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We investigate the Capital Asser Pricing Model (CAPM) with time dimension. By using time series
analysis, we discuss the estimation of CAPM when market portfolio and the error process are
long-memory process and correlated with each other. We give a sufficient condition for the return
of assets in the CAPM to be short memory. In this setting, we propose a two-stage least squares
estimator for the regression coefficient and derive the asymptotic distribution. Some numerical
studies are given. They show an interesting feature of this model.

1. Introduction

The CAPM is one of the typical models of risk asset’s price on equilibrium market and
has been used for pricing individual stocks and portfolios. At first, Markowitz [1] did the
groundwork of this model. In his research, he cast the investor’s portfolio selection problem
in terms of expected return and variance. Sharpe [2] and Lintner [3] developed Markowitz’s
idea for economical implication. Black [4] derived a more general version of the CAPM. In
their version, the CAPM is constructed based on the excess of the return of the asset over
zero-beta return E[R;] = E[Rom] + Pim(E[Rm] — E[Rom]), where R; and R,, are the return
of the ith asset and the market portfolio and Ry, is the return of zero-beta portfolio of
the market portfolio. Campbell et al. [5] discussed the estimation of CAPM, but in their
work they did not discuss the time dimension. However, in the econometric analysis, it is
necessary to investigate this model with the time dimension; that is, the model is represented
as Ri¢ = iy + PimRin s + €ir. Recently from the empirical analysis, it is known that the return of
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asset follows a short-memory process. But Granger [6] showed that the aggregation of short-
memory processes yields long-memory dependence, and it is known that the return of the
market portfolio follows a long-memory process. From this point of view, first, we show that
the return of the market portfolio and the error process ¢; are long-memory dependent and
correlated with each other.

For the regression model, the most fundamental estimator is the ordinary least squares
estimator. However, the dependence of the error process with the explanatory process makes
this estimator to be inconsistent. To overcome this difficulty, the instrumental variable method
is proposed by use of the instrumental variables which are uncorrelated with the error process
and correlated with the explanatory variable. This method was first used by Wright [7], and
many researchers developed this method (see Reiersel [8], Geary [9], etc.). Comprehensive
reviews are seen in White [10]. However, the instrumental variable method has been dis-
cussed in the case where the error process does not follow long-memory process, and this
makes the estimation difficult.

For the analysis of long-memory process, Robinson and Hidalgo [11] considered a
stochastic regression model defined by y; = a + f'x; + u;, where a, g = (f1,...,Px)" are
unknown parameters and the K-vector processes {x;} and {u;} are long-memory dependent
with E(x;) = 0, E(us) = 0. Furthermore, in Choy and Taniguchi [12], they consider the
stochastic regression model y; = fx; + u;, where {x;} and {u;} are stationary process with
E(x;) = p#0, and Choy and Taniguchi [12] introduced a ratio estimator, the least squares
estimator, and the best linear unbiased estimator for . However, Robinson and Hidalgo [11]
and Choy and Taniguchi [12] assume that the explanatory process {x;} and the error process
{us} are independent.

In this paper, by the using of instrumental variable method we propose the two-stage
least squares (2SLS) estimator for the CAPM in which the returns of the individual asset and
error process are long-memory dependent and mutually correlated with each other. Then
we prove its consistency and CLT under some conditions. Also, some numerical studies are
provided.

This paper is organized as follows. Section 2 gives our definition of the CAPM, and
we give a sufficient condition that return of assets as short dependence is generated by the
returns of market portfolio and error process which are long-memory dependent and mutu-
ally correlated each other. In Section 3 we propose 2SLS estimator for this model and show
its consistency and asymptotic normality. Section 4 provides some numerical studies which
show interesting features of our estimator. The proof of theorem is relegated to Section 5.

2. CAPM (Capital Asset Pricing Model)

For Sharpe and Lintner version of the CAPM (see Sharpe [2] and Lintner [3]), the expected
return of asset i is given by

E[Ri] = Ry + Bim(E[Rm — Rf]), (2.1)

where

_ Cov[R;, Ry]

Pin = "VRaT >
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Ry, is the return of the market portfolio, and Ry is the return of the risk-free asset. Another
Sharpe-Lintner’s CAPM (see Sharpe [2] and Lintner [3]) is defined for Z; = R; - Ry,

where
_ COV[Zi, Zm]
Pim = Viz.a (2.4)

and Z,, = Ry, - Ry.
Black [4] derived a more general version of CAPM, which is written as

E[Ri] = &im + PimE[Rm], (2.5)

where a;,;, = E[Ro] (1 = Pim) and Roy, is the return on the zero-beta portfolio.

Since CAPM is single-period model, (2.1) and (2.5) do not have a time dimension.
However, for econometric analysis of the model, it is necessary to add assumptions concern-
ing the time dimension. Hence, it is natural to consider the model:

Yip=a; + ﬂizt + €it, (2.6)

where i denotes the asset, t denotes the period, and Yj; and Z;,i =1,...,nand t =1,...,T,
are, respectively, the returns of the asset i and the market portfolio at ¢.

Empirical features of the realized returns for assets and market portfolios are well
known.

We plot the autocorrelation function (ACF(I) (I : time lag)) of returns of IBM stock and
S&P500 (squared transformed) in Figures 1 and 2, respectively.

From Figures 1 and 2, we observe that the return of stock (i.e., IBM) shows the short-
memory dependence and that a market index (i.e., S&P500) shows the long-memory depend-
ence.

Suppose that an n-dimensional process {Y; = (Yiy, ..., Y,.1)'} is generated by

Y,=a+BZ +e (t=1,2,...,T), (2.7)

where & = (ay,...,a,) and B = {Bij; i=1,...,p, j = 1,...,n} are unknown vector and
matrix; respectively, {Z; = (Z14,...,Zy;)'} is an explanatory stochastic regressor process, and
{er = (€14,...,€ns)'} is a sequence of disturbance process. The ith component is written as

Yir = i+ BiZ; + €y, (2.8)

where ;= (Bi1, ..., Bip)-

In the CAPM, Y; is the return of assets and Z; is the return of the market portfolios.
As we saw, empirical studies suggest that {Y;} is short-memory dependent and that {Z,} is
long-memory dependent. On this ground, we investigate the conditions that the CAPM (2.7)
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Figure 1: ACF of return of the IBM stock.
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Figure 2: ACF of return of S&P500 (square transformed).

is well defined. It is seen that, if the model (2.7) is valid, we have to assume that {e;} is also
long-memory dependent and is correlated with {Z,}.
Hence, we suppose that {Z;} and {&;} are defined by

Z; = erat_j + Zpl-bt_]',
j=0 j=0
(2.9)
€ = Zﬂiet—j + Zgjbt—j/
j=0 j=0

where {a;}, {bt}, and {e;} are p-dimensional zero-mean uncorrelated processes, and they are
mutually independent. Here the coefficients {r]-} and { p]-} are p x p-matrices, and all the

components of y; are ¢'-summable, (for short, y ;€ ¢') and those of p j are £2-summable (for
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short, p; € €%). The coefficients {1;} and {¢;} are n x p-matrices, 1; € ¢',and ¢; € £%. From
(2.9) it follows that

Yi=a+ Z(B’rjat,j + njet,,-> +> (B'pj + §i>bt77. (2.10)
j=0 j=0

Although (B'p; +¢) € £? generally, if B'p,+¢;=0(1/j%), a>1, then (Bp; +§) € él,
which leads to the following.

Proposition 2.1. If B'p i+ g]. =0(j™), a>1, then the process {Y;} is short-memory dependent.

Proposition 2.1 provides an important view for the CAPM,; that is, if we assume natural
conditions on (2.7) based on the empirical studies, then they impose a sort of “curved
structure”: B'p; + §; = O(j™) on the regressor and disturbance. More important view is the
statement implying that the process {B/Z; + €;;} is fractionally cointegrated. Here g, and €;;
are called the cointegrating vector and error, respectively, (see Robinson and Yajima [13]).

3. Two-Stage Least Squares Estimation

This section discusses estimation of (2.7) satisfying Proposition 2.1. Sinc E(Z;€}) #0, the least
squares estimator for B, is known to be inconsistent. In what follows we assume that &« = 0
in (2.7), because it can be estimated consistently by the sample mean. However, by use of
the econometric theory, it is often possible to find other variables that are uncorrelated with
the errors €;, which we call instrumental variables, and to overcome this difficulty. Without
instrumental variables, correlations between the observables {Z;} and unobservables {¢;}
persistently contaminate our estimator for B. Hence, instrumental variables are useful in al-
lowing us to estimate B.

Let {X;} be r x 1-dimensional vector (p < r) instrumental variables with E[X;] = 0,
Cov(X¢, Z;) #0, and Cov(X;, €;) = 0. Consider the OLS regression of Z; on X;. If Z; can be
represented as

Z; = 6,Xt + uy, (31)

where 6 is a r x p matrix and {u;} is a p-dimensional vector process which is independent of
{X¢}, 6 can be estimated by the OLS estimator

R T Irr
6= [thx’t] [thzg]. (3.2)
t=1

t=1
From (2.7) with & = 0 and (3.1), Y; has the form:

Y; = BIGIXt + B'ut + €y, (33)
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and &'X; is uncorrelated with B'u; + €;; hence, B can be estimated by the OLS estimator:

T Irr
Bors = [Z (6'X¢) (6’Xt)'] [Z (5'xt)y;] ) (3.4)
t=1 t=1
Using (3.2) and (3.4), we can propose the 2SLS estimator:
R T, N B ,
Bosis = [Z <5 Xt) (5 Xt) ] [Z <6 Xt)Yt:I. (3.5)
t=1 t=1

Now, we aim at proving the consistency and asymptotic normality of the 2SLS estima-
tor Bogrs. For this we assume that {e;} and {X;} jointly constitute the following linear process:

<> = GO j) = Ar (say), 66)

Xt/ %0
where {I'(t)} is uncorrelated (n + r)-dimensional vector process with

E[T(H] =0,
E[T()T(s)"] = 6(¢, 9)K,

1, t=s,
6(t,s) =
0, t#s,

and G(j)'s are (n + r) x (n + r) matrices which satisfy Z}’Zotr{G(j)KG(j)*} < oo. Then {A;}
has the spectral density matrix:

(3.7)

f(w) = %k(w)Kk(w)* ={fa(w); 1<a,b<(n+r)} (-r<w<ux), (3.8)
where
k(w) = iG(j)ei“’j ={kap(w); 1<a,b<(n+r)} (-r<w<x). (3.9)
=0

Further, we assume that [”_logdet f(w)dw > —oo, so that the process {A;} is nondetermin-

istic. For the asymptotics of Basis, from page 108, linel1-page 109, line 7 of Hosoya [14], we
impose the following assumption.

Assumption 3.1. (i) There exists € > 0 such that, for any f < t; < t, <t3 <t; and for each f, o,

var[E{Ty, ()T (82) | B()) = 6(t — £, 0Kpp] = Of (1 1)}, (3.10)
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and also

E|E{Tp, (t1)Tp, (t2)Tp, (£3)Tp, (ta) | B(t)} = E{Tp, (£1)Tp, (£2) T, (£3)Tp, (£a) } |

(3.11)
=o{t -7},
uniformly in ¢, where B(t) is the o-field generated by {I'(s); s <t}.
(ii) For any e > 0 and for any integer M > 0, there exists B, > 0 such that
E[T(n, $)2(T(n,s) > Bg}] <e, (3.12)

uniformly in n, s, where

a,p=1r=0 t=1

2y 1/2
T(n,s) = [Zp: %{\%i(ru(ms)rﬁ(usw) —Kaﬂé(o,r))} ] , (3.13)

and {T(n,s) > B} is the indicator, which is equal to 1 if T(n, s) > B, and equal to 0 otherwise.
(iii) Each fgp(w) is square-integrable.

Under the above assumptions, we can establish the following theorem.

Theorem 3.2. Under Assumption 3.1, it holds that

(i)
Basis — B, (3.14)
(ii)
VT (Basis - B) -5 Q' E[ZX]E[XX] ', (3.15)
where
Q= [E(ZX)] [E(Xx)] 7 [E(XZ})], (3.16)

and U = {U;j; 1 <i<r, 1<j<n}isarandom matrix whose elements follow normal
distributions with mean 0 and

Cov U, Uki] =2 f_ [fn+i,n+k(w)?]‘,l (W) + fusil (w)f].,mk(w)]dw

e 3 [ el o o (317)
LEDY Knvipy (W1)Kj g, (—01) Kok p (W2) K1 g, (-02) Qp g,
[ s

X (w1, —ws, wr)dw dw,.
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The next example prepares the asymptotic variance formula of By s to investigate its
features in simulation study.

Example 3.3. Let {Z;} and {X;} be scalar long-memory processes, with spectral densities
[207]1 — e 242} and {201 — e 2dx) respectively, and cross spectral density (1/2)(1 -
M) (1 - e‘“)_dz, where 0 < dz <1/2and 0 < dx < 1/2. Then

1 (" 1 1
E(X:Zy) = o—

(3.18)
27 ) x (1 eix)dx (1- efm)dz

Suppose that {e;} is a scalar uncorrelated process with 2 = E{e?}. Assuming Gaus-
sianity of { A;}, it is seen that the right hand of (3.17) is

T 1 0.2
2 e ——
" f_n 2|1 = it 2 (3.19)

which entails

2 7, (17271 - € [*™) (02 /27) )
<1/2yz- j:r (1/(1 _ ei)t)dx> <1/(1 _ efu)dz>dl>2
[T (171 = e[ )dr (3.20)
(17 (17 -ey™) (17 - e—M)"’Z)d)L)2

= 07 x Vu(dx, dz).

lim Var[\/f <B2‘5Ls - B> =

T—o

=o?| 2x

4. Numerical Studies
In this section, we evaluate the behaviour of l§25L5 in the case p = 1 in (2.7) numerically.

Example 4.1. Under the condition of Example 3.3, we investigate the asymptotic variance
behaviour of B,gi s by simulation. Figure 3 plots V. (dx,dz) for0 < dx <1/2and 0 < dz <1/2.

From Figure 3, we observe that, if dz \, 0 and if dx " 1/2, then V, becomes large, and
otherwise V; is small. This result implies only in the case that the long-memory behavior of
Z; is weak and the long-memory behavior of X; is strong, V is large. Note that long-memory
behaviour of Z; makes the asymptotic variance of the 2SLS estimator small, but one of X;
makes it large.
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Figure 3: V. (dy, d-) in Section 4.
Table 1: MSE of EZSLS and EOLS~
d, 0.1 0.2 0.3
Bosis (di = 0.1) 0.03 0.052 0.189
Bois (di =0.1) 0.259 0.271 0.34
Bosis (di =0.2) 0.03 0.075 0.342
Bois (di =0.2) 0.178 0.193 0.307
Bosis (dy = 0.3) 0.019 0.052 0.267
Bois (di =0.3) 0.069 0.089 0.23

Example 4.2. In this example, we consider the following model:

Yt = Zt + €,
Zt = Xt + U, (41)

€t = Wt + Uy,

where X;, wy, and u; are the scalar long-memory processes which follow FARIMA(0, d;,0),
FARIMA(0,d,,0), and FARIMA(0,0.1,0), respectively. Note that Z; and ¢; are correlated, X;
and Z; are correlated, but X; and ¢; are independent. Under this model we compare EZSLS
with the ordinary least squares estimator Boys for B, which is defined as

5 T Irr
Bovs = [ZZ?] I:ZZth] ) (4.2)
=1

t=1

The lengths of X;, Y;, and Z; are set by 100, and based on 5000 times simulation we report the
mean square errors (MSE) of Bogis and EOLS We set dl, dr =0.1,0.2,0.3 in Table 1.

In most cases of d; and d, in Table 1, MSE of By 5 is smaller than that of BOLS Hence,
from this Example we can see that our estimator Bszg is better than BOLS in the sense of MSE.
Furthermore, from Table 1, we can see that MSE of Bag s and BOLS increases as d, becomes

large; that is, long-memory behavior of w; makes the asymptotic variances of Bogi s and EOLS
large.
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Table 2: Byg; s based on the actual financial data.

Stock IBM Nike Amazon American Express Ford
Basis 0.75 1.39 1.71 2.61 -1.89

Example 4.3. In this example, we calculate Bosis based on the actual financial data. We choose
S&P500 (square transformed) as Z; and the Nikkei stock average as an instrumental variable
X;. Assuming that Y;(5 x 1) consists of the return of IBM, Nike, Amazon, American Expresses
and Ford; the 2SLS estimates for B;, i = 1,...,5 are recorded in Table 2. We chose the Nikkei
stock average as the instrumental variable, because we got the following correlation analysis
between the residual processes of returns and Nikkei.

Correlation of IBM’s residual and Nikkei’s return: —0.000311

Correlation of Nike’s residual and Nikkei’s return: —0.00015

Correlation of Amazon’s residual and Nikkei’s return: —0.000622
Correlation of American Express’s residual and Nikkei’s return: 0.000147
Correlation of Ford’s residual and Nikkei’s return: —0.000536,

which supports the assumption Cov(X;, &;) = 0.
From Table 2, we observe that the return of the finance stock (American Express) is

strongly correlated with that of S&P500 and the return of the auto industry stock (Ford) is
negatively correlated with that of S&P500.

5. Proof of Theorem

This section provides the proof of Theorem 3.2. First for convenience we define Z; =

(ZU,. ..,Zp,t)' = SIXt. Let u; = (ﬁl,t;u-/ﬁp,t), be the residual from the OLS estimation of
(3.1); that is,

Uiy = Zip — Zig (5.1)

The OLS makes this residual orthogonal to X;:
T !
> Xiiii; =0, (5.2)
t=1

which implies the residual is orthogonal to Zj,t,

T ~
sz,tﬁi,t = <Zx;ﬁi,t>6j =0, (5.3)
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where 6 j is jth column vector of 6. Hence, we can obtain
T T T
> ZisZiy = sz,t<zi,t + ﬁi,t) =>ZiZiy, (5.4)
=1 t=1 t=1
for all i and j. This means
T T
Y77, = Y77, (5.5)
t=1 t=1
So, the ith column vector of the 2SLS estimator (3.5) [AiZSLS,i (say) can be represented as

T rr
Brsisi = [ZZtZ;:I [ZZtYi,t]; (5.6)
t=1 =1
which leads to
. 15, 11 &
Bosis; = Bi = I:TZZtZ;:I [Tzztei,t]- (5.7)
t=1 t=1
Hence, we can see that
i(oms-v) <[22 [ 52
T(Bxsis—B) = [— ZtZ;:I [— Zte;]. (5.8)
24| | T
Note that, by the ergodic theorem (e.g., Stout [15] p179-181),
1 T =N 1 ) T
T 2L = 56 3 XZ,
t=1 t=1
-1
1&a. L1 &, 1< (5.9)
- [TZztxt] [szfxf] [Tthz;]
t=1 t=1 t=1
0.

Furthermore, the second term of the right side of (5.8) can be represented as

1 &G a1 &
—VN'27e|=6—Xe, (5.10)
| i3z -8 13
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and by the ergodic theorem (e.g., Stout [15] p179-181), we can see
~1 T T B P 1
6 = [Zztx't] [thxg] —s [E(Z:X)] [E(XX)] - (5.11)
t=1 t=1
Proof of (i). From the above,
_ 1<
Baysis - B =Op fzxtd} : (5.12)
t=1

In view of Theorem 1.2 (i) of Hosoya [14], the right-hand side of (5.12) converges to 0

in probability. O
Proof of (ii). From Theorem 3.2 of Hosoya [14], if Assumption 3.1 holds, it follows that
(1/VT)EL Xe, % U. Hence, Theorem 3.2 is proved. O
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