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Abstract

This paper proposes some new semiparametric instrumental variable estimators for
estimating a dynamic panel data model. Monte Carlo experiments show that the new
estimators perform much better than the estimators suggested by Li and Stengos (1996).
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1 Introduction and the Model

There is a rich literature on semiparametric estimation of panel data models, see Horowitz and
Markatou (1996), Ullah and Roy (1998), Ullah and Mundra (1999), Li and Hsiao (1998), to
mention only a few. However, not much attention have been paid to the problem of instrumental
variable estimation of semiparametric panel data models. Exceptions are Li and Stengos (1996),
and Li and Ullah (1998). In this paper we consider the problem of efficient instrumental
variable estimation of semiparametric models. Our Monte Carlo results show that the proposed
estimators have substantial efficiency gain over the one suggested by Li and Stengos (1996).

We consider the following semiparametric dynamic panel data model
Yir = 0 4 0(2i1) + wa, (i=1,.,N;t=1,..,T) (2.1)

where x;; is of dimension p x 1, 3 is a p x 1 vector of unknown parameters, z;; is of dimension d,
6(-) is an unspecified smooth function. We allow z;; to contain some lagged values of y;; (say,
the first element of x; is y;;—1) so that model (2.1) is a semiparametric dynamic panel data
model. We assume z;; is weakly exogenous in the sense that E(uy|z;s) = 0 for s < ¢t. Also,
we assume the data is independent across the i index, so we have Var(u) = Iy ® 2, where
Q= wvar(u;), v is of dimension NT' x 1, and w; is of dimension 7" x 1. We consider the case of
large N and fixed T. Therefore, all asymptotics in this paper are for N — oo.

We allow the possibility that the error wu; is serially correlated. For example the error
u; could have a one-way error component specification, u;; = p; + v, where p; is a random
individual effect, which renders the errors serially correlated.

Li and Stengos (1996) propose a semiparametric instrumental variable (IV) estimator for (.
However, not only is the semiparametric IV estimator of Li and Stengos (1996) not efficient,
but it may also be inconsistent under certain situations. In this paper we propose some new
semiparametric estimators that avoid the problems of the estimator suggested by Li and Stengos

(1996). To simplify the notation and exposition, we will first discuss some infeasible estimators.



2 Semiparametric Instrumental Variable Estimators

2.1 Some Infeasible Estimators

Equation (2.1) contains an unknown function 6(.). Following Robinson (1998), we first eliminate

6(.). Taking the expectation of (2.1) conditional on z;;, then subtracting it from (2.1) we get
Yir — Eilzie) = (w3 — E(wa] 200)) B+ wig = 0jy + war, (2.2)

where we have used E(uy|z;) = 0, and vy = 2y — FE(x4]2i). Note that v, and uy are correlated
because v;; contains lagged values of y;;, and u; is serially correlated. Suppose there exists a
g x 1 (g > p) instrumental variable w;; that is correlated with x; and uncorrelated with u;, see

equation (2.4) below for details. Then we can estimate 5 using IV-OLS as follows.
Brvo = (Vww'v) Ww'ww'(y — E(y|z)) = 8 + (Vww'v) Wwww'u, (2.3)

where w and v are of dimension n x ¢, n X p, with typical rows given by w}, and v},. y, E(y|2)
and u are all n x 1 vectors with typical row elements given by s, E(yi|2i¢) and uy, respectively.
Denote w; and u; the T' x ¢, and T' x 1 matrices, with typical rows given by w}, and u;. The

following conditions are needed to derive the asymptotic distribution of Svo.

w'v/n L Elwyvl,] = A,
wuu'w L Elwiuuw;] /T = B,
w'u/n L Elwyugy) =0, (2.4)

where n = NT'. Using (2.4), and standard central limit theorem arguments, it is easy to show

that
Vn(Brvo — 8) — N(0, V) in distribution, (2.5)

where Vo = Q7' ABAQ™!, Q = A’A with A and B defined in (2.4).
Next we consider the case where Var(u) = ¥ = Iy ® Q is known. Also we assume that the
error is conditionally homoskedastic, i.e., Var(u|w) = X. In this case, we can estimate 3 using

the following IV-GLS estimator:

Brve = (WS Mww'Sw) 'S ) "W E w(w' S w) 'Sy — E(y|2)
= B+ WX ww'S w) 'S ) TS w(w' S w) TS (2.6)



To derive the asymptotic distribution of Bn/g, we make the following assumptions:

w'Sw/n L Elwiw]/T = A,
W'Y w/n L Blwuuw] /T = B,
WS u/n L Elw;Qu,] /T =0,
Var(ulw) = Var(u) = Iy @ Q. (2.7)

Note that the condition that Efw;Qu;] = 0 requires that w; is strictly exogenous, i.e.,
E(u|w;s) = 0 for all t and s. Therefore, conditions in (2.7) are stronger than those in (2.4).

Using (2.7), it is straightforward to show that
Vn(Brve — 3) — N(0, V) in distribution, (2.8)

where Vg = (ABA’)~! with A and B defined in (2.7).

It can be shown that Vi — Vo is negative semidefinite (e.g., White (1984)). Hence, fy¢ is
asymptotically more efficient than B 1vo- When the conditional homoskedastic error assumption
is violated, By is still a v/n-consistent estimator for 3, but it will have a different asymptotic
variance, and it may not be more efficient than BWO.

Finally we propose an IV estimator that is based on the within transformation of the
data. The within transformation has the advantage of computationally simple, requiring only
a least squares regression on within transformed variables. Define &; = F(yi|z:1), and denote
the within transformed variables by: v = v — Ui, U4 = Vi — Ui, Wy = Wy — W;, and
&-t =& — »3,, where 4;, = T71 Z§V21 Yjt, Vi, w;. and éz are similarly defined. Applying the within
transformation to (2.2), we get

j—&=06+ . (2.9)

Therefore, the IV within estimator of 3 is given by

Brvw = (Ta0w'd) 00w (§ — €) = B+ (0ad'd) o' wd'a. (2.10)

We need the following conditions to derive the asymptotic distribution of 5 VW

W' /n L Eliol] = A,

W'ui'w/n L Blwiiiiw) = B,

W'a/n L B[] = 0. (2.11)



Similar to the case of 3;y¢, the condition E [wiw;] = 0 requires that wy is strictly exogenous.
Thus, we can see some trade-off in regularity conditions among BIVO, Brva and BIVW. BIVO
requires z; to be a weakly exogenous variable, while BIVG and @VW require the stronger
condition that z; is strictly exogenous and the error is conditional homoskedastic.

Under conditions (2.11), it is easy to show that
Vn(Brvw — 3) — N(0, Viy) in distribution, (2.12)

where Viy = Q" 'ABA’, Q = A'A with A and B defined in (2.11).

Li and Stengos (1996) considered IV-OLS estimation, while Li and Ullah (1998) considered
IV-GLS and IV-Within estimation of a dynamic semiparametric model. Both papers assume
the existence of some legitimate instrumental variables, but they do not discuss how to obtain
optimal instruments. In the next subsection we discuss the issue of obtaining optimal instru-
ments for a dynamic panel data model. The simulation results reported in section 3 show that

the new IV estimators proposed in this paper perform much better than those considered in Li

and Stengos (1996), and Li and Ullah (1998).

2.2 The Choice of Instrumental Variables

We now turn to the important problem of how to choose the instrumental variable w;;. Consider
the simple case that both z;; and z;; are scalars, z;; = y;;,—1 and z; is exogenous. In this case,
Li and Stengos (1996) suggest using wrg; = 2i1—1 as an IV for vy = yir—1 — E(Yir—1|2it)

because z;;—; is uncorrelated with u; and is possibly correlated with vt

However, given
that the functional form of 0(.) is unknown, wrg; = z;;,—1 may be weakly correlated, or even
uncorrelated, with v;. By the exogenous assumption of z;;, we know that E(u|z;;—1) = 0, so
that wps i = z;¢—1 is uncorrelated with the error term w;;. But we could also have Ev;z; 1] =
0, so that wrg+ = 2;+—1 is uncorrelated with v;. Hence, wrg; = z;;—1 may not be a legitimate
instrumental variable. To see this is indeed possible, consider the case that z;; is an i.i.d. process

satisfying

E(zy) =0 and E(z}) = 0. (2.13)

Li and Stengos (1996) suggest using 2; ;-1 — E(zi4—1|zit) as an IV for v;. However, one can write
Zit—1 = [zig—1 — E(zi1—1|zit)] + E(2it—1]2it), and since v;; is orthogonal to E(z;1—1|zit), we have Elv;z;—1] =
E{vii—1[zit—1 — E(#zi1—1]#1)]}. Hence, the instrumental variable z; ;1 — E(z;—1|2i) suggested in Li and
Stengos (1996) is equivalent to z; ¢—1.




Also assume that 0(z;) = 22. In this case, we have
Yit = Byiz—1 + 2y + i, (2.14)

From model (2.14) it is easy to see that y; ;1 and z;; are independent with each other. Hence,
E(ym_l\zit) = E(yi,t—l) déf Hoy - USng (213)7 (214) and the fact that E(ui7t_1|zi’t_1) = 0, we

have

Elvgwrsi| = El(Yi—1 — ty)Zii—1] = EYis—12i4-1] +0
= BE(yi7t_2)E(Zl"t_1) + E(Zit—l) + E(ui,t—lzi,t—l) = 0. (215)

This shows that wrg; = 2;+—1 is not correlated with the endogenous regressor v;;, and hence
it is not a legitimate IV. Of course we have made some strong assumptions above in order to
show that wrg;: is not a legitimate IV. In practice, it is unlikely that wrg; is uncorrelated
with v;. But it is possible that the correlation between wrgs;; and v; is weak so that the
IV estimation suggested by Li and Stengos (1996) can lead to imprecise estimation in such
situations.

Given the structure of model (2.2) with x4 = y; -1, we know that vy = y; 11 — E(Yi1—1|2it)
must be correlated with some function of z;,_;, although it may not be correlated with the
particular function wrg; = 2;;—1. Newey (1990) discussed optimal IV estimation in general
nonlinear regression (parametric) models with independent data. If we consider the unrealistic
case that FE(yi|zi;) and E(x;|z;) are known. Then, vy = xy — E(xy|z;) is known. In this
case, (2.2) is a parametric linear model, and we can use the result of Newey (1990) to obtain
an optimal IV for v;. Here we use the terminology of an optimal IV in the sense that the IV
variable w;; has maximum correlation with the endogenous variable v;;. If we restrict ourselves
to choose an IV as a function of z;;_1, then the optimal IV is simply the optimal projection of
v on 241, or the conditional mean function of vy given z;,—;. Therefore, the optimal IV for

V¢ 18
Wy = E<U1Lt|2i,t71) = E{yi,tfl - E(yi,t71|zit)|zi,t71]
= E(Yir-1|zit—1) — EIEWYit—1|2it)|zi2-1]- (2.16)

In practice we do not know the conditional expectations, and we need to use some non-
parametric methods to compute these conditional expectations. (2.16) is computationally very

demanding because it involves a double conditional expectation E[E(.|z)|z;—1]. However,
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note that v; 11 = [Yir—1 — E(Yir—1]2it)] + E(Yir-1]2it) = vie + E(Yit—1|2i), and that E(y;—1|2i)

is orthogonal to v;;. Therefore,

EviE(yiz-1]2ii-1)] = E{vaEvy + E(yiz—1|2it)|zis—1]}
= E{vulE(vit|zig—1) + pyl} = E{va Lol 2]} + py Elvi]
= E{viLlvic|zie]}, (2.17)

where we used the assumption that z;; is an i.i.d process with E(y;—1|2it) = E(yiu—1) = p1, and
the fact that E(vy) = 0. Equation (2.17) tells us that E(y;;—1|2;+—1) serves as an equivalent
IV as E(vit|zi1—1). However, E(y;;—1]|21—1) is based upon a single conditional expectation
and hence is much easier to compute than FE(vi|z;;—1) which involves a double conditional

expectation (see (2.17)). Therefore, instead of using (2.17), we suggest using
wit = E(Yir-1]2i-1), (2.18)

as the instrumental variable for v;.
Even when z; is not an i.i.d process, say (vi, zi¢) is a stationary process in ¢, then it is easy
to show that E(y;:—1]zi¢—1) and v;; are positively correlated and therefore is a legitimate IV.
In the general case we can have z;; = (Yi+—1, :z:’lit)’ , where w3 is exogenous. Then our IV
will be wy = (w14, wh )", where wy i = E(yig—1]2ig—1) and wy iy = D94 — E(T2|2:) (which is

equivalent to xg ).

2.3 Feasible Estimators

The estimators BIVO, B[vg, and B]VW in section 2.1 are not feasible because the conditional
mean functions E(yu|zi), F(ry|zi) and E(wy|z;) are unknown. The feasible estimators can
be obtained by replacing the unknown conditional mean functions by some nonparametric
estimators, say the nonparametric kernel estimators.

Following Robinson (1988), we use the kernel estimation method to estimate the unknown
conditional expectations. Specifically we estimate f(zi), &t = E(yi|2it), E(xi|zi), and wy =

E($itlzi,t—1> by fit, &ty T and wj, where

. 1 N T
fit = NTh 2:1 Z:l K js, (2.19)
Jj=ls=
. . 1 NI .
it = E(yit|2’it) = NThi Z ZyjsKit,js/fita (2-20)
j=1s=1



A

A 1 N T )
Tit = E(l‘it\zit) = NTh Z ijsKit,js/fm (221)

j=1s=1
and
Wiy = (W13, Wy ), (2.22)
with
. 1 N T .
W4 = E(yi,t—1|zi,t—1) = rrid Z Z?J‘,s—1Ki,t—1,'s/fi,t—1, (2-23)
NTh j=1s=1 ’ ’
. 1 N T .
w2,it = X9t — E(x2,it|zi,t—1> =22t — Nrra Z Z $2,jsKi,t—1,js/fz‘,t—1, (224)
NTh? = =

where Kt ;s = K((zit — zj5)/h) is the kernel function and h is the smoothing parameter.
We estimate vy = x; — E(xy|2i) by 0;y = xy — Z. Then in vector-matrix notation, the
feasible version of B0 is obtained from (2.3) by replacing & = E(vit|zit), vie = xie — E(xi|2i0),

and w;; by their kernel estimators &;;, v;; = x;; — T and Wy, respectively.

Brvo = [p'ow'd) o' ww! (y — €). (2.25)

For a feasible version of BIV(;, we also need a consistent estimator of ¥ = Iy ® Q. If
i = H; + Vi, follows an one-way error component model, where y; is i.i.d. (0, O'Z), Vi is i.i.d.
(0,02), p; and v are independent with each other. Then we have Q = o?J; + 02Er, and
Ot = (1/0?)Jr + (1/02)Er, where Jr = Jp/T, Jris a T x T matrix with all elements equal
to one, and Ey = Iy — Jp. In this case, a consistent estimator of 71 is &1 = Iy @ Q!
with Q' = (1/62)Jp + (1/62)Er, 62 = W'[Iy @ Jp|a/T, 62 = @/'[Iy ® BErla/[N(T — 1)], and
u=y— $BIVO-

Hence, the feasible IV-GLS estimator is given by

Brve = (S (@S o) ' ST ) TS T ('S ) T ST (y — €)), (2.26)

For a feasible version of BIVW, we need to replace vy = vy — T ! Estl Vis, Wi = Wi —
T5T  wis, T E(yi|zi) — TV, E(yi)zi), by their corresponding estimators: o; —
TEST igy Wi — TV L s, and 3 — T2 T, 9, respectively. We will use the notation

Uy, Wy and 3 7 to denote these feasible estimators. A feasible version of Brvw is given by

Brvw = (Vi gy o) "0 g (5 — &) (2.27)



The asymptotic distributions of \/ﬁ(ﬁ}vo - B), \/ﬁ(ﬁlvg — f3), and \/H(BIVW — [3) are the
same as those given by (2.5), (2.8) and (2.12), respectively. The proofs of these results are
similar to the proof of Theorem 1 in Li and Stengos (1996), and are therefore omitted here.

After obtaining a /n consistent estimator of 3, say 3 (5 can be Brvo, Brve or BIVW), one

can estimate 6(z) based upon
Yit — $;tﬁA = 0(zit) + uir + 25,(6 — B) = 0(zit) + €t (2.28)

where €; = uy + 2}, (0 — [3) A nonparametric kernel estimator of 0(z) is given by

_ > Et(yit - x;ﬁ)[((%)
> K(5572) '

0(z) (2.29)
Because 3 — 3 = O,(n~1/2), which is faster than the usual nonparametric convergence rate,
it can be easily shown that é(z) has the same asymptotic distribution as the case where 3

is known. We will not present the asymptotic distribution of é(z) here since it is a standard

nonparametric estimation result.

3 Monte Carlo Results

We consider the following data generating process (DGP):

Yie = BYir—1 + Y12 + 7221% + Wi + Vit
= BYit-1 +0(zi) + pi + Vit (2.30)
where z; is independent and uniformly distributed in the interval of [—\/3, \/3], ;s ii.d.
N(0,07), v is i.i.d. N(0,07). We fix the total error variance o wf or + o, = 10. Define
p= 03/02. We choose p = 0.2, 0.5 and 0.8. [ is fixed at § = 0.5, and we consider three sets of
values of (y1,72) = (1,0), (1,1) and (0, 1).

For comparison, we use two sets of IV’s in the simulations. The first set is wy = E(yi¢-1]2i1-1)
as suggested in this paper, and the resulting estimators are denoted as Bmm, BIVGla and
BIVWl, respectively. The second set is the one suggested in Li and Stengos (1996) using
wit = 2zi4—1— E(2i4-1|2it), and the resulting estimators are denoted as BIVOQ, B[VGQ, and BIVWQ,
respectively. We report the estimated bias, standard deviation (Std), and root mean square
errors (Rmse) for all the estimators. These are computed via Bias(3) = M~ ijvil([}j - B),
Std(f) = {M~ L, [6; — Mean(B)2}'/?, and Rmse(B) = {M ™' S}, (6; — 5)*}'/2, where M
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is the number of replications. We use M = 2000 in all experiments. We choose T' = 6, N = 100
and 200.

When (71,72) = (0, 1), only 22 is present in 6(z;), and the instrument suggested by Li and
Stengos (1996), i.e., wrsi = 2it—1 — E(zi1-1]2i) is uncorrelated with the endogenous variable
Vit = Yit—1 — E(Yir—1]|2i). In this case, BIVOQ, BWGQ, and BWWQ are inconsistent estimators for
(. Indeed as expected in this case, B[VOQ, B[VGQ, and BIVWQ all have very large variances and
hence large MSEs. In contrast, our new IV estimators BIVOl, BIVGh and BIVWl all perform
quite well.

When (v1,72) = (1,1), both z;; and 22 are present in 6(z;), and the instrument suggested
by Li and Stengos (1996) is a legitimate IV, but it is not an optimal IV because it does not
capture the z2 component of §(z;). Our new IV estimator BIVOl outperforms BIVOQ. Also,
BWGl outperforms BIVGQ, and BWWl outperforms BWWQ.

When (y1,72) = (1,0), only z; is present in (z;), and the instrument suggested by Li and
Stengos (1996) is in fact optimal for the DGP considered here (since (z;:) = z;). As expected
all the estimators perform well in this case.

Summarizing the simulation results, we see that our optimal IV estimators dominate the IV
estimators suggested by Li and Stengos (1996). Next, we compare the relative MSE performance
of our IV-OLS, IV-GLS and Within estimators (B]VOl, B]v(;l and BIVWl).

When p is small (p = 0.2), BIVOl has a slightly smaller MSE than those of BIVG and
BIVW. For a large value of p (p = 0.8), BIVGl B[VWl enjoy much smaller MSEs than that of
BIVOI. This is as expected since BIVGI takes into account the variance structure, and the within
transformation wipes out the individual effects whether p is small or large. When p is large, X
is more accurately estimated, and it also implies a smaller within transformed errors. Hence,
it leads to smaller MSEs for BIVGl and BWWL On the other hand, BIVOl is an OLS-type IV
estimator, which ignores the variance structure of the error term. Hence when p gets larger,
the MSE of BIVOl also gets larger.

It is interesting to observe that the performance of BIVGl and BWWl are almost identical.
Given that vavm is computational simpler than Bn/m, we recommend the use of BIVWI in

practice.
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Table 1: (7v1,72) = (0,1)

N =100
p=0.2 p=0.5 p=038
Bias | Std | Rmse | Bias | Std | Rmse | Bias | Std | Rmse
Brvor | 025 |.141| .143 064 |.127| .143 | .104 | .105 | .148
BIVGl —.030|.165 | .167 | —.023 |.139| .141 | —.016 | .096 | .097
BIVWl —.038].168 | .172 | —.030 |.140| .143 | —.020| .095 | .097
B[VOQ —.530 | 46.6 | 46.6 b39 [50.8] 50.8 | 518 | 13.9 | 13.9
BIVGQ 015 129.3| 293 | —1.129|31.0| 31.0 | .462 | 57.7 | 57.7
BIVWQ 132 | 18.3| 18.3 204 130.8] 30.8 | 2.90 |100.9| 100.9
Table 2: (v1,7) = (1,1)
N =100
p=0.2 p=0.5 p=0.38
Bias | Std | Rmse | Bias | Std | Rmse | Bias | Std | Rmse
Brvor | 010 |.098 | .099 | .025 |.096 | .099 | .041 |.090 | .099
BIVGl —.018|.109 | .110 | —.016 | .090 | .091 | —.014 | .060 | .062
Bryws | =021 ] .111| 113 | —.018|.090 | .092 | —.015|.060 | .062
BIVOQ —.009 | .139 | .140 | —.023 | .157 | .158 | —.042 | .218 | .222
BIVGQ —.018 | .109 | .110 | —.016 |.090 | .091 | —.010|.077| .078
Brvwa | —007|.151| 151 | —.008 |.119| .119 | —.010 |.077| .078
Table 3: (71,72) = (1,0)
N =100
p=0.2 p=0.5 p =028
Bias | Std | Rmse | Bias | Std | Rmse | Bias | Std | Rmse
Brvor | 018 |.125| .126 | .044 |.118| .126 | .071 |.105| .126
3[VG1 —.010 | .143 | .143 | —.005|.120 | .120 | —.001 | .082 | .082
BIVWl —.014 | .147 | .148 | —.008 | .121 | .121 | —.003 | .082 | .082
B]VOQ —.008 | .139 | .139 | —.023 | .158 | .159 | —.049 | .528 | .530
BIVG2 —.006 | .146 | .146 | —.007 | .117 | .117 | —.009 | .077 | .077
BIVWQ —.006 | .150 | .151 | —.008 | .118 | .118 | —.010|.076 | .077




Table 4: (y1,72) = (0,1)

N =200
p=0.2 p=0.5 p =028
Bias | Std | Rmse | Bias | Std | Rmse | Bias | Std | Rmse
Brvor | 018 |.096 | .098 | .041 91 100 | .063 | .082 | .103
BIVG’l —.021|.113 | .115 | —.018 | .093 | .095 | —.015|.063 | .065
BIVWl —.026 | .115| .118 | —.021 ] .094 | .096 | —.017|.063 | .065
ijm —.709(24.3| 24.3 | 747 | 21.7 | 21.7 | 504 |12.6| 12.6
BIVGQ 463 | 479 479 | 2.59 | 58.6 | 58.6 | —.282|10.2| 10.2
BIVWQ —1.62|52.7| 52.7 | —=3.06|114.9| 114.9 | 1.89 | 72.6 | 72.6
Table 5: (v1,7) = (1,1)
N =200
p=0.2 p=0.5 p=0.8
Bias | Std | Rmse | Bias | Std | Rmse | Bias | Std | Rmse
Brvor | 007 |.068| .069 | .016 |.067 | .069 | .026 |.064 | .069
BIVGl —.010 | .143 | .143 | —.012].063 | .064 | —.001 |.042 | .043
BWWl —.016 | .078 | .079 | —.014|.063 | .064 | —.012|.042| .043
B]VOQ —.004 | .097 | .097 | —.0101.101 | .102 | —.016 |.107| .108
BIVGQ —.006 | .146 | .146 | —.007 | .117 | .117 | —.009 | .077 | .077
BIVWQ —.005|.078 | .079 | —.006 |.084 | .084 | —.007|.055| .055
Table 6: (71,72) = (1,0)
N = 200
p=0.2 p=0.5 p=0.8
Bias | Std | Rmse | Bias | Std | Rmse | Bias | Std | Rmse
Brvor | 010 |.092| .092 | .026 |.088| .092 | .043 |.081 | .092
BIVGl —.008 | .102 | .103 | —.005 | .085 | .085 | —.002 |.057 | .057
BIVWl —.010 | .104 | .105 | —.007 | .085 | .085 | —.003 |.056 | .057
Bwog —.004 | .097 | .097 | —.101].101| .101 | —.016|.106| .107
BIVGQ —.006 | .146 | .146 | —.007 | .117 | .117 | —.009 | .077 | .077
B[VWQ —.005|.105 | .105 | —.006 | .084 | .084 | —.007 |.054 | .055




