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Abstract 
In this paper, we proposed new hierarchical priors model for the reciprocal lasso in binary 
regression model. Reciprocal lasso (rlasso) is the most recent popular regularization 
method for variable selection. Similar to lasso, the reciprocal lasso is shown to give 
parsimonious model.  Fully joint conditional distribution has derived based on the 
generalized double Pareto (GDP) distribution. The GDP introduced by utilizing as scale 
mixture of normal or inverse Laplace.  New Gibbs sampler algorithm has developed based 
on the proposed hierarchical priors model. In addition to that the scale mixture formulation 
represented in two parts, the first one as mixing of double Pareto with inverse gamma 
distribution, and the second part as scale mixture of normals. Real data analysis of covid-
19 epidemiology has conducted via the binary regression. The results show that the 
proposed model outperforms the other selected models based on the values of the MMAD 
criterion. 
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 الملخص  
هذه االنحدار    في  نموذج  المعكوس في  انحدار السو  نموذج هرمي مسبق لطريقة  اقترحنا  وطريقة السو    الثنائي.البحث 

تنظيمية    أحدث المعكوس هي   فان    المتغيرات.الختيار  طريقة  المعكوس  بالمثل لطريقة السو  بانها  طريقة السو  أظهرت 
  اعتمادا التوزيع الشرطي المشترك  تم اشتقاق    اهمية.المتغيرات    أكثرقدره على التفسير ويظم    أكثر توفر او تعطي نموذج  

وهذا التوزيع تم توضيحه من خالل استخدام معلمة الخلط للتوزيع الطبيعي او لتوزيع    المزدوج،  المعمم  وتعلى توزيع باري 
خوارزمية كبس للمعاينة وتم تصويرها اعتمادا على النموذج الهرمي المسبق  اضافه الى ذلك تم اقتراح    المعكوس.البالس  
القياس المختلطة    للمعالم. تقديم صيغة لمعلمة  الثاني    المزدوج،خليط لتوزيع باريتو  الجزء األول هو ك   بجزئين،تم  والجزء 

تكون من خليط معلمة القياس من خالل التوزيعات الطبيعية وقد تم اجراء تحليل البيانات الحقيقية المتمثلة بكورونا فايروس  
ذج األخرى  واظهرت النتائج ان النموذج المقترح هو االكثر كفاءة من النما  االستجابة  من خالل اجراء تحليل توزيع ثنائي

  .المطلقة االنحرافات لمتوسط  لوسيطااعتمادا على قيم معيار 

Introduction 

   The origin of epidemics goes back for the first time to the period before BC, that is, more 
than (2500) years ago, when the Greek doctor "Hippocrates" explained how the disease 
occurs from a more rational point of view instead of the previous explanation based on 
myth, which was prevalent in the ancient periods of history The belief in the occurrence of 
these diseases is due to unknown or visible demonic forces. The concept of epidemic was 
used for the first time in (158) in Spain, and the term epidemic was documented for the first 
time in (1850), which was first launched by the Epidemiological Society in London. And 
from time to time the world is exposed to the spread of epidemics, and the most famous 
epidemics that have spread in the last forty or fifty years (AIDS, swine flu, Ebola, SARS 
and the most recent of which is the Corona virus, which appeared in late 2019 in the 
Chinese city of Wuhan and early 2020 in Iraq, where this virus was ( COVID-19, 
earthquake and tsunami shocked the social, economic and health lives of individuals, 
causing many injuries and deaths, and to know the behavior of this epidemic and the extent 
of its impact on the human body. Regression, which is an important method of applied 
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statistics, and is considered one of the most widely used tools in statistics and in many 
aspects of life, as it is used to know the relationship between variables, and this 
relationship is between a dependent variable and one or more independent variables. One 
dependent variable and one independent variable are known as the simple regression 
model, but if the relationship between a dependent variable and more than one independent 
variable is known as the simple regression model. multi linear. The regression analysis is 
divided into two parts, namely (Linear Regression Model) and (Non-Linear Regression 
Model). Linear regression is one of the best and easiest regression models as it stipulates 
that the dependent variable must be continuous and unlimited. But there are cases where 
the dependent variable is binary (qualitatively) rather than continuous. We find that many 
natural phenomena when studied take a non-linear behavior, and for the purpose of 
analyzing such phenomena, the non-linear model is used to explain and describe them. 

Binary Regression Model[4]   

Binary data is one of these phenomena, which are variables that are not subject to units of 
measurement and are known as qualitative or descriptive variables such as gender (male 
and female), or a study case (success and failure). In such cases, the dependent variable 
is binary in response. Either it equals (one) for the occurrence of the event or (zero) for the 
non-occurrence of the event, and an example of this is our study of dormant patients with 
corona virus, where the dependent variable is the patient’s discharge status from the 
hospital and equals (one) if the patient is discharged alive or (zero) If the individual is 
deceased which can be represented as follows: 

𝑦 =  {
𝑖𝑓 𝑦∗ = 𝑥𝑖

՝𝛽 + 𝑒𝑖 ≥ 0

𝑖𝑓 𝑦∗ = 𝑥𝑖
՝𝛽 + 𝑒𝑖 < 0

    … … (1) 
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When studying the phenomena of the descriptive type of dual response, we use the 
nonlinear regression model, since the linear regression model here faces some problems, 
including : 

1 .The error term is not normally distributed in the metadata. 

2. The difficulty of interpreting the predicted results as probabilistic values, and it is not 
possible to limit these values between zero and one, and for this we resort to other models. 

Reciprocal Lasso 

In the case of building any statistical model, the question will be first about the variables 
that fall within this model. There are many ways to help us answer such questions. It starts 
with the best subgroup (Hocking and Leslie 1967) and gradual regression (Breaux) 
methods in the same year, combining anterior and posterior selection. It is one of the 
classic methods that are used with variable selection in most statistical models. It is 
considered one of the first attempts in this field, and then it was considered one of the most 
famous and widespread methods for selecting and determining the variables in the model. 
It is used by many researchers to this day, in an attempt to address the problems that they 
may face in this field. As its work is to improve the accuracy of the model in some cases, 
especially in the case of a strong relationship between the explanatory variables and the 
response variable, and thus the prediction is inaccurate. Some statistical criteria are used 
to evaluate the quality of the regression model and to determine the best model, including: 
Modified R2 (Wherry 1931), CP Standard (Mallows 1973), Standard (AIC), (Akaike 1973), 
and Standard (BIC), Schwarz 1978. It is considered the most popular and widely used in 
evaluating the quality of the model. But these standards are based on their validity on some 
strict assumptions, which are often inappropriate from a practical point of view . 
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Ridge Regression method (Hoerl & Kemard 1970) is used to improve the prediction 
accuracy of the regression model. This method improves the prediction error by reducing 
large regression parameters in order to reduce redundancy. 

𝛽𝑅 = argmin‖𝑦𝑖 + 𝑥𝑖
՝𝛽‖

2

2
+ 𝜆‖𝛽‖2

2 … … . (2) 
 
where 𝝀 ≥ 𝟎 is the shrinkage parameter 

However, this method does not make the model more explicable because it does not 
perform co-selection. Therefore, the Lasso regression method was proposed by 
(Tibshirani) in 1996 to choose the independent variables that enter the model, whereby 
Lasso achieves both goals by making the magnitudes of the set of absolute values for the 
regression parameters less than a fixed value, and a simpler model is chosen that does not 
include those parameters by making them equal to zero, and thus results in interpretability 
and prediction accuracy for the statistical model 

�̂�𝑙𝑎𝑠𝑠𝑜 = 𝑎𝑟𝑔𝑚𝑖𝑛||𝑦 −  𝑥′𝛽|| + 𝜆 ∑|𝛽𝑗|

𝑝

𝑗=1

            (3) 

Since Lasso produces small parameters, the resulting model tends to be dense, which 
sometimes includes a number of pseudo-predictive variables with very small parameters, 
but Lasso's method may not be static for variable selection unless certain conditions are 
present that can be strongly represented. To remedy such a problem, some different 
methods have been proposed, such as SCAD (Fan and Li) 2001, adaptive lasso (Zou) 
2006 and MCP (Zhang) 2010. Although these methods add some improvements to the 
lasso, it turns out that they Dense patterns result especially when the log p/ n ratio is large. 
This is because these methods share the same feature with Lasso as they give almost zero 
coefficients close to zero. Usually the functions of these penalties are symmetric around 0, 
continuous and non-decreasing at (0, 1). A new penalty function was proposed by Song in 
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2014 called lasso Reciprocal that overcomes some of the drawbacks of the previous 
penalty functions. where it is decreasing at (0, 1), discontinuous at 0. 

�̂�𝑟𝑙𝑎𝑠𝑠𝑜 = 𝑎𝑟𝑔𝑚𝑖𝑛||𝑦 − 𝑥′𝛽|| + 𝜆 ∑
1

|𝛽𝑗|

𝑝

𝑗=1

    𝐼 {𝛽𝐽 ≠ 0 }          (4) 

This method shares the same estimation error rate and oracle property with other LASSO 
penalty functions. And also it approaches infinity when the parameters approach zero. 
Which gives almost zero coefficients infinite penalties. This method has a very attractive 
and intuitive interpretation, and the more likely the predictor is to be a false predictor, the 
smaller his coefficient is, and here he should receive the higher penalty. If the predictor has 
a coefficient close to zero, the influence of this predictor on the model's estimation should 
be very limited, and therefore, for the simplicity and ease of the model, it should be 
excluded from it. The figure below represents the difference between the penalty lasso 
functions and the reciprocal lasso function. 

 

 
Figure (1) The Lasso and Reciprocal Lasso Penalty Functions (Mallick et al. 2020) 

The following definition are important to understand the representation formulable of scale 
mixtures that form the inverse Laplace distribution.   
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Definition (1): The Generalized Double Pareto (GDP) random variable X can be defined by 

the following pdf[5]; 

𝑓𝜇,𝜎,2(𝑋) =
1

2𝜎
 [1 +

2(|𝑋| − 𝜇)

𝜎
]

(− 
1
𝜀

 −1)

        ;  |𝑋| ≥ 𝜇        ⋯ ⋯ (5) 

Where 𝜇 ∈ (−∞, ∞) the locator parameter, 𝜎 ∈ (0, ∞) the scale parameter, and  𝜀 ∈

(−∞, ∞) is the shape parameter. 

Definition (2): The Double Pareto (DP) variable X have the following pdf[5]; 

𝑓 (𝑋) =  
𝛼 𝑋𝑚

𝛼

𝑋𝛼+1
        ;  𝑋 ≥ 𝑋𝑚        ⋯ ⋯ ⋯ (6) 

Where 𝑋𝑚 > 0 the scale parameter, and 𝛼 > 0 is the shape parameter. note the (6) is a 

special case of (5). 

Based on the definition (1) and (2), Aramagan (2013), proposed that the posterior 

𝜃~𝐺𝐷𝑃 (𝜀 = 𝜂 𝛼⁄  , 𝛼)𝑖𝑓  𝜃~𝑁(0, 𝜏), 𝜏~ exp(𝜆2 2⁄ ),  and 𝜆~𝐺𝑎𝑚𝑚𝑎 (𝛼, 𝜂). 

Also, Mallick et al. (2020) proposed that the posterior of 

𝛽~𝑖𝑛𝑣𝑒𝑟𝑠𝑒 𝑑𝑜𝑢𝑏𝑙𝑒 𝑒𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙 (𝜆) if the prior 𝛽~𝑁(0, 𝜏) 𝐼(|𝛽| > 𝜂),  

𝜏~ exp(𝜀2 2⁄ ) , 𝜀~ exp(𝜂) , 𝜂~𝐼𝐺(2, 𝜆).  

Obrionsly, Mallick et la. (2020) used the scale mixture of truncate normal (𝑆𝑚𝑡𝑛) reposition 

for the inverse double exponential distribution of. 
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2. Hierarchal model and prior Distribution of binary reciprocal lasso model. 

Based on the scale mixture representation that proposed from mallick et la. (2020) and on 

Binary regression model (1). The hierarchical model is defined follows: 

𝑦∗ = 𝑋𝑖
′𝛽 + 𝑒𝑖 

 𝑦𝑖 = {
  1       𝑖𝑓       𝑦𝑖

∗  ≥ 0                              
 

0      𝑖𝑓       𝑦𝑖
∗ < 0    𝑖 = 1, … . , 𝑛

  

𝑦𝑛×1
∗ 𝑋, 𝛽⁄ , 𝜎2 ~𝑁(𝑋𝛽, 𝜎2𝐼𝑛)  

𝛽𝑝×1 𝜏⁄ , 𝜇 , 𝜎2 ~ ∏ 𝑁(0, 𝜎2 𝜏2

𝑝

𝑗=1

) 𝐼 {|𝛽𝑗| >
𝜎

𝑢𝑗
} 

𝜏𝑝×1 𝜀⁄  ~ ∏ 𝑒𝑥𝑝

𝑝

𝑗=1

(𝜀2 2⁄ ) 

𝜀𝑝×1 𝑢⁄  ~ ∏ 𝑒𝑥𝑝

𝑝

𝑗=1

(
1

𝑢
) 

𝑢𝑝×1 𝜆⁄  ~ ∏ 𝐺𝑎𝑚𝑚𝑎

𝑝

𝑗=1

(2, 𝜆) 

𝜎2 ~𝜋(𝜎2) ∝
1

𝜎2
 

3. the full condition distribution  

Based on the hieratical model (7) it is easy to sample 𝑦∗, 𝛽, 𝜎2, 𝜏, 𝜀  𝑎𝑛𝑑 𝑢. The full 

conditional posterior distribution which we extracted as follows. 

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ (7) 
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1. The full conditional distribution of 𝒚∗ is:   

𝑦𝑖
∗ 𝑦𝑖 , 𝛽⁄ = {

𝑁(𝑋𝑖
′𝛽, 𝜎2𝐼𝑛) 𝐼 (𝑦𝑖

∗ > 0),          𝑖𝑓  𝑦𝑖 = 1
 

𝑁(𝑋𝑖
′𝛽, 𝜎2𝐼𝑛) 𝐼 (𝑦𝑖

∗ ≤ 0) ,        𝑜𝑡ℎ𝑒𝑟 𝑤𝑖𝑠𝑒
 

2. The full conditional distribution of 𝜷𝒋 is:   

𝜋(𝛽 𝑦𝑖
∗⁄ , 𝑋, 𝜏, 2, 𝑢, 𝜆, 𝜎2) ∝ 𝜋(𝑦𝑖

∗ 𝑋, 𝛽, 𝜎2⁄ ). 𝜋(𝛽 𝑢)⁄  

     ∝ 𝑒
−

1
2𝜎2(𝑦 

∗−𝑋𝛽)′(𝑦 
∗−𝑋𝛽)

. 𝑒
− 

1
2𝜎2 𝛽′𝐷𝜏

−1𝛽 
Where 𝐷𝜏 = 𝑑𝑖𝑛𝑔(𝜏1

2, … , 𝜏𝑝
2), 

= exp {−
1

2𝜎2
[(𝛽′(𝑋′𝑋)𝛽 − 2𝑦 

∗𝑋𝛽 + 𝑦 
∗′𝑦 

∗) + 𝛽′𝐷𝜏
−1𝛽]} 

= exp {−
1

2𝜎2
[𝛽′(𝑋′𝑋 + 𝐷𝜏

−1)𝛽 − 2𝑦 
∗𝑋𝛽 + 𝑦 

∗′𝑦 
∗)]} 

Now let 𝐶 = 𝑋′𝑋 + 𝐷𝜏
−1, then we have 

= exp {−
1

2𝜎2
[𝛽′𝐶𝛽 − 2𝑦 

∗𝑋𝛽 + 𝑦 
∗′𝑦 

∗)]} 

= exp {−
1

2𝜎2
(𝛽 − 𝐶−1𝑋′𝑦 

∗)′𝐶(𝛽 − 𝐶−1𝑋′𝑦 
∗)} 

Which is the multivariate normal with mean 𝐶−1𝑋′𝑦 
∗and variance 𝜎2𝐶−1. 

3. The full conditional posterior distribution of  𝝈𝟐 is: 

𝜋(𝜎2 𝑦𝑖
∗⁄ , 𝑋, 𝛽) 

∝ 𝜋(𝑦𝑖
∗ 𝑋, 𝛽, 𝜎2⁄ ). 𝜋(𝛽 𝜎2)⁄ . 𝜋(𝜎2) 

∝ −
1

(𝜎2)
𝑛
2

𝑒
−

1
2𝜎2(𝑦 

∗−𝑋𝛽)′(𝑦 
∗−𝑋𝛽)

.
1

(𝜎2𝜏2)
𝑝
2

𝑒
− 

1
2𝜎2 𝛽′𝐷𝜏

−1𝛽
.

1

𝜎2
 

= (𝜎2)
𝑛
2

 + 
𝑝
2

 −1 exp {−
1

2𝜎2
(𝑦 

∗ − 𝑋𝛽)′(𝑦 
∗ − 𝑋𝛽) + 𝛽′𝐷𝜏

−1𝛽} 

= (𝜎2)
𝑛+𝑝

2
  −1 exp {−

1

2𝜎2
(𝑦 

∗ − 𝑋𝛽)′(𝑦 
∗ − 𝑋𝛽) + 𝛽′𝐷𝜏

−1𝛽} 
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Which is the invers gamma with shape parameter 𝑛+𝑝

2
  − 1 and scale 

parameter (𝑦 
∗ − 𝑋𝛽)′(𝑦 

∗ − 𝑋𝛽) 2⁄ + 𝛽′𝐷𝜏
−1𝛽 2⁄ . 

4. The full conditional posterior distribution of  𝝉𝟐is:   

𝜋(𝜏𝑗
2 𝜀⁄ , 𝛽) ∝ 𝜋(𝛽 𝜏𝑗

2⁄ ). 𝜋(𝜀2 𝜏𝑗
2)⁄  

∝  (
1

𝜏𝑗
2)

1
2

  

𝑒
− 

1
2𝜎2  

𝛽𝑗
2

𝜏𝑗
2

 𝑒
−   

𝜀2

𝜏𝑗
2

  

∝ (𝜏𝑗
2)

− 
1
2 exp [ − 

1

2
(

𝛽𝑗
2 𝜎2⁄

𝜏𝑗
2 +  𝜀2𝜏𝑗

2)]   ⋯ ⋯ ⋯ (8) 

The last formula can be treated by using the invers Gaussian distribution and its invers 

form. 

Suppose that the invers Gaussian is: 

𝑓(𝑋; 𝑎, 𝑏) = (
𝑏

2𝜋𝑋3
)

1
2

  

exp [
−𝑏(𝑋 − 𝑎)2

2𝑎2𝑋
] 

The invers of 𝑓(𝑋; . ) is 𝑓′( . ) defined by 

𝑓′(𝑦 ; 𝑎, 𝑏) = (
𝑏

2𝜋𝑦
)

1
2

  

exp [
−𝑏(1 − 𝑎𝑦)2

2𝑎2𝑦
] 

 then a formula (a) Can be rewrite as the reciprocal invers Gaussian distribution as follows:  

∝ (
1

𝜏𝑗
2)

−3
2

  

exp [− 
1

2
(

𝛽𝑗
2

𝜎2 𝜏𝑗
2 +

𝜀2

1 𝜏𝑗
2⁄

)] 

= (
1

𝜏𝑗
2)

−3
2

  

exp [− 
𝛽𝑗

2 ((1 𝜏𝑗
2⁄ ) − √𝜆2𝜎2 𝛽2⁄ )

2

2𝜎2(1 𝜏𝑗
2⁄ )

] 

So, we can say that ( 1

𝜏𝑗
2) ~𝑖𝑛𝑣𝑒𝑟𝑠 𝐺𝑎𝑚𝑚𝑎 𝑤𝑖𝑡ℎ 𝑚𝑒𝑎𝑛 √

𝜀2 𝜎2

𝛽𝑗
2  and shape parameter 
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 𝜀2 = 𝑏. 

5. The full conditional posterior distribution of  𝜺 is defined as in 

Armange et la. (2013) and Mallick et la. (2020), 

∝  𝜀 𝛽𝑗  , 𝜎2⁄  ~ 𝐺𝑎𝑚𝑚𝑎 (2,
|𝛽𝑗|

𝜎
+

1

𝑢
) 

6. The full conditional posterior distribution of  𝒖 is defined as follows: 

𝜋(𝑢 𝜆, 𝜀⁄ ) ∝  𝜋(𝜀 𝑢⁄ ). 𝜋(𝑢) 

∝
𝜆2

𝛤2
 𝑢−2−1 𝑒− 𝜆 𝑢⁄  .

1

𝑢
 𝑒− 𝜀 𝑢⁄  

∝
𝜆2

𝛤2
 𝑢−3−1 𝑒− 

1
𝑢

(𝜆+𝜀)
  

∝  𝑢−3−1 𝑒− 
1
𝑢

(𝜆+𝜀) 
Recall the Kernal invers gamma distribution, consequently we can conclude that 𝑢 is 

distribution according to invers gamma with shape parameter (3) and scale parameter  

(𝜆 + 𝜀). 

Real data analyzing 

Here, the data represented by Covid-19 disease are described through the most important 
influencing factors and to estimate the extent of the impact of these factors on the response 
variable (patient's death or recovery), and also determine the best model using the logistic 
regression model of the mutual lasso, through the (MSE) criterion, (MMAD) and (RMSE). 
Where real data on the subject of research were collected from hospitals in Maysan 
Governorate for the year 2021, and a group of doctors specializing in respiratory and blood 
diseases was used in order to know the most important factors affecting the disease, as 
data for the year 2021 was collected with a sample size of (250) patients through the 
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special card (The file of the sleeping patient) for each patient, and for the purpose of 
facilitating the task of analyzing this data, the response variable (y) was considered as (y = 
0) the death of the patient, (y = 1) the patient’s recovery depending on the following 
explanatory variables: 

The variable X1 represents the patient's gender . 

The variable X2 represents the academic achievement of the patient. 

The variable X3 represents the patient's work . 

The variable X4 represents the age of the patient . 

The variable X5 represents the marital status of the patient . 

The variable X6 represents the patient's residence for the patient. 

The variable X7 represents the patient's residence . 

The variable X8 represents the length of time the patient has been in bed . 

The Variable X9 represents the patient's smoking attitude for the patient . 

The Variable X10 represents the patient's diabetes mellitus . 

The Variable X11 represents the patient's hypotensive disease . 

The variable X12 represents the patient's weight. 

The Variable X13 represents the percentage of urea in the patient's body . 

The Variable X14 represents the amount of creatinine in the patient's body . 

The variable X15 represents the patient's LDH. 

The variable X16 represents the patient's CRP. 

The variable X17 represents FERRITIN for the patient . 

The variable X18 represents the patient's ESR. 
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The variable X19 represents the patient's HGB. 

The variable X20 represents the patient's WBC. 

The variable X21 represents the patient's NEU. 

R programming has been used for the purpose of extracting the tables below 

Table -1- the results of the Median of Mean Absolute Deviations and Mean Square Error 

Relative Mean Square Error 
 

R Lasso B lasso B Q Reg at 0.50 B lasso Reg  B Reg  Methods 

0.584 (0.385) 0.897 (0.582) 1.574 (0.457) 1.845 (0.663) MMAD 

0.458 (0.258) 0.957 (0.875) 1.824 (0.725) 1. 052 (0.726) MSE 

0.458 (0.152) 0.768 (0.456) 1.285 (0.852) 0.952 (0.455) RMSE 

Note: In the parentheses are SDs of the MAD 

 

Through the results of the above table extracted for the study sample, which contains the 

criterion of the mean absolute deviations and the mean squared error relative to the square error. 

To compare between each of the ridge and lasso methods and between the reciprocal lasso, we 

note that the reciprocal lasso method is superior to all methods through the results of the above 

criteria. Where we notice that it is the least, and also the results of the standard deviation 

between the brackets we notice less in the reciprocal lasso compared to the other methods. 
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Table -2- representing the parameter estimation of our proposed method 

Variables Name of variables Parameter's estimation 

𝑿𝟏 represents the patient's gender 8.7149 

𝑿𝟐 represents the academic achievement of the patient 4.4976 

𝑿𝟑 represents the patient's work 3.2109 

𝑿𝟒 represents the age of the patient 0.0000 

𝑿𝟓 represents the marital status of the patient 1.8339 

𝑿𝟔 represents the patient's residence for the patient 6.0568 

𝑿𝟕 represents the patient's residence 0.0000 

𝑿𝟖 represents the length of time the patient has been in bed 20.5783 

𝑿𝟗 represents the patient's smoking attitude for the patient -3.9094 

𝑿𝟏𝟎 represents the patient's diabetes mellitus -5.7767 

𝑿𝟏𝟏 represents the patient's hypotensive disease -0.9482 

𝑿𝟏𝟐 represents the patient's weight -0.2789 

𝑿𝟏𝟑 represents the percentage of urea in the patient's body 7.5668 

𝑿𝟏𝟒 represents the amount of creatinine in the patient's body 0.1039 

𝑿𝟏𝟓 represents the patient's LDH 0.0000 

𝑿𝟏𝟔 represents the patient's CRP 0.0000 

𝑿𝟏𝟕 represents FERRITIN for the patient 0.0164 

𝑿𝟏𝟖 represents the patient's ESR 6.3041 

𝑿𝟏𝟗 represents the patient's HGB -1.1712 

𝑿𝟐𝟎 represents the patient's WBC 0.0000 

𝑿𝟐𝟏 represents the patient's NEU 1.3512 

 

The results of Table No. 2 represent the estimation of the parameters of our proposed 
method (Mutual Lasso), where we note that the variables (patient's age, patient's residence, 
LDH, CRP, WBC) were excluded because they have weak influence on the dependent 
variable. As for the variables (smoking, diabetes, blood pressure, weight of the patient, 
HGB), there is an inverse relationship between them and the dependent variable, and the 
remaining variables are directly proportional to the dependent variable. 
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Figure -2- show histogram of estimated parameters of our proposed method 

 
Figure -3- show trace plot of estimated parameters of our proposed method 
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Conclusions 

1  .The results from the real data showed the superiority of the (rLASSO) method in 
estimating the vector parameters and selecting the significant variable in that one over the 
other methods . 

2  .The results showed that the shrinkage method (rLASSO) for variable estimation and 
selection has a clear advantage and efficiency over other methods because it gives the 
lowest value (MMAD), (MSE) and (MSE) . 

3  .Depending on the results of the best method (rLASSO), the factors that significantly 
affect the life of the patient infected with Corona virus were identified (smoking, the 
patient’s diabetes, the patient’s blood pressure, the patient’s weight, HGB) and this effect 
leads to an inverse relationship with the variable The variables (gender, educational 
attainment, work, marital status, place of residence, length of stay, body urea percentage, 
amount of creatinine in the body, FERRITIN, ESR, NEU) have a direct relationship with the 
dependent variable . 

4  .The results showed that the explanatory variable X8, which represents the duration of 
the patient's inactivity, has more impact on the life of the inpatient compared to other 
variables, depending on the results of the rLASSO method. 

Recommendations 

In light of the theoretical aspect and based on the conclusions reached, there are some 
recommendations that we recommend : 

1  .It was recommended to use the (rLASSO) method in estimating and selecting the 
significant variables of the model for its high efficiency in dealing with the case of a high 
correlation between the explanatory variables and in the presence of different errors 
variations. 
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2  .I recommend the researchers in different fields of sciences to develop. The rlasso 
penalized method in other regression model with some modification on the prior 
distributions. 

3  .It is recommended to use all the variables in the incumbent patient's file except for the 
variables (patient's age, patient's residence, LDH, CRP, WBC) because they did not affect 
the dependent variable, which were excluded by the estimation method (rLASSO) . 

4. We recommend the Maysan Health Department to focus on addressing the influencing 
factors represented in patients’ blood measurements, which are (smoking, the patient’s 
diabetes, the patient’s blood pressure, the patient’s weight, HGB, gender, educational 
attainment, work, marital status, residence, length of stay, percentage of Urea in the body, 
the amount of creatinine in the body, FERRITIN, ESR, NEU) for having a strong impact on 
the patient's discharge from the hospital. 
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