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Abstract

Background :Tuberculosis is a chronic infectious disedkat has long been one of the
major health problem. Survival analysis is acdfahethods used for analysis of the data which
exist until the occurrence of an event. Many red®ss on tuberculosis treatment have reported
varying recovery times. This research gets theamesrecovery time from TB in South West
Ethiopia by using parametric survival models.

Objective: The objective of this study is to identify the bpgedictors for the time to recovery
from tuberculosis and to compare different paraimeturvival models on the time to recovery
from TB.

Method: The study has been used the retrospective dderisal from 384 tuberculosis patients’
selected randomly from last three years in JUSHrvi8al analysis was used as the population
under study is changing, we only consider the iwldial risk torecovery for those who are still
ill, but this means that many standard statisapgiroaches cannot be applied. Parametric survival
models are statistically more powerful than norapaatric or semi-parametric models.

Result: Among the potential parametric models fitted, Gengp model was the best model to
study TB data. The covariatemge, body weight, dose level of drug, type of Té&idence and
HIV status were statistically significant covarsthat affect the time to recovery from TB. The
average time to recovery from TB was 172 days wsd€&5% (206) of patients’ were recovered
from TB.

Conclusion: The Gompertz model is the best model to study towecovery from TB data. From
the Gompertz model result we conclude that beidg miral residence, having Extra-pulmonary
TB, having HIV, lower doses and body weight at liasgrolonged the recovery tim@ovariates

significant in the Gompertz model are also sigaificin the Weibull model.

Key words: TB, Gompertz, Hazard, Weibull, Deviance residuals
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CHAPTER ONE

1. INTRODUCTION
1.1. Back Ground

Tuberculosis is contagious and airborne diseaseitasdoneof the most dangerous and killer
diseases. Tuberculosis is a bacterial disease c¢anamly by Mycobacterium tuberculosis. The
mode of transmission of Mycobacterium species freanson to person is well established.
Virtually new infections with MBT are acquired viirborne transmission. The sources of
infections are persons with tuberculosis of theylwmo are coughing and sneezing. Coughing and
sneezing produces air droplets containing baé&#itsons in the same household, or who are in
frequent contact with an infectious patient hawe gheatest risk of being exposed to the bacilli
(Murray and Lopez, 1996).

Detection of the bacterium by direct microscoparfreputum has been the main way for the
diagnosis of tuberculosis. However smear posittes among HIV positive tuberculosis patients
have markedly decreased and thus the most expearsiviéme taking culture technique was used
for the diagnosis of tuberculosis. Important chadles for TB control were HIV co-infection and
multidrug resistance. HIV co-infection is the sigest known risk factor for progression of latent
TB infection to tuberculosis disease. Although Hi¥infection has been shown not to affect the
failure rate of TB treatment, high mortality hagbheeported among HIV-infected TB patients in
sub-Saharan Africa (FMOH, 2008).

Ethiopia rankseventtamong the world's 22 countries with a high tubersisl burden. Based on
the WHO estimates, the incidence of TB of all foim&thiopia was 341 per 100,000 population
while smear positive TB was 152 per 100,000 poprafThe prevalence of all forms estimated
to be 546 per 100,000 populations and mortalitjuberculosis 73 per 100,000 during that year
(WHO, 2012).

Since 1995, 56 million people were successfullgted for TB in countries that had adopted the
WHO TB strategy, saving 22 million lives (WHO, 201 developed countries where TB drug
supplies are not a problem, it is assumed that trediagnosis of TB is made and the treatment

instituted, the outcome will be a cuidowever, even in developed countries with low iecice



of TB, treatment failure can lead to rising TB gm#nd consequently multidrug resistance was
observed in New York City in 1988Daniel, 2011).

The main objectives of TB treatments are: to recpthee patient’s from TB by rapidly eliminating
most of the bacilli; to prevent death by its lafeets; to prevent relapse by eliminating the dantna
bacilli; to prevent development of drug resistabgaising a combination of drugs; and to reduce

transmission to others.

The first line anti-TB drugs are a multidrug whicbntains usually a mixture of four antibiotics.
These are: Isoniazid, Rifampicin, Pyrazinamide &dfhbutol (WHO, 2009; Bong Ngeasham
Collins, 2012). Although a TB patient may feel bettif he/she don't finish treatment the TB
bacteria are still in their body. This become sesig ill and develop drug-resistant TB. Treatment
of multi drug resistant TB (MDR TB) is more diffikuhan the treatment of drug susceptible TB,
and it requires the use of "second line" or resengs that are more costly, cause more side
effects, and the drugs must be taken for up to years. Cure rates for MDR TB are lower,
typically ranging from around 50% to 70%nishing treatment is the only way to cure tub&rsis
completely (WHO, 2011)he TB patient will need to have TB treatment foleast six months,

to make sure all the TB bacteria are killed.

The primary objective of the TB treatment is toonesry the patients while the time to cure is the
second issue to be considered. People generally wanediate relief and may switch off a
medicine mid-course if they perceive it isn't waigior if the medicine makes them sigkith any
medication, it is possible to have side effecteréhs a heavy stigma associated with having TB
and the consequent isolatidn.rural Ethiopia, neighbors isolate patients witd. People do not
want to tell others if they are diagnosed with hgviB, even if they are successfully treated and
recover (WHO, 2011).

Many researches on tuberculosis treatment have tegeEnmted varying recovery times. It was
reported that if TB is detected early, it can l@sated in six months whiles it takes between six to
ten yearsto treat for late detection (Gavrilenko, 2001)idtreported that the addition of the
antibiotic moxifloxacin to the usual TB drugs redacrecovery time from six to four months
(Dioggban and Michael, 2012).



Tuberculosis is a curable disease so we have teiniote to recovery from TB rather than time
to death. To model the time to recovery from TESwuth West Ethiopia, 384 TB patients’ data
were collected from JUSH. The time of treatment wetermined by calculating the difference

between initial time and outcome of treatment time.

In Ethiopia, barriers to modern medical treatmemt®B include lack of money, transportation,
and clinic availability. The most common experieigcthat people with TB can't get medicine and
they die. Many times the treatment of illness ivesl a combination of modern and traditional
remedies. People reported various causes of TB;-Ooaft, Wind, Clash of cold and hot air,
Strong Heat, Sunlight, Bad sanitation, Progressiom other illnesses, like pneumonia or a
common coldMich (mich is sickness due to the clash of cold and hot @ioptagion by sweat,
human touch, spit in the air, fault, bad behawares, curse, taboo behavior. Other factors were
reported as contributing to causing TB, includiMalnourishment, Weak immune system and
Stress (WHO, 2011)he risk factors in this study include: residermge, and sex, HIV status,
body weight. The factors of TB treatment include B type and dose level of drugs with

demographic and socio-economic factors.

The statistical analysis of lifetime data (timeeteent) plays an important role in medicine because
we are observing something that develops dynaryiocakr time. There are two points related to
this development of survival data. First, Survitiahes are usually a mixture of discrete and
continuous data that lend themselves to a diffengre of analysis. The Kaplan-Meier estimator
of the survival function is a major step in the eleypment of suitable models for such kind of data.
Second, most evaluations are made conditionallylwat is known at the time of the analysis, and
changes over time (Kaplan & Meier, 1958). Usuadly,the population under study is changing,
we only consider the individual risk tecovery for those who are still ill, but this medhat many
standard statistical approaches cannot be apple non-parametric methods work well for
homogeneous samples, they do not determine wheth®st certain variables are related to the
survival times. This need leads to the applicabbmegression methods for analyzing survival
data. The standard multiple linear regression msdebdt well suited to survival data for several
reasons. Firstly, survival times are rarely norgndiktributed. Secondly, censored data result in
missing values for the dependent variable (suntivag) (Klembaum, 1996).



Models based on the hazard function have domiraiedval analysis since the construction of
the proportional hazards model by Cox in 1972. Th& proportional hazards (PH) model is now
the most widely used for the analysis of survivatiadin the presence of covariates or prognostic
factors. One of the reasons this model is so popsibecause of the ease with which technical
difficulties such as censoring and truncation aedbed. This is due to the appealing interpretation
of the hazard function as a risk that changes brer. However the Cox PH model may not be
appropriate in many situations and other modifaratisuch as stratified Cox model or Cox model

with time-dependent variables can be used for tladyais of survival data. (Klembaum, 1996).

The accelerated failure time (AFT) model is ano#iarnative method for the analysis of survival
data. The second important regression model iniglranalysis is the accelerated failure time
model AFT (Lawless, 1982). We use parametric satumodels when the assumptions of Cox-
PH should not fulfilled. Parametric survival modelse statistically more powerful than non-
parametric or semi-parametric models (Elvan Akthikyat. et al., 2010). The purpose of this
thesis is to compare the performance of the diffieAd=T models. This will be studied by means
of real dataset which is collected from tuberclid@3B) patients in JUSH. A survival analysis was
conducted by using Exponential, Weibull, Gompe®amma, Loglogistic and Lognormal

distribution models.



1.2. Statements of the problem

Tuberculosis is an important global health probléimout one third of the world population has
latent TB which means, people have been infecte@iBpacteria but are not yet ill with disease
and cannot transmitted the disease. Without propatment up to two third of people ill with
tuberculosis will be die (WHO, 2012). It ranks he second leading cause of death from a single
infectious agent, after the HIV/AIDS. Tuberculosigoses a high burden of human suffering and
loss. In the Worldwide, 8.6 million new cases ar@l rillion deaths reported in 2012. About 3
million people who developed TB in 2012 were misigahational systems from treatment. WHO
estimates the toll of TB mounts annually to 3 roillideaths till 2020 and the global burden of TB
infection will reach more than one billion. Surpmigly more than 80% of the disease burden comes
from the poor resourced countries where the rateerhergence is faster due to poor TB control
and spending extremely in adequate treatment (\W28D2). According to WHO report in 2013,
Ethiopia was7" among the 22 highest TB-burdened countries aiftlatbong the 27 highest
MDRTB burdened countries. This study is necessanypadel the time to recovery from TB in
South West Ethiopia.

Most researches have been done on the time to ffeathTB rather than time to recovery from
tuberculosisParticipants reported that many Ethiopians fullyaewwhich illnesses are curable
and which are not, including TBRecovery from TB is recognized in someone's weayid
appetite gain. Of the thesis done on the time ¢covery from TB they report different recovery
times from TB (Dioggban and Michael, 2012). Accated failure time model performs better
than the proportional hazard model in applicatiwhere the effects of treatment are to accelerate
or delay the event of interest (Kay and Kinnersg902). Hence this study addressed the following
research questions:-

1. What is the average time to recovery from TB fa thse of South West of Ethiopia?

2. Which type of TB prolonged time to recovery from it

3. What are the covariates influencing the time t@vecy from TB; and

4. Which model is best to predict the recovery tinwafrTB?



1.3. Objectives
1.3.1. General objective

The general objective of this study is to identig best predictor factors for the time to recovery
from tuberculosis and to compare parametric suhvivadels on the time to recovery from TB in
South West Ethiopia.

1.3.2. Specific objectives

The specific objectives of this study were:

» To identify the TB Type that prolonged duratiorretovery ;

» To investigate important covariates that signifitaassociated with time to recovery from
TB;

» To compare different parametric survival modelstiime to recovery from TB ;

1.4. Significance of the study

The TB treatment has the advantage of recoveryptteents and indirectly preventing the
transmission of the diseases from the patientaatrmal persons. The purpose of this study was
to develop evidence based policies, strategiestamtiards for TB prevention, care, and control.
That means this study results may be used in thetanmg and providing leadership on matters
critical to TB. The study can be used for publialtie and policy makers to make decisions and
plan for future treatment control. The study is artpnt to give care to reduce complications,
costs, TB related illness and premature death.llffitamay use as references material for

researchers that will be study on the TB.



CHAPTER TWO

2. LITERATURE REVIEW

2.1. Definition and general overview of tubercusis

According to the standard definitions of the Nasibfiuberculosis and Leprosy Control Program
guideline (NLCP) adopted from WHO (MOH, 2008) tledldwing clinical case and treatment
outcome definitions were used:

2.1.1. Pulmonary TB (PTB)

A patient with at least two sputum specimens whiehe positive for AFB by microscopy, or a
patient with only one sputum specimen which wastpesfor AFB by microscopy, and chest
radiographic abnormalities consistent with activénpnary TB smear positive. A patient with
symptoms suggestive of TB, with at least two spuspecimens which were negative for AFB by
microscopy and with chest radiographic abnormalitiensistent with active pulmonary TB or a
patient with two sets of at least two sputum specaisntaken at least two weeks apart, and which
were negative for AFB by microscopy, and radiograjgbnormalities consistent with pulmonary
TB smear-negative and lack of clinical responseone week of broad spectrum antibiotic
therapy(MOH, 2008; Teklu B.,1993).

2.1.2. Extra- pulmonary TB (EPTB)

This included tuberculosis of organs other than lthegs, such as lymph nodes, abdomen,
genitourinary tract, skin, joints and bones, meaggtc. Diagnosis of EPTB was based on fine
needle aspiration cytology or biochemical analysfeserebrospinal/pleural/ascitic fluid or histo
pathological examination or strong clinical evidenconsistent with active extra-pulmonary
tuberculosis, followed by a decision of a clinici@ntreat with a full course of anti-tuberculosis
chemotherapy. In all the cases of EPTB, sputum @xaons and chest radiographs were used to

investigate the involvement of lung parenchyma (MQ608; Belay T. et al., 2009).



2.1.3. Tuberculosis treatment outcome

The TB treatment outcome is divided into seven gmies according to NLCP and WHO
guideline. These categories were: Recovery (fimidheatment with negative bacteriology result
at the end of treatment), Completed treatmentdffied treatment, but without bacteriology result
at the end of treatment), Failure (remaining snpeaitive at five months despite correct intake of
medication), Defaulted treatment (patients whormigted their treatment for two consecutive
months or more after registration), Died (patiemts died from any cause during the course of
treatment), Transferred out (patients whose treattmesults are unknown due to transfer to
another health facility) and Successfully treatadpétient who was recovered or completed
treatment). In this study we categorized the abi®dreatment out comes in to event recovered
and censor (non-cured or failed) (WHO, 2012).

2.1.4. Cause and transmission of TB

Tuberculosis is a chronic infectious disease maialysed by mycobacterium tuberculd®g B).
The main source of infection is untreated smearttipespulmonarytuberculosis (PTB) patient
discharging the bacilli. It mainly spreads by aimm route when the infectious patient expels
droplets containing the bacilli. It is also tran#ted by consumption of raw milk containing
Mycobacterium (Teklu B., 1993).

TB affects many parts of the body, it mainly affettie lung. Its clinical presentation, therefore,
depends on the site of infection, the organ afteated its severity. Patients with PTB present with
pulmonary symptoms (like productive cough, haemsiptychest pain and shortness of breath),
constitutional symptoms (like fever, poor appetitégight loss, night sweats and anorexia) and
other symptoms depending on the site of the irdaciMOH, 2008).

Understanding of the symptoms is important to imfdine community about the symptoms to seek
medical advice and to inform health workers in oftdeincrease the index of suspicion to easily
pick suspects and detect tuberculosis cases pimgeénthealth institutions. Early detection of the
cases and prompt treatment are crucial for TB obrikB diagnosis mainly depends on the clinical
presentation of the disease and identificatiorhef daffending bacilli. Many TB diagnostic tests
are available although no single diagnostic tastBexists that can be performed rapidly, simply,

inexpensively, and accurately as a stand-aloneTésis, the diagnosis of active TB is a clinical

8



exercise; and sputum microscopy remains the mairtdtaliagnosis because of its availability,
operational feasibility and ability to identify tieghly infectious forms of TB, the smear-positive
PTB cases (MOH, 2008).

2.1.5. Risk factors of Tuberculosis

Studies done in Hawasa city showed that age, wesgtgar negative pulmonary TB, dose of anti-
TB drugs, and HIV status were all factors assodiatgh death of TB patients during the period
of DOT (Debebe and Alemayehu, 2012). The commok fastors for the TB were given as

follows:

Age: The risk of TB infection increases with age frorfaimcy to early adult life, probably, because
of increasing number and frequency of contagi.is mainly a disease of adults in the age group
of 15 - 49 years. In a population where the trassian has been stable or increasing, the incidence
rate is higher in children mostly because of reagfieiction or re infection. As transmission falls,
the case load shifts to older adults mainly becanfseeactivation of LTBI at later Ages

(Rajagopalan, 2001).

Sex:ManyReports showed that men account for high propodforotified TB cases than women.
This was explained by sex (biological determinamigpession from TB infection to disease is
likely to be faster for women compared with merhair reproductive years) and gender (socio-
cultural determinants influencing access to TB daagling to differential access to health care
(like economic problem, inability to make decisippsor health seeking behavior and stigma) that
compromise the women'’s ability to utilize the aghle health service. In addition, higher risk of
HIV infection among women makes them susceptibldeieelop active TB. Tuberculosis is the
leading infectious cause of death in young womeateweloping countries. This could be worse in
settings with health services insensitive to gerspecific needs. Studies that consider the
interplay of biological, socio-cultural and healijzstem determinants of sex and gender-based
differences are needed to understand how and wiyencre affected (Baltussen. et al., 2005;
Wikstrom, 2011).

ResidenceMore TB patients were reported from urban thanlram@as because of overcrowding,
poverty and HIV infection. In contrast, the presdnt@wer risk of TB infection in rural settings

could be misleading and should be cautiously takémgh burden countries. In the rural settings,
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access to the health service is limited; healtlkingebehavior is poor and the living condition
favour disease transmission. As a result, undedstgrihe burden of TB in rural areas will have a

wider implication for TB control in such setting3grhane. et al., 2008).

Tuberculosis and HIV co-infection A complex interaction exists between TB and Hiféction.

HIV increases the risk of infection, as it reactesaLTBI and increases the progression to active
disease. TB-HIV co-infection has fatal consequeseEB becomes the leading cause of death in
HIV infected individuals and patients with acquinedmunodeficiency syndrome (AIDS). HIV
lowers the host’s immune response to MTB. Theitifetrisk of developing active TB in HIV
infected individuals is 10% per year compared Widtime risk of 5 - 10% in individuals without
HIV. As a result, the TB case notification rate [Nhas increased four to six fold in sub-Saharan
Africa (Shane, 2005; Amare Deribew. et al., 2009).

Socio-economic conditions:TB has been associated with factors linked to smdonomic
deprivation: poverty, overcrowding and malnutritidrhe magnitude of TB is high among the
poor, displaced, homeless, drug addicts, elderlglnaurished and women (Reichman and
Hershfield's, 2006).

2.2. Global tuberculosis control

History of TB control started from attempts of tieg unidentified cause to treating cases infected
with the bacilli, from no remedy to effective trewnt, from compulsory isolation to chemical
isolation (treating infectious cases with anti-TRIgk), and from vertical to integrated approach
where the service delivery was progressively deabm¢d to peripheral health institutions in the

communities (Raviglione. et al., 2001).

Robert Koch'’s identification of the bacilli and tipeoposal to isolate patients was followed by
compulsory isolation of the patients as the mainggple of TB control. This included social
support and contact examination in TB clinics (twate accessible and open at convenient time

for the patients).

Global efforts to control TB were strengthened391, when a World Health Assembly resolution
recognized TB as a major global public health pgoblTwo targets for TB control such as 70%

of case detection rate and 85% of recovery rate \@stablished as the part of this resolution.
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Eventually these two targets were embedded witleiXOTS strategy launched by WHO in 1994,
and subsequently endorsed by the WHO STOP TB e§rah 2006 (WHO, 2006).

2.3. Tuberculosis control in Ethiopia

The NTLCP was started in 1992 and Ethiopia adofitedVHO recommended DOTS strategy in
1995. According to WHO report in 2012, 21.6 per @0Qortality from TB in Ethiopia was
reported. Tuberculosis is among the leading canfse®rbidity and mortality in Ethiopia (FMOH,
2007). According to the national routine report atite global TB report 2012, more than
155,000 new TB cases of all forms are alyusotified. Drug resistant TB has also become
a major challenge of the TB control program in Bfi&. According to the first national drug
resistance survey completed in 2005, the chtdMDRTB is 1.6% and 11.8% among new
and previously treated cases, respectively.

The study done on 4224 patients in the Gambellameshowed that, 2579 (61.1 %) of the patients
completed their treatment (Getahun. et al., 20L0¢ Cox-PH analysis of time to delay from the
treatment of TB in Jimma zone showed that residentiee main factor of delaying time and the
median of delaying is 10 weeks. Among the toteb&B, 245 (43.4%) smear positive pulmonary,
91(16.1%) were smear negative pulmonary whileefieate extra-pulmonary (Ayalew & Meseret,
2009). The majority of papers done on the TB aresictered the time to death, rather than time to
recovery. This thesis is considered time to recpfrem TB and identify the covariates associated
to TB.

A study done on 422 patients in Addis Ababa citgvebd that generally over all knowledge
and attitude of TB patients about TB and tisatment were low in Addis Ababa city the
creation of awareness on TB was recommended (S&04it).
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CHAPTER THREE
3. DATA AND METHODOLOGY

3.1. Data source and study area

The study had been carried out at Jimma UnivelSggcialized Hospital, Jimma Zone, South
West Ethiopia. Jimma town is the main city of Jimroae and located 350 kilometers away from
Addis Ababa in the South West direction. The Zandound in Oromiya Region with a total
population of 2,788,390 according to 2007 natiasaisus report. It covers an area of 199316.18
Kilometre squares and an average altitude of aBb80m above sea level. The zone has warm
and humid climate with a mean annual maximum teatpes of 33°C and a mean annual
minimum temperature of 10°C. It lies in the clincatbne locally known as ‘Woyna Daga’ which

is considered ideal for agriculture as well as harsettiement.

Jimma town has two governmental hospitals and theaéth centres’s which provides health care
services for Jimma. Jimma University Specializedspital (JUSH) is one of the oldest public
hospitals in the country. It was established inQLB3C during the Italian occupation for the service
of their soldiers. It became the only teaching eafdrral hospital in the southwestern part of the
country. It provides services for approximatelyd®@@npatient and 80,000 outpatient attendances.
It has a bed capacity of 450 and a total of maae #60 staffs of both supportive and professionals.
The data was collected from Jimma University Spezeid Hospital (JUSH) only because it is
referral, oldest and had more information thanléffichealth centers.

The National health policy of Ethiopia emphasizesdevelopment and provision of equitable and
acceptable health service to the people. Jimmaddsity Specialized Hospital is the hospital that

give DOTS program in South West Ethiopia.
3.2. Study design

A retrospective data was collected from the prodited treatment outcome of all tuberculosis
patients’ registered from September 1, 2004 to Bihe2006 at DOTS Clinic. The registration
documents reviewed contain basic information suglpatient's age, sex, address, tuberculosis

type, and treatment outcome.
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3.3. Sample size determination

Among all TB patients who placed under TB followingpetween September, 2004 to June 2006
in JUSH, 1769 patients those fulfilled the inclusiriteria had been taken as study population.
Therefore, among the total of 1769 TB patientsilfatf the inclusion criteria during the study

period, 384 patients’ information selected usingd@m sampling technique.
3.4. Study variables

For any type of statistical modeling we have twpety of variables which are known as response
variable and the independent covariates.

Dependent variable: Time to recovery from TB was the dependent variabléhe study. The
patient was said to be recovered from TB if theigpatfinished treatment with negative
bacteriology result at the end of treatment. P&ievho died, who are lost to follow up or got
treatment failure, or whose recovery time excedbleceight month in the course of the treatment
were considered as censored. The pulmonary TBiezdtneeds an average of six months while
the treatment of extra pulmonary TB needs more g#itamonths. The eight month is selected
since the study include both TB types.

Independent variables: The independent variables included in this studsevaemographic and
clinical factors. Two of these covariates are agumius while five of them are categorical
covariates (Table3.1). The dose level is categdrmeording to WHO and CDC programs (WHO,
2009; CDC, 2014).

Table 3.1: The covariates used in the time to regpfrom TB model

No. Variable Description Values/ codes

1 Age Age Years

2 Sex Sex O=Female, 1=male

3 TBT Type of TB O=Extra pulmonary ,1= pulmonary
4 Resident Residence O=Urban , 1=Rural

5 BW Body weight Weight in kilograms

6 HIV HIV status O=Positive, 1=negative

7 Dose Dose of drugs 0=I1, 1=IlI, 2=IV.
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3.5. Inclusion and exclusion criteria
Inclusion criteria: All TB patients whose age more than five years weckided in the study.

Exclusion criteria: Exclude patients that had ever received any TBtrment before the study

period.
3.6. Methods of data analysis

3.6.1. Censoring

The background of this report is the analysis wietito-event. That is, data are related with the
individual time elapse in certain situation or stakhe main characteristic of these data & th

issue of censoring which occurs when theogsr of time for some individuals cannot be

completely observed. The presence of censorirkemthese data unsuitable to analyze with
traditional regression method and hence, callap@ropriate or specific techniques and analyses,
usually called Survival Analysis (Hosmer and Lenoegh1999). Survival analysis consists of a

set of specialized statistical techniques usedudysresponse time data. In analyzing such data,
the main objects are to determine the length oétimerval spent in a state and the transition
probabilities from the current state to the entestatie (Gharibvand. et al., 2009).

The interest of this statistical tool is mainly éised on two distinguishing features of time data.
Firstly, duration (times) is non-negative valuesally exhibiting highly skewed distribution and

therefore assumption of normality may be violat8dcondly, the true duration is not always
observed or known. According to Hosmer and Lemesaaensored observation is one whose

value is incomplete due to random factors for eadfject (Hosmer and Lemeshow, 1999).

Right censored: An observation is said to be right cengprif it is recorded from its
beginning until a well defined time before its dirde. In other words, an observation is said to
be right censored if it begins at time initial aatminate before the outcome of interest is obskrve
(Elisa T. Lee & John Wenyu Wang, 2003).

3.6.2. Survival analysis

Survival analysis is the axiom used to describeattaysis of data in the form of times from a

well defined time origin until the occurrence ofns® particular event or end points. The main
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feature of survival data that renders standard aasthnappropriate is that survival times are
frequently censored (Hosmer & Lemeshow, 1999; @ol&903). The term survival data is now
used for all kind of events. In medical studiesenfthe main emphasis is the timing of event, time

to recovery from disease, time to death and tinfentsh the treatment.

Suppose there aresubjects followed over a certain time intervat)0The I" subject at times {ti,
i=1,2,...,n} and a (possibly censored) survival tithéo a certain endpoint. L&t denotes the
response for thd'isubject (time to eventy; denote the censoring time for tiesubject s denote

the event indicator

i = {1 if the event was observed (Ti = Ci) }
"“lo if the event was cenored (Ti < Ci)

The observed response yi=min[Ti,Ci]. The covariateimterest are denoted by Xi.

Let T denote a nonnegative random variable, reptegptime taken for recovery to occur. Let
f(t) and F(t) be the respective density and cunudalistribution functions of T. The distribution

of survival times is characterized by the survievadl the hazard functions.
Survival Function

The survival function is defined as the probabitttgt the survival time is greater or equal to t.

Hazard Function

The hazard function gives the instantaneous faiate at t given that the individual has survived

up to time t, i.e.

)= tim.. . P(t <T <DDtt/T 2t)’t 50
h(t) = ft) _ —dlog st) __ 32
S(t) dt
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The hazard function is the probability that an wdlial will experience an event. The survival
function is most useful for comparing the survipabgress of two or more groups. The hazard

function gives a more useful description of th& néfailure at any time point.
3.6.3. Non parametric survival modeling

The Kaplan-Meier Estimator is a nonparametric estimof the survival function which is not
based on the actual observed event and censomeg,tbut rather on the order in which events
occur will be applied to estimate the survival @bitity of the infected patients. This principle of
nonparametric estimation of the survival functisma assign probability to and only to uncensored

failure times. The log-rank tests are also appigetest the survival function by covariate values

(groups).

Letti<t<...... < kbe the ordered recovery times across two grougsp&e that dj failures occur
at tj and that rj subjects are at risk just prootjtj, =1, 2,3,..., k Let d ij and rij be the corresporgin
numbers in group i€ 1, 2). The log-rank test compares the observedoeuwf recovery with the
expected number of recovers for group i. Considemnull hypothesis: $t = S2¢) i.e. there is no
difference between survival curves in two groupse@ rj and d j the random variablg Has the

hyper geometric distribution.

( ])( rj— : )
di1j/ \r1j—dij
(rj)
rij

Under the null hypo thesis, the probability of reexy at t (j) does not depend on the group, the

probability of recovery at t(j) isf—]_j.

k

Z(dlj i T dj/rj)

j=1
k ijrljdj(rj _dj)
=1 |rj2(rj —1)|

x’logrank =

, this statistic approximatg@with 1 degree of freedom

There are two approaches to estimate the surviaaard function: parametric approach and

empirical approach. The parametric approach spgsdifie parametric model while non-parametric
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or semi-parametric models popular in medical s@ema this study we focused on parametric

models since the proportional assumption of CoxidPibt full filled.

3.7. Parametric survival analysis

The Cox model is the most widely used survival niadéhe health sciences, but it is not the only
model available (Kleinbaum & Mitchel, 2012). In tharametric model, survival time is assumed
follow a known distribution. The commonly used pagtric survival time models are:

Exponential, Weibull, Loglogistic, Lognormal, Gamiad Gompertz distributions (Xian, 2012).

3.7.1. Exponential distribution

The exponential model X Exp @) is the simplest parametric model because it Inds @ scale
parameter and assumes a constant risk over tingepidability to cure within a particular time

interval depends only on the length but not onltmation of this interval. Probability density
functionf(x):)le‘”x is characterized by parametgris positive integer. This model has:
S(t,A) = exd- At), survival functionf(t,A)=AexpEAt), probability density function and

h(t,/l) = A hazard function. In and of itself, not reasonablmany applications: hazards usually

not constant overtime.

3.7.2. Weibull distribution

The Weibull model introduced by Waloddi Weibullif39.This is an important generalization of
the exponential model with two positive parametd@ise shape parameter in the model allows
great flexibility of the model and different shapdghe hazard function. The convenience of the
Weibull model for empirical work stems on the oranth from this flexibility and on the other
from the simplicity of the hazard and survival ftinn. Characterized by a scale paramaterO
and a shape parametgr 0

St,A,y)= exd—)lty)

£(t,A,y) = it expl- At?)

ht,A,y) = A"
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Hazard decreases monotonically with timg € 1, hazard increases monotonically with timeg if
> 1 and hazard is constant over timg ifalue is 1. The Weibull distribution is inappropriate when
the hazard rate is indicated to be unimodal ortbtshaped (Jiezhi, 2009).

3.7.3. Gompertz distribution

British actuary Benjamin Gompertz made simple bupartant observation that a law of
geometrical progression pervades large portiondiftdérent tables of mortality for humans in
1825. A random variable follows a Gompertz disttidw with parameterst > 0 andy > 0 (T~

Gompertz (1, v)), if the following relations hold:

S(t,)l,y) = exd_/‘y_l exdyt)—l)
£(t.4,y)= exdﬂ)exp(—/ly‘l exdyt)—l)
h(t,A,y) = Aexdjt)

Gompertz distribution can also be presented wgR fory < 0 the hazard is decreasing and the
cumulative hazard is not goingdowhen t— « — A part of the population will never experience
the event (Kleinbaum. et al., 2012). The Gompaeutzisal model is the best model applicable for
recovery data (Lee and Wang, 2003; Ohishi, Oka&udahi, 2009; Willemse &oppelaar, 2000)

3.7.4. Loglogistic distribution

An alternative model to the Weibull distributiontlse Loglogistic distribution. The Loglogistic

distribution has a fairly flexible functional forrit,is one of the parametric survival time models
in which the hazard rate may be decreasing, intrgaas well as hump-shaped that is it initially
increases and then decreases (David Hosmer, 20&R). The distribution imposes the following
functional forms on the density, survival and hdzak random variable T has a Loglogistic

distribution if log T has a logistic distributiomé Characterized by two paramete@ndy > 0
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The median event time is only a function of theapagte. Median (T) = exp (). This model
is suitable for half censored data (Gupta, etlal99).

3.7.5. Lognormal distribution

Resembles the Loglogistic distribution but is mathécally less tractable. A random variable T
has a Lognormal distribution if log T has a normiskribution. Used for peaked hazard functions
(Tai. et al., 2007)Characterized by two parameters p ard0

s(0)=1- w["’g‘% A

o loglt)-4)

4 =X;B is the parameterization armd is the standard normal distribution. The mediaangvs

only the function of parametgtr median (T) = expy).

3.7.6. Gamma distribution

Gamma distribution, for its compliance with theipat data, is a suitable distribution to use in
survival distribution models (Ponnuraja & Venkates2010). A lifetime T has a gamma
distribution if forA > 0 andB > 0,

F(tA,8)= ”Ezﬂ')l exd-1t) |t >0

St,A, B) :1—%]}’“ exp(—u)du, t >0
Wherel is a scale parameter whjlds a shape parameter.

3.8. Model estimation

Before any distribution can be fit to the data,gheameter values need to be estimated. The method
of choice for parameter estimation is maximum Ikebd estimation (MLE). For survival data, the
likelihood function is:-
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1-0

L(6) = |j[f .0)°[sti,6)] -----------"-"—"""""— 33

Where6 is parameter of interest, f(ti) is the probabilignsity function, S(ti) is survival function,
and ti is failure time. The values of the paranetdat maximize the likelihood function also
maximize the log likelihood function because of)(ti)S(ti).

n 1-3
Log(L(6)) = log([ ] [t 0)°[s(t.6)] )

1-4d

=Iog(|j [, 0)slti, 6))°[s(ti. 6] )
=" dloglh(ti,8)S(ti, 6)] + 21) (L~ d)log[s(ti, 6)]

=" alog[h(ti,8)] - H(ti,6)- Z (L-d)log[H(ti, 8],

i=1
Where log[S (ti§)] =-log [H (ti,0)], which is negative of cumulative distribution.

A likelihood ratio test is a statistical test usgeccompare the fit of two models, one of which (the
null models) is a special case of other (the adtiive model. This likelihood ratio, or equivalently
its logarithm, can then be used to compute a peyadn compared to a critical value to decide
whether to reject the null model in favor of théeahative model. The use of likelihood ratio in

statistical inference is common (Royall, 1997).
3.9. Model selection
3.9.1. Akaike’s information criterion (AIC)

The exponential model, the Weibull model and logmdrmodel are nested within gamma model.
For comparing models that are not nested, the Akaiformation criterion (AIC) can be used
(Akaike, 1974) and it is defined as:-

AIC ==2(LL)+2(k+C) === === === — - mmm e 34

Where LL is loglikelihood, k is the number of conses in the model and c is number of shape
parameters in model. The addition of 2(k+c) cantmight of as a penalty if non predictive

parameters are added to the model. Although thefitesg model is the one with the largest log
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likelihood, the preferred model is the one with gmallest AIC value. But there is a difficulty in

using the AIC in that there are no formal statedtiests to compare different AIC values. When
two models have very similar AIC values, the chaenodel may be hard and external model
checking or previous results may be required tgguthe relative plausibility of the models rather

than relying on AIC values alone (Pan, 2001).

3.10. Model checking and diagnosis

The use of diagnostic procedures for model checidgran essential part of the modeling process
to check whether the fitted model is correct or. Adtere are different commonly used model
checking to evaluate whether the appropriate fonefiform for a covariate is used in the model

to assess the fitted model.

3.10.1.Cox-snell residuals

The residual that is most widely used in the anglgEsurvival data is the Cox-Snell residual, so
called because it is a particular example of theegad definition of residuals given by Cox and
Snell (Cox & Sell 1968; Cox & Oakes, 1984). The €nell residual for thefiindividual, i =
1,2,...,n, is given by properties and features of residualen survival outcome are modeled,
have been extensively studied in the literaturee Thx -Snell residuals are commonly used for a
direct assessment of excess events (i.e., to reubgcts that are poorly fit by the model), and fo

evaluating whether the appropriate functional féoma covariate is used in the model.

S(t:X) = [S,(£)]*PEXQr, in terms of hazardst (t; X) =h, (t) exp(BX). So, for each person

with covariates;;, S (t:x;) =[S, (£)]*P#*) then we can calculate

h; = —10g[S(T;; x;)] Or first predict survival probability at the actsarvival time for individual,

then log-transform it.

The residuals in right censored data constituteeasared sample of the unit exponential

distribution

e = Hi(t;") = —logS;(&;")
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Where H;(t;") and S;(t;") are the estimated cumulative hazard and surviworctfons,

respectively, for théfiindividual at the censored survival time.

Then the modified Cox-Snell residual is given by
MGl =1=A+rCi—————————mmm—— 35

> Plotting —log§(T;)) vs t should yield a straight line
> Plotting log [-log §(T;))] vs log (t) should yield a straight line throutife origin with

slope=1.

If the Cox-Snell residuals will not be symmetrigalistributed about zero and cannot be negative.

3.10.2.Martingale residuals

The modified residuals,; defined in equation (3.5) have mean of unity forcensored
observations. Accordingly, these residuals mighfusther refined by relocating the;  so that
they have a mean of zero when an observation snsoced. If in addition the resulting values are

multiplied by -1, we obtain the residuals

rMmi =g -ri—-—————-———-——-——————————————————————————————— 36
This residuals are known as martingale residuaisgeshey can also be derived using what are
known as martingale methods. In this derivatiof are based on the Nelson-Aalen estimate of

the cumulative hazard function.

3.10.3Deviance residuals

Although martingale residuals share many of the@@ries possessed by residuals encountered in
other situations such as in linear regression amalthey are not symmetrically distributed about
zero, even when the fitted model is correct. Thiswsiess makes plots based on the residuals

difficult to interpret.

The deviance residuals, which were introduced blyeffieau et al., 2000), are much more

symmetrically distributed about zero. They are redi by
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rDi = sign(rmi)[-2{rmi + dlog(d - rmi)}]/2 == === === === -~ 38
Whereryi is the martingale residual for th& individual, and the function sgn(.) is the sign
function. This is the function that takes the vatdeif its argument is positive and -1 if negative.

Thus, signi(ui) ensures that the deviance residuals have the sgmas the martingale residuals.

3.11 Ethical consideration

The Ethical clearance was obtained from Jimma Unitye department of Statistics. The official

ethical clearance was also obtained from Jimma &¥sity Specialized Hospital medical director.
Careful recruitment and training for data collestowas undertaken. To maintain the
confidentiality, the data collector and the supsovwill extract the necessary data from the patien

baseline and follow up card. The data obtaineddesh coded carefully for the analysis.
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CHAPTER FOUR
4. DATA ANALYSIS AND RESULTS
4.1. Descriptive statistics

The study was conducted retrospectively on 384 dtizpts admitted into JUSH in the South West
Ethiopia for the last three years. Of the 384iepés studied over the specified period, 252
representing 65.63% were males and 132 repiageB#.37% of the patient population used
were females. Among 384 TB patients registerethi®@DOT program 240(62.5%) of the patients
were came from Urban while 144(37.5%) were camm fRural areas. The percentage of patients
in dose levels II, lll, and IV were 54.17%, 32.81%)d 13.02% respectively. This means
208(54.17%) of the patients used dose I, 126(32)3tsed dose Il and 50(13.02%) of the
patients had used do&&of the anti-TB drug. About 289(75.26%) of thetipats had Pulmonary
TB, while 95(24.74%) were diagnosed with extra-Rutary TB. About 66(17.19%) of the
patients had HIV/ADS virus, while 318(82.81%) waeaa no HIV/AIDS virus.

From this study about 54 percent of the patierdgatéd recovered from TB while 46 percent
treatment failures. 166(69.2%) of urban residergsewecovered from TB during the study while
40(27.8%) of the patients were recovered from thralrpatients. A recovery proportion seems
lower for females 61(46.21%) than for males 145§8%). Proportion of recovery for HIV
negative groups 191(60.06%) was greater than ptiopoof recovery of HIV positive patients
15(22.73%). Pulmonary TB patients’ recovery was(69®1%) which was larger than Extra-
pulmonary TB patient’s recovery which was 16(16.84Pgoportion of recovery from TB by the
dose levels of the drug were almost the same. Helnegroportion patients recovered from TB
whose used dose Il, dose Ill and dose IV were 1088%, 70(55.56%) and 28(56.0%)

respectively.
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Table 4.1: Frequencies and percentages for catajjonvariates together with status of the events

in time to recovery from TB

Demographic and health variables

Status of the events

Variables Categories Total Recoverg€ensor Censor (%) Recovery
(%)
Type of TB Extra pulmonary 95 16 79 83.16 16.84
Pulmonary 289 190 99 34.26 65.74
Residence Urban 240 166 74 30.8 69.2
Rural 144 40 104 72.2 27.8
Sex Female 132 61 71 53.79 46.21
Male 252 145 107 42.46 57.54
HIV Positive 66 15 51 77.27 22.73
Negative 318 191 127 39.94 60.06
Dose level I 208 108 100 48.08 51.92
1] 126 70 56 44.44 55.56
v 50 28 22 44 56
Total 384 206 178 46.35 53.65

From table 4.2, the patients were followed up fenedian period of 166.5 days. The minimum

follow up time was 18 days and the maximum time 282 days. The average Age and Weight

of the patients’ in the study were 27 years andySGkspectively. The minimum Age of patients

was 5 years and the maximum Age of patient wase&dsywhile the minimum and maximum

body Weights of the patients were 15kgs and 74&ggectively.

Table 4.2: The descriptive statistics of contirgioavariates used in time to recovery from TB

Variable Mean Std. Dev. Min Max Median Q1 Q3
Age 27.09375 10.80405 5 70 2250 20 30
Weight 50.13227 8.50031 155 74 50.00 45 55
Time 158.362 29.79804 18 232 166.5 173
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4.2. Univariate survival analysis

In order to select variables in the model, firstvanate analysis is used to check all the
covariates associated with recovery time. To explhether there are significant differences
among different groups of categorical predgtwe employ the log-rank statistical test. The

null hypothesis being tested is that there is fileidince between the survival curves.

The log-rank test Table 4.3, indicated thatistiaally there is a significant differenad
survival experience among groups of TB type, Ki&tus and dose of drug used while sex is
not statistically significantly differenControlling for sex, the log rank test statis{il.3091,

Pr=0.2526) showed that there was no signifidéférence in recovery times for both sexes.

Table 4.3: The log-lank test among the categbviaaables of TB data in JUSH

Variables DF Chi-square P-value
Sex 1 1.3091 0.2526
HIV 1 22.2618 <0.0001
TBT 1 38.4050 <0.0001
Dose 2 29.6486 <0.0001

The pulmonary TB is more accelerated to cure tharaEpulmonary TB. The plot of the
survivor function for this is presented img.F.1. It could be observed that the two surwvivo
curves were the same until the"Sys when the curve for the pulmonary TBtsth a
gradual fall. The curves are distinguishable @aedve as a confirmation of the earlier ftesu
that there was statistically significant diffece in recovery times between pulmonary TB
and extra-pulmonary TB.
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Figure 4.1: The survival plot on type of TB of TBtd in JUSH

Similarly on the plots appendix B figurel, the desits of urban were accelerated to cure from
TB than the residents from the rural and the p&ithose had no HIV were accelerated to

recovery from TB than that of TB/HIV co infectedtieats.

From table 4.4, we have identified the covariatastically significantly included in the time to
recovery from TB. Accordingly TB category, HIV giat residence, age, dose of anti-TB drugs
and body weight are included while gender is rerddweusing forward selection of variables.
Table 4.4: The forward selection of the variablethie study

Variables Coef. Std. Err. z [95% Conf.interval]

TBtype 1.3632360.261993 5.2  (0.849738 1.876733)
HIV 1.005833 0.286335  3.51 (0.444628 1.567039)*
Residence -0.69201 0.178502 -3.88 (-1.04187 -0.34215)
Age -0.02613 0.00819 -3.19 (-0.04218 -0.01008)*
Dose 1.2265650.126667  1.98 (1.001815 1.501737)*

Weight 0.022562 0.009423  2.39 (0.004093 0.04103)*

*= pvalue less than 0.05
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4.3. Parametric survival model selection

Table 4.5 shows Akaike’s Information Criterion (Al@r the different considered models.
According to this criterion, among the desired nisde model that has the lowest AIC is the best
and the most efficient one. Therefore, in our gt Gompertz model was the best fitted model
to the time to recovery from TB data among otheapeetric models. Residence of patients, types
of TB, body weight of patients, age and diesel IV of the drugs were significant factors the
duration of recovery from TB under Weibull, and Gmertz model (Appendix A, Table 3Jhe
model using Gompertz model fitted the data belttantother models because it had smaller AIC
value which is 50.99097.

Table 4.5: The parametric survival model compassoiitime to recovery from TB data in
JUSH

Models  Exponential Weibull Gompertz Loglogistic af@ma  Log normal
AIC 607.9297 58.5392  50.9909 86.0368 58.25142 159.5004
BIC 639.5348 94.0950 86.5467 121.5927 97.75784 195.0562

-2LL 591.9300 40.5392  32.9910 68.0368 38.251  141.5004

Therefore we performed the time to recovery fromuBiBg the Gompertz model which is our best

model as shown below in Table 4.6. The slope adefft gamma y) value for time to recovery

from TB was 0.042985 which was greater than zeh® model estimated gamma was positive,
significant, and this implies increasing risk (habeof recovery with timeThe Gompertz model
showed that Residence of the patients, TB type HiNdstatus, body weight of patients, age, and
dose level of drug used were statistically sigaificfactors to time to recovery from TB in the data
of JUSH.

The hazard ratio value for age of patients’ wag44842, and it implies that as age increases the
risk of recovery from TB decreases by 0.025158. Admard ratio of the dose level of anti-TB drug
of dose levelll and dose levelV were 1.088487 of CI 0.802116 - 1.477099, an®49® of ClI
1.084629-2.555889 respectively while dose levképt constant. The dose IV of the anti-TB drug
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was statistically significant to the risk recovérgm TB at 5% level of significance; that means
dose level four was 1.66499 times more effectiamttiose two while dodk kept constant. This
shows that there was a statistical significanteddhce between the three dose levels of the drug to
recovery from TB.

The hazard ratio for TB type was 4.13976 and it feasd between 2.475238 and 6.923635. The
patients’ those who had pulmonary TB were 4.13@7i&< more recovery from TB than those had

Extra-pulmonary TB.

HIV status had statistically significant influenoa the survival time to recovery from TB. The
estimated hazard ratio was 3.277343 and found leetv#e895266 and 5.667264. The patients’
those had no HIV/ AIDS were 3.277343 times more@vecy from TB than those had HIV/ AIDS

virus.

If the weight increased, the risk of recovery frdB was also increases. For one kg increments of
weight of the patient the risk of recovery from ifBreased by 1.026 than the base weight. Suppose
we take an increment of Weight by 5 kg to make canispns. Then, the estimated hazard ratio for
a five kg increase in initial Weight will be 1.1426G-exp (5*0.026482). This means the risk of
recovery was 14% higher for a patient whose Wagybkg higher than another patient controlling
for other covariates in the model.

The hazard ratio for Residence was 0.4779 andstfaand between 0.334493 and 0.682829. The
patients’ those who came from urban were 0.522&dimore recovered from TB than those came

from rural. The Gompertz hazard model is given by:
h(t, x) = Aexp(jt)

h(t, x) = 4.1397TBT (pulm.)x3.2773HIV (neg.) x 0477 9Resi(rural ) x1.0269BW x 0.9749Age x
1.0849Dose(I11)x 1.6961Dose(1V) x exp(0.042%time)
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Table 4.6: The Gompertz hazard model of time tovecy from TB data in JUSH

Variables HR SE@) [95% conf. interval
ReSjrura) 0.477914 0.087005  (0.334493  0.682829)*
Tbtpumonary) 4.10287  1.076362  (2.453468  6.86112)*
HiV(negv) 3.270064 0.923905  (1.879588  5.689181)*
Weight 1.027582  0.01011 (1.007958  1.047589)*
Age 0.974842 0.008155  (0.958988  0.990957)*
Dose(lll) ~ 1.084958 0.169065  (0.799418  1.4724809)
Dose (V)  1.69616  0.371734  (1.103864  2.606262)*
Gammaf) 0.042985 0.002282  (0.038513  0.047457)*

Wald test =119.99 p-value = 0.0001
* = pvalue less than 0.05, HR=is hazard ratio

Gamma ) was the coefficient of the slope,

Afterwards, we evaluated and compared the congider®dels (Exponential, Weibull,
Lognormal, Gamma, Loglogistic and Gompertz) usimg €ox-Snell residuals. For each model,
we calculated the Cox-Snell residuals, estimater thurvival functions using Kaplan-Meier
method and, then, calculated the cumulative hahamdtions for these estimations. Finally,
according to Cox-Snell residuals, the hazard fomcgiraphs were drawn. Considering that the
closer the graph to the bisector the better fittemtlel to the data, we saw that in our study the

Gompertz model was the best fitted model to thdistlTB data of all (Appendix B, Figure: 4).
4.4. Model diagnostics

Before fitting the covariates into the model, prammal hazard assumption were checked by
plotting “Schoenfeld residuals, regressing Schddnfeesiduals against time to test for
independence between time and residuals and byiexaniog (-log (time) plots see (Appendix
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B, Figure. 3 & 5). Sex which violated the assummgiavas not included in the model by forward

selection of variables (Table: 4.4).

From fig.4.2 below data is not symmetrically distried about zero.
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Figure 4.2: Martingale plot of TB data in JUSH

From figure 4.3, the Cox-Snells plotted pointsdiea line that has a unit slope and zero intercept.
So there is no reason to doubt the suitabilityhcef fitted Gompertz model. We conclude that the

Gompertz model is the best fitting TB data basediand residuals plot.
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Figure 4.3: The Cox-Snell’s plot of the Gompertzdmloof TB data in JUSH.

From Figure 4.4, the deviance residuals to beivelgtwell behaved and it is almost symmetric
and the model is good fit. The deviance residuadsaarescaling of the martingale-like residuals

so that they are symmetric about zero and thus hikereesiduals obtained from linear regression.
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Figure 4.4: Deviance residuals plot used to evalosdel fit of GHM on TB data in JUSH
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CHAPTER FIVE
5. DISCUSSION AND CONCLUSISON
5.1. Discussion

The purpose of this study was to identify the Ipestlictor factors for the time to recovery from
tuberculosis and to compare different parametnigigal models on the time to recovery from TB
in JUSH. The study used the secondary data codleftten JUSH. Accordingly, descriptive
survival analysis, Exponential, Weibull, Loglogestcamma, Lognormal and Gompertz models

were compared. The results, obtained have beenssied as follows.

Emily L. Butler showed that, the Gompertz moddbéster than Exponential and Weibull models
when the data has different failure rates (EmilyButler, 2011). We confirmed Emily L. Butler,
because of the cure rate of TB patients almosttaohsip to hundred days of treatment and

exponentially increase after these days (see appBnéFig.4).

The Gompertz model is the best model to studyithe to recovery from TB for data from JUSH
by using AIC. While Ponnuraja and Venkatesan, a&gplikelihood based criteria for model
selection indicated that the Gamma model was tkeflieng parametric model for tuberculosis

clinical trial data (Ponnuraja & Venkatesan, 2010).

Jiezhi Qi viewed that, after comparison of all thedels and assessment of goodness of fit, found
that the loglogistic AFT model fits better, for domized placebo controlled trial to prevent
Tuberculosis in Uganda adults infected with HI\eghii Qi, 2009).

A study conducted by Nakhaee and Law showed tkatyival following a diagnosis of HIV
infection was modeled by applying parametric stavimodels on people who were only
diagnosed with HIV or HIV and AIDS registered iretmational surveillance system from 1997
to 2003. Likelihood based criteria for moddeston indicated that the Weibull model was
the best fitting parametric model for preshgt survival following both HIV and AIDS
diagnoses (Nakhaee and Law, 2011).
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The study showed that the types of TB, age, dosemi-TB drug, weight, HIV status and
residence of the patients were the covariatesfgignt to time to recovery from TB. A case study
done in the Hawasa city reported that the age,heitpses and residences were significant on the
time to death from AIDS/TB co-infection. Even thaufe above study had done on the time death
of AIDS /TB, the covariates included in the studgre/similar with this study (Fikadu, 2012).

The cure rate of patients in JUSH during this stwdg about 53.65% while 46.35% of the patients
were failed from their disease (TB). The cure matthis study was much lower than the NTP and
WHO reports. The NTP and WHO reported that evendghoot all health facilities have adequate
there was 70% of case TB detection rate and 85€arefrate by DOTENHO, 2006).The study

in Jimma Zone Kersa district showed that, the cate of smear positive PTB was 64.6%.

(Desalegn, 2012).

This study showed that the larger dose level isit@nt to recovery from the TB. From
Tuberculosis register review of American socigiy8% of patients under intensive phase
received below the recommended dose and 2aB®%ve the recommended dose. Similarly,
40.6% patients under continuation phase dtiment received below the recommended dose
and 4.7% above the recommended dose. In addditmg 21 children received the adult dose of
drug due to the absence of pediatric dose in ak.HRbis contrasts the NTP as well as WHO
standards; and also could cause drug side effeettbtoxicity (Jussi et al., 2006).

According to this study Pulmonary TB was more clgdhan that of TB on the other organs of

the patients. British healthy center reported Ehdmonary TB is treated using a six month course
of a combination of antibiotics while the extradmainary is 12 months (BHIV, 2014). This study

confirmed the time to recovery proposed by NTPAA4O, and British health center reports. The

study result shows that, the Extra-pulmonary TBdse®ore time to recovery than pulmonary TB

(WHO, 2013).

Taking medication for six months is the most effeximethod of ensuring that the TB bacteria
were killed. If the patient stops taking their &idtics before they complete the course or if you
skip a dose, the TB infection may become residtatite antibiotics. This is potentially serious,
as it can be difficult to treat and will requiréoager course of treatment. If treatment is congalet

correctly, the patient should not need any furtttezcks by a TB specialist afterwards. However,
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they may be given advice about spotting signsttiailiness has returned, although this is rare.
In rare cases, TB can be fatal even with treatmieaaith can occur if the lungs become too

damaged to work properly (CDC, 2014).

This study showed that the urban residents hadjtiek time to recovery from TB than rural
residents. The median time of urban patients’ tovery from TB was 169 days while the median
time of recovery of rural TB patients’ was 201 dafgsom the Gompertz model there was
statistically significant difference between resides of patients to recovery from TB. Studies
reported this was been the reason of that the resalents are economically low and far from the
healthy center (Daniel, 2011).

As the age of the patient increase the risk towegofrom TB is decrease. The studies done on
the South West Ethiopia showed that mortality ftbenTB increases by 3% in every year (Debebe
and Alemayehu, 2012). This result is the same thighresult we obtained that the risk of recovery
decreased with increase with age because deatlieandery were controversy. Most papers
reported that TB attacks adults than children beeaaf the more contacts and it's mode of
transmission. The weight and risk of recovery tneddirect relationship. The weight of the patient

decreased when caused by TB and increase wheheshetovered.

This finding showed that the recovery time of TBHN/TB co-infection was longer than that of
HIV un-infected patients. In the absence of dadanfclinical trials, it is not known if duration of

treatment of TB in HIV infected patients shouldlbeger than in HIV un-infected patients. The
few data that exist suggest that in HIV infectediqrds duration of treatment for tuberculosis

sensitive to first line therapy should be no défece to HIV uninfected patients (BHIV, 2014).

The study reported from Ghana showed that if T@etected early, it can be treated in six months
whiles it takes between six to tgrarsto treat for late detection (Gavrilenko, 2001). STktudy
confirmed the average recovery time reported from $tudy done on sixty one patients in
Northern Region, Ghana by using Cox-PH six monfhedgban & Michael, 2012).

The study done on the breast cancer in Turkey tepdhat Gompertz model is the best model to
study breast cancer among potential parametric lmdgeusing AIC (Elvan Akturk Hayat. et al.,
2010).
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5.2. Conclusion

Based on AIC and BIC the Gompertz model provideditable choice in order to model time of
recovery from TB for the data obtained from Jimnravarsity Specialized Hospital as compared
to other parametric models. The average time tovey from TB was 172 days which was
approximately six months. Age of patent, body wgigtlV status, residence, dose level of drug
used and types of TB are significant factors fometirecovery from tuberculosis. The Extra-
pulmonary TB was taken longer time to recovery frdB. The patients with HIV/TB co-

infections take more time to recovery from TB thiaat of the patients uninfected with HIV/AIDS.

From the Gompertz model result we conclude thahdaild, rural residence, having Extra-
pulmonary TB, Having HIV, lower doses and body virtigt baseline prolonged the recovery time.
From this study, we conclude that the Gompertz rmisdihe best fitting TB data based on both
AIC and residuals plot.

Inspite of different models suggested and recondee by many researchers, who followed
different methodologies in their experiments, tesutt of this study has a strong inclination for
the Gompertz method as the most suitable oneertibin other based on AIC for time to recovery

from TB studies.

36



5.3. Recommendation

The following recommendations have been given coricg the result of the study:-

The average recovery time from TB is 172 days. Tavery time depends on first line TB
treatment. | have recommend to further study onstieond line TB treatments and MDR-TB

duration.

The policy makers and health service providers kshgive special need for rural residence, those
having Extra-pulmonary and TB/HIV co-infection sinithey need prolong time to recovery from
TB.

Since different models suggested and recomnuerme many researchers, who followed
different methodologies in their experimenthe result of this study has a strong
recommendation for the Gomperz method as the nuitsthde one; better than other based on

AIC for time to recovery from TB.

Since the study used retrospective data colleataoh fTB patients’ card, the covariates like
smoking status, marital status, occupation, edod¢ivel and alcoholism are not included in the

study. Therefore | recommend for the future studintlude these variables.

Lastly, when the proportional assumption of Cox-BHither not satisfied or not checked the
parametric models are better to model the surdatd.
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Tables

Table 1: The survival estimate of Kaplan-Meier

APPENDIXES

Appendix A

Time Total Fail Lost Survival Std. error. [95% Conf. Int.]

18 384 0 1 1.0000

28 383 1 0 0.9974  0.0026 0.9816 0.9996
46 382 0 1 0.9974  0.0026 0.9816 0.9996
55 381 1 0 0.9948  0.0037 0.9793 0.9987
58 380 0 1 0.9948  0.0037 0.9793 0.9987
59 379 1 0 0.9921  0.0045 0.9758 0.9975
62 378 0 1 0.9921  0.0045 0.9758 0.9975
73 377 1 0 0.9895  0.0052 0.9723 0.9961
74 376 0 1 0.9895  0.0052 0.9723 0.9961
78 375 1 0 0.9869  0.0058 0.9688 0.9945
206 10 0 1 0.1709  0.0355 0.1081 0.2457
208 9 1 0 0.1519  0.0363 0.0893 0.2298
210 8 1 0 0.1329  0.0364 0.0719 0.2128
211 7 0 1 0.1329 0.0364 0.0719 0.2128
213 6 1 0 0.1108 0.0364 0.0524 0.1936
215 5 0 1 0.1108 0.0364 0.0524 0.1936
216 4 1 0 0.0831  0.0363 0.0298 0.1716
219 3 0 1 0.0831 0.0363 0.0298 0.1716
224 2 0 1 0.0831 0.0363 0.0298 0.1716
232 1 1 0 0
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Table 2: Cox-PH model assumption checking table

Variables rho chisq P
TBTplumonary -0.0233 0.113 0.737
sexmale -0.1584 5499 0.019
Age -0.0505 0.627 0.428
Bwt 0.0604 0.909 0.34
hivhegative 0.0495 0.53 0.467
dose 0.0673 0.759 0.384
residrural -0.037 0.287 0.592
GLOBAL NA 8.053 0.328

Table 3: The comparison results of the signifidantors of the potential parametric models

Variables  Exponential Weibull Gompertz Log logistic  Log normal
Coef.(Std. Err  Coef.(Std. Err.)  Coef.(Std. Err.) oef(Std. Err.) Coef.(StdErr.)
ReSjrray  -0.714 (0.179)* -0.723 (0.181)* -0.723 (0.182)*  98)0.027)*  0.147 (0.035)*
Tbtpumonay 1.308 (0.262)*  1.41 (0.262)* 1.412 (0.262)* 072(0.036)* -0.275 (0.046)*
Hivinegyy  0.758 (0.272)*  1.069 (0.279)* 1.185 (0.283)* -61®.041)* -0.166 (0.050)*
weight 0.014 (0.009) 0.025 (0.009)* 0.027 (0.009)* -0.003 (0.001)  -0.003 (0.002)
age -0.018 (0.008)* -0.025 (0.008)*  -0.025 (0.008)*0.004 (0.001)*  0.003 (0.002)*
Dose Il 0.092 (0.154) 0.094 (0.155) 0.082 (0.156) -0.034 (0.026)  -0.021(0.034)
Dose IV 0.277 (0.214) 0.492 (0.218)* 0.528 (0.219)* -0.068 (0.035)* -0.066 (0.046)
cons -7.555 (0.615)* -38.769 (2.142)* -13.984 (®)77 5.508 (0.094)* 5.579 (0.125)*
AlC 607.9297 58.53924 50.99097 86.03688 159.5004
BIC 639.5348 94.09502 86.54675 121.5927 195.0562
-2LL -591.93 40.53924 32.991 68.0368 141.5004
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APPENDIX B
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Figure 1: The Gompertz regression plot of categbuariables
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Figure 2: The survival estimate of different sualimodels
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Figure 3: The proportional assumption the covasiate
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Figure 4: The Gompertz hazard model plot of TB datiJSH

XVi



&
2 o = o % o
2 T © i vy o °
5 = E o1 g
[=% (]
5 ? oo 821
= 2 o =
= pag: = i
2 =
= o | % T E o |
% i 0, Deo0g  oBo ooy o g ° .
o TT T T T T T TT T T T T T
130 160 170 180 200 210 130 180 170 180 200 210
Time Time Time
o [ o o w o
- =
=t 2
z m Igl n o §
5 51 £ = T
2 i € 2
2 o e 94 o ow
T o 2 T
E . % 7 0, " E =1 °
$ _ N % :; 1% L0 g og o ° =7 0,
T1 T T T T T T T T T T T T T T T T T T
130 160 170 180 200 210 130 160 170 180 200 210 130 160 170 180 200 210
Time Time Time

Betait) for residrural
a
L
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Figure 6: The cox -snell plots of parametric sualimodels
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