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Abstract A study of survival rate of TB patients was carried out using secondary data extracted from 85 Tb patients’
records from January 2013 to December 2014 in the Upper West region of Ghana. The Cox Proportional Hazard Model was
used to determine the components of the model. Apart from the time to event such as death, each Tb patient had a number of
risk factors (covariates) which affected either survival or mortality. The study sought to determine the effect of three factors
or covariates on survivorship. The baseline was determined as; a female aged between 0-24 years, who had negative smear
TB and was tested negative for HIV and had not started TB treatment. Of all the covariates, TB/HIV co-infection was found
to be the most influential covariate or factor that affected the hazard rate or force of mortality. In contrast, Tb treatment was
observed to have had significant influence on survivorship. The Cox model therefore provided an estimate of the relative
level of an individual’s survivorship in relation to the baseline. Mortality or survival differences occurred as a result of each

patient’s predisposing factors such as sex, age, type of TB, co-infection with HIV amongst others.
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1. Introduction

Tuberculosis (TB) is contagious and airborne. It typically
affects the lungs (pulmonary TB) but can affect other sites as
well (extra pulmonary TB). The disease is spread in the air
when people who are sick with pulmonary TB expel bacteria,
for example by coughing. It ranked as the second leading
cause of death from a single infectious agent, after the human
immunodeficiency virus (HIV). TB has reemerged as a
major global public concern since the mid 1980s.

The Upper West Regional Directorate (Ghana) and its
stakeholders kept their unreserved and integrated efforts in
this health problem. Among these efforts was the
well-developed Health Management Information System
(HMIS) for Tuberculosis programs. However, the direction
where Tuberculosis in the Upper West Region of Ghana is
headed has not been well analyzed and unpackaged by
epidemiological relevant factors. So, what are the factors that
affect the survival of TB patients? It might be gender, age
and TB patient’s category, type of TB, smear result, HIV and
bod weight at initiation of treatments of patients. Therefore,
to fill this gap, there was the need to study the factors that are
affecting the survival of patients with Tuberculosis. The aim
is to estimate the baseline hazard and covariates that affect
survival rate of TB patients.
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In studying survival rate of TB patients, an important
measure was the time between response to treatment and
recurrence or relapse-free survival time (also called
disease-free survival time). The specific difficulties related
to survival analysis were largely from the fact that only some
individuals had experienced the event of death while only
some individuals had experienced the event of death. Some
individuals who did not experience the event had their
survival times unknown as a subset of the study group. This
phenomenon was called censoring and was observed through
the following ways: A patient had not yet experienced the
relevant outcome, such as relapse or death within the six
months period, or a patient was lost to follow up during the
study period, or a patient experienced a different a different
event that made further follow-up impossible. In survival
analysis, subjects were usually followed over a specified
time period and the focus was on the time at which the event
of interest occurred.

Studying the survival patterns in this scenario will be
helpful in identifying the risk factors for mortality in these
patients and planning effective interventions to further
reduce death rates. The objective of the study is to develop a
model for estimating survival rates of TB patients in the
Upper West Region of Ghana.

Several works on Tuberculosis have been carried out and
notable amongst these are: Rao et. al (1998), Ajagbe et. al
(2014), Pardeshi (2009), Kris et al (2002), N4jera-Ortiz et. al
(2012). Shaweno and Worku (2012), Saraceni et. al (2014),
Balabanova et. al (2011), Ponnuraja (2013) and Nawumbeni
et. al. (2014).
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2. Methodology

The object of primary interest is the survival function,
conventionally denoted S, which is defined as

S(t) =Pr (T >1t) (1)

Where t is some time, T is a random variable denoting the
time of death, and Pr refers to probability. That is, the
survival function is the probability that the time to death is
later than some specified time t. The lifetime distribution
function, conventionally denoted F, is defined as the
complement of the survival function,

F(t)=Pr(T<t)=1-S5(t) )
If F is differentiable then the derivative, which is the

density function of the lifetime distribution, is
conventionally denoted f,

f&) = F'(t) = = F(t) (3)

The hazard function, is defined as the event rate at time t
conditional on survival until time t or later (thatis T < t),

4)

Pr(tsT<t+dt) _F(t) _ _S'(H)

At) = limgeo acs@®  s@ s

It can alternatively be defined as;
A(t) = —log S(t) %)
Future lifetime at a given time t, is the time remaining
until death, given survival to age t o. Thus, itis T —t, in
the present notation. The expected future lifetime is the
expected value of future lifetime. The probability of death at
or before age t + ¢, given survival until age ¢, is;

' t _ Pr(to<Tsto+t) _ F(t+to)—F(to),
Pr(Tyy<to+o>tg=—7 ) (6)

Therefore, the probability density of future lifetime is;

d F(t+to)—F(to) __ f(t+to)
dt S(to) T S(to)

And the expected future lifetime is given as;

— [P tf(t + to)dt = —— [7S(t)dt ®)

S(to) S(to)

@)

3. Results

Following a confirmatory test of TB, each patient was
further assessed three times, at the beginning, at the end of
the intensive phase of TB treatment usually two months and
at the end of six months. Twenty (20) of the patients were not
put on treatment but were also observed throughout the six
months period. The assumption was that the effects of those
who were not put on medication were also expected to follow
similar survival trend. Generally, the background analysis of
the data showed that 63.5% of patients enrolled were males
and 40 of them died during the six month period of
investigation. 45 patients were censored through the
following; a patient did not experience the event of death
before the study ends, the patient was lost to follow-up
during the study period and the patient withdrew from the
study. An overwhelming majority of the patients were new
representing 94.1%. Out of this, 39 died and 41 censored.

Time to the occurrence of the event of death or otherwise
was important for both the Cox and Kaplan-Meier models
used in the study. The events of interest rather occurred too
early within the first two months representing 54 (63.5%)
and an overall cumulative time to event within the first three
months of 73 (85.9%). In the study, irrespective of one’s
HIV status, most of the deaths occurred during the intensive
phase. This might suggest that late presentation was a major
factor for early death than HIV infection itself. A Pearson
Chi-square test produced a P-value of 0.041.
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Figure 1. Graph showing time to events analysis

Table 1.

Dpeorbatin | TowiCount | @S| (R HVAIDS) | with HIVAIDS
N=New 80(94.1%) 39(45.2%) 41(48.1%) 40(47.1%) 40(47.1%)
R=Release 2(2.4%) 1(1.2%) 1(1.2%) 0(0.0%) 2(2.4%)
F=Treatment Failure 2(2.4%) 0(0.0%) 2(2.4%) 1(1.2%) 1(1.2%)
D=Return after default 1(1.2%) 0(0.0%) 1(1.2%) 0(0.0%) 1(1.2%)

Total Count 85(100%) 40(47.1%) 45(52.9%) 41(48.2%) 44(51.8%)
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Table 2. Classification of TB patients by observed waiting time

Type of Patient Total 1 month 2months 3months 4months | Smonths | 6months
N=New 80(94.1%) | 28(32.9%) | 22(25.9%) | 18(21.2%) | 2(2.4%) 8(9.4%) | 2(2.4%)
R=Relapse 2(2.4%) 1(1.2%) 0(0.0%) 1(1.2%) 0(0.0%) 0(0.0%) | 0(0.0%)
F=Treatment Failure 2(2.4%) 1(1.2%) 1(1.2%) 0(0.0%) 0(0.0%) 0(0.0%) | 0(0.0%)
D=Return after default 1(1.2%) 1(1.2%) 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%) | 0(0.0%)

Total Count 85(100%) | 31(36.5%) | 23(27.1%) | 19(22.4%) | 2(2.4%) 8(9.4%) | 2(2.4%)

The observed waiting time for each individual was
ignored for simplicity, however, the observed waiting
measured in months was observed for those who were
neither censored nor experienced the event of deaths as the
event of interest in the investigation. Most of the cases in the
relapse, treatment failure and return after default mostly
experienced the event within the first two months. The cases
which were considered after being censored did not have
significant influence on either survivorship or mortality.

Two cases of relapse were recorded during the
investigation which influenced drug resistance. There was
also high treatment success rate as treatment failure amongst
the new cases was 2(2.4%) one each during month one and
two of the investigation period.

3.1. Comparison between the Cox Proportional Hazard
and Kaplan-Meier Estimates

Provided that the assumption of Cox regression were met,
it provided better estimates of survival probabilities and
cumulative hazard than those provided by the Kaplan-Meier
function.

Table 3. Analysis of Kaplan-Meier Surival

Time in | No. exposed No. of No. KM survival
months to risk deaths censored estimate

0 85 0 0 1

1 85 14 17 0.8353

2 54 11 12 0.7963

3 31 7 12 0.7742

4 12 1 1 0.9166

5 10 5 3 0.500

6 2 2 0 0

3.2. Cox Proportional Hazard Model

The aim of fitting a Cox model to time-to-event data was
to estimate the effect of the covariates on the baseline hazard
function. The baseline hazard function, not itself estimated
within the model, was the hazard function obtained when all
covariates were set to zero.

The Kaplan-Meier survival curve (Figure 2) showed
statistically lower survivorship of 0.8353 at month one
compared to 0.885 for the Cox Proportional hazard model.

3.3. Determination of Covariates that have Significant
Effect on TB Survival

The log likelihood ratio test was employed which has been
used extensively as a standard tool for model selection. The
maximum likelihood test statistic is assumed to follow a
chi-square distribution. Clearly, there were eight (8)
explanatory variables that were used in the analysis and part
of the modelling process was the selection of those that had
significant effects. The full model which included all
covariates were used and then those (covariates) with little or
no significant effects on the survivorship were eliminated.
The minus one survivorship produced the hazard of the
model based on the covariates.

The omnibus tests of model coefficients using the
backward stepwise log likelihood principles were used to
determine the most influential survival variables for TB
patients. It was not surprising for the TB/HIV co-infection to
be isolated as the most influential variable which influenced
survivorship. Using the minus one survivorship which
measured directly the effect of the covariates on the force of
mortality, TB/HIV co-infection was observed to be the most
influential in that regard.

3.4. The Cox Survival Model

The Cox survival model consists of two parts: the
underlying hazard function, often denoted A,(t), describing
how the risk of event per time unit changes over time at
baseline levels of covariates; and the effect of parameters,
describing how the hazard varies in response to explanatory
covariates. After fitting the model and analyzing the
likelihood ratio statistics, inference about how each covariate
affected mortality was determined. This information was
used in many different ways. First of all, the survival or
hazard of each TB patient could be determined based on the
predisposing factors or covariates. The Cox model can
provide an estimate of the relative level of an individual’s
mortality in comparison to the baseline hazard. By making
certain assumptions about the shape and level of the baseline
hazard, we can then estimate the absolute level of an
individual’s mortality. The coefficients in a Cox proportional
model relates to survivorship; a negative coefficient
indicates a negative effect on survival and a positive
coefficient indicates a positive effect on survivorship.
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Figure 3. Cox proportional hazard survival curve for TB patients
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Table 4. Estimated parameter values

B SE | Wald | df | Sig. | Exp(B)
Age 255 | 283 | .809 | 1 |.369 | 1.290
Sex -.605 | 379 | 2554 | 1 |.110 .546
Disease Classif | -.096 | .345 | .077 | 1 | .781 909
Type of Patient | -989 | 1.094 | 817 | 1 | .366 372
Smear Results | -.736 | .524 | 1.973 | 1 | .160 479
TB with HIV 127 | 544 | 055 | 1 | 815 | 1.136
Treatment 1.006 | .372 | 7.322 | 1 | .007 | 2.735
Table 5. Survival Table
Baseline At mean of | Atmean of At mean of
Time Cum Covariates: | Covariates: Covariates:
Hazard Survival SE Cum Hazard
1 0.145 0.867 0.032 0.143
2 0.453 0.640 0.055 0.446
3 0.782 0.463 0.065 0.771
4 0.906 0.409 0.075 0.893
5 1.960 0.145 0.055 1.933

4. Conclusions

In conclusion, of all the covariates, TB/HIV co-infection
was found to be the most influential factor that affected
survivorship. The survival rate or hazard rate of each Tb
patient was determined based on the predisposing factors or
covariates after the model was fitted. The Cox Proportional
Hazard model provided an estimate of the relative level of an
individual’s survivorship in relation to the baseline.
Mortality or survival differences occurred as a result of each
patients predisposing factors such as sex, age, type of TB,
Co-infection with HIV amongst others.

The Ministry of health (Ghana), Ghana Health Service and
other stakeholders involved in TB management could use the
model to predict the survival rate of TB patients and identify
the category of patients that need priority attention in the
event of scarce resources.
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