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Hypertension Status Model with Bayesian
Adaptive LASSO Binary Quantile Regression
Using Asymmetric Laplace Distribution

Lilis Harianti Hasibuan, Ferra Yanuar, Dodi Devianto, Maiyastri

Abstract— Binary quantile regression is one of the widely
applied methods in the last decade due to the attractive features
of this method for researchers, as it is not affected by outlier
values, meaning it is considered one of the robust methods, and
provides more details about the effect of independent variables
on dichotomous or binary dependent variables. In this study, a
Bayesian method is hybrid binary quantile regression, binary
quantile regression LASSO, and binary quantile regression
adaptive LASSO for variable selection and estimation. The
error follows an Asymetric Laplace distribution. The method
will be applied to model the hypertension status data. This study
used 635 patients of hypertension obtained from Arasuka Solok
Hospital, West Sumatra, Indonesia. This study proved that
Bayesian Adaptive LASSO binary quantile regression resulted
smallest value of mean square error (MSE) than those produced
Bayesian LASSO binary quantile regression and Bayesian
binary quantile regression. Model hypertension status in
Arosuka Solok Hospital is significantly influenced by weight,
age, cholesterol, smoking and blood sugar levels. At quantile
0.05, increase in age for 1 year, the level of hypertension status
increases by 2.360 times. If there is an increase in body weight
by 1 kg, the hypertension increases by 2.046 times. If there is a 1
mg/dL increase in cholesterol, the hypertension level increases
by 1.289 times. If there is a 1mg/dL increase in Triglyceride, the
hypertension level increases by 1.150 times. If there is a 1 mg%
increase in blood sugar levels, the hypertension level increases
by 1.633 times. It is concluded that binary Bayesian adaptive
LASSO quantile regression has the best performance than other
methods in modeling the hypertension case.

Index Terms—Hypertension status;
quantile regression, Adaptive LASSO.

binary, Bayesian
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[. INTRODUCTION

ypertension is the leading cause of cardiovascular

disease and premature death worldwide, due to the
widespread use of antihypertensive drugs, the global average
blood pressure (BP) has remained constant or slightly
decreased over the past four decades [1]. Hypertension can be
defined as persistent blood pressure where the systolic
pressure is above 140 mmHg and the diastolic pressure is
above 90 mmHg [2]. Hypertension is a non-communicable
disease that is an important health problem worldwide due to
its high and increasing prevalence and association with
cardiovascular disease, stroke, retinopathy, and kidney
disease.

Hypertension is a disease that affects almost 25% of adults.
The prevalence of hypertension is predicted to increase by
60% by 2025, which is around 1.56 thousand people. Patients
and 95% were primary hypertension [3]. Hypertension
prevalence data nationally is 34.1%. Hypertension in West
Sumatra is 25.1%, for Solok City is 31.6% and is ranked 3rd
out of 19 districts and cities in West Sumatra [4].
Minangkabau ethnicity has distinctiveness in its traditions
and culture. Traditional food Minangkabau traditional foods
such as rendang are claimed to be high in saturated fat. The
coconut oil and coconut milk used as the main ingredients to
make rendang are the main source of rich in saturated fatty
acid [5]. this reason, it is necessary to identify the factors that
affect hypertension status to provide additional information
to the community to avoid factors that cause hypertension so
that hypertension cases decrease. Solok City has the highest
number of hypertension cases in West Sumatra [6]. The
method used to see the mathematical relationship between the
independent variable and the dependent variable is regression
analysis [7][8].

Classical regression analysis can model data if the classical
assumption of normality is met. In fact, in the field, there are
many data that violate the assumption of normality. In
modeling hypertension status (yes or no) which is binary, it
cannot be modeled with ordinary regression methods or least
squares methods because it clearly violates the assumption of
normality. Modeling data that violates these classical
assumptions can be overcome by quantile regression
[9][10][11][12]. In quantile analysis, the estimated regression
model can be explained by the relationship between the
independent variable and the dependent variable at various
quantiles [13]. However, quantile regression requires a large
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sample size. This limitation of the quantile method is
overcome by hybridizing it with the Bayesian method. The
Bayesian method is able to estimate model parameters from
small data because there is a prior distribution in the
estimation process [14]. The hybridization of quantile
regression and Bayes method is known as Bayesian quantile
regression [15][16][17]. Research wusing the Bayesian
quantile regression method has been done by many previous
researchers including [18][19][20][12][21] which discusses
variable selection in a binary context sensitive to outliers,
heterogeneous values and other anomalies.

Quantile regression has also been applied to censored data
to construct the height gain of stunted infants [22][23].
Quantile regression models have also been applied to high-
dimensional data with dichotomous response data using
normal prior gamma [24]. Quantile regression is a method
that handles covariate effects and handles the overfitting
problem well [25]. Bayesian quantile regression applied to
binary dependent variables is called Binary Bayesian quantile
regression. The binary quantile regression method does not
require error assumptions in modeling and the estimator is
robust to outliers.

Binary quantile regression was introduced by research
[26][27]. Binary quantile regression is used also in simple
two-step estimation with misinformation of endogenous
variables [28]. Bayesian quantile regression with binary
scaled response variables still lacks precision, so binary
Bayesian quantile regression with regulation parameters or
penalty functions using LASSO was developed [29][30]. In
this study, a binary Bayesian quantile regression method with
adaptive LASSO penalty was applied to model hypertension
status of patients from Arosuka Solok Hospital.

II. MATERIALS AND METHODS

A. Data Set

The data used in this study are related to hypertension
status obtained from Arosuka Solok Hospital, West Sumatra.
The data used is observed directly from the polyclinics of
internal medicine and cardiology in 2024. The data used was
635 patients. This secondary data consisted of seven
independent variables and one binary dependent variable,
namely hypertension status with categories (1 = Hypertension
and 0 = Not hypertension). Hypertension status (Y) as a
binary dependent variable is based on systolic blood pressure
(SBP) and diastolic blood pressure (DBP). It is said to be
hypertension if SBP > 140 mmHg and DBP > 90 mmHg.

Hypertension status is assumed to be influenced by
gender [31],[32]. Elderly patients with hypertension are
predominantly female compared to males [33]. Patients with
severe hypertension were also 100% female [34].
Hypertension status is also influenced by age. 15-65 years old
are prone to hypertension [35]. Menopausal women have an
increase in degenerative diseases, one of which is
hypertension [36],[32]. Smoking can cause hypertension due
to chemicals contained in tobacco, especially nicotine
[371,[38],[39],[40]. Body weight is another factor that is
assumed to influence hypertension [41],[42]. Hypertension
is also influenced by factors originating from within the
human body are cholesterol [43],[44],[45], triglycerides
[46],[47],[48], and blood sugar levels [49],[50],[51]. Table 1

below presents a description of the categorical data used in
this study as independent variables. Table 1 informs that 43%
were male and 36% were smoking.

TABLE 1.
STATISTICS DESCRIPTIVE OF CATEGORICAL VARIABLES
Variable Category Frequency Percentage
(%)
Gender Male 281 43%
Female 372 57%
Smoking Yes 235 36%
No 318 64%

B. Quantile Regression Method

If a vector y = (y1,Y2, -, ¥n) is declared as the
dependent variable and x = ( x4, X, ..., x)’ is defined as the
independent variable, then the hypothesis model for the tt"
quantile, where 0 < 7 < 1 with n samples and k predictors
fori = 1,2, ...,n is written as:

Vi = Bor + BicXix + BorXip + -+ BrcXik + & (D

with B(t) as the parameter vector and & as the residual
vector. The conditional quantile function T in the quantile
regression method is defined as Q.(y|x;) = x;B,, the
estimated value of the parameters in the quantile regression
equation B, is obtained by minimizing the following
equation [52]:

D bl = %) @

with p;(u) = u(t — I(u < 0))is the loss function with the
equation [10]:

p.(e) = e(tl(e 2 0) — (1 — DI(e < 0)). 3)
I (.) is an indicator function, which has a value of 1 when
I (.) is true dan 0 otherwise.

C. Bayesian Binary Quantile Regression Method

Binary quantile regression was introduced by Benoit et al.
[26], which is an extension of quantile regression where the
dependent variable is dichotomous or binary and consists of
two categories. One of standard notations for Binary quantile
regression model for Tt" quantile and n samples and k
predictors fori = 1,2, ..., n is written as:

Vi = Bor + BreXin + BorXiz + o+ BreXine + & (6)

.’VL* = x;ﬂr + &j- (7)
where x = (xj, X, ..., Xi)" is independent variable for
sample fori = 1,2, ...,n, and B(7) the parameter vector and
€ as the residual vector andy; is the observed response of i*"
subject determined by the latent unobserved response y;,

_{1,ifyi*20 ®)
~ 10, otherwise.
combining the quantile regression technique with the binary
selection regression model, the following binary quantile
regression models can be obtained:

Q: (¥ lx) = xiB; + &, )
where, Q;(y{|x;) = inf {(y;|F(y;|x;) = 1)} is conditional
quantile, B, is parameter at the 7" quantile. Because the
latent variable y;is not observable, it is not possible to use
formula (9) to estimate the parameters directly. Based on the

i
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invariance of quantile, the following transformations can be
performed:

Qr(yilxi) = Q‘L’(h(yl.*lxl) = h(QT(yl*lxl)
= h(xi,ﬁ‘r)-
where h(x]B;) = I(x}B; > 0). Let p,(u) = lul_(2+1)u is a
test function. The parameter [, is determined by the
following formula [53]:
n

D peli— h(xiB).

i=1
where h(x;B.;) = 1(x;B.>0) is indicator variable equal 1 if
I(x;B,) is true and O for otherwise.

(10)

(11)

Yu and Moyeed [15] suggested that the process of
minimizing the loss function of quantile regression is
equivalent to maximizing the likelihood function of the
Asymmetric Laplace Distribution (ALD) because the loss
function in quantile regression is identical to the ALD
likelihood function. ALD is used in the process of forming a
random variable € is ALD distributed with a likelihood
density function f(¢) is:

f(&) = T(1 = Dexp (—pe (). (12)

with 0 <7 <1 and p,(¢) being the loss function with ¢
being the error of the estimation and /(&) being the indicator
function. ALD has a combined representation of several
distributions, namely based on the exponential and normal
distributions used in forming the likelihood function.
The likelihood function so that the estimator becomes more
effective and natural or close to the true value so that the
correct estimation process can be produce. 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 € is an ALD distributed
random variable then € can be expressed in the following
equation:

(13)

[15]. Based on equation

£ =0z + puz.
120 42 = 2
(1-9)7 p (1-0)t
(14) , the likelihood function used in parameter B estimation
for the 7" quantile in the Bayesian quantile regression
analysis is formulated in equation (9) as follows [30]:

L(yi|B,a,v) ,
n 1 *— (x! .+ 0v;
- (l_Lzl(avi)_E) (eXp (‘ O (;;Ijo_; 7o) >>

with ¢ >0 as the scale parameter and dan v; = gz;
spreading exp (o) distribution. Based on equation (14) the full
conditional distribution of y;'is truncated normal distribution:

where 0 =

yilB,o,v (15)
3 {N(xmr + 60v;, p2ov)I(y; > 0),ify; =1

N(x{B; + 0v;, p?av)I(y; > 0),ify; =0"

The prior distribution used in this study are ,~N(by, By),
v;~exp (d) and o~IG(a,b). While, posterior distribution
for each prior are as follows:

(14)

(Bl,0,v,¥; )~N[(By! + x;(p?av)~'x}) "1 (By'hy +
xi(p?ov) " 1x)) " ly; — x;(p?ov)10v;), (Byt +
x;(p?ov)"tx) 7,

2
* 1 Z_ L’ﬁ‘r 2 92
it oy ~6i6¢ (), E 4 2 o)

(e

©lBv,y )~IGa+2, (b +

]~ Brrov)”
RV DY R <2p—20 ))-

D. Bayesian LASSO Binary Quantile Regression Method

Mathematically, estimates of Bayesian LASSO binary
quantile regression parameter can be calculated by [30],[26]:

ﬁLAsso:réleiuQ Yo (i —xiB) + A Z?=1|3j|- 17

where A is a non-negative variable penalty coefficient. Prior
distribution B.,1?%,{,0,s,v,8 used for n-th sample with &
predictor according to for used in Bayesian LASSO binary
quantile regression is:

f(Bln*s;)

k 2
B R e &
= 1:1[[0 \/TsjeXP( ZS]-) 2 exp ( > Sj)dsj ,
¢ (18)
Q16,0 = iy (=

fEl6) =1,
f(0) = 0% exp(—a,0),
n’ n’
f(sin®) = — exp (—751'),
f(ilo) = o exp(—v;0),

_(m»°

withn = 6d, W2 ~Gamma(m?,{71), s = (sq, ..., S), 0 =
1,2..k, v= (vq,..,v),0>0,a; >0,a, >0,n2>0,
¢ > 0,6 > 0. Based on equation (18), the joint posterior
distribution Bayesian LASSO binary quantile regression is
obtained as follows:

oXiL . Tijxij
2v; 1

—,+”2?:12—Vl. %}.W ?:12_’%‘
N
f@M% B¢, 0,5v,8,y)~Gamma (( +k,v+ Zﬁ?:o;’),

fWIB.n%¢,0,8v,8,y)~Gamma({,n?),
fUIBn? 0,5v,8,y)~Gamma(,n?),

* ! 2
fi|Bmn?v,q,0,8v,8y)~GIG (% (M )(E +

p?o
92
r))
f(Si|ﬁT,7’]2,U, Z! g, Slvl 6:y*)~GlG (%; ﬁ]’zynz )a

f(o1Bon?v,,5,v,8,y)~GIG <a +Z, (b +

*_ (o) 32
i (—(y" o) >+ vi>. (19)
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E. Bayesian Adaptive LASSO Binary Quantile Regression
Method

To estimates of Bayesian Adaptive LASSO binary quantile
regression parameters can be calculated by study [30]:

ﬁAmsso:rg,leiﬂ%1 Y1 P (¥i —xiB) + Z?:l Ai'ﬁj'- (20)
where A; is a non-negative variable penalty coefficient, i =
1,2,.., k. Prior distribution for BT,AJ-Z,(, 0,s,v,0 used in

Bayesian Adaptive LASSO binary quantile regression is as
follows [54]:

f(Bkl/l-Z,sj)

= C_1 BN A
_HJ;) ,/Znsjexp (_2_5,]-)78"?’( > S)ds
f(l8) =1,

f(0) = 0% exp(—a,0),

A2 12
f(sj|)tj2) = JTexp (—%sj)

f(wilo) = o exp(-v;0), (1)
S5
2N _ (Oﬁz)

with s = (s, ...,5), i = 1,2, ...k, v= (vq,..,1,),0 >0,
a;>0,a,>0,14°>0,{>0,6>0

Based on equation (21), the joint posterior distribution
Bayesian Adaptive LASSO binary quantile regression is
obtained as follows:

f((Blyi, sj,vi,0)~N(B;, B)).
2 -1
with, 5,2 = <o—2"—x” +§> :
J

1 2v;
ﬁj =
— 2 won Oi-ZizjxiuBi—Cv;)
0j 0 j=1— . >
2v;

32
f((oly; sjvi,0)~Gamma (%n +ay, Xt (M +

v
p(1 - pv; + bl)),

f(lj2|sj‘, o)~Gamma(l + ao,% + by),

f(( Sj’|/1j2’ B, a,)~GIG G + ‘[;],2’ a/ljz )’

*_ o0 )2
f((v™1y;, B,0,)~GIG (;gu)

*_ l 2
f((s:|yi. 8.0.)~GIG ( 2, 20ixh) ) (22)

The multiple roots algorithm proposed by Yun [55] will be
used to sample from it, and the constraint condition ||8]|; will
be imposed value. The steps are follows: set initial value

Bv,o, %G =12,...k) ; from the f((yly,B vi0,)
generate y;,i = 1,2,...,n; from f(v7t|y;, B, 0,) generate
vLi=12,..,n; from f(( cf|yl’-*, Sj,Vi a)generate o; from
f ((Bj|yz,sj_vi,o) generate f8;; and the constraint condition
B=1,j=12,..,k; from f(( sj,|l~2,B, a) generate s;,j =
1,2,...,k ; from f(/1j2|s]-,, o) generate ljz,j =12, ..,k;
return the second to seventh step.

III. RESULT AND DISCUSSION

In this section, we apply the proposed Bayesian approach
for Bayesian binary quantile regression (BBQR), Bayesian
LASSO binary quantile regression (BBLQR) and Bayesian
Adaptive LASSO binary quantile regression (BBALQR) for
find the model hypertension status. The parameters
estimation process was carried out by determining mean and
variance of each parameter formulated in the posterior
distribution. Table 2 present the parameters estimation
results, with confidence interval width of 95% for quantiles
0.05; 0.25; 0.55; 0.75; 0.95.

Based Table 2, the BBQR, BBLQR and BBALQR
methods obtained the variable gender (X;p,) statistically not
significant in influencing hypertension status in all quantiles,
namely quantiles 0.05; 0.25; 0.55; 0.75; and 0.95. BBQR
method variable age (X,) statistically significant in quantiles
0.25; 0.55; 0.75. BBLQR method variable age
(X,)statistically not significant in influencing hypertension
status §AL411 quantiles and BBALQR method resulted that
variable age (X,) statistically significant in influencing
hypertension status in all selected quantile. BBQR, BBLQR
and BBALQR methods variable smoking (X3p;) not
statistically significant in all quantile.

The BBQR the variable body weight (X,) statistically not
significant in influencing hypertension status in all quantiles,
namely quantiles 0.05; 0.25;0.75, BBLQR methods obtained
the variable body weight (X,) statistically not significant in
influencing hypertension status in all quantiles and BBALQR
method obtained variable body weight (X,) is statistically
significant in influencing hypertension status in all quantiles.
The BBQR the variable cholesterol (X5) statistically not
significant in influencing hypertension status in all quantiles,
namely 0.05; 0.25;0.75. BBLQR methods obtained the
variable cholesterol (X5) statistically not significant in
influencing hypertension status in all quantiles and while
BBALQR method obtained variable cholesterol (X5) is
statistically not significant in influencing hypertension status
only in 0.05 and 0.95 quantile.

The BBQR, BBLQR obtained variable triglyceride (X¢)
statistically not significant in influencing hypertension status
in all quantiles, namely quantiles 0.05; 0.25; 0.55; 0.75; and
0.95 and BBALQR method obtained variable triglyceride
(Xe) is statistically significant in affecting hypertension
status in quantiles 0.55;0.75 and 0.95. The BBQR, BBLQR
obtained variable blood sugar levels (X;) statistically not
significant in influencing hypertension status in all quantiles,
namely quantiles 0.05; 0.25; 0.55; 0.75; and 0.95, BBALQR
method variable blood sugar levels (X;) is statistically
significant in affecting hypertension status in all quantile.
Table present the results of the 95% confidence interval width
estimates generated from this method. Next, the comparison
of error values from the application of three methods is
presented in Table 3 below.
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TABEL 2.
THE PARAMETERS ESTIMATED AND WIDTH OF 95% CONFIDENCE INTERVAL USING BBQR, BBLQR, and BBALQR
Independent Variables BBQR BBLQR BBALQR
Estimated  Width 95% Estimated Width 95% Estimated Width 95%
Mean (B) Cl Mean (B) Cl Mean (B) Cl
7=0.05
Intercept -5.613* 4.210 -0.004 0.012 -299.877" 483.066
Gender(X;p4) 0.081 0.135 -0.0002 0.001 0.369 8.163
Age (X3) 0.014 0.029 0.00001 -3.42¢-05 0.859" 0.986
Smoking (X3p1) 0.169 0.379 -0.00009 0.001 8.610 3.015
Body weight (X,) 0.007 0.013 -0.000001 1.744e-05 0.716" 0.769
Cholesterol (Xs) 0.002 0.004 0.000004 -8.133e-06 0.254" 0.907
Triglyceride (X,) -0.001 0.002 -0.000005 2.436¢-05 0.140 0.78
Blood sugar levels (X7) 0.002 0.007 -0.000009 3.301e-05 0.491" 1.019
7=0.25
Intercept -271.685%  2.008 -0.0121 0.033 -303.529" 409.461
Gender(X;p4) 0.046 0.082 0.0005 0.0008 -2.441 16.92
Age (X3) 0.014* 0.016 0.0001 0.0002 0.864" 0.991
Smoking (X3p1) 0.205 0.426 0.0015 0.003 1.124 8.817
Body weight (X,) 0.009 0.018 0.00004 0.0001 0.847" 0.927
Cholesterol (X5) 0.002 0.004 0.00001 4.130e-05 0.319 0.93
Triglyceride (X,) -0.00001 0.002 -0.000002 7.677e-06 0.403 0.941
Blood sugar levels (X5) 0.0001 0.001 0.00001 3.802¢-05 0.755" 0.944
7=0.55
Intercept -155.370%  1.447 0.808* 0.459 -307.137" 391.607
Gender(X;p4) 0.015 0.035 -0.002 0.008 -1.378 6.795
Age (X3) 0.013* 0.013 0.001 0.003 1.088" 0.611
Smoking (X3p1) 0.210 0.435 0.019 0.052 0.711 6.781
Body weight (X,) 0.009* 0.018 0.0009 0.002 0.575* 0.638
Cholesterol (X5) 0.002* 0.004 0.0001 0.0004 0.468 0.825
Triglyceride (X,) 0.0002 0.0002 -0.00002 0.0001 0.699* 0.748
Blood sugar levels (X5) 0.0003 0.0006 -0.00003 0.0001 0.989* 0.206
t=0.75
Intercept -109.947%  2.147 0.987* 0.075 -291.114" 368.275
Gender(X;p4) 0.002 0.039 -0.0002 0.001 2.516 7.036
Age (X;) 0.016* 0.019 0.00008 0.0002 0.951* 0.621
Smoking (X3p1) 0.267 0.557 0.001 0.0027 13.118 21.223
Body weight (X,) 0.012 0.023 0.00007 0.0002 0.716* 0.547
Cholesterol (X5) 0.003 0.005 0.00001 4.123e-05 0.567 0.967
Triglyceride (X,) -0.00002 0.0001 0.0000004 7.345e-06 0.721* 0.753
Blood sugar levels (X5) 0.00009 0.0001 0.000002 4.7495¢-06 1.073* 0.159
7=0.95
Intercept 196.37 3.990 0.989* 0.035 -236.146* 324.122
Gender(X;p4) -0.0017 0.029 0.0003 0.0001 2.637 6.042
Age (X3) 0.0016 0.032 0.0002 0.0006 0.608* 0.984
Smoking (X3p1) 0.2625 0.545 0.0003 0.0015 1.379 3.266
Body weight (X,) 0.0184 0.021 0.00001 5.5496¢-05 0.804* 0.354
Cholesterol (X5) 0.0026 0.005 0.000004 1.7429¢-05 0.616* 0915
Triglyceride (X¢) -0.00001 0.0006 0.000005 2.4975e-05 0.709* 0.758
Blood sugar levels (X7) -0.0001 0.0002 0.000008 3.3103e-05 1.094* 0.236
*Significant at « = 0.05.
MSE FOR EACH SEEI?CBT]?éD?’.QUANTILE MODEL TABLE 4.

- ODD RATIO IN QUANTILE 7 = 0.05
Quantile Methods MSE Independent Variables Mean (/ﬁ\) Odd Ratio
T=0.05 BBQR 18.963

BBLQR 0.562 Gender(X;p4) 0.369 1.446
=025 BBQR 2153 Smoklng'(X3D1) 8.610 5.486
BBLQR 0.553 Body weight (X,) 0.716 2.046
BBALQR 0.530 Cholesterol (X5) 0.254 1.289
=055 BBQR 0.435 Triglyceride (Xg) 0.140 1.150
BBLQR 0.409 Blood sugar levels (X;)  0.491 1.633
BBALQR 0.402
T=0.75 BBQR 0.695
BBLQR 0.442
BBALQR 0.430
7=0.95 BBQR 6.264
BBLQR 0.446
BBALQR 0.435
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Based on the results presented in Table 3, we see that
BBALQR produce the smallest MSE than BBQR and
BBLQR. Based Table 2 and 3 the best model obtained for
hypertension status in Arosuka Hospital is a model using the
Binary Bayesian Adaptive LASSO quantile regression at
quantile 0.05 which is formulated:

Logit(p;) = —299.877 + 0.369X,, +
0.859X, + 8.610X5p; + 0.716X, + 0.254X; +
0.140X, + 0.491X,.

(23)

Based equation (23) can be interpreted by looking at odds
ratio values in Table 4. Based on the Table 4 we can inform
that if there is an increase in age X, for 1 year, the level of
hypertension status increases by 2.360 times. If there is an
increase in body weight X, by 1 kg, the hypertension
increases by 2.046 times. If there is a 1 mg/dL increase in
cholesterol Xz, the hypertension level increases by 1.289
times. If there is a Img/dL increase in triglyceride Xg, the
hypertension level increases by 1.150 times. If there is a
Img% increase in blood sugar levels X, the hypertension
level increases by 1.633 times. From the BBALQR model
obtained in accordance with the model above, it is obtained
that the status of hypertension in Arosuka Solok hospital, we
can control the significant independent variables to reduce the
risk of developing hypertension.

The Bayesian Adaptive LASSO binary quantile regression
method (BBALQR) using MCMC Gibbs Sampling algorithm
is proven to be easier and more practical to apply and
produces better estimators than estimators produced by
ordinary quantile regression. From the case study described
above, the best model is obtained at quantile 0.05, because it
has small MSE. Variables that significantly affect
hypertension status in Arosuka Solok Hospital are weight,
age, cholesterol, smoking and blood sugar levels based on
simulations conducted with this method. However, we are
convinced that also in many other fields researchers could
benefit from attractive properties of the Bayesian Adaptive
LASSO combined with binary quantile regression.

IV. CONCLUSIONS

This study aims to model hypertension status as a binary
response variable with a Binary Bayesian Quantile
Regression approach combined with the Adaptive Lasso
technique. The results show that this approach is able to
effectively handle data with non-normal distribution,
heteroscedasticity, as well as provide flexibility in evaluating
the effect of predictor variables on various quantiles of the
conditional distribution.

The Bayesian Binary Quantile Regression with Adaptive
Lasso method also proved to be able to perform variable
selection automatically and efficiently, resulting in a
parsimonious yet accurate model. Several significant
predictor variables for hypertension status were identified at
certain quantiles, indicating that the effect of predictor
variables on hypertension is not homogeneous across the
distribution of patient conditions.

In this paper, we have presented a Bayesian approach for
binary quantile regression, binary quantile regression
LASSO, and binary quantile regression Adaptive LASSO.
The advantages of this approach are first, compare three
methods the estimation and variable selection procedure is
insensitive with regard to outliers, heteroskedasticity, or other
anomalies that can break existing methods down. And
second, the selection of predictive variables affecting the
dependent variable without sensitivity to abnormal values,
unlike other methods such as the method of ordinary least
square.

A Bayesian approach to this problem is to put Laplace prior
distribution on the regression parameters. The best model is
obtained at quantile 0.05, because it has small MSE. The
smallest MSE value is 0.282. While the factors that
significantly affect hypertension status are age X,, body
weight X,, cholesterol X5, triglyceride X¢, and blood sugar
levels X.

REFERENCE

[1] K. T. Mills, A. Stefanescu, and J. He, “The global epidemiology of
hypertension,” Nat. Rev. Nephrol., vol. 16, no. 4, pp. 223-237, 2020.

[2] N.M. Kaplan, Kaplan’s clinical hypertension. Lippincott Williams &
Wilkins, 2010.

[3] J. Nainggoalan, “Management of Hypertension Patients With Grade Ti
Factors Cause of Hypertension Anti Drug Consumption Is Not
Regularly, and eating unhealthy lifestyle,” Medula J. Profesi Kedokt.
Univ. Lampung, vol. 2, no. 04, pp. 39-45, 2014.

[4] N. Herawati, K. M. Sari, and W. D. A. T. MurtiNingsih, “Pengaruh
terapi musik klasik terhadap penurunan tekanan darah pada lansia
dengan hipertensi di kelurahan Simpang Rumbio wilayah kerja
Puskesmas Ktk Kota Solok,” Menara llmu J. Penelit. dan Kaji. lim.,
vol. 12, no. 3, 2018.

[5] D. Sulastri, E. Elmatris, and R. Ramadhani, “Hubungan obesitas
dengan kejadian hipertensi pada masyarakat etnik minangkabau di kota
padang,” Maj. Kedokt. Andalas, vol. 36, no. 2, pp. 188-201, 2012.

[6] V. Triana et al., “Warta Pengabdian Andalas,” vol. 28, no. 4, pp. 495—
501, 2021.

[7] L. H. Hasibuan and S. Musthofa, “Penerapan Metode Regresi Linear
Sederhana Untuk Prediksi Harga Beras di Kota Padang,” JOSTECH J.
Sci. Technol., vol. 2, no. 1, pp. 85-95, 2022.

[8] A. S. Sholih, L. H. Hasibuan, and I. D. Rianjaya, “Analisis Regresi
Logistik Ordinal Terhadap Faktor-Faktor Yang Mempengaruhi
Predikat Kelulusan Mahasiswa Sarjana Uin Imam Bonjol Padang,”
MAp (Mathematics Appl. J., vol. 6, no. 2, pp. 99-110, 2024.

[91 F. Yanuar, H. Yozza, and 1. Rahmi, “Penerapan Metode Regresi
Kuantil pada Kasus Pelanggaran Asumsi Kenormalan Sisaan,”
Eksakta, vol. 1, pp. 33-37, 2016.

[10] F. Yanuar, “The Simulation Study to Test the Performance of Quantile
Regression Method With Heteroscedastic Error Variance,” Cauchy J.
Mat. Murni dan Apl., vol. 5, no. 1, pp. 3641, 2017.

[11] F.Yanuar, L. Hasnah, and D. Devianto, “The Simulation Study to Test
the Performance of Quantile Regression Method With Heteroscedastic
Error Variance,” vol. 5, no. May, pp. 3641, 2017.

[12] L. H. Hasibuan, F. Yanuar, D. Devianto, and M. Maiyastri, “Quantile
Regression Analysis; Simulation Study With Violation of Normality
Assumption,” JOSTECH J. Sci. Technol., vol. 4, no. 2, pp. 133-142,
2024.

Volume 52, Issue 8, August 2025, Pages 2865-2872



TAENG International Journal of Computer Science

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

(31]

[32]

R. Koenker, “Quantile regression for longitudinal data,” J. Multivar.
Anal., vol. 91, no. 1, pp. 74-89, 2004.

L. H. Hasibuan, F. Yanuar, D. Devianto, M. Maiyastri, and A. Apriona,
“Bayesian Method for Linear Regression Modeling; Simulation Study
with Normality Assumption,” JOSTECH J. Sci. Technol., vol. 5, no. 1,
pp. 81-92, 2025.

K. Yuand R. A. Moyeed, “Bayesian quantile regression,” Stat. Probab.
Lett., vol. 54, no. 4, pp. 437-447,2001.

L. H. Hasibuan, F. Yanuar, D. Devianto, M. Maiyastri, and R.
Rudiyanto, “Comparison Between Bayesian Quantile Regression And
Bayesian Lasso Quantile Regression For Modeling Poverty Line With
Presence Of Heteroscedasticity In West Sumatra,” BAREKENG J. llmu
Mat. dan Terap., vol. 19, no. 3, pp. 1587-1596, 2025.

L. H. Hasibuan, F. Yanuar, D. Devianto, and M. Maiyastri, “Modeling
Classification Of Stunting Toddler Height Using Bayesian Binary
Quantile Regression With Penalized Lasso,” Mathline J. Mat. dan
Pendidik. Mat., vol. 10, no. 2, pp. 373-385, 2025.

M. Kahnger and A. N. Flaih, “A Bayesian Binary reciprocal LASSO
quantile regression (with practical application),” J. Kufa Math.
Comput., vol. 10, no. 1, pp. 13—17, 2023.

F. Yanuar, A. S. Deva, and A. Zetra, “Length of hospital stay model of
COVID-19 patients with quantile Bayesian with penalty LASSO,”
Commun. Math. Biol. Neurosci., vol. 2023, p. Article-ID, 2023.

F. Yanuar, M. Q. Shobri, R. F. Mabrur, I. H. Putri, and A. Zetra,
“Classification of death risk for COVID-19 patients using Bayesian
Logistic Regression and Naive Bayes Classifier,” IAENG Int. J.
Comput. Sci., vol. 50, no. 3, pp. 915-920, 2023.

L. H. Hasibuan, F. Yanuar, V. P. Harahap, and L. Qalbi, “Performance
Quantile Regression and Bayesian Quantile Regression in Dealing with
Non-normal Errors ( Case Study on Simulated Data ),” Numer. J. Mat.
Pendidik. Mat., vol. 8, 2024.

F. Yanuar, A. S. Deva, A. Zetra, C. D. Yan, A. Rosalindari, and H.
Yozza, “Bayesian regularized tobit quantile to construct stunting rate
model,” Commun. Math. Biol. Neurosci., vol. 2023, p. Article-1D,
2023.

F. Yanuar, C. Mukti, and M. Maiyastri, “Komparasi Model
Pertambahan Tinggi Badan Balita Stunting Dengan Metode Regresi
Kuantil dan Regresi Kuantil Bayesian,” Limits J. Math. Its Appl., vol.
20, no. 2, pp. 165-177, 2023.

Z. Ma, Z. Han, and M. Wang, “Bayesian variable selection and
estimation in binary quantile regression using global-local shrinkage
priors,” Commun. Stat. Comput., pp. 1-15, 2023.

P. Paansri, W. Suksavate, A. Chaiyes, P. Chanteap, and P. Duengkae,
“Use of Bayesian, lasso binary quantile regression to identify suitable
habitat for tiger prey species in Thap Lan National Park, Eastern
Thailand,” Environ. Nat. Resour. J., vol. 20, no. 3, pp. 266-278, 2022.

D. F. Benoit and D. Van den Poel, “Binary quantile regression: a
Bayesian approach based on the asymmetric Laplace distribution,” J.
Appl. Econom., vol. 27, no. 7, pp. 1174-1188, 2012.

R. Alhamzawi and H. T. M. Ali, “Brq: An R package for Bayesian
quantile regression,” Metron, vol. 78, no. 3, pp. 313-328, 2020.

C. Lamarche, “Quantile regression with an endogenous misclassified
binary regressor,” Doc. Trab. del CEDLAS, 2023.

P. M. Fadilah, A. H. Wigena, and A. Djuraidah, “Extreme Rainfall
Prediction Using Bayesian Binary Quantile Regression”.

D. F. Benoit, R. Alhamzawi, and K. Yu, “Bayesian lasso binary
quantile regression,” Comput. Stat., vol. 28, pp. 2861-2873, 2013.

D. E. Wahyuni, “Hubungan tingkat pendidikan dan jenis kelamin
dengan kejadian hipertensi di kelurahan jagalan di wilayah kerja
puskesmas pucangsawit surakarta,” J. llmu Keperawatan Indones. Vol,
vol. 1, no. 1, p. 113, 2013.

S. B. Suryonegoro, M. M. Elfa, and M. S. Noor, “Literature Review:
Hubungan Hipertensi pada Wanita Menopause dan Usia Lanjut
terhadap Kualitas Hidup,” Homeostasis, vol. 4, no. 2, pp. 387-398,
2021.

[33]

[34]

[33]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

(53]

M. Falah, “Hubungan jenis kelamin dengan angka kejadian hipertensi
pada masyarakat di kelurahan tamansari kota tasikmalaya,” J. mitra
kencana keperawatan dan kebidanan, vol. 3, no. 1, pp. 85-94, 2019.

Y. K. Sari and E. T. Susanti, “Hubungan jenis kelamin dengan kejadian
hipertensi pada lansia di puskesmas nglegok kabupaten blitar,” J. Ners
Dan Kebidanan (Journal Ners Midwifery), vol. 3, no. 3, pp. 262-265,
2016.

Y. T. G. Arum, “Hipertensi pada penduduk usia produktif (15-64
tahun),” HIGEIA (Journal Public Heal. Res. Dev., vol. 3, no. 3, pp.
345-356, 2019.

S. Susi and D. D. Ariwibowo, “Hubungan antara kebiasaan merokok
terhadap kejadian hipertensi essensial pada laki-laki usia di atas 18
tahun di RW 06, Kelurahan Medan Satria, Kecamatan Medan Satria,
Kota Bekasi,” Tarumanagara Med. J., vol. 1, no. 2, pp. 434—441,2019.

K. Sohn, “Relationship of smoking to hypertension in a developing
country,” Glob. Heart, vol. 13, no. 4, pp. 285-292, 2018.

K. Gao, X. Shi, and W. Wang, “The life-course impact of smoking on
hypertension, myocardial infarction and respiratory diseases,” Sci.
Rep., vol. 7, no. 1, p. 4330, 2017.

1. M. Umbeas, J. Tuda, and M. Numansyah, “Hubungan antara merokok
dengan hipertensi di Puskesmas Kawangkoan,” J. Keperawatan, vol.
7,no. 1,2019.

1. Erman and H. D. L. Damanik, “Hubungan merokok dengan kejadian
hipertensi di Puskesmas Kampus Palembang,” JKM J. Keperawatan
Merdeka, vol. 1, no. 1, pp. 54-61, 2021.

D. Natalia, P. Hasibuan, and H. Hendro, “Hubungan Obesitas dengan
Kejadian Hipertensi di Kecamatan Sintang, Kalimantan Barat,” Cermin
Dunia Kedokt., vol. 42, no. 5, p. 399596, 2015.

H. Adriansjah and J. M. F. Adam, “Metabolic syndrome and its
components in men,” METHODS, vol. 37, no. 2, 2005.

S. Hidayati, M. L. F. Kumalasari, E. Kusumawati, and E. N. Andyarini,
“Hubungan kadar kolesterol dengan hipertensi pada pegawai di
Fakultas Psikologi dan Kesehatan UIN Sunan Ampel,” Indones. J.
Heal. Sci., vol. 4, no. 1, pp. 10-15, 2020.

L. A. Yekeen, R. A. Sanusi, and A. O. Ketiku, “Prevalence of obesity
and high level of cholesterol in hypertension: Analysis of data from the
University College Hospital, Ibadan,” African J. Biomed. Res., vol. 6,
no. 3, 2003.

B. M. Egan, J. Li, S. Qanungo, and T. E. Wolfman, “Blood pressure
and cholesterol control in hypertensive hypercholesterolemic patients:
national health and nutrition examination surveys 1988-2010,”
Circulation, vol. 128, no. 1, pp. 2941, 2013.

K. Ikawati, F. P. Hadimarta, and A. Widodo, “Hubungan kadar
kolesterol total dan trigliserida terhadap derajat tekanan darah,”
Cendekia J. Pharm., vol. 3, no. 1, pp. 53-59, 2019.

S. Kaidah et al., “Effect of Total Cholesterol Levels and Triglycerides
on Blood Pressure Hypertension Patients Overview against Puskesmas
Banjar Ethnic Group in Cempaka Banjarmasin.,” Syst. Rev. Pharm.,
vol. 11, no. 4, 2020.

W. Riyadina et al, “Trigliserida sebagai faktor prognosis untuk
hipertensi tidak terkendali pada wanita pasca menopause di kota bogor,
tahun 2014,” Bul. Penelit. Kesehat., vol. 45, no. 2, pp. 24, 2017.

J. Poorolajal, F. Farbakhsh, H. Mahjub, A. Bidarafsh, and E. Babaee,
“How much excess body weight, blood sugar, or age can double the
risk of hypertension?,” Public Health, vol. 133, pp. 1418, 2016.

J.-D. Lin, W.-B. Shieh, M.-J. Huang, and H.-S. Huang, “Diabetes
mellitus and hypertension based on the family history and 2-h
postprandial blood sugar in the Ann-Lo district (northern Taiwan),”
Diabetes Res. Clin. Pract., vol. 20, no. 1, pp. 75-85, 1993.

R. J. Jarrett et al., “Glucose tolerance and blood pressure in two
population samples: their relation to diabetes mellitus and
hypertension,” Int. J. Epidemiol., vol. 7, no. 1, pp. 15-24, 1978.

C. Davino, M. Furno, and D. Vistocco, Quantile regression: theory and
applications, vol. 988. John Wiley & Sons, 2013.

F. Yanuar, H. Yozza, and A. Zetra, “Corrigendum: Modified quantile
regression for modeling the low birth weight,” Front. Appl. Math. Stat.,
vol. 9, p. 1233135, 2023.

Volume 52, Issue 8, August 2025, Pages 2865-2872



TAENG International Journal of Computer Science

[54] R. Alhamzawi, K. Yu, and D. F. Benoit, “Bayesian adaptive Lasso
quantile regression,” Stat. Modelling, vol. 12, no. 3, pp. 279-297,2012.

[55] B. I. Yun, “Transformation methods for finding multiple roots of
nonlinear equations,” Appl. Math. Comput., vol. 217, no. 2, pp. 599—
606, 2010.

Volume 52, Issue 8, August 2025, Pages 2865-2872





