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This study examines modeling the number of TB in West Sumatra with Quantile regression and Bayesian
quantile regression. Quantile regression are statistical methods that look at the pattern of data

Diterbitkan Online: 30 Juni 2026 distribution in each quantile. The Bayesian method is combined with quantile regression to produce more

. robust parameters. Both methods are used to model data on the number of Tuberculosis (TB) sufferer in
Kata Kunci West Sumatra. The data used amounted to 76 data obtained from the Central Bureau of Statistics (BPS)
Bayesian of West Sumatra. The dependent variable, the number of TB sufferer, is assumed to be influenced by five
Quantile Regression independent variables, namely Percentage of Poor Population, Number of People with HIV, Percentage of

TUbieroii? (TB) ) Population Age 35-44 who Smoke, Number of Nurses, and Population Density. Error data is assumed to
ﬁar OSC c amEMont;I%;r o (MCMC) follow an asymmetric Laplace distribution. Parameter estimation in quantile regression is performed on
ean Square Frror ( ) each quantile while the Bayesian method estimates parameters by finding the mean of the posterior
distribution. This study found the best modeling for Number TB at quantile 0.50 with an MSE value of
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1. Introduction

Tuberculosis (TB) An infectious disease that continues to be a global health issue, including in
Indonesia [1]. According to data from the Indonesian Ministry of Health, Indonesia is the country
with the second largest number of TB cases in the world after India [2]. West Sumatra as one of
the provinces in Indonesia also faces great challenges in controlling this disease. According to
2019 data from the Central Bureau of Statistics (BPS) of West Sumatra, tuberculosis (TB) ranks
as the second most prevalent disease in Indonesia, with a total of 11,790 reported cases. The case
detection rate (CDR) in West Sumatra remains relatively low at 48.1% [3]. The prevalence of TB
in West Sumatra is quite high, and many factors influence its spread, ranging from people's
lifestyles, sanitation conditions, to the availability of health facilities [4]. The increasing number
of TB cases also influenced by the percentage of poor people [5]. The Central Bureau of Statistics
reports that the poverty rate in West Sumatra in March 2023 was around 6.69%, which means
that it still needs attention from the government. In addition to the percentage of poor people [5],
the number of TB sufferer is also influenced by the number of HIV sufferer [6]. Not only that, the
number of TB sufferer is also influenced by factors such as smoking [7], the number of health
workers and population density [8].

Tuberculosis is caused by infection with Mycobacterium tuberculosis, a bacterium that primarily
affects the lungs and is transmitted through airborne droplets when an infected individual
coughs, sneezes, or speaks. At the global level, the persistence of tuberculosis is strongly
associated with socioeconomic determinants such as poverty, malnutrition, overcrowded living
conditions, and limited access to quality healthcare services. These factors weaken the immune
system and facilitate transmission, particularly in densely populated and low-income regions. In
addition, co-infection with HIV significantly increases the risk of developing active tuberculosis,
as it compromises the body’s immune defenses. The emergence of drug-resistant tuberculosis due
to incomplete or improper treatment further exacerbates the global burden of the disease.
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In Indonesia, tuberculosis remains a major public health challenge driven by a combination of
structural, environmental, and behavioral factors. High population density, especially in urban
areas, accelerates the spread of the disease, while limited awareness and delayed diagnosis
contribute to continued transmission within communities. Risk factors such as smoking, poor
ventilation in housing, and inadequate nutrition further increase susceptibility to infection.
Moreover, disparities in healthcare access and adherence to treatment regimens play a critical
role in sustaining the incidence of tuberculosis. As a result, comprehensive strategies that address
both medical and social determinants are essential to effectively control and reduce the burden of
tuberculosis in Indonesia.

Classical linear regression is a fundamental statistical method used to model the relationship
between a dependent variable and one or more independent variables by estimating the
conditional mean of the response[9]. This approach assumes a linear relationship between
variables and relies on several key assumptions, including normality, homoskedasticity, and
independence of the error terms[10], [11], [12]. By minimizing the sum of squared residuals,
ordinary least squares (OLS) provide parameter estimates that best fit the observed data. Despite
its simplicity and wide applicability, classical regression may be limited in capturing
heterogeneous effects across different parts of the distribution, particularly in the presence of
outliers or non-constant variance [13].

Regression analysis is a widely used statistical method for assessing the relationship between one
or more explanatory (independent) variables and a response (dependent) variable
[14],[15],[10],[16]. In regression analysis, there are four assumptions that must be met by the
data that we will model, namely the assumptions of normality, homoscedasticity, no
multicollinearity and no autocorrelation [17]. Sometimes, however, field data may violate these
assumptions, which can be overcome with quantile regression [18].

Quantile regression is an extension of classical regression that models the relationship between
independent variables and a dependent variable at different points (quantiles) of the conditional
distribution, rather than focusing solely on the mean[19], [20]. This approach allows researchers
to examine how the effects of explanatory variables vary across the lower, median, and upper
parts of the distribution. As a result, quantile regression provides a more comprehensive
understanding of the data structure, particularly when the distribution is skewed or when
extreme values play an important role. Unlike ordinary least squares (OLS), which minimizes the
sum of squared residuals, quantile regression estimates parameters by minimizing an
asymmetric loss function that assigns different weights to positive and negative deviations. This
makes the method more robust to outliers and suitable for handling heteroskedastic data without
requiring strict distributional assumptions[21], [22]. Consequently, quantile regression is widely
applied in various fields where capturing distributional heterogeneity is essential for accurate
modeling and interpretation [23].

Quantile regression provides a framework for assessing the influence of independent variables on
a dependent variable across different segments (quantiles) of the distribution [21],[24].

In the context of modeling the number of TB cases, quantile regression can provide more
comprehensive information about the relationship between predictor factors (such as population
density, access to health services, nutritional status, and environmental factors) and the number
of TB cases at various quantiles. The advantage of quantile regression over ordinary regression is
its ability to handle non-normal distributions of data or data with many outliers (e.g., areas with
a very high number of TB cases). Quantile regression allows researchers to model a more
complete distribution of TB cases, focusing not only on the mean value, but also on the
distribution at the bottom or top of the data. It turns out that regression has its drawbacks, as it
requires a fairly large amount of data. Bayesian quantile regression extends quantile regression
by using a Bayesian approach, which allows the determination of probability distributions for
model parameters with less data [25]. Bayesian studied by [26],[27],[28],[29],[30] widely studied
by researchers.

This approach is particularly useful in situations where the data is not large enough or the
parameter distributions cannot be estimated directly. This method provides advantages in terms
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of modeling uncertainty and accounting for the probabilistic distribution of the parameters used
in quantile regression. In the context of modeling the number of TB sufferer in West Sumatra,
Bayesian quantile regression allows for accounting for uncertainty in the model estimates as well
as incorporating a prior information prior knowledge about the distribution of risk factors or the
distribution of TB in a particular region. This provides more robust results that can be
interpreted in terms of probability distributions, which is very useful in health policy decision-
making. With proper modeling, authorities can plan and assess more effective TB control policies.
For example, modeling that identifies high-risk areas can help local governments allocate
resources more appropriately, or provide a clearer picture of the effectiveness of implemented
health interventions. Quantile regression and Bayesian quantile regression can help provide a
better understanding of the distribution of TB cases and the factors that influence them, both
under average and extreme conditions.

Despite the extensive use of regression-based approaches in modeling tuberculosis (TB) incidence, most
existing studies primarily rely on classical methods such as ordinary least squares (OLS), which focus on
the conditional mean and often fail to capture heterogeneity across different levels of the distribution.
While quantile regression (QR) has been introduced as a more flexible alternative capable of analyzing the
effects of predictors at various quantiles, its application in TB modeling remains relatively limited. In
particular, few studies have explored how socioeconomic, behavioral, and healthcare-related factors
influence TB incidence differently across lower, middle, and upper quantiles, leaving a gap in
understanding the distributional dynamics of the disease.

Furthermore, although Bayesian Quantile Regression (BQR) offers additional advantages such as
incorporating prior information and providing more robust estimation under uncertainty comparative
studies between QR and BQR in the context of TB modeling are still scarce. Existing research rarely
evaluates the relative performance of these two approaches using consistent datasets and evaluation
metrics, such as mean squared error (MSE), across multiple quantiles. This lack of comprehensive
comparison creates a methodological gap, particularly in identifying which approach yields more accurate
and stable estimates for TB data. Therefore, this study aims to address this gap by systematically
comparing QR and BQR to provide deeper insights into their effectiveness in modeling tuberculosis
incidence across the entire distribution.

2. Methodology

This study proceeds to the methodology section, which outlines the analytical framework used to
compare Quantile Regression (QR) and Bayesian Quantile Regression (BQR) in modeling
tuberculosis cases. This section describes the data sources, variable specifications, and the
modeling procedures applied under both approaches, including the estimation techniques and
underlying assumptions. By systematically presenting these components, the methodology aims
to ensure clarity, reproducibility, and a rigorous basis for evaluating the comparative performance
of QR and BQR in capturing the distributional characteristics of tuberculosis incidence.

2.1.Data Set

This dataset section describes the source, characteristics, and structure of the data used in
the study, including information on the observed variables, the number of observations, and the
data collection period. It also outlines the initial data preprocessing steps, such as handling
missing values, detecting outliers, and applying necessary transformations to ensure data quality
prior to further analysis. This description aims to provide a clear understanding of the empirical
foundation of the study and to support transparency and reproducibility.

The Data used in this study are Number of People with TB from BPS Sumatra Barat. The
data used was 76 data from 2019 until 2023. Variable X;(Percentage of Poor Population),
Xs;(Number of People with HIV) ,X; (Percentage of Population Age 35-44 who Smoke), X,
(Number of Nurses), Xs(Population Density). Dependent Variable Y is Number of People with TB.
variable information can be seen in the following table 1:
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Tablel. Variable research, description and Unit

Variable Description Unit Type Data
Y Number of People with TB Person Numeric
X, Percentage of Poor Population Percent (%) Numeric
X, Number of People with HIV Person Numeric
X3 Percentage of Population Age Percent (%) Numeric
35-44 who Smoke
X, Number of Nurses Percent (%) Numeric
X5 Population Density Per (km? Numeric

2.2.Quantile Regression (QR)

Quantile regression 1s a statistical method used to model the relationship between
independent variables and a dependent variable at various points (quantiles) of the dependent
variable’s distribution [10], [31]. Unlike ordinary linear regression, which estimates only the
mean of the dependent variable, quantile regression enables researchers to examine how
independent variables influence different parts of the distribution, such as the median (0.5
quantile), lower quantiles (e.g., 0.25), or upper quantiles (e.g., 0.75). This approach provides a
more comprehensive understanding of the relationships between variables, particularly when the
data are not symmetrically distributed or contain outliers[32].

Moreover, quantile regression is robust to outliers and heteroskedasticity, as it does not
rely on the assumption of normally distributed errors required in classical linear regression. It
employs an asymmetric loss function to estimate parameters at each specified quantile.
Therefore, quantile regression is highly valuable across various research fields, including
economics, health sciences, and social sciences, especially when the objective is to understand how
the effects of independent variables vary across the entire distribution of the dependent variable,
rather than focusing solely on its mean.

Suppose ¥ = (¥1,¥2, ., ¥,)is a vector the dependent variable and
x = (x1,Xp,...,Xg) is the independent variable, then the Tt is quantile, for 0 < 7 < 1, if
n samples and & predictors for i = 1,2, ..., n is formula below [33]:

Vi = Bor + PieXiz + BorXiz + o+ BrrXix + & 2.1

With B(7) as the parameter vector and € as the residual vector. The conditional quantile function
Tt is Q.(y¥|x;) = x;ﬁr, to estimate f3, ekuivalent with minimize the equation below[19]:

> b0~ xiBy). @2
i=1

for p.(u) = u(t — I(u < 0))is the loss function with the equation [31]:
p(€) = s(r[(s =0)-(1-1I(e< 0)). (2.3)

I (.) is an indicator function, which has a value of 1 when I (.) is true dan 0 otherwise.

2.3.Bayesian Quantile Regression (BQR)

Furthermore, quantile regression does not rely on the assumptions of
homoskedasticity or normally distributed errors, making it more flexible in handling data
with non-constant variance. Parameter estimation in quantile regression is carried out by
minimizing an asymmetric loss function, which assigns different weights to positive and
negative deviations relative to the specified quantile. This approach enables a more
comprehensive analysis of the data distribution[34].
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The Bayesian approach is a statistical inference framework that combines prior
information with evidence from observed data (likelihood) to produce a posterior distribution
of the parameters [22]. In this framework, parameters are treated as random variables with
probability distributions rather than fixed but unknown quantities, as in classical methods.
This perspective allows for a more natural incorporation of uncertainty and prior knowledge
into the estimation process [35].

One of the key advantages of the Bayesian approach is its ability to accommodate
complex models and quantify parameter uncertainty through posterior distributions. When
closed-form posterior distributions are unavailable, computational methods such as Markov
Chain Monte Carlo (MCMC) can be used to generate samples from the posterior distribution
[36]. Bayesian inference summarizes parameter uncertainty using credible intervals, which
should be distinguished from confidence intervals in the frequentist framework. A 95%
confidence interval is constructed using a procedure that, under repeated sampling, would
contain the true fixed parameter in 95% of repeated samples. In contrast, a 95% Bayesian
credible interval represents an interval containing 95% of the posterior probability of the
parameter, conditional on the observed data and the specified prior distribution. Accordingly,
this study reports 95% confidence intervals (CI) for Quantile Regression (QR) and 95%
credible intervals (Crl) for Bayesian Quantile Regression (BQR).

Bayesian Quantile Regression is an integration of quantile regression and the
Bayesian framework to estimate model parameters at different quantiles of the distribution.
In this approach, the likelihood function is typically constructed using the Asymmetric
Laplace Distribution (ALD), which is closely related to the loss function used in quantile
regression. By combining the prior and likelihood, the posterior distribution of the parameters
at each quantile can be obtained.

Thus, Bayesian Quantile Regression offers several advantages, including flexibility,
robustness to outliers, and the ability to incorporate prior information into the estimation
process. This method is particularly valuable in various research fields when the objective is
to gain deeper insights into how the effects of independent variables vary across the entire
distribution of the dependent variable, supported by a comprehensive inferential framework.
Bayesian quantile regression (BQR) is a combination of quantile regression method with
Bayesian approach The Bayesian concept is to minimize the loss function, which is the same
as maximizing the likelihood function of the Asymmetric Laplace Distribution (ALD)
[371,[38],[39]. Function of error (¢) with ALD distribution with likelihood density function

f(€), namely:
fr(e) = (1 — Dexp (—p.(€)) (2.4)

With 0 <7 <1 and p; denotes the loss function, in which the input corresponds to the
estimation errors and I(.) is an indicator function. Suppose Z is exponentially distributed
(Z~exp (1)) and U follows a standard normal distribution U~N (0,1). If € is an ALD distributed

random variable then € can be written as:

£ =0z + puyz. (2.5)
With 6 = (ij; and p? = (:m [38]. From the equation (2.5) , the likelihood function used in

parameter 8 estimation for the 7" quantile in the Bayesian quantile regression analysis is
formulated in equation (2.6) as follows [40],[13]:

Y- (B evE)JZ)) (2.6)

2p®ov;

L(ylB. o, v) = (l_[?:l(avi)_%) (exp(
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Where ¢ > 0 and v; = 0z; spreading exp (¢) distribution. Where S;~N (bg, By), v;~exp (o), and
o~1G(a, b)is the prior. Estimation for mean of distribution posterior is obtained as follows:

(Bl,o,v,y)~N[(Bg* + x;(p? m?)_lx;)_l(Baibo + x;(p?ov) 1x)) "ty — xi(pzav)_lﬂvi), (B! + 2.7
x;(p?ov) 1xp) 7]

2
1 i : T 2 a2
(vilB,0,¥)~GIGG, (% ) G+,

Y-} B +6v))° )

(o|B,v, ¥ )~IG(a _|_32_n'(b+ E?zlvi-l—z?zl-l—( Py

Bayesian Quantile Regression provides a powerful and flexible analytical framework for
understanding the relationship between independent and dependent variables across different
points of the distribution [22],[36]. By combining the robustness of quantile regression to outliers
with the Bayesian approach’s ability to incorporate uncertainty and prior information, this method
yields more comprehensive and informative estimates than conventional approaches [41].

Moreover, the ability of Bayesian Quantile Regression to model complex data that do not satisfy
classical assumptions makes it highly relevant for a wide range of empirical research contexts.
This approach also enables deeper interpretation of results through posterior distributions and
credible intervals, allowing researchers to gain clearer insights into the variation of effects at each
analyzed quantile. Therefore, the application of Bayesian Quantile Regression not only enhances
statistical analysis but also opens opportunities for further methodological development. In the
future, this method can be integrated with other techniques, such as regularization or more
efficient computational approaches, to improve estimation accuracy and efficiency, as well as to
expand its applicability across diverse research fields.

2.4. Bayesian Implementation and Model Evaluation

To estimate the Bayesian Quantile Regression (BQR) model, the likelihood function was specified
using the Asymmetric Laplace Distribution (ALD), which is widely adopted in Bayesian quantile
regression because its likelihood is directly linked to the quantile loss function. Let y; denote the
response variable and x; the vector of explanatory variables. The conditional distribution of the
response at quantile 7 is assumed to follow an ALD with location parameter x;8, scale parameter
o and quantile parameter 7.

For the regression coefficients, weakly informative normal prior distributions were assumed [42]:

B~N(0,1000), j=0,1.....p,

to reflect limited prior information while allowing the observed data to dominate the posterior
inference. The scale parameter was assigned a proper positive prior to ensure posterior propriety.
Posterior inference was obtained using Markov Chain Monte Carlo (MCMC) simulation. The
posterior mean was used as the Bayesian point estimator for each regression coefficient, while the
uncertainty of the estimates was summarized using 95% Bayesian credible intervals. Unlike
classical quantile regression, which reports confidence intervals, Bayesian quantile regression
provides credible intervals that directly represent the posterior probability of the parameters.
Convergence of the posterior samples was assessed visually through trace plots and posterior
density plots for each parameter. Stable trace plots without systematic trends and unimodal
posterior density functions indicate satisfactory convergence of the MCMC algorithm [43]. An
example of the convergence diagnostics for the median quantile 0.05 is presented in Figure 3.1.

To compare the predictive performance of Quantile Regression (QR) and Bayesian Quantile
Regression (BQR), the Mean Squared Error (MSE) was calculated for each quantile [40]. Since the
objective of quantile regression is to estimate conditional quantiles rather than conditional means,
the interpretation of model performance is discussed together with parameter stability and
interval estimation obtained from both approaches.
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This stage, parameter estimation will be carried out on both methods. Quantile regression by
minimizing the loss function, while Bayesian quantile regression by estimating the mean value of
the posterior distribution. Tabel 3.1 shows the performance from two methods. Estimation result,
width confidence interval width of 95% for quantile 0.05; 0.25; 0,50; 0.75; 0,90.

Table 2. Estimated Value of § for each quantile — T using QR and BQR

BQR

Independent Variables Parameter(ﬁ) QR CI Width Parameter(ﬁ) BQR Crl
95% Width 95%
T=10.05
Intercept -106 422 -92.482 181
X, (Percentage of Poor Population) -4.750* 5.100 -3.598 6.900
X5 (Number of People with HIV) 0.002 0.001 -0.039 0.140
X3 (Percentage of Population Age 5.310 19.200 4.504
35-44 who Smoke), 8.095
X4 (Number of Nurses) 0.001 0.003 0,010 0.002
X5 (Population Density) -0.004 0.005 -0.003 0.001
T=0.25
Intercept -323* 298 -330* 300
X, (Percentage of Poor Population), -7.420% 8,670 -7.35 17.400
X5 (Number of People with HIV) 0.008 0.001 -0.046 21.800
X3 (Percentage of Population Age 15.100* 15.200
35-44 who Smoke), 18.800 12.300
X4 (Number of Nurses) 0.001 0.178 0.027 0.106
X (Population Density) -0.004 0.001 -0.048 0.002
T =10.50
Intercept
-481,674* 275,811 -484* 336
X1 (Percentage of Poor Population), -8.528* 18.780 -9.500* 26.100
X5(Number of People with HIV) -0.049 1.418 -0.056 0.298
X3 (Percentage of Population Age
35-44 who Smoke), 21.929* 8.492 22.300* 6.200
X4 (Number of Nurses) 0.054* 0.478 0.057* 0.167
X (Population Density) -0.008 0.025 -0.0083 0.001
T=10.75
Intercept -681* 491 -763* 510
X, (Percentage of Poor Population), -17.700 31.100 -13.400 37.300
X5(Number of People with HIV) -0.235 0.001 -0.177 0.633
X3 (Percentage of Population Age
35-44 who Smoke), 31.500* 15.600 33.600* 17500
X4 (Number of Nurses) 0.023* 1.450 0.205* 0.441
X5 (Population Density) -0.012 0.003 -0.009 0.001
7=10.90
Intercept -191* 0.502 -177* 0.501
X, (Percentage of Poor Population), -20.700 2.860 -19.700 5.310
X5(Number of People with HIV) -1.450 0.002 -1.300 0.001
X3 (Percentage of Population Age
35-44 who Smoke), 70.500* 0.596 65.900* 22.200
X4 (Number of Nurses) 1,240* 4.002 1.200* 0.332
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Xz (Population Density) 0.004 1.003 0.041 0.092

*significantcy a = 0, 05.

Note: CI denotes the 95% confidence interval for QR estimates, whereas Crl denotes the 95% Bayesian credible interval for
BQR posterior estimates. The asterisk (*) indicates statistical significance for QR or posterior evidence for BQR according to
the inferential criterion specified in the analysis.

In the table 2 above, at the lower quantile (t = 0.05), the model captures the dynamics
within the group with the lowest response values. The variable percentage of poor population (X;)
shows a negative and significant coefficient in QR (—4.750%), indicating that an increase in
poverty is associated with a decrease in the dependent variable at the lower tail of the
distribution. Although the coefficient remains negative in BQR (—3.598), the wider uncertainty
(larger confidence interval) suggests a less precise estimate compared to QR. Other variables,
such as the number of people with HIV (X;) and the number of nurses (X,), exhibit relatively
small effects. However, in BQR, X, shows a notably narrow credible interval (0.002), indicating a
more stable estimate. Overall, at this quantile, structural factors such as poverty appear to play a
more dominant role in explaining variation at the lower extreme than healthcare-related
variables.

At the lower-middle quantile (v = 0.25), the pattern of relationships becomes more complex. The
variable X; (poverty) remains significant and negatively associated in both QR (=7.420*) and BQR
(-=7.35), with a larger magnitude than at t© = 0.05, suggesting that the impact of poverty
intensifies at higher points of the distribution. Additionally, X; (percentage of population aged
35-44 who smoke) becomes significant in QR (15.100%), indicating that behavioral factors begin to
play an important role in explaining variation in the dependent variable. BQR supports this
finding with similar estimates but more controlled uncertainty. Meanwhile, variables such as X,
(HIV) and X5 (population density) show instability (very narrow confidence intervals in QR but
much wider in BQR), suggesting sensitivity to the estimation approach. Overall, it can be
concluded that at higher quantiles, the determinants are no longer purely structural but shift
toward a combination of social and behavioral factors, with BQR tending to provide more robust
estimates in capturing parameter uncertainty.

At the median quantile (v = 0.50), the model reflects the central tendency of the
distribution, where several variables exhibit strong and consistent effects. The percentage of poor
population (X;) remains negative and significant in both QR (—8.528*%) and BQR (-9.500%),
indicating that poverty continues to play a substantial role in reducing the outcome variable even
at the median level. In contrast, the percentage of population aged 35—44 who smoke (X3) shows a
positive and significant effect (QR: 21.929%, BQR: 22.300%), suggesting that behavioral factors
become increasingly influential in shaping the response variable. Additionally, the number of
nurses (X,) is significant and positive in both approaches, implying that improved healthcare
capacity contributes positively to the outcome. Notably, BQR generally produces narrower
credible intervals (e.g., X, and X,), indicating more stable and reliable parameter estimates
compared to QR.

At the upper quantile (v = 0.75), the influence of variables becomes more differentiated,
highlighting effects in the higher end of the distribution. The percentage of population aged 35—44
who smoke (X3) emerges as the most dominant factor, with a strong positive and significant
coefficient in both QR (31.500*%) and BQR (33.600%), indicating that behavioral risk factors are
particularly critical in higher outcome levels. Meanwhile, the percentage of poor population (X),
although still negative, loses its statistical significance, suggesting that poverty plays a less
decisive role at the upper tail. The number of nurses (X,) remains positively significant, especially
in BQR (0.205%), reinforcing the importance of healthcare resources. Furthermore, BQR again
demonstrates tighter credible intervals (e.g., X, and X;), reflecting greater estimation precision.
Overall, these results indicate a clear shift from structural factors (such as poverty) toward
behavioral and service-related factors (such as smoking and healthcare availability) as one moves
to higher quantiles, with BQR providing more robust inference in capturing parameter
uncertainty.
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At the upper quantile (v = 0.90), the model highlights determinants associated with the
highest levels of the response variable, where the effects become more selective and pronounced.
The percentage of population aged 35—44 who smoke (X3) emerges as the most dominant factor,
with a large positive and statistically significant coefficient in both QR (70.500*) and BQR
(65.900%). This indicates that smoking behavior plays a critical role in driving higher outcomes,
particularly in regions already situated at the upper end of the distribution. The magnitude of
this effect is substantially larger compared to lower quantiles, suggesting an escalating influence
of behavioral risk factors as the outcome increases.

In addition, the number of nurses (X,) remains positively significant in both models (QR: 1.240%;
BQR: 1.200%), implying that healthcare capacity continues to contribute meaningfully even at the
highest quantile. In contrast, the percentage of poor population (X;) and the number of people
with HIV (X;) exhibit negative but statistically insignificant coefficients, indicating that
structural and epidemiological factors are less influential at this level. Similarly, population
density (Xs) shows no significant effect in either approach. Notably, BQR provides tighter credible
intervals for several variables (e.g., X;, X4, and X5), reflecting more stable and reliable parameter
estimates. Overall, these findings suggest a clear shift in dominance toward behavioral and
healthcare-related factors at the upper tail, with Bayesian estimation offering improved
robustness in capturing parameter uncertainty.

It can be informed that the variables that significantly affect the number of TB suffefer in West
Sumatra for both methods are the percentage of pupulation age 35-44, the number of nurses, the
percentage of poor pupulation in the quantile 0,50; 0,75; and 0,90. The variable number of people
with HIV and population density is not significant in all quantiles in the two methods.
Meanwhile, when viewed from the estimation of 95% confidence interval using BQR produces a
smaller interval width than QR. Then for the selection of the best model of modeling the number
of TB suffefer, Mean Square Error (MSE) is used. The MSE value in each quantile using both
methods can be seen in Table 3.below:

Table 3. MSE Value QR and BQR

Quantile MSE

QR BQR
0,05 20,751 21,295
0,25 17,438 17,227
0,5 15,065 11,942
0,75 12,228 12,232
0,90 44,053 42,354

In Table 3, at the lower quantile (t = 0.05), the MSE values show that QR (20.751) is
slightly lower than BQR (21.295). This indicates that, at the extreme lower tail of the
distribution, QR provides marginally more accurate predictions than BQR. From a sharper
perspective, this suggests that in lower-end conditions often dominated by noise or random
variation the classical approach is still able to capture the data pattern efficiently without the
added complexity of Bayesian priors. In other words, the advantages of the Bayesian framework
have not yet fully emerged at this quantile.

At the lower-middle quantile (t = 0.25), a subtle but important shift occurs, where BQR
(17.227) slightly outperforms QR (17.438). Although the difference is small, it signals the
beginning of Bayesian advantage as we move away from the extreme lower tail. This reflects a
transitional phase in which the data become sufficiently informative for the prior structure in
BQR to contribute to improved estimation accuracy and stability.

At the median quantile (t = 0.50), the difference becomes much more pronounced, with BQR
(11.942) significantly lower than QR (15.065). This provides strong evidence that, at the center of
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the distribution where most observations are concentrated the Bayesian approach delivers
substantially better predictive performance. Analytically, this indicates that the combination of
likelihood and prior information leads to more precise estimates, particularly when the
underlying data structure is relatively stable. This also highlights the superiority of BQR in
capturing the core pattern of the data.

At the upper quantile (t = 0.75), the performance of both methods is nearly identical (QR:
12.228; BQR: 12.232), suggesting no clear dominance of one approach over the other. This implies
that, in this part of the distribution, both methods are equally capable of modeling the data
pattern. However, the inherent stability of BQR remains an added advantage, even if it is not
strongly reflected in the MSE values.

At the extreme upper quantile (t = 0.90), BQR (42.354) once again outperforms QR (44.053). This
is particularly important because the upper tail of the distribution is typically characterized by
high variability and potential outliers. The improved performance of BQR in this region indicates
that the Bayesian approach is more robust in handling extreme uncertainty and is able to produce
more accurate predictions under such conditions. Overall, this pattern clearly demonstrates that
while QR performs slightly better at the lowest quantile, BQR consistently shows superior
performance across most parts of the distribution especially in the middle and upper quantiles
making it a more reliable choice for analyses requiring both stability and high predictive
accuracy.

From the Table 3 above, BQR has the smallest MSE value compared to quantile regression (QR),
namely at quantile 0,5 in the BRQ method of 11,942. So that the best model chosen is:

Y = —484 —9,500X;—0,056X, + 22,300X; + 0,057X,—0,0083Xs. (3.1)

Based Equation (3.1) tells us that if the Percentage of Poor Population increases by 1 percent (%),
the number of TB sufferer in the 0,50 quantile will decrease by about 9,5 or 10 people. If the
Number of People with HIV decreases by 1 person, the number of TB sufferer decreases by about
0,056 percent, if the Percentage of Population Age 35-44 who Smoke increases by 1 percent, the
number of TB sufferer increases by about 22,3 people. Then continued if the Number of Nurses
increases by 1 percent below the 0,5 quantile, the number of TB sufferers decreases by about
0,057 sufferers or almost no TB sufferers. Furthermore, the number of TB sufferer will decrease
below the 0,5 quantile by 0,0083 people if the population density increases by 1 person. Then the
convergence of each parameter of the independent variable estimated from both methods can be
seen from the trace plot and density plot results. The figure below is only shown for the 0.5
quantile. The picture is presented in Figure 3.1 below:

Figure 3.1 shows density plots are often used to describe the posterior distribution of model
parameters after a sampling process and the purpose of trace plots is to check the convergence
process of a sampling algorithm to visualize the behavior of the sample set throughout the
iterations. Parameter in quantile 0,5 is convergent. From figure 3.1 also give information that
trace plot and density plot give model has satisfied the criterion of convergence to normal
distribution. All statistical analyses were performed using R statistical software. Quantile
Regression (QR) and Bayesian Quantile Regression (BQR) were implemented using the
corresponding R packages. The Bayesian estimation was conducted through MCMC sampling,
while posterior convergence was evaluated using trace plots and posterior density plots. Model
performance measures and graphical diagnostics were also obtained using R.
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Figure 3.1. Trace Plot and density of parameter g for z =0,5

4. Conclusion

This study compared Quantile Regression (QR) and Bayesian Quantile Regression (BQR) for
modeling the number of tuberculosis cases in West Sumatra across different levels of the
conditional distribution. The results demonstrate that the effects of the investigated determinants
are heterogeneous across quantiles, indicating that factors associated with TB burden cannot be
fully characterized by focusing only on the conditional mean. The percentage of the population
aged 35—44 years who smoke, the number of nurses, and the percentage of the poor population
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showed important associations with TB cases at several quantiles. Among the evaluated models,
BQR at quantile 0.05 produced the lowest MSE (11.942), indicating better predictive performance
at the median of the conditional distribution.

From a practical perspective, the findings highlight the importance of considering socioeconomic,
behavioral, and healthcare-related characteristics simultaneously in regional TB control
strategies. The strong association of smoking with higher levels of TB cases emphasizes the
relevance of integrating tobacco-control interventions into TB prevention programs. The variation
in the effects of poverty and healthcare resources across quantiles further suggests that TB
interventions should be adapted to the characteristics and burden levels of different regions
rather than relying on a uniform strategy. From a statistical perspective, BQR provides a useful
framework for capturing heterogeneous relationships while explicitly quantifying parameter
uncertainty through posterior inference. These findings may therefore support more targeted and
evidence-based TB control planning in West Sumatra. So, the model obtained from modeling the
number of TB in West Sumatra is:

? = —484 — 9.500X;—0.056X, + 22.300X; + 0.057x,—0.0083X:.
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