
NeuroQuantology | February 2022 | Volume 20 | Issue 2 | Page 173-179 | doi: 10.14704/nq.2022.20.2.NQ22269 

Murtadha Jaafar Aloqaili et al / Bayesian Composite Quantile Regression with Composite Group Bridge Penalty 

eISSN 1303-5150 
 

www.neuroquantology.com 
 

173 

 
 

 
 
 

Bayesian Composite Quantile Regression with 
Composite Group Bridge Penalty 

 
 

Murtadha Jaafar Aloqaili1*, Rahim Alhamzawi2 
 
Abstract  

We study composite quantile regression (CQReg) with composite group bridge penalty for model selection and 
estimation. Compared to conventional mean regression, composite quantile regression (CQR) is an efficient and robust 
estimation approach. A simple and efficient algorithm was developed for posterior inference using a pseudo composite 
asymmetric Laplace distribution which can be formulated as a location-scale mixture of normals. The composite group 
bridge priors were formulated as a scale mixture of multivariate uniforms. We assess the performance of the proposed 
method using simulation studies, and demonstrate it with an air pollution data. Results indicated that our approach 
performs very well compared to the existing approaches.  
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Introduction 

Standard mean regression considers the conditional 
expectation of the dependent variable 𝑦 =  (𝑦1,· · ·
 , 𝑦𝑛)′ given a matrix of covariates 𝑋 = (𝑥1,· · ·

 , 𝑥𝑛), where 𝑥𝑖 =  (𝑥𝑖1,· · · ,  𝑥𝑖𝑝)
′
.  However, the 

standard mean regression is very sensitive to the 
non-normal errors as well as to the outliers in the 
data, which are common in many applications 
(Koenker and Bassett, 1978; Yu and Moyeed, 2001). 
Quantile regression (QReg) has raised as a valuable 
extension to standard mean regression and puts 
very minimal conditions on the errors and thus is 
able to accommodate non-normal error 
distributions.  In addition, QReg is more robust to 
outliers than standard mean regression (Koenker, 
2005). However, Zou and Yuan (2008) indicated that 
QReg can result in an arbitrarily small relative 
efficiency compared to the standard mean 
regression. To improve the efficiency, Zou and Yuan 
(2008) proposed composite quantile regression 
(CQReg) estimation which can draw information of 
multiple quantiles together to provide a set of robust 

estimates, and they pointed out that CQReg can 
deliver estimation efficiency gains over a single 
QReg. Since its inception by Zou and Yuan (2008), 
CQReg has been the subject of considerable 
theoretical interest as well as a great body of 
applications in many fields such as econometrics, 
biomedical studies, survival analysis, microarray 
study, and growth chart (Alhamzawi, 2016; Tian et 
al., 2016; Alhamzawi et al., 2011; Alhamzawi and Ali, 
2017). 
In a QReg setup, we have the following model: 

𝑦𝑖 =  𝑏𝜃  +  𝑥𝑖
′𝛽 + 𝜖i, 𝑖 =  1,· · · , 𝑛    and  𝜃 ∈ (0, 1), (1) 

where bθ is the quantile intercept, 𝛽 =  (𝛽1,· · ·

 , 𝛽𝑝)
′
 and ϵi’s are independent with their θth 

quantiles equal to 0. Denote 0 < θ1 < θ2 < · · · < θK < 1, 
where θk = k/(K + 1). The CQReg estimators of bθ = 
(bθ1, · · ·, bθK) and β can be estimated as follows (Zou 
and Yuan, 2008) 

𝑏𝜃1
, … , 𝑏𝜃𝑘

,   (2) 

min  ∑{∑ 𝜌𝜃𝑘

𝑛

𝑖=1

𝑘

𝑘=1

(𝑦𝑖 − 𝑏𝜃𝑘
− 𝑥𝑖

′𝛽)} 
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where 𝜌𝜃(𝑤)  =  𝑤𝜃 − 𝑤𝐼 (𝑤 ≤  0) is the quantile 
check (loss) function and I(.) is the indicator 
function. Although the asymptotic theory for CQReg 
has been well developed (Zou and Yuan, 2008; 
Bradic et al., 2011), a Bayesian solution allows fit 
inference even if n is relatively small. Huang and 
Chen (2015) and Alhamzawi (2016) proposed 
Bayesian formulations of CQReg using the 
asymmetric Laplace distribution (ALD) for the error 
distribution and drawing β from its posterior using 
Gibbs samplers. Similar formulations were also 
proposed by Tian et al. (2016), Tian et al. (2017), 
and Tian et al. (2021). An important problem in 
building a CQReg model is the selection of active 
covariates. The prediction exactness can often be 
increased by selecting a suitable subset of 
covariates. The first use of regularization in CQR is 
made by Zou and Yuan (2008), which put the lasso 
penalty on the regression coefficients vector β to 
shrink the inactive covariates toward zero. From a 
Bayesian counterpart, Huang and Chen (2015) 
proposed a Bayesian CQReg with a lasso penalty. 

In this paper, we consider the composite quantile 
regression with composite group bridge penalty. 
Empirical evidence of the attraction of the proposed 
approach is demonstrated by ex- tensive simulation 
studies and real data analysis. 

 
 

Methods 

1. Asymmetric Laplace distribution (ALD) 

Following Yu and Moyeed (2001), we consider the 
linear regression model in (1) and assume that the 
error term 𝜖𝑖 has the asymmetric Laplace 
distribution with density 

f (y|µ, σ) =
𝜃(1−𝜃)

𝜎
 exp{−

𝜌𝜃(𝑦−𝜇)

𝜎
},       (3) 

where σ is the scale parameter and µ is the location 
parameter. Under this assumption, minimizing the 
CQReg check function (2) is equivalent to 
maximizing the likelihood function of the above ALD 
(Alhamzawi, 2016). 
 

2. Mixture Representation 

An attractive feature of the ALD is that it can be 
written as a Gaussian distribution conditional on a 
mixing latent exponential variable (Kozumi and 
Kobayashi, 2011; Alhamzawi and Yu, 2012). 
Specifically, the scale mixture of Gaussian 
distribution of model (1) can be written as: 

yi = bθ + xJ
iβ + ξwi + √2σwizi , i = 1,· · · , n and θ ∈

(0, 1),     (4) 

where ξ=1−2θ, wi∼ Exp (
θ(1−θ)

σ
) and wi, zi are iid 

(independent and identically distributed). Hence, 
the resulting conditional distribution of yi is 
Gaussian distributed with mean bθ + xJ

iβ + ξwi and 

variance 2σwi  the joint likelihood of the complete 
data     {y, X, w}, where w = (w1, · · · , wn), is given by 

 

   (5) 
 
CQR with Composite Group Bridge Penalty 

Following Seetharaman (2013), we propose the 
composite group bridge CQReg estimator, which 
solves the following: 

 

 

  (6) 
 
where 0< α ≤ 1 and 0 < γ ≤ 1 are the concavity 
parameters. 
 

     (7) 
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which can be written as a scale mixture of uniform: 
𝛽𝑔|𝑢𝑔, 𝛼 ∼ Multivariate Uniform(Ω𝑔) independently 

for 𝑔 =1, · · ·, G, 

where Ω𝑔 =  

 
Then the conditional distribution of  𝛽 is 

  

 (8) 
 
To proceed with Bayesian analysis, we assume the 
following priors for λ1,· · ·, λG ∼∏ Gamma(𝑎, 𝑏),𝐺

𝑔=1

 
𝛼 

∼ 𝐵𝑒𝑡𝑎(𝑐, 𝑑), 𝛾∼ 𝐵𝑒𝑡𝑎(𝑒, 𝑓 ), and 𝜎 ∼ 𝐺𝑎𝑚𝑚𝑎(𝑟, 𝛿) 
where 𝑎, 𝑏, 𝑐, 𝑑, 𝑒, 𝑓, 𝑟 and 𝛿 are hyperparameters. 
To proceed with Bayesian analysis, we assume the 
following priors for λ1,· · ·, λG ∼∏ Gamma(𝑎, 𝑏),𝐺

𝑔=1

 
𝛼 

∼ 𝐵𝑒𝑡𝑎(𝑐, 𝑑), 𝛾∼ 𝐵𝑒𝑡𝑎(𝑒, 𝑓 ), and 𝜎  𝐺𝑎𝑚𝑚𝑎(𝑟, 𝛿) 
where 𝑎, 𝑏, 𝑐, 𝑑, 𝑒, 𝑓, 𝑟 and 𝛿 are hyperparameters. 
 

1. Bayesian Hierarchical Modeling 

The Bayesian hierarchical model corresponding to 
the minimization problem in (6) is given by: 

𝑦𝑖 = ∏(𝑏𝜃𝑘
+ 𝑥𝑖

′𝛽 + 𝜉𝑘𝑤𝑖𝑘 + √2𝜎𝑤𝑖𝑘𝜖𝑖)

𝑘

𝑘=1

,   𝑖

= 1, … , 𝑛, 

𝑤|𝜎 ~ ∏ ∏
θ𝑘(1 − θ𝑘)

𝜎

𝑛

𝑖=1

𝑘

𝑘=1

exp (
θ𝑘(1 − θ𝑘)

𝜎
𝑤𝑖𝑘) 

𝜖~ ∏ 𝑁(0,1),

𝑛

𝑖=1

 

 𝛽
𝑔

|𝑢𝑔, 𝛼 ∼ Multivariate Uniform (Ω𝑔) 

independently for 𝑔 = 1, · · · , G, 

Where Ω𝑔 =  {𝛽𝑔 ∈  ℝ𝑚𝑔 : ∑ |𝛽𝑔𝑗|𝛾𝑚𝑔

𝑗=1
 < 𝑢𝑔

1

𝛼}, (9) 

𝑢1, … , 𝑢𝐺|𝜆1, … , 𝜆𝐺 , 𝛼, 𝛾~ ∏ 𝐺𝑎𝑚𝑚𝑎 (
𝑚𝑔

𝛼
+ 1, 𝜆𝑔) ,

𝐺

𝑔=1

 

𝜆1,· · ·, 𝜆𝐺  ~ ∏ Gamma(𝑎, 𝑏)

𝐺

𝑔=1

 

𝛼 ∼  𝐵𝑒𝑡𝑎 (𝑐, 𝑑),  
𝛾 ∼  𝐵𝑒𝑡𝑎 (𝑒, 𝑓), 
𝜎 ∼  𝐺𝑎𝑚𝑚𝑎 (𝑟, 𝛿), 
The MCMC algorithm for the above-proposed 
method can be obtained as described in Section 3.2. 
 

2. Bayesian Sampler 

It is straightforward to see that the full conditional 
posteriors can be derived using simple algebra for 

the prior specification and the parameters of 
interest (bθ, 𝜷, 𝝈, 𝒘, 𝒖, 𝝀, 𝜶) can be sampled as listed 
below: 

1. Sample     𝛽|. 𝑁𝑝(𝛽, 𝐵) ∏ 𝐼𝐺
𝑔=1 {∑ |𝛽𝑔𝑗|

𝛾𝑚𝑔

𝑗=1
<

 𝑢𝑔

1

𝛼 }, 𝑤ℎ𝑒𝑟𝑒 

𝐵−1 =  (∑ ∑
𝑥𝑖𝑥𝑖

′

2𝜎𝑤𝑖𝑘

𝐾

𝑘=1

𝑛

𝑖=1

) 𝑎𝑛𝑑, 

𝛽 = 𝐵 (∑ ∑
𝑥𝑖(𝑦𝑖 − 𝑏𝜃𝑘 − 𝑥𝑖

′𝛽 − 𝜉𝑘𝑤𝑖𝑘)

2𝜎𝑤𝑖𝑘

𝐾

𝑘=1

𝑛

𝑖=1

) 

2. Sample  𝑏𝜃𝑘  | . ~ 𝑁 (
∑ (𝑦𝑖−𝑏𝜃𝑘−𝑥𝑖

′𝛽−𝜉𝑘𝑤𝑖𝑘) 2𝜎𝑤𝑖𝑘⁄𝑛
𝑖=1

∑ 1 2𝜎𝑤𝑖𝑘⁄𝑛
𝑖=1

,
1

∑ 1 2𝜎𝑤𝑖𝑘⁄𝑛
𝑖=1

)   

3. Sample  𝑤𝑖𝑘 |.~ inverse Gaussian 

(
1

2𝜎
 , √

1

(𝑦𝑖−𝑏𝜃𝑘−𝑥𝑖
′𝛽)2) 

4. Sample 𝜎|. ~ inverse Gamma (
3𝑛𝐾

2
+

𝑟,
1

2
∑ ∑

(𝑦𝑖−𝑏𝜃𝑘−𝑥𝑖
′𝛽−𝜉𝑘𝑤𝑖𝑘)2

2𝑤𝑖𝑘

𝐾
𝑘=1

𝑛
𝑖=1 +

∑ ∑ 𝜃𝑘(1 − 𝜃𝑘)𝐾
𝑘=1

𝑛
𝑖=1  𝑤𝑖𝑘 + 𝛿) 

5. Sample 𝑢|. ~ ∏ 𝐸𝑥𝑝𝑜𝑛𝑒𝑛𝑡𝑖𝑎𝑙 (𝜆𝑔)𝐼{𝑢𝑔
𝐺
𝑔=1 >

(∑ |𝛽𝑔𝑗|
𝛾𝑚𝑔

𝑗=1
)

𝛼
} 

6. Sample 𝜆|. ~ ∏ 𝐺𝑎𝑚𝑚𝑎 (𝑎 +
𝑚𝑔

𝛼
, 𝑏 +𝐺

𝑔=1

(∑ |𝛽𝑔𝑗|
𝛾𝑚𝑔

𝑗=1
)

𝛼
)  

7. Sample 

𝛼|. ~ 
𝛼𝑐−1(1−𝛼)𝑑−1

{Γ(
1

𝛾
 +1)}

𝑝  ∏
𝜆𝑔

𝑚𝑔 𝛼⁄
 Γ(

𝑚𝑔

𝛾
+1)

 Γ(
𝑚𝑔

𝛾
+1)

exp(𝐺
𝑔=1 −

∑ 𝜆𝑔
𝐺
𝑔=1 (∑ |𝛽𝑔𝑗|

𝛾𝑚𝑔

𝑗=1
)

𝛼
)  Which has no closed-

form. Since 𝑝(𝛼|. ) is a log-concave, we update 𝛼 
using Adaptive Rejection Sampling (ARS, 
Gilks,1992). 

8. Sample 𝛾|. ~ 
𝛾𝑒−1(1−𝛾)𝑓−1

{Γ(
1

𝛾
 +1)}

𝑝  ∏
𝜆𝑔

𝑚𝑔 𝛼⁄
 Γ(

𝑚𝑔

𝛾
+1)

 Γ(
𝑚𝑔

𝛾
+1)

𝐺
𝑔=1  exp 

(− ∑ 𝜆𝑔
𝐺
𝑔=1 (∑ |𝛽𝑔𝑗|

𝛾𝑚𝑔

𝑗=1
)

𝛼
),  
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Which has no closed-form. Since 𝑝(𝛾|. ) is a log-
concave, we update 𝛾 using Adaptive Rejection 
Sampling (ARS, Gilks,1992). 
 

Simulation Studies 

We consider four simulation examples. The first one 
is similar to Simulation 5 (Li et al., 2010), which 
corresponds to the case a group can be either all 
zero, all nonzero, or partly zero. The second 
simulation is similar to Simulation 1 with a strong 
level of correlation. The third simulation study 
corresponds to the case where the coefficients in 
each group are either all nonzero or all zero. The 
fourth simulation is similar to Simulation 3 with 
large p and small n case. We illustrate the 
performance of Bayesian group Bridge CQR with 
composite group bridge penalty (BCQR) with 
comparison to the lasso CQR (LCQR, Zou and Yuan, 
2008), Bayesian lasso CQR (BLCQR, Huang and Chen, 
2015) and Bayesian group bridge regression (BgBR, 
Mallick and Yi, 2018). 

Simulation 1 (‘Not-All-In-All-Out’) 

The data in this simulation example is generated by 
yi = xJiβ + 𝜖i            (10) 

where 𝜖i’s have the 𝜃th quantile equal to 0 and 𝛽 = 
((−1.2, 1.8, 0), (0, 0, 0), (0.5, 1, 0), (0, 0, 0), (1, 1, 0)), 
which corresponds to the situation with group 
structures in the covariates. The covariates in (10) 
are simulated independently from 𝑁 (0, 𝛴), where 
the (𝑖, 𝑗)th element of Σ is 𝜌|𝑖−𝑗| and 𝜌 = 0.5. We 
generated 𝜖i from three different densities: 𝑁 (µ, 9), 
with µ chosen so that the θth quantile is 0, a 𝑡(3) 
distribution with 3 degrees of freedom (df), and 𝑥(3)

2  

distribution with 3 df. We run 100 replications. In 
each replication, we simulate a training set with 30 
observations and a testing set with 200 
observations. The results are presented in Table 1, 
which show that the proposed method BCQR yields 
better prediction accuracy than the lasso CQR, 
Bayesian lasso CQR, and Bayesian group bridge 
regression. 

 
Table 1. Median of mean absolute deviations (MMAD) with the standard deviations of MAD for Example 1. 

 
Error 

N (0, 9) t(3) 𝑥(3)
2  

Method nT MMAD SD MMAD SD MMAD SD 

LCQR 20 1.574 1.401 1.594 1.421 1.846 1.910 

BLCQR 20 1.566 1.384 1.570 1.416 1.929 2.359 

BgBR 20 1.582 1.396 1.433 1.353 1.676 1.783 

BCQR 20 1.427 1.341 1.507 1.388 1.417 2.089 

LCQR 50 1.558 1.785 1.578 1.721 1.637 1.739 

BLCQR 50 1.528 2.185 1.489 2.057 1.519 1.995 

BgBR 50 1.427 1.660 1.433 1.592 1.464 1.58 

BCQR 50 1.423 1.939 1.431 1.826 1.457 1.793 

LCQR 100 1.461 1.682 1.414 1.626 1.430 1.622 

BLCQR 100 1.334 1.916 1.280 1.836 1.287 1.79 

BgBR 100 1.284 1.532 1.225 1.481 1.232 1.465 

BCQR 100 1.266 1.725 1.200 1.659 1.122 1.607 

LCQR 200 1.255 1.593 1.197 1.551 1.209 1.531 

BLCQR 200 1.125 1.749 1.056 1.697 1.072 1.654 

BgBR 200 1.083 1.441 1.021 1.402 1.031 1.376 

BCQR 200 1.053 1.570 0.969 1.527 0.973 1.485 

 
Simulation 2 (‘High Correlation Example’) 

This simulation is the same as the first simulation 
except we set 𝜌 = 0.95. The results are presented in 

Table 2, which clearly show that the proposed 
method BCQR yields better prediction accuracy than 
the lasso CQR, Bayesian lasso CQR, and Bayesian 
group bridge regression. 
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Table 2. Median of mean absolute deviations (MMAD) with the standard deviations of MAD for Example 2 

 
Error 

N (0, 9) t(3) 𝑥(3)
2  

Method nT MMAD SD MMAD SD MMAD SD 
LCQR 20 1.532 1.456 1.796 2.004 2.181 3.095 
BLCQR 20 1.527 1.398 1.776 1.956 2.301 3.539 
BgBR 20 1.248 1.091 1.234 1.416 1.364 1.657 
BCQR 20 1.300 1.280 1.196 1.573 1.327 1.794 
LCQR 50 1.675 2.857 1.607 2.645 1.644 2.552 
BLCQR 50 1.723 3.270 1.717 3.039 1.674 2.883 
BgBR 50 1.081 1.539 1.300 1.466 1.394 1.417 
BCQR 50 1.011 1.677 1.296 1.612 1.270 1.551 
LCQR 100 1.234 2.187 1.203 2.118 1.211 2.062 
BLCQR 100 1.110 2.454 1.073 2.370 1.047 2.293 
BgBR 100 0.855 1.245 0.836 1.215 0.822 1.186 
BCQR 100 0.920 1.369 0.825 1.329 0.818 1.106 
LCQR 200 1.234 2.187 1.203 2.118 1.211 2.062 
BLCQR 200 1.110 2.454 1.073 2.370 1.047 2.293 
BgBR 200 0.855 1.245 0.836 1.215 0.822 1.186 
BCQR 200 0.823 1.169 0.825 1.329 0.818 1.296 

 
Simulation 3 (‘All-In-All-Out’) 

This simulation is the same as the first simulation 
except we set the coefficients in each group are 
either all nonzero or all zero. We set β = ((−1.2, 1.8, 
1), (0, 0, 0), (0.5, 1, 1.5), (0, 0, 0), (1, 1, 1)), which 

leads to a ‘All-In-All-Out’ scenario. The results are 
presented in Table 3, which show that the proposed 
method BCQR yields better prediction accuracy than 
the lasso CQR, Bayesian lasso CQR, and Bayesian 
group bridge regression. 

 
Table 3. Median of mean absolute deviations (MMAD) with the standard deviations of MAD for Example 3. 

 
Error 

N (0, 9) t(3) 𝑥(3)
2  

Method nT MMAD SD MMAD SD MMAD SD 
LCQR 20 1.345 1.545 1.721 1.977 1.976 2.249 
BLCQR 20 1.466 1.616 1.836 2.074 2.127 2.555 
BgBR 20 1.541 1.511 1.696 1.658 1.799 1.705 
BCQR 20 1.336 1.583 1.641 1.901 1.732 2.242 
LCQR 50 1.578 2.096 1.588 2.004 1.621 1.967 
BLCQR 50 1.589 2.382 1.592 2.238 1.637 2.154 
BgBR 50 1.468 1.612 1.472 1.579 1.497 1.569 
BCQR 50 1.455 2.092 1.465 1.969 1.446 1.932 
LCQR 100 1.425 1.892 1.425 1.840 1.477 1.839 
BLCQR 100 1.396 2.075 1.363 1.999 1.381 1.942 
BgBR 100 1.294 1.524 1.277 1.495 1.305 1.485 
BCQR 100 1.234 1.864 1.251 1.792 1.248 1.746 
LCQR 200 1.302 1.799 1.225 1.750 1.237 1.717 
BLCQR 200 1.211 1.896 1.128 1.840 1.129 1.79 
BgBR 200 1.153 1.46 1.070 1.423 1.081 1.395 
BCQR 200 1.118 1.701 1.034 1.653 1.035 1.608 

 
Simulation 4 (‘Large p Small n Problem’) 

This simulation is the same as the third simulation 
study except we set the coefficients as β = ((1, 2, 3, 4, 

5, 6), 0, (0.2, 0.4, 0.6, 0.8, 1.0, 1.2), 0, 0, 0, 0, 0, 0, 0, 0, 
0, 0, 0, 0), where 0 is a vector of length 5 with entry 
equal to 0. The results are presented in Table 4, 
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which show that the proposed method BCQR yields 
better prediction accuracy than the lasso CQR, 

Bayesian lasso CQR, and Bayesian group bridge 
regression. 

 
Table 4. Median of mean absolute deviations (MMAD) with the standard deviations of MAD for Example 4 

 
Error 

N (0, 9) t(3) 𝑥(3)
2  

Method nT MMAD SD MMAD SD MMAD SD 
LCQR 20 0.826 0.825 0.884 1.007 0.884 1.116 
BLCQR 20 1.778 2.489 1.633 2.393 1.784 2.537 
BgBR 20 0.775 0.89 0.775 1.056 1.032 1.169 
BCQR 20 0.775 1.24 0.723 1.586 0.784 1.666 
LCQR 50 0.796 1.049 0.821 1.013 0.826 0.999 
BLCQR 50 1.470 2.339 1.348 2.182 1.348 2.153 
BgBR 50 0.965 1.141 0.969 1.054 0.988 1.061 
BCQR 50 0.792 1.535 0.903 1.045 0.923 1.453 
LCQR 100 0.797 0.976 0.822 0.956 0.836 0.942 
BLCQR 100 1.244 2.048 1.161 1.965 1.113 1.891 
BgBR 100 0.917 1.022 0.813 0.998 0.791 0.982 
BCQR 100 0.775 1.384 0.811 0.935 0.936 1.303 
LCQR 200 0.796 0.933 0.794 0.918 0.794 0.911 
BLCQR 200 1.049 1.831 0.942 1.769 0.985 1.714 
BgBR 200 0.797 0.955 0.789 0.931 0.735 0.926 
BCQR 200 0.785 1.261 0.738 1.226 0.728 1.192 

 
Diabetes Data 

This data was used to illustrate the LARS algorithm 
by Efron et al. (2004).  The outcome of interest is 
measuring the disease progression one year after 
baseline. There are ten baseline covariates: age, sex, 
body mass, blood pressure as well as six blood 
serum measurements (denoted as tc, ldl, hdl, tch,ltg, 
glu). 10-fold cross validation was used to analyze the 
diabetes Data. Table 5 lists the results of a median of 
mean squared prediction errors (MMSE) and their 
standard deviations (SD). 
 
Table 5. Diabetes data analysis: MMSE based on 10-fold cross-
validation. SD of the MSEs is also reported. 

Method MMSE SD 
LCQR 21.4381 1.9233 
BLCQR 22.9729 1.9327 
BGBR 21.9983 1.7553 
BCQR 21.4076 1.7198 

 
From Table 5, we can observe that the Bayesian 
composite quantile regression with composite 
group bridge penalty produces the lowest 
prediction errors. We also see that the prediction 
error of lasso CQR is lower than that of Bayesian 
lasso CQR and Bayesian group bridge regression. 
 

Conclusion 

In this paper, we have proposed a Bayesian 
hierarchical model for composite quantile 
regression with composite group bridge penalty. 
This Bayesian hierarchical model leads to a Gibbs 
sampler with tractable full conditional posterior 
distributions. We illustrated the advantages of the 
Bayesian composite quantile regression with the 
composite group bridge penalty method on both 
simulated and real data examples. Results indicate 
that the proposed method performs better than 
lasso CQR, Bayesian lasso CQR, and Bayesian group 
bridge regression. 
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