic regression . Tn 

SPSS, binary logistic regression, sometimes called binomial logistic regression, is under 

Analyze - Regression - Binary Logistic. 

3.3.2.2 Background on Odds Ratios 

The odds ratio is the natural log of fJ , where fJ is the parameter estimate. exp(fJ) in 

SPSS output refers to odds ratios. No association between predictor and response means 

the odds ratio wi ll be about one. If the predictor tends to be positively associated with the 

response, the odds ratio assumes values greater than one. If the predictor is negatively 

related to the response, the odds ratio wi ll be less than one. The measure can range from 

zero to positive infinity. For instance, if fJ, = 2.303 , then the con'esponding odds ratio is 

10, then we may say that when the independent variable increases by one unit, the odds 

that the dependent variable = 1 increases by a factor of 10, when other variab les are 

controlled. In SPSS, odds ratios appear as "exp(fJ)" in the "Variables in the Equation" 

table. 

3.3.2.3 Introduction to logistic regression 

Logistic Regression model is used when the dependent variable is not continuous but 

instead has only two possib le outcomes, I or O. Possible situations include studi es where 

subjects are "alive" or "dead", "has a disease" or "doesn't have a disease", "purchases 

product" or "doesn't purchase", "wins race" or "doesn't win", "have" or "do not have" a 
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particular characteristic and so on. The usual linear regression models cannot be used for 

such variab les because the predicted value needs to be constrained between 0 and I, 

wh ich is not possible in linear regression. It also vio lates the assumption that the vari able 

is nonnally distributed, since a I or 0 variable by definition has a binomial distribution. 

Logistic regress ion model solves this problem by determining the 'odds' of success (1) or 

fa ilure (0). This is accomplished by estimating something called the Log Odds Ratio, 

which is just the log of the odds of success (1) di vided by the odds of fai lure (0) . 

The logistic regression model can have an arbitrary number of parameters and terms in 

the model representing qualitative variab les, quantitative variables and interaction terms. 

Logistic regression does not rely on distributional assumptions. However, our so lution 

may be more stab le if our predictors have a multivariate nonnal di stribution. The 

procedure is most effective when group membersh ip is a truly categori cal vari able; if 

group membership is based on values of a continuous variable, we should consider using 

linear regression to take advantage of the richer infonnation offered by the continuous 

variable itself. Coefficients of logistic regression can be used to estimate odds ratios for 

each of the explanatory variables in the model. 

We denote such a response variab le by y, and denote the event y = 1 when the subject has 

the characteristic of interest and y = 0 when the subject does not have the charactersti c. 

For the purposes of this introduction we will suppose that the subject has a single 

predictor X that might be related to the response. The logistic regression model defines 

the probability P(y = 1) as, 

P(y = I) = exp(Po + PIX) 
1 + exp(Po + PIX) 

and P(y=O) = I - P(y= I) . 

This model has a convenient representation in tenns of the odds of the event y = I as, 

Odds(y = 1) = P(y = 1) exp(Po + PIX) 
P(y = 0) 
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This means the log odds is simply the linear function,8o + ,8,x .This model has two 

parameters, but the parameter ,8, will be of primary interest. It controls the degree of 

association between the response and predictor variables. 

Logistic regressIOn is a powerful teclmique for fitting models to data with a binary 

response variable, but the models are difficult to interpret if interactions are present. 

3.3.2.3.1 One Qualitative Predictor 

To understand the logistic regression model, let us start with the easiest case, a model 

with one qualitative predictor at two levels. This could correspond to a variable for group 

membership. Let x = 1 if the subject is in group 1 and x = 0 if the subj ect belongs to 

group 2. In this situation the odds that y = 1 for group 1 is exp(,8o + ,8,) , and the odds that 

y = 1 for a subj ect in group 2 IS exp(,8o)' So the model becomes, 

Odds(y = 1 / x) = exp(,8o + fJ,x) . If we construct a ratio of these odds, we can summari ze 

the impact of group membership on the response y. 

OR = Odds(x = 1) = exp(fJo + fJ,) = exp(,O,) 
Odds(x = 0) exp(,8o) 

That is, the odds ratio, OR depends only on the model parameter ,8, . 

Notice that when there is no group effect on the odds, the odds are equal in both the 

numerator and denominator, and the odds ratio equals 1. This can onl y happen 

when,8, = O. The the parameter controls the association between the predictor X and the 

response y. This implies that we could interpret ,8, as the change in the log odds ratio as 

x changes from 0 to 1. 

3.3.2.3.2 MallY Predictors 

The logisti c regression model can have an arbi trary number of parameters and terms in 

the model representing qualitative variables, quantitative variables, and interaction terms. 

The general multivariate logistic regression model with k terms is given by, 
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A model parameter Pi is interpreted as the change in the log odds for a one unit increase 

in X i ' holding all the other predictors constant, or after adj usting for the other predictors. 

3.3.2.3.3 Parameter Estimation and Statistical Inference 

3.3.2.3.3.1 Maximum likelihood estimation 

The maximum likelihood estimation method is a popular statistical method used fo r 

fitting a mathematical model to the data. The modeling of real world data us ing 

estimation by maximum likelihood offers a way of tuning the free parameters of the 

model to provide good fit. Maximum likelihood estimation is used for estimating the 

parameters in the logistic regression model. The likelihood L (developed below) is 

maximized in order to achieve better estimates. The higher the maximized value of L, the 

better the fit of the model. This is assessed on a log scale by computing -210gL, called -

2LL. When there are several explanatory variab les, different models can be assessed 

using -2LL as a figure-of-merit. Here is an explanation of maximum likelihood 

estimation in logistic regression models. We begin with the simpler case of a sample of 

Bernoulli variables. If we have a sample y"y" ... ,y" of 0, 1 vari ables with success 

probab ility p, then the log likelihood can be written as: 

L = y, In p +(1- y,) In(l - p) + y , In p + (1- y,) bl(l - p) + ... +(1- y,,) In(l - pl· 

The max imum likelihood estimator is the value 7r of which maximizes thi s; it turns out to 

be simply the sample proportion of l's, y, + y, + ... + y" 

/I 
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In the logistic regression model p(x) = 1 where (30 the constant is and 
1 + exp( - (30 - (3 'x) 

{3 is the vector of logistic regression parameters to be estimated. This is done by 

maximizing the likelihood by numerical methods. 

3.3.2.3.3.2 Statistical Inference 

Statistical inference of the model parameter helps us to judge the significance and 

magnitude of the effects. Statistical inference for one model parameter typ icall y invo lves 

either a confidence interval, a hypothesis test, or a confidence interval for the estimated 

odds ratio. A confidence interval for (3; is: 

where Z is the appropriate multiplier from the standard nonnal distributi on. Confidence 

intervals whose endpoints do not contain zero indicate a relationship between the 

predictor x; and the response after adjusting for any other predictor variables in the 

model. Confidence bounds containing zero do not show significant evidence of a 

relationship between the predictor and response. A hypothesis test of 

Ho: (3; = {j vs Ha: (3; * {j , where 0 is some constant, uses the standard normal 

test statistic: 

Z= /J,-f 
se(f3J 

When 0 = 0, thi s test statistic and p-value are typically given in all statistical package 

output, and should correspond to the inference that would be made if a confidence 

interval was computed. When this test gives a small p-value, it will correspond to a 

confidence interval for (3; that does not contain zero. A confidence interval for the odds 

ratio exp (3; is obtained by simply exponentiating the confidence limits for the parameter. 
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Suppose the confidence bounds for Pi are (a, b) then the confidence limits for OR are 

(exp (a), exp (b)). 

3.3.2.3.4 Comparing Models (Model Selection) 

Another common inferential task is to examine the usefulness of a set of predictors in 

explaining the response. The usual approach is to set up a hypothesis test to compare a 

pair of nested models - one with more terms or predictor variables than the other. The 

fonnal set-up is as follows. Null hypothesis Ho: Odds = exp(Po + PIXI + ... + p",x", versus 

the alternative hypothesis H, : Odds = exp(Po + PIXI + ... + p",x", + ... + P,x, ) 

This test will be examining the benefit of X",+I up to x, in explaining the response after 

adjusting for the first m predictor variables. The test statistic is the likelihood ratio 

statistic; 

A = L(Ho) 
L(H, ) 

This likelihood ratio statistic can be modified to have an asymptotic chi-squared 

distribution by taking -2 10g(A) = -2[I(Ho) -1(H,ll = -21(Ho) - - 21(H,l 

where I(Ho) denotes the log likelihood function evaluated under the null hypothesis and 

I(H,l denotes the log likelihood function evaluated under the alternative hypothesis. It 

can be shown that - 210g(A) has an asymptotic chi-squared di stribution under the null 

hypothesis with k - m degrees of freedom. 

Model Selection Procedures 

In data situations where there are many predictors it is often helpful to use a model 

selection procedure to obtain a model that uses a subset of the original predictor 

variables. We may use stepwise model selection procedure. Stepwise selection starts 

with no predictors in the model and examines each term that could be possibly added and 

then adds the most significant predictor, or the predictor with the smallest p-value. In the 

next stage the procedure adds the next most significant term and checks to see if an y 
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previous terms are now non-significant and removes them if they are not signi ficant. Thi s 

procedure continues until there are no further significant terms to add. So, unlike 

backward elimination, this procedure builds by add ing temlS. 

3.3.2.3.5 Goodness-of-Fit 

It is always impoltant to examine the appropriateness of the fitted models. There are 

many types of procedures that have been mentioned in the statistical literatu re. Here we 

will mention three of the most used methods. 

3.3.2.3.5.1 Hosmer and Lemeshow Test 

The null hypothesis for this test is that the model fits the data, and the alternati ve 

hypothesis is that the model does not fit the data. The test statistic is constructed by first 

break ing the data set into roughly 10 (g) groups . The groups are fomled by ordering the 

ex isting data by the level of their pred icted probabilities. So the data are first ordered 

fj·om least likely to have the event to most likely for the event. Then g (often 10) rou ghl y 

equal sized groups are formed. From each group the observed and expected number of 

events are computed. The test statistic is, 

c= :teo, -E, )' 
k= 1 vk 

k ill 
where 0, and E, are the observed and expected number of events in the group, and 

v, is a variance conection factor for the k'" group. If the observed number of events 

differs from what is expected by the model, the statistic C will be large and there will be 

evidence against the null hypothesis . This statistic has an approximate chi-squared 

distribution with g - 2 degrees of freedom. 

Hosmer and Lemeshow's goodness-of-fit test divides subj ects into deciles based on 

predicted probabilities as illustrated above, and then computes a chi-square from 

observed and expected frequencies. Then a probability (P) value is computed from the 

chi-square distribution with g -2 degrees of freedom to test the fit of the logistic model. If 
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the Hosmer and Lemshow goodness-of-fit test statistic is greater than .05, as we want for 

well-fitting models, we fai l to reject the null hypothesis that there is no difference 

between observed and model-predicted values, implying that the model's estimates fit the 

data at an acceptable level. That is, well-fitting models show non-signifi cance on the 

Hosmer-Lemshow goodness-of-fit test, indicating model prediction is not significantl y 

di fferent from observed values. This does not mean that the model necessaril y explains 

much of the variance in the dependent variable, only that however much or little it does 

explain is significant. 

3.3.2.3.5.2 Likelihood ratio Test 

The likelihood ratio test, also called the log-likelihood test, is based on -2LL (deviance). 

The likelihood ratio test is a test of the significance of the difference between the 

likelihood ratio (-2LL) for the researcher's model minus the likelihood ratio for a reduced 

model. This difference is called "model chi-square." 

i. Models. 

(a) The "Intercept Only" model, also called the null model; it reflects the net effect of al l 

variables not in the model plus error; 

(b) The "Final" model, also called the fitted model , wh ich is the researcher's model 

comprised of the predictor variables; the logistic equation is the linear combination of 

predictor variab les which maximizes the log likelihood that the dependent variable equals 

the predicted value/class/group. The difference in the -2 log likelihood (-2LL) measures 

how much the final model improves over the null model. 

ii. Test of the overall model. 

The likelihood ratio test of the overall model, also called the model chi-square test, is the 

test shown in the "Final" row in the "Model Fitting Information" in SPSS. When the 

reduced model is the baseline model with the constant only (i.e, initial model or model at 

step 0), the likelihood ratio test tests the significance ofthe researcher's model as a whole. 

A well -fitting model is significant at the .05 level or better. That is, a finding of 
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significance (p<=.05 is the usual cutoff) leads to rej ection of the nu ll hypothes is that all 

of the predictor effects are zero. When this li kelihood test is significant, at least one of the 

predictors is significantly related to the dependent variable. When probability (model chi ­

square) <= .05, we reject the null hypothesis that knowing the independents makes no 

difference in predicting the dependent in logistic regression. 

The likelihood ratio test looks at model chi-square (chi square difference) by subtracting 

deviance (-2LL) for the final (full) model from deviance for the intercept-only model. 

Degrees of freedom in this test equal the number of terms in the model minus I (for the 

constant) . Model chi-square measures the improvement in fit that the explanatory 

variables make compared to the null model. 

3.3.2.3.5.3 Pearson Test 

Another commonly used goodness-of-fit measure is the Pearson hypothes is test. Again 

the null hypothesis is that the model fits . The test statistic is given by: 

where Yi is the observed response and Pi is the predicted response or predicted 

probability for the i ll. subject. This statistic also has an approximate chi-squared 

distribution . The degrees of freedom are the number of covariate patterns minus the 

number of parameters estimated. 

3.3.2.3.6 Case Diagnostics 

In addition to global examinations of a model, it is also useful to examine the 

characteristics of individual cases in our data set. We are concemed with potential 

outli ers and also with cases that might unduly (excessively) influence our parameter 

estimates. There are comparable diagnostics that should be used to identi fy data 

problems. The logistic regression provides a vari ety of such statistics. 
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3.3.2.3.6.1 Residuals 

In logistic regression an outlier would be an observation that had a response y value 

very different from what the model would predict. There are two main types of residuals: 

Pearson and Deviance. The Pearson residual is defined as, 

e = (Yi - Pi) 
I sd

j 

, 
Where sdi is the estimated standard deviation of the response. This res idual will be 

positive when the event Yi = 1 occurs but the predicted probability of thi s event is lower. 

Likewise, the residual wi ll be negative if the event did not occur, but the probability was 

higher than it would occur. These residuals can be viewed on roughly a standard normal 

scale -3 to +3. Deviance residuals are used in a simi lar fashion and are defined as 

[ ]
Y; [1- ]'-Y' ±2 In :i _ :i 

Pi 1 Pi 

3.3.2.3.7 Influence measures 

Influence measures that help us analyze the impact of individual cases on our parameter 

estimates. 

3.3.2.3.7.1 Cook's Distance 

Cook's distance is a global measure of influence that assesses the impact of case i on the 

parameter estimate vector fJ . The definition is, 

c - eihii 

i - k(1-h
ii

) 

where ei is the Pearson residual defined earlier and flii is the leverage of case i and k 

is the number of parameters in the model. The leverage is a measure of strangeness of 

the predictor pattern, more atypical (unusual) means higher leverage. Atypically large 

values of Cook's di stance suggest an influential case. 
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Assumptions of logistic regression 

1. Meaningful coding: Logistic coefficients will be difficult to interpret if not coded 

meaningfully. The convention for binomial logistic regression is to code the dependent 

class of greatest interest as I and the other case as O. Logistic regression is predicting the 

log odds of being in the class of greatest interest. 

2. Error terms are assumed to be independent (independent sampling). Violations of thi s 

assumption can have serious effects. Violations will occur, for instance, in correlated 

samples and repeated measures designs. 

3. Predicts the odds of an event occurring, which is based on the probability of that event 

occurring. Precisely the Odds of an event occurring is: 

P 
Odds=-­

\ - p 
[ratio of the probability of an event occurring to the probab ility 

of the event not occurring (ranges 0[0 to positive infinity)]. 

4. A " nonlinear" relationship between explanatory variables and the dependent variable; 

however, this represents a linear relationship between the logit (natural log of the odds of 

the dependent variable occurring or not) and the set of explanatory variables. 

5. Uses a maximum-likelihood rather than least-squares statistical model. In least squares , 

we select regression coefficients that result in the smallest sum of squared di fferences 

between the observed and the predicted values of the dependent variable. In maximum­

likelihood, the coefficients that make our observed results "most likely" are selected. 

6. Residuals follow a binomial rather than a normal distribution. NOlmality of variab les is 

not a stringent requirement. 

7. Does not assume homoscedasticity. 

8. Assumes that there is little or no multicollinearity. 

3.3.3 Multilevel Logistic Regression Model 

3.3.3.1 Overview 

In medical research, the environmental dimension has been neglected in favor of an 

individual-centered approach. In recent years, the question of whether and how 

environmenta l factors could have impact on health has been increasingly exp lored. For 
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example, the influence of the social environment on individual health outcome was repOIied 

about low birth weight, diastolic blood pressure, or all-cause mortality. Until recently, it was 

necessary to choose between the individual-centered and the collective-centered (also ca lled 

ecological) approach for methodological reasons. In the collective approach, therefore, 

spatial analyiical methods and geographical infonnation systems explore di seases at a supra­

individual aggregated level. Numbers of cases and prevalence or incidence rates are related 

to geographical units, and ecological exposure estimations for comparative or predictive 

purposes are composed on the same scale. In parasitological field research, these methods 

are increasingly used, notably for malaria. 

Although useful , spatial analyiical methods could reduce the scope of an investigation si nce 

exposure and characteristics of each of the ind ividuals are not taken into account. Indeed, 

the origin of variation between areas could be explai ned by a complex combination of 

factors which are characterizing people (the individual level) or areas (the group level), 

When an individual factor is a characteri stic of subj ects who are more likely to be ill , 

variability of its distribution across areas will influence health outcomes in a given area: th is 

is called a composition effect. So, relationships between individual and 'supra-individual' 

detemlinants are of particular interest, especially for investigating the reasons of vari ation 

between areas: are the people living in the areas different or are the areas different, i.e. is it a 

composition or a context effect? 

Multilevel logistic regressIon IS used in the analys is of the variabi lity at each level 

separately. We do not use multilevel analysis, when the levels of the model are crossed 

instead of nested, when we have to systematically explore a large number of models, and 

when a less sophisticated technique to so lve the research question, is avai lab le. 

An Example: Why Use a Multilevel Model? 

Suppose the data has 11 clusters with T observations in each cluster. The dependent vari ab le 

for the i'" cluster is Yi and we are interested in knowing what is the mean, Pi of the 

dependent variable in each cluster, 
T 

i = 1,2, ... ,n. Then :Yi= L Yu can be calcu lated as an 
,.] T 
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unbiased estimate of fli , with standard error se(y,) = ~variY,) for the i''' cluster. In thi s 

case the standard error increases to the extent that the clusters are heterogeneous. But there 

are other estimators available. We could pool units, and estimate fli with the grand 

" T 

IIYil 
mean y = i- I I-l . This estimator is based on all the data and so has a small standard error. 

nT 

But this grand mean, y, will be a biased estimator of any of the cluster-specific means. The 

bias increases to the extent that the clusters are heterogeneous. On the other hand, if the 

clusters are less heterogeneous or there is little between-cluster variations, then estimating 

the mean of each cluster by the grand mean is worthwhile. 

Between these two estimators one might prefer the pooled estimator on mean square error 

grounds (trading off some bias for small standard errors), depending on the relative size of 

the between-cluster variation to the within-cluster variation. We can see, at one extreme that 

we have no pooling and zero bias in the estimates of fl i . But these estimates could have 

large standard errors, for instance, if the within-cluster variation is large (if T is small). At 

the other extreme, we can see that we have complete pooling and potentially lots of bias if 

the between-cluster variation is large, but potentially big gain in efficiency (if n is large 

relative to T). 

Thus, choosing anyone of the above estimators results in either biased or inefficient 

estimation. Now, the question is whether there is any estimator that makes fii close to the 

no-pooling estimator if the between-cluster variation is large, but close to the grand-mean if 

the between-cluster variation is small. The answer to the above question is yes, which is 

known as a random effect estimator. The estimator dominates the fixed effects (no pooling 

estimator) in terms of mean-square error, by buying just the right amount of bias relative to 

the efficiency gain, cluster-by-c1uster. The related model of this fixed effect estimator is a 

multilevel model through which an unbiased and efficient estimate can be obtained. 
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3.3.3.2 Multilevel Linear Model 

The multilevel linear model and its application had been described by various authors 

[Mason et al (1983), Goldstein (1987, 1995, and 2003), Bryk et al (1992)]. We describe 

below the multilevel linear model and its basic properties. We first consider a simple 

linear model for the data with hierarchical structure (with two levels) with a single 

explanatory variable, 

Yij = a j + f3lxij + eij (3.1) 

where Yij is the outcome variable for the i'" unit at level-l and the / ' unit at level-2, 

a
j 

is the intercept for the /' unit at level-2 (i.e. it varies across level-2 but has the same 

value for all the units within each level-2), xij is the explanatory variable for the i'" unit 

at level-l and the j''' unit at level-2, f31 is the effect of xij and eij is the level-l random 

effect. Here, a j is a random variable rather than a constant and can be written as 

( 3.2) 

where, f30 is the intercept (constant across level-2) and uj IS a random effect 

accounting for the random variation at level-2. Combining both equations (3.1) and (3 .2) 

the two level linear model can be written as 

In equation (3.3), uj and eij are random quantities which follow normal distributions, 

N(Op,,') and N(O,o-/), respectively, and Cov(u j ,eij ) = 0, Cov(u j ,U j') = 0, j * j' 

In this model, f30 and f31 are known as fixed parameters. Equation (3.3) is also known 

as variance component model since the variance of the response is 

Var(Yij / f30 , f31' xij) = Var(u j + eij) = CJ'" 2 + CJ',' 

which is the total variation obtained sununing level-l and level-2 variance. The 

covariance between two units oflevel-I (say, il, i, ) can be defined as, 
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Cov(u.+e,u.+e .) 
J II) ) 12 } 

2 
(Ju 

The within level-2 or intra-level 2 correlation after controlling the explanatory variable 

can be obtained from 

2 __ a-=-,"--, _ p = 
a'+a ' " , 

3.3.3.2.1 The General linear 2-level model 

Let there be S level-I predictors x'ij (s =1,2, ... , S). Then, the level-I model is given by: 

s 

Yij = Po; + I P'; X'ij + Bij (1) 
s=1 

Further, assume that there are Q level-2 predictors, z," (q = 1,2, ... , Q). Then, the level-2 

model for the intercept is given by: 

Q 

PO} = Yoo + I YOqZ'1i + 00}' (2) 
q==l 

and the level-2 model for the slopes is given by: 

Q 

p,} = y,o + I Y"IZqi + O,} (3) 
q=i 

Substitution of equations (2-3) into equation (1) gives the general linear 2-levelmodel: 

Q S Q S S 

Yij = roo + I YOqZqi + I YsoXsij + I I YsqZqiXsij + OO} + IOsjXsij + eij 
'I_' ,_I q~~ ,~ 

Note that the tlu'ee models (empty model, random intercept model and random 

coefficients model) are the special cases of the general linear 2-levelmodel. For instance, 

Q 

the random coefficients model is given by Yij = Yoo + I YOq Zq; + OO} + B ij ' 

q=! 

The leve l-2 predictors and cross-level interactions disappear from the genera l multilevel 

model , but the di sturbances remain heteroscedastic and seriall y correlated. 
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3.3.3.3 Multilevel Logistic Regression Model 

3.3.3.3.1 Introduction to Multi-level Regression Model 

The statistica l models used in multil evel analysis are known as hierarchical or multilevel 

models. These models have previously appeared in different literature under a variety of 

names including random effect models or random coefficient models [Oiggle et al 

(1994)], covariance components models or vari ance components models [Searle et al 

(1992)] and mixed models [Brown et al (2000)]. 

Multilevel analysis is applicab le to a broad range of situations where units at a lower 

leve l are nested wi thin units at a higher level. The simplest multilevel model considers 

only two levels of analysis. The first and most elementary of these levels is usually 

referred to as level-l and it is this level that the analysis is focused on. The remaining 

level is referred to as level -2 and provides the context for the level-l units. For instance, 

level-l units could be voters who are nested in different counties (Ieve l-2 uni ts). The 

dependent variab le is always measured for level- l units, since this is the primary level of 

analysis. This model can be conceptualized as a two-stage system of equations in wh ich 

the individual variation within each group of level-2 is explained by an individual-level 

equation, and the variation across groups in the group-specific regression coefficients is 

explained by a group-level equation. 

There are several straightforward ways to analyze such data where individuals are nested 

within groups. But these analyses do not take hierarchical effect into consideration. The 

first is to ignore group identity and focus exclusively on inter-individual vari ation and on 

individual level attributes. This approach has the drawback of ignoring the potential 

importance of group level attributes in influencing individual level outcomes. Besides, if 

outcomes for individuals within groups are correlated, the assumption of independence of 

observations is vio lated, which results in incorrect standard errors and hence inefficient 

estimates. 
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A second option is to focus exclusively on inter-group variation and on data aggregated 

to the group level. This approach considers the correlation between individuals within 

group but has the drawback of ignoring the role of individual level variab les in shap ing 

the outcome. 

A third approach is to define separate regressions for each group. This approach al lows 

regression coefficients to differ from group to group, but does not examine how spec ific 

group- level properties may affect individual-level outcomes or interact with ind ividua l­

level variables. In addition, it is not practical when dealing with large numbers of groups 

or small numbers of observations per group. 

A fourth approach is to include group identity in individual-level equations in the form of 

dummy variables. This approach is analogous to fitting separate regressions for each 

group and does not allow examination of exactly what group characteristics may be 

important in explaining the outcome. Besides, thi s approach treats the groups as 

unrelated. 

Multi level analysis differs from the approaches mentioned above in the sense that, first: it 

allows the simultaneous examination of the effects of group level and indi vidual level 

predictors, second: the non-independence of observations within groups is accounted for, 

third : groups are not treated as unrelated, but are seen as coming from a larger population 

of groups, fourth: both inter-individual and inter-group variation can be examined. Thus, 

multi level analysis allows dealing with the micro- level of individuals and the macro- level 

of groups simul taneous ly. 

We shall start considering first a two level logistic regressIOn model with a single 

explanatory variable. 

3.3.3.3.2 Two Level Model with Single Explanatory Variable 

Basically, the two level logistic model is equivalent to model (3.3) except for the 

outcome variab le. Let Yij be the binary outcome variable, coded '0 ' or ' I ', associated 
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with Ievel-l unit i nested within level-2 unit j . Also It t PI! be the prob<lhility that the 

response variable equals I, and Pij = P,. CVij = I). l -. ~rc v follows a Bernoulli 
. " 

di stribution. Like iogistic regression the P'; is l11odeledl!3ing the logit link function. The 

two level logistic regression model can be written as, 

where tl
i 

is the random effect at level-2. Without ll p 1"q.(3.3) can be considered as a 

standard logisti c model. Therefore, conditional on tt
j

, the )"J' s can be assllllleJ to be 

independently distributed. Here tl
j 

is a random quantity --md that follows N(O,<5,,') .The 

model (3.3) can be written as follows splitting up into two models: one for level-I and the 

other fo r Jevel-2. 

In[-P ij --J =. /3 . + /3 x. 1 UJ 1 if 
. - Pij 

(model: hve l I) 

/30 i = /30 + tI I (model: level 2) 

3.3.2.3.3 General Logistic two level Model 

Recent developments in multilevel analys is now permi t for nonlinear model 

speci fications and thi s opens the door to model ing discrete responses. The simplest 

multilevel model for discrete responses is that for binary vari ables . The lTI0St cornman 

rnodel for such variables is the multilevel logist ic n1tlJcl, whi ch modifics the lincar 

mul tilevel model by spec ifying the logi llink function (Gold .ste in 1991 , 1995). Titus, the 

outcome of interest is the proport ion of cases, P
y

, that fa ll into category I of the binary 

outcoll1e measure and the l1lultilevel model for this proportion can be written in terms of 

the log-odds ratio: 
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Statistical Assumptions 

There is no single definitive set of assumptions that apply to all mul ti level logistic 

models. The primary assumptions relevant to multilevel models invo lvi ng binary 

outcomes using the logit link function are: 

(a) the probability of success Pr (Yij = I) is identical for individuals within clusters 

(b) observations between clusters are independent, whereas pairs of observations within 

clusters have a common correlation 

(c) each random effect is independent and follows a generalized di stribution that can be 

estimated using maximum likelihood 

(d) random effects and model predictors at all levels are independent, and 

(e) an appropriate modellinkingYi and Ui exists with ajoint probability density function. 

3.3.3.4 Comparison between multilevel and conventional modeling 

Conventional logistic regresslOn is performed on a single level of organizat ion 

(individuals). Neither the region level, nor the correlated structure of the data is 

considered. Consequently, variability of coeffic ients across regions (higher level) is not 

allowed by the modeling process, i.e. the random part defined at the region level (higher 

level) does not exist. Coefficient values (and odds ratio) are relatively close to those 

estimated by multilevel modelling. The main difference lies in smaller standard errors in 

the conventional logistic regression. 
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CHAPTER FOUR 

Statistical Data Analysis 

Statistical Data Analysis Using Conventional Logistic Regression 

4.1 Introduction 

The purpose of this chapter is to measure the effect of the different demographic and 

health and socio-economic variab les on the extent of "malaria infection status" on women 

at national level. An attempt has been made to identify the most significant variables in 

determining the extent of "malaria infection status" in the region. The response vari abl e, 

malaria infection status, is binary assuming only two values 0 and I. That is, 0 if a 

respondent is malaria negative (non-malarious) and 1 if a respondent is malari a positive 

(malarious). In this particular study the logistic regression is used to see the relationship 

between the proposed independent variables and the response variable. In logistic 

regression there is no assumption of normality instead we have the assumption of 

binomial variability. In this study the univariate and multivariate analysis are made. We 

start our data analysis by giving the summary statistics for the variables considered in the 

study; we then proceed to the univariate analysis and complete the final model in the 

multivariate analysis. 

4.2 Summary Statistics 

This particular study is based on 7333 women of age 15 to 49 years. Of these 

respondents 6993 (95.4%) are malaria negative (non-malarious) and 340 (4.6%) are 

malaria positive (malarious). For the sake of simplicity, it is better to classify independent 

variables with respect to socio-economic, demographic and health factors. 

4.2.1 Socio-Economic factors and malaria infection status 

From Table 4.1 higher proportion of malaria infection is observed in Somali, Gambela, 

Tigray and Ben-Gumz regions (8. 1 %, 7.5%, 6.7% and 6.4%, respectively). But Oromia, 

Dire Dawa and Harari regions take less contribution to the malaria infection status of 

women (1.9%, 1.8% and 1.0%, respectively) as compared to other regions of Eth iopia. 

Although there were few malarious women in Addis Ababa, they were rejected when 

38 



data was adj usted for analysis. The rural women residents show higher proportion of 

being malaria positive (malarious) than urban women residents (5.7% against 1.8%). 

Those women who are li ving in the city are at a lower risk of being malarious than town 

and countryside women residents (1.7%, 2.1% and 5.7% respectively). Of the wo men 

who lives in a house with natural floor material (5.2%) are found to be malarious than 

those women who lives in cement floor house (2.1 %). It is apparent from the sample data 

that women who live in a house made of sheet of corrugated iron roof have relative ly less 

chance to be attacked by malaria (2.7% against 5.8%). Poor women are the most exposed 

group among the wealth status of women in Ethiopia. It can be seen from the data that a 

woman who have awareness about malaria through information (radio) have a better 

chance to prevent malaria than a woman who do not have infonnation (3.2% aga inst 

5.7%). 

Table 4. I : Socio-economic factors and distribution of malaria on women in Ethiopia. 

Factors Category Number Percentage of 

Of Malarious malarious women 

women 

Region Somali 52 8.1 

Tigray 37 6.7 

Afar 43 5.5 

Amhara 25 5.6 

Oromia 18 1.9 

Ben-gumz 48 6.4 

SNNP 42 4.2 

Gambela 55 7.5 

Harari 12 1.8 

Addis Ababa 0 0 

Dire Dawa 8 1.0 

Type of place of Rural 304 5.7 

residence 

Urban 36 1.8 
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De facto place of countryside 304 5.7 

residence 

town 13 2.1 

City 23 1.7 

Main floor material Natural 312 5.2 

Cementlbricks 28 2.1 

Main roof material Natural 268 5.8 

Corrugated 72 2.7 

Iron 

Wealth index Poor 217 7.1 

Middle 59 3.1 

Rich 64 2.7 

Has radio No 242 5.7 

Yes 98 3.2 

4.2.2 Demographic and health factors and malaria infection status 

From Table 4.2 we note that malaria infection proportions appear to be almost equal for 

the youngest and oldest age groups (4.3% and 4.2%, respectively). But it is higher for 

women in their 20's (5.6%). Malaria infection proportion is lower as a woman's 

educational level (status) increases (5.4%, 3.7% and 2.5% for women not educated, 

primary education, secondary and above, respectively) . Pregnant women (with malaria 

infection proportion (10.9%) are remarkably more susceptible to malaria disease than 

those who are not pregnant (4.1 %). About 4.2% of the women, who do not have bednet, 

were malaria positive (malarious), but this proportion is 4.7% for those who have bednet. 
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Table 4.2: Demographic and health factors and di stribution of malaria on women In 

Ethiopia. 

Factor category Number of Percentage of 

malaria positive Malaria 

(malarious) positive 

women (malarious) 

women 

Age (in years) 21-29 123 5.6 

30-49 124 4.2 

15-20 93 4.3 

Educational level No education 259 5.4 

Primary 54 3.7 

Secondary and 27 2.5 

above 

Currently Yes 64 10.9 

pregnant No 273 4.1 

Have Bednet Yes 286 4.7 

No 54 4.2 

4.3 Univariate analysis 

To determine the factors which are significantly con'elated wi th the dependent variable, a 

preliminary assessment was done using the chi-squared test. Since the Pearson chi­

squared test is asymptotically equivalent to the like lihood ratio chi-square test, it can also 

be used to test the significance of univariate relationships . Independent variables selected 

for the study were strongly associated with the dependent variable, malaria infection 

status, as shown in Table 4.3. We note that all independent variables are significant 

except the vari ab le "have bednet for sleeping". Here the p-value used as a criterion for 

significance is 0.05. Table 4.3 sUlllmarizes the findings of the univariate ana lysis. 
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Table 3: Variables in the univariate analysis 

Variable Pearson chi-square df p-value 

(Assymptotic) 

Age 6.797 2 .033* 

Region 96.290 9 .000* 

Type of place of residence 50.907 1 .000* 

Educational level 21.452 2 .000* 

Main floor material 23.035 1 .000* 

Main roof material 36.676 1 .000* 

Cun'ently pregnant 59.453 1 .000* 

Have bednet for sleeping .741 I .389 

Wealth index 72.022 2 .000* 

De facto place of residence 51.078 2 .000* 

Has radio 24.619 1 .000* 
.. * SlgDlflcant (p<O.OS) 

4.4 Multivariate Analysis 

The main problem with the univariate approach is that it ignores the possib il ity that a 

co llection of variables, each of which is weakly associated with the outcome, can become 

an important predictor of the outcome when taken together (Hosmer and Lemshow, 

1989). Us ing this method, the model that best describes the dependent variable, malaria 

infection status, is fitted using the explanatory variables. The stepwise forward likelihood 

method is used to select the best model. The result of logistic regression model is given in 

table 4.5. The final (optimal) logistic regression model includes only significant 

variab les. 
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Table 4.4 

Categorica l Va riables Codin gs 

Para meter coding 

( I) I (2) I (3) I (4) I (5) I (6) I (7) 1<8) T"(9) ( I ) 

I Somali 643 1 1.000 1 000 1 000 1 000 1 000 I .000 I .000 .000 .000 

I Tigray 553 1 000 11.000 1 000 1 000 1 000 I .000 .000 .000 .000 

I Afar 787 1 .000 I .000 11.000 I .000 I .000 I .000 I .000 .000 I .000 

I Amhara 450 I .000 .000 I .000 11.000 .000 I .000 I .000 .000 .000 

I OrOmiya 936
1 

.000 .000 I .000 I .000 1.000 I 000 I .000 .000 .000 
H.cgion 

.000 i Bcn-Gulllz 755 1 .000 .000 I .000 I .000 .000 11.000 I .000 .000 

SNNP 1001 I .000 .000 000 I .000 .000 I .000 11.000 .000 .000 

Cambcla 729 1 .000 .000 .000 I .000 .000 OOOT .000 1.000 .000 

Harari 674 1 .000 .000 .000 .000 .000 .000 I .000 .000 1.000 

Dire Dawa 805 1 .000 .000 .000 .000 .000 .000 I .000 .000 I .000 

Countryside 5320 11.000 .000 I 
De facto place or reside nce I TOWII 626 1 .000 11.000 T---r 

I City 1387 .000 .000 T 
I No educatio n 4771 1.000 .000 T T 

Hi ghest educationa l level I Primary 1468 .000 1.000 T T 
I Seconda ry a nd 1094 .000 .000 I T above 

121-29 2192 1.000 000 1 T 
Age of the respondent 130-49 2987 .000 1.000 T 

115-20 2154 .000 .000 1 T 
I Poor 3061 1.000 .000 T· · -T 

I Wea lth index IMiddle 1875 .000 1.000 I I 
I Rich 2397 .000 I .000 l--l-
I NATURAL 4647 1.000 I I I Ma in roof material 
I Corru gated iron 2686 1 .000 I T r 

I TYI)C of place of residence 
I Rura l 5320 11.000 I 

1 
I 

I Urban 2013 1 .000 I T:::. 
Ves T T 

I 
Have bed net for slcc()ing 

, (hou seho ld report) I No 1292 1 .000 1 I T-
INO 4269 1 1.000 I I T Has radio I 

I Yes 3064 1 .000 I I I 
I Yes 615 11.000 I T l Currently pregnant I No 6718 1 000 I I I 

I Mai n Ooor material 
I NATURAL 6013 11.000 I T-, 
I Cement 1320 1 000 I T I 
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Based on these coding schemes gIven In the above table the logistic regression 

coefficients can be estimated using the maximum likelihood estimation method. This will 

be done using SPSS package. 

The variables that are found to be significant in the multivariate analysis are: "region", 

"currently pregnant", "wealth index", "type of place of res idence", "main fl oor materi al" 

and "age". The significance of the Wald statistic (under the column with heading Sig) 

indicates the importance ofthe predictor vari ab les in the model. A high value of the Wald 

statisti c shows that the conesponding predictor variable is significant. 

Table 4.5 Final Logisti c Regression Model 

Variables ill the Equation 

I 8 s.E· 1 Wald df I Sig· 1 Ex p(8) 

IAGE 6.271 2 1.043 1 

I AG E(21 -29) .195 .144 1.82 1 1 1 177 1 1.2 15 1 

l AG E(30-49) -.139 . 143 .952 1 1 329 1 .870 

I REGION 51.368 9 1.000 I 

I Somali 1.763 .407 18.710 I 1.000 I 5.828 j 
I Tigray 1.602 1.418 14.723 1 1 000 I 4.964 

I Afa r 1.355 1.412 10.818 1 1 001 1 3.878 

IAmhara 1.536 1.434 1 1 000 I 

Oromia , 
18en-GuJIlZ 1.7 11 .409 5.532 

Step 6(1) I 
1.272 .411 3.568 SNN P , 

I Gambcla 1.80 1 .405 6.054 1 

I Harari .575 .46 1 1.777 

I TRESDC(Rural) 1.066 .282 2.905 

I FLOOR (Natural) 

PREG(Ycs) 

IW LTH I I I 20.242 1 2 1.000 I 1 

WLTH(Poo r) .147 .211 .489 I .484 1. 159 1 

WL HI(Middlc) -.568 .230 6.091 I .014 .567 1 

I Constant 1-4.746 1.378 1158.028 1 I 1.000 1 009 j 
a Variable(s) entered on step I: REG ION. 1 

b Variable(s) entered on step 2: PREG. 
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Ie Yariable(s) entered on step 3: WLTH . J 
r'd- Y- a-n-·a-bl-e(-s)- e-n-te-re-d-o-n-st-ep- 4- :-T-R-E-S-D-C-. -----------------

e Yariable(s) entered on step 5: FLOOR. J 
~~~---~---------------------
f Yariable(s) entered on step 6: AGE. 

4.4.1 Model C hecking and Diagnosis 

A model should be assessed and diagnosed for model adequacy. Using SPSS package, 

the output on chi-square goodness of fit statistic and the classification power for the 

criterion variable (malaria infection status) are shown in the tables given below. A good 

model is the one that results in the high likelihood of the observed resul ts. Thi s translates 

to small values of -2LL. If a model fits perfectly, the likelihood is I (meaning -2LL is 0) . 

4.4.1.1 Goodness of fit of the model 

i. The columns in the classification table are the two predicted values of the dependen t 

variable, while the rows are the two observed (actual) values of the dependent variable. If 

the logistic model has homoscedasticity (not a logisti c regression ass llmption), the 

percent correct will be approx imately the same for both rows. The classificat ion tab le 

given below shows that, of the 7333 women respondents included in the analysis, 91.1 % 

were correctly classified. This result shows that the fi nal logistic model perfo rms well 

with respect to the cut value 0.1 00. 

Table 4.6 Classification Table 

Observed Predicted 

Malaria Distribution Percentage 

non-malarious malarious Correct 

Malaria non- 6621 372 94.7 

malarious 28 1 59 17.4 

Distribution 

malarious 

Overall Percentage 91.1 

The cut value IS .1 00 
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ii . The Omnibus Tests of Model Coefficients gives us a chi-square of 197. 199 with p­

value 0.000 on 16 df. This is a test of the null hypothesis that adding all the independent 

variables to the model has not significantly increased our ability to predict the dependent 

variable (malaria infection status) on women in Ethiopia. So we reject the null hypothesis 

according to the SPSS output given in Table 4.7; that is our final model fits significantly 

better than the model with only the intercept (empty model). 

Table 4.7 Omnibus Tests of Model Coefficients 

I I Chi-square 

Model 197.199 
I Sig. 

.000 

*Significant (P<0.05) 

iii. The -2 Log Likelihood (-2LL) statistic measures the power of the model to predict the 

dependent variab le (malaria infection status). The smaller the value of statistic the better 

the model is. The -2LL statistic for logistic model that contains only the constant is 

2964.447 (see appendix). The goodness of fit statistic for the final logistic regression 

model given under the model summary as shown in the Table 4.8 indicates that the va lue 

of -2 Log Likelihood is 2555.200. It was used to compare the fit of the final model with 

the empty model. Thus from the above two values we observe that the final model 

predicts the dependent variable better than the empty model. 

Table 4.8 Model Summary 

-2 Log likelihood df Sig. 

2555.200 16 .000* 

*Slgnlficant (P<0.05) 

iv. The Hosmer-Lemshow test is also another way of assessing goodness of fit of the 

model. Well-fitting models show non-significance on the Hosmer and Lemshow 

goodness-of-fit test, indicating model prediction is not significantly different from 
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observed values. As it is indicated from Table 4.9 we do not reject the null hypothes is 

(the model fits) at (F 0.05 level of significance. This shows that there is no sufficient 

evidence to reject the null hypothesis and it confirms that the model has a good fit. 

Table 4.9: Hosmer-Lemshow Test 

Chi-Square df Sig. 

7.318 8 .503 

From the above discussion under (i)-(iv) we can conclude that the fitted model is 

statistically satisfactory. 

Note that: From the analysis of conventional logistic regression the classification table 
has a power to classify data only at a cut value of .100. But when we observe the data 
region-wise (for the regions Somali, Tigray, Afar and Ben-Gumz) the classification 
power increases even at a cut value of .500 as shown in the table given below. 

47 



Classification Table 

Predicted 

malaria distribution 
n.cgion Obscn/cd 

Percentage Concct 
lIoll-ma lariolis malarious 

Somali non -malarious 543 48 91.9 
malaria di stribution 

malarious 39 13 25.0 

Overa ll I)erccntage 86.5 

lion-malario us 511 5 99.0 

Tigray 
malal'ia distribution 

malnl'ious 30 7 18.9 

Overa ll Perccntage 93.7 

malaria dist ribution 
non-malarious 683 61 91.8 

Afa r malarious 35 8 18.6 

Overall Percentage 87.8 

Ben-G ulllz lIoll-malariou s 654 53 92.5 
malaria distributio n 

malarious 35 13 27.1 

Ovcrall Percentage 88.3 

The Cut-value is .500 

Statistical Data Analysis Using Multilevel Logistic Regression Model 

4.1 Introduction 

Malaria is influenced by a web of individual and envirolUnental factors. For a long time 

analysing these factors concurrently has raised statistical problems. Multilevel modeling 

provides a new attractive so lution, which is still uncommon in tropical medicine. The 

principle of multilevel modeling is to analyse simultaneously the influence of the factors 

considered so far. The data set is structured as a succession of nested levels: people live 

in house, houses are fo und in villages, villages are found in region etc. Outcomes defined 

at the lowest level (parasite burden of individuals) are then modeled as a funct ion of 

variables characterizing the different levels (people, house, village, and region). The ai m 

of this chapter is to demonstrate whether there exists variation in malaria infection among 

the regions. 
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A two-level modeling process is presented by using the data set of 7333 women from 10 

regions of Ethiopia. The hierarchical organization of a data set in levels, fixed and 

random effects, are considered. 

From a computational point of view, multilevel modeling can be seen as a two-stage 

process. First, a separate individual level regression is defined for each region. Then, 

each of the region-specific coefficients is modeled as a fu nction of region variables. So, 

multilevel analysis allows the partition of the region-specific coefficients: a fixed part 

that is cOl11ll1on across regions and a random part varying among regions. 

A chi-square test statistic was applied to assess heterogeneity III the proportion of 

malaria positive women among the 10 regions. The test yields %'=96.290, df = 9, 

P <0.01. Thus, there is evidence for heterogeneity among the regions with respect to 

malaria infection status among women in Eth iopia. 

4.2 Modeling Process 

4.2.1 Intercept-Only Multilevel Logistic Model 

We first estimate a model with no predictors (an intercept-onl y model) that predi ct the 

probability of malari a infection status among women. The region level (level 2) variance 

estimation is 0.4077 as shown in Table 4.1 1. This variance reflects between-region 

heterogeneity, regarding malaria infection status of women in Ethiopia. Table 4. 11 also 

provides a deviance-based chi-square test for assessing the goodness of fit of the fitted 

empty model. The test indicates that the fitted model is good. 
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Table 4.11 Estimates for empty model 

Parameter Estimate Standard error Z-value P-value 
Fixed part Intercept 3. 1230 0.0558 55.9230 0.0000* 

Estimate Standard error Z-vaille P-value 
0.4077 0.1366 2.9837 0.0028* 

Random Level-two 

part variance ("0/ ) 

Devia nce-based chi-square 107.3371 0.0000* 
*Slgnlficance (P<O.O I ) 

4.2.2 Random Intercept Model and Fixed Explanatory Variables 

In order to identi fy the effect of some selected explanatory variables a multilevel logistic 

regress ion model with random intercept and fi xed explanatory variab les was estimated 

using LISREL software and the results are presented in Table 4.12 given below. The 

deviance based chi -square test for significance of random effects ( X' =86.3763 df = 1 

and P<0.05) indicates that the random intercept model with the fi xed explanatory 

variab les is found to be a better fit as compared to the empty model di scussed in Section 

4.2.1. 

From Table 4.1 2 it is possible to observe that the malaria infection among women vari ed 

among the ten regions of Ethiopia. Moreover the explanatory variables, "age", "currently 

pregnant" and "wealth index" were found to be significant determinants of variation in 

malaria infection across the regions. As regard to regional difference at level-two 

variance of the random intercept ((J"~ ) was found to be significant, implying that there 

exists a remarkab le regional difference wi th respect to the extent of malaria infection 

status of women. 
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Table 4.12: Estimates of Random intercept model 

Covariates Estimate S.E. Z-value P-value 

Intercept 1 . 8813 o . 1424 13.2117 0.0000* 

Age 

15-29 
0 . 2491 0.1171 2.1272 0.0344* 

30-49 (Ref.) 

Main floor material 

Natural -0 .1122 0.2191 -0 .5121 0.6086 

Cement (Ref.) 

Currently pregnant 

Yes (Ref.) 

No 0.9107 0.1461 6.2347 0.0000* 

Wealth Index 

Poor (Ref.) 

Rich 0.7219 0.1271 5.6820 0.0000* 

Random Part 
Estimate S.E. Z-value P-value 

Random Intercept: 0 . 2611 0.0895 2 .91 84 0 . 0035* 

(J"~ = var(oo) intercept 

vanance 

86 . 3763 
0.0000' 

Deviance-based chi-square 

* SignIficant (P<0.05) 

4.2.3 Random Coefficients Model 

The random coefficient model is useful because it shows the degree of variabi lity at each 

level. In Table 4.13 we represent each of the given explanatory variables as age (X,), 

main floor material (X, ), currently pregnant (XJ ) and wealth index (X.). The tab le 

includes fixed effect coefficients and an overall (Ievel-2) or regional variance constant 
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term (CT g ) together with variance and covariance terms representing the random effects 

of the respective explanatory variables and their interactions. The significance of these 

terms is indicated in Table 4.13. According to the overall region variance constant term, 

the variance of each explanatory variable is found to be significant. Moreover, "age by 

main floor material" and "main floor material by wealth index" covariance terms are 

found to be statistically significant. Similarly, the fixed effects currently pregnant and 

wealth index are found to be significant. Accordingly, the results of the multilevel 

analysis showed that all explanatory variables shown in the table contribute in 

explaining the variation of malaria infection across the regions except the factors "main 

floor material" and "age". The deviance based chi-square test for significance of random 

effects ( X ' = 62.4042, df =15) indicates that the random coefficient is statistically 

significant. 

We note that the student version of the software LISREL does not provide model 

diagnostic tests. We only checked a goodness of fi t by using deviance based chi-squared 

test. 

Table 4.1 3 

Results for Fixed and Random Effects of Random Coefficient Model 

Fixed Part Estimate S.E. Z-value P-value 

Intercept (Xo) 1. 8 930 0 . 1 427 13 . 26 60 0.0000' 

Age(X,) 

15-29 0 . 2 152 0 . 11 70 1.8388 0 . 0659 

30-49 (Ref.) 

Main floor material (X 2) 

Natural 0 . 100 3 0 . 2191 0 . 45 75 0 . 6473 

Cement (Ref.) 

Currently pregnant (X] ) 

Yes (Ref.) 

No 0 . 9228 0 . 14 63 6 . 3068 0.0000* 
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0"; = var(64) 
0.0227 0 . 0173 1.3131 0 . 1891 

0"0' = cov(60 · 6, .) -0.0532 0 . 0351 - 1.5158 0 . 1296 
}. } 

0"0' = cov(60 6, ) -0.2175 0 . 1493 -1.4572 0 . 1451 
}. } 

0"03 =cov(60 63 · ) 
-0.0347 0.0557 - 0 . 6227 0.5335 

}. } 

0"04 = cov(60 64 , ) 0 . 0024 0 . 0289 0.0822 0.9345 
}. } 

0"" = cov( 6, . 6, ) 0.1313 0 . 0616 2 . 1293 0.0332' 
}. } 

O"IJ = cov(6, 63 ) 
-0 .0306 0 . 0223 - 1.3718 0 . 1701 

}. } 

0"" = cov(6, . 64 ) 
-0.0 191 0 .0 134 -1.42 4 1 0.1544 

}. } 

0"" = cov(6,. 63 , ) 
-0 . 0612 0 . 0804 -0. 7614 0.4464 

}, } 

0"24 = cov(6, 64 ) 
-0.1035 0.0530 - 1.9522 0.0430' 

j. } 

0"" =cov(63 64 ) 
0 . 0178 0 . 0190 0.9398 0.3473 

}. } 

Deviance-based chi-square 0.0000' 
62.4042 

Ref =Reference category 
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Table 4.14: Level-2 covariance matrix of the random coefficient 

Xo X, X, X, X4 

Xo 0.353 174 

X, -0.053231 0.036053 

X, -0.2 175 10 0. 131268 0.673823 

X) -0.03467 1 0.030588 --0.0611 89 0.0743 13 

X4 
0.002379 -0 .019134 -0.098096 0.017817 0 .0 22682 

Table 4.15 : Level-2 Correlation Matrix of the Random Coefficient 

Xo X, X, X) X4 

Xo 1.000000 

X, -0.47 1734 1.000000 

X, 0.445873 0.842205 1.000000 

X, -0.214014 -0.590950 -0.273445 1.000000 

X, 0.026575 -0.669105 - . 793476 0 .4 33962 1.000000 
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Table 4.16: Parameter estimates among the Regions 

Coefficien ts 

Region X o XI X, X, X 4 

Estimate -0.5303 0.08565 0.38072 0.05367 -0 . 0092 

Somali S.E. 0.04514 0.01329 0.31772 0.04421 0.01511 

Z-value -11. 747* 6.44446* 1.1 9828 1.2139 -0.6 11 2 

Estimate -0.0993 0.23989 0.75159 -0 .3 684 -0.1359 

Tigray S.E. 0 . 03855 0 . 01431 0 . 35345 0 . 05011 0.01592 

Z-vaille -2.57588* 16.7673* 2.12644* -7.3523* -8.5355* 

Estimate -0 . 0585 0.09706 0 . 50242 -0 . 0753 -0 .1101 

Afar S.E. 0.05254 0.01399 0.33736 0.04799 0.01554 

Z-value -1.1142 6.93577* 1.48926 -1.5701 -7.0834* 

Estimate -0.2575 0 . 09864 0.46249 - 0 . 0313 -0.0598 

Amhara S.E. 0 . 07657 0.01601 0 . 37988 0 . 05666 0.01702 

Z-value -3.3628* 6. 16261' 1.21 748 -0.5532 -3.5146* 

Estimate 0.90627 -0.33 05 - 1.5448 0.09128 0.18149 

Oromia S.E. 0.09429 0.01545 0.22113 0 . 05994 0.01304 

Z-value 9.61186' -21.387* -6.9858* 1.52295 13.9218* 

Estimate -0.5967 -0 . 0181 -0 . 0133 0.19635 0.06937 

Ben-Gumz S.E. 0 . 05154 0.01259 0.29783 0.04582 0.01409 

Z-vai lle -11.577' -1.4416 -0.0446 4.28533* 4.92223* 

Estimate -0 . 2096 - 0.0228 0.01165 0.12926 0.03351 

SNNP S.E. 0.0557 0.01135 0.23361 0.04578 0.01266 

Z-value -3 .7629* -2.011 2* 0.04986 2.82364' 2.64594* 

Estimate -0 .5052 0 . 04667 -0 .2338 -0 . 0585 0.07512 

Gambela S.E. 0 . 05147 o . 01134 0.24661 0 . 04627 0.01277 

Z-vai lle -9.816' 4.11 488* -0.948 1 -1.2649 5.88159* 

Estimate 0.67355 -0 .1281 -0 .48 93 - 0 . 006 0.03031 

Harari S.E. 0 . 14476 0 . 0168 0.21549 0 . 06326 0.01217 

Z-vaille 4.65276* -7.6234* -2.2706* -0.095 2.48969* 

Estimate 0 . 6773 -0.0684 0.1723 0.06907 -0 . 0748 

Dire Dawa S.E. 0.15148 0.01804 0 . 24858 0.06601 0.01321 

Z-value 4.47 126* -3.7903* 0.693 13 1.0463 -5.66 11 * 

*signi ficant (p<0.05) 
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As can be seen from Table 4.16 in Tigray region, all the variables are found to be 

significant. But it is not true for the other regions. 

4.3 Discussion and Interpretation of the results 

Although most of the results obtained from the sUlmnary statistics matches with the 

findings of both univariate and multivariate analysis, it has some deviations with respect 

to cel1ain variables. For example, it showed that women who have bednet for sleeping are 

at higher risk of malaria than those who do not have bednet (see Table 4.2). But the 

variable "have bed net for sleeping" is not significant in the multivariate analysis. 

From the univariate analysis it can be seen that all explanatory variables under study are 

significant except the variable "have bednet for sleeping". As we proceed from the 

univariate analysis to the multivariate analysis 55% of the proposed explanatory variables 

are found to be significant (see Sections 4.3 and 4.4); of which 33.3% were demographic 

and health factors and 66.7% were socio-economic factors. These significant variables 

are factors affecting the malaria infection status among women in Ethiopia. 

Let us now interpret the effect of each significant covariate on malaria infection status 

among women in Ethiopia using the estimated odds ratio given in the final logistic 

regression model (Table 4.5). Employing a 0.05 criterion of statistical significance, all 

covariates had significant effect on the malaria infection status on women except the 

two regions, Oromia and Harari, the two age groups (21-29 and 30-49 years) and one 

category of wealth index (poor women). The region variable was coded using Dire Dawa 

as the reference group. So from Table 4.5 it is possible to observe that the odds of women 

living in Somali and Gambela regions being malarious is almost 6 times higher than Dire 

Dawa. Also the odds of being malaria positive for Tigray, Amhara and Ben-Gumz 

women is almost 5 times higher than women living in Dire Dawa. Malaria infection 

status among women living in SNNP and Afar regions is higher than those women who 

are residing in Dire Dawa (odds ratio 3.6 and 3.9, respectively). Malaria infection rate for 

pregnant women is remarkably higher than for non-pregnant women. An amusing result 

of this study was that the malaria infection rate for rich women is 43% higher than the 

56 



middle class women. The study also showed that the odds of malaria infection status for 

rural women is 3 times higher than urban women. 

Another important statistical analysis used in this study was multilevel logistic 

regression. In the multilevel analysis women are nested within the 10 regions in 

Ethiopia. Three multilevel models: empty model , random intercept model and random 

coefficient model were applied in order to explain regional differences in the ex tent of 

malaria infection status among women in Ethiopia. The results obtained are di scussed as 

follows. 

Before the analysis of data using the multilevel approach, first the heterogeneity of the 

malaria infection status among women with regard to regions was checked. The fixed 

part of the effects of explanatory variables included in the models have somewhat 

similar interpretation as that of the conventional logistic regression di scussed above for 

the national level data. Whereas the random parts of the intercept and explanatory 

variables provided additional information. 

In the three models (empty model, random intercept model and random coefficients 

model), the overall variance constant term found to be statistically significant which may 

again imply the differences in the malaria infection status among women . The effect of 

the random part of the variable "main floor material", on malaria infection status of 

women differs across regions. Similarly, the interaction of the random parts of "age" by 

"main floor material" and "wealth index" by "main floor material" provided significant 

effect on malaria infection status across regions. 
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CHAPTER FIVE 

Conclusions and Recommendations 

5.1. Conclusions 

~ This empirical study based on conventional logistic regression analysis reveals 

that the factors that affect the malaria infection status among women in Ethiopia 

are "currently pregnant", "age", "main floor material", "wealth index", "type of 

place of residence" and " region". 

~ The result of this study indicated that pregnant women are highl y affected by 

malaria than the non-pregnant women. Also rural women are more exposed to 

malaria than urban women. 

~ Multilevel analysis enables the proper investigation of the effects of independent 

variables measured at different levels on the response variable"malaria infection 

status". As a result this study showed that there exist variations in malaria 

infection status among women across regions . 

5.2. Recommendation 

.:. Governmental and non-governmental organizations are expected to work hard on 

creating awareness on how/why to prevent women from being attacked by 

malaria . 

• :. A special attention should be given to pregnant women in preventing them from 

being infected by malaria in Ethiopia . 

• :. Great attention should be given to rural women in preventing them from being 

attacked by malaria. 
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.:. Primary health care and malaria prevention programs should be implemented in 

order to fit to the overall features of the regions to safeguard women from being 

attacked by malaria . 

• :. Stakeholders should consider the ex istence of regional variations with respect to 

the malari a infection status among women in such a way that they might 

implement their task accordingly. 
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I 
121-29 2192 11.000 I .000 I I--T 

R Age of the respondent 
130-49 2987 1 .000 11.000 I I 1 
115-20 2154 1 .000 I .000 I I I 
Poor 306 1 11.000 1 000 1 I I P I 

1875 1 000 11.000 I I Wealth index Middle I 

~ Rich 2397 1 .000 I .000 I -T-
NATURAL 4647 11.000 I I I 

(Main roof material Corrugated 
2686 1 .000 1 

1 I iron I 
I Rural 5320 11.000 I I I I 9 I Type of place of 
res idence Urban 2013 1 000 1 I 

I 
6041 11.000 I I I Have bednct for Yes 

t sleeping (household 
INO 1292 1 .000 

1 
1-- .~ report) 

( Has radio 
INO 4269 11.000 I 1 rl Iyes 3064 1 .000 I 

11-
··H Iyes 615 11.000 I 

~. 

t Currently pregnant -1-1 
INO 6718 1 .000 I H (Main floor material 
I NATURAL 6013 11.000 I 
I Cemen t 1320 I .000 I -~ 

Block 0: Beginning Block 

Classification Table(a,b) 
Pred icted I 

I Observed malaria infectionstatus Percentage Correct I 
I 

non-malarious malarious non-malar ious 

non-malarious 6993 0 100.0 
I Step 0 

malaria infectiollstatus I 
malarious I 340 I 0 1 .0 

I Overall Percentage 95.4 

i a Constant is included in the model. 

I b The cut va lue is .100 

Variables in the Eq uation 

B S.E. Wald df Sig. Exp(B) 

Step 0 Constant -3.024 .056 2964.447 I .000 .049 1 
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Variables not in the Equation(a) I 

I 
Score df Sig. 

I 

AGE 6.797 2 .033 1 

AGE(I) 6.7 19 1 .010 1 

I AGE(2) I 2.684 1 .101 
I 

IREG ION I 96.290 9 .000 I 
I REGION(I) I 18.978 1 .000 

I REGION(2) I 5.708 1 .0 17 , 

I REGION(3) I 
1.364 1 .243 

1 
I REGION(4) I 

. 

I 
.91 6 1 .339 

REGION(S) I 17.867 1 .000 
I 

I I 
REG ION(6) 5.638 1 .0 18 

1 

REGION(7) .509 1 .475 

REGION(8) 15.482 1 .000 

I REGION(9) 13.694 1 .000 

I TRESDC(I) 50.907 1 .000 
, Step 0 Variables 

2 1.452 1 EDUC 2 .000 

19.375 1 
• 

EDUC(I) 1 .000 
• 

ED UC(2) 
1 

3.8 11 I 1 .051 1 

HRAD(I) I 24.6 19 1 1 .000 I 

I FLOOR(I) I 23.035 1 I .000 1 

ROOF(I) 36.676 I .000 

I PREG(I) I 59.453 1 I I .000 I 

I BNET(I) I .741 I I I .389 

IWLTI-I I 72.022 1 2 1 .000 I 

IWLTH(I) I 7 1.481 I I I .000 1 

WLTH(2) 12.647 I .000 1 

IDRESDC I 5 1.078 1 2 1 .000 1 

DRESDC(I) 50.907 1 .000 1 

DRESDC(2) 10.144 I .001 1 

a Residual Chi-Squares are not computed because of redundancies. I 
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Block 1: Method = Forward Stepwise 

(Likelihood Ratio) 

Omnibus Tests of Model Coeffi cients 

I 
Chi-square df Sig. 

Step 108.784 9 .000 
I 
Step I Block 108.784 9 .000 , 

Model 108.784 9 .000 

Step 38.017 1 .000 , 
Step 2 Block 146.80 1 10 .000 

I 
Model 146.80 1 10 .000 

Step 28.330 2 .000 
, 

Step 3 Block 175.131 12 .000 

Model 175.131 12 .000 

Step 11.820 1 .00 1 
I 
Step 4 Block 186.95 1 13 .000 , 

Model 186.951 13 .000 

Step 4.030 I .045 
I 
Step 5 Block 190.98 1 14 .000 

I 

Model 190.98 1 14 .000 

Step 6.218 2 .045 , 
Step 6 Block 197.1 99 16 .000 , 

Model 197.199 16 .000 
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Model Summary 

-2 Log likelihood Cox & Snell R Square Nagelkerke R Sq uare 

2643.6 15(a) 1 .0 15 1 .047 

12 2605.598(3) 1 .020 1 .063 

13 2577.268(3) 1 .024 1 .075 

14 2565.448(3) 1 .025 1 .080 

5 256 1.41 8(3) 1 .026 1 .082 

16 2555.200(3) I .027 1 .085 

a Esti mation tenni nated at iteration number 7 because parameter estimates changed by less than .001. 

Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 .000 8 1.000 

2 2.37 1 8 .967 

3 7.4 12 8 .493 

4 12.243 7 .093 

5 8. 178 8 .416 

6 7.3 18 8 .503 
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Contingency Table for Hosmer and Lemeshow Test 

I malaria infectionstatus = non-malarious malaria illfectionstatus = malarious Tot 

Observed I Expected Observed I Ex pected Obser 

01 

ved 

I I: 797 ! 797.000 ! 8 8.000 

662 1 662.000 12 12.000 

I 
13 918 1 918.000 18 18.000 

4 959 1 959.000 42 42.000 
I 
I Step 1 

5 744 744.000 43 43.000 

6 425 425.000 25 25 .000 

7 707 707.000 48 1 48.000 

8 5 16 5 16.000 37 1 37.000 I 
55 1 

, 
9 674 674.000 55.000 

110 591 591.000 52 52.000 

I: 770 768.709 6 7.291 I 

620 I 620.791 II 10.209 

13 I 842 843.409 1 16 14.591 

14 902 900.991 I 33 34.009 

Step 2 1 5 
80 1 798 .987 38 40.013 1 

394 393 .379 20 20.621 I 6 , 
17 650 646.513 35 38.487 

18 453 459.124 34 27.876 

19 622 622.8 12 46 45.188 

110 939 938.283 10 1 101.717 

11 666 1 665.230 5 1 5.770 

12 760 I 763.761 14 10.239 

13 760 I 759.19 1 14 14.809 
I 

14 I 725 721.028 17 20.972 

I Step 3 1: 

579 576.240 18 20.760 

651 650.713 28 28.287 

I 17 I 820 813.808 40 46.192 

I 18 I 745 758.483 66 52.5 17 

19 I 679 679.518 1 59 58.482 

110 I 608 605.030 I 79 81.970 

I Step 4 11 I 642 642.035 1 5 4.965 , 
12 I 925.570 I 9 1S 19 11.430 

13 I 807 80 1.681 1 12 1 17.31 9 

14 I 703 1 697.483 1 14 1 19.517 

Is I 643 1 637.433 1 lS i 23.567 
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[6 [ 806 [ 809.409 43 39.59 1 849 

[7 [ 643 [ 641.233 37 38.767 680 

[8 [ 730 [ 740.5 13 69 58.487 799 

[9 [ 1101 [ 1097.643 123 126.357 1224 

[I [ 815 [ 814.407 6 6.593 82 1 

[2 [ 690 [ 693.627 13 9.373 703 

[3 [ 642 [ 644.467 14 11.533 656 

I [4 1 749 [ 740.528 1 I I I 19.472 760 

I 15 I 696 1 694.749 1 22 1 23.251 718 I Step 5 1-1-----+-----+-----+----
[6 [ 70 1 [ 697.595 [ 29 [ 32405 730 

[7 [ 735 1 735.309 [ 43 [ 42.691 778 

[s [ 699 [ 708.173 1 62 [ 52.827 761 

[9 [ 668 [ 664.733 [ 56 [ 59.267 724 

[10 [ 598 [ 5994 12 [ 84 1 82.588 682 

[ I [ 679 1 678.874 [ 5 [ 5. 126 684 

[2 [ 727 730.1 05 [ 12 [ 8.895 739 

I 
[3 [ 657 661.599 [ 16 [ 11.401 673 

[4 [ 723 719.468 1 14 [ 17.532 737 

15 I 733 726.155 1 17 1 23.845 750 
I Step 6 r-+_-----~------+_-----+__---
I [6 [ 731 727.638 [ 29 [ 32 .362 760 

I [7 [ 660 656.377 [ 33 [ 36.623 693 

I 

I 

I 

I 

[s [ 710 714.281 1 55 [ 50.719 765 
r-[9-+[ ----7-0-21----70-6-.92-5+1----6-5 J-[ ---6-0.-07~5 ' - 767 

r-[1-0~[-----6-71~---67-1 -.57-9+[-----94+[---9-3.-421 765 

Classification Table(a) --
Pred icted 

Observed malaria infectionstatus Percentage Correct 

non-malarious 

non-malarious 6993 
malaria infectionstatus I 

Step 1 
1 340 [ malarious 

10ver"all Percentage 

Step 2 malar ious 

malarious 

0 

o[ 

non-malarious 
--

100. 

--

o 
o 

95.4 1 

95.4 non-malarious 
malaria illfectionstatus I 

I I Overall Percentage 

15.0 

91.7 
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I Step 3 
malaria illfcctionstatus :--"_O_"_-'"_"_I_.r_iO_"_'+-____ + ___ + __ _ 

I malarious I 

I Overall Percentage I 

non-malarious 

1 

malaria infcctiollstatus I 
Step 4 malarious 

I I Overall Percentage 

non-malarious 
1 malaria illfectiollstatus I 
Step 5 malarious 

I I Overall Percentage 

non-malarious 
I malaria infectionstatus I 
Step 6 malarious 

I I Ovel·.11 Perce"t'ge 

Variables in the Equation , 

I I 
Is.E· 1 I df I Sig· 1 Exp(B) 

, 
B W.ld 

REGION 81.035 9 .000 
I 

REGION(I) 2. 171 .384 32.019 I .000 8.766 
I 

REGION(2) 1.966 .394 24.907 I .000 7.144 
I 

REGION(3) 1.751 .388 20.314 I .000 5.758 
I 

REGION(4) 1.768 .411 18.543 I .000 5.860 
I 
Step 1(.) REGION(S) .670 .428 2.451 I .117 1.953 

I 
REGION(6) 1.9 12 .385 24.607 I .000 6.764 

REG ION(7) 1.473 .389 14.363 I .000 4.363 
I 

REGION(8) 2.096 .382 30.093 I .000 8. 130 
I 

REG ION(9) .591 .459 1.655 I .198 1.806 
I 

Constant -4.601 .355 167.701 I .000 .010 

Step 2(b) REGION 77.072 9 .000 
I 

REG ION(I) 2.081 .384 29.3 11 I .000 8.015 

REGION(2) 1.857 .395 22.083 I .000 6.401 
I 

REGION(3) 1.681 .389 18.680 I .000 5.372 , 
REG ION(4) 1.710 .411 17.279 I .000 5.527 

I 
REGION(S) .601 .428 1.970 I .160 1.824 , 

6.276 1 REGION(6) 1.837 .386 22.642 I .000 
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I 

1 REGION(7) 1 1.392 1.389 1 12780 1 1 1.000 1 4.023 
I 

REGION(S) 2.035 .383 2S.290 1 .000 7.650 
I 

REG ION(9) .550 .460 1.433 1 .231 1.734 
I 

PREG(I) .972 .145 44.791 1 .000 2.642 
I 

Co nstant -4.658 .356 171.500 1 .000 .009 

REGION 55.581 9 .000 
I 

REGION(I) 1.764 .397 19.715 1 .000 5.835 
I 

REGION(2) 1.647 .406 16.431 1 .000 5.190 
I 

REGION(3) 1.372 .401 11.706 1 .001 3.942 
I 

REGION(4) 1.604 .422 14.446 1 .000 4.972 
I 

REGION(S) .529 .434 1.487 1 .223 1.698 
I 

REGION(6) 1.779 .395 20.302 1 .000 5.926 
I 
Step 3(e) REGION(7) 1.403 .396 12.530 1 .000 4.069 

I REGION(S) 1.875 .390 23.065 1 .000 6.519 
I 

REGION(9) .595 .460 1.674 1 .196 1.814 

PREG(I) .928 .146 40. 108 1 .000 2.529 

I 
WLTH 27.0 10 2 .000 

WLTH(I) .504 .159 10.026 1 .002 1.656 
I 

i 
WLTH(2) -.260 .192 1.841 1 .175 .77 1 

Constant -4 .728 .358 174.154 1 .000 .009 

REG ION 49.108 9 .000 
I 

REGION(I) 1.615 .399 16.337 1 .000 5.026 
I 

REGION(2) 1.456 .409 12.654 1 .000 4.291 

REGION(3) 1.192 .404 8.7 15 1 .003 3.295 
I 

REGION(4) 1.390 .426 10.672 1 .001 4.016 
1 

REG ION(S) .329 .438 .565 1 .452 1.390 
I 

REG ION(6) 1.559 .399 15.224 1 .000 4.752 
, 

REG ION(7) 1. 130 .404 7.840 1 .005 3.096 
1 Step 4(d) 

REG ION(S) 1.657 .395 17.606 1 .000 5.244 
I 

REG ION(9) .554 .461 1.444 1 .230 1.740 
I 

TRESDC(I) .824 .244 11.397 1 .00 1 2.280 
i 

PREG(I) .903 .147 37.959 1 .000 2.466 
I 

I 
WLTH 20.964 2 .000 

WLTH(I) .032 .200 .026 1 .871 1.033 
I 

WLTH(2) -.677 .2 19 9.545 1 .002 .508 
I 

Constant -4.875 .364 179.035 1 .000 .008 

Step S(c) REGION 5 1.937 9 .000 
I 

REGION(1 ) 1.756 .407 18.58 1 1 .000 5.791 I 
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, 
I REGION(2) 1 1600 1 418 1 14,684 1 I 1 000 I 4,953 1 

I 
REG ION(3) 1.337 .412 10,518 1 1,00 1 3,807 

I 
REG ION(4) 1.536 .434 12,544 I ,000 4,645 

I 
REGION(S) .468 .444 11 09 I ,292 1.596 

I REGION(6) 1 717 .409 17,593 I ,000 5,569 
I 

REG ION(7) 1,267 .411 9.516 I ,002 3,551 
I 

REGION(8) 1 8 16 .405 20, 119 I ,000 6, 145 

REG ION(9) ,586 .46 1 1 6 17 I ,203 1.797 

TRESDC(I) 1,064 ,282 14,238 I ,000 2,899 , 
FLOOR(I) -,621 ,308 4,052 I ,044 ,537 

PREG(I) ,906 ,147 38, 178 I ,000 2.475 
I 

WLTH 19,726 2 ,000 

WLTH(I) ,126 ,210 .358 I ,550 11 34 
I 

WLTH(2) -,579 ,230 6.342 I ,012 ,56 1 

Constant -4,730 .367 166,026 I ,000 ,009 

AGE 6,27 1 2 ,043 I 
AGE(I ) ,195 ,144 1 821 I ,177 1215

1 , 1 1 
AGE(2) -,139 ,143 ,952 I .329 ,870 , 
REG ION 51.368 9 ,000 , 
REGlON(I) 1.763 .407 18,7 10 I ,000 5,828 

I 
REGION(2) 1602 .4 18 14,723 I ,000 4,964 

I 

REG ION(3) 1.355 AI2 10,818 I ,001 3,878 
I 

REG ION(4) 1.536 .434 12.533 I ,000 4,644 
I 

REGION(S) .465 .444 1,098 I ,295 1 593 
I 

I Step 6(1) 
REGION(6) 1.7 11 .409 17A6 1 I ,000 5,532 

REGION(7) 1 272 A l l 9,593 I ,002 3,568 
I 

REGION(8) 1 801 .405 19,788 I ,000 6,054 
I 

REGION(9) ,575 A 61 1,556 I ,2 12 1.777 
I TRESDC(I) 1066 ,282 14,279 I ,000 2,905 

FLOOR(I) -,626 ,309 4, 108 I ,043 ,535 
I 

PREG(I) ,873 ,148 34,969 I ,000 2,393 , 
WLTH 20,242 2 ,000 

WLT H(I) ,1 47 ,2 11 .489 I .484 1 159 
I 

WLTH(2) -,568 ,230 6,091 I ,0 14 .567 
I 

,009 1 Co nstant -4, 746 ,378 158,028 I ,000 
I a Vanable(s) entered on step I: REG ION, 

b Variable(s) entered on step 2: PREG, 

e Variable(s) entered on step 3: WL TH, 
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d Variable(s) enlered on slep 4: TRESDC. 

e Variabl e(s) enlered on step 5: FLOOR. 

f Variable(s) entered on step 6: AGE. 

Model if Term Removed 

Model Log Likelihood Change ill -2 Log Likelihood df Sig. of the Challge 
i 
Step I REGION I -1376. 199 1 108.784 9 .000 

REGION I -1353.560 I 101.522 9 .000 
I Step 2 

I -1321.807 1 PREG 38.017 .000 

REGION I -1 322.694 1 68. 12 1 9 .000 , 
Step 3 PREG I -1305.873 1 34.478 .000 

WLTH I -1302.799 1 28.330 2 .000 

REGION I -1311.958 1 58.468 9 1 .000 I 
ITRESDc l -1288.634 1 

---
11.820 .00 1 

I Step 4 
IpREG I -1299. 115 1 32.782 .000 

IWLTH I -1294.356 1 23.265 2 .000 

I REGION I -1311.789 1 62.160 9 .000 

ITRESDC I -1288.500 I 15.582 .000 
I 
Step 5 IFLOOR I -1282.724 1 4.030 .045 

I pREG I -1297. 194 1 32.970 .000 

IWLTH - 1291.541 1 21.664 1 2 .000 I 
IAGE -1280.709 1 6.218 1 2 .045 

I REG ION -1308.484 1 61.769 1 9 .000 

ITRESDC -1285.4 17 1 15.634 1 .000 
I Step 6 

I FLOOR -1279.643 1 4087 1 1 1 .043 

I pREG -1292.827 1 30.455 1 1 I .000 

IWLTH -1 288.712 1 22.224 1 2 1 .000 
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Variables not in the Equation(a) 

Score df Sig. 

AGE 7.887 2 .019 

AGE(!) 7.411 1 .006 

AGE(2) 4.293 1 .038 

TRESDC(I) 18.885 1 .000 

EDUC 4.930 2 .085 

EDUC(I) 4.884 1 .027 

EDUC(2) 2.299 1 .129 

HRAD(I) 6.257 1 .012 

Step I Variables 
I FLOOR(l) I .801 I 1 1 .371 i 

I ROOF(I) I 5. 103 1 1 1 .024 
; 

I PREG(I) I 47.970 I 1 1 .000 I 
I BNET(I) I 3. 130 I 1 1 .077 

WLTH 31.327 2 .000 I 
IWLTH(I) I 30.457 1 1 1 .000 

WLTH(2) 16.100 1 .000 

DRESDC 21.356 2 .000 I 
I DRESDC(I) I 18.885 1 1 1 .000 I 

I DRESDC(2) I 19.397 1 1 1 .000 I 
Step 2 Variables AGE 5. 115 2 .078

1 

I AGE(I) I 4.480 I 1 1 .034 1 

IAGE(2) I 3.396 1 1 1 .065 

TRESDC(I) 14.993 1 .000 

EDUC 3.297 2 . 192 

EDUC(I) 3.29 1 1 .070 

I EDUC(2) 1.744 1 .187
1 

I I HRAD(I) I 4. 898 1 1 1 .027 

FLOO R(I) .267 1 .605 

ROOF(I) 3.295 1 .069 

BNET(I) 2.589 1 .108 

, WLTH 27.678 2 .000 I 
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, 
IWLTH(l) I 26.239 1 1 1 .000

1 

IWLTH(2) I 16.441 I 1 1 .000 I 
DRESDC 17.901 2 .000 I 

I 
I DRESDC(I) I 14.993 1 1 1 .000 I 
DRESDC(2) 16.876 1 .000 I 

I AGE 6.23 1 2 .044 1 

I 
AGE(l) 5.248 1 1 .022 

AGE(2) 4.434 1 1 .035
1 

TRESDC(l) 11.549 1 1 .00 1
1 

EDUC .549 1 2 .760 

EDUC(l) .539 1 1 .463 

Step 3 
EDUC(2) .408 1 1 .523 

V:triablcs 
.027 1 

, 
HRAD(l) 1 .870 

I FLOOR(l) .270 I 1 1 .603 1 

1 
ROOF(l) I .084 1 1 1 .772 

I BNET(l) I .859 1 1 1 .354 I 

1 DRESDC I 13.719 1 2 1 .001 1 , 

I DRESDC(l) I 11.549 1 1 1 .001 

DRESDC(2) I 11.837 1 1 1 .001 
I 

AGE 6.243 2 .044 

AGE(l) I 5.314 1 1 .021 I . 
I 1 1 AGE(2) 4.364 .037 

I 
I 2 1 EDUC .845 .656 

I 
1 

EDUC(l) I .072 1 1 .788 , 
EDUC(2) I .528 1 1 .467 1 

Variables 
Step 4 HRAD(l) I .019 1 1 .890 

I 1 1 

, 
FLOOR(l) 4.102 .043 , 

ROOF(l) I .364 1 1 .546 

BNET(l) .509 1 .475 

DRESDC 3.568 1 .059 1 

I DRESDC(2) I 3.568 1 1 1 .059 , 

I Overall Statistics 

Step 5 Variables AGE 6.307 2 .043 

AGE(l) 5.424 .020 

AGE(2) 4.330 .037 

EDUC .462 2 .794 

EDUC(l) .181 .67 1 

EDUC(2) .426 
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I 

I HRAD(I) I 106
1 I I .744

1 
I ROOF(!) I 145

1 I I 704
1 

BNET(!) .505 I .477 

DRESDC 2.260 I .133 [ 

I DRESDC(2) I 2.260 I I I 133
1 

Overall Statistics 9.921 8 .271 I 
EDUC .7 10 2 .701

1 

I EDUC(!) I .5 14 1 I I .473 
I 

I EDUC(2) I 704
1 I I .40 1 

HRAD(I) .139 I .709 
Variables I 

Step 6 I ROOF(!) I .155 1 I I .693 

BNET(!) .604 I .437 

DRESDC 2.240 I . 134 1 

I DRESDC(2) I 2.240 I I I .134 
I 

I Overall Statistics 

a Residual Chi-Squares are not computed because of redundancies. 

Step number : 1 

Observed Groups and Predicted Probabilities 
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Prob : 0 . 25 . 5 . 75 1 
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Predicted Probability is of Membership for malarious 
The Cut Value is .10 
Symbols : n - non-mala rious 

m - malarious 
Ea c h Symbol Represents 125 Cases. 
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Step number: 2 

Observed Groups and Predicted Probabilities 
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Predicted Probability is of Membership for malarious 
The Cut Value is .10 
Symbols: n - non-malarious 

m - malarious 
Each Symbol Represents 200 Cases . 
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Step number, 3 

Observed Groups and Predicted Probabilities 
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Predicted Probability is of Membership for malarious 
The Cut Value is .10 
Symbols: n - non-malarious 

m - malarious 
Each Symbol Represents 125 Cases. 
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Step number, 4 

Observed Groups and Predicted Probabilities 
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Predicted Probability is of Membership for malarious 
The Cut Value is . 10 
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m - malarious 
Each Symbol Represents 125 Cases. 
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Each Symbol Represents 125 Cases. 
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The Cut Value is .10 
Symbol s : n - non-malarious 

m - malarious 
Each Symbol Represents 125 Cases . 
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