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Abstract
Background.
Tuberculosis (TB) is an important issue around the world. According to the World
Health Organization (WHO), there were 10.8 million new TB cases worldwide in 2023.
Due to TB’s long latency period, relying solely on patients to seek medical attention
often leads to delayed diagnosis and continued transmission. Therefore, the WHO
recommends that public health systems proactively identify potential cases and
intervene early to achieve the global goal of ending TB by 2035.
. This study investigated TB transmission clusters in Kaohsiung, Taiwan, by integrating
whole-genome sequencing (WGS) data with epidemiological characteristics. Using
information from the first two reported cases in each cluster, we developed binary
classification models to predict whether a cluster was likely to expand beyond two
cases. Our findings aim to develop early warning systems, enhance TB control
strategies, and help identify risk factors associated with the formation of large

transmission clusters.

Methods.
This study included all culture-positive Mycobacterium tuberculosis cases reported
between 2019 and 2023 in Kaohsiung, Taiwan. Whole-genome sequencing (WGS) was
conducted to analyze the isolates' single-nucleotide polymorphisms (SNP). We used a
pairwise SNP distance threshold of 12 to define a transmission cluster. The dataset was
created by combining WGS data with epidemiological characteristics, using the first
two notified cases in each cluster as the unit of analysis. Clusters with three or more
total cases were classified as large clusters, while those with fewer than three were
designated as small clusters. Three datasets were constructed: A complete dataset that
iv
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included all cluster cases, and two subsets focused on incident clusters after 2019, each
followed for two and three years, respectively. The two- and three-year follow-up
datasets were designed to minimize potential bias from pre-existing clusters at the start
of the study period. Three modeling approaches were applied: Random Forest (RF),
Simple Logistic Regression (SLR), and Support Vector Machine (SVM). The data were
randomly split into training and testing sets in a 70:30 ratio. We repeated the modeling
process 2,000 times to ensure robustness and stability. Finally, variable importance
calculation and sensitivity analysis were conducted to evaluate model performance. All

analyses were performed using R version 4.5.0.

Results.

1,197 cases were included as members of transmission clusters based on whole-genome
sequencing (WGS) data. We identified 326 clusters; 126 were classified as large and
199 as small clusters. In the two-year follow-up dataset, 66 large and 24 small clusters
were included, while the three-year follow-up dataset comprised 48 large and 24 small
clusters.

Three predictors were used in this study: the average age of the first two notified cases
in each cluster, the time interval between their notification dates, and their sputum
smear results.

In the whole dataset, the logistic regression model showed the best performance, with a
median AUC of 0.690 (95% CI: 0.601-0.776), followed by support vector machine
(SVM) with a median AUC of 0.685 (95% CI: 0.596—0.772). The random forest model
performed the worst, with a median AUC of 0.623 (95% CI: 0.532-0.711). In the two-
year follow-up dataset, the logistic regression model again outperformed others,

achieving a median AUC of 0.643 (95% CI: 0.436—-0.850). Random forest showed near-

v
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random guessing performance with an AUC of 0.507 (95% CI: 0.300-0.707). SVM
achieved an AUC of 0.621 (95% CI: 0.328-0.821). For the three-year follow-up dataset,
logistic regression maintained the best performance (AUC = 0.673; 95% CI: 0.449—
0.857), followed by SVM (AUC = 0.643; 95% CI: 0.357—-0.847), while random forest
performed poorly (AUC = 0.541; 95% CI: 0.316-0.745).

Feature importance analysis indicated that the notification interval between the first two
reported cases was the most influential predictor. Clusters with shorter notification
intervals and a younger average age were more likely to evolve into large clusters. The
predictive contribution of sputum smear status varied across datasets. Sensitivity
analyses further confirmed that the model's performances were not driven by random
chance.

In summary, the notification interval and mean age of the first two reported cases were

identified as key predictors of cluster expansion.

Conclusion.

Our study demonstrated that a predictive model incorporating sputum smear positivity,
mean age, and notification date interval showed promise for early identification of large
tuberculosis transmission clusters.

The expanded investigations can be initiated earlier for clusters identified as high-risk
by the model. Implementing a flexible and targeted response strategy can optimize the
allocation of limited public health resources and ultimately reduce the spread of

tuberculosis.

Keywords: Tuberculosis; Transmission cluster; Whole-genome sequencing; Predictive

model; Machine learning
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Chapter 1  Introduction

Tuberculosis (TB) is an infectious disease caused by Mycobacterium tuberculosis. After
the infection, around 90% of people do not immediately develop active TB but enter a
latent TB infection (LTBI) stage. While individuals with LTBI are not contagious, they
face a lifetime risk of 5-15% of developing active, contagious TB, especially if their
immune system becomes weakened. Approximately 5% of infected people develop active
TB within two years after infection. TB mainly affects the lungs, but it can also spread to
other parts of the body. The disease can transmit through airborne droplets expelled during
activities like coughing or speaking with close contacts. Moreover, those nearby,
especially household members, are most likely to catch the infection [1].

The World Health Organization's Global TB Report 2024 [2] estimated that in 2023, there
were 10.8 million new tuberculosis cases worldwide, with an incidence rate of 134 cases
per 100,000 people. The highest burden was seen in South Asia, accounting for 45% of
cases, followed by the Western Pacific region with 17%. TB caused approximately 1.25
million deaths, making it the top cause of mortality from a single infectious agent.

In Taiwan, the 2023 Annual TB Control Report [3] identified Taiwan as a moderate TB
burden country. Since adopting the Directly Observed Therapy, Short-course (DOTS)
strategy approach in 2006, Taiwan has made significant progress in improving treatment
compliance and reducing transmission, achieving % DOTS coverage rates 98% for TB
cases. There was a steady decline in tuberculosis incidence, from 72.5 per 100,000
population in 2005 to 28.2 per 100,000 in 2023. A total of 6,584 new TB cases were
reported in 2023, with a mortality rate of 1.9 per 100,000, primarily affecting individuals
aged 65 and older.

To achieve the goal of ending tuberculosis, two intervention strategies are currently
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employed to control its transmission. Traditional passive case finding relies on individuals
seeking medical care on their initiative. However, the early symptoms of TB are often
mild or nonspecific, many patients may not recognize the need to seek care promptly. As
a result, transmission may occur within the community before diagnosis, posing
significant challenges to TB control. Individuals with latent TB infection who remain
undiagnosed may progress to active disease in the future, further spreading the disease.
Relying solely on passive case detection is not sufficient to achieve the World Health
Organization’s (WHO) End TB goal by 2035. WHO recommends implementing
systematic screening for active TB among high-risk groups to enhance early detection
and interrupt transmission chains [4]. Active case finding enables early identification of
latent TB infection, allowing timely preventive therapy that reduces progression to active
disease and shortens the transmission period. High-risk groups targeted for screening
typically include close contacts of TB patients, immunocompromised individuals, and
populations with limited access to healthcare services. Compared to passive case finding,
this approach facilitates effective control of TB spread. However, active screening and
contact tracing are resource-intensive. It must be prioritized based on risk assessment,
feasibility, and cost-effectiveness. Targeted strategies with clearly defined high-risk
populations are essential for optimizing public health resources and maximizing the
effectiveness of TB control programs.

Establishing an early warning system is crucial for timely responses to TB outbreaks. This
requires a clear definition of what constitutes a transmission cluster. Before the
widespread adoption of molecular tools, tuberculosis (TB) transmission links were
primarily inferred based on clinical information and contact history. Epidemiological
investigations can be confused by recall bias, incomplete information, and human error.

In contrast, molecular techniques offer a more accurate and objective way to assess the

2
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genetic relatedness between TB isolates, providing deeper insight into transmission
patterns and improving outbreak detection.

IS6110-based Restriction Fragment Length Polymorphism (RFLP) analysis emerged as
one of the earliest standard tools for distinguishing genetic differences between
Mycobacterium tuberculosis strains [5]. IS6110 is a DNA sequence specific to the M.
tuberculosis complex. Its copy number and chromosomal insertion sites vary significantly
among strains. They use restriction enzymes to cleave DNA on only one side of the
IS6110 element, and the bacterial genome can be fragmented to reflect the number and
positions of IS6110 insertions. These fragments are then separated by gel electrophoresis.
The resulting IS6110 profiles differ between strains, which serve as reliable molecular
fingerprints to assess their transmission relationship.

IS6110-RFLP involves time-consuming cultivation of slow-growing bacteria and requires
complicated laboratory procedures. Therefore, Researchers developed spoligotyping as
an alternative method to address these limitations [6]. Spoligotyping targets the direct
repeat (DR) region of the M. tuberculosis complex genome, which consists of multiple
conserved 36 bp direct repeats interspersed with unique 34—41 bp spacer sequences. PCR
amplification of this region allows analysis even from specimens with low bacterial load.
The PCR products are hybridized with 43 known spacer oligonucleotide probes. It
generates a distinct binary pattern, which can rapidly distinguish strains and identify
related cases.

In bacterial chromosomes, certain DNA sequences are arranged in direct repeats at
specific genomic locations. These structures are called tandem repeat sequences, with
repeat units typically ranging from 2 to 60 base pairs in length. Researchers developed
the Variable Number Tandem Repeat (VNTR) analysis method based on this feature.

Multiple VNTR loci have been identified across the MTBC genome, termed
3
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Mycobacterial Interspersed Repetitive Units (MIRUs). The MIRU-VNTR typing method
utilizes 5 to 24 specific loci and determines the number of repeats at each locus. Because
individual MTBC strains exhibit different repeat numbers at these sites, the combination
of these values forms a profile that serves as a basis for strain identification and
epidemiological tracking. This method offers more precise information compared to
previous methods [7].

With the rapid advancement and decreasing cost of whole genome sequencing (WGS), it
has become a core tool in bacterial strain identification and transmission inference. WGS
offers the highest resolution for differentiating bacterial strains by comparing single-
nucleotide polymorphisms (SNP) across genomes. The SNP distance refers to the number
of differing nucleotide positions between two pathogen genomes. A smaller distance
indicates greater genetic similarity and suggests a shared transmission chain or common
source, whereas a larger distance implies a lower likelihood of relatedness. In molecular
epidemiology, SNP thresholds are commonly established to determine whether two
isolates belong to the same transmission cluster. A threshold of 12 SNPs is widely
accepted as the upper limit for inferring recent transmission. Isolates with more than 12
SNPs of divergence are generally excluded from being part of the same transmission
event. However, the appropriate threshold may vary depending on epidemiological
settings, strain lineage, and mutation rate. The mutation rate of Mycobacterium
tuberculosis 1s estimated at approximately 0.5 SNPs per genome annually. And the
divergence rarely exceeds 5 SNPs in three years between pairs [8]. In Taiwan, local
research has proposed a threshold of <5 SNPs to define confirmed transmission events,
and <15 SNPs for possible transmission [12].

Since 2012, research teams in the United States explored factors associated with the

expansion or outbreak of tuberculosis (TB) clusters. At that time, whole-genome

4
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sequencing (WGS) was not widely applied. Spoligotyping and MIRU-VNTR genotyping
methods were commonly used to define clusters. They analyzed national TB surveillance
data in the United States. A decision tree model was applied to identify the most
informative splitting variables that best predicted which clusters would eventually
become outbreaks. Clusters had a significantly higher chance of developing into
outbreaks when at least one of the first three patients had a socially vulnerable condition,
such as homelessness and incarceration, or the diagnosis date interval between the third
and the first case was within 5.3 months [13]. Several years later, the research team
employed a Cox proportional hazards model to analyze U.S. data from 2009 to 2018.
They reported that for each additional month between the first and third case diagnoses,
the risk of subsequent cluster expansion decreased by approximately 5%. Moreover, if at
least one of the first three cases was over 65, the expansion risk dropped by about 60%.
It reflected the reduced transmissibility among elderly individuals [14]. In a subsequent
study, they combined the U.S. TB surveillance data with a negative binomial hurdle
model to detect clusters experiencing unexpected growth. The most important predictor
was the time in months between the first case and the last case reported during the quarter
of unexpected growth, underscoring the predictive value of early case accumulation speed
for transmission risk [15]. Researchers also conducted a similar study in the Netherlands,
which used RFLP genotyping to define clusters. They focused on the characteristics of
the first two cases in newly formed clusters to predict whether the cluster would grow to
five or more cases within two years. Several factors were significantly associated with
cluster expansion, including shorter diagnosis intervals, younger patient age, urban
residence, and shared geographic origin. A logistic regression model incorporating these
factors demonstrated good predictive performance (AUC=0.79), again highlighting the

importance of early case characteristics [16].

5
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Overall, studies based on cluster-level data demonstrated that the diagnostic interval
between early cases was a critical predictor of whether a cluster would expand rapidly.
Clusters involving younger individuals were more likely to grow, possibly due to higher
levels of social interaction or transmission potential. In addition, socioeconomic
background (e.g., place of residence, ethnicity) and high-risk behaviors (e.g., smoking,
drug use) might further increase the likelihood of cluster expansion. However, most
earlier studies relied on lower-resolution genotyping techniques, such as spoligotyping or
MIRU-VNTR. With the growing availability of whole-genome sequencing (WGS) in
recent years, people began utilizing higher-resolution genomic data to better understand
tuberculosis transmission dynamics. Researchers analyzed WGS data from Canada to
differentiate early two individuals of small clusters (cluster size = 2) from those in large
clusters (cluster size > 2). The study defined potential recent transmission using a
threshold of less than 12 SNPs between isolates. Several machine learning and deep
learning algorithms were applied. Balanced logistic regression achieved the highest
predictive performance (AUC = 0.57), while balanced bagging performed the poorest
(AUC = 0.43). All predictor variables were binary individual-level features, including
demographic and clinical characteristics, but no cluster-level variables were incorporated
[17].

Although whole genome sequencing (WGS) has been increasingly utilized worldwide in
tuberculosis (TB) surveillance studies, no research in Taiwan has yet integrated high-
resolution genomic data with epidemiological cluster-level characteristics to predict the
emergence of large TB clusters. This study investigates TB transmission clusters in
Kaohsiung, Taiwan, using data from reported cases between 2019 and 2023. According
to Taiwan’s national TB surveillance reports, 5,657 new TB cases were reported during

these five years [18]. In recent years, Kaohsiung City has actively implemented latent TB

6
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infection screening and treatment programs targeting high-risk populations, including
residents of long-term care facilities, individuals in indigenous mountainous regions, and
patients with chronic comorbidities. The number of newly diagnosed TB cases and
incidence rate have shown a gradual downward trend. Nevertheless, Kaohsiung
consistently ranks among the cities with the highest TB incidence in Taiwan. This
suggests that additional risk factors may exist, and identifying them could allow health
authorities to better target screening and intervention, particularly for individuals with
latent or undiagnosed active TB.

By leveraging whole-genome sequencing (WGS) data, we explored potential
transmission events with higher resolution. We identified the first two notified cases
within each transmission cluster to construct cluster-level features and developed binary
classification models to predict the expansion of disease clusters. This study highlights
key predictive factors associated with cluster growth through model evaluation and
feature importance analysis. Our findings aim to support evidence-based public health

surveillance and improve early intervention strategies to control TB transmission.
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Chapter 2 Methods

2.1 Data Collection

This population-based, prospective study was conducted in Kaohsiung, Taiwan, and
included all culture-positive tuberculosis (TB) cases notified between January 2019 to
December 2023. Our analysis integrated both public health and laboratory data. For TB
cases managed in Kaohsiung, specimens identified as Mycobacterium tuberculosis
complex (MTBC) were cultured and tested for drug susceptibility in certified laboratories.
The resulting isolates were preserved and subsequently subjected to Kaohsiung Medical
University Hospital, where pre-processing procedures for genome sequencing (WGS)
were conducted.

Public health information was obtained from the routine TB control program. It included
epidemiological, clinical, and demographic data, such as contact investigation records,

lifestyle assessments, residential addresses, comorbidities, and socioeconomic status.

2.2 Whole genome sequencing and bioinformatic analysis

DNA samples were sequenced at the Laboratory of Genomics and Bioinformatics Service,
Texas A&M AgriLife. Sequencing was performed using the Illumina NovaSeq 6000 SPx
platform with a read length of 150 base pairs, with a paired-end sequencing approach.
The resulting reads were aligned to the Mycobacterium tuberculosis H37Rv reference
genome. Single nucleotide polymorphisms (SNP) were identified as positions where at
least 75 percent of the nucleotides among the aligned reads differed from the reference.
SNPs with ambiguous base calls, low coverage, or PPE and PE_PGRS gene families were
excluded from further analysis.

Based on the identified SNPs, pairwise SNP distances between isolates were calculated.

doi:10.6342/NTU202503740



An appropriate SNP distance threshold was required to infer potential transmission links.
A study from the Netherlands suggested that a threshold of <12 SNPs offers high
sensitivity for capturing recent transmission events within the past two years. However,
higher thresholds may increase the risk of misclassifying unrelated cases as linked [8]. In
Taiwan, studies indicated that a threshold of <5 SNPs is typically applied in low-
transmission settings to indicate strong epidemiological links and likely direct
transmission. In contrast, a threshold of <15 SNPs is more commonly used in prolonged
outbreaks or high-burden settings to encompass broader temporal and spatial transmission
[12]. Since Taiwan is classified as a medium-incidence country and our study spans five
years, we selected a 12-SNP threshold as a reasonable cutoff to infer potential
transmission events. This threshold is also consistent with widely accepted standards in
genomic epidemiology.

Therefore, in this study, if the SNP distance between two isolates was fewer than 12, they
were considered to have a potential transmission link and were assigned to the same

transmission cluster.

2.3 Study Design

This study aimed to investigate whether the development of large clusters could be
predicted by the characteristics of its first two patients. Previous studies based on long-
term data observed that more than half of tuberculosis clusters consist of only two cases
[16]. Clusters involving only two cases may represent transmission among individuals
with close personal contact, such as family members or partners. In contrast, clusters
comprising three or more cases are more indicative of widespread community
transmission. As a result, we defined clusters with three or more cases as large clusters,

while those with two cases were classified as small clusters.

9
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This study utilized data spanning a five-year period, which inherently introduced
challenges related to temporal structure. Specifically, we encountered both left censoring
and right censoring biases. Left censoring occurred when TB transmission began prior to
the start of our observation period. In such cases, we captured the later stages of an
ongoing transmission cluster, while the initial transmission events remain unobserved.
Clusters that had already expanded before the study period were misclassified as small
clusters due to the limited observation window. Conversely, right-censoring posed a
challenge due to the ongoing nature of TB transmission. Clusters observed near the end
of the study period might still be in their early stages and could develop into larger
outbreaks in the future. Misclassifying such clusters as small clusters due to limited
observation time introduced bias. However, excluding the earliest and latest data would
significantly reduce statistical power because of the small sample size. Therefore, we
adopted a compromise strategy. To minimized the impact of censoring, we restricted the
analysis to clusters that were more likely to represent newly emerging events. Based on
previous literature, approximately five percent of TB infections progressed to active
disease within the first two years [1]. A two-years and three-years window was a
reasonable time-frame for analysis.

This study evaluated the predictive performance of models using three datasets. The first
dataset included all qualified tuberculosis (TB) cases reported during the five-year study
period. The other two datasets were restricted to incident clusters, which initial case was
reported after 2019. All notified cases within two-year and three-year periods following
the initial case in each cluster were included. We excluded clusters for which the
observation period extended beyond December 31, 2023. In each dataset, cases within
each cluster were chronologically ordered based on their notification dates, and the first

two notified cases from each cluster were extracted for subsequent analysis.

10
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2.4 Statistical Analysis

To compare feature differences between individuals in the large and small cluster groups,
we performed univariable analyses using chi-square tests for categorical variables and
Student’s t-test for continuous variables. In cases where the expected cell counts were less
than five, the chi-square test was replaced with Fisher’s exact test to ensure statistical
validity. All analyses excluded missing values (NA) to avoid misleading results.
Cluster-level variables were calculated based on three demographic variables and
individual categorical variables.

First, the spatial locations of individual cases were recorded by projected coordinates
under the TWD97 TM2 zone 121 coordinate reference system. Each pairwise distance
was computed using the Euclidean formula. Every individual in the dataset provided three
types of addresses: residential, household, and workplace address. All possible pairwise
distance combinations were computed for each cluster, and the minimum distance was
taken as the cluster-level geographic distance. We imputed its missing distance value
using the average value derived from clusters with the same outcome. Distance was
expressed in kilometers. Second, we calculated the average age and age difference
between the two cases for each cluster. And all age-related variables were expressed in
years. Next, notification date interval in months between the two cases were computed,
which were used as a proxy for early cluster growth rate for each cluster. At last, all
categorical variables were treated as factor-level variables. For each pair, if both
individuals exposed to the specific risk factor, the variable was coded as 2; if only one
individual was exposed, it was coded as 1; and if neither was exposed, the variable was
coded as 0. The creation process of cluster-level categorical variables was performed after
the dataset splitting and imputation to prevent data leakage.

Potential predictors were selected from these variables to develop a predictive model.
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2.5 Modeling Strategy

In this study, three modeling algorithms were employed: Random Forest, Simple Logistic

Regression, and Support Vector Machine. The following sections are the analytical

workflow and model-specific parameter settings applied throughout the analysis.

25.1 Framework

After conducting univariable analyses to identify candidate predictors, the modeling

process proceeded as follows:

1. Data splitting: A stratified random split based on clusters was performed to divide
the data into training and testing sets with a ratio of 70:30.

2. Missing data imputation and cluster-level variable construction: Missing data in both
training and testing sets were imputed separately using the imputation method
provided by the randomForest package [22]. After imputation, cluster-level
categorical variables were constructed based on the imputed data within each set.
The data were then analyzed at the cluster level. The training data were upsampled
and then used for both hyperparameter tuning and the development of the final model.

3. Hyperparameter Tuning: For the Random Forest and SVM models, five-fold cross-
validation was conducted to determine the optimal hyperparameters. Simple Logistic
Regression did not involve hyperparameter tuning; the validation process was
applied to evaluate model performance on the training data.

4. Model Fitting: Use the full upsampled training dataset and the optimal
hyperparameters to construct final models.

5. Model Evaluation: The fitted models were evaluated on the testing dataset to assess
their predictive performance.

This entire procedure (steps 1-5) was repeated 2,000 times. In each iteration, data

splitting and cross-validation were randomized to enhance model robustness and ensure
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stability of the results.

All analyses were performed using R version 4.5.0.

2.5.2 Random Forest
Random Forest is an ensemble learning method that combined the concepts of Bootstrap
Aggregation (Bagging) and Decision Trees [23]. Each tree is built by randomly sampling
from the training data (bootstrap sampling). And at each split, a random subset of features
is selected. This study set the number of trees (ntree) to 500. Each tree was constructed
by minimizing the Gini impurity to produce the purest possible splits at each node. Finally,
the predictions from all trees were aggregated, and the final classification result was
determined by majority voting.

The ranger package [24] was used to construct Random Forest models. Combining with

the caret package [25], two hyperparameters were tuned via five-fold cross-validation on

the training dataset.

1. mtry: the number of candidate variables randomly selected at each split. It controlled
how diverse individual trees were. We considered mtry values of 2, 3, and 4.

2.  min.node.size: the minimum number of data points required to form a terminal node
(leaf). Smaller values lead to deeper trees and potentially overfitting, while larger
values could restrict model complexity and increase bias. Values of 1 through 5 were
evaluated.

The combination of “mtry” and “min.node.size” that achieved the highest average

classification accuracy across folds was selected as the optimal setting.

The model’s predictive performance was evaluated on the independent testing set. The

importance of the permutation-based variable was computed using the out-of-bag (OOB)

method. When constructing the final model, each tree was trained on a bootstrap sample
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drawn from the training data. Approximately one-third of the observations were excluded
from each bootstrap sample. These excluded cases constitute the Out-of-Bag (OOB) set
for that tree. The model then generated predictions on the OOB data to compute a baseline
classification error rate. To assess the importance of each predictor, the values of that
variable in the OOB set were randomly permuted, disrupting any true association with
the outcome. The model again predicted outcomes using the permuted OOB data, and the
resulting classification error was recalculated. The difference between the permuted and
baseline error rates reflected how that predictor contributed to model accuracy. This
procedure was repeated across all variables and all trees, and the average increase in error

due to permutation was used as the final importance score for each variable.

2.5.3  Logistic Regression

Logistic Regression is a linear model commonly used for binary classification issues. It
models the association between independent variables and a binary outcome by applying
a sigmoid function and transforms the output to a probability value between 0 and 1 [26].
In our study, we classified observations based on a threshold probability of 0.5.
Probability values equal to or greater than 0.5 were predicted as positive class. We applied
the base R glm function to construct simple logistic regression models without
hyperparameter tuning. The regression coefficients ( coefficients) from each model

iteration were recorded.

2.5.4  Support Vector Machine
Support Vector Machine (SVM) aims to identify a hyperplane in the feature space that
could optimally separate data points belonging to different classes [27]. In this study, we

used a linear kernel without dimensionality expansion. Model construction was
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performed using the caret package. The key hyperparameter to be tuned was C (cost),
which controlled the trade-off between maximizing the margin and minimizing
classification error. A larger C value imposes a higher penalty on misclassified data points,
thereby reducing model tolerance to error and increasing the risk of overfitting. A smaller
C value increases model tolerance but may result in underfitting. Hyperparameter tuning
was conducted via grid search, where C was tested over a range from 0.5 to 10 in
increments of 0.5. The value of C that yielded the highest classification accuracy was

selected for the final model.

2.5.5  Sensitivity Analysis

We conducted a sensitivity analysis to evaluate whether the models' predictive
performance was better than random guessing. Before modeling, the training dataset's
outcome variable was shuffled, disrupting the original associations between predictors
and the outcome. The test set was kept unshuffled. The identical modeling procedures
were applied to the shuffled training data across 2000 iterations. If the models
demonstrated predictive ability beyond random chance, we anticipated that those trained
on shuffled outcomes would yield poor performance. The sensitivity analysis was

evaluated using the Receiver Operating Characteristic (ROC) curve.
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Chapter 3 Results

3.1 Characteristics of Study Participants

From January 1, 2019, to December 31, 2023, 4,918 tuberculosis (TB) cases were
reported and managed in Kaohsiung City and included in our dataset. These cases
represented approximately 87% of all TB notifications in Kaohsiung during the five-year
study period. Among them, whole genome sequencing (WGS) data were available for
4,168 cases. Of these, 1,200 patients were identified as belonging to a transmission cluster.
Due to the small sample size, three patients infected with Mycobacterium tuberculosis
Lineage 3 were excluded from further analysis. As a result, we included 1,197 patients in
the final analysis. Three datasets were constructed for model development. The first
included all 1,197 patients with five years of follow-up. The other two datasets only
included clusters with an onset after 2020. These datasets included 212 and 183 patients,
respectively, corresponding to 2-year and 3-year follow-up periods (Figure 1).

From Figure 2, we observed that most clusters were relatively small in size,
predominantly consisting of two individuals. Among all clusters, 126 were classified as
large clusters, and 199 were small clusters. Clusters with two individuals accounted for
approximately 61% (199 out of 325), while clusters with three individuals represented
about 18% (57 out of 325). A few clusters exhibited substantially larger sizes, with the
largest cluster comprising up to 55 cases. Figure 3 illustrates the onset timing of the first
case in each of the 325 clusters. Large and small clusters declined over the course of the
study period. 175 clusters had their onset in 2019, whereas only 13 were first identified
in 2023. This pattern suggested that some clusters detected early in the observation period
(i.e., 2019) might have already existed before the study, indicating a potential left-

censoring issue.

16

doi:10.6342/NTU202503740



Over time, the proportion of large clusters relative to all clusters decreased. Considering
the long latency period of tuberculosis and the five years of our dataset, it is possible that
some small clusters eventually grew into large clusters beyond our observation window.
However, this study could not capture such developments, which represented a right
censoring limitation.

In the five-year full dataset, a total of 325 transmission clusters were identified, including
199 small clusters and 126 large clusters. For analysis, the first two notified cases from
each cluster were selected, resulting in 398 individuals from small clusters and 252 from
large clusters, for a total of 650 participants (Table 1A). At the individual level, there were
no significant differences between the two groups. However, at the cluster level of
continuous variables (Table 1B), a significant difference in smear test (p value < 0.05)
was observed. On average, large clusters had a younger mean age, about five years
younger than those in small clusters. They also had a shorter interval between the
notification dates of the first two cases, with a mean difference of about eight months.
The two-year follow-up analysis included 180 participants (Table 2A), comprising 24
large clusters and 66 small clusters (Table 2B). Also, a significant difference was observed
between the two groups in terms of the notification date interval. The large cluster showed
a shorter interval between notification dates, approximately three months shorter than that
of the small cluster. Notably, the proportion of smear-positive cases in the large cluster
was more than twice that of smear-negative cases. The three-year follow-up dataset (Table
3A) included 144 participants in total, grouped into 24 large clusters and 48 small clusters
(Table 3B). The notification date interval between groups was significant, with the large
cluster exhibiting notification intervals approximately seven months shorter than those in
the small cluster. No additional significant variables were identified through univariate

analysis.
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Across all three datasets from the Kaohsiung region, the male-to-female ratio within both
large and small clusters consistently remained at approximately 7:3. These data also
suggested that men were more at risk of contracting TB than women.

We conducted univariable analyses to identify variables suitable for predictive models,
using a p-value threshold of <0.05 as the initial selection criterion. Among the three
datasets analyzed, the notification date interval consistently emerged as a significant
factor distinguishing large and small clusters, making it the most stable and reliable
predictor across all settings. However, including only the notification date interval in the
model would result in an overly simplistic approach, overlooking other important factors
contributing to cluster formation. Previous studies indicated that younger populations
tended to have higher transmission potential. In our full dataset, the mean age reached
statistical significance. Although this was not replicated in the two- and three-year follow-
up datasets, we still observed that the average age in large clusters was slightly lower than
that in small clusters, suggesting a potential role in transmission dynamics. Sputum
smear-positive patients are known to be more infectious than smear-negative individuals,
as supported by existing literature. The sputum smear test did not reach statistical
significance in the two-year follow-up dataset (p = 0.08), but the p-value was close to the
threshold. This result implied its borderline significance and possible predictive relevance.
Most categorical variables across the three datasets did not achieve statistical significance.
Pronounced class imbalance was observed in the two- and three-year follow-up data,
which posed challenges for subsequent analysis. In light of these limitations, we excluded
other categorical variables and retained the sputum smear test as the only representative
categorical predictor.

Based on these findings, we chose three variables for the construction of the predictive

model: notification date interval, mean age, and sputum smear test results. The sputum
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smear test variable was generated at the cluster level after data splitting and imputation.
Specifically, if both individuals in a cluster were smear-positive, the variable was coded
as 2; if only one individual was smear-positive, it was coded as 1; and if neither was

smear-positive, it was coded as 0.

3.2 Classification Models Performance

3.21  Evaluation of Model Performance Using ROC Curves

Figure 4 showed the ROC curves for the three models under different data settings. For
each model, we performed 2,000 iterations to estimate the distribution of AUCs. We
selected the ROC curve from the iteration whose AUC was closest to the median value,
representing the model's median ROC curve.

Figure 4A showed the results using the full dataset. A total of 325 clusters were included
in the analysis, with 98 clusters in the testing set, of which 38 were classified as large
clusters. In this setting, logistic regression performed best, achieving a median AUC of
0.690 (95% CI: 0.601-0.776), while random forest yielded lower performance, with a
median AUC of 0.623 (95% CI: 0.532-0.711). SVM's performance fell between the two;
the median AUC value was 0.685 (95% CI: 0.596-0.772). We then examined the two-
year follow-up data (Figure 4B). Among the 90 clusters included in the analysis, 27 were
allocated to the testing set, with 7 identified as large clusters. In this scenario, logistic
regression achieved a median AUC of 0.643 (95% CI: 0.436-0.850), whereas random
forest performed poorly, with a median AUC of only 0.507 (95% CI: 0.300-0.707), nearly
at the level of random guessing. SVM achieved an AUC of 0.621 (95% CI: 0.328-0.821).
The three-year follow-up dataset included 72 clusters, with 21 assigned to the testing set,
among which 7 were classified as large clusters. (Figure 4C). Logistic regression showed

a median AUC of 0.673 (95% CI: 0.449-0.857), followed by SVM (AUC = 0.643; 95%
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CI: 0.357-0.847). Random forest had a median AUC of 0.541 (95% CI: 0.316-0.745),
again showing relatively poor performance.

Overall, the two- and three-year follow-up datasets had smaller sample sizes and fewer
than 10 positive cases in the testing sets, resulting in wide confidence intervals for the
AUC estimates and reduced reliability in performance assessment. Across all settings,
logistic regression consistently showed the best performance, followed by SVM, while

random forest yielded the weakest results.

3.2.2  Feature Importance and Estimated Effects

We used permutation importance to evaluate variable importance and compared results
across the three datasets (Figure 5). The overall patterns of variable importance were
consistent across datasets. The notification date interval showed the highest importance,
followed by the mean age. Figure 6A and 6B were boxplots of the B coefficients from
logistic regression models based on 2,000 simulations. Figure 6A illustrated the estimates
for the categorical variable sputum smear test. In the two-year follow-up data (highlighted
in pink), the estimated B coefficients exhibited considerable variability, with some
simulations exceeding 10, indicating substantial model uncertainty under these conditions.
Compared to the reference group (both were smear-negative), the median B coefficient
for the group with only one smear-positive individual was 1.16, corresponding to an odds
ratio (OR) of approximately 3.19 (95% CI: 0.66—17.9). When both individuals were
smear-positive, the median OR was approximately 5.82 (95% CI: 1.18-18.5). In the three-
year follow-up data (highlighted in blue), the odds ratio was approximately 1.97 (95% CI:
0.45-18.2) for the group with one smear-positive individual, and 3.13 (95% CI: 0.73—
18.7) for the group in which both individuals were smear-positive. Using the full dataset

model (highlighted in orange), previously observed positive effects appeared to diminish
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and even reverse. The median B for the one smear-positive group was —0.273,
corresponding to an OR 0f 0.76 (95% CI: 0.42—1.37), while the both smear-positive group
had a median B of 0.0527, with an OR near 1.05 (95% CI: 0.59-1.87). Notably, both
confidence intervals indicated a lack of statistically significant effect.

Figure 6B examined the impact of two continuous variables, the mean age of the first two
notified cases and the interval between their notification dates. In the two-year follow-up
data, a 10-year increase in mean age was associated with an approximate 9% decrease in
the odds of developing a large cluster (OR = 0.91, 95% CI: 0.66—1.24). The notification
date interval showed an inverse relationship, with each additional month corresponding
to a significant reduction in the odds of large cluster formation (OR =0.91, 95% CI: 0.84—
0.97). Similarly, in the three-year dataset, both variables demonstrated negative
associations. For every 10-year increment in mean age, the odds ratio was about 0.81
(95% CI: 0.54-1.01), suggesting a possible inverse effect. The notification interval
maintained a stable negative association, with an OR of 0.90 (95% CI: 0.85-0.94) per
additional month. Analysis of the full dataset revealed a stronger inverse relationship. A
10-year increase in the mean age of the first two notified cases corresponded to a reduced
likelihood of forming a large cluster (OR = 0.69, 95% CI: 0.59-0.81). Additionally, each
month increase in notification date interval was linked to a 4% decrease in the odds of
large cluster formation (OR = 0.96, 95% CI: 0.94-0.97).

In summary, the influence of sputum smear positivity on large cluster formation appeared
inconsistent. While short-term follow-up data suggested a positive correlation with
increased risk, this association was not maintained in the full data analysis and might even
reverse. Both mean age and the interval between notification dates consistently showed

inverse associations with large cluster formation across all datasets.
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3.3 Sensitivity Analysis

Figure 7A to 7C presented the ROC curves and median AUC scores from 2,000 iterations
of the three models, each based on random assignment of the response variable. Across
all settings, the resulting AUC values were close to 0.5, suggesting that the observed
classification performance was not due to chance but captured the true underlying pattern

of the data.
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Chapter 4 Discussion

4.1 Main Findings

The predictive variables included in this study were sputum smear positivity, mean age,
and notification date interval. Among the three datasets used in this study, the two
predictors, age and the time interval between notification dates of two cases, showed
similar trends in their impact on outcomes.

Rapid accumulation of cases is often observed during tuberculosis outbreaks, which may
indicate that the pathogen possesses high transmissibility and virulence. Such patterns
can serve as early warning signals for large-scale cluster expansion. Alternatively, when
multiple cases appear within a short time frame, it typically suggests that early infections
were not promptly detected or controlled, resulting in sustained transmission. The close
timing of notification dates may reflect ongoing transmission that has occurred for some
time but was simultaneously identified due to public health investigations. Therefore, in
some cases, the proximity of notification dates is partly influenced by human factors
rather than representing the intrinsic transmission speed of the disease.

Sputum smear positivity was a key clinical indicator of tuberculosis (TB) infectiousness.
The test involved acid-fast staining combined with high-power microscopic examination
to detect the presence of acid-fast bacilli in respiratory specimens. The detection threshold
typically required approximately 5,000 bacilli per milliliter of sputum, and the results
showed a strong correlation with bacterial load [28]. A higher bacillary burden increased
the likelihood of a positive smear result, indicating greater infectious potential.
Researchers identified sputum smear positivity and the presence of cavitary lesions on
chest imaging as two significant clinical markers of high infectiousness. Their study

demonstrated that the first two cases with these characteristics were more likely to drive

23

doi:10.6342/NTU202503740



the expansion of M. tuberculosis strain clusters [29]. However, in our analysis, the
predictive power of smear positivity was not as strong or statistically significant as that
of other variables. Moreover, its direction of association varied across models.

In some cases, smear positivity appeared to have a protective effect, though none of the
results reached statistical significance. Several factors may account for this observation.
Smear positivity was a categorical variable in our study, and the limited sample size,
coupled with high variability across datasets and years, might reduce the stability and
precision of the statistical estimates. In Taiwan, smear-positive cases are considered
highly infectious and are subject to early public health interventions. According to current
TB control policies, clinically suspected and smear-positive cases are prioritized for
contact investigation. Furthermore, when a smear-positive case is culture-confirmed as
MTBC, all close contacts, regardless of age, are included in latent TB infection (LTBI)
screening [30]. These early interventions, including contact tracing, isolation, and
initiation of treatment, may effectively reduce the transmission risk, thereby diminishing
the observable impact of smear positivity in the statistical models.

Social behavioral factors might be more indicative than clinical characteristics when
predicting tuberculosis (TB) transmission. Researchers conducted a study in Lima, Peru,
revealing that younger TB patients were more likely to act as sources of transmission due
to their greater social contact across diverse age groups. Additionally, TB transmission
was more frequent among groups where both the infector and infectee shared smoking or
alcohol consumption habits. This highlighted the important role of such social
aggregation behaviors in facilitating the spread of tuberculosis [31]. Our study supported
these findings. Lower average age among early cases was associated with a higher
likelihood of forming large transmission clusters. However, our study might not fully

capture the transmission dynamics among younger adults. In Kaohsiung City, 64% of
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newly diagnosed TB cases in 2023 were individuals aged 65 and above, and the study
population predominantly consisted of middle-aged and elderly adults. This age
distribution may limit the generalizability of our findings to younger populations. Older
adults are more likely to progress to active TB and transmit the disease due to age-related
immune decline and the presence of comorbidities. Common comorbidities in middle-
aged and elderly patients may confuse TB symptoms and delay diagnosis. However, their
frequent interactions with healthcare systems also provided opportunities for screening
and early intervention [32][33]. Controlling tuberculosis in elderly populations is
complex and challenging. Healthcare workers need to focus on high-risk social settings
like hospitals and long-term care institutions. We also recommend promoting TB
education and prevention measures among socially active younger groups. This dual

approach could effectively reduce the risk of TB transmission.

4.2 Temporal Structure of Data

We constructed three datasets to compare incident clusters with datasets that did not
exclude non-incident clusters and applied the same modeling approach to each. In
comparing models among these datasets, we found similar median AUC values in the
Logistic Regression and SVM models. This might be due to cluster-level variables that
captured composite characteristics of transmission dynamics. The model could capture
meaningful trends regardless of the observation time point. Moreover, it is difficult to
determine whether a cluster is incident or not in real-world data. Some strains remained
latent for long periods before activation, while others spread quickly. In addition,
undiagnosed cases are inevitable, leading to missing observations in the dataset. Given
these considerations, the models developed in this study appeared to offer generalizability

across different temporal contexts and observational windows.
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4.3 Underperformance of Random Forest models

This study found that, compared to Logistic Regression (LR) and Support Vector Machine
(SVM) with a linear kernel, Random Forest (RF) demonstrated poor predictive
performance. This could be attributed to the limited sample size or the feature patterns
being more consistent with linear relationships. Random Forest tends to perform better
with nonlinear, high-dimensional data and large sample sizes. Conversely, when the
sample size is small and the relationship between predictors and outcomes is linear, linear
models could outperform Random Forest. Also, complex machine learning models in
such situations may lead to overfitting. Simple linear models, such as Logistic Regression,
offers a simpler structure and better interpretability, making it a computationally efficient

and scalable model suitable for public health applications [34].

4.4 Challenges in Measuring Transmission Event

In a study from China, the delay in the time from symptom onset to first healthcare visit
was 15 days. The delay from healthcare visit to diagnosis was 2 days [35]. In contrast, a
study conducted in England between 2012 and 2015 reported that approximately one-
third of notified cases experienced a diagnostic delay exceeding four months, indicating
regional variations in diagnostic delay [36]. This study arranged cases chronologically
based on notification dates; however, these dates may not accurately reflect the actual
timing of transmission. Therefore, the data used in our analysis may not represent the
earliest transmission events.

In this study, we applied a threshold of 12 SNPs to determine genetic relatedness.
However, the appropriateness of this threshold needs further validation. As shown in the
previous study, even cases with SNP distance below the threshold did not always exhibit

epidemiological links upon field investigation. If the threshold is loose, it may include
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multiple unrelated cases. Genomic information can help, but it cannot fully establish
transmission direction. We could only estimate potential relatedness among cases and
classify them into the same cluster. Also, the issue of missing data introduced biases in
the reconstruction of transmission chains. Although researchers have attempted to infer
unsampled cases within clusters using bioinformatics approaches, these methods cannot
entirely replace field investigations [37]. Therefore, active and systematic interventions
are essential for accurately reconstructing transmission dynamics.

Furthermore, clusters identified via genomic analysis may not correspond with those
defined by public health facilities. This discordance can result in missed opportunities for
timely interventions. In our dataset, contact history information was frequently missing
from epidemiological records. Such gaps posed additional challenges to effective

outbreak management and control.

4.5 Study Limitation

This study assumed the availability of whole genome sequencing (WGS) results to
support early prediction; nevertheless, current healthcare systems still lack rapid WGS
workflows. In reality, bacterial culture and sequencing preparation often took weeks to
months. Such an approach is still some distance away from practical implementation.
This study did not incorporate treatment initiation or duration into the analysis. Since TB
patients generally experience a significant reduction in infectiousness after two weeks of
appropriate therapy, treatment timing may play an important role in limiting cluster
expansion. We did not consider the temporal sequence of risk factor exposure. For
example, if only one of the first two notified cases is smear-positive, whether it is the first
or the second case that tests smear-positive may have important epidemiological

implications.
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Finally, this study was limited to the Kaohsiung region in Taiwan and had not yet been
validated in other areas. Given the variations in disease control measures across different
counties in Taiwan, the model’s generalizability to other regions remained uncertain.
Furthermore, the model was developed and evaluated using data from the same time
period, without testing its performance on temporally distinct datasets. The absence of
validation data limited our ability to assess the model’s robustness and long-term
applicability. Future studies should incorporate independent datasets from other settings

to strengthen the reliability of the prediction model.

4.6 Conclusion

We found that a model combining sputum smear positivity, mean age, and notification
date interval has the potential to predict large clusters at an early stage. Future works
could further analyze these risk factors to optimize predictive models and public health
intervention strategies. Our findings also revealed that over half of the transmission
clusters involved only two cases, indicating that most transmission events were
interrupted early, highlighting the critical role of timely case isolation and fundamental
epidemiological investigations in outbreak control.

In conclusion, continuous strengthening of basic prevention and control measures is
essential. For clusters predicted as high-risk by the model, expanded investigations should
be initiated promptly to facilitate real-time monitoring of transmission dynamics.
Implementing a flexible and targeted response strategy can enhance the use of limited

public health resources, accelerate outbreak response, and effectively curb disease spread.
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Total patients notified in Kaohsiung
from 2019/01/01 to 2023/12/31
(n =4918)

Excluded:
- without WGS data(n=750)

Patients had WGS data
(n =4168)

Excluded:
- Not in a transmission cluster(n=2968)
- Lineage 3 (n=3)

Patients included in study
(n=1197)

.

Five-Year follow-up (full data) Two-Year follow-up Three-Year follow-up
since 2019 since 2020 since 2020
(n=1197) (n=212) (n=183)

Figure 1. Study flow chart
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Figure 4A. Model performance of full-data
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Figure 4B. Model performance of two-year follow-up data
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ROC Curves with 95% CI (Three-Years Follow-Up)
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Figure 4C. Model performance of three-year follow-up data

33

doi:10.6342/NTU202503740



Variable Importance

=
o

E3 2.year
El 3-year

Importance

I

age_mean month_diff Smear_cluster

Variable

Figure 5. Variable importance

age _mean: mean age of the first two notified cases; month_diff: notification date interval,
measured in months; Smear cluster: categorical cluster-level variable representing the

smear status of the first two cases.
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Figure 6A. Boxplot of beta coefficients for sputum smear status in logistic regression

models

Smear clusterl: only one individual was smear-positive; Smear cluster2: both

individuals were smear-positive; Reference group: neither individual was smear-positive.

Beta Coefficients of age_mean and month_diff

a —
—

] i

E3 2.year
01 !

E3 3.year
E3 Ful

Beta Coefficient

02

age_mean month_diff

Variable
Figure 6B. Boxplot of beta coefficients for mean age and notification date interval in

logistic regression models

age mean: mean age of the first two notified cases; month_diff: notification date

interval.
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Figure 7B. Sensitivity Analysis of two-year follow-up data
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Figure 7C. Sensitivity Analysis of three-year follow-up data
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Variables Cluster size =2 Cluster size >3 p value
(N=398) (N=252)
Sex
Female | 111 (27.89%) 68 (26.98%) 0.895537
Male | 287 (72.11%) 183 (72.62%)
NA | 0 1 (0.4%)
Contact history
No 305 (76.63%) 170 (67.46%) 1
Yes | 46 (11.56%) 26 (10.32%)
NA | 47 (11.81%) 56 (22.22%)
Chronic Kidney Disease
No 335 (84.17%) 181 (71.83%) 0.190812
Yes | 16 (4.02%) 15 (5.95%)
NA | 47 (11.81%) 56 (22.22%)
Hemoptysis
No 333 (83.67%) 183 (72.62%) 0.591351
Yes | 18 (4.52%) 13 (5.16%)
NA | 47 (11.81%) 56 (22.22%)
Cough for two weeks
No 179 (44.97%) 111 (44.05%) 0.239201
Yes | 172 (43.22%) 85 (33.73%)
NA | 47 (11.81%) 56 (22.22%)
Smoking
Never 158 (39.7%) 78 (30.95%) 0.259701
Quit | 79 (19.85%) 45 (17.86%)
Smoke | 85 (21.36%) 60 (23.81%)
NA | 76 (19.1%) 69 (27.38%)
Drinking
Never = 193 (48.49%) 94 (37.3%) 0.224435
Quit | 61 (15.33%) 39 (15.48%)
Drink | 69 (17.34%) 48 (19.05%)
NA | 75 (18.84%) 71 (28.17%)
Diabetes mellitus
No 267 (67.09%) 143 (56.75%) 0.482762
Yes | 84 (21.11%) 53 (21.03%)
NA | 47 (11.81%) 56 (22.22%)
Drug resistant
Not resistant | 331 (83.17%) 214 (84.92%) 0.631366
Resistant to at least one drug = 62 (15.58%) 35 (13.89%)
NA | 5 (1.26%) 3 (1.19%)
Sputum smear test
Negative 158 (39.7%) 96 (38.1%) 0.643916
Positive | 230 (57.79%) 153 (60.71%)
NA | 10 (2.51%) 3 (1.19%)

Table 1A. Basic characteristic of full-data (individual-level variables)
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Variables Cluster size =2 Cluster size >3 p value
(N=199) (N=126)
Lineage
Lineagel 76 (38.19%) 41 (32.54%) 0.381534
Lineage2 | 87 (43.72%) 55 (43.65%)
Lineage4 | 36 (18.09%) 30 (23.81%)
Distance (km)
Mean (SD) | 8.16 (9.13) 9.09 (9.59) 0.385917
Age difference (year)
Mean (SD) | 15.61 (13.44) 17.54 (14.97) 0.240808
Mean age (year)
Mean (SD) | 64.35 (12.73) 58.56 (12.83) <.001
Notification date interval (month)
Mean (SD) | 18.31 (15.57) 10.30 (11.58) <.001

Table 1B. Basic characteristic of full-data (cluster-level variables)
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Variables Cluster size =2 Cluster size >3 p value
(N=132) (N=48)
Sex
Female | 35 (26.52%) 13 (27.08%) 1
Male | 97 (73.48%) 35 (72.92%)
Contact history
No ' 105 (79.55%) 38 (79.17%) 0.521054
Yes | 22 (16.67%) 5 (10.42%)
NA | 5 (3.79%) 5 (10.42%)
Chronic Kidney Disease
No ' 119 (90.15%) 38 (79.17%) 0.318001
Yes | 8 (6.06%) 5 (10.42%)
NA | 5 (3.79%) 5 (10.42%)
Hemoptysis
No 121 (91.67%) 38 (79.17%) 0.148076
Yes | 6 (4.55%) 5 (10.42%)
NA | 5 (3.79%) 5 (10.42%)
Cough for two weeks
No ' 70 (53.03%) 21 (43.75%) 0.591353
Yes | 57 (43.18%) 22 (45.83%)
NA | 5 (3.79%) 5 (10.42%)
Smoking
Never ' 56 (42.42%) 21 (43.75%) 0.886843
Quit | 30 (22.73%) 9 (18.75%)
Smoke | 35 (26.52%) 12 (25%)
NA | 11 (8.33%) 6 (12.5%)
Drinking
Never 68 (51.52%) 22 (45.83%) 0.47341
Quit | 22 (16.67%) 5 (10.42%)
Drink | 31 (23.48%) 14 (29.17%)
NA | 11 (8.33%) 7 (14.58%)
Diabetes mellitus
No ' 93 (70.45%) 31 (64.58%) 1
Yes | 34 (25.76%) 12 (25%)
NA | 5 (3.79%) 5 (10.42%)
Drug resistant
Not resistant | 108 (81.82%) 37 (77.08%) 0.730755
Resistant to at least one drug | 23 (17.42%) 10 (20.83%)
NA | 1 (0.76%) 1 (2.08%)
Sputum smear test
Negative 53 (40.15%) 12 (25%) 0.086348
Positive | 76 (57.58%) 35 (72.92%)
NA | 3 (2.27%) 1 (2.08%)

Table 2A. Basic characteristic of two-year follow-up data (individual-level variables)

40

doi:10.6342/NTU202503740



Variables Cluster size =2 Cluster size >3 p value

(N=66) (N=24)

Lineage

Lineagel 21 (31.82%) 8 (33.33%) 0.975755

Lineage2 27 (40.91%) 10 (41.67%)

Lineage4 | 18 (27.27%) 6 (25%)
Distance (km)

Mean (SD) | 7.74 (6.63) 10.43 (11.40) 0.285254
Age difference (year)

Mean (SD) | 14.24 (12.35) 16.62 (13.38 0.450531
Mean age (year)

Mean (SD) | 64.55 (14.03) 62.06 (10.42) 0.368681
Notification date interval (month)

Mean (SD) @ 10.86 (7.09) 7.01 (6.33) 0.017449

Table 2B. Basic characteristic of two-year follow-up data (cluster-level variables)
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Variables Cluster size =2 Cluster size >3 p value
(N=96) (N=48)
Sex
Female | 24 (25%) 13 (27.08%) 0.946241
Male | 72 (75%) 35 (72.92%)
Contact history
No ' 77 (80.21%) 39 (81.25%) 0.409735
Yes | 15 (15.62%) 4 (8.33%)
NA | 4 (4.17%) 5 (10.42%)
Chronic Kidney Disease
No ' 87 (90.62%) 40 (83.33%) 0.709289
Yes | 5 (5.21%) 3 (6.25%)
NA | 4 (4.17%) 5 (10.42%)
Hemoptysis
No 88 (91.67%) 39 (81.25%) 0.265211
Yes | 4 (4.17%) 4 (8.33%)
NA | 4 (4.17%) 5 (10.42%)
Cough for two weeks
No ' 52 (54.17%) 25 (52.08%) 1
Yes | 40 (41.67%) 18 (37.5%)
NA | 4 (4.17%) 5 (10.42%)
Smoking
Never = 34 (35.42%) 20 (41.67%) 0.644906
Quit | 26 (27.08%) 12 (25%)
Smoke | 26 (27.08%) 10 (20.83%)
NA | 10 (10.42%) 6 (12.5%)
Drinking
Never ' 44 (45.83%) 22 (45.83%) 0.816122
Quit | 16 (16.67%) 9 (18.75%)
Drink | 25 (26.04%) 10 (20.83%)
NA | 11 (11.46%) 7 (14.58%)
Diabetes mellitus
No ' 65 (67.71%) 33 (68.75%) 0.594546
Yes | 27 (28.12%) 10 (20.83%)
NA | 4 (4.17%) 5 (10.42%)
Drug resistant
Not resistant | 80 (83.33%) 36 (75%) 0.382383
Resistant to at least one drug | 15 (15.62%) 11 (22.92%)
NA | 1 (1.04%) 1 (2.08%)
Sputum smear test
Negative ' 40 (41.67%) 14 (29.17%) 0.198354
Positive ' 54 (56.25%) 33 (68.75%)
NA | 2 (2.08%) 1 (2.08%)

Table 3A. Basic characteristic of three-year follow-up data (individual-level variables)
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Variables Cluster size =2 Cluster size >3 p value

(N=48) (N=24)

Lineage

Lineagel @ 14 (29.17%) 7 (29.17%) 0.979248

Lineage2 21 (43.75%) 11 (45.83%)

Lineage4 | 13 (27.08%) 6 (25%)
Distance (km)

Mean (SD) | 7.68 (6.39) 9.34 (11.16) 0.505989
Age difference (year)

Mean (SD) | 15.29 (12.75) 15.71 (11.95) 0.892100
Mean age (year)

Mean (SD) | 65.33 (12.86) 61.23 (13.35) 0.219740
Notification date interval (month)

Mean (SD) | 15.68 (11.10) 8.27 (6.26) <.001

Table 3B. Basic characteristic of three-year follow-up data (cluster-level variables)
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