
 

 

DEBRE BERHAN UNIVERSITY 

COLLEGE OF NATURAL AND COMPUTATIONAL SCIENCES 

SCHOOL OF POST GRADUATE STUDIES 

DEPARTMENT OF STATISTICS 

 

 

ANALYSIS OF LONGITUDINAL DATA FOR BODY WEIGHT AND 

SPUTUM CONVERSION OF PULMONARY TUBERCULOSIS 

PATIENTS: THE CASE OF DEBRE BERHAN REFERAL HOSPITAL, 

AMHARA REGION, ETHIOPIA  

 

 

BY: 

DEMSEW BELETEW           

   

A THESIS SUBMITTED TO DEPARTMENT OF STATISTICS IN THE 

PARTIAL FULFILLMENT OF THE REQUIREMENT FOR THE DEGREE 

OF MASTERS OF SCIENCE IN STATISTICS(BIOSTATISTICS) 

 

 

June,2019 

Debre Berhan, Ethiopia 



 

 

ANALYSIS OF LONGITUDINAL DATA FOR BODY WEIGHT AND 

SPUTUM CONVERSION OF PULMONARY TUBERCULOSIS 

PATIENTS: THE CASE OF DEBRE BERHAN REFERAL HOSPITAL, 

AMHARA REGION, ETHIOPIA  

 

 

 

 

MSc THEISIS  

 

 

 

BY:  

DEMSEW BELETEW 

 

 

Advisor: Dejen Tesfaw (PhD) 

Co-Advisor: Fekade Getabil (MSC) 

 

  

 June,2019    

Debre Berhan, Ethiopia 



 

 

DEBRE BERHAN UNIVERSITY 

COLLEGE OF NATURAL AND COMPUTATIONAL SCIENCES 

SCHOOL OF POST GRADUATE STUDIES 

DEPARTMENT OF STATISTICS 

This is to certify that the thesis entitled “Analysis of Longitudinal Data for Body Weight and 

Sputum Conversion of Pulmonary Tuberculosis Patients: The case of Debre Berhan Referal 

Hospital, Amhara Region, Ethiopia ” submitted to department of statistics in the partial fulfillment 

of the requirement for the degree of masters of science in statistics with Specialization of 

Biostatistics of the Graduate Program, Debre Berhan university and is a record of original research 

carried out by Mr. Demsew Beletew , under my supervision, and no part of the thesis has been 

submitted for any other degree or diploma.  

The assistance and help received during the course of this investigation have been duly 

acknowledged. Therefore, I recommend that it would be accepted as fulfilling the thesis 

requirements.  

                                                        .    

Major Advisor  

___________ 

Signature 

___________ 

Date 

                                                        . 

Co-Advisor  

___________ 

Signature 

___________ 

Date 

As the members of the board of examiners of M.Sc. Final thesis open defense examination, we 

certify that we have read and evaluated the thesis and examined the candidate. Hence, we 

recommend that the thesis has been accepted as it fulfills the requirements for the degree of Master 

of Science in Statistics (Biostatistics). 

                                                          .    

Name of Chairperson                          

___________ 

Signature 

___________   

Date 

                                                          . 

Name of  main Advisor                         

___________ 

Signature 

___________ 

Date 

                                                          . 

Name of Co-advisor                              

___________ 

Signature 

___________ 

Date 

                                                           .  

Name of External Examiner   

___________ 

Signature 

___________ 

Date 

                                                          . 

Name of Internal Examiner 

___________ 

Signature 

___________ 

Date 



 

 

ACKNOWLEDGMENTS 

First of all, I would like to thank ‘Almighty God’ who did not let me down throughout my life and 

for giving me the strength to start and go through with my studies. Next I am highly indebted to 

my advisor Dr. Dejen Tesfaw for his help, guidance, consultation and encouragement in the 

completion of this study. I am deeply grateful for his professional and dedicated supervision. I 

would like to extend my heart-felt thanks to my co-advisor Mr. Fekade Getabil for his follow up, 

guidance, valuable comments and suggestions to improve the content of this paper from the 

beginning to the end.  

From my heart, I would like to express my gratitude to Debre Berhan University for providing me 

the opportunity to learn biostatistics. Also I would like to extend my gratitude to Mr. Gebremedhin 

Desta, Head of Department of Statistics for his tireless Follow-up and smooth friendly approach 

during the completion of this study.  Likewise, I am indebted to many other staff members in the 

Department of Statistics at Debre Berhan University. They create such an inspirational and 

motivating me in which I feel honoured to have studied over the years. 

My special thanks also go to my friends Yishak Yiferu, Bereket Belachew and Tewededew Tariku 

for their golden aid and collaboration during this paper completion, God bless them.  

Needless to say, this thesis would not have been possible without unparalleled support and 

immense encouragement from my family. My beloved parents not only have made this work 

possible by financially sponsoring me with their hard-earned money, they also have constantly 

been there to offer me great strength to endure the ‘rollercoaster rides’ throughout the demanding 

research process.  

Finally, I wish to extend my gratitude to all my friends who encouraged me in various aspects 

while conducting this thesis. 

 

 

 

 

 

 



 

 

STATEMENT OF THE AUTHOR 

I declare that this thesis entitled as “Analysis of Longitudinal Data for Body Weight and Sputum 

Conversion of Tuberculosis Patients: for the case of Debre Berhan Referal Hospital, Amhara 

Region, Ethiopia” is my genuine work and that all sources of materials used in this thesis have 

been profoundly acknowledged. This thesis has been submitted to Debre Berhan University in the 

partial fulfillment of the requirements for the Degree of Masters of Science in Statistics 

(Biostatistics) and it is deposited in the University library to be made available for users under the 

rule of the library. I intensely declare that this thesis is not submitted to any other institution 

anywhere for the award of any academic degree, diploma or certificate. 

Brief quotations from this thesis are not allowable without special permission, provided that 

accurate acknowledgment of the source is made. Requests for permission for extended quotation 

from or reproduction of this manuscript in whole or in part may be granted by the head of the 

major department or the Dean of the School of Graduate Studies when in his judgment the 

proposed use of the material is in the interest of scholarship. In all other instances, however, 

permission must be obtained from the author and advisors of this thesis. 

 

 

 

 

 

Name: Demsew Beletew     Signature:  ___________. 

Place: Debre Berhan University, Debre Berhan 

Date of Submission: ___________. 



 

 

    i 

 

Contents 
LIST OF TABLE ......................................................................................................................................... iv 

LIST OF FIGURES ...................................................................................................................................... v 

LIST OF ABBREVIATIONS ..................................................................................................................... vi 

ABSTRACT ................................................................................................................................................. vii 

CHAPTER ONE ........................................................................................................................................... 1 

1. INTRODUCTION ........................................................................................................................ 1 

1.1 Background of Tuberculosis ......................................................................................................... 1 

1.2 Statement of Problem .................................................................................................................... 3 

1.3 Objective of the Study .................................................................................................................. 3 

1.3.1 General Objective ......................................................................................................................... 3 

1.3.2 Specific Objectives ....................................................................................................................... 3 

1.4 Significance of the Study .............................................................................................................. 3 

CHAPTER TWO .......................................................................................................................................... 5 

2 LITERATURE REVIEW ............................................................................................................. 5 

2.1 Overview of Tuberculosis ............................................................................................................. 5 

2.2 Clinical Presentation of Tuberculosis ........................................................................................... 5 

2.2.1 Pulmonary Tuberculosis: .............................................................................................................. 5 

2.3 Global burden of tuberculosis ....................................................................................................... 6 

2.4 National burden of tuberculosis .................................................................................................... 6 

2.5 Transmission of tuberculosis ........................................................................................................ 7 

2.6 Symptoms of TB ........................................................................................................................... 7 

2.7 Diagnosis ...................................................................................................................................... 7 

2.8 Review of Related Studies ............................................................................................................ 8 

CHAPTER THREE .................................................................................................................................... 10 

3 DATA AND METHODOLOGY ................................................................................................ 10 

3.1 Study Area .................................................................................................................................. 10 

3.2 Data Source ................................................................................................................................. 10 

3.2.1 Study Variable ............................................................................................................................ 10 

3.3 Study Population ......................................................................................................................... 11 



 

 

    ii 

 

3.3.1 Sample size determination .......................................................................................................... 11 

3.4 Ethical Considerations ................................................................................................................ 12 

3.5 Methods of Data Analysis ........................................................................................................... 12 

3.5.1 introduction ................................................................................................................................. 12 

3.5.2 Exploratory Data Analysis .......................................................................................................... 12 

3.5.3 Variance Covariance Structures .................................................................................................. 13 

3.5.4 Linear Mixed Model ................................................................................................................... 15 

3.5.5 Generalized Linear Mixed Models (GLMM) ............................................................................. 16 

3.6 Missing Data Analysis in Longitudinal Studies .......................................................................... 17 

3.6.1 Missing Data Mechanism ........................................................................................................... 17 

3.6.2 Missing data patterns .................................................................................................................. 18 

3.6.3 Methods for handling missing data ............................................................................................. 18 

3.7 Method of Parameter Estimation ................................................................................................ 19 

3.8 Model Comparison Techniques .................................................................................................. 19 

3.9 Model Diagnostics ...................................................................................................................... 20 

CHAPTER FOUR ...................................................................................................................................... 21 

4 STATISTICAL DATA ANALYSIS .......................................................................................... 21 

4.1 Introduction ................................................................................................................................. 21 

4.2 Descriptive Statistics ................................................................................................................... 21 

4.3 Missing data treatment ................................................................................................................ 23 

4.4 Distribution of Patient’s Body Weight ....................................................................................... 24 

4.5 Exploratory Data Analysis .......................................................................................................... 26 

4.5.1 Individual Profile Plots ............................................................................................................... 26 

4.5.2 Exploring Mean Profile .............................................................................................................. 27 

4.5.3 Exploring the correlation structure ............................................................................................. 28 

4.6 Model Building ........................................................................................................................... 29 

4.6.1 Model Selection .......................................................................................................................... 29 

4.6.2 Covariance Structure Selection ................................................................................................... 30 

4.6.3 Random Effect Term Selection ................................................................................................... 30 

4.6.4 Variable Selection ....................................................................................................................... 31 

4.6.5 Separate Analysis of Patients’ Body Weight .............................................................................. 31 



 

 

    iii 

 

4.6.6 Linear Mixed Models .................................................................................................................. 31 

4.6.7 Separate Longitudinal Analysis of Patients’ Sputum Conversion .............................................. 35 

4.7 Missing Data ............................................................................................................................... 37 

4.8 Model Diagnostics ...................................................................................................................... 38 

CHAPTER FIVE ........................................................................................................................................ 41 

5 DISCUSSIONS, CONCLUSIONS AND RECOMMENDATIONS .......................................... 41 

5.1 Discussions ................................................................................................................................. 41 

5.2 Conclusions ................................................................................................................................. 43 

5.3 Recommendations ....................................................................................................................... 44 

REFERENCES ........................................................................................................................................... 45 

APPENDIXES ............................................................................................................................................ 49 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

    iv 

 

LIST OF TABLE 

TABLE 4.  1: FACTORS ASSOCIATED WITH SPUTUM STATUS IN PATIENTS AT EACH VISIT. ............................................. 22 
TABLE 4.  2: DESCRIPTIVE STATISTICS OF BODYWEIGHT AT EACH VISIT POINT. ........................................................... 23 
TABLE 4.  3: DESCRIPTIVE STATISTICS OF CONTINUOUS COVARIATES AT BASELINE ................................................... 23 
TABLE 4.  4: MISSING DATA PATTERN .......................................................................................................................... 24 
TABLE 4.  5: IMPUTED MISSING DATA VALUES ........................................................................................................... 24 
TABLE 4.  6: TESTS OF NORMALITY FOR BODY WEIGHT ............................................................................................... 25 
TABLE 4.  7: SELECTION OF COVARIANCE STRUCTURE ................................................................................................. 30 
TABLE 4.  8: LMM WITH RANDOM EFFECT OF INTERCEPT, SLOPE AND BOTH INTERCEPT AND SLOPE ........................... 31 
TABLE 4.  9: COVARIANCE PARAMETER ESTIMATES .................................................................................................... 32 
TABLE 4.  10: PARAMETER ESTIMATES FOR RANDOM SLOPE AND INTERCEPT EFFECT MODEL UNDER LMM. ............. 33 
TABLE 4.  11: TYPE 3 TESTS FOR RANDOM SLOPE AND INTERCEPT MODEL ................................................................ 34 
TABLE 4.  12: PARAMETER ESTIMATES OF GLMM MODEL .......................................................................................... 35 
TABLE 4.  13: COMPARISON OF IMPUTED DATA RESULTS FROM ACTUAL DATA AND COMPLETE CASE DATA ................ 37 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

    v 

 

LIST OF FIGURES 

FIGURE 4.  1: NORMALITY CHECKING  PLOT OF BODY WEIGHT ..................................................................................... 25 

FIGURE 4.  2: INDIVIDUAL PROFILE PLOT WITH AVERAGE TREND FOR BODY WEIGHT .................................................. 26 
FIGURE 4.  3: MEAN PROFILE PLOT OF BODY WEIGHT FOR (A) SEX, (B) TREATMENT OUTCOME, (C) DOSE OF ANTI TB 

DRUGS AND (D) RESIDENCE OF PATIENTS. .......................................................................................................... 27 
FIGURE 4.  5: SCATTER PLOT OF CORRELATION MATRIX .............................................................................................. 29 
FIGURE 4.  6: FITTED NORMAL DISTRIBUTION FOR STUDENT (STUDENTIZED RESIDUAL WITHOUT CURRENT OBS) ..... 39 
FIGURE 4.  7: RESIDUALS PLOT FOR BODY WEIGHT ...................................................................................................... 40 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

    vi 

 

        LIST OF ABBREVIATIONS  

AFB  

BIC 

DBRH 

DF 

DEN 

DOTS  

EMOH  

EDA 

EM 

ENPBT 

TB 

HIV 

MDR 

GEE 

GLMM 

LMM 

MRM 

NTCP 

NDF 

Acid Fast Bacilli 

Bayesian information criteria  

Debre Berhan referral hospital 

Degree of Freedom 

Denominator Degree of Freedom 

Direct Observed Treatment Short course  

Ethiopia Ministry of health 

Exploratory Data Analysis 

Expectation Maximization 

First Ethiopian National Population Based Tuberculosis 

Tuberculosis 

Human immunodeficiency virus 

Multi-drug resistant 

Generalized Estimating Equation 

Generalized Linear Mixed Model 

Linear Mixed Model 

Mixed effect regression model 

National Tuberculosis Control Programme 

Numerator Degree of Freedom 

AIC  Akakies information criteria  

FCS  Fully conditional specification 

MAR  Missing at Random  

MCAR   Missing Completely at Random 

MI  Multiple Imputation 

ML  Maximum Likelihood  

NMAR Missing Not at Random 

REML 

SC 

WGEE 

WHO   

Restricted maximum likelihood  

Sputum Conversion 

Weighted Generalized Estimating Equation 

World Health Organization 

 



 

 

    vii 

 

ABSTRACT 

Tuberculosis is an airborne communicable disease caused by bacteria from mycobacterium 

tuberculosis complex; almost every organ in the body can be affected, but involvement of the lungs 

account for more than 80% of TB cases. The sputum conversion rate is the percentage of smear-

positive pulmonary TB cases registered in a specified period that converted to smear negative 

status after the standard intensive phase of treatment.  

The main objective of this study was to identify factors related with evolution of body weight and 

sputum smear conversion in Debre Berhan referral hospital, Amhara region, Ethiopia.  

In this study, we conducted a retrospective follow-up study on 314 PTB patients enrolled from 

January 2015 to December 2018 at DBRH. The LMM and GLMM were used to analyze body 

weight and sputum conversion of PTB patients respectively. Due to the existing of missing values 

in the dataset, we conducted a multiple imputation mothed to minimize a potential Problems that 

occurs with missing data and attrition. 

The results of LMM showed that the predictors such as age, height, sex, smoking status, BMI, dose 

of anti TB drugs, HIV status and treatment outcomes were found to be significantly related with 

change in body weight of patients. The GLMM result also indicated that predictors variables such 

as sex, height, age, dose of anti-TB drug, baseline body weight, HIV status, smoking status and 

treatment outcomes were found to be statistically related with conversion of sputum status of 

patients with PTB.  

Keywords: Tuberculosis, Missing data Analysis, Longitudinal Data Analysis 

 

 



 

 

 Department of Statistics                                                                                            MSc Thesis                 

                                                              1 

CHAPTER ONE 

1. INTRODUCTION 

1.1 Background of Tuberculosis 

Tuberculosis is a chronic infectious disease caused by Bacillus Mycobacterium tuberculosis. The 

disease mainly affects the lung (pulmonary tuberculosis). However, it can also affect other parts 

of human body (extra pulmonary tuberculosis) (FMOH, 2010). The most important source of 

infection is an untreated Pulmonary Tuberculosis (PTB) patient. When such a person coughs, spits 

or sneezes, tiny droplet nuclei containing the tubercles are released. Transmission is through 

inhaling these droplet nuclei (FMOH, 2010). The sputum conversion rate (SCR) is the percentage 

of smear-positive pulmonary TB (PTB+) cases registered in a specified period that converted to 

smear negative status after the standard intensive phase of treatment. 

TB has been recognized as one of a major public health problem worldwide by the World Health 

Organization (WHO) and it ranks second in being the leading cause of death from an infectious 

disease following human immunodeficiency virus and malaria. Under resourced areas, 

prevalence’s were high particularly in south East Asian and western pacific regions with 

proportion of 58% share from total global estimate of new TB cases; and Africa continent were 

home for 28% of the global new TB cases, including the most sever Burdon of TB with 281 cases 

for every 1000,000 people, which is more than double the global average of 133 cases per 100,000 

populations (WHO, 2015).  

Ethiopia is one of the 22 countries with a high burden of TB, which account for 80% of all global 

TB burden (WHO, 2016). It is estimated that Ethiopia had 191,000 new TB cases in 2015. This 

number ranks Ethiopia 10th globally and 4th in Africa, after Nigeria, South Africa and the 

Democratic Republic of Congo. Although there are significant achievements in the reduction of 

TB mortality from 94 to 33 per 100,000 populations in the period from 2004 to 2014, TB still 

causes more than 3,000 fatalities per annum and more than 80 TB associated deaths every day 

(WHO, 2016). After Ethiopian national prevalence survey has been conducted in 2010/2011 the 

estimated prevalence of bacteriologically confirmed TB was 277 per 100,000 (ENPBT, 2011). 

These study provided us with a unique opportunity on the level of community, to look at different 

factors which are important in tuberculosis control. Patients with (TB) often suffer from severe 

weight loss, a symptom that is considered immuno-suppressive and a major determinant of 

severity and disease outcome.  Moreover, Ethiopia also one of the 27 countries with a high burden 
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of multidrug resistant tuberculosis (MDRTB). Based on a recent metaanalysis report, the pooled 

estimate of MDRTB among new and previously treated cases was 2% (1 to 2%) and 15% (12 to 

17%), respectively (Eshetie et al., 2017).  

Debre Berhan is one of the Ethiopian town that have being affected by the problem of tuberculosis. 

Recently, People in Debre Berhan town seems to be less exposed for pulmonary tuberculosis 

infection since, number of TB patients had seen decreased from time to time in the hospital. In a 

study conducted in Debre Berhan referal Hospital, from the total of 506 registered tuberculosis 

patients included in the study, 480 (94.9%) had successful treatment outcome (favorable treatment 

outcome). Out of these, 172 (34%) and 308 (60.9%) patients were cured and treatment completed, 

respectively.  Similarly, 10 (2%), 2 (0.4%), 9 (1.8%) and 4 (0.8%) were transferred out, defaulted, 

dead and treatment failed, respectively (Asfaw et al, 2018). These study indicated that the hospital 

was supported the WHO target in 2015.  

People with low socioeconomic status tend to live in crowded conditions that are conducive for 

increasing transmission of the tubercle bacilli. Thus, it brings a result of a higher incidence of 

tuberculosis among such people (Park et al, 2016).  Patients with positive pulmonary TB are the 

most vital segment of population with regard to controlling the spread of TB. Sputum conversion 

of patients can be affected by age of the patient, total number of administered antiTB drugs, and 

nutritional status (Park et al, 2016). Both underweight and overweight are pathologically linked to 

sputum conversion (Kamal et al, 2015). 

In many medical cases more than one clinical outcomes are measured longitudinally at the same 

time on the same subject where these measured clinical outcomes are correlated. In such cases the 

univariate longitudinal analysis does not take into account correlation between observations on 

different response variables at each time points. Besides this knowing how the evolution of one is 

interrelated to the evolution of the other, as well as how the association changes or evolves 

overtime is difficult from univariate longitudinal analysis (Kamal et al, 2015). The longitudinal 

model can be easily extended to include multiple response variables by further stacking the data. 

Often, the multiple outcome variables are mixed in type. This study can be considered two 

longitudinally associated biomarkers of body weight and sputum status of PTB patients to fit a 

separate and joint models to see their evolution over time and to describe their association over 

time. 
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1.2 Statement of Problem 

Tuberculosis (TB) is a major public health problem throughout the world. Almost 1.3 million cases 

and 450,000 deaths occur in each year. The burden of TB in Ethiopia is one of the highest in the 

world. In Ethiopia, TB declared as a national disaster and the leading cause of morbidity, it is the 

third cause of hospital admission, and the second cause of death. Ethiopia is currently ranked 10th 

among the high TB burden of countries in the world and 4th in Africa (WHO, 2015). Patients with 

PTB often suffer from severe weight loss, a symptom that is considered immuno-suppressive and 

a major determinant of severity and loss of appetite.  

In line with the above problem, researchers had conducted a study on the prevalence of Pulmonary 

Tuberculosis patients. However, this study was designed to identify factors related with body 

weight and sputum conversion of PTB patients by carried out a separate model for body weight 

and sputum conversion of patients. Therefore, this study was tried to improves the shortcomings 

of cross-sectional study by taking repeated measurement of TB patients data to see the evolution 

of body weight and sputum conversion of PTB patients over time.  

1.3 Objective of the Study 

1.3.1 General Objective 

The main objective of this study was to identify factors related with body weight and sputum 

conversion at Debre Berhan referral hospital by using separate and joint models.   

1.3.2 Specific Objectives 

i To describe the socio-economic, demographic and clinical related factors with 

body weight and sputum status at DBRH. 

ii To fit a separate model for body weight and sputum status of PTB patients at 

DBRH.  

1.4 Significance of the Study  

Tuberculosis poses a global threat to public health, therefore the findings from the study helps the 

concerned body to plan and strategize the prevention programme and monitoring system of TB 

patients. Specifically, this study can support in: 

 Findings of this study serves as a supplementary input for policy makers and planners who 

concern in the mitigation or treatment of tuberculosis disease.  
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 The study contributes by filling the information gap concerning determinant of pulmonary 

Tuberculosis in Debre Berhan town. 

 Finally, the result will be added to the existing body of knowledge in this area of study and 

provide information for future researchers.  

Definitions  

Types of Patients:    

New: A patient who has never been treated for Tuberculosis or who has taken anti tuberculosis 

drugs for less than four weeks.  

Relapse (R): Tuberculosis patients who previously received treatment and were declared cured 

or completed a full course of treatment and have once again developed sputum smear positive 

Tuberculosis.  

Treatment Failure (F): A smear-positive patient who while on treatment remains or becomes 

smear positive again five months or later after commencement of treatment.  

Return after Default (RAD): A Tuberculosis patient who completed at least four weeks of cat I 

treatment and return smear-positive after 8 weeks of interruption of treatment.  

Transfer in (TI): A TB patient already registered for treatment in one LGA/State who is 

transferred to another LGA/State where he/she continues treatment.  
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CHAPTER TWO 

2 LITERATURE REVIEW 

2.1 Overview of Tuberculosis  

Tuberculosis (TB) is a chronic infectious disease caused by bacteria generally referred to as 

mycobacterium tuberculosis; almost every organ in the body can be affected, but involvement of 

the lungs account for more than 80% of TB cases (WHO,2010). The bacterium can be present in 

the body either as a latent infection or active TB. People infected with HIV have a high risk of 

developing tuberculosis and this usually occur when the CD4+ cell count drops to 300 – 400 cells 

/μL (Raviglione & O’Brien, 2004). TB affecting the lungs is called Pulmonary Tuberculosis 

(PTB), while those affecting other organs are called Extra Pulmonary Tuberculosis (EPTB) 

(Federal Ministry of Health, 2010). The most important source of infection is an untreated 

Pulmonary Tuberculosis (PTB) patient. When such a person coughs, spits or sneezes, tiny droplet 

nuclei containing the tubercles are released (FMOM, 2010).  

2.2 Clinical Presentation of Tuberculosis 

The clinical presentation of Tuberculosis is most commonly the result of involvement of the 

lungs (more than 80% of cases); however, organ specific presentations may be seen upon 

involvement of extra pulmonary organs, most commonly lymph nodes, pleura, spine, joints, 

genito-urinary tract, nervous system or abdomen (WHO, 2010). 

2.2.1 Pulmonary Tuberculosis:  

A persistent and progressive cough, often accompanied by nonspecific systemic symptoms such 

as fever, night sweats or loss of weight, is the commonest presentation of pulmonary tuberculosis. 

However, cough might not be the predominant presentation for certain population group, 

particularly in people living with HIV, young children, and severely malnourished. Hence, high 

index of suspicion is required to diagnose TB (Federal Ministry of Health, 2010). A history of 

household/close contact with a person with infectious TB, and presence of documented recent 

weight loss may indicate the presence of TB in such patients to warrant investigation. Some 

patients may present with chest pains (due to pleurisy, muscle strain), breathlessness (due to 

extensive lung disease or concomitant pleural effusion), localized wheeze due to local Tuberculous 

bronchitis, or because of external pressure on the bronchus by an enlarged lymph node (FMOH, 

2008). 
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2.3 Global burden of tuberculosis  

TB is a major public health problem throughout the world. According to the WHO Global Report 

2015, one-third of the world’s population is estimated to be infected with tubercle bacilli and hence 

at risk of developing active disease. Globally, in 2005, the annual incidence of TB, expressed as 

the number of new TB cases, was about 8.8 million people (7.4 million of these in Asia and sub-

Saharan Africa), and the annual number of deaths due to TB was 1.6 million, including 195,000 

patients infected with HIV. In developing countries, TB comprises 25% of all avoidable adult 

deaths. It is estimated that nearly one million (11%) of the total TB cases are children less than 15 

years of age.   

The 22 High Burden Countries account for approximately 80% of the estimated number of new 

TB cases (all forms) arising worldwide each year. These countries are the focus of intensified 

efforts in DOTS expansion. The HBCs are not necessarily those with the highest incidence rates 

per capita; many of the latter are medium-sized African countries with high rates of TB/HIV 

coinfection (WHO, 2010).  

Recent evidences tend to demonstrate that TB prevalence and TB death rates are globally 

decreasing after having reached a peak. Since 2005, the TB incidence rate is in decline in all six 

WHO regions. However, the TB case-load continues to grow in Africa, and Eastern Europe 

(WHO, 2016).   

2.4 National burden of tuberculosis  

Tuberculosis has been recognized as major public health problems in Ethiopia more than half a 

century ago. The effort to control tuberculosis began in the early 1960s with the establishment of 

TB centres and sanatoriums in three major urban areas in the country.  In 1976, in order to address 

effectively the TB challenge, the Central Office of the National Tuberculosis Control Programme 

(NTCP) was established (EMOH, 2011).   

According to the 2007 WHO estimates, the incidence of TB of all forms and smear positive TB 

stand at 341 and 152 per 100,000 populations, respectively. The prevalence and mortality of 

Tuberculosis of all forms is estimated to be 546 and 73 per 100,000 populations respectively. In 

the year 2006/7 Ethiopia registered 129,743 cases of TB.  According to latest estimates, Ethiopia 

stands 7th in the list of High Burden Countries for TB.  

According to the country’s hospital statistics data, tuberculosis is the leading cause of morbidity, 

the third cause of hospital admission (after deliveries and malaria), and the second cause of death 

in Ethiopia, after malaria.  Another challenge to TB control in Ethiopia is the emergence of multi-
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drug resistant TB (MDR-TB). The data from DST survey conducted in the country between 2003 

and 2006 shows that levels of MDR-TB are:  1,6% and 11,8% in new cases and retreatment cases 

of TB patients, respectively.  

2.5 Transmission of tuberculosis 

Tuberculosis is mainly transmitted to a susceptible person by inhalation of infected droplet nuclei 

containing Tuberculosis (very small and light drops), which are discharged in the air when 

somebody with untreated sputum positive pulmonary TB coughs, sneezes, shout or sing, then 

Tuberculosis can be transmitted. Persons living in the same household, or who otherwise are in 

frequent and close contact with an infectious patient have the greatest risk of being exposed to the 

bacilli. In addition, consumption of raw milk containing Mycobacterium bovis is a possible way 

of getting infected by TB, though it is much less frequent (FMOH, 2010).   

2.6 Symptoms of TB 

A person ill with TB presents different symptoms depending on the site of the body affected. 

Experience a prolonged cough lasting more than 2 weeks, sputum production, weight loss and 

night sweats are more specific symptoms of pulmonary TB. However, blood in sputum 

(haemoptysis) is the most characteristic sign. Other constitutional sign and symptoms include 

chest pains, anorexia, fatigue and moderate fever. The other signs and symptoms will be dependent 

on the organ affected especially in extra pulmonary tuberculosis (FMOH, 2008). 

2.7 Diagnosis 

A complete clinical assessment that includes a medical history, physical examination, a chest X-

ray and laboratory tests is used to diagnose tuberculosis. Sputum smear microscopy continues to 

be the “gold standard” for the diagnosis of TB though it has low sensitivity. A positive Tuberculin 

Skin Test is of limited value to diagnose TB in high prevalence areas as it does not determine 

whether the TB is latent or active (WHO, 2015).  

The TB skin test contains tuberculin purified protein derivative, which when injected under the 

skin elicits a delayed immune response in TB infected patients. This can be detected by the 

appearance of a circular swelling around the point of injection, and the result of the test can be 

interpreted within 48 to 72 hours. The size of the swelling determines whether the person is 

positive or negative. A negative result indicates that the person did not have the bacteria; however, 

a positive result indicates that the person has been exposed to the bacteria but does not necessarily 

have active TB disease (Centers for Disease Control and Prevention, 2016). 
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Multivariate response variables are widely recorded longitudinally in many medical areas. 

Longitudinal joint models assess the effect of covariates on two or more correlated responses while 

it considers the association between the various response variables as well. Generalized linear 

mixed-effects models (GLMM) are probably the most widely used methods for analyzing 

longitudinal data. These models are composed of generalized linear models (GLM) and mixed 

effect regression models (MRM). A variety of responses (such as continuous, binary, count and 

etc.) can be analyzed using the GLM model. The variation caused by repeated measurements is 

taken into account by the MRM component (Hedeker and Gibbons, 2006). 

The selection of joint modelling approach depends on the nature of the outcomes. The most 

common responses in many medical studies are continuous and binary. To model such responses, 

there are two main approaches. The first one, is based on the product of marginal model for one 

of the response variables and a conditional model for the other outcome (Cox and Wermuth, 1994). 

The second approach builds a joint model for the two response variables directly (Fitzmaurice et 

al., 2008).  

A widespread survey of longitudinal joint modelling of continuous and discrete outcomes such as 

bivariate GLMMs was proposed (Molenberghs and Verbeke, 2006). The random effects in 

GLMMs usually follow normal distributions with a zero mean. In joint modelling of longitudinal 

responses, the random effects of several sub-models follow a multivariate normal distribution with 

a variance-covariance matrix which accounts for the between-response associations.  

2.8 Review of Related Studies  

In the determinant of TB patient body weight, different researchers have been studied with 

different statistical methods to know the prevalence of tuberculosis and treatment outcomes. 

However, most studies were conducted with a retrospective cross-sectional study. Patients who 

lose body weight in the first two months of treatment are less likely to achieve successful treatment 

outcome (Rieder et al., 2013). Patients with delayed sputum conversion during the intensive phases 

of TB treatment are associated with treatment failure. Patients with higher proportion of bacillary 

load at initial TB treatment are not able to convert sputum compared with patients with lower 

proportion of bacillary load at initial treatment (Djouma et al., 2015). 

Asfaw et al., (2018) conducted a study on Trends and Treatment Outcomes of Tuberculosis in 

Debre Berhan Referral Hospital. By using logistic regression, it was found that 480 (94.9%) had 

successful treatment outcome (favorable treatment outcome). Out of these, 172 (34%) and 308 

(60.9%) patients were cured and treatment completed, respectively.  Similarly, 10 (2%), 2 (0.4%), 
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9 (1.8%) and 4 (0.8%) were transferred out, defaulted, dead and treatment failed, respectively. 

Pulmonary tuberculosis is eminently treatable, and the epidemic can be controlled despite the very 

high morbidity rates and significant mortality.  A good National Tuberculosis Control Programme 

(NTCP) should focus primarily on the early identification of cases and immediate and unfailing 

treatment with appropriate drugs (WHO, 2016).  

According to the recent study conducted on Time to sputum smear and culture conversions of TB 

patients, 85.5% (201/235) of patients converted their cultures in a median of 72 days and 61.7% 

of patients achieved sputum conversion within three months (Shibabaw, 2018). Still, this study 

also done by a univariate logistic regression analyses on culture conversions of TB patients. 

According to the literature utilized in the course of this study, no study had been conducted on the 

evolution of body weight and sputum conversion in TB Referral Hospital.  

Krapp F.et al, (2008) studied treatment outcomes among pulmonary tuberculosis patients at 

treatment centers in Ibadan, Nigeria. A longitudinal study design involving a cohort of sputum 

smear – positive pulmonary tuberculosis patient at initiation of therapy who were followed up to 

the end treatment at eight months.  A total of 1,254 patients were followed up with a mean age of 

35.0 + 3.3years. The percentages of patients with treatment outcomes assessed in the study were 

as follows; cure (76.6%), failure (8.1%), default (6.6%), transferred out (4.8%) and death (1.9%). 

The cure rate varied significantly between treatment centers from 40 to 94.4% (p<0.05). 

In a similar study carried out by Putri et al (2014)) on evaluation of treatment outcome in 

tuberculosis Directly Observed Treatment Short Course facilities. The methodology involves a 

cross sectional retrospective review of 980 TB patients treated in 6 out of 21 randomly selected 

Local Government Areas. Out of 980 TB patients evaluated, there are 563(57.4%) males, and 

417(42.6) females. Of the total 980 patients, 942(96.1%) were pulmonary tuberculosis cases, 

845(86.2%) were CAT 1 cases, 686(70%) are sputum smear positive while 686(70%) live in urban 

areas. TB treatment outcomes were cured 44.8%, treatment completed 37.9%, defaulted 8.8%, 

died 5.4%, failure 1.5%, transfer out 1.6% with treatment success rate of 82.7%. Of 481 patients 

that were screen for HIV, 133(27.7%) was HIV positive. 
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CHAPTER THREE 

3 DATA AND METHODOLOGY 

3.1 Study Area   

The study was conducted at Debre Berhan Referral Hospital on Pulmonary Tuberculosis patients, 

which is found in North Showa Zone of Amhara region. The town is located in Northern part of 

Ethiopia and it is almost 690 kilometers away from Bahir Dar, the Capital City of Amhara National 

Regional State and 120 kilometers far from Addis Ababa, the Capital City of Ethiopia on the paved 

highway to Dessie. The town has a latitude and longitude of 9°41’N 39° 32’E and an elevation of 

2,840 meters. The town has nine kebeles with approximately a total population of 94,829. There 

are 22 health institutions, two hospitals, three health centers and 17 private clinics. The hospitals 

give Voluntary Counseling and Testing services in a clinic to both physician and self-referred 

patients. 

3.2 Data Source 

Data for this study was extracted from TB patients register card using case report forms. The study 

was a retrospective cohort study that carried out on TB patients who had been treated from January 

2015 to December 2018 at Debre Berhan Referral Hospital, Amhara region.  

3.2.1 Study Variable 

The outcome variable considered for this study were body weight and sputum conversion. Body 

weight was measured in kilogram during the initiation of TB treatment as a baseline and repeatedly 

measured at the end of the second, fifth and sixth months. Sputum status also examined with a 

microscopy at the same time at baseline month, end of the second month, fifth and sixth months 

of treatment. The predictors variables included in this study are given in Table 3.1.  

    Table 3. 1: Description of the study variables and codes in the analysis 

Variables Description Values/codes 

Sex Sex of the patient 0=Male and 1=Female 

Age Age of the patient Years 

Residence Place of Residence  0=Rural, 1=urban 

Marst Marital Status of the patient 0=married, 1=Single, 2=divorced, 3=widowed   

Religion Religion of patient 0=Muslim, 1=orthodox, 2=protestant 

Time Time in month Time in month 

Weight Weight of patient Kilograms 

Height Height of patient Meters 

BMI Body Mass Index 0 = underweight, 1 =  normal, 
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2      =  overweight  

Dose Dose of anti-TB drug 0=Two tablet, 1=three tablet, 2=four tablet 

Sputum sputum Status 0=smear-positive,1=smear-negative 

Smok.Stat 

Treatment 

Smoking Status 

Treatment outcome 

0=smoker, 1=non smoker 

0= died,1=cured, 2= transferred out, 3= failure  

HIV HIV status 0=positive, 1=negative 

3.3 Study Population  

Patients with pulmonary tuberculosis who were enrolled in direct observation of TB treatment 

from January 2015 to December 2018 in Debre Berhan Referral Hospital were included in the 

study.  

Inclusion Criteria: Patients who discontinuous a specific visit was included in the study. 

Additionally, dropout and intermittent missing values were included in the study. Missing values 

were treated. 

Exclusion Criteria: This study was excluded patients who have less than two visits, means the 

study included only patients that attends at least two times in the follow up period. 

3.3.1 Sample size determination 

Sample size determination is very important to make inference for the overall study population. In 

this study we used a longitudinal sample size determination technique to achieve statistically 

significant results. As with cross-sectional studies, investigators conducting longitudinal studies 

need to know in advance the number of subjects approximately required to achieve a specified 

statistical power. In any study, investigators must provide the following quantities to determine 

the required sample sizes.  Such as Type I error rate, smallest meaningful difference, measurement 

variation in response, and power of test. Additionally, in longitudinal studies, number of repeated 

observations per subject and correlation among the repeated observations are required.  

We consider in deciding which treatment regimen to begin for first-line treatment in ART, thus, 

two commonly used medications are RH and RHZE. We assume that in RH and RHZE groups, 

change in bodyweight depends on the same exploratory variables but with different coefficients 

and both groups have the same number of subjects where each subject has m repeated 

measurements. 

Let d be the meaningful difference between the average response, for two groups and also 

assuming the 𝑉𝑎𝑟(𝑒𝑖𝑗)= 𝜎2 and corr (𝑦𝑖𝑗 , 𝑦𝑖𝑘)=𝜌 for all j≠k. then the number of subjects needed 

per group is, 
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𝑛 = 2(𝑍𝛼/2 + 𝑍1−𝛽)2𝜎2{1 + (𝑚 − 1)𝜌}/𝑚𝑑2 

=2(𝑍𝛼

2
+ 𝑍1−𝛽)2{1 + (𝑚 − 1)𝜌}/(𝑚Δ2) 

where, Δ = d/σ  is the smallest meaning full difference in standard deviation units and m is 

number of occasions in each subject repeatedly measured. Thus, the total number of subjects can 

be obtained 314 by taking α=0.05, power=0.8, 𝜌 = 0.2 𝑎𝑛𝑑 ∆=0.2, from previous study (Diggle 

et al., 2002).  

3.4  Ethical Considerations 

Permission to undertaken this study was obtained from College of Natural Science through Ethical 

Review Board and official letter of co-operation was written by the department of statistics to 

Debre Berhan Referral Hospital. 

3.5 Methods of Data Analysis 

3.5.1 introduction 

The describing feature of a longitudinal data model is its ability to study changes over time within 

subjects and changes over time between groups (James and Ware, 1982). In longitudinal data 

analysis observations of individual over time are correlated of each other. The correlated data in a 

longitudinal data can arise from situations when multiple measurements are taken on the same 

subject at different points in time and; from clustering, where measurements are taken on subjects 

that share a common category or characteristic that leads to correlation.  

Longitudinal data can be either continuous or discrete binary (Salkind and Rasmussen, 2008). This 

study, focused on both cases of binary and continuous repeated measurements. There are many 

well‐known methods to analyze longitudinal measured data (Guo and Carlin, 2004). Linear Mixed 

Effects (LME) models based on maximum and restricted maximum likelihood approach (Laird 

and Ware, 2002); Marginal and transitional models based on Generalized Estimating Equations 

(GEE) approach (Liang and Zeger, 1986) and generalized linear mixed models (GLMM) are the 

most commonly used methods for analyzing longitudinal data.  

3.5.2 Exploratory Data Analysis 

Before any model building process, data exploration is a very important. It is a method of 

visualizing the features of data before model building process to get insight about the appropriate 

model. Since exploratory data analysis can help to realize the information regarding the raw data 

by exploring individual profiles, the average evolution, the variance function and the correlation 
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structure. Once we have carefully examine the data nature, we can perform a formal model fitting 

to verify the information obtained from the data exploration. Under the exploratory data analysis, 

we had seen the following aspects: individual profile plot, mean profile, variance function, and 

the correlation structure. 

I. Exploring the individual profile: It helps to show the visible pattern whether there is a 

linearity or non-linearity and to decide which random effects to be included in the final 

model and what the covariance structure of this random effects should have. 

II. Exploring the Mean Structure: The major purpose of exploring the mean structure is to 

choose the fixed effects for the model. To explore the overall mean, we plot the response 

variable against time including individual and overall mean profiles. In line with the overall 

mean, the possible differences between the groups were studied by plotting the mean of 

each group separately with the same figure. 

III. Exploring the Variance structure: To explore the variance structure of the data three 

plots were used. The first one shows the average evolution of the variance as a function of 

time and the second produces the individual profile plots of the data which shows whether 

there is a considerable within and between subject variability. The third is the interaction 

plot which is used to plot the variance functions separated for different groups (sex: male, 

female etc.) as a function of time. 

IV.  Exploring the Correlation Structure: It helps to describe how measurements within an 

individual correlate. Pair-wise scatter plots matrix and pair-wise correlation matrix were 

used for exploring the correlation structure.  

3.5.3 Variance Covariance Structures 

Measurements made on the same subject are likely to be more similar than measurements made 

on different individuals. For an analysis to be valid, the co-variances among repeated measures 

must be modeled properly. Some of these are Independent, compound symmetry (CS), Toeplitz 

(TOEP), unstructured (UN), and autoregressive (1) (AR (1))  

1. Compound Symmetry: A compound symmetry covariance model assumes that all the 

correlations between all pairs of measures are the same. That is, the observations of the same 

subject have homogeneous variance and homogeneous covariance. This variance covariance 

matrix might not be appropriate in situations where measurements close together have higher 
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correlation than measurements that are far apart in time. With four repeated measures, the CS 

will have the following shape: 

CS = 𝜎2 [

1    ⍴     ⍴     ⍴
⍴    1     ⍴     ⍴
⍴    ⍴     1     ⍴
⍴    ⍴     ⍴     1

] 

where 𝜎2  is the residual variance and ρ is the correlation between observations on the same         

subject.  

2. Autoregressive AR (1): An AR (1) (autoregressive order 1) covariance model assumes that 

all variances on the diagonal are equal and that covariance t time periods apart are equal to 

 𝜎2𝜌2 . Since 𝜌  is less than 1 in absolute value, the greater the power, the smaller the 

magnitude. Therefore; the farther apart measurements have lower correlation. 

AR (1) = 𝜎2

[
 
 
 
 
1   ρ    ρ2   ρ3

ρ   1   ρ    ρ2

ρ2   ρ   1    ρ

ρ3   ρ2   ρ    1]
 
 
 
 

 

where 𝜎2  is the residual variance and ρ is the correlation between observations on the same 

subject. 

3. Toeplitz(TOEP): Similar to AR (1) in that all correlations at the same distance have the same 

correlation, but no assumption of exponential decay. The AR (1) model can be estimated with 

a single parameter; the Toeplitz model has as many parameters as there are distances. If there 

were 3 measures, then there would be two distances:-one unit distant, two units distant and 

hence two parameters would be estimated. 

 TOEP = 𝜎2

[
 
 
 1    𝜌12    𝜌22    𝜌32

   𝜌12   1     𝜌12     𝜌22

   𝜌22      𝜌12    1     𝜌12

   𝜌32     𝜌22     𝜌12   1 ]
 
 
 
 

4. Unstructured: In this case all variances and covariances assumes to be different. This 

covariance structure allows all types of missing data structure among subjects, and is therefore 

a more general structure and often preferred for longitudinal datasets with few measuring 

occasions. The total number of parameters that must be estimated is 𝑛 (𝑛 +  1)/2, where n 

is the number of time points. For studies with many observational time points this structure 

demands estimation of a high number of parameters which may lead to imprecise estimates 

of variances and covariances. This structured can be displayed as 
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UN = 𝜎2 [

ρ11   ρ12   ρ13   ρ14

ρ21  ρ22   ρ23    ρ24

ρ31   ρ32  ρ33    ρ34

ρ41   ρ42  ρ43   ρ44

] 

3.5.4 Linear Mixed Model 

A linear mixed model is an extension of a linear regression model to model longitudinal 

(correlated) data. It uses to analyze repeated longitudinal measurements in continuous response 

variable in valid and flexible manner. It can also use for data with unequal number of 

measurements per subjects (Der and Everitt, 2006). 

These unobserved effects are then included in the model as random variables, or equivalently 

called, random effects. A fixed effect is considered to be a constant which we wish to estimate, 

but the random effect is considered as just an effect coming from a population of effects 

(McCulloch et al., 2008).  

A commonly used linear mixed effects model for continuous response variables was proposed by 

Laird and Ware (1982). The name mixed model indicates that the model contains both the fixed 

or the mean m odel component and the random component and variable effects are either fixed or 

random depending on how the levels of the variables that appear in the study are selected (Laird 

and Ware, 1982).  

Unlike general linear model family, linear mixed models (LMM) are models that handle data 

where observations are not independent. Many longitudinal studies are designed to investigate 

change over time in a characteristic which is measured repeatedly for each patient. 

Modeling the true correlation structure becomes important in the presence of missing values when 

the number of observations per subject is not large. There are two types of covariates in 

longitudinal studies in general. These are time invariant or baseline covariates (e.g. gender) and 

time varying covariates (e.g. weight) (Laird and Ware, 1982). 

According to Verbeke and Molenbergs the linear mixed model is defined as:     

                   𝑌𝑖 = 𝑋𝑖β + 𝑍𝑖𝑏𝑖 + ε𝑖 

Where: 

 𝛽 is  𝑝𝑥1 vector of fixed effects 

 𝑏𝑖 ~ 𝑁 (0, 𝐷), is 𝑞 ×  1 vector of random effects  

 𝑋𝑖 is 𝑛𝑖  ×  𝑝 matrix of covariates for fixed effects, 
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 Z𝑖 is matrix of covariates for random effects with 𝑞 ≤  𝑝 

 𝜀𝑖~ 𝑁 (0, 𝜎2𝐼𝑛𝑖) are regarded as measurement errors.  

3.5.4.1 Fixed and Random Effects Models 

Linear mixed model contains both fixed and random effects model. Random effects model also 

called a variance components model, is a statistical model where the model parameters are random 

variables. In random effect models the covariate effects are vary among subjects, since each 

subject is a random subject drawn from a population. 

Fixed effects model is a statistical model in which the model parameters are fixed or non-random 

quantities. A random effect model is generally something that can be expected to have a 

nonsystematic, unpredictable, or “random” influence in our data. But fixed effects model are an 

expected to have a systematic and predictable influence on our data. 

3.5.5 Generalized Linear Mixed Models (GLMM) 

The generalized linear mixed models are the extension of general linear models by allowing a 

subset of the regression coefficients to vary randomly from one individual to another. The basic 

idea underlying the generalized linear mixed effects models for longitudinal data is the 

assumptions of heterogeneity across individuals in the study population in a subset of random 

effects from a generalized linear model (Zeger and Karim, 1991). It is defined as: 

 𝑌𝑖 = 𝑋𝑖β + 𝑍𝑖𝑏𝑖 + ε𝑖 

where 

 𝑌𝑖 = (𝑌𝑖1, 𝑌𝑖2  , . . . , 𝑌𝑖𝑛𝑖)
′ is the (𝑚𝑖𝑥1 )vector of repeated measurements for subject 𝑖, 

 𝛣 is a 𝑝𝑥1 vector for fixed effects parameters, 

𝑋𝑖 is 𝑚𝑖𝑥𝑝 known design matrix corresponding to fixed effects 𝛽, 

𝑏𝑖  is (𝑞𝑥1) vector of random effects parameters that completes the characterization of tween‐

subject variation, 

𝑍𝑖  is a (𝑚𝑖𝑥𝑞)  known design matrix corresponding to random effects 𝑏𝑖 , with 𝑞 ≤  𝑝 , and  

εi  = (εi1  , εi2 , . . . , εimi  )
′ is (𝑚𝑖𝑥1) vector of measurement or sampling errors that completes the 

characterization of within‐subject variation. We assume that the random effects b𝐢  follow a 

multivariate normal distribution such that bi  ~𝑁(0, 𝐺) (Fitzmaurice et al., 2011).  

The above model extends the general linear mixed model by  
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 enabling the distribution of residual error to come from a family of exponential 

distributions  

 using a link function that relates the expected value of the response variable to the linear 

predictors. 

The random effects models are useful when drawing inferences with respect to b𝑖(the subject-

specific parameters), including making the subject specific predictions. Among the random-effects 

models for discrete outcomes, GLMM is the most frequently used. One approach to account for 

the within subject association is via the introduction of random effects in generalized linear 

models. This leads to a class of models known as generalized linear mixed models (GLMMs).  

 

3.6 Missing Data Analysis in Longitudinal Studies 

Missing data is a portion of the whole dataset that are not observed but intended to be observed. 

Missing data is common in longitudinal studies (Ibrahim and Molenberghs, 2009). Missingness 

can be occur due to several reasons such as following same subjects for a long period of time, 

failure of measurement, data loss, data loading issues, fail to answer all questions, loss of follow-

up or other plausible reasons. In longitudinal measurements missing data are the main problem of 

analysis. Since missing data may hide the true values that are important in making an actual 

estimation. So, ignoring missing value leads to biased estimate.  

3.6.1 Missing Data Mechanism  

Missingness mechanism, sometimes called missing-data process, describes the process or 

mechanism underlying the missingness. In the context of likelihood-based inference and based on 

the terminology of Rubin (2000) classify missingness mechanisms into the following three types. 

 Missing Completely at Random (MCAR): It is the assumption that missing data occur totally 

random without any relation to the other observed or unobserved data. This is the most basic 

missing data mechanism and assumes missing data to occur for completely random reasons.  

 Missing at Random (MAR: Data are said to be "missing at random" if missing is unrelated to 

actual values of the missing data or it depends only on the observed data and independent of 

the unobserved data. 

 Not Missing at Random (NMAR): the process is neither MCAR nor MAR, that is NMAR 

depends on both observed and unobserved data.  
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 If MAR assumption is fulfilled: The missing data mechanism is said to be ignorable, 

which basically means that there is no need to model the missing data mechanism as part 

of the estimation process.  

 If MAR assumption is not fulfilled:  The missing data mechanism is said to be 

nonignorable and, thus, it must be modeled to get good estimates of the parameters of 

interest. This requires a very good understanding of the missing data process.    

 The above distinctions are important because validity of an analysis depends on the missing data 

mechanism. 

3.6.2 Missing data patterns 

When we study missing data problems, we often mention two terms: missingness pattern and 

missingness mechanism. The pattern tells you which entries in the data matrix were unavailable, 

and the mechanism describes why they were missing.  

Missing data in a longitudinal studies follow two main patterns. On the one hand, data are missing 

monotone if we can observe a pattern among the missing values. Note that it may be necessary to 

reorder variables and/or individuals. On the other hand, data are missing arbitrarily if there is not 

a way to order the variables to observe a clear pattern (SAS Institute, 2005). 

Assumptions and patterns of missingness are used to determine which methods can be used to   

deal with missing data. 

3.6.3 Methods for handling missing data  

Properties of methods of handling missing data are strongly influenced by assumptions made about 

the missingness mechanism. It is important to consider the likely nature of this mechanism in a 

particular application. Thus problems can be handled with the following two methods. 

A. Multiple Imputation: is a common method to deal with missing data in the statistical analysis.   

It is a process where missing data are replaced by some “plausible “values and then standard 

complete-data analysis is performed. The imputed values are draws from a distribution, so they 

inherently contain some variation. Thus, multiple imputation (MI) solves the limitations of 

single imputation by introducing an additional form of error based on variation in the 

parameter estimates across the imputation, which is called “between imputation error”. It 

replaces each missing item with two or more acceptable values, representing a distribution of 

possibilities (Allison, 2001).  
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 It involves 3 steps:  

a) Running an imputation model defined by the chosen variables to create imputed data sets. In 

other words, the missing values are filled in m times to generate m complete data sets. m=20 

is considered good enough. Correct model choices require considering:  

 Firstly, we should identify which are the variables with missing values.  

 Secondly, we should compute the proportion of missing values for each variable.  

 Thirdly, we should assess whether different missing value patterns exist in the data (SAS 

helps us doing this), and try to understand the nature of the missing values. The m complete 

data sets are analyzed by using standard procedures  

b) The m complete data sets are analyzed by using standard procedures   

c) The parameter estimates from each imputed data set are combined to get a final set of 

parameter estimates.  

3.7 Method of Parameter Estimation  

The preferred estimation methods in longitudinal studies are maximum likelihood (ML) and 

restricted maximum likelihood estimation (REML) techniques. The two estimations are 

asymptotically equivalent and often give very similar results. Both ML and REML are based on 

the likelihood principle, which has the properties of consistency, asymptotic normality, and 

efficiency. The difference between ML and REML is the construction of the likelihood function.  

The REML estimation method applies ML estimation techniques to the likelihood function. The 

difference is that, the REML estimation method is associated with a set of “error contrasts” rather 

than associated with the original observations. Therefore, it will lose degrees of freedom and give 

less biased estimates of the variance components. The bias issue cannot be neglected, especially 

when the number of parameters is not small relative to the total number of observations (Verbeke 

and Molenberghs, 2000). Both ML and REML are based on the likelihood principle, which has 

the properties of consistency, asymptotic normality, and efficiency but REML corrects for the 

downward bias in the ML parameters in 𝐷 and ∑. REML handles strong correlations among the 

responses more effectively than ML.  

3.8 Model Comparison Techniques 

The aim of model comparison is to choose the most parsimonious model that provides best fit to 

the data. There are different techniques which uses o select the best fitted model. These are 

Akaike’s information criterion (AIC), Bayesian information criterion (BIC), Likelihood ratio test 
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and Quasi-information criterion. This study proposes to use thus comparison techniques 

accordingly their respective uses. 

1. Akaike’s information criterion (AIC) and Bayesian information Criterion (BIC): is a 

measure of goodness of fit of an estimated statistical model. It is not a test on the model in the 

sense of hypothesis testing; rather it is a tool for model selection. The AIC penalizes the 

likelihood by the number of covariance parameters in the model. BIC is sometimes called 

Schwarzs Bayesian Criterion (SBC). These model comparison criteria evaluated as: 

𝐴𝐼𝐶 =  −2 𝑙𝑜𝑔 𝐿 +  2𝑘, and  

𝐵𝐼𝐶 =  −2 𝑙𝑜𝑔 𝐿 +  𝑘 𝑙𝑜𝑔 (𝑁)  

Where, 𝑘 denotes the number of parameters in the model and 𝑁 the total number of observations 

used to fit the model. Under these definitions, smaller is better. That is, if we use AIC to compare 

two or more models for the same data, we prefer the model with the lowest AIC. Similarly, when 

using BIC, we prefer the model with the lowest BIC. 

2. Likelihood-ratio test: is constructed by comparing the maximized log likelihoods for the 

saturated (full) model and reduced models, respectively, and the test statistic is expressed as: 

𝐿𝑅𝑇 =  −2𝑙𝑛𝜆𝑛 =  −2𝑙𝑛(𝐿0  − 𝐿𝑚)  

Where, 𝐿0  and 𝐿𝑚  are the maximum likelihood estimates which maximize the likelihood 

functions of the reduced and full or saturated model, respectively. The asymptotic null distribution 

of the LR test statistic is a chi-square distribution with degrees of freedom equal to the difference 

between the numbers of parameters in the two models (reduced and saturated models). 

3.9 Model Diagnostics  

Model diagnostics is helpful to compare the data with the fitted model to highlight any systematic 

discrepancies. Model diagnostics are especially important in linear mixed models because 

likelihood based estimation methods are particularly sensitive to unusual observations. In GLMM, 

it is assumed that the random effects are normally distributed and uncorrelated with the error term.  

Conditional residual or Subject-specific residuals are helpful in determining how well the response 

curves fit the data of individual subjects. These residuals would allow you to determine whether 

the subject is unusual with respect to the other subjects in the data and the random effects were 

selected properly. Residual plots are used to assess normality, variance and outliers by plotting to 

predicted value and individual variables. 
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CHAPTER FOUR 

4 STATISTICAL DATA ANALYSIS 

4.1 Introduction  

The outcome variable body weight and sputum conversion were studied for a duration of six 

months repeatedly with four visits. Both variables were examined at the same time at baseline 

month, end of the second month, fifth month and sixth months of treatment. In this study 314 

pulmonary tuberculosis patients enrolled in Debre Berhan Referral Hospital during the period of 

January 2015 to December 2018 that satisfied the required criteria were included. 

4.2 Descriptive Statistics  

Table 4.1 showed that the summarized values of sociodemographic and clinical factors of patients 

with their sputum status results at baseline month, end of 2nd month, end of 5th month and end of 

the 6th month.  

As shown in Table 4.1, number of male and female patients at the baseline months were 145 

(46.18%) and 169 (53.82%), respectively. Out of these patients, 301 (95.86%) patients had sputum 

positive result and 13(4.14%) patients had sputum negative results. About 31 (9.87%) patients 

were co-infected with HIV. And also 279 (88.85%) were nonsmoker and the rest 35 (11.15%) 

were smoker. Based on place of residence 165 (52.55%) were from urban area and 149 (47.45%) 

were from rural area. When we consider the Dose of anti-TB drug taken by patients, 67 (21.34%) 

were two tablet, 149 (47.45%) were three tablet and 98 (31.21%) were four tablet. Based on the 

patient’s marital status 43.63%, 48.73%, 6.05% and 1.59%, were married, single, widowed and 

divorced respectively. Out of the examined patients, 50.02% had normal weight status, 45.20 were 

under weight, and only 4.78% were overweight. When we see patients with their religion, 74.20% 

were orthodox, 21.97% were Muslims and 3.82% were protestant religion followers. All factors 

that we described above from table 4.1 were examined at the baseline months.  

When we see these factors at the end of the 6th months: 277 patients were examined at this visit. 

Out of these patients, 17 patients had smear positive result and the rest 260 patients were smear 

negative. Among patients who have smear positive results at last visit, 9 patients were male and 8 

patients were females, and also from smear negative patients 138 were males and 122 were 

females. When we see with the Dose of anti-TB drugs, among patients who take two tablet, 2 

patients were spear positive but 58 patients were smear negative. From patients who take three 

tablet 10 patients and 121 patients were smear positive and smear negatives respectively. And also 
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from 86 patients who take four tablets, 5 patients and 81 patients showed smear positive and smear 

negative result respectively at the end of the study. It showed that patients who take two tablet had 

almost converted to smear negative results. When we see patients with their smoking status, from 

32 smokers, 5 patients and 27 patients were smear positive and smear negative respectively, and 

from 245 non-smokers 12 patients and 233 patients were smear positive and smear negative 

respectively. With the same manner we can describe these factors for the rest time occasion.  

Table 4.  1: Factors associated with sputum status in patients at each visit. 

 

 

 

 

 Variable              Class 

Sputum status at  

baseline month 

 Sputum status at  

2nd month 

 Sputum status at  

5th month 

Sputum status at 

6th month 

Smear 

positive 

Smear 

negative 

Smear 

positive 

Smear 

negative 

Smear 

positive 

Smear 

negative 

Smear 

positive 

Smear 

negative 

N % N % N  % N % N % N % N % N % 

 sex  
Male 161 95.5 8 4.7 63 38.9 99 61.1 29 18.0 132 82.0 9 6.1 138 93.9 

Female 140 96.6 5 3.4 54 38.6 86 61.4 21 15.3 116 84.7 8 6.2 122 93.8 

Marital  

status  

Married 130 94.9 7 5.1 44 33.8 86 66.2 16 12.6 111 87.4 10 8.7 105 91.3 

Single 148 96.7 5 3.3 62 41.9 86 58.1 30 20.3 118 79.7 6 4.3 135 95.7 

Divorced 18 94.7 1 5.3 9 47.4 10 52.6 4 22.2 14 77.8 1 5.9 16 94.1 

Widowed 5 100.0 0 0.0 2 40.0 3 60.0 0 0.0 5 100.0 0 0.0 4 100.0 

 Dose  

two tablet 65 97.0 2 3.0 27 40.9 39 59.1 5 7.7 60 92.3 2 3.3 58 96.7 

three tablet 142 93.3 7 4.7 54 37.8 89 62.2 23 16.4 117 83.6 10 7.6 121 92.4 

four tablet 94 95.9 4 4.1 36 38.7 57 61.3 22 23.7 71 76.3 5 5.8 81 94.2 

 Religion  

Muslim 68 98.6 1 1.4 26 38.8 41 61.2 11 16.7 55 83.3 5 8.2 56 91.8 

Orthodox 221 94.8 12 5.2 90 40.4 133 59.6 36 16.4 184 83.6 11 5.4 194 94.6 

Protestant 12 100 0 0.0 1 8.3 11 91.7 3 25.0 9 75.0 1 9.1 10 90.9 

 Residence  
Rural 140 94.0 9 6.0 59 41.5 83 58.5 29 20.6 112 79.4 10 7.6 122 92.4 

Urban 161 97.6 4 2.4 58 36.2 102 63.8 21 13.4 136 86.6 7 4.8 138 95.2 

 HIV 

 Status 

Positive 31 100.0 0 0.0 16 51.6 15 48.4 9 30.0 21 70.0 6 23.1 20 76.9 

Negative 270 95.4 13 4.6 101 37.3 170 62.7 41 15.3 227 84.7 11 4.4 240 95.6 

Smoking  

status 

Smoker 34 97.1 1 2.9 14 41.2 20 58.8 12 35.3 22 64.7 5 15.6 27 84.4 

Nonsmoker 267 95.7 12 4.3 103 38.4 165 61.6 38 14.4 226 85.6 12 4.9 233 95.1 

BMI 

Underweight  117 95.9 5 4.1 43 36.4 75 63.6 20 17.4 95 82.6 7 6.5 101 93.5 

Normal 170 96.0 7 4.0 67 39.4 103 60.6 28 16.6 141 83.4 10 6.5 145 93.5 

Overweight  14 93.5 1 .6.7 7 50.0 7 50.0 2 14.3 12 85.7 0 0.0 14 100.0 

Treatment 

outcome 

Died . . . . 2 100.0 0 0.0 1 100.0 0 0.0 0 0.0 1 100.0 

Cured  . . . . 109 38.4 175 61.6 39 13.8 243 86.2 5 1.9 256 98.1 

Transferred . . . . 0 0.0 3 100.0 2 100.0 0 0.0 0 0.0 2 100.0 

 Failure  . . . . 6 46.2 7 53.8 8 61.5 5 38.5 12 92.3 1 7.7 
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Table 4.2, showed that the mean weight of patient’s increases as the the study period increases. 

The mean of patients body weight at baseline, 2nd month, 5th month and 6th month were 51.25, 

52.76, 53.87 and 54.51 in kilo gram respectively. Similarly the standard deviation of patients at 

each visit are different. The maximum and minimum weight of patients were 77 and 32 kg 

respectively. 

   Table 4.  2: Descriptive Statistics of bodyweight at each visit point. 

Table 4.3 revealed that the mean of baseline bodyweight of patients was 51.25 kilograms with a 

standard deviation of 8.79. The average age of patient was 35.94 with a standard deviation of 

13.59. The average height of patients were 1.58 meters and the maximum and minimum height of 

patients were 1.82 and 1.09 meter, respectively. 

  Table 4.  3: Descriptive Statistics of Continuous Covariates at baseline 

Variable N Mean Minimum Maximum Median    Std Dev 

Age 

baseline weight 

Height 
 

314 

314 

314 
 

35.94 

51.25 

1.58 
 

13.00 

32.00 

1.09 
 

79.00 

74.00 

1.82 
 

35.92 

51.00 

1.60 
 

13.59 

8.79 

0.14 
 

4.3 Missing data treatment 

Due to missing values existing in our dataset, in this study we had conducted a missing data 

analysis to minimize a potential Problems that occur with missing data and attrition. As little and 

robin idea, treating missing value before inferential statistics is important to get unbiased result. 

To handle missingness issues, it is better to understand the missing data patter (Rubin, 2000). 

 Examine Missing Data Patterns: Exploring missing data pattern is important to come decision 

about mechanism of missingness. Missing data pattern can be either arbitrary or monotone. 

  Time              Baseline              2nd month        5th  month  6th month 

N 

Min 

Max 

Mean 

StdDev 

Missing 
 

314 

32.00 

72.00 

51.25 

8.79 

0.00 
 

314 

32.00 

75.00 

52.76 

8.86 

0.00 
 

310 

32.00 

77.00 

53.87 

8.94 

4.00 
 

289 

33.00 

76.00 

54.51 

8.90 

25.00 
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        Table 4.  4: Missing data pattern 

Group Visit_1 Visit _2 Visit_3 Visit_4 

1 X X X X 

2 X X X . 

3 X X . . 

Table 4.4 showed missing data patterns, it indicates that the data had a monotone pattern. Hence, 

the mechanism of missingness was missing not at random (NMAR). Furthermore, in monotone 

pattern missing value could be non-ignorable since, ignoring missing values in NMAR leads bias 

estimation result (McCulloch and Neuhaus, 2001). In this case, the most power full method for 

handling missing values are multiple imputation. Thus by using 5 imputations, missing value 

would be treated and analyzed.  

     Table 4.  5: Imputed Missing Data Values 

Imputation Results 

 

Variable  

Imputation 

methods 

Effects   

N 

Missing 

Values 

Imputed Values 

Imputed No imputed 

Visit 1 

Visit 2 

Visit 3 

Visit 4 

 

Monotone  

 Visit 1 314 0 0 

 Visit 2 314 0 0 

Visit3  310 4 20 

Visit4  289 25 125 

    Table 4.5 revealed indicators value for employed results of multiple imputation.  

4.4 Distribution of Patient’s Body Weight  

In Gaussian longitudinal data analysis, before directly going to the analysis part primarily the 

normality assumptions of the response variable must be checked. If normality assumption is not 

holds or violated, transformation on the response variable is needed. In this study the continuous 

response variable is body weight, for this different formal test, q-q plots and histograms were 

described for checking the normality of the data. When we see the actual data of TB patients, body 

weight of patients was nearly fulfilled a normal distribution assumption. However, to get 

unquestionable normalize data, logarithmic transformation, square root transformation and other 

techniques were carried out. But all transformation methods were not improved its normality 
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relative to the actual data set, even the actual data is better normalized. Thus, we had used the real 

or actual data as it is.  

The formal test verified that the assumption of normality of the body weight at α = 0.05 

significance level were satisfied since p-value are greater than 0.05. Table 4.6 showed the result 

normality test for actual data set. 

 Table 4.  6: tests of Normality for body weight 

Goodness-of-Fit Tests for Normal Distribution 

Test Statistic p Value 

Shapiro-Wilk W 0.994 Pr < W 0.31 

Anderson-Darling A-Sq 0.755 Pr > A-Sq. 0.059 

 

           

Figure 4.  1: Normality checking  plot of body weight 

As shown in Figure 4.1, both histogram and Q-Q plot tests were closely coinciding with the formal 

tests that the actual body weight of patients were approximately normally distributed longitudinal 

outcomes. The Q-Q plot for any substantial departures from the straight line were not far apart 

from the line which should suggest that the body weight of patients was nearly normally 

distributed. And also the histogram illustrates that symmetric and bell shaped. 
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4.5 Exploratory Data Analysis 

The first step in any model building process could be exploratory data analysis. EDA occurs when 

we have little or no preconceived idea regarding the models to fit the sample data. Compared with 

statistical inference such as parameter estimation, exploratory analysis is often ad hoc and 

subjective in nature (Verbeke and Molenberghs, 2000). In this case we present profile plots of 

body weight over the period of our study by exploring individual profiles, mean profiles, the 

variance and correlation structure plots. These profile plots help as a demonstrative introductory 

for the statistical inference. 

4.5.1 Individual Profile Plots  

Individual profile plot helps to identify the general trend within patients over time and to decide 

which random effects to be include in the model and what the covariance structure of these random 

effects should have. However, when the number of subjects in a data set is large identification of 

difference from the individual profile is somewhat difficult. The following plots shows individual 

profile plot of patients with sex over time. 

 

Figure 4.  2: Individual profile plot with average Trend for body weight 

The plot in the left side shows profiles plot for all patients with average trend which shows larger 

between patient variability and moderately within patient variability over four visits. The right 

side plot also indicates simultaneously the individual subject profiles and the average mean profile 

of patients with their sexes. We have observed that the body weight of patients was increases with 

some amount over the follow up time. And also the plot revealed that the mean weight of male 
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patients was higher than that of female patients through the entire period. However, the trend of 

both sexes have almost similar slope through time. Thus, it indicates that there may no need other 

random effect other than random intercept, to correct the fact that, patients with different slopes 

and account for unstable between subject variability at different time points.  

4.5.2 Exploring Mean Profile  

The main motivation of exploring the mean structure for these data set is to describe the average 

progression of patient’s body weight with the selected factor variables evolving over six months. 

 

 

Figure 4.  3: Mean profile plot of body weight for (a) Sex, (b) Treatment outcome, (c) Dose of anti TB 

drugs and (d) Residence of patients. 

Figure 4.3 (a) showed the average progression of body weight of patients for males and females 

over time. It shows that the average progression of weight of patients on a follow up time have a 

linear pattern until the last follow up of time and it seems slightly increases. The weight of male 

over time are larger than female and also the rate of change of weight over time is almost similar 

for male and females. 
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Figure 4.3 (b) revealed for the four tereatment outcomes of patients, the profile plot showed that 

the growth patterns of body weight for treatment outcome are different among the four groups.The 

body weight of patients who have failure outcome, averagely have smaller body weight than other 

patients. The evolution of body weight for cured, transferred out and failure patients have a linear 

pattern over time. There is higher variability in patients body weight who have different treatment 

outcomes, specially after time point two. There was a linearity only for transferred and failured 

patients at each time points. But other subgroups have no linear trend. And also there is high 

variability  at baseline and through the follow up time. This indicates that the need for random 

intercept, to correct the fact that, patients who have different treatment outcome started differently 

at different baseline weight and random slope to manage the variability.  

Figure 4.3 (c) for the Dose of anti TB drugs,it shows that  the mean plot of weight with Dose of 

anti TB drugs patients. As shown in the figure at the initial patients who take two,three and four 

tablets of treatment have different body weight . As the follow up time increases, the body weight 

of patients also increases,that indicates the dose have anti TB drugs have a positive influence on 

the progression of patients body weight. 

Figure 4.3 (d) dipicts mean profile plot for residence subgroups, the plot shows that from baseline 

up to the terminal time point the variability of patients who live in urban have  higher body weight 

than that of patients who live in rural. Both subgroups have constantly increases body weight up 

to visit three, then patients who live in urban become constant up to the end visit, but rural patients 

goes through the the same rate of progression with remaining time points.  

4.5.3 Exploring the correlation structure  

The correlation matrix can be used to display the correlation between the four repeated 

measurements. Figure 4.5, depicts scatter plot matrix to show relationships between multiple time 

points. The plot indicated that the body weight of a patients at any two time points looks highly 

and positively correlated. Moreover, it shows that there was a linear relationship between patients’ 

body weight measurements taken at different time points.  
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Figure 4.  4: Scatter plot of correlation matrix 

4.6 Model Building  

In section 4.3, test of normality for Patients’ Body Weight were presents. The actual Body Weight 

of patients were normal. In addition, in section 4.4 the exploratory data analysis with graphical 

presentation were employed. In the following subsequent subsections, the main target of the study 

was presented. Univariate marginal models were analyzed to explore the relationship between 

response variable and each of the covariates. And also an appropriate covariance structure and 

random effect model were selected to construct the final model. 

4.6.1 Model Selection  

Model selection in mixed effect models is complicated by the presence of both fixed effects and 

random effects. The fixed effects structure and random effects structure are co-dependent, so 

selection of one influences the other. Thus, choosing the appropriate model that provides the best 

fit to the observed data is important. There are several choices concerning which fixed and random 

effects should be included in mixed model. In longitudinal data, choosing the best model starts 

from selecting the most optimal variance covariance structure. For model selection purpose AIC, 

BIC and likelihood ratio test could be used. The variance covariance structure with the lower AIC 

and BIC value can be an appropriate to select the best model.  
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4.6.2 Covariance Structure Selection 

Covariance structures should be carefully selected to obtain valid inferences for the parameters of 

fixed effects in the model. Choosing appropriate covariance structure is important to minimize 

risks type I error rate and overestimates of standard errors (Little et al., 2006).  

From the possible covariance structures to fitting the model, we had compared the values of -2 

Res Log Likelihood, AIC, AICC and BIC with respective small values. The final model with 

unstructured covariance structure was preferred for both body weight and sputum status of 

patients. 

 Table 4.  7: Selection of covariance structure 

Description Un CS AR1 Toep 

-2 Res Log Likelihood 2484.6 2583.9 2669.5 2549.2 

AIC (Smaller is Better) 2526.6 2587.9 2673.5 2561.2 

AICC (Smaller is Better) 2527.4 2587.9 2673.5 2561.3 

BIC (Smaller is Better) 2594.0 2594.3 2679.9 2595.5 

4.6.3 Random Effect Term Selection 

To select random effect to the model components with only intercept, with only slope and with 

intercept and slope, we have been fitted and compared each model for the response variable that 

fit best by considering the corresponding covariates with main effect and interaction with time 

effect. An appropriate random effect to the model was selected by using the AIC and BIC values 

for which smaller value is considered as better.  That is, the AIC and BIC information criterion for 

model with random intercept and random slope was smaller. Thus, model with random intercept 

and random slope was better fitting a model (Table 8). Additionally, the need for random effect 

was assessed using a mixture chi-squared distributions. This test also indicated that model with 

random intercept and random slope should be included in the model. Therefore, the random 

intercept and slope model fits the data well. 
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Table 4.  8: LMM with random effect of intercept, slope and both intercept and slope 

Model -2 Res Log Likelihood AIC AICC BIC 

Random intercept only 15271.4 15275.4 15275.4 15282.9 

Random slope only 11712.2 11716.2 11716.2 11723.7 

Both 11283.5 11291.5 11291.5 11306.5 

4.6.4 Variable Selection 

The problem of variable selection is one of the most pervasive model selection problems. In the 

process of variable selection, stepwise variable selection, backward elimination, and forward 

selection have been commonly used. These methods are usually applicable in the field of linear 

model (LM) with regression analysis (Ji Hoon Ryoo, 2010). If we consider random effects in 

addition to fixed effects, we do not have a guarantee that these methods in variable selection is 

valid (Ji Hoon Ryoo, 2010). Here we consider a univariate model fit statistics in variable selection 

with considering random effects. By using a univariate linear mixed effect model regression 

analysis, the study fits the individual variables with the response variable to select potentially 

relevant predictors among candidates in a data set that should be included in the final model. From 

the result of the univariate analysis of linear mixed effects models, Religion of patients and marital 

status of patients are not statistically significance; but the rest variables are significant at 0.25 level 

of significance. 

4.6.5 Separate Analysis of Patients’ Body Weight  

Before joint modeling we had seen the linear mixed model to predict the mean change of body 

weight of patients over time. Examination of patient’s body weight was started from checking the 

normality assumption followed by exploratory analysis of actual body weight since, the actual 

body weight of patients was normally distributed.  

4.6.6 Linear Mixed Models 

In longitudinal study, the same subjects were measured repeatedly over time, observations with in 

subjects are not independent but between subjects are independent. This is one of the special 

remarks about longitudinal analysis. The selected random term was random intercept and slope 

model, this indicates that addition of linear time effects and random intercepts to the model had 

an improvement to the model. Therefore, we had developed the random intercept and slope model 

in the following subsequent section.  
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4.6.6.1 The random intercept and slope model 

The random effects model or subject specific model assumes that extra correlation arises among 

the longitudinal response as the parameter estimates in the random effects model vary across 

individuals (Diggle et al., 2002). In random intercept and slope effects models between patient 

variations is not only exist at baseline, but also it appears over the follow up time.  

The covariance parameter estimates from the random intercept and slope model (tables 4.8) 

showed that there exists both within patient and between patient variations. The significance of 

the estimates for the random effects associated with the intercept and the linear time effect 

suggested that the intercepts and slopes vary across patients.  

Table 4.  9: Covariance Parameter Estimates 

Covariance Parameter Estimates 

Cov Parm Subject Estimate SE Z- Value P-value  Alpha Lower Upper 

Var(1) ID 34.6610 3.4727 9.98 <.0001 0.05 28.7478 42.6175 

Var(2) ID 0.001121 0.03219 0.03 0.4861 0.05 . . 

Corr(2,1) ID 0.5183 8.0698 0.06 0.9488 0.05 -15.2983 16.3348 

Residual ID 0.02188 0.000437 50.12 <.0001 0.05 0.02105 0.02277 

Table 4.9, showed that, Var (1) is the variance of the random intercept, it shows an over dispersion 

parameter and Var (2) is the variance of the random slope and Corr (2,1) is the correlation between 

the random intercept and slope. The intra class correlation coefficient (Corr (2,1)) was found to be 

0.5183 indicating that 51.83% of the variability within patients is explained by the inclusion of the 

random effect. Hence, excluding the random effect can affect the inferences of the study. 

Therefore, the random effects model with both random intercept and slope model for body weight 

can be fitted as:  

𝑏𝑜𝑑𝑦 𝑤𝑒𝑖𝑔ℎ𝑡 = β0 + b𝑖0  +  β1𝐴𝑖1 + β2𝐻𝑖2 + β3S𝑖3 + β4Bs𝑖4 + β5D𝑖5 + β6Bi𝑖6 + β7R𝑖7

+ β8Hs𝐼8 + β9Sm𝑖9 + (β10A𝑖1 + β11H𝑖2 + 𝑏𝑖1) ∗ V𝑖𝑗 + ε𝑖𝑗 

Where A represents age, H= height and Bs= baseline sputum, D=dose, Bi= body mass index, S= 

sex, R= residence, Hs =HIV status, Sm=smoking status and V= visit.  

The model was fitted under REML method of estimation and by the UN covariance structure since 

the proposed covariance structures AR (1), CS and TOEP and any of the spatial covariance 

structures had a convergence problem. Table 4.11 showed the association between predictor 
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variables and body weight. The study variables such as age, height, sex (Male), smoking status 

(Smoker), BMI (Underweight and Normal), dose of anti TB drugs (Two tablet and Three tablet), 

HIV status (Positive), treatment outcomes (Transferred out), and Visit by sex (Visit*male), 

residence (Visit*rural), smoking status (Visit*Smoker), HIV status (Visit*positive), dose of anti 

TB drug (Visit*Three tablet) and age*visit were statistically significant variable for change in 

body weight. 

Table 4.  10: Parameter Estimates for Random Slope and Intercept effect model under LMM. 

Effect Category  Estimate St. Err t Value Pr > |t| 

Intercept . 19.3119 6.1054 3.16 0.0017* 

Age . 0.1134 0. 0414 2.74 0. 0062* 

Height . 1.5411 0.5064 3.04 0.0024* 

 

Sex 

Male 6.1856 3.4014 7.20 <.0001* 

Female* . . . . 

 

Dose 

Two tablet -0.03218 0.1404 -0.23 0.0498* 

Three tablet 0.04821 0.1153 0.42 0.0459* 

Four tablet* . . . . 

 

baseline sputum 

Smear positive 0.1471 0.2289 0.64 0.5204 

smear negative* . . . . 

 

 

 Body mass index 

 

Underweight -0.2386 0.2878 -0.83 <.0001* 

Normal -0.1200 0.2710 -0.44 0.0162* 

Overweight* . . . . 

 

Residence 

 

Rural -0.02680 0.1079 -0.25 0.8038 

Urban* . . . . 

 

HIV status 

Positive 0.4457 0.1835 2.43 0.0152* 

Negative* . . . . 

 

Smoking status 

Smoker -0.4550 0.1776 -2.56 0.0105* 

Nonsmoker* . . . . 

 

 

Treatment outcome 

Died  4.7770 3.9754 1.20 0.2296 

Cured  1.9409 1.7826 1.09 0.2763 

Transferred 8.5350 2.9095 2.93 0.0034* 

Failure*  . . . . 

 

Smoking with visit 

Visit*Smoker 0.3460 0.02815 12.29 <.0001* 

Visit*Nonsmoker . . . . 
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Effect Category  Estimate St. Err t Value Pr > |t| 

 

HIV with visit 

Visit*Positive -0.1579 0.02869 -5.51 <.0001* 

Visit*Negative   . . . . 

 

Dose with Visit 

Visit*Two tablet -0.028 0.02418 -1.18 0.2390 

Visit*Three tablet  0.0829 0.01947  4.26 <.0001* 

Visit*Four tablet*     .  .  .  . 

* Indicates the reference group for each category and significance at 0.05 level of significance 

Table 4.12 showed type three tests which revealed that the main effect of HIV status, smoking 

status, sex, age, height, dose of anti TB drug, BMI and Treatment outcome have statistically 

significant effect on body weight of patients. The interaction effects of visit with sex, age, 

Residence, smoking status HIV status and dose of anti TB drug also found to be a significant 

interaction effect on patient’s body weight.  

Table 4.  11: Type 3 Tests for Random Slope and Intercept Model 

Type 3 Tests of Fixed Effects 

Effect Num DF Den DF F Value Pr > F 

Age 1 5958 7.49 0.0062* 

Height 1 5958 9.26 0.0024* 

Sex 1 5958 51.85 <.0001* 

Dose 2 5958 0.20 0.0175* 

baseline sputum 1 5958 0.41 0.5204 

BMI 2 5649 15.47 <.0001* 

Residence 1 5958 0.06 0.8038 

HIV 1 5958 5.90 0.0152* 

Smoking 1 5958 6.56 0.0105* 

Treatment outcome 3 5649 3.22 0.0218 

Age with visit 1 5958 9.32 0.0023* 

Sex with visit 1 5958 33.28 <.0001* 

Residence with visit 1 5958 5.55 0.0186* 

Smoking with visit 1 5958 151.03 <.0001* 

HIV with visit 1 5958 30.31 <.0001* 

Dose with visit 2 5958 16.04 <.0001* 
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From the result of LMM above intercept, age, height, sex, smoking status, BMI, dose of anti TB 

drugs, HIV status, treatment outcomes, and Visit by sex, residence, smoking status, HIV status, 

dose of anti TB drug and age*visit were included in the final model. 

As depicted in Table 4.11, age had statistically significant effect on body weight with a positive 

coefficient (parameter estimates) which indicates that the average body weight of PTB patients 

had increased over time. On the other hand, it can be interpreted as, a unit increase in the age of 

patients, the body weight increases by a magnitude of 1.54 increase in the body weight of patients 

when other predictors variables kept constant. The intercept (β0) can be interpreted as β0 =19.31 

implies that the value the mean of body weight when all predictors have a value zero. Likewise, 

we can interpret the rest predictors. 

4.6.7 Separate Longitudinal Analysis of Patients’ Sputum Conversion 

4.6.7.1 Generalized Linear Mixed Models (GLMM) 

In the GLMM data analysis, the parameter interpretation is based on subject specific or cluster 

effect as well as fixed effect. Based on the exploratory analysis result of the mean structure, first 

we assume the model with the main effect and time by selected main effect interaction and 

incorporating intercept, time as random effects. 

The GLMM model for sputum status of patients can be constructed  

𝐿𝑜𝑔(µ𝑖𝑗) = β0 + β1𝐴𝑖1 + β2𝐻𝑖2 + β3S𝑖3 + β4Bw𝑖4 + β5D𝑖5 + β6Bi𝑖6 + β7R𝑖7 + β8Hs𝐼8

+ β9Sm𝑖9 + β10trt𝑖10 + β11A𝑖11 ∗ V𝑖𝑗 + β12H𝑖12 ∗ V𝑖𝑗 + b0𝑖 + b1𝑖v𝑖𝑗  

Where A represents age, H= height and Bw= baseline weight, D=dose of anti TB drug, Bi= body 

mass index, S= sex, R= residence, Hs =HIV status, Sm=smoking status, trt =treatment outcome, 

V= visit and µ𝑖𝑗  refers the conversion of sputum status. b0𝑖   is the random intercept and     b1𝑖  is the 

random slope for the linear time effect. 

Table 4.  12: Parameter estimates of GLMM model 

Effect Class Estimate St. Err t Value Pr > |t| 

Intercept . -4.6575 1.2026 -3.87 0.0001* 

Age . -0.0051 0.0069 -0.74 0.0221* 

Height . 1.2021 0.0842 14.27 <.0001* 

Baseline weight . 2.4032 1.4033 2.11 0.0011* 

 Two tablet 0.0311 0.7935 0.04 0.0188* 
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Effect Class Estimate St. Err t Value Pr > |t| 

Dose of anti TB 

drug 

Three tablet 0.04821 0.1153 0.42 0.0592 

Four tablet* . . . . 

 

Sex 

Male  0.0933 0.2778 0.34 0.0172* 

Female * . . . . 

 

BMI 

Underweight  -0.1767 0.1880 -0.94 0.3482 

Normal  0.1588 0.1634 0.97 0.3319 

Overweight*  . . . . 

 

Residence 

Rural  -0.0503 0.1645 -0.31 0.7598 

Urban*  . . . . 

 

HIV status 

Positive  1.1799 0.2584 4.57 <.0001* 

Negative*  . . . . 

 

Smoking status  

Smoker  2.3021 0.7026 5.84 0.0138* 

Nonsmoker* . . . . 

 

 

Treatment  

 

Died 1.0503 0.1645 2.41 0.2018 

Cured 1.7660 0.7302 6.37 <0.0001* 

Transferred 2.5350 1.0372 2.33 0.4321 

Failure*  . . . . 

Age with visit . 4.6754 1.3204 6.67 <0.0001* 

 

Dose with Visit 

Visit*Two tablet 3. 0503 0.4530 4.56 <0.0001* 

Visit*Three tablet 2.5412 0.1034 3.65 <0.0001* 

Visit*Four tablet* . . . . 

Sex with visit visit*male 1. 0203 0.6501 3.21 <0.0001* 

visit*female* . . . . 

Smoking with visit Visit*Smoker 3.3021 0.3026 5.94 0.0038* 

Visit*Nonsmoker* . . . . 

* Indicates the reference group for each category and significance at 0.05 level of significance 

From the GLMM model, predictors such as age, height, base line body weight, sex (Male), 

smoking status (Smoker), dose of anti TB drugs (Two tablet), HIV status (Positive), treatment 

outcomes (cured), and dose of anti TB drug (Visit*Three tablet and Visit*Three tablet) and 

age*visit were significantly associated with conversion of sputum status at 5% significance level. 

The covariance parameter estimates from the random intercept and slope model below shows that 

there exists both within patient and between patient variations. The significance of the estimates 
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for the random effects associated with the intercept and the linear time effect suggests that the 

intercepts and slopes vary across patients which is in line with the univariable random effects 

model. And also the results showed that the variances and covariances of the random effects are 

statistically significant at 0.05 level of significance.  

Covariance Parameter Estimates 

Cov Parm Subject Estimate Standard 

Error 

Z Value Pr Z Alpha Lower Upper 

UN(1,1) ID 0.2159 0.02438 8.86 <.0001 0.05 0.1751 0.2730 

UN(2,1) ID -0.1655 0.01885 -8.78 <.0001 0.05 -0.2024 -0.1285 

UN(2,2) ID 0.2256 0.01910 11.81 <.0001 0.05 0.1924 0.2682 

Residual ID 0.2652 0.004989 53.16 <.0001 0.05 0.2557 0.2753 

 

4.7 Missing Data 

When we saw the variation of actual data from imputed data and complete case, we found a 

substantial difference. The result obtained from imputed data was found to be better fit compared 

to the rest two dataset. 

Table 4.  13: comparison of Imputed data results from actual data and Complete case data 

 
Observed/Actual Data Complete case Imputed 

Effect Class   Estimate SE P-value Estimate SE Pr > F Estimate SE Pr > F 

Intercept  19.45 0.13 0.0650 18.12 0.65 0.0767 19.31 6.10 0.0017* 

Age  0.11 0.04 0.0062 0.11 0.042 0.0124 0.11 0.04 0.0061 

Height  19.44 3.43 <.0001 20.46 3.57 <.0001 1.54 0.51 0.0024* 

 

Sex 

Male 6.04 0.85 <.0001 5.91 0.89 <.0701 6.18 3.40 <.0001* 

Female*  . . . . . . . . . 

Dose of 

anti-TB 

drug 

Two tablet    -2.05 0.99 0.1000 -1.84 1.04 0.1935 -0.03 0.14 0.0498* 

Three tablet 0.04 0.12 0.0545 0.14 0.32 0.0845 0.08 0.11 0.0459* 

Four tablet* . . . . . . . . .. 

BMI Underweight -7.76 1.90 <.0001* -8.39 1.93 <.0001 -0.23 0.28 <.0001* 

Normal -0.02 0.48 0.0157* -0.12 0.27 0.0162* -0.12 0.27 0.0162* 

Overweight* . . . . . . . . . 
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Observed/Actual Data Complete case Imputed 

Effect Class   Estimate SE P-value Estimate SE Pr > F Estimate SE Pr > F 

Residence Rural -0.01 0.70 0.9945 0.14 0.73 0.8463 -0.02 0.12 0.8028 

Urban* . . . . . . . . . 

HIV 

Status 

Positive 1.85 1.22 0.1303 1.30 1.33 0.3307 0.44 0.18 0.0152* 

Negative* . . . . . . . . . 

Smoking 

Status 

Smoker -0.01 1.16 0.9944 0.48 1.22 0.6943 -0.45 0.17 0.0105* 

Nonsmoker* . . . . . . . . . 

 

Table 4.13 showed the result obtained from observed data, complete case and imputed data of PTB 

patients. After 5 imputations, the results found for parameter estimates intercept, Dose of anti-TB 

drug, Smoking status and HIV status were significant at 5% level of significance. The significance 

of parameters after missing was handled showed that there was some improvement change how 

much handling missing is better.  

4.8 Model Diagnostics 

Residuals are commonly used to evaluate the validity of the assumption of models. In normal 

linear models residuals are used to confirm linearity of effects, normality, independence and 

homoscedasticity of the errors and presence of outliers or influential observations. It is the 

difference between an observed data point and a predicted or fitted value. During the model 

selection process, we had directed by the model with the minimum likelihood value and 

information criteria value as a better model. But, we still do not have guaranteed, if the model 

chosen is a good model.  

The plot of residuals by predicted values (Figure 4.7) for time, showed some considerable large 

positive and negative residuals, which suggested that there were no outlying points in the dataset. 

The residuals plot for these covariates showed that a systematic positive and negative residual. 

This is an indication of dataset free from outliers and influential observation. And also to check 

linearity assumption we plot observed with predicted.  

Figure 4.6, showed that equal number of predicted values lies above the diagonal line and below 

the diagonal line it was indicated that the variability of the error in the body weight was almost 

constant i.e. the error does not far deviate from each other and this indicates that linearity 

assumption was satisfied.  The residual versus each categorical predictor recommended that there 

is a uniformity of residuals across each level of covariates specifies that homogeneity of error 
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variances. Residuals versus predictors also suggested the residuals are symmetric around zero (i.e. 

positive and negative residuals are almost equal) and there is no outlier. Plots of observed versus 

fitted value of body weight is also verifies that there is a close agreement between observed and 

fitted values suggested that this model is good in predicting body weight of patients. 

 

Figure 4.6: scatter plot of predicted value 

 

Figure 4.  5: fitted Normal Distribution for student (Studentized Residual without Current Obs) 
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Figure 4.  6: Residuals plot for body weight 

Furthermore, from the probability plots We observed that the normality assumption was supported 

through the points seems straight line of normal plots. These confirms that the response variables 

are normally distributed because the points are scattered nearly on the line as well as the residual 

against fitted value plot didn’t ‘t show any systematic pattern thus; it meets the assumption of the 

distribution of error terms. 
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CHAPTER FIVE 

5 DISCUSSIONS, CONCLUSIONS AND RECOMMENDATIONS 

5.1 Discussions 

The major findings from the study were discussed with respect to the proposed specific objectives 

and research questions for the study in relation to findings from previous related studies. To 

remind, this study was attempted to examine factors related with change in body weight and 

sputum conversion of PTB patients by constructing a separate model with the impact of different 

demographic and clinical factors at Debre Berhan referal hospital, Amhara region, Ethiopia. The 

separate longitudinal model for body weight of patients was assessed in Linear mixed model 

including both random intercept and slope models. The sputum conversion of patients was 

assessed using GLMM.  

Missing data arises within numerous of research fields and is clearly an issue that we must handle 

by care. Due to the missing values existing in some of observations in the dataset, in this study we 

had conducted a missing data analysis to minimize a potential Problems with missing data and 

attrition. In this case the most power full method was multiple imputation. Thus by using 5 

imputations, missing value was treated and analyzed. Regarding deviations from the actual data 

and imputed data, we found a variation between the observed data and the imputed data. The result 

obtained from imputed data was found to be better fit compared to the actual data. This finding is 

consistent with the previous studies of Weintraub et al, (2008) conducted on quality of life in 

patients with stable coronary disease using MI to impute intermittent missing scores in the dataset 

with repeated measurements, following the same time pattern as our study. 

In case of the separate analysis of body weight, different exploratory data analysis techniques 

including tabular and figurative methods as well as model based outputs from the inferential 

statistics were used to react the pre-defined goals. However, before this, the normality assumption 

was primarily checked using Shapiro-Wilk tests of normality including histogram and Q-Q plots. 

The actual body weight measured was selected for the normality of the mean response. The 

exploratory data analysis result for the mean structure were showed that the average progression 

of body weight was closely increases in a linear pattern over time. The profile plot showed the 

existence of variability in body weight across individuals. However, there was a moderate within 

subject variability. Furthermore, the mean profile plot indicated that, the mean body weight of 
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male patients was higher than that of female patients over the entire period, which coincides with 

the results of a study carried out by Kamal et al. 2015.  

In longitudinal study model selection is complicated by the presence of both fixed effects and 

random effects. Selecting the appropriate model that provides the best fit to the observed data is 

important. This can be starts from selecting the most optimal variance covariance structure that 

makes sense for the data. The covariance structure selected for this study was the UN based on 

minimum (AIC, AICC and BIC). An appropriate random effect model was selected using the AIC, 

BIC and mixture chi-squared distributions. Models of LMM with random intercept and slope 

model was better than the rest, which supports the results of Mersha F et al (2018) but contradict 

with the study of Djouma, et al, (2015) who found that Models with only random intercept was 

appropriate. 

From the final model of LMM with unstructured covariance structure, predictors such as age, 

height, sex (Male), smoking status (Smoker), BMI (Underweight and Normal), dose of anti TB 

drugs (Two tablet and Three tablet), HIV status (Positive), treatment outcomes (Transferred out), 

and Visit by sex (Visit*male), residence (Visit*rural), smoking status (Visit*Smoker), HIV status 

(Visit*positive), dose of anti TB drug (Visit*Three tablet) and age*visit were significantly 

associated predictors with body weight progression including intercept at 5% significance level. 

The significance of sex, age, HIV status and dose of antiTB drug are supported by Mersha., et al 

(2018). The association of body weight with the predictors of sex, dose of anti-TB drug and age 

also supported by Amare, et al, (2013).  

From the GLMM model, predictors such as age, height, base line body weight, sex (Male), 

smoking status (Smoker), dose of anti TB drugs (Two tablet), HIV status (Positive), treatment 

outcomes (cured), and dose of anti TB drug (Visit*Three tablet and Visit*Three tablet) and 

age*visit were significantly associated with conversion of sputum status at 5% significance level.  

Dose of anti-TB drug was significantly associated with sputum conversion. Patients who take 

lower dose of anti-TB drug were more likely associated with sputum conversion (from smear-

positive sputum to smear-negative sputum) than patients who take higher dose of anti-TB drug. 

On the other hand, at the end of the sixth months, patients who take two tablet had almost converted 

to smear negative results. In terms of treatment outcomes, this study revealed that 3(0.96%) of the 

patients were died, 290(92.36%) were curd, 8(2.55%) were transferred out and 13(4.14%) had 

treatment failures. In this study, the died rate of patient was higher than that of a study conducted 

by Asfaw et al., 2018 which was found to be 0.4%. HIV status was also significantly associated 
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with both patients’ body weight and sputum conversion. This was because HIV is the main risk 

factor increasing TB epidemic and that is the reason of a higher tendency of TB enrolled with HIV 

or HIV-TB co-infection accelerates the risk of the disease. This finding also consistent with a 

Previous study conducted by Mersha F et al (2018). 

5.2 Conclusions  

The conclusion of the study was concerned on results obtained from the data of Patients with 

pulmonary tuberculosis that enrolled in direct observation of TB treatment at Debre Berhan 

Referral Hospital from January 2015 to December 2018. This study included 314 patients attended 

in DBRH with examining their body weight evolution and sputum conversion over time during 

medication. To undergoing though, the main objective of this study was to identify factors related 

with body weight and sputum smear conversion using a separate model. The study dataset was 

carried out by linear mixed model and generalized linear mixed model with random intercept and 

slope model. Missing data analysis using multiple imputation for response variable body weight 

and sputum conversion found to be more essential, since results of imputed data of body weight 

and sputum conversion was better fitted the data. 

Results from analysis of the linear mixed model using unstructured covariance for longitudinal 

measured of body weight through time showed that smoking status, sex, BMI, height, age, dose 

of anti TB drugs, HIV status, treatment outcomes and the interaction effects of age, sex, residence, 

smoking status, HIV status and dose of anti TB drugs with time are significantly associated with 

the progression of body weight at 5% significance level. While, in generalized linear mixed model 

smoking status, sex, base line body weight, height, age, dose of anti TB drugs, HIV status, 

treatment outcomes were significantly associated with conversion of sputum status. Based on the 

results on average, the longitudinal body weight progression was significantly increases with an 

increase time. This collaborate with conclusion of LMM and GLMM from separate analysis.  
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5.3 Recommendations 

Based on the study, the following recommendations are forwarded:   

 More health workers should be trained on how to give health education to the public on 

the prevention and control of pulmonary tuberculosis and to give attention to the quality of 

the data. 

 Proper observation and follow-up of patients during treatment is needed.  

 Observations can be done by regular home visits of TB patients, formation of TB support 

groups, and usage of a family member as a treatment supporter.  

All these help in making sure that treatment protocol is followed perfectly leading to favorable 

treatment outcome.  
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APPENDIXES 

APPENDIX A: Summary Results of Some Selected Tables 

Table 5.1: Multiple Imputations result (5 imputations) 

Variance Information (5 Imputations) 

Variable Variance DF Relative 

Increase 

in Variance 

Fraction 

Missing 

Information 

Relative 

Efficiency 
Between Within Total 

weight_3 0.0001 0.2545 0.2546 310.99 0.0001 0.0001 0.998 

weight_4 0.0002 0.2528 0.2531 310.62 0.0011 0.0011 0.999 

Parameter Estimates (5 Imputations) 

Variable Mean Std Error 95% Confidence Limits DF Pr > |t| 

weight_3 53.899154 0.504592 52.90631 54.89200 310.99 <.0001 

weight_4 54.809039 0.503183 53.81896 55.79912 310.62 <.0001 

Imputation Results 

 

Variable  

Imputation 

methods 

Effects   

N 

Missing 

Values 

Imputed Values 

Imputed No imputed 

Visit 1 

Visit 2 

Visit 3 

Visit 4 

 

Monotone  

 Visit 1 314 0 0 

 Visit 2 314 0 0 

Visit3  310 4 20 

Visit4  289 25 125 

 

Table 5.2:  Parameter estimates with empirical standard errors under GEE 

Analysis of GEE Parameter Estimates 

Empirical Standard Error Estimates 

Parameter Category Estimate SE 95% Confidence Limits Z Pr > |Z| 

Intercept . -2.3170 1.3206 -4.9052 0.2713 -1.75 0.0793* 

Age . -0.0357 0.0143 -0.0637 -0.0078 -2.51 0.0122* 

Height . 1.8574 0.9069 0.0800 3.6349 2.05 0.0405* 

Baseline weight . 0.0252 0.0155 -0.0052 0.0557 1.63 0.1042 

 

 Sex 

Male -0.0707 0.2415 -0.5440 0.4026 -0.29 0.7698 

Female* 0.0000 0.0000 0.0000 0.0000 . . 

 

Dose 

 

Two tablet 0.2823 0.2511 -0.2099 0.7745 1.12 0.0113* 

Three tablet  0.0977 0.2025 -0.2991 0.4946 0.48  

0.0273* 
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Analysis of GEE Parameter Estimates 

Empirical Standard Error Estimates 

Parameter Category Estimate SE 95% Confidence Limits Z Pr > |Z| 

Four tablet* 0.0000 0.0000 0.0000 0.0000 . . 

 

BMI 

 

Underweight 0.4900 0.4405 -0.3734 1.3535 1.11 0.2660 

Normal 0.2947 0.4008 -0.4908 1.0803 0.74 0.4621 

Overweight* 0.0000 0.0000 0.000 

0 

0.0000 . . 

 

Residence 

Rural -0.2635 0.1790 -0.6143 0.0872 -1.47 0.1409 

Urban* 0.0000 0.0000 0.0000 0.0000 . . 

 

HIV 

Positive -0.6049 0.2967 -1.1863 -0.0234 -2.04 0.0415* 

Negative* 0.0000 0.0000 0.0000 0.0000 . . 

 

Smoking 

Smoker -0.4255 0.2728 -0.9602 0.1091 -1.56 0.1188 

Nonsmoker* 0.0000 0.0000 0.0000 0.0000 . . 

 

 

Treatment 

outcome 

Died  1.9927 1.6680 -1.2765 5.2620 1.19 0.2322 

Cured  2.8575 0.6746 1.5353 4.1797 4.24 <.0001* 

Transferred 3.9826 1.2012 1.6283 6.3369 3.32 0.0009* 

Failure  0.0000 0.0000 0.0000 0.0000   

Age with visit . 0.0803 0.0242 0.0330 0.1277 3.33 0.0009* 

Height with visit  . -6.0754 0.6903 -7.4284 -4.7224 -8.80 <.0001* 

 

Sex with visit 

Visit*male 2.1731 1.6913 -1.1417 -0.4880 1.28 0.0088* 

Visit*female 2.2502 1.5442 2.7765 5.2769 1.46 0.0151* 

Table 5.3 covariances parameter estimate for imputed data 

Covariance Parameter Estimates 

Cov Parm Subject Estimate Standard 

Error 

Z Value Pr Z Alpha Lower Upper 

UN(1,1) ID 0.2164 0.02442 8.86 <.0001 0.05 0.1756 0.2736 

UN(2,1) ID -0.1661 0.01887 -8.80 <.0001 0.05 -0.2031 -0.1291 

UN(2,2) ID 0.2264 0.01910 11.85 <.0001 0.05 0.1931 0.2690 

Residual ID 0.2652 0.004989 53.16 <.0001 0.05 0.2557 0.2753 
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APPENDIX B: Summary Results for Some Selected Figures 

 

 

Figure 5.1 histogram plot and QQ plot 
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Figure 5.4  Residual plot for multiple imputation  


