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Abstract

Background: Drug-resistant tuberculosis (DR-TB) is a form of antimicrobial resistance Mycobacterium tuberculosis that is
difficult and costly to treat. It is caused by TB bacteria resistance to at least one of the first-line existing TB medications,
resulting in fewer treatment options and increasing mortality rates. In 2019, close to 500,000 people developed DR-TB,
and 182,000 died globally. Less than 60% of DR-TB patients who started on medication were completed, mostly due
to high mortality and lost follow-up. This study aimed to determine when people who have been infected with drug-
resistant tuberculosis and started on treatment convert from being sputum positive to sputum negative, which is a
critical point to curtail the infectivity of the disease to the general population.

Methods: The analysis was through a retrospective review of patients captured through electronic medical records (TIBU)
of Kenya National Tuberculosis and Leprosy Program from 2014 to 2019, having a two-year follow-up for every subject
enrolled. The total number of patients included in the study was 2674, entailing all patients who tested positive for
tuberculosis drug resistance. We had age, gender, country, sector, registration, group, the resistance pattern, intensive
phase regimen, modification of intensive phase, year, BMI, and a quarter as our variables for analysis. We considered
Gender, County, Resistance Pattern, Age category, and BMI at enrollment for the conversion time. The Log Rank test
was used to compare the survival distribution of the included variables. The Cox Proportional Hazard model was used
to analyze Year, Quarter, Sector Model of care, Intensive regimen, Modification of Intensive regimen, and County. The
proportional hazard assumptions and the overall model fit were assessed. Parametric survival models were included in
three levels of factors associated with patients, factors associated with resistance, and institutional factors. We evaluated
the conversion variations where we used the exponential and Weibull distributions and best-fitting model through the
Akaike’s information criterion.

Results: Of the patients enrolled for treatment, 50% took eight months to have their sputum conversions, whereas only
25% took four months to record conversions. Gender had no influence on conversion time, where 50% of both genders
had a median time of eight months to get converted. The resistance pattern registered a median time of eight months,
with Rifampicin resistance taking the least time of seven months. Mono-Resistance and Pre-XDR not having converted
by standard, intensive observation period - (9-Months). Most patients were between age 20 and 49 years in the age
category, with a median conversion time of 9 months. BMI, the underweight took nine months to convert, normal was
eight months, overweight was 7 Months, and Obese was 6 Months.

Conclusion: In general, the median time for the most patients to convert from being sputum positive to sputum negative
was eight months, with the earliest converters being recorded as being four months but was being influenced by different
factors like the type of resistance and drugs that were given as the first line ant-TB with also a modification of his first-line
medication. More adherences should be emphasized on the young and middle-aged population who are taking more
time to have their sputum convert hence posing a more significant risk to the enormous population by spreading the
resistant disease to them.
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Introduction

Tuberculosis (TB) is an infectious disease that is a
significant cause of ill health, one of the top 10 causes of
death worldwide, and the leading cause of death from a single
infectious agent (ranking above HIV/AIDS). It is caused by the
bacillus Mycobacterium tuberculosis, which spreads when
people sick with TB expel bacteria into the air, for example, by
coughing. It typically affects the lungs (pulmonary TB) but can
also affect other sites (extrapulmonary TB) [1]. Approximately
20% of TB cases globally are estimated to be resistant to at
least one of the first- or second-line anti-TB drugs, and 5% are
resistant to both isoniazid and rifampicin, the most powerful
and commonly used antibiotics in first-line treatment. Of
the estimated 480,000 multidrug-resistant (MDR) TB cases,
approximately 10% are either extensively drug-resistant
(XDR)-with additional resistance to second-line drugs-or
drug-resistant. Treatment of Tuberculosis (TB), regardless
of the results of drug susceptibility testing (DST), focuses on
curing the individual patient and minimizing the transmission
of Mycobacterium tuberculosis to other persons.

Thus, effective treatment of TB has benefits for both the
individual patient and the community in which the patient
resides. However, unique complexities need to be addressed
to successfully treat disease resulting from drug-resistant M.
tuberculosis isolates compared with the treatment of drug-
susceptible TB disease, including additional molecular and
phenotypic diagnostic tests to determine drug susceptibility;
the use of second-line drugs, which have toxicities that
increase harms that must be balanced with their benefits; and
prolonged treatment durations [2]. Africa is home to over 1
billion people. It is disproportionately affected by tuberculosis
with 2.6 million of the 10.4 million global tuberculosis cases,
3 making the continent a key geographical area for health
interventions [3]. Drug-resistant and multi-drug resistant
(MDR) TB is characterized by mortality, inadequate treatment
regimens, and delayed diagnosis. Implementing strategies
such as the Directly Observed Treatment Short Course (DOTS)
is essential for diagnosis and patient treatment to avoid
creating and spreading resistant strains in the community [3].
However, some of the current strategies have limitations. For
instance, sputum smear microscopy is helpful to detect the
primary sources of infection but only helps diagnose about
half of all TB cases, culture is more sensitive and takes a
longer time to produce results, and 6 to 8 months is still a long
time to maintain a patient on regular treatment [4].

Material and Methods

Ethical statement

The University of Nairobi and Kenyatta National Hospital
Ethics review board approved the study with additional
approval sought from the Kenya National Tuberculosis
and Leprosy Program to extract patients' data from their
Electronic Medical Records. No patient informed consent was
needed because this was a secondary data study.

Data

It was a retrospective study of patients enrolled for drug-

resistant tuberculosis treatment between 2014 to 2019.
Patients included must have tested positive for any Resistant
Tuberculosis. Data were abstracted from the NTLP electronic
medical records system (TIBU), an android-based application
running on handheld devices and stores data online and
accessible via the internet. Currently, TIBU is being used by
over 350 county and sub-county coordinators country. The
system has inbuilt validation checks and provides real-time
TB data at all health system levels. Once a patient diagnosis is
made at the facility level, treatment is initiated, and patient
details like age, sex, type of TB, treatment outcome, date
of start of treatment, HIV status, sputum smear results,
treatment outcome, and date of treatment outcome among
other variables are documented in the facility register. Sub-
County TB and Leprosy Coordinators (SCTLCs) then transcribe
these patient details from the TB facility register to tablet
computers that run on the Android operating system. The
case-based data are transmitted directly to the national
database (TIBU) via the mobile network.

The data were exported from the TIBU system in the
analyzable format in an Excel sheet, then imported to STATA
version 13 software for data cleaning and analysis. The
analysis was based on all cases of drug-resistant tuberculosis
that had a treatment outcome period of intensive phase.

Statistical methods for survival data

Descriptive statistics, exploratory data analysis techniques,
and confirmatory data analysis techniques were used to
detect any associations of sputum conversion among patients
enrolled for drug-resistant tuberculosis treatment. patients
were analyzed by broadly classifying them of variables that
could be relatable, and thus we categorized variables into
three groups; factors relating directly to the patient- Age, BMI,
registration, group, intensive phase regimen, modification of
intensive phase.) Factors associated with resistance- LPA-
Rif, LPA-H, DST-R, DST-H, DST-Z, DST-E.C) factors unrelated
to patients or resistance- year of registration, quarter of
enrollment, sector treatment, model of care. For each
category of patient variables, descriptive baseline statistics
consist of sample size (n), percentage, mean, standard
deviation, median, and range. The three groups of patient
classification present summary tables.

For sputum conversion time, Kaplan Meier (KM) Estimator
was used to compare the three groups and the associated
factors to evaluate the conversion patterns relating to specific
aspects. The Cox proportional hazard (PH) model was used
to investigate the effect of the group’s specific explanatory
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variables on time to sputum conversions. The log-rank test
was used to compare survival distributions between the
group's variables where estimation and inference was made
without assuming any distribution for sputum conversion
time.

Kaplan-Meier estimator of the survival functions

The K-M estimator S(t) is a nonparametric method for
estimating a survival function, S(t) from lifetime data. The
product of estimated survival probabilities resulting from
Equation 1 forms the estimator.

A k n—d.
S(r) = MM——+ (1)

tl <t nl_

where t < t < ..<t,_are the rank-ordered recorded times
among independent subjects, denoted as (t,C), i = 1,2..n
given that the i subject can survive before time t, But at the
time t, this subject experiences an event of interest and c
is a censoring indicator variable with the value of 1 for the
observed event for the i*" subject; otherwise, 0; n, nis the
number of subjects at risk just before t; d, is the number of
subjects that experience the event at t.

Cox proportional hazards regression model

A Cox PH regression model is used to quantify the effects
of explanatory variables on the hazard of drug-resistant
tuberculosis. Cox proportional hazards regression models
are widely used to analyze time-to-event data [5]. the Cox
proportional-hazards regression model (introduced in a
seminal paper by Cox, 1972), a broadly applicable and the
most widely used method of survival analysis [6]. This form
of the regression model proposed by Cox, which under this
model, the hazard function, A for the ith subject is expressed
as the product of the two function as given in equation two
below (Equation 2):

A GBx) = A()exp(x, B) 2)

Where A is a baseline hazard function characterizing the
way hazard function changes as a function of time and exp
(X' 8). Under the Cox PH model, time t does not have any
distributional constraints, and the model is referred to as the
PH model because the hazard functions are multiplicatively
related. That is, their ratios are constant over time. The Cox
model parameters are estimated from the partial likelihood
function as shown in below (Equation 3).

exp(l'; ,B)
L =
(ﬂ) I,Coy ZjER(tI_)CXp(Z'i ﬂ)

Where c, is a censoring indicator variable with the value of
1 for an observed event for the i" subject; otherwise, 0; R(t)
is the risk set of all individuals with event times greater than
or equal to the time t.

(3)

Parametric survival model

A parametric survival model is a structured statistical
methodology for exploring the relationship between the
survival of a patient, a parametric distribution, and several

explanatory variables. Through this, we can estimate the
parameters of the distribution. There is an opportunity to
boost the parametric survival model through a selection
of variables that are to be part of the model and can be
achieved by either forward selection or backward selection.
The goodness of fit coefficients table displays a series of
statistics for the independent model (corresponding to the
case where there is no impact of covariates, beta = 0) and
the adjusted model. The parameter estimate, corresponding
standard deviation, Wald's Chi’, the corresponding p value,
and the confidence interval are displayed for each model
variable. The predictions and residuals table shows, for each
observation, the time variable, the censoring variable, the
value of the residuals, the estimated cumulative survival
distribution, the empirical cumulative distribution function,
and the hazard function.

The exponential survival model

The distribution associated with the exponential PH
model is one parameter (rate) distribution that will assume
that the rate is constant over time where the hazard function
is as below.

hy(t)=2,

Where A the rate parameter, then r the resultant
Exponential PH models.

h(t)=Aexp(Xp),
Where the survival function in this case is
S(t) = eXp{—(Xﬂ)/it} and the density function of T

becomes.

f(t)=Aexp(XB) exp {-(XpB)At},

The likelihood function was expressed as;

L (,B,}L)=]_[{/?Lexp()(/5')}{sl exp {—exp(X,B)/lt},

n
i=1
Weibull survival model

Weibull model is a flexible model that allows for covariates
of the survival times. If distributional assumptions are not
met or cannot be verified, researchers may turn to the semi-
parametric Cox proportional hazards model. This model
also allows for covariates of survival times but with less
restrictive assumptions [7]. The Weibull distribution contains
two parameters, i.e., scale and shape parameter; hence it
yields a more flexible baseline hazard than the exponential
and includes exponential as a particular case. The shape
parameter controls the shape of the hazard, allowing it to
either decrease or increase sequentially over time.

The baseline hazard function h,(t).

By () = Aat™,
The Weibull PH model was formulated as shown below;
h(t) = Aat”’ exp(Xﬁ),

Where A is the scale parameter and a is the shape
parameter, both A, a > 0, if a = 1 then the above Weibull
model becomes Exponential model and A was interpreted as
arate parameter. If a > 1, then the hazards increase over time
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and if a < 1, the hazards decrease over time, The Weibull survival function was expressed as.

S(t) = exp{—exp(Xﬁ)/lt“},

The density function for T is;

f(t) = Aot exp(Xﬂ)exp{—exp(Xﬂ)ﬂt“},
The likelihood function will be expressed as;
L(B,a,A) =11, {/Iat“’l exp()(ﬂ)‘s1 exp{—epr(X,b’)/It“}},
Model development

For this study, survival time for sputum conversion is described in months given that patients, monitoring is always done
monthly after initiating the drug-resistant treatment. After two consecutive negative sputum tests, one is declared as having
converted from sputum positive to sputum negative. The patient changes to the continuation phase of the tuberculosis
treatment. For our case, we followed the National Tuberculosis and leprosy program criteria of “normal intensive period” to
derive our conversion time where from their guideline, they set an average conversion time to be four months to 6 months and
bearing in mind the uneven distribution of Kenya’s health, demography and poor infrastructure in some part of the country
we added our conversion consideration period to be eight months to avoid bias. Patients who did not fall between the four
months and eight months were right-censored, and the ones that never reached four months were left-censored because they
had not attained the minimum inclusion period of four months required for sputum conversion. For the identity of censorship,
the indicator variable was assigned one subject who had achieved the conversion and 0 otherwise. Additionally, the grouping
of variables was done in three categories.

1. Patents associated variables - Age, BMI, Registration group, Resistance Pattern, Gender, HIV status, Intensive phase
regimen, modification of the intensive phase regimen.

2. Resistance-associated variables are LPA-Rif, LPA-H, DST-Rif, DST-H, DST-Z DST-E.

3. Independent variables - Sector, Model of care, County, Health facility.

Model assessment

Model adequacy examination was done to evaluate if the fitted regression model characterized the data. The most
satisfactory model was selected by assessing the smallest value of Akaike Information Criterion (AIC).

The PH assumptions and the overall model fit were investigated based on graphical evidence and hypothesis tests. The
parallel nature of the Kaplan-Meier estimated curves for a given variable in a log-log plot was assessed. Scaled Schoenfeld
residuals were used to test for the constancy of the coefficients.

The deviance residuals were used to validate the model accuracy and possible outliers. These residuals are a normalizing
transform of the martingale residuals and are symmetric about zero when a fitted model is appropriate.

The score residuals were used to assess the influence of each point on the estimated B coefficients. The change in the
estimated coefficients of B was computed by dropping an observation. The obtained value was then divided by the standard
errors for the components of the estimated coefficient.

All analyses were performed using the STATA statistical software version 13. For all statistical analyses, P < 0.05 was
considered statistically significant.

Results

The analysis was based on retrospective data comprising patients enrolled for drug-resistant TB treatment within the
devolved county health system in Kenya within all registered centers for DR-TB treatment. The recruitment period was
between 2014 to 2019, having a two-year follow-up period. There were 2674 patients enrolled for DR-TB treatment for 2014
to 2019, having 2018 recording the highest cases at 26% of the total patients and 2019 registered the least with 7.3% of the
total number. The quarterly enrollments for the year were more in the first quarter where cumulatively first quarter had 29%
of the total cases, while a fourth quarter had the least with 21%. The counties' DR-TB enrollments were cutting across the
counties, but Nairobi County had the highest cases of DR-TB burden at 14.9%, while Tana-River County had the least with
0.19%. Health-Facilities for the treatment of DR-TB were evenly distributed in the country. However, Nairobi still carried the
most considerable proportion of them by 16%, while Ware County had the least amount at 0.18%. The public sector took the
most significant proportion at 83% for the treatment sector, while Prisons had the least amount at 1.27%. Treatment models
were more at the community level, where we had up to 65% of the total patients enrolled being followed up at the community
level.

In comparison, the isolated cases were less than 5%. In registration groups, new cases were the most at 36%, failure
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of first-line drugs at 26%, relapse at 16%, and transfer in
at least 2%. Table 1, Table 2, Table 3, Table 4, Table 5 and
Table 6 summarize the resistance pattern, culture, outcome,
gene-expert, registration categories, and healthcare sectors
variables enrollment patterns for patients diagnosed for the
DR-TB.

Kaplan Meier curve estimate

The Kaplan Meier survival curve was fitted to the data
for the three-class categories of variables to determine the
conversion distribution concerning the specific variable
(Figure 1). From this data, we were able to get no significant
difference in sputum conversion concerning gender, where
50% of both genders had a median conversion time of 8

months (Figure 2). With the resistance patterns, the resistance
had the same median time of conversion of 8 months, but
Rifampicicn resistance patients took a median time of 7
months to convert. Still, those who got registration after the
failure of category one medication took a median time of 9
months to have converted.

Those who had Mono-resistance was not recorded with
any conversion by nine months of intensive phase treatment
(Figure 3). In the case of BMI at enrollment, the conversion
varied according to which category the patient was enrolled.
Were the best converters were obese converting at six
months, overweight at seven months, average weight at
eight months, and the underweight took the longest time of 9

Table 1: Resistance pattern categories.

Freq. Percent Valid Cum.
Valid 1 MDR 859 32.12 32.70 32.70
2 Monoresistant 675 25.24 25.69 58.39
3 PDR 64 2.39 2.44 60.83
4 Pre XDR 16 0.60 0.61 61.44
5RR 1005 37.58 38.26 99.70
6 XDR 8 0.30 0.30 100.00
Total 2627 98.24 100.00
Missing 47 1.76
Total 2674 100.00
Table 2: Culture outcome.
Freq. Percent Valid Cum.
Valid 1 DNR 31 1.16 1.44 1.44
2ND 386 14.44 17.95 19.39
3 NEG 312 11.67 14.50 33.89
4 POS 1422 53.18 66.11 100.00
Total 2151 80.44 100.00
Missing 523 19.56
Total 2674 100.00
Table 3: Gene-expert results tabulation.
Freq. Percent Valid Cum.
Valid 1. Invalid/no result/error 1 0.4 0.4 0.4
2. MTB detected Rifampicin resistance detected 1672 62.53 65.59 65.63
3. MTB detected Rifampicin resistance indeterminate 7 0.26 0.27 65.91
4. MTB detected Rifampicin resistance not detected 464 17.35 18.20 84.11
5. MTB not detected 48 1.80 1.88 85.99
6. Not Done 357 13.35 14.01 100.00
Total 2549 95.33 100.00
Missing 125 4.67
Total 2674 100.00
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Table 4: Registration categories for enrolled.

Freq. Percent Valid Cum.
Valid 1 FFT 717 26.81 26.81 26.81
2 FRT 203 7.59 7.59 34.41
3LTFU 224 8.38 8.38 42.78
4 New 984 36.80 36.80 79.58
50 19 0.71 0.71 80.29
6 R 449 16.79 16.79 97.08
7Tl 78 2.92 2.92 100.00
Total 2674 100.00 100.00

Table 5: Healthcare sector models and the burden of DR-TB.

Freq. Percent Cum.
Public 2,225 83.21 83.21
Private 358 13.39 96.60
Other Faith Based 57 2.13 98.73
Prisons 34 1.27 100.00
Total 2674 100.00

Table 6: Intensive phase regimen period.

Freq. Percent Valid Cum.

Valid 1.3 Months 38 1.42 251 2,51
2.4 Months 466 17.43 30.84 33.36
3.5 Months 47 1.76 3.11 36.47
4. 6 Months 30 1.12 1.99 38.45
5. 8 Months 602 22.51 39.84 78.29
6.9 Months 328 12.27 21.71 100.00
Total 1511 56.51 100.00

Missing 1163 43.49

Total 2674 100.00

BMI DISTRIBUTION FOR DR-TB PATIENTS

I underweight [ normal
I overweight [ obese

Figure 1: Body Mass Index Distribution.
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Kaplan-Meier Survival Estimates by Gender
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Figure 2: Kaplan Meier survival by Gender.

Kaplan-Meier Survival Estimates of Resistant Groups
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Figure 3: Kaplan Meier survival by Resistance Pattern.
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Kaplan-Meier survival estimates in relation to BMI
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Figure 4: Kaplan Meier survival by BMI.

months to convert (Figure 4). With the registration groups, we
had a different median time of conversion concerning which
class the client had been enrolled in. For the clients enrolled,
the new cases took the least time to convert at five months,
with Relapse, lost to follow up, failure to category one, and
failure to category two taking a median time of 9 months to
show conversion (Figure 5). Age category conversion patterns
the old and young categories took a median time of 8 months
to convert, and the middle-aged and younger adults took a
median time of 9 months to convert (Figure 6).

Cox proportional hazard model

A multivariate Cox proportional hazard model was
constructed with sputum conversion time as the outcome
variable. The first step was to enter each category variable in
the model (full model), then assessment was made through
review of the likelihood ratio statistic of the model. The
specific hazard ratios and their 95% confidence intervals were
calculated, and the Wald test was used to test the model.
In essence, we checked for the proportionality assumption
for the PH assumption, which we did by using graphical
diagnostics at each level group of covariates.

The models are presented in Equation 4 at each level
h(t) = hy(t)exp(b X, +b,X, +...+b,X,) (4)
Where,

h(t) = Expected hazard a time t
h,(t) = Baseline hazard

X1, X2,.... Xp = Predictors

b1, b2,...,bp = Coefficients

From the three levels analysis done, the interaction of
most variables was not significant enough to determine the
sputum conversion time apart from the intensive phase
medication given, modification of the intensive phase
regimen, and the resistance pattern of the patient where the
Hazard ratios (HR) where, HR-(0.974) with a /n -0.0261, HR;
(0.9363) with /n -0.0658, HR; (1.16) with /n 0.1545. From this,
we can see that the type of intensive phase regimen given,
and type of modification done could reduce the period one
would take to have their sputum convert from being sputum
positive to sputum negative, and consequently, with the
kind of resistance pattern, it would increase the time one
would take to convert from being sputum positive to sputum
negative as explained in Table 7 and Table 8.

PH Assumptions

The assumption was that the hazard of drug-resistant
tuberculosis at any given moment was similar for all patients
enrolled for follow-up across the country at any given time. To
verify this assumption, we used a graphical method to check
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Kaplan-Meier Survival Estimates of Registation groups
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Figure 5: Kaplan Meier survival of Registration groups.
Kaplan-Meier survival estimates by Age Category
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Figure 6: Kaplan Meier survival by Age Category.
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Table 7: Cox proportional hazard: Model 1.

-t Haz. Ratio Std. Err. z [95% Conf. Interval]

Year 1.152979 0.1294298 1.27 0.205 0.9252693 1.436728
Quarter 1.006025 0.0975102 0.06 0.951 0.8319654 1.216501
Sector_1 0.7980364 0.1441018 -1.25 0.212 0.5601713 1.136906
Model of Care_1 0.973068 0.227015 -0.12 0.907 0.6159698 1.537188
Intens-phse-regimen_1 0.9742304 0.0087677 -2.90 0.004 0.9571967 0.9915672
Mod-Intens-phse-regmn-1 0.9363281 0.0215918 -2.85 0.004 0.8949511 0.9796182
County_1 1.00269 0.0087219 0.31 0.757 0.9857403 1.019931

Cox regression -- Breslow method for ties
Number of subjects = 137; Number of obs = 137; Number of failures = 113; Time at risk = 940
LR chi? (7) = 122.82; Log likelihood = -463.36472; Prob > chi? = 0.0000

Table 8: Cox proportional hazard model 2.

_t Haz. Ratio Std. Err. z P> |z| [95% Conf. Interval]
County_1 1.003551 0.0025682 1.39 0.166 0.9985303 1.008597
TypeofTB_1 1.350987 0.3308787 1.23 0.219 0.835946 2.183355
Registration group_1 1.023877 0.0170176 1.42 0.156 0.9910606 1.05778
Resistance Pattern_1 1.167157 0.0205905 8.76 0.000 1.12749 1.208219

Cox regression -- Breslow method for ties

Number of subjects = 1498; Number of obs = 1498; Number of failures = 1137; Time at risk = 10074; LR chi? (4) = 90.76; Log likelihood =
-7933.8059; Prob > chi? = 0.0000

Table 9: Weibull sputum conversion Model 1.

_t Haz. Ratio Std. Err. z P> |z| [95% Conf. Interval]

Year 1.233787 0.0354662 7.31 0.000 1.166197 1.305295
Quarter 1.042965 0.0291427 1.51 0.132 0.9873822 1.101676
Sector_1 0.8903012 0.0449125 -2.30 0.021 0.8064861 0.9828269
Model of Care_1 0.6871878 0.0485038 -5.31 0.000 0.5984048 0.7891431
County_1 1.005333 0.0026468 2.02 0.043 1.000159 1.010534
_cons 2.3e-187 1.3e-185 -7.41 0.000 1.0e-236 5.3e-138
/In-p 1.166247 0.025163 46.35 0.000 1.116928 1.215566
p 3.209924 0.0807714 3.055455 3.372201

1/p 0.3115339 0.0078391 0.2965422 0.3272835

Weibull regression -- log relative-hazard form

Number of subjects = 1505; Number of obs = 1505; Number of failures = 1142; Time at risk = 10114; LR chi2 (5) = 87.43; Log likelihood =
-905.91576; Prob > chi2 = 0.0000

for specific variable categories if they meet the similar criteria chi? df
of a graphical test where most of the variable categories
could not meet the criteria.

Prob > chi?

Global test 39.65 6 0.0000

A goodness of fit test for the PH models was done for the Model 2: Test of proportional-hazards assumption.

fitted models, a test of correlation between the Schoenfeld Time: Time

residuals and survival time. A correlation of zero indicated

that the model met the proportional hazards assumption. chi? df Prob > chi®
Model 1: Test of proportional-hazards assumption. Global test 1.64 6 0.9498
Time: Time Parametric survival models
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Table 10: Exponential sputum conversion Model 2.

-t Haz. Ratio Std. Err.

Registration group-1 1.010717 0.0534265
Resistance Pattern-1 1.024698 0.0561877
Mod-Intens-phse-regmn-1 0.9634594 0.0195933
Intens-phse-regimen-1 0.9987271 0.0069111
HIVStatus-1 1.041626 0.2130968
BMI-Cat3 0.9413779 0.1671648
Age-reg-Cat2 0.9908751 0.1273803
-cons 0.386741 0.3143973

Exponential regression -- log relative-hazard form

z P> |z| [95% Conf. Interval]

0.20 0.840 0.9112452 1.121048
0.44 0.656 0.9202834 1.14096
-1.83 0.067 0.9258125 1.002637
-0.18 0.854 0.985273 1.012365
0.20 0.842 0.6975448 1.555433
-0.34 0.734 0.6646795 1.333263
-0.07 0.943 0.7701832 1.274805
-1.17 0.243 0.0786039 1.902813

Number of subjects = 133; Number of obs = 133; Number of failures = 110; Time at risk = 911; LR chi2 (7) = 33.44; Log likelihood =-125.15028;

Prob > chi2 = 0.0000

Table 11: Weibull Model 3.

-t Haz. Ratio Std. Err.

LPA_Rif_1 1.316932 0.1495004
LPA_H_1 0.6570731 0.0955743
RDST_1 0.2178181 0.0281108
HDST_1 1.138676 0.1183689
EDST_1 0.9953956 0.1249769
ZDST_1 0.9119911 0.0957189
_cons 0.0529227 0.0217426
/In-p 1.122186 0.0398486
p 3.07156 0.1223975
1/p 0.325567 0.0129734

Weibull regression -- log relative-hazard form

z P> |z| [95% Conf. Interval]
2.43 0.015 1.054225 1.645103
-2.89 0.004 0.494086 0.8738258
-11.81 0.000 0.1691378 0.2805091
1.25 0.212 0.9287846 1.395999
-0.04 0.971 0.7782571 1.273117
-0.88 0.380 0.7424239 1.120287
-7.15 0.000 0.0236558 0.1183987
28.16 0.000 1.044084 1.200288
2.840794 3.321072
0.3011076 0.3520142

Number of subjects = 684; Number of obs = 684; Number of failures = 449; Time at risk = 4608; LR chi2 (6) = 307.51; Log likelihood =

-367.99114; Prob > chi2 = 0.0000

With the parametric models of conversion time, the
comparison was made between the exponential and Weibull
survival parametric models regarding sputum conversion
and see which one better explains factors affecting clients'
conversion. Stratification has been done in three levels
according to Factors that the patient does not influence-
(Model 1), Factors directly associated with the patient-
(Model 2), and Resistance development factors - (Model 3).
Analysis was done on the three-level model variables, and the
choice was made between the two models best predictor by
comparing the AIC, which is lower. In contrast, for Model 1,
the Weibull was a better predictor from the AIC - (1825). In
Model 1 variables; Sector, Model of care, and County were
significant enough to determine the conversion time where
the county had HR = 1.00 meaning the county as a variable
had no contribution to the time of conversion for patients
who had come with drug-resistant tuberculosis, but for the
sector had (HR =0.89; 95% Cl, 0.81 to 0.98; p = 0.05 by fishers
exact test) meaning the sector which a patient was receiving
the treatment could increase the conversion time by one fold
compared to other sectors compared and the model of care

(HR =0.69; 95% Cl; 0.60 to 0.79; P = 0.05 by fishers exact test)
this means that models of care applied to treat the drug-
resistant would lower the conversion rate by 0.6 times of the
average time needed for one to convert; (Table 9). Model 2;
only Age category variable that was significant with (HR=0.99;
95% Cl; 0.77 TO 1.27; P = 0.05 by fishers exact test) meaning
that with a hazard of 0.99, which is close to one age did not
affect the conversion time for patients who had DR-TB; (Table
10) Model 3 we had LPA-Rif (HR = 1.3;95% Cl ;1.05 to 1.65;
P = 0.05 by fishers exact test) where LPA rifampicin variable
increased the risk of the patient not converting the sputum,
LPA-H (HR = 0.66; 95% Cl; 0.49 to 0.87; P = 0.005 by fishers
exact test) where LPA Isoniazid would reduce the conversion
time by 0.66 times and R-DST (HR = 0.22; 95% Cl; 0.17 to 0.28;
P =0.05 by fishers exact test) in which a Rifampicin DST would
lower the conversion time by 0.2 times; (Table 11).

Discussion

The total patients enrolled for the drug resistance
tuberculosis were 2674 patients from 2014 to 2019, who we
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all included in the study. Nairobi County reported the highest
number of patients diagnosed with DR-TB, and Wajir County
was the county that had the least number of cases reported,
which could be a result of the high number of people and
healthcare facilities that would have contributed to testing
and diagnosis. The community-based method of care carried
up to 75% of all patients who had been diagnosed with DR-
TB. Over 60% of clients enrolled had been done an AFB test,
and up to 95% of all patients had received a Gene-expert test
from which we had up to 37% of the patient being Rifampicin
Resistant, 25% being Mono-resistant and MDR was 325%.
The patients who got enrolled for treatment had two phases
of drug administration, where the intensive phase started
immediately after a client culture results were out. From
the enrolled clients, 50 % took eight months to get sputum
conversions, whereas only 25% took four months to have
sputum conversions. The gender factor had no significance in
determining the time of sputum conversion.

The median time of conversion for resistance as a variable
was nine months. Rifampicin resistance was seven months,
and Mono-resistance and Pre-XDR were the most difficult
ones. Most of them had not converted by the median time of
9 Months. The registered group's conversion time was eight
months apart from the Failure to First Line ant-TB, which took
nine months. The age category we had the youngest was one
year, and the oldest was 78 years. Still, most patients ranged
from 20 years to 49 years, and below 20 years and above 50
years represent a small percentage of the total population. 20
to 40 years conversion time was nine months, 40 to 50 and the
above 50 years) Converted at 7 and 8 months, respectively.
The BMI was the underweight took nine months to convert,
Normal weight eight months, overweight and obese, took
7 and 6 months. From the models analyzed at conversion
time, the intensive phase regimen has given, modification
of intensive phase, LPA-Rif, and DST-Rif are the factors that
were associated with the time when a patient would have
their conversion.

Conclusions

In conclusion, we had a generalized system to manage DR-
TB cases where patients were monitored. Still, we seemed an
auto-piloted EMR system most of the basic requirements to
diagnose DR-TB was not being timely documented, resulting
in information gaps for proper following up patients; hence
a robust monitoring system should be in place to ensure
what is in the guidelines is being practiced plus diagnosis tool
and system failures addressed. The biggest challenge of DR-
TB of the reviewed data seems to be the failure of first-line
treatment medication, a loss to follow up, and new cases,
which meant that there are undetected drug-resistant TB In
the community in enormous proportions a significant risk to

the population. Lost to follow-up Cases were being reported
in large numbers signifying that our models are not keen
on following up patients who they initiate on treatment
despite having a significant number being on a community
level where we have community health workers. The good
thing is that most patients enrolled were tested for HIV, and
medication was administered after diagnosis.
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