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ABSTRACT  
 ventricular hypertrophy (LVH) is a major cardiovascular disorder associated with  morbidity 

and mortality. Identifying its  risk factors requires statistical methods capable of handling heterogeneous 
medical data.  study applies the Adaptive LASSO-  quantile regression model, which combines robust 
quantile estimation with automatic  selection. 

The  was conducted using clinical data from 120 patients collected at the Baghdad Heart , Iraq, 
between January and December 2023.   Ventricular Mass Index (LVMI) was considered as the response 
variable, while  demographic and clinical variables were included as . The model was estimated at three 
quantile levels  τ =  0.25, τ =  0.50, and τ =  0.75 using K-fold cross-validation for selecting the regularization 
parameter. 

The results  that Adaptive LASSO successfully identified the most influential  while 
producing sparse and interpretable models. Age,  mass index, systolic blood pressure, and diabetes mellitus were 

 selected across all quantiles, whereas other predictors became 

nstrate that Adaptive LASSO-penalized quantile regression is an  approach for 
identifying quantile-specific risk factors of left  hypertrophy and provides a valuable statistical tool for 
analyzing  cardiovascular data. 
Keywords: Adaptive LASSO; Quantile Regression; Variable Selection; Left Ventricular Hypertrophy; Left 
Ventricular Mass Index 

1. Introduction 

Left  hypertrophy (LVH) is one of the most prevalent structural cardiac abnormalities  
is recognized as an important indicator of  morbidity and mortality. It is characterized by an 
increase in left ventricular  resulting from chronic pressure or volume overload and is  
associated with hypertension, obesity, diabetes mellitus, and  cardiovascular disorders. Numerous 
clinical studies have  that LVH is strongly associated with an increased risk of  failure, 
myocardial infarction, stroke, cardiac arrhythmias, and  death. Consequently, the early 
identification of the  factors contributing to LVH has become a major objective in  
research and clinical practice (Levy et al., 1990; McDonagh et al., 2021; Tsao et al., 2023). 

Accurate  of the determinants of LVH requires statistical methods  of 
describing complex relationships between clinical variables and  severity. Ordinary least squares 
(OLS) regression has  been employed for this purpose because of its simplicity and  of 
interpretation. However, OLS estimates only the conditional  of the response variable and relies on 
assumptions such as normally  errors and constant error variance. These assumptions  
frequently violated in biomedical datasets, where clinical  often exhibit skewed distributions, 
heteroscedasticity, and  observations (Raheem , 2025 ) . As a result, mean-based regression 
models  provide an incomplete description of the underlying relationships between  and the 
response variable (Montgomery  al., 2021; Koenker, 2005). 
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Quantile , introduced by Koenker and Bassett (1978), provides a flexible  by 
estimating conditional quantiles rather than the conditional  of the response variable. This 
methodology enables regression  to vary across different regions of the response , 
thereby allowing heterogeneous covariate effects to be examined.  flexibility is particularly valuable 
in medical studies because  influence of clinical risk factors often differs between patients with  and 
severe disease. Consequently, quantile regression has  an important analytical tool in epidemiology, 
biostatistics, , and financial modeling (Koenker & Bassett, 1978; Koenker, 2005; Davino et al., 
2013). 

Although quantile  possesses several desirable statistical properties, its estimation 
 may deteriorate when explanatory variables exhibit  multicollinearity or when only 

a subset of predictors contributes  to the response variable. These situations commonly  
in cardiovascular research, where demographic characteristics,  measurements, laboratory 

, and clinical indicators are frequently correlated. Under such conditions,  coefficients 
may become unstable, reducing  accuracy and complicating the interpretation of the fitted model 
(Koenker, 2005; Wang et al., 2012). 

 techniques have been developed to overcome these limitations by incorp rating 
penalty functions into the estimation procedure.  regression simultaneously estimates model 
parameters and  model complexity through coefficient shrinkage, thereby  estimation 
variance and improving prediction performance.  the available regularization methods, the Adaptive 
LASSO penalty  by Zou (2006) has attracted considerable attention  it assigns adaptive 
weights to individual regression coefficients,  important predictors to receive less penalization 
while  unimportant variables toward zero. This adaptive weighting  enables consistent 
variable selection and reduces the  bias commonly observed in conventional LASSO regression 
(Zou, 2006; Wu & Liu, 2009). 

The integration of  LASSO with quantile regression provides a powerful stati tical 
framework that combines the robustness of quantile regression with the  selection capability of 
adaptive penalization.  conventional regression models that estimate a single set of coefficients, 

 LASSO-penalized quantile regression allows diffe ent subsets of predictors to be selected at 
different quantiles of the response . This feature is particularly advantageous for  datasets 
because the importance of individual risk factors may vary according to  severity, resulting in a more 
comprehensive  of heterogeneous clinical outcomes (Wu & Liu, 2009; Sherwood & Wang, 
2016). 

Motivated by these , the present study applies the Adaptive LASSO-  
quantile regression model to identify the principal risk factors associ ted with left ventricular hypertrophy. 
The empirical  is based on clinical data collected from the Baghdad Heart Center, Iraq,  
120 patients examined between January 2023 and  2023. The Left Ventricular Mass Index 
(LVMI) is considered as the  variable, whereas demographic, physiological, , and clinical 
characteristics are included as explanatory variables. By  robust quantile estimation with adaptive 

 selection, this study aims to identify the most influential predictors across  levels of LVH 
severity and to demonstrate  usefulness of Adaptive LASSO-penalized quantile regression as an effective 

 tool for analyzing heterogeneous cardiovascular . 

2. Theoretical Background 

2.1 Quantile Regression 
Quantile regression was introduced by Roger Koenker and Gilbert Bassett (1978) as a flexible 

extension of the classical linear regression model. Unlike ordinary least squares regression, which estimates 
the conditional mean of the response variable, quantile regression models conditional quantiles of the 
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response distribution. This characteristic enables the analysis of covariate effects across different regions of 
the outcome distribution and provides a more comprehensive description of heterogeneous relationships 
between explanatory variables and the  (Koenker & Bassett, 1978). 

Let 𝑌 denote a continuous response variable and let 𝑋 = (1, 𝑥ଵ, 𝑥ଶ, … , 𝑥௣)் represent the vector of 
explanatory variables. The conditional quantile function at  level 𝜏 ∈ (0,1) is defined as: 

𝑄௒(𝜏|𝑋) = 𝑋்𝛽(𝜏) 

where 𝑄௒(𝜏|𝑋) denotes the conditional 𝜏 − 𝑡ℎ quantile of the response variable and 𝛽(𝜏) is the vector of 
regression coefficients corresponding to that quantile. Unlike ordinary regression coefficients, 𝛽(𝜏) varies 
with the quantile level, allowing the magnitude and direction of predictor effects to  across the 
conditional distribution of the response (Koenker, 2005). 

The estimation of the  coefficients is obtained by minimizing an asymmetric absolute loss 
function known as the check loss function. For a random sample {(𝑥௜ , 𝑦௜)}௜ୀଵ

௡ , the estimator is defined as 

𝛽መ(𝜏) = 𝑎𝑟𝑔 min
ఉ

෍ 𝜌𝜏(𝑦௜ − 𝑥௜
்𝛽)

௡

௜ୀଵ

 

where 𝜌𝜏(·) denotes the quantile loss function. 

The check loss function is expressed as 

𝜌𝜏(𝑢) = 𝑢[𝜏 − 𝐼(𝑢 < 0)] 

or equivalently 

𝜌𝜏(𝑢) =  { 𝜏𝑢, 𝑖𝑓 𝑢 ≥ 0 ;  (𝜏 − 1)𝑢, 𝑖𝑓 𝑢 < 0 } 

where 𝐼(·) is the indicator function. This asymmetric formulation assigns different penalties to positive and 
negative residuals according to the selected quantile level. Consequently, observations above and below the 
fitted quantile contribute unequally to the objective function, enabling the  of any desired 
conditional quantile (Koenker & Bassett, 1978). 

An  characteristic of quantile regression is that it requires no assumption  
normality or constant variance of the error distribution (Alshaybawee & etc. ,2026) . The estimator remains 
applicable when the response variable exhibits , heavy tails, heteroscedasticity, or outlying 

. These properties make quantile regression particularly suitable for  and clinical 
datasets, where patient characteristics often  heterogeneous response distributions that cannot be 
adequately  by a single conditional mean (Koenker & Hallock, 2001). 
Another  feature is that separate models can be estimated for multiple  levels, such as 𝜏 =
0.25, 𝜏 = 0.50, and 𝜏 = 0.75. Comparing the  coefficient estimates allows researchers to 
investigate  the influence of explanatory variables changes across lower, , and upper portions 
of the response distribution. Such -specific inference provides substantially richer information 
than  mean regression and has become increasingly  in medical research, economics, 
finance, and epidemiology (Koenker, 2005; Davino et al., 2013). 

In the  , quantile regression provides the statistical  for investigating how 
clinical characteristics influence different levels of left  hypertrophy severity. Rather than 
assuming  all predictors have identical effects across patients, the model permits their  to vary 
across quantiles of the response . This framework serves as the basis for incorporating Adaptive 
LASSO  in the following sections to achieve simultaneous  and variable selection. 
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2.2 Penalized Quantile Regression 
Although  regression provides a flexible framework for modeling conditional  of a 

response variable, its estimation performance  deteriorate when the number of explanatory variables is 
large or when  correlations exist among predictors. In such situations, the  regression 
coefficients often exhibit high variability,  to unstable models and reduced predictive accuracy. 
These limitations  more evident in biomedical applications, where  variables frequently 
display multicollinearity and only a subset of predictors  substantially to the response. To address 

 challenges, regularization techniques have been incorporated into the quantile  framework, 
giving rise to penalized quantile  (Tibshirani, 1996; Koenker, 2005). 

The fundamental  of penalized quantile regression is to estimate the  coefficients while 
simultaneously controlling model complexity  the inclusion of a penalty term in the optimization 
problem.  additional component shrinks regression coefficients toward zero,  reducing 
estimation variance and preventing overfitting.  on the selected penalty function, some regression 
coefficients  become exactly zero, allowing the model to perform automatic  selection while 
preserving the robustness of quantile regression. 

Building  the quantile regression formulation presented in the previous , penalized 
quantile regression augments the original optimization  by incorporating a penalty function that 
controls model  and performs coefficient shrinkage. The resulting estimator is  by 
solving 

𝛽መ(𝜏) = 𝑎𝑟𝑔 min
ఉ

{෍ 𝜌𝜏(𝑦௜ − 𝑥௜
்𝛽)

௡

௜ୀଵ

 + ෍ 𝑃ఒ(|𝛽௝|)

௣

௝ୀଵ

  } 

where 𝜌𝜏(·)  the quantile check loss function introduced in the previous , 𝑃ఒ(·) is a penalty 
function, and 𝜆 > 0 is a tuning parameter  the degree of shrinkage. Small values of 𝜆 produce 
limited , whereas larger values encourage sparser models by  more coefficients toward 
zero. 

The penalty  plays a central role in determining the statistical properties of the  
estimator. An effective penalty should reduce model  without introducing excessive estimation 
bias. Consequently,  penalty functions have been proposed, each balancing , bias 
reduction, and computational efficiency in different . The choice of the penalty function directly 
influences variable  accuracy, estimation stability, and predictive performance,  in high-
dimensional settings. 

Penalized  regression has become an important methodology for  medical datasets 
because it combines two desirable characteristics. , it inherits the robustness of quantile regression 

 skewed distributions, heteroscedasticity, and outlying observations. , it performs coefficient 
shrinkage and variable selection , allowing clinically relevant predictors to be identified 
while  redundant variables. These advantages improve both the  and 
generalizability of the fitted model. 

For studies  left ventricular hypertrophy, clinical measurements  exhibit substantial 
correlations due to underlying physiological  among cardiovascular risk factors. Applying 

 within the quantile regression framework therefore provides a more  estimation 
procedure, especially when the objective is to  the most influential predictors across different 
quantiles of disease . 

Among the various  approaches proposed in the literature, the  LASSO 
penalty has attracted considerable attention because it employs data-  adaptive weights that allow 
different regression  to receive different amounts of penalization. This adaptive mechanism 

 improves variable selection consistency while  the estimation bias associated with 
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conventional LASSO estimators. For this , the Adaptive LASSO penalty is adopted in the  
study and is described in detail in the following section. 
2.3 Adaptive LASSO Penalty 

The  Absolute Shrinkage and Selection Operator (LASSO) introduced by Tibshirani (1996) 
performs variable  by imposing an L1-  penalty on the regression coefficients, shrinking some 
coefficients exactly to zero. Although this  produces sparse models and  prediction 
accuracy, it applies the same amount of penalization to all regression  regardless of their relative 
importance. , large coefficients may be excessively shrunk, introducing estimation bias and 

 the consistency of variable selection,  when explanatory variables are highly correlated 
(Tibshirani, 1996). 

To overcome  limitations, Zou (2006) proposed the Adaptive LASSO penalty, which assigns 
an  weight to each regression coefficient.  of treating all predictors equally, the adaptive 
weighting mechanism allows  variables to receive smaller penalties while  influential variables 
are penalized more heavily. This strategy improves estimation  and enhances the probability of 
identifying the  underlying model. 
The Adaptive  penalty is defined as 

𝑃ఒ(𝛽) =  𝜆 ෍ 𝑤௝|𝛽௝|

௣

௝ୀଵ

 

where 𝜆 > 0 is the  parameter and wj denotes the adaptive weight associated with the 𝑗 − 𝑡ℎ 
 coefficient. Unlike the conventional LASSO , the weights vary across predictors 

according to preliminary coefficient . 
The adaptive weights are commonly calculated as 

𝑤௝  =  
1

|𝛽෨௝|ఊ
   ,   𝛾 >  0 

where 𝛽෨௝ is an  consistent estimate of the corresponding regression coefficient and 𝛾 is a  
constant controlling the degree of adaptiveness. In , 𝛾 = 1 is frequently adopted because it provides 
a suitable balance between  and estimation stability (Zou, 2006). 

This  mechanism has an intuitive interpretation. Regression coefficients with relatively 
 initial estimates receive smaller weights and  experience less penalization during 

estimation. Conversely, coefficients  with weak predictors receive larger weights  are more 
strongly shrunk toward zero. As a result, Adaptive LASSO  reduces estimation bias for 
influential variables and  the elimination of irrelevant predictors. 
One of the  important theoretical properties of Adaptive LASSO is the oracle property.  
appropriate regularity conditions, the estimator  identifies the correct subset of nonzero 
regression coefficients while  the remaining coefficients with the same  efficiency that 
would be achieved if the true underlying model were  in advance (Zou, 2006). This property 
distinguishes  LASSO from the conventional LASSO estimator, which generally does  satisfy 
variable selection consistency. 

The  of Adaptive LASSO becomes particularly evident in medical studies, where 
 variables often exhibit complex correlation . Clinical measurements describing 

cardiovascular health, laboratory , demographic characteristics, and physiological  
frequently contain redundant information. Applying adaptive  enables the model to retain 
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clinically meaningful predictors while removing variables with limited independent contribution,  
producing more stable and interpretable regression . 

 the present study aims to identify the principal clinical risk factors associated  left 
ventricular hypertrophy across different  quantiles, Adaptive LASSO provides an appropriate 
regularization strategy by  coefficient shrinkage with consistent variable . In the 
following section, this adaptive penalty is incorporated into the  regression objective function to 
formulate the  LASSO-penalized quantile regression model used throughout the empirical . 
2.4 Adaptive LASSO-Penalized Quantile Regression Model 

The  LASSO-penalized quantile regression model combines the robustness of  
regression with the adaptive variable selection  of the Adaptive LASSO penalty. This integration 
enables simultaneous  and coefficient selection while allowing the  of explanatory 
variables to vary across different conditional quantiles of the response variable. Consequently, the resulting 

 is particularly suitable for medical datasets characterized by heterogeneous , correlated 
predictors, and potentially redundant  variables. 

 upon the penalized quantile regression framework presented in the previous , the 
Adaptive LASSO penalty is incorporated into the  function by replacing the general penalty term 
with a weighted L1- . The resulting optimization problem is expressed as 

𝛽መ(𝜏) = 𝑎𝑟𝑔 min
ఉ

{෍ 𝜌ఛ(𝑦௜ − 𝑥௜
்𝛽)

௡

௜ୀଵ

+  𝜆 ෍ 𝑤௝|𝛽௝|

௣

௝ୀଵ

 } 

where 𝜌ఛ(·)  the quantile check loss function, 𝜆 is the regularization parameter, and 𝑤௝  
the adaptive weight associated with the 𝑗 − 𝑡ℎ  coefficient. The adaptive weights are computed 
from an initial consistent  and remain fixed throughout the optimization . 

Substituting the  weight function into the objective function  

𝛽መ(𝜏) = 𝑎𝑟𝑔 min
ఉ

 { ෍ 𝜌ఛ(𝑦௜ − 𝑥௜
்𝛽)

௡

௜ୀଵ

+  𝜆 ෍
|𝛽௝|

|𝛽෨௝|ఊ

௣

௝ୀଵ

 } 

where 𝛽෨௝  the initial estimate of the corresponding regression coefficient and 𝛾 > 0  the 
degree of adaptive penalization. The weighted  ensures that regression coefficients associated with 
influential  receive relatively mild shrinkage, whereas coefficients  to weak 
predictors are subjected to stronger penalization. 

The  problem therefore seeks a compromise between two competing . The first 
objective minimizes the quantile loss function to  estimate the conditional quantile of the response 
variable,  the second objective controls model complexity through  coefficient shrinkage. The 
tuning parameter λ determines the  between these objectives. Increasing its value produces a  
model by shrinking a larger number of coefficients toward zero,  smaller values prioritize model 
fitting over . 

Because the  function contains a non-differentiable quantile loss together with a  
L1-penalty, closed-form solutions are generally . Instead, numerical optimization algorithms are 
employed to obtain the  coefficient estimates. These iterative procedures  update the 
coefficient vector until a convergence criterion is , producing stable estimates together with 
automatic  selection. 

An important  of the Adaptive LASSO-penalized quantile regression model is  variable 
selection is performed separately for each quantile . Consequently, a predictor may be retained at one 
quantile while  excluded at another, reflecting heterogeneous covariate effects  the conditional 
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distribution of the response. This characteristic  considerably richer information than global 
variable selection  that estimate only a single regression model. 
2.5 Estimation Algorithm for Adaptive LASSO-Penalized Quantile Regression 

The  LASSO-penalized quantile regression model does not admit a closed-form analytical 
 because its objective function  the non-differentiable quantile check loss with a weighted 

𝐿1 − 𝑝𝑒𝑛𝑎𝑙𝑡𝑦. Consequently,  is performed using iterative  procedures that 
repeatedly update the regression coefficients until convergence is achieved.  estimation process consists 
of three  stages: obtaining initial coefficient estimates, constructing adaptive weights, and  the 
weighted penalized quantile regression problem. The regularization parameter is subsequently selected 
through cross-validation to achieve an appropriate balance between model fitting and sparsity (Zou, 2006; 
Wu & Liu, 2009). 
Input 
 
Observed data: 

{(𝑥௜ , 𝑦௜)}௜ୀଵ
௡  

Quantile level: 
𝜏 ∈  (0,1) 

Regularization parameter: 
𝜆 >  0 

Adaptive weighting parameter: 
𝛾 >  0 

Convergence tolerance: 
𝜀 >  0 

Maximum number of iterations: 
𝐾௠௔௫ 

Step 1: Initial Estimation 
 
Estimate the regression coefficients using the unpenalized quantile regression model 

𝛽෨  =  𝑎𝑟𝑔 min
ఉ

෍ 𝜌ఛ(𝑦௜ − 𝑥௜
்𝛽)

௡

௜ୀଵ

 

The resulting estimates serve only as preliminary values for constructing the adaptive weights. 
Step 2: Compute Adaptive Weights 
 
For each regression coefficient, calculate 

𝑤௝  =  
1

|𝛽෨௝|ఊ
,      𝑗 =  1,2, … , 𝑝 

The computed weights remain fixed throughout the optimization process. 
Step 3: Estimate the Adaptive LASSO-Penalized Quantile Regression Model 
Using the adaptive weights obtained in Step 2, estimate the regression coefficients by solving 

𝛽መ(𝜏) = 𝑎𝑟𝑔 min
ఉ

{෍ 𝜌ఛ(𝑦௜ − 𝑥௜
்𝛽)

௡

௜ୀଵ

+  𝜆 ෍ 𝑤௝|𝛽௝|

௣

௝ୀଵ

 } 
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The optimization is performed numerically until the regression coefficients stabilize. 
 
Step 4: Convergence Criterion 
 
At iteration 𝑘, convergence is declared when 

||𝛽(௞ାଵ)  −  𝛽(௞)||₂ <  𝜀 

Otherwise, the optimization continues until either convergence is achieved or the maximum number of 
iterations is reached. 

Step 5: Selection of the Regularization Parameter 

The tuning parameter 𝜆 is selected using K-fold cross-validation. For every candidate value of 𝜆, the data 
are partitioned into 𝐾 approximately equal subsets. One subset is reserved for validation while the remaining 
subsets are used for model estimation. The optimal value is selected according to 

𝜆∗  =  𝑎𝑟𝑔 min
ఒ

𝐶𝑉(𝜆)  

Where 

𝐶𝑉(𝜆)  =  (
1

𝐾
) ෍ 𝐿௞(𝜆)

௄

௞ୀଵ

 

and 𝐿௞(𝜆) denotes the prediction error obtained from the 𝑘 − 𝑡ℎ validation subset. 
 

Output 
 
The final output of the algorithm consists of the estimated coefficient vector 

𝛽መ(𝜏) 

together with the subset of predictors whose coefficients remain nonzero after penalization. These variables 
are regarded as the most influential risk factors associated with the conditional quantile under investigation 
and constitute the final Adaptive LASSO-penalized quantile regression model used in the empirical 
analysis. 

3. Real Data Analysis 

3.1 Data Description 
The  analysis presented in this study is based on clinical data collected from the Baghdad 

Heart , Iraq, between January 2023 and  2023. The dataset consists of 120 patient records, 
with each record representing an  patient who underwent  cardiovascular 
evaluation during the study period. The data were  from  clinical examinations and 

 assessments, providing a reliable basis for investigating the clinical  of left 
 hypertrophy. 

The  contains 11 study variables, comprising one continuous response variable and  explanatory 
variables. The response variable is the Left  Mass Index (LVMI), a widely accepted 
echocardiographic indicator  to quantify the severity of left ventricular hypertrophy. The  
variables include age, sex, body mass index, systolic blood , diastolic blood pressure, resting heart 
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rate, fasting blood , total cholesterol, smoking status, and diabetes mellitus. These  were 
selected because they represent the principal , physiological, laboratory, and clinical factors 
that have  been reported as major determinants of left ventricular  in cardiovascular 
research. 

The study  consist of both continuous and categorical measurements, reflecting the 
 nature of cardiovascular disease. Continuous  describe anthropometric 

characteristics, hemodynamic measurements,  indicators, and echocardiographic findings, 
 categorical variables represent patient characteristics and the presence or  of specific 

clinical conditions. The combination of  variable types provides an appropriate framework for 
evaluating the  of the Adaptive LASSO-penalized quantile regression model in identifying the 
most influential risk factors while simultaneously  variable selection. 

Prior to model , the dataset underwent several preprocessing procedures to ensure  
quality and analytical reliability. Records containing  information were excluded from the 
analysis, variable coding was  for consistency, and all observations were examined for  data 
entry errors and extreme values. Continuous variables were  summarized using descriptive 
statistical measures, whereas  variables were described using frequencies and percentages.  
preliminary analyses provide an overall understanding of the  characteristics and support the subsequent 
application of the Adaptive -penalized quantile regression model. 

Finally, the  model was estimated at three representative quantile levels, namely τ = 0.25, 
τ = 0.50, and τ = 0.75, corresponding to patients with  low, moderate, and high levels of left 
ventricular hypertrophy, . Estimating separate regression models across these  allows 
the effects of clinical risk factors to vary according to disease , thereby providing a more 
comprehensive assessment of the  relationships between the explanatory variables and the 

 of left ventricular hypertrophy than conventional mean-  regression models. 
3.2 Descriptive Statistics 

 statistics provide an initial summary of the main characteristics of the study variables 
 fitting the Adaptive LASSO-penalized  regression model. This preliminary analysis is 

essential for understanding the  properties of the data, identifying  irregularities, and 
evaluating the degree of variability among the clinical . Furthermore, descriptive statistics 

 the interpretation of subsequent regression results by providing an overview of the  
tendency, dispersion, and range of each . 

For the  variables included in the study, the descriptive analysis was based on the sample 
, arithmetic mean, median, standard deviation,  value, maximum value, skewness, and 

kurtosis. These measures provide  information about the distributional  of the 
clinical variables included in the analysis. 

Table 1: Descriptive Statistics of the Continuous Study Variables 
Variable Mean Median Std. Dev. Min. Max. Skewness Kurtosis 

Left Ventricular Mass Index 
(g/m²) 

127.8 125.6 22.73 86 187 0.69 3.14 

Age (years) 56.82 57 10.41 31 78 -0.21 2.61 

Body Mass Index (kg/m²) 29.13 28.8 4.35 20 39.7 0.42 2.83 

Systolic Blood Pressure 
(mmHg) 

146.8 145 17.82 108 192 0.58 3.26 

Diastolic Blood Pressure 
(mmHg) 

89.42 89 10.24 61 115 0.37 2.74 

Resting Heart Rate (bpm) 76.51 76 9.68 54 101 0.18 2.52 
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Fasting Blood Glucose 
(mg/dL) 

119 112.4 29.85 71 214 1.04 4.31 

Total Cholesterol (mg/dL) 209.8 206.5 38.62 132 314 0.55 3.07 

Table 1  the descriptive statistics of the continuous variables included in the study. The 
 Left Ventricular Mass Index (LVMI)  127.84 g/m² with a standard deviation of 22.73 g/m², 

indicating noticeable variability  the severity of left ventricular hypertrophy  the patients. The 
average age was 56.82 years, suggesting that the study population  consisted of middle-aged and 
older adults. 

Body mass index and blood pressure measurements exhibited moderate variability across . 
The mean systolic and diastolic blood  were 146.75 mmHg and 89.42 mmHg, respectively, 
indicating a high prevalence of  within the study population. Fasting  glucose and total 
cholesterol showed relatively large standard deviations and  skewness, reflecting the presence of 
patients with elevated metabolic risk factors. 
3.3 Distribution of the Response Variable 

 the distribution of the response variable constitutes an important preliminary step  
fitting the Adaptive LASSO-penalized quantile  model. Since quantile regression estimates 
conditional quantiles rather  the conditional mean, understanding the empirical  of the 
response variable provides valuable insight into the degree of , dispersion, and the presence of 
extreme . These distributional characteristics help justify the selection of quantile  as 
an appropriate analytical approach for  heterogeneous clinical outcomes. 

Figure 1 presents the  distribution of the Left Ventricular Mass Index (LVMI) for  120 
patients included in the study. The distribution exhibits a  positive skew, indicating that most 
patients have LVMI values  around the central region, whereas a smaller proportion of  
present substantially elevated values corresponding to more  stages of left ventricular hypertrophy. 
This pattern is consistent  clinical observations, where severe ventricular remodeling is  less 
frequent than mild or moderate disease. 

The histogram also  considerable variability in LVMI measurements, reflecting the 
 nature of the study population. Such variability is  because the progression of left 

ventricular hypertrophy is  by multiple demographic, physiological, and metabolic factors, 
 age, obesity, hypertension, diabetes mellitus, and lipid . Consequently, patients with 

similar clinical characteristics may still  different degrees of ventricular . 
Although the distribution does not  to be perfectly symmetric, it does not  excessive 

irregularities or isolated extreme observations that would compromise statistical modeling. Instead, the 
observed right-  pattern indicates that the effects of explanatory variables may differ across various 

 of the response distribution. In particular,  risk factors associated with patients exhibiting 
severe ventricular hypertrophy may  have the same influence among patients with  mild disease. 

The distributional characteristics  in Figure 1 therefore provide empirical support for 
 Adaptive LASSO-penalized quantile regression. Unlike  mean regression models, 

the proposed approach estimates  regression relationships at different quantiles of the LVMI 
, allowing the identification of quantile-specific risk factors w ile simultaneously performing 

variable selection. This capability  a more comprehensive assessment of the heterogeneous 
 underlying the progression of left ventricular hypertrophy. 
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Figure 1: Distribution of Left Ventricular Mass Index (LVMI) Among the Study Patients 

3.4 Frequency Distribution of Categorical Variables 
The  variables included in the study provide important clinical and demographic 

 describing the characteristics of the patient . Unlike continuous variables, categorical 
variables are summarized using  and percentages, which facilitate the assessment of  
prevalence of specific clinical conditions and demographic characteristics  the study participants. 
Examining these distributions  valuable insight into the composition of the sample and supports the 

 of the subsequent regression analysis. 
The frequency  of the categorical variables is presented in Table 2. The variables 

 include sex, smoking status, and diabetes mellitus, all of which are well-established 
cardiovascular risk factors that have  extensively investigated in studies of left ventricular hypertrophy. 
These variables were selected because they represent common  characteristics that may influence 
the structural remodeling of  left ventricle. 

Table 2: Frequency Distribution of Categorical Variables 
Variable Category Frequency Percentage (%) 

Sex 
Male 72 60 
Female 48 40 

Smoking Status 
Smoker 38 31.7 
Non-Smoker 82 68.3 

Diabetes Mellitus 
Yes 44 36.7 
No 76 63.3 

Table 2  that male patients constituted 60.0% of the study population, whereas  
accounted for the remaining 40.0%. This distribution is  with clinical observations reported in 
cardiovascular studies,  left ventricular hypertrophy is frequently more prevalent among male patients 
because of differences in cardiovascular risk profiles and  progression. 

Regarding smoking , 31.7% of the participants were current smokers, while 68.3%  
classified as non-smokers. Although smokers represented a smaller proportion of the sample, cigarette 
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smoking remains an  modifiable cardiovascular risk factor that may contribute to ventricular 
 through chronic vascular injury and increased  workload. 

The prevalence of diabetes mellitus was 36.7%, indicating that more than one-third of the patients 
had a documented history of diabetes. This finding reflects the well-  relationship between 
impaired glucose  and structural cardiac changes, as diabetes is recognized as an important 

 to myocardial hypertrophy through  dysfunction and long-term cardiovascular 
complications. 
3.5 Adaptive LASSO-Penalized Quantile Regression Results 

The  LASSO-penalized quantile regression model was estimated at three  
quantile levels, namely 𝜏 =  0.25, 𝜏 =  0.50,  𝜏 =  0.75. The regularization parameter was selected 
using K-fold cross- , while the adaptive weighting scheme was  to perform simultaneous 
coefficient estimation and variable selection. The  regression coefficients obtained at the three 
quantiles are  in Table 3. 

Table 3: Adaptive LASSO-Penalized Quantile Regression Estimates at Different Quantiles 
Variable 𝜏 =  0.25 𝜏 =  0.50 𝜏 =  0.75 
Intercept 41.32 48.61 56.94 
Age 0.23 0.31 0.42 
Sex 0.00 0.00 0.00 
Body Mass Index 0.81 1.06 1.34 
Systolic Blood Pressure 0.27 0.36 0.49 
Diastolic Blood Pressure 0.00 0.08 0.14 
Resting Heart Rate 0.00 0.00 0.00 
Fasting Blood Glucose 0.00 0.11 0.19 
Total Cholesterol 0.00 0.00 0.00 
Smoking Status 0.00 1.82 2.41 
Diabetes Mellitus 0.96 1.43 2.08 

Table 3  that the Adaptive LASSO procedure produced sparse regression models by  
several regression coefficients exactly to zero while  only the most influential predictors at each 
quantile level. This  the ability of the Adaptive LASSO penalty to perform  variable 
selection without sacrificing estimation accuracy. 

At the lower  (𝜏 =  0.25), the fitted model retained age, body mass , systolic blood 
pressure, and diabetes mellitus as the principal  of Left Ventricular Mass Index (LVMI). In 
contrast, the  associated with sex, diastolic blood pressure, resting heart rate,  blood 
glucose, total cholesterol, and smoking status were  to zero, indicating that these variables had limited 
influence among patients with relatively mild left ventricular hypertrophy. 

At the median  (𝜏 =  0.50), the model selected a larger number of . Besides age, 
body mass index, systolic blood pressure, and diabetes , diastolic blood pressure, fasting blood 
glucose, and  status also contributed to the prediction of LVMI. This finding suggests  as the 
severity of ventricular hypertrophy increases,  metabolic and cardiovascular risk factors become 
statistically . 

For the upper  (𝜏 =  0.75), the estimated coefficients of the retained  generally 
increased in magnitude, indicating stronger associations with  left ventricular hypertrophy. Body mass 
index,  blood pressure, smoking status, and diabetes mellitus exhibited the largest  
coefficients, highlighting their substantial  to advanced ventricular remodeling. Conversely, 
sex, resting heart rate, and  cholesterol remained excluded from the final model  their 
coefficients were continuously shrunk to zero across all quantile . 
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3.6 Coefficient Profiles Across Quantiles 
To further  the variation in regression coefficients across the conditional  of the 

response variable, the estimated coefficients  from the Adaptive LASSO-penalized quantile 
regression model are  graphically in Figure 2. The coefficient profile plot  a visual 
representation of how the effects of the selected explanatory  change across the three quantile levels 
(𝜏 =  0.25, 𝜏 =  0.50, 𝑎𝑛𝑑 𝜏 =  0.75). This graphical presentation facilitates the comparison of predictor 
effects and highlights the heterogeneous  between the clinical variables and the severity of left 
ventricular . 

 

Figure 2: Coefficient Profiles Across Quantiles 

Figure 2  that the estimated regression coefficients vary considerably across the  
quantiles, indicating that the influence of the  risk factors is not constant throughout the conditional 
distribution of the Left  Mass Index (LVMI). Several predictors exhibit  increasing 
coefficients as the quantile level increases, suggesting  effects among patients with more severe left 
ventricular . 

Among  ret ined predictors, Body Mass Index, Systolic Blood Pressure, and Diabetes Mellitus 
display a consistent upward trend across the three . This finding indicates that these variables have 
relatively modest effects  patients with lower LVMI values but become substantially  influential 
in patients exhibiting advanced ventricular hypertrophy.  behavior reflects the progressive contribution 
of metabolic and  factors to structural cardiac remodeling. 

The  associated with Age also increases gradually across the quantiles,  its rate 
of change is smaller than that observed for Body Mass  and Systolic Blood Pressure. In contrast, 
Smoking Status,  Blood Pressure, and Fasting Blood Glucose appear only in the median  upper 
quantiles after variable selection by the Adaptive  procedure. Their absence in the lower quantile 
suggests that these  primarily influence patients with moderate and severe  hypertrophy. 

, Sex, Resting Heart Rate, and Total Cholesterol maintain zero  across all quantiles 
because they were consistently excluded by the Adaptive LASSO penalty. This result indicates that these 

 provide limited additional predictive information after accounting  the remaining clinical risk 
factors. 
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3.7 Variable Selection Pattern Across Quantiles 
The  LASSO procedure performs automatic variable selection by shrinking unimportant 

 coefficients to zero while retaining the  influential predictors. Since variable selection is 
conducted separately at each  level, the selected predictors may differ across the  
distribution of the Left Ventricular Mass Index (LVMI). The selection  are summarized in Table 4. 

Table 4: Variable Selection Pattern Across Quantiles 
Variable τ = 0.25 τ = 0.50 τ = 0.75 

Age ✓ ✓ ✓ 
Sex ✗ ✗ ✗ 
Body Mass Index ✓ ✓ ✓ 
Systolic Blood Pressure ✓ ✓ ✓ 
Diastolic Blood Pressure ✗ ✓ ✓ 
Resting Heart Rate ✗ ✗ ✗ 
Fasting Blood Glucose ✗ ✓ ✓ 
Total Cholesterol ✗ ✗ ✗ 
Smoking Status ✗ ✓ ✓ 
Diabetes Mellitus ✓ ✓ ✓ 

✓ = Selected by Adaptive LASSO     ✗ = Eliminated by Adaptive LASSO 

Table 4  that Age, Body Mass Index, Systolic Blood Pressure, and Diabetes Mellitus were 
 selected across all quantiles, indicating  stable contribution to predicting LVMI. In 

contrast, Diastolic Blood Pressure,  Blood Glucose, and Smoking Status entered the  only at 
the median and upper quantiles, suggesting stronger effects in  with more severe left ventricular 
hypertrophy. 

Sex, Resting  Rate, and Total Cholesterol were excluded from all models because their 
 were shrunk to zero. Overall, the results  that Adaptive LASSO effectively 

identifies the most informative predictors while  parsimonious models whose selected variables 
 across different quantiles. 

4. Conclusions 

This  investigated the application of the Adaptive LASSO-penalized quantile regression model 
for  the major risk factors  with left ventricular hypertrophy. By combining quantile 
regression with Adaptive LASSO , the proposed approach  performed robust 
parameter estimation and automatic variable selection, allowing the  of clinical predictors to be 
examined  different levels of disease severity. 

The empirical  demonstrated that the influence of clinical risk factors was not constant 
 the conditional distribution of the Left Ventricular  Index (LVMI). The estimated 

regression coefficients varied across the  quantiles, indicating that the relationships  the 
explanatory variables and left ventricular hypertrophy differed according to the severity of the condition. 
This finding highlights the advantage of quantile regression over conventional mean-based regression 

 when analyzing heterogeneous clinical data. 
The Adaptive  procedure successfully produced parsimonious regression models by 

 predictors with limited explanatory contribution while  the most informative variables. 
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Age, Body Mass Index, Systolic  Pressure, and Diabetes Mellitus were consistently selected  
all quantiles, suggesting that these variables represent the principal determinants of left ventricular 
hypertrophy. In contrast, Diastolic  Pressure, Fasting Blood Glucose, and Smoking Status became 

 only at the higher quantiles, reflecting their stronger association  more advanced stages of 
the disease. 

The results also  that Adaptive LASSO effectively reduced model complexity without 
compromising the interpretation of the regression model. The  selection process improved model 
interpretability by  redundant predictors and emphasizing the clinical variables that  
most to the prediction of LVMI. This characteristic is  valuable when analyzing medical datasets 
containing correlated clinical . 
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