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Abstract

Analysis of Relationship between Participant Characteristics and Phenotypic Resistance to
Second-Line Anti-Tuberculosis Drugs in KwaZulu-Natal, South Africa

By Nicholas Ripper

Background: Resistance to second-line drugs used to drug-resistant tuberculosis (SLDR-
TB) is a public health threat in South Africa, both because of its severity and the difficulty
of successful treatment. Although studies have examined risk factors of second-line drug
resistance, most this work has been on older second-line regimens and little is known
about newer medications and regimens. We therefore examined risk factors for resistance
to second-line drugs (capreomycin, moxifloxacin or levofloxacin, linezolid, bedaquiline,
and clofazimine) in the province of KwaZulu-Natal, South Africa from 2018-2022, when
more current second-line regimens were being used.

Methods: Phenotypic drug-susceptibility testing (pDST) for each second-line drug was
performed on M. tuberculosis isolates from individuals with SLDR-TB in KwaZulu-Natal,
and participant characteristics were recorded for individuals within a subregion of the
province. We calculated unadjusted odds ratios for sex and age with resistance to each
drug for all study participants and unadjusted and adjusted odds ratios for sex, age, HIV
status, alcohol use, and income for individuals within the subregion using binary logistic
regression. We also assessed interaction between these variables and previous DR-TB
treatment.

Results: Among participants in the entire study population (n=580) and within the
subregion of interest (n=189), resistance varied across different second-line drugs. None
of the exposures of interest were associated with resistance to any second-line drugs, and
there was no significant interaction between previous treatment for DR-TB and the
exposures.

Discussion: While we could not identify an association between the risk factors of
interest with phenotypic resistance to second-line TB drugs, this may have been the result
of the parent study population or because most resistant TB in KwaZulu-Natal is
transmitted rather than acquired. Future studies could build on this work by examining
the association of risk factors with resistance to other second-line drugs and focusing on
differing effects between individuals with acquired and transmitted SLDR-TB.
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Chapter I: Background on Drug-Resistant Tuberculosis (DR-TB), Including Extensively

Drug-Resistant Tuberculosis (XDR-TB), Worldwide and in South Africa

Part I: Tuberculosis, Its Drug-Resistant Forms, and Its Global Public Health Importance

Tuberculosis (TB) is an infection and disease caused by bacteria belonging to the
Mycobacterium tuberculosis (Mtb) complex, which includes the mycobacterial species
Mycobacterium tuberculosis, M. bovis, and M. avis, among others (1). Individuals who are infected
with M. tuberculosis often do not experience symptoms or transmit the infection (i.e., latent TB
infection, or LTBI), while those who are symptomatic most commonly experience respiratory
disease. Extrapulmonary manifestations of disease, such as in the lymph nodes or nervous system,
also occur, but are less common (2; 3). The burden of disease attributable to TB on a global scale
is considerable: in 2021, there were 10.6 million new cases of TB worldwide and 1.6 million deaths
(an increase of about 300,000 deaths from the previous year) (3). In 2019, TB was the 13" most
common cause of death worldwide, and, before the emergence of COVID-19, was the leading
cause of death from a single infectious pathogen (3). TB is especially problematic in areas of high
prevalence of human immunodeficiency virus (HIV), given the elevated risk of active TB disease
among individuals living with HIV (3-5).

Treatment for TB is available, but regimens must include multiple drugs (also known as
combination therapy), as resistance to one specific drug could lead to the failure of a single-drug
regimen, a phenomenon that was first observed after attempts to treat TB with only streptomycin
in the 1940s (2; 6). Currently, the standard treatment for individuals with TB is a six-month course
of the drugs isoniazid and rifampicin, with two additional drugs, pyrazinamide and ethambutol,

taken during the first two months (2; 3; 7). As noted above, however, drug resistance can prevent



effective treatment of TB infection. Multidrug-resistant tuberculosis (MDR-TB), defined as
resistance to isoniazid and rifampicin, requires treatment to shift away from first-line drugs
(isoniazid, rifampicin, pyrazinamide and ethambutol) to second-line drugs, such as
fluoroquinolones (e.g., levofloxacin), injectable drugs (e.g., capreomycin), bedaquiline, and
linezolid, among others (2-4; 8; 9). Globally, there were an estimated 450,000 new cases of MDR-
TB or rifampicin-resistant TB (RR-TB) in 2021 (3).

Individuals may also experience resistance to second-line drugs as well. Until 2021,
resistance to isoniazid, rifampicin, and at least one fluoroquinolone or one of the second-line
injectable drugs (i.e., amikacin, kanamycin, or capreomycin) was classified as pre-extensively
drug-resistant TB (pre-XDR-TB), while extensively drug-resistant TB (XDR-TB) was defined as
resistance to fluoroquinolones AND injectables as well as isoniazid and rifampicin (10; 11).
Although this study uses these definitions of pre-XDR-TB and XDR-TB, the WHO redefined both
terms in 2020 due to the increasing importance of regimens with other second-line drugs, like
bedaquiline, in treatment of drug-resistant TB (DR-TB) (8; 12-19). Under the new definitions, pre-
XDR-TB is defined as resistance to a fluoroquinolone (plus isoniazid and rifampicin), while XDR-
TB is now defined as resistance to at least one fluoroquinolone plus resistance to either bedaquiline
or linezolid (12; 13; 20). Over 25,000 cases of pre-XDR-TB or XDR-TB (using the new definition)
were reported in 2021 (3), but this is likely a considerable underestimate, given that many TB-
endemic countries lack the resources for routine second-line drug resistance testing.

Although the incidence of DR-TB comprises a small share of total TB cases, its importance
as a global public health issue cannot be overstated. While estimated detection of DR-TB has
increased in recent years, improvement is still necessary; worldwide, only 71% of individuals with

bacteriologically confirmed TB were tested for rifampicin resistance in 2021 (3). DR-TB,



especially pre-XDR-TB and XDR-TB, is difficult to treat, particularly for vulnerable populations,
such as those with less social support (3; 11; 21). As we describe below, it was especially difficult
to treat DR-TB with older regimens, which needed to be administered over longer periods of time
(18-24 months), could cause severe side effects (e.g., kidney toxicity), and were less effective (14).
Even though newer, safer, and more effective regimens have been developed, there are still
disparities in treatment success between individuals with DS-TB, MDR-TB, and SLDR-TB (8; 15;
17-19). In 2021, while 86% of individuals with drug-susceptible TB (DS-TB) achieved a
successful treatment outcome, only 60% of individuals treated for MDR-TB, pre-XDR-TB, and
XDR-TB experienced treatment success (3).

Moreover, previous studies have identified greater difficulties in treatment of pre-XDR-
TB and XDR-TB compared to MDR-TB (not just DS-TB): one study of individuals with DR-TB
(n=1407) in South Korea from 2000-2002 found that survival was worse for individuals with
XDR-TB (mean survival = 61.7-72.2 months) than for individuals with MDR-TB (mean survival
= 89.2 months), and treatment success for individuals with pre-XDR-TB and resistance to
ofloxacin (a fluoroquinolone) (35.8%) was lower than for MDR-TB (47.6%) (22). Another study
conducted from 2005-2007 in the province of KwaZulu-Natal, South Africa likewise found a lower
median survival time for individuals with XDR-TB (n=382, 28.5 days) than for individuals with
MDR-TB (n=272, 60 days) (23). More recently, treatment success in South Africa in 2021 was
less common for patients with XDR-TB (57%) than for those with MDR-TB (66%) (24), and a
similar distribution of successful treatment outcomes appeared for individuals being treated with
pre-XDR or XDR-TB (54%) and MDR-TB (60%) globally (25). Finally, longer hospitalization
was reported for individuals with XDR-TB (n=7, mean=202 days) than for individuals with MDR-

TB (n=177, mean=123 days) in Germany (26). Given the clinical difficulties and general well-



being that are at stake for individuals with DR-TB, especially pre-XDR-TB and XDR-TB,
characterizing resistance to specific second-line drugs and investigating their potential

determinants and risk factors is critical.

Part I1: Genetic Mechanisms of Second-Line Drug Resistance

As noted above, a variety of first- and second-line drugs are used to treat TB (2). These
drugs target specific cellular processes to kill or weaken the bacteria, such as development of the
cell wall (isoniazid), DNA supercoiling (fluoroquinolones), transcription (rifampicin), protein
synthesis (second-line injectable drugs, linezolid), development of ATP (bedaquiline) and the
electron transport chain (clofazimine) (2; 27-31). Resistance of Mycobacterium tuberculosis to
specific drugs is caused by changes to genes in the bacteria that code for these cellular processes
(2; 32). Mutations in the katG and inhA genes, for example, confer resistance to isoniazid, and
mutations in the rpoB gene are associated with rifampicin resistance (2; 5; 33). Resistance to
fluoroquinolones like moxifloxacin and levofloxacin is linked to mutations in the gyr4 and gyrB
genes, and mutations in the 77s gene have been tied to resistance to second-line injectable drugs,
like capreomycin (2; 5; 34). Resistance to linezolid, which disrupts protein synthesis, is associated
with mutations in the 7p/C gene (31; 35). Finally, resistance to bedaquiline is associated with the
mutations of the Rv0678, atpE, and pepQ genes. Mutations in Rv0678 and pepQ upregulate efflux
pumps which can expedite the removal of bedaquiline from the cell; certain mutations in each of

these are also associated with clofazmine resistance (2; 29; 33; 36-39).

Part I11: Risk Factors for Second-Line Drug Resistance



Previous studies with a variety of study settings, population sizes, and designs have sought
to determine the risk factors associated with phenotypic resistance to specific second-line drugs,
but the risk factors examined and the direction and significance of their association with resistance
have generally been inconsistent or conflicting. Here, we describe some of the significant risk
factors that have been previously identified by the literature. One study of individuals seeking
treatment for TB at a single hospital in Beijing (n=3546) found significant associations between
several risk factors, including previous exposure to fluoroquinolones, a diagnosis of COPD, and
having been previously treated for TB, with resistance to ofloxacin (the prevalence of which was
8.6%) (40). In the PETTS study, another cohort study of individuals with MDR-TB across eight
countries (including in Eastern Europe, East Asia, and South Africa) from 2005-2008, nearly 44%
of participants were resistant to at least one second-line drug (41). Previous treatment for MDR-
TB and receiving inpatient care were both significantly associated with resistance to
fluoroquinolones (ciprofloxacin and ofloxacin) and second-line injectable drugs (capreomycin and
amikacin), while unemployment, use of alcohol, and use of tobacco were associated with
resistance to second-line injectable drugs (41).

Similarly, in a study conducted in South Africa from 2015 to 2019, resistance to
bedaquiline among individuals about to start treatment with the drug (n=2023) was found to be
associated with resistance to clofazimine (largely because of mutations in the Rv0678 gene) (38),
fluoroquinolones, and second-line injectable drugs (36). Positive HIV status, treatment with
second-line drugs, and age 25-44 years were associated with acquired second-line injectable drug
resistance in one study conducted in the United States from 1993-2008 (n=2274) (42), and

treatment with other second-line drugs (e.g., moxifloxacin) were associated with acquired



resistance to capreomycin or ofloxacin in one study in Russia conducted between 2005 and 2008
(n=117) (43).

Other studies also considered potential risk factors for XDR-TB more broadly. First,
medical status and history, especially in relation to TB, was identified as important in studies
conducted across multiple geographic sites and time periods. Previous infection with TB was
significantly associated with XDR-TB compared to MDR-TB in studies conducted in Taiwan from
2000-2006 (n=2625) (44; 45) and DS-TB in the United States from 1993-2007 (n=183,536) (46).
Similarly, previous treatment with second-line injectable drugs was significantly associated with
XDR-TB (compared to MDR-TB) in Russia (n=608) (47), Peru from 1997-2007 (n=1989) (48),
and the multicountry PETTS study (41), and a history of previous TB treatment was significantly
associated with XDR-TB compared to DS-TB in Pakistan from 2014-2019 (n=580) (49) and with
MDR- or XDR-TB compared to DS-TB in Lithuania, Latvia, and Estonia from 2009-2012
(n=1041) (50) and in Japan in 2002 (n=2837) (51). Another important indicator of health, HIV
status, was positively associated with XDR-TB compared to MDR-TB in the U.S. (46), Japan (51),
and Portugal (1999-2007, n=132) (52), although a study in China did not find such an association
(53).

Key socioeconomic and demographic characteristics are also important. In the eThekwini
district of KwaZulu-Natal, South Africa (n=132), lower income was associated with XDR-TB, and
geographic areas with likely high levels of XDR-TB transmission tended to have higher levels of
unemployment (54). Alcohol use was significantly associated with acquired XDR-TB or MDR-
TB in the Baltic states, and with XDR-TB alone in Estonia from 2003-2005 (n=1163) (50; 55),
although not in Delhi from 2007-2010 (n=611) (56). Other studies in the U.S., the Baltic States,

Pakistan, and Japan found an association between younger age and XDR-TB (46; 49-51; 57).



Interestingly, the relationship between sex and XDR-TB is inconsistent throughout the literature.
While one study in South Korea (n=250) and the multi-country PETTS study found that XDR-TB
was significantly associated with female sex (41; 58), a study in Iran (n=146) (59) and in the Baltic
States (50) actually found a significant association with male sex, and other studies in the U.S.,

Japan, and Russia (n=75) found no significant association with sex at all (46; 51; 60).

Part IV: Diagnosis of Second-Line Drug Resistance

In the laboratory, drug resistance can be identified in several ways. Genotypic testing can
identify the presence of specific genetic mutations conferring resistance to first- and second-line
drugs, like the mutations described above (32; 61). For instance, the Genotype MTBDRs/ test can
identify mutations in the gyr4 and gyrB genes (conferring fluoroquinolone resistance) and r7s and
eis genes (conferring resistance to the injectable drugs) (61). Similarly, the GeneXpert MTB/RIF
assay can identify rifampicin resistance by detecting mutations associated with rifampicin
resistance in the 7poB gene (62). Other methods assess phenotypic resistance to specific drugs by
examining the effect of drugs on bacterial growth in vitro in different media, such as agar and in
liquid culture (via mycobacterial growth incubator tubes, or MGIT), which are collectively known
as phenotypic drug susceptibility testing, or pDST (32). Identifying resistance to any first- and

second-line drugs allows clinicians to create an effective regimen for an individual with DR-TB

(61).

Part V: Treatment of DR-TB
The specific regimens used to treat various forms of DR-TB have changed over time.

Previously, treatment options for DR-TB, especially XDR-TB, were incredibly lengthy, typically



lasting over eighteen months (2; 14). Successful treatment outcomes were less common, as well.
Because of the issues that these treatments presented, the safety and efficacy of newer regimens
and drugs have been a major focus of research. For instance, second-line injectable drugs were
once used for treating MDR-TB, but have since been removed from recommended regimens due
to their associated risk of adverse effects and poorer treatment outcomes (2; 8; 63). Drugs that
were either newly developed or repurposed for TB, such as bedaquiline, clofazimine, linezolid,
delamanid, and pretomanid, are now part of the most up-to-date and recommended regimens for
DR-TB (2; 8; 17; 18; 29; 33; 36; 64). These new regimens include a 9-11 month treatment
consisting of bedaquiline (which replaced second-line injectables), clofazimine, levofloxacin, and
linezolid for MDR-TB and RR-TB (first implemented in South Africa in 2018), the 6-9 month
BPaL (bedaquiline, pretomanid, and linezolid) regimen for MDR- and pre-XDR-TB, and the
BPalLM regimen (the previous regimen with the fluoroquinolone moxifloxacin) for MDR-TB (8;

9; 15; 17-19).

Part VI: Pre-XDR-TB and XDR-TB in the Context of South Africa

South Africa has among the highest burdens of TB worldwide; in 2021, there were 304,000
new cases of TB (nearly 54% of whom were HIV-positive), accounting for nearly three percent of
global incidence (3; 24). South Africa also has one of the highest burdens of DR-TB, with 7,106
reported cases of RR-TB and MDR-TB in 2021, 725 of whom had pre-XDR-TB and XDR-TB (3;
24; 65). In the face of this public health threat, South Africa has had a vigorous response. In 1994,
the National TB Programme (NTP) was founded, which contributed to an expansion of activities

to address TB by the government and related partners, including formal declarations of a public



health crisis and the expansion and improvement of clinics, diagnostic services, and data
management related to care of individuals experiencing disease from TB (4).

South Africa’s strong response to TB applies to its drug resistant forms, as well. Clinics
dedicated to MDR-TB began appearing as early as 2001 (4). During the first three years of its use
of the diagnostic test (2011-2013), South Africa accounted for a majority of global use of the
GeneXpert MTB/RIF assay (4). Moreover, the country aggressively implemented the treatment of
DR-TB (including MDR-TB) with bedaquiline in the 2010s, and eligibility for treatment with the
9-11 month regimen that replaced injectable drugs with bedaquiline expanded to include
individuals with RR-TB in June 2018 (8; 16). This regimen would later be recommended by the
WHO in 2019 (8). Ultimately, a majority of the individuals treated with bedaquiline worldwide
are in South Africa (8; 29; 36) and many recent clinical trials that tested the safety or efficacy of
shorter second-line regimens against DR-TB have had study sites in South Africa (15; 17-19).

DR-TB, especially SLDR-TB, has played a key role in the history of the TB epidemic in
South Africa. In fact, one of the earliest descriptions of XDR-TB was from a rural area of
KwaZulu-Natal in 2006 (7), although mutations conferring resistance to second-line drugs (gyr4
and rrs) for the most common strain causing XDR-TB likely appeared before this outbreak, in the
early 1990s (5). Other studies subsequently examined the extent of second-line drug-resistance in
South Africa, with one research team finding that about 6% and 14% of MDR-TB isolates sent to
a national lab in Johannesburg, South Africa from 2005 to 2007 were XDR-TB and pre-XDR-TB,
respectively, although this study did exclude KwaZulu-Natal and the province of Mpumalanga
from the analysis (66).

Investigations into the initial outbreak of XDR-TB in KwaZulu-Natal showed that a

considerable proportion of individuals did not previously have TB and were receiving care at the
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same hospital. This suggested that drug-resistant bacteria could be transmitted, rather than
acquired, for many of the participants (7). Subsequent research found that a considerable
proportion of individuals with XDR-TB in the province had Mtb isolates which were highly
genetically related to other individuals with XDR-TB, indicating that transmission, rather than
acquisition, has been the predominant driver of XDR-TB in KwaZulu-Natal (67; 68). Individuals
with XDR-TB often traveled long distances (often to different districts, the geographical
subdivisions of KwaZulu-Natal) to receive care (69), and the majority (84%) of so-called
“genomic links” between individuals suggesting transmission occurred between districts,
especially with the district of eThekwini, where the major city of Durban is located (70). These
findings suggest that, in KwaZulu-Natal, XDR-TB is primarily transmitted, not acquired, and that
transmission likely occurs in the community outside of more intimate social networks (“casual
networks”) and in the context of migration from the more rural districts of KwaZulu-Natal to the

more heavily urbanized district of eThekwini (67-71).

Part VII: Gaps in the Literature and Study Aims

Understanding previous research on the epidemic of SLDR-TB in KwaZulu-Natal can lay
the groundwork and guide assumptions for future studies of individuals with SLDR-TB in the
province. Our study examines recent trends in phenotypic resistance to second-line drugs and
associated risk factors among individuals with SLDR-TB in KwaZulu-Natal. While this has been
done in previous studies (40; 42; 43), some of which were conducted in South Africa (36; 41; 72),
most of those studies did not examine resistance to newer second-line drugs that are now
recommended in current guidelines for treating DR-TB. For instance, previous studies have

focused on older fluoroquinolones, such as ciprofloxacin and ofloxacin, but not on the newer
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fluoroquinolones being used in therapies recommended by the WHO, like the six-month BPaLM
regimen containing moxifloxacin and the nine-month regimen for RR-TB containing levofloxacin
(8;9; 19; 40-43). Resistance to other drugs being used in these regimens, like linezolid, similarly
is not considered in these studies (8; 9; 17; 18; 40-43). Even those studies that do examine risk
factors for resistance to newer drugs like bedaquiline and linezolid have limitations. For instance,
a study examining risk factors for bedaquiline in South Africa was conducted from 2015-2019,
when bedaquiline was still in use in the country but mainly before its widespread rollout in 2018
to most individuals with RR-TB (not just MDR-TB and SLDR-TB) (8; 36). Another study on
phenotypic resistance to linezolid in South Africa not only had a small sample size (n=39), but
also used data that had been collected in an earlier period (2010-2017) when the context of
linezolid resistance in the country may have been different (72). Thus, a study examining risk
factors for resistance to drugs currently being used to treat DR-TB in South Africa in a population
for whom M. tuberculosis isolates have been more recently collected can provide an improved
understanding of second-line drug resistance that is potentially more relevant to the current context

in South Africa.
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Chapter II: Analysis of Relationship between Participant Characteristics and Phenotypic

Resistance to Second-Line Anti-Tuberculosis Drugs in KwaZulu-Natal, South Africa

Introduction

Tuberculosis (TB), a primarily respiratory disease caused by the bacterium Mycobacterium
tuberculosis, is a global public health threat. Among infectious diseases, it is one of the largest
contributors to the global burden of disease, with an estimated 10.6 million incident cases and 1.6
million deaths having occurred worldwide in 2021, an increase from previous years (3). Efforts to
address this threat are complicated by numerous barriers, including drug-resistance, which come
in several forms. Multidrug-resistant TB (MDR-TB) involves resistance to the first-line drugs
isoniazid and rifampicin, and there were an estimated 450,000 cases globally in 2021 (3). Second
line drug-resistant TB (SLDR-TB) involves resistance to the second-line drugs that are used to
treat DR-TB. It includes extensively drug-resistant TB (XDR-TB), which was defined as resistance
to at least one drug from both the fluoroquinolone and second-line injectable classes before 2020
but has since been redefined as resistance to at least one fluoroquinolone and either bedaquiline or
linezolid, and pre-XDR-TB, or resistance to either a fluoroquinolone or bedaquiline or linezolid
(10; 12; 13). SLDR-TB is an especially concerning type of TB. In 2021, 25,038 cases of XDR-TB
or pre-XDR-TB were reported globally (3), and despite the recent rollout of more effective
treatments of DR-TB (8; 9; 14; 17; 18), successful treatment outcomes for individuals with SLDR-
TB are less common compared to individuals with drug-sensitive TB (DS-TB) or MDR-TB (3;
22-25).

SLDR-TB may develop after starting anti-tuberculosis treatment (acquisition), or via

transmission of resistant strains (43); accordingly, possible risk factors for SLDR-TB exist within
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these mechanisms, especially acquisition. There is a large body of research that has specifically
examined the associations of numerous physiological, behavioral, and socioeconomic
characteristics with SLDR-TB. However, the literature addressing this issue differs in the outcome
of interest (which may be a diagnosis of XDR-TB or pre-XDR-TB or resistance to specific second-
line drugs), the risk factors that are examined, and the study period, geographic location, and
population (36; 40-43; 46; 49-52; 54; 55; 57; 58; 72). Moreover, the direction of the association
of these risk factors with these outcomes related to SLDR-TB, and their significance, was often
discrepant across studies.

Some of these studies were fully or partially conducted in South Africa (36; 41; 72), a
country with 304,000 incident cases of TB in 2021 (24), and one of the highest case counts of
XDR-TB worldwide (65). Treatment for DR-TB in South Africa, however, has undergone many
major changes just in the past 10 years, and many studies were either conducted entirely or partially
before the introduction or more widespread use of newer regimens for DR-TB, such as the rollout
of bedaquiline for all people with RR-TB starting in 2018 (8; 41). Not only did one study focus on
risk factors to older second-line drugs not currently prioritized for use (41), but even studies that
did focus on more current second-line drugs, such as bedaquiline or linezolid, may not have
captured the effects of the major changes in DR-TB treatment in South Africa in the past several
years (36; 72). For that reason, this study seeks to examine the association of certain risk factors
with phenotypic resistance to second-line drugs among individuals in the province of KwaZulu-
Natal, South Africa, over the more recent study period 2018-2022. Although the incidence of
SLDR-TB is dominated by transmission in KwaZulu-Natal (67-71), and we hypothesize that these

risk factors may be related to second-line drug resistance through acquisition, quantifying these
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associations for all individuals with SLDR-TB is still important, as doing so provides a more

complete picture of the determinants to second-line resistance in KwaZulu-Natal.

Methods
Data Source

Parent Study Population and Data Collection

The Role of Casual Contact and Migration in XDR Transmission in South Africa: A
Geospatial, Genomic, and Social Network Study (CONTEXT) was conducted between 2019-2023
and aims to characterize the role of casual contact in the transmission of SLDR-TB in KwaZulu-
Natal, South Africa. We screened all consecutive Mtb isolates undergoing either second-line line
probe testing or phenotypic drug susceptibility testing (pDST) at Inkosi Albert Luthuli Central
Hospital (IALCH), in Durban, KwaZulu-Natal. Patients whose isolates were resistant to either
second-line injectable drugs, fluoroquinolones, or both were eligible for inclusion in the
CONTEXT study. Isolates were collected from 2018-2022, and multiple isolates could be
associated with one participant. Date of birth and sex were abstracted from the lab report for the
first (“diagnostic”) isolate screened for a participant. Routine pDST was performed at IALCH
and/or the National Institute for Communicable Diseases in Johannesburg on cultured M.
tuberculosis 1solates using agar-based methods or the mycobacterial growth indicator tube (MGIT;
Becton Dickinson) system for isoniazid, rifampicin, capreomycin, low- and high-level
moxifloxacin, levofloxacin, linezolid, bedaquiline, and clofazimine, although results were not
available for all drugs for each participant. Abstraction of pDST results and each isolate’s date of
collection was prioritized for isolates with whole genome sequencing complete (WGS), or the

diagnostic isolate if WGS was not completed.
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Participants who lived in one of four districts of KwaZulu-Natal (eThekwini, Ugu,
uMgungundlovu, and iLembe) were contacted by study staff and consented to an interview in
which they provided information on demographic and medical characteristics. This group of
participants, the “eThekwini cohort,” is a subset of the entire “provincial population” that was
screened at IALCH. Any participant from this cohort who did not know their HIV status or who
had tested negative more than three months before the interview was offered HIV testing. All data
for the provincial population and eThekwini cohort were collected via case report forms and stored

in a REDCap database via double data entry.

Variables of Interest

The outcome of interest in this analysis was phenotypic resistance or susceptibility to
capreomycin, any fluoroquinolone (moxifloxacin or levofloxacin), bedaquiline, clofazimine, and
linezolid, where participants with resistant results were classified as the index group. Sex, age,
HIV status, frequency of alcohol consumption, and monthly household income per capita were the
exposures of interest. We selected these exposures to examine if their associations with phenotypic
resistance existed in the current context of SLDR-TB in KwaZulu-Natal, and because the literature
identified potential pathways from these exposures to second-line drug resistance, which we
hypothesized existed via acquisition of SLDR-TB. Discrepant associations were sometimes
identified in the literature between the exposure, such as HIV and sex, and resistance, suggesting
that these variables’ relationship with second-line drug resistance was not definitive. We also
included unemployment status, marital status, highest level of education received, and former

incarceration in the previous twelve months as confounders between at least one exposure and the
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outcome. We also included previous DR-TB treatment to be part of an interaction term with each
exposure, as described below.

Because the parent study is cross-sectional, and the interview process for the eThekwini
cohort occurred after collection of the sputum sample(s) for culture and pDST, we made
assumptions to justify using certain variables as potential exposures or confounders for drug
resistance. Participants were asked about their employment status within the past two years, which
was assumed to be long enough to extend before the collection of the isolate with pDST. We
assumed that education (73), marital status, HIV status, and alcohol consumption patterns were
static over time, and that reporting incarceration within the past twelve months would not exclude
individuals who had been incarcerated shortly before this cutoff or include individuals incarcerated
after date of collection. Finally, income can fluctuate over time (73), so we categorized this
variable, as participants may be less likely to experience fluctuations large enough to place one’s

income during the interview in a different category than when the isolate with pDST was collected.

Data Cleaning

All data cleaning and analysis was conducted in RStudio (version 2022.12.0, build 353).
We extracted two datasets from the CONTEXT dataset that correspond to participants with any
pDST results in the provincial population and eThekwini cohort, respectively. Individuals who did
not consent, withdrew, were lost to follow-up from the cohort, or were found not to meet eligibility
criteria were excluded. If data entry was incomplete for a participant, they were also excluded.

If a participant was interviewed, we used the date of birth they reported in their interview
if this date was discordant with the date of birth listed in their lab report. Age was defined as the

difference between the date of collection of the isolate with pDST results from the participant’s
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date of birth and was categorized into the following groups: 0-19, 20-34, 35-54, and 55 or more
years.

We dichotomized monthly household income divided by the number of individuals that
income supported using South Africa’s per-capita monthly food poverty line in 2022
(R663/month)(74). We synthesized interview questions on whether a participant ever started TB
treatment, if and when a participant started MDR-TB treatment, and if the participant had
previously received treatment for XDR-TB or SLDR-TB to create a variable indicating previous
treatment for DR-TB. Education was categorized as “Primary School or Less,” “Secondary School
(No Matric),” or “Matric or Higher.” Alcohol consumption was categorized as “Never,” “4 or Less
Times per Month,” and “More than Once per Week.” Finally, for marital status, the “Single” and
“Widowed” strata were combined, in addition to a “Married” category. Any strata including

participants who did not know or were unable to answer were categorized as “Don’t know.”

Statistical Analysis

For both the provincial population and the eThekwini cohort, we calculated summary
statistics of pDST results and demographic and medical characteristics for participants with at least
one pDST result. We calculated unadjusted odds ratios for each exposure and for resistance to each
second-line drug using binary logistic regression, although odds ratios could only be estimated for
age and sex in the provincial population.

We assessed each of our models for evidence of collinearity and removed covariates as
needed. We then assessed whether the exposures interacted with previous treatment for DR-TB if
the interaction term was not removed during the collinearity assessment. We included this

interaction term because we hypothesized that the pathway of each exposure to the outcome was
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via acquisition of resistance. Because acquisition of resistance can occur during previous treatment
for DR-TB (42; 43; 75), we predicted that the association of the main exposures and second-line
drug resistance would differ for those who were previously treated for DR-TB and those who were
not. In other words, because the pathway from the exposure to resistance through acquisition may
not exist for individuals who were never treated for DR-TB, previous treatment could modify the
association between each exposure and phenotypic second-line drug resistance.

For each model with an interaction term, we used the Likelihood Ratio Test and an alpha
level of a = 0.05 to assess whether inclusion of the interaction term was statistically significant.
The interaction term was included in the final model if statistically significant. When the
interaction assessment was completed, we calculated adjusted odds ratios for each model and
identified p-values using the likelihood ratio test, with an alpha level of a = 0.05 indicating

statistical significance.

Ethical considerations

The CONTEXT study was approved by the institutional review boards (IRBs) of all
institutions involved in the study, including Emory University and the University of KwaZulu-
Natal. All participants who were interviewed in the eThekwini cohort provided full written
informed consent to participate in the study. Consent was waived for members of the provincial
population as data collection was restricted to accessing previously collected records and did not

involve contact with the participants themselves.
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Results
Characteristics of Provincial Population and eThekwini Cohort

A total of 654 participants had confirmed second-line drug resistance and were enrolled
into the provincial population. Among these participants, 580 had at least one pDST result
available and were included in the current analysis. The mean age of the study participants was
35.5 years (SD=12.7) and a majority (309/580, 53.3%) were male (Table 1a; Figure Sla). The
distribution of pDST results for the provincial population are shown in Figure 1a. pDST results
were most frequently available for bedaquiline (n=402) and were the least available for
capreomycin (n=76). Among those with available phenotypic resistance test results, 60/76 were
resistant to capreomycin (78.9%), 163/296 were resistant to any fluoroquinolone (55.1%), 54/402
were resistant to bedaquiline (13.4%), 50/346 were resistant to clofazimine (13.0%), and 5/389
were resistant to linezolid (1.3%). Most participants with pDST results for both bedaquiline and
clofazimine had concordant results for both drugs (n=336, 98.8%); all four individuals with
discordant results were resistant to bedaquiline and susceptible to clofazimine.

Among the 654 participants in the provincial population, 316 participants were in one of
four subdistricts of KwaZulu-Natal covered by the eThekwini cohort. Among these participants,
257 participants were successfully contacted, met eligibility requirements, and consented to the
study, of whom 234 participants had complete interview and HIV test records. Of these 234
participants in the eThekwini cohort, 189 (81%) had at least one pDST result; the distribution of
pDST results is shown in Figure 1b. Approximately half of these participants were male (n=99,
52.4%) and the mean age was 36.7 years (SD=10.9) (Table 1b, Figure S1b). Ninety-eight
participants (51.9%) did not initiate any treatment for MDR-TB or SLDR-TB before the collection

of the isolate with pDST results. Most participants reported that they had a positive HIV test
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(n=139, 73.5%). When asked about alcohol use, 122 participants (64.6%) reported that they never
drank alcoholic beverages (Table 1b). The median monthly household income per capita was R400
(IQR: R250, R667), and its distribution was skewed to the right (Table 1b; Figures S2a-b).
Among participants in the eThekwini cohort, pDST results were most frequently available
for bedaquiline (n=157), while capreomycin (n=12) was the least frequently tested. All participants
whose isolates underwent pDST for capreomycin were resistant (n=12, 100%), 39/80 participants
were resistant to any fluoroquinolone (48.8%), 25/157 participants were resistant to bedaquiline
(15.9%), 20/141 participants were resistant to clofazimine (14.2%), and 3/138 participants were
resistant to linezolid (2.2%) (Table 1d). Discordant results for bedaquiline and clofazimine among

individuals with results for both drugs (n=139) were rare (n=2, 1.4%).

Unadjusted Analyses

Unadjusted odds ratios were calculated for each exposure (sex, age, alcohol consumption,
income, and HIV status) and phenotypic resistance to capreomycin, fluoroquinolones, linezolid,
bedaquiline, and clofazimine. Because age and sex were available for the provincial population
and eThekwini cohort, unadjusted odds ratios were calculated for both groups, while odds ratios
for alcohol consumption, income, and HIV status could only be calculated for the eThekwini
cohort. No unadjusted or adjusted analysis was completed for capreomycin in the eThekwini
cohort, as none of the individuals in this group had isolates which were susceptible.

Tables 2a and 2b display all odds ratios and 95% confidence intervals (provincial
population [PP] and eThekwini cohort [EC]). We found no significant association between female
sex and resistance to any second-line drugs, including capreomycin (ORpp=0.64, 95% CI: 0.21,

1.99), fluoroquinolones (ORpp = 1.33, 95% CI: 0.84, 2.11; ORec = 1.0, 95% CI: 0.41, 2.40),
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linezolid (ORpp=1.74, 95% CI: 0.29, 10.51; OREgc=0.53, 95% CI: 0.46, 51.87), bedaquiline (ORpp
= 1.1, 95% CI: 0.62, 1.96; ORgc = 0.95, 95% CI: 0.40, 2.24), and clofazimine (ORpp = 1.22, 95%
CI: 0.65, 2.28; ORgc = 1.2, 95% CI: 0.47, 3.09). When odds ratios could be calculated and there
were no strata of age that only included resistant or susceptible individuals, individuals aged 0-19
did not have significantly different odds of resistance to capreomycin, fluoroquinolones, linezolid,
bedaquiline, or clofazimine compared to individuals aged 20-34 years, 35-54 years, and 55 or more
years, for the provincial population or the eThekwini cohort.

Among individuals above South Africa’s per-capita monthly food poverty line in 2022
(R663), the odds of resistance to fluoroquinolones (ORgc =2.46, 95% CI: 0.84, 7.20), linezolid
(ORgc=5.7, 95% CI: 0.50, 64.90), bedaquiline (ORgc=1.17, 95% CI: 0.44, 3.06), and clofazimine
(ORgc=10.92, 95% CI: 0.31, 2.76) were not significantly different from the odds of resistance to
these drugs for individuals below the poverty line. When comparing individuals with and without
HIV, we found no significant difference in the odds of having resistance to fluoroquinolones
(OR=1.10, 95% CI: 0.39, 3.06), linezolid (OR=0.59, 95% CI: 0.05, 6.69), bedaquiline (OR=2.36,
95% CI: 0.66, 8.43), and clofazimine (OR=3.10, 95% CI: 0.68, 14.2). Compared to participants
who never drank alcohol, participants who drank four or less times a month and more than once a
week did not have significantly different odds of resistance to any of the four drugs under

consideration.

Adjusted Analyses
We then analyzed these associations adjusted for potential confounders. Before calculating
adjusted odds ratios, we conducted a collinearity assessment for each adjusted model, which

required collinear covariates, including the interaction term with previous DR-TB treatment in



22

some cases, to be removed. After removal of these covariates, we conducted collinearity
assessments and removed variables with severe collinearity until there were no collinearity issues
present. At the conclusion of this process, all models besides the model assessing the association
between age and resistance to linezolid had no serious collinearity issues. For this exception, the
only variable with collinearity issues was the main exposure, age; given that it would be
inappropriate to drop the main exposure, no changes were made to the model.

Next, we performed an interaction assessment if the interaction term was not removed
during the collinearity assessment. The inclusion of an interaction term between previous treatment
for DR-TB and any of the exposures was not statistically significant for any second-line drugs. We
therefore dropped the interaction term from all final adjusted models.

Results of adjusted analyses based on these final models for the eThekwini cohort are
shown in Tables 3a-3d. The odds of resistance among female participants compared to male
participants were not significant for fluoroquinolones (OR=1.04, 95% CI: 0.43, 2.53), linezolid
(OR=0.53, 95% CI: 0.05, 6.13), bedaquiline (OR=0.39; 95% CI: 0.07, 2.14) and clofazimine
(OR=1.25, 95% CI: 0.46, 3.38). We found no significant difference in the odds of resistance for
participants above and below the monthly food poverty line for all four drugs (fluoroquinolones:
OR=2.85, [95% CI: 0.74, 10.92]; linezolid: OR=5.45 [95% CI: 0.48, 62.50]; bedaquiline: OR=1.0
[95% CI: 0.34, 2.97]; clofazimine: OR=0.58 [95% CI: 0.15, 2.23]). The odds of resistance for
participants with HIV were also not significantly different compared to those without HIV
(fluoroquinolones: OR=0.93 [95% CI: 0.25, 3.48]; linezolid: OR=0.89 [95% CI: 0.07, 11.69];
bedaquiline: OR=3.32 [95% CI: 0.79, 13.95]; clofazimine: OR=4.24 [95% CI: 0.75, 23.93])

Finally, we did not observe a significant association between alcohol use and resistance to the four
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drugs under consideration, nor did we find any significant association between age and second-

line drug resistance.

Discussion

In this study, we attempted to quantify the association of sex, age, HIV status, alcohol use,
and income with phenotypic resistance to capreomycin, fluoroquinolones, linezolid, bedaquiline,
and clofazimine in KwaZulu-Natal, South Africa. This question is important to answer, as other
studies have not examined the risk factors for second-line drug resistance since the recent
implementation of major changes to the second-line regimens used to treat DR-TB in South Africa
(8; 16). However, we did not find any significant association between our exposures of interest
and second-line drug resistance. These findings were surprising. Because these exposures of
interest have been identified by previous studies as possible risk factors for unsuccessful outcomes
of treatment for DR-TB (76-84), which, itself, can lead to acquisition of second-line resistance
(50), we had hypothesized that these risk factors would have an effect on the occurrence of
resistance among study participants through acquisition.

We acknowledge that, despite our hypothesis these exposures may be related to second-
line resistance through acquisition, the incidence of SLDR-TB in KwaZulu-Natal is mainly driven
by transmission, not acquisition (67-71). We therefore recognize that we may not have observed
significant associations in this study because of the important role that transmission plays for
SLDR-TB in KwaZulu-Natal. Nevertheless, we justify examining the associations of interest for
all participants with SLDR-TB instead of just those who may have acquired resistance for multiple
reasons. First, although self-reported previous treatment for DR-TB was available, an individual

having undergone treatment for DR-TB in the past does not necessarily indicate whether their
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episode of SLDR-TB at the time of the study is a result of acquisition, rather than transmission.
Second, while we hypothesized that acquisition was the pathway between the exposures of interest
and second-line resistance based on what was available from the literature, we could not
definitively assume that these variables are not associated with SLDR-TB via transmission. In fact,
if we had excluded participants whose SLDR-TB is due to transmission, any question about the
overall association between these risk factors and resistance to second-line drug resistance in
KwaZulu-Natal would have been left partially unanswered.

The literature on risk factors for SLDR-TB or for phenotypic resistance to specific second-
line drugs varies considerably. Risk factors (e.g., alcohol use) and outcomes of interest (e.g., XDR-
TB, or resistance to a specific second-line drug) differed across studies. Moreover, the associations
identified within the literature are inconsistent. Like our analysis, some studies were unable to find
an association between several exposures (e.g., sex, age, HIV status, and alcohol use), with second-
line drug resistance (36; 41; 56; 72). However, other studies did identify a significant association
between these variables and second-line drug resistance (41; 42; 46; 49-52; 55; 57; 58). Finally,
although some studies were conducted in South Africa (36; 41; 72), others were conducted
elsewhere, including in the United States (42; 46; 57), Eastern Europe (50; 55), and Pakistan (49).

There are several possible explanations for the discordance between findings in the
literature and our study. First, many of these studies were conducted in an earlier time period than
our study or they focused on resistance to second-line drugs that are not routinely used in treatment
of DR-TB. For instance, several studies examined resistance to the fluoroquinolones ciprofloxacin
and ofloxacin rather than the currently recommended moxifloxacin and levofloxacin, which were
examined in this study (40-42; 85). Within South Africa and globally, there have been major

changes in treatment regimens for DR-TB (8; 14; 16). These newer treatments are generally
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provided for a shorter period of time, are safer, and are more successful than older regimens (14;
15;17; 18; 85). The effect of risk factors that may be related to acquisition of second-line resistance
because of unfavorable DR-TB treatment outcomes may be weaker in settings like this study where
newer regimens with better outcomes are in greater use. Second, most studies that observed
significant associations had larger sample sizes, with exceptions (52; 54), and were possibly better
powered. Third, our study was unique in that the entire study population had an SLDR-TB
diagnosis, while other studies compared individuals with second-line resistance to individuals with
MDR-TB or drug-sensitive TB (DS-TB) (41; 42; 46; 49-52; 55; 57; 58).If certain risk factors are
related to second-line drug resistance, then individuals with any second-line resistance may share
more similar characteristics with one another than with other groups, such as individuals who have
DS-TB, which could result in clearer contrasts between these different comparison groups. Finally,
our methodology differed from other studies, some of which only identified risk factors using
unadjusted analyses (41; 46; 51; 54; 57). Other studies adjusted estimates on covariates that were
included in the model on the basis of p-value thresholds from the unadjusted analyses (42; 58),
even though this strategy alone may potentially introduce bias (86-88), and only one study included
confounders on an a priori basis as we did (42). These differences in methodology may also
account for our discordant results.

This study has several limitations. First, sample size was limited because pDST was not
done for every drug and for every participant, as testing priorities may have changed over time
(89), and many variables were only available for the smaller eThekwini cohort. Second, the nature
of the available data may have also impacted our results. We hypothesized that heavy alcohol
consumption would be associated with second-line drug resistance (50; 55), but only 7.4% of the

study population consumed alcohol more than once a week (Table 1b). Although we predicted that
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low income would be associated with resistance, and income was dichotomized by a meaningful
socioeconomic threshold (the food poverty line), this contrast in income status may not have been
sensitive enough to detect an association. Additionally, certain strata of our exposures and
outcomes, like resistance to linezolid, were uncommon, which may have contributed to very high
standard error in certain analyses or prevented us from quantifying certain associations. Third,
bias, such as confounding not predicted by our DAG, differential selection of participants by
exposure and availability of pDST results, issues of recall, and misclassification due to social
desirability bias surrounding potentially sensitive information (90; 91) may have affected our
adjusted associations.

Another important limitation concerns the study data’s cross-sectional nature. We made
assumptions to use certain variables as exposures or confounders when their temporality with
respect to the outcome was uncertain. These assumptions were reasonable for relatively static
variables or where interview questions established that the exposure occurred before the outcome,
but were harder to make for variables without clear temporality or that fluctuate. We also used a
ranking method to prioritize removal of covariates when we found collinearity, which is admittedly
subjective but also avoids other discouraged techniques, including dropping terms that are not
significant from the model (88). In addition, we did not consider interactions between variables
besides the exposure and previous DR-TB treatment because this was not this study’s primary
interest and this ran the risk of collinearity issues (88). Finally, our findings may not be
generalizable beyond South Africa. Because South Africa has a high burden of DR-TB and SLDR-
TB compared to other countries (3; 24; 65; 92), and transmission plays an important role for
SLDR-TB in KwaZulu-Natal (67-71), it may be inappropriate to apply this study’s findings to a

low-burden setting or one where acquired resistance is more dominant.
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Identifying risk factors can guide interventions that seek to improve the well-being of
individuals who are disproportionately likely to be impacted by second-line drug resistance. The
exposures in this study did not have an association with resistance to second-line drugs,
particularly given our emphasis on the role of acquisition of resistance and the importance of
transmission for SLDR-TB in KwaZulu-Natal. Still, we have filled a gap in knowledge about the
association of second-line drug resistance with various participant characteristics in KwaZulu-
Natal following a change in guidance about recommended treatment of DR-TB. Future studies in
KwaZulu-Natal and elsewhere examining possible risk factors for second-line drug resistance
could explore resistance to other second-line drugs used in newer regimens (e.g., pretomanid),
stratify associations with risk factors among well-defined groups of individuals who have SLDR-
TB due to acquisition or transmission, and use analytic and study design strategies to reduce the

impact of bias and random error.
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Chapter I1I: Public Health Implications

In this study, we aimed to identify potential risk factors for resistance to second-line drugs
used to treat DR-TB. Examining the determinants of second-line drug resistance is important,
because such work can not only uncover associations with drug resistance that have not been
observed but can also inform interventions that specifically address the needs of at-risk groups
(46). This is especially important in the context of diseases with high mortality like DR-TB. After
all, despite the introduction of more effective regimens for DR-TB (8; 14; 17; 18), successful
treatment outcomes are still less common for individuals with XDR-TB than for individuals with
DS-TB in South Africa (24). Moreover, the treatment of DR-TB constitutes a considerable
proportion of South Africa’s resources dedicated to addressing TB (93). Thus, if risk factors are
identified, then they could serve as the basis for interventions that could address the substantial
burden of disease caused by SLDR-TB.

Surprisingly, we did not find any variables that were associated with resistance to any
second-line drugs. Nevertheless, this study still has a place in the literature and can inform public
health efforts against TB, either in research or elsewhere. First, in this study, the estimates of each
association were not significant and were usually not precise. However, while imprecise estimates
may not appear to be “meaningful” for an individual study, some scholars have stressed that they
are still important to report; compiling many imprecise estimates of an association from the
literature over time, including via a meta-analysis, can produce a more precise value that may be
more meaningful, assuming that bias was addressed (94). The process of identifying an effect is
often not immediate but instead iterative (94). Thus, this study is still contributing to the larger

body of research on risk factors for second-line drug resistance, and hopefully can contribute to
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future efforts to identify who is most at risk for this outcome, and thus serve as a basis for
intervention.

Second, this study is important in that it highlights what is left unknown about risk factors
for second-line drug resistance in KwaZulu-Natal. For instance, fewer variables were collected for
participants outside of the eThekwini cohort. While we could conduct unadjusted analyses for age
and sex in the provincial population, analyses involving other participant characteristics, such as
unadjusted and adjusted analyses for the association of alcohol use, income, and HIV status, could
not be done for the entire provincial population. Next, this study compared individuals with and
without resistance to specific second-line drugs, but all participants had SLDR-TB. Because all
participants had SLDR-TB, this study cannot answer whether there are significant differences in
the distribution of certain variables among individuals with resistance to second-line drugs and
individuals who do not have SLDR-TB, such as those with MDR-TB or DS-TB. Furthermore, we
did not have phenotypic resistance data for other second-line drugs that are becoming increasingly
important for treating DR-TB, like pretomanid (9; 17) Finally, this study has several additional
limitations, including possible uncontrolled bias, and that data on other variables were not
collected prospectively with respect to pDST results in this study.

Although we did not identify any associations between any of the risk factors and drug
resistance, our study findings are not definitive, and future studies can build on this work and
further investigate risk factors for second-line drug resistance in KwaZulu-Natal. As noted above,
identifying potential determinants of second-line drug resistance is important for addressing the
burden of DR-TB and improving the well-being of those who are affected by it. Such a study could
collect data on the main exposures of interest and their potential confounders for the entire study

population and ensure consistent pDST for the drugs of interest for all participants. In addition to
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controlling for confounding as done in this study, future studies could further address bias in their
study design, such as introducing validation sub-studies that correct for potential misclassification
of variables collected during interviews. For instance, if there were concerns about social
desirability bias affecting self-reports of alcohol use, future studies could adjust this variable with
sensitivity and specificity estimates from studies conducted in similar populations (90). Next,
future studies could stratify analyses of risk factors among individuals whose resistance to second-
line drugs is attributed to acquisition or transmission. For instance, previous studies have used
pDST at multiple timepoints to determine whether second-line resistance was acquired (42; 43).
Combined with genomic and epidemiologic data that can be used to determine whether
transmission of SLDR-TB occurred, this could allow researchers to differentiate between acquired
and transmitted cases and thus stratify their analyses on this status.

Future studies could also collect data prospectively, such as examining medical records for
data before diagnosis with SLDR-TB, or use different comparison groups (e.g., individuals with
MDR-TB and SLDR-TB) to identify estimates of variables that may influence resistance to
second-line drugs. Finally, if available, future studies could examine risk factors for phenotypic
resistance to newer drugs like pretomanid. All these strategies would help to identify the
determinants of second-line resistance. Doing do could help contribute to the global struggle
against TB, and to efforts to improve the well-being of the people and communities who are

affected by this widespread and severe disease.
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Figures and Tables
Descriptive Statistics

Figure 1a: Distribution of pDST Results in Provincial Population*
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Figure 1b: Distribution of pDST Results in eThekwini Cohort*
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Table 1a: Distribution of Study Population Characteristics across Provincial Population (n=580)

Overall
(N=580)
Age (years)
Mean (SD) 35.5 (12.7)
Median (Q1, Q3) 35.0 (28.0, 42.0)
Missing 3 (0.5%)
Sex
Male 309 (53.3%)

Female 271 (46.7%)

32



Table 1b: Distribution of Study Population Characteristics across eThekwini Cohort (n=189)

Overall
(N=189)

Age (years)

Mean (SD) 36.7 (10.9)

Median (Q1, Q3) 35.0(30.0, 42.0)
Sex

Male 99 (52.4%)

Female 90 (47.6%)
Previous Treatment for DR-TB

No Previous DR-TB Treatment 98 (51.9%)

Previous DR-TB Treatment 70 (37.0%)

Unknown 21 (11.1%)
HIV Serostatus

Seronegative 41 (21.7%)

Seropositive 139 (73.5%)

Indeterminate/Unknown 9 (4.8%)
Frequency of Alcohol Consumption

Never 122 (64.6%)

Four or Less per Month 50 (26.5%)

More Than Once a Week 14 (7.4%)

Don't Know 3 (1.6%)
Marital Status

Single 154 (81.5%)

Cohabitating/Married 35 (18.5%)

Don't Know 0 (0%)
Monthly Household Income per Capita (Rand)

Mean (SD) 728 (1930)

Median (Q1, Q3) 400 (250, 667)

Missing 11 (5.8%)
Highest Level of Education

Primary School or Less 32 (16.9%)

Secondary School (No Matric) 101 (53.4%)

Matric or Higher 55 (29.1%)

Don't Know 0 (0%)

Missing 1(0.5%)
Employment in Previous Two Years

Not Employed in Past Two Years 103 (54.5%)

Employed in Past Two Years 74 (39.2%)

Unknown 12 (6.3%)
Incarcerated in Previous Year

Not Incarcerated in Past Year 182 (96.3%)

Incarcerated in Past Year 7 (3.7%)

Don't Know 0 (0%)

Refused to Answer 0 (0%)




Table 2a: Unadjusted Odds Ratios for Resistance to Second-Line Drugs of Interest in the Provincial Population

34

Outcome Sample Exposure Index Group Referent Group Odds 95% Confidence p-
Size Ratio Interval value
Capreomycin 76 Sex Female Male 0.64 (0.21, 1.99) 0.44
Age 20-34 0-19 - - 0.27
35-54 0-19 - -
55+ 0-19 - -
Fluoroquinolones | 296 Sex Female Male 1.33 (0.84, 2.11) 0.22
Age 20-34 0-19 1.36 (0.60, 3.12) 0.38
35-54 0-19 0.91 (0.40, 2.07)
55+ 0-19 0.78 (0.24, 2.51)
Linezolid 389 Sex Female Male 1.74 (0.29, 10.51) 0.54
Age 20-34 0-19 - - 0.6
35-54 0-19 - -
55+ 0-19 - -
Bedaquiline 402 Sex Female Male 1.1 (0.62, 1.96) 0.74
Age 20-34 0-19 1.73 (0.38, 7.87) 0.71
35-54 0-19 2.13 (0.48,9.51)
55+ 0-19 1.78 (0.30, 10.59)
Clofazimine 389 Sex Female Male 1.22 (0.65, 2.28) 0.54
Age 20-34 0-19 3.1 (0.39, 24.46) 0.39
35-54 0-19 3.73 (0.48, 29.07)
55+ 0-19 1.83 (0.15, 21.63)

Note: a dash indicates that at least one stratum of the exposure (either the index or referent group) did not include any susceptible or resistant individuals, and
an odds ratio thus could not be calculated.



Table 2b: Unadjusted Odds Ratios for Resistance to Second-Line Drugs of Interest in eThekwini Cohort

Outcome Exposure Index Group Referent Group Odds Ratio 95% Confidence p-
Interval value
Fluoroquinolones | Sex Female Male 1 (0.41, 2.40) 1
Age 20-34 0-19 1.6 (0.23,10.94) 0.43
35-54 0-19 1.16 (0.17,7.73)
55+ 0-19 6 (0.35, 101.57)
Income Above food poverty line Below food poverty line 2.46 (0.84, 7.20) 0.09
Alcohol Drink 4 or less times/month Never drink alcohol 1.18 (0.43, 3.25) 0.2
More than once a week Never drink alcohol 0.89 (0.18, 4.39)
Don't know Never drink alcohol - -
HIV Seropositive Seronegative 1.1 (0.39, 3.06) 0.33
Indeterminate/Unknown Seronegative 4.89 (0.46,51.87)
Linezolid Sex Female Male 0.53 (0.05, 5.90) 0.59
Age 20-34 0-19 - - 0.62
35-54 0-19 - -
55+ 0-19 - -
Income Above food poverty line Below food poverty line 5.7 (0.50, 64.90) 0.15
Alcohol Drink 4 or less times/month Never drink alcohol - - 0.47
More than once a week Never drink alcohol - -
Don't know Never drink alcohol - -
HIV Seropositive Seronegative 0.59 (0.05, 6.69) 0.78
Indeterminate/Unknown Seronegative - -
Bedaquiline Sex Female Male 0.95 (0.40, 2.24) 0.91
Age 20-34 0-19 1.15 (0.12, 10.65) 0.82
35-54 0-19 1.26 (0.14, 11.35)
55+ 0-19 0.5 (0.03, 9.46)
Income Above food poverty line Below food poverty line 1.17 (0.45, 3.06) 0.76
Alcohol Drink 4 or less times/month Never drink alcohol 1.48 (0.60, 3.68) 0.17
More than once a week Never drink alcohol - -
Don't know Never drink alcohol - -
HIV Seropositive Seronegative 2.36 (0.66, 8.43) 0.36
Indeterminate/Unknown Seronegative 2.13 (0.18, 24.76)
Clofazimine Sex Female Male 1.2 (0.47, 3.09) 0.71
Age 20-34 0-19 0.6 (0.06, 6.11) 0.35
35-54 0-19 0.8 (0.08, 7.86
55+ 0-19 - -
Income Above food poverty line Below food poverty line 0.92 (0.31, 2.76) 0.88
Alcohol Drink 4 or less times/month Never drink alcohol 1.88 (0.71, 4.98) 0.14
More than once a week Never drink alcohol - -
Don't know Never drink alcohol - -
HIV Seropositive Seronegative 3.1 (0.68, 14.2) 0.26
Indeterminate/Unknown Seronegative 3.1 (0.23, 40.89)

Note: a dash indicates that at least one stratum of the exposure (either the index or referent group) did not include any susceptible or
resistant individuals, and an odds ratio thus could not be calculated.
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Table 3a: Adjusted Odds Ratios for Resistance to Any Fluoroquinolone in eThekwini Cohort (n=80)

Exposure Confounders in Model Index Group Referent Group OR (Point 95% Cli P-value
Estimate)
HIV | Sex, incarceration in past Seropositive Seronegative 0.93 (0.25, 3.48) 0.83
Serostatus | year, employment in past
two years, education, alcohol Indeterminate/Unknown Seronegative 2.23 (0.13, 38.69)
use, age, marital status,
previous DR-TB treatment
Alcohol | Age, sex, education, Drink 4 or less Never drink alcohol 1.12 (0.35, 3.55) 0.39
consumption | incarceration in past year, times/month
household income per More than once a week  Never drink alcohol 0.81 (0.10, 6.49)
capita, previous DR-TB Don't know Never drink alcohol = =
treatment
Income per | Employment in past two Above food poverty line  Below food poverty 2.85 (0.74, 10.92) 0.12
capita | years, age, sex, education, line
previous DR-TB treatment
Age | Previous DR-TB treatment 20-34 0-19 1.68 (0.23,12.19) 0.47
35-54 0-19 1.23 (0.18, 8.54)
55+ 0-19 5.88 (0.34,
101.05)
Sex | Previous DR-TB treatment Female Male 1.04 (0.43, 2.53) 0.94

Note: a dash indicates that at least one stratum of the exposure (either the index or referent group) did not include any susceptible or resistant individuals, and
an odds ratio thus could not be calculated.



Table 3b: Adjusted Odds Ratios for Resistance to Linezolid in eThekwini Cohort (n=138)
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Exposure Confounders in Index Group Referent Group OR (Point 95% CI P-

Model Estimate) value

HIV Serostatus | Sex, alcohol use Seropositive Seronegative 0.89 (0.07, 11.69) 0.83
Indeterminate/Unknown Seronegative - -

Alcohol | Sex Drink 4 or less Never drink alcohol - - 0.41

consumption times/month

More than once a week Never drink alcohol - -
Don't know Never drink alcohol - -

Income per capita | Employment in past  Above food poverty line Below food poverty 5.45 (0.48, 62.50) 0.16

two years line

Age | Previous DR-TB 20-34 0-19 - - 0.54
treatment 35-54 0-19 - -
55+ 0-19 - -

Sex | Previous DR-TB Female Male 0.53 (0.05, 6.13) 0.6

treatment

Note: a dash indicates that at least one stratum of the exposure (either the index or referent group) did not include any susceptible or resistant individuals, and

an odds ratio thus could not be calculated.



Table 3c: Adjusted Odds Ratios for Resistance to Bedaquiline in eThekwini Cohort (n=157)
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Exposure Confounders in Model Index Group Referent OR (Point 95% ClI P-
Group Estimate) value
HIV | Sex, incarceration in past Seropositive Seronegative 3.32 (0.79, 0.18
Serostatus | year, employment in past 13.95)
two years, education, Indeterminate/Unknown Seronegative 6.05 (0.32,
alcohol use, age, marital 114.28)
status, previous DR-TB
treatment
Alcohol | Age, sex, education, Drink 4 or less Never drink 1.26 (0.44, 3.64) 0.34
consumption | incarceration in past year, times/month alcohol
household income per More than once a week  Never drink - -
capita, previous DR-TB alcohol
treatment Don't know Never drink - -
alcohol
Income per | Employment in past two Above food poverty line  Below food 1 (0.34,2.97) 1
capita | years, age, sex, education, poverty line
previous DR-TB treatment
Age | Previous DR-TB treatment 20-34 0-19 0.9 (0.09, 9.07) 0.87
35-54 0-19 0.81 (0.08, 8.03)
55+ 0-19 0.38 (0.02,7.87)
Sex | Previous DR-TB treatment  Female Male 0.95 (0.39, 2.32) 0.9

Note: a dash indicates that at least one stratum of the exposure (either the index or referent group) did not include any susceptible or resistant individuals, and
an odds ratio thus could not be calculated.
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Table 3d: Adjusted Odds Ratios for Resistance to Clofazimine in eThekwini Cohort (n=141)

Exposure Confounders in Index Group Referent Group OR (Point 95% CI P-
Model Estimate) value
HIV Serostatus | Sex, incarcerationin  Seropositive Seronegative 4.24 (0.75, 23.93) 0.11
past year, Indeterminate/Unknown Seronegative 21.63 (0.52,
employment in past 897.27)
two years,

education, alcohol
use, age, marital
status, previous DR-
TB treatment

Alcohol | Age, sex, education, Drink 4 or less Never drink alcohol 1.71 (0.53, 5.54) 0.53
consumption | incarceration in past times/month
year, household More than once a week  Never drink alcohol - -
income per capita, Don't know Never drink alcohol - -
previous DR-TB
treatment
Income per capita | Employment in past  Above food poverty line  Below food poverty 0.58 (0.15, 2.23) 0.42
two years, age, sex, line

education, previous
DR-TB treatment

Age | Previous DR-TB 20-34 0-19 0.47 (0.04, 5.52) 0.46
treatment 35-54 0-19 0.52 (0.05, 5.94)
55+ 0-19 - -
Sex | Previous DR-TB Female Male 1.25 (0.46, 3.38) 0.66
treatment

Note: a dash indicates that at least one stratum of the exposure (either the index or referent group) did not include any susceptible or resistant individuals, and
an odds ratio thus could not be calculated.



Appendix I: Supplementary Figures and Tables

Figure S1a: Distribution of Age in Provincial Population (n=580)
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Figure S2a: Distribution of Monthly Household Income Per Capita
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Figure S2b: Distribution of Monthly Household Income Per Capita Below Upper Poverty Line
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Because the distribution of income was so skewed for this population, we included this second
histogram (Figure 3b) that shows a more refined picture of the distribution of incomes under
the upper-level poverty line, R1417/month per capita, where most incomes were located.
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Figure S3: Directed Acyclic Graph (DAG) Depicting Hypothesized Relationships between Exposure
Variables, Second-Line Drug Resistance, and Other Confounders
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Note: “resistance to second-line drug” refers to resistance to any of the drugs in this study (moxifloxacin or levofloxacin, capreomycin,
linezolid, bedaquiline, or clofazimine).



Table S1: Summary of Literature Supporting Pathways Represented in Directed Acyclic Graph

Relation Literature Supporting Relation Literature Supporting
Direction Direction

Age -> Alcohol (95) Household income -> SLD Resistance (54; 56; 81)

Age -> Education Assumption made by authors | Household income -> Smoking (96; 97)

Age -> Marital status Assumption made by authors  Marital status -> HIV (98)

Age -> SLD Resistance (46; 51,57, 77, 99) Marital status -> SLD Resistance (40)

Age -> Smoking (97; 100) Marital status -> smoking 97)

Age -> Unemployment (101; 102) Sex -> Alcohol (95; 103)

Alcohol -> HIV (104-106) Sex -> Education (107)

Alcohol -> SLD Resistance | (38; 41; 55; 77) Sex -> HIV (108; 109)

Alcohol -> CD4 Count (103) Sex -> SLD Resistance (41; 58; 77; 83; 92)

Education -> Alcohol (103; 110) Sex -> Smoking (100; 111)

Education -> HIV (112) Sex -> Unemployment (113)

Education -> Household (114) Alcohol -> Smoking (103; 115)

income

Education -> SLD (54; 116) Smoking -> SLD Resistance (117-119)

Resistance

Education -> Smoking (96) Unemployment -> HIV (98)

Education -> Unemployment | (102; 107) Unemployment -> Household income (114)

HIV -> SLD Resistance

(46; 51; 52; 55; 77; 82; 99;
120)

Unemployment -> SLD Resistance

(41; 54; 56; 77; 81; 116)

Household income -> (95; 103; 110) Unemployment -> Smoking (115)
Alcohol

Age -> HIV (109) Former incarceration -> SLD Resistance | (84)
Former incarceration -> (121) Former incarceration -> HIV (122)
Unemployment

Education -> Former (123; 124) Sex -> Former incarceration (123)
incarceration

Former incarceration -> (121) Marital status -> Former incarceration (124)

Alcohol

43
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Appendix II: Supplementary Methods
A. Data Source
A.1: Parent Study Population

This analysis uses data collected from the ongoing Role of Casual Contact and Migration
in XDR Transmission in South Africa: A Geospatial, Genomic, and Social Network Study (from
here on referred to as the “CONTEXT study”). The central aims of this study are to characterize
the role of casual (as opposed to prolonged) contact between individuals in the transmission of
second-line drug-resistant tuberculosis, including individuals with XDR-TB and pre-XDR-TB
(SLDR-TB). The study population includes individuals with a positive tuberculosis culture who
exhibit resistance to second-line drugs (specifically, fluoroquinolones or second-line injectable
drugs) who were diagnosed in the province of KwaZulu-Natal, South Africa. Data collection for
this study began in January 2019 and has been ongoing and will finish through 2023.

Participants enter the study through a screening procedure that occurs at Inkosi Albert
Luthuli Central Hospital (IALCH), in Durban, KwaZulu-Natal. Specifically, an individual was
included in the provincial population if they were determined to have second-line drug resistance
from results of second-line line probe assays (LPA). Copies of LPA results were regularly provided
to study staff. Participants were also screened if resistance was detected via phenotypic drug
susceptibility tests (pDST) before second-line LPA test results were available. The first isolate that
was screened was referred to as the “diagnostic” isolate. However, multiple isolates could be
tracked for a single participant, and the earliest isolates under consideration were collected in 2018
If the participant was located in one of four districts of KwaZulu-Natal close to or containing
Durban—eThekwini, Ugu, iLembe, and uMgungundlovu—the participant was then contacted and

offered to participate in an interview in which they would provide information on demographic
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and medical characteristics, information on locations where they live or visit, and their routine
contacts. This group of participants who consented to and completed an interview will be referred
to as the “eThekwini cohort,” and is a subset of the entire “provincial population” that was screened

at JALCH.

A.2: Parent study data collection

In the CONTEXT study, pDST results were recorded for every participant in the provincial
population. Phenotypic drug susceptibility tests were conducted at IALCH and, in some cases, at
the National Institute of Communicable Diseases (NICD) in Johannesburg, South Africa.
Phenotypic resistance testing was performed on cultured M. tuberculosis isolates (typically from
sputum samples) using either agar-based methods or using the mycobacterial growth indicator tube
(MGIT; Becton Dickinson) system. pDST results from IALCH and NICD were abstracted from
laboratory reports onto a paper case report form, along with the date of collection of the isolate.
Specifically, results for two first-line drugs, isoniazid and rifampicin, and several second-line
drugs (capreomycin, low- and high-level moxifloxacin, levofloxacin, linezolid, bedaquiline, and
clofazimine) were abstracted, although a variety of factors (test failure, national priorities for
testing, etc.) (89) meant that participants usually did not have pDST results for all of these drugs.

We prioritized an isolate that had already undergone whole genome sequencing (WGS) by
the time of pDST abstraction for results. If no isolates had undergone WGS, the diagnostic isolate
was chosen for pDST abstraction, and if this isolate had no pDST results, we used the results of
another isolate collected from the participant, which was typically collected within twelve months
of the diagnostic. The case report form was uploaded to the study’s shared drive, underwent quality

control processes, and was entered into an online REDCap database used to store data collected
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for the CONTEXT study. Information on the participant’s sex and date of birth was also available
from the laboratory report associated with the diagnostic isolate; this information was also
abstracted onto case report forms, and then underwent quality control and double data entry into
REDCap.

This analysis also includes information that was collected from the aforementioned
interviews conducted for participants in the eThekwini cohort. Similarly, responses from
participants were recorded on a paper case report form, which then underwent quality control, was
uploaded to the study’s shared drive, and underwent double data entry into the CONTEXT
REDCap online database. A participant may have also undergone HIV testing (via the Abbott or
Uni-Gold rapid test kits) if the participant did not have a prior HIV test, did not know the results
of prior HIV tests, or tested negative more than three months before the interview, and if the
participant consented to an HIV test. However, these scenarios were not common, and thus HIV
testing was only done rarely as part of the study for the eThekwini cohort.

Ultimately, all variables used for analysis are stored in the CONTEXT REDCap database,
and regular data compares between both data entry groups are conducted to minimize erroneous
results entered. For this analysis, the entire CONTEXT dataset as entered by the first data access
group was exported as an Excel file from REDCap in November 2022. A more in-depth description

of the variables included in the analysis will be described in the “Data Cleaning” section.

B. Theoretical Framework for Research Question
B.1: Outcomes of Interest
The outcome of interest in this analysis is phenotypic resistance or susceptibility to the

following second-line drugs: capreomycin, fluoroquinolones at large (moxifloxacin or
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levofloxacin), bedaquiline, clofazimine, and linezolid. For each drug, individuals exhibiting
resistance are considered the index group, and individuals who exhibited susceptibility were
considered the reference group. This outcome has precedence in the literature (36; 40-43; 72).
Previous studies, such as the PETTS study, considered associations of certain exposures to
resistance to broad classes of drugs, namely fluoroquinolones and second-line injectable drugs
(41). Here, phenotypic resistance is defined as the outcome of the authorized result of phenotypic
drug susceptibility tests undertaken on Mycobacterial Growth Indicator Tube (MGIT)- or agar-

based cultures of SLDR-TB isolates.

B.2: Selection and Justification of Regression Model

We constructed separate binary logistic regression models for phenotypic resistance to each
of the second-line drugs of interest listed in Section I. There is precedence in using logistic
regression in multivariable models where phenotypic resistance to second-line drugs was the
outcome (36; 40; 42). Additionally, the outcome of interest is dichotomous and is thus well suited

for binary logistic regression.

B.3: Selection of Exposures and Theoretical Framework for Causal Exposure-Outcome
Relationship

To identify potential exposures that may have an effect on phenotypic resistance to the
second-line drugs listed above, we reviewed the literature for risk factors for resistance to second-
line drugs or XDR-TB, characteristics of the XDR-TB epidemic in South Africa (and specifically
in KwaZulu-Natal), and relationships between risk factors for second-line drug resistance and their

confounders. We then developed a causal framework for the relationship of a variable to resistance
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to a specific second-line drug. This framework was centered on determining how these variables
were related to resistance through the forces that drive second-line drug-resistant TB: acquisition
and, importantly in the context of KwaZulu-Natal, transmission (67; 68; 70). Acquisition of
second-line resistance can occur during treatment of drug-resistant tuberculosis with second-line
drugs (42; 43; 75). Indeed, many studies have found that having been previously treated for DR-
TB or with second-line drugs for TB was significantly associated with resistance to
fluoroquinolones (40; 41), second-line injectable drugs (41), bedaquiline (36), and XDR-TB (47;
48). In particular, acquired resistance to second-line drugs is associated with certain outcomes
from treatment for DR-TB; one study in the Baltic states found that treatment failure or interruption
was associated with a greater risk of XDR-TB compared to MDR-TB (50). Such a finding aligns
with research that indicated that treatment interruption was also a risk factor for resistance to first-
line drugs (43). Although another study found that loss to follow-up was not a risk factor for XDR-
TB, no participant in its study population had received second-line drugs in their previous
treatment for TB (125). Meanwhile, transmission of the strains with resistance to a specific
second-line drug may be disproportionately occurring among people in greater proximity to
communities, individuals, or networks of people who likely are experiencing greater unfavorable
treatment outcomes for reasons related to acquisition, a point that was previous articulated by
authors of a 2015 paper (81).

We selected a range of biological variables (sex, age, and HIV status), a behavioral variable
(frequency of alcohol consumption), and a socioeconomic variable (per capita monthly household
income) as the main exposures of interest. We selected these variables because the literature
identified an association between second-line drug resistance and these exposures, and we were

interested in examining whether these associations existed in the more current context of SLDR-
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TB in KwaZulu-Natal. In many cases, different associations were identified in the literature
between the exposure, such as HIV and sex, and resistance, suggesting that these variables’
relationship with second-line drug resistance was not definitive. We thus were interested in
determining what the association would look like in KwaZulu-Natal.

Using the framework described above, we hypothesized how each exposure might be
related to resistance to any of the second-line drugs under consideration, both through acquisition
and transmission. We hypothesized that sex could have an effect on second-line drug resistance
through acquisition of resistance; previous studies, including those conducted in South Africa,
have identified that outcomes like loss to follow-up during treatment of DR-TB are associated with
male sex (76-78; 83; 84), which could lead a greater risk of developing resistance (50). Age could
also lead to the acquisition of drug resistance, as individuals who are younger have previously
been found to also experience outcomes like loss-to-follow-up during DR-TB treatment that have
been associated with development of resistance (43; 50; 77-80). Positive HIV status has previously
been associated with loss to follow-up during treatment for DR-TB, which could lead to acquisition
of second-line drug resistance (50; 76; 77). Greater consumption of alcohol is a risk factor for
second-line drug resistance (41; 50) or for interruption or loss to follow-up of treating DR-TB (77;
80), and one study that found an association between alcohol use and XDR-TB hypothesized that
higher levels of alcohol consumption could interrupt individuals’ treatment for DR-TB, opening a
pathway to acquisition of second-line drug resistance (55). Finally, we hypothesized income to
have an effect on acquisition of resistance, based on interviews conducted with individuals in
South Africa who experienced loss to follow-up or treatment failure during treatment for XDR-
TB. This study’s participants described the economic pressures of remaining in care (81),

suggesting that individuals with lower incomes may be at greater risk of experiencing loss to
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follow-up and potentially acquiring second-line drug resistance as a result. Moreover, in another
study conducted in Indonesia, income significantly differed between individuals who had
successful treatment for DR-TB and for individuals who were lost to follow-up, with lower-income
individuals disproportionately in the lost-to-follow-up group (21).

To visualize these hypothesized relationships, a directed acyclic graph, or DAG, was
constructed (86). This DAG was informed both by the literature that we had examined and, in
certain cases, by our own assumptions, such as the assumption that age is a contributing factor to
highest level of education. Using this DAG, confounders between the main exposures of interest
and the outcome were identified, and any variables that could introduce a spurious association
(also known as “colliders”) were flagged (86). Using the DAG, we then identified minimally
sufficient sets of covariates, or the fewest necessary variables that we hypothesized could control
for confounding (86), to include in multivariable models to control for the relationship between
each exposure and every set of outcomes. These sets of covariates exclude any potential mediators
between the exposure and outcome and ensure that no spurious association or collider stratification
bias as hypothesized by the DAG is introduced (86). These models are listed in the “Regression

Analysis” section.

B.4: Additional Assumptions Necessary for Analysis

Given the structure and nature of the data collected for CONTEXT, we made certain
assumptions before beginning analysis. First, we assumed that the risk factors of one participant
would not affect whether an individual was resistant to a specific second-line drug. Second,
because the parent study, CONTEXT, is cross-sectional, we needed to make assumptions to justify

using a variable collected by CONTEXT as an exposure or confounder that may be linked to drug
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resistance. For an individual who is in the eThekwini cohort, the interview process usually occurs
after the isolate with pDST results is collected, and for that reason, it cannot be taken for granted
that the exposures and confounders occur before the outcome.

For certain variables, such as age, sex, and whether someone was previously treated for
DR-TB, this concern is less relevant. The two variables collected for employment determine
whether someone was currently employed or, if unemployed, whether an individual was employed
within the past two years of the interview, which is likely long enough to have occurred before
collection of the isolate with pDST results. Education is a fairly static socioeconomic measure
(73), and it would be fair to assume that education level has not changed between the date of
collection of the isolate and the time of the interview. (This may not be the case for younger
participants, although age is hypothesized to be a confounder of education in this study’s DAG.)
The interview’s question on incarceration asks whether an individual has been in prison in the past
twelve months. Of course, nothing is known about the length of imprisonment or if someone was
imprisoned before this period, so temporality can be established to an extent—but not fully without
making an assumption that it would be rare for a period of incarceration to finish shortly before
the “12-month cutoff,” and that an individual was incarcerated after date of collection of the isolate
with results.

For HIV status, we assumed that the answer that the participant provided matched their
status before the date of collection of the isolate with pDST results. We also assumed that, when
the participant is asked about their current marital status, this status (like education) is static over
time, at least for the period from date of collection to the interview date. Likewise, because the
participant is simply asked about their habitual alcohol consumption patterns, we assumed that

these behaviors have not varied greatly over time. Finally, per capita monthly household income
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is a variable that can certainly fluctuate over time (73). For this reason, we categorized this
variable, as described below. While there may be fluctuations in income over time, people may be
less likely to experience a change in income so dramatic that one’s income is in an entirely different

category before collection of the isolate with pDST results than when the interview was conducted.

C. Data Cleaning, Creation of Analytic Datasets, and Descriptive Statistics
C.1: Data Cleaning and Creation of Analytic Datasets

All data cleaning, descriptive statistics, and regression analyses (as described below) were
conducted with the R programming language in RStudio (version 2022.12.0, build 353). As noted
above, the complete CONTEXT dataset was exported from REDCap on November 22, 2022. We
extracted two smaller datasets from this larger file: one in which each observation corresponds to
a participant with at least one pDST result in the provincial population, and another dataset in
which each observation corresponds to a participant with at least one pDST result in the eThekwini
cohort. Creating the latter dataset required linking pDST and interview variables by the
participant’s study ID. We calculated the frequency of individuals who could not be reached, did
not consent, withdrew, were lost to follow-up from the cohort, were later found to not meet
eligibility criteria, or had incomplete REDCap instruments for the variables being used. These
individuals were then excluded from both datasets and from any further analysis. Variables that
would not be used in the analysis were also removed. Finally, there were rare instances in which
the date of birth and sex were missing in the provincial population dataset. We returned to REDCap
to retrieve this information if it had been populated since the last download of the dataset in

November, and, if the individual was in the eThekwini cohort, to see if the participant provided
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this information in their interview. All missing information on sex and all but three instances of
missing date of birth were recovered.

Additional variables were created for both the provincial population- and eThekwini
cohort-specific datasets. One variable indicated if there was resistance to any fluoroquinolone
listed on the CRF (low- or high-level moxifloxacin low and levofloxacin). Another variable
provided an indication of the concordance between pDST results for bedaquiline and clofazimine,
including whether the participant was sensitive to both drugs, resistant to both drugs, or had
discordant results. Additionally, age of the participant was calculated by finding the difference
between the date of collection of the isolate with pDST results and the participant’s date of birth.
In certain instances, the date of birth that was abstracted from the isolate laboratory report (for the
entire provincial population) differed from the date of birth provided by the participant in the
interview. In those instances, the date of birth reported by the participant themself was prioritized
for calculations of age. Finally, a categorized age variable was created, grouping individuals
together in the following categories: 0-19, 20-34, 35-54, and 55 or more years.

Basic summary statistics were then run to ensure that there were no problematic values in
the dataset, including frequencies of categorical variables that were cross-referenced with the
possible values listed in the CONTEXT Data Dictionary and identification of extreme values of
continuous variables. No implausible values were identified, in part because of the internal
validation of data entry fields in the CONTEXT REDCap database. Once this was completed, any
continuous or date variable listed as a string of “9”’s (i.e., 9999) was changed to “NA?”, as this was
the convention used to report missing values on case report forms (according to the aforementioned

data dictionary).
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Four additional variables in the eThekwini cohort dataset were then derived from the
original variables collected in the parent study. First, a new HIV variable was created as a
composite of information obtained from the interview (in which participants reported their status)
and the result of an HIV test conducted as part of the study for the scenarios described above. A
new employment variable combined two variables on current employment and, if currently
unemployed, employment in the past two years to indicate whether an individual was ever
employed in the past two years (including at the time of interview). Income was standardized by
dividing the monthly household income by the number of individuals supported partially or fully
on the household income, and was then categorized based on the per-capita monthly food poverty
line set by the government of South Africa in 2022 (R663/month) (74).

Finally, a “previous treatment for DR-TB” variable was created, indicating whether an
individual had undergone treatment for MDR-TB, XDR-TB, or SLDR-TB before collection of
their isolate with pDST results. This variable synthesized interview questions on whether the
participant had started any TB treatment, if and when (i.e., month and year) a participant started
MDR-TB treatment, and if the participant had received any prior treatment for XDR-TB or SLDR-
TB. Unlike the wording of the questions posed about XDR or SLDR-TB treatment, it was not
guaranteed that if the participant indicated that they had started MDR-TB treatment, they had
started it before collection of their isolate with pDST results. For that reason, an individual was
only considered to have had a previous MDR-TB treatment if month and year of the start of any
of their MDR-TB regimens preceded the month and year of the date of collection of the isolate
with pDST results.

Given the sparsity of data in original strata of the education, alcohol consumption, and

marital status variables, these variables were collapsed into broader but still meaningful categories.
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For education, “No Formal Schooling” and “Primary School” were collapsed into a “Primary
School or Less” variable, the original “Secondary School (No Matric)” category was left alone,
and the “Matric” and “University or Higher” categories were collapsed into a “Matric or Higher”
category. For alcohol consumption, “Never” was left as its own category, “Monthly or Less” and
“2-4 times per month” were combined into a “4 or Less Times per Month” category, and “2-3
Times a Week” and “4 or more times a week” were combined into a “More than Once per Week”
category. Finally, the “Single” and “Widowed” strata were combined for marital status. Any strata
including participants who did not know or were unable to answer questions about these variables
were left as a “Don’t know” category (instead of setting these observations as missing), as this
could potentially bias the results of the study (126).

Finally, five datasets from the provincial population and four datasets from the eThekwini
cohort were created, each of which was restricted to include only individuals with results available
for the second-line drug of interest (capreomycin, fluoroquinolones, bedaquiline, clofazimine, and
linezolid); no dataset was created for capreomycin within the eThekwini cohort, as all participants
with pDST results were resistant. In this process, variables that were used to create the composite
variables were removed, and only the variables that would be incorporated into analysis were

included. These new datasets were saved as CSV files.

C.2: Descriptive Statistics

For all participants with at least one pDST result in both the provincial population and the
eThekwini cohort, the frequency and proportion of individuals with susceptible and resistant
results for each first- and second-line drug, as well as the distribution of demographic variables of

interest (e.g., age, sex, HIV status) were calculated. These datasets were transposed and
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summarized to create stacked bar charts showing the distribution of pDST results, while a
histogram was constructed for continuous age and per-capita monthly income variables (all of
which used the “ggplot” package in R). The “tablel” package in R was used to construct tables

summarizing the characteristics of both study populations.

D. Regression Analysis
D.1: Presentation of Regression Models

Our objective was to analyze the association of five main exposures—sex, age, HIV status,
alcohol use, and income, each with their own set of confounders as identified by the DAG
described above—with resistance or susceptibility to five second-line drugs: capreomycin,
fluoroquinolones (moxifloxacin and/or levofloxacin), linezolid, bedaquiline, and clofazimine.
Below are the final regression models with the exposure, the minimally sufficient set of
confounders, and an interaction term between the exposure and previous treatment for DR-TB that
were first used for analysis, with “Resistance to Second-Line Drug” shorthand for the specific drug
as the outcome of interest. Note that many of these variables are nominal and were represented as

indicator variables in the actual models being analyzed.

Logit(Resistance to Second-Line Drug) = Bi1HIV + y1Sex + y2Incarceration + y3Employment +
v4Education + ysAlcohol + ysAge + y7MaritalStatus + ysPreviousTreatment +
d1PreviousTreatment*HIV

Logit(Resistance to Second-Line Drug) = B1Alcohol + y1Age + y2Sex + y3Incarceration +

v4Education + ysIncome + y¢PreviousTreatment + d1PreviousTreatment®Alcohol
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Logit(Resistance to Second-Line Drug) = Bilncome + yiEmployment + y>Sex + y3Age +
v4Education + ysPreviousTreatment + &1 PreviousTreatment*Income

Logit(Resistance to Second-Line Drug) = B1Age + yiPreviousTreatment +
d1PreviousTreatment*Age

Logit(Resistance to Second-Line Drug) = B1Sex + y1 + d1PreviousTreatment*Sex

D.2: Unadjusted Estimates

First, we used unadjusted models without interaction terms or confounders to find the
unadjusted odds ratios between each of the five exposures and resistance to each of the five drugs
of interest. We used the datasets for the eThekwini cohort for the unadjusted odds ratios for
alcohol, income, and HIV status, and both the eThekwini cohort and the entire provincial

population datasets for age and sex.

D.3: Collinearity

After calculating the unadjusted odds ratios, we constructed a fully adjusted logistic
regression model for each exposure and outcome of interest, using the interaction term between
the exposure and previous treatment for DR-TB and the full set of confounders listed above. These
models only incorporated data from the eThekwini cohort dataset, as these were the only
individuals with the set of variables necessary for analysis. We assessed whether there was any
collinearity in these full models using the collinR macro. If the diagnostic for the model could not
be run, we followed one recommended approach to rank which covariates were absolutely
essential to include in the model, and which terms were less important and could be eliminated if
necessary to reduce harmful collinearity (88). Because we wanted to minimize confounding as

much as possible, we removed the fewest possible terms for the diagnostic to run. The interaction
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term was the first term that was removed in these cases, as these are typically removed first when
there is collinearity that can be observed, and because they are especially likely to be associated
with other independent variables in the model (e.g., the individual factors in the product term) (88).
Then, if collinearity diagnostics still did not run, we targeted variables that likely did not contribute
to as much confounding (e.g., a more tenuous relationship in the literature) or showed little
variation in the actual data (e.g., all or almost all of the participants have the same “former
incarceration” status). When the diagnostic did run, we concluded that there was no longer
collinearity in the model when the largest condition index (CI) was less than 30 or if there were
fewer than two variance deviation proportions (VDPs) greater than 0.5 for Cls over 30, as
recommended by Kleinbaum and Klein in their description of collinearity assessment (88).
Covariates were removed if they were listed as having a VDP greater than 0.5 when the CI was

greater than 30, and the interaction term in the model was prioritized for removal.

D.4: Interaction Assessment and Calculation of Adjusted Odds Ratios

Next, we determined whether there was statistically significant interaction between each
of the main exposures and previous treatment for DR-TB, if the interaction term was not removed
during the collinearity assessment. We included this interaction term because we predicted that the
association between the main exposures and second-line drug resistance would differ for those
who were and who were not previously treated for DR-TB. We predicted that this relationship may
be modified by previous treatment because, for each exposure, we hypothesized that the effect of
these exposures on resistance to second-line drugs was via acquisition of resistance, and acquiring
resistance occurs during treatment for DR-TB (42; 43; 75). (We included these hypotheses in

Section III of the Theoretical Framework for Research Question section.) Therefore, our proposed



59

pathway between these exposures and resistance to second-line drugs may not exist for individuals
who were never treated for DR-TB.

For instance, increased alcohol consumption has been found to be a risk factor for loss to
follow up during treatment for DR-TB, including in South Africa (77; 80). Treatment of DR-TB
uses second-line drugs like those examined in this analysis, and loss to follow-up and failure during
treatment of DR-TB are risk factors for the acquisition of resistance to second-line drugs (50).
Because increased alcohol consumption is hypothesized to be related to second-line drug
resistance through acquisition and has previously been found to be significantly associated with
XDR-TB (50; 55) the association between these two variables may be different (and potentially
stronger) for those who have previously undergone treatment for DR-TB compared to those who
have not undergone treatment for DR-TB. After all, individuals who have not undergone treatment
for DR-TB may not have had the same level of exposure to second-line drugs, and thus may not
have the same chance to acquire resistance to second-line drugs. For this reason, the association
between alcohol consumption and second-line drug resistance could be modified by previous
treatment for DR-TB.

Assuming there was an interaction term in a model, we used the Likelihood Ratio Test and
an alpha level of a = 0.05 to assess whether the inclusion of the interaction term in the model was
statistically significant. The interaction term was included only if the test statistic was statistically
significant. This was done for each model with an interaction term. Finally, when the interaction
assessment was completed, the adjusted odds ratio for each model was identified by exponentiating
the coefficient and confidence interval of the main exposure. The Likelihood Ratio Test was used
to identify p-values for the significance of the exposure’s coefficient in the model, and an alpha

level of o = 0.05 was also used to determine statistical significance.
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Appendix III: Example Thesis Code

This analysis was conducted in RStudio (version 2022.12.0, build 353), and this code was added
to this document via R Markdown.

knitr::opts_chunk$set(echo = TRUE)
#Load necessary packages
packagelist <- c("readxl", "tidyverse", "janitor", "knitr", "GGally", "corrplot", "sc
ales", "data.table", "tablel")
for (package in packagelist) {
library(package, character.only = T)
}

#ALL analysis was conducted using the "R" programming language in RStudio 2022.12.0+3
53. First, a complete dataset from the CONTEXT study of data entered by Data Access G
roup 1 was downloaded from the study's online database management system, REDCap, on
November 22, 2022.

# Download the entire dataset from CONTEXT (downloaded

# November 22)

data <- read.csv("C:/Users/nickr/OneDrive - Emory University/Thesis/Analysis/CONTEXTD
ata_Copy.csv")

# Lists of variables of interest I would be interested 1in

# including for analysis

varnames <- read_xl1sx("C:/Users/nickr/OneDrive - Emory University/Thesis/Analysis/Var
Names.x1lsx")

varfield <- as.vector(varnames$fieldvariable)

varlab <- as.vector(na.omit(varnames$labvariable))

The following is code used for data cleaning and descriptive statistics purposes.

create dataset for variables from field arm, excluding
repeating instruments, 1individuals who were considered
ineligible, and individuals who did not consent note that
these datasets are being restricted to participants whose
REDCap instruments for the F20, F40, L34, and L12 (which
provide the needed information for analysis) are complete

field_data <- data %>%

filter(redcap_event_name == "field arm 2" & redcap_repeat_instrument ==
"" & (is.na(s10_screenid) | s1@_screenid == "") & f1l4_consent ==
1 & f20_patient_interview_complete == 2 & f40_hiv_rapid_test_complete ==
2) %>%

select(varfield)

# This dataset below was created to identify flow of

# participants (e.g., initially referred to cohort,

# consented, complete interview data; table() function used
# to generate summaries of variables of interest) How many
# individuals eligible to be in the eThekwini cohort did

# not consent to participate, and were excluded from



# analysis?
inclusion_vars <- c("id", "f1@_continue", "f12_teamscreen", "f12_ successful",
"f12 _ptscreen", "f12 contactsuccess", "fl4 indepconsent",
"f14_inelig", "f14 consent", "f20 patient_interview_complete",
"f£20_studyid", "f40_hiv_rapid_test complete", "s10 screenid")
field_data_consent <- data %>%
filter(redcap_event_name == "field arm 2" & redcap_repeat_instrument ==
"My %>%
select(inclusion_vars)

# create dataset for variables from Lab arm, excluding
# repeating instruments and individuals considered
# ineligible
lab_dat_nonrepeating <- data %>%
filter(redcap_event_name == "lab_arm 1" & redcap_repeat_instrument ==
"" & is.na(redcap_repeat_instance) & (is.na(s1@_screenid) |
s10_screenid == "") & 134 _phenotypic_dst_final result_complete ==
2 & 112 diagnostic_culture_result_complete == 2) %>%
select(varlab)

# standardize study ID variable for field variable dataset
field data$studyid <- strtrim(field_data$id, 5)
field data$studyid <- as.integer(field_data$studyid)

#### Note: In the lab dataset, six participants were

#### originally missing sex, and a different eight

#### participants were missing DOB information. On 7 Feb
#### 2023, I went back into REDCap to determine 1if there
#### were any updates on sex/DOB info for these

#### participants, and manually changed their corresponding
#### values into the Llab dataset. One participant had

##t## missing DOB information in REDCap but completed a
#### field interview in which they stated their DOB, so I
#### entered that value as well. (There are still three
#### participants with missing DOB). This code is not being
#### shared as it includes potentially identifying

##t## information.

# create merged dataset containing both field and L34/lab

# variables

fieldlab_combined <- merge(x = field data, y = lab_dat_nonrepeating,
by.x = "studyid", by.y = "134 studyid")

# Llab variable dataset, but only for participants with at

# Lleast one pDST result

lab_dat_nonrepeating pDST <- lab_dat_nonrepeating %>%
filter(134_dstavail == 1)

fieldlab_combined_pDST <- fieldlab_combined %>%
filter(134_dstavail == 1)

61
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# add variable indicating resistance to any fluoroquinolone
# provincial population
lab_dat_nonrepeating pDST$flq <- ifelse((lab_dat_nonrepeating pDST$134 moxihighdst ==

2 | lab_dat_nonrepeating pDST$134 moxilowdst == | lab_dat_nonrepeating pDST$134
_levofloxdst ==

2), 2, ifelse((lab_dat_nonrepeating pDST$134 moxihighdst ==

1 | lab_dat_nonrepeating_pDST$134 moxilowdst == 1 | lab_dat_nonrepeating_pDST$134
_levofloxdst ==

1), 1, 3))
# Add variable indicating cross-resistance ('2') to both
# bedaquiline and clofazimine. l1=sensitivity to both drugs,
# 4=discordant results (sensitivity to one, resistance to
# the other), 3=results are not available for both drugs
lab_dat_nonrepeating_pDST <- lab_dat_nonrepeating_pDST %>%

mutate( ifelse(134_bdqdst == 3 | 134_clofdst ==

3, 3, ifelse(134 bdqdst == 1 & 134 clofdst == 1, 1, ifelse(134 bdqdst ==
2 & 134 clofdst == 2, 2, 4))))

# eThekwini cohort
fieldlab_combined pDST$flq <- ifelse((fieldlab_combined pDST$134 moxihighdst ==

2 | fieldlab_combined pDST$134 moxilowdst == 2 | fieldlab_combined pDST$134 levof
loxdst ==

2), 2, ifelse((fieldlab_combined pDST$134 moxihighdst ==

1 | fieldlab_combined pDST$134 moxilowdst == 1 | fieldlab_combined pDST$134 levof
loxdst ==

1), 1, 3))
fieldlab_combined pDST <- fieldlab combined pDST %>%
mutate( ifelse(134 bdqdst == 3 | 134 clofdst ==

3, 3, ifelse(134_bdqdst == 1 & 134 _clofdst == 1, 1, ifelse(134_bdqdst ==
2 & 134 clofdst == 2, 2, 4))))

# transform date of collection of isolate with pDST results
# and date of birth into Date variable, and calculate age
# of participant at time of isolate collection, for Lab and
# field datasets
lab_dat_nonrepeating pDST$112 ptdob <- as.Date(lab_dat_nonrepeating pDST$112 ptdob,
"%m/%d/%Y")
lab_dat_nonrepeating pDST$134 datecollected <- as.Date(lab_dat_nonrepeating pDST$134
datecollected,
"%m/%d/%Y")
lab_dat_nonrepeating pDST$age _at_doc <- as.integer((lab_dat_nonrepeating pDST$134 dat
ecollected -
lab_dat_nonrepeating pDST$112 ptdob)/365.25)

fieldlab_combined pDST$134 datecollected <- as.Date(fieldlab_combined pDST$134 dateco
llected,
"%m/%d/%Y")
fieldlab_combined pDST$f20 dob <- as.Date(fieldlab_combined_ pDST$f20 dob,
"%m/%d/%Y")
fieldlab_combined pDST$f40 datetest <- as.Date(fieldlab combined pDST$f40 datetest,
"%m/%d/%Y")
fieldlab_combined pDST$age at doc <- as.integer((fieldlab_combined pDST$134 datecolle
cted -
fieldlab_combined pDST$f20@ dob)/365.25)

# This final step changes the participant age on the Lab
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# side to the participant age calculated using the field
# data. The participant's self-report of their DOB 1is
# viewed as more accurate than what was provided in Lab
# reports at IALCH, so the age as calculated using the
# participant's self-reported DOB replaces the age
# calculated using Lab reports from TrakCare where possible
lab_dat_nonrepeating pDST$112 ptdob <- ifelse(lab_dat_nonrepeating pDST$134 studyid %
in%
fieldlab_combined pDST$studyid, fieldlab_combined pDST$f20 dob,
lab_dat_nonrepeating pDST$112 ptdob)
lab_dat_nonrepeating pDST$112 ptdob <- as.Date.numeric(lab_dat_nonrepeating pDST$112
ptdob,
"1970-01-01")
lab_dat_nonrepeating pDST$age at doc <- ifelse(lab_dat_nonrepeating pDST$134 studyid
%in%
fieldlab_combined_pDST$studyid, fieldlab_combined_pDST$age_at_doc,
lab_dat_nonrepeating pDST$age_at_doc)

# table() and summary() used to identify implausible values
# for each variable

# Note that repetitive values of '9' for continuous

# variables indicates that information was unknown (i.e.,
# by participant during interview); these will be replaced
# with 'NA' values for the following variables for which

# these values were identified

fieldlab_combined pDST <- fieldlab combined_ pDST %>%

mutate( ifelse(f20_totincome == 999999, NA,
f20_totincome), ifelse(f20_supportfully ==
99, NA, 20 supportfully), ifelse(f20_supportpartially
99, NA, f20 supportpartially), ifelse(f20_hivnegyear ==
9999, NA, f20_hivnegyear), ifelse(f20_mdrstartmonth ==
99, NA, {20 _mdrstartmonth), ifelse(f20_morethanlmonth ==
99, NA, f20 _morethanlmonth), ifelse(f20_morethan2month =
99, NA, f20_morethan2month), ifelse(f20_xdrstartmonth ==
99, NA, {20 xdrstartmonth), ifelse(f20_sltbstartmonth ==

99, NA, f20 sltbstartmonth))

# Create HIV variable
fieldlab_combined_pDST <- fieldlab_combined_pDST %>%

mutate( ifelse(f20_hivtest == 1, ifelse(f20_hivresult ==

1, ifelse(f40_hivtestrec == 1, ifelse(f40 _yeshivrec ==

, ifelse(f40_hivresult == 1, 1, @), 0), 0), ifelse(f20 hivresult ==
, 1, ifelse(f40_hivtestrec == 1, ifelse(f40_yeshivrec ==
ifelse(f40_hivresult == 1, 1, ifelse(f40_hivresult ==
, 0, 2)), 9), 2))), ifelse(f40_hivtestrec == 1, ifelse(f40_yeshivrec ==
, ifelse(f40_hivresult == 1, 1, ifelse(f40_hivresult ==
> 0, 2)), 2), 2)))

NFPNEPENPR
-

# Create previous DR-TB treatment variable: Has participant
# previously received treatment for MDR-TB and/or SLDR-TB
# at Lleast once before date of collection of isolate with
# pDST results? First, transform start month and year of
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# MDR-TB treatment into a date variable
fieldlab_combined pDST <- fieldlab combined pDST %>%
mutate( as.character(f20_mdrstartmonth),
as.character(f20_morethanlmonth),
as.character(f20_morethan2month))

onenine <- as.character(c(1:9))
# some maneuvering to transform months into something that

# can be easily converted to a date variable--i.e., adding
# a '@0' in front of a month (transforming 1 to 01 for

# January)
fieldlab_combined_pDST <- fieldlab_combined_pDST %>%
mutate( ifelse(f20_mdrstartmonth %in%

onenine, paste("9", 20 _mdrstartmonth), 20 mdrstartmonth),
ifelse(f20_morethanlmonth %in% onenine,
paste("0", 20 _morethanlimonth), 20 morethanlmonth),
ifelse(f20_morethan2month %in% onenine,
paste("0", f20_morethan2month), f20_morethan2month))
fieldlab_combined pDST <- fieldlab combined_ pDST %>%
mutate( gsub(" ", "", f20_mdrstartmonth),
gsub(" ", "", f20_morethanlmonth),
gsub(" ", "", f20_morethan2month))

# Concatenate month, a day (first of the month), and the
# year of treatment
fieldlab_combined pDST <- fieldlab combined_ pDST %>%

mutate( paste(f20_mdrstartmonth, "01", as.character(f20_mdrstartyear),
="y, paste(f20_morethanimonth, "01",
as.character(f20_morethanlyear), -y, paste(f20_morethan2m
onth,
"01", as.character(f20_morethan2year), "-"))

# In special instances where the year 1is known, but not the
# month, set the date to December 02 [year treatment
# started]. This way, we kRnow if treatment started in the
# year previous to the year of date of collection
# (12-02-year + 30 days < date of collection), even if we
# don't have specifics on whether it occurred in the month
# prior.
fieldlab_combined pDST <- fieldlab combined_ pDST %>%
mutate( ifelse(!is.na(f20_mdrstartyear) & is.na(f20_mdrstartmonth),
paste("12", "©2", as.character(f20_mdrstartyear), "-"y,
mdrstartl), ifelse(!is.na(f20_morethanlyear) &
is.na(f20_morethanlmonth), paste("12", "02", as.character(f20_morethanlyear),
"-"), mdrstart2), ifelse(!is.na(f20_morethan2year) &
is.na(f20_morethan2month), paste("12", "©2", as.character(f20_morethan2year),
"-"), mdrstart3))

# Finally, convert this variable into a Date variable
fieldlab_combined_pDST <- fieldlab_combined_pDST %>%
mutate( as.Date(mdrstartl, "%m-%d-%Y"), as.Date(mdrstart2,
"em-%d-%Y"), as.Date(mdrstart3, "%m-%d-%Y"))
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create variable 1indicating if any treatment for MDR-TB
startment before date of isolate collection.
Specifically, did any treatment for MDR-TB (may be first
round, or the second or third) occur at the very least 1in
the month previous to collection of isolate with pDST
results (or i1f month is not known, in at Lleast the year
prior to collection)? ©=no MDR treatment before pDST,
1=MDR treatment before pDST, 2=don't know

H R OH R KB R R

fieldlab_combined_pDST <- fieldlab_combined_pDST %>%
mutate( ifelse(is.na(f20_txtb), 2, ifelse(f20_ txtb ==
1, ifelse(f20_txmdr == 1, ifelse(is.na(f20_mdrstartyear) &
is.na(f20_morethanlyear) & is.na(f20_morethanyear),
2, ifelse(f20_mdrstartyear == 9999 & is.na(f20_morethanlyear) &
is.na(f20_morethan2year), 2, ifelse(f20 _mdrstartyear ==
9999 & 120 morethanlyear == 9999 & is.na(f20_morethanyear),
2, ifelse(f20_mdrstartyear == 9999 & {20 _morethanlyear ==
9999 & f20_morethan2year == 9999, 2, ifelse((as.integer(mdrstartl) +
30) < as.integer(134_datecollected) & !is.na(mdrstartl),
1, ifelse((as.integer(mdrstart2) + 30) < as.integer(134_datecollected
) &
lis.na(mdrstart2), 1, ifelse((as.integer(mdrstart3) +
30) < as.integer(134_datecollected) & !is.na(mdrstart3),
1, 0))))))), ifelse(f20_txmdr == 2, 0, 2)),
ifelse(f20_txtb == 2, @, 2))))

# create variable indicating if anyone received previous
# treatment for DR-TB in the past. ©=no previous treatment,
# 1=previous treatment, 2=don't know
fieldlab_combined pDST <- fieldlab combined_ pDST %>%
mutate( ifelse(is.na(f20_txtb), 2, ifelse(f20_txtb ==
1, ifelse(MDRprepDST == 1, 1, ifelse(MDRprepDST == 0,
ifelse((f20_xdrdiag == 1 & is.na(f20_prevsltb)) | (20 _prevsltb ==
1 & is.na(f20_xdrdiag)), ifelse((f20_txxdr == 1 &
is.na(f20_txsltb)) | (f20_txsltb == 1 & is.na(f20_txxdr)),
1, ifelse((f20_txxdr == 2 & is.na(f20_txsltb)) |
(f20_txsltb == 2 & is.na(f20_txxdr)), 0, 2)),
ifelse((f20_xdrdiag == 2 & is.na(f20_prevsltb)) |
(f20_prevsltb == 2 & is.na(f20_xdrdiag)), 0,
2)), ifelse(MDRprepDST == 2, ifelse((f20_xdrdiag ==
1 & is.na(f20_prevsltb)) | (f20 _prevsltb == 1 & is.na(f20_xdrdiag)),
ifelse((f20_txxdr == 1 & is.na(f20_txsltb)) | (f20_txsltb ==
1 & is.na(f20_txxdr)), 1, 2), 2), 2))), ifelse(f20_txtb ==

2, 0, 2))))

# create income variable divide monthly hosuehold income by
# household members fully+partially supported by income
fieldlab_combined pDST <- fieldlab combined_ pDST %>%
mutate( ifelse(is.na(f20 supportfully) | is.na(f20 supportpartially),
ifelse(f20_support == @, 20 _totincome, f20_totincome/f20_support),
ifelse(f20_supportfully == @ & f20_supportpartially ==
0, 20 _totincome, f20 totincome/(f20_supportfully +
£20_supportpartially))))
summary (fieldlab_combined pDST$monthincpc)
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# dichotimize per capita monthly income by per capita
# monthly food poverty Line in South Africa in 2022, R663
fieldlab_combined_pDST <- fieldlab_combined_pDST %>%
mutate( ifelse(is.na(monthincpc), NA, ifelse(monthincpc <
663, 0, 1)))
table(fieldlab_combined pDST$income_cat)

# categorize age variables, for both field and lab dataset.
# Age categories: 0-19, 20-34, 35-54, 55+

fieldlab_combined pDST <- fieldlab combined pDST %>%
mutate( ifelse(is.na(age_at_doc), NA, ifelse(age_at_doc <
20, 0, ifelse(age_at_doc >= 20 & age_at_doc < 35, 1,
ifelse(age_at_doc >= 35 & age_at doc < 55, 2, 3)))))

lab_dat_nonrepeating pDST <- lab_dat_nonrepeating_ pDST %>%
mutate( ifelse(is.na(age_at_doc), NA, ifelse(age_at_doc <
20, 0, ifelse(age_at_doc >= 20 & age_at_doc < 35, 1,
ifelse(age_at_doc >= 35 & age_at _doc < 55, 2, 3)))))

# Employment status: 1=current employment or employment 1in
# the previous two years, 0=no employment in previous two
# years, 2=unknown (i.e., they are currently unemployed but
# 1t 1s unknown 1if they were employed in the past two

# years)
fieldlab_combined pDST <- fieldlab combined_ pDST %>%
mutate( ifelse(f20_currentemp == 1, 1, ifelse(is.na(f20_pastemploy),

2, ifelse(f20 _pastemploy == 1, 1, 9))))
table(fieldlab_combined pDST$employment)

labfinalvars <- as.vector(na.omit(varnames$finallab))
fieldfinalvars <- as.vector(na.omit(varnames$finalfield))

# create final and formatted datasets, with variables coded

# in a way suitable for Llogistic regression

lab_final <- lab_dat_nonrepeating_ pDST %>%
select(labfinalvars)

field final <- fieldlab_combined_pDST %>%
select(fieldfinalvars)

# Provincial population recode variables for Llogistic

# regression (i.e., to 6/1 format for binary variables, or
# specifying '@' for referent categories)

lab_final <- lab_final %>%

mutate( ifelse(1l34_isoniazid == 3, NA, 134 isoniazid -
1), ifelse(1l34_rifampicin == 3, NA, 134 rifampicin -
1), ifelse(1l34_capreodst == 3, NA, 134 capreodst -
1), ifelse(134_moxilowdst == 3, NA,
134 moxilowdst - 1), ifelse(134_moxihighdst ==
3, NA, 134 moxihighdst - 1), ifelse(134_levofloxdst ==

3, NA, 134 levofloxdst - 1), ifelse(134_linezoldst ==



3, NA, 134 linezoldst - 1), ifelse(1l34_bdqdst ==
3, NA, 134 bdqdst - 1), ifelse(1l34_clofdst ==

3, NA, 134 clofdst - 1), ifelse(flq ==

3, NA, flq - 1), (112_sex - 1), factor(age_cat))

# Dataset that will be used for analysis of provincial
# population data
lab_final noformat <- lab_final %>%
select(-(134_isoniazid:134 clofdst), -flq, -112_sex)
lab_final <- lab_final %>%
mutate( ifelse(bdq_cfz == 3, NA, bdq _cfz))

# Now, recode and reformat variables in the field dataset.
# Recode the field dataset so it is suitable for logistic
# regression analysis (i.e., set referent category equal to
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#0.)
field_final <- field_final %>%
mutate( ifelse(1l34_isoniazid == 3, NA, 134 _isoniazid -
1), ifelse(1l34_rifampicin == 3, NA, 134 rifampicin -
1), ifelse(1l34_capreodst == 3, NA, 134 capreodst -
1), ifelse(134_moxilowdst == 3, NA,
134 moxilowdst - 1), ifelse(134_moxihighdst ==
3, NA, 134 _moxihighdst - 1), ifelse(134 _levofloxdst ==
3, NA, 134 levofloxdst - 1), ifelse(1l34_linezoldst ==
3, NA, 134 linezoldst - 1), ifelse(134_bdqdst ==
3, NA, 134 bdqdst - 1), ifelse(1l34_clofdst ==
3, NA, 134 clofdst - 1), ifelse(flq ==
3, NA, flq - 1), (f20_sex - 1), factor(ifelse(f20_marit
al ==

1 | f20 marital == 3 | 20 _marital == 4, 0, ifelse(f20 marital ==
2, 1, 2))), factor(ifelse(f20_education ==
1 | f20_education == 2, @, ifelse(f20_education == 3,
1, ifelse(f20_education == 4 | f20_education == 5, 2,
3)))), factor(ifelse(f20_alcohol ==
1, 0, ifelse(f20_alcohol == 2 | f20_alcohol == 3, 1,
ifelse(f20 _alcohol == 4 | f20_alcohol == 5, 2, 3)))),
factor(ifelse(f20_prison == 2, @, f20 prison)),

factor(HIV), factor(prevtrt), factor(employment)

factor(income cat), factor(age_cat))

# Final dataset for analysis of eThekwini cohort data
field_final_noformat <- field_final %>%
select(-(134 _isoniazid:134 clofdst), -flq, -f20_sex, -f20 marital,
-f20_education, -f20 alcohol, -f20 prison)
field_final <- field_final %>%
mutate( ifelse(bdq_cfz == 3, NA, bdq_cfz))

# Create final datasets, for provincial population and

# eThekwini cohort, for each second-line drug Provincial

# population Capreomycin

lab_cap <- lab_final_noformat %>%
filter(!is.na(Capreomycin))

write.csv(lab_cap, "C:/Users/nickr/OneDrive - Emory University/Thesis/Analysis

/Analytic Datasets/lab_cap.csv")



# Fluoroquinolones

lab_f1q <- lab_final_noformat %>%
filter(!is.na(Fluoroquinolones))

write.csv(lab_flq, file = "C:/Users/nickr/OneDrive -

/Analytic Datasets/lab_flqg.csv")

# Linezolid

lab_1zd <- lab_final_noformat %>%
filter(!is.na(Linezolid))

write.csv(lab_1lzd, file = "C:/Users/nickr/OneDrive -

/Analytic Datasets/lab_lzd.csv")

# Bedaquiline

lab_bdq <- lab_final_noformat %>%
filter(!is.na(Bedaquiline))

write.csv(lab_bdq, file = "C:/Users/nickr/OneDrive -

/Analytic Datasets/lab_bdq.csv")

# Clofazimine

lab_cfz <- lab_final_noformat %>%
filter(!is.na(Clofazimine))

write.csv(lab_cfz, file = "C:/Users/nickr/OneDrive -

/Analytic Datasets/lab_cfz.csv")

# eThekwini cohort Fluoroquinolones

field _flq <- field_final noformat %>%
filter(!is.na(Fluoroquinolones))

write.csv(field_flq, file = "C:/Users/nickr/OneDrive

is/Analytic Datasets/field flqg.csv")

# Linezolid

field_1lzd <- field_final_noformat %>%
filter(!is.na(Linezolid))

write.csv(field_lzd, file = "C:/Users/nickr/OneDrive

is/Analytic Datasets/field lzd.csv")

# Bedaquiline

field_bdqg <- field_final noformat %>%
filter(!is.na(Bedaquiline))

write.csv(field_bdq, file = "C:/Users/nickr/OneDrive

is/Analytic Datasets/field bdqg.csv")

# Clofazimine

field _cfz <- field_final noformat %>%
filter(!is.na(Clofazimine))

write.csv(field_cfz, file = "C:/Users/nickr/OneDrive

is/Analytic Datasets/field cfz.csv")
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Next is code specific to the unadjusted and adjusted regression analyses. The following code is
specifically for the eThekwini cohort in which phenotypic resistance to fluoroquinolones is the
outcome. Although not shown here, similar code was written for analyses involving the
provincial population or for resistance to the other second-line drugs under consideration.

# Read in the dataset

df <- read.csv(file = "C:/Users/nickr/OneDrive - Emory University/Thesis/Analysis/Ana
lytic Datasets/field_flqg.csv")

# Read 1in collinearity macro

source(file.path("C:/Users/nickr/OneDrive - Emory University/Thesis/Analysis/collinR.

R"))
# Unadjusted sex analysis

# create logistic regression model object

glm_flg_sex <- glm(Fluoroquinolones ~ Sex, family = binomial(link = "logit"),
data = df)

# identify odds ratios and confindence intervals

cbind(exp(coef(glm_flqg_sex)), exp(confint.default(glm_flq_sex)))

# Calculate p-value using LRT

dropl(glm_flq_sex, test = "Chisq")

df$age_cat <- factor(df$age cat, levels = c(0:3))

glm_flg_age <- glm(Fluoroquinolones ~ age cat, family = binomial(link = "logit"),
data = df)

# identify odds ratios and confindence intervals

cbind(exp(coef(glm _flq_age)), exp(confint.default(glm_flq_age)))

# Calculate p-value using LRT

dropl(glm_flq_age, test = "Chisq")

glm_flg_income <- glm(Fluoroquinolones ~ income_cat, family = binomial(link = "logit"
)
data = df)
# identify odds ratios and confindence intervals
cbind(exp(coef(glm flqg_income)), exp(confint.default(glm_flqg_income)))
# Calculate p-value using LRT
dropl(glm_flq_income, test = "Chisq")

glm_flg_alc <- glm(Fluoroquinolones ~ factor(AlcoholUse), family = binomial(link = "1
ogit"),
data = df)
# identify odds ratios and confindence intervals
cbind(exp(coef(glm flqg_alc)), exp(confint.default(glm_flq_alc)))
# Calculate p-value using LRT
dropl(glm_flq_alc, test = "Chisq")

glm_flqg_hiv <- glm(Fluoroquinolones ~ factor(HIV), family = binomial(link = "logit"),
data = df)

# identify odds ratios and confindence intervals

cbind(exp(coef(glm _flqg_hiv)), exp(confint.default(glm_flq_hiv)))

# Calculate p-value using LRT

dropl(glm_flq_hiv, test = "Chisq")
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#### Part 2: Adjusted Analysis

#### Adjusted analysis of HIV Note: needed to drop

#### factor(prevtrt)*factor(HIV) for collinearity

#### diagnostics to run. Dropped no variables to reduce

#### Largest CI to under 30 and to ensure that <2 VDPs have

#### a value of 0.5 or greater. Creation of initial model

#### and collinearity assessment

glm_flg_hiv_adj <- glm(Fluoroquinolones ~ factor(HIV) + Sex +
factor(Incarceration) + factor(employment) + factor(Education) +
factor(AlcoholUse) + factor(age_cat) + factor(MaritalStatus) +
factor(prevtrt), family = binomial(link = "logit"), data = df)

collinR(glm_flqg_hiv_adj)

# Interaction assessment not possible.

cbind(exp(coef(glm flq_hiv_adj)), exp(confint.default(glm flq hiv_adj)))

# Calculate p-value using LRT

dropl(glm_flq_hiv_adj, test = "Chisq")

#### Adjusted analysis of alcohol consumption Note: needed

#### to drop factor(prevtrt)*factor(AlcoholUse) for

#### collinearity diagnostics to run. Dropped no variables

#### to reduce largest CI to under 30 and to ensure that <2

#### VDPs have a value of 0.5 or greater. Creation of

#### initial model and collinearity assessment

glm_flqg_alc_adj <- glm(Fluoroquinolones ~ factor(AlcoholUse) +
factor(age_cat) + Sex + factor(Incarceration) + factor(Education) +
income_cat + factor(prevtrt), family = binomial(link = "logit"),
data = df)

collinR(glm _flqg_alc_adj)

# Interaction assessment not possible.

cbind(exp(coef(glm _flq_alc_adj)), exp(confint.default(glm flq_alc_adj)))

# Calculate p-value using LRT

dropl(glm_flq_alc_adj, test = "Chisq")

#### Adjusted analysis for income Note: needed to drop no

#### variables for collinearity diagnostics to run. Dropped

#### no variables to reduce largest CI to under 30 and to

#### ensure that <2 VDPs have a value of 6.5 or greater.

#### Creation of initial model and collinearity assessment

glm_flqg_income_adj <- glm(Fluoroquinolones ~ income_cat + factor(employment) +
Sex + factor(age_cat) + factor(Education) + factor(prevtrt) +
factor(prevtrt) * income_cat, family = binomial(link = "logit"),
data = df)

collinR(glm_flqg_income_adj)

# Interaction assessment. We are interested in whether

# prevtrt*income is a significant interaction, and will use

# the Likelihood Ratio Test to assess whether this

# interaction 1is statistically significant. Create full and

# reduced models with and without the 1interaction term full

glm_flqg_income_adj_full <- glm(Fluoroquinolones ~ income_cat +
factor(employment) + Sex + factor(age_cat) + factor(Education) +
factor(prevtrt) + factor(prevtrt) * income_cat, family = binomial(link = "logit")

)
data = df)

# reduced



71

glm_flqg_income_adj_reduced <- glm(Fluoroquinolones ~ income_cat +
factor(employment) + Sex + factor(age_cat) + factor(Education) +
factor(prevtrt), family = binomial(link = "logit"), data = df)

# LRT

anova(glm_flqg_income_adj_reduced, glm flq_income_adj full, test = "Chisq")

# p=0.14; 1interaction is not significant. Gold standard

# model 1is reduced model.

cbind(exp(coef(glm _flq_income_adj _reduced)), exp(confint.default(glm_flq_income_adj_r

educed)))

# Calculate p-value using LRT

dropl(glm_flq_income_adj_reduced, test = "Chisq")

#### Adjusted analysis of age Note: needed to drop

#### factor(prevtrt)*factor(age_cat) for collinearity

#### diagnostics to run. Dropped no variables to reduce

#### Largest CI to under 30 and to ensure that <2 VDPs have

#### a value of 0.5 or greater. Creation of initial model

#### and collinearity assessment

glm_flg_age_adj <- glm(Fluoroquinolones ~ factor(age_cat) + factor(prevtrt),
family = binomial(link = "logit"), data = df)

collinR(glm_flq_age_adj)

# Interaction assessment not possible.

cbind(exp(coef(glm flq_age _adj)), exp(confint.default(glm flq age adj)))

# Calculate p-value using LRT

dropl(glm_flq_age_adj, test = "Chisq")

#### Adjusted analysis for sex Note: needed to drop no

#### variables for collinearity diagnostics to run. Dropped

#### no variables to reduce largest CI to under 30 and to

#### ensure that <2 VDPs have a value of 6.5 or greater.

#### Creation of initial model and collinearity assessment

glm_flg_sex_adj <- glm(Fluoroquinolones ~ Sex + factor(prevtrt) +
factor(prevtrt) * Sex, family = binomial(link = "logit"),
data = df)

collinR(glm_flqg_sex_adj)

# Interaction assessment for sex Use Likelihood Ratio Test

# to assess significance of interaction between sex and

# previous treatment for DR-TB on the whole full model

glm_flqg_sex_adj_full <- glm(Fluoroquinolones ~ Sex + factor(prevtrt) +
factor(prevtrt) * Sex, family = binomial(link = "logit"),
data = df)

# reduced model

glm_flg_sex_adj_reduced <- glm(Fluoroquinolones ~ Sex + factor(prevtrt),
family = binomial(link = "logit"), data = df)

# LRT

anova(glm_flq sex_adj_reduced, glm flq_sex_adj full, test = "Chisq")

# p=0.71; interaction is not significant. Use reduced model

# as gold standard

cbind(exp(coef(glm_flq_sex_adj_reduced)), exp(confint.default(glm_flq_sex_adj_reduced

)))

# Calculate p-value using LRT

dropl(glm_flqg_sex_adj_reduced, test = "Chisq")
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