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Abstract: Hypertension remains one of the most prevalent and serious non-communicable disease worldwide due to
its strong association with cardiovascular, and renal complications. This study aimed to develop a robust statistical
model to identify significant predictors of hypertension status using the Bayesian Binary Quantile Regression with
Adaptive Lasso (BBALQR) method. Given the complexity of health data, BBALQR offers a flexible and robust
alternative to traditional models, especially in the presence of outliers and binary responses. The dataset comprises
653 patient records from Arosuka Hospital in Solok, West Sumatra, Indonesia. The proposed model was evaluated
across five quantile levels T =0.05, 0.25, 0.55, 0.75 and, 0.95, and parameter stability was assessed through Bootstrap
resampling with 10, 25, and 50 replications. Among the tested quantiles, T = 0.05 yielded the lowest mean squared
error (MSE), and greater Accuracy value and Press’s Q, indicating the best model performance. Furthermore,
Bootstrap analysis confirmed the consistency and reliability of parameter estimates within the 95% confidence interval.

Significant predictors of hypertension include age, body weight, cholesterol, and blood sugar levels. The findings
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suggest that BBALQR, combined with Bootstrap validation, offers a reliable modeling framework for binary health
outcomes with non-normal and heteroscedastic data characteristics.
Keywords: Bayesian; quantile regression; adaptive lasso; bootstrap
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1. INTRODUCTION

Hypertension remains one of the most prevalent and serious non-communicable disease worldwide
due to its strong association with cardiovascular, and renal complications [1]. It is often termed the
“silent killer” because of its typically asymptomatic progression, leading to high rates of
undetected and uncontrolled cases. In Indonesia, the prevalence of hypertension among adults has
risen steadily, reaching 30.8% in 2023, with certain regions such as West Sumatra reporting rates
as high as 35.6% [2]. This growing trend underscores the urgent need for robust statistical models
to assess and predict hypertension risk accurately across diverse populations. Conventional
regression methods, such as Ordinary Least Squares (OLS), assume normality, homoscedasticity,
and the absence of multicollinearity [3],[4], [5]. However, these assumptions are often violated in
health data, especially when the response variable is binary or affected by outliers. Quantile
regression, introduced [6],[7] provides a more flexible framework by estimating conditional
quantiles of the response variable, enabling deeper insights into data heterogeneity[8]. Yet,
classical quantile regression is not designed for binary outcomes and does not include built in
variable selection mechanisms.

In recent years, Bayesian has been widely used to model response variables with various
distributions [9], such as the inverse of an asymmetric exponential [9], Asymmetric Laplace
Distribution [10], binary quantile regression has been extended using a Bayesian framework,
allowing for the modelling of binary outcomes via latent continuous variables and the
incorporation of prior knowledge [11]. To address the challenge of high dimensional predictors
and the need for robust variable selection, the Least Absolute Shrinkage and Selection Operator

(LASSO) has been adapted to Bayesian quantile models by [10]. This study employs the Bayesian
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Binary Quantile Regression with Adaptive Lasso (BBALQR), which enhances both estimation
precision and sparsity in high dimensional settings [11].

To evaluate the consistency and stability of parameter estimates, we apply the Bootstrap method
[12] a resampling based technique that estimates the sampling distribution of a statistic without
relying on parametric assumptions. By combining BBALQR with Bootstrap validation, this study
aims to produce a statistically sound and practically relevant model for hypertension prediction.
Specifically, our objectives are: (1) to model hypertension status using BBALQR, and (2) to assess
the robustness of the parameter estimates through Bootstrap based consistency analysis. The
dataset, consisting of 653 patient records from Arosuka Hospital in Solok, Indonesia, provides a
contextual application of the proposed method in a real-world clinical setting. Analysis using this
method is rarely performed on health data, and the combination of several methods to obtain a

more robust estimate, as well as consistency using Bayesian Bootstrap, is still rarely done.

2. PRELIMINARIES
2.1. Data set
The data used in this study are secondary data taken from the polyclinic of Arosuka Solok Hospital,
West Sumatra in 2024 as many as 653 patients. The variables used in this study consist of
dependent variables (Y), namely hypertension status with Binary categories that are dichotomous
with two categories (hypertension = 1) and (not hypertension = 0) Then the independent
variables are factors that are assumed to affect the status of hypertension, including gender (X;p;)
with category male and female by [13], [14]Age (X;) in years [15], smoking (X5p;) with
category smoking and not smoking [16], Body weight (X,) in Kg [17]; Cholesterol (X5) in decilitre
(mg/dL) [18]; [19]; [20], Triglyceride (X¢) in decilitre (mg/dL) [12] and Blood Sugar levels (X;)
in mg% [17].

The independent variable of gender, smoking is an independent variable with a type of
category so that the independent variable is first converted into a dummy variable. The process of

forming research dummy variables is presented in Table 1 below.
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Table 1. Variable Dummy

Gender (X;) (X1p1)
Male |
Female 0
Smoking Status (X3) (X3p1)
Smoking 1
Not Smoking 0

Table 1 informs that 43% were male and 36% were smoking. Table 2 below presents a

description of the categorical data used in this study as independent variables.

Table 2. Statistics Descriptive of Categorical Variables

Variable Category Frequency Percentage (%)
Gender (X;) Male 281 43%
Female 372 57%
Smoking (X3) Smoking 235 36%
Not Smoking 318 64%

Furthermore, information on independent variables with numerical data is presented in

Table 3 below.

Table 3. Statistics Descriptive of Numerical Variables

Variable Mean Min Max
Age (X5) 51.8 12 94
Body Weight (X,) 60.5 26 96
Cholesterol Xs 213 173 385
Triglyceride X, 115.5 34 433
Blood Sugar Levels X, 129.8 70 370

2.2. Quantile Regression

Given the general equation for quantile regression model [3]:

Vi = xiB +e, (1)

With y; is the dependent variable at the i" sampel, x; isa kx1 vector of independent variables
(possibly, the first term of x; is 1 in case an intercept is needed), B is a kx1 is a vector of

coefficient variables, and e; is the error term. The above equation (1) is made equal to zero, that
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. 0 . —
is f_oo fp (e)de; = 1,i =1,..,n. The study conducted [6] shows that the estimation of

coefficient variables in the quantile regression equation B, is obtained by minimizing the equation

presented [21], [22]:

Liz1 (i — %), 2

with p;(.) is the test function defined by:

[t|-(2t-1)t
pe(t) = I 3)
Since the test function (2) is not differentiable at the origin, there is no solution for the coefficient
vector f. However, minimizing (2) can be computed by the algorithm found in [23]. The test
function (2) is directly related to the Asymmetric Laplace Distribution (ALD). Random variable

e with ALD distribution with density functions [24]:

fr(e) = (1 = )exp(—p;(e)). (4)

With ¢ could be a scale parameter, p decides the quantile level and p is the test function as in
condition (2). Minimizing the the loss function (2) can be accomplished by maximizing the
likelihood function (4). The ALD distribution is one of the continuous probability distributions.
Suppose Z is a random variable with exponential distribution (Z~exp(1)) and U is a random
variable with standard normal distribution U~N(0,1). If e is an ALD distributed random variable

then e can be expressed in the following equation:

e =0z+puvz (5)
1-27
1-79)t

where 6 = and p? = Based on equation (5) the likelihood function used in

2
a-or’
parameter 8 estimation for the 7" quantile in the Bayesian quantile regression analysis

2.3. Bayesian Binary Quantile Regression Adaptive Lasso (BBALQR)

Next, we will discuss the combination of Bayesian quantile regression by adding a regulator
parameter, namely adaptive lasso. The idea of this study is a continuation of the results of the study

developed by [10]; [3] who used the lasso regulator parameter. The model that will be built by
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Bayesian Adaptive Lasso binary quantile regression goes through two stages, the first is modelling
with dichotomous response data or often called binary quantile regression. Then the second
estimates the value of the parameters that build the model. Adaptive Lasso has an advantage over
lasso because Adaptive Lasso adjusts each parameter. From this, we believe that the model
obtained from the combination of Bayesian binary quantile regression and Adaptive Lasso accurate.

Model of Binary regression is written as follows [25], [26]:
yl* = xllﬁ + €

_{1,ify520 (6)

{0, otherwise.

With y; is the observed data respon of it"* sampel determined by the latent unobserved response
Yi-

Discussions related to binary quantile regression have been discussed in several studies,
namely [27]; [10] which can be used as a guide. The most important point from the above
discussion is that since quantile regression can model with non-normal errors, in this case binary
quantile regression handles response data that is clearly non-normal because the data is binary. In
addition, the Bayesian approach is strongly supported because the distribution of the initial data
can be used as information to obtain more robust predictor variable coefficients [9]. Moreover, the
Bayesian approach can deal with a high dimensional predictor space and this rarely the case for
optimization algorithm that are normally used for frequentist quantile regression. A recent
exception here is [28]. Other frequentist binary quantile regression can be found [29],[30].

However, all these frequentists are difficult to optimize because the absence of first order
conditions that can be exploited. [29] tried to solve the difficult optimization problem [27] by
smoothing the objective function, but then ran into difficulties concerning tuning band width
parameter. In the context of variable selection, however the latter is crucial. In many studies the
goal is to find a small set of relevant variables. The variable selections approach proposed adaptive
least absolute shrinkage and selection operator Adaptive Lasso together for binary quantile
regression model are ideally suited to tackle the problem of predictor dimension reduction in binary

data sets.
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From a mathematical standpoint, the Adaptive Lasso estimates of the binary quantile

regression coefficient can be computed by [31], [32]:
.BALASSOZ?QHQ Z?:l pr(yi — xz{ﬁ’) +Z§=1 Aj|,3j|: (7)
where A; is a non-negative variable penalty coefficient, i = 1,2,.., k. Based on equation (5) the

likelihood function used in parameter 8 estimation forthe 7" quantile in the Bayesian quantile

regression analysis is formulated in equation (8) as follows:

LGB, o, v) = (T, (ov)” 2)(exp( (y?—(x{l?rwvi))z))_ (8)

2p2ov;

The fully conditional distribution of y; is a mixture of two truncated normal distributions [10]:

18, ow = | VOt + v pPov)I (v > 0),ify; = 1 ©)
Yilb, v = N(x{B; + 6v;, p?ov)I(y; < 0), otherwise '
In Bayesian analysis, we need a prior distribution to construct parameter estimates. Prior

distribution for £, /'ljz, ¢,0,s,v,6 used in Bayesian Adaptive Lasso binary quantile regression is

as follows [11]:

B2\ 1.2 3.2
f(,BM ,s]) nj \/Fs] <—24> ! exp(T]sj>dsj,

f18) =1,
f(0) = 0% exp(—a,0),

o AP A (10)
f(si|y® = 5 eXP| = S) ),

f(ilo) = o exp(~v;0),

2
fwKA>—€wf

with s =(5sq,...,8¢), 1 =12,...,k, v=(vy,..,), 0d>0, a; >0, a, >0, /1j220,

(>0, § >0. According to Bayesian theorem, the posterior distribution is the product of the

likelihood function and the prior distribution. Therefore referring to [10]:

[, 5;v;,0)~N(B}, 57),
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i —ZizjxiBr—34vi)

2v;

-1
. -2 _ xl] 2 _ =2 n
with, o; —(a -+ J) , Bj = 0;"0 i,

f((o

', s; v, 0)~Gamma (En +a, Y, ((y‘ L p(1—=p)v; + bl))

f(Aj2|sj,, o)~Gamma(l + ao,% + by), (11)
f(si|42 B,0,)~GIG (% + B2, 02, )

FCo-11yi B 0)~61G (1,2, 7T )

o o(y; — x{B)?
5 B,0, )~ GIG(Z > f)

(s,

The multiple roots method suggested by [33]; [22] will be utilized to generate sample, and the

restriction condition ||f]|; will be imposed value. The steps are follows: initiate the process with

a preliminary value S,v,0, /1j2(i =1,2,..,k); From the following source f(y;|y,B,v;, 0,)
1

generate y;,i =1,2,..,n; from the following source f(v~|y;,B,0,) generate v~1,i=

1,2, ...,n; from the following source f((a|y{",sj,vi,a) generate ¢ ; from f(ﬁj|y£", Sj Vi, a)

generate f;; and the constraint condition f =1,j = 1,2, ..., k; from f (( sj,|Aj2, B, a) generate

Sj,j = ., k; from f(4; |SJ ,0) generate /'l ,j =1,2,..., k; return to the second to seventh
stage.
2.4. Metode Bootstrap

The model that has been constructed using the BBALQR method will be analysed for the
consistency of the coefficients of the predictor variables using the Bootstrap method.
Bootstrapping is resampling approach that allows estimating the probabilistic properties of the
target statistic by randomly sampling with replacement from data [34];[35].

Estimate each parameter value of Bayesian binary quantile regression, Bayesian Lasso
binary quantile regression and Bayesian Adaptive Lasso binary quantile regression at quantiles
0.05, 0.25, 0.55, 0.75, and 0.95 using the Bootstrap method with the number of replications used

being 10 times, 25 times and 50 times.
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Bootstrap sample formation can be done with the following steps. The first, constructs
samples from paired data (x,,,),) randomly drawn with probability % Bootstrap samples are

considered as random samples of size n. The data obtained is the original data coming from the

population with repetition. Second, Modelling Bayesian Adaptive Lasso binary quantile regression.

Based on the hypothesized models, the parameters E; () will be estimated for each quantile 7
or denoted by B]\ (r) with j =1,2,..,p. Third, Repeat steps first and second B boots so as to

obtain B estimated parameter values or ,671; , (@) with b=1,2,...,B.

After that proceed (first, second, and third) continued to calculate the statistical value for
each replication of the Bootstrap method. Calculate the mean and variance for the Bootstrap

method statistics B, (7). The mean of the Bootstrap parameter is:

— 1~ (12)
B (=% ) (©.
b=1
As for the variance of the Bootstrap method statistics, namely:
— 1 — — 2
Var B, (1) = ==38 1By, ™ — B, @) . (13)

where j = 1,2, ...,p. The final step is to determine the Bootstrap confidence interval for each
replication.
3. MAIN RESULTS

In this section we will estimate the model parameters using BBALQR method. The resulting model
is as much as the selected quantile. The selected quantile is 0.05; 0.25; 0.55; 0.75; 0.95. In this

study, the model hypothesis was presented in hypertension status as follows:
Logit(Hipertension Status;) (14)
= Py + BiGender; + f,Age; + [3Smooking; + [,Body Weight;
+ fsCholesterol; + BsTriglyceride; + f,Blood sugar levels ;.

Estimation results of model parameter estimation using Bayesian Binary Adaptive Lasso Quantile

Regression (BBALQR) present in Table 4 below.
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Table 4. Coeftficient estimated for Hypertension Status model using BBALQR

Independent Variable Estimate Parameter of BBALQR in quantile
T =0.05 T =0.25 T =0.55 T =0.75 T =0.95

B; (Gender) 0.369(8.163) -2.441(16.920) -1.378(6.795)| 2.516(7.036) | 2.637(6.042)
B, (Age) 0.859 (0.986)*0.864 (0.991)*(1.088 (0.611)*0.608 (0.984)*/0.608 (0.984)*
B; (Smoking) 8.610(3.015) | 1.124(8.817) | 0.711(6.795) [13.118(21.223)| 1.379(3.266)
B, (Body weight) 0.716 (0.769)*0.847 (0.927)*(0.575 (0.638)*0.716 (0.547)*/0.804 (0.354)*
Bs (Cholesterol) 0.254 (0.907)* 0.319 (0.930) | 0.468(0.825) | 0.567 (0.967) [0.616(0.915)*
Be (Triglyceride) 0.140 (0.780) | 0.403(0.941) 0.699 (0.748)*0.721 (0.753)*/0.709 (0.758)*
B, (Blood sugar levels)0.491 (1.019)*0.755 (0.944)*(0.989 (0.206)* 1.073(0.519)* {1.094(0.236)*
*Significant at 5% level

Based on Table 4, the independent variables that affect hypertension status are age, body weight,
cholesterol, triglyceride, and blood sugar levels. Age variable is significant in all quantiles. Body
weight variable is significant in all quantiles. Cholesterol variable is significant in 0.05 and 0.95
quantiles. Triglyceride variable is significant in quantile 0.55, 0.75, and 0.95. Blood Sugar Levels
variable is significant in all quantiles. Furthermore, the significant independent variables are used
as a reference in estimating parameters with the Bayesian Adaptive Lasso binary quantile
regression (BBALQR) method. The results of parameter estimation with the BBALQR Stage 2
method. The results of parameter estimation with BBALQR Stage 2 are presented in the following

Table 5 below:
Table 5. Coefficient estimated for Hypertension Status model using BBALQR Stage 2

Independent Variable Estimate Parameter of BBALQR in quantile
T =0.05 T=10.25 T =0.55 T=20.75 T=0.95

B, (Age) 0.838 (0.876)*0.853 (0.991)*/1.078 (0.621)*0.618 (0.884)*(0.607 (0.974)*
Bs (Body weight) 0.715 (0.759)*)0.826 (0.918)*0.548 (0.629)*0.706 (0.557)*0.810 (0.352)*
Bs (Cholesterol) 0.253 (0.904)*0.316 (0.929) |0.480(0.818)*| 0.557 (0.962) [0.615(0.913)*
Be (Triglyceride) 0.141 (0.781) | 0.413(0.951) [0.697 (0.746)*0.720 (0.751)*0.718 (0.749)*
B, (Blood sugar levels)0.481 (1.009)*0.765 (0.954)*0.981 (0.202)*/1.083(0.529)*|1.084(0.136)*
*Significant at 5% level

Based on Table 5, it is known that at quantile 0.05 the variables of age, body weight,
cholesterol and blood sugar levels have a statistically significant effect on hypertension status.

Furthermore, at quantile 0.25 the variables of age, body weight and blood sugar level have a
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statistically significant effect on hypertension status. Furthermore, at quantiles 0.55 and 0.75 the
variables age, body weight and blood sugar levels have a significant effect on hypertension status.
Finally at quantile 0.95 all independent variables are statistically significant in influencing
hypertension status. The significance level used is 5%. After modelling using BBALQR, we will
continue to test the goodness of the resulting model by calculating the Mean Square Error (MSE)
value. The results of the MSE calculation for each selected quantile are shown in Table 6 below.

Table 6. Mean Square Error (MSE) for BBALQR selected quantile

Quantile MSE
T =0.05 0.282
T=0.25 0.530
T =0.55 0.402
T=0.75 0.430
T=0.95 0.435

Table 6 shows that the 0.05 quantile produces the smallest MSE value compared to other
quantiles. It can be concluded that the model at quantile 0.05 is the best model in estimating
parameters with the BBALQR method. Thus, the conjecture model for parameter estimation of the
BBALQR model at quantile 0.05 is as follows:

Logit(y;) = 0.838X, + 0.715X, + 0.253X; + 0.481X;. (15)
Based on the equation (14) above, it can be interpreted by looking at the odds ratio value for each

independent variable. The odds ratio values are presented in Table 7 below.

Table 7. Odd Ratio Value of Independent Variable

Independent Variables Mean () Odds Ratio
Age (X,) 0.838 2312
Body weight (X,) 0.715 2.044
Cholesterol (X5) 0.253 1.287
Blood sugar levels (X;) 0.481 1.617

Based on Table 7, it can be interpreted that for every one year’s increase in age, the
probability of developing hypertension becomes 2.312 greater than the previous one, assuming
other variables are constant. Every one kg increase in body weight, the probability of developing
hypertension becomes 2,044 greater than the previous one, assuming other variables are constant.
Every 1 mg/dL increase in cholesterol, the probability of having hypertension becomes 1,287

greater than the previous one, assuming other variables are constant. Then every 1mg% increase
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in blood sugar levels, the probability of having hypertension becomes 1,617 greater than the
previous one, assuming other variables are constant.

Furthermore, the accuracy of the parameter values that have been generated from the
Bayesian Adaptive Lasso Binary quantile regression method at each selected quantile is tested
whether it has produced the true and acceptable value using Bootstrap. In estimating parameters
using the Bootstrap method, the number of replications used is 10, 25 and 50 times. Then from
each replication will be compared which replication is able to produce the best guess for modelling
hypertension status. The criterion for this stage is the replication that produces the smallest
Bootstrap confidence interval width. Then from each replication, it will be compared which
replication is able to produce the best estimation model in modelling hypertension status. The
criterion for this stage is the replication that produces the smallest Bootstrap confidence interval
(CI) width. The BBALQR Bootstrap parameter estimation results for each quantile are presented
in Tables 8, 9 10, 11and 12.

Table 8. The Parameters Estimated and CI Width of 95% Using BBALQR Bootstrap Quantile

0.05
Independent Variables Estimated Estimation Bootstrap CI 95% Bootstrap CI
Mean Bootstrap Width 95%
Lower Upper

B =10 Replication
Age (X3) 0.859" 0.14141 -0.13328 0.63742 0.77068
Body weight (X,) 0.716" 0.60375 0.26958 0.88701 0.61742
Cholesterol (X5) 0.254" 0.38415 0.08696 0.92508 0.83812
Triglyceride (Xg) 0.140 0.34671 0.05935 0.94230 0.88295
Blood sugar levels (X;) 0.491" 0.48183 0.09672 1.03563 0.93888

B =25 Replication
Age (X,) 0.859" 0.13265 -0.11109 0.62964 0.51885
Body weight (X,) 0.716" 0.55059 0.30632 0.90830 0.60198
Cholesterol (X5) 0.254" 0.38769 0.08448 0.91320 0.82872
Triglyceride (X¢) 0.140 0.33704 0.05752 0.89900 0.84148
Blood sugar levels (X;) 0.491" 0.49502 0.09332 1.02208 0.92876

B =50 Replication
Age (X,) 0.859" 0.12130 -0.10185 0.62524 0.52338
Body weight (X,) 0.716" 0.58428 0.296434 0.94359 0.64715
Cholesterol (X5) 0.254" 0.38536 0.083492 0.92455 0.84106
Triglyceride (X¢) 0.140 0.32236 0.054874 0.91064 0.85576

Blood sugar levels (X5) 0.491" 0.49058 0.101192 1.03348 0.93229
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Table 9. The Parameters Estimated and CI Width of 95% CI Using BBALQR Bootstrap Quantile

13

0.25
Independent Variables Estimated Estimation Bootstrap CI 95% Bootstrap CI
Mean Bootstrap Lower Upper Width 95%
B =10 Replication
Age (X,) 0.864" 0.2756 -0.00686 0.96688 0.96001
Body weight (X,) 0.847" 0.5859 0.32869 1.06090 0.73221
Cholesterol (X5) 0.319 0.4769 0.08696 1.00448 0.91752
Triglyceride (Xg) 0.403 0.5131 0.08952 1.01230 0.92278
Blood sugar levels (X;) 0.755" 0.6636 0.14368 1.05550 0.91182
B =25 Replication
Age (X,) 0.864" 0.25443 -0.01547 0.97190 0.95643
Body weight (X,) 0.847" 0.61483 0.34264 1.03920 0.34264
Cholesterol (X5) 0.319 0.47996 0.09884 1.00280 0.90396
Triglyceride (Xg) 0.403 0.48936 0.07839 0.98836 0.07839
Blood sugar levels (X7) 0.755" 0.65678 0.12644 1.06116 0.12644
B =50 Replication
Age (X,) 0.864" 0.24956 -0.01462 0.97965 0.96503
Body weight (X,) 0.847" 0.64643 0.33411 1.05363 0.71951
Cholesterol (X5) 0.319 0.47162 0.08306 1.00186 0.91874
Triglyceride (X¢) 0.403 0.48645 0.07652 0.99825 0.92173
Blood sugar levels (X;) 0.755" 0.63863 0.12041 1.04213 0.92178

Table 10. The Parameters Estimated and CI Width of 95% Using BBALQR Bootstrap Quantile

0.55
Independent Variables Estimate Estimation Bootstrap CI 95% Bootstrap CI
d Mean Bootstrap Lower Upper Width 95%
B =10 Replication
Age (X,) 1.088" 0.38537 0.06053 1.0254 0.96487
Body weight (X,) 0.575%* 0.64610 0.40807 1.0950 0.68693
Cholesterol (X5) 0.468 0.58031 0.13928 0.9940 0.85472
Triglyceride (X¢) 0.699* 0.66092 0.17568 1.0134 0.83772
Blood sugar levels (X;)  0.989* 0.88736 0.39571 1.0738 0.67809
B =25 Replication
Age (X,) 1.088" 0.37203 0.06874 1.01919 0.95045
Body weight (X,) 0.575%* 0.68964 0.48195 1.08316 0.60121
Cholesterol (X;s) 0.468 0.58796 0.15062 1.00480 0.85419
Triglyceride (X¢) 0.699* 0.65018 0.19173 1.00952 0.81779
Blood sugar levels (X,)  0.989* 0.88566 0.43319 1.07729 0.64410
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B =50 Replication

Age (X3) 1.088" 0.36535 0.06531 1.02762 0.96231
Body weight (X,) 0.575% 0.72270 0.46251 1.07284 0.61033
Cholesterol (X5) 0.468 0.57716 0.14196 1.00288 0.86092
Triglyceride (X;) 0.699%* 0.64970 0.18013 1.01484 0.83471
Blood sugar levels (X,) 0.989* 0.85713 0.40616 1.06031 0.65415

Table 11. The Parameters Estimated and CI Width of 95% Using BBALQR Bootstrap Quantile

0.75
Independent Variables Estimated Estimation Bootstrap CI 95% Bootstrap CI
Mean Bootstrap Width 95%
Lower Upper

B =10 Replication
Age (X3) 0.951% 0.41928 0.06892 1.02946 0.96053
Body weight (X,) 0.716* 0.70055 0.41787 1.09069 0.67282
Cholesterol (X5) 0.567 0.6168 0.16943 1.01051 0.84108
Triglyceride (X;) 0.721% 0.70479 0.23365 1.01554 0.78189
Blood sugar levels (X7) 1.073* 0.98047 0.67359 1.11372 0.44013

B =25 Replication
Age (X3) 0.951%* 0.40666 0.10664 1.01335 0.90671
Body weight (X,) 0.716* 0.74321 0.49807 1.03687 0.29179
Cholesterol (X5) 0.567 0.63192 0.20627 0.98768 0.78140
Triglyceride (X¢) 0.721%* 0.69266 0.26933 1.00565 0.73632
Blood sugar levels (X;) 1.073* 0.98296 0.68840 1.11392 0.42552

B =50 Replication
Age (X,) 0.951* 0.40443 0.06491 1.03526 0.97035
Body weight (X,) 0.716* 0.75832 0.50934 1.05932 0.54998
Cholesterol (X5) 0.567 0.62719 0.18194 0.99630 0.81436
Triglyceride (X¢) 0.721* 0.70300 0.25209 1.01272 0.76063
Blood sugar levels (X7) 1.073* 0.96424 0.67270 1.09825 0.42555

Table 12. The Parameters Estimated and CI Width of 95% Using BBALQR Bootstrap

Quantile 0.95
Independent Estimated Estimation Bootstrap CI 95% Bootstrap
Variables Mean Bootstrap Lower Upper CI Width 95%
B =10 Replication

Age (X3) 0.608* 0.38155 0.02815 1.0396 1.01145

Body weight (X,) 0.804* 0.66605 0.32443 1.0609 0.73647
Cholesterol (X;s) 0.616* 0.62971 0.18504 1.1507 0.96568
Triglyceride (Xg) 0.709%* 0.72582 0.27820 1.0277 0.74950

Blood sugar levels (X;)  1.094* 1.10811 0.92834 1.2523 0.32396
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B =25 Replication

Age (X3) 0.608* 0.35870 0.01516 1.00704 0.99188
Body weight (X,) 0.804* 0.72048 -0.94328 1.17925 0.23660
Cholesterol (X5) 0.616* 0.63873 0.14040 1.02420 0.88381
Triglyceride (X;) 0.709%* 0.71488 0.22857 1.02930 0.70072
Blood sugar levels (X;)  1.094* 1.08366 0.89326 1.19409 0.30083
B =50 Replication
Age (X3) 0.608* 0.36964 -0.00670 1.02762 1.02092
Body weight (X,) 0.804* 0.74409 -0.26670 1.15342 0.88668
Cholesterol (X5) 0.616* 0.63631 0.17024 1.07838 0.90812
Triglyceride (X¢) 0.709%* 0.72487 0.26946 1.02769 0.75826
Blood sugar levels (X;)  1.094* 1.05997 0.90918 1.22386 0.31437

Based on Tables 8, 9, 10, 11 and 12 it can be seen that the estimated values obtained using the
BBALQR method have produced values that are almost the same as the values obtained using
Bootstrap for all model parameters in each replication. Furthermore, the parameter estimation
results using BBALQR for all model parameters are already in the Bootstrap confidence interval
for each replication. Thus, it is concluded that the model parameter estimation values obtained
using the BBALQR method have produced correct and acceptable values.

Furthermore, from the table above, it is obtained that the smallest Bootstrap BBALQR confidence
interval width for all parameters in each selected quantile is at replication 25. Thus, it can be
concluded that the best number of replications in each selected quantile for hypertension status
data at Arosuka Solok Hospital, West Sumatra with the Bootstrap BBALQR method is at

replication 25 times.

3. CONCLUSION

This study contributes to the growing body of statistical research addressing the complexities
of modelling binary health outcomes by proposing the Bayesian Binary Adaptive Lasso Quantile
Regression (BBALQR) method as an effective and flexible solution. The analysis, based on real-
world data from Arosuka Hospital in Solok, Indonesia, demonstrates that BBALQR not only
captures distributional heterogeneity across different quantiles of hypertension risk but also

performs simultaneous variable selection through its adaptive shrinkage mechanism.
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Among the five evaluated quantile levels, the model at the lower quantile 7 = 0.05 exhibited
superior predictive performance, as evidenced by the lowest mean squared error (MSE). This
finding suggests that early indicators of hypertension risk, particularly in patients at the tail end of
the risk spectrum, can be effectively captured by focusing on extreme quantiles. Key predictors
consistently identified across quantiles include age, body weight, cholesterol, and blood sugar
levels, reinforcing their clinical relevance.

The incorporation of Bootstrap resampling further validated the robustness and stability of the
parameter estimates. The Bootstrap confidence intervals confirmed that BBALQR yields
statistically reliable results, with 25 replications offering the most efficient balance between
precision and computational feasibility. These results enhance the methodological credibility of
BBALQR as a data-driven decision-making tool in clinical epidemiology and health risk
stratification.

Overall, the proposed BBALQR framework proves to be a statistically rigorous and practically
applicable approach, particularly in settings characterized by binary outcomes, non-normality, and
high-dimensional predictor spaces. Future research may expand this work by exploring
hierarchical or multilevel BBALQR models to accommodate data with nested structures, or by
integrating clinical priors in a more hierarchical Bayesian context. Additionally, comparative
evaluations with alternative machine learning-based classifiers could further benchmark the

practical utility of BBALQR in medical diagnostics and preventive health analytics.
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