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Abstract

Multi-drug resistant tuberculosis (MDR-TB) devclops due to problems such as irregular drug

supply, poor drug quality, inappropriate prescription and poor adherence to treatment. These
factors allow the development and subsequent transmission of resistant strains of the pathogen.
With the advancements in statistics, mixture cur¢ models provide the insight to the covariates
that are related with the treatment outcomes. llowecver, potential modifiable factors such as
dcmographic and clinical characteristics are not clcarly known in poor resource settings such as

Nigeria. Therefore, this study was designed to dctermine the factors that can predict time to

sputum conversion among MDR-TB patients using cure model.

A retrospective clinic-based cohort study was conducted on 413 patients who were diagnosed of
multi-drug resistant tuberculosis and met inclusion criteria from April 2012 to October 2016 at
the Infectious Disease Hospital, Lagos. The main outcome measure (sputum conversion time)
was the time from the date of commencement of MDR-TB treatment to the date of specimen
collection for the first of two-consecutive negative smear and culture taken 30 days apart. The
predictor variables of interest include: demographic (age, gender and marita! status) and clinical
characteristics (registration groub, number of drugs resistant to during treatment initiation, HIV
status, diabetes status and adherence with medication). Mixture Cox cure models were fitted to
the main outcome variable using Log-normal. Log-logistic and Weibull distributions as
afternatives to the violation of Proportional Hazards (PH) assumption. Akaike Information
Criterion (AIC) was used for models comparison based on different distributions, while the effect

of predictors of time to sputum conversion was reported as Hazard Ratio (HR) at ¢o gs.

Age was 30.8+12.7 years, 60.8% were male and 67.6% were married. Majority of the patients
(538.4%) converted to sputum negative. Patients who were resistant to two drugs at treatment
initiation had 39.0% rate of conversion than thosc resistant to at least three drugs {HR: 1.39 (Cl:
0.98. 1.98)]. The likelihood of sputum conversion time was shorter among non-diabetic patients
compared to diabetics [HR: 0.55: (Cl: 0.24, 0.85)]. The overall median time for sputum
conversion was 5,5 (IQR: 1.5-11.5) months. In the cure modcl, resistance to more drugs at the
time of initiation was significantly related with a longer sputum conversion time lor Log normal
Cox mixturc [HIR; 2,06 (Cl: 1.36-3.47)]; Lag-logistic Cox mixturc cure {HR: 2.56 (Cl- | §5-
4.09)] and Weibull Cox mixture {HR:2.81 (Cl: .9 1-4.19)]. Dinhetic paticnts had n significantly
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higher sputum conversion rate compared to non-diabetics; Log-normal Cox mixture [HR: 2.03
(Cl: 1.17-3.58)]; Log-logistic Cox mixture cure [HR: 2.11 (CI: 1.25-3.82)] and Weibull Cox
mixture [HR: 2.02 (CIL: 1.17-3.34)]. However, l.og-normal PH model gave the best fit and
provided the fitness statistics [(-2LogL: 519.84); (AIC: 1053.68)]. The best fitting Log-normal
PH model was Y=1.00X,+2.06X2+0.98X3+2.03X 1€ where Y is time to sputum conversion and

Xs are age, number of drugs, adherence and diabetes status.

The models confirmed the presence of some factors related with sputum conversion time in

Nigeria. The quantum of drugs resistant at treatment initiation and diabetes status would aid the

clinicians in predicting the rate of sputum conversion of patients.

Keywords: Mixture Cure Model, Sputum Conversion Time, MDR-TB, Log-normal, Prediction
Word count:; 500
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CHAPTER ONE

Introduction

Contemporary trends in the burden of tuberculosis point to poor global health indicators.
According to Tuberculosis Factsheet 2013, Tuberculosis iIs second only to HIV/AIDS as the
greatest killer worldwide due to a single infectious agent. *‘Nigeria is now the 3 highest TB
country in the world and the first in the African region. It is among the 22 high burden countries
with an annual incidence of 338 per 100,000 and prevalence of 322 per 100,000 individuals. The
national TB survey also confirmed a worrisome situation with regard to Multi-Drug Resistance
Tuberculosis (MDR-TB) (National TB Prevalence Survey, 2012).

Consequently, Nigeria is now the 13" highest MDR-TB country globally and 2™ highest
in the African region” (WHO, 2014). In 2014, an estimated 480,000 new cases of MDR-TB
occurred and about 190.000 people died of MDR-TB. Since then MDR-TB has emerged as a
worldwide problem with an estimated incidence of 425,000 cases occurring annually and the
worldwide prevalence estimated to be 2 to 3 times the incidence (WHQO, 2014). Yearly, over 8
million people develop tuberculosis and nearly 1.8 million die from it, despite extensive
vaccination and drug treatment programmes. In Nigeria, the estimated number of patients with
multi-drug resistant tuberculosis is between 2,700 and 4,500 while the prevalence rate of MDR-
TB was 2.9% among new patients and 14.5% among previously treated cases in Nigeria
(Oladimeji et al, 2016).

Documented cases of MDR-TB have been reported by almost 90 countries and it has been
recognized by the international comimunity as a clinical and public health threat (Shah et al,
2007). The prevalence of MDR-TB and Extra-Drug Resistance (XDR-TB) appears to be
increasing particularly in low and middle income settings (CDC, 2004). MDR-TB develops
through the misdiagnosis. mismanagement and treatment of TB diseases such as irregular drug
supply. poor drug quality. inappropriate prescription and/or poor adherence to treatment. These
factors allow the development and subsequent transmission of resistant and strains of the
pathogen. With the advancement in bio-medical statistics, mixture cure modcls provide insight to

the covariates that are related with the treatment resuits.
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Sputum conversion (which is used to monitor program performance) is one the most
important interim indicators of pulmonary tuberculosis treatment outcome, measuring efficacy
and identifying the constraints. Culture-based monitoring of MDR-TB patients is used to
evaluate treatment efficacy and helps to i1dentify those who remain infectious. The internationally
agreed-upon definition of culture conversion Is two consecutive negative smear/culture from
sputum samples collected 230 days apart (WHQO, 2011). Early conversion is very important to
prevent transmission of MDR-TB, reduce hospitalization time, and reduce cost related to
infection control measures. There is also some evidence that delayed sputum conversion is
associated with amplifications of drug resistance. Few published studies had examined sputum
conversion among MDR-TB patients and factors associated with conversion, but they often
neglect the influence of correlates and prognostic differentials in the serial assessment of sputum

smear and culture status for effectiveness of treatment and case management of individual

patients.

Addressing these gaps are particularly relevant in a developing country characterized by
major challenges to public health and epidemic of infection with the human immunodeficiency
virus (HIV) through increasing pressing need for new drugs, vaccines and diagnostic procedures.
It is equally important, however, to identify correlates (Age, number of drugs the initial isolate
was resistant to at treatment (nitiation and time in days to initial sputum culture conversion) and
prognostic differentials (Gender, HIV status, Diabetes status, Alcohol intake, Medical
compliance and Social support) for predicting the sputun conversion rate in ensuring adequate
standards of care for treatment efficacy, improved clinical management of tuberculosis and
where increased attention should be paid in future prevention strategies. However, potential
modifiable factors such as demographic and clinical characteristics are not clearly known in poor
resource settings such as Nigeria. A patient with tuberculosis disease is capable of experiencing
three outcomes: cure, relapse or death (Multi-Drug Resistant) when monitored over a period of

time.
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1.1 Research Problem

Tuberculosis is an increasing cause of morbidity among person with human immune-
deficiency virus (HIV) infection in Nigeria. As the number of patients hospitalized with HIV
infection and tuberculosis increases, the risk nosocomial transmission of tuberculosis arises.
Moreover, HIV induced immune-suppression may amplify the spread of tuberculosis in hospitals
because it greatly increases the risk of rapid progression to active and intectious tuberculosis.
ndeed. advancement has been achieved to lower global incidence of drug-susceptible

tuberculosis. the emergence of multi-drug resistant (MDR) and extra-drug resistant (XDR)

tuberculosis during the past decade threatens to undermine these advances. However, countries
such as India, indonesia, China and Pakistan are responding far too slowly. Of the estimated
440,000 cases of MDR tuberculosis that occurred in 2008, only 7% were identified and reported
to World Health Organization (WHO). Of these cascs, only a tifth was trcated according with
WHO standards (Gandhi et al, 2010). Although treatment of MDR and XDR tuberculosis is
possible with currently available diagnostic techniques and drugs, the treatment course is
substantially more costly and laborious than for drug-susceptible tuberculosis, with higher rates
of treatment failure and mortality.

Nonetheless, a few countries provide examples of how existing technologies can be used
to reverse the epidemic of MDR tuberculosis within a decade. Major improvements in laboratory
capacity. infection control. and performance of tuberculosis control programmes with treatment
regimens for both drug-susceptible and drug-resistant disease wilt be needed. together with a
massive scale-up in diagnosis and treatment of MDR and XDR tuberculosis to prevent drug-
resistant strains from becoming the dominant form of tuberculosis. New diagnostic tests and
drugs are likely to become available during the next few ycars and should accelerate control of
MDR and XDR tuberculosis. Equally important, especially in the highest-burden countries of
India. Indonesia, China, Nigeria. Pakistan and South Africa wilt be a commitment to tuberculosis
control including improvements in national policies and health systems that remove financial
barriers to treatiment, encourage rational drug use, and create the infrastructure necessary and

sufficient in the management of MDR tuberculosis.
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1.2 Long-term effects of MDR-TB

Untreated multi-drug resistant tuberculosis can give rise to serious debilitating effects on
the neurological parts of the body including the bones, brain, liver, kidney and heart. These
affected in addition to complications of the fungs. When tuberculosis spreads to other parts of the
body, it exposes thosc areas to further infection and undermines their ability to function.
My'cobacterium tuberculosis causes this contagious but curable disease according to Public
Health England (CDC. 2004).

Accordingly. once tuberculosis reaches the bones, it can cause long-term destruction of
joints. Tuberculosis in the bones can damage the ribs as well. Tuberculosis also negatively
impacts organ function. For instance. an affected liver or kidney loses optiinal capacity to filter
waste substances from the blood circulatory system. When tuberculosis infects the human heant,

the organ’s capacity to aid in blood circulation is substantially compromised. If tuberculosis
penctrates the brain, it can cause meningitis. This condition can lead to death due to swelling of
membranes around the brain and spinal column.

The United Kingdom's NHS explains that pulmonary tuberculosis affects only the lungs,
and it can typically be treated using antibiotics, such as Isoniazid and Rifampicin. This treatment
method requires a long-term, six-month course ol medication. The medication is to be taken
every day until completion of the prescribed dosage. This type of treatment works on other
tuberculosis affected organs as well but may require a 12-month course of antibiotics. The NHS

confirms that tuberculosis can result in death if the lungs become too severely damaged to

tunction properly.

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT



1.3 Justification for the study

In the tield of biostatistics, the analysis of survival data is often the goal of studies. The
methods currently available to do this analysis are numerous and varicd. Some of most

commonly used methods in survival analysis include the Proportional Ilazards (PI1) model and

the Accelerated Failure Time (AFT) model. Both of these methods assume that every subject will

eventually experience the event of interest, given enough tollow-up time. However, there are
some instances. especially with the advancements in modern medicine, in which a proportion of

the poputation of interest are “cured™ and will therefore, never experience the event of interest.

This situation motivates the incorporation ol a cure fraction in a statistical model in order to

analyse the ability of a certain treatment to cure a disease of interest.

The common established method for predicting time to sputum conversion among multi-
drug resistant tuberculosis outcomes is the use of Cox proportional hazard model. Indeed,
survival analysis attempts to answer questions such as: what is the proportion of a population
which will survive certain time? Of those that survive, at what rate will they die or fail? Can
multiple causes of death or failure be taken into account? How do particular circumstances or
characteristics increase or decrease the probabtlity of survival? More generally, survival analysis
invojves the modelling of time to event data; in this context, death or failure is considered an
"event" in the survival analysis literature-tradittonally only a single event occurs for each subject,
after which the organism or mechanism is dead or broken. Recurring event or repeated event

models relax that assumption. The object of primary interest is the survival function,

conventionally denoted §, which is defined as

SRS (V37 Ay, o POt SUCTINT, i ol i e Feeren O 2. s Jpsti equation | .1

Where ¢ is some time, 7 is a random variable denoting the time of death, and "Pr" stands for
probability. That is, the survival function is the probability that the time of death is later than
some specified time «. The survival function is also called the survivorship function in problems
of biological survival. Usually one assumes S(0) = I, although it could be less than 1 if there is

the possibility of immediate death or failure.

The survival function can be expressed in terms of prohability distrihution and probability

density functions

S(t) = Pr(T > t) = / f() du = 1 = F(1)
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Similarly, a survival event density function can be defined

S Rl L E

The hazard function, conventionally denoted by A, is defined as the event rate at time ¢

conditional on survival until time ¢ or later (that is, 7> 1),

o) = oS T i dt) o Jlt) o 51

dt—0 dt S(t) S(t) . S(t) |

......................... equation |.4

Force of mortality is a synonym of hazard function which is used particularly in

demography and actuaria} science, where it is denoted by p. The term hazard rate is another

synonym. The hazard function must be non-negative, () > 0, and its integral over 10, 00| must

be infinite, but is not otherwise constrained; it may be increasing or decreasing, non-monotonic,

or discontinuous.

Several studies have consistently reported that different socio-economic problems have
influenced outcomes of patients with tuberculosts condition. However, very few of these studies,
particular in Nigeria and in Africa have studied any correlates and prognostic differentials for
predicting time to sputum conversion among MDRTB patients (llowhannesyan and Breeze,
2012). The knowledge of the correlates and prognostic differentials of time to sputum conversion
of Multi-Drug Resistant TB can give an insight into the cause and timing of the relapse and
factors that influence drug failure. This would assist considerably in the management of patients
with MDR-TB condition and facilitate the reduction of the degree as well as the frequency of the

ailment. Therefore, this study was designed to develop suitable cure models that can predict time

to sputum conversion among MDR-TB patients.
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1.4 Objectives of the study

The main objective of this work was to develop a model for time to sputum conversion

among multi-drug resistant tuberculosis patients in Lagos. South-West, Nigeria.

The specific objectives are to:

* Describe the background characteristics of MDR-TB patients with respect to sputum

conversion status

 Determine and compare median time to sputum conversion between new and retreatment
Cases of MDR-TB patients

e Determine the mortality experience among the MDR-TB patients

* Develop a fitting statistical model of overall sputum conversion time among MDR-TB

patients

¢ Examine the predictors of sputum conversion time among MDR-TB patients

e Examine the predictors of treatment initiation period among MDR-TB patients

1.5 Research Questions

[n order to cstablish the linkages between predictors of time to sputum conversion among

multi-drug resistant tuberculosis patients, the following research questions were proposed:

o What are the background characteristics of the patients who experienced conversion and

non-conversion sputum at six months or more?

e Is there any significant difference between sputum conversion time of MDR-TB patients

of new and retreatnient cases”

o What are the predictors of time to sputum conversion?

o  What are the predictors of treatment initiation period?
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CHAPTER TWO

Literature Review
2.1  Definition

Isoniazid, the most powerful mycobactericidal drug available, ensures early sputum
conversion and helps in decreasing the transmission of TB. Rifampicin, by its mycobactericidal
and sterilizing activities is crucial for preventing relapses. Thus, isoniazid and rifampicin are
keystone drugs in the management of TB. While resistance to either isoniazid or rifampicin may
be managed with other first-line drugs. resistance to both isoniazid and rifampicin (MDR-TB)
demands treatment with second-line drugs. These drugs have {imited sterilizing capacity and are
not suitable for short-course treatment. Thus, patients with MDR-TB require prolonged treatment
with drugs that are less effective and more toxic. Therefore, it is necessary to distinguish MDR-
TB from mere drug-resistant tuberculosis by performing mycobacterial culture and sensitivity
testing because the therapeutic implications are different.

[t is possible to strictly define a given isolate of A/ .fiberculosis as multidrug-resistant only
after performing mycobacterial culture and in vitro sensitivity testing. Under programme
conditions, these facilities are usually not available and patients are labelled as “treatment
faiture”, ““re-treatment failure” and “chronic cases™ as per the guidelines issued by the WHO,
2015. It is likely that several of these patients may be excreting multidrug-resistant organisms.
Keeping these facts in mind, the term MDR-TB has been used in this review in the strict sense of
the definition referring to isolates resistant to both isoniazid and rifampicin with or without

resistance to other drugs.
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2.2 Terminology of Drug Resistance

Primary resistance is that which has not resulted from the treatment of the patient with the
drug concerned. It includes resistance in wild strains which have never come into contact with
the drug (natural resistance) and the resistance occurring as a result of exposure of the strain to
the drug but in another patient. Initial resistance is the resistance in patients who give a history of
never having received chemotherapy in the past. It includes primary resistance and resistance {o
previous treatment concealed by the patient or of which the patient was unaware. The term
“acquired resistance” has often been used with the implication that resistance has developed due
to exposure of the strain to anti-tuberculosis drugs and the consequent selecting out of resistant
mutant bacilli.

However, some of the drug-resistant isolates in previously treated patients may actually
represent primary resistance among patients who remain uncured. In the strict sense, the term
“acquired resistance™ can be used to refer to strains proven to have drug resistance in a reliable
laboratory which were subsequently isolated from a patient in whom initial susceptibility testing
was done to document the presence of a drug susceptible strain earfier. If initial drug
susceptibility testing has not been done, the term “resistance among previousiy treated patients”
would be a more appropriate term than “acquired drug resistance”.

Susceptible strains are those that have not been exposed to the main anti-tuberculosis
drugs and respond to these drugs in a uniform manner. Resistant strains differ from the sensitive
strains in their capacity to grow in the presence of higher concentration of a drug. Wild strains
are those that have never been exposed to anti-tuberculosis drugs. Naturally resistant strains are
wild strains resistant to a drug without having been in contact with it. It is species specific and

has been used as a taxonomic marker.
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2.3 Epidemiology of Multi-Drug Resistant Tuberculosis

Although studies presented from global perspective proposed the potential problem of
drug resistance, however it was in 1990s when multi-drug resistant tuberculosis emerged in
United States of America that it came to public health attention. The prevalence of resistance to
four first-line anti-tuberculosis drugs in 35 countries has been reported (WHO, 1997). The range
of prevalence was 5.3 percent for the acquired resistance in New Zealand compared to 100% in
Ivanovo Oblast which is located in Russia with a median of 36 percent.

There are separate “hot spots” with high prevalence of MDR-TB scattered around the
giobe which could hamper control programmes. Few of these countries include: Latvia, Estonia
and two Russian territories in Europe; Dominican Republic and Argentina in Americas and Céte
d’lvoire in Africa. The temporal changes associated with the survey of the prevalence of
resistance were excluded. In addition, surveys were carried out in some high burden countries
such as India, China and Russia which was not a reflection of their national outlook. Therefore
WHO-IUATLD survey was extended to define this problem further.

From 1996 and 1999, situations in 58 geographic sites were appraised (WHO, 1999). The
range of newly diagnosed patients was between |.7 percent in Uruguay compared to 36.9 percent
in Estonia. A significant fall in multi-drug resistance was documented in United States and
France. However, there was a sharp increase in prevalence from 11.7 percent in 1994 to 8.1
percent in 1998 in Estonia. The combination of results of resistance surveys from 64 countries
and predictive resistance from 72 others intimated that over 273,000 newly diagnosed cases of
MDR-TB were documented globally in 2000 and these gave 3.2 percent of new cases of

tuberculosis.
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2.4  Prevalence of Multi-Drug Resistant Tuberculosis in developing countries

Apparently, concerning the burden of tuberculosis, South Africa was adjudged third in
global raking, behind China and India with larger populations. Therefore, the quantum of MDR-
TB and XDR-TB patients has become greater in amount as a result of ineffective management of
tuberculosis and HIV pandemic. A total of 9070 multi-drug resistant tuberculosis cases and 594
extra-drug resistant tuberculosis cases were documented in 2009 while 7386 multi-drug resistant
tuberculosis cases and 741 extra-drug resistant tuberculosis cases in 2010 respectively by the
National Health Laboratory Services (NHLS) in South Africa. However, there has been a steady

increase since 2006, which can be attributed to case detection strategy.

In the nine provinces of South Africa, approximately 9070 cases of MDR-TB were
confirmed in 2009. With respect to the treatment diagnosis, out of the 7838 cases, 5313
commenced treatment. However, the differential between number of diagnosis and treatment
commencement still need to be narrowed. Previous estimates exhibited that up to 73 percent
started treatment from those diagnosed while studies conducted later proposed that the conditions

were being treated effectively and cured in South Africa (Holtz et al, 2001).

The management of treatment outcomes of MDR-TB inpatients in South Africa are not
encouraging. A detailed account in Western Cape showed that out of 240 MDR-TB patients;
thirty-three percent were cured; thirteen percent failed while 33% died (Schaaf, Marais, 2011).
Consequently. a national study conducted among 671 patients for a period of three years between
1991 and 2001 presented a report of 67 defaulters while among these defaulters, 27 had positive
sputum culture at the time of default. These large defaulters emphasize the importance of public
heaith integration (Holtz et al. 2001). Moreover. the comparison of treatment success to
defaulters’ rates was 45 percent and 15 percent respectively in a Durban tertiary hospital (SA

Department of Health, 2009).

Treatment models have succeeded with its application in the community-based settings for
MDR-TB in other countries (Lockman et al, 200I) but the situation in South African iIs
unambiguous. Therefore, suitable models should take into considerations by the health services

planning in the interventions for high burden of MDR-TB, XDR-TB, HIV and ‘I'B with TB-UIV

co-in fection rates.
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2.5 Epidemiology of Multi-Drug Resistant Tuberculosis in Nigeria
An intensifying number of MDR-TB in Nigeria currently constitutes a major source of

concern. Medical professionals have given a stern warning on the alarming trend that this

condition should be addressed so as to avoid what can be described as “imminent and total

collapse of the efficacy of the available first-line drugs for TB treatment.,” Normally, a patient
diagnosed for MDR-TB would be treated for a period of eighteen to twenty-four months which is
dissimilar to the normal tuberculosis that needs six months to handle.For MDR-TB patients, a
hospitalization for six months would precede an ambuiatory care for about eighteen months. “A
Tuberculosis patient is confirmed to have developed MDR-TB when the patient becomes
resistant to the two important and potent anti-tuberculosis drugs. The bottom line of TB control is

to detect active cases of TB and render them non-infectious with capable treatment”.

[nformation from the national agency in charge Tuberculosis and Leprosy Control
(NTLCP) have demonstrated that presently, there are over 7,000 MDR-TB documented cases in
the country. Worldwide, there are over 500,000 cases of MDR-TB reported, out of which a paltry
3 percent get adequate treatment. Nigeria ranks 4" out of the 22 countries that have 75 percent of
the global burden of Tuberculosis (WHQO, 2017). To address this condition effectively, the World
Health Organisation (WHQO) advocates that the affected countries must detect at least 75 percent
of active case and reach 83 percent treatment. In Nigeria, about 36 percent are detected and
majority of the (over 60 percent) cases are missed. The import of this, according to physicians is
that no one is immuned to Tuberculosis infection. However, a close interaction with a

Tuberculosis patient over a long period can increase the probability of being infected with

Tuberculosis.
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Tuberculosis.
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2.6 Pathophysiology of Multi-Drug Resistant tuberculosis

Multi-drug resistant tuberculosis (MDR-TB) is defined as a form of TB infection caused
by bacteria that are resistant to treatment with at least two of the most powerful first-line anti-TB
drugs, lIsoniazid (INH) and Rifampicin (RMP). Five percent (5%) of all TB cases across the
globe in 2013 were estimated to be MDR-TB cases, including 3.5% ol newly diagnosed TB cases
and 20.5% ol previously treated TB cases. While rates of MDR-TB infections are relatively low
in North America and Western Europe, they are an incrcasingly serious problem worldwide, in

particular in areas of the sub-Saharan Africa, Russian Federation, the former Soviet Union and

other parts of Asia.

MDR-TB infection may be classified as either primary or acquired. Primary MDR-TB
occurs in patients who have not previously been infected with TB but who become infected with
a strain that is resistant to treatment. Acquired MDR-TB occurs in patients during treatment with
a drug regimen that is not effective at killing the particular strain of TB with which they have
been infected. Rates of primary MDR-TB are low in North America and Western Europe: in the
US in 2000, the rate of primary MDR-TB was | % of all cases of TB nationally. Most cases of
acquired MDR-TB are due to inappropriate treatment with a single anti-TB drug, usually INH.
This can occur due to a medical provider, such as a doctor or nurse, improperly prescribing
ineffective treatment, but may also be due to the patient not taking the medication correctly,
which can be due to a variety of reasons, including expense or scarcity of medicines, patient

forgetfulness., or patient stopping treatment early because they feel better.

Treatment of MDR-TB requires treatment with second-line drugs, usually four or more
anti-TB drugs fora minimum of 6 months, and possibly extending for 18-24 months if rifampicin
resistance has been identified in the specific strain of TB with which the patient has been
infected. In general, second-line drugs are less effective, more toxic and niuch more expensive

than first-line drugs. Under ideal program conditions, MDR-TB cure rates can approach 70%.
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2.7 Prevention of Multi-Drug Resistant Tuberculosis

There are various ways for the prevention of drug resistance tuberculosis. These include:

e Rapid diagnosis and treatment of Tuberculosis: [n most developing countries, the
adjudged greatest risk factors for drug resistant TB are due to problems in diagnosis and
treatment. If this condition is established and treated as soon as possible, drug resistance
can be averted.

* Completion of treatment: A pointer to MDR-TB is regarded as previous treatment of
tuberculosis. frregular drug supply, poor drug quality, inappropriate prescription by the

physician and poor adherence to treatment by the patient can lead to development of

resistance.
e Diagnosed M DR-TB patients who have comorbidity with HIV/AIDS should be isolated
and be given immediate proper attention because of their compromised immunity.

e C(lose contacts identification that may be susceptible to Tuberculosis such as relatives,

acquaintances and people in close contact

e A cutting-edge research is essential for the prevention, diagnosis and therapy of

Tuberculosis and multi-drug resistant.
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2.8  Predictors for the development of Multi-Drug Resistant Tuberculosis

Certain factors have been documented to be associated with the development of MDR-
TB. Inan analysis to identify determinants of drug resistant TB, population-based representative
data on new and previously treated patients with TB collected within an international drug
resistance surveillance network were studied. Ol the 9,615 patients, 85.5 per cent were new cases
and 14.5 percent were previously treated cases. Compared with new cases, patients who received
treatment in the past were more likely to have resistance to anti-tuberculosis drugs. An
approximately linear increase was observed in the likelihood of having MDR-TB as the total
time of prior anti-tuberculosis treatment measured in months increased. Multivariate analysis
revealed that prior anti-tuberculosis treatment but not HIV positivity, was associated with MDR-
TB.

In a study from Saudi Arabia, previous history of anti-tuberculosis treatment and young
age were found to be risk factors associated with the developinent of MDR-TB. In a study from
New Delhi, the presence of past history of tuberculosis, poor coinpliance to treatment, low socio-
economic status and body mass index (BMI, kg/m?) <18 kg/im? were independent contributors to
the risk of developing MDR-TB. In most of the published studies, previous history of

tuberculosis and past history of anti-tuberculosis treatment have been implicated in the causation

of MDR-TB.
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2.9 Management of Multi-Drug Resistant Tuberculosis Patients

In the early reports of outbreaks of MDR-TB in HIV co-infected patients in hospitals
and prisons, the mortality rate was very high ranging from 72 to 89 percent. However,
subsequent studies have documented decreased mortality and improvement in ciinical outcome
for HIV sero-positive patients with MDR-TB who were started on at least two drugs with in vifro
susceptibility against the MDR-TB isolate. Even in HIV sero-negative patients, treatment of
VMIDR-TB has been difficult and may only give response rates of the order of 50 percent with a
high mortality rate with persistent positive cultures.

In resource-poor nations, the treatment of MDR-TB has been considered to be very
expensive and available only at referral centres. In a recently published study, resuits of
community-based out-patient treatment of MDR-TB were reported from Peru. While the results
of susceptibility testing were pending, the patients were treated empiricaily under direct
observation with regimens containing at least five drugs to which the strains were likely to be
susceptible. The definitive regimens, determined on the basis of the results of drug susceptibility,
contained a minimum of five drugs and lasted for at least 18 months. Of the 66 patients who
completed four or more months of therapy, 55 (83%) were probably cured (defined as at least 12
months of consecutive negative cultures during therapy). Five of these 66 patients (8%) died
while receiving treatment. Only one patient continued to have positive cuitures after six months
of treatment. Low haematocrit [hazard ratio (HR) 4.09; 95% CI, 1.35 to 12.36] and a low BMI
(kg/m?) (HR, 3.23; 95% CI, 0.90 to 11.53) were found to be the predictors of the time to
treatment failure or death. These observations suggest that community-based out-patient
treatment of MDR-TB has the potential to yield high cure rates even in resource-poor settings.
Sparse data are available from published literature regarding the treatment of patients with MDR-
TB from India. In a study from New Delhi, additional administration of oral ofloxacin was found

to be eftective and safe for the treatment of MDR-TB.

A prospective uncontrolled study from New Delhi reported that sparfloxacin. in
combination with kanamycin (for the initial 3 to 4 months) and ethionamide treatment was usetul
in_achieving sputum conversion, clinical and radiological improvement in nine patients with
pulmonary tuberculosis who had received adequate anti-tuberculosis treatment with first-line
drugs. including supervised category Il trcatment regimen as per WHO guidelines lor five
months. and were still sputum smecar positive. In a study from Vellore, Tamil Nadu, combination
therapy containing olloxacin was usclul in achieving sputum conversion in 26 of 49 (53%)

patients and culture conversion occurred in 16 of 26 (61.5%) patients. Clinical and radiological

responsc was noted in 31 (56%) angd L3 (32.3%8).out ol 40.pptients respectively



— e ——

2.10  Prognostic Markers of Multi-Drug Resistant Tuberculosis

Park et al reported that extra-pulmonary involvement was a risk factor for shorter
survival, while a cavitary lesion on initial chest film and institution of appropriate treatment were
positive predictors of survival in patients with MDR-TB. In a recently published study {rom the
United Kingdom, overall median survival time was 1379 days (95% Cl: 1336 to 2515). Median
survival titne was 858 days (95% CI:; 530 to 2515) in immune-compromised individuals and
1554 (95% CI: 1336 to 2066) days in immuno-competent persons. Median survival in patients
treated with three drugs to which the bacterium was susceptible on 77 vitre testing was 2066 days
(95% CI: 1336 to 2515), whereas, in those not so treated survival was 599 days (95% CI: 190 to
969). Immuno-compromised status, failure to culture the bacterium in 30 days or to apply
appropriate treatment with three drugs to which the organism is susceptible, and age were
significant factors in mortality. An immuno-compromised patient was nearly nine times more
likely to die, while application of appropriate treatment reduced the risk. Increasing age was
assoclated with increasing risk of death (risk ratio 2.079; 95% CI: 1.269 to 3.402) suggesting
that, for every 10 yr increase in age the risk almost doubledil2. In a study from France, in
patients with MDR-TB, HIV co-infection, treatment with less than two active drugs, and
knowledge regarding the multidrug-resistant status at the time of diagnosis were found to be
assoclated with a poor outcome. In study from Turkey, older age and history of previous

treatment with a larger number of drugs were found to be associated with a poor outcome.
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2.11  Guidelines for the management of patients with Multi-Drug Resistant
Tuberculosis

When MDR-TB is suspected on the basis of history or epidemiological information, the
patient’s sputum must be subjected to culture and anti-tuberculosts drug sensitivity testing and
the WHO re-treatment regimen or the empirical regimens employing second-line reserve drugs
(Tables [l and 1V) suggested by the Amertcan Thoracic Society, Centers for Disease Control and
Prevention and the Infectious Diseases Society of America (ATS/CDC/IDSA) must be initiated
pending sputum culture report. Further therapy is guided by the culture and sensitivity report.
These guidelines clearly mention that a single drug should never be added to a failing regimen.
Furthermore. when inttiating treatment, at least three previously unused drugs must be employed
to which there s in vitro susceptibility.

When susceptibility testing reports are available and there is resistance to isoniazid and
rifampicin (with or without reststance to streptomycin) during the initial phase, a combination of
ethionamide, fluoroquinolone. another bacteriostatic drug such as ethambutol, pyrazinamide and
amtnoglycoside (kanamycin, amikacin, or capreomycin) are used for three months or until
sputum converston. During the continuation phase, ethionamide, fluoroquinolone, another
bacteriostatic drug (ethambutol) should be used for at least 18 months after smear conversion. If
there is resistance to isoniazid, rifampicin and ethambutol (with or without resistance to
streptomycin) during the initial phase, a combination of ethionamide, fluoroquinolone and
another bactertostatic drug such as cycloserine or PAS, pyrazinamide, and aminoglycoside
(kanamycin, amikacin, or capreomycin) are used for three months or until sputum conversion.
During the continuation phase, ethionamide, ofloxacin, another bacteriostatic drug (cycloserine
or PAS) should be used for at least 18 months after smear converston.

The recently published ATS/CDC/IDSA guidelines suggest that among the
fluoroquinolones. levofloxacin is most suited for the treatment of MDR-TB given its good safety
profile with long-term use. These observations need to be confirmed in prospective studies with a

large sample size.
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2.12 DOTS-Plus Strategy

DOTS is a key ingredient in the tuberculosis control strategy. In populations where
MDR-TB is endemic. the outcome of the standard short-course regimen remains uncertain.
Unacceptable failure rates have been reported and resistance to additional agents may be
induced. As a consequence, there have been calls for well-functioning DOTS programmes to
provide additional services in areas with high rates of MDR-TB. These “DOTS-plus for MDR-
TB programmes” may need to modify all five elements of the DOTS strategy: (/) the treatment
may need to be individualized rather than standardized; (//) laboralory services may need to
provide facilities for on-site culture and antibiotic susceptibility testing; (ii7) reliable supplies of a
wide range of expensive second-line agents: (/v) operational studies would be required to
determine the indications; and (v) financial and technical support from international
organizations and Western governments would be needed in addition to that obtained from local
governments. WHO has established a Working Group on DOTS-Plus for MDR-TB, to develop
policy guidelines for the management of MDR-TB and to develop protocols for pilot projects
intended to assess the feasibility of MDR-TB management under programme conditions.

The WHO has also established a unique partnership known as the Green Light Committee
(GLC) in an attempt to promote access to and rational use of second-line anti-tuberculosis drugs
for the treatment of MDR-TB. [f DOTS-Plus programmes are established, they may prove

beneficial not only for patients with MDR-TB but for all patients with tuberculosts.
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2.13  Treatment of Multi-Drug Resistant Tuberculosis Patients

Usually, multi-drug resistant tuberculosts can be cured with long treatments of second-
line drugs, but these are more expensive than first-line drugs and have more adverse effects. The
treatment and prognosis of MDR-TB are much more akin to those for cancer than to those for

infection. MDR-TB has a mortality rate of up to 80%, which depends on a number of factors,

including

¢ HHow many drugs the organism is resistant to (the fewer the better)
 How many drugs the patient 1s given (patients treated with [ive or more drugs do better)

e Whether an injectable drug is given or not (it should be given for the first three months at

least)

e The expertise and experience of the physician responsible

e How co-operative the patient is with treatment (treatment is arduous and long, and
requires persistence and determination on the part of the patient)

o Whether the patient is HIV positive or not (HiV co-infection s associated with an

increased mortality).

The majority of patients suffering from multi-drug resistant tuberculosis do not receive
treatment, as they are found in underdeveloped countries or in poverty. Denial of treatment
remains a difftcult human rights issue, as the high cost of second-line medications often

precludes those who cannot afford therapy.

A study of cost-effective strategies for tuberculosis control supported three major
policies. First, the treatment of smear-positive cases in DOTS programs niust be the foundation
of any tuberculosis control approach, and should be a basic practice for all control programs.
Second. there is a powerful economic case for treating smear-negative and eXtra-pulmonary cases
in DOTS programs along with treating smear-negative and extra-pulmonary cases in DOTS
programs as a new WHO “STOP TB" approach and the second global plan for tuberculosis
control. Last, but not least, the study shows that significant scaling up of all intcrventions 18
needed in the next 10 years if the millcnnium development goal and related goals for tuberculosts
control are to be achieved, If the case detection rate can be improved, this will guarantee that
people who gain access o treatinent facilities are covered and that coverage is widely digtributed

to people who do not now have access
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[n general, treatment courses are measured in months to years, MDR-TB may require
surgery, and death rates remain high despite optimal treatment. However, good outcomes for
patients are still possible. The treatment of MDR-TB must be undertaken by physicians
experienced in the treatment of MDR-TB. Mortality and morbidity in patients treated in non-

specialist centres are significantly higher to those of patients treated in specialist centres.

In addition to the obvious risks (i.e., known exposure to a patient with MDR-TB), risk
factors for MDR-TB include HIV infection, previous incarceration, failed TB treatment, (ailure
to respond to standard TB treatment, and relapse following standard TB treatment. Treatment of
MDR-TB must be done on the basis of sensitivity testing: it is impossible to treat such patients
without this information. When treating a patient with suspected MDR-1B, pending the result of
laboratory  sensitivity  testing, the patient should be started on SHREZ
(Streptomycin+isonicotinylHydrazine+Rifampicin+Etham butol+pyraZinamide)+moxifloxacin+
cycloserine. There is evidence that previous therapy with a drug for more than a month is
associated with diminished efficacy of that drug regardless of in vitro tests indicating

susceptibility. Hence, a detailed knowledge of the treatment history of each patient is essential.

A gene probe for »poB is available in some countries. This serves as a useful marker for
MDR-TB. because isolated RMP resistance is rare (except when patients have a history of being
treated with rtfampicin alone). If the results of a gene probe (rpoB) are known to be positive. then
it is reasonable to omit RMP and to use SHEZ+MXF+cycloserine. The reason for maintaining
the patient on INH is that INH is so potent in treating TB that it is foolish to omit it until there is

microbiological proof that it is ineffective (even though isoniazid reststance so commonly occurs

with rifampicin resistance).

When sensttivities are known and the isolate ts confirmed as resistant to both INH and RMP. five

drugs should be chosen in the following order (based on known sensitivities):

« an aminoglycoside (e.g. amikacin, kanamycin) or polypcptide antibiotic (c.g.,
capreomycin)

o pyrazinamide

» ¢thambutol

o a fluoroquinolone (¢.g., moxifloxacin (ciprotloxacin} should no longer be used);

e rifabutin
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o cycloserine

« athioamide: prothionamide or ethionamide
e PAS

o a macrolide: e.g, clarithromycin

« linezolid

o high-dose INH (if low-level resistance)

« interferon-y

« thioridazine

« Ampicillin

Note: Drugs placed nearer the top of the list are more effective and less toxic; drugs placed

nearer the bottom of the list are less effective or more toxic, or more difficult to obtain.

In general, resistance to one drug within a class means resistance to all drugs within that
class, but a notable exception is rifabutin: Rifampicin-resistance does not always mean rifabutin-
resistance, and the laboratory should be asked to test for it. It is possible to use only one drug
within each drug class. If it is difficult finding five drugs to treat then the clinician can request
that high-level INH-resistance be looked for. If the strain has only low-level INH-resistance
(resistance at 0.2 mg/l INH, but sensitive at 1.0 mg/l INIH), then high dose [INH can be used as
part of the regimen. When counting drugs, PZA and interferon count as zero; that is to say, when
adding PZA to a four-drug regimen, another drug must be chosen to make five. It is not possible
to use more than one injectable (STM, capreomycin or amikacin), because the toxic effect of
these drugs is additive: If possible, the aminoglycoside should be given daily for a minimum of

three months (and perhaps thrice weekly thereafter). Ciprofloxacin should not be used in the

treatment of tuberculosis if other fluoroquinolones are available,

There is no intermittent regimen validated for use in MDR-TB, but clinical experience is
that giving injectable drugs for five days a week (because there is no-one available to give the
drug at weekends) does not seem to result in inferior results. Directly Observed Therapy helps to
improve outcomes in MDR-TB and should be considercd an intcgral part of the treatment of
MDR-TB. Response to treatment must he obtained by repeated sputumy cultures (monthly if
possible). ‘Treatment for MDR-TH must he given for a minimum ol I8 months and cannat be

stopped until the patient has been culture-negative for nominimum ol nine months, 1t 15 not

unusual for patients with MDR T 10,he.QncHe et Sadang,Xears or more.
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Patients with MDR-TB should be isolated in negative-pressure rooms, if possible.
Patients with MDR-TB should not be accommodated on the same ward as immunosuppressed
patients (HIV-infected patients, or patients on immunosuppressive drugs). Careful monitoring of
compliance with treatment is crucial to the management of MDR-TB (and some physicians insist
on hospitalization if only for this reason). Some physicians will insist that these patients remain
isolated until their sputum is smear-negative or even culture-negative (which may take many
months, or even years). Keeping these patients in hospital for weeks (or months) on end may be a
practical or physical impossibility, and the final decision depends on the clinical judgment of the
physician treating that patient. The attending physician should make full use of therapeutic drug
monitoring (in particular, of the aminoglycosides) both to monitor compliance and to avoid toxic
effects. Some supplements may be useful as adjuncts in the treatment of tuberculosis, but, for the
purposes of counting drugs for MDR-TB, they count as zero (if four drugs are already in the

regimen, it may be beneficial to add arginine or vitamin D or both, but another drug will be

needed to make five).
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2.14 New Drugs in the Management of Drug Resistant Tuberculosis

BEDAQUILINE (SIRTURO®)

This is the first drug in a novel class approved for the therapy of TB since rifampin was
approved in 1971.Bedaquiline is indicated as part of combination therapy in the treatment of
adults (218 years) with pulmonary Multi-Drug Resistant Tuberculosis. Chemical Class: Diaryl-

quinolone. [t belongs to World Health Organization Group 5 drugs.

PHARMACOLOGY

This Bedaquiline drug has a Half-life of 5.5 months. Hepatically metabolized; the major
enzyme involved is CYP3A4. [t can prolong the QT interval (26.6% vs 8.6% >450ms).
Moreover, it can cause hepatotoxicity and increased risk of death in the Bdg arm of the clinical

trial (9/79 vs. 2/81).

MECHANISM OF ACTION

Bedaquiline is the first anti-tuberculosis drug to interfere with bacterial energy
metabolism. Bedaquiline kills both torpid and actively replicating mycobacteria by interfering
with energy production and disrupting intraceliular metabolism.Bedaquiline specifically
suppresses mycobacterial ATP (adenosine S-triphosphate) synthase, by binding to subunit ¢ of

the enzyme that is essential for the generation of energy in Mycobacterium tuberculosis.

BEDAQUILINE monotherapy (cfficacy)

Bedaquiline MICs were superior to both rifampin and isontazid when tested against a
number of drug susceptible MTB strains: (Andriese/ al). Bedaquiline mono[herapy was also
superior to all presently available first-line drugs in a murine model of pulmonary TB with a high
initial bacitlary load (lbrahim e/ af, 2007). [n a murine model, use of Bedaquilinefor 4 months
was as effective as standard 6-month first-line therapy (Ibrahim es al, 2009). Therapy with
Bedaquiline for 2 months was more effective than the combination of isoniazid, rifampin &

pyrazinamide in mice infected with a drug susceptible TB strain, H37Rv (Louniser af. 2006).
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2.15  Operational Definition of Variables

y Loss to follow-up

Lost to follow-up refers to patients who at one point in time were actively honouring their
appointments at the MDR-TB clinic but who are censored (either being incommunicado or by
betng unreachable) at the point of data collection of the research study. These patients could not
be accounted for many reasons i.e. without properly informing the Health Care Worker in the
MDR-TB clinic about the situation of their treatment regimen they may have opted to withdraw
or discontinue treatment, moved away from the particular study site during their treatment period

or become ill and unable to communicate or are deceased.

0 Adherence

A patient was regarded as being adhered tf he/she takes the drugs for at least 40 days out of the
60 days (i.e. two months period). If the total nuinber of days a patient takes the drugs is >= 40
{Patients that had >0.5 of the fraction were regarded as having adhered to treatment} days which

excludes Saturdays and Sundays for nvo months, 1t was regarded as “Yes”™ (Adhered) and “No”

(Not Adhered).

o Culture Conversion

Culture conversion is a diagnostic criterion indicating the point at which samples taken from a
patient infected with tuberculosis can no longer produce tuberculosis cell cultures. Culture

conversion is a positive prognostic marker indicating that a patient is cured of, or is recovering

from tuberculosis.

o Sputum Conversion Rate
Sputum conversion rate is the rate at which all smear positive patients become negative. [n this
context. the conversion rate is defined as the number of negative results divided by the number

of smear-positive patients for whom the 2 months follow-up examinatton was completed,

Rate = (No of negative results/No of smear-positive patients) X 100%
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2.15.1 Operationlization of Terms

e Cured

This is defined as consistent completion of treatment on negative culture for at least five

negative results in the last twelve to fifieen months.

e Treatment completed

This is defined as completion of treatment in agreement with laid down procedures
without adherence to specification for therapy failure due to lack of laboratory restiits.

e Died

This is defined as fatal experience for any reason during the course of MDR-TB

treatment,

¢ Treatment failure

This is defined as failure of at least two of the five cultures documented during the pertod

of 12-15 months of treatments of positive cultures.

e Lost to follow up

This refers to patients who at one point in time were actively participating in the study.
but have become lost (either by error in a computer tracking system or by being

unreachable) at the point of follow-up in the study.

e Transferred out
This i1s defined as transferring of patient to another documenting unit which involves

recording and reporting activities of an unknown treatment outcoine.

e [ime to sputum conversion
This is defined as the time from the date of commencement of MDR-TB trecatment to the

date of specimen collection for the first of two-consecutive negative smear and culture

taken 30 days apart.
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2.16 Cox Regression

The Cox (proportional hazards) model (Cox, 1972) is the most commonly used
multivariate approach for analyzing survival time data in medical research. It is a survival
analysis regression model, which describes the relation between the event incidence, as
expressed by the hazard function and a set of covariates. Briefly, the hazard is the instantaneous
event probability at a given time, or the probability that an individual under observation
experiences the event in a period centered on that point in time.

Mathematically, the Cox model is written as
Bt S e () RN DT X 02X h e By X)L st e L Equation 2.1

where the hazard function h(t) is dependent on (or determined by) a set of p covariates (xi,
X3,...Xp), \Whose impact is measured by the size of the respective coefficients (bi,bs,...bp). The
term ho is called the baseline hazard, and is the value of the hazard if all the X, are equal to zero
(the quantity exp(0) equals ). The ‘t’ in h(t) reminds us that the hazard may (and probably will)

vary over time. An appealing feature of the Cox model is that the baseline hazard function is

estimated non-parametrically, and so unlike most other statistical models, the survival times are

not assumed to follow a particular statistical distribution.

The Cox model is essentially a multiple linear regression of the logarithm of the hazard on
the variables X,, with the baseline hazard being an ‘intercept’ terim that varies with time. The
covariates then act multiplicatively on the hazard at any point in time, and this provides us with
the key assumption of the PH model: the hazard of the event in any group is a constant multiple

of the hazard in any other. This assumption implies that the hazard curves for the groups should

be proportional and not cross.

Proportionally implies that the quantities exp (b;) are called hazard ratios. A value of b,
greater than zero, or equivalently a hazard ratio greater than one, indicates that as the value of the
ith covariate increases, the event hazard increases and thus the length of survival decreases, Put
another way, a hazard ratio above | indicates a covariate that is positively associated with the
event probability, and thus negatively associated with the length of survival. This proportionality

assumption is oflen appropriate for survival timc data but it is important to verily that it holds.

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT



2.16.1 Assumptions of Cox (Proportional Hazard) Model

First and foremost is the issue of non-informative censoring. To satisfy this assumptton,
the design of the underlying study must ensure that the mechanism giving rise to censoring of
individual subjects are not related to the probability of an event occurring. In a regression type
situation, this means that the survival curves for two strata must have hazard functions that are
proportional over time (i.e. constant relative hazard).

Since the Cox proportional hazards model relies on the hazards to be proportional, i.e. that
the effect of a given covariate does not change over tiime, it is very important to verify that the
covariates satisfy the assumption of proportionality. If this assumption is violated, the simple
Cox model is invalid, and more sophisticated analyses are required. If this interest centres upon a
binary covariate, Z, whose relative risk changes over time, one approach is to introduce a time-

dependent covariate as follows. Let

Zxt) = Zix g(t) = g(t) ifthe covariate Z takes on the value |

=0 if the covariate Z; takes on the value 0,

where g(?) is a known function of time. One difficulty with this approach is that the function g(?)
is usually unknown. In such cases, it may be preferable to use a procedure that would allow the

function g(?) to be estimated from the data. One approach to this problem is to fit a model with an

indicator function for g(1).

However. Cure models can be a useful alternative to the standard Cox proportional
hazards models for data with survival trends for quite a number reason (Cox. 1972). First. the
assumption of proportional hazards can fail when survival curves have plateaus at their tails.
Secondly. survival plots avith long plateaus may indicate heterogeneity within a patient
population that can be uscful to describe cxplicitly. Cure models allow to us investigate what
covariates are associated with long-terin effects. For example. Cure models can allow evaluating
whether a new therapy is assoctated with an increasc or decrease in the probability of being a
long-term survivor or an improvement or detriment in survival for those who arc¢ not long-term
survivors. While Cure modcls have been a popular component of statistical literature for the past

20 years. they have not heen cxtensively implemented in Epidemiology and Public Health,

Hence. there 1s need to device anather approach i order to determine, predict und establish the

tume to sputum conversion among muelti-drug resistant tuherculosis condition in individuals 0 an

cllective and ellicient way'.
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2.17 Cure Models

A cure is the end of a medical condition; the substance or procedure that ends the
medical condition, such as a medication, a surgical operation, a change in lifestyle, or even a
philosophical mindset that helps end a person's sufferings. It may also refer to the state of being
healed, or cured. A remission is a temporary end {o the medical signs and symptoms of an
incurable disease. A disease is said to be incurable if there is always a chance of the patient

relapsing. no matter how long the patient has been in remission.

The proportion of people with a disease that are cured by a given treatment, called the
cure fraction or cure rate, is determined by comparing disease-free survival of treated people
against a matched control group that never had the disease. Another way of determining the cure
fraction and/or "cure time" is by measuring when the hazard rate in a diseased group of
individuals’ returns to the hazard rate measured in the general population. Inherent in the idea of
a cure is the permanent end to the specific instance of the disease. When a person has the
common cold, and then recovers from it, the person is said to be cured, even though the person
might someday catch another cold. Conversely, a person that has successfully managed a disease,

such as diabetes mellitus, so that it produces no undesirable symptoms for the moment, but

without actually permanently ending it, is not cured.

In complex diseases, such as cancer, researchers rely on statistical comparisons of disease-
free survival (DFS) of patients against matched. healthy control groups. This logically rigorous
approach essentially equates indefinite remission with cure. The comparison is usually made
through the Kaplan-Meier estimator approach. The simplest cure rate model was developed by
Berkson and Gage in 1952. In this model, the survival at any given time is equal to those that are
cured plus those that are not cured, but who have not yet died or, in the case of diseases that
feature asymptomatic remissions, have not yet re-developed signs and symptoms of the disease,
When all of the non-cured people have died or experienced relapse of the disease, only the
permanently cured members of the population will remain, and the DES curve will be perfectly
flat. T'he earliest point in time that the curve goes flat is the point at which all remaining discase-

free survivors arc declared to be permancntly cured. If the curve never goes [at. then the discase

1s lormally considered incurable (with the existing treatments).
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Therefore, Berkson and Gage equation is written as: S(¢) = p + [(1-p) §*(/)]......Equation 2.2

In addtion, Maller & Zhou (1996) gave an extensive discussion of classic methods of inference
for the mixture cure rate model. The two available types of cure models are mixture and non-
mixture models. For mixture cure models, it concerns modelling the survival two group of
patients: cured and uncured individuals. Similarly, logistic regression is used to model the

probabslity of curing a patient while survival model is used for uncured individuals. [t is

noteworthy that this can be achieved with both Weibull and the Cox models. Mixture cure model
is based on the assumption of two different populations which is contrary to a single population
of Cox model. In a typical logistic Weibull model, it propounds the interpretation of Odds ratios

and Hazard Ratios. Odds Ratio is the probability for cured patient while Hazard Ratio is the

survival of uncured individuals.

Non-mixture cure models assume a different procedure to modelling survival. The Non-mixture

survival equation can be written as:
SR ne o rec s SR SO T rrrs Yoy br e | Equation 2.3

The probability of being cured and in S%(¢)can be incorporatcd in the non-mixture model.

Where S(f) is the proportion of people surviving at any given point in time, p is the proportion

that are permanently cured. and S*(/) is an exponential curve that represents the survival of the

non—ured people. In addition, Maller & Zhou (1996) gave an extensive discussion of classic

methods of inference for the mixture cure rate mode!.

Cure rate curves can be determined through an analysis of the data. The analysis allows the

statistician to determine the proportion of people that are permanently cured by a given

treatment, and also how long after treatment it is necessary to wait before declaring an
asymptomatic individual to be cured. Several cure rate models exist, such as the Expectation-
Maximizatton Algorithm and Markov Chain Monte Carlo Model. It is possible to use cure rate
models to compare the efficacy of diflerent treatments. Generally, the survival curves are

adjusted for the eftects of normal aging on mortality, cspecially when discases of older people
are being studied.
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From the perspective of the patient, particularly one that has received a new treatment, the

statistical model may be frustrating. It may take many years to accumulate sufficient information
to determine the point at which the DFS curve flatiens (and thereforelno more relapses are
expected). Some diseases may be discovered to be technically incurable, but also to require
treatment so infrequently as to be not materially different from a cure. Other diseases may prove
to have a multiple plateaus, so that what was once hailed as a "cure" results unexpectedly in very
late relapses. Consequently, patients, parents and psychologists developed the notion of
psychological cure, or the moment at which the patient decides that the treatment was sufficiently
likely to be a cure as to be called a cure. For example, a patient may declare himself to be

"cured”, and to determine to live his life as if the curc were definitely confirmed, immediately

afler treatment.

There are two major classes of cure models, mixture and non-mixture models. Mixture
cure models, as the name suggests, explicitly model survival as a mixture of two types of
patients: those who are cured and those who are not cured. Typically, the probability a patient is
cured is modelled with logistic regression. The second component of the model is a survival
model for patients who are not cured. There are many options for this, but two common models

are the Weibull and the Cox models. In words, a mixture cure model can be written as follows:

Probability alive at time 7 = probability cured + probability not cured .Y probability alive at time ¢

A o] v R TS . CETNRRETR . e SN SISO e - Equation 2.4

Standard survival models, such as the Cox model, do not assume 2 different populations
as the mixture cure model does. Many variations of mixture cure models have been proposed in
the statistical literature. A nice feature of the logistic Weibult model (and some other mixture
models) is that a wide range of researchers understand how to interpret ORs and HRs. The results
of the model provide ORs for the probability of being cured and HRs for the survival for patients
who are not cured. A benefit of the mixture cure model is that it allows covariates to have
different influence on cured patients and on patients who are not cured. For example, a therapy
may incrcase the proportion of patients who are cured (evidenced by a signilicant OR) but not

affect survival for patients who arc not cured (evidenced by a non-significant HR), A mixture

curc model allows us to tease out that relationship.

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT



Non mixture cure models take a different approach to modelling survival. Many non-

mixture cure models can be thought of as Cox proportional hazards models that allow for a cure

fraction. Non mixture survival models can be written as follows:

Probability alive time 1 = probability cured!-Ss) Equation 2.5

(]
........................................

where 1-Sx(7) is an exponent of the probability of being cured and Sx(¢) is a survival function.

Equation 2.5 has a very different form than the mixture cure modei in equation 2.4. Non mixture

cure models may fit some data better than mixture cure models and vice versa.

For the non-mixture model, covariates can be incorporated both in the model for the

probability of being cured and in S*(f). The interpretation of covariates is different with the non-

mixture cure model than with the mixture model. Covariates included in S%(/) characterize a

“short-term™ effect, but the covariates do not describe the survival for those who are not cured

because the non-mixture model does not directly model a mixture population.
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2.17.1 Mixture Cure Model

As previously stated, the motivation behind mixture cure modeling is the desire to
predict time to sputum conversion in which there are cured proportions of individuals and the
resulting consequence that those individuals will never experience conversion to sputum negative
of multi-drug resistant tuberculosis. This has led to the exploration into cure rate estimation and
development of the first mixture cure models by Boag, Berkson, Gage, and Hay Bittle (1965).
From these developed models, various studies have proposed and assessed parametric and semi-
parametric mixture cure models such as Default time from tuberculosis treatment in the Southern
Republic of Benin Using Mixture Cure Mode! for Survival Analysis (Tchibozo Anicet Sylvere et
al, 2013). This cohort assessed the cured fraction, the conditional probability of default (CPD)
from treatment course and identified the risk factors predicting its timing. With Cox proportional
hazards (PH). predictors of default time were HIV/AIDS, TB history and Age. However, with
logistic Cox mixture cure model. HIV/AIDS and Age significantly increased the probability of
default. whereas TB history significantly reduced default probability from previous TB infection.

Moreover, the study provides the first evidence that HIV/AIDS, TB history and Age were
the major predictive factors of default time from anti-TB treatment in Benin Republic. Therefore,
additional efforts to improve the compliance of patients with anti-TB treatment through a better
management of the co-infection with HIV/AIDS in accordance with patient’s specific age group
may be an important feature of a prospective TB contro! strategy in the future.

Besides, another study has recently used mathematical models to predict the future burden
of multi-drug resistant tuberculosis. These models suggest the threat of muiti-drug resistant to TB
control will depend on the relative *fitness’ of MDR strains and imply that if the average fitness
of MDR strains is considerably less than that of drug-sensitive strains, the emergence of
resistance will not jeopardize the success of tuberculosis control efforts. These results imply that
current epidemiological measures and short-term trends in the burden of MDR-TB do not

provide evidence that MDR-TB strains can be contained in the absence of specific efforts to limit

transmisston from those with MDR disease (Cohen and Murray, 2004).

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT



Several authors such as Persson (2002) and David et al (2013) have studied the parametric

pproach to mixture cure models. However, semi-parametric models are often of greater interest
than parametric models since the parametric assumption can be hard to meet. When this situation
arises, violations of the assumptions of the analysis impact the ability to trust the results and
validly draw inferences about the results. If this assumption is violated, the simple Cox model is
invalid, and more sophisticated analyses are required to achieve the set objectives.

Therefore, many studies more recently such as Tchibozo Anicet Sylvere et al, (2015) and
Cohen et al (2004) have explored modeling and estimation with semi-parametric mixture cure
models. To start, we give the expression for the mixture cure model. Let T denote the failure time
for the event of interest and let Y be the indicator of an individual’s susceptibility to the event of
interest (Y=1 for susceptible, while Y=0 for not susceptible). Also, define 1- = (z) as the
probability of being cured given the vector of covariates z. S ( {|Y = [, x) gives the survival
probability for susceptible, uncured patients at time t, given a certain covariate veclor X.
Covariate vectors x and z may affect the survival and the cure function, respectively. The

expression for the mixture cure model is as follows:

Spop(tfXe Z) =R (Z) SCIY = 1, X))+ 17 (2)e oo Equation 2.6
where Spop( t| X, 2) is the unconditional survival function of T for the entire population. Here,
S(t]Y = [, x) is defined as the latency and =n( z) is defined as the incidence. The modeling strategy

for the mixture cure model involves separately modeling the cure proportion and the survival

distribution of the uncured patients.
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2.18 Log-normal Distribution

[n statistics, a log-normal distribution can be described to be normally distributed when

a random variable fits a continuous probability distribution. Therefore, if

Nis log-normally distributed, then o hl(A )has a normal distribution.

the random variable

Likewise, if Yhas a

normal distribution, then X =exp(Y) has a log-normal distribution. A log-normal

distnibution data takes an only positive real value which was developed by Francis Galton (hald,

1998). The procedure of combination of a variety of independent random variables with positive

values 1s associated with log-normal distribution. This distribution process can function

efficiently with mean and standard deviation of the variable’s natural logarit
a log-normally distributed random variable .Xand two parameters fand ot
the mean and standard deviation of the variable’s natural logarithm, then t

normally distributed, and we can write .Xas

W= +szith a standard normal variable.

Probability Density FFunction

him. Therefore, given

hat are, respectively,

he logarithm of Xis

A random positive variable Zis log-normally distributed if the logarithm of Zis normally

distributed,

—

p 1 (i — p)?
N(lnz; pu,c) = exp |~ x>0

A change of variables must conserve dif ferential probability. In particular,

dinz dz

N(lnr)dlnz = N{ n:z:)—-——d:z: = /\f(ln:c) = In A (z)dz.

where

1 (Inz — p)*

2

.-'\"}r‘: L.O) = — L.
InN(xz;u, o) = 20

is the log-normal probability density function.
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...Equation 2.8

XP |- , x>0

......zquation 2.9



Cumulative Distribution Function

The cumutlative distribution function is

T 1 Inxr — 1 ln:r...p‘ lnr—u\
InN(& p,o)dE = — []_ | Erf( H ] _ f ( #HY (15(. ,
Jo & B a2 5 ¢ V2 J

Equation 2.10

........................................................................................

Where erfc is the complementary error function, and ® is the cumulative distribution function of

the standard normal distribution.
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2.19 Weibull Distribution

In probability theory and statistics, the Weibull Distribution is a continuous probability
distribution. It is named after Swedish mathematician Waloddi Weibull, who described it in
detail in 1951, although it was first identified by Fréchet (1927) and first applied by Rosin &

Rammler (1933) to describe a particle size distribution,

The probability density function of a Weibull random variable is:

............................ Equation 2.11

Where k> 0 is the siiape parameter and A > 0 is the scale parameter of the distribution. fts
complementary cumulative distribution function is a stretched exponential function. The Weibull

distribution is related to a number of other probability distributions; in particular, it interpolates

between the exponential distribution (k = 1) and the Rayleigh distribution (k=2 & A = \/§J).

lf the quantity X is a "time-to-failure", the Weibull distribution gives a distribution for which the

failure rate is proportional to a power of time. The s/iape parameter, £, is that power plus one, and

so this parameter can be interpreted directly as follows:

« A value of k< | indicates that the failure rate decreases over time. This happens if there is
significant "infant mortality”, or defective items failing early and the failure rate
decreasing over time as the defective items are weeded out of the population.

. A value of £ = I indicates that the failure rate is constant over time. This might suggest

random external events are causing mortality, or failure.

A value of £ 1 indicates that the failure rate increases with time. This happens if there is

an "aging" process, or parts that are more likely to fail as time goes on,

| In the field of materials science, the shape parameter & of a distribution of strengths is known as

the Weibull modulus.
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Density Function

The form of the density function of the Weibull distribution changes drastically with the
value of k. For 0 <k< 1, the density function tends to oo as x approaches zero from above and is
strictly decreasing. For k = 1, the density function tends to 1/4 as x approaches Zero from above
and is strictly decreasing. For k> 1, the density function tends to zero as x approaches Zero from
above, increases until its mode and decreases after it. It is interesting to note that the density
function has infinite negative slope at x = 0 if 0 <k< |, infinite positive slope at x = 0 if | <k<2
and null slope at x =0 if & 2. For & = 2 the density has a finite positive slope at x = 0. As k£ goes
to infinity, the Weibull distribution converges to a Dirac delta distribution centred at x = A.

Moreover, the skewness and coefficient of variation depend only on the shape parameter.

Distribution Function

The cumulative distribution function for the Weibull distribution is

Equation 2.]2

.....................................................

For x>0, and F(x; k; A) = 0 forx<0.

The quantile (inverse cumulative distribution) function for the Weibull distribution is

Qpi &, A) = A(—In(1 — P))llk ............................................. Equation 2.13

for0<p <1

The failure rate/: (or hazard function) is given by

o N1
h(z: & A) = — (i) -

A UA i BQUALION 2,14
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20 Log-Logistic Distribution

heavier tails.
The cumulative distribution function is

Fx;o, By= 1701 + (&/a)P

I

(x/0)® / (1 + (x/o0)?

I
-~
=
-~
—~
_
==
+
/
=
~

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

where x>0, a>0,8>0

The probability density function is

f(xza, P) = (Bla) (x/a)P! /(1 + (x/a)h)?

...................................................
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The log-logistic distribution is the probability distribution of a random variable whose

logarithm has a logistic distribution. [t is similar in shape to the log-normal distribution but has

.Equation 2.15

Equation 2.16



2.21 Log-rank Test

[n statistics, the log-rank test is a hypothesis test to compare the survival distributions of
two samples. It is a non-parametric test and appropriate to use when the data are right skewed
and censored (technically, the censoring must be non-informative). It is widely used in clinical
trials to establish the efficacy of a new treatment in comparison with a control treatment when
the measurement is the time to event (such as the time from injtial treatment to a heart attack).
The test is sometimes called the Mantel-Cox test, named after Nathan Mantel and David Cox.
The log-rank test can also be viewed as a time-stratified Cochran Mantel-Haenszel test. The test
was first proposed by Nathan Mantel and was named the log-rank test by Richard and Julian
Peto. The log-rank test statistic compares estimates of the hazard functions of the two groups at
each observed event time. It is constructed by computing the observed and expected number of

events in one of the groups at each observed event time and then adding these to obtain an

overall summary across all-time points where there is an event.

Letj =1, ....J be the distinct times of observed events in either group. For each time J, let Ni;

7 , ,

and N 27 be the number of subjects "at risk" (have not yet had an event or been censored) at the
start of period Jin the two groups (often treatment vs. control), respectively. Let

L { f : ]

M= N 17 + j\'i’}. Let Ulz and C2; be the observed number of events in the groups

respectively at time J. and define OJ - Olj + 021'.

Given that O; events happened across both groups at time J. under the null hypothesis (of the
two groups having identical survival and hazard functions) O13has the hyper geometric

distribution with parameters NJ', Nl], and OJ. This distribution has expected value

- O} AT Fiet O)(f\rl)/NJ:'(l -J\'r]JJ/IVJ)iJVj _ Oj'
i and variance Y T o - S e ..Equation 2.

The log-rank statistic compares each 011 to its expectation El} under the null hypothesis and is

defined as
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Yi1(01— Ei;)

Z Lo j=1\

VELY;

........................................................ Equation 2.138

2.21.1 Asymptotic Distribution

[f the two groups have the same survival function, the log-rank statistic is approximately

standard normal. A one-sided level cx test will reject the null hypothesis if 7/ > Za where a is

the upper ¢y quartile of the standard normal distribution. If the hazard ratio is A, there are 13 total
subjects.  is the probability a subject in either group will eventually have an event (so that n.d
is the expected number of events at the time of the analysis), and the proportion of subjects

randomized to each group is 50%. then the log-rank statistic is approximately normal with mean

nd

4 and variance |- For a one-sided level (¥ test with power | = ;3, the sample size
4(z0 + 235)°
n= —— “
e 2 ; -
required is Glog A NG e Equation 2.19

where Z» and <3 are the quartiles of the standard norma} distribution.

Joint Distribution

Suppose Z1 and Z2 are the log-rank statistics at two different time points in the same study
(Zl earlier). Again, assume the hazard functions in the two groups are proportional with hazard

ratio X and @1 and @5 are the probabilities that a subject will have an event at the two time points

g
log,\\ ]

where dy < dz_ A and ZQ are approximately bivariate normal with means and
l | /71 dg /9_1_
Og s R | \ -
: T Ve
\J ‘1 and correlation M 02 S W AT el b AT e WA . ...eqldtlon 2:20
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297 Likelihood and Akaike Information Criterion

Many statistical models in medical research are estimated using a technique
called maxinum likelihood. This technique attempts to estimate the parameters of a model. which
we denote generically by B, by maximizing the likelihood function. The likelihood function,
denoted L(P), is the product of the probability density functions (or probability mass functions
for discrete distributions) evaluated at the observed data values. Given the observed data,

maximum likelihood estimation seeks to find values for the parameters, B, that maximize L(f3)-

Instead of maximizing the likelihood function L(3), it is easier to work with the negative
of the natural logarithm of the likelihood function, -Log L(j3). The problem of maximizing L(f3) is
reformulated as a minimiZation problem where you seek to minimize -LogLikelihood = -

Log L(B). Therefore. smaller values of -LogLikelihood or (-2LogLikelihood) indicate better
model fits.

One can use the value of -LogLikelihood to choose between models and to conduct custom
hypothesis tests that compare models fit using different platforms. This is done through the use
of likelihood ratio tests. One reason that -2LogLikelilhood is reported in many medical research is
that the distribution of the difference between the full and reduced model -2LogLikelihood
values is asymptotically Chi-square. The degrees of freedom associated with this likelihood ratio
test can be equated in value to the difference between the numbers of parameters in the two
models (Wilks, 1938). The corrected Akaike's Information Criterion (AlCc) and the Bayesian

Information Criterion (BIC) are information-based criteria that assess model fit. Both are based

on -2LogLikelihood.
AlCc is defined as follows:

AlCc = -2LogLikelihood + 2k + 2k (k + 1)/(n-k-1)

where k 1s the number of estimated parameters in the model and » Is the number of observations
in the data set. This value can be used to compare various models for the same data set to

determine the best-fitting model. The model having the smallest value, as discussed in Akaike

(1974). is usually the preferred model.

BIC is defined as follows:
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CHAPTER THREE

Mecthodology
3.1 Study Design

Secondary data was employed for this retrospective study. This secondary dataset came

from patients who attended Lagos Mainland (Infectious Disease Hospital) Hospital, Lagos,

Nigera.

3.2 Study Population

The target population consisted of patients who were diagnosed of multi-drug resistant
tuberculosis disease in Infectious Disease Hospital, Mainland Hospital, l.agos and University
College IHospital, Ibadan. This involved a 54-month (April 2012-October 2016, except December
2015) of 415 involving treated multi-drug resistant tuberculosis patients who met inclusion
criteria out of 469 since the programme inception. The patients received treatment at the facility.
Consequently. ethical approval and data accessibility for this study was granted by Health

Research and Ethics Committee of Lagos State University Teaching Hospital (LASUTH) and

tHealth Service Commission, Lagos respectively.

3.3.1 Inclusion Criterion

The criteria for inclusion of patients in this study was

Patient (aged 15 years or more) who had earlier had an episode of multi-drug resistant

tuberculosis condition.

332 Exclusion Criterion

The criteria for exclusion of patients in this study was

Patient less than 15 years who had earlier had an episode of multi-drug resistant
o Patien

tuberculosis condition.
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3.4 Selection of Records

LEBLE g gt o consecutively extracting information about each multi-drug
resistant patient who met the inclusion criterion. A right censoring technique was employed for
the selection of the patients. Right censoring occurs when a subject or patient leaves the study
before the event occurs or the study ends before the event has occurred. Therefore, one hundred
and twenty-three (123) patients were censored out of four-hundred and thirteen (413) patients.
So. two-hundred and ninety (290) patients were left at the end right censoring period.

Conversely, left censoring is when the event of interest has already occurred before enrolment In

the study. This is very rarely encountered.

3.5 Description of Data Extraction

The main outcome measure (time to sputum conversion) was the time from the date of
MDR-TB treatiment started or date of making diagnosis to the date of specimen collection for the
first of two consecutive negative smear/culture taken 30 days apart. Time was computed as the
period of months each patient was measured for sputum conversion. The predictor variables of
interest include: demographic (age and gender) and clinical characteristics (registration group,
number of drugs resistant to at treatment initiation. HIV status, diabetes status and adherence
with medication).

[n addition. variables such as patients status: (transferred in, previously exposed with both
first line and second line anti-TB drugs and others), type of test (smear/culture), history of TB
treatment, treatment outcomes (cured, completed, failed. died, defaulted, transferred out) Type of
Test (Gene Expert and Drug Sensitivity Test), Result (Resistant. Susceptible and Contaminated),
ART status (Yes/No). bacillary load and negative sputum smear and culture at the beginning of
treatment, drug-resistant pattern at initiation of treatment, treatment initiation period. number of

drugs the initial isolate was resistant to at treatment initiation and time in days to initial sputum

culture conversion were also extracted.
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3.6 Data Management and Analysis

statisti : : : imati
R statistical software was ysed in carrying out the Kaplan-Meier Estimation and

Modelling. Statistical Package for Social Sciences (IBM SPSS) version 20.0 was used to produce
life tables so as to give a detailed survivorship pattern among multi-drug resistant tuberculosis
patients and also to assess the effect of other socio-biological factors using Cox regression
models. The Cox proportional hazard model was used to determine which of the explanatory

variables explained differences in survival time of patients (the lifespan or period that the

patients on multi-drug resistant tuberculosis drugs were visible during the study). In the analyses,
descriptive statistics (frequency distribution tables, measures of location and variation) was used

to examine the distribution of the patients according to some socio-economic and demographic

variables of interest.

Also. survival analysis was performed to compare the time to initial sputum conversion
by various levels of variables (IIV status, gender, medical compliance, social support, period of
enroliment). For each categorical variable (Gender, HIV status, Medical compliance and Social
support). Kaplan-Meier survival curves was constructed and stratified for each level of the
variables. The log-rank test was used to test for statistical differences in the observed time to
sputum conversion between new and retreatment cases. Unadjusted and adjusted hazard ratios for
sputum conversion were determined from a Cox proportional hazard regression. Factors
associated with time to sputum conversion at 5% level of significance in Kaplan-Meier analysis
were forwarded to the multivariate Cox regression model. Mixture Cox cure models were also
fitted to the main outcome variable which is time to sputum conversion using Lognormal, Log-

logistic and Weibull distributions as alternative to the viofation of Proportional Hazard

assumption.

First, the standard Cox regression was fitted under the proportional hazard assumption.
That is: Al X1, X2,....Xk) = d(2) exp(MiXi + A2Xz +......+ A&Xk). Where Ao(t) is the baseline

hazard of time to sputum conversion at time ¢ and X1, Xz,....Xkare the k independent covariates.

Here. ¢ is the time to sputum conversion. This was implemented in R using the PARFM

procedure. Second, the logistic Cox PH mixture mod
{ assumes a binary distribution to model the incidencc probability and

el was used to account for the cure fraction

of the sample. |

parametric sputum conversion time distribution to model the latency. Collett and Dave (2003).

extended the model by using Cox proportional hazards regression for the latency. That is:
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SLx,z]=n[z]S[t/u LX] + [1 = (2)]

Where : ' ‘t : ] ‘
> [txz] is the conditional survival function for the entire cohort.

IS [t'u=1,x] = P[T> U = 1X] is the survival function for susceptible individuals given a covariate
vector X = [Xi, X2,.... Xk and #[z] = P[y = 1/z] is the probability of being susceptible given a
covariate vector Z=[z,, Z2,...Zp)’ which may include the same covariates as x. These were also
implemented through PARFM in R software Sputum conversion time can take the form of
parametric distributions such as Weibull, Log-normal and Log-logistic which are commonly used
to modei survival data. Estimates were computed using the R PARFM procedure for the
parametric component and through the Expectation Maximization (EM) algorithm for the Cox
PH mixture cure component. Three models (Weibull, Log-normal and Log-logistic) were
proposed and the best one was selected based on the goodness of fit statistics;: Deviance

(-2LogL), Akaike Information Criterion (AIC). That is the model with the smallest criteria while

the effect of predictors of time to sputum conversion was reported as Hazard Ratios at o os

Besides, data was designed such that each of the selected covariates has an effect on both
the cured fraction and the survival of the uncured patients who experienced sputum conversion.
The use of the standard Cox PH model is linked to the hypothesis that, if complete follow-up
were possible for all patients, each would have eventually experienced the sputum conversion
from treatment. This hypothesis, however, did not hold for the dataset at hand. Some individuals
were cured or immune against the event, resulting in the fact that time to sputum conversion
distribution was improper as it has tota} mass less than 1. Indeed, from the figure 4.1, the Kaplan-
Meier Estimate (KME) curve levels off at nonzero proportion (around 95%) at the right tail and

exhibit a relatively long and stable plateau (Figure 4.1). Combined with the fact that the last

sputum conversion time was censored, this supported the applicability of the mixture cure model.

Another evidence of the presence of immune individuals in the 20106 cohort of MDR-TB patients

was based on the largest event time. The largest sputum conversion ttme was censored. This led

to the rejection of the hypothesis of no immune patient in the source population of the cohort

which establishing the evidence of sufficient follow-up. Added to this. we found 64.9% of

sputum conversion, satisfying the cut-off criterion of at least 5% of cvent needed to apply the

mixture cure mode/.
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7 Confidentiality

All information collected from this study was given code numbers and no name was also
recorded. The name or the identity of the patient was not ysed and would not be used in any

publication or report from this study.

3.8 Ethical Approval

The ethical approval for this study was granted by the Ethical Research Committee of the

Lagos State University Teaching Hospital (LASUTH), Lagos, Nigeria.

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT



CHAPTER FOUR

The demographic. clinical. social and lifestyle characteristics are presented in this chapter.

four. The results of factors associated with sputum conversion time among multi-drug resistant

tuberculosis patients in bivariate analysis were presented. Moreover, covariates associated with

time to sputum conversion using mixture cure models and its models goodness-of-fit statistics
were also displayed. Finally. clinical life tables which relatc to life expectancy and mortality
experience of the multi-drug resistant tuberculosis patients were summarized. A total ol 413

records of multi-drug resistant tuberculosis patients were included for this analysis.

4.1 Demographic, Clinical, Social and Lifestyle Characteristics

The demographic characteristics ol the multi-drug resistant tuberculosis patients were
summatrized in table 4.1.1. The mean age of the respondents was 36.8 + 12.7 years. About a third
of them (32.0) were between 25-34 years. A larger percent of the patients (60.8%) were male
with a sex ratio of 1.7 while some of them (41.4%) acquired secondary education. About two-
third (67.6%) of them were married and 68.8% had normal Body Mass [ndex. Most of them

(47.7%) were of Yoruba ethnic tribe. More than three-quarter (77.7%) of the patients reside

within Lagos.
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ble 4.1.1: Demographic Characteristics of Mult-Drug Resistant Tuberculosis Patients

I N N

Age group (vears)

[ 15-24 62 15.0
25-34 132 32.()
35-44 {03 24.9
45-39 g2 | 19.9
>60 24 | 5.8
Unknown | 10 | 2 4
| Total | 413 100.0
Gender I I
| Male 251 60.8
Female 148 35.8 |
Unknown 3.4
Total ] (= 100.0
I Levelof Education
None 78 18.9
' Primary )27 30.8
| Secondary 171 41.4
| Tertiary 29 7'2 |
| Unknown 8 | A
Total 413 L IR
Marital Status |
: 203
Single 84( 67 6
Married 279 ) .()
Separated })9 ﬂ 5.8
\Widow/Widower 24 l ' ;
’7 .
Total _l__ e
Tribe o 477
Y oruba | 177
| 12bo 73 . 8
08 :
Hausa 0g 23 7
Others > 41
| Jnknown H | 100.0
Total —
Body Mass Index 544 71.6
Normal 03 25 Q
Overweight 0 75
Obcse
10:2: 197 1 §00.4)
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ocation of Patients

agos
Outside Lagos

Percentage
e ———

77.7
22.3

100.0
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ple 4.1.2 shows the clinical characteristics of the mylti-drug resistant tuberculosis patients. A larger
rcentage (86.9%) of the patients was of pulmonary tuberculosis status. The distribution ratio of the
gistration Category of the patients in respect to new and retreatment cases was 1:3. More than half of
hem (58.4) converted within the duration of study period while among the non-converted, 11.4%
xtended into eXtensive drug resistant category. A paltry percentage (13.3%) of the patients were HIV
positive and on anti-retroviral treatment (11.1%). Less than a fifth of the patients (15.5%) Wwere cured

while 7.3% died, 8.2% are lost to follow-up, 9.2% defaulted and 5.3% relapsed.

Table 4.1.2: Clinical Characteristics of Multi-Drug Resistant Tuberculosis Paticnts

— - ey S— —

Variables Frequency Percentage
_ﬂ_ o
Form of Tuberculosis
Pulmonary Tuberculosis 359 | 86.9
Extra Pulmonary Tuberculosis l 54 13.1
Total 413 100.0
— s e
Registration Category |
Ncw 04 22.8
' ,
Retreatment 319 71.2
Total 413 ﬂ 100.0 |
Conversion st-atus i i} 534
Converted 2;7"]; ' o .6
Not Converted v G
TOtal — e e —————
e |
NDR-TB i I i
e 79 19.1
3l 0 69.5
RS 172 100.0
Total - | -
HIV Status 53 | 13.3 |
Positive 307 | 743 l.
Negative 1 12.4
ik ¢ 413 100.0 |
Anti-Retroviral Treatment 46 i1,
| Yes 308 74 .6
NO 359 14.3
{Unknown 413 100.0
Total .
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“olony count at initial culture

Total

—

{ 1+ or 2+ 164

|3+ or 4+ 172

‘ Unknown 77

| I_ Total 413

| Bacilloscopy before treatment

'| Positive , 103

‘| Negative 49

| Unknown 61
Total 413

| Clinical outcome “_
Sputum converted 168
Died I 10
Dcfaulted 18
Rclapscs 22
|_oss to follow-up 34
Transferred out 21

413

Percentage

397

41.0

18.7

100.0

73.4
11.9 |
[4.8
100.0

64.9 I

1.3
9.2
)
8.2
5. ]
100.0

Table 4.1.3 shows the

paticnts. A larger percentage of the paticnts (42

percenta
than half o
to at treatme

resistant to stre

social and lifestyle characteristics of multi
6%) had ever taken alcohol whilc a paltry

ge 17.4% had ever smoked. Less than half of them (

( them (47.4%) adhered with their medication. The av

qt initiation by the patients was five (4.83 = 1.9). Majority of the patients were

ptomycin (79.7) while 16.2% were resistant to ofloxacin.

-drug resistant tuberculosis

16.9%) were known diabctic. Lcss

erage number of drugs resistant
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aple 4.1.3: Social and Lifestyle Characteristics of Multi-Drug Resistant Tuberculosis
Patients

'_E'vcr taken alcolrol
| ‘Yes 176 | 47 6
*.'.NO 199 4872

Unknown 38 99
Total - e = 413 I 100.0 |
| Ever smoked | —r
Yes I 72 17.4
| No | 293 70.9
Unknown 48 11.6
Total l 413 100.0
Diabetes status
Yes 70 16.9
No 2908 72.1
Unknown 45 11.0
Total 413 100.0
“Adherence \\'ith medication |
Yes 196 47.4
No 179 43.4
9.2
Unknown 38
Number of dr_u_g: resistant |
to at treatment initiation o v
2-4 drugs ]3I o
5-6 drugs = .
>=7 drugs i 00,0
Total s —_—
Resistant to Streptomycin by 20 7
i 59 14.0
1 26 6.3
Unknown e 100.0
Total ek — —_—
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Vo | Frewwen | percanne
IResistant to Ethambutol
}I"ch | 2065 04.2
No | 107 25.9
| Unknown 41 0.9 |
| Total ' 113 100.0
[Resistant to Kanamycin |
1 ves 69 16.7
Unknown 2063 63.7
Total 413 | 100.0 |
: s e |
Resistant to Ofloxacin |
Yes 67 16.2
Unknown 76 13.4 |
Total | 413 I 100.0
[ Resistant t(TCa-prcomycin
X 73 el /
No‘ 278 852
27.1
- | Unknown % l 100.0
Total _ﬂ__ﬂi_p__#—ﬂ -
| Resistant to Amikicin o | )13
Yes
| 214 51.8
P MO 111 20.9
| Unknown 13 100.0
Total [T :
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Factors :lss‘ocaat?d with time to sputum conversion among multi-drug resistant
tuberculosts patients

Factors associated with time to sputum conv

ersion among multi-drug resistant tuberculosis

atients are shown in table 4.2. The overail median time for sputum conversion Was 3.3
IOR: 1.5-11.3) months among those who converted. The medjan sputum conversion time of
patients who reside within Lagos was 3.5 (IQR: 1.5-6.0) months compared to 5.5 (IQR: 3.0-8.3)
‘months among those who reside outside Lagos {p=0.037]. The median sputum conversion time
for patients who are less than or equal 10 40 years was 4.5 (IQR: 2.0-11.5) months compared 10
6.0 (IQR: 2.33-9.5) months among patients who arc older than 40 ycars [p<0.001]. The median
sputum conversion time for patients who adhered to drug medication was 3.5 (IQR: 1.5-6.5)
months compared to 6.5 (IQR: 2.0-11.33) months among paticnts who did not adhere to drug
medication [p<0.001]. Also. the median sputum conversion time for diabetic patients was 6.67
(TQR: 2.5-10.5) months compared to 3.33 (IQR: 2.0-6.0) months among non-diabetic paticnts
[p<0.001}. Finally. there was a significant difference in sputum conversion time for patients who
had successful trcatment outcome; 3.0 (IQR: 1.67-6.33) months compared to 8.33 (IQR: 2.0-

§1.50) months from patients who had poor treatment outcome {p<0.001].

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT



g MDR-TB paticnts

[ [ Mool | Coverid [ ot Comerr S
= - _ Median duratjon of P-vahlue
Patients - 1
| 413 m (“a) m (%) | conversion (months) | (log-rank test)
IIER BT NN N (I TS o
-~ ' | 0.037**
3 s 190 1 (59.1) | 29 (40.1) 3.5 (1.5-6.0)
g 2505 L 1(554) ] 43 | (44.6) 5.5(3.0-8.5)
e of patients ————¢ ' —<0001**
0 years 265 71 1 (64.5) | 94 | (35.5) 4.5 (2.0-11.5)
40 years | 138 69 | (50.0) | 69 |(50.0) 6.0 (2.33-9.5)
(nown [0 I (l,O) 9 HL(()O.o)
| 0.198
il 251 161 |[(64.1)| 90 |(35.9) 5.4 (0.75-6.5)
| 148 99 | (66.9) (33.1) 6.45 (0.7-8.0)
|4 6 | (42.9) (57.1)
leg. Group H | 0.894
lew 94 60 |(63.8)| 34 [(362) 5.5 (0.8-7.5)
{e reatment 319 206 | (64.6)| 113 | (354) 5.0 (0.85-6.0)
.!' of crugs <0.001**
esistant at ' ﬁ d
reaimen!
Ritiation
2 60 46 |76 14 [(23.3) 3.75(2.9-6.2)
'3 353 195 |(55.2) | 158 [(44.8) 5.5 (4.69.8)
bolony count at | i Jr 0.073
Miial cultire ‘
or 2+ 157 1 92 [(58.6) 65 |@id)]| 44(093-560) |
or 4+ 164 116 | (70.7) 48 (29.3) 5.25(0.65-8.50)
known 92 58 (63.0) 34 _ﬂ____ - S
— ra———aﬁr‘—“_—' i
qacilloscopy’ 0.485
0+r.e {reatment i el 09 | (36.0) 5.55 (0.73-6.85)
e & | 4.6 (0.65-6.33)
lepative 49 35 | (71.4)| 14 |(28.6) 6 (0.65-6.
Ink 37 (607 | 24 393 |
Ay el ST | 00017+ |
idherence with
hedication 75.0 49 (25.0) 3.5 (1.5-6.5)
jes 196 | 147 g (58.7 6.5 (2.0-11.3)
{0 179 74 |(41.3)| 105 (42’1) Il
Jnknown 38 22 |69 16 =0 <0.801*
Diabetes s1u1 [ T I =
Statuy 3 6.67 (2.5-10.5)
s O T e? %70 X R (CLON A
R4 (28.2) 3.33 (2.0-6.0)
No 298 214 | (71.8) 43.4]
jnknown 45 8 (1 7-@&|C@|@|M@M&F —




] N(.’ of | Converted Not Converted | Median duration of P-value

= bl Patlents Fre LY T — .

riable ._ 9. | ("4) | Freq. (%) | Conversion (months) | (log-rank test)
¥/ status | I 0.228

itive D1 30 [(s45) | 25 | 459 5.7(0.80-7.75)

gative 307 204 1 (664)| 103 | (33.6) 5.25 (0.65-7.33)

.- 51 2 (62| 19 | 37.3)
i - g e . &
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Multivariate Analysis (Cox Regression
conversion

. In table 4.3. Patients who are aged less than or equal (0
forty years had 18% increased rate of conversion than

those who are aged greater than forty years
(HR=1.18, p=0.361, 95%

Cl: 0.83, 1.68). Patients who reside within Lagos had 12% decreased
rate of Conversion than those who reside outside Lagos (HR=0.88, p=0.456, 95% CI: 0.62, 1.24).

Non-diabetic patients had 55% rate of conversion than diabetic patients (HR=0.55, p=0.014**,

95% Cl: 0.24, 0.85). Patients who adhered with medication had about twenty-percent (19%) rate
of conversion than those who did not adhere (HR=1.19, p=0.263, 95% CI: 0.88, 1.63).

Table 4.3: Test of association of variables with time to sputum conversion in the Cox model

for Multi-Drug Resistant TB patients

"Variables i Crude Hazard Ratio | P-value | Adjusted Hazard Ratio [ P-value
(95% CI) (95% CI)

Age of paticnts | - [70.001** .18 (0.83-1.68) 0361
<40 years 2.09 (1.38-3.18) |
>4() years RC |
Location of patients | T | 0038*x | 0.88(0.62-1.24) 0.456 ‘
Lagos 0.61 (0.38-0.97)

Outside Lagos | RC . - -
Noﬂz)f_rdrugs resistant | 0.002** 1.39(0.93-1.98) 0.036%
at treatment initiation |

1-2 0.80 (0.58-1.12)

>3 RC 1. -= ——

e v <(0.001 ** 0.45 (0.24-0.85) 0.014**

Diabetes status

Yes RC

No 0.13 (0.07-0.23) B [

=% 3 — = <0.001** 1.19 (0.88-1.63) 0.263

‘l Adherence with

' miedication 426 (2.74-6.61)

l‘ YeS | RC

| No | — -
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A of statistical :
4.4 Tes.t jt ISHEAL comparison for the observed time to sputum conversion between
new and retreatment groups of MDR'TB patiellts

e result of statisti |
Th t o1 statistical comparison (log-rank test) for the observed time to sputum

conversion between new and retreatment groups of MPR-TB patients are shown in table 4.4.

There was no significant difference between the sputum conversion time of new and retreatment

aroups of MDR-TB patients (p=0894)&ln addition, ﬁgUre 4.1 showed no clear differentials In
\ survival pattern of timie to sputum conversion between new and retreatment cases of multi-drug

resistant tuberculosls patients.

Table 4.4: Test of statistical comparison for the observed time to sputum conversion
between new and retreatment groups of MDR-T# patients

———

_l—l_ggistration Group | Median duration of I0R | P-value
conversion (months) (log-rank test)
‘New 5.50 [ 4.07.5 0.894
‘ Retreatment 5.00 T 3.5-7.5
[

! — — —— —— —
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Survival Functions
{25 REGISTRATION
GROUP
—INEW
- TRETREATMENT
038~ ~— NEW_censorad
—t = —— RETREATMENT-censored
-f 06" ——t
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3 |
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|
02~ |L
|
|
|
00~ |
i i [ ] 1 ] ]
0 20 4.0 6.0 80 100 120
TIME IN MONTHS TO SPUTUM CONVERSION

(MONTHS)

Figure 4.1: Survival function of time to sputum conversion by registration group using the
'  KME and the Mixture cure model
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4.5: Clinical Life Tables

In this section, techniques of clinical life tapjeg are em

.« ; ; IO edt . S
of surviving given a period of follow-up, | pPloyed to suminarize the probability

these tables, a steady drop was observed in the

: following i
in the ing life tables that are constructed using the methods described earlier

4.5.1: Clinical life table Y '
| of treatment initiation period in months for the whole multi-drug

resistant tubcerculosis patients

The median survival time was 9.0 months as displayed in table 4.5.1. In the lirst interval, 2
patients were censored and none were lost to follow-up, this gave the number of patients who
entered the next interval (411). Also, a significant difference was observed in the treatment
initiation period between converted and non-converted patients (Log-rank = 129.747, p<0.001).
In figure 4.2, there was a clear differential in survival patterns of treatment initiation period
between converted and non-converted patients of multi-drug resistant tubercujosis patients.

Overall, the converted patients had a better survival probability than non-converted patients.

Table 4.5.1. Clinical Life Tiune Table of treatment initiation period for the whole multi-drug
resistant tuberculosis patients

[nterval Number | Cumulative | Number of | Proportion ‘Cumulative | Standard
Start Beginning | Event | Terminal | Surviving | Proportion | Error of
Time (Months) | Interval (LFU) Events | Surviving | Proportion Surv.

0 413 0 2 0.9952 0.9952 0.0034
; AT | 0 | 09879 | 0.9832 0.0054
I I I Ess—— NSRS PR B
i —; %] 10 0.9564 0.9403 0.010]
iy e | T .
T 59 2] L 0.9196 0.8647 0.0137
- == 59 31 | 0.8327 0.7200 0.0200
— — =N i P 0.5372 0.0251
S | B e
—— ] T 0.6525 0.3505 0.0297
— 17 | 1 | 05992 | 0.2100 0.0322
—— — +— [ 10| 05l ~ | 0.1082 0.0357
1 (e D —
. , —= — 0.4401 0.0476 0.0383
18 51 e T
| — | == 0337 0.0161 0.0420
20 34 13 N |
L1 | 13 | 0.2807 00045 0.0462
2 14
< — - 0.1403 0,0006 0.0739
24 2
L | - 0 ‘ 01403 “i 0.00000 00737
26 f | | | DIGITAL HEALTH REPOSIT —




. Survival Functions
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Figure 4.2: Survival function of treatment initiation period by conversion status
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1 on !
resistant tuberculosis patients Period (months) for converted multi-drug

he median survival t S
i al time was 7.5 months as displayed in table 4.5.2. There was an
ogbservance of constant proportion of terminal events between four

. " to ten-month follow-up. In
addition, grap

Prese atlons of SU[‘VIV&] and Hazard [‘lll\(:tiOnS for the two conversion

£ Tabled.5.2. Clinical Life Time Table of treatment initiation period for converted multi-drug
| resistant tuberculosis patients

‘Interval i_Nun.\be.r Cumulative | Number of | Proportion | Cumulative | Standard
| S%al'l | Beginning | Event Terminal Surviving | Proportion | Error of
| ime | Interval (LFU) Events Surviving || Proportion
£ |(Months) i _ Surviving
| 0 241 1.0000 1.0000 0.0000
| 4 240 10000 | 1.0000 | 0.0000
| =) -
| 6 204 0.9913 0.9913 0.006 |
| 3 | 0.9740 09655 | 00116
10 T 09238 | 0.0167 'H
R T 08624 | 0.0230 |
= 0.7479 | 0.0386
| 14 e e
| 16 0.6485 0.0386
I - ~ T 04361 | 0.0579
20 ] | =
— 0.3493 0.0579
22 9 b I = =
1% 0 [ 0 0.8011 0.2798 0.0579
24 2 SV
e s 0.8011 0.2242 0.0579
26 ] 1 e o )
|
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;5.3: Clinical life table of treatmept Initiation

: eri : :
drug resistant tuberculgsis patients Period (months) for non-copverted multi
Th

e median survival tj :
al ime was 9.5 months as displayed in table 4.5.3. There was a steady

ression Of proportio |
progressio proportion of terminal events between four 1o eight-month follow-up, which

suggests that patients must be closely monjtored 10 avoid subsequent fatal events.

Table 4.5.3.C lm.lcal Life "Ijime Table of treatment Initiation period for the non-converted
nuln-drug resistant tuberculosis patients

Interval :i NU“.‘bef | Cumulative | Number of Proportion | Cumulative | Standard
Start  Beginning | Event Terminal | Surviving | Proportion | Error of
Time Interval | (LFU) Events Surviving | Proportion
0 2 0.9884 | 0.9884 0.0082

2 10 | 10 0 | 09709 0.9596 0.0128

11 el BUPRERS| _ = I |BSW e
4 160 3 g 0.8953 0.8592 0.0233
—— -—-I——

0.8243 0.7082 0.0291

0.6688 | 0.4736 0.0367

T 05291 | 0.2506 0.0402

0.4017 0.1007 0.0407

03631 | 00365 | 0.0403

— |

0.263 0.0096 0.0382

0.0354

0.0296

10.0246
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Table 4.5.4. Clinical Li

The median survival time was

5.4: Clinical life table of time to spytup tonversion (months) for the multi-
tuberculosis patients

25% survived at 6 months.

drug resistant

. >3 months as diSplayed In table 4.5 4. About 85% of the
patients cumulatively survived at 3 months while

| fe Time .Table. of time to sputum conversion in months for the multi-drug
resistant tuberculosis patients

AFRICAN DIGITAL HEALTH REPOSITORY PROJECT

Interval | Number Cumulative | Number of | Proportion | Cumulative | Standard
Start Beginning | Event | Terminal  Surviving | Proportion | Error of
Time Interval | (LFVU) | Events | Surviving | Proportion
(Months) | _ . | Surviving
! 24 | l 0 | 1.0000 0.9884 0.0000
240 12 0 . 1.0000 0.9596 0.0000
1) 0 | 10000 0.8592 0.0000
45 2 | 09893 | 0.7082 0.0075
S 140 32 | 2 | 09752 0.4736 0.0124
e ———— e — — s || — —
6 | 106 32 2 0.9568 02506 | 0.0177
— 7 | 72 | 26 4 0:9036 | 01007 | 0.0308
I - b 45 — -—'—'_"]5 ! 1 0.882] 0_0-3()5 0.0368
— E e AT 7 0.8142 000% 0.0573
- e ._l-]—-—-r——-4——r ] 0.7402 0.0018 0.0877
10 B, [ =
= == = ¥ 0.6169 0.0002 0.1343
. L | =il . — — ===



6: Effect of covariates using the mixture cyre del
‘ mode

Data was designed such t
. . nat each of the selected covariates has an effect on both the cured
fraction and the survival of the uncured

individyals or patients who experienced a conversion.
The use of the standard Cox PH mode]

IS linked to the hypothesis that, if complete follow-up

patients, each wo : .
uld have cventually experienced the sputum conversion

treatment. This | '
from N hypothesis, however, did not hold for the dataset at hand. Some individuals
were cured or

were possible for all

Immune aoaj R
| against the event, resulting in the fact that time to sputum conversion
distribution was improper as it has tota] mass less than | Indeed, from the figure 4.1, the Kaplan-

Meter Estimate (KME) cuive levels off at nonzero proportion (around 95%) at the right tail and

exhibit a relatively long and stable plateau (Figure 4.1). Combined with the fact that the last
sputum conversion time was censored, this SUpported the applicability of the mixture cure model.
Another evidence of the presence of immune individuals in the 2016 cohort of MDR-TB patients
was based on the largest event time. The largest sputum conversion time was censored. This led
to the rejection of the hypothesis of no immune patient in the source population of the cohort
which establishing the evidence of sufficient follow-up. Added to this, we found 64.9% of
sputum conversion, satisfying the cut-off criterion of at least 5% of event needed to apply the

mixture cure model.

Table 4.6.] and 4.6.2 showed the results of time to sputum conversion among MDR-
TB patients using mixture cure model. In log-normal model, non-diabetic patients are two times
more likely to experience sputuni conversion than diabetes {2.03 (1.17-3.58)] while patients who

are resistant to two drugs are two times more fikely to experience sputum conversion than thosc

who are resistant to at feast three drugs [2.06 (1.36-3.47)]. lor | og-logistic modei. non-diabetic

patients are two times more likely to experience sputum Conversion than diabetes {2.11 (1.25-

3.82)] while patients who are resistant to two drugs are about three times more likely to
: while

: o conversion than those who are resistant to at least three drugs [2.56 (1.85-
experience S

4.09)]. Moreover, for Weibull model, Non-d

sion than diabetes [2.02 |
(o experience sputum conversion than thosc who are

abetic patients are two times more likely to

(1.17-3.58)] while patients who are resistant to
egperience sputum cCONve

e ]Il\C')f

- times Mor
QREOfE: amdtel ST 4.19)]. However, amongst the cntirc model. the log

94
resistant 1o at least three drugs [2.81 (l. |
t fitted data as it gav

(AIC: 1053.68)]. The bes

g time to Sputum conversion and s are

o the lowest goodness of fits criteria as shown
normal cure model has the bes

lable 4.6.1 [(-2L.0gL: 19,84); .
2+0_‘)8X3+2,03x 4t whert

: IS.
e dinbetes Stk
age. num ber Qf d ru gs, 8dhC rence dndAFRICAN DIGITAL HEALTH REPOSITORY PROJECT
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Table 4.6.1: Factors associated
llSlllg mixture cure model

Log-normgy|
CoX Mixture Cure
OR(95% Cl)
1.00(0.99- .02)

Diabetes status

K |
| Adherence status

I

2.03 (1.17-3.58)**

0.98 (0.80-1.19)

= LY

Number of drugs | $2.06 (1.36-3.47)»*
resistant at treatment |
initiation
-

** Significant p-value

e =

C————

f

——==

Log-normal
Cox Mixture Cure

Fit Statistics

519.84

'I-_-'-_-————_______
Log-Logistic |

CoX Mixture Cyre
OR (95% (1)

1.00 (0.96-1.02)

2.11(1.25-3.82)**

1 .
Putum conversjon among MDR-TB patients

Weibull
Cox Mixture Cure
OR (95% (1)
1.00 (0.98-1.02)

2.02 (1.17-3.58)**

—

0.98 (0.80-1.19)

095 (0.78-1.16)

2.56 (1.85-4.09)**

2.81(1.94-4.19)** ﬁﬂ

e —— =i

Table 4.6.2: Models’ goodncss-of-fit statistics (time to sputum conversion)

Log-Logis?iT
Cox Mixture Cure

I 522.22

|

——

Weibull
Cox Mixture Cure

521.694

1053.68

1057.39

|
! .

I 1058.44

=3

- -
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1.7: Factors associated with treatmept initiat;
ion

(conVersion) using mixture cure model period among MDR-TB patients

The results of the effect of
sel |
clected covariates on the treatment initiation among the patients

experienced conversion :
Fr WEre shown in tables 4.7.1 and 4.7.2 showed the results of treatment

. tiation pertod amon ) : .
initiation P g MDR-TB palients using mixture cure model. in log-normal model, non-

hetic patients are two t o
S MRS SULEITD complete treatment initiation period than diabetes

[0.54 (0.38-0.79)], patients who adhered to treatment medications are about two fimes less likely
to complete treatment initiation period than those who did not adhere [0.63 (0.57-0.92)], while
patients wWho are resistant to two drugs have eight percent increase to complete treatment
initiation period than those who are resistant to at least three drugs [1.08 (0.85-1.36)]. For Log-
logistic model, patients who are less than or equal to forty-years old have eight percent decreasc
in completing treatment initiation period compared to patients who are more than forty-years old
[0.92 (0.98-1.09)] while non-diabetic patients are have sixteen-percent percent decrease in
completing treatment initiation period compared two times miore likely to experience sputuin

conversion than diabetes [0.84 (0.69-1.15)]. Moreover, for Weibull model, non-diabetic patients

have a paltry four percent decrease in completing treatment initiation period than diabetes [0.96
tered to treatment medications have a paltry four percent
d than those who did not adhere 10.96 (0.73-
ure model has the best fitted data as
22LogL: 519.84). (AIC:

s the best fitted

(0.62-1.07)] while patients who adl
decrcase in completing treatment initiation perio

1.11)]. However, amongst ihe entire model, the Log norinal ¢
ness of fits criteria as shown table 4.6.1 [(
ntire model, the Log-Logistic cure model ha
of fits as shown table 4.7.1 [(-2LogL: 694.28): (AIC:

it gave the lowest good
' 1053.68)]. However, among the €

data as it generated the least value goodness

1402.55)).

- —
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Jhetes status

Log-ngrmal
CoxX Mixture Cure

1.01 (0.96-1.23)

0.54 (0.38-0.79)

_—

Adherence status

“

Log-Logistic
Cox Mixture Cure
OR (95% CI)
0.92 (0.98-1.09)

| 0.84(0.69-1.15)

0.63 (0.57-0.92)

Number of drugs
tesistant at treatment

nitiation

e —

NA (Not Applicable)

R e e

1.08 (0.85-1.36)

e e

S— e ——

0.96 (0.78-1.18)

Weibull
Cox Mixture Cure
OR (95% CI)
1.00 (0.99-1.02)

——

0.96 (0.62-1.07)

0.96 (0.78-1.11)

0.97 (0.94-1.06)

I

1.00 (0.94-1.07)

Table 4.7.2: Models’ goodness-of-fit statistics (treatment initiation period of conversion)

r——— e

Fit Statistics

— ==

Log-normal
Cox Mixture Cure

T

Log-Logisticr
Cox Mixture Cure

Weibull
Cox Mixture Cure

———
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2Llogl. | 737.07 j‘ T 69428 707.16
e | YTTRE | 1402.55 1428 32
M el SRR o
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18: Factors associated with treatment initigtion vov
- - . eriod g 1 :
(non-coNVersion) using mixture cyre R P mong MDR-TB patients

res of the ef :
The results e effect of selected covariates on the treatment initiation among the non-

verted patients were shown in U
con tables 4.8 1 5d 4.8.2 showed the results of treatment initiation

period among MDR-TB patients using mixture cure model. In log-normal model, patients Who
are less than or equal to forty-years old are two times more likely to complete treatment initiation
period compared to patients who are more than forty-years old [2.23 (1.85-3.37)], non-diabetic
patients have over twenty percent increase to complete treatment initiation period than diabetes
[1.23 (0.94-1.61)] while patients who adhered had over thirty-percent increase to complete
wreatment initiation period than those who did not adhere [1.33 (0.97-1.85)]. For Log-logistic
model, non-diabetic patients are have eighteen-percent percent increase {0 completing treatment
initiation than diabetes [1.18 (0.92-1.51)] while patients who adhered had thirty-percent increase
to complete treatment initiation period than those who did not adhere [1.30 (0.94-1.79)].
Moreover, for Weibull model, patients who adhered to treatment medications had about twenty-
percent increase In completing treatment initiation period than those who did not adhere [1.21
(0.87-1.66)]. However, among the entire model. the Weibull cure model has the best fitted data
as it yielded the lowest goodness of fits criteria as displayed table 4.8.1. [(-2Logl.: 488.57);

(AIC: 991.13)].
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Table 4.8.1: Factors : ; :
associated with freatment Initiation period among MDR-TB patients

nOn-convers; ' '
( Conversion) using Mmixture cure model

Variable

Ap
ac

LIII!-
[ Diabetes status
ll

—

Log-normal
Cox Mixture Cure

HR(95% C)

2.23 (1.85-3.37)**
_-—__-_"'—_-

e ——

Log-Logistic

HR (95% CI)

1.02 (1.01-1.04)**

Cox Mixture Cure

Weibull
Cox Mixture Cure

HR (95% CI)

|
&, AN
1 0.96(0.70-1.32)

1.23 (0.94-1.61) 1.18 (0.92-1.51)
- ———— -R* -_— .
Adherence status .33 (0.97-1.85) 1.30 (0.94-1.79) .21 (0.87-1.66)

fNule of drug resistant

| at treatment initiation

-.

1.04 (0.95-1.13)

1.03 (0.94-1.11)

== ————= e S

0.99 (0.91-1.08)

** Signiticant Cl values

Table 4.8.2: Models® goodness-of-{it statistics (treatinent initiation period of
non-conversion)

— e ——— T

AFRICAN DIGITAL

Fit Statistics Log-normal [ Log-Logistic Weibull
Cox Mixture Cure Cox Mixture Cure Cox Mixture Cure
2Losl | 49713 . | 19207 488.57
AIC 100827 99814 . 991.15 i
e g‘===—==;==_==:=—-=—==-‘=f ———— —_— e —— -
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CHAPTER FIVE

5.1 Discussion

This study has been dec; ’
designed wiih the aim to develop a model to predict time to Sputum

conversion among multi-drug rec;
) M tuberculosis patients. The application of the findings, the

contributions to knowled ‘
ge. the conclusions and recommendations are presented sequentially in

this chapter.

5.1.1 Demogr ‘ ! —rk _
graphic characteristics of multi-drug resistant tuherculosis patients

An overwhelming majority of the patients were male. This is in agreement with the
findings of Hovhannesyan and Brecze (2012) that there are fewer femalcs than malces in cases of
multi-drug resistant TB condition. Nigerian women are so sensitive about the stigma associaled
with TB disease and negative social consequences have been shown to be more of importance to
women. Morcover. studies have shown that women with pulmonary TB are diagnosed on
average two \ 'seks later than men due to a delay from the health care provider. and in a study on
cough patients it was found that men more often than women were asked for sputum specimen
(Thorson et al, 2010).

More than half of the paticnts studied were above forty years old. According to this finding,
there is an increasing risk of TB drug adverse events when age increases. Sylvere (2015) reported
that about two-third of the male population were multi-drue resistant tuberculosis patients. In

previous reports, the occurrence of any major side effects has been linked with aging, which are

predominant amongst the old people. The frequency of adverse reactions has demonstraled a

steady increase and direct correlation with age. Overall, susceptibility to adverse reactions are

frequent with old people especially at a hepatotoxic level duc to a significant reduction in

clearance rate of metabolized drug agents b
ell as other factors affecting liver function (Chung-Dclgado

y the cytochrome P450 enzyme, changes in the

hepatic blood How distribution as w

et al, 2011).
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The findings that 67.6% of
. 0 the multi- : . :
Iti-drug resistant TB patients are married substantiate

al, 2016,
L The fatter reported that 66.8% of the study population were
marfied. ACCOTAINg to a study conducted by Communicable Diseases Health

(COMDI-HSD), married women are particularly vulnerable to
impacts Of MDR‘TB,

similar findings by Javaid et

Service Delivery
the social, economic and mental

including  isolation,  financial hardship and  depression.

Wives and mothers give crucial tamily support to their husbands and children with MDR-TB, but
are sometimes dented even basic support from husbands and family when they are the patients.

In this study, patients who resided within Lagos had a lower rate of time to sputum
conversion than those who resided outside Lagos. This variation could be attributed to salient
health care delivery systems provided by the state which invariably translated to TB care delivery
in Lagos. Also, patients who were resjstant to two drugs at treatment initiation had approximately
forty-percent rate of sputum conversion than those who were resistant to at least three drugs. This
finding was consistent with a previous study on Intensive-Phase Treatment of MDR-TB patients.
(Oladimeji et al, 2014).

This study confirmed the knowledge of a association between MDR-TB and Diabetes
Mellitus diseases due to the co-morbidity nature which makes the management of MDRTB
challenging. Indeed, majority of the non-diabetic patients in this study had a higher rate of
sputum conversion time than diabetic patients. This finding was corroborated by a study on the
relationship betwveen multi-drug resistant tuberculosis and diabetes which showed that diabetes
mellitus is a risk factor for tuberculosis infection and the reactivation of latent tuberculosis can be
adduced to the compromised immune system as a result of certain infections and diseases like

diabetes mellitus (Yorke et al, 2017).

M qumber of drugs resistant to treatment initiation emerged as a significant risk
oreover,

i trolling for other variables. The results
: A7, tum conversion after con
factor in predicting time to spu

d that patients who had fewer numbers of drugs significantly predicted the sputum
suggested tha

onverted patients. The reasons |
cation in proper €asc definition of the MDR-TB patients

for this require further investigation. One
conversion time for the C

explanation might be due © misclassifl

|y based on analytical retrospective study. Another reason could be
purely 02

since the study was iy concomitant variables that cannot be explicitly
g eiiet

duced to the confoundin
. e study (Kolappan € al, 2002).

th
explained at the commencement ot
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2.1.2: Clinical Char: ISti M
rculosis Patients

pulmonary TB (13.1% ) compared to extra-

). However, a stud '
‘ Y carried out b . .
care hospital in western Nepal. Y Sreeramareddy et al (2000), in a tertiary

there was '
a sharp contrast in the prevalence of pulmonary TB

51.5%) and extra-pulmonar .
( 0) P y B (48.5%) with a relatively equal distribution. The reasons for a

altry proportion of extra- .
pailry prop extra-pulmonary TB can be adduced to the rigorous diagnostic procedures of

extra-pulmonary TB which
P y was based on fine needle aspiration cytology or biochcmical analyses

{ cerebrospi i ' |
ol ospinal/pleural/ascetic fluid or histopathological examination. These procedures also

. | .
inciude imageological methods, blood tests for laparotomies for excision biopsies and Mantoux

tests. These facilities wherever available are not functional optimally for the investigation and
diagnosis of extra-pulmonary tuberculosis.

The findings from this study revealed that majority of cases were retreatment compared to
fewer new cases. The results showed a clear contrast to the study conducted by Serge Ade et al
(2016) in Republic of Benin where about ninety-five percent of the cases were new cases.
lmproper records and database, case report/misclassification may be attributed to this sharp

difference in this study due to lack of proper case delinitions.

In respect of conversion status ainong multi-drug resistant TB patients. there were clear
variations and reports in the proportion of conversion to non-conversion status. Epidemiological

e-Phase Treatment Outcomes among Hospitalized Multi-drug
geria (Oladime;ji. et al 2014}, had 88.0%

reports from a study on Intensiv

Resistant Tuberculosis Patients. nationwide cohort in Ni

converted multi-drug resistant TB patients to 12.0% non-converted while [lovhannesyan and

Breeze (2012), reported study had 69.0% conversion to 31.0% non-conversion patients. A study
rica. reportcd similar findings of non-

(2014) from Free State Province South-Af

by Heunis et al
the decline in the trend of 2-month sputum smear

conversion between gender groups. [n addition,

ms the relative SUCCESS of the DOTS strategy in TB control. with better
;

non-conversion confi

han Males Interventions should consider the age and sex of

performance among females !
-conversion rate.
patients to improve the 7_month sputum smear-co
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5.4.3: Social and Lifestyle Characteriggics of Mult;
-

o D - .o
The findings from this ey rug Resistant Tuberculosis Patients

revealed that the

level of alcohol intake and |
' : use of cigarette
among the multl-drug resistant TB patients can e 5

WO

rsen the treatment outcomes of MDR-TB

Its of th (2009) and Duraisamy et al (2014) were at
results of t e
'S study. The Implications of substance abuse stem from the fact

drug and substanc -
that drug € use whether narcotic or alcohg| diminishes the capacity to make and
implement rational decisions.

patients. However, studies conducted by Deiss et g

variance with the

314 Factors associated with Sputuin conversion time wmong multi-drug vesistani

tubcrculosis patients

Specifically, patients whose location are outside Lagos, thosc who are at least forty-years

old, and those diagnosed with diabetes mellitus condition had prolonged sputum conversion at
treatment induction. However, the identified factors are assessed either before the condition was
diagnosed or during treatment programme. These afford the clinicians to have an insight on the
progress the patients made individually with respect to treatment management. Also, in low-
resource setting, it is necessary to have an adequate monitoring system for sputum cultures
conversion in patients with high risk for longer or delayed conversion in order to manage the
cost-effectiveness of the programme. Also, earlier reports on sputum conversion time have

wsufficient data on history of drug resistance which are germane inforination for the existing

literature. In this study, diabetes status and number of drugs resistant to at treatment 1nitiation

emerged as significant risk factors after controlling for other variables. The reasons for this

require further investigation.

The study revealed that a fewer patients experienced conversion from MDR-TB treatment
e Stuay

found by a previous study conducted In Armenia

programme compared with the level
reeze. 2012). This decreas
lance strategy and still far from the rate recommended by the
a

B e in proportion may suggest one of the
(Hovhannesyan and

shortcomings in MDR-TB survell

World Health Organization. HOWEVET,
o 60.0% (Berhan €t a

a higher proportion Was found in sub-Saharan African

1. 2013).
which was between 45.0%! t
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—r e ———

I a . . i )
significant difference in Sputum conversion was

status, That is a survival rate of (
sputum conversion among HIV Co-infected with multi

documented based on HIV
.10 per month. However, a study on

e e -drug resistant tuberculosis patients in,
South Africa revealed 89% conversio
" rate (Brust et al, 20 1) and another one from Zimbabwe

et al, ' ' ‘
(Metcalfe et al, 2014) claimed 62.0%, conversion rate. This wide variation in conversion rates can

be attributed to the differences in the study desjgns. Multi-Drug Resistant was found to be

resistant to both isoniazid and rifampicin whether there is resistance to other drugs or not

(Sharma SK and Mohan A, 2006). This study indicates that much intervention is still needed
such as health education.

5.1.5 FKactors associated with time to sputum conversion and treatment initiation period

among MDR-TB patients using mixture cure model

With respect to mixture cure mode!, number of drugs resistant 10 during treatment
initiation and diabetes status were found to be significantly associated with time to sputum
conversion while Log-normal Cox mixture cure has the best fitted data as it generated the least

goodness of fits criteria among multi-drug resistant tuberculosis patients in this study. However,

in a similar study on the application of mixture cure model which focussed on the time to default

from tuberculosis infection in Southem Republic of Benin. Age, HIV/TB co-infection were

found 1o be significantly associated with default time from tuberculosis treatment while Log

logistic Cox mixture has the best fitted data as it generated the least goodness of fits criteria

(Sylvere et al, 2013).

Indeed, juxtaposing the factors associate |
d multi-drug resistant tuberculosis

d MDR-TB patients whilst Log-logistic Cox mixture has

d with treatment initiation period between

patients, the model showed no
converted and non-converte

significant association among converte
yielded the lowest 800
verted MDR-TB patient

dness of fits criteria.

dness of fits criteria whereas age Was significantly

QR data = 2 s while Weibull Cox miixture has the best
associated with the non-¢con

fitted data as it generated the least 800
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_ _ _ in the
Southern Republic of Benin Using M,

1 2015). Thi 'xture Cure Model for Survival Analysis (Tchibozo Anicet
B ) his cohort assessed the cured fractjon, the conditional probability of default

(CPD) from treatment course and identified the rigk factors predicting its timing. With Cox

proportional hazards (PH), predictors of default time were HIV/AIDS, TB history and Age.
However, with logistic Cox mixture cure model, HIV/AIDS and Age significantly
increased the probability of default, whereas TR history significantly reduced default probability
from previous TB infection. Moreover, the study provides the first evidence that HIV/AIDS. TB
history and Age were the major predictive factors of default time (rom anti-TB treatment in
Benin Republic. Therefore, additional efforts to improve the compliance of patients with anti-TB
treatment through a better management of the co-infection with HIV/AIDS in accordance with
patient’s specific age group may be an important feature of a prospective TB control strategy in
the future.
In comparison, a study of modelling epidemics of multi-drug resistant tuberculosis of

heterogeneous fitness was emphasized. These models suggest the threat of multi-drug resistant to

TB contro! will depend on the relative fitness’ of MDR strains and imply that if the average

ftness of MDR strains is considerably less than that of drug-sensitive strains. the emergence of

culosis control efforts. These results imply that

resistance will not jeopardize the success of tuber
4 trends in the burden of MDR-TB do not

T .
current epidemiological measures and short-ter

provide evidence that MDR-TB strains can be contal

m those with MDR disease (Cohen an

ned in the absence of specific efforts to limit

d Murray 2004).
transmission fro
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59 Conclusion

iew of high r '
In view gh rate of drug resistance propounded by the study, about two-third of the
cases attained Sputum conversion within g pertod of two months, Some variables were confirmed

0 be associated with time to sputum conversion. This could assist in employing further strategies

in the patients” care and management. Sputum culture conversion can be used regularly as a
signal of the achievement of the management of multi-drug resistant TB despite insufficient
information to provide benchmarks against progress monijtoring. In addition, the findings of time

to sputum culture conversion may be useful as a gold standard for determining the treatment

outcome for multi-drug resistant tuberculosis patients.

Finally, factors revealed to be associated with culture conversion within a period of two
months in the research can be detected during the course of MDR-TB therapy. This can assist In
future management of MDR-TB patients. Further studies are needed to unravel and confirm the
(inding of negative association between resistance to streptomycin and culture conversion at two

months observed in the present study.
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Recommendations

ore prospect; Ini i '
More prospective chinical studies are required to assess other possible underlying

: potential
rs that cause ' '
facto delays in sputum conversion such as urban and ryral differentials, delay

in presentation, adverse drug reaction and tréaiment interruption

There 1s need for a paradigm shift in the management of MDR-TB patients such that fewer

patients are hospitalized in favour of commynity-based treatment care with measures put
in place to ensure compliance.

5.4 Contributions to knowledge

!,

The use of mixturc cure model in the analysis of MDR-TB daa instead of descriptive

statistics is a substantial contribution to the body of knowledge.

Diabetes mellitus and quantum of drugs resistant at treatment initiation have been identified

as factors associated with time to sputum conversion.
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g COMMAND CODES FOR Tables 4.5 and 4.5
0 . =3

“brary(sur\/ival)

library(parim)

packageDescription("parfm", fields = "Versjon")

librarY(Olsurv)

library(KMsurv)

mydata<—read.csv('akinsola2 csv', header =T)

#fix(mydata)#spreadsheet

attach(mydata)

mydata$adherence <- mydatabadherence - |
..Conversion Patient with Time(t) ...

model <- Paffm(Surv(tlme COnversion) ~ adherence + drugs +age + outcome + dlabetes cluster =

"location”, data = mydata, dist= "weibul", {railty = "none")
model

confAd<- ci.parfm(model, level = 0.05)("adherence".]
confAd "

confAg<- ci.parfm(model, level = 0.05)["age".]

confAg s "
confDia<- ci.parfm(model, level = 0.05)["diabetes", ]

confDia ” "
confDr<- ci.parfin(model. level = 0.05)["drugs”.]

confDr ” ”
confOut<- ci.parfm(model, level =0.05){"outcome".]
coniOut

AlC(model)

BIC(model) o)

modell <- Parf’ﬂ(S“W(time’converfion| gistic", frailty = “none”)
: L dist = 10810 ’

= "l|ocation”, data = mydata,

modell : —
confAdI <- ci,parfm(modell, level = 0.05) adh
confAd] ‘ =t
confAg]<- ci.parfm(mode ell. level = 0.05)[ a8
% 2 vdiabetes"]
confDliK- Cl parfm(modell level = 0.05)["d
i _ 0.05)["drugs"]
confDrl <- Ci. parfm(modell level = 0. [

v = "oulcon‘lc' ]
zz:fOLtK-cu parfm(mOdeIl level 0.05)I
con{Out}
AlC(model!)
BIC(modell)
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model2 <- parfm(Surv(time,conversion) ~ adherence + drugs +age + outcome + diabetes, cluster

= "location", data = mydata, dist = "logistics", frailty = "none")
model2

confAd2<- ci.parfm(model2, level = 0.05)["adherence",]
confAd?2

confAg2<- ci.parfm(model2, level = 0.05){"age",]
confAg2

confDia2<- ci.parfin(model2, level = 0.05)["diabetes",]
confDia2

confDr2<- ci.parfm(model2, level = 0.05)["drugs".]
confDr2

confOut2<- ci.parfim(model2, level = 0.05)["outcome”,]
confOut?2

ci.parfm(modecl2. level = 0.05){"drugs".]
AIC(model2)

BIC(model2)

. ] : e
model23 <- select.parfm(Surv(time, conversion) ~ drugs + age + dlz}betes + f)utcc‘)ln:e+ adhi;e"

+ censoring, cluster = "location", data = mydata, dist = c("exponential”, “weibull","gomperiz-,
"loglogistic", "lognormal").trailty = c("gamma", "possta’))
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R COMMAND CODES FOR Tabies 4.6 and 4.6.1

ibrary(survival)

ibrary(parfm)

ibrary(Oflsurv)

ibrary(KMsurv)
mydata<-read.csv('akinsola2.csv'. header =T)

#lix(mmydata}spreadsheet
attach(mydata)

mydata$adherence <- mydata$adherence - |

veevneeenns PeTIOd 2... COnversion patients

model <- parfm(Surv(period2.convession) ~ adherence + drugs +age + outcome + diabetes.
cluster = "location”. data = mydata, dist = "weibul", frailty = "none")

modei

confAd<- ci.parfm(inodel, level = 0.03)["adherence™.]

confAd .

confAg<- ci.parfm{inodel, level = 0.05)["age".]

confAg » "

confDia<- ci.parfm(model. level = 0.05)["diabetcs".]

contDia . "
conMr<- ci.parfm(model, level = 0.03)("drugs”.|

confDr " "
confOut<- ci.parﬁn(model. level = 0.05)["outcome". }
contOut

AlC(model)

g g t wlq

ist=" <tic". frailty = "none”
cluster = "location". data — mydata, dist = "loglogistic". trailty )

model |
confAdl<- ci.parfi

confAd|
confAgl<- ci.parfm(imo

n(modell. level = 0.05){"adherence".]

dell. level = 0.05)["age".]

tz:fglg al |<. ci.parfm(model!. leve| = 0.03)["diabetes".]

232:3'3 - ci parfmimodel , level =0.05)'drugs”]

cc:?)lr::'g;ltk- ci.part'm(modcll. level = 0,05)["outcom6",]

confOut |

g:g(;:gji::; adlicrence + drugs tuge +outeome s TR

riod2.conversion)

IYCEle parﬁn(-‘iurvmc mydzia disl "Iognurmul", (rilly

cluster "localion".data

"none")
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model?

confAd22<- ci.parfm(mode|2
contAd22

confAg22<- ¢i.parfm(mode]?
confAg22

contDia22<- ci.parfm(model?
confDia2?2

confDr22<- ci.parfin(mode]?. level = 0.05)
confDr22

confOut22<- ci.parfim{model2, leve|] = 0.09)[
confOut22

A1C(model2)

, level = 0.05)["adherence",]

level = 0.05)["age" ]

, level = 0.05)["diabetes",)
"drugs". ]

"ouicome",|
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R COMMAND CODES FOR Tables 4 7 and 4.7.1

ibrary(survival)

ibrary(parfm)

ibrary(Olsurv)

library(KMsurv)
mydata<-read.csv('akinsola3.csv’, header =T)
#fix(mydata)#spreadsheet

attach(mydata)

mydata$adherence <- mydataSadherence - |

.. Uncured (Code) Patients

model <- parim(Surv(perlodB conversion) ~ adherence + drugs +age + outcome + diabetes.
cluster = "location”, data = mydata, dist = "weibul", frailty = "none")

model
contAd<- ci.parfim(model, level = 0.05)["adherence",]
| confAd
| confAg<- ci.parfim(model, level = 0.05)["age".]
f contAg | .
confDia<- ci.parfim(model. level = 0.05)["diabetes”. |

coniDia - :
confDr<- ci.parfm(model, level = 0.05)["drugs".]

contDr " :
confOut<- ci.parfm(model. leve] = 0.05)["outcome™.]

| contOut
AlC(model)

BIC(model) |
model| <- parfin(Surv(period3.conVersion

cluster = "location"- data = mydata, dist =

+ diabetes,
) ~ adherence + drugs +age + outcome

. . - " "
"loglogistic”, frailty = none )

model}
confAd] <- ci.parfin(modell. level

confAd|
confAg 1 <- ci.parfm(n

'y = "diabetes"”.]
conﬂ);ga|<-C1 parfm(modell leve] = 0.05)[ d1abe

= 0.0S)["adhcrence".]

Jodel}. level = 0.05)["age" ]

confDial - i
confDrl <- ci.parfm(modell. level = 0.05){ drug

I = nqutcome”, ]
ZZ:!OLIR Ci. partm(mOdC” level =0.05)[°0
con{Qut!

AlC(model i)

BiC(modell)

sriod3.con
model2 < parim mydati, chst
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mode}2

contAd22<- ci.parfm(model2
confAd22

confAg22<- ci.parfm(model2
confAg2?2

confDia22<- ci.parfm(model2, level = 0.05)["diabetes",]
contfDia22

confDr22<- ¢i.parfm(imodel2. level = 0.05)["drugs",]
confDr22

confOut22<- ci.parfm(model2. level = 0.05)[" outcome",}
confOut2?

AIC(model2)
BIC(model2)

, level = 0.05)["adherence",]

. level = 0.05)["age",]

) )
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DEPARTMENT OF EPIDEMIOLOGY AND MEDICAL STATISTICS

FACULTY OF PUBLIC HEALTH, COLLEGE OF MEDICINE. UNIVERSITY OF IBADAN., NIGERIA

Ph.D (Btostatistics) Data Collection Instrument

MODELS FOR PREDICTING TIME TO SPUTUM CONVERSION AMONG MULTI-DRUG RESISTANT TUBERCULOSIS
PATIENTS IN LAGOS, SOUTH-WEST NIGERIA.

A CASE STUDY OF MAINLAND (INFECTIOUS DISEASE) HOSPITAL, LAGOS
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