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Abstract 

The main focus of the paper is modelling the relationship between Iraqi 

banks deposits and a set of independent variables, including selecting of 

important independent variables that affect the Iraqi banks deposits. The 

approach is assigning independent scale mixture of uniform distributions for 

the regression parameters in the quantile regression model by building an 

efficient Gibbs sampler to posterior distributions through MCMC 

algorithms. This study contains one response variable (Iraqi banks deposits 

and eight independent variables. Three quantile levels (0.30, 0.60, 0.90) are 

utilized. The optimal quantile regression model results at high quantile level 

(0.90). This is clear from the pseudo-R squared value. Therefore, we will 

focus on the high quantile level. Five independent variables have a 

significant effect on the response variable (Iraqi banks deposits). At high 

quantile level, the result of variables selection shows six independent 

variables with importance in the building of the quantile regression model. 

The rest of the independent variables are not important. 
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1. Introduction  

 

The banking sector plays an important role in the growth of the economy in any state. 

Banking services are considered one of the most important sources of financing for various 

projects and investments, especially with companies and individuals. Banks offer a set of 

services to their customers, including deposits, loans and financing for various projects. The 

banking system in Iraq, according to the Financial Stability report (2013) consists of 47 banks, 

which are divided into 7 state-owned banks and 40 private banks, including 10 foreign banks 

(Mahmoud and Ahmed, 2014). The private banks were established as an independent entity in 

the private sector, offering banking services to the Iraqi market. The Iraqi banks deposits are 

influenced by a set of factors, but these factors differ in impact from one factor to other. In this 

study, we will focus on response variables which represent Iraqi banks’ deposits. Additionally, 

there are eight independent variables: the profits as an indicator for the bank’s success on the 

banking market, the bank’s reserves as an indicator for earning customer confidence, the 

number of bank branches, the bank’s age, the amount of the interest rate, the number of debit 

cards as an indicator for technological evolution, advertising expenses, the number of 

customers as companies and individuals. The relationship between Iraqi banks’ deposit and a 

set of factors is revealed by building a model. One of the challenges is related to selecting the 

most suitable model for the data under study. In this paper, we will use the quantile regression 

(QReg) model proposed by Koenker and Bassett (1978). This type of regression model is not 

required to satisfy normal distributional assumptions. The general form of the QReg is given 

by  

 𝑦𝑖 = 𝑥𝑖
𝑡𝛽𝜏 + 𝜀𝑖                       𝜏 ∈ (0,1) (1) 

where, 𝑦𝑖 is the response variable, 

𝛽𝜏 is a vector of unknown parameters, 

𝜏 is the quantile level belong to the interval (0,1) 

𝜀𝑖  is the residual term with density function restricted to have the 𝜏th quantile equal to 0. It is 

satisfying 𝑝𝑟𝑜(𝜀𝑖  ≤ 0|𝑥𝑖) = 𝑝. 

𝑥𝑖
𝑇 is a vector of independent variables. 

The estimation of the quantile regression coefficients 𝛽𝜏 is done by minimizing the 

following equation: 

  ∑ 𝜌𝜏

𝑛

𝑖=1

𝛽𝜏

𝑚𝑖𝑛 (𝑦𝑖 − 𝑥𝑖
𝑡𝛽𝜏) (2) 

where 𝜌𝜏(𝜀𝑖  ) is the check function defined by: 

 𝜌𝜏(𝜀𝑖  ) = {
𝜏𝜀𝑖                                    𝑖𝑓 𝜀𝑖  ≥ 0    

−(1 − 𝜏)𝜀𝑖                              𝑖𝑓𝜀𝑖  < 0               
      (3) 

Equation (2) is not differentiable at the origin; therefore, there is no exact solution for 

equation (2). Equation (2) can be solved by using a linear programming algorithm (Koenker 

and Orey, 1987). Mooney (1993) proposed to solve the equation (2) by using a bootstrap 

technique. The QReg model has good features, such asrobustness against outlier dataset. 

Furthermore, the quantile regression model can provide us the perfect picture of the full 
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distribution of the relationship between the response variable and its independent variables. 

The quantile regression model can accommodate non-normal random errors. All these 

properties make the quantile regression model popular in many fields of knowledge. For 

instance, in econometrics, medicine, finance, etc. The number of quantile regression lines is 

infinite through 𝜏𝑡ℎ ∈ (0,1). Therefore, there are infinite quantile regression lines that can be 

estimated. According to the logic of mathematics, there are infinite values included in the 

interval (0,1). But the estimation of all quantile regression lines is a difficult task. Therefore, 

the researchers in this field can select a set of quantile regression lines according to the data 

under study. In this paper, we will use three quantile regression lines described as follows: 

quantile regression model at the low quantile level (0.30), quantile regression model at the 

middle quantile level (0.60) and quantile regression model at the high quantile level (0.90). For 

parameters estimation of these models we used the Bayesian approach, through building the 

Markov Chain Monte Carlo (MCMC) algorithm for estimating the coefficients of the quantile 

regression model. The paper is structured as follows: in section (2), we present the Variable 

Selection in the Quantile Regression Model. Section (3) deals with the new Bayesian lasso in 

the quantile regression model. Section 4 presents a study sample and the mathematical model. 

Section (5) includes the analysis of the data under study, and brief conclusions are included in 

section (6). 
 

2. Variables selection in quantile regression model 

 

Variables selection is one important technique in the statistical models, because it is a good 

approach in building statistical models. The approach of variables selection has attractive 

properties, it provides us a flexible models. The variables selection focuses on independent 

variables that strongly affect on the response variable. In the same time, it excludes the 

independent variables that have not effect on the response variable. The philosophy of variables 

selection is not a modern idea, but the methods of variables selection have begun to evolve. 

Classical methods for variables selection are primitive, such as AIC (Akaike, 1973) and BIC 

(Schwarz, 1978). These classical methods have drawbacks, for example, they need a long time 

to achieve variables selection. Because they deal with 2𝑝 models (where p is a number of 

independent variables) for choosing the optimal model. The variables selection is a statistical 

tool used for discriminating between important and unimportant independent variables in 

statical models. The variables selection methods can improve forecasting precision. Also, 

variables selection is often used for identifying a small subset of independent variables from a 

large set of independent variables to get better explanations for the model under study. 

Recently, many researchers have studied the subject of variables selection. Tibshirani (1996) 

proposed the lasso method (least absolute shrinkage and selection operator) in the classical 

regression model. This technique can achieve variable selection and coefficients estimation at 

the same time. Lasso estimation in classical regression model is achieved through the following 

equation: 

 
�̂�𝑙𝑎𝑠𝑠𝑜 = minimize ∑(𝑦 − 𝑋�̂�)

2
𝑛

𝑖=1

+ 𝜆 ∑|𝛽𝑗|     , 𝜆 ≥ 0 

𝑝

𝑗=1

 
(4) 
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In this paper, we focus on coefficient estimation and variables selection in the quantile 

regression model by using a Bayesian approach. Koenker (2004) is the first researcher who 

employs the lasso penalty method in the Quantile regression model. The lasso method in the 

quantile regression model takes the following formula: 

 
 ∑ 𝜌𝜏

𝑛

𝑖=1

𝛽𝜏

𝑚𝑖𝑛 (𝑦𝑖 − 𝑥𝑖
𝑡𝛽𝜏) + 𝜆 ∑|𝛽𝑗| 

𝑝

𝑗=1

 
(5) 

Here, the quantity 𝜆 ∑ |𝛽𝑗|,𝑝
𝑗=1  is called penalty lasso and 𝜆 is the tuning parameter 

responsible for the quantity of shrinkage. Furthermore, equation (5) is not differentiable at 0, 

but parameter estimation can be achieved through the function (rq.fit.lasso) within packages 

‘quantreg’ (Koenker, 2013). 

 

3. Bayesian quantile regression model 

 

Yu and Moyeed (2001) noted that the random error for the quantile regression model is 

close to Asymmetric Laplace distribution (ALD). The likelihood function of (ALD) will take 

following formula: 

 𝑓(𝑢) = 𝜏𝑛(1 − 𝜏)𝑛𝐸𝑥𝑝(− ∑ 𝜌𝜏(𝑦𝑖 − 𝑥𝑖
𝑡𝛽𝜏) 

𝑛

𝑖=1

 (6) 

where 𝜎 = 1. 

Dealing with Asymmetric Laplace distribution directly is leading to hard computation. 

Kozumi and Kobayashi (2011) provided another formula by reformulating the Asymmetric 

Laplace distribution as a Scale Mixture Normal family 𝑦𝑖|𝛽𝜏, 𝑥, 𝜏, 𝑚𝑖~𝑁(𝑥𝑖
𝑡𝛽𝜏 + (1 −

2𝜏)𝑚𝑖, 2𝑚𝑖).  Here, the likelihood function takes the following formula: 

 𝑓(𝑦|𝑥𝑖
𝑡 , 𝛽𝜏, 𝑚𝑖) =

1

√4𝜋𝑚𝑖

𝐸𝑥𝑝(− ∑
[𝑦𝑖 − 𝑥𝑖

𝑡𝛽𝜏 − (1 − 2𝜏)𝑚𝑖]
2

4𝑚𝑖
 

𝑛

𝑖=1

 (7) 

This formula gives us an efficient algorithm for coefficients estimation of quantile 

regression model. To implement variables selection and coefficient estimation in the quantile 

regression model together by using a Bayesian approach, we must choose the appropriate prior 

distribution with parameters of the model because the prior distribution plays a good role in 

determining the appropriate method for variable selection. 

Tibshirani (1996) proposed Laplace distribution for parameter vector 𝛽𝜏 as prior 

distribution. The probability density function (p.d.f) of Laplace distribution with 𝛽𝜏 is 

 𝑔(𝛽𝜏|𝜆) = (𝜆
2⁄ )𝑘 Exp (−𝜆 ∑ |𝛽𝜏|

𝑘

𝑗=1

)  (8) 
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Hence, the posterior distribution through multiplication equation (6) in equation (8) takes 

the form: 

 𝑓(𝛽𝜏|𝑦, 𝑥, 𝜆) ∝ 𝑒𝑥𝑝 {− ∑ 𝜌𝜏(𝑇 − (𝑥𝑖
𝑡𝛽𝜏)

𝑛

𝑖=1

}   − 𝜆 ∑|𝛽𝜏|

𝑘

𝑗=1

   (9) 

From equation (9), we will obtain the Bayesian lasso quantile regression. Hence, some 

parameters will shrink to zero exactly, this means, the Bayesian lasso quantile regression 

achieves variable selection in the quantile regression model. The next figure provides us a clear 

vision about the idea of variable selection in a Bayesian approach. 

 

 
 

Figure 1. The (pdf) to Normal and Laplace distributions as prior 

 

As indicated in figure 1, the top of the symmetric normal distribution is convex. Therefore, 

the projection points from its top to its base will be close to zero. But the top of the symmetric 

Laplace distribution takes a triangle shape. Therefore, some of projection points from its top to 

its base will be equal to zero exactly. Figure 1 supports the idea that Laplace distribution is 

necessary in the Bayesian lasso regression approach. 

 

3.1. New Bayesian lasso quantile regression model 
 

The Bayesian lasso regression model was achieved through using the Laplace distribution 

as a prior (Tibshirani, 1996). The use of the general formula for the Laplace distribution is a 

difficult matter. Park and Casella (2008) introduced the Bayesian lasso to classical linear 

models by using a scale mixture of normal (SMN) priors on the parameters and independent 

exponential priors on their variances as the following formula: 

 
𝑔(𝛽𝜏|𝜆) = (𝜆

2⁄ )𝑘 Exp (−𝜆 ∑ |𝛽𝜏|

𝑘

𝑗=1

) =  ∏ ∫
1

√2𝜋𝑠

∞

0

𝑘

𝑗=1

exp (−
𝛽𝜏

2

2𝑠
)   

𝜆2

2
   exp (−

𝜆2

2
 𝑠)     

(10) 
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Equation (10) is considered a reformulation of the Laplace distribution, where this 

formulation provides simple computation in the Bayesian lasso linear regression. Li et al. 

(2010) proposed the Bayesian Lasso for the linear quantile regression model through using 

equation (10) as a Laplace distribution prior. 

Mallick and Yi (2014) proposed another formula to the Laplace prior on βj:  

 
𝜆

2
𝑒{−𝜆|𝛽𝑗|} = ∫

1

2𝑢𝑗
 

𝜆2

Γ(2)

,

𝑢𝑗>|𝛽𝑗|

𝑢𝑗
2−1 𝑒𝑥𝑝{−𝜆𝑢𝑗} 𝑑𝑢𝑗  (11) 

where (
1

2𝑢𝑗
) is (pdf) of uniform distribution and the rest of the equation (11) represents (pdf) of 

the gamma distribution with scale parameter (𝜆) and shape parameter (2), and Γ(2) =

(2 − 1)! = 1. According to Mallick and Yi (2014) equation (11) represents another formula 

for the Laplace distribution called the scale mixture uniform (SMU). Mallick and Yi (2014) 

employed equation (11) for the implementation of Bayesian variable selection in a linear 

regression model. In this paper, we propose a new Bayesian lasso in quantile regression model 

for coefficient estimation and variable selection. Here in this paper, we use (SMU) as in the 

hierarchical prior distribution: 

 

𝑚𝑖~𝑒𝑥𝑝{𝜏(1 − 𝜏)}, 
𝛽𝑗|𝑢𝑗~𝑈𝑛𝑖𝑓𝑜𝑟𝑚 (−𝑢𝑗 , 𝑢𝑗), 

 𝑢𝑗|𝜆 ~𝐺𝑎𝑚𝑚𝑎(2, 𝜆) 𝜎 ~𝐺𝑎𝑚𝑚𝑎(𝑎, 𝑏) ,  

𝜆~𝐺𝑎𝑚𝑚𝑎(𝑐, 𝑑) . 

(12) 

where 𝐸𝑥𝑝(𝜏(1 − 𝜏)) is the exponential distribution with rate parameter 𝜏(1 − 𝜏). 

 

3.2. Full conditional posterior distribution 

 

The Bayesian quantile regression procedure is a multiplication of the likelihood function 

of asymmetric Laplace distribution with a set of prior distributions in equation (12). From this 

procedure, we will obtain the updated posterior distribution to building efficient MCMC 

algorithm.  

 Updating 𝑚𝑖
−1: the full conditional distribution (FCD) of 𝑚𝑖

−1 is inverse Gaussian 

distribution, referred to as 𝐼𝑛𝑣𝐺𝑎(𝑚𝑖
𝑡, 𝜗𝑡) , 𝑤ℎ𝑒𝑟𝑒 𝜗𝑡 =

1

2
 , 𝑚𝑖

𝑡 = 1
√(𝑦𝑖 − 𝑥𝑖

𝑡𝛽)2⁄ . Here, 

the (pdf) of the 𝐼𝑛𝑣𝐺𝑎 is given by (Chhikara, 1988):  

 𝑓(𝑥|𝑚𝑖
𝑡, 𝜗𝑡) = √

𝜗𝑡

2𝜋
  𝑥

−3
2   𝑒𝑥𝑝 {

−𝜗𝑡(𝑥 − 𝑚𝑖
𝑡)2

2(𝑚𝑖
𝑡)2𝑥

} , 𝑥, 𝑚𝑖
𝑡, 𝜗𝑡 > 0 (13) 

 Updating 𝛽𝑗: the full conditional distribution of 𝛽𝑗 is truncated normal with mean 𝛽�̅� and 

variance 𝑠𝛽𝑗

2 , where 𝛽�̅� = (𝑠𝛽𝑗

2 ∑
 𝜎𝑥𝑖𝑗  (𝑦𝑖−(1−2𝜏)𝑚𝑖−∑ 𝑥𝑖𝑗

𝑝
,𝑗≠𝑙 𝛽𝑗)

    

2𝑚𝑖

𝑛
𝑖=1 )  𝐼{|𝛽𝑗| < 𝑢𝑗}      and 

 𝑠𝛽𝑗

2 = (∑
𝜎𝑥𝑖𝑗

2

2𝑚𝑖

𝑛
𝑖=1 )

−1

. 
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 Updating 𝑢𝑗: the full conditional distribution of 𝑢𝑗  is a left-truncated exponential 

distribution given by 𝑢𝑗|𝛽, 𝜆~𝐸𝑥𝑝(𝜆)𝐼{𝑢𝑗 > |𝛽𝑗|}. Updating 𝑢𝑗  can be done by using 

inversion method (Mallick and Yi, 2014) as follows: 

1. Update 𝑢𝑗
∗ from 𝐸𝑥𝑝(𝜆) 

2. Set 𝑢𝑗 = 𝑢𝑗
∗ + |𝛽𝑗| 

 Updating 𝜆 the: the full conditional distribution of 𝜆 is Gamma (𝑐 + 2𝑝, 𝑑 + ∑ |𝛽𝑗|𝑝
𝑗=1 ). 

The above Gibbs sampler proceeds to sample each unknown parameter to the full 

conditional posterior distribution, conditional on all other unknowns. The Gibbs sampler 

performs thousand iterations through all elements of (𝑦, 𝑚, 𝛽, 𝑢𝑗 , 𝜆𝑗). Through the MCMC 

(Markov Chain Monte Carlo) algorithm, the Bayesian estimation for the quantile regression 

model implemented via mean of conditional posterior distributions is as mentioned in section 

3.2.  

 

4. Study sample and mathematical model 

 

The data under study was taken from the Central Bank of Iraq, and the sample size was of 

47 observations (active Banks in Iraq). This study contains one response variable which 

represents an Iraqi Banks deposit, and a set of independent variables. This study is focused on 

a set of goals, firstly the evaluation of the relationship between the response variable and 

independent variables. Secondly, the variables selection that affect on the Iraqi banksdeposit 

of active banks in Iraq. In this study, we employed the quantile regression model at three 

quantile levels (0.30, 0.60, 0.90) respectively, because quantile regression has attractive 

properties. Hence, the mathematical model for this study takes the following formula: 

 
𝑦 = 𝛼𝜏 + 𝛽1𝜏𝑥1𝑗 + 𝛽2𝜏𝑥2𝑗 + 𝛽3𝜏𝑥3𝑗 + 𝛽4𝜏𝑥4𝑗 + 𝛽5𝜏𝑥5𝑗 + 𝛽6𝜏𝑥6𝑗

+ 𝛽7𝜏𝑥7𝑗+𝛽8𝜏𝑥8𝑗 + 𝜀𝑖  ,            ,𝑗=1,2,…….47 
(14) 

where (𝑥1𝑗, 𝑥2𝑗 , 𝑥3𝑗 , 𝑥4𝑗 , 𝑥5𝑗 , 𝑥6𝑗 , 𝑥7𝑗 , 𝑥8𝑗) are independent variable as in Table (1).  

 

Table (1): Independent variables and descriptive of statistics for each independent 

variable 

 

Names and 

codes for 

independent 

variables 

Type and 

measurement unit 

of independent 

variables 

Descriptive of statistics 

Mean 
Std. 

Deviation 
Minimum Maximum 

𝑥1𝑗: The 

bank profits 

Quantitative variable 

(Iraqi Dinars) 

38616219512 89541413975 -26042000000 47673900000000 

𝑥2𝑗: The 

banks 

reserve. 

Quantitative variable 

(Iraqi Dinars) 

78263829787 58882448945 1000000000 1750000000000 

𝑥3𝑗: The 

number of 

bank 

branches 

Quantitative 

variable (number of 

banks branches) 

22 38.927 1 201 

𝑥4𝑗: The 

banks age 

Quantitative 

variable (number of 

years) 

15 18.101 2 78 
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𝑥5𝑗: The 

bank interest 

rate 

Quantitative 

variable (%) 

5.63% 1.85% 3% 9% 

𝑥6𝑗: The 

number of 

machine of 

debit cards 

Quantitative 

variable (number of 

debit cards for each 

bank) 

386 304.59 0 987 

𝑥7𝑗: The 

advertising  

expenditures  

Quantitative variable 

(Iraqi Dinars) 

14155957 21038751 70000000 0 

𝑥8𝑗: the 

number of 

customers  

Quantitative 

variable (number of 

bank’s customers) 

133121920 898517078 4778 898517078 

 

𝛽1𝜏, 𝛽2𝜏, 𝛽3𝜏, 𝛽4𝜏, 𝛽5𝜏, 𝛽6𝜏, 𝛽7𝜏, 𝛽8𝜏 are coefficients of independent variables at quantile level 𝜏. 

𝜀𝑖  : is the random error at quantile 𝜏. 

 

5. Analysis of data under study 

 

In this paper, the data analysis takes two directions: the first is the coefficient estimation of 

the model and the second is the variable selection of the model via three quantile levels (0.30, 

0.60, 0.90). 

For parameters estimations of this model, we constructed a new algorithm in the statistical 

program R, through Markov Chain Monte Carlo (MCMC) algorithm. It was run 11000 

iterations. The first 1000 were ruled out as burn in.  

 

5.1. Coefficient Estimation 

 

We will estimate the parameters of the quantile regression model by using the Bayesian 

approach via three quantile levels. 

 

Table (2): Coefficient estimation of the quantile regression model via (0.30, 0.60, 0.90) 

 

Coefficients 

Variables Quantile level (0.30) Quantile level (0.60) Quantile level (0.90) 

Intercept 0.497 1.777 2.595 

𝑥1 -0.039 -0.264 0.428 

𝑥2 0.184* 0.0046 0.229* 

𝑥3 -0.381* -0.155 0.176* 

𝑥4 0.131 0.089 0.076* 

𝑥5 0.174 0.057* 0.135* 

𝑥6 0.563* 0.236* -0.097 

𝑥7 0.007 -0.008 -0.075 

𝑥8 -0.081 -0.010 0.534* 

The pseudo-R squared 0.503 0.273 0.872 

* is p-value < 0.05 
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5.1.1. Coefficients estimation at low quantile level (0.30) 

 

The result of the pseudo-R square is 0.503, this means all independent variables (𝑥1𝑗 the 

profit of the bank, 𝑥2𝑗 the bank’s reserve, 𝑥3𝑗 the number of bank branches, 𝑥4𝑗 the bank’s age, 

𝑥5𝑗 the bank’s interest rate, 𝑥6𝑗 the number of debit cards issued by the bank, 𝑥7𝑗 the advertising 

expenses of the bank, 𝑥8𝑗 the number of customers of the bank) can explain 50.3% of the 

variation in Iraqi banks deposits. From this indicator, there is a medium relationship between 

Iraqi banks’ deposits and all the independent variables at low quantile level (0.30)for 

representation of the data under study. In table 2, there are three independent variables that 

have a significant effect on the response variable (Iraqi banks’ deposits). The rest five 

independent variables have an insignificant effect on Iraqi banks’ deposits at a low quantile 

level (0.30). 

 

5.1.2. Coefficient estimation at middle quantile level (0.60) 

 

The result of the pseudo-R square is 0.273, this means all independent variables (𝑥1𝑗 the 

profit of the bank, 𝑥2𝑗 the bank’s reserve, 𝑥3𝑗 the number of bank branches, 𝑥4𝑗 the bank’s age, 

𝑥5𝑗 the bank’s interest rate, 𝑥6𝑗 the number of debit cards issued by the bank, 𝑥7𝑗 the advertising 

expenses of the bank, 𝑥8𝑗 the number of customers of the bank) can explain 27.3% of the 

variation in Iraqi banks’ deposits. From this indicator, there is a weak relationship between 

Iraqi banks’ deposits and all the independent variables at middle quantile level (0.60) for 

representation of the data under study. In table (2), we see two independent variables that have 

a significant effect on the response variable (Iraqi banks’ deposits). The rest six independent 

variables have an insignificant effect on Iraqi banks’ deposits at a middle quantile level (0.60). 

 

5.1.3. Coefficient estimation at high quantile level (0.90) 

 

The result of the pseudo-R square is 0.872, this means all independent variables (𝑥1𝑗 the 

profit of the bank, 𝑥2𝑗 the bank’s reserve, 𝑥3𝑗 the number of bank branches, 𝑥4𝑗 the bank’s age, 

𝑥5𝑗 the bank’s interest rate, 𝑥6𝑗 the number of debit cards issued by the bank, 𝑥7𝑗 the advertising 

expenses of the bank, 𝑥8𝑗 the number of customers of the bank) can explain 87.2% of the 

variation in Iraqi banks’ deposits. From this indicator, there is a very strong relationship 

between Iraqi banks’ deposits and all the independent variables at high quantile level (0.90) for 

representation of the data under study. Therefore, we will focus on high quantile regression for 

explanation, as follows: 

𝒙𝟐𝒋 The bank’s reserve 

The quantile regression coefficient for the bank reserve is 0.229. This indicates an increase 

in the bank reserve by one unit, leading to an increase in Iraqi banks deposits by 0.229 units, 

due to this variable being in a positive relationship with the response variable. This variable 

has a significant effect on Iraqi banks’ deposits. 
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𝒙𝟑𝒋 The number of bank branches 

The quantile regression coefficient for the number of bank branches is 0.176. An increase 

in the number of bank branches by one unit leads to an increase in Iraqi banks deposits by 0.176 

units, due to this variable being in positive relationship with the response variable. This variable 

has a significant effect on Iraqi banks deposits. 

𝒙𝟒𝒋 The bank’s age 

The quantile regression coefficient for the bank’s age is 0.076. An increase in the bank’s 

age by one unit leads to an increase in Iraqi banks deposits by 0.076 units, due to this variable 

being in a positive relationship with the response variable. This variable has a significant effect 

on Iraqi banks deposits. 

𝒙𝟓𝒋 The bank interest rate 

The quantile regression coefficient for the bank interest rate is 0.135. An increase in the 

bank interest rate by one unit leads to an increase in Iraqi banks deposits by 0.135 units, due to 

this variable being in positive relationship with the response variable. This variable has a 

significant effect on Iraqi banks deposits.  

𝒙𝟖𝒋 The number of customers of the bank 

The quantile regression coefficient for the the number of customers of the bank is 0.534. 

An increase in the number of customers of the bank by one unit leads to an increase in Iraqi 

banks deposits by 0.534 units, due to this variable being in a positive relationship with the 

response variable. This variable has a significant effect on Iraqi banks deposits. 

The rest independent variables (𝑥1𝑗 the profit of the bank, 𝑥6𝑗 the number of debit cards 

issued by the bank, 𝑥7𝑗 the advertising expenses of the bank) have insignificant effect on Iraqi 

banks’ deposits.  

 

5.2. Variable selection  

 

In Bayesian approach, there are thousands of estimations for the model parameters via 

thousands of iterations (Gramacy and Lee, 2008). In this paper, the estimated coefficients are 

compared with the interval (-1, 1) for computing the probability value for each estimated 

coefficient. If the probability value for the estimated coefficient out of the interval (-1,1) is 

greater than 0.5, this means that the independent variable have importance in the model. If it is 

less than 0.5, this means the independent variables have not importance in the model (Reed, 

2011). 
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Table (3): The Probability value of each variable in the quantile regression model 

 

The probability 

Variables Low quantile level =0.30 Middle quantile level=0.60 High quantile level=0.90 

𝑥1 0.43 0.32 0.69 

𝑥2 0.29 0.51 0.74 

𝑥3 0.68 0.60 0.68 

𝑥4 0.57 0.48 0.57 

𝑥5 0.84 0.29 0.92 

𝑥6 0.12 0.18 0.22 

𝑥7 0.41 0.44 0.34 

𝑥8 0.26 0.19 0.57 

 

5.2.1. At low quantile level (0.30) 

 

From table (3), we see three independent variables have probability values greater than 0.5, 

this indicator shows these independent variables (𝑥3𝑗 the number of bank branches, 𝑥4𝑗 the 

bank’s age, 𝑥5𝑗 the bank’s interest rate) have importance in the construction of the quantile 

regression model at the low quantile level (0.30). 

 

5.2.2. At middle quantile level (0.60) 

 

From table (3) at a middle quantile level (0.60), we see two independent variables (𝑥2𝑗 the 

bank reserve, 𝑥3𝑗 the number of bank branches) have importance in the construction of the 

quantile regression model because these independent variables have a probability value greater 

than 0.5. 

 

5.2.3. At high quantile level (0.90) 

 

At high quantile level (0.90), there are six independent variables having probability values 

greater than 0.5. From this result, the independent variables (𝑥1𝑗 the profit of the bank, 𝑥2𝑗 the 

bank reserve, 𝑥3𝑗 the number of bank branches, 𝑥4𝑗 the bank’s age, 𝑥5𝑗 the bank’s interest rate, 

𝑥8𝑗 the number of the customers of the bank) have high ability in building of a quantile 

regression model at a quantile level of 0.90. The figure 2 provides us clear a vision about 

probability values for each independent variables via three quantile levels. 
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Figure 2: The probability value for each independent variable via three quantile 

levels - at 0.30 (gray line), at 0.60 (black line ) and at 0.90 (blue line) 

  

6. Conclusions 

 

To obtain the whole distribution of the relationship between the response variable and its 

independent variableswe will use the quantile regression model via three quantile levels. In this 

paper, we conclude that the quantile regression model at a high quantile level (0.90) is the best 

model in representation of the data under study. The quantile regression model at the low 

quantile level (0.30) came in second and the quantile regression model at the middle quantile 

level (0.60) came in third. This conclusion is built according to the amount of the pseudo-R 

squared. 

To compare the significant variables via three quantile levels. We see the (𝑥2,𝑥3,𝑥6) have 

significant effect on the response variable at quantile level (0.30). At quantile level (0.60) there 

are two independent variables (𝑥5, 𝑥6) that have significant effect on the response variable and 

(𝑥2,𝑥3,𝑥4, 𝑥5, 𝑥7) have significant effect on response variable at quantile level (0.90).  

We see the independent variable 𝑥6 has a significant effect on the response variable at both 

quantile levels (0.30) and (0.60). Also, we see that (𝑥2,𝑥3) have a significant effect on the 

response variable at both quantile levels (0.30) and (0.90). The independent variable 𝑥5 has a 

significant effect on the response variable at both quantile levels (0. 60) and (0.90). We 

conclude the the independent variables (𝑥6, 𝑥2,𝑥3, 𝑥5 ) have high significant effect on the 

response variable (Iraqi banks’ deposits). 

The important independent variables in the construction of a quantile regression model are 

described as follows via three quantile levels. 
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At a level of 0.30: 

𝑋5: The bank’s interest rate with probability (0.84). 

𝑋3: The number of bank branches with probability (0.68). 

𝑋4: The bank, age with probability (0.57) 

There are three independent variables (𝑋5 the bank’s interest rate, 𝑋3 the number of bank 

branches and 𝑋4 the bank’s age) that have importance in the construction of the quantile 

regression model at the low quantile level (0.30). The rest of the independent variables do not 

have importance in quantile regression at the same level, therefore, it is possible to remove 

them from the model. 

At a level of 0.60: 

𝑋3: The number of bank branches with probability (0.60). 

𝑋2: The bank’s reserve with probability (0.51). 

There are two independent variables (𝑋3 the number of bank branches and 𝑋2 the bank’s 

reserve) which have importance in quantile regression at middle quantile level (0.60). The rest 

of the variables do not have importance in quantile regression at the same level, therefore, it is 

possible to remove them from the model. 

At a level of 0.90: 

𝑋5: The bank’s interest rate with probability (0.92). 

𝑋2: The bank’s reserve with probability (0.51). 

𝑋1: The profit of the bank with probability (0.69). 

𝑋3: The number of bank branches with probability (0.68). 

𝑋4: The bank’s age with probability (0.57). 

𝑋8: The number of customers of the bank with probability (0.57). 

There are six independent variables (𝑋5 the bank’s interest rate, 𝑋2 the bank’s reserve, 𝑋1 

the profits of the bank, 𝑋3 the number of bank branches, 𝑋4 the bank’s age and 𝑋8 the number 

of customers of the bank) which have importance in quantile regression at high quantile level 

(0.90). The rest of the variables are not important in quantile regression at the same level. 

Therefore, it is possible to remove them from the model. 

We see the independent variable (𝑋3: the number of bank branches) has impact  in building 

the quantile regression via three quantile levels. But the two independent variables (𝑥6𝑗: the 

number of debit cards, 𝑥7𝑗: the advertising expenditures) are unimportant in building quantile 

regression model via three quantile levels. Therefore, we can cancel these independent 

variables from quantile regression models under study. 
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