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Abstract. We introduce Quantile Boost (QBoost) algorithms which
predict conditional quantiles of the interested response for regression and
binary classification. Quantile Boost Regression (QBR) performs gradi-
ent descent in functional space to minimize the objective function used
by quantile regression (QReg). In the classification scenario, the class
label is defined via a hidden variable, and the quantiles of the class la-
bel are estimated by fitting the corresponding quantiles of the hidden
variable. An equivalent form of the definition of quantile is introduced,
whose smoothed version is employed as the objective function, which is
maximized by gradient ascent in functional space to get the Quantile
Boost Classification (QBC) algorithm. Extensive experiments show that
QBoost performs better than the original QReg and other alternatives
for regression and classification. Furthermore, QBoost is more robust to
noisy predictors.

Keywords: Boosting, Quantile Regression, Classification.

1 Introduction

Least square regression aims to estimate the conditional expectation of the re-
sponse Y given the predictor (vector) x, i.e., E(Y |x). However, the mean value
(or the conditional expectation) is sensitive to the outliers of the data [12]. There-
fore, if the data is not homogeneously distributed, we expect the least square
regression gives us a poor prediction.

The τ -th quantile of a distribution is defined as the value such that there is
100τ% of mass on the left side of it. Compared to the mean value, quantiles are
more robust to outliers [12]. For a random variable Y , it can be proved [11] that

Qτ (Y ) = argmin
c

EY [ρτ (Y − c)],

where Qτ (Y ) is the τ -th quantile of Y , ρτ (r) is the “check function” [12] defined
by

ρτ (r) = rI(r ≥ 0) − (1 − τ)r, (1)

where I(·) = 1 if the condition is true, otherwise I(·) = 0.
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Given data {(xi, Yi), i = 1, · · · , n}, with predictor xi ∈ Rd and response Yi ∈
R, let the τ -th conditional quantile of Y given x be f(x). Similar to least square
regression, quantile regression (QReg) [12] aims at estimating the conditional
quantiles of the response given predictor vector x and can be summarized as

f∗(·) = arg min
f

1
n

n∑

i=1

ρτ (Yi − f(xi)) , (2)

which can be solved by linear programming algorithms [12] or MM algorithms
[11]. However, when the predictor x is in high dimensional space, the aforemen-
tioned optimization methods for QReg might be inefficient. High dimension prob-
lems are ubiquitous in applications, e.g., image analysis, gene sequence analysis,
to name a few. To the best of our knowledge, the problem of high dimensional
predictor is not sufficiently addressed in quantile regression literature.

Motivated by the basic idea of gradient boosting algorithms [8], we propose
to estimate the quantile regression function by minimizing the objective func-
tion in Eqn. (2) with functional gradient descent. In each step, we approximate
the negative gradient of the objective function by a base function, and grow the
model along that direction. This results Quantile Boost Regression (QBR) algo-
rithm. In the binary classification scenario, we define the class label via a hidden
variable, and the quantiles of the class label can be estimated by fitting the cor-
responding quantiles of the hidden variable. An equivalent form of the definition
of quantile is introduced, whose smoothed version is employed as the objective
function for classification. Similar to QBR, functional gradient ascent is applied
to maximize the objective function, yielding the Quantile Boost Classification
(QBC) algorithm. The obtained Quantile Boost (QBoost) algorithms are com-
putationally efficient and converge to a local optimum, more importantly, they
enable us to solve high dimensional problems efficiently.

The QBoost algorithms were tested extensively on publicly available datasets
for regression and classification. On the regression experiments, QBR performs
better than the original QReg in terms of check loss function. Moreover, the
comparative experiment on noisy data indicates that QBR is more robust to
noise. On classification problems, QBC was compared to binary QReg on a
public dataset, the result shows that QBC performs better than binary QReg
and is more robust to noisy predictors. On three high dimensional datasets from
bioinformatics, binary QReg is not applicable due to its expensive computation,
while QBC performs better than or similar to other alternatives in terms of 5
fold cross validation error rates. Furthermore, both QBC and QBR are able to
select the most informative variables, inheriting the feature selection ability of
boosting algorithm.

2 Boosting as Functional Gradient Descent

Boosting [7] is well known for its simplicity and good performance. The pow-
erful feature selection mechanism of boosting makes it suitable to work in high
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Algorithm 1. Generic Functional Gradient Descent
0: Initialize f [0](·) with

f [0](·) = arg min
c

1

n

n∑

i=1

l(Yi, c),

or set f [0](·) = 0, and set m = 0.
1: Increase m by 1. Compute the negative gradient − ∂

∂f
l(Y, f) and evaluate at

f [m−1](xi):

Ui = −∂l(Yi, f)

∂f

∣∣∣∣
f=f [m−1](xi)

, i = 1, · · · , n.

2: Fit the negative gradient vector U1, · · · , Un to x1, · · · ,xn by the base procedure
(e.g. the weak learner in AdaBoost):

{(xi, Ui), i = 1, · · · , n} −→ g[m](·).

3: Update the estimation by f [m](·) = f [m−1](·) + ηg[m](·), where η is a step-length
factor.

4: Check the stopping criterion, if not satisfied, go to step 1.

dimensional spaces. Friedman et al. [8,9] developed a general statistical frame-
work which yields a direct interpretation of boosting as a method for function
estimate, which is a “stage-wise, additive model”.

Consider the problem of function estimation

f∗(x) = argmin
f

E[l(Y, f(x))|x],

where l(·, ·) is a loss function which is typically differentiable and convex with re-
spect to the second argument. Estimating f∗(·) from the given data {(xi, Yi), i =
1, · · · , n} can be performed by minimizing the empirical loss n−1

∑n
i=1 l(Yi, f(xi))

and pursuing iterative steepest descent in functional space. This leads us to the
generic functional gradient descent algorithm [1,8] as shown in Algorithm 1.

Many boosting algorithms can be understood as functional gradient descent
with appropriate loss function. For example, if we choose l(Y, f) = exp(−(2Y −
1)f), we would recover AdaBoost [9]; if l(Y, f) = (Y − f)2/2 is used, we would
result in L2 Boost [2].

3 Quantile Boost for Regression

We consider the problem of estimating quantile regression function in the general
framework of functional gradient descent with the loss function

l(y, f) = ρτ (y − f) = (y − f)I(y − f ≥ 0) − (1 − τ)(y − f).

A direct application of Algorithm 1 yields the Quantile Boost Regression (QBR)
algorithm, which is shown as Algorithm 2.
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Algorithm 2. Quantile Boost Regression (QBR)
0: Given training data {(xi, Yi), i = 1, · · · , n} and the desired quantile value τ .
1: Initialize f [0](·) with

f [0](·) = τ -th quantile of (Y1, · · · , Yn),

or set f [0](·) = 0.
2: for m = 1 to M do
3: Compute the negative gradient − ∂

∂f
ρτ (Y − f) and evaluate at f [m−1](xi):

Ui = I(Yi − f [m−1](xi) ≥ 0) − (1 − τ ).

4: Fit the negative gradient vector U1, · · · , Un to x1, · · · ,xn by the base procedure

{(xi, Ui), i = 1, · · · , n} −→ g[m](·).

5: Update the estimation by f [m](·) = f [m−1](·)+ηg[m](·), where η is a step-length
factor.

6: end for
7: Output the estimated τ -th quantile function f [M](x).

Similar to [8], let the base procedure be h(x, a), where a is a parameter vector.
Then the fourth step can be performed by an ordinary least square regression:

am = argmin
a

n∑

i=1

[Ui − h(xi, a)]2 ,

hence the function g[m](x) = h(x, am) can be regarded as an approximation of
the negative gradient by the base procedure. In step 5, the step-length factor η
can be determined by line search

η = arg min
γ

n∑

i=1

ρτ

[
Yi − f [m−1](xi) − γg[m](xi)

]
.

However, line search algorithm is often time consuming, instead, in each iter-
ation, we update the fitted function f [m−1](·) by a fixed but small step along
the negative gradient direction. To guarantee the performance of the resulting
model, we fix η at a small value as suggested by [1,8]. Similar to AdaBoost,
QBR enables us to select most informative predictors if appropriate base learner
is employed, and this will be demonstrated experimentally in Section 5.1.

There is a large volume of literature applying boosting to regression problems,
for example, in [5,7,18], among others. However, all these methods estimate mean
value of the response, not quantiles. Langford et al. [15] proposed to use classifi-
cation technique in estimating the conditional quantile. For each given quantile
value, their method trains a set of classifiers {ct} for a series of t ∈ [0, 1], and
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the testing stage calculates the average of the outputs of the classifiers. There-
fore, compared to the proposed QBR algorithm, this method is time consuming.
Furthermore, it is not clear how to perform variable selection using the method
in [15].

4 Quantile Boost for Classification

This section generalizes the QBR algorithm for classification problems.

4.1 Predicting Quantiles for Classification

Consider the following model:

Y ∗ = h(x) + ε and Y = I{Y ∗ ≥ 0},

where Y ∗ is a continuous hidden variable, h(·) is the true model for Y ∗, ε is
a disturb, and Y is the observed label of the data. Let Qτ (Y ∗|x) be the τ -th
conditional quantile of Y ∗ given x, and let g(·) be a real nondecreasing function.
Clearly

P (Y ∗ ≥ y|x) = P (g(Y ∗) ≥ g(y)|x) ,

it follows that

g (Qτ (Y ∗|x)) = Qτ (g(Y ∗)|x). (3)

Since the indicator function I(t ≥ 0) is nondecreasing w.r.t. t, by Eqn. (3), we
have

I (Qτ (Y ∗|x) ≥ 0) = Qτ (I(Y ∗ ≥ 0)|x) = Qτ (Y |x),

that is, the conditional quantile function of Y can be obtained by fitting the cor-
responding conditional quantile of Y ∗. If we model the τ -th conditional quantile
of the latent variable Y ∗ by f(x, β) with β as the parameter vector, i.e.

Qτ (Y ∗|x) = f(x, β), (4)

it follows that the conditional quantile of the binary variable Y can be
modeled as

Qτ (Y |x) = I (f(x, β) ≥ 0) . (5)

From the relation Y = I(Y ∗ ≥ 0), it follows that

P (Y = 1|x) = P (Y ∗ ≥ 0|x) , (6)

while Eqn. (4) implies that

P (Y ∗ ≥ f(x, β)|x) = 1 − τ. (7)
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Thus, if f(x, β) = 0, combining Eqn. (6) and (7) yields

P (Y = 1|x) = P (Y ∗ ≥ 0|x) = P (Y ∗ ≥ f(x, β)|x) = 1 − τ ;

if f(x, β) > 0,

P (Y = 1|x) = P (Y ∗ ≥ 0|x) > P (Y ∗ ≥ f(x, β)|x) = 1 − τ.

In summary, we have the following relation:

P
(
Y = 1

∣∣∣f(x, β) � 0
)

� 1 − τ, (8)

which is an inequality of the posterior probability of response given the predictor
vector. Hence, if we make decision with cut-off posterior probability 1 − τ , we
need to fit a quantile regression model with quantile value τ . Once the model is
fit, i.e., the parameter vector β is estimated as b, we can make prediction by

Ŷ = I(f(x,b) ≥ 0),

where Ŷ is the predicted label for the predictor vector x.

4.2 Quantile Boost for Classification

To fit the model for the τ -th quantile of Y , i.e., to estimate the parameter vector
β in Eqn. (5), similar to QBR, the estimated parameter vector b can be obtained
by solving:

b = arg min
β

{
L(β) =

n∑

i=1

ρτ [Yi − I(f(x, β) ≥ 0)]

}
.

We can show (details are omitted due to space limit) that the above minimization
problem is equivalent to the following maximization problem [14]:

b = argmax
β

{
S(β) =

n∑

i=1

[Yi − (1 − τ)]I(f(x, β) ≥ 0)

}
. (9)

However, the function S(β) is not differentiable. To apply gradient based opti-
mization methods, we replace I(f(x, β) ≥ 0) by its smoothed version, solving

b = arg max
β

{
S(β, h) =

n∑

i=1

[Yi − (1 − τ)]K
(

f(x, β)
h

)}
, (10)

where h is a small positive value, and K(·) is smoothed version of the indicator
function I(t ≥ 0) with the following properties:

K(t) > 0, ∀t ∈ R, lim
t→∞K(t) = 1, lim

t→−∞ K(t) = 0.
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In this paper, we take K(·) as the standard normal cumulative distribution
function

Φ(z) =
∫ z

−∞
ϕ(t)dt with ϕ(z) =

1√
2π

e−
z2
2 . (11)

Let each term in the objective function (10) be

l(Y, f) = [Y − (1 − τ)]K (f/h) .

Following the general steps of functional gradient ascent, we obtain the Quantile
Boost Classification (QBC) algorithm as sketched in Algorithm 3. Similar to
QBR, the parameter η in QBC can be fixed at a small value instead of performing
a line search.

Algorithm 3. Quantile Boost Classification (QBC)
0: Given training data {(xi, Yi), i = 1, · · · , n} with Yi ∈ {0, 1}, and the desired quan-

tile value τ .
1: Initialize f [0](·) with f [0](·) = 0.
2: for m = 1 to M do
3: Compute the gradient ∂

∂f
l(Y, f) and evaluate at f [m−1](xi):

Ui =
Yi − (1 − τ )

h
K′

(
f [m−1](xi)

h

)

4: Fit the gradient vector U1, · · · , Un to x1, · · · ,xn by the base procedure:

{(xi, Ui), i = 1, · · · , n} −→ g[m](·).

5: Update the estimation by f [m](·) = f [m−1](·)+ηg[m](·), where η is a step-length
factor.

6: end for
7: Output the obtained classifier I(f [M](x) ≥ 0).

4.3 Related Works

Kordas et al. [13,14] proposed binary quantile regression to predict quantiles for
classification tasks. However, in binary QReg, simulated annealing algorithm is
employed to perform the optimization task. Although a local optimum is guar-
anteed, simulated annealing is well known for its expensive computation. While
QBC is based on gradient ascent, which yields a local maximum and converges
fast. Due to the expensive computation of simulated annealing, binary QReg
can only work in very low dimensional spaces. However, in applications, we
frequently face hundreds of, even thousands of predictors, and it is often de-
sired to find out the informative predictors. Clearly, in this case, binary QReg
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is not applicable. On the contrary, QBC is designed to work in high dimensional
spaces, and it enables us to select the most informative variables by using certain
types of base learner.

Hall et al. [10] proposed a median based classifier which works in high dimen-
sional space. For a given predictor vector, Hall et al. compares the L1 distances
from the new predictor vector to the component-wise medians of the positive and
negative examples in the training set, and assigns class label as the class with
the smaller L1 distance. Although computationally efficient, this simple nearest
neighbor like algorithm cannot perform variable selection as the proposed QBC
algorithm. The method proposed in [15] can also be applied to classification
tasks, however it is computationally more expensive than QBC, and it is not
clear how to select most informative predictors as well.

5 Experiments

This section tests the proposed QBoost algorithms on various regression and
classification problems. In the generic gradient descent/ascent algorithm, the
step size factor is of minor importance as long as it is small [1]. Thus, in all
the following experiments, the step size parameter of QBR and QBC is fixed at
η = 0.1.

5.1 Results of QBR

QBR was tested on five datasets from UCI machine learning repository: White
Wine Quality (size: 4898, dimension: 11), Red Wine Quality (size: 1599, di-
mension: 11), Forest Fire (size: 517, dimension: 12), Concrete Slump (size: 103,
dimension: 10), and Concrete Compressive (size: 1030, dimension: 9). The pre-
dictor variables and the response variables were normalized to be in [−1, 1]. The
original QReg was also tested on these datasets. To make the comparison be-
tween QBR and QReg fair, we used simple linear regression as base procedure
in QBR.

Table 1. The comparison between QReg and QBR on the 5 datasets from UCI machine
learning repository. The listed are the mean values of the check losses of the 500 runs,
and the standard deviations are listed in parentheses.

Dataset τ = 0.25 τ = 0.50 τ = 0.75
QReg QBR QReg QBR QReg QBR

Red Wine 19.71(1.11) 19.41(1.11) 24.30(1.06) 24.07(1.09) 19.40(0.81) 19.16(0.79)

White Wine 62.40(1.84) 62.23(1.91) 78.69(1.78) 78.60(1.92) 62.03(1.50) 61.78(1.64)

Forest Fire 4.97(0.54) 4.93(0.54) 10.04(0.82) 9.62(0.78) 9.56(0.92) 9.14(0.73)

concrete slump 0.74(0.14) 0.71(0.12) 1.00(0.17) 0.92(0.16) 0.95(0.19) 0.84(0.17)

concrete comp. 15.02(0.77) 14.91(0.79) 18.21(1.08) 18.17(1.00) 13.63(0.83) 13.52(0.77)



Boosting Based Conditional Quantile Estimation 75

To numerically evaluate the performances, in lack of the true quantile func-
tions for these datasets, we adopt the sum of the “check loss” on the testing set
as the error measure, which is defined as

L(τ) =
Ntest∑

i=1

ρτ (Yi − f̂τ (xi)),

where Ntest is the size of the testing set, and f̂τ (xi) is the predicted τ -th quantile
at xi. By the definition of quantile, the smaller the value of L(τ) is, the closer
the estimated quantile to the true value of quantile.

For each dataset, we randomly select 80% of the examples as training set, and
the remaining 20% as testing set. QBR and QReg are separately trained and
evaluated on these subsets. The partition-training-testing process is repeated
500 times. The means and the standard deviations of the 500 check losses are
calculated, as shown in Table 1. It is readily observed that in all experiments,
QBR uniformly achieves smaller average check loss compared to QReg, which
indicates that QBR estimates more accurately.

In our experiments, both QReg and QBR obtain a linear function of the
predictors. Since the predictors and response are normalized to be in [−1, 1], it
makes sense if we delete the variables with too small coefficients, thus performing
variable selection. 20 noisy predictors are added to the Concrete Slump data,
each is generated uniformly at random from [−1, 1]. These noisy predictors are
considered as noninformative, and the original predictors are informative to the
problem. Then we repeat the above experiment. In the obtained models, we
calculate the sum of the absolute values of all the coefficients. For any predictor,
if its coefficient absolute value is less than 1% of that sum, it is trimmed out.
We calculate the average numbers of the selected noisy predictors of QReg and
QBR over the 500 runs, the means and standard deviations of the check losses on
testing set are also calculated. Table 2 summarizes the results, from which it is
readily observed that for each quantile value, compared to QReg, QBR selects far
fewer noisy predictors while achieves smaller mean error. This experiment shows
that QBR is more robust to noisy predictors and keeps the variable selection
ability of boosting algorithm.

Table 2. Comparison between QReg and QBR on variable selection: see text for details

Method τ = 0.25 τ = 0.50 τ = 0.75
# of N. V. Error # of N. V. Error # of N. V. Error

QReg 8.13 0.99 (0.16) 6.97 1.38 (0.21) 9.69 1.28 (0.24)

QBR 1.04 0.97 (0.19) 0.63 1.14 (0.21) 0.98 1.27 (0.30)

The procedure of QBR enables us to select other forms of base learner, for
example, regression trees [8,9], and this provides us flexibility in certain appli-
cations. While it is not clear how to make use of other forms of regression in the
framework of the original QReg.
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5.2 Results of QBC

In our experiments for classification, we made decision at the cut-off posterior
probability 0.5, therefore we fit QBC with τ = 0.5. The standard normal cu-
mulative distribution function in Eqn. (11) was used as approximation to the
indicator function with h = 0.1. From our experience, QBC is not sensitive to
the value of h as long as h < 0.5. For the comparative purpose, since QBC is a
boosting based procedure, we mainly considered several popular boosting based
classifiers which include L2-Boost [2], AdaBoost [7], and LogitBoost [9]. We also
tested the Median Classifier [10] and compared the performance.

Results on Credit Score Data. We compare the result of QBC to that of
binary QReg [13] on the German bank credit score dataset which is available from
UCI machine learning repository. The dataset is of size 1000 with 300 positive
examples, each example has 20 predictors normalized to be in [−1, 1]. In [13],
only 8 predictors are preselected to fit the binary QReg due to the expensive
simulated annealing algorithm it employees in the optimization procedure.

To run QBC, we randomly split the whole dataset without variable pre-
selection into training set of size 800, and evaluate the learned QBC classifier
on the other 200 examples. The QBC training algorithm was ran for 100 itera-
tions using simple linear regression with only one predictor as base learner, by
this way, it is fair to compare the performance of QBC to that of binary QReg.
The splitting-training-testing process was repeated 500 times, and we report the
mean training and testing error rates in Table 5.2, which also lists the perfor-
mance of binary QReg from [13]. We see that QBC performs better than binary
QReg on both the training and testing set. This is due to the efficient compu-
tation of QBC which allows the algorithm to explore more predictors and thus
selects more informative ones.

In order to test the variable selection ability of QBC, 20 noisy predictors
generated from uniform distribution on [−1, 1] are added to the original dataset,

Table 3. Comparison between binary QReg and QBC on credit dataset. Clean means
the original dataset, and Noisy means 20 noisy predictors are added to the dataset.

Dataset QBC Binary QReg
Training Error Testing Error Training Error Testing Error

Clean 19.84% 24.47% 21.9% 26.5%

Noisy 22.53% 25.64% NA NA

Table 4. The testing errors of L2 Boost, AdaBoost, LogitBoost, QBC, and Median
Classifier on the credit dataset

Data L2 Boost AdaBoost LogitBoost QBC Median Classifier

Clean 28.68% 29.99% 28.81% 28.50% 35.04%

Noisy 31.92% 30.05% 32.68% 28.55% 38.94%
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Table 5. The 5-fold cross validation mean error rates of the considered algorithms on
the three bioinformatics datasets. All the algorithms were ran for 100 iterations. The
best mean error rates for a dataset are displayed in bold.

Dataset Size dim L2-Boost AdaBoost LogitBoost QBC Median Classifier

Estrogen 49 7,129 21.11% 17.11% 15.11% 13.33% 13.38%

Colon 62 2,000 24.62% 21.41% 21.41% 21.67% 14.58%

Nodal 49 7,129 31.78% 24.89% 20.44% 20.00% 42.84%

and the above procedure was repeated 500 times. Table 5.2 also lists the average
training and testing errors of QBC with only 1 noisy variable selected in average.
Our result demonstrates that QBC performs only slightly worse on noisy data,
which indicates that QBC is robust to noise. Due to the expensive computation
of binary QReg, its performance on noisy data is not provided.

Compared to binary QReg, QBC enjoys the flexibility to choose other forms
of weak learner. We also compared QBC to the alternatives mentioned at the
beginning of Section 5.2 on the credit dataset with and without noisy predictors.
All the boosting based algorithms used stump as base procedure for fair compar-
ison. All algorithms were ran for 500 times with randomly selected 800 training
examples and 200 testing examples, and the average testing error rates are listed
in Table 5.2, from which we can see that compared to the alternative methods,
QBC achieves the best performance on both clean and noisy data. Again, we
observe that QBC deteriorates only slightly on the noisy data, which verifies its
robustness to noisy predictors and is able to select informative variables.

Results on Bioinformatics Data. We compare QBC to the alternative meth-
ods on 3 publicly available datasets in bioinformatics [3]: Estrogen, Nodal, and
Colon. All of the datasets are of very high dimension (see Table 5), and this
makes binary QReg [13,14] not affordable. All the boosting-based algorithms
used decision stump as base learner for fair comparison.

We have conducted 5-fold cross validation (5-CV), and Table 5 lists the av-
erage testing error rates for the 5 runs of each algorithm on every dataset. We
observe that QBC yields the best performance on 2 out of the 3 datasets. On the
Colon dataset, QBC performs better than L2 Boost, similar to LogitBoost and
AdaBoost, and worse than Median Classifier. It can also be observed that the
Median Classifier [10] is not stable – sometimes the performance is very good,
sometimes the performance is very poor.

6 Conclusion and Future Works

The original quantile regression (QReg) is inefficient when the predictor is in high
dimensional space. This paper applies functional gradient descent to fit QReg,
resulting Quantile Boost Regression (QBR). In the case of binary classification,
the class label is defined via a hidden variable, and predicting the quantiles of
the binary response is reduced to predicting the corresponding quantiles of the
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hidden variable. An equivalent form of the definition of quantile is introduced,
whose smoothed version is employed as the objective function. Functional gra-
dient ascent is used to maximize the objective function for fitting the classifier,
yielding Quantile Boost Classification (QBC) algorithm. In QBR (QBC), the
gradient of the objective function is approximated by a base procedure and the
model grows along the negative gradient (gradient) direction. The proposed algo-
rithms yield a local optimum, and converge fast, more importantly, they enable
us to solve problems in high dimensional spaces.

Extensive experiments were conducted for regression and binary classification.
Detailed analysis of the results show that QBR/QBC performs better than the
original/binary QReg. Moreover, QBR and QBC are more robust to noisy pre-
dictors and able to select informative variables. On high dimensional datasets in
bioinformatics, binary QReg is not applicable due to its expensive computation,
while QBC performs better when compared to other alternatives.

QBR belongs to stage-wise additive model, which has a close connection to
L1 constrained models [6]. Recently, L1 quantile regression models [16,17] were
proposed which imposes L1 constraint on the coefficient vector in quantile re-
gression. Therefore, it is natural to investigate the relation between QBR and L1

QReg in the aspects of performance and variable selection ability. The current
version of QBC is for two-class problems, and we plan to develop the multi-class
version of QBC by reducing it to a series of two-class tasks, for example, by
one-vs-all [7] or Error-Correcting Output Codes [4].
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