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Abstract

Background: Drug-resistant tuberculosis (DR-TB) remains a major challenge in high-burden
rural settings where biological, health-system, and social determinants interact. This study
integrated whole-genome sequencing (WGS), mathematical modelling and Community-
Based Participatory Research (CBPR)-informed principles to examine DR-TB within a
conceptual biosocial framework. Methods: WGS data from 32 Mycobacterium tuberculosis
isolates were analysed for resistance-associated mutations, phylogenetic lineages and
genomic relatedness. A deterministic two-strain model explored drug-susceptible (DS) and
DR-TB transmission. Hypothetical CBPR-informed scenarios modified transmission (β),
treatment initiation (γ) and resistance amplification (α) parameters over 10 years. Results:
Twenty-seven isolates (84.4%) showed resistance to at least one anti-TB drug, and 15 (46.9%)
met MDR-TB criteria. Lineages 2 and 4 predominated. Under predefined assumptions,
community-informed scenarios produced approximately 40–60% reductions in modelled
DS-TB transmission and 20–35% reductions in DR-TB transmission relative to baseline.
Conclusions: Integrating genomic evidence with transmission modelling and community-
informed assumptions provides a useful hypothesis-generating framework for examining
DR-TB. However, the modelled scenarios are exploratory and do not demonstrate the
effectiveness of the CBPR intervention. Prospective studies using larger genomic datasets,
longitudinal epidemiological data, and empirically measured community-level parameters
are required.

Keywords: Tuberculosis; drug-resistant tuberculosis; whole-genome sequencing;
Community-Based Participatory Research; transmission modelling; genomic epidemiology;
rural health; South Africa

1. Introduction
Tuberculosis (TB) remains a major global public health challenge, particularly in high-

burden and resource-constrained settings [1]. Drug-resistant tuberculosis (DR-TB) further
threatens TB control by reducing treatment effectiveness, increasing therapeutic complexity,

Infect. Dis. Rep. 2026, 18, 110 https://doi.org/10.3390/idr18050110

https://crossmark.crossref.org/dialog?doi=10.3390/idr18050110&domain=pdf&date_stamp=2026-09-29
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/idr
https://www.mdpi.com
https://orcid.org/0000-0002-7308-4239
https://orcid.org/0000-0002-6112-7764
https://orcid.org/0000-0002-1329-3864
https://doi.org/10.3390/idr18050110


Infect. Dis. Rep. 2026, 18, 110 2 of 21

and contributing to adverse outcomes [2]. In South Africa, both transmission of resis-
tant Mycobacterium tuberculosis strains and amplification of resistance during treatment
contribute to the continuing DR-TB burden [3,4]. Whole-genome sequencing (WGS) has
strengthened TB molecular epidemiology by enabling high-resolution characterization of
resistance-associated mutations, phylogenetic lineages, and genomic relatedness [5]. When
combined with epidemiological information, genomic data can support investigation of
possible transmission patterns and circulating resistant strains [6,7]. However, genomic
similarity alone cannot establish direct person-to-person transmission, particularly when
contact, spatial, and temporal linkage data are unavailable. Genomic evidence should
therefore complement conventional epidemiological investigation [8]. Mathematical trans-
mission models provide an additional approach to examining processes that influence
drug-susceptible (DS) and DR-TB dynamics and to exploring hypothetical intervention
scenarios [9]. Their outputs, however, depend on model structure, parameterization, and
assumptions and should not be interpreted as observed population effects unless appropri-
ately calibrated and validated. Importantly, DR-TB transmission is influenced not only by
pathogen biology but also by behavioural, social, structural, and health-system conditions.
Delayed healthcare seeking, treatment interruption, stigma, poverty, geographical barriers,
and limited access to diagnosis and treatment may contribute to ongoing transmission and
poor treatment continuity [10]. These challenges are particularly relevant in rural South
African settings. Community-Based Participatory Research (CBPR) provides a framework
for incorporating community perspectives into the identification of health priorities, the
development of interventions, and their evaluation [11]. Community-engaged approaches
may influence TB transmission by promoting earlier healthcare-seeking, improving treat-
ment continuity, strengthening infection-prevention practices, enhancing health literacy,
and strengthening trust in healthcare services. However, these effects require empirical
evaluation. Few studies have explicitly integrated community-informed mechanisms with
genomic evidence and mathematical modelling of DR-TB transmission.

This study, therefore, integrated WGS, exploratory mathematical transmission mod-
elling, and CBPR-informed scenario development within a conceptual biosocial frame-
work. The objectives were to characterize resistance-associated mutations, phylogenetic
lineages, and genomic relatedness; examine DS-TB and DR-TB transmission dynamics
using an exploratory two-strain model; and assess how predefined community-informed
changes in transmission, treatment initiation, and resistance-amplification parameters
could alter projected transmission dynamics. The modeling scenarios were hypothesis-
generating and were not designed to estimate the effectiveness of prospectively imple-
mented CBPR interventions.

2. Methodology
2.1. Study Design and Setting

This retrospective laboratory-based study integrated whole-genome sequencing (WGS)
with deterministic mathematical transmission modelling to examine drug-sensitive (DS)
and drug-resistant (DR) tuberculosis (TB). WGS was used to characterise resistance-
associated mutations, phylogenetic lineages, and genomic relatedness, while mathematical
modelling explored hypothetical DS-TB and DR-TB transmission scenarios. Community-
Based Participatory Research (CBPR) was not conducted or prospectively evaluated as
an intervention in this study. Rather, CBPR principles were used solely as a conceptual
framework to inform predefined hypothetical modifications of selected epidemiological
parameters. Accordingly, empirical genomic findings were clearly distinguished from
model-based projections and conceptual community-informed assumptions.
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The study was conducted in O.R. Tambo District Municipality, Eastern Cape Province,
South Africa (Figure 1). The predominantly rural district comprises five local municipalities
and has a population exceeding 1.5 million, with approximately 93% of residents living
in rural communities [12–15]. Culture-confirmed Mycobacterium tuberculosis isolates were
obtained from patients receiving routine TB diagnostic and treatment services at public
healthcare facilities between 2018 and 2020. Laboratory confirmation, culture, and stor-
age were undertaken through the National Health Laboratory Service. The 32 isolates
included in the genomic analysis constituted a selected retrospective sample of archived,
culture-confirmed M. tuberculosis isolates rather than a population-representative sample
of all notified TB cases in O.R. Tambo District. Consequently, the proportion of MDR-TB
observed among the sequenced isolates (46.9%) should not be interpreted as the population
prevalence or notification proportion of MDR-TB in the district. Population-level surveil-
lance indicators and sample-specific genomic resistance proportions represent distinct
epidemiological measures and were therefore interpreted separately.

Figure 1. O.R. Tambo District Municipality administrative boundaries. Adapted from Municipalities
of South Africa [13].

2.2. Case Ascertainment and Whole-Genome Sequencing

Archived culture-confirmed Mycobacterium tuberculosis isolates were selected based on
culture viability, availability of laboratory records, DNA quality, and successful sequencing.
Contaminated or non-viable cultures, isolates with inadequate DNA, sequencing quality-
control failures, duplicates, and isolates with incomplete genomic data were excluded. No
prospective patient recruitment was undertaken.

Of 36 isolates processed, 32 (88.9%) successfully underwent whole-genome sequencing
(WGS). DNA was fragmented using the NEB Ultra II FS kit, size-selected using AMPure XP
beads, ligated to Illumina adapters, indexed, normalised to 4 nM, and sequenced using the
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Illumina MiSeq v3 600-cycle kit (Illumina, Inc., San Diego, CA, USA), generating paired-end
2 × 300 bp reads.

Resistance profiling and lineage classification were performed with TB-Profiler against
the M. tuberculosis H37Rv reference genome, followed by additional processing with the
Unified Sequence Analysis Pipeline. Reads were quality-trimmed using Trimmomatic
and aligned to H37Rv (NC000962.3) using BWA, SMALT, and Novoalign. Variants were
identified using SAMtools and GATK. Resistance-associated loci included rpoB, katG, the
fabG1/inhA promoter region, gyrA, and rrs.

MDR-TB was defined as resistance to at least rifampicin and isoniazid; pre-XDR-
TB as MDR/RR-TB with additional resistance to any fluoroquinolone; and XDR-TB as
MDR/RR-TB with fluoroquinolone resistance and additional resistance to bedaquiline or
linezolid. rrs mutations were not used to assign pre-XDR-TB or XDR-TB status. Pairwise
SNP distances were not used to define transmission clusters; genomic similarities were
therefore interpreted as genetic relatedness rather than confirmed transmission.

2.3. Mathematical Transmission Model and Parameterisation

A deterministic two-strain compartmental model was developed to explore the trans-
mission dynamics of drug-sensitive (DS) and drug-resistant (DR) tuberculosis and to
examine the potential effects of community-informed interventions on these dynamics.
The model was intended as an exploratory, hypothesis-generating framework rather than
a calibrated forecasting model for the O.R. Tambo District. Mathematical modelling ap-
proaches incorporating treatment and control interventions have previously been applied
to investigate TB transmission dynamics [9].

2.3.1. Model Structure

The total model population, N, was divided into nine epidemiological compartments:
susceptible individuals (S); individuals latently infected with DS-TB (Es); individuals with
infectious DS-TB (Is); individuals receiving treatment for DS-TB (Ts); individuals recovered
from DS-TB (Rs); individuals latently infected with DR-TB (Er); individuals with infectious
DR-TB (Ir); individuals receiving treatment for DR-TB (Tr); and individuals recovered
from DR-TB (Rr).

The total population was therefore defined as

N = S + Es + Is + Ts + Rs + Er + Ir + Tr + Rr

Separate transmission pathways were specified for DS-TB and DR-TB. Susceptible in-
dividuals acquired DS-TB or DR-TB following effective contact with infectious individuals.
The respective forces of infection were defined as

λs = βsIs/N

λr = βrIr/N

whereβs andβr denote the effective transmission coefficients for DS-TB and DR-TB, respectively.
Individuals with latent infection progressed to active infectious disease at rates σs and

σr. Infectious individuals initiated treatment at rates γs and γr, while treated individuals
recovered at rates ρs and ρr. Background mortality was represented by µ, and additional
TB-related mortality was represented by ds and dr for DS-TB and DR-TB, respectively.

Resistance amplification during DS-TB treatment was represented by the parameter
α. This pathway was included to distinguish primary transmission of an already resistant
strain, represented by λr, from the amplification of resistance during treatment, represented
by α.
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The resulting system of ordinary differential equations was

dS/dt = Λ − (λs + λr)S − µS

dEs/dt = λsS − (σs + µ)Es

dIs/dt = σsEs − (γs + µ + ds)Is

dTs/dt = γsIs − (ρs + α + µ)Ts

dRs/dt = ρsTs − µRs

dEr/dt = λrS + αTs − (σr + µ)Er

dIr/dt = σrEr − (γr + µ + dr)Ir

dTr/dt = γrIr − (ρr + µ)Tr

dRr/dt = ρrTr − µRr

Here, Λ represents recruitment into the susceptible population.

2.3.2. Model Assumptions

The model assumed homogeneous mixing, constant demographic conditions over
the simulation period, and a closed model population apart from demographic recruit-
ment and mortality. Reinfection, migration, age structure, HIV co-infection, heterogeneous
contact patterns, and stochastic variation were not explicitly represented. These sim-
plifications were considered appropriate for the exploratory purpose of comparing the
relative behaviour of DS-TB and DR-TB under predefined intervention scenarios rather
than reproducing the complete epidemiology of TB in the study population.

Importantly, the 32 WGS isolates were not used to estimate the dynamic epidemio-
logical parameters of the model. Instead, the genomic findings informed its biological
structure by demonstrating the coexistence of drug-sensitive and drug-resistant profiles and
identifying resistance-associated mutations consistent with the need to represent separate
DS-TB and DR-TB pathways and resistance amplification. Consequently, observed muta-
tion frequencies, resistance-class frequencies, lineage frequencies, and genomic relatedness
were not treated as direct estimates of β, σ, γ, ρ, α, or R0.

2.3.3. Model Parameterisation

The complete parameter set used for the simulations is presented in Table 1. Baseline
parameter values were informed by the published TB epidemiological and mathematical-
modelling literature where suitable estimates were available and by explicit modelling
assumptions where empirical estimates were unavailable. Mathematical TB models in-
corporating treatment, incomplete treatment, first- and second-line treatment, heteroge-
neous disease progression, and intervention strategies provided the conceptual basis for
parameter selection [9].

The baseline effective transmission coefficients were set at βs = 0.44 year−1 for DS-TB
and βr = 1.10 year−1 for DR-TB. Progression from latent infection to active disease was rep-
resented by σs = σr = 0.10 year−1. Baseline treatment-initiation rates were γs = 6.50 year−1

for DS-TB and γr = 4.00 year−1 for DR-TB. The lower treatment-initiation rate specified for
DR-TB represented a longer pathway to initiation of an appropriate resistant-TB regimen.

Successful treatment recovery rates were set at ρs = 0.85 year−1 and ρr = 0.60 year−1.
Resistance amplification during DS-TB treatment was represented by α = 0.10 year−1.
Background mortality was set at µ = 0.011 year−1, while additional TB-related mortality
rates were ds = 0.05 year−1 for DS-TB and dr = 0.10 year−1 for DR-TB. Simulations were
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conducted for an initial hypothetical model population of 100,000 individuals over a 10-year
time horizon.

Table 1. Parameter values used in deterministic two-strain (drug-sensitive and drug-resistant)
tuberculosis transmission model.

Parameter
(Symbol) Definition Units Baseline

Moderate
Community
Education a

High-Intensity
Community

Engagement b
Source/Justification

βs
Transmission rate

(drug-sensitive TB) year−1 0.44 0.33 0.22 Calibrated to give
R0s ≈ 1.29 [16–18]

βr
Transmission rate

(drug-resistant TB) year−1 1.10 0.83 0.55 Calibrated to give
R0r ≈ 2.04 [16–18]

σs

Progression rate from
latent to active

disease (DS)
year−1 0.10 0.10 0.10 The literature [19,20]

σr

Progression rate from
latent to active
disease (DR)

year−1 0.10 0.10 0.10 Assumed same
as DS [19]

γs
Treatment initiation

rate (DS) year−1 6.50 8.13 9.75 Inverse of average
diagnostic delay [21,22]

γr
Treatment initiation

rate (DR) year−1 4.00 5.00 6.00 Longer delays for
DR-TB [21,22]

ρs
Successful treatment

recovery rate (DS) year−1 0.85 0.85 0.85 Typical treatment
success [23,24]

ρr
Successful treatment
recovery rate (DR) year−1 0.60 0.60 0.60 Lower success for

DR-TB [23,24]

α
Resistance amplification
rate (DS → DR during

treatment)
year−1 0.10 0.05 0.02

Assumed reduction
with improved

adherence [25,26]

µ
Background (natural)

mortality rate year−1 0.011 0.011 0.011
South African life

expectancy
(≈67 years) [27]

ds
TB-related mortality

rate (DS) year−1 0.05 0.05 0.05 The literature [28,29]

dr
TB-related mortality

rate (DR) year−1 0.10 0.10 0.10 Higher mortality for
DR-TB [28,29]

N Total population size
(modelled) persons 100,000 100,000 100,000

Hypothetical closed
population for

simulations

Time horizon Simulation period years 10 10 10 As specified in Methods

Derived
quantities

R0s
Basic reproduction
number (DS-TB) c – 1.29 0.97 0.65 Calculated from model

parameters

R0r
Basic reproduction
number (DR-TB) c – 2.04 1.53 1.02 Calculated from model

parameters
a Moderate community education scenario: 25% reduction in transmission rates (βs and βr), 25%
increase in treatment initiation rates (γs and γr), and 50% reduction in resistance amplification (α).
b High-intensity community engagement scenario: 50% reduction in transmission rates (βs and βr),
50% increase in treatment initiation rates (γs and γr), and 80% reduction in resistance amplification (α).
c R0 calculated using the next-generation matrix for the infectious compartments, with the simplified
relationship R0 ≈ β/(γ + µ + d).

Table 1 summarises the epidemiological parameters used to parameterise the determin-
istic two-strain model under baseline, moderate community education, and high-intensity
community engagement scenarios. Parameters describing biological progression, recovery,
background mortality, and TB-related mortality were held constant across the intervention
scenarios. Intervention effects were introduced specifically through parameters considered
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plausibly responsive to improved health literacy, care-seeking, treatment continuity, and
community participation.

The numerical parameterisation of the DS–DR transmission model and the correspond-
ing baseline, moderate community education and high-intensity community engagement
scenarios are presented in Table 1. To improve transparency regarding the origin and inter-
pretation of these parameters, Table 2 provides the supporting epidemiological evidence
and modelling justification for each parameter. This distinction was particularly important
because the WGS component of the study was not designed to estimate population-level
transmission, progression, treatment or mortality rates. Consequently, the genomic data
informed the biological structure of the model and the representation of DS-TB and DR-TB
pathways but were not used to derive numerical estimates of β, σ, γ, ρ, α, µ, or d.

As shown in Table 2, parameters describing TB natural history, treatment pathways
and mortality were informed by published epidemiological evidence where appropri-
ate [19–24,27,29]. In contrast, parameters for which direct study-specific estimates were
unavailable were explicitly treated as modelling assumptions. In particular, the DS-TB
and DR-TB transmission coefficients (βs and βr) were model-calibrated parameters used
to generate comparative transmission scenarios rather than estimates obtained from the
32 sequenced isolates [16–18]. Similarly, the resistance-amplification parameter (α) was
introduced to represent the potential development or amplification of resistance during
treatment, while reductions in α under the intervention scenarios represented the hypothe-
sised effect of improved adherence and retention in care [25,26].

Tables 1 and 2 therefore separate numerical model inputs from their evidence base and
assumptions. This approach allows the simulated outcomes to be interpreted as conditional,
hypothesis-generating projections rather than empirical forecasts for the study district.
The moderate and high-intensity intervention scenarios should likewise be interpreted
as predefined counterfactual scenarios designed to examine how progressively reduced
transmission and resistance amplification, together with earlier treatment initiation, could
alter DS-TB and DR-TB dynamics.

Table 2. Evidence Base and Justification for Epidemiological Parameters Used in the DS–DR Tubercu-
losis Transmission Model.

Parameter Link to Table 1 Evidence Base and Justification Reference(s)

DS-TB transmission
rate (βs)

Baseline: 0.44 year−1;
modified under

intervention scenarios

Model-calibrated transmission parameter used to represent effective
transmission of DS-TB. Published TB transmission and mathematical

modelling studies informed the biological structure and plausible
transmission dynamics. The exact value was not estimated from the

WGS dataset.

[16–18]

DR-TB
transmission rate

(βr)

Baseline: 1.10 year−1;
modified under

intervention scenarios

Model-calibrated parameter representing effective transmission of DR-TB. It
was specified for comparative scenario analysis and was not directly

estimated from genomic clustering, mutation frequencies, or the
32 WGS isolates.

[16–18]

DS-TB progression
rate (σs)

0.10 year−1 Assumed latent-to-active disease progression rate informed by published
evidence on the natural history and timing of progression to active TB. [19,20]

DR-TB progression
rate (σr)

0.10 year−1
Assumed equal to the DS-TB progression rate because the present genomic

dataset did not provide an empirical estimate of differential progression
according to resistance phenotype.

[19,20]

DS-TB treatment-
initiation
rate (γs)

Baseline: 6.50 year−1;
increased in intervention

scenarios

Model parameter representing movement from infectious DS-TB to treatment.
Intervention-related increases represent earlier symptom recognition,

healthcare seeking, diagnosis and treatment initiation. The exact rate is a
modelling assumption rather than an estimate from the WGS data.

[22]

DR-TB treatment-
initiation
rate (γr)

Baseline: 4.00 year−1;
increased in intervention

scenarios

A lower baseline rate was used to represent potentially longer pathways to
appropriate DR-TB treatment. South African evidence demonstrates clinically

important delays between diagnosis and initiation of DR-TB treatment.
[21–23]
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Table 2. Cont.

Parameter Link to Table 1 Evidence Base and Justification Reference(s)

DS-TB treatment
recovery rate (ρs)

0.85 year−1

Informed by the comparatively high treatment success reported for
drug-susceptible TB. The parameter is used as a model transition rate and

should not be interpreted as identical to the reported proportion of patients
with successful treatment outcomes.

[22]

DR-TB treatment
recovery rate (ρr)

0.60 year−1
A lower recovery rate was specified to reflect poorer treatment outcomes and
greater therapeutic complexity associated with MDR/RR-TB compared with

drug-susceptible TB.
[22–24]

Resistance
amplification (α)

Baseline: 0.10 year−1;
0.05 moderate; 0.02

high-intensity

Represents amplification of drug resistance during DS-TB treatment. The
baseline value is a modelling assumption. Reductions in intervention

scenarios represent the expected direction of effect from improved treatment
adherence, retention in care and continuity of treatment rather than

empirically measured intervention effects.

[25,26]

Background
mortality (µ) 0.011 year−1 Approximate demographic mortality parameter used for the hypothetical

model population and informed by South African demographic estimates. [27]

DS-TB excess
mortality (ds)

0.05 year−1
Assumed TB-specific excess mortality parameter informed by evidence on the
natural history, mortality and outcomes of TB. The precise numerical rate was

not estimated from the study dataset.
[19,22]

DR-TB excess
mortality (dr)

0.10 year−1 A higher excess mortality parameter was assumed for DR-TB to represent its
poorer outcomes and greater treatment complexity relative to DS-TB. [22–24,28]

Population (N) 100,000 persons
Hypothetical closed model population selected to facilitate comparison of

transmission trajectories across scenarios; not the observed population size of
the study area.

Model
assumption

Simulation horizon 10 years
Predefined period used to examine medium-term differences between

baseline, moderate community education and high-intensity community
engagement scenarios.

Note: Table 2 should be interpreted together with Table 1. Table 1 reports the numerical parameter
values used in the model and their modification across the three scenarios, whereas Table 2 distin-
guishes parameters informed by published evidence from values introduced as explicit modelling
assumptions. Literature citations support the epidemiological rationale, direction and, where applica-
ble, plausible magnitude of the parameters; they should not be interpreted as direct empirical sources
for every exact numerical value used in Table 1.

2.3.4. Community-Informed Intervention Scenarios

Three scenarios were examined: baseline, moderate community education, and high-
intensity community engagement.

The baseline scenario represented model behaviour in the absence of an additional
community-engaged health-literacy intervention.

Under the moderate community education scenario, the effective transmission coefficients
for DS-TB and DR-TB were reduced by 25%, treatment-initiation rates were increased by 25%,
and resistance amplification during DS-TB treatment was reduced by 50%. Accordingly, βs

decreased from 0.44 to 0.33 year−1 and βr from 1.10 to 0.83 year−1, γs increased from 6.50 to
8.13 year−1 and γr from 4.00 to 5.00 year−1, and α decreased from 0.10 to 0.05 year−1.

Under the high-intensity community engagement scenario, the effective transmission
coefficients were reduced by 50%, treatment-initiation rates were increased by 50%, and
resistance amplification was reduced by 80%. Thus, βs decreased to 0.22 year−1 and βr to
0.55 year−1, γs increased to 9.75 year−1 and γr to 6.00 year−1, and α decreased to 0.02 year−1.

These modifications were intended to represent plausible pathways through which
community-engaged TB health literacy could influence transmission. Reduced β repre-
sents improved infection-prevention behaviour, including earlier symptom recognition,
ventilation, cough hygiene, and reduced exposure to infectious individuals. Increased γ

represents earlier healthcare-seeking, diagnosis, linkage to care, and treatment initiation.
Reduced α represents improved treatment adherence and continuity, thereby decreasing
opportunities for resistance amplification.

https://doi.org/10.3390/idr18050110
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The moderate and high-intensity parameter modifications were predefined counterfac-
tual modelling assumptions. They were not estimated from the WGS dataset, prospectively
implemented community interventions, or empirical CBPR effectiveness data. The scenar-
ios were therefore designed to examine the direction and magnitude of model responses to
progressively stronger community-informed changes rather than to estimate the effective-
ness of a specific intervention.

2.3.5. Reproduction Numbers

The basic reproduction numbers for DS-TB and DR-TB were derived from the corre-
sponding infection subsystems using the next-generation matrix approach. In simplified
form, transmission potential depends on the transmission coefficient, probability of pro-
gression to infectious disease, and expected duration of infectiousness. For each strain, this
relationship can be represented as

R0s = βsσs/[(σs + µ)(γs + µ + ds)]

R0r = βrσr/[(σr + µ)(γr + µ + dr)]

The reproduction numbers were therefore derived model quantities rather than pa-
rameters estimated from the 32 WGS isolates.

Under the selected baseline parameterisation, the model produced illustrative repro-
duction numbers of approximately 1.29 for DS-TB and 2.04 for DR-TB. Under the moderate
community-education scenario, the corresponding values were approximately 0.97 and
1.53, respectively. Under the high-intensity scenario, the corresponding model values were
approximately 0.65 for DS-TB and 1.02 for DR-TB. These values represent deterministic sce-
nario outputs conditional on the specified parameterisation and should not be interpreted
as empirical reproduction-number estimates for the O.R. Tambo District.

2.3.6. Simulation and Sensitivity Analysis

The system of ordinary differential equations was simulated over a 10-year time
horizon under each intervention scenario. The primary model outputs were the trajectories
of active DS-TB and DR-TB, the relative contribution of resistant disease over time, and the
strain-specific reproduction numbers.

Because the model was exploratory and was not fitted to longitudinal incidence, preva-
lence, notification, or contact-tracing data, formal statistical confidence or Bayesian credible
intervals were not calculated. Instead, uncertainty was examined through deterministic
scenario and sensitivity analyses. Key parameters governing transmission and intervention
effects, particularly βs, βr, γs, γr, and α, were varied around their baseline values to evalu-
ate the sensitivity of the reproduction numbers and projected transmission trajectories to
alternative assumptions.

Particular attention was given to the transmission coefficients because changes in
βs and βr directly alter the forces of infection. Treatment-initiation rates were varied to
examine the consequences of shortening or extending the infectious period, while α was
varied to evaluate the influence of resistance amplification during DS-TB treatment. The
moderate and high-intensity community scenarios themselves therefore also functioned as
structured sensitivity analyses of progressively stronger reductions in transmission and
resistance amplification and increases in treatment initiation.

Model outputs were interpreted as conditional projections rather than forecasts. No
attempt was made to infer district-specific transmission rates, predict future case numbers,
or estimate the observed effectiveness of community engagement from the simulations.
Instead, the model was used to examine whether biologically and socially plausible changes
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in transmission, treatment initiation, and resistance amplification could alter the relative dy-
namics of DS-TB and DR-TB and to generate hypotheses for future empirical investigation.

Generative artificial intelligence (GenAI) was used during manuscript preparation
to assist with language refinement, organisation and presentation of manuscript text, and
refinement of the conceptual presentation of the mathematical modelling framework. Chat-
GPT (OpenAI, San Francisco, CA, USA), powered by GPT-5.6 Sol, was used for these
purposes. The GenAI tool was not used to generate the whole-genome sequencing data, per-
form laboratory procedures, determine resistance classifications, or independently generate
or validate the study findings. All AI-assisted outputs were critically reviewed, verified and
revised by the authors against the underlying study data and relevant literature. The authors
take full responsibility for the accuracy, interpretation and final content of the manuscript.

2.4. Community-Informed Conceptual Scenarios and Simulation

Community-Based Participatory Research (CBPR) was not conducted, prospectively
implemented, or evaluated as an intervention in the present study, and no primary
community-level data were collected for this analysis. Instead, CBPR principles were
used solely as a conceptual framework for constructing hypothetical transmission-model
scenarios representing plausible pathways through which community-oriented approaches
could influence TB transmission and care.

Three model parameters were modified under these predefined scenarios: transmis-
sion coefficients (βs and βr), treatment-initiation rates (γs and γr), and the resistance-
amplification parameter (α). Reductions in βs and βr represented hypothetical improve-
ments in infection-prevention practices; increases in γs and γr represented earlier healthcare
seeking and treatment initiation; and reductions in α represented improved treatment ad-
herence and continuity. These parameter modifications were modelling assumptions and
were not derived from empirical CBPR findings, community engagement activities, or
observed intervention effects.

Three scenarios were evaluated: baseline, moderate community-informed, and high-
intensity community-informed. Simulations were conducted over 10 years using determin-
istic numerical solutions. Outcomes included projected DS-TB and DR-TB trajectories, as
well as illustrative basic reproduction numbers (R0). Because the model was exploratory
and was not calibrated to observed district-level epidemiological data, the resulting out-
puts were interpreted as hypothesis-generating scenario projections rather than empirical
estimates, forecasts, or evidence of CBPR effectiveness. Statistical confidence or credible
intervals were not calculated.

3. Results
3.1. Distribution of Drug-Sensitive and Drug-Resistant Strains

Whole-genome sequencing of 32 Mycobacterium tuberculosis isolates identified
resistance-associated mutations to at least one anti-tuberculosis drug in 27 isolates (84.4%).
In contrast, five (15.6%) had no identified resistance-associated mutations for the drugs
evaluated. MDR-TB was the most common resistance category, accounting for 15 isolates
(46.9%), while six isolates (18.8%) had other resistance profiles that did not meet MDR-TB
criteria. Using current WHO definitions, pre-XDR-TB was assigned only where MDR/RR-
TB occurred with additional fluoroquinolone resistance. The rrs mutations were not used
to classify pre-XDR-TB or XDR-TB. XDR-TB was not assigned because sufficient validated
genomic evidence of resistance to bedaquiline or linezolid was unavailable. Given the
cross-sectional design, the observed resistance profiles were not interpreted as evidence of
sequential acquisition or progression of resistance.
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3.2. Lineage Distribution and Resistance Profiles

Lineage 4 (Euro-American) accounted for 46.9% (n = 15) of isolates and Lineage 2
(East Asian, including Beijing-family strains) for 40.6% (n = 13). Lineages 1 and 3 were each
represented by a single isolate, while a third isolate exhibited mixed-lineage characteristics.
MDR-TB occurred among both Lineage 2 and Lineage 4 isolates, whereas fluoroquinolone
resistance-associated mutations were observed predominantly among Lineage 2 isolates.
When fluoroquinolone resistance co-occurred with MDR/RR-TB, isolates were evaluated
for pre-XDR-TB classification. Although complex resistance profiles were more frequent
among Lineage 2 isolates, the small numbers within individual categories precluded
statistical inference about associations between lineage and advanced drug resistance.

3.3. Resistance-Associated Mutations

Canonical resistance-associated mutations were identified across first- and second-
line anti-tuberculosis drug targets. Rifampicin resistance-associated rpoB mutations were
detected in 26 isolates, with rpoB Ser450Leu being the most frequent variant. Isoniazid
resistance-associated mutations were identified in 23 isolates, predominantly the katG
Ser315Thr and fabG1/inhA promoter −15C>T mutations. Fluoroquinolone resistance-
associated mutations were detected in five isolates, predominantly involving gyrA codon
94 substitutions. The rrs 1401A>G mutation was identified in eight isolates. It was re-
ported according to its established drug-resistance association rather than used to classify
isolates as pre-XDR-TB or XDR-TB. Several isolates shared combinations of resistance-
associated mutations; however, these similarities were not interpreted as evidence of
direct transmission.

3.4. Genetic Relatedness of Drug-Resistant Isolates

Comparative genomic analysis identified recurrent resistance-mutation profiles among
the 32 isolates, particularly combinations involving rpoB Ser450Leu with katG Ser315Thr or
the fabG1/inhA promoter −15C>T mutation. Hierarchical clustering of resistance profiles
demonstrated groups of isolates with similar genomic resistance signatures (Figure 2).
These groupings represent similarity in resistance-associated mutation profiles rather than
confirmed transmission clusters. Pairwise SNP thresholds, detailed contact-tracing infor-
mation, temporal relationships, and geographical linkage data were unavailable; therefore,
direct person-to-person transmission or transmission-chain reconstruction could not be
established. The observed patterns instead indicate genomic relatedness and recurring
resistance signatures that may warrant further epidemiological investigation.

Figure 2. Hierarchical clustering dendrogram of whole-genome sequencing resistance mutation
profiles among Mycobacterium tuberculosis isolates.
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3.5. Mathematical Model Framework for DS–DR TB Transmission

A conceptual two-strain compartmental model was used to explore the transmission
dynamics of drug-sensitive (DS) and drug-resistant (DR) tuberculosis (Figure 3). The
population was divided into susceptible (S), latent infection (E), infectious disease (I),
treatment (T), and recovered (R) compartments, with separate states for DS-TB and DR-TB.
The total population was defined as

N = S + Es + Is + Ts + Rs + Er + Ir + Tr + Rr

Figure 3. Two-strain compartmental transmission model for drug-sensitive and drug-resistant tuberculosis.

Transmission was governed by strain-specific coefficients (βs and βr), while progres-
sion from latent to active disease occurred at rates σs and σr. Treatment initiation was
represented by γs and γr and recovery by ρs and ρr. Drug resistance could arise from direct
transmission of resistant strains or from resistance amplification during DS-TB treatment,
as represented by α.

Conceptual model showing susceptible, latent, infectious, treatment, and recovered
compartments for DS-TB and DR-TB. Drug resistance may arise through direct transmission
of resistant strains or amplification during treatment of DS-TB.

3.6. Integrated Genomics-to-Transmission Framework

The integrated framework linked WGS-derived resistance profiles with the conceptual
DS–DR transmission model (Figure 4). WGS identified resistance-associated mutations,
lineage distributions, and recurrent resistance signatures, while the mathematical model
represented their potential epidemiological context at the population level. Genomic find-
ings informed the model’s biological structure but were not used to estimate transmission
coefficients or other dynamic epidemiological parameters.

Figure 4. Integrated genomics-to-transmission framework for drug-resistant tuberculosis.

This conceptual framework illustrates the relationship between WGS-derived resis-
tance information and mathematical transmission modelling. Genomic findings provide a
biological context for the DS–DR model but do not constitute direct estimates of transmis-
sion parameters or validated transmission pathways.
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3.7. Conceptual Resistance Pathway

Resistance-associated mutations observed in the genomic dataset were mapped onto a
conceptual resistance pathway (Figure 5). Rifampicin and isoniazid resistance were pri-
marily associated with mutations in rpoB and katG, or in the fabG1/inhA promoter region,
respectively. Additional fluoroquinolone resistance was associated predominantly with
gyrA mutations. The pathway is conceptual and does not represent the longitudinal evo-
lution of resistance observed among individual patients. In particular, the cross-sectional
genomic data cannot establish sequential progression from DS-TB to MDR-TB and subse-
quently to more advanced resistance categories.

Figure 5. Conceptual pathway of drug resistance in Mycobacterium tuberculosis.

This conceptual representation shows resistance-associated mutations identified across
major anti-tuberculosis drug classes. The pathway illustrates potential accumulation
of resistance and does not represent observed longitudinal evolutionary trajectories in
individual patients.

3.8. Baseline Model Outputs

Under the selected baseline parameter assumptions, the deterministic model produced
illustrative basic reproduction number (R0) values of approximately 1.29 for DS-TB and 2.04
for DR-TB (Figure 6). These values represent model behaviour under specified assumptions
and are not empirical estimates for the study population. Because model parameters were
literature-informed rather than estimated from longitudinal study data and the model was
not formally calibrated, statistical confidence or credible intervals were not calculated.

Figure 6. Illustrative basic reproduction number values for drug-sensitive and drug-resistant tuber-
culosis under the baseline scenario. Model-derived R0 values for DS-TB and DR-TB were generated
under the selected baseline assumptions. Values represent deterministic scenario outputs rather than
empirically estimated reproduction numbers for the study population.
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Ten-year simulations illustrated differences in projected DS-TB and DR-TB trajectories
under the baseline assumptions (Figure 7). Both trajectories initially declined, while DR-TB
subsequently persisted to a greater extent within the model. These trajectories illustrate
mathematical behavior under the specified parameter assumptions and should not be
interpreted as forecasts of the TB epidemic in O.R. Tambo District.

Figure 7. Simulated trajectories of drug-sensitive and drug-resistant tuberculosis under baseline
assumptions. Ten-year modelled trajectories of active DS-TB and DR-TB cases generated using the
conceptual two-strain compartmental model. The projections are illustrative scenario outputs and
not epidemiological forecasts.

3.9. Community-Informed Scenario Outputs

Community-informed scenarios explored hypothetical changes in three model param-
eters: transmission (β), treatment initiation (γ), and resistance amplification (α). Reductions
in β represented improved infection-prevention practices; increases in γ represented earlier
healthcare seeking and treatment initiation; and reductions in α represented improved
treatment adherence and continuity. These parameter changes were predefined modelling
assumptions rather than empirically measured effects of community engagement. Under
a scenario assuming a 25% reduction in transmission coefficients, the illustrative R0 de-
creased from approximately 1.29 to 0.97 for DS-TB and from 2.04 to 1.53 for DR-TB. Thus,
DS-TB fell below the theoretical transmission threshold of R0 = 1 in this scenario, whereas
DR-TB remained above it. Across the predefined community-informed scenarios, the
model generated approximately 40–60% reductions in projected DS-TB transmission and
20–35% reductions in projected DR-TB transmission relative to baseline. Higher-intensity
parameter modifications produced larger reductions in projected active infections and
slowed the expansion of DR-TB over the 10-year simulation period (Figure 8). These
differences represent the mathematical consequences of the assumed parameter modifica-
tions and should not be interpreted as observed or causal effects of CBPR or community
health-literacy interventions.
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Figure 8. Simulated effects of community-informed scenarios on drug-sensitive and drug-resistant
tuberculosis. Ten-year modelled DS-TB and DR-TB trajectories under baseline, moderate, and high-
intensity community-informed scenarios. Intervention scenarios modify transmission, treatment
initiation, and resistance amplification parameters. Outputs are exploratory projections under
predefined assumptions and do not represent empirically observed intervention effects.

4. Discussion
This study integrated whole-genome sequencing (WGS), exploratory mathematical

transmission modelling, and Community-Based Participatory Research (CBPR)-informed
scenarios to examine drug-resistant tuberculosis (DR-TB) in a rural South African setting.
The genomic analysis demonstrated a high frequency of resistance-associated mutations,
with MDR-TB representing the largest resistance category. Lineages 2 and 4 predominated,
and canonical resistance-associated mutations were identified in rpoB, katG, the fabG1/inhA
promoter region, gyrA, and rrs. These findings are consistent with established molecular
mechanisms of anti-tuberculosis drug resistance and the recognised contribution of Lin-
eages 2 and 4 to the global DR-TB burden [29–35]. Although recurrent combinations of
resistance-associated mutations were observed, these findings should not be interpreted
as evidence of direct transmission. The study lacked pairwise SNP-based transmission
thresholds and detailed epidemiological linkage data, including contact tracing, temporal
relationships, and geographical information. The genomic findings, therefore, demonstrate
genetic relatedness and recurring resistance signatures rather than confirmed transmission
networks. Integration of genomic findings with epidemiological, temporal, and spatial in-
formation is required to strengthen inference of transmission [36–38]. The predominance of
Lineages 2 and 4 is epidemiologically relevant. Lineage 2, including Beijing-family strains,
has previously been associated with drug resistance and successful dissemination [30,31].
More complex resistance profiles appeared frequently among Lineage 2 isolates in the
present dataset. However, the relatively small number of isolates precludes firm con-
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clusions regarding lineage-specific associations with advanced drug resistance. These
observations should therefore be regarded as descriptive and hypothesis-generating.

4.1. Interpretation of the Transmission Model

The two-strain model provided a conceptual framework for examining how DS-TB
and DR-TB may respond differently to changes in transmission, treatment initiation, and
resistance amplification. Under the selected baseline assumptions, illustrative R0 val-
ues were approximately 1.29 for DS-TB and 2.04 for DR-TB. When a 25% reduction in
transmission coefficients was imposed, the corresponding scenario values decreased to
approximately 0.97 and 1.53. These results demonstrate the mathematical consequences of
the selected parameter assumptions rather than population-level estimates of transmission.
Community-informed scenarios generated approximately 40–60% reductions in projected
DS-TB transmission and 20–35% reductions in DR-TB transmission relative to baseline.
These reductions should not be interpreted as evidence of intervention effectiveness. The
model was not calibrated against longitudinal epidemiological data, and parameter mod-
ifications were predefined assumptions rather than empirically measured effects. The
simulations instead identify plausible mechanisms and generate hypotheses for subsequent
empirical investigation. WGS contributed biological context to the model by demonstrating
the coexistence of susceptible and resistant profiles and identifying resistance-associated
mutations. However, genomic frequencies were not used as numerical estimates of trans-
mission, progression, treatment, or resistance-amplification parameters. This distinction
prevents mutation prevalence or genomic relatedness from being interpreted as direct
measures of epidemiological transmission.

4.2. Community-Informed Pathways and the Biosocial Framework

TB transmission is shaped by biological processes alongside behavioural, social, struc-
tural, and health-system conditions. CBPR was therefore incorporated as a conceptual
framework to represent plausible community-level pathways that affect epidemiologically
relevant processes. Rather than treating CBPR as a directly measurable model parame-
ter, community-informed mechanisms were represented through hypothetical changes in
transmission coefficients (β), treatment-initiation rates (γ), and resistance amplification (α).
Within this framework, improved infection-prevention practices and health literacy may
reduce transmission; earlier recognition of symptoms and healthcare-seeking may increase
treatment initiation and shorten infectious periods; and improved treatment adherence and
continuity may reduce opportunities for the amplification of resistance. These relationships
are conceptually consistent with participatory approaches that seek to strengthen trust,
identify barriers to care, and develop contextually appropriate interventions [38–42]. Im-
portantly, CBPR was not prospectively implemented or evaluated as an intervention in this
study. Consequently, the model does not demonstrate that community engagement causes
the projected reductions in TB transmission. Instead, it provides a structured pathway to ex-
amine how measurable community- and health-system mechanisms could be incorporated
into future transmission studies. Prospective studies should quantify these mechanisms
using community engagement indicators, healthcare utilization measures, treatment out-
comes, and longitudinal epidemiological data. The integration of WGS, modelling, and
community-informed mechanisms therefore provides a biosocial framework rather than a
validated intervention model. WGS characterizes pathogen resistance and diversity; mathe-
matical modelling explores potential population-level dynamics; and community-informed
scenarios represent social and behavioral mechanisms that conventional biomedical models
may not capture.
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4.3. Policy and Public Health Implications

The findings support strengthening genomic surveillance while ensuring that WGS
is integrated with conventional epidemiological investigation. Genomic similarity alone
should not determine public health action; contact tracing, temporal and spatial informa-
tion, clinical histories, and surveillance data remain necessary for interpreting potential
transmission patterns. The modelling component further suggests that interventions that
act simultaneously on transmission, timely treatment initiation, and treatment continuity
warrant prospective evaluation. Community engagement may provide one mechanism
through which these processes can be addressed, particularly where stigma, delayed
healthcare seeking, treatment interruption, and structural barriers limit TB control. How-
ever, the present scenario outputs should be considered hypothesis-generating rather than
quantitative evidence of CBPR effectiveness.

5. Study Limitations
Several limitations should be considered when interpreting the findings. First, the

genomic analysis included only 32 isolates and may not represent the full diversity of
M. tuberculosis circulating in the O.R. Tambo District. Culture availability, specimen se-
lection, sequencing success, and laboratory referral processes may also have introduced
selection bias. Second, the cross-sectional WGS dataset and absence of pairwise SNP-based
transmission analysis, detailed contact tracing, geographical linkage, and longitudinal
sampling prevented reconstruction of transmission chains or differentiation between recent
transmission and reactivation. Genomic similarities should therefore be interpreted as
genetic relatedness rather than confirmed transmission.

Third, genomic data informed the biological structure of the mathematical model but
did not provide estimates of its dynamic epidemiological parameters. The model was
conceptual, literature-informed, and neither formally calibrated nor externally validated,
nor subjected to probabilistic sensitivity analysis. Accordingly, the reported R0 values
and scenario-related reductions are conditional model outputs, and confidence or credible
intervals were not calculated. Fourth, the model simplified TB epidemiology by excluding
factors such as HIV co-infection, reinfection, migration, age structure, stochastic variation,
and tuberculosis preventive treatment. These omissions limit its ability to reproduce the
epidemiological complexity of TB in the study setting. Finally, CBPR-informed parameter
modifications were hypothetical rather than empirically estimated from a prospectively
implemented community intervention. The projected effects, therefore, cannot establish the
effectiveness or causal impact of CBPR. Larger prospective studies integrating longitudinal
genomic, epidemiological, clinical, spatial, and community-level data are required to
calibrate and validate the framework and quantify uncertainty. The genomic sample may
be subject to selection bias because isolates were selected retrospectively based on culture
availability, viability, DNA quality, and sequencing success. The high proportion of MDR-
TB among sequenced isolates (46.9%) therefore cannot be considered representative of
all notified TB cases in O.R. Tambo District. Population-level routine surveillance data
indicates substantially lower proportions of RR-TB than those observed in this selected
genomic sample. Accordingly, resistance proportions reported in this study should be
interpreted as characteristics of the analysed isolate collection rather than estimates of
district-level DR-TB prevalence.

6. Recommendations
Future research should expand WGS surveillance by using larger, more representative

collections of isolates and integrating genomic data with contact tracing, spatial informa-
tion, treatment histories, and longitudinal surveillance. This would permit a more robust
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assessment of genomic relatedness and potential transmission pathways. Mathematical
models should be calibrated and validated using population-specific epidemiological data,
accompanied by formal sensitivity and uncertainty analyses. Important determinants
such as HIV co-infection, tuberculosis preventive treatment, reinfection, migration, and
population heterogeneity should also be incorporated where appropriate. Prospective im-
plementation research should define measurable indicators of community engagement and
evaluate whether community-informed interventions affect healthcare-seeking, treatment
initiation, adherence, infection prevention, and treatment outcomes. Such studies would
enable the conceptual relationships proposed in this study to be empirically tested.

7. Conclusions
This study demonstrates the potential value of integrating WGS, mathematical trans-

mission modelling, and community-informed mechanisms within a conceptual biosocial
framework for DR-TB research. WGS characterized resistance-associated mutations, phy-
logenetic lineages, and genomic relatedness, while the two-strain model provided an
exploratory representation of DS-TB and DR-TB dynamics. The modelling results are
conditional on predefined assumptions and should not be interpreted as calibrated epi-
demiological estimates or evidence of CBPR effectiveness. Similarly, genomic relatedness
does not establish direct transmission. CBPR was incorporated as a conceptual pathway
through which behavioral, social, and health-system mechanisms could potentially influ-
ence transmission, treatment initiation, and resistance amplification. Future prospective
studies combining larger longitudinal genomic datasets, epidemiological linkage informa-
tion, calibrated transmission models, and empirically measured community-engagement
indicators are required to validate the framework and determine its value for TB prevention
and control in high-burden settings.
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CBPR Community-Based Participatory Research
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GATK Genome Analysis Toolkit
HIV Human Immunodeficiency Virus
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RR-TB Rifampicin-Resistant Tuberculosis
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TB Tuberculosis
TDR-TB Totally Drug-Resistant Tuberculosis
USAP Unified Sequence Analysis Pipeline
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WHO World Health Organization
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