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Abstract

This paper proposes a new framework to analyze the nonstationarity in the
time series of state densities, representing either cross-sectional or intra-period
distributions of some underlying economic variables. We regard each state den-
sity as a realization of Hilbertian random variable, and use a functional time
series model to fit a given time series of state densities. This allows us to ex-
plore various sources of the nonstationarity of such time series. The potential
unit roots are identified through functional principal component analysis, and
subsequently tested by the generalized eigenvalues of leading components of nor-
malized estimated variance operator. The asymptotic null distribution of the
test statistic is obtained and tabulated. We use the methodology developed in
the paper to investigate the state densities given by the cross-sectional distribu-
tions of individual earnings and the intra-month distributions of stock returns.
We find some clear evidence for the presence of strong persistency in their time
series.
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1. Introduction

In the paper, we investigate the nonstationarity of the time series of state densities, which
are defined to represent either cross-sectional or intra-period distributions of some under-
lying economic variables. Examples of such distributions include, among many others,
cross-sectional distributions of individual earnings and intra-period distributions of asset
returns. Though not directly observable, the state densities may be easily estimated using
cross-sectional or intra-period observations. In economic time series analysis, we routinely
use the time series observations aggregated across cross-sections or averaged over some time
periods. Clearly, we may extract more information on the dynamics of the underlying eco-
nomic time series, if we study the entire cross-sectional or intra-period distributions rather
than their representative values. Note that the observations aggregated cross-sectionally or
averaged over time periods may simply be regarded as the means of the corresponding state
distributions.

For our purpose, we introduce a novel framework. We regard each state density as a
realization of Hilbertian random variable, and use a functional time series model to fit a
given time series of state densities. Modeling state density as a functional random variable
allows us to explore various sources of nonstationarity in state distribution including their
higher moments such as variance, skewness and kurtosis. In contrast, the conventional
unit root tests are applied to the cross-sectional aggregates and intra-period averages, and
therefore, they only examine the nonstationarity existing in the means of state distributions.
Our statistical theory of nonstationary functional time series in the paper builds upon the
existing literature on the general statistical theory of stationary functional time series. See,
e.g., Bosq (2000) for a detailed introduction to the subject. The reader is also referred to
Park and Qian (2012) for the statistical theory of stationary regression with state densities
defined similarly as in our paper.

Our testing procedure is simple and straightforward. The potential unit roots are iden-
tified through functional principal component analysis, and subsequently tested by the gen-
eralized eigenvalues of leading components of normalized estimated variance operator. The
asymptotic distribution of our test statistic is free of nuisance parameters and dependent
only upon the number of unit roots existing in the underlying time series of state densities.
In parallel with the asymptotic distributions of the conventional unit root tests, it is repre-
sented by the eigenvalues of a matrix of functional of demeaned standard Brownian motion.
The asymptotic critical values of the test are obtained and tabulated in the paper for the
number of unit roots up to five. The finite sample performance of our test is evaluated by
simulation. The test performs very well in terms of both finite sample size and power even
for moderately large samples. The finite sample size becomes close to its nominal value and
the finite sample power approaches to unity rather quickly as the sample size increases.

For the purpose of illustration, we use our model and methodology to analyze the nonsta-
tionarity in the time series of two different types of state distributions. In the first empirical
application, we study the state distributions defined as the cross-sectional distributions of
individual earnings, which are obtained from the cross-sectional observations of individual
weekly earnings provided at monthly frequency by the Current Population Survey (CPS)
data set. In the second empirical application, we investigate the state distributions defined



as the intra-month distributions of stock returns, which are obtained from the S&P 500
index returns at one-minute frequency. The sample sizes of their time series are 247 and
222 spanning the periods from January 1994 to July 2014 and from January 1992 to June
2010, respectively. Our test suggests that there are two unit roots in the cross-sectional
distributions of individual earnings, whereas we have only one unit root in the intra-month
distributions of stock returns.

The presence of unit roots in the time series of state distributions, of course, implies
that the time series of their moments are generally nonstationary. In the paper, we propose
a measure to represent the proportion of unit root component in each moment of state
distributions. The measure, called the unit root proportion of a moment, takes value 0 if
the moment is stationary, and 1 if the moment consists entirely of the unit root component
of state distributions. For the cross-sectional distributions of individual earnings, the first
four moments all have nonnegligible unit root proportions. In particular, the unit root
proportions for the first two moments are substantial. It appears that the volatilities, as
well as the means, of earnings distributions are quite persistent. On the other hand, for the
intra-month distributions of stock returns, the moments have uneven unit root proportions.
The unit root proportions of the odd moments are almost negligible, while those of the even
moments are relatively much larger. They are, however, much smaller than those for the
cross-sectional distributions of individual earnings.

The rest of the paper is organized as follows. Section 2 introduces the model and pre-
liminary results necessary for the subsequent development of our theory and methodology.
Our statistical procedure and asymptotic theory are presented in Section 3. To convey the
main idea more effectively, here we assume that the state densities are directly observable.
The effect of using estimated state densities on our statistical analysis is investigated and
summarized in Section 4. There we show that the error incurred by the estimation of state
densities are negligible and have no effect on our asymptotic theory under mild conditions.
Section 5 includes two illustrative empirical applications of our model and methodology
on the time series of cross-sectional distributions of individual earnings and intra-month
distributions of stock returns. The fitted models obtained in Section 5 are used to perform
our simulation study on the finite sample performance of our unit root test on the time
series of state densities, which is reported in Section 6. Conclusion follows in Section 7.
Finally, proofs are collected in Mathematical Appendix.

2. Model and Preliminaries

In the paper, we consider a sequence of density functions, which we denote by (f;). For
each time t = 1,2,..., we suppose that there is a distribution represented by probability
density f;, whose value at ordinate s € R is denoted by fi(s). Throughout the paper, we
let

wy = fr —Ef;

denote a centered density function and treat (w;) as functional data taking values in Hilbert
space H, where we define H to be the set of functions on a compact subset K of R that



have vanishing integrals and are square integrable, i.e.,

H:{w'/Kw(s)dSZO, /Kw2(s)ds<oo},

with inner product (v,w) = [v(s)w(s)ds for v,w € H.> We define H = Hy & Hg, where
Hpy and Hg denote respectively the unit root and stationarity subspaces of H and assume
that, for any nonzero v € H, the coordinate process

(v, wy)

has a unit root for all v € Hy, while it is stationary for all v € Hg. Moreover, we assume
that Hy is M-dimensional with 0 < M < oo, and we set Hy = () and Hg = H by convention
in case M = 0. Finally, we let IIy and Ilg be the projections on Hy and Hg, respectively,
and define

wiv =IIyw; and wts = Ilsw;.

Note that Iy + ILg = 1, so in particular we have w; = w;" + w;. Here and elsewhere in

the paper, the identity operator on H is denoted simply by 1.

In what follows, we use || - || to denote the usual Hilbert space norm, i.e., ||v||?> = (v,v)
for a vector v € H and ||A|| = sup, ||Av||/||v]| for any linear operator A on H. We follow
the usual convention and denote by A’ the adjoint of a linear operator A on H. If A = A’,
the operator is called self-adjoint. Moreover, we write A > 0 and say that A is positive
definite if and only if (v, Av) > 0 for all nonzero v € H. For any H-valued random element
w, the expectation Ew of w is more formally defined as a vector in H satisfying

(v, EBw) = E{v, w)
for all v € H, and the variance ¥ of w is given by an operator for which
E(vi, w — Ew)(vj, w — Ew) = (v;, Xv;)

for all v;,v; € H. The reader is referred to, e.g., Bosq (2000) for a brief introduction to
Hilbertian random variables and the definitions of their moments.

Assumption 2.1 For u; = Aw;, we let
[o¢]
up = ®(L)ey = Z Dier—i,
i=0

where we assume that (a) Y oo, 4| ®;|| < oo, (b) IIn®(1) is of rank M and Hg®(1) = 0,
and (c) (g¢) is an iid sequence with mean zero and variance ¥ > 0, for which we have
El||e¢]|P < oo with some p > 4.

*Since (f;) is a sequence of random densities, we have [ fi(s)ds = 1a.s. and [, Efi(s)ds =E [, fe(s)ds =
1 for all ¢ = 1,2,.... Therefore, we require in our subsequent analysis that f x w(s)ds = 0. No other
restrictions are necessary for (ws).



Aside from our rank conditions on ®(1), the process (u;) introduced in Assumption 2.1
was studied extensively in Bosq (2000) and we may simply view it as a generalization of
the finite-dimensional linear process. The coefficients (®;) used to define the process are
linear operators in H and the innovation (&) is a sequence of random elements in H. The
main results in the paper hold under milder conditions than those we assume here. For
instance, we may allow (¢¢) to be martingale differences in place of iid sequences. The
stronger conditions are invoked here to derive the explicit rates for some of our theoretical
results.
For the process (u¢) introduced in Assumption 2.1, we may write

up = ®(V)ey + (Up—1 — ),

where

00
U = <I>(L)€t = Z <I>i€t—i
=0

with ®; = Z;‘;Z 41 ®;. This representation is widely known as the Beveridge-Nelson de-
composition for finite-dimensional linear processes, and studied thoroughly by Phillips and
Solo (1992). Due to condition (a), we have > oo, ||®;]| < oo, and therefore the process (i)
is well defined.

It follows from condition (b) that

t
w =Tyw, =TIN®(1) ) & — My
i=1

and

'wf = HSU)t = —Hsﬂt

ignoring the initial values wg and ug that are unimportant in the development of our asymp-
totic theory. Therefore, it is clear that (w]Y) is an integrated process, while (w}) is a sta-
tionary process. Thus far, we have assumed that the dimension M of unit roots in (wy) is
known. Of course, the unit root dimension M is unknown in practical applications. In the
next section, we will explain how to statistically determine M, as well as how to estimate

the unit root and stationarity subspaces Hy and Hg.

3. Statistical Procedure and Asymptotic Theory

In this section, we introduce our statistical procedures and develop their asymptotic theories.

3.1 Functional Principal Component Analysis

Our testing procedure is based on the functional principal component analysis for the un-
normalized sample variance operator Q7 of (w;) defined by

T
QT = E wy @ Wy,
t=1



where T is the sample size. Moreover, we write
Q" =T*Qkn +TQNs + TQSy + TQSs, (1)

where

T T
QﬁN:%HN (;wt@)wt)HN:%;in@wiv
ot Ly i R
Ns = plln w @ wy s TZwt & wy
t=1 t=1
or 1y ET: ow | e = & - S & wS
S5 = s t_lwt wy S T;wt Wy

and QL is the adjoint of Q% 4, i.e., QL y = Q1.

To establish our asymptotic results on Q7 it is necessary to introduce some new concepts
and notations. For a sequence (A7) of operators on H, we let Ay —, A if ||[Ar — Al —, 0.
Moreover, we define B to be Brownian motion on the unit root subspace Hy with variance
operator €, if B takes values on Hy and if for any v € Hy, (v, B) is Brownian motion
with variance (v, Qu). Naturally, for a random sequence (Br) taking values on Hy, we let
Br —4 B, if for any v € Hy, (v, Br) —4 (v, B). It is straightforward to show that if B is
Brownian motion on Hy then for any (v;),i =1,..., M, in Hy

((v1, BY, ..., (var, B))

becomes an M-dimensional vector Brownian motion with covariance matrix having the
(¢, 7)-th entry given by (v;, Qu;) for i,j =1,..., M. Furthermore, if By —4 B then for any
(vi),i=1,..., M, in Hy we have

((’Ul, BT>, RN <UM,BT>)/ —d (<U1,B>, RN <UM,B>)/,

as can be readily shown using the Cramer-Wold device. Finally, for a sequence of operators
(Cr) on Hy, we let Cp —4 C for an operator C on Hy if (vi, Crve) —4 (v1,Cuvy) for any
(Ul,UQ) € Hy x Hy.

Lemma 3.1 Let Assumption 2.1 hold. We have

1
Q% —a Qu = / (W @ W) (r)dr, @)
0

where W is Brownian motion on Hy with variance operator IIy®(1)X®(1)'Ty. Also, it
follows that

Q&g —p Qss =1Ig (Z <I>i2<1>2> . (3)
i=0



Moreover, we have
Qks: Qén = Op(1) (4)
for all large T'.

Lemma 3.1 establishes the limits and stochastic orders for each of the components appearing
in our decomposition (1) of the unnormalized sample variance operator Q7 of (w;). The
normalized sample variance operators Q% N and Qgs have well defined limits, and converge
to their limits in distribution and probability respectively on the unit root and stationarity
subspaces Hy and Hg. Note in particular that Qﬁ n has as its distributional limit a random
operator represented by a functional of Brownian motion W on H y, whereas the probability
limit of Qgs is given by the operator

Qss = I (E(wt ® wt))Hs

on Hg. The sample covariance operators Q%S and QEN become negligible asymptotically
and do not appear in our subsequent asymptotic results.
Now we define

(/\i(QT)’Ui(QT))’ i=1,....T,

to be the pairs of the eigenvalues and eigenvectors of QT, where we order (\;(Q")) so that
M (QT) > - > Mp(QT). Moreover, assuming 7' > M, we let

M
H],I\} = \/ Ui(QT)7

i=1

where and elsewhere in the paper \/ signifies span, and denote by H;{, the projection on H ]C\F,
The subspace H]T, spanned by the eigenvectors corresponding to M largest eigenvalues of
QT will be referred to as the sample unit root subspace. Finally, we define the projection on
the sample stationarity subspace by Hg = 1-TI%,, so that we have Hﬁ—i—ﬂg = 1 analogously
as the relationship Il + IIg = 1. The following proposition is an immediate consequence
of Lemma 3.1.

Proposition 3.2 Under Assumption 2.1, we have
4 =Ty +0,(T™Y) and TIL =Tig + O,(T™ )
for all large T'.

Proposition 3.2 implies that the projections Il and IIg on the unit root and stationarity
subspaces Hy and Hg can be estimated consistently at rate T respectively by the projections
H;{, and Hg on the sample unit root and stationarity subspaces H]:\F, and H;*C

In what follows, we let

N(QnN),vi(QnN)), i=1,...,M,



be the nonzero eigenvalues and their associated eigenvectors of )y, which we order

M(QNN) > - > A (QNN)-

Note that Qnn is stochastic, and therefore, so are ((A\;(Qnn),vi(Qnn)) for i =1,..., M.
Clearly, (v;(QnnN)), @ = 1,...,M, span Hy. Though the set of vectors (v;(Qnn)) are
given randomly as functions of limit Brownian motion W, the space spanned by them is
nonrandom and uniquely determined. On the other hand, we denote by

(Ai(Qss),vi(Qss)), i=1,2,...,

the nonzero eigenvalues and their associated eigenvectors of (Qgg, for which we assume

Al(QSS) > )\Q(st) >

Since Qs is the variance operator of (IIgwy), it is positive semi-definite and nuclear, i.e.,
Ai(Qgss) > 0 for all 4, and

D Ai(@Qss) < oc.
i—1

In particular, \;(Qss) — 0 as ¢ — oo, and the origin is the limit point of the spectrum of
Q®ss. The reader is referred to Bosq (2000, Theorem 1.7) for more details.
It can be deduced from Lemma 3.1 and Proposition 3.2 that

Theorem 3.3 Under Assumption 2.1, we have

(T720(Q1), vi(QT)) =a (M(QNN), vi(QNN))

jointly for ¢ =1,..., M, and

(T A+(Q"), va4(QF)) —p (Mi(@s5),vi(Qss))
fori=1,2,....

In the stationarity subspace Hg, the eigenvectors and eigenvalues of the sample variance op-
erator Q7 of (wy), if appropriately normalized, converge in probability to the corresponding
population eigenvectors and eigenvalues. Following the convention made in Bosq (2000), the
eigenvectors (v;(Qgs)) are identified only up to the spaces spanned by them. For instance,
we let v;(Qss) and —v;(Qss) be identical for i = 1,2,.... Likewise, if A\;(Qss) = Xit;(Qss)
for some i > 1 and 1 < j < J, then v;(Qss) and v;4;(Qss), j = 1,...,J, are not indi-
vidually identified and they denote any vectors spanning the eigen-subspace of \;(Qss). In
the unit root subspace Hy, on the other hand, the eigenvectors and normalized eigenvalues
of the sample variance operator converge in distribution, and their distributional limits are
given by the distributions of eigenvalues and eigenvectors of some functionals of Brownian
motion.



3.2 Asymptotic Behavior of Coordinate Process

One of the most important implications of Proposition 3.2 is that we may regard (v;(Q™)),
i =1,..., M, asymptotically as vectors in the unit root subspace Hy. Indeed, it is straight-
forward to deduce from Proposition 3.2 that

Corollary 3.4 Under Assumption 2.1, we have

rt o _ O(T-1/2
11%22%‘ NU,wi) — (TInv, we)| = Op( )

ey { v, Awy) — (T, Awy)| = Oy (T~11/7)

for all large T', uniformly in all v € H such that ||v]| = 1.

We may well expect from Corollary 3.4 that the coordinate processes of (w;) defined by
(v (QT)) and (yv;(QT)), i =1,..., M, yield the same asymptotics. Note that v;(Q”) =
NEui(QT), i = 1,...,M, since (v;(QT)), i = 1,..., M, are in the sample unit root sub-
space HL. The difference between (v;(QT),w;) and (IInv;(QT),wy), i = 1,..., M, van-
ishes completely as the sample size increases up to infinity. Needless to say, (IIyv;(QT)),
i=1,..., M, are vectors in the unit root subspace Hpy, and we may therefore assume that
(vi(QT)), i = 1,..., M, are in Hy in our subsequent development of the asymptotics for
nonstationary coordinate processes.

It should, however, be noted that (v;(QT),ws), i = 1,..., M, in general behave quite
differently from unit root processes, even though we may regard (v;(Q7)), i = 1,..., M,
asymptotically as vectors in the unit root subspace Hy. As shown in Theorem 3.3, (v;(Q7)),
i=1,...,M, do not converge to any fixed set of vectors and remain to be random in the
limit. Therefore, their asymptotic behaviors are generally rather distinctive from those of
the coordinate processes (v;, w;) defined by a fixed set of vectors (v;), i =1,..., M, in Hy.
For instance, we may easily deduce from Lemma 3.1 and Theorem 3.3 that

T
5 (@), wi)? = (@), Q@) + O, (T
t=1
—d (Vi(QNN), QNNVi(QNN)) = Xi(QNN)

with A\;(Qnn) being the i-th largest eigenvalue of fol(W ® W)(r)dr, whereas

T
1
T_Z Uzawt UQONNU2> +Op (T~ )

1
o (05, Q) = /0 W2(r)dr

with W; = (v;, W). Unless M = 1, the two limit distributions are not identical.
We may now clearly see that the asymptotics of (v;(QT), w;) are different in general from
those of (v;, w;) defined by a fixed set of vectors (v;), ¢ = 1,..., M, in the unit root subspace



Hy, though their sample moments have the same order of magnitudes in probability. In
particular, (v;(QT),ws), i = 1,..., M, are not well defined unit root processes. To obtain
unit root coordinate processes, we need to find a set of vectors in H]T, that converge in
probability to a fixed set of vectors in Hy, and use them to define coordinate processes. In
fact, if we fix a set of vectors (v;), v; ¢ Hg, i = 1,..., M,3 and project them on H]T, using
% to obtain (T1%9;) and define

(0, we), i=1,...,M,

then it follows immediately from Corollary 3.4 that

T - ~1/2
max |(p D, we) — (TN, we)| = Op(T~?) (5)
T - - _ ~1+1/p
max ‘A(HNvl,wQ A(IINv;, we)| = Op(T ) (6)

for all large T'. Consequently, <H;{,T;i, wt> behave asymptotically as (IIyv;, w), i = 1,..., M,
which are well defined unit root processes.
As is well expected, we may test for the unit root hypothesis Hy : a;; = 1 in the regression

(TN 0;, we ) = oy (TN Dz, w1 ) + €t

or
q
({05, we) = o (TR0, w1 ) + Z Bii A (TN 0;, wi—j) + €3t
j=1
for ¢« = 1,..., M, using the conventional unit root tests such as the augmented Dickey-

Fuller (ADF) and Phillips’ tests, the details of which we refer to Stock (1994). In fact,
it follows directly from (5) and (6) that the unit root tests based on <H%@i,wt> have the
same asymptotics as those of (IIn0;,wy), @ = 1,..., M, which are well defined unit root
processes yielding the usual unit root asymptotics. The conventional unit root tests applied
to <H;{,T)i, wt>, 1 =1,...,M, are therefore valid asymptotically. However, the tests are not
applicable, unless M is known. In particular, we may not use the tests to determine M.
Besides, we expect the test results to be affected by the choice of vectors (v;), 1 =1,..., M,
which has to be arbitrary, except for the simple case M = 1.

3.3 Test Statistic and Limit Distribution

To determine the dimension M of the unit root subspace Hp, we consider the test of the
null hypothesis
Hy: dim(Hy) =M (7)

against the alternative hypothesis

H1: dim(HN)SM—l (8)

3Tf we choose (@;) arbitrarily in H, the probability of any of (7;) being picked up from Hg is zero.
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successively downward starting from M = M. with some fixed number My...* By
convention, M = 0 implies that there is no unit root, and the unit root subspace Hpy
consists only of the origin. Our estimate for M is given by My, — 1, where My, is the
smallest value of M for which the null hypothesis (7) is rejected in favor of the alternative
hypothesis (8). Obviously, we may find the true value of M with asymptotic probability
one, if we apply any consistent test in the successive manner as suggested here.

It is clear from Theorem 3.3 that we may use (A\;(Q7)) to determine the unit root dimen-
sion in (w;). As can be readily deduced from Theorem 3.3, T~2);(Q”) has a nondegenerate

asymptotic distribution for ¢ = 1,..., M, whereas it converges to zero in probability for all
i > M + 1. Therefore, we may consider
i =T A (Q") (9)

to test the null hypothesis (7) against the alternative hypothesis (8) for M = 1,2,.... It
is clear that the test would be consistent, if we reject the null hypothesis in favor of the
alternative hypothesis, when the test statistic JJZ\FJ in (9) takes a small value.® Unfortunately,
however, a]@[ has limit null distribution that is generally dependent upon various nuisance
parameters, and cannot be used directly to test for the unit root dimension M without
employing some resampling schemes to compute the critical values.

To introduce a test statistic whose limit distribution is free of nuisance parameters, we

first let (v;), i =1,..., M, be an arbitrary set of vectors generating Hy. Then we define
= (<U17wt>a'-'v<UM7wt>)/ (10)
fort =1,...,T. As we will show later, the choice of (v;), i = 1,..., M, is unimportant,
and does not affect any of our subsequent developments. If we let Q}\Z = ZyZr with
Zp = (z1,...,27), it follows from Lemma 3.1 that
1
TQY =4 Qu = [ Warr)War(r)dr (11)
0

where W), is an M-dimensional vector Brownian motion with variance 37, say, which is
often referred to as the long run variance of (Az;). The usual estimate for s is defined as

O = @()Tr(i),

li|<¢

where wy is a bounded weight function and I'p is the usual sample autocovariance function
of (z1), ie., Dp(i) = T71>, Az Az, for |i| < ¢, used to estimate the true autocovariance

“In practice, the choice of Muax is not a difficult problem. It is often clearly suggested by the esti-
mated spectrum of @7, which normally has several dominant eigenvalues. We may also rely on various
methodologies of identifying dominant eigenvalues in the standard principal component analysis.

5As will be shown later, our approach yields a test that can be regarded as a generalization of the
Sargan-Bhargava test or the class of unit root tests classified as the SB-class in Stock (1994).

50f course, it may be possible to use the test statistic o2y in (9) with critical values computed from some

resampling schemes such as bootstrap and subsampling. However, this will not be further discussed in the
paper.
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function I'. The lag truncation number ¢ is set to increase as 7.7
Now we define

(AZ(QTM7Q£J)7U2(QTM7Q£J)) ) 1= 17 .. 7M7

to be the pairs of generalized eigenvalues and eigenvectors of Qf/[ with respect to the consis-
tent estimate Q% of Q. It follows immediately from (11) and continuous mapping theorem
that

(T72X(Qhr Q) vi QA X)) —a (Mi(Quar, Qaa), vi(Qur, Q) (12)
jointly for ¢ = 1,..., M, where

()‘Z(QM7QM)7UZ(QM79M))7 i:17”’7M7

are the pairs of generalized eigenvalues and eigenvectors of Qs with respect to Q7. More-
over, if we let

(@), vi(@hr)),  i=1,..., M,

be the eigenvalue and eigenvector pairs of

1
Qi = /0 Wi (P () dr, (13)

where Wy, = Q;j/ 2VVM is the standard M-dimensional vector Brownian motion, i.e., M-

dimensional vector Brownian motion with identity covariance matrix, then it can be easily
seen that

Ni(@Qur, Q) = M(@3r), 0 (Qar, Q) = vi(Qi), (14)
fori=1,...,M. In particular, we have
T2Xi(Qh, r) —a Mi( Qi) (15)

jointly for i =1,..., M, due to (12) and (14). The distributions of (A\;(Q3,)), i =1,..., M,
are free of any nuisance parameters, and can be tabulated by simulations.
It is important to note that the pairs of generalized eigenvalues and eigenvectors

(AZ(Qfdv Qj]\;l)v UZ(QIJ\;h Qfd)) ) ()‘Z(QMv QM)a UZ(QMa QM))

for i = 1,..., M are determined uniquely regardless of the choice of (v;) generating Hy,
which we introduce in (10). To see this more clearly, we let (7;) be another set of vectors
generating Hy. Moreover, we define z; = ((v1,wi), ..., (Op,w)) for ¢ = 1,...,T and
)T, = Z.Zr with Zp = (%1,...,2r)". Then we have a nonsingular M-dimensional matrix
Uys such that z; = Upsz;. However, we have Zp = ZTU]’V[, and

1
T2QT, 5 Qur = / War () Wag (r dr,

"There exists a large literature on the consistent estimation of 2y, for the introduction to which the
reader is referred to, e.g., Andrews (1991). For all applications in the paper, we use the Parzen window with
the Andrews’ automatic bandwidth.
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where Wy = UpyWis is M-dimensional vector Brownian motion with variance Q; =
UnmQnUy,. We may also easily see that Q}\F/I =U MQ}\ZU 2 if we use the same estimator
for Q7 and Q. Consequently, it follows readily that the generalized eigenvalues and
eigenvectors of Qﬂ and Q) with respect to Q}\FJ and Q) are the same respectively as those
of Q%} and @)y with respect to Q%} and Q.

The generalized eigenvalues (\;(Q%,,Q%,)), i = 1,..., M, are based on () in (10),
which are not observable since it consists of coordinate processes given by a set of vectors
(v;) spanning Hpy. Therefore, we consider

Zo= ((01(QT),we), - ., (oar (QT), wy)) (16)

for t = 1,...,T, in place of (z;) in (10). Moreover, we define Q}\FJ = Z{FZT with Zp =
(51, ‘e ,ET)/, and

Ol = @()I'r(),
i<

accordingly as O, where the autocovariance function I'r(i) of (z) in Q7 is replaced by
that of (%), I'r(i) =T 1Y, AZAZ_,.
To test the null hypothesis (7) against the alternative hypothesis (8), we propose to use

=T (5, 0% ) - (17)
For the test statistic TJ\I;[, we have

Theorem 3.5 Let Assumption 2.1 hold. Under the null hypothesis (7), we have

i —a A (Qiy)-

Moreover, we have
7'1\T4 —p 0

under the alternative hypothesis (8).

Theorem 3.5 shows that the limit null distribution of our test statistic T]\:C[ is given by the
distribution of the smallest eigenvalue of the integrated product moment of M-dimensional
standard vector Brownian motion on the unit interval, which was introduced earlier in
(13). For M = 1, the limit null distribution of 77, reduces to that of the Sargan-Bhargava
statistic. Our test may therefore be regarded as a generalization of the Sargan-Bhargava
test. The limit distribution is easily derived from (15), once we show that the replacements
of Q%} by Q%} and Q%} by Q%/[ have no effect on the limit distribution of the generalized
eigenvalue Ay ( e Qﬂ) This is well expected from Corollary 3.4, since (%) and (z;) are
uniformly close for t = 1,..., T, if we choose v; = IIyv;(QT), i = 1,..., M, in defining (z).8
As discussed, the distribution of A\y/(Q3,) is free of nuisance parameters, and depends only

®Recall that our test statistic 77; is invariant with respect to the choice of (v;), and we may choose an
arbitrary set of (v;) as long as they span the unit root subspace Hy.
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upon M. Therefore, the asymptotic critical values of our test statistic TAE can be tabulated

for each M. Theorem 3.5 also establishes that the test based on TA:Q, is consistent.’

It is possible to more specifically test the null hypothesis Hy in (7) against the alternative
hypothesis Hy : dim (Hy) = N for some N < M. In this case, it would clearly be more
powerful to use the test statistic

M
Tn=T73 X\ <Q£,Q{4)
i=N+1

As in the proof of Theorem 3.5, we may easily show that
M
7—1\,:2,N —d Z Ai (Q?W))
i=N+1

under the null hypothesis Hg, and that Tja N —p 0 under the alternative hypothesis Hz.
The limit distributions of T]\E’ y are also free of nuisance parameters and can be tabulated

for various combinations of M and N.
3.4 Unit Root Moment Decomposition
Define 1
Le(s) =s"— — [ s"ds
="~ J,

for k = 1,2,..., where |K| denotes the Lebesgue measure of K. Note that

iy ) = /K 5 fi(s)ds — B /K 5* fi(s)ds

represents the random fluctuation of the x-th moment of the distribution given by prob-
ability density (f;). We may decompose v, as ¢, = s + gk, from which it follows
that

M o0
lewll” = Ml + Ml = Doy v+ D (i),
i=1 i=M+1
where (v;), i = 1,2,..., is an orthonormal basis of H such that (v;)1<i<ap and (v;)i>nr+1

span Hy and Hg, respectively.
Clearly, we may employ the ratio

M
> i)’
i=1

<Lm Ui>2

_ IMvesll
= -
el

(18)

I

@
Il
—

\

9The discriminatory power of 77; is expected to be lower than that of oy, since o2y = O, (Tﬁl) under
the alternative hypothesis (8). Certainly, this is the price we have to pay to make the statistic 77; free of
nuisance parameters in limit distribution.
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to measure the proportion of the component of t, lying in Hy. If, for instance, ¢, is
entirely in Hy, we have m, = 1. On the other hand, we have 7w, = 0 if ¢, is entirely in
Hg. In the paper, we use 7, to represent the proportion of unit root component in the x-th
moment of probability densities (f;). The k-th moment of (f;) has more dominant unit root
component as m, tends to unity, whereas it becomes more stationary as m, approaches to
zero. Of course, it is more difficult to predict the k-th moment of (f;) if 7, is closer to unity.
In contrast, the k-th moment of (f;) is easier to predict if 7, is small. In what follows, we
will refer to m, simply as the unit root proportion of the k-th moment.

The unit root proportion 7, of the k-th moment defined in (18) is of course not directly
applicable, since Hy and Hg are unknown. However, we may use its sample version

<Lm Ui (QT)>2

<Lm Ui (QT)>2

-

N
B!
I
~
Il
—
—~
—_
Ne)
~—~

-

s
I
—_

and other notations are as defined in (18). The sample version 7. in (19) of 7, in (18)
will be referred to as the sample unit root proportion of the k-th moment. We may readily
show that the sample unit root proportion wZ is a consistent estimator for the original unit

root proportion .. In fact, it follows immediately from Proposition 3.2 that
7TZ'; =T, + Op(T_l)

forall k =1,2,....

4. Models with Estimated Densities

Usually, the state densities (f;) are not directly observed and should therefore be estimated
using the data, either cross-sectional or high frequency observations, that we assume to be
available for each time period. Therefore, we denote by (f;) the estimated density functions
and let

P R
thft—Tth (20)
t=1

be the demeaned density estimate for t = 1,...,T. It is well expected that the replacement
of the original centered density (w;) with the demeaned density estimate (w;) does not
affect the asymptotic theory as long as the number of cross-sectional or high frequency
observations available in each time period to estimate ( ft) is large enough relative to the
number 7' of time series observations. This was indeed shown by Park and Qian (2012)
for a stationary functional regression model. In this section, we show that our asymptotic
theories developed in the previous section continue to hold even when we use () in the
place of (w;). To develop subsequent asymptotic theories, we let A; = ft— fefort=1,...,T
and assume
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Assumption 4.1 Let (a) sup;s [|A¢]] = Op (1), and (b) 77! Sy 1A = 0.

The conditions introduced in Assumption 4.1 appear to be very mild and satisfied widely
in many potential applications. Clearly, condition (a) would hold in general, since both
(f¢) and (f;) are proper density functions. Moreover, condition (b) is expected to be met
whenever the number N of observations that we use to estimate the state density at each
period is sufficiently large relative to the sample size T for the time series of state density. In
fact, if the standard second-order kernel is used with an optimal bandwidth to estimate the
state densities, we would normally expect to have sup;«,«7 E||A¢|| = O(ar/by) for some
(ar) and (by) such that ar — oo and by — oo respectively as T — co and N — oo. It is
well known that under very general regularity conditions we have E||A;|| = O(N~2/%) for
each t, if the state distributions are defined as cross-sectional distributions, and independent
and identically distributed observations are available to estimate them for each period. The
same result holds if the state distributions are given by intra-period distributions, as long
as within each period the underlying economic variables can be regarded as stationary
processes satisfying some general mixing conditions.!® This is shown in, e.g., Bosq (1998)
and Hansen (2008).1!

Now we redefine all sample statistics introduced in Section 3 to construct the feasible
version of our unit root test statistic using (w;) introduced in (20), in place of (w). As
discussed, our testing procedure is based on the functional principal component analysis for
the sample variance operator of (w;). Define

T
QT = Z Wy @ 'lbb
t=1
which we may write similarly as in (1)

Qr =T?QN N +TQks +TQ%y + TQ%g,

where Q% N Q}C, g QEN and QES are defined in the same way as their counterpart compo-
nents of QT given below (1) in Section 3, except that they are all sample product moments
based on the demeaned density estimates (w;). In what follows, we will refer to QT as the
unnormalized estimated variance operator of (wy).

In the subsequent development of our theory, we let

(Ai(QT),vi(QT)> L i=1,....T,

be tl}e pairs of the eigenvalues and eigenvectors of QT, WherAe we order /\1(QT) > e >
Ar(Qr). Moreover, for T > M, we use the eigenvectors v;(Qr) corresponding to the M
largest eigenvalues \;(Qr) of Q7 to define

A~ M A
HY = \/ vi(Qr).

10GQuch processes are often called locally stationary.
"'The result holds under quite general conditions. For instance, Honda (2009) shows that we may even
allow for processes with infinite variances.
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We call ]3[]1\; the estimated unit root subspace and denote by ﬂ% the projection on ﬁ%
Finally, we let Ilg = 1 —1II, so that we have H% —|—H£ = 1 analogously with the relationship
IIy +1lg =1.

Lemma 4.1 Let Assumptions 2.1 and 4.1 hold. We have
. 1
Q=4 Quy = [ WeW)@)ar

with W(r) =W (r) — fol W (s)ds and

AT
Qss —p Qss,

where the limit Brownian motion W and operator QQgg are defined in Lemma 3.1. Moreover,
we have

QN s QEy = 0,(1)

for all large T'.

Lemma 4.1 presents the basic asymptotics for the estimated variance operator QT of (wy).
This corresponds to Lemma 3.1, where we establish the basic asymptotics for the sample
variance operator Q7 of (w;). The estimated variance operator QT differs from the sample
variance operator Q7 in two aspects. First, the state density (f;) used to define Q7 is
replaced by the estimated state density ( ft) for Q7. Second, QT is defined with the sample
mean 7! Zle ft instead of the expectation of state density Ef; used in the definition of
Q7. As can be clearly seen from the proof of Lemma 4.1, the replacement of (f;) by (f;)
becomes negligible and does not affect any of our asymptotic theory under our assumptions.
This is true regardless of the stationarity /nonstationarity of the time series of state density.
However, the use of the sample mean of the state density in place of its expectation has no
asymptotic effect only for the stationary component of state density. For the nonstationary
component, it yields different asymptotics. Note that the limit Brownian motion appeared
in Lemma 3.1 is replaced by the demeaned Brownian motion in Lemma 4.1.

Theorem 4.2 Let Assumptions 2.1 and 4.1 hold. We have

<T‘2/\¢(QT),U2'(QT)) —d </\i(QNN)’Ui(QNN))

jointly for ¢ =1,..., M, and

A~

(T_IAMH(QT),UMH(QT)) —p (Mi(Qss),vi(Qss))
fori=1,2,....

The results in Theorem 4.2 are completely analogous to those in Theorem 3.3. The only
difference in our asymptotic results in Theorem 4.2 is that we have Q NN defined with the
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demeaned Brownian motion W instead of QQyy defined with the undemeaned Brownian
motion W. As discussed, the appearance of W is due to the use of the sample mean of state
density in lieu of its expectation.

Based on the asymptotic results in Lemma 4.1 and Theorem 4.2, we may construct a
feasible version of our statistic 71, defined in (17) to test for the existence of unit roots
in the time series of state density. The feasible test statistic, which we introduce below, is
defined using the demeaned state density estimate (w;) and the estimated variance operator

Qr of (w;). Let

) N /
2= (((Qr) ), - (a1 (Qr), ) (21)
fort =1,...,T, similarly as (%) in (16), and define Zp = (21,...,27)" and
QY =2ZhzZp, OF = Z we (i) (i), (22)
li|<e

where T'7(i) is the sample autocovariance function of (3;), viz., Tp(i) = T-' 32, A% A%,
Moreover, similarly as before, we define Ay ( A}\FJ, Q}@) to be the smallest generalized eigen-
value of Q%} with respect to Q%} Our feasible version %Aj;[ of the test statistic TJ\I;[ is now
given by

=T (QF ), (23)

which corresponds to 72, in (17).
To effectively present the asymptotics of the feasible test statistic ?ATJ, it is necessary to
introduce some additional notations. In parallel with @7}, defined in (13), we define

1
@y = /0 Wy (r) Wi (r)dr (24)

with W73,(r) = Wy, (r) — fol Wi (s)ds, where Wy, is the standard M-dimensional vector
Brownian motion introduced earlier in Section 3. Now we have

Theorem 4.3 Let Assumptions 2.1 and 4.1 hold. Under the null hypothesis (7), we have

72]\:9 —d )\M(Q}kw)

Moreover, we have
i —p 0
under the alternative hypothesis (8).

Theorem 4.3 shows that the limit distribution of the feasible test statistic 71}\7/} is given by the
distribution of the smallest eigenvalue of the integrated product moment of the demeaned
M-dimensional standard vector Brownian motion on the unit interval, which is defined
in (24). Given the limit distribution of 71, in Theorem 3.5, this is well predicted from
our earlier results in Lemma 4.1 and Theorem 4.2. Theorem 4.3 also establishes that the

test based on the feasible statistic %A:C[ is consistent as was the case for our original test.
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The consistency is therefore unaffected by using estimated densities and demeaned density
estimates of state distributions.

Clearly, the limit null distribution of the test statistic %AE is free of nuisance parameters
and can be obtained through simulation for each M. In Table 1, we tabulate the simulated
critical values for the 1%, 5% and 10% tests based on %AE for the values of M = 1,...,5.
The reported critical values are obtained by simulating the integrated product moment of
the demeaned M-dimensional standard vector Brownian motion on the unit interval in (24).
For the simulation, the Brownian motion is approximated by the standardized partial sum
of mean zero i.i.d. normal random variates with sample size 10,000. The actual critical
values are computed using 100,000 iterations.

Table 1. Critical Values of the Test Statistic 721\:2!

M 1 2 3 4 )

1%  0.0248 0.0163 0.0123 0.0100 0.0084
5%  0.0365 0.0215 0.0156 0.0122 0.0101
10% 0.0459 0.0254 0.0177 0.0136 0.0111

As is well expected, the critical values of the tests based on the statistic 721\:2! decrease as M
increases. Recall that the limit null distribution of %AE is given by the smallest eigenvalue of
the integrated product moments of the demeaned M-dimensional vector Brownian motion.

Once we obtain the estimated unit root subspace H ]:’\;, which is generated by Mp-
eigenvectors given by vi(QT), i=1,... ,MT, the unit root proportion 7, of the k-th moment
introduced in (18) can be consistently estimated by

My R
S {0 T))?
= ' ) (25)

<L,§, Ui (QT)>2

El!
-
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which will be referred to as the estimated unit root proportion of the k-th moment. Under
our assumptions, it can indeed be readily deduced from our earlier results that frg =
T +op(1) forall k =1,2,.. ..

5. Empirical Applications

To demonstrate the empirical relevancy of our model, we present two empirical applications.
In these applications, we show how to define and estimate the state densities, and test for
unit roots in the time series of state densities. As discussed, the state densities represent the
intra-period or cross-sectional distributions and we use the intra-period or cross-sectional
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observations to estimate them. For the actual estimation of the state densities, we use the
Epanechnikov kernel with the optimal bandwidth given in, e.g., Li and Racine (2007).'2
To analyze the nonstationarity of the time series of state densities, we use our statistic
developed in the paper to test the null hypothesis (7) against the alternative hypothesis
(8). To determine the dimension of the unit root subspace, we apply the test successively
downward starting from M = M. with Mpax = 5.1 Once we determine the dimension
of the unit root subspace and estimate the unit root subspace, we compute the unit root
proportion of the first four moments. As discussed, the unit root proportion of a moment
provides the proportion of nonstationary fluctuation in that moment of state distribution.

For the representation of functions in our Hilbert space as numerical vectors, we use a
Daubechies wavelet basis. Because wavelets are spatially varying orthonormal bases with
two parameters, i.e., location and resolutions, they provide more flexibilities in fitting the
state densities in our applications, some of which have severe asymmetry and time-varying
support. In fact, the wavelet basis in general yields a much better fit than the trigonometric
basis. The Daubechies wavelet is implemented with 1037 basis functions. The data sets we
use in our empirical applications have either a censoring problem or extreme outliers. To
avoid their undesirable effects on the estimation of state density, we truncate some of the
cross-sectional or intra-period observations at the boundaries.'®

5.1 Cross-Sectional Distributions of Individual Earnings

For the first empirical application, we consider the time series of cross-sectional distributions
of individual earnings. The cross-sectional observations of individual weekly earnings are
obtained at monthly frequency from the Current Population Survey (CPS) data set. The
individual weekly earnings are deflated by consumer price index with base year 2005. The
data set provides 247 time series observations spanning from January 1994 to July 2014
at monthly frequency, and the number of cross-sectional observations in the data set for
each month ranges from 12,180 in April 1996 to 15,826 in October 2001. For confidentiality
reasons, individual earnings are topcoded above a certain level. During our sample period,
the top code value was revised in 1998 up to $2,885 from $1,923.'5 In our empirical analysis,
we drop all topcoded individual earnings as well as zero earnings as in Liu (2011) and
Shin and Solon (2011).}® The time series of the estimated densities for cross-sectional

12The optimal bandwidth for the Epanechnikov kernel, which minimizes the integrated mean squared
error, is given by h* = 2.3449 on~% where o is standard error and n is sample size.

13Tn determining Mmax, we may use various rules that are commonly employed to identify dominant
eigenvalues in the principal component analysis. For example, we can retain eigenvectors with eigenvalues
greater than the average of all eigenvalues, or choose the eigenvectors needed to explain up to some fixed
proportion of the variation in the data.

ndeed, our empirical results are not very sensitive to the presence of censored observations and outliers
as long as we use a wavelet basis. In particular, all our empirical results do not change qualitatively if all
cross-sectional or intra-period observations are used without truncation. In contrast, they become somewhat
sensitive to censored observations and outliers if we use trigonometric basis.

YIndividual weekly earnings are top coded at $999 during 1973-88, at $1,923 during 1989-97, and at
$2,885 beginning in 1998.

161t is possible to impute topcoded individual earnings as a fixed multiple above the topcode threshold as
in Lemieux (2006) and Autor et al. (2008).
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Fig. 1. Distributional Time Series - Individual Earnings
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distributions of individual earnings, undemeaned and demeaned, are shown respectively
in the top-left and top-right panels of Fig. 1. We may clearly see that the distributions
change over time and that there exists some evidence of nonstationarity in the time series
of cross-sectional distributions of individual earnings.

To investigate the unit root dimension in the time series of cross-sectional distributions
of individual earnings, we use the feasible statistic 71, in (23) to test for the null hypothesis
(7) against the alternative hypothesis (8) with M = 1,...,5. The test results are presented
below in Table 2

Table 2. Test Results for Dimension of Unit Root Space - Individual Earnings

M 1 2 3 4 5
#1.0.1090 0.0834 0.0094 0.0078 0.0075

Our test, strongly and unambiguously, rejects the null hypothesis (7) against the alter-
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Fig. 2. Scree Plot of Eigenvalues - Individual Earnings
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native hypothesis (8) successively for M = 5,4,3. Clearly, however, the test cannot reject
the null hypothesis (7) in favor of the alternative hypothesis (8) for M = 2. Therefore, we
are led to conclude that there exists two-dimensional unit root subspace, and set My = 2,
in the time series of cross-sectional distributions of individual earnings. It is also strongly
supported by the scree plot of the eigenvalues of the estimated variance operator of the
demeaned state densities presented in Fig. 2. The magnitudes of the first two eigenvalues
are substantially larger than the others, and we can clearly see that the eigenvalues decrease
slowly from the third largest one.

The bottom-left panel of Fig. 1 presents the two nonstationary coordinate processes -
the first one in green and the second one in red - along with the normalized aggregated time
series of the individual earnings drawn in blue. Both nonstationary coordinate processes,
especially the first one, evolve over time like a pure unit root process. The normalized
aggregated time series also looks quite persistent, though not as persistent as the first
nonstationary coordinate process. This is not surprising since, as we report below, the first
moment of income distribution has a substantial unit root proportion, 52%. The time series
of the distributions of individual earnings after purging away its nonstationary component
is plotted in the bottom-right panel of Fig. 1. It does behave much more stable over time
than the time series of the original distributions of individual earnings given in the top two
panels of Fig. 1.

Now we compute as in (25) with My = 2 the estimate #T of the unit root proportion 77
defined in (19) for the first four moments, based on the estimated nonstationarity subspace
which we obtain for the time series of cross-sectional distributions of individual earnings.
We summarize the results below in Table 3.

Table 3. Estimated Unit Root Proportions in Moments - Individual Earnings

AT AT ~T ~T
T P 3 Ty

0.5280 0.3388 0.2377 0.1822
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It appears that the unit root proportions for the first four moments are all nonnegligibly
large. In particular, the unit root proportions for the first two moments are quite substantial.
The presence of a substantial unit root proportion in the second moment of the cross-
sectional distribution of individual earnings seems to be particularly interesting. Recently,
the time series analysis of changes in the volatilities of individual earnings and income have
drawn much attention. See, e.g., Dynan et al. (2012), Barth et al. (2010) and Shin and
Solon (2011). Nonstationarity in the time series of cross-sectional distributions of individual
earnings would certainly make their volatilities more persistent, as evidenced extensively in
the existing literature.

5.2 Intra-Month Distributions of Stock Returns

For the second empirical application, we consider the time series of intra-month distributions
of stock returns. For each month during the period from January 1992 to June 2010, we use
S&P 500 index returns at one-minute frequency to estimate 222 densities for the intra-month
distributions. The one-minute returns of S&P 500 index are obtained from Tick Data Inc.
The number of intra-month observations available for each month varies from 7211 to 9177,
except for September 2001, for which we only have 5982 observations.!” The time series of
the estimated densities for intra-month distributions of S&P 500 index returns, undemeaned
and demeaned, are shown respectively in the top-left and top-right panels of Fig. 3. The
intra-month observations are truncated at 0.50% and 99.5% percentiles before we estimate
the state densities. It can be clearly seen that the mean locations and volatility levels, in
particular, of intra-month return distributions vary with time. We may also see some strong
evidence of nonstationarity in the time series of intra-month return distributions.

To determine the unit root dimension and check the existence of nonstationarity in the
time series of intra-month S&P 500 return distributions, we test using the feasible statistic
71, defined in (23) for the null hypothesis (7) against the alternative hypothesis (8) with
M =1,...,5. The test results are summarized in Table 4 below.

Table 4. Test Results for Dimension of Unit Root Space - S&P 500 Intra-Month Returns

M 1 2 3 4 )
7y 0.0612 0.0167 0.0112 0.0107 0.0010

Our test successively rejects the null hypothesis (7) against the alternative hypothesis (8)
for M = 5,4, 3,2. However, at 5% level, the test cannot reject the null for M = 1 in favor
of the alternative. Our test result implies that there exists one-dimensional unit root, i.e.,
My =1, in the time series of intra-month S&P 500 return distributions. The scree plot of
the eigenvalues of the estimated variance operator of the state densities presented in Fig.
4 also strongly supports the presence of one dimensional unit root. The magnitude of the
first eigenvalue is distinctively larger than all the other eigenvalues.

17To avoid the micro-structure noise, we also use the five-minute observations to estimate the intra-month
observations. Our empirical results are, however, virtually unchanged.
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Fig. 3. Distributional Time Series - S&P 500 Intra-Month Returns
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In the bottom-left panel of Fig. 3, we present the time series of the nonstationary
coordinate process drawn in green line which behaves like a random walk process, making
a stark contrast with the normalized aggregated time series of returns shown in blue line.
This is consistent with the negligible value of the unit root proportion, less than 1%, of
the first moment we report below. This drastically demonstrates that our distributional
analysis gives a new light on the nonstationarity of the given time series, which is not
observable from the usual analysis of aggregated time series. Our point is especially well
demonstrated here in the time series of the intra-month return distributions. Although the
aggregated monthly returns are unambiguously stationary, the nonstationary coordinate
process shows some strong evidence of nonstationarity in the distributions of the intra-
month return distributions. Therefore, our analysis makes it clear that the intra-month
return distributions have a strong persistency that cannot be seen in the time series of
their aggregates. As in the individual earnings example, we remove the nonstationary
component in the time series of S&P 500 intra-month return distributions, and provide it
in the bottom-right panel of Fig. 3, which looks much more stable over time.

Finally, we compute as in (25) with My = 1 the estimate ﬁg of the unit root proportion
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Fig. 4. Scree Plot of Eigenvalues - S&P 500 Intra-Month Returns

7l defined in (19) for the first four moments, presuming that we have one-dimensional
unit root in the time series of intra-month S&P 500 return distributions. The results are
presented below in Table 5.

Table 5. Estimated Unit Root Proportions in Moments - S&P 500 Intra-Month Returns

AT AT AT AT
™ U’ 3 Ty

0.0047 0.2087 0.0039 0.0958

The unit root proportions are in general small for all of the first four moments. This implies
that the nonstationarity in the time series of intra-month S&P 500 return distributions is
not concentrated in the first four moments. This is in contrast with our first empirical
application, where we study the time series of cross-sectional distributions of individual
earnings. However, the nonstationarity in the time series of intra-month S&P 500 return
distributions is relatively more concentrated in the second and fourth moments, with the
unit root proportion of the second moment being the largest. The unit root proportion of
the first and third moments are almost negligible, and it appears that nonstationarity does
not exist in the first and third moments of the time series of intra-month S&P 500 return
distributions. This is well expected, since for many financial time series strong persistency
is observed mainly in volatility and kurtosis.

6. Monte Carlo Simulation

In this section, we perform a simulation to investigate the finite sample performance of the
statistic 71, introduced in (17) to test for the null hypothesis (7) against the alternative
hypothesis (8). For the simulation, we generate the data using the models that approximate
as closely as possible the estimated models we obtained from our empirical applications in
the previous section. This is to make our simulation more realistic and practically more
relevant. Needless to say, the performance of our test is expected to be varying depending
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upon data generating processes. We assume that the state densities are observable, and
therefore, our simulation would not provide any information on the effect of estimating
unobserved state densities. The numbers of observations N we use to estimate the state
densities in our empirical applications are quite large compared to the sample sizes T for the
time series of state density. The approximation error due to the estimation of state densities
should therefore be small and unimportant, if not totally negligible. Several choices of T’
between 100 and 500 are considered. Recall that we have T' = 247 and T = 222 for each of
the two empirical applications reported in the previous section. In all cases we employ our
test with 5% significance level, and all the reported results are based on 5,000 iterations.

In our simulation, we directly generate the centered state density (w;), instead of the
original state density (f;). This of course causes no loss in generality, since we use the
demeaned original state density f; — 7! Zthl f+ that is identical to the demeaned centered
state density w; — T1 Zthl wy. To generate our simulation sample (w;), we let

I
wp = Z CitVi, (26)
i=1

where (¢i), ¢ = 1,...,1 and t = 1,...,T, are scalar stochastic processes and (v;), i =
1,..., 1, nonrandom orthonormal vectors in H, which are specified more specifically below.
Clearly, we have ¢;; = (v;,w;), and (¢;z) becomes the i-th coordinate process of (wy) for
i = 1,...,I. Note that the simulation sample (w;) is generated from the I-dimensional
subspace of H spanned by (v;), i = 1,...,1. We set I = T, and let (v;) in (26) be the
orthonormal eigenvectors associated with nonzero eigenvalues of the estimated variance
operator of (w;) obtained in our empirical applications. Note that for a sample (w;) of
size T' we only have T eigenvectors (v;) associated with nonzero eigenvalues of the sample
variance operator.

The coordinate processes (c;;) in (26) are also specified similarly as the estimated co-
ordinate processes obtained from our empirical applications. For both of our empirical
applications, all information order selection criteria including AIC and BIC applied to the
estimated coordinate processes yield simple AR(1) and AR(2) models respectively for the
stationary and nonstationary coordinate processes.'® Accordingly, we let

(cit — aicip—1) = PiCip—1 — @iCig—2) + Nt (27)

fori=1,...,M, and
Cit = QiCit—1 + Mt (28)
fori = M +1,...,I, where (1) are independent normal random variates with mean zero
and variance (0?) for i = 1,...,I. The parameter values for (3;), i = 1,..., M, («a;),
i=M+1,...,1,and (6?), i = 1,...,1I, are all set to be our estimates for the estimated
coordinate processes of our empirical applications. The estimates for (5;) are obtained with
the restriction o; = 1 imposed for ¢ = 1,..., M. Respectively for our first and second

empirical models, we set M =2 and M =1 in (27) and (28).

18The results are also entirely robust to the choice of maximum orders for the order selection criteria.
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Table 6. Rejection Probabilities of TAE in Empirical Model of Individual Earnings

M
My T 1 2 3 4 5

2 100 0.0204 0.0664 0.7429 0.7146 0.4724
200 0.0245 0.0490 0.9966 0.9995 0.9907
300 0.0255 0.0551 1.0000 1.0000 1.0000

M My T 0.80 0.85 0.90 0.95

2 1 100 0.2724 0.1076 0.0348 0.0114
300 1.0000 0.9998 0.9078 0.2378
500 1.0000 1.0000 0.9998 0.7626

0 100 0.5498 0.2358 0.0838 0.0166
300 1.0000 1.0000 0.9924 0.4452
500 1.0000 1.0000 1.0000 0.9540

1 0 100 0.8376 0.5498 0.2294 0.0416
300 1.0000 1.0000 0.9988 0.6802
500 1.0000 1.0000 1.0000 0.9930

6.1 Empirical Model of Individual Farnings

The simulation results for our first empirical model on the cross-sectional distributions of
individual earnings are tabulated in Table 6. We denote by My the number of unit roots
in our simulated samples (w;) to distinguish it from the hypothesized number M of unit
roots for the test of the null hypothesis (7) against the alternative hypothesis (8) based on
T]\:C[. Our simulation samples for the first empirical model are obtained from the coordinate
processes generated by (27) and (28) with M = 2. To obtain simulation samples with
My = 2, we may simply set a3 = ag = 1 in (27). On the other hand, we set a3 = 1 and
let o = «, where o takes values from 0.80 to 0.95 with increment 0.05, in (27) and (28) to
obtain simulation samples with My = 1. Finally, for the simulation samples with My = 0,
we set ap = ag = « in (28) with « again taking values from 0.80 to 0.95 with increment
0.05.

In the upper panel, we set the model exactly as we find in our empirical analysis with
My = 2, and present the rejection probabilities of T]\:C[ for various choices of M, M =1,...,5.
Under our setting, we expect the null hypothesis (7) to be rejected for all M > 3. Overall,
the finite sample powers of the test are quite good even for moderately large T'. The powers
of the test are almost 100% for all M as long as T is greater than 200. If T is 100, the test
loses power rather dramatically as M increases. Therefore, if T" is small, it does not appear
to be practically meaningful to use the test for large values of M. The lack of power in
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the test for small T" however quickly disappears as T gets large. On the other hand, the
rejection probabilities are quite close to the nominal size 5% unless T is very small, in which
case the test tends to under-reject the null hypothesis. In sum, our empirical finding for the
existence of nonstationarity in the cross-sectional distributions of individual earnings seem
to be well supported by our simulation results here.

In the lower panel, we further investigate the finite sample powers of our test against
the models with roots in the vicinity of unity. As alternative models, we consider both
cases with My = 1 and My = 0. Our simulation results are largely as expected. In all
cases, the powers of the test decrease as a approaches to unity and it becomes harder to
discriminate the null and alternative hypotheses. Moreover, the test becomes more powerful
rather quickly as the sample size increases in every case we consider. This is true uniformly
in . However, it appears that the finite sample powers of the test are not large enough to
effectively distinguish the near unit roots from the exact unit roots. In particular, when 7’
is very small, the test has virtually no power against the near unit roots and rarely rejects
the null hypothesis of unit roots, regardless of the true number M, of unit roots and the
hypothesized number M of unit roots.

6.2 Empirical Model of Stock Returns

Now we use our second empirical model on the intra-month distributions of stock returns
to evaluate the finite sample performance of our test TAE for the null hypothesis (7) against
the alternative hypothesis (8). The simulation results are tabulated in Table 7. As in the
previous section, we use M to denote the number of unit roots in our simulated samples
(w¢), whereas M signifies the hypothesized number of unit roots for the test. Our simulation
samples for the second empirical model are obtained from the coordinate processes generated
by (27) and (28) with M = 1 as in the second empirical model. It is straightforward to
obtain simulation samples with My = 1, since we may simply set a3 = 1 in (27). To obtain
simulation samples with My = 0, on the other hand, we set a; = «, where a takes values
from 0.80 to 0.95 with increment 0.05, in (28). This is completely analogous to our earlier
setup for the first empirical model.

For the simulation results in the upper panel, we use the model we find in our empirical
analysis with My = 1 and compute the rejection probabilities of TJ\I;[ for various choices of
M, M =1,...,5. Consequently, we expect the null hypothesis (7) to be rejected for all
M > 2. The finite sample powers of the test are quite good and have almost perfect power
even when T is only moderately large, i.e., T' = 200. As in our simulation results for the
first empirical model, the power of the test is poor and not satisfactory when T is small.
However, the problem quickly disappears as T increases. The performance of the test is
rather satisfactory also in terms of finite sample sizes. The sizes of the test are nearly exact
even in very small samples. The actual rejection probabilities are indeed almost identical
to the nominal size for T' = 100 as well as for bigger samples. This is in contrast with our
earlier results for the first empirical model, where we observe a clear tendency for the test
to under-reject when T is small.

As in the simulations for the first empirical model, we further examine the finite sam-
ple powers of the test against stationary models with roots in the neighborhood of unity.
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Table 7. Rejection Probability of TAE in Empirical Model of Stock Returns

M
My T 1 2 3 4 5

1 100 0.0512 0.9696 0.6021 0.2725 0.0708
200 0.0584 1.0000 1.0000 1.0000 0.9851

M My T 0.80 0.85 0.90 0.95

1 0 100 0.8682 0.6198 0.3008 0.0718
300 0.9990 0.9992 0.9980 0.7582
500 1.0000 1.0000 1.0000 0.9920

The overall aspects of our simulation results for the second empirical model are essentially
identical to those of our previous results for the first empirical model. Again, the power of
the test decreases as « approaches to unity, and the power loss is particularly severe if T’
is small. The finite sample powers, however, rapidly increase uniformly in « as the sample
size increases. The performance of the test appears to be slightly better for the second
empirical model compared with the first.

7. Conclusion

In this paper, we consider testing for nonstationarity for the time series of state distributions,
which can be either cross-sectional or intra-period distributions of some underlying economic
variable. The state densities are regarded as Hilbertian random variables, and we employ
the functional principal component analysis to construct a statistic to test for unit roots in
the time series of state densities. Our test is nuisance parameter free and its critical values
are tabulated in the paper. Once we estimate the unit root subspace, we may compute the
unit root proportions in the moments of state distributions. We apply our methodology
to analyze nonstationarity in the time series of two different types of state distributions,
i.e., the cross-sectional distributions of individual earnings and intra-month distributions
of stock returns. In both cases, we could find some clear evidence for the presence of
nonstationarity. The presence of nonstationarity in the time series of state distributions
yields some important implications, both economic and statistical, which can certainly be
further explored. This will be reported in our subsequent work.
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Mathematical Appendix

Proof of Lemma 3.1 Define the stochastic process Wp on [0, 1] by

(Tr]

Wy (r) =T71/? Z HyAwy,
=1

which takes values on Hpy. We will establish that
Wr —q W, (29)

where W is Brownian motion on Hy with variance operator Iy ®(1)X®(1)'IIy. To derive
(29), it suffices to show that

<U7 WT> —d <U7 W> (30)
for v € Hy chosen arbitrarily.
For any v € Hy, we have
[Tr] [T'r]
(v, Wrp(r)) = T2 Z JHyAw) = T2 Z (v, Awy). (31)
Observe that
(v, Awy) = (v, ®(1)er) + (v, U—1 — ), (32)

and therefore, for r € [0, 1], it follows that

[Tr] [Tr]
T2 (v, Awy) T—1/2Z — T2 (v, @) (33)
t=1

ignoring ug. However, we have

P{maxT V2 (v, @) >K}

1<t<n

P{ sup T7/? |<Uaﬁ[Tr}>| > K
rel0,1]

M=

P{T—W (v, @) > K}

t
TP {T—1/2 (v, @)| > K}

< TYPR2(1/KP)E (v, @)|P — 0

Il
—

for any constant K > 0 and for p > 2 such that E|j&||P < oo, since E|le;||P < oo implies
E|lat|[P < 0o, as can be shown similarly as in, e.g., Chang and Park (2002), and |(v, ;)| <
lvlll|lae]l, from which it follows that E|(v, @) |P < [Jv|[PE|/@||P < oo, for p > 2. Consequently,
we may deduce from (33) that

[Tr] [Tr]
T2 (0, Awy) = T2 (0, ®(1)er) + 0p(1) (34)
t=1

t=1
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uniformly in » € [0,1]. Now (30) follows immediately from (31) and (34), as was to be
shown to derive (29). Note that ((v, ®(1)e;)) is an i.i.d. sequence of random variables with
variance (v, ®(1)X®(1)v).

To prove (2), we let (v1,v2) € Hy x Hy be chosen arbitrarily. Note that

T T
<v1, <T_2Zwiv®wiv> v2> :T_2Z<v1,wév>(v2,wév>, (35)
t=1 t=1

and that

T 1
T2 3" (o1, w) (vs, wy) = /O (v1, Wi (1)) (v2, W (r)ydr + 0p(1)
t=1

Sy /0 (w1, W (1)) (02, W ()} dr

_ <1)1, </01 W) & W(r)dr) v2> , (36)

for any choice of (vi,v2) € Hy x Hy, due to (29) and the continuous mapping theorem. It
follows from (35) and (36) that

<1)1, <T—2§;w§ ®w§V> v2> —q <1)1, </01 W(r)® W(r)dr) uQ>,

for any choice of (v1,v2) € Hy x Hpy. This was to be shown.
Next, to deduce (3), we simply note that

T T

Qv =771 wf @w] =TIy (T—l > ae m) I,
t=1 t=1

and that

T 00
Ty 0 @u —p Bu@u =Y 58,
t=1 =0

Finally, since we have for any (vq,v2) € Hy x Hg

T
<U17 QJJCTSU2> =7 Z(Ulvwé\7><v27w§> = Op(l)
t=1
from which (4) readily follows. This completes the proof. O

Proof of Proposition 3.2 It can be easily deduced from (1) and Lemma 3.1 that
T2Q" = Qin + Op(T7)

for all large T'. Obviously, by construction, the M-leading eigenvectors of Q% N associated
with nonzero eigenvalues are obtained in the unit root subspace of Hy of H, and the stated
result for H% follows immediately. The result for Hg can be deduced immediately from the
fact that IIg = 1 — IIy. The proof is therefore complete. O
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Proof of Theorem 3.3 To prove the first part, we invoke the well known Skorokhod
representation theorem in, e.g., Pollard (1984, Theorem IV.13), and assume that Q% x —q.s.
@nn. Obviously, the infinite dimensionality of H does not give any complications, since the
unit root subspace Hp, on which Q;{,N and Qyy are defined, is finite dimensional. Here
we note that the eigensubspaces spanned by v;(Qny) are one dimensional a.s., and define

vl (QnN) = sgn{vi(Qnn), vi(QT))vi(Qnn), i = 1,..., M. The introduction of (v} (Qnn))
is necessary for the definitiveness of eigenvectors, since both (v;(Qnn)) and (—v;(QNN))
are eigenvectors corresponding to (A;(Qnn)), @ = 1,..., M. In what follows, however, we
write (v] (Qnn)) simply as (v;(Qnn)), i = 1,..., M, and this should cause no confusion.

It follows from the proofs of Lemma 3.1 and Proposition 3.2 and Lemma 4.3 of Bosq
(2000) that

IT720:(QT) — M(Quw)| < [|T7°QT — Q||
<||T72Q" - Qivw || + || @y — Quw|
= 0,(TY) + 0,(T'7/2)
and
[v:(QT) — vi(Qnw)|| = Op,(V) | T72QT — Q||
<0,(1) (|T72Q" — Qin || + || QNN — Qun])
= Op(T™1) + Op(T'7772)
fori=1,...,M. Note that \;(Qnn) = Op(1) for i =1,..., M. Consequently, we have
(T720(QT), vi(QT)) —p (AN(QnN), v (QNN))

fori=1,..., M, from which the stated result follows immediately.
For the second part, we write

M§Q g = T*IMgQ w15 + TT§Qslls + TH5QsnTlg + T Q5sTls,  (37)
where Q% 5, QL ¢, QL and QL are defined as in (1), and note that
MLy = gy + (II§ — Tg)IIy = O,(T 1) (38)

and
MLTlg = TgTlg + (1T} — Mg)llg = I + O,(T 1) (39)

due to Lemma 3.1. Clearly, we have IIglly = 0 and IIgllg = Ilg.
Due to (38) and (39), we have

T

1 _

QL vk = LIy <ﬁ Zwt ® wt> MNTTL = 0,(T7?)
t=1

T
1 _
S S T L ST
t=1
T

T

1 1 _

EQEsIE = 11 <f >_wie wf> 0§ = 7 > wi ©wi + 0,17,
t=1 =1
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from which it follows that
1 I
T EQTE = mEQL L + 0,(T71) = T > wi@w +0p(T ), (40)

Moreover, we have
T
1 _
=D wf @l = Qss + 0p(T V) (41)
t=1

for all large T'.
Now we may deduce from (40) and (41) that

[T NITEQTTIE) — Mi(Qss)| < |T7'EQTIE — Qss|| = Op(T1/).

Moreover, if we use the convention made in the proof of the fist part and redefine v;(Qgss)
as sgn(v;(Qss), vi(HgQTﬂg)Wi(QSs), i =1,2,..., then it follows from Lemma 4.3 of Bosq
(2000) that and

[ UEQTIE) — wi@ss)| < O 7 EQTIE - @ss] = 0,7 )

fori = 1,2,.... To complete the proof of the second part, note that Ay4:(QT) = )\,-(HEQTHE)
and vpr4(QT) = v;(MEQTTIL) for i = 1,2,.. .. O

Proof of Corollary 3.4 The first part follows immediately from

‘(H%v,wﬁ (Iyv, wy)| = HN Iy )v, w)|

I
Iy = v )o| [l

<
< H(Hva —Iy)| <1glta<xT Hth>

Op(T~1Op(T'/?).

Similarly, the second part can be deduced from

[T v, Awg) — (yv, Awy)| = [(TT} — x)v, Awy)|
< ||y — TIn)v|| [ Awy]|
< u<nN 1) (e, o]
— 0,(T"1)0,(TV/7).
upon noticing that
max [|Aw|| = O,(T"/?).

1<t<T

The proof is therefore complete. O
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Proof of Theorem 3.5 As noted, we may let
2= ((xon (@), we), -, (Tvoar (@), wy))|

without loss of generality. Therefore, it follows immediately from Corollary 3.4 that

A _ -1/2
max, 12t = 2t]| = Op(T7/7) (42)
s _ —1+1/p
max |1AZ — Az]] = Op(T ) (43)

We may easily deduce from (42) that

T T T 2
s / <2 M Z T s,
> a3 | <2 (o 15— l) 3ol + 7 o e =

= Op(T 730 (T*?) + TOHT™") = O,(T),

which implies that
Qlr = Qly + Op(T) (44)
for all large T'.
Moreover, we have from (43) that

T 2
~ 1
NN - 1 __— '
‘I‘T(z) FT(Z)‘ (1%%\|Azt Ath) ;—1 | Az + (1%%\|Azt_l Azt_ZH)

= O,(T™M417)0,(1) + O,(T22/7) = 0,(171/9)

and therefore,

0F - of| < 37 l=e )l [Fr) - Tr()
li|<¢
= 0,(D0,(T™11/P) = 0,((T~1+1/7) = g,(1). (45)
Now it can be easily deduced from (44) and (45) that
Mi(Qir ) = M@l Q) + 0p(1)
from which the first part follows immediately.

To establish the second part, we may simply consider the asymptotic behavior of
Mr(Q%,,9QF,). Note that the asymptotic behavior of the newly defined statistic 71, is
different from that of O'%;I also under the alternative hypothesis (8). Momentarily, we let
M =0 and I'(i) = 0 for all [¢| > ¢. In this simple case, we have Q); = 0 and

ol =0,(1")

with the choice of wy(i) = 1 for all |i| < ¢. The order of Qf/;l is in general smaller than
O,(T*/?) if T'(i) # 0 for infinitely many 4’s and we have to increase £ as T — oo with an
appropriate choice of wy. Under the alternative hypothesis (8), Q3 becomes singular and
we may now easily see

AM(Q?\;D QTM) = OP(T3/2)7
which implies that 71, = O,(T~%/2). This was to be shown. O



Proof of Lemma 4.1 We write
T T
Wy =fi =T fi=w,+ <At_T_1ZAt> :
t=1 t=1

where w;, = w; — T7! Zle wy, and define

T
1
_%N = ﬁHN (Z;Mt @Mt> Uy
t=
Similarly as in the proof of Lemma 3.1, we may readily deduce that

(01, Q% \v2) —a (v1,Q 4\ V2)
for (vi,v9) € Hy x Hpy chosen arbitrarily, which implies that

T
Kyn 7d QNN’

Moreover, if we define w)¥ = IIyw,, it follows after some tedious algebra that
1 & 1 «
AT T ~N o ~N N N
QNN_QNN:ﬁZwt @ wy —ﬁZwt ®w; = op(1).
=1 t=1

It is also rather straightforward to show that

Qbs = Qbg + op(1),
once we write
AT T AT T T T
Rss — Qs = (st - _55) + <_ss - st) ;

where

1 T
T __Z s 5
SS_T wt®wt
t=1
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with w{ = IIgw,. The stated results follow immediately from (46) and (47). The details of

the proof are omitted to save the space.

O

Proof of Theorem 4.2 The proofs of the first and second parts are analogous respectively

to the proofs of Proposition 3.2 and Theorem 3.3.

Proof of Theorem 4.3 Let QE\Z be defined from (z,), where

z = ((0(QT),wy), ..., (s (QT),wy)),

O

analogously as Q% in (22) defined from (2;) in (21), where (w,) is introduced in the proof
of Lemma 4.1. After tedious, but straightforward, algebra, we may readily deduce that

Q}\F/I = Q;@ + Op(T3/2) and Q}\FJ = Q}\FJ + Op(1)7

from which the stated results follow immediately.
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