Chapter 7

Principal Hessian Directions

The dimension reduction and visualization techniques introduced so far are based on the
inverse regression point of view. Theroles of Y and x are interchanged. In this chapter, a
forward method, principal Hessian Direction( pHd ) (Li 1992, JASA) will beintroduced. Let
f (X) be the regression function E(Y|x), which is a p dimensional function. Consider the
Hessian matrix H (x) of f(x),

2

H(x) = thep by p matrix withthe ij" entry equal to f(x)

0% 0X;
Hessian matrices are important in studying multivariate nonlinear functions. The methodol-
ogy of pHd focuses on the ultilization of the properties of Hessian matrices for dimension
reduction and visualization. Similar to SIR, there are afew variants in the approach of pHd.
For more recent development on PHD, see Cook(1998).

7.1 Principal Hessian directions.

The Hessian matrix typically varies as x changes unless the surface is quadratic. Difficulties
associated with the curse of dimensionality arise quickly if we were to estimate it for each
location. Instead, we turn to the average Hessian,

H =EH(X)
We define the principal Hessian directions to be the eigenvectors by, - - -, by of the matrix
H X, where X denotes the covariance matrix of X :
I-_szbjzijj, j=21---,p (1.1

(A1l = - = |Apl

Why not defining the principal Hessian directions by the eigenvalue decomposition of
the average Hessian H ? One reason is that with right-multiplication of =y, the procedure
becomesinvariant under affine transformation of x. Thisisan important property to have for
our purpose of visualization and dimension reduction.

Because of the affine invariance, we may assume that the covariance matrix of x is I.
This often simplifies the discussion.
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7.2 Dimension reduction.

Recall the dimension reduction model (1.1) of chapter 1. The regression function takes the
form
EC(Y|X) = f(X) =h(BiX, -, BkX), (2.1

for some function h. Assume that h is twice differentiable.

Lemma 7.3.1 Under (2.1), the rank of the average Hessian matrix, H, is at most K. More-
over, the p.h.d!s with nonzero eigenvalues are in the ed.r. space B(namely, the space
spanned by the 8 vectors.)

Proof. Let B = (B1,---, Bk) andt = (BiX, -+, Bk X)' = B'x. Then f(x) = h(B'x). To
differentiate the Hessian matrix for the function h from that for f, we use the subscripts
conveniently. Thus by the chain rule, H; (xX) = BHp(t)B’. Now it is clear that for any
direction, v, in the orthogonal complement of B, we have Hy(x)v = 0. Hence the rank of H
isat most K. In addition, for any p.h.d. bj with &j # 0, wehave 0 = (v'H)Zxbj = v'Ajbj,
implying that b; is orthogonal to v. Therefore b; falls into the e.d.r. space B. The proof is
complete. O

This lemma indicates that if we can estimate the average Hessian matrix well, then the
associated p.h.d.’s with significant nonzero eigenvalues can be used to find e.d.r. directions.
We shall use Stein’s lemma to suggest an estimate of the average Hessian matrix in section
7.3.

7.3 Stein’slemma and estimates of the PHD's.

We shall show how to use Stein’s lemmato estimate the PHD’s when the distribution of x is
normal.

7.3.1 Stein’slemma.
Recall Stein’slemmafrom Stein (1981).

Lemma 7.3.1.(Stein 1981, Lemma 4) If the random variable z is normal, with mean & and
variance 1, then

Ez—-§)(2 = El(2)
E(z—£)4(Z) = El(2) + Ei(2)

where, in each case, all derivativesinvolved are assumed to exist in the sense that an indefi-
niteintegral of each isthe next preceding one, and to have finite expectations.

Proof. The first result is from integration by part. The second ressult follows from the first
result. QED. O

Using Stein'slemma, it is easy to derive the following corollary.
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Corollary 7. 3.1. Suppose x is normal with mean 1.« and the covariance Xy. Let 11y be the
mean of Y. Then the average Hessian matrix Hy isrelated to the weighted covariance

Tyxx = E(Y — py) (X — px) (X — px)’

through the identity
HX == E;lzyxngl.

Proof. After standardizing x to have mean 0 and the identity covariance by an affine trans-
formation like z = 2;1/2(x — w), we proceed as if x is standard normal. Now applying
Stein’s lemma, we see that

H = E(Y — pny)xx.

The proof is complete. O

From this corollary, we can find p.h.d.’s based on the weighted covariance matrix Xyxx
as the following theorem suggests.

Theorem 7.3.1. When x is normal, the p.h.d’s, bj, ] = 1,---, p, can be obtained by the
eigenvectors for the eigenvalue decomposition of Xy with respect to %y :

Zyxxbj :)"]be]v fOI‘ J :1,..., p.

Observe that adding or subtracting a linear function of x from y does not change the
Hessian matrix. Henceinstead of using y in Theorem 7.3.1, we may replaceit by the residual
after the linear least squares fit.

Theorem 7.3.2. Suppose x isnormal. Letr = y —a — b _x be the residual for the lin-
ear regression of y on X, where a, bys are the least squares estimates so that Er = 0, and
cov(r, X) = 0. Then we have

H_x = E)lerxngl,

where
Zrxx = Er (X — ) (X — ux)’

Moreover, the p.n.d’s, bj, j = 1,---, p, can be obtained by the eigenvalue decomposition
of X, xx With respect to Xy :

Erxxbj - )\'J Exbj, fOl’ J == 1, e ooy p.
Corollary 7.3.1 can aso be applied to show that polynomial regression can be used to

estimate p.h.d.’s, as the following corollary suggests.
Corollary 7.3.2. Suppose x is normal and consider a polynomial fitting :

: _ 2
Q('Xr)‘ E(y — QX))
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where Q(x) isany polynomial function of x with degrees no greater than q. Then the average
Hessian matrix for the fitted polynomial, is the same as the average Hessian matrix for vy, if
g islarger than 1.

Proof. Letf be the residua, y — Q(x), where Q(x) is the fitted polynomia. Thenf is
uncorrelated with any polynomial of x with degree g or less. In particular, it is uncorrelated
with any element in the random matrix (X — ux)(X — ux)’. Now we see that

E(y — uy) (X — )X —ux) = E(Y =T — puy) (X — ) (X — px)’
= E(QX) — EQX)(X — 1x) (X — pux)’

Corollary 3.1 implies that the average Hessian matrices for y and Q(x) are the same, com-
pleting the proof. O

7.3.2 Estimatesfor principal Hessian directions.

Theorem 7.3.1 can be used to suggest estimates for p.h.d.’s from an i.i.d. sample, (y1, X1),
-y (Yn, Xn). Let X and ix be the sample mean and the sample covariance of x. Then
(2). Form the matrix nyx =1/n> " (Y — Y (Xi = X)(Xi — X)'.
(2). Conduct an eigenval ue decomposition of nyx with respect to =y :

Syoby; = Ay Subyj, =10, p
|Ay1l = -+ > |Aypl.

Instead of the above y — based method, we may use Theorem 3.2. and suggest the same
procedure but with y; — y being replaced by the residual fi = y; — & — bj.x;, where &, bis
are the least squares estimates for the linear regression of y against x :

(0). Find theresidualsfi,i =1,---,n.

(1). Form the matrix e = 1/n 30 i (X — X) (X — X)'.

(2). Conduct the eigenvalue decomposition of =y With respect to Sy :

irxxtA)rj = irj 2x6rj ) j=1---,p
[Aral = -+ = [Arpl.

Corollary 7.3.2 suggests yet another way of finding the e.d.r. directions. First fit y by a
quadratic polynomial of x. The Hessian Matrix for the fitted quadratic function, say B, can
be easily formed from the estimated quadratic and cross product terms. Then we take the
eigenval ue decomposition of the matrix B, to get the p.h.d.’s. This method ( the q — based
p.h.d., hereafter) is related with the canonical analysisfor exploring and exploiting quadratic
response surfaces where the eigenval ue decomposition is taken for the Hessian matrix of the
fitted quadratic surface with respect to the identity matrix. Box (1954), and Box and Draper
(1987), for example, have illustrated well how their techniques have been successfully used
to locate stationary points and to obtain a parsimonious description of these points in many
designed chemical experiments.
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7.4 Sampling propertiesfor normal carriers.

The root-n consistency of the pHd estimates is not hard to establish because our method of
moments based estimates of the relevant matrices are clearly root n consistent. We need only
to apply standard perturbation formulae for obtaining the asymptotic distributions.

As in the discussion of SIR, the closeness measure between the estimated e.d.r. space,
By for y based pHd, (respectively, B;), and the true e.d.r. space s given by the squared trace
correlation, R?(By) (respectively, R?(B;)), which is the average of the squared canonical
correlation coefficients between b, x, j = 1. - -, K, (respectively b/ ;x, j = 1, - -, K), and
ﬁjfx, j =1,---, K. Thecloser to one this measure is, the sharper the viewing angle will be.
The following theorem gives an approximation for the expected value of this quantity.

Theorem 7.4.1. Assumethat x isnormal and that Xyxx hasrank k. Then under the dimension
reduction model assumption, we have

k
R¥(By) = 1— (p—kn~ Y (=142 %var ((y — py)bj (x — w) + oY (4.1)
j=1

and
k

RA(B) =1—(p—kn Y (=14 i7%var (rbj(x — ux)) +o(n™h)  (42)
=1

Theorem 7.4.2. Under the same conditions asin the Theorem 7.4.1, we have

Y23 sa i ~ N, 2(p — kjvar () (4.3)

p 22 2
N2 ot AT ™ 208 O X1y (p—io 2 (4.4)

where respectively, 4.; denotes A,; or Arj; var (-) equalsvar y or var r.

We can use Theorem 4.2 to suggest whether a component found is likely to be real or
not, by estimating var y (respectively, var r) with the sample variance of y (respectively,
the mean squares for residuals (n — p)~1x ,1?2).

Remark 4.1. Theorem 4.2 suggests that the residual based estimate is more powerful in
detecting areal component because var r istypicaly smaller than var y. See Cook(1998)
for more discussion on some potential inference problems with y-based PHD.

Remark 4.2. For the q — based method, the asymptotic result will be similar. We need only
toreplacer by the residual of the quadratic fit.
7.5 Linear conditional expectation for x.

The validity of using pHd to estimate e.d.r. directionsisjustified earlier for the noraml x via
Stein’s lemma. Now we like to study how the method behaves under the weaker condition,
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the (L.D.C) used in the theory of SIR : forany b € RP

E(OX|Bix, ] =1,---, K)islinearin gx's (5.1

Theorem 7.5.1. Under the dimension reduction model assumption and (5.1), the e.d.r. space
B isinvariant under the transformation induced by the matrix £, 1 Xy, in the sense that

{Eyxxb:be B} C {E«b:be B}

Proof. Consider any vector u such that u'Xxb = 0 for any b in B. Then (5.1) implies
that E(u’x|ﬁjx, j =1 .., K)=0. Itfollowsthat u'Zyb = E((Y — uy)E(u/x|,Bfo, j =
1, ..., K)x'b) = 0. This completes the proof. O

Sinceinvariance spaces of amatrix are spanned by its eigenvectors, thistheorem suggests
that the eigenvectors b;’s can be used to find e.d.r. directions. For instance, if the true e.d.r.
space has only one-dimension, k = 1, then one of the bj’s must be an e.d.r. direction unless
Eyxxf1 = 0, or equivalently,

cov(y, (B1X — ux)?) = 0. (5.2)

Thus athough it is not clear which bj is the right one to use, for the purpose of data visu-
alization we can display all p bivariate plots, y against b;’s, and then choose the one that
shows the most interesting structure. But if (5.2) does occur, then we cannot find the e.d.r.
direction by this method. Yet we may still hope that some transformation on y might avoid
(5.2). Suitably combining second moment SIR estimates is likely to be more productive.
Likewise, the case that k = 2 leads to viewing (5) sets of three-dimension plots. Some
troubles may begin to occur when the dimension of e.d.r. space, k, gets larger because the
combination number increases quickly. Note that Theorem 7.5.1 does not promise that large
eigenvectors will aways be the true e.d.r. directions. But our experience shows that thisis
indeed very likely to be the case. Pathological cases can exist of course. Thisis even more
transparent for the elliptically symmetric distributions.

Theorem 7.5.2. Assume that x follows an elliptically symmetric distribution. Under the
dimension reduction model assumption, for the eigenvalues A of the population version of
y-based pHd, at least p— K of themtake a common value. In addition, all other eigenvectors
areed.r. directions, if p — K isgreater than K.

Proof. Due to affine invariance, it suffices to consider that case that x is spherically sym-
metric with identity covariance and mean 0. Let P; be the projection matrix of rank K
with B as the range space, and P, = | — P;. We need only to show that the range of P,
is a subspace of some eigenspace of Xyyy. First, the result of Theorem 7.5.1 implies that
0= P22yXX P = Plzyxx P,, or equivalently,

nyx P, = I:)Zzyxx )
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Fundamental properties from elliptical distributions show that given Pix and ||x||2, PoX is
still spherically symmetric with mean 0, and the covariance matrix is (p — K)~1(||x||? —
| P1x||%) P,. From this we see that

P2Zysx P2 = E((Y— fy) E(PaxX Pa| Pix, [IX]1%)) = (p—K) " E(y — iy) (IXII1> = [ Pix[|%)] P2

Thus Xyxx P> is proportional to P,, implying that the range space of P, is contained in an
eigenspace of Xyxy. This proves the theorem. O

This theorem does not say anything about the size of the common eigenvalue,

(p—KELY — ) IXI2 = IPXID] = (p—K E(Y — py)llPx|2
= cou(E(y|X), (p— k) HIPx|?)

But we expect it to be small for most cases. If p is large, (p — k)~ Pox||?, becomes
nearly independent of Pix (unless ||x|| is a constant), and hence is expected to be nearly
uncorrelated with E(y|x) = E(y|P1x). Of course, expections do exist.

It isalso clear that our discussion appliesto the residual based eigenvectors as defined in
Theorem 7.3.2.

7.6 Extension.

Nonlinear transformations of y can be applied before using pHd. For example, we may want
totrim out large y valuesin order to decrease the sensitivity to outliers. We may also use the
absolute value of the residual to form the estimate.

We now draw a connection between pHd and second moment based SIR methodol ogy.
Let's partition the range of y into H intervals, In,h = 1, ..., H. Then apply the indicator
transformation ¥ = sn(y) = 1, or O, depending on whether y falls into the hth interval or
not. Denote p, = P{y € In}. Then we have

Ygxx = E@n(Y) — Pn)(X — px) (X — x) = PlE((X — ) (X — mx)'1y € In) — Zy].
The y-based pHd theorem can be applied to V.

Corollary 7.6.1. Assume that x is normal. For each dlice h, conduct the eigenval ue decom-
position of the sliced second moment matrix E((X — ux)(X — ux)'|Y € lIn) with respect to
¥x. Then the elgenvectors with eigenvalues distinct from 1 are e.d.r. directions.

The sample version is easy to obtain. First form the sliced second moment matrix (n,, —
1t > xiely i — X)(Xi — X)’, where np, is the number of cases in the hth slice. Then take
the eigenval ue decomposition of this matrix with respect to . Let the eigenvalues ihj 'sbe
arranged to have the order [Ang — 1| > --- > JAnp — 1.

The sliced second moment matrix E((X— ux) (X—ux)'|Y € In) discussed aboveisclosely
related to the conditional covariance cov(X|y € Iy) , the core of some specific suggestions
for applying second moments in the SIR approach as discussed in Chapter 5. The difference
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between these two matrices is just a rank-one matrix, (My — wux)(My — ux)’, Where my =
E((X — ux)|y € Ip) isthe core of the first moment based SIR estimate.

Remark. Limitations. All methods have limitations. SIR and pHd are no exceptions.
We shall identify cases that e.d.r. directions cannot be estimated from any transformation
version of p.H.d. For smplicity of discussion, take K = 1, and concentrate on the case
that E(X|y) = EX, which is the condition to nullify the power of the first moment based
SIR. Under this condition, the least squares estimate bys is equal to 0. Thus the residual-
based estimate is the same as the y-based estimate. We are interested in knowing when
the weighted covariance matrix Xty = E(T(y) — ET(Y)(X — ux)(X — ux)" will be
degenerated to O for any transformation T (y), in which case no e.d.r. directions can be
detected. The following Lemma offers an answer.

Lemma. Assume x isnormal and consider (1.1) of Chapter 1 with K = 1. Then,
E1yxx = 0, for any transformation T (y),

if and only if
E[(B1(X — 11x))?|Y = y] does not depend ony. (6.3)

It is easy to interpret this result from the inverse regression point of view. In general,
the conditional distribution of B;x given y should depend on y under (1.1). But if this
dependence is only through moments of order higher than two, then (6.3) will hold. PHD or
any first or second moment based SIR will not find any significant directions. This leaves
room for introducing more complicated procedures based on features other than thefirst two
moments of the inverse regression.

7.7 Examples.

Example 7.1. The model used to generate the datais given by
y = €c0S(2B1X) — coS(B5X) + .5e, (7.1)

where x has p = 10 dimensions, g1 = (1,0, ---), B2 = (0, 1,0, ---)’, all coordinates of x
and € arei.i.d. standard normal random variables. For n = 400, we study the performance
of the residual-based estimate b s, after 100 simulation runs. A histogram of the closeness
measure R2(B,) is given in Figure 7.1. The views from the first two directions found in a
typical run are given in Figure 7.3, compared with the best views, views from g1, 82, given
in Figure 7.2. One could better appreciate how they are similar to each other by spinning the
two rotation plots and view the data cloud from all angles. Only two directions are found to
be significant.

Example 7.2. This exampleis used to study how violation of the (L.D.C.) might affect the
estimation. We consider the model

y = B'xsin(28'x) (7.2)
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025 (A= 0.93 1

Figure 7.1: Histogram of R2(B) for 100 runs.

Figure 7.2: Best views of the example 7.1

where x is uniform on a ten-dimensional cube, [—1/2, 1/2]%°. First when a direction for
is chosen at random, it is found that the p.H.d. method finds the true direction as well asif x
isindeed normal.

Instead of reporting these favorable cases, we want to study the worst situation. Consider
B’x as asum of p independent random variables and borrow insight from the central limit
theorem. We can anticipate the worst case to happen when g is zero on all but two coor-
dinates, the case when g’x is the least normal in a sense. Now for those directions on the
plan spanned by first two coordinates, there are 4 good directions for which the linear con-
ditional expectation condition holds, namely the two coordinate axes and the two diagonal
lines. Hence we decide to choose 8 = (1, 2, 0, - - -)’ on the ground that this direction is mid-
way between the two good directions (1, 1, ---)’, and (0, 1,0, - - -)’. We generate n = 400
observations, and use the y-based method to find the e.d.r. direction. From the output given
in Table 2, we see some bias in the first direction found. But a close ook at the p-values,
it is found that the second direction is marginaly significant. In fact, a combination of the
first two directions, as shown in Figure 7.4 (right), yields a high quality reconstruction of the
true curve, shown on the left. By pitching the rotation plots used in producing Figure 7.4 till
the y axisis perpendicular to the screen, Figure 7.5 shows how well the distribution for the
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Figure 7.3: Views by the p.h.d. method for Example 7.1

first two projected directions matches the distribution of the first two coordinates of x. This
demonstrates the potential of our method to find directions b that violate the linear condi-
tional expectation most seriously. One can also argue that under our parameter specification,
we can view (4.2) as a two component model with g1 = (1,0, ---),and g2 = (0,1, --).
The linear conditional expectation condition is now satisfied, explaining why we can find
two directions. Of course, the p-values are only suggestive because of the violation of nor-
mality. Judgement based on the pattern of the whole sequence of p-values should be more
informative than the individual numbers. We see the drastic increase from .07 to .70 as a
strong indication that the third component is not likely to be informative. The residual-based
method is also attempted , which yields almost the same result as the one reported here. We
conclude this example by reporting that as we enlarge the range of x so that the response
curve looks more like an M-shape, pHd beginsto lose power in detecting the e.d.r. direction.
This is because the conditional variance of 8'x given y becomes more homogeneous, and
Lemma 7.3.1 begins to take effect. It would be interesting to see how well PPR works in
such cases.

Figure 7.4: Best view(left) and the view by the p.h.d. method for Example 7.2

Example 7.3. This example shows how simple transformations can help p.H.d.. We consider
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Figure 7.5: Distribution of x; and xx(left), compared with distribution of first two p.h.d.’s

the model
1 /' N3 / I N2
y= é(ﬁlx) — (B1X) (BX)

for generating the data. The surface of thisfunction is known as the monkey saddle. We take
Br=(1,0,--9),8=1(0,1,0,---), and generate n = 300 data points. First, a histogram
of y suggests along tail distribution. To avoid the dominance of large y in the analysis, we
cut out those cases with the absolute value of y greater than 2. This leaves 261 points in
the sample. We find the y-based and the residual-based methods unsuccessful, as indicated
by the P-values. Then we take the absolute value transformation on the residuals, treat them
as 'y, and proceed with the p.H.d. method. Two directions are found significant. The best
views for y and the views based on the estimated directions are given in Figures 7.6, 7.7.
Three branches going upward and downward in the monkey saddle can be identified well by
spinning these plots on the computer. Other transformations and other methods of handling
large y values are worth trying.

Figure 7.6: Best views of the monkey saddle.

Example4.4.1 (continued). We continue the analysis of Ozone Data of Example 4.4.1 from
chpater 4. Instead of using SIR to study the residuals, we apply by the p.H.d. method,
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Figure 7.7: Views by the p.h.d. method for monkey saddle.

treating the residual as y. One component is found to be significant. We use a forward
selection procedure to find that this component can be explained by X3, Xs, Xg With about
90% R-sguared (if including xg then R-squared can be about 96%). We then run p.H.d.
again, using only Xs, Xs, Xg as the regressors. Again one component is found, denoted as
Bphd. Figure 7.8 gives the plot of the residual against this component. A quadratic pattern
in this figure is detected by eyes and is confirmed by fitting a quadratic polynomial. The
finding hereis quite different from SIR plot. Thisindicates that it may be necessary to find
amodel that would use the directions from both SIR and PHD directions.

[
L]
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-10

-z0

Figure 7.8: Ozone data(continued from Example 4.4.1), Residuals against the direction
found by p.h.d.



