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Abstract: In this article we obtain some new results and extensions of the OLS and
GLS tests proposed by O’Brien (1984) for the one-sided multivariate testing problem. In
particular, we empirically obtain an accurate small sample approximation to the critical
point of the OLS test. Next we show that a competing test proposed by Laiiter (1996) is
less powerful in general than the OLS test. Lastly, we extend the OLS and GLS tests to the
heteroscedastic setup where the control and treatment populations have different covariance

madtrices.
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1. Introduction

Most clinical trials are conducted to compare a treatment group with a control group
on multiple endpoints. Often, the treatment is expected to have a positive effect on all
endpoints. O’Brien (1984) proposed two global tests, known as the ordinary least squares
(OLS) and generalized least squares (GLS) tests, to demonstrate such an overall treatment

effect. In this article we obtain some new results and extensions of these tests.



Section 2 gives the notation, the problem formulation and the assumptions. Section
3 deals with the homoscedastic case. First it gives a review of the OLS and GLS tests,
including an improved approximation to the small sample critical value of the OLS test.
Next it gives a power comparison between the OLS test and a test proposed by Lauter.
Section 4 derives extensions of the OLS and GLS tests to the heteroscedastic case. Section 5
gives some concluding remarks. Appendix gives derivations of asymptotic power expressions

of the OLS and Lauter’s tests required for the power comparison in Section 3.
2. Notation and Preliminaries

Suppose that there are two independent treatment groups with n; and n, subjects on each
of whom m > 2 endpoints are measured. Treatment 1 is the test treatment and treatment 2
is the control. Let z;;; denote the measurement on the kth endpoint for the jth subject in
the ith treatment group. For treatment group ¢, assume that a;; = (xi1, Zij2, - - -, Tijm)', J =
1,2,...,n;, are independent and identically distributed (i.i.d.) random vectors from an m-
variate normal distribution with mean vector p; = (1, ftia, - - -, ftim)’ and covariance matrix
3, (1 =1,2). In the homoscedastic case, we assume 3, = ¥y = X (say). The elements of ¥
are

ok = Var(zyj,) and ogp = Cov(wijk, Tie) (1 <k <l <m).
The corresponding correlation matrix will be denoted by R with elements

Oke

VOkkO

In the heteroscedastic case, the elements of 3; will be denoted by o, (1 < k < £ < m).

pre = Corr(xik, Tije) = (1<k<t<m).

The corresponding correlation matrices will be denoted by R; = {p;xe} (1 = 1,2).
Let & = p; — py = (01,99, ..., 0,,) denote the vector of mean differences. To establish an
overall treatment effect, a global null hypothesis of no difference is tested against a one-sided

alternative:

Hy:6=0vs. H :6 € O", (2.1)

where 0 is the null vector and

O+ = {5]6 > 0,8 £ 0}



is the positive orthant.

Let ®;. = (T;1, T2, - .-, Tim) denote the vector of sample means of the n; subjects from
the ith group and let 3. denote the sample covariance matrix from the ¢th group with
v; = n; — 1 degrees of freedom (d.f.) (i = 1,2). In the homoscedastic case, we use the pooled
estimate of X given by & = {(ny — 1)1 + (ny — 1)s}/(ny + ny — 2) with ny +ny — 2 d.f.
Denote the elements of 3 by o1 (1 <k </l<m).

3. Homoscedastic Case

3.1 OLS and GLS Tests

O’Brien (1984) considered a simplified version of the hypothesis testing problem (2.1)
obtained by restricting the mean difference vector § = p; — i, to aray: A(\/o11, ...,/ Omm)’
where A > 0. In other words, if 0x//0k: = Ar denotes the standardized treatment effect
for the kth endpoint then O’Brien assumed that A\, = A > 0 for all k. In that case the

hypothesis testing problem (2.1) simplifies to
Hy:A=0vs. H : A>0. (3.1)

O’Brien solved this problem by using a univariate regression framework that models the
standardized responses as

Tijk A . .
= Il i =1,2,1<j7<n;1<k<m), 3.2
Ork W + ijk + E.Yk (Z J n TTL) ( )

where p, = (par + pox)/2, Lijy = +1if i = 1 and —1 if ¢ = 2, and €, ~ N(0,1) r.v.’s with

correlations
Corr(€jk, €irje) = pre if © =1 and j = j', Corr(e;jx, €150) = 0 otherwise.

Note that the vectors y,; = (¥ij1, Yij2, - - - Yijm)' are independent, each with correlation ma-

trix R = {pkg}
Assuming that R is known, O’Brien showed that the OLS estimate of A and its standard

deviation (SD) equal

~ V(g — T, B B ~ 1 ny+n P
Nors = M =7,. — Yo.. and SD(Aors) = m\/( L 2> (7'RJ),

ning




where 7 is a vector of all 1’s of an appropriate dimension. Therefore the OLS statistic with

R replaced by the sample correlation matrix R equals

b A\ _ e |§' @) | dt
o SD()) ny + 1o

VIi'Rj VIi'Rj
where t is a vector of the t-statistics,

n1no T1kp — Tog ning _
teo— = | ——— (1. — To, 1<k<m 3.4
k 1 + 19 < e ) 1 + g (ylk y2k) ( SRS ) ( )

for comparing the treatment and control groups on the individual endpoints. Each ¢ is

(3.3)

5]

marginally ¢-distributed under Hy, with ny +no — 2 d.f.
Since the errors €, in the regression model (3.2) are correlated, one may prefer the
generalized least squares (GLS) estimate of A, which is also its maximum likelihood estimate

(MLE). Assuming that R is known, O’Brien showed that

1= = .
Rens = LWL =U2) 14 SD(Ree) = \l (Lrre) ( ! )

JR'j n1My JRj
The test statistic using this GLS estimate with the estimated correlation matrix R substi-

tuted in place of R equals

N a5l _ =1
p oo A e (R (yp—9)) _ SR ¢
“Tsm Amen\ rmy ) Vi

Both the OLS and GLS statistics are standardized weighted sums of the individual t-

(3.5)

statistics for the m endpoints. The OLS statistic uses equal weights, while the GLS statistic
uses unequal weights determined by the sample correlation matrix R. If some endpoint is
highly correlated with the others then the GLS statistic gives a correspondingly lower weight
to its t-statistic. The convergence of £ to the standard normal distribution is slower than
that of 5.5 because of the use of the estimated correlation matrix R both in the calculation
of Aars and in @(XGLS). Also, the simulation study by Reitmeir and Wassmer (1996) has
shown that the powers of the OLS and GLS tests are comparable when used to test subset
hypotheses in closed testing procedures. Finally, the linear combination of the t;-statistics
used in the GLS test can have some negative weights, which can lead to anomalous results;
this problem does not occur with the OLS test. For all these reasons, the OLS test is

preferred.



The exact small sample null distribution of ¢4 is intractable. O’Brien (1984) proposed to
approximate it by a t-distribution with n, +ns —2m d.f. For large sample sizes, the standard
normal (z) distribution may be used as an approximation; however, this approximation is
liberal. The t-approximation is exact for m = 1 and conservative for m > 1 if the d.f. is
small. For example, for n; = ny = 10 and m = 8, which gives v = 4, the type I error rate is
around 0.025 when nominal o = 0.05. Therefore we investigated a better approximation to
the d.f. of the t-distribution obtained by empirically matching the second moment with the
actual distribution of ¢,.s (generated via simulation). The resulting approximation is given
by

v =0.5(n; +ny — 2)(1+ 1/m?).
This approximation is exact for m = 1. For large m, we get v &~ (n; +ns)/2 — 1. Simulation
results in Table 1 indicate that this approximation controls the type I error probability very

accurately. Note that these simulations are for the case of uncorrelated endpoints. For

correlated endpoints the approximation is on the conservative side.

3.2 Comparison of the OLS Test with Lauter’s SS Test

Lauter (1996) proposed a class of test statistics for the hypotheses (2.1) having the
property that they are exactly ¢-distributed with n; + ny — 2 d.f. under Hy. Recall that

T; = (Ti1,Tio, - - -, Tim)' denotes the vector of sample means for the ith group (i = 1,2) and
let
= N1x1. + NoXo. - (T = = ),
. —n1 Ty 1, X2y ooy Loy

denote the vector of overall sample means. Define the total cross-products matrix by
2 n; ~ 2
i=1j=1 i=1
Let w = w(V') be any m-dimensional vector of weights depending solely on V' such that

w # 0 with probability 1. Using the results from the theory of spherical distributions (Fang
and Zhang 1990), Lauter (1996) showed that

ning w't
tw =
n1 + na w/iw




Table 1: Simulated Type I Error Probability of the OLS Test Using the Proposed Approxi-

mation for the Degrees of Freedom of the ¢-Distribution

m
ny | Na 2 4 6 8 10

5 | 5 10.048 0.061 0.047 0.049 0.049
10 | 10 | 0.051 0.048 0.050 0.050 0.052
15 115 1 0.052 0.047 0.050 0.047 0.051
20 | 20 | 0.047 0.049 0.050 0.048 0.053
251 25(0.051 0.048 0.046 0.051 0.051
5 | 10 1 0.052 0.050 0.052 0.052 0.050
5 | 15 10.049 0.049 0.050 0.050 0.053
5 |20 0.064 0.047 0.051 0.050 0.051
10 | 15 | 0.049 0.052 0.049 0.047 0.052
10 | 20 | 0.051 0.052 0.051 0.049 0.053

All simulations are for the case of uncorrelated endpoints.



is exactly t-distributed with ny + ny — 2 d.f. under Hy. Various choices for w were discussed

by Léuter, Kropf and Glimm (1998). We will focus on the standardized sum (SS) statistic
(denoted by tss) for which w = (1/\/011,1/y/V22, ..., 1/\/Umm)’, Where
2 n;
Vg = Z Z((L’Uk - T..k)2
i=1j=1
is the kth diagonal element of V.
The SS test statistic can be expressed as the t-statistic for comparing the treatment and

control groups based on the sum of the standardized observations for each patient:

Thus
[ ning (yL —Ys )
tSS - ~
N1 + no Oy
where
1 & Y (i — 1)
To=—9 yy (i=1,2)and 5, = | == 707
y’t~ nzjzly] (Z ’ ) n O-y \l n1+n2_2

The OLS statistic is the sum of the ¢-statistics (3.4), which are obtained by standardiz-
ing the individual endpoints by their pooled within group sample standard deviations. On
the other hand, the SS statistic is obtained by standardizing the data on each endpoint by
its pooled total group sample standard deviation and then computing an overall ¢-statistic.
Because the total pooled standard deviation overestimates the true standard deviation since
it includes the between treatment group difference, the power of the SS test would be ex-
pected to be adversely affected. We now show this in a special case by comparing the powers
of the two tests when n; = ny = n (say) and n — oc.

The limiting null and non-null distributions of ¢5;s and tgs are normal, and their asymp-
totic powers for a-level tests can be expressed as follows (for derivations, see the Appendix).
Let

1 1
and by, = (1 <k<m),

V20 2+ X /o
where A\, = 0r//0xr as defined before. Then

ap —

P ) L @8 [m
OWeT oy = —2 + ——1/=
OLS /—a/Ea 2



and
) n
Powergs = ® [ —zy + —moey /= | |
OWClss ( KT 2)

where @ = (a1, as,...,a,), b = (b1,by,...,b,) and z, is the (1 — «a)th quantile of the
standard normal distribution,.

Therefore
) b'é
Powery.s > Power < > . 3.6
oLs Z ss Jaza -~ Vush ( )

It is easy to show that

D ST VRN L S M/ + AL/
VaSa S e VESh \/Zk LS e XAt A2/4)

where ppy = 1 if kK = £. Comparison of the powers of the two tests reduces to comparison of

the two expressions above.
Consider the case Ay > 0 and A\, = 0 for £ > 1. Then we have
a'd B A1
Va'Sa S S pre

b'é )\1/\/1—0—)\2/4
\/bzb \/Zk 9 2y Pre + 2350 2<P1k/\/m>+1/1+)\/4)

Simple algebra shows that inequality (3.6) is strict in this case. Thus, if only one endpoint

and

has a positive treatment effect then the OLS test is more powerful to detect this effect than

the SS test. In fact,

. b/(s Al/m
/\1—>oo \/b )\1—>oo \/Zk 222 2,0k£+2zk 2<p1k/\/m)+l/ 1+)\ /4)

= < Q.
\/ > ko Z?:z Pkt

Therefore the asymptotic power of the SS test is strictly less than 1 when A; — oco. This

undesirable property of the SS test has been noted by Frick (1996).
Next consider the case A\, = A > 0 for all k£, which is the assumption underlying the OLS

test. Here we have
ad b m\
\/a’Ea \/b/Eb \/Zznzl Zznzl Pkﬁ ’




Table 2: Simulated Powers of the OLS and SS Tests

m=4 m =8
p ) OLS | SS | OLS SS
0.0 (0.4,0,0,0) 0.255 | 0.245 | 0.412 | 0.398
(0.4,0.4,0,0) 0.643 | 0.632 | 0.874 | 0.870
(0.4,0.4,0.4,0) | 0.911 | 0.909 | 0.995 | 0.994
(0.4,0.4,0.4,0.4) | 0.991 | 0.990 | 1.000 | 1.000
(0.4,0.4,0.2,0.2) | 0.908 | 0.905 | 0.995 | 0.995
0.5 (0.4,0,0,0) 0.152 | 0.147 | 0.164 | 0.158
(0.4,0.4,0,0) 0.349 | 0.341 | 0.373 | 0.370
(0.4,0.4,0.4,0) | 0.601 | 0.596 | 0.635 | 0.635
(0.4,0.4,0.4,0.4) | 0.812 | 0.811 | 0.847 | 0.846
(0.4,0.4,0.2,0.2) | 0.599 | 0.595 | 0.628 | 0.626

and therefore Power,, s = Powergs. It is interesting to note that in this case the OLS test
has high power. On the other hand, in the previous case, where a single endpoint has a
treatment effect, the OLS test has low power and the SS test has even lower power.

Table 2 gives simulation results for powers of the OLS and SS tests for some selected cases.
We see that the OLS test is always at least as powerful as the SS test, but the difference in
their powers is not very large. More extreme differences occur if there is a large treatment
effect in a single endpoint (in which case, as noted above, the SS test is strictly less powerful
than the OLS test). For example, for n = 10,m = 8,§; = 2.0 and §;, = 0 for 2 < k < 8, the
OLS power = 0.899 and the SS power = 0.739 if the endpoints are uncorrelated, while the
corresponding powers are 0.405 and 0.268, respectively, if the endpoints are equicorrelated
with common p = 0.5. We conjecture that this dominance of the OLS test over the SS test

is uniform for all configurations, but we do not have a proof of this conjecture.
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4. Heteroscedastic Case

4.1 OLS Test

Pocock, Geller and Tsiatis (1987) proposed an ad-hoc extension of O’Brien’s GLS test to
the heteroscedastic case as follows. Assume that X; and X5 are known. Then the statistic
for comparing the treatment with the control on the kth endpoint is

B L1k — T2k
\/Ul,kk/nl + 09 i /102

(1<k<m). (4.1)

2k

Let z = (21, 22,...,2m) and R = (ny Ry + naRy)/(n1 + ny). In analogy with (3.5), Pocock

et al. proposed the statistic
</ 1 1
JR =z
fals T T

VIi'R j
Unfortunately, this statistic does not have the standard normal distribution under H, as
claimed by Pocock et al. because the covariance (correlation) matrix of z is not R, but
I' = {7k} with elements

O1ke/N1 + 02 /2

Ve =
\/(Ul,kk/nl + 02k /N2) (01,00/ 11 + 2,00/ T02)

(1<k<t<m).

In the following we correctly derive the OLS and GLS tests in the heteroscedastic case.

We use the following definition for the standardized treatment effect:

Mem 2 (1<k<m)

VO1kk T 02 kk
As in O’Brien (1984), assume that A, = A > 0 for all k. To test the hypotheses (3.1),

standardize the observations as

Yiik = Lijk
ik = ———————
VO kk + 02 kk

Then y,;; = (Vij1, Yij2, - - - Yijm)" are independently distributed as N(&;, T';) where §; has the

(i=1,21<j<n;l1<k<m).

elements
Hik

§ik = —F————
VO kk + 02 kk

(1<k<m)
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and I'; has the elements

Okt

Ykt =
\/(Ul,kk + 024k ) (0100 + O2.00)

(i=1,2,1<k<{<m).

Note that &1, — &, = A for all k. Also note that I'y and I'y are not correlation matrices, and
I' =T+ if ny = no.
The hypotheses (3.1) can be tested by using a univariate regression framework analogous
to (3.2):
Yijk = Sk + ;\[ijk tege (1=1,2,1 <7 <n;1<k<m), (4.2)

where &, = (&1p +&ak) /2, Lijr = +1if i =1 and —1if i = 2, and €;; = (€1, €ij2, - - -, €ijm)’ are
independently distributed as N(0,T).

Let 5= A/2and let @ = ((3,&,...,&n)" be the vector of unknown parameters. Then the
above model can be written as

y=D0 +¢,
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where i i i i i i
Y111 1 10 -0 €111
Y112 1 01 -0 €112
Y1im 1 0 O e 1 €11m
Yini1 1 10 ---0 €1n,1
Yini2 1 01 -0 r 7 €1n,2

B ,
1 00 1 &
nim e €lnim
| | e |+ (43)
Ya11 -1 10 ---0 : €211
Y212 -1 01 ---0 f €212
L J
0
Y21m -1 00 --- 1 €21m
y2n21 _1 1 O Tt 0 6277,21
Y2no2 -1 01 ---0 €2n52
anzm -1 O O SRR | 62n2m
Y D €

The OLS estimator of § is the first component of @ = (D'D)~'D'y. Now,

DD — (n1 4+ n2)m  (ng —na)j’

Y

(1 —n2)j (1 +no)l
where 7 is an m-dimensional vector of 1’s and I is an identity matrix of dimension m. The
first row of (D'D)~! required to compute B equals

<n1 +ny —(ng — 712).7") '

Aninam’ — Aninem
1

Also,

D'y — 7' (). — n2¥s.)

nlyl, —+ n2§2.
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where y,. and g, are the vectors of sample means of the standardized data. Hence,

i=[(DD) D] = T8

So the OLS estimate of A\ and its standard deviation equal

~ ~

A=23= J<y1m—y2> and SD(}) = {7'(T1/m +mr2/n2)j}1/2'

Then the OLS test statistic, using the estimated covariance matrices, is

) 5 v
tOLS S — — J (yl y2) (44)

SDO) (5B /my + Ta/ma)i) ™

where T'; = {Him} and
_ Tike
Yike = — — = ~ )
\/(Ul,kk + Gokk) (G100 + Top0)

This statistic is asymptotically standard normal under H,.

Let
(T1.k — Tok)

\/31,k1<;/n1 + 0o /M2

be the t-statistics for comparing the treatment and control groups on the individual end-

17

(1<k<m) (4.5)

points. They are marginally approximately t-distributed under Hy, with d.f. estimated by
the Welch-Satterthwaite formula:

(G1 /11 + Topk/no)?

Vi = =< =
U%,kk/n%(nl -1)+ Og,kk/n%<n2 —1)

(1 <k<m).
For n; = ny = n, analogous to (3.3), the to.s test statistic simplifies to

tors = = = .. s (4'6>

where T' = f‘l + f‘g is the sample estimate of the correlation matrix I' = I'y + I'y between

the numerators of the t; statistics.

4.2 GLS Test

Next we obtain the generalized least squares (GLS) estimate of \. The GLS estimate of
0 is given by (D'V'D)"'D'V 'y, where V is the covariance matrix of the €’s, which has
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a block diagonal structure given by

r, - 0 0 --- 0
o --- I, 0 --- 0
V = (4.7)
0 0 I 0
0 0 0 T, |

Then

pvip_ | TG+ Ty ld mg Ty —nag'Ty!
mT7 —nol5 ' w7+ nlyt

The first row of (D'V"'D)~! required to compute 3 equals
1 —j'C
d d ’

C = (I —ny (T +nely )™t and d = 57 [(I — O+ (I+ C)I‘;l/m] j.

where

Then
./ —1— 1
D'V_ly _ J (”1F1 Y1 —naly y2~)
m g, + o005 ',
and X
_ 2§ (Ty/mi +To/na)” (G1. — ¥s.)
1 d '
So the GLS estimate of A\ and its standard deviation equal

B‘ _ [(D/V—lD)le/V—ly}

4j/ (I‘l/nl + Fg/ng)_l (gl ] 4 {J/ (Fl/nl + FQ/nZ)_lj}l/2

A= 7 v2) and SD(\) = y

Hence the GLS test statistic, using the estimated covariance matrices, is

~ ~ —1
A 3 (Ti/m +Ty/ng)  (G) —Uy.)
oo A ) | @8

SD(A) {j/ (fl/nl N fz/n2>1j}1/2

This statistic is also asymptotically standard normal under Hy. However, because it uses es-

timates of the covariance matrices in the weights, it has a slower convergence to the standard

normal.
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Our simulations show that use of the standard normal critical points in performing the
tors O tgps tests give too high type I error rates for small sample sizes (ni,ny < 50).
Unfortunately, better small sample approximations are not available at this time.

In the case of equal sample sizes, analogous to (3.5), this reduces to

GT 't

— 1 4.9
(G’ g)? o

los =

with ¢ and T' defined as above. We see that, as in the homoscedastic case, under equal
sample sizes, both methods are based on a weighted sum of the t-statistics for testing each
endpoint individually. The OLS statistic uses equal weights, while the GLS statistic uses

unequal weights determined by the two covariance matrices.

5. Concluding Remarks

In this paper we presented some refinements and extensions of the OLS and GLS tests.
These tests are thus made more widely applicable. In future research it would be useful
to find a good small sample approximation to the critical points of t,.¢ and tg.¢ in the
heteroscedastic case. Also, it would be desirable to settle the truth/falsity of the conjecture
made in Section 3.2 that asymptotically the OLS test is uniformly more powerful than the
SS test.
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Appendix: Derivation of the Power Expressions for Lauter’s SS Test and

O’Brien’s OLS Test

Let

1nlm

_ 1 Tijk N~ Tik
v nzjzlkzl \/Z n ) kgl \/SSTkk7

J 1Iz]k_$k‘

where SSTy. = vy is the corrected total sum of squares for the kth endpoint. Then Lauter’s

SS test statistic equals

- Y1. — Yo
SS T Z~,—  _ \°
SD(7,. — ¥a.)

Thus the SS test statistic is a standardized version of

In contrast, the OLS test statistic is a standardized version of

m o—
T — Tok Z$1k—$2k

k=1 \/Z ] 1 xzyk Tzk) k=1 V SEkk

where SSE;; is the pooled error sum of squares for the kth endpoint. Note that the OLS

2. — Zg =

statistic uses the within group sum of squares to scale each endpoint, while the SS statistic
uses the total sum of squares.
We next examine the asymptotic distribution of each test statistic. Assumingn; =ng =n

for simplification, note that

u, = /n(xT1. — T2.) ~ MVN(y/nd, 2%).

Now consider Lauter’s test. First, for large n,

E(SSTy) = E (Z(xijk — xi.k)2> +E (Z(mi.k — x..k)2>
i,9 (2]
52
= 2(71 — l)Ukk + Okk + —

2
R Nogg (2 + )\i/2) :

where Ay = 0y./+/0kr.- We know that

Chn = LLck: L fork=1,...,m
\ SSTk (24 X2/2)0%
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Let ¢, = (¢1ny -+ Cmp) and ¢ = (¢, ..., ¢p). Then by Slutsky’s Theorem,

- (le - TQ]{) / L / /
ny ———==c u, — N (v/ncd,2c'Xc
X N (Vide )

and therefore,

_ cu, r N cd 2cXc
_— _= —_— _—— .
V1.7 Y2 n vn'oon?

L C/(s\/ﬁ
tss — N ,1].
> <\/ 2c'¥c )

Thus, under H;,

Next consider O’Brien’s test. Since
E(SSEk) ~ QHUkk,
for large n, we know that

n p 1
Ay = 4/ ——dy = for k=1,...,m.
b SSEk F \/QO'kk o mn
Let d,, = (dipny .- dmyn) and d = (dy, ..., dy). Then by Slutsky’s Theorem,

d u, = N (\/ﬁd’é, 2d’2d) ,

and therefore

dw, dé 2d'>d
— BN et
vn'o on?
r dd\/n )
tors 5 N[ SV 1),
o (\/Qd’Ed

The asymptotic power of the Lauter test is

Thus, under H;,

POWGI‘SS = P (tss > Zalé)
cé/n
= 1—-®(z, —
(Z V 2c’Ec>
cé\/n >
V2e'Xe .

Similarly, the asymptotic power of the O’Brien test is

= ¢ <—za+

POWGI‘OLS - P (tOLS > Za|6)

_ 1_¢<Z _d’Wﬁ>
' Vod'xd

= ¢ <_Za + M) .
2d'>d



