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Quantile regression is often used when a comprehensive relationship between a response variable and one
or more explanatory variables is desired. The traditional frequentists’ approach to quantile regression has
been well developed around asymptotic theories and efficient algorithms. However, not much work has
been published under the Bayesian framework. One challenging problem for Bayesian quantile regression
is that the full likelihood has no parametric forms. In this paper, we propose a Bayesian quantile regression
method, the linearly interpolated density (LID) method, which uses a linear interpolation of the quantiles
to approximate the likelihood. Unlike most of the existing methods that aim at tackling one quantile at a
time, our proposed method estimates the joint posterior distribution of multiple quantiles, leading to higher
global efficiency for all quantiles of interest. Markov chain Monte Carlo algorithms are developed to carry
out the proposed method. We provide convergence results that justify both the algorithmic convergence
and statistical approximations to an integrated-likelihood-based posterior. From the simulation results, we
verify that LID has a clear advantage over other existing methods in estimating quantities that relate to two
or more quantiles.

Keywords: Bayesian inference; linear interpolation; Markov chain Monte Carlo; quantile regression

1. Introduction

Quantile regression, as a supplement to the mean regression, is often used when a comprehensive
relationship between the response variable y and the explanatory variables x is desired. Consider
the following linear model:

yi=xIB+e, i=12,...,n, (1.1)
where y; is the response variable, x; is a p x 1 vector consisting of p explanatory variables, 8 is

a p x 1 vector of coefficients for the explanatory variables, and ¢; is the error term. The quantile
regression analysis models the tth conditional quantile of y given x as:

0y, (t|xi) =x] B(1), i=1,2,...,n, (1.2)

1350-7265 © 2015 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
http://dx.doi.org/10.3150/13-BEJ589
mailto:yfeng@google.com
mailto:yuguo@illinois.edu
mailto:xmhe@umich.edu

Bayesian quantile regression with approximate likelihood 833

which is equivalent to (1.1) with Qg (t|x;) = 0. The r-specific coefficient vector B(r) can be
estimated by minimizing the loss function:

min ) pe (v —x/ A(0)). (13)
i=1

where p; (u) =ut if u >0, and p; (u) =u(r — 1) if u < 0; see Koenker [6].

To make inference on the quantile regression, one could use the asymptotic normal distribution
of the estimates or use the bootstrap method. Aside from the regular bootstrap such as the residual
bootstrap and the (x, y) bootstrap, one could also use Parzen, Wei and Ying [10]’s method or the
Markov chain marginal bootstrap method (He and Hu [5]).

In contrast to the rich literature on quantile regression with the frequentist view, not much work
has been done under the Bayesian framework. The most challenging problem for Bayesian quan-
tile regression is that the likelihood is usually not available unless the conditional distribution for
the error is assumed.

Yu and Moyeed [17] proposed an idea of employing a likelihood function based on the asym-
metric Laplace distribution. In their work, Yu and Moyeed assumed that the error term follows
an independent asymmetric Laplace distribution

fe)=1(1 —1)e ™, ucR, (1.4)

where p; (u) is the loss function of quantile regression. The asymmetric Laplace distribution is
very closely related to quantile regression since the mode of f; () is the solution to (1.3). Reich,
Bondell and Wang [11] developed a Bayesian approach for quantile regression assuming that
the error term follows an infinite mixture of Gaussian densities and their prior for the residual
density is stochastically centered on the asymmetric Laplace distribution. Kottas and Gelfand
[7] implemented a Bayesian median regression by introducing two families of distributions with
median zero and the Dirichlet process prior. Dunson and Taylor [4] used a substitution likelihood
proposed by Lavine [9] to make inferences based on the posterior distribution. One property of
Dunson and Taylor’s method is that it allows regression on multiple quantiles simultaneously.
Tokdar and Kadane [15] proposed a semiparametric Bayesian approach for simultaneous anal-
ysis of quantile regression models based on the observation that when there is only a univariate
covariate, the monotonicity constraint can be satisfied by interpolating two monotone curves,
and the Bayesian inference can be carried out by specifying a prior on the two monotone curves.
Taddy and Kottas [14] developed a fully nonparametric model-based quantile regression based
on Dirichlet process mixing. Kottas and Krnjaji¢ [8] extended this idea to the case where the
error distribution changes nonparametrically with the covariates. Recently, Yang and He [16]
proposed a Bayesian empirical likelihood method which targets on estimating multiple quantiles
simultaneously, and justified the validity of the posterior based inference.

In this paper, we propose a Bayesian method, which aims at estimating the joint posterior
distribution of multiple quantiles and achieving “global” efficiency for quantiles of interest.
We consider a Bayesian approach to estimating multiple quantiles as follows. Let tq,..., T,
be m quantiles in model (1.2) and B, = (B(z1),...,B(Tm)). Let X = (x1,...,x,) and ¥ =
(y1, .., yn) be the observations of size n. For each pair of observation (x;, y;), the likelihood
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L(Bpxi, yi) = p(yilxi, By) is not available. However if we include f;, the probability density
function (pdf) of the conditional distribution y|x;, as the nuisance parameter, then the likelihood
L(Buw, filxi, vi) = p(yilxi, Bm, fi) = fi(yi). This is to treat Bayesian quantile regression as a
semi-parametric problem: the parameter of interest is finite dimensional and the nuisance pa-
rameter is nonparametric. To eliminate the nuisance parameter, we use the integrated likelihood
methods recommended by Berger, Liseo and Wolpert [1]. More specifically, let 6. be all the
quantiles of f;, and 6,, ; = x; B,, be the m quantiles of interest. We can define p(y;|x;, By,) as

pOilxi, Bu) = / p(yil6s)dTg, (). (1.5)

ﬁe‘ggm,i

where %, ; denotes the subset of well-behaved pdfs (will be defined precisely in Section 3.2)
with those m quantiles equal to 6,, ;, Iy, ;(-) denotes the prior on f;|6,, ; € Fy, , (will be spec-
ified in Section 3.2), and p(y;|0y,) = fi(yi) because f;(y|x;) is determined by the conditional
quantile functions. Here, p(y;|x;, B;;) can be viewed as an integral of a function or an expec-
tation with the densities as the random variable. The posterior distribution of B,,|X,Y can be
written as

P(BulX,Y) X7 (B | X)L(Y|X, Bip), (1.6)

where 7, (B;,,| X) is the prior on B, and L(Y|X, B,,) = H?:l pilxi, Bn).

One practical difficulty with the above approach is that the integration step to remove the nui-
sance parameter is computationally infeasible except for the case of m = 1 (Doss [3]). To circum-
vent this issue, we consider a different approximation to the likelihood. Note that x; B, gives the
m quantiles of the conditional distribution y|x; based on model (1.2). These m quantiles can be
used to construct an approximate conditional distribution y|x; through linear interpolation. With
this approximate likelihood, an approximate posterior distribution becomes available. We show
that the total variation distance between the approximate posterior distribution and p(B,|X,Y)
(the posterior based on the integrated likelihood) goes to 0 as 7y, ..., 7, becomes dense in (0, 1)
as m — oo. A Markov chain Monte Carlo (MCMC) algorithm can then be developed to sample
from the approximate posterior distribution. The recent work of Reich, Fuentes and Dunson [12]
used large-sample approximations to the likelihood to do Bayesian quantile regression. Their
approach also aims to achieve global efficiency over multiple quantiles, and can adapt to account
for spatial correlation. In contrast, our work uses approximations at a fixed sample size n and
provides a Bayesian interpretation of the posterior quantities.

The rest of the paper is organized as follows. Section 2 introduces the proposed method. Sec-
tion 3 provides the convergence property of the algorithm as well as the approximate posterior
distribution. Section 4 compares the proposed method with some existing methods through sim-
ulation studies and applies the proposed method to real data. Section 5 provides concluding
remarks.

2. Methodology

In this section, we describe the linearly interpolated density to be used in approximating the
likelihood, and then give the layout of our MCMC algorithm for posterior inference. We list
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again the basic setting introduced in Section 1. Let X = (x1,...,x,) and ¥ = (y1,..., yu) be
the observations. Let 71, ..., 7, be m quantiles in model (1.2) and B,, = (B(t1), ..., B(tm)). We
are interested in the posterior distribution B, |X, Y.

2.1. Linearly interpolated density

The likelihood is generally not assumed under the quantile regression model, but x; B,, gives the
m quantiles of the conditional distribution y|x;. With the linearly interpolated density based on
the m quantiles, we can approximate the true likelihood from a sequence of specified quantile
functions.

Here is how the linear interpolation idea works in a simple setting. Suppose Z ~ F(z), where
F(z) is the cumulative distribution function (cdf) of Z. Let f(z) be the pdf of Z. Let t, = F(z),
and 71, 7> be two constants such that 0 < 7; < 7, < 70 < 1. Then F~!(11) <z < F~ (0 if f(2)
is continuous and non-zero on the support of Z. We can approximate f(z) by

T2 — 1
F~Y (1) — F (1)’

2.1

because
T2 — T . 2—1 _
Fl () —F () LF1@)(n-1)

£z), 2.2)

where 7 < 7* < and z* = F~1(z*) € (F~ (1)), F~ ' (m)).
Now we extend the interpolation idea to model (1;2). Given B, = (B(11), B(12), ..., B(Ttm)),
we could calculate the linearly interpolated density f; (v;|x;, By),i =1,2,...,n, by

m—1
A Tig1 —Tj
fiQilxi, By) = |:Z I{y,-e(xiﬂ(fj),xiﬁ(fjﬂ))} ! ! ]

et Xi B(Tj+1) — xi B(T))
(2.3)
+ Ly e(—oo,xi s TLS1Vi) + Ly e (i B(tm), 000} (1 — Tw) f2(3i),

where f7 is distributed as the left half of N(x;8(z1), o), f> is distributed as the right half of
N (xiB(tm), 0%), and o2 is some pre-specified parameter.

Let pm(Y|X, Bn) = 17, ﬁ(yi|xi, B,;) denote the approximate likelihood. One possible
prior 7, (B, | X) on By, is a truncated normal N (u, ¥) satisfying

xiB(t1) < xiB(r2) < -+ < xi B(Tm), i=1,2,...,n. 24

Since we include the intercept in model (1.2), the first element of x; is 1, and at least the parallel
quantile regression lines satisfy (2.4). The corresponding posterior is

T (B | X) pm (Y|X, Bn)
Pm(Y1X)

Pm(BmlX,Y) = ; 2.5
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where pp, (Y|X) = [ 70 (Bl X) pm(Y|X, By) dByy,. In the next section, we give a MCMC algo-
rithm to sample By, from this posterior. We show later that the total variation distance between
this posterior distribution and the target posterior p(B,,|X, Y) goes to 0 as m goes to infinity.

2.2. Algorithm of the linearly interpolated density (LID) method

We incorporate the linearly interpolated density into the following modified Metropolis—Hastings
algorithm to draw samples from p,, (B, | X, Y).

1. Choose an initial value B,% for B,,. One good choice is to use the parallel quantile estimates,
that is, all the slopes for the quantiles are the same and the intercepts are different. We could
use the quantreg (a function in R) estimates of the slopes for the median as the initial slopes,
and use the guantreg estimates of the intercepts for each quantile as the initial intercepts.
In case a lower quantile has a larger intercept than an upper quantile, we could order the
intercepts such that the intercepts increase with respect to t. If there are ties, we could
add an increasing sequence with respect to 7 to the intercepts to distinguish them. Another
possible choice for the initial value is to use Bondell, Reich and Wang [2]’s estimate which
guarantees the non-crossing of the quantiles.

2. Approximate the densities. With the initial values of the parameters, we can calculate the
linearly interpolated density f0(yi|x;, BS), i =1,2,...,n, by plugging BY, into equation
(2.3). Let L° =TT’ f2(vilxi, BY).

3. Propose a move. Suppose we are at the kth iteration. Randomly pick a number 7; from
71,72, ..., Ty, and then randomly pick a component ,Bf_l(tj) of ﬂk_l(rj) to update. To
make sure that the proposed point ﬁl*(rj) satisfies constraint (2.4), we can calculate a
lower bound /;; and an upper bound u ;; for ;" (t;) and generate a value for ;" (z;) from
Uniform(/;;, uj ;). In case [ ; = —00 or uj; = oo, we will use a truncated normal as the
proposal distribution. The details on how to find the bounds are in Appendix A.1. Denote
B*(t;) as the updated Bz ;) by replacing its /th component ,6;‘71 (tj) by the proposed
value B/ (t;).

4. Set B = (B (x1), ..., B5 1 (xj—0), B (x)), BN (xjs1)s - o, BA (). We can calcu-
late the linearly interpolated density fi*(y,- lx;, B¥), i =1,2,...,n, by plugging B into
equation (2.3). Let L* =[]\, fl* (yilxi, BY).

5. Calculate the acceptance probability

* * * k—1
r:min( , 7 (B | X0L7q (B, = By, ) )), (2.6)

T (Bl X)LA=1q (BN — By,

where q(BX~! — B) denotes the transition probability from B%~! to Bj. Notice that
these two transition probabilities cancel out if we choose symmetric proposals. Let B,’jl =
B with probability r, and BX = BX~! with probability 1 — r. If B = B, then L* = L*;
otherwise L¥ = L¥~1

6. Repeat steps 3—5 until the desired number of iterations is reached.
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3. Theoretical properties

In this section, we give the stationary distribution of the Markov chain in Section 2.2 for fixed
m, and study the limiting behavior of the stationary distribution as m — co.

3.1. Stationary distribution

Since we replace the true probability density function by the linearly interpolated density in the
Metropolis—Hastings algorithm in Section 2.2, it is not obvious what the stationary distribution
of the Markov chain is. The following theorem, whose proof is in Appendix A.2, says that the
Markov chain converges to p,, (B, |X, Y) defined in (2.5).

Theorem 3.1. The stationary distribution of the Markov chain constructed in Section 2.2 is
Pm(Bn| X, Y).

This theorem implies that we can use the algorithm in Section 2.2 to draw samples from
Pm(Bn| X, Y).

3.2. Limiting distribution

In this section, we show that as m — oo, the total variation distance between the stationary
distribution p,, (B, |X,Y) and the target distribution p(B,,|X,Y) (defined in (1.6)) goes to 0.
The proof requires the following assumption about f;, the probability density function of the
conditional distribution y|x;. All the results are stated for a given sample size n.

Assumption 3.1. Let qy,; be the tth quantile of f, and My, M> and c be constants. The densities
of ylxi are in the set F ={f| [ fdx =1,0< f <My, |f'| < Ma,and f(x) < c//m forx <
qr1/m and for x > q g m—1y/m-m=2,3,...}.

The assumption implies that . is a set of bounded probability density functions with bounded
first derivatives and controlled tails. The restrictions on the tails are not hard to satisfy. The

Cauchy distribution, for example, is in the set. For the Cauchy distribution, the %th quantile is

qi/m = tan(n(: — 1)) = —ctan(Z), so f(q1/m) = %m = Lsin’(Z)=0(:h) < W

for some c. The set .7y, ; appeared in (1.5) denotes the subset of .% that contains all the pdfs
with those m quantiles equal to 6, ; = x; B,.

We now specify the prior on f;(-|x;) € %, denoted by I1(f;), and the prior on f;|0,,; € F4,,
denoted by Ilg, ; (f;). We know from (1.2) that the Tth quantile of f;(:|x;), the conditional dis-
tribution of y given x = x;, is x,.T,B(t). Let us consider §(7) as a function of 7, where 0 <7 < 1.
Because xiT B(1),0 <t <1, determines all the quantiles of f;(-|x;) based on (1.2), and therefore
determines f;(-|x;) (Koenker [6]), the prior on f;(-|x;) can be induced from the prior on B(t).
To satisfy Assumption 3.1, we use a Gaussian process prior on () so that 8(t) has the second
derivative, and then f;’s have the first derivative. The prior IT( f;) on f;(-|x;) is induced from the
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prior on B(t). The prior Ig,, ; (f;) on f;i|0,; is induced by I1(f;). The prior on B, can be ob-
tained from the prior on (7)), because By, is a vector of m points on (7). With the specification
of these priors, p(y;|x;, By) and p(B,;,|X, Y) given in (1.5) and (1.6) are well-defined.

To study the limiting distribution as m — 0o, we assume the sequence of quantile levels satis-
fies the following condition:

1
AT = max (rj_H—rj):O(—), 3.1
O0<j<m m

where 79 = 0 and 7,41 = 1. This condition is not difficult to satisfy. For example, we can start
from mo = My quantile levels: T = Ml I M02+ Toeee MM T which include the quantiles of inter-
est. We add new t’s one by one so that the new t d1V1des one of the prev10us intervals in halves,

1 2Mo+1 1 3 AMo+3
that is, T = IO OE 2(Mo+1)’ e Mot AT AT 4(M0+1) and so on. For this

sequence of quantiles, we have At = maxo<;<m(Tj+1 — 7)) < = O( ).

To prove the convergence of distributions, we use the total vanatlon norm, ||y — walltv =
supy |p1(A) — 2 (A)| for two probability measures j11 and 2, where A denotes any measurable
set. It is more convenient to use the following equivalent definition (Robert and Casella [13],
page 253): ||ju1 — 2|ty = %Squ\gl |fh(x)u1(dx) — fh(x),uz(dx)|. The following theorem
gives the limiting distribution of the stationary distribution as m — oo.

Theorem 3.2. ||y (Bn|X,Y) — p(BulX,Y)llTv — 0asm — oo, assuming tj1 —tj = O(:-).

The proof is in Appendix A.3. As a consequence of Theorem 3.2, we have the following
corollary.

Corollary 3.1. Let n be the quantiles of interest, which is contained in B,. We have
1pm@IX, Y) = pIX, V)litv — 0 as m — 0o, assuming tj 1 — ;= O(5,).

The above corollary says that by the linearly interpolated density approximation the posterior
distribution of the quantiles of interest converges to the target distribution. The theorem requires
that we need to increase m in the algorithm. Although m is fixed in applications, the convergence
result lends support to p,, (B, | X, Y) as an approximation.

4. Comparison of LID with other methods

In this section, we compare the proposed method with some existing methods through three
simulation studies. In the quantile regression model (1.2), if the conditional densities f;(y|x;)
are different for different observation i, one could apply weighted quantile regression to improve
the efficiency of estimates (Koenker [6], page 160). In this case, the loss function would be:

Ié?f‘}Zw,pf (i — ! B(D)). (.1)
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where w; denotes the weight for the ith observation. The optimal weight is the conditional den-
sity f;(y|x;) at the Tth quantile. Because the density is not available generally, one could approx-
imate the density by a nonparametric density estimate. One simple way is to use
N 2AT
wi - T K
x; (Bri(r + Atr) — pri(zr — A1))

i=1,2,...,n, 4.2)

where "¢ denotes the unweighted quantile regression estimate. When the weight is negative
due to crossing of quantile estimates, we just set the weight to be 0. This occurs with probability
tending to O as n increases. To make inference, one could use the asymptotic normal distribution
of the estimates or use the bootstrap method.

4.1. Example 1

The data were generated from the following model
yi =a+bx; + (1 + x;)e;, i=1,2,...,n, “4.3)

where ¢;’s are independent and identically distributed (i.i.d.) as N (0, 1). We chose n = 100,
a =15 and b = 1. The covariate x; was generated from lognormal(0, 1). The corresponding quan-
tiles of interest are

1 m

Oy, (t|x;) =a(r) + b(7)x;, i=1,2,...,n,r=m+1,...,m+l.

(4.4)

Here we report the results on the 0.25, 0.5 and 0.75 quantiles and the difference between the
0.75 and 0.5 quantiles by comparing the mean squared error (MSE) for the slope estimates
from five different methods: the proposed linearly interpolated density method (LID), the regular
regression of quantiles (RQ), the weighted RQ with estimated weights (EWRQ) (Koenker [6]),
the pseudo-Bayesian method of Yu and Moyeed [17], and the approximate Bayesian method of
Reich, Fuentes and Dunson [12]. We generated 100 data sets for computing the MSE.

For LID and Yu and Moyeed’s method, we used the normal prior N (0, 100) for each parameter
a(t) and b(t). For LID, we chose m = 49, equally spaced quantiles between 0 and 1 (which
include the quantiles of interest: 0.25, 0.5 and 0.75), and the length of the Markov chain is
1000000 (half of the samples were used as burn-in). We ran such a long chain because we
updated 98 parameters one at a time, which means we updated each parameter about 10000
times on average. Every thousandth sample in the chain is taken for the posterior inference. For
Yu and Moyeed’s method, a Markov chain with length 5000 (half of the samples were used as
burn-in) seems enough for the inference, partially because Yu and Moyeed’s method is dealing
with one quantile at a time and has only two parameters. For Reich et al.’s method, we simply
used their code and set the length of the chain to be 2000 (half of the samples were used as
burn-in). Notice that for LID and Reich et al.’s method, only one run is needed to provide all
results in the table, and other methods have to run for each 7.

From the results in Table 1, we can see that LID did better than RQ and Yu and Moyeed’s
method. Comparing with weighted RQ and Reich et al.’s method, LID gave better estimates
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Table 1. n x MSE and its standard error (in parentheses) for Example 1

Methods b(0.25) b(0.5) b(0.75) b(0.75) — b(0.5)
RQ 23 (4) 19 (2) 19 (3) 15 (2)

EWRQ 16 (2) 13 2) 15 (3) 112)

LID 22 (4) 15(2) 13 (1) 3(0.6)

Yu and Moyeed 21 (4) 17 2) 16 (3) 10 (1)

Reich et al. 16 (2) 15(2) 23 (3) 11(1)

for upper quantiles but poorer estimates for lower quantiles. For estimating the differences of
quantiles, LID is clearly the best among all the methods.

4.2. Example 2
The data were generated from the following model
yi=a-+bxy;+cxzi+ (1 +x1; +x2,)€i, i=12,...,n, 4.5)

where ¢;’s are i.i.d. from N (0, 1). In the simulations, we chose n = 100, a = 5, b = 1, and
¢ = 1. The covariates x1; was generated from lognormal(0, 1) and xp; was generated from
Bernoulli(0.5). The corresponding quantiles of interest are

1 m

= . 4.6
m+1 m—+1

Oy, (tlx;)) =a(r) +b(r)x1,; +c(r)x2,;, i=1,2,...,n,7T

We compared the five methods with the same performance criterion as Example 1. We gener-
ated 400 data sets for computing the MSE. The results are in Table 2. We see that for the quantile
estimates, LID (with m = 15) and EWRQ perform similarly, and LID outperforms RQ and Yu
and Moyeed’s method. For estimating the difference between quantiles, LID outperforms RQ,
EWRQ, and Yu and Moyeed’s method. Comparing with Reich et al.’s method, LID gave better
estimates for parameter b but poorer estimates for parameter c.

From the two simulation studies, we can see that most of the time the proposed LID method
works as well as the weighted RQ, and outperforms RQ and Yu and Moyeed’s method, for

Table 2. n x MSE and its standard error (in parenthesis) for Example 2

Methods b(0.5)  b(0.75)  b(0.75) —b(0.5)  ¢(0.5) ¢(0.75) ¢(0.75) — ¢(0.5)
RQ 2(3) 253)  2003) 47 (9) 52(7) 42 (6)
EWRQ 15(2) 193) 16(2) 46 (8) 49 (8) 40 (6)
LID 172)  18(2) 2.9 (0.4) 36 (5) 42 (6) 18 (2)
Yuand Moyeed 20(2) 21 (3)  13(2) 42 (7) 45 (6) 28 (4)

Reich et al. 2003)  29(5) 11 (1) 4.2 (0.6) 8.6 (1.1) 3.1(0.3)
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estimating quantiles. LID performs better than Reich et al.’s method in some cases and is outper-
formed by Reich et al.’s method in others. LID has a significant advantage over other methods
in estimating the difference of quantiles. When several quantiles are of interest, including their
differences, there is a clear efficiency gain in using LID.

4.3. Empirical studies

In this section, we look at the June 1997 Detailed Natality Data published by the National Center
for Health Statistics. Following the analysis in Koenker ([6], page 20), we use 65 536 cases of
recorded singleton births. We consider the following quantile model for the birth weight data:

Oy, (tlxj) =a(r) +b(t)x;1 +c(xi2 +d(v)x; 3+ e(T)xi 4, i=1,2,...,n, “@.7

where x; 1 is the indicator function that indicates whether the mother went to prenatal care for
at least two times, x; 2 is the indicator function that indicates whether the mother smoked or
not, x; 3 is mother’s weight gain in pounds during pregnancy, and x; 4 is the square of mother’s
weight gain. The mother’s weight gain enters the model as a quadratic following the discussion in
Koenker ([6], page 23). To make the results more comparable, we consider a slight modification
of model (4.7):

Qy, (tlxi) = a(r) + b()xi1 + c(t)xi2 + d*(r)x;g + e*(r)x;f4, i=1,2,....,n, (4.8

where x* i 3 denotes the standardized mother’s weight gain during pregnancy and x* 4 denotes the
standardlzed square of mother’s weight gain. We compared the results from RQ and LID (with

= 39) for the full data set. Here we focus on the 0.1, 0.25, and 0.5 quantiles. The results are
in Table 3. From the results, we can see that the estimates from both methods are very close. The
standard error from LID seems to be smaller than that from RQ.

To see how good the estimates are, we compared the estimated conditional quantile with the
local quantile estimated nonparametrically. We considered two subsets of the full data. For the
first subset of the data, we selected x; 1 =1, x;2 =1, and 24.5 < x; 3 < 25.5, within which
range there are 96 observations. For the second subset of the data, we selected x; 1 =1, x; 2 =0,
and 44.5 < x; 3 < 45.5, within which range there are 1318 observations. Then we calculated the
quantile of y; in each subset of the data as the local quantile, and compared it with the predicted
quantiles from RQ and LID. The results are presented in Table 4. From the results, we can see
that all the estimated quantiles are very close to the local quantile estimates.

Table 3. Estimates of the parameters and their standard errors (in parentheses) for the birth weight data

Methods b(0.1) ¢(0.1) d*(0.1) €*(0.1) b(0.25) ¢(0.25) d*(0.25) €*(0.25) b(0.5) ¢(0.5) d*(0.5) €*(0.5)

RQ —0.030 —0.22 037 -0.21 -0.049 —-0.22 0.19 —-0.075 —0.061 —0.22 0.127 —0.020
(0.009) (0.01) (0.02) (0.02) (0.008) (0.008) (0.011) (0.012) (0.006) (0.007) (0.008) (0.008)
LID —0.045 —0.22 036 —-0.22 -0.052 —-0.23 0.20 —0.081 —0.061 —0.23 0.131 —0.026

(0.007) (0.003) (0.002) (0.003) (0.001) (0.002) (0.008) (0.007) (0.003) (0.003) (0.002) (0.002)
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Table 4. Estimates of the local quantile

x,;l = 1, xi’z = 1, and xi,g =25 x,-’l = 1, x,-,2 =0, and )Ci’3 =45
Quantile Local quantile RQ LID Local quantile RQ LID
0.1 2.54 2.44 243 2.89 2.90 2.88
0.25 2.81 2.76 2.75 3.18 3.17 3.17
0.5 3.02 3.07 3.07 3.54 3.47 3.46

Another way to check the model fitness is to build the model by leaving out a portion of the
data, and then evaluate the model performance on the out-of-bag portion of the data. Here we
compared the out-of-bag quantile coverage (the percentage of the testing data that fall below the
tth quantile line) by randomly selecting 10% of the data as the out-of-bag testing data and using
the rest as the training data. The results based on a random splitting are summarized in Table 5.
We can see that both RQ and LID have coverages similar to the nominal values.

From this example we can see that the model parameter estimates, including the quantiles,
from both RQ and LID are very similar, but LID estimates are associated with lower standard
errors, which corroborates our findings in simulation studies.

5. Conclusion

In this paper we proposed a Bayesian method for quantile regression which estimates multiple
quantiles simultaneously. We proved the convergence of the proposed algorithm, i.e., the station-
ary distribution of the Markov chain constructed by LID would converge to the target distribution
as the number of quantiles m goes to infinity. In the simulation studies, we found that choosing
m = 15 already gave satisfactory results. In the comparison of the proposed LID method with
other methods, LID provides comparable results for quantile estimation, and gives much better
estimates of the difference of the quantiles than other methods (RQ, weighted RQ, and Yu and
Moyeed’s method).

The LID method is computationally intensive, and it requires longer time than other methods
to obtain the results. Therefore, it is of interest to optimize LID to reduce the computational cost.

The LID method uses m quantiles to construct an approximation to the likelihood through
linear interpolation. For large m, it would be useful to impose regularization to make inference
more efficient. We may assume that 8(t) can be characterized by a few parameters, so we have a

Table 5. Out-of-bag quantile coverage

Methods t=0.1 t=0.25 =05 t=0.75 =09

RQ 0.100 0.251 0.504 0.749 0.895
LID 0.093 0.249 0.506 0.748 0.909
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low-dimensional parameter space no matter what m is, and the computation of LID would sim-
plify. On the other hand, this approach involves additional assumption or approximation which
would require additional work for its theoretical justification.

Appendix: Technical details

A.1. Find the bounds for the proposal distribution

This is for step 3 of the algorithm in Section 2.2. For each observation (y;, x;), i =1,2,...,n,
we can calculate a lower bound /;; ; and an upper bound u;; ;. Then /;; = max; (/;; ;) is taken
as the maximum of all these lower bounds and u;; = min; (; ;) is taken as the minimum of all
these upper bounds. The formula to calculate /;; ; and u; ; is given as follows.

If 1 < j <m and x;; >0, where x;; denotes the /th element of x;, then

xI B ) = X i BT @)

Lji= and
Xil
_ k=1
Xl B N i) = Yy X B (x))
Uiji= .
i
Xil
If ]l <j<mandx;; <0, then
Tﬂk 1(7: 1) — Z;#[ Xi t,Bz (T]
l'] i = and
il
Xil
T,Bk 1(7:/ 1) — Z[;ﬁ[ Xi, t:Bt (7:]
Ujli=
Xil

If j =1and x;; > 0, then

B ) = X i (T

Xil

lj)[)i =—00 and Ujli=

If j =1and x;; <0, then

xI B i) = X xiaBE (x))

Xil

lini= and uj;;=o00.

If j =m and x;; > 0, then

R A CTE D Sy xii B (1))

Xil

lj,],,' = and Uj,,i = 0Q.



844 Y. Feng, Y. Chen and X. He
If j =m and x;; <O, then

_ k—1
B o) = Yy X T (x))
liji=—00 and wuj;;= .
Jols Jols X; 1
i,

If x; ; =0, then

lj,],,' =—00 and Ujli= Q.

A.2. Proof of Theorem 3.1

We will verify the detailed balance condition to show that the stationary distribution is
Pm(Bm|X,Y). Denote the probability of moving from By, to B), by K(B, — B),) and the
proposal distribution by g (B, — B,,). We have

P (B X, Y)K (B, — By,)

7Tm(Br/n|X)[3m(Y|X’ Br/n)Q(Br/n — Bm))
' nm(Bm|X)]3m(Y|Xa By)q (B — By/n)

Tom (B, | X) P (Y1 X, B;,)q(B,, — Bm)>

B (Bl X, V) (B — B,’n)min(l

_ (Bl X) pm (Y1X, By)

q(Bn — B,’n)min<1

Pm(Y1X) ' 7Tm (B X) pm (Y1 X, Bm)q (B — B))
_ ﬂm(B,/n|f()13m(Y|X, B'/")q(B,/n R Bm)min<nm(B’/"|X)l:)m(Y|X’ Bl/n)Q(Br/n — B,/n)7 1)
pm(Y1X) Tm (B, 1 X) pm (Y | X, B;,)q (B}, = Bu)

= pm(B,,|X,Y)K (B,, = Bn).

So the detailed balance condition is satisfied.

A.3. Proof of Theorem 3.2

To prove Theorem 3.2, we need three lemmas.

Lemma A.1. Let py, (yi|0m.i) = fi(yi |xi, Bin) given in (2.3). Assume tjy1 — Tj = O(%). Then

@ 1Pm yilOm,i) —p(ilbs)| = O(ﬁ) uniformly in the support of y as well as uniformly ini.
®) |pm(Y1X, By) — p(Y|X, By)| = O(ﬁ) uniformly in the support of Y.

Proof. (a) We will prove this proposition in two different cases.
Case 1: If y; is between two quantiles we are using, in which case we can find two consec-
utive quantiles qi,z; and Girtj such that y; € [q,-,,j,q,-,fjﬂ), where 1 < j <m — 1, then by the



Bayesian quantile regression with approximate likelihood 845

mechanism of linear interpolation, we have the following equation

P il ) = — L=

Gitip —Y4it
_ Tl — T

F ' () — F (T
_ Tt~ T
CFETY @) (e - 1))
_ il T T
C(/HiO (T4 — 1))
= fi(5})

where t* € [7j, 7j41), ¥ € [4iz;+ qiz;;,), Fi denotes the cdf of y;|0f, Fi(y]) =¥, and f;
denotes the pdf of y;|0f.
Now we want to show that

|(F) = iD= sup fi)—  inf fi(y) < MaS, (A.1)

Y€ldiz; i) YElditj iy

where § = ,/2(tj+1 — 1;)/M> and M; is given in Assumption 3.1. If Gitipn — ity = 8, then
L) = fi Gl = 1F D OF = yi)l < Mas, where y' € [gi <. gix;.,)- Now let us consider the
case that Givtjy1 — ity > 8. We will show that

9itjq
/ fimdy > tj41 — 1, (A.2)
qi"rj
if
sup fi(y) — inf fi(y) > M3é. (A3)
Y€ldi;-Gicjyy) Yeldij dieyy

Letting yinf = arginny[qi_rj,qi,er) fi(¥), youp = arg SUPyelgic; dicyy) fi (), without loss of gen-
erality, we can assume that yjnr < ysup. Itis obvious that ysup — yinf > 8, because if ysup — yint < 9,
then

sup Jfiy) — inf Ji(¥) = fi sup) — i Yinf)
yE[(Ii.r_/-s(Ii,t_/+1) VWi it
't (A4)
= |fl (y )|(ysup — Yinf) < M234.

We can find a line with slope M that goes through (ysup, fi (Ysup)). This line would be below
the curve f;(y) in [yinf, Ysup)s since fi(v) — fi(sup) = f{ (0" = ysup) = Ma(y — ysup) for
¥ < Ysup, Which leads to fi (y) > fi (Ysup) + M2(y — Ysup)-

Now we can check the area S formed by the line, y = Yinf, ¥ = Ysup, and f;(y) = 0. Figure 1
shows two possible cases. The shaded region is S.
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\

Figure 1. Illustration of the two possible cases of the area S trapezoid and triangle. The solid curve stands

for f(y). The dotted line stands for the line with slope M». The shaded area is S.

If fi (Ysup) — M2(Ysup — Yint) = O, the area is equal to

[2fi (YSup) - MZ(ysup - yinf)](ysup — Yinf) - fi(ysup)(ysup — Yinf)
2 2 (A.5)
M282
> =Tj4+1 — Tj.
If fi (Ysup) — M2(Ysup — Yint) < O, the area is equal to
fiGsup)® _ (Mp8)?
=Ti1 ] —Tj. A.6
2M2 > 2M2 T./"l‘l T,/ ( )
Therefore, in both cases, we have
ditj Ysup
/ fi(y)dyz/ findy =8>t -1, (A7)
qi,rj Yinf
which contradicts with the fact that f;f’;j T fidy=r1 j+1 — 7;. Hence
|G = ool <= sup i = inf o fi(y)

yelgit; gicjyy) YElditj ity

< M5 = /2My(Tj41 — 1))

o(5)

giventhattj4 —1; = O(%).
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Now let us consider the second case.
Case 2: If y; is a point in the tail, which means y; < g; ;, or y; > g; ,, then we have
pQillr) = fiyi) < ﬁ from Assumption 3.1. For the tail part, we can use a truncated normal

for the interpolation so that py, (y;|6m.;) < ﬁ Therefore, we have | Py, (i 10m,i) — p(yil0f)| <
2c

2c O(L)'
Vm Vm
Thus for both Cases 1 and 2, we showed |p,, (i 16m,i) — p(yil05)| = O(ﬁ).

(b) Let us first show |y (3il0m.i) — p(Vilxi, Bm)| = O(ﬁ).

iﬁm(yiw;n,i) — p(ilxi, Bm)|
= ‘f P (¥ilOm.i) Ay, . (fi) —/ p(ilbys)dIg,, ; (fi)
iezg"\gm.i fiegﬂ, i

< / P i16m.) — p G165 ATy, ()
i €F0

m,i

()

Because ﬁm(Y|X, B,) = H,r'l:] ﬁm(yi|xi» By) and p(Y|X, By) = l_[;/lzl p(yilxi, By), we can

show | p,, (Y|X, By) — p(Y|X, By)| = O(\/l—ﬁ) simply by induction. We will show the case with
n =2 here.

|Pm(Y1X, By) — p(Y|X, By)|
= | Pm (11X, Bw) Pm (321X, B) — p11X. Bu) p(321 X, Bw)|
=P (11X, Bu) pm (21X, Bi) = P (11X, Bw) p(y21X, Bn)
+ Pm11X. Bu) p(y2]X. Bw) — p(y11X. Bu) p(y21X. Bu)|
< P11 X, B[P (y21X. Bw) — p(y21 X, Bw)]|
+ [P 11X. Bw) — p(y11X. Bu) | p(321X. B

-wo( ) wof )

1
-0 — ),
Jm
where M is given in Assumption 3.1. The proof can be easily generalized to the case with
n>2. (Il

Lemma A.2.
@) Ex,(|pm(Y|X, Byn) — p(Y|X, Bm)|)=0(ﬁ)-
(®) Ex, (1pm(Y|X, Bu) = pm—1(Y|X, Bu—1)]) =O(ﬁ)~
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Proof. Part (a) of Lemma A.2 follows immediately from Lemma A.1(b). Part (b) of Lemma A.2
can be obtained by applying Lemma A.2(a) twice. ]

Lemma A.3. |p, (Y|X) — p(Y|X)| =O(J_m)‘
Proof.
|pm(Y1X) = p(Y|X))|

= Vnm<8m|X)[ﬁm<Y|X, By) — p(Y|X, By)]|dBy,

< [ A (BalX) B (Y1X. B) — p(YIX. B 4B,

= Ex, (|pn(Y1X, Bu) — p(Y|X, By)|)

=\ 7)) O
Now we are ready to prove Theorem 3.2. We have

| P (B! X, Y) = p(Bul X, ¥) | 1y

:l sup /h(Bm)<ﬂm(Bm|f()pm(Y|Xv B) _ T (B | X)p(Y|X, Bm))dBm
2 =1 Pm(Y|X) p(Y1X)

3 1/nm(3n,|x> Pn(YIX, By) _ pQYIX. B |
2 pm(Y|X) p(Y|X)

Pm(Y|X, Bp)p(Y1X) = pm (Y| X)p(Y|X, By)

~ dB,
pm(Y[X)p(Y]X)

= %/nm(Bmp()

—1 B, | X
—Efmmm

[Pm(Y|X, Bw) — p(Y|X, Bn)Ip(Y|X) + p(Y|X, Bu)[p(YX) — pm(Y|X)]

~ dBy,
Pm(Y1X)p(Y]X)

X

< %/nm(Bm|X>
| IBn(YIX, By) = p(VIX, Byl p(Y1X) + p(YIX, B lp(Y1X) = pu(FVIO]
(V1 X) p(¥]X)

l|:E7rm(|ﬁm(Y|Xv By) — p(Y1X, B | |pm(Y]X) — p(YIX)I}
2 pm(Y1X) pm(Y1X)

m

We already know from Lemma A.3 that p,,(Y|X) — p(Y|X) as m — oo, so for any e* €
(0, p(Y|X)), there exists an m* such that |p,,(Y|X) — p(Y|X)| < e* for m > m*. We can see
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that
LB =min(pm,(Y1X), pmg1 Y1X), ..., Pue—1(Y1X), p(Y|X) — €*)

is a lower bound for p,, (Y| X), where my is the minimum number of quantiles we use. Therefore,
P (Bm|X.Y) = p(BulX. V)Itv < 575 Ex,, (1 Pm(Y1X, Bu) — p(Y1X, Bu)|) + | P (Y|X) —
pY|X)|]= O(ﬁ) — 0 as m — oo (because of Lemmas A.2 and A.3).
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