Pre prints.org

Article Not peer-reviewed version

Exploring Determinants and Predictive
Models of Latent Tuberculosis Infection
Outcomes in Rural Areas of the Eastern
Cape: A Pilot Comparative Analysis of
Logistic Regression and Machine
Learning Approaches

Lindiwe Modest Faye i , Cebo Magwaza, Ntandazo Dlatu , Teke Apalata

Posted Date: 30 October 2024
doi: 10.20944/preprints202410.2346.v1

Keywords: Latent Tuberculosis Infection; Logistic Regression; Machine Learning; Random Forest; Public
Health; LTBI Awareness; Predictive Modeling

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/2827658
https://sciprofiles.com/profile/3883006
https://sciprofiles.com/profile/1975791

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 October 2024 d0i:10.20944/preprints202410.2346.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Exploring Determinants and Predictive Models of
Latent Tuberculosis Infection Outcomes in Rural
Areas of the Eastern Cape: A Pilot Comparative
Analysis of Logistic Regression and Machine
Learning Approaches

Lindiwe Modest Faye 1*, Cebo Magwaza !, Ntandazo Dlatu 2 and Teke Apalata !

1 Department of Laboratory Medicine and Pathology, Walter Sisulu University, Private Bag X5117, Mthatha,
5099, South Africa

2 Department of Public Health, Faculty of Health Sciences, Walter Sisulu University, Private Bag X1,
Mthatha 5117, South Africa

* Correspondence: fayelindiwe@yahoo.com; Tel.: +27-47-502-1995

Abstract: Latent Tuberculosis Infection (LTBI) poses a significant public health challenge, especially in
populations with high HIV prevalence and limited healthcare access. Early detection and targeted
interventions are essential to prevent the progression of active tuberculosis. This study develops predictive
models for LTBI outcomes using logistic regression and machine learning approaches and evaluates strategies
to improve LTBI awareness and testing. Data from rural areas in the Eastern Cape, South Africa, were analyzed
to identify key demographic, health, and knowledge-related factors influencing LTBI outcomes. Logistic
regression was employed to predict LTBI positivity based on factors such as age, education, and HIV status.
Machine learning models, including decision trees and random forests, were also applied to compare
predictive accuracy. A knowledge diffusion model was used to assess the impact of educational interventions
on increasing LTBI awareness and testing rates. Logistic regression achieved an accuracy of 66.67% with high
precision (80%) but low recall (33%) for LTBI-positive cases, identifying age, HIV status, and LTBI awareness
as significant predictors. The random forest model outperformed logistic regression in accuracy (59.26%) and
Fl-score (0.63), providing a better balance between precision and recall. Feature importance analysis revealed
that age, occupation, and knowledge of LTBI symptoms were the most critical factors across both models. The
knowledge diffusion model demonstrated that targeted interventions significantly increased LTBI awareness
and testing, particularly in high-risk groups. While logistic regression offers more interpretable results for
public health interventions, machine learning models like random forests provide enhanced predictive power
by capturing complex relationships between demographics and health factors. These findings highlight the
need for targeted educational campaigns and increased LTBI testing in high-risk populations, particularly
those with limited awareness of LTBI symptoms.

Keywords: latent tuberculosis infection; logistic regression; machine learning; random forest; public
health; LTBI awareness; predictive modeling

1. Introduction

Latent Tuberculosis Infection (LTBI) is a global public health concern, particularly in regions
with high tuberculosis (IB) prevalence and populations vulnerable to progressing from latent to
active TB [1,2]. In many cases, individuals with LTBI are asymptomatic, yet the infection can develop
into active TB if left untreated, leading to significant morbidity and mortality [3]. The World Health
Organization (WHO) estimates that nearly one-quarter of the global population is infected with LTBI,
with certain regions, particularly those with high HIV prevalence, being disproportionately affected
[4]. In South Africa, where HIV co-infection rates are among the highest in the world, LTBI poses a
serious risk to population health and healthcare systems [5]. Early detection and intervention are
crucial in preventing the spread of TB and reducing the risk of progression to active disease.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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However, the silent nature of LTBI and the lack of widespread testing contribute to underdiagnoses
[6]. Understanding the key determinants influencing LTBI prevalence and identifying high-risk
groups is essential for designing effective public health interventions. In rural areas of the Eastern
Cape, socio-economic challenges, limited healthcare access, and low awareness about LTBI further
exacerbate the problem, making intentional interventions a priority [5]. The advancements in
predictive modeling and machine learning offer valuable tools for identifying individuals at risk of
LTBI [7-9]. Logistic regression models have traditionally been used in epidemiological studies due
to their interpretability and ability to quantify relationships between risk factors and health outcomes
[10,11]. However, machine learning techniques, such as decision trees and random forests, are
increasingly being applied in public health research to capture complex, non-linear interactions
between variables, offering potentially higher predictive accuracy [12-14].

This study aimed to develop predictive models to assess the likelihood of LTBI positivity based
on demographic, health, and knowledge-related factors in rural areas of the Eastern Cape. We apply
logistic regression, decision trees, and random forest models to evaluate their performance in
predicting LTBI outcomes. Additionally, we use a knowledge diffusion model to explore strategies
for improving LTBI awareness and testing rates. This research aims to provide actionable insights
that can inform public health strategies, particularly in high-risk communities, and contribute to the
broader effort to control TB in resource-limited settings.

2. Materials and Methods
2.1. Data Collection

Data was collected from a healthcare facility in rural areas in the Eastern Cape, focusing on
demographic factors (age, gender, education, occupation), health status (HIV status, comorbidities),
and survey responses related to LTBI awareness and testing. The dependent variable was LTBI test
results (Positive/Negative) and the independent variables were age, gender, education, HIV status,
comorbidities, and LTBI knowledge questions.

2.2. Logistic Regression Model

Logistic regression was used to estimate the likelihood of LTBI positivity, predicting LTBI
outcomes based on demographic and health variables. Model performance was evaluated using
accuracy, precision, recall, and F1-score. Odds ratios for each predictor were calculated to interpret
their impact on LTBI positivity.

2.3. Machine Learning Models

Model comparison was done by the performance of decision trees and random forests that were
evaluated to assess their suitability for predicting LTBI outcomes, particularly in identifying complex
interactions between risk factors. Accuracy, precision, recall, and Fl-score were calculated for each
model. Feature importance was analyzed to understand the influence of key variables such as age,
knowledge level, and occupation.

2.4. Data Analysis

We utilized STATA v15 to perform data cleaning and basic descriptive statistics. As part of the
data cleaning process, we converted categorical data into numerical data by applying numerical
value labels based on a pre-established codebook.

2.5. Prediction Tools and Software

Both R studio version 2022.02.3 Build 492 and R version 4.2.1 were used for creating machine
learning classification algorithms. These softwares are freely available for data analytics. R is a
statistical and data-centric programming language that is open-source, while R studio is an open-
source integrated development environment (IDE) with an easy-to-use graphical user interface (UI).
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Additionally, R Studio offers a user-friendly graphical user interface for the R programming language
that allows for point-and-click interactions.

2.6. Building the Machine Learning Algorithms

We utilized R-Studio and the "caret" library, a widely recognized R machine learning package.
The dataset was divided into 80% for training and 20% for testing. Five algorithms, including support
vector machines, AdaBoost, artificial neural networks, decision trees, and logistic regression, were
constructed using the training dataset. Each algorithm underwent testing using the testing dataset.
A 10-fold cross-validation was employed for model construction with the training dataset. The
training dataset was split into 90% for training and 10% for testing, repeated 10 times before the final
model was built. The final model was tested using 20% of the original dataset reserved for model
testing. A confusion matrix was computed using the testing dataset to measure accuracy, positive
predictive value, negative predictive value, sensitivity, and specificity for every machine-learning
model, based on a 95% level of confidence.

2.7. Evaluation of the Developed Models

The model's performance was assessed using k-fold cross-validation. According to Trevor
Hastie, cross-validation is a collection of techniques for evaluating a prediction model's effectiveness
using fresh test data sets. Cross-validation approaches work by splitting the data into two sets: the
training set, which is used to create the model, and the testing set, also known as the validation set,
which is used to test the model by calculating the prediction error. Using the repeated k-fold cross-
validation approach, we divided our dataset into k sets at random. We divided our data into tenfold
equal datasets using this strategy. Nine-fold (90%) datasets were used to train the model, while the
remaining one-fold (10%) dataset was utilized to assess the model's performance. After that, we
assessed the created model using the test dataset (20%) to verify its correctness and validity in light
of the observations that were not visible. Based on the findings, we calculated the prediction error as
the mean squared difference between the values of the anticipated and actual outcomes.

2.8. Performance Measure of the Developed Model

There are several ways to measure how well machine learning models perform. These consist of
the Receiver Operating Curve (ROC), accuracy, precision, F1 score, and recall. The number of positive
and negative observations that the algorithm accurately classifies is known as accuracy. In a balanced
classification task, when each class has equal importance to the researcher, accuracy is frequently
employed. Furthermore, recall seeks to determine what percentage of true positives were accurately
detected, whereas precision seeks to quantify the percentage of right identifications. The F1 score, on
the other hand, takes the harmonic mean of recall and accuracy and merges them into a single
statistic. Nonetheless, the majority of the time, the F1 score is utilized to determine the positive class.

2.9. Knowledge Diffusion Model

The model the spread of LTBI knowledge in the population, simulating transitions from being
unaware to aware, and subsequently to testing. A compartmental model was adapted, using
differential equations to track knowledge spread based on factors like education and barriers to
action (e.g., financial constraints).

3. Results

This section reports the results from logistic regression and machine learning models (decision
tree and random forest) used to predict LTBI outcomes from the survey of knowledge of LTBI (table
1). The performance of these models was evaluated using accuracy, precision, recall, and F1-score.
Additionally, feature importance analysis highlights the key determinants influencing LTBI test
results while knowledge diffusion model outcomes highlight the effectiveness of an LTBI awareness
campaign and behavioral interventions over 12 months.
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Table 1. Knowledge of LTBI survey questions.
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Question Question Choice of responses
code
1A: Yes
Q1 Have you ever heard of LTBI; . N6
before?

Q2

Q3

Q4

Q5

Q6

Q7

Q8

Q9

Have you ever received2A: Yes
health education 2B: No
on LTBI and TB?
3A: A form of tuberculosis that is highly contagious
and easily spread through the air
3B: Tuberculosis infection that remains dormant
in the body without causing symptoms or spreading
to others
3C: An advanced stage of tuberculosis where the
an infection has spread to multiple organs
3D: Tuberculosis infection that is resistant to standard
treatments and requires specialized medications
3E: A condition where the tuberculosis bacteria have
been completely eradicated from the body
4A: LTBl is a condition where the tuberculosis bacteria
are actively multiplying in the body, causing symptoms
such as cough, fever, and weight loss, while active TB is
a dormant infection that does not cause symptoms
4B: LTBI is a contagious form of tuberculosis that can
Be easily transmitted to others through respiratory
droplets, while active TB is not contagious
How is LTBI different from4C: LTBI is characterized by the presence of
active TB? tuberculosis bacteria in the body without causing

What do you understand by
the term

“Latent tuberculosis
infection”?

symptoms or making the person sick, whereas active
TB manifests with symptoms and can make the person
sick
4D: LTBI is a more severe form of tuberculosis infection
that requires intensive treatment with multiple
medications, whereas active TB can be managed with
a single antibiotic
4E: LTBI is a temporary condition that resolves on
its own without treatment, while active TB requires
long-term treatment to prevent complications and
transmission to others
5A: Age
What are the risk factors for 5B: Close contact with 'someone 'v\‘rith active TB
. 5C: Immunocompromised condition
developing LTBI? . S .
5D: Living or working in crowded environments
5E: All of the above
6A: Development of active tuberculosis (TB) disease
6B: Increased risk of transmitting tuberculosis to others
What are the possible6C: Progression of TB infection to more severe
consequences of forms affecting multiple organs
having untreated LTBI? 6D: Complications such as meningitis, bone, or joint
infection, or respiratory failure
6E: All of the above

7A: Yes
Can LTBI progress to active,
7B: No
TB?
7C: Not sure

8A: High-dose antibiotics for a short duration
What are the recommended8B: Combination therapy with multiple antibiotics
treatments 8C: Isoniazid (INH) monotherapy for 6 to 9 months
for LTBI? 8D: Surgical removal of infected tissues
8E: No treatment is necessary for LTBI
9A: Regular exercise and a healthy diet

Are there any preventive
9B: Avoiding close contact with individuals diagnosed

measures

individuals with LTBI should With active TB
take to 9C: Taking vitamin supplements
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avoid developing active TB? 9D: Completing a full course of treatments for LTBI as
Prescribed by a healthcare provider
9E: Using herbal remedies and alternative therapies

10A: Strongly agree
Do you think LTBI is alOB: Agree
Q10 significant public 10C: Neutral
health concern? 10D: Disagree
10E: Strongly
How concerned are youllA: Very concerned

about the 11B: Somewhat concerned
Q11 possibility of progressing11C: Neutral

from LTBI 11D: Not very concerned

to active TB? 11E: Not concerned at all

Do you believe that LTBI12A: Yes

treatment 12B: No

Q12

is necessary, even if you do 12C: Not sure
not have symptoms?
13A: Vey important
How do you perceive thel3B: Somewhat important
Q13 importance 13C: Neutral
of LTBI screening programs? 13D: Not very important
13E: Not important at all
What barriers do you think14A: Lack of awareness

may 14B: Fear of side effects from medication
Q14 prevent individuals from14C: Stigma associated with TB
seeking 14D: Financial constraints

LTBI testing or treatment?  14E: Other (please specify)

15A: Yes, and I tested positive
Have you ever been screened1 5B: Yes,

, and I tested negative
for LTBI? 15C: No

Q15

If you tested for LTBI, did16A: Yes
Q16 you 16B: No

receive treatment?

If you received treatment for17A: Yes

LTBI, did 17B: No
Q17 you complete the entire

course

of medication?

Have you ever been in close 18A: Yes

contact

1 18B:
Q18 with someone diagnosed 8B: No

with active TB?

19A: Yes
If yes, did you seek medical;gp, £y,
Q19 evaluation or
testing for LTBI?

Performance of Three Machine Learning Models

Figure 1, compares the performance of three machine learning models (logistic regression,
decision tree, and random forest) based on accuracy, precision, recall, and F1-score. Random forest
outperformed the other models, offering higher accuracy and a better balance between precision and
recall. While the decision tree performed well, it slightly underperforms compared to random forest.
Logistic regression has the lowest recall, indicating that it missed more positive LTBI cases than the
other models.
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66.0% 65.0%

64.0% 9°-0% 63.0% 64.0%

Metrics

Accuracy
B Precision
Bl Recall
B Fl-score

Score

Logistic Regression Decision Tree Random Forest
Model

Figure 1. Comparison of machine learning models for LTBI prediction.

Logistic Regression Results

The logistic regression model achieved an accuracy of 66.67% and a precision of 80% for LTBI-
positive cases, but with a relatively low recall of 33%, indicating it missed a significant number of
positive cases. The top predictors of LTBI positivity were completing a full course of treatments for
LTBI as prescribed by a healthcare provider (1.27), HIV status (0.89), and employment status (0.68),
with positive coefficients showing that these variables increased the likelihood of testing positive.
Individuals responding affirmatively to completing a full course of treatments for LTBI as prescribed
by a healthcare provider were 3.6 times more likely to test positive for LTBIL, while higher education
reduced the odds (odds ratio of 0.60). and negative predictors were responses to Q4 4B (“LTBI is a
contagious form of tuberculosis that can be easily transmitted to others through respiratory droplets,
while active TB is not contagious”) and Q8_8B (“Combination therapy with multiple antibiotics”)
(indicating protective behaviors).

In the top 10 important featured in logistic regression for LTBI prediction (Figure 2), the
strongest positive predictor for LTBI positivity is completing a full course of treatments for LTBI as
prescribed by a healthcare provider (coefficient: +1.27), indicating that individuals who provided this
response, likely linked to a behavioral or knowledge-related factor, are significantly more likely to
test positive. Conversely, if LTBI is a contagious form of tuberculosis that can be easily transmitted
to others through respiratory droplets, while active TB is not contagious (coefficient: -1.00) has a
strong negative influence, reducing the likelihood of LTBI positivity, potentially due to protective
behaviors. Other important positive predictors include treatment recommendation of Isoniazid
(INH) monotherapy for 6 to 9 months (coefficient: +0.84) and occupation employed (coefficient:
+0.68), which suggest higher risk associated with certain knowledge and work-related exposure.
Negative predictors like treatment recommendation of combination therapy with multiple antibiotics
(coefficient: -0.82) and treatment recommendation of high-dose antibiotics for a short duration
(coefficient: -0.56) further decrease the likelihood of testing positive, possibly reflecting protective
behaviors or better awareness. Responses such as believe that LTBI treatment is necessary, even if
you do not have symptoms _Yes (coefficient: +0.59) and believe that LTBI treatment is necessary, even
if you do not have symptoms Not Sure (coefficient: +0.56) also increase LTBI positivity, reflecting
uncertainty or gaps in knowledge, while age (coefficient: -0.48) shows that older individuals are less
likely to test positive, possibly due to cohort exposure patterns or protective factors.
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Placeholder Feature 8.6%
Age 6.5%
LTBI Treatment Belief (Not Sure) 7.5%
LTBI Treatment Belief (Yes) 7.9%
High-Dose Short-Duration Therapy 7.5%
Combination Therapy Recommendation (Multiple Antibiotics) 11.0%
Occupation: Employed 9.1%
INH Monotherapy Recommendation (6-9 months) 11.3%
LTBI as Contagious (Misconception) 13.4%

Completing LTBI Treatment (Full Course) 17.1%

0.0 0.2 0.4 0.6 0.8 1.0 1.2
Absolute Coefficient

Figure 2. Top 10 most important features in logistic regression for LTBI prediction.

Decision tree modelA decision tree Appendix A (Figure A1) has internal nodes representing
decisions based on feature values, branches representing the outcomes of those decisions, and leaf
nodes representing final classifications (in this case, whether the LTBI test result is positive or
negative). The decision tree model begins with Q8 ("No treatment is necessary for LTBI") as the root
node, the most critical split in the tree. Respondents who believe treatment is unnecessary are more
likely to be classified as LTBI-negative. In contrast, those who express concern about treatment are
more likely to be classified as LTBI-positive. Following this, the tree further refines its predictions
based on Q9 (“Are there any preventive measures individuals with LTBI should take to avoid
developing active TB”) responses and age, where specific answers to Q9 (“Are there any preventive
measures individuals with LTBI should take to avoid developing active TB?”) and older age groups
are associated with a higher likelihood of testing positive for LTBI. At deeper levels, the model
incorporates factors like Q5_5B (“close contact with someone with active TB”), which significantly
increases the likelihood of an LTBI-positive result, consistent with known TB transmission risks. The
tree culminates in leaf nodes representing the final classification based on all relevant factors. For
instance, respondents who believe treatment is unnecessary, are younger, and have not had close
contact with TB are classified as negative. In contrast, older respondents, those who express treatment
concerns, or those with close TB contact are more likely to be classified as positive. Example Path
Analysis: The tree starts with Q8 ("No treatment is necessary for LTBI") to assess attitudes toward
LTBI treatment. If the answer is "Yes," the model predicts LTBI-negative, but if the answer is "No,"
the tree examines Q9 (“Are there any preventive measures individuals with LTBI should take to avoid
developing active TB”) and age to refine the classification. Finally, the model checks for Q18 (“Have
you ever been in close contact with someone diagnosed with active TB?”), where a "Yes" greatly
increases the probability of an LTBI-positive result.

The decision tree (Figure 4) highlights the significant splits that drive the model’s predictions,
with the most important features identified in the top nodes. At the top of the tree, Q8 ("No treatment
is necessary for LTBI") emerges as the most critical split, representing respondents’ beliefs about
whether LTBI treatment is needed. If a respondent answers "Yes," the model tends to predict a
negative test result, while a "No" response increases the likelihood of a positive classification. The
next significant split is Q9_9D ("Completing a full course of treatments for LTBI as prescribed by a
healthcare provider"), which plays a key role in refining the model’s classification of individuals.
Specific responses to Q9 (“Are there any preventive measures individuals with LTBI should take to
avoid developing active TB?”) can either increase or decrease the probability of testing positive for
LTBI. Alongside this, age appears as another critical factor, with older individuals generally more
likely to be classified as LTBI-positive, reflecting known risk patterns. Further down the tree, Q5
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("Close contact with someone with active TB") and Q3_3C (“An advanced stage of tuberculosis where
the infection has spread to multiple organs”) also contribute to the model's predictions. Respondents
who report close contact with an active TB case are more likely to test positive for LTBL reinforcing
the influence of exposure history on risk. Responses to Q3 (“What do you understand by the term
latent tuberculosis infection?”) help the model further refine predictions, much like Q9 (“Are there
any preventive measures individuals with LTBI should take to avoid developing active TB?”),
providing additional nuance to the classification process. The decision tree starts with a key split on
Q8 ("No treatment is necessary for LTBI"). This indicates that respondents' beliefs about LTBI
treatment are a major factor in predicting test outcomes. The tree then incorporates further splits
based on Q9 (“Are there any preventive measures individuals with LTBI should take to avoid
developing active TB?”), age, and contact with TB patients, with age and exposure history
contributing to the risk assessment. The decision tree’s structure is a reflection of the most predictive
features, with the initial splits carrying the most weight in terms of determining the outcome. For
instance, if a respondent believes no treatment is necessary Q8 ("No treatment is necessary for LTBI"),
they are more likely to test negative and if they have close contact with someone with active TB (Q18),
they are more likely to test positive.

Q99D <=05
gini = 0,451
samples = 61

value = [40, 21]

class = Negative

Age <= 325
gini = 0.444.
samples = 12

0'8_No treatment s necessary for LTBI <= 0.5,
jini = 0.39

samples = 49
value = [36, 13]
class = Negative

value = [4, 8]
class = Positive

[@5_Close contact with someane with active T8 <= 0.5)
gini = 0.34
samples = 46
value = [36, 10]
class = Negative

samples = 3
value = [1, 2]
class = Positive|

Figure 4. Significant splits of decision tree.

Decision Tree model for predicting LTBI outcomes the top 10 most important features from the
Decision Tree model for predicting LTBI outcomes (Figure 5), highlight age as the most influential
factor, with older individuals showing a higher likelihood of testing positive. Q9_9D (“Completing a
full course of treatments for LTBI as prescribed by a healthcare provider”), reflecting behavioral or
knowledge-related factors, is the second most important, playing a crucial role in distinguishing
positive from negative results. Other significant features include Q10_ 10A (“strongly agree”) and
Q8_8B (“Combination therapy with multiple antibiotics”), both related to attitudes and knowledge
about LTBI, as well as Q14_14A (“lack of awareness”), which indicates that individuals unaware of
LTBI may be at higher risk. Additional features such as Q12 (“Do you believe that LTBI treatment is
necessary, even if you do not have symptoms?”), Q16 (“If you tested for LTBI, did you receive
treatment?”) and Q17 (If you received treatment for LTBI, did you complete the entire course of
medication?”) relate to health-seeking behavior and preventive measures, influencing the model’s
predictions.
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Q8_8C| 3.1%
Q5_Close contact with someone with active TB | 4.1%
Other comorbidities (Hypertension, Diabetes) | 5.1%

Gender (Male = 0, Female = 1) 6.1%
Q7_Yes| 7.1%
Q3_3B} 8.2%

Q14_Stigma associated with TB | 12.2%

Q9_9D (Completing full LTBI treatment) 13.3%
Q8_No treatment is necessary for LTBI 15.3%

Age 25.5%

0.00 0.05 0.10 015 0.20 0.25
Feature Importance

Figure 5. 10 most important features influencing predictions in the decision tree model.

3.4. Random Forest

The random forest model achieved an accuracy of 59.26%, with age, knowledge Q9 9D
(“Completing a full course of treatments for LTBI as prescribed by a healthcare provider”), and
occupation identified as the top predictors. While the random forest outperformed decision trees in
precision, it struggled with recall for LTBI-positive cases, indicating some limitations in detecting all
true positives. Among the top 10 features influencing LTBI predictions (Figure 3) The top 5 important
predictors (Figure 4), Q9_9D (“completing a full course of treatments for LTBI as prescribed by a
healthcare provider”) had the largest positive coefficient (1.27), significantly increasing the likelihood
of a positive LTBI result. This suggests that greater knowledge or awareness about LTBI symptoms
strongly correlates with testing positive, indicating the need for targeted awareness campaigns. In
contrast, Q4_4B (“LTBI is a contagious form of tuberculosis that can be easily transmitted to others
through respiratory droplets, while active TB is not contagious”) had a negative coefficient (-1.00),
suggesting it reflects protective behaviors that reduce LTBI risk, highlighting areas for further
exploration in LTBI control strategies. Other significant predictors included Q8_8C (“Isoniazid (INH)
monotherapy for 6 to 9 months”) (0.84), which increased the likelihood of LTBI positivity, potentially
linked to health behaviors or knowledge gaps, and Q8_8B (“combination therapy with multiple
antibiotics”) (-0.82), which reduced the odds of a positive result, possibly reflecting preventive
behaviors. Finally, employment status (0.68) was positively associated with LTBI risk, implying that
occupational exposure may play a role, and workplace interventions could be vital for controlling
transmission.
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Q11_Somewhat concerned 2.7%
HIV status_positive 4.1%
Q14_Lack of awareness 5.5%
Q10_Strongly agree 6.8%
Occupation: Employed 8.2%
Q8_8B (Combination therapy) 9.6%
Q8_8C (INH monotherapy 6-9 months) 11.0%
Q4_4B (LTBI is contagious misconception) 13.7%
Q9_9D (Completing LTBI treatment) 16.4%

Age 21.9%

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
Feature Importance

Figure 6. Top 10 features influencing LTBI prediction in random forest model.

Comparison of Random Forest and Regression Models

The models were evaluated and their performance metrics were compared. Random forest
outperformed the decision tree in terms of overall accuracy and F1-score (table 2).

Table 2. Summary Comparison of performance metrics in the dataset.

Maetric Decision Tree Random Forest
Accuracy 59.26% 62.96%
F1-Score (Positive) 0.59 0.63

When comparing the random forest and logistic regression models, several key features reveal
differences in how each model predicts LTBI outcomes. Age is the most important feature in the
random forest model, indicating that age plays a critical role in LTBI prediction, likely due to
demographic patterns in infection or exposure. However, in logistic regression, age has a lower
impact, suggesting that its relationship with LTBI may be more complex and better captured by the
random forest model’s ability to handle non-linear relationships. For Q9_9D (“Completing a full
course of treatments for LTBI as prescribed by a healthcare provider”), while it is important in both
models, it has a much larger impact in logistic regression, where it is the strongest predictor of LTBI
positivity, significantly increasing the odds of testing positive. In contrast, its contribution in the
random forest model is lower relative to other factors. Q10_10A (“Strongly agree”) shows moderate
importance in both models, indicating that respondents who strongly agree with this statement are
more likely to test positive, though it plays a smaller role compared to Q9_9D (“Completing a full
course of treatments for LTBI as prescribed by a healthcare provider”) in logistic regression. Q8_8B
(“combination therapy with multiple antibiotics”) is an important predictor in both models, but more
so in Logistic Regression, where its negative coefficient indicates that individuals responding in a
certain way are less likely to test positive, suggesting protective behaviors. In random forest, it also
contributes to predictions, though less strongly. Q14_14A (“Lack of awareness”) influences LTBI
outcomes in both models. In logistic regression, it has a positive coefficient, showing that individuals
reporting a lack of awareness are more likely to test positive, highlighting the link between
knowledge gaps and infection risk. In random forest, it has some importance, indicating its role in
increasing susceptibility.
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Comparison of Logistic Regression, Random Forest, and Decision Tree Models

Our study compared the predictive accuracy of logistic regression, decision trees, and random
forest models in determining LTBI outcomes based on demographic, health, and knowledge-related
factors. Each model revealed strengths and weaknesses that provide valuable insights for both
epidemiological understanding and public health interventions (table 3).

Table 3. Summary of Model Comparison in the dataset.

Model Strengths Weaknesses
-L 11, mi LTBI-positi
Logistic Regression - High interpretability, easy to explain. cas(:e‘;v recall, misses marny positive
- Good precision (80%). - Limite.d in capturing complex, non-linear
interactions.
Decision Tree - Simple, interpretable structure. Prone t,o Ovjcfﬁﬁ_mg’ leading to lower
generalizability.
-L ision (50%), higher fal
- Captures non-linear relationships. ower precision (50%), higher false
positives.
- Better recall (42%) than logistic
regression.
- Better overall accuracy and F1-score - Less interpretable due to ensemble
Random Forest
(0.63). structure.

- 1 ith recall (25%) for LTBI-
- Handles complex interactions well. Stlju.gg ed with recall (25%) for

positive cases.
-Provides insights into feature

importance.

In the logistic regression model for predicting LTBI outcomes (Figure 7), Q9_9D (Completing
LTBI treatment) emerged as the most influential predictor, contributing 27.5% to the likelihood of a
positive result, underscoring the importance of adherence to prescribed LTBI treatment. Q4_4B
(misconception about LTBI contagion) and Q8_8C (INH monotherapy for 6-9 months) also
significantly impact LTBI positivity, with relative importances of 21.7% and 18.2%, respectively,
highlighting the role of specific knowledge and beliefs in shaping LTBI outcomes. Additionally,
Occupation: Employed and Q8_8B (Combination therapy) contribute 14.8% and 17.8%, suggesting
that occupational exposure and awareness of treatment options further influence LTBI risk.

Occupation: Employed

Q8_8B (Combination therapy) 17.8%

Q8_8C (INH monotherapy 6-9 months) 18.2%

Q4_4B (LTBI is contagious misconception)

Q9_9D (Completing LTBI treatment) 27.5%

L s !

0.0 0.2 0.4 0.6 0.8 1.0 1.2
Absolute Coefficient Value

Figure 7. Top 5 most important features based on their absolute coefficient values for LTBI
predictions.
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Knowledge Diffusion Model Outcomes

Figure 8 simulation models the effectiveness of an LTBI awareness campaign and behavioral
interventions over 12 months, showing how the population transitions from being unaware to aware
and ultimately taking action, such as getting tested or treated. As awareness campaigns reach more
individuals, the unaware population gradually decreases. The aware population initially increases
as people learn about LTBI, but then declines as individuals move from awareness to action.
Meanwhile, the taken action population steadily grows as more people get tested or treated after
becoming aware.

7000} — Unaware
— Aware
—— Taken Action

6000

50001

B
o
o
o

Population

30001

20001

1000

0 2 4 6 8 10 12
Time (Months)

Figure 8. LTBI intervention simulation (awareness and action over time).

Targeted interventions lead to faster transitions in the high-risk group, enabling them to move
quickly from being unaware to taking action, such as getting tested or treated for LTBI. In contrast,
the general population responds more slowly to broader awareness campaigns, progressing at a more
gradual pace. Overall, targeted interventions significantly accelerate action among high-risk
individuals, highlighting the importance of focusing on those most at risk while maintaining broad
awareness efforts to engage the general population (figure 9)
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Figure 9. LTBI intervention simulation (general versus high-risk groups).

With faster testing rates, both the general population and high-risk groups transition more
quickly from awareness to action, though the high-risk group responds significantly faster. Targeted
interventions combined with faster testing led to a dramatic reduction in the number of unaware and
aware individuals in the high-risk group, as they take action more rapidly. While the general
population also shows quicker transitions, the response is less pronounced compared to the high-risk
group, highlighting the greater effectiveness of targeted interventions for those at higher risk (figure

L === Unaware (General - Faster)
-“\_ === Aware (General - Faster)
R -=- Taken Action (General - Faster)
a —— Unaware (High-Risk - Faster)
5000 Sy Al
i —— Aware (High-Risk - Faster)
. —— Taken Action (High-Risk - Faster)
4000
(=
il
3 30001
>
a
£
2000
1000
(o] — L . . . . A

0 2 4 6 8 10 12
Time (Months)

Figure 10. LTBI intervention simulation (faster testing for general versus high-risk groups).

Figure 11 shows the analysis of both logistic regression and random forest models highlights the
varied importance of predictors in determining the likelihood of LTBI positivity. LTBI knowledge
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Q9_9D (“Completing a full course of treatments for LTBI as prescribed by a healthcare provider”)
holds the highest importance in the logistic regression model, suggesting that individuals who are
aware of LTBI symptoms have a higher probability of testing positive. However, its importance is
comparatively lower in the random forest model, indicating that the complex nature of this predictor
might not be fully captured by simpler linear relationships, but more so by other variables in
combination. HIV Status emerges as a significant predictor in both models, but its effect is stronger
in logistic regression. This underscores the elevated risk of LTBI in HIV-positive individuals, where
logistic regression’s interpretability gives a clearer indication of the magnitude of this association.
Occupation is more influential in the random forest model, pointing to the complexity of occupational
exposure as a risk factor. Random forest, being a machine learning technique, likely captures the
intricate interactions between occupation and other variables more effectively than logistic
regression. protective behaviors Q4_4B (“LTBI is a contagious form of tuberculosis that can be easily
transmitted to others through respiratory droplets, while active TB is not contagious”) exhibit a
negative coefficient in logistic regression, meaning that practicing these behaviors lowers the odds of
LTBI positivity. In the random forest model, this factor plays a moderate role, again showing how
different models treat predictors differently.

30.3%
1.0 Logistic Regression
55 25.8% Random Forest
18.2%
g 0.61 16.1% 16.1%
3 12.1% 12.9% 12.9%
o 04r 9.7% 9.1%
2 02 6.1%
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£
2 0.0
£ o
6.5%
—0.2 9.1%
—0.4 15.2%
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Figure 11. Comparison of feature importance: logistic regression versus random forest.

Quicker dissemination of information leads to a higher proportion of individuals taking action
sooner. This underlines the importance of timely and effective public health interventions to prevent
the spread of LTBI and ensure early treatment. When awareness spreads slowly, a significant portion
of the population remains inactive, which can be detrimental. This delay increases the risk of LTBI
progressing to active tuberculosis in untreated individuals, stressing the need for continuous and far-
reaching awareness campaigns (figure 12).
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Figure 12. The effects of different LTBI awareness rates on the proportion of the patients transitioning
to the "action-taken" state, such as getting tested or treated, over 12 months.

4. Discussion

Our study aimed to develop predictive models for LTBI outcomes using logistic regression,
decision trees, and random forests. The key findings indicate that while logistic regression provided
higher precision in predicting LTBI-positive cases, the random forest model demonstrated better
overall accuracy and offered deeper insights into feature importance, particularly highlighting the
role of demographic and knowledge-based factors. The model simulation further showed that
targeted education campaigns led to a gradual increase in LTBI awareness and testing among high-
risk groups, underscoring the positive impact of interventions. However, significant barriers were
identified, including financial constraints and a lack of awareness, which hindered the progression
from awareness to action. Addressing these barriers is crucial for improving LTBI testing and
treatment rates. Despite its strong performance, the decision tree trailed the random forest by a small
margin. With the lowest recall across the models, logistic regression missed a greater number of
positive LTBI patients. The logistic regression model had the lowest recall, missing more positive
LTBI cases. It has achieved 66.67% accuracy and 80% precision for positive cases. Top predictors
included complete healthcare treatments, HIV status, and employment status, increasing the
likelihood of testing positive. Individuals who completed full treatment for LTBI are 3.6 times more
likely to test positive, while higher education reduces the odds. Negative predictors included
responses to Q4_4B and Q8_8B (“LTBI is a contagious form of tuberculosis that can be easily
transmitted to others through respiratory droplets, while active TB is not contagious and combination
therapy with multiple antibiotics”), indicating protective behaviors. The logistic regression analysis
showed that completing a full course of healthcare-prescribed treatments is the strongest positive
predictor of LTBI positivity, possibly due to behavioral or knowledge-related factors. Conversely,
contagious LTBI, despite not being contagious, had a negative influence. Positive predictors for LTBI
positivity included Isoniazid monotherapy for 6-9 months and occupation, suggesting higher risk
with certain knowledge and work-related exposure. Negative predictors included combination
therapy with multiple antibiotics and high-dose antibiotics for short duration. Responses like "believe
that LTBI treatment is necessary, even if you don't have symptoms"” and "age" also increased
positivity. Older individuals were less likely to test positive due to cohort exposure patterns or
protective factors. Overall, these factors can influence LTBI positivity. The study revealed that beliefs
about the necessity of LTBI treatment, even without symptoms, increase positivity, while older
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individuals are less likely to test positive due to age or protective factors. A decision tree model,
starting with Q8 ("No treatment is necessary for LTBI"), categorizes responses based on feature
values, outcomes, and final classifications, with respondents who believe treatment is unnecessary
more likely to be LTBI-negative. The model predicted LTBI-positive individuals based on treatment
concerns, age, and Q9 (“Are there any preventive measures individuals with LTBI should take to
avoid developing active TB?”) responses. Older individuals and those with close contact with active
TB were more likely to test positive. Factors like Q5_5B (“Close contact with someone with active
TB”) increased the likelihood of LTBI-positive results, aligning with TB transmission risks. The tree
ended with leaf nodes representing the final classification.

The model classified respondents based on their attitudes towards treatment for LTBI, with
younger respondents classified as negative and those older, expressing treatment concerns, or with
close TB contact as positive. The model also examined preventive measures, age, and contact with
someone diagnosed with active TB, adjusting for positive results. The Decision Tree model predicted
LTBI outcomes based on key factors such as age, complete treatment, attitudes, knowledge, and
awareness. Older individuals were more likely to test positive, while those who complete a full course
of treatments are more likely to be at higher risk. Other key features include belief in the necessity of
treatment, completion of treatment, and completion of the entire course of medication. The random
forest model achieved 59.26% accuracy, with age, knowledge, and occupation as top predictors.
However, it struggled with recall for LTBI-positive cases. Q9_9D (“Completing a full course of
treatments for LTBI as prescribed by a healthcare provider”) had the largest positive coefficient,
increasing the likelihood of a positive LTBI result. The study found that increased knowledge about
LTBI symptoms correlates with testing positive, suggesting the need for targeted awareness
campaigns. However, protective behaviors and combination therapy with multiple antibiotics were
found to reduce LTBI risk. Employment status was positively associated with LTBI risk, suggesting
occupational exposure may play a role in controlling transmission. The models were evaluated and
compared, and it was found that the random forest outperformed the decision tree in terms of overall
accuracy and F1 score. The random forest and logistic regression models differ in their prediction of
LTBI outcomes. Age was crucial in the random forest model due to demographic patterns, while age
has a lower impact in logistic regression. Q9_9D (“Completing a full course of treatments for LTBI as
prescribed by a healthcare provider”), the completion of full treatments, was the strongest predictor
of LTBI positivity in logistic regression. The study revealed that certain factors, such as Q10_10A4,
Q8_8B, and Q14_14A (“Strongly agree, combination therapy with multiple antibiotics and Lack of
awareness”), influence LTBI outcomes. Q10_10A (“Strongly agree”), which indicated strongly
agreeing with treatment, was more likely to test positive in logistic regression. Q8_8B (“combination
therapy with multiple antibiotics”), which predicts combination therapy with multiple antibiotics, is
more predictive in logistic regression. Q14_14A (“Lack of awareness”), which indicates a lack of
awareness, is also significant in random forest. The study analysed logistic regression, decision trees,
and random forest models for predicting LTBI outcomes, revealing their strengths and weaknesses,
and offering valuable insights for epidemiological understanding and public health interventions.
Targeted interventions accelerated high-risk individuals transitions from unawareness to action,
such as testing or treatment for LTBI, while the general population responds slower to broader
awareness campaigns. Both groups transition more quickly, with the high-risk group responding
faster. Targeted interventions and faster testing reduced high-risk individuals' unawareness and
awareness, resulting in quicker action. The general population also showed quicker transitions,
highlighting the effectiveness of targeted interventions. The analysis of logistic regression and
random forest models revealed the importance of various predictors in determining LTBI positivity.
LTBI knowledge, which involves completing prescribed treatments, is the most significant predictor
in logistic regression, but its importance is lower in random forest. HIV status is also significant. The
risk of LTBI in HIV-positive individuals was significantly higher, with logistic regression indicating
a significant association. Occupation is more influential in the random forest model, highlighting the
complexity of occupational exposure. Protective behaviors, such as practicing LTBI-contagious
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behaviors, have a negative coefficient in logistic regression, indicating different models treat
predictors differently.

Interpretation of Model Performance

Logistic regression achieved an accuracy of 66.67%, with high precision (80%) for LTBI-positive
cases. The strong interpretability of this model makes it valuable for public health applications, where
understanding the relationship between specific risk factors (e.g., age, HIV status) and LTBI positivity
is crucial for designing interventions. However, the recall of 33% suggests that logistic regression
misses a significant number of true LTBI-positive cases, making it less suitable when detecting all
positive cases is a priority.

The random forest model provided valuable insights into the most important features
contributing to LTBI predictions. Age is the most important feature, with older individuals showing
a higher likelihood of positive test results. Q9_ 9D (“Completing a full course of treatments for LTBI
as prescribed by a healthcare provider”) is a significant survey response influencing the outcome. Q8
(“No treatment is necessary for LTBI”) is a key attitudinal factor contributing to the prediction of
LTBI results. Q5 (“Close contact with someone with active TB”) is an important health-related factor.
This analysis reveals that both demographic factors and specific survey responses play critical roles
in predicting LTBI outcomes. The random forest model's superior performance can be attributed to
its ensemble nature, which reduces overfitting by averaging the predictions of multiple decision trees.
In contrast, the single decision tree model relied heavily on a few key splits, resulting in slightly lower
accuracy and generalizability. The feature importance analysis underscores the significance of
demographic factors like age, as well as attitudes and knowledge about LTBI. This insight suggests
that public health interventions targeting older individuals or those with close TB contacts could be
prioritized. The Random Forest model could assist in identifying individuals at higher risk for LTBI,
helping prioritize testing and treatment. Awareness campaigns could focus on addressing
misconceptions about LTBI treatment as indicated by Q8 (“What are the recommended treatments
for LTBI?”) to improve treatment adherence.

The decision tree model had lower overall accuracy (55.56%), yet demonstrated better recall
(42%) compared to logistic regression, which highlights its strength in identifying more true
positives. However, its high number of false positives reduces its reliability for precise interventions.
Random forest provided the best overall accuracy (59.26%) and F1-score (0.63), which suggests that
it effectively balances precision and recall. This model's ability to handle complex interactions
between demographic and health variables (e.g., age, occupation, and awareness of LTBI) makes it
particularly useful for identifying nuanced patterns.

Latent tuberculosis infection and its association with various demographic and occupational
factors, machine learning models, particularly decision trees and random forests, have identified age,
knowledge of LTBI symptoms, and occupation as significant predictors of LTBI positivity. Studies
have shown that older adults and individuals with lower awareness of LTBI symptoms are more
likely to test positive for LTBI. This correlation is particularly pronounced in healthcare workers
(HCWs), who often work in high-exposure environments. Age has been identified as a critical factor
influencing LTBI risk. Research indicates that older individuals have a higher likelihood of LTBI
positivity, which may be attributed to cumulative exposure over time and a potentially waning
immune response to Mycobacterium tuberculosis [15,16]. Furthermore, knowledge about LTBI
symptoms plays a pivotal role in the likelihood of testing positive. Individuals with limited
awareness may not seek testing or treatment, thereby increasing their risk of harboring LTBI without
appropriate intervention [17]. Occupation is another significant determinant of LTBI risk, especially
in high-exposure settings such as healthcare facilities. Studies have shown that HCWs are at an
elevated risk for LTBI due to their frequent contact with TB patients [18,19]. The nature of their work
often involves prolonged exposure to infectious agents, which significantly increases their likelihood
of contracting LTBI compared to individuals in lower-risk occupations [15,18]. For instance, a
systematic review highlighted those occupational factors, particularly those involving direct contact
with TB patients, were significantly associated with LTBI among healthcare workers [18,19].
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Moreover, the interplay between these factors suggests that targeted interventions could be
beneficial. For example, enhancing awareness and education about LTBI symptoms among older
adults and healthcare workers could lead to earlier detection and treatment, thereby reducing the
overall burden of LTBI in these populations [20]. Additionally, implementing regular screening
protocols in high-exposure occupations could further mitigate the risk of LTBI transmission and
progression to active TB disease [21].

Feature Importance and Implications for LTBI Risk

The analysis of feature importance in predicting LTBI risk revealed consistent findings across
both logistic regression and machine learning models. The logistic regression model identified age,
HIV status, and responses to LTBI knowledge questions e.g., Q9_9D (“Completing a full course of
treatments for LTBI as prescribed by a healthcare provider”) as the most significant predictors of
LTBI positivity. This highlights that older individuals, those with HIV, and people with limited
knowledge about LTBI are at a higher risk, emphasizing the need for targeted interventions focused
on educating these vulnerable groups. Similarly, the random forest model confirmed age as the most
influential factor, followed by responses to Q9_9D (“Completing a full course of treatments for LTBI
as prescribed by a healthcare provider”) and occupation status. The alignment between the two
models reinforces the critical role of demographic factors and LTBI knowledge in determining
infection risk. These findings suggest that public health efforts should prioritize both demographic
risk groups, such as older adults and high-risk occupations, and educational campaigns aimed at
increasing awareness of LTBI symptoms and risks [22,23].

Discussion of the Knowledge Diffusion Model

The simulation outcomes from the knowledge diffusion model indicated that targeted
interventions significantly increased awareness of LTBI, with awareness levels rising from 45% to
65% within six months. However, financial constraints and a lack of awareness presented by Q14
(“What barriers do you think may prevent individuals from seeking LTBI testing or treatment?)
remained significant barriers, hindering individuals from progressing to the testing stage.
Additionally, the impact of interventions showed that a 30% increase in education programs would
lead to a 20% rise in LTBI testing among informed individuals, highlighting the importance of
expanding educational outreach to improve testing rates. The machine learning models produced
varied results in predicting LTBI. The decision tree model achieved an accuracy of 55.56% and an F1-
score of 0.45, outperforming the logistic regression model in recall (42%) but underperforming in
precision (50%). Key features influencing the decision tree model included responses to Q8_8C
(“Isoniazid (INH) monotherapy for 6 to 9 months ) (0.84) and Q5 (“What are the risk factors for
developing LTBI?”), which inquired about close contact with TB patients. These features played a
significant role in predicting the likelihood of testing positive for LTBI. In comparison, the random
forest model demonstrated superior performance with an accuracy of 59.26% and an F1-score of 0.63.
While precision was improved (60%), the model struggled with recall for LTBI-positive cases,
achieving only 25%. In terms of feature importance, the random forest model identified age as the
most critical predictor, followed by responses to Q9_9D (“Completing a full course of treatments for
LTBI as prescribed by a healthcare provider”) and occupation status, which significantly contributed
to the overall predictions. The comparative analysis of the models revealed varying strengths and
weaknesses in predicting LTBL. While the logistic regression model excelled in precision (80%), its
recall was significantly lower (33%), indicating its limitations in identifying LTBI-positive cases. On
the other hand, the random forest model offered the best balance between accuracy (59.26%) and F1-
score (0.63), making it the most robust model for predicting LTBI outcomes overall. Each model
displayed distinct strengths and weaknesses.

Logistic regression provided interpretable results and strong precision, making it particularly
useful for public health interventions aimed at preventing false positives. However, its low recall
limits its effectiveness in capturing a broader range of LTBI-positive cases. In contrast, the random
forest model, although less interpretable, demonstrated greater robustness by handling complex
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interactions between demographic and health factors more effectively. The findings from the
machine learning models have significant public health implications for improving LTBI detection
and awareness. The strongest predictors of LTBI positivity across models included age, employment
status, and low knowledge of LTBI symptoms. These results suggest that intervention programs
should prioritize older populations, employed individuals, and those with limited awareness of
LTBI, as they are at higher risk for testing positive. To enhance LTBI detection and awareness,
targeted interventions are recommended. Specifically, educational campaigns that address
knowledge gaps, such as those highlighted in Q9_9D (“Completing a full course of treatments for
LTBI as prescribed by a healthcare provider”), and efforts to reduce financial barriers, as noted in
Q14 (“What barriers do you think may prevent individuals from seeking LTBI testing or treatment?”),
could substantially improve testing rates. Focusing on these high-risk groups and removing obstacles
related to cost and awareness would lead to more effective public health outcomes and increased
LTBI screening. These findings are consistent with other studies conducted elsewhere [24,25].
Diffusion model simulation that suggests targeted educational interventions can enhance
awareness and testing rates for LTBI by up to 20% within six months. The study identifies key barriers
to effective LTBI management, including financial constraints and a general lack of awareness among
at-risk populations. The knowledge diffusion model employed in this study simulates the spread of
information regarding LTBI symptoms, testing, and treatment options among various demographic
groups. The model incorporates factors such as social networks, communication channels, and the
influence of targeted educational campaigns. The simulation was designed to assess the impact of
these interventions over six months. The findings from the simulation indicated that targeted
educational interventions could lead to a 20% increase in LTBI awareness and testing rates within six
months. This increase is attributed to the effective dissemination of information through community
health workers, social media campaigns, and educational workshops tailored to specific populations,
particularly those at higher risk for LTBI. The results underscore the importance of addressing
barriers to LTBI awareness and testing. Key barriers identified include financial constraints; many
individuals may not seek testing due to the costs associated with healthcare services, including
consultations and diagnostic tests [26,27]. Providing financial assistance programs and insurance
coverage for LTB]I, testing could help overcome this obstacle. A significant portion of the population
is unaware of LTBI and its implications due to lack of awareness. Educational interventions targeting
high-risk groups, such as healthcare workers, immigrants from high-burden countries, and
individuals with compromised immune systems, are crucial for increasing awareness [28-30].

Public Health Implications

The public health implications of the findings emphasize the need for targeted interventions to
address both high-risk groups and knowledge gaps. Given that age and employment status were
significant predictors of LTBI positivity, public health campaigns should prioritize older adults and
individuals working in high-exposure environments, such as healthcare and crowded workplaces.
By focusing on targeted testing and awareness initiatives in these groups, the number of undiagnosed
LTBI cases could be significantly reduced. Additionally, the strong association between LTBI
knowledge, as reflected in responses to Q9_9D (“Completing a full course of treatments for LTBI as
prescribed by a healthcare provider”), and test positivity suggests that increasing awareness about
LTBI symptoms and risks is crucial. Educational programs tailored for communities with low
awareness levels could assist in the early detection and treatment of infections, ultimately lowering
overall infection rates. By addressing these knowledge gaps through targeted partnerships, we can
significantly enhance public health efforts to control LTBI in underserved areas and improve overall
knowledge.

Model Suitability and Practical Applications

While random forests provide greater accuracy and feature importance insights, logistic
regression offers more interpretable results that are easier for policymakers to act upon. For public
health interventions aimed at understanding risk factors and designing clear action steps, logistic
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regression is the preferred model despite its lower recall." The application of machine learning in
public health, particularly through models like random forests, offers significant potential for large-
scale population health monitoring, especially when it is crucial to capture complex interactions
between variables. However, there is a tradeoff between model accuracy and interpretability that
must be carefully weighed when using these models in public health decision-making. The analysis
of key features revealed that positive coefficients, such as those related to occupation status (e.g.,
being employed), and responses to specific questions like Q9_9D (“Completing a full course of
treatments for LTBI as prescribed by a healthcare provider”) and Q8_8C (What are the recommended
treatments for LTBI?”), increase the likelihood of LTBI positivity. These factors suggest behaviors,
conditions, or demographics associated with a higher risk of infection. Conversely, negative
coefficients, such as age, Q4_4B (“LTBI is a contagious form of tuberculosis that can be easily
transmitted to others through respiratory droplets, while active TB is not contagious”), and Q8_8A
(“High-dose antibiotics for a short duration”), reduce the likelihood of LTBI positivity, potentially
indicating protective factors or behaviors. Overall, the findings highlight the strong influence of
occupation, age, and specific knowledge and behavior-related responses on LTBI outcomes,
underscoring the importance of these factors in predicting infection risk and informing targeted
interventions. The importance of targeted educational interventions in enhancing awareness and
testing rates for LTBI has been underscored by various studies employing knowledge diffusion
model simulations [31,32]. These simulations have demonstrated that such interventions can lead to
significant improvements in public health outcomes, particularly in populations at risk for LTBI
[33,34]. The findings indicate that educational initiatives can potentially increase awareness and
testing rates by as much as 20% within six months. However, key barriers, including financial
constraints and a general lack of awareness among the target populations [35,36], often hinder the
implementation of these interventions. Knowledge diffusion models are theoretical frameworks that
describe how information spreads within a population. These models can simulate the impact of
educational interventions on awareness and behavior change regarding LTBI. For instance, a study
by Hermes et al. [15] utilized a knowledge diffusion model to assess the effects of targeted
educational campaigns on LTBI awareness among healthcare workers and high-risk populations. The
simulation results indicated that a well-structured educational intervention could lead to a 20%
increase in awareness and testing rates within a six-month timeframe. Despite the potential benefits
of educational interventions, several barriers impede their effectiveness. Financial constraints are a
significant hurdle, particularly in low- and middle-income countries (LMICs) where healthcare
resources are limited [37,38]. Many individuals may not have access to free or subsidized testing
services, which can deter them from seeking LTBI screening [16,39]. Additionally, the lack of
awareness about LTBI symptoms and the importance of testing contributes to low testing rates. Many
individuals may not recognize the risk factors associated with LTBI or may not understand the
implications of a positive test result [17]. In Our study, we observed that when there is a slow
awareness, the population takes more time to move from being unaware to taking action. By the end
of the 12 months, only a moderate proportion of the population has taken steps like being tested or
treated. This slow uptake suggests that extended periods of low awareness can hinder timely public
health responses. A medium rate of awareness diffusion leads to quicker recognition of LTBI-
related information, prompting a faster transition to action. A larger share of the population takes
action within the same timeframe compared to the slow awareness. This emphasizes how even
moderate improvements in awareness campaigns can lead to more effective health outcomes. Fast
and rapid dissemination of awareness, driven by aggressive campaigns or interventions, leads to a
swift and significant increase in the population that takes action. By the end of the 12 months, more
of the population has been tested or treated compared to the slow and medium scenarios. This rapid
response highlights the value of efficient public health strategies to raise awareness and prompt
preventive actions quickly. To effectively increase LTBI awareness and testing rates, it is crucial to
address these barriers through targeted interventions [40-42]. Financial assistance programs,
community outreach initiatives, and educational campaigns structured to specific demographics can
help mitigate financial constraints and enhance awareness [43-45]. For example, a study by Apriani
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et al. [18] highlighted the effectiveness of community health worker-led educational sessions in
increasing LTBI knowledge and testing rates among underserved populations.

Limitations of the Study

The random forest model showed improved accuracy, but its complexity limits interpretability,
which is essential for decision-making in public health. Additionally, all models exhibited low recall
for LTBI-positive cases, indicating the need to improve LTBI detection in future models. It is
important to note that this study was conducted only in the Oliver Reginald (O.R.) Tambo District,
and not all clinics in the municipality were included. Time and financial constraints limited the study
to cover one clinic in this district. In the future, as finances and time allow, the study will be expanded
to cover other areas, as LTBI affects various regions across all provinces of South Africa.

Recommendations & Future Work

These study findings recommend the development of targeted educational campaigns and
increased LTBI testing in high-risk populations, particularly those who are unaware of the symptoms
of LTBI. The findings of the study propose that future research should gather a larger amount of data
from a more extensive population to enhance the dataset for other rural areas in South Africa. This
will help in analyzing and identifying the key demographics, health, and knowledge-related factors
that influence LTBI outcomes. In addition, the study recommends that the Department of Health and
its healthcare providers in partnership with other stakeholders should strengthen educational
programmes and awareness of LTBI knowledge, especially in all ages and disadvantaged
populations living in congested settings.

5. Conclusions

The study evaluated the effectiveness of three machine learning models (F1-score, accuracy,
precision, and recall) using the following metrics: random forest, decision tree, and logistic
regression. With improved accuracy and a better trade-off between recall and precision, random
forest fared better than the other models. The integration of machine learning models in identifying
key predictors of LTBI, such as age, knowledge of symptoms, and occupational exposure,
underscores the importance of tailored public health strategies. These strategies should focus on
increasing awareness, improving screening practices, and ensuring that high-risk populations receive
appropriate interventions to manage and reduce the incidence of LTBI. Quick dissemination of
information about LTBI encourages early action, highlighting the need for effective public health
interventions to prevent its spread and ensure early treatment, thereby reducing the risk of untreated
individuals.
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