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Abstract We consider the kernel estimator of conditional density and derive its asymp-
totic bias, variance and mean-square error. Optimal bandwidths (with respect to in-
tegrated mean-square error) are found and it is shown that the convergence rate of
the density estimator is order n=2/3. We also note that the conditional mean function
obtained from the estimator is equivalent to a kernel smoother. Given the undesirable
bias properties of kernel smoothers, we seek a modified conditional density estima-
tor which has mean equivalent to some other nonparametric regression smoother
with better bias properties. It is also shown that our modified estimator has smaller
mean square error than the standard estimator in some commonly occurring situa-
tions. Finally, three graphical methods for visualizing conditional density estimators
are discussed and applied to a data set consisting of maximum daily temperatures in
Melbourne, Australia.

1 Introduction

In this paper we consider the problem of estimating and visualizing the conditional density
of Y| X where Y is defined on IR and X is a vector defined on IR™. If we were to assume
that the conditional density is normal with constant variance and mean linear in X, then
we would have a standard multiple regression problem. Allowing the mean of Y to vary
flexibly with X leads to non-parametric regression methods such as generalized additive
models (Hastie and Tibshirani, 1990) or local regression surfaces (Cleveland et al., 1992).
However, even non-parametric regression methods usually assume the conditional density
does not change over the domain of X apart from changes in mean. We are interested,
here, in the situation where the shape of the densities may change with X.

To motivate ideas and as a vehicle of illustration, we shall use daily maximum temperatures
in Melbourne, Australia over the ten year period 1981-1990. The scatterplot in Figure 1
shows each day’s maximum temperature, Y, plotted against the previous day’s maximum
temperature, X. There is a suggestion of two ‘arms’ on the right of the plot indicating that
a hot day is likely to be followed by either an equally hot day or one much cooler. This
indicates the conditional density of Y given a high value of X will be bimodal whereas the
conditional density of Y given a low value of X will be unimodal. Figure 2 shows estimates
of some of these conditional densities stacked side by side. The bimodal structure is even



clearer here than in the scatterplot of Figure 1. We do not suggest that the AR(1) model
implied by these plots is a useful model for the time series. The serial dependency in the
data is longer than is captured in an AR(1) model and there are many other explanatory
variables which need to be used in formulating a realistic meteorological model. However,
the example serves as an interesting illustration and demonstrates the need for estimation
of the conditional density rather than just the conditional mean and variance.

Surprising little work on conditional density estimation has been published. One notable
exception is Stone (1994) who considered using tensor products of polynomial splines to
obtain conditional log density estimates. An alternative approach is to estimate a condi-
tional density from estimates of the conditional quantiles. Recent papers on nonparametric
conditional quantiles include Chaudhuri (1991), Welsh et al. (1994) as well as those which
appeared in the special issue of J. Nonparametric Statistics (Saleh, 1994) on regression
quantiles.
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Figure 1: A lagged scatterplot of each day’s temperature against the previous day’s tem-
perature. Note the two ‘arms’ on the right of the plot. The lines shown are from a modal
regression discussed in Section 5.3.

A more direct approach is followed here in which we consider kernel estimators for condi-
tional densities. Although this is probably the most obvious estimator of the conditional
density, it does not appear to have received much attention. We know of no other published
work which directly applies this estimator to data. Some of its theoretical properties have
been considered in the broader context of conditional functional estimation; see Héardle et
al. (1988) and Falk (1993) for recent contributions in this area. However, specific proper-
ties of the kernel conditional density estimator (such as the mean square error, bias and
variance) do not appear to have been previously considered.

The estimator is introduced in Section 2 and in Section 3 we derive its bias, variance and
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Figure 2: Stacked conditional density plot of temperature conditional on the previous day’s
temperature. The bimodality of the distribution of temperature following a hot day is seen

more clearly here than in Figure 1.



mean square error. It is noted in Section 4 that the kernel estimator yields a conditional
mean function which is identical to the Nadaraya-Watson kernel smoother. In Section 5
we modify the standard kernel density estimator to obtain conditional densities with mean
functions equivalent to other smoothers with better properties than the Nadaraya-Watson
smoother. For example, the densities shown in Figure 2 have conditional mean equivalent
to a loess (locally linear) regression. Figure 2 shows one of the graphical methods we
discuss in Section 6. We also describe a second graphical method based on highest density
regions which is more suitable when conditioning over more than one dimension.

2 Kernel estimation of conditional densities

For simplicity, we shall assume that the explanatory variable, X, is univariate and ran-
dom. The sample shall be denoted by {(X1,Y7),...,(X,,Y,)} and the observations by

{(x1,y1),-- -, (Tn,yn)}. We shall assume that the bivariate observations are indepen—
dent. Denoting the conditional mean by r(z) = E[Y | X = 2] we can write Y} [(X; =
xj) = r(x;) +¢; where E(¢j) = 0 and the ¢; are independent but not necessarlly identi-

cally distributed.

We wish to estimate the density of Y conditional on X = z. Let g(z,y) be the joint
density of (X,Y), h(x) be the marginal density of X and f(y|z) = g(x,y)/h(x) be the
conditional density of Y |(X = x). We shall assume that f(y|z) and h(z) are such that
their second derivatives are continuous and square integrable and that r(x) has continuous

second derivative.
The natural kernel estimator of f(y|x) is (e.g., Scott, 1992, p.220)

g(z,y)
h(z)
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is the kernel estimator of g(z,y) and
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is the kernel estimator of h(x). Here, | - ||, and || - ||, are distance metrics on the spaces
of X and Y respectively. A multivariate kernel other than the product kernel could have
been used to define g(z,y). But the product kernel is simpler to work with, leads to
conditional density estimators with several nice properties and is only slightly less efficient
than other kernels (Wand and Jones, 1995). In this paper we shall use the Euclidean
distance for all numerical examples, except where otherwise stated. The kernel function,
K(x), is assumed to be a real, integrable, non-negative, even function on IR concentrated
at the origin such that

flylz) =

where

/]RK(x)dq: =1, /R:cK(:E)dm =0 and o2 = /RxQK(x)dl‘ <oo. (2



Popular choices for K(z) are defined in terms of univariate and unimodal probability
density functions. In this paper, for all numerical examples we use the Epanechnikov
kernel,

3 2
) 3@ =2%) for |z| < 1;
K(x) = { 0 otherwise. (3)

We shall rewrite (1) as

Flole) = e (M) (@)

where ) (Hx_x H) ZK (HHC X H) (5)

Here, a controls the smoothness between conditional densities in the x direction and b
controls the smoothness of each conditional density in the y direction.

3 Asymptotic properties of the kernel estimator

Mean square error and convergence

The asymptotic bias and variance of the density estimator are derived in the appendix,
and are shown to be (as @ — 0, b — 0 and n — 00)

a’of [ W (x)0f(y|z)  Pflylz)  b°*f(y|z)
2K {2h(x) O + 022 +¥Ty2}
+0(a") + O(b*) + O(a®V?) + O(:%) (6)

Efyle) — flylz) =

and
R(K)f(y|x)
nabh(z)

where R(K) = [ K?*(w)dw.

Var[f(y | )] = [R(K) = bf(y|2)] + O(3) + O(%) + Ol35) (7)

Adding the variance (7) to the squared bias (6) gives the asymptotic mean square error

atol [ W (2)0f(yla) | Pflyla) | P f(yla))’
AMSE 4K {2 h(z) Oz * Ox? > oy? }
R(K)f(y|x)
+W[R(K)—bf(y\x)] (8)

+O0(1) +0(L) +O0(£) + 0(a®) + O(b°) + O(ab*) + O(a’b?).

Thus the estimator is consistent provided a — 0, b — 0 and nab — 0o as n — oo. As with
many smoothing problems, small bandwidths give small bias and large variance whereas
large bandwidths give large bias and small variance. Bandwidths chosen to minimize (8)
give a trade-off between bias and variance.



The integrated asymptotic mean square error (IMSE) is obtained by taking the integral
with respect to both = and y of the weighted AMSE formed by the product of (8) with
h(z). This weighting provides a bounded global accuracy measure with more emphasis
on those regions with more data. Similar weighting is used in regression smoothing (e.g.
Wand and Jones, 1995). The resulting expression is of the form

IMSE~ L — 2 4 czat 4 c4b* + c5a?b. 9)
nab  na

where the constants ¢y, ¢, c3,c4 and c5 depend on the kernel K, the conditional density
f(y|x) and the marginal density hx(z).

The optimal bandwidths can be derived by differentiating (9) with respect to a, b and set-
ting the derivatives to 0. Taking these derivatives and simplifying we obtain the following
expressions

b
_a + €20 + 4C3a5b + 205a3b3 =0 (10)
n n
_a + degab® + 2¢5a%0 = 0. (11)
n

Subtracting (10) from (11) and solving for b gives

C CCL4 1/4
b:{ I } | (12)

4eqan c4

Substituting b into equation (11) and expanding in a series about (na) ! using a symbolic
algebra package we obtain

o
% +3 kit =0 (13)
=0

where each k; is a function of ¢q, o, 3, ¢4 and c5. In particular
5
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For (13) to converge to 0 we require a to be of order n® where %1 < s < 0. Taking the two
most dominant terms from the series and solving for a we obtain the optimal value of a:

1/6 5\ 1/4 3/4) /6
a* = <C—1> / = 61/6 {4 <C—3> + 2c5 (C—g) : } n~Ys.
nkg c4 C4

Substituting a* into (12), expanding about n~! and taking the most dominant term we
find the optimal value of b:

1/4 5\ 1/4 3/4) V6
b* = <C—3) a* = 61/6 {4 <C—4> + 2¢5 <C—4) n~1/9.
Cq c3 c3

The above two equations show that both a* and b* are of order n~'/6. Substituting a* and

b* into (8) shows the IMSE has order n~2/3 — the same as for a bivariate kernel estimator
(Scott, 1992).



Compare these results to those obtained for a univariate kernel density estimator in which
b* is of order n~'/5 and the IMSE is of order n=%/5 (see, for example, Scott, 1992). It is
to be expected that the convergence properties are better in the univariate case, since we
are effectively reducing the number of points used in the estimates when we condition on
the value of X.

Of course, a* and b* are not practical bandwidth selection rules since they are functions
of the unknown density h(z) and conditional density f(y|x). But they serve as useful
benchmarks for what is possible. A rough rule of thumb is obtained by assuming the con-
ditional and marginal densities are normal or some other parametric form. Alternatively,
the bandwidths optimal for bivariate density estimation (see Wand and Jones, 1994) may
provide a guide for use in conditional density estimation, although the optimality criterion
is different.

A special case

Some insight into the bias and AMSE expressions is possible by considering the special
case (shown on the left of Figure 3) where the design points are locally uniform near z, the
conditional densities near x are identical apart from a shift in location and r(z) is locally
linear near x. Hence, h/(x) = 0, h"’(z) = 0, f(y|z) = p(y — r(z)) where [up(u)du =0
and r”(z) &~ 0. Then,

OUIZ) oy () ),
% ~ 'y — (@)l (@)
)]
Therefore,
Ef(ylo) — flyle) ~ Sokp'(y—r(@) {a*l (@) +5*}. -

The variance is unchanged under these conditions so that

0_4 iz c
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where R(p) = [ p*(w)dw, R(p") = [[p"(w)]?dw and ¢ is the range of X.

Note that f(y|z) will have greater bias when the slope in the mean, r'(z), is greater. But
if r(z) is constant, (14) reduces to Ef(y|z) — f(y|z) = $b%0%h¥ (y), which is the bias of
a univariate kernel estimator of the marginal density of Y (Scott, 1992).

This case is not of great intrinsic interest since we would normally wish to use conditional
density estimation when the densities are changing shape with z. However, it does show
that, in this case, the conditional density estimator will have greater asymptotic bias than
a univariate density estimator unless r(x) is constant and the IMSE is reduced if r(z) is
constant.



4 Conditional moments

The mean of the conditional density estimator f (y | x) provides an estimator of the con-
ditional mean r(z), namely

() = [yflody = Y @Y, (16)
j=1

This is identical to the kernel regression function of Nadaraya (1964) and Watson (1964).
In fact, this is how the Nadaraya—Watson smoother is often derived (e.g. Scott, 1992 and
Hardle, 1991). Note that m(z) depends on a, the smoothing parameter in the x direction,
but not on b, the smoothing parameter in the y direction.

With a little more algebra, we obtain an estimator of the conditional variance Var[Y | X =
x] in a convenient form:

i) = [ly-m@Piylody = ok + 3 w@; - m@P 1)

=1

Note that this variance consists of two terms, one proportional to b2 and the other a
weighted sum of squares of the differences about the estimated mean, m(z). The first
term depends only on b, the smoothing parameter in the y direction, and the second term
depends only on a, the smoothing parameter in the x direction. For b = 0, we obtain a
weighted sum of the squared residuals which is commonly used as a local estimate of the
conditional variance. (e.g. Hall and Carroll, 1989).

Bias in the conditional mean estimator

While a kernel regression provides an intuitive and simple estimate of the conditional

mean, it can have large bias. Conditional on the observed values of X1, ..., X,,, the bias
of m(x) is
Eim(z) | X1 =x1,..., X =, —r(2)
o (@) & :
= /(@) Y wi(@)(w; - @) + Y wi@) (@ - 2)" + R (18)
j=1 j=1

where the remainder R is small under some regularity conditions due to the locality of the
kernel (see, for example, Hastie and Loader, 1993). Hence, there may be substantial bias on
the boundary of the predictor space because the asymmetry of the kernel neighbourhood
causes the first term to be large when r/(z) is large. This is seen in the plot on the left of
Figure 3 which shows a data set with linear mean and uniformly distributed x ;. The kernel
neighbourhood around x = x( is marked by the shaded region. Bias can also be a problem
in the interior if the true mean function has substantial curvature (if |r”(z)| is large then
the second term in (18) is large) or if the design points are very irregularly spaced (again
giving some asymmetric neighbourhoods). Such problems are largely eliminated with some
other smoothing methods. In Section 5 we modify this kernel conditional density estimator
to allow the conditional mean function to be specified or estimated using a smoother with
better properties.



We can take the expectation of (18) with respect to X1, ..., X,, to obtain the unconditional
bias (e.g. Scott, 1992)

Efi(z)] — r(2) = ~a0% {r"(:c) + () } +O(a). (19)

Note that both (18) and (19) show there is approximately zero bias if r(z) = ¢ is constant
for all . In fact, the bias is exactly zero in this case since then E(Y;) = c¢ and so
Efi(z) | Xo = 21,..., Xy = 2] = 30 wj(2)E(Y)) = c.

We shall call the bias in the estimated mean, given by (18) or (19), the mean-bias of
f(y|z) to distinguish it from the bias in the estimator itself.

5 Modified kernel estimator

5.1 An improved conditional density estimator

From the preceding discussion, we have seen that the standard kernel estimator of a
conditional density suffers from many of the same problems as kernel regression. We wish
to modify f (y | x) to obtain a new conditional density estimator which has a mean function
corresponding to a smoother with better bias properties than kernel smoothing.

As a first step, we assume the true mean r(x) is known and consider possible conditional
density estimators which have either mean identical to r(z) or mean equal to r(x) in
expected value. In Section 5.2 we will replace r(x) by an estimate which has better
properties than a kernel smoother.

Our first approach is motivated by the fact that the error, ¢, has the same distribution
as y; except for a shift in conditional mean. So we could estimate the conditional density
of Y — r(z) (X = z) by applying the standard kernel density estimator (4) to the points
{(xzj,e5)}. Figure 3 shows the transformation graphically. We shall denote the mean of
the estimated density of € |(X = z) by mq(z) which will be approximately zero for all x.
Then r(z) can be added to these estimated conditional densities to obtain an estimate of
the density of Y |(X = z). The advantage of this approach is that the conditional density
of ¢|(X = x) has mean function which is constant (see the right hand graph in Figure 3).
Hence, the mean-bias (19) is zero and the IMSE is reduced under the conditions of (15).

More formally, we define the new conditional density estimator as

n vy,
fiy 1) — %Z Oyiﬁmﬂ

where Yj(l)(x) =¢j+r(xz) =Y; —r(xz;) + r(z). This estimator has mean function

@) = [shlady = i@ +in@) = r@+ Y e
j=1



I
y € !
|
|
|
|
_ il |
|
|
_ o |
le
| & A
| 4 .:.. .;r ,..'. ..;t
Sesle, s % ..;.. A
0 ] . RS e %o ml(X)
4 4 °w?’ [fmn =Tl L
.,‘ A wie. .
. .o
b b [
|
r(XO) | | :
|
_ 4 |
|
|
. . [
X
0

Figure 3: Graphical representation of the transformation of y; to ;.

Then E[#1(z)] = r(z) (but #1(z) is not identical to r(x) since rmj(x) is not identical to
zero). Also, since the conditional mean of € [(X = z) is a constant, the IMSE of fi(y|x)
is smaller than that of f(y|x) under the conditions of (15).

We can improve this estimator slightly by defining
Yj@) (x) = Yj(l)(m) —mi(z) +r(z) =r(x) +e5 — Z w;(x

Applying the standard kernel conditional density estimator (4) to the data (X}, Yj(z) (2))

gives
n (2)
1 ly —Y; % ()]
y\x B E (+y . (20)

The mean function of fo(y|z) is
(o) = [uhylady = 3 wi@y @) = 1)
j=1

Hence, not only does this method give zero mean-bias (E[f2(x)] — r(z) = 0), but the
mean of the estimated density, 75 (x), is identical to r(z). Also, f(y|) inherits the IMSE
of fi(y|z). So this estimator has mean exactly r(z) and its IMSE is small under the
conditions of (15).

10



Using (17), an improved estimate of the conditional variance Var[Y | X = z] can be com-
puted using fo(y | z):

ia(e) = [ly— o) haly|2)dy

= b0 + Z wj(x)[Yj(Z) () — r(z)]?
j=1

n

= bza%( +zn:’wj($) [6]' —ZU}Z’(.’E)Q}Q.
j=1

i=1

5.2 Estimators with mean specified by a smoother

Of course, we will usually not know the true mean, r(z), and so the estimator introduced
above cannot be used in the form given. However, there are numerous methods for es-
timating a mean E(Y | X = x) which have better properties than kernel regression. For
example, we could obtain a density estimate with mean equivalent to a linear regression,
a local polynomial (e.g. constant, linear, quadratic) regression (Hastie and Loader, 1993)
or a cubic smoothing spline (Buja et al., 1989; Silverman, 1984).

If we replace r(x) by any suitable estimate of the mean, 7(x), in (20), we obtain the
following conditional density estimator:

f (uy - ij*(w)|!y> o

fuly|z) =

D‘IP—‘

where

Y/ (z) =7(z) + e — sz

and E; =Y; — #(z;). Then, using the results obtained for fo(y|z), we find that the mean
of fi(y|x) is #(z) and the variance is

nla) = [l =@ Faly |2 dy = ok + Y wy@) B - S wi@)E]

j=1 i=1

Hence, the mean-bias of f,(y|x) is simply the bias of #(z). Also, like fo(y|z), the IMSE
of f. (y | ) is smaller than that of f(y | z) under the conditions of (15). We have done some
numerical studies involving more complicated conditional densities and have found that
the MSE of f,(y| ) is often, but not always, smaller than that of f(y|z). The results of
this comparison will be reported in a later paper.

In replacing r(z) by 7(z) we often introduce an extra smoothing parameter. In addition to
a and b which play the same role as they do with the estimator (4), a smoother specified
by 7(x) usually also has a smoothing parameter which we shall denote by c¢. Note that
both ¢ and a control smoothness in the z direction; a controls how quickly the conditional
densities can change in shape and spread while ¢ controls the smoothness of the mean of
the conditional densities over x.

11



Some special cases are worth noting. Suppose 7(x) is a linear smoother defined by

Pa) =D 1i(2)Y].
j=1

1. Setting I;(xz) = wj(x) = 1/n (obtained by letting ¢ = a — 0o) means (21) gives the
kernel estimator of the marginal density of Y (e.g. Scott, 1992).

2. A mean function equivalent to local polynomial regression is obtained by setting
Li(x) = b(x)(BTV (2)B) 10" (2 )v;(x)

where b(x) is a row vector containing an expansion of z into a basis of polynomials,
B is a matrix with b(z;) as its ith row (i = 1,...,n), v;(z) is a weighting function
of the same form as w;(x) defined in (5) but with window width c replacing a, and
V(z) = diag[vi(x),...,v,(x)]. For example, local linear regression is obtained with
b(x) = [1 z]. Note that if b(x) = 1, #(z) is a kernel regression mean but, unless
¢ = a, one with different smoothness to m(x).

3. Setting v;(x) = 1/n in the above case (obtained by letting ¢ — oo0) gives 7(z)
equivalent to linear regression.

Bandwidth selection is obviously a crucial issue in using conditional density estimation for
data analysis. However, this is beyond the scope of this paper and we plan to consider it
elsewhere. In the numerical examples considered here, bandwidths were chosen by trial
and error to give estimates which seem reasonable for the data. Figure 2 was created with
a = 3 and b = 2.5 with the mean function specified by estimated on Splus 3.1 using a loess
(locally linear) smoother (Cleveland et al., 1992) with span 50%. The particular densities
shown are conditional on the previous day’s temperature being 8, 10, 12, ..., 42 degrees
Celsius. Since the density of the errors changes with X, it would be reasonable to allow b
to change with X as well, although this has not be done here.

5.3 Higher order estimates

The extension to allow several explanatory variables is straightforward. Where X is a
vector of length m, we replace w;(z) by

K (|2 — 2l))
> Km((le — ;)
7j=1

wj(x) =

where K,,,(-) is a multivariate kernel function. A popular choice is the product kernel of
the form ®
1 T
K, (x) = —K|—

where K (-) is a univariate kernel function, z(*) is the kth component of  and a;, denotes
the window width for z(*),

Similarly, replace 7#(x) by a multivariate smoother 7(x). Then the conditional density
estimate is given by (21), with z replaced by x. The mean and variance results are
exactly analogous. However, the MSE in this case is more difficult to assess.

12



6 Graphical display

6.1 Modal regression

Scott (1992, pp.233-235) considered using the modes of a conditional density estimate as
a form of robust nonparametric regression. The modal regression line used by Scott is

a(x) = arg max, f(y | ),
that is the value of the argument, y, which maximizes f (y|x). An alternative form is
sz, \) = args max, f(y| 2)

where args indicates all local maxima greater than Aa(z) and 0 < A < 1. This provides a
more useful graphical device than the mean or median when the densities are multimodal.

Figure 1 shows as(z,0.4) superimposed over the scatterplot of the temperature data. Here
the conditional densities were estimated using a loess (locally quadratic) mean with span
¢ = 0.6 computed using Splus 3.1 and smoothing parameters ¢ = 3.5 and b = 3.6. Larger
smoothing parameters were used in computing the modal regression lines in Figure 1 than
in Figure 2 so as to remove a number of spurious local modes. As with ¢ and b, A = 0.4
was chosen by trial and error to allow the display of two modes only. Smaller values of A
result in small, probably spurious, modes appearing.

6.2 Stacked conditional density plots

Figure 2 shows a number of densities plotted side by side in a perspective plot. We call this
a ‘stacked conditional density plot’. It allows the changes in the shape of the distribution
over the range of the conditioning variable to be seen clearly. We have found this plot is
much more informative than the traditional displays of three dimensional functions (e.g.
contour plots or three-dimensional perspective plots) since it highlights the conditioning.
Furthermore, aspects of the traditional graphical forms such as contour lines are very
difficult to interpret in this context because their relation to the conditional densities is
not clear.

Scott (1992, p.23) argues against displaying the conditional densities and prefers a display
of ‘slices’ of the joint density. If the goal is to understand the joint density (as it was in
Scott’s example), than taking slices is preferable because it reduces the visual prominence
and relative noisiness of the tails. However, in this example, we are more interested in the
conditional densities than the joint density. The increasing bimodality in the conditional
densities shown in Figure 2 is much less obvious in slices of the joint density.

The conditional densities become rather noisy at the extremes because of the sparsity of
data in those regions. This is partly a result of having a fixed bandwidth. An adaptive
bandwidth would allow more smoothing in the tails to overcome this problem. However,
variable bandwidths add further degrees of complexity to the problem and we have not
yet tackled this problem.

13



6.3 Highest density region plots

An alternative approach is to plot a number of highest density regions (HDRs) against the
conditioning variable (Hyndman, 1996). A highest density region is the smallest region of
the sample space containing a given probability. Figure 4 shows a plot of the 50% and 99%
HDRs for the Melbourne temperature data, computed from the density estimates shown
in Figure 2.

HDRs of conditional densities
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Figure 4: Highest density regions (50% and 99%) for maximum daily temperature condi-
tional on the previous day’s mazimum temperature. Conditional modes are also marked
(by @) for each x value. Compare this plot with the scatterplot of Figure 1 and the modal
regression plot of Figure 5.

Each vertical strip represents the conditional density for one x value. The x values on
which we condition are chosen to lie at 1° intervals. The darker shaded region in each
strip is a 50% HDR while the lighter shaded region is a 99% HDR. The mode for each
conditional density is also shown as a bullet (). This plot reveals the bimodality most
clearly of all without the distracting smaller bumps that often occur in kernel density
estimates. For more details regarding highest density regions and the algorithm used to
compute the graph shown here, see Hyndman (1996).

When X is of higher dimension than one, it is necessary to produce several such plots or
show them dynamically with one of the conditioning variables changing over time. The
following section gives an example of conditional density estimates with two conditioning
variables displayed by highest density region plots.
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6.4 Application to the Melbourne temperature data

It is clear from Figures 1, 2 and 4 that the mean and variance of today’s maximum
temperature increase as yesterday’s maximum temperature increases, except on very hot
days (over 30°C) which are often followed by cooler days. The 50% HDRs consist of two
disjoint intervals showing that days of 30-39°C tend to be followed by days of similar
temperature or of much lower temperature; they are not generally followed by days with
maximum temperature in the high 20s. This occurs because temperatures slowly increase
as high pressure systems pass over the city from west to east. At the tail end of a high
pressure system, a strong north wind often blows (from off the Australian mainland)
bringing high temperatures. A high pressure system is often followed by a cold front
causing a rapid drop in temperature. Hence, hot days are generally followed by days of
similar or greater temperature or by much cooler days.

It seems reasonable that the temperature distribution may also change with the time of the
year. To investigate this idea, we use the approach of Section 5.3 and condition on both
the day of the year and the previous temperature. Let Y; ; be the maximum temperature
on day ¢ of year j, ¢ = 1,...,365, j = 1,...,10. To simplify the periodic behaviour of
the series, we have omitted the two data values observed on 29 February and, for ease of
notation, we interpret Yy ; = Y365 ,-1. The lower case, y; ;, shall be used to denote the
observed value of Y; ;.

Applying the higher dimensional version of (21), we can estimate the density of

10 365 x (s
2 . 1 . 1y — g, (6 2)lly
f*(y’717$) - _Zzwk,j(%x)K n (22)
pa b
J=1k=1
where
10 365
Ui (0> w) = 7(62) + g — (ks Y1) = 3 D W (65 2) Yt = 7, Y1)
I=1m=1
and -
K( |z — yk—Lij)K<H'L - Hd)
. aj as
Wi (6 %) = 35555 :
3 K(Ilﬂﬂ — Yk y)K(H% - kHd)
j=1k=1 a1 a2
As before, we use the standard Euclidean distance between temperatures, [lyll, = |y|.

However, the distance between days is more difficult as the days at the ends of each year
should be close—a fact which is not reflected by taking ||i—k||; = |i—k|. For example, days
364 and 2 are only three days apart. So we use the metric ||i—k||; = min(|i—k|, 365—|i—k|).
The linear surface, 7(i, x), was specified by a loess surface (Cleveland et al., 1992), modified
so that it is periodic in 1.

For each value of x we can produce a stacked conditional density plot. Similarly, for each
value of 7 we can produce a stacked conditional density plot. However, it is more revealing
to look at HDR plots for different values of = (Figure 5) and different values of i (Figure
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6). The lines bounding each shaded region have been removed to reduce visual clutter.
Not all densities are shown because of the lack of data for some combinations of x and
1. Figures 5 and 6 show the complex interaction between x and i. For example, a quick
examination of these graphs reveals the following information.

e In winter (June — August), the conditional mean maximum temperature is almost
linear and the distributions are unimodal and symmetric, whereas in the hotter
months (December — April) the conditional mean is far from linear and the condi-
tional distributions are bimodal following days over 30°C.

e During those hotter months, the position of the modes varies.

e The temperature distribution following a day of 20°C in June is less skewed, has
smaller variance and smaller mean than the temperature distribution following a
day of 20°C in January.

These few examples demonstrate the value of conditional density estimation and these
graphical displays for data analysis. It is much more difficult to spot these features using
other display methods we have seen used.
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Figure 5: Highest density regions (50% and 99%) for temperature conditional on the pre-
vious day’s temperature and the day of the year.
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Figure 6: Highest density regions (50% and 99%) for temperature conditional on the pre-
vious day’s temperature and the day of the year.
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7 Derivations

Lemma 1 Let X be a random variable with density h(x) being at least twice continuously
differentiable, K(u) be a kernel function satisfying (2), q(x) be at least twice continuously
differentiable and defined on the sample space of X, and a be a constant. Then, as a — 0,

T — . a20_2 2
e[2x (2o )a0] = atwnt) + S fgn) + o), (23)
T — i x)h(x a 2
e[ (T o] = LMD B0 L)) + o) (24)
and
T — a §
Var 1K (22 ) 0] = donto) (B0 - n)) + AL e + o),
(25)
where

0% = /wQK(w)dw, R(K) = /K2(w)dw and GK) = /w2K2(w)dw.

Proor: The first equation is derived as follows.
3K (52) a0)] = 1 [ K (52) atwh(yd
- / K(v)[g(z) — vag () + Lo?a®¢" (2)][h(x) — val! (z) + 1v2a2h (x)]dv + O(a®)
where v = (z — u)/a and using Taylor series expansions about z
— 4(a)h(a) + Jaloklq"(@h(z) + 20/ @' (z) + a()h"(2)] + O(a’)
= g(@)h(a) + Jaok fxla(@)h(@)] +O(a").

Using a similar argument, we obtain (24). Then (25) follows by noting that
Var 18 (555) a)] = E[K? (=52) *00)] = {E [37 (55%) a0}

which can be computed from (23) and (24).
a

We shall also use Proposition 31.8 of Port (1994) which is here restated as Lemma 2 for
convenience.

Lemma 2 Let ¢1(X;) and g2(X;) be two random wvariables with means py and po and
variances vy and vy respectively and with covariance viy. Let {X1,...,X,} be an iid
sequence of random variables and define

) n . 1
1= a(Xa), N 10.0)
i=1 iz

and R == 21/22.
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Then the second order approrimation of ER is

. 1
ER ~ XLy = (““;2 - ”—122) (26)
H2 M3 Ha

and the first order approximation of VarR is

. 1
VarR ~ —5 (v + “1”2 — otz (27)
s 115 2

Now the conditional density estimator can be expressed as the ratio of two random vari-
ables:

A iyn LK K (54
fyla) = == ?1(11{() ()b). (28)

n

We shall apply Lemma 2 to obtain the bias and variance of f(y|z) given by (6) and (7)
respectively.

First note that by applying Lemma 1 we obtain

= E[LK (25)] = h(a) + S5 () + O(a?)
and vy = Var HK (ﬂ)} = h(z) [@ - h(m)] + G () + O(a?).

Similarly, conditioning on X; and further applying Lemma 1 gives

e [dc (555) e (152) 1] = b (555) [r )0 + P 2550+ 00
(29)
Var [BK (2254) K (452) |xi] = A (55) Fwl X0 (B2 - fwl X)) (30)
+ HEAEIER 1 0()
e[k (59 K (43) 1] = 1 (55) [r0010) + PR 2052 00
(31)

Then applying Lemma 1 again to (29) gives the unconditional expectation
z—X; —-Y;
w = E [#K (—La )K(%)}
b202. 52 x
= @) [l + SR 2] 1 o)
+ a? ;K [82f(y| )h(l‘) + 28f(8yq;| x) h/(SC) + h”(x)f(y ’ 33)} + O(a2b2) + O(a4).

The variance of (29) and the expectation of (30) can be obtained by further applications
of Lemma 1 giving

Var {E [GK (455) K (455) 1]} = Pyl @)h(e) (52 = h(x)) +O(a) + O(*) (32)

a
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and

E {Var [ﬁK (%) K (%) |X1}}

M [y |0) (52 = f(y o) + RG] 1 0(a) + 00 fa). - (33)

a

The unconditional variance is the sum of (32) and (33); that is

v = h(z)f(y|z)R*(K) _ P2y | 2)h2(z) + bh(z)R gK)G(K) 32f(y| ) | O(a) + O(b*/a).

ab

Now applying Lemma 1 to (31) gives

—Y; x b202 92 P
E [ K2 (25) K (152)] = MoiK) [f(y\:z:) + g LD | 4 OB fa) + O(a) (34)
and subtracting 1 p9 from (34) we obtain the covariance

viz = h(@)f(y|2) [24L — h(z)] + O(a) + O(?) + O(b"/a).

a

Now we can apply Lemma 2 to (28) by substituting the above expressions for 1, ua, v1,
vy and v1o into (26) and (27). Noting the result 1/(s +6) = 1/s — /52 + o(§), we obtain

. b202 92 f(y | a’c R (z) 8f(y|w 2f(y|z
o= fy ) + Dk Pl K{Qh(<x)> wlz) | 21 )}
+0(a") +0(b") + O(a’b?),
W= fyle) |[me — 1] + 0 + 00 /a)
and U = LRI — f(y|z) + O(a) + O(?) + O(b*/a).
2

Hence, from (26), we obtain (6).

Similarly, we obtain
v fylo)RA(K) y|z) bR(K)G(K) 9*f(y|x) _ af(y|)R*(K)ojh" ()
ws abh(x) Y 2ah(x) Oy? 2bh3(x)
+ O(a) + O(V?/a)
2’U 2 T
o= LUl — p2(y | 2) 4+ O(a) + O(b?)
and gz = SUEID 2y 10) 1+ 0(a) + 00 + 0.

Ha

Hence, from (27), we obtain (7).

Acknowledgments

We wish to thank David Scott (Rice University, Texas) for suggesting that we apply modal
regression to the lag plot of the Melbourne temperature data, and the referees for their
helpful suggestions which led to several improvements in this paper. Two of the authors
were supported in part by Australian Research Council grants.

21



References

Busa, A., HasTIE, T., and TIBSHIRANI, R. (1989), Linear smoothers and additive models
(with discussion), Ann. Statist., 17, 453-555.

CHAUDHURI, P. (1991), Nonparametric estimates of regression quantiles and their local
bahadur representation, Ann. Statist., 19, 760-777.

CLEVELAND, W.S., GROSSE, E., and SHYU, W.M. (1992), Local regression models, in
Statistical models in S, pages 309-376. (Wadsworth & Brooks/Cole: California).

FaLk, M. (1993), Asymptotically optimal estimators of general regression functionals, J.
Multivariate Analysis, 47, 59-81.

Harr, P. and CARROLL, R.J. (1989), Variance function estimation in regression: the
effect of estimating the mean, J. Roy. Statist. Soc. Ser. B, 51, 3—14.

HARDLE, W., JANSSEN, P., and SERFLING, R (1988), Strong uniform consistency rates
for estimators of conditional functionals, Ann. Statist., 16, 1428-1449.

HARDLE, W. (1991), Smoothing techniques with implementation in S, (Springer-Verlag:
New York).

HasTIE, T. and LOADER, C. (1993), Local regression: automatic kernel carpentry (with
discussion), Statistical Science, 8, 120-143.

HasTIE, T. and TIBSHIRANI, R. (1990), Generalized additive models, (Chapman and Hall:
London).

HynDMAN, R.J. (1996), Computing and graphing highest density regions, Amer. Statist.
To appear, May 1996.

NADARAYA, E.A. (1964), On estimating regression, Theory Probab. Applic., 15, 134-137.
Porr, S.C. (1994), Theoretical probability for applications, (Wiley: New York).

SALEH, A.K.MD.E., editor, (1994), Regression quantiles and related topics, J Nonpara-
metric Statistics, 3(3-4), 201-380, special issue.

Scort, D.W. (1992), Multivariate density estimation: theory, practice, and visualization,
(Wiley: New York).

SILVERMAN, B.W. (1984), A fast and efficient cross-validation method for smoothing
parameter choice in spline regression, J. Amer. Statist. Assoc., 79, 93-99.

STONE, C.J. (1994), The use of polynomial splines and their tensor products in multi-
variate function estimation, Ann. Statist., 22, 118-184.

WAND, M.P. and JONES, M.C. (1994), Multivariate plug-in bandwidth selection, Com-
putational Statistics, 9, 97-116.

WAND, M.P. and JoNEs, M.C. (1995), Kernel smoothing, (Chapman and Hall: London).
WATSON, G.S. (1964), Smooth regression analysis, Sankhya A, 26, 359-372.

WELSH, A.H., CARROLL, R.J., and RUPPERT, D. (1994), Fitting heteroscedastic regres-
sion models, J. Amer. Statist. Assoc., 89, 100-116.

22



