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Micro versus Macro Cointegration in Heterogeneous Panels

Abstract

We consider the issue of cross-sectional aggregation in nonstationary and hetero-
geneous panels where each unit cointegrates. We derive asymptotic properties of the
aggregate estimate, and necessary and sufficient conditions for cointegration to hold
in the aggregate relationship. We then analyze the case when cointegration does not
carry through the aggregation process, and we investigate whether the violation of
the formal conditions for perfect aggregation can still lead to an aggregate equation
that is observationally equivalent to a cointegrated relationship. We derive a mea-
sure of the degree of noncointegration of the aggregate relationship and we explore
its asymptotic properties. We propose a valid bootstrap approximation of the test.

A Monte Carlo exercise evaluates size and power properties of the bootstrap test.

J.E.L. Classification Numbers: C12, C13, C23
Keywords: Heterogeneous Panels, Aggregation, Cointegration, Spurious Regres-

sion, Bootstrap.



1 Introduction

The assumption of the existence of a representative agent in macroeconomics has
generated a huge body of literature on aggregation (see e.g. Granger 1990; Stoker,
1993; Pesaran, 2003). The main research question is of how well the aggregate re-
lationship approximates the properties of the individual components. This question
cannot be examined when only aggregate data are available. However, when data
are available at disaggregate level, it is quite well known that the features of micro
models may not be preserved at the macro level, and a crucial role is played by the
degree of heterogeneity amongst micro units. In a series of papers, Lippi and Forni
(see e.g. Lippi, 1988; Forni and Lippi 1997, 1998, 1999) show theoretically and em-
pirically that irrespective of the approach one chooses for macroeconomic analysis,
when heterogeneity across agents is allowed, the dynamic properties of aggregated
equations differ from those of micro equations, thereby leading to substantially dif-
ferent interpretations. Basic properties of the micro models describing the panel
units do not carry through aggregation, thus increasing ”the difficulties involved in
formulating a macro model” (Forni and Lippi, 1998). Examples are the introduction
of dynamics after aggregating static micro equations and of Granger causality among
aggregated variables when it is absent at the disaggregated level. This is a double-
edged sword: on the one hand, in Forni and Lippi’s (1998) words, ”existing models
which are at odds with aggregate data under the representative agent assumption
could be reconciled with empirical evidence”, on the other hand the exact opposite
can happen and macroeconomic relationship that are supposed to be valid would not
be verified by the data.

A classical example of a property that is shared by the micro equations, and
that is almost always wiped out after aggregation, is cointegration. Pesaran and
Smith (1995) show that aggregation of heterogeneous cointegrating equations does
not imply cointegration in the aggregate relationship unless some specific conditions

are satisfied. A crucial role is played by the number of units n in the panel. A



well known theoretical result (Phillips and Moon, 1999) is that when large panels
are available, i.e. under the (n,T) — oo case, the fact that n — oo entails that a
long-run average relationship between two nonstationary panel vectors exists even
when the single units do not cointegrate. On the other hand, with fixed n, Granger
(1993) considers a model where each equation is a cointegration relationship with
one explanatory variable, and finds that a necessary and sufficient condition for
cointegration to be maintained after aggregation is that the number of stochastic
common trends that generate the nonstationary variables is equal to one. The pres-
ence of a greater number of common trends therefore leads to a spurious regression
after aggregation. Gonzalo (1993) bases his analysis on a more complex multivariate
model and derives a sufficient condition for cointegration to hold after aggregation.
The conditions laid out by Granger (1993) and Gonzalo (1993) are very restrictive;
however, the existence of cointegration at macro level is a well established result.
Hence the need for a test that is capable of checking whether cointegration holds
after aggregation or not.

There are important empirical implications of the ability to determine whether
a macro model is observationally equivalent to a cointegration relationship. An illu-
minating example of the case where the information content of macro data clashes
with that of micro data has recently been provided by Hsiao, Shen and Fujiki (2005).
When using micro prefecture level data at an annual frequency, authors find coin-
tegrated money demand functions in Japan. Cointegration is no longer valid when
aggregated data at a quarterly frequency are used. Other potential applications that
may illustrate the relevance of aggregate cointegration are Campbell and Shiller’s
(1987) investigation of the relation between stock prices and dividends, Vuolteenaho’s
(2002) exploitation of cointegrating relationships between accounting variables (book
equity and market equity; dividend and market equity), and the firm-level cointe-
gration tests between trading strategies as investigated in Gatev, Goetzmann and

Rouwenhorst (2006).



Hypotheses of interest and the main results of this paper

In this paper we propose a test for aggregate cointegration that uses the infor-
mation contained in both the aggregate and the disaggregate data. Using micro
data in order to test the macro relationship also proves useful since, both under the
null hypothesis of aggregate cointegration and under the alternative, cointegration
holds in the micro relationships; thus, estimates derived from micro data are always
T-consistent, whether cointegration holds in the aggregate relationship or not.

The null hypothesis of our testing framework is presence of cointegration in the
aggregate relationship. Thus, the test developed here is similar in spirit to the sta-
tionarity test developed by Kwiatkowski, Phillips, Schmidt and Shin (1992) and
tests for cointegration developed thereafter, e.g. Shin (1994) and Xiao (1999), and
McCoskey and Kao (1998) for the case of panel data. Testing for the null of cointe-
gration is natural in our framework, since aggregate cointegration is the hypothesis
of relevance, also in light of the prior information that cointegration does hold in the
micro relationships.

Building on the measure of departure from aggregate cointegration developed in
Lazarova, Trapani and Urga (2007) for a simple bivariate model, in this contribu-
tion we consider a heterogeneous panel where each micro equation contains several
explanatory variables and several common stochastic trends. We propose a test
statistic for the null of cointegration in the aggregate relationship using the disag-
gregated data. We provide an estimation procedure based on Principal Components
when common trends are unobservable for the case of finite n, expanding the frame-
work in Bai (2004); thus, testing is feasible even in the presence of latent variables.
The test statistic D is shown to be O, (T?) under the null. The test is shown
to be powerful versus local alternatives of order O, (T') and to diverge at a rate
O, (T?) under global alternatives. Thus our test differs from those by e.g. Shin
(1994) and Xiao (1999), where consistency versus global alternatives is achieved at

a slower rate due to different rates of convergence of the estimators under the null



and under the alternative and to the need to employ nonparametric estimates of the
long run variances. The advantage of our approach is that the micro relationships
are cointegrated both under the null hypothesis (macro cointegration) and under
the alternative (lack of macro cointegration). Thus, when constructing the test, the
estimates that one employs are always T-consistent (i.e. whether the null hypothesis
of macro cointegration be true or not). This explains why under the alternative the
test does not suffer from the slow rate of divergence found in the literature. These
results hold for any T-consistent estimator, and are robust to serial correlation and
cross dependence. Since the test simply requires T-consistent estimators, OLS can
be applied even under weak endogeneity. The asymptotic law of the test statistic is
not nuisance free. Therefore, we propose a bootstrap approximation for the critical
values based on the methods of sieves (see e.g. Chang, Park and Song, 2006). We
prove the consistency of the procedure and Monte Carlo simulations provide evi-
dence of good size and power properties of the testing framework. Last, though the
focus of our paper is on the case of fixed n, we study the case of aggregation with
large panels, i.e. for n — oo, investigating the conditions whereby cointegration is
preserved after aggregation as n — oo. In this respect, our paper complements the
analysis of Phillips and Moon (1999).

The paper is organized as follows. The theoretical framework is presented in
Section 2, where we set up a model for heterogeneous panels, present the aggregate
cointegration relationship and analyze the probabilistic structure of the ordinary least
squares (OLS) estimates of the aggregate model. Section 3 presents the conditions for
cointegration to carry through the aggregation process. We characterize the system’s
behavior when the conditions derived in the previous section are not satisfied and we
develop an asymptotic theory for assessing the deviation from the case of aggregate
cointegration. In Section 4 we propose a bootstrap approximation of the test. Monte
Carlo simulations, reported in Section 5, evaluate size and power properties of the

bootstrap test. Section 6 concludes.



A word on notation: integrals of Brownian motions W (r) such as fol W (r) dr are
denoted as [W, 2. denotes convergence in probability and 2 denotes convergence

in distribution; ||-|| denotes the Euclidean norm, defined, for a matrix A, as ||A|| =

Vitr (A’A).

2 Asymptotics for the Aggregate Relationship

Let us consider a system of n cointegrated micro relationships each with p explanatory

variables:
p
Yit = Z BriThit + Wi, (1)
h=1
wheret =1,...,T, and i = 1,...,n. The covariates x,;; are I(1) processes that share
k common stochastic trends:
Thit = izt + Uit (2)

. ! . .
with z; = [214, ..., 2re] a k-dimensional vector where

Zjt = Zjt—1 + €jt,

with h=1,...,p, 7 =1,..., k, and ay; is a k x 1 vector.

The model can also be rewritten in matrix form:

Y = Tyl + U, (3)

Ty = iz + vy, (4)

Zt = Zi—1 + €ty (5)

where ;; = [T1it, -, Tpit] , Bi = (517;7 ...,Bm)/ and I'; = [ay;, ..., ). The matrices

dimensions are respectively p X 1 and p x k. The trend vector is assumed to initiate

at zo = 0.
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Let uy = [Urgy ooy Une]'y v = [U14, o0y U]y €0 = [uy, v}, €], We assume that the

sequence of innovations satisfies the following assumption:
Assumption 1

(i) a functional central limit theorem (FCLT) holds for the partial sums of e,
Sp =i &

(ii) the trends z have a unit long-run variance, limy_ o Var(T 2 S e) = I
(iii) € is independent of [u,vi]'.
Remarks

Assumption 1 summarizes the requirements on the behaviour of the error term

Et.

A1.1 Assumption 1(7) allows ; to belong to a very general class of processes, among
which linear processes are just a special case. In particular, time dependence is
allowed for the process ¢; as long as it decays at an appropriate rate. Also, the

covariance structure of ¢; could be time-varying, as long as the FCLT holds.

A1.2 The orthonormality requirement in Assumption 1(7i) makes the trends z;
neutral in the model so that the behavior of the system is fully described
by the coefficients [3,; and ay;. Therefore, the long run variance of the x;s,
limp o T7'E (z42,), is given by I;I",. Note that Assumption 1 ensures that
for r = [0,1], T~/ qu] e -5 W.(r), where W.(-) is the k-dimensional stan-

dard Brownian motion.

A1.3 Assumption 1 does not make any requirement as to the existence and extent
of cross sectional dependence: given that our analysis is conducted for fixed
n, the cross-sectional dimension (and its features) is irrelevant for the purpose
of asymptotic theory. Therefore, Assumption 1 allows for arbitrary contem-

poraneous and dynamic correlation across units, e.g. u; and v; could have a



factor structure, as long as an invariance principle holds for the partial sums
of ;. The presence and extent of cross dependence are also discussed further
in Sections 3.3.2 and 4. Also, we do not need any restriction on the correlation
between u; and v;, and therefore we do not need to impose weak exogeneity in

the cointegration equation (3).

A1.4 Assumption 1(%i) restricts the idiosyncratic shocks ¢, to be statistically in-
dependent of {u;,v;;}. This assumption, which is similar e.g. to Assumption
D in Bai (2004), rules out a dynamic factor representation, whereby {v:, 2}
would depend on z; and lagged values of z;. As a consequence, the structure in
(3)-(5) could be described as a ”static factor model” with common factors z;.
Assumption 1(7i) could be relaxed, since the main results of the paper (e.g.
rate of convergence of the test statistic, power under local alternatives, etc...)
hold irrespective of it. We discuss the possibility of allowing for dependence
between ¢, and {u;, vy} after Proposition 3, thereby obtaining a ”dynamic

factor model”.

Assumption 2

(i) the mumber of regressors in the cointegration equation (3), p, is not larger
than the number of common trends k, i.e. p < k. Also, rank (I';) = p, for

1=1,...,n.
(it) for T =317 I}, rank (') = min{p, k} = p.
(i) k <n(p+1).
(i) for all i, it holds that || ;|| < oo and [|T;]] < oo.

Remarks

Assumption 2 refers to the model representation.



A2.1 The lower bound on & in Assumption 2(7) ensures that model (3)-(5) can em-
bed both common and/or unit specific stochastic trends. A result that follows
directly from this assumption is that the ;s in equation (4) do not cointegrate
among themselves for all 7. This is a standard assumption from cointegration
analysis and it is necessary to rule out the degenerate cointegration case - see

Phillips (1986) for discussion.

A2.2 Assumption 2(i7) requires that also the sum of the I';s must have full rank.
This condition will prove useful in the analysis of the aggregate cointegration

relationship properties.

A2.3 The upper bound n(p+1) in Assumption 2(%ii) is necessary for the estimation
of the factors and it prevents the number of unit specific factors from being
too large, even though it states that their number can grow linearly with the
number of units. This assumption plays a role when the z;s are not observable
- see Section 3.3.1 below. In such case, the coefficients 3, and I'; are estimated
applying the principal component estimator to the n(p + 1)-dimensional panel
{wit xit}?zl. Assumption 2 (i) simply states that the number of factors z; in

{yit, xit}?zl does not exceed the number of units in the panel.

A2.4 The integrability conditions on f; and I'; in Assumption 2 (i) are standard in
the literature when the z;s are not observable and estimation of 5, and I'; is

required - see e.g. Assumption B in Bai (2004).

2.1 The Aggregate Cointegration Relationship

Aggregation of equation (2) across units leads to the equation

k
Tp = E GpjZjt + Upt,
=1

10



where h=1,...,p; t =1,...,T; Tpe = Y iy Thits Qnj = 95y Qhij With vy ; being the
j-th element in vector ay,; and vy, = Z?:l vnit- We assume there is at least one j for
which ay,; # 0, so that Ty, is I(1).

For the dependent variable, cross sectional aggregation of equation (1) gives equa-

tion
k
U= bz + 5,
j=1

wheret =1,... 1,7, = 3300 yie, bj = 3254 Z?:1 Bictnig and 8 = 3751 >0 Brivnat
> uir. We assume there is at least one j for which b; # 0, so that 7, contains a
unit root.

Let now Ty = [T1¢, Tot, -, Tpt) and b = Yo I3, The aggregate forms of (3) and

(4) can be written in vector form as

Ty = 'yt (6)

9, = bu+5 (7)
where t =1, ..., T.

2.2 Asymptotics for B

With respect to the aggregate relationship, let us consider the least-squares estimator

3 of the slope coefficient in the linear regression of ¥, on 7,

N T -1 /7
t=1 t=1

We are going to evaluate the case of T" large and n finite, and the case of T" and

n large.

11



2.2.1 The Case of T" Large and n Finite.

In this case, when ¥, and 7; are cointegrated, the estimator B is superconsistent
and converges in probability to a vector which is the true value of the aggregation
coefficient, 3. On the other hand, if the aggregate series are not cointegrated, the re-
gression j, = B,ft +¢; is spurious and B converges in distribution to a non-degenerate
vector random variable.

The following proposition characterizes the limiting distribution of the estimator

B for large T and finite n.

Proposition 1 Let Assumptions 1(i) and 2(1) hold. Then, in the OLS regression of

Y, ON Ty, B converges to a non degenerate random variable S,
R -1
B34S = {F / WZWZ’F’} {r / szz’b} . (8)

Proof. From equations (6) and (7) and standard asymptotic results, it follows

that

[F Z 22,0 + 0, (1)] :

t=1

T
B = [I‘ Z 221 + 0, (1)

t=1

In addition, Assumption 1 ensures that 7-23"]_ 2.2, <, JW.W. =

For further details, see also Park and Phillips (1988). Note that the only require-
ment needed for Proposition 1 to hold is that the FCLT holds for ;; thus, (8) is valid
for any degree of correlation (weak exogeneity and endogeneity) between z;; and wu;
(and therefore between 7, and e;) and also between ¢, and {u;;, v; }; see also remark
Al.4.

As pointed out above in remark A1.3, the presence of contemporaneous correla-
tion among the panel units is not ruled out in our model. The use of OLS is a valid
choice under any arbitrary level of cross sectional dependence. This is due to the fact
that n is finite and therefore cross sectional dependence is neutralized by aggregation.
Assumptions 2(i) and 2(i) are needed for the p x p term T' [ W,W/I" to be a non-

degenerate Brownian motion - see A2.2 and a related discussion by Phillips (1986).
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Since p < k and I' is a full rank matrix, it holds that the matrix I' f W, W!T" is almost
surely positive definite and the inverse [F IRAUAN } ! exists almost surely. Thus,
assumption 2 (i) requires that not only the individual z;s, but also their aggregate
7; does not cointegrate.

Note that Equations (1) and (2) could be extended to incorporate deterministic

terms, such as constant terms

/
Yit = Qyi + xitﬁi + U,

Ty = Qg+ Dizg + vi
This would result in the aggregate relationships having a constant term as well, i.e.

Ty = ELm—f—th—l—Tjt

U, = Gy~ dgy + 0z + 5,

where @, = Y 1 Gy, Gy = Y oy Gy and Gy = Y., GGy In this case, standard

cointegration theory entails that Proposition 1 still holds. If a deterministic term is
—~

considered in the aggregate cointegration relationship, such as y, = a + S 7; + €,

then (8) should be modified as

-1
34 8= {F/szgF’] [F/WZWZ'I)] :
where W, is the demeaned Brownian motion associated to the zs, i.e. W, (r) =

W, (r) — [i W, () ds.
Proposition 1 is valid for large 7" and finite n. In the next section we present the

case of when both 7" and n are large.

13



2.2.2 The Case of T" and n Large.

Though our paper is focused on the fixed n case, it is interesting to study the case
(n,T) — oo to see where our framework fits within the large panels asymptotics
developed by Kao (1999) and Phillips and Moon (1999). Granger (1990) discusses
the consequences of n being large and Granger (1993) provides an interesting char-
acterization of n being large or small. The following proposition holds when 7" and

n are large.!

Proposition 2 Let Assumptions 1 and 2(i)-(ii)-(iv) hold, and let the regression
coefficients B, and I'; be i.i.d. random variables across i, independent of ;. Let
EB) =03, E(I) =T and E (T8, =T" (B + c) with ¢ a p X 1 vector. Then, as
(n,T) — o0

BLB+e (9)
Proof. See Appendix. =

Proposition 2 states that, as (n,7) — oo, B is a consistent estimator of the
long run average (3 if and only if the ;s and the I';s are uncorrelated, i.e. if
E [(FZ — f)l (/Bi — B)} = E(I'3;) — I3 = I"c = 0. In this case, as reported in
the proof, consistency is achieved at a rate \/n, a finding in line with the large panel
literature when units are described by a spurious regression - see Kao (1999) and
Phillips and Moon (1999). Thus, the OLS estimate picks the long-run average rela-
tionship between gy and each of the Z,s, regardless of the existence of a cointegration
relationship. When the 3;s and the I';s are correlated such that IVc # 0, then B is
inconsistent.

Proposition 2 is valid for any degree of cross dependence (see remark A1.3), and
therefore the presence of e.g. a factor structure in u; and/or v; is allowed for.
However, statistical independence between ¢; and {u;, vy } as in Assumption 1 (%) is

needed - see also the comments in remark Al.4. Note that under the more restrictive

'We wish to thank a referee whose question led to this result.
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assumption of no cross-sectional dependence among units, the OLS estimator E is
asymptotically equivalent to the pooled-OLS estimator in Phillips and Moon (1999).

As a final remark, equation (9) has been proved using a joint limit argument.
Phillips and Moon (1999) provide joint limit theory for panels with independent
units. In this paper, instead, we deal with strong cross sectional dependence across
units. Our joint limits are obtained by using a cross-sectional CLT for martingale
difference sequences (MDS), using the approach developed by Kao, Trapani and Urga
(2008). As in Phillips and Moon (1999), no restrictions are required on the rate of

expansion between n and 1" as they approach infinity when proving consistency.

3 Aggregate Cointegration: Validity and Testing

Proposition 2 states that, for large n, the consistency (or lack thereof) of B does not
depend on the existence of cointegration in the aggregate relationship. We henceforth
restrict our analysis to the case of large T" and finite n only. We develop an estimation
theory for both aggregate and disaggregate models. We first discuss the formal
requirements under which cointegration holds in the aggregate relationship 7, =
B/ft + ¢, laying out a necessary and sufficient condition in order for cointegration to
be maintained after aggregation. Second, we explore the consequences of a failure of

this condition to hold though cointegration can still be present in the data.

3.1 Cointegration in the Aggregate Relationship

The results in this section are based on superconsistency of the OLS estimates when
cointegration is present. In this case, B 2. 3. In order to have aggregate cointegra-
tion, S in equation (8) must degenerate to a vector of constants rather than a vector

of random variables. Given that b # 0 by assumption, this means that

'8 =b. (10)

15



In this case,

¢ [o fuw] e fe -

_ {r / WZWZT'] h {r / szz’r’] =8, (11)

and cointegration holds. Another consequence of superconsistency is that the linear

system (10) has a unique solution
B = (Ir)""'Ib. (12)

Note that b must be a linear combination of the rows of I' for equation (10) to admit
non trivial solutions, and this holds if and only if rank (I'') = rank (I'" | b) = p.

Thus, the following results hold:

Theorem 1 Let Assumptions 1(i) and 2(i)-(i1) hold. Cointegration in the aggregate

relationship j, = B,Et + €, holds if and only if rank (I | b) = p.

Corollary 1 Let Assumptions 1(i) and 2(i)-(ii) hold. If the number of regressors in
the cointegration equations (1) equals the number of stochastic trends (i.e. if p = k),

then the aggregate relationship y, = Blft + € is cointegrated.

When the number of common stochastic trends is limited, i.e. when the amount
of cointegration in the single units is large enough, then aggregation does not have
a completely destructive effect on cointegration in the aggregate relationship. It
should be noted that when the number of common trends k is large with respect to
the number of covariates p, rank (I | b) is more likely to be equal to p+ 1, and hence
aggregated cointegration is unlikely to hold.

Theorem 1 always holds when I is a k x k& matrix. Assumption 2 (4i) ensures that

rank (I') = k and therefore rank (I" | b)) = k as well. Corollary 1 is an alternative

16



formulation of Theorem 1 in Gonzalo (1993) when the common trends in the disag-
gregate system are the same across all is. Note that Theorem 1 contains a different
formulation of the conditions for aggregate cointegration with respect to Lemma 1
in Hsiao, Shen and Fujiki (2005). The difference is due to the presence of common
stochastic trends in the DGP of the z;s in (4), which is not assumed in Hsiao et al.

(2005).

3.2 Measuring Departure from Cointegration

When the formal conditions for aggregate cointegration are violated, we can still
have ”some degree of cointegration” in the aggregate relationship if the requirements
in Theorem 1 are only ”mildly violated”, as pointed out by Granger (1993). In
what follows, we derive a statistical measure of departure from cointegration when
Theorem 1 does not hold, and therefore, strictly speaking, equation 7, = B,Tt + &

represents a spurious relationship. The testing framework we derive is based on

Hy : presence of aggregate cointegration,

H, : spurious aggregate regression.

A natural way to address the issue of testing is to consider the statistical prop-

erties of the limiting distribution of B, S. From equation (11), we know that

S = {F/WZWZT’} B [F/WZWZ’I)] .

Denote P = I;, — I'(I'T")"'T and M = I"(I'T")"'I, and writing b = Mb + Pb,

equation (11) becomes

S = {r / WZWZT'}_1 {P / WZWZ’Mb} + [F / WZWZ’F’]_l {r / WZWZ'Pb] (13)

17



or
-1
S=3+ {F / WZWZT’} {r / WZWZ’Pb} , (14)
using (12). To analyse the second term of the right hand side of (14), define W' (r) =
LW, (r) and WF(r) = v/ PW,(r). By construction, we have

E[W'W"] =TE [W.(r)W.(r)] Pb=T(rl;)Pb= 0.

Thus, WY (r) and WF(r) are independent. Hence the expected value of the random

variable S is

and the variance of S is equal to

Var (S) = Var { {r / szgr'] B {r / WZWéPb] }

Therefore, we have aggregate cointegration if the second term on the right hand

side of (14), [T [ I/VZVVZT’T1 [T [ W.W!Pb| , degenerates to a zero constant, i.e.

-1
{r / szgr’} {r / WZWZ’Pb] =0 as.

This holds if and only if Pb = 0, which implies that Var (S) = 0 if we have aggregate
cointegration, while Var (S) > 0 if the aggregated relationship is not cointegrated.
Thus, for testing purposes, we can define the following indicator:

_VPb
T

D (15)

Under the null hypothesis of cointegration in the aggregate relationship D = 0,
whilst D > 0 under the alternative hypothesis that aggregation eliminates cointe-

gration. Note that, given that M and P are idempotent, (15) can be rewritten

18



as

D = sin® (b, Mb) . (16)

From (16), the indicator D depends on the angle between the two vectors b and
Mb. The smaller the angle between the two vectors, the smaller the distance from
the case of aggregate cointegration. The aggregate cointegration occurs when the
two vectors b and Mb are parallel. This condition is met when b, which gives the
response of 7, to the stochastic trends z;, can be fully represented in terms of the
basis associated to the column space of I', which represents the response of Z; to
the common stochastic trends. Algebraically, this means that we have cointegration
when b is a linear combination of the columns of I'.

The definition of D illustrates possible sources of the violation of the neces-
sary and sufficient condition for cointegration in the aggregate relationship. When
rank (I'" | b) > p, cointegration is not preserved under aggregation. Nonetheless, if
the stochastic trends in the error term in the aggregate relationship are relatively
unimportant then Var (S) is small and the degree of departure from aggregate coin-

tegration is not large.

3.3 Testing for Cointegration

The hypotheses of interest are as follows

Hy:D =0
, (17)
Hy:D>0

where the null hypothesis Hj is the presence of cointegration in the aggregate rela-

tionship. To test the null hypothesis in (17), b and I' need to be estimated.

3.3.1 Estimation of b and I

The estimation of b and I' depends crucially on whether the z;s are observable or

unobservable. When the z;s are observable, estimates of b and I' can be obtained by
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OLS and are given by
T -1 /7
pOrs = <Z ztzg) <Z ztyt> (18)
t=1 t=1
T -1/
oL — (Z ztz';) <Z zﬁ:é) : (19)
t=1 t=1

Since equations (6) and (7) are cointegrating relationship, OLS estimators in (18)-

(19) are superconsistent, i.e. letting © = [b|T]" we have
0% —e=0,(T™).

In the more likely case that the common trends z; are not observable, another

approach should be considered. Let us express model (3)-(4) as

yir = Bilize + Bivir + wit

Ty = Tz + vy
/
L Yit _ Bl - Bivi + Ui
Writing W;; = , o = ,and e} = ,
Lt r; Vit

we have

- w
Wiu=Eizi +e,

and by stacking W, it holds

= w
Wlt =1 612&
Wgt :2 €W
— 2t —_ w
Wt ) = Ze + = =2+ € - (20)
- w
ng i ent

Consistent estimator of = can be obtained by principal component. More specifically,

consider the n(p + 1) x n(p + 1) matrix .. W,W/. The principal component
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C

estimator of =, say =PC s given by /n times the k eigenvectors corresponding to

the largest eigenvalues of ZtT:l W, W/ subject to the normalization

T
=hor § WWEPC = T2,

t=1

The procedure we propose is based on Bai (2004) but extended to our case of n finite
and T large. It is also known that =; and z; are not directly identifiable but they are
identifiable up to a transformation defined by a rotation matrix H. For our setup,
knowing =; H is as good as knowing =;, since the test statistic D does not depend on
H. For the purpose of notational simplicity, we assume H being an identity matrix

in this paper. The following proposition ensures consistency of the estimates =P,

Proposition 3 Let Assumptions 1(i)-(iii) and 2 hold. Further, assume that E ||e||*"° <
0o for some § > 0, E |uy|® < oo, E |Juy|® < oo and ZthlEHeE/eZH < oo for all

(1,7,8). Then, as T — oo,

—E2=0,(T™). (21)
Proof. See Appendix. =

Proposition 3 states that the "loadings” = in (20) can be estimated consistently
even for fixed n. This result has been derived by Bai (2004) for the case of nonsta-
tionary panel factor models, and it is in contrast with the stationary case whereby
the order of magnitude of the loadings estimation error is min (1 /n,1/NT ) and
therefore both n and 7" need to be large - see Theorem 2 in Bai (2003).

As pointed out in Remark Al.4, assuming that ¢, and {u;, vy} are independent
is not strictly necessary for (21) to hold, it only simplifies the asymptotics of ZFC.
If the idiosyncratic shock ¢; in the DGP of the z;s were allowed to be correlated
with {u;, v}, then a static factor model like (20) would no longer be an adequate
representation for W; and (20) would have to be modified as a dynamic factor model
in order to allow W; to depend upon z; and lagged values thereof. However, as proved

in Theorem 6 in Bai (2004), the loadings =; could still be estimated consistently, even
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though their asymptotic law would be different to the static factor case. We refer
to Bai (2004) for a comprehensive discussion of the asymptotics for nonstationary

dynamic factor models.

The principal component estimator of © is given by

. [;lPC’ n e
Orc = =Y &re, (22)

rre i—1

and from Proposition 3

0 -0 =0,(1").

Therefore, even when the z;s are unobservable, we have a T-consistent estimate for
0.
Henceforth, we shall also use the following matrix notation. Defining the [n (p 4 1)]x

(p+ 1) matrix F by stacking n (p + 1)-dimensional identity matrices, i.e. as
F = [[P+17 e IP+1], ) (23)

©FC can also be defined as O¢ = ['ZFC. Letting the (p + 1)-dimensional vector
iy = [1,0,...,0]" and the p x (p+ 1) matrix ip = [0|1,] we also have WP = =PC g,

and ['P¢ = ipf'=FC.

3.3.2 Testing

Let

~

o
D= Mb
b'b

N A faa\ LA A A
where P = [, — I (FF’ ) I' and b, I are estimators of b, I'. The following theorem

characterizes the rate of convergence of D under the null hypothesis of cointegration.

Theorem 2 Let Assumptions 1 and 2 hold, and assume that b and T' are T-

consistent estimators of b and I'.  Under the null hypothesis of cointegration, we
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have D = 0 and
D=0,(T7). (24)

Proof. See Appendix. m

Theorem 2 asserts that rate of convergence of D is of order T2 irrespective of
whether the z;s are observable or not and of the type of estimation technique em-
ployed to derive b and T, as long as they are T-consistent estimators of b and T,
e.g. the OLS or the Principal Component estimators. This result is reinforced and

generalised by the following corollary.

Corollary 2 Under the assumptions of Theorem 2, let 6 > 0 and consider two
estimators 55 and fg such that 135 -b=0, (T“S) and fg -I'=0, (T“S). Then,

under the null hypothesis of cointegration, we have D = 0 and
D=0, (T7%).

Proof. See Appendix. m

From Theorem 2 and Corollary 2, the rate of convergence of D is the square
power of the rate of convergence of the estimators b and I'. The intuition behind this
result is that under the null, the angle between b and Mb is equal to zero. Recalling
the definition of D in (16), the function sin? (+) is an even function in a neighborhood
of zero, i.e. the odd powers of its Taylor expansion have coefficients equal to zero.

Theorem 2 and Corollary 2 hold under very general assumptions, as pointed out
in remarks A1.3 and A1.4. The rate of convergence of the test statistic under the
null is preserved as long as the idiosyncratic component ¢; satisfies an FCLT. This is
not the case with the limiting distribution of the statistic, which depends upon the
features of ¢, as illustrated in the remainder of the paper.

When the z;s are observable, the limiting distribution of Dis given in the following

theorem.
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Theorem 3 Let Assumptions 1(i) and 2 hold and consider the OLS estimators of b,
I, say bOLS qnd [OLS respectively, defined in (18)-(19). Under the null of aggregate

cointegration
bt
TR
1]

1
lof*

7D 4

Q [fk } Q. (25)

where

Q = (M—1I)Q+

[F’ (IT) ' Qpr — IV (') ' IQH (IT) ' — IV (°T) ' QeI (1) ' I + Q4 ('TY) ' T'| b,

and Qy = (fW.W!) ™' [W.dWs, Qr = ([ W.W!) ™' ([ W.dW}), with Wy and W
Brownian motion processes associated with the partial sums of the processes v; and

5 in (6) and (7) respectively.
Proof. See Appendix. m

The following theorem gives the limiting distribution of D when zts are not ob-

servable.

Theorem 4 Let the assumptions of Proposition 3 hold, and consider the PC estima-

tors of b, I, say bPC and TFC respectively. Under the null of aggregate cointegration

b’
Io]”

~ 4 1
D 4 — Q™ [Ik -

1ol } o (26)

where
QPC — (M _ Ik) QZC + 1—\/ (FF/)—l Q?C _ F/FQ?\C,F _ F/Q?CF/F + Q{—)\C/ (1—\1—\/)—1 F b,

QY = iy, QF = irll, and 11 is the limiting distribution of OrC, the principal
component estimator of © defined in (22), given in Proposition 4 below - see equation

(27).
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Proof. See Appendix. m

The following proposition provides the limiting distribution of the principal com-

ponent estimator of ©.

Proposition 4 Let W, be the Wiener process associated to the partial sums of e}’
in equation (20) and define Q. = E (e}"e}"’) and B = [W.W.. Then under the

assumptions of Theorem 4

T (67~ 0) 4 F' [Lper) — n'EBE] ( / dWeWz') B

—n FE ( / dW, W’> =

+n ' [Lnper) — 20 'EBE | Q.E =11 (27)

Proof. See Appendix. m

To evaluate the capability of our statistic to reject local alternatives, we consider

the following sequence of local alternatives
HL:b=T'8+dr, (28)

where the k-dimensional vector 1 is orthogonal to I' and is chosen to be limy_, . T =
§ # 0. The orthogonality condition 07" = 0 means that the response of ¢; to the
stochastic trends z; also contains a component d7.2; which cannot be explained in
terms of the z;s, and therefore the possibility that ¢, and Z, cointegrate is ruled
out. Therefore, under the sequence of local alternatives H!, D > 0. The following
theorem shows that the statistic D has non-trivial power versus such a sequence of

local alternatives.

Theorem 5 Let b and I' be T-consistent estimators of b and I' respectively. Under
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the alternative hypothesis HL, we have

1
2
[1boll

_ bobp
6ol

{||5||2 X [fk } 0 - 26'@*} | (20)

where by = T'3, Q* is equal to either Q or QP¢ depending on whether the zs are
observable or unobservable. The definitions of Q) and QP¢ are in Theorems 3 and 4.

In either case, E [Q*] = 0.
Proof. See Appendix. =

Theorem 5 shows that the test has nontrivial power against local alternatives of
order O (T~1). This result too holds irrespective of whether the zs are observable
or not as long as b and I are superconsistent estimators of b and T, such as e.g. the

OLS or the PC estimators.

Finally, to evaluate the consistency of our test, we will study the asymptotic
behaviour of 72D under the alternative hypothesis H; : D > 0. The following

theorem shows that the test based on D is consistent against fixed alternatives.

Theorem 6 Let b, [ be T-consistent estimators of b, I'. Then under the alternative

hypothesis Hy : D > 0 it holds that, as T — oo
D=D+0,(T™), (30)

and therefore, under H,, the statistic 72D 5 .

Proof. See Appendix. m

Theorem 6 shows that 72D diverges under the global alternative H;. Conse-

quently, the probability of rejecting the null hypothesis when the alternative H;
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holds is asymptotically equal to one. This means that the test based on T2D is
consistent.

The rate of divergence of the test statistic is O, (T%?), thereby faster than existent
tests for the null of cointegration based on the Lagrange Multiplier approach (see
e.g. Shin, 1994, and Xiao, 1999). As already discussed in the introduction, the
estimates upon which these tests are calculated have different asymptotics under
the null and the alternative; in addition, non parametric estimation of long run
variance is required. Our test statistic is constructed employing estimates of the
parameters in the micro equations, which cointegrate under both the null and the
alternative hypothesis, thereby having the same asymptotics in both cases. This
ensures consistency at rate O, (T?). Note that our results are robust to the cases of
weak endogeneity in the micro equations, since the OLS estimator is T-consistent.
The theory developed in this section still holds if other estimation techniques than
OLS and principal component are employed, although this would have implications
on the limiting distribution of the test statistic.

An ancillary result is that under H;, when D is no longer equal to zero, the
remainder term in the asymptotic expansion of D around D is no longer O, (T2,
but O, (T~!). An explanation of this result is that while the function sin®(-) is an
even function in a neighborhood of zero, this is not the case around other values of
its argument, whence the presence of the term of order O, (T!) in the expansion of
D around D # 0. Last, it could be proved, along the same lines as for Corollary 2,
that when using T°-consistent estimators 65 and fg, under the alternative H; : D > 0

it holds that D = D + O, (T~?) and thus T%D % oo,

4 Bootstrap Approximation of Critical Values

In this section, we propose a bootstrap procedure to obtain critical values.
Since our model does not rule out the possibility of serial correlation in the

error terms, we employ a procedure which is similar to the sieve bootstrap approach
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employed by Chang, Park and Song (2006) for cointegrating regressions.

For the purposes of bootstrapping, we rewrite model (6)-(7) as follows

= Wt = @Zt + €. (31)

We propose the following bootstrap algorithm:

Step 1.(1.1)

(1.2)

(1.3)

Step 2.(2.1)

Estimate © in equation (31) consistently, via OLS if z;s are observable, or
via principal component if z;s are unobservable. We obtain 6 = O°LS and
6 = erc respectively. Project the estimator of b, b= (l;OLS or bf C) onto
the column space of the estimated I', I' = T'9L5 or T' = I'PC respectively,

obtaining b = (ZBOLS or b C) defined as

~ & Aa\ L Ax

b= (PEY) 1,
Lot @OLS — [BOLS‘IA\OLS/} 'and ©FC — [ch’fpcv]"
Compute the residuals ¢, = W, — @OLszt or & = W, — oer ©%,, where
%, is the principal component estimator of z,. Define w, = [é}, Az!]" and
wy = [&), Az

Compute the statistics D as

Sieve estimation. For the case observable z;s, compute the sieve estimates

of the VAR

q
Wy =Y W + Ny (32)
=1

where, following Chang, Park and Song (2006), the choice of ¢ can be done
via an information criterion such as AIC or BIC. Let ¥, and Ny denote

the OLS estimates and residuals from equation (32), respectively.
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(2.2) Resampling. Draw (with replacement) 7" values from the centered resid-

1 T
- 131
t=1

uals
T

t=1

to obtain {nzt }thl.

(2.3) Construct recursively w; as

q
Ak Ty ook *
Wy = E Wy + Mg
Jj=1

using initialization (@7, ..., w;_,) = (y, ..., W1—q)-

When z;s are unobservable, steps (2.1)-(2.3) can be applied to w; to obtain

{#:,},_, and @}

Step 3.(3.1) Integrate the last k elements of w; or w; to obtain z; as

t

~Xx(2Z

2 =20+ g wj(),
Jj=1

or
t
5: =2y + Z N;(z)
j=1
where ;¥ and @) refer to the last k elements of &} and 1} respectively.

(3.2) Generate W} as

Wy =099z +ér, (33)

or

Wy =0z e (34)

(3.3) Estimate © from either equation (33) or (34) using OLS. Denote the

estimator as ©*.
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(3.4) Compute the bootstrap counterpart of the test statistics, say lA?*, using
or.

The resampling scheme we propose is based on sieve estimation and follows the
same lines as in the approach of Chang, Park and Song (2006). Note that projecting
the estimates of b onto the column space of I' means that resampling is performed
under the null hypothesis. As it is illustrated below, this ensures the validity of the
bootstrap under the null and the alternative hypothesis.

Denote now the null limiting distribution of T2D as Zy and the bootstrap prob-
ability conditional on the sample as P*. The form of Z; is given by Theorems 3 and
4 for z;s observable and unobservable, respectively. To prove that the bootstrap pro-
cedure is valid, two conditions need to be satisfied. First, we need to show that both

under the null hypothesis Hy and under the local alternatives H!, the conditional

T
t=1’

distribution of T%D* given {Wt} consistently estimates the limiting distribution
of T2D, that is

P [TQZA)* < v} 2 P {Zy <0},

for each v which is a continuity point of the distribution function of T2D. More
~ B

compactly, this statement will be referred to as T2 D* 4 Zy. Second, under the al-

ternative hypothesis H; the bootstrap statistic T 2D* must be bounded in probability,

or even possibly converge to Zj.
Consider the following Assumption which we need to prove the bootstrap validity.
Assumption 3

1) Let |e,, Az = where = _a DL e sequence 18 1.1.d.
(i) Let [e, Az]" = @ (L)n, where ® (L) = 332, &L Th U d
with E(n,) =0, E (nn,) > 0, finite fourth moment and such that |® (z)| # 0

for all |z <1 and 32, k| |®] < oo for some ¢ > 1;

(it) In equation (32), let ¢ — oo and ¢ = o (T*?) as T — .
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Remarks
Assumption 3 postulates a linear process for the idiosyncratic term &, in line

with the use of sieve bootstrap.

A3.1 Assumption 3 (i) ensures the validity of an invariance principle for the partial
sums of [¢, A2)]’, and it is essentially the same as in Chang, Park and Song

(2006).

A3.2 Assumption 3(ii) is required to ensure the consistency of the estimates \ifl.
Assumption 3 is a stronger version of Assumption 1(3), since it requires that &,
be a stationary linear process. This is needed in order to apply sieve bootstrap

and to prove its validity using the methods employed in Park (2002).

A3.3 With respect to Remark A1.3, in this section a factor structure in ¢, is ruled
out. This because (see Step 2.1 of the algorithm above) a consistent estimate
of the parameters in the model for g; is required. However, given that in
our framework n is fixed , neither factors nor loadings could be estimated
consistently (see e.g. Bai, 2003). Thus, sieve bootstrap should not be employed
when ¢; has a factor structure, and a natural choice would be block-bootstrap,

in order to preserve both time and cross-sectional dependence.
The following theorem asserts the validity of the bootstrap procedure.

Theorem 7 Under Assumptions 1-3, we have that, under the null hypothesis H,

the alternative hypothesis Hy and the local alternatives H'
2D ¥ 7, (35)

where Zy is the null limit distribution which is Zy = ||b]| "> Q' (I, — 16|~ (0] Q for
observable zs and Zy = ||b]| > Q¥ (I, — 16|~ (bb')] Q¥ for unobservable zs.

Proof. See Appendix. m
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Theorem 7 extends the sieve bootstrap algorithm proposed by Chang, Park and
Song (2006) to the case of principal component estimates. The validity of our boot-
strap procedure is ensured by equation (35), which shows that under the null and
the local alternatives the bootstrap consistently approximates the asymptotic distri-
bution of 72D and under the alternative the bootstrap statistic T2D* has the same
distribution as the null. This is a consequence of the resampling algorithm being
implemented under the null hypothesis.

It is worth noting that whilst the estimation technique employed to estimate
O necessarily differs (i.e. we use OLS when the zs are observable and principal
component when z;s are not observable), the bootstrap estimator ©* is computed

via OLS irrespective of the method employed to derive ©.

5 Monte Carlo Results

In this section, we present an assessment, via a small Monte Carlo exercise, of the
power and size of the bootstrap testing procedure we propose.

The data generating process for the Monte Carlo exercise is described by equa-
tions (6) and (7) . We generate the k stochastic trends z; as random walks according
to Assumption 1. Let v, = [v], 5/, we consider the following processes for v;: a
white noise process, an AR(1) model with autoregressive root equal to 0.75, an
MA(1) process with root equal to 0.75. These choices allow to check for robustness
and efficiency of our procedure under alternative error dynamics. Under the alterna-
tive hypothesis, we generate 7, using specification (28).We also consider alternative
size of T' = {20, 35,50, 100,200} and of the number of trends k£ = {2,3,4,5}. The
number of Monte Carlo and bootstrap replications is 5000 and 1000, respectively.

The results are reported in Table 1.
[Insert Table 1 somewhere here]

The main finding is that the bootstrap test shows good size and power and its
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performance is affected by the number of trends considered.

In particular, there is a strong impact of the number of factors k on the size
of the test. When the error term 7, has no dynamics, which is the baseline case,
the size decreases as k increases. This happens uniformly in 7', and the size tends,
asymptotically, to its nominal value. The test exhibits a good performance when
the error term is white noise even for small samples. When AR(1) and MA(1)
processes are present, the impact of k still leads to size decrease as the number of
stochastic trends increase. Note though that now the test is oversized for small
samples, especially when AR dynamics is present. This effect tends to be wiped out
asymptotically, when irrespective of the error dynamics and for the large k (4,5)
cases, there is a slight undersize tendency of the test.

The power too is affected by k. Though small sample performance seems to be
very good, especially in the white noise case, irrespective of k, however, for all cases,
as k increases, the power slightly decreases. Nonetheless, asymptotically the power
approaches one irrespective of the error dynamics and of the number of stochastic

trends.

6 Conclusions

In nonstationary heterogeneous panels where each unit cointegrates, the aggregate
relationship in general does not cointegrate unless a large number of conditions is
satisfied. However, the aggregate equation may be observationally equivalent to a
cointegrating relationship even when the conditions for perfect aggregation are vio-
lated. How well the aggregate relationship approximates the properties of individual
components cannot be tested when only aggregate data are available. When data are
available at disaggregate level, as in the case of panels, one can test whether features
of micro relationships are preserved after aggregation.

This paper addresses the issue of micro versus macro cointegration by considering

nonstationary heterogenous panels with a fixed number of units and a large number
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of time observations. Our results can be viewed as complementary to the analysis in
Phillips and Moon (1999) of the case when (n,T") — oo. No restrictions are placed
regarding the existence of the degree of contemporaneous correlation between units
and between regressors and error terms in the cointegration regressions.

We derive the test statistic D = sin® (b, Mb) for the null hypothesis of cointegra-
tion, building upon the formal conditions for cointegration valid at micro level to
hold after aggregation. The test is powerful against local alternatives and consistent.
We propose a valid bootstrap approximation and Monte Carlo evidence suggests that
the test exhibits good size and power properties.

The test under the null is of asymptotic order O, (72). This property has
important implications for empirical applications of the test procedure. For instance,
macro data may be available at monthly/quarterly frequency but micro data could
be available at lower frequency (e.g. census data). In that case, the T? convergence
might be an important asset given the short length of each micro series.

Our asymptotics has been derived for panels with fixed n. Thus, it is also em-
pirically relevant to see how our method performs in simulations in comparison with
the Phillips and Moon (1999) asymptotics.

A comprehensive set of empirical applications and an extensive simulation exer-

cise are beyond the scope of the present paper but are subject of separate studies.
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Appendix

Proof of Proposition 2. Assumption 2(7v) and the iid-ness of 3, and I'; entail
that a LLN holds and thus n =237 T, BT, n ' 30 8, & Band n™t S0 T8, &
I (B+c).

Consider the following Assumption:

Assumption 1*. Assumption 1 holds and

249

(iii) €; is a linear process with E ||g;||”° < M < oo for some 6 > 0 and some

constant M;

(iv) a Beveridge-Nelson decomposition holds for z; and v;; such that z;, = z; + R,
and v;; = v}, + Ry, where 2} is a random walk with unit long run covariance
matrix, v}, is an iid I (0) process whose long run variance is the same as that

of vy, and R,; and R,;; are the remainders of the BN decomposition;

(v) {uy} and {v;} are independent across i and it holds that 3>, [|3,]|* = O, (nT)

and .7 @2 = O, (nT) for @ = 3.1, .

Consider 3; since U =TB+u+ Y, (Bi — B)’ x4, and recalling the definition
of T;, it holds that
b= B+

T T T T -1
r Z 22l 4T Z 24T, + Z U2l + Z vtv;] X
=1 t=1 =1 =1
T n T B
t=1

i=1 t=1

Consider first the denominator of (36). Since I' = O, (n), Assumption 1(i) en-
sures that TS, 221" = O, (n?T?). In order to find the order of magnitude of
r Zle 2,0y, we will use the joint limit theory developed in Kao, Trapani and Urga
(2008), based on showing that a CLT for martingale difference sequences (MDS)
holds for 3.7 z@,. This involves proving that: (1) 3./, 2, is an MDS and (2) a

Liapunov condition holds jointly as (n,T) — co. Let & = T~ Y1, z),. Then
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& = Ep + Rip, where £ = TS 270 and Ry is the remainder in the BN
decomposition. Following similar arguments as in Phillips and Moon (1999), it can
be shown that Rir = O, (T‘1/2); thus, 7> ", Rir = O, <n\/T> As far as the
order of magnitude of £}, is concerned, let C' be the o-field generated by the zs.
Then E [£;;|C] = 0 and, conditional on C, & is an independent sequence due to
Assumption 1*(v). Define I; as the o-field generated by C' and by {{‘;T};:l; then
{&r, I;} is a martingale difference sequence since E [£7| ;1] = E'[&r| C] = 0. Also,

a Liapunov condition holds whereby E ||5| C|*™® < oo for all i since

. T 246
246
Bl O = B 3 =vi|C
t=1
1 T
249 249
e D 1 el A
t=1
<

1 T
244§
MWZHZTH ",
=1

which is finite in light of Assumption 1* (%) and of Theorem 5.2 in Park and Phillips
(1999). Thus, an MDS CLT can be applied to show that n=1/23" &5 = O, (1).

Recalling the definition of £}, we finally have

T n T
r g 2, = T E E 24Uy,
=1

i=1 t=1

— 0,(n) [0,, (VaT) + 0, (nﬁ)] — 0, (ny/nT) + 0, (nQ\/T) .

Last, 3.1_, 5,7 = O, (nT) by Assumption 1*(v). Thus, as far as the denominator of

(36) is concerned, as (n,T) — oo
T
Z—W E ftf; = /WZW;FI + Op (1) .
n
t=1

Let us now consider the numerator of (36). We have Y./ Ty, = I' S, 2/, +

ST, G,;. Similar arguments as above entail I' Y"1, 2, = O, (n\/nT)+0, <n2 VT ) ;
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Assumption 1* (i) and the Cauchy-Schwartz inequality ensures that Zthl Vplly =
O, (nT'). Note that we do not need to assume that u;; and v;; are uncorrelated. As

far as the term Y2 2T 7, (B; — B) is concerned, it holds that

n

Ziftw;t(@_g) = Fiiztm;t(ﬁi_B)+Zn:zT:@tx2t(Bi_B)

=1 t=1 i=1 t=1 i=1 t=1

n T n T
= FZZztth; (ﬁl — B) —I—Fzzzt%t (51 - B)

i=1 t=1 i=1 t=1

n T
+ Z Z Uiy (51 - B)
i=1 t=1

= I+II+III,

where the second passage follows from (4). Consider I:

T n T
I =T Z 242 Z rig,—r Z LA
t=1 i=1 t=1

= 0,(n) 0, (T2> Op(n) = Oy (nZTQ) ;

by assumption, we know that n=* > " T3, 2 (B + c), and therefore as (n,T) —
00, (nT)f2 xI 5T J W.W/I"e. Also, similar arguments as above would lead to

II = O, (ny/nT) + O, (n2\/T> Last

1/2

PBEACIE)

i=1

T 12 [ 7
11 < (Z Hmu“’) >
t=1 t=1

1/2
with (Zthl HTJtHZ) =0, <\/ nT) by Assumption 1*(v) and

2 2

IN

n
g Lt
7

T
A LAY
= 0,(1)0, (TLQT) )

so that 111 is bounded by O, (ny/nT). Thus, as far as the numerator is concerned
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we have, as (n,T) — oo

T
1 a.s.
372 E TS = F/WZWZ/F,C+Op (].)
n
t=1

Combining this with the denominator, it holds that as (n,7) — oo

BB+ {F/WZWZ’F’} B {F/WZWZ’F’] c=B+e

Proof of Proposition 3. T-consistency of the PC estimator for nonstationary
panel factor models is proved in Lemma 3 in Bai (2004), where it is established
that loadings can be estimated consistently irrespective of whether n be fixed or
large. Lemma 3 in Bai (2004) holds here because the assumptions we make are
the same as Assumptions A-E in Bai (2004). Assumption 1(7) and the requirement
that E Het|]4+5 < oo for some § > 0 correspond to Assumption A. Assumption 2 (iv)
corresponds to Assumption B, and it implies that ||Z;| < oo. The requirements
that E |uy|® < 0o, E |lvy]|® < 0o and ZtT:lEHeZVejVIS/H < oo for all (7,4, s) imply
Assumption C and E. Note that we do not need to assume any bounds on cross-
sectional correlations given that n is fixed and finite sums of finite summands are
finite. Having finite n simplifies the restrictions needed for cross-sectional and time

series dependence. Finally, Bai’'s Assumption D is the same as Assumption 1(ii) in

this paper. m

Proof of Theorem 2. Let b and I' be T-consistent estimators of b and I' and
define
Ep = l; — b,

~

EI‘:F—F;

by definition, and in light of Assumption 1(i), &, = O, (T') and er = O, (T ). For
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the sake of the notation, let also Mb = a and €, = @ — a. We have

ca = a—a=Mb— Mb
= (M+€M)(b+8b)—Mb

= 8Mb+M€b+€M€b = Op (T_l).

This is because we have
R 1

M=T1" (ff“’)_ T,
and

Ff" = (F + EF) (F + 51“), =

= TIT' +Tep +epl” + erer.
Using Taylor’s approximation,
[IT + Tl + erl + epel] " = (PT) ' = (PT) " (Deh + epl” + erel) (TTY) ™ + Ry,
where the remainder Ry is defined as Ry = o (||[T'e + erl” + erer||), we have

~ A~ AN\ —L o
[ (FP’) P = [Dter [(FF’)*1 — (') (Tep + epI” + erel) (FF’)*I] T+ er]
= 'O T+ (@) e — TV (ID) T (DY T — (0T ep Y ()M T
I

e (CT) ' T 40, (T72) .
Let ey = IV (ITY) " eptep (ITY) ' T =TV (TY) ' Tef (1Y) ' T =TV (PTY) ' el (ITY) ' T =

O, (T‘1 ).
We have

sin? (&, B) —sin? (a,b) = [cos (d, B) + cos (a, b)] [cos (a,b) — cos (d, 5)] :
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Slutsky’s theorem implies that cos (&, 5) = cos (a,b) + 0, (1), and under the null we

have cos (a,b) = 1, so that

sin® (d,@)—sinz(a,b) = [2+0,(1) [cos(a,b)—cos (ab)]

a'b a'b
~ O R o
) p+q4DﬂW”MM““_U”wW<&Q. -
a1l a5

It holds that

i'b = (a+ea) (b+ep)

= db+de, +be, + ey

Let now ejq) = [la]l = Jlal] and ey = ||| = f16]. We have

2a 20’4 + €4€a +eleq
Ella = llall T — [a| .

Using Taylor’s expansion, we get

2a'e, + €le, 12d'e, +¢ele, 1
It — g =1+ o—5 — — 3
all 2 al 8

with Ry = o ([|2d’e, + £,c,4||) so that

) —d%+%%_mﬁf+o(*) (38)
1= Nall " 2flall ~ 2(alf "
Likewise,
bey  elep (b’sb)2 _3
el = Tt + - : (39)
=Tl 2108l 20 P (I7)
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Under the null, a = b and a’b = ||a]| ||b]| = ||a||*. Therefore we may write

lal ||| (@) — lall 161 (@'3)

= Jal” [l 8| - (a%8)] .

and

ot [ ~ (%)

= (llall +&ya) (llall + ) — a'b— d'e, — a'ea — e

= llall gy + llall epo) + €jagee) — a'eo — a'ea —

cwta  (ded)’ | gey  (@e)’ | (de)(Ve)
_ +a'e, + — — Q& — A&, —E &

2 2 2

2 2fal 2 2]al lall ’

_ ! (0 — &)’ [Ik , ] (ea —&p)-

= de, +

aa
2

- 2
lall

Finally, from equation (37) it holds that, since under the null a = b

lal ||| (@) = lall 10} (@3)

sin? (d, B) —sin® (a,b) = [2+40,(1)]

lal ol ) { o]
1 / b/ -3
- e [ e v )
- 0, (T_Q) . (40)

Proof of Corollary 2. When 135 -b=0, (T*‘S) and fg -I'=0, (T*‘s), it
also holds that ¢, = O, (T°) and &, = O, (T?), and hence

ey = Lo Eafa W%f+o@ﬂ%
1= Tall ™ 20all ~ 2ol " * ’

bey ELED (b’eb)2 _35
Epl| = Tor - + 0, (T .
=Tl ™ 2108l 28 P ()
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Then equation (40) becomes

. 1 bt/
sin? (as,bs ) —sin® (a,b) = — (g4 — &) {[k — —} (€a — &) + O (T‘35)
( ) Io]1* [l '
= 0, (T7™).

Proof of Theorem 3. From equation (40) we know that under Hy asymptoti-

cally the following results holds

b’
I]]*

9 1

:—5(1—5’[[
P & == |

} (€a —&p) + 0, (1) . (41)

Under Hy we know that aa’ = bb', and from equations (18)-(19) we know that

T T
g = b—b= (Z ztzli) (Z zt§t> ,
t=1 t=1
e -1/
ep = I'—T= (Z ztz£> (Z zwé) :
t=1 t=1

Further, we know that ¢, = ey,b+ Mgy, with M = M+ ey and gy = IV (FF’)*1 er+
e (P 'D = IV(ITY) ' T (PT) ' — IV (ITY) " ep I (1Y) ' T

From Assumption 1 we know that

-1

Tey, % ( / WZWZ’) / W.dWs,
-1

Ter < / szg) / W.dW..

Proof of Theorem 4. Using (41) and recalling the definitions of ¢,, e); and
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&p, from equation (22) we have
A ~ /
€b:bPC—b:(EPC—E> Fib,

ep = [P0 T = ipp (27 - 2)
so that
Tey 5 I F iy,

Ter % ipf /1l

Proof of Proposition 4. The limiting distribution of 6 can be computed
recalling that OFC = F'=PC and evaluating the limiting distribution of 2PC. Let 2
be the principal component estimator for z; based upon =PC. Then we know (see

e.g. the proof of Lemma 3 in Bai, 2004) that T’ (épc — E) can be decomposed as

1 « -
—222@] . (42)

In the denominator of (42), we can rewrite

T T
Zétg'; ZZtZt+Z Zt—Zt Zt Zzt Zt—Zt +Z(2t—zt) (2,5—2}),
t=1 t=1 t=1
= [+II+II[—|—IV.
We know that
[=0,(T%);
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from Lemma B.4(ii) in Bai (2004)
IT=1II=0,(T)
and from Lemma B.1 in Bai (2004)
IV =0,(1),

Therefore the denominator of (42) is

and thus

As far as the numerator (42) is concerned, let

T T

1 T
/Y !/ [/1/ —_
— E € Zt—|— E € Zt—Zt +\:E Zt—Zt
t=1

t=1 t=1

=A+B+C.

We have that A - [ dW.W!. To study the the limiting distribution of B and
C, consider the following decomposition as proposed in Bai (2004, p. 164) for the

definition of Z;:

Z— 2= 22%’% St +1 QZzsCst+T2zzsnst+T QZzsgsta
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where

Vo (8,1) = E(et eW/n)

gst = & eW/n_’Yn(S t)

_ 1= W
Ne = 2Z'e [n

o =1 W
o = znZey /n.
Then we have

T T T T
B = 3226 S’ynst)+T73ZZefvéngt—FT*?’ZZeXVZ;nst+

s=1 t=1 s=1 t=1 s=1 t=1

T T
732 :2 : W =t
T et Zs st

s=1 t=1

T T T T T T
—1p-3 w _Wr W =t 3 W =1 -3 Wt
= n T § § e, € ey Zo+ T § § ey ZNg + T § § ey Zs&sts
s=1 t=1 s=1 t=1 s=1 t=1

= [+ 1I+11]

Then
T
I=n"'T < Zefvefv’) < 126?2’) =0, (T);
s=1
_[I _ 71T SZzew ~! /Hlel/[/
s=1 t=1
= n T 32263‘/6?//\_25
s=1 t=1
T T
- ( ZetWetW’> = (T—2Zzsz;> =0,(1);
s=1
and
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T
111 = n_lT_gzZeF/z’z,i:'eW

s=1 t=1

T T
= n_lT_?’E g el 2= eV 7

) (z )= (o) o

Therefore the only term that matters is /1 and thus

(1]

T T
-1 -1 W Wi -2 =1 d 10 =
n (T E e e > (T E zszs> —n Q.EB,
t=1 s=1

where the distribution limit 72 ZSTZI 25Z. <, B follows from the same argument as
in the proof of the denominator.

Finally, as far as the term C' of the numerator is concerned we have

T T T T
C = -T- 3222’547” (s,1) ZZ~2’£ st—T’?’ZZES%mt

s=1 t=1 s=1 t=1

T T
Ty N a8,
s=1 t=1
= I+ I1I+1IT+1V.

From Lemma B.4 in Bai (2004) we have that

=0, (T_l)

I1=0,(T™).
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As far as terms I1] and IV are concerned, we have that

T T
I = n—lT—3§ § 7,825 eV

s=1 t=1

T T
= n_lT_?’E E z, 22l 3]

s=1 t=1

T T
= nt <T2Zzs,§;> = <T ZJ%;) =0,(1),
s=1 t=1

and

Thus, the limiting distribution of C' is determined by /7] and IV, and we have

T T
I = n (T2Zz55;> = ( el 2)
s;l ;
nt (T—szszg> = Z W
s=1

Gt Zt — Zt ]
< B U AW, W' + n_lQeEB} ,

-1

t=1

and

v 4t { / W,dW! + n‘lBE’Qe} =B.
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Combining the results above, the distribution (42) is

T (EPC — E) 4, U AW W! +n Q2B — n ' BZ (/ dW W, + n_lQeEB)
—nt ( / W.dW,! + nlBE’Qe> EB} B!
— (/ dWEWZ’> B4+ n 0= — n—lBE’/dWewgB—l

—n2BEQ.E —nt / W.dW'E — n 2B='Q,E.

Proof of Theorem 5. Let by = I'f. Under H!,
1]l = ool + Rz = |lal| + Rr,

where
1 Y

i S S, —2
= e = )

which follows from applying Taylor’s expansion to ||b|| and that §7.I" = 0.
Moreover

Elp) = EJpo)l + Mool ~ Rrb'ey,

which follows from

bey  epep (b’eb)2 _3
eppol = 1o + - 7%,
o 1ol 208l 215 P(17)

and application of Taylor’s expansion to ||b]| .
Also, from 85I = 0 it follows a/b = a'by = ||a||>. We know from equation (37)

that R R
lal ||2]| (@) = all o) (a5)
Nal ||| 1t e

sin? (d, l;) = sin® (a,b) + [2 + 0, (1)]

with [l {[o] lall 1) = llal* + o, (1).
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As far as sin? (a, b) is concerned, we have

b
sin? (a,b) = 1_a—
(a,0) Tall TP
2
L
Tall Olall + Fr)
Rr 9
_ _0(T). (43)
el 70 =T

Consider the numerator ||| HIA)” (a'b) — ||a|l ||| (d’é), we have

[lall + ejay] [0l + gep] (@'b) — llall [|b]| [a'b+ ey + b'eq + £hen)

[lall + €] [lall + Br + eppo) + llboll " 8ey — Rebles] |lal|® —

lall [llall + Rr][a'b + a’ey + byeq + drpeq + €l

B L YA L R
- e o o
lal|® 65 (0 — €) + O, (T7%). (44)

Combining equations (43) and (44), we finally have

A Ry 1 aa’
sin2(d,b> = + €q — € '[I——} €q — €
[l Q= B Jal? & =) [ ] B m
2
———— 8 (ea — &) + O, (T7?) .
[l
Thus, the limiting distribution of D = sin(a, b) is
27 d H(SHZ ]' */ (ICLI * 1 %
T°D = 5+ Q7 It — —= | Q" — 50'Q".
all®  lall all al

Proof of Theorem 6. We prove the Theorem, merely for the sake of the
notation and with no loss of generality, by considering alternative hypotheses H; of
the form

leb:F'6+5,
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where the k-dimensional vector § is, as in the local alternative case, orthogonal to
[, ie 0T =0. Let by = I"3 and k = ||]| / ||a]|. From condition 6'T" = 0, under Hj,
a = by and

1]l = [1bol| V1 + &2 = ||a|| V1 + E2.

Therefore, it holds that

D = sin®(a,
B Qmmwo
- 1+k: > 0. (45)
We know that
D = sin’ (& i))
= sin®(a,b) + {COS (d, Z)) + cos (a, b)] [cos (a,b) — cos (d ]
% lall {{B]| (a'b) — l|all Ib]] (@'
= T + [2cos (a,b) + o, (1)] H 2 H H Ll 1ol ( )
From equation (45) it follows that
cos (a,b) = ! (46)

itk

As far as the term

lal ||| (@) = lall 18] (@3)
lal {|o] il 101

is concerned, we have, with respect to the denominator and after Slutsky’s theorem

lall® [[BII* + 05 (1)

lal {|2] el 1

= Jlaf|* (1 + &) + o0, (1). (47)
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As far as the numerator is concerned, we have

[l + g (161 + <] (@) = lall 18] o' + a'e, + Y, + <l
= [eoll + €] [Iboll VI RZ + ] 100>
[0l VI 2 [[lboll? + byes + by + e + 1]

— [lbo? [||b0|| VI F K2 + boll gjo) — V1 + K20 (Byey + byea + 6'24) + O, (T—2)] .

Recalling the definitions of €, and ¢ given in equations (38) and (39) respectively,

we have
1 de , _
1bo]” [(m —V1+ k2> boes + \/Tbk:? —VI+k% sa] +0, (T7?)
= 0,(T).

Combining this with equations (45), (46) and (47), we obtain

~ ]{}2 2 €y k’Q
D= 5 ) -y 7
1+k2+||b0||2{ (1+k2 5) 1+ k2 061’}“)?( )

where

2 / 24 k? / -1
& F S - 71 .
b0 [5 (1+k2 ) it = ()

Proof of Theorem 7. To prove the theorem, consider the following pre-
liminary result which states the distributional equivalence between the quantities
T <(:)OLS — @) and T’ (@PC — @) with their bootstrap counterpart T (@* - (:)OLS>
and T (@* —er C) respectively.

Lemma A.1 Consider the estimators ©°LS and ©FC of © and their linear
transformations ©°FS and ©FC defined in Step (1.1) of the bootstrap algorithm. Let
©* be the bootstrap estimator for ©°FS and OFC, and define the limiting distribution

of T <éOLS — @) and T <éPO — G)) as Z85 and ZEC respectively. Then it holds
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that
T <@* _ éom) d Z9L5

and

r(6r - 60%5) 4 7°

Proof. We distinguish the case of z;s observable from that in which the z;s are
unobservable.

The case of z;s observable. The proof is based on the three following steps: (1)
we derive a strong approximation for the limiting distribution of the partial sums of
the process 7,,; (2) we derive the strong approximation for the bootstrap counterpart
Mes (3) we extend these results to the limiting distribution of processes w; and ;.

(1) Define S, (r) = T-1/23°1) Ny Assumption 3(i) ensures that an invariance
principle holds such that S, (r) 4w (r), where W (r) is a Brownian motion. Fol-
lowing Sakhanenko’s (1980) and Park (2002), for some [ > 2 and for any 6 > 0, the

following strong approximation holds

P{ s 1,00 < W) 2 6} < 72 (Bl

0<r<1

where K is an absolute constant depending only on /.

(2) Define Sy (r) = T2 ZE;J Ny Similarly:

P{ sup | Sk (r) =W (r)| > 5} < TVIPK, {E Mot l} .
0<r<1

Thus, from our resampling scheme

l
E

1 T
Mo it = 7 D T
t=1

P
:TZ
t=1

Assumption 3(i) and the law of large numbers ensure that F ‘n;tv < 00.

o6



Hence, as T' — oo

P{ sup | Sy (r) — W (r)| 25} =0

0<r<1

This proves the strong approximation is valid for the bootstrap ny,.

(3) Following Chang, Park and Song (2006), the bootstrap invariance principle
for ny, carries over to w; provided that the U, are consistent estimators for Uy
Assumption 3(ii) ensures that U, is a consistent estimator for ¥;. See also Chang

and Park (2002, 2003).

T (G)OLS - @) KA (/ dwag) (/ WZWZ’) _1,

where By, is the Brownian motion associated with the partial sums of é;.

It holds

Thus, it holds:

T (@* - éOLS) 4, </ dBWWZ’) (/ WZWZ’) o

The use of the continuous mapping theorem leads to equation (35), under the null,
for the case when z; is observed.

The case of z;s unobservable. Though this part of the proof is similar to the case
where z; is observable, however in this case the error term w; also contains the extra
component © (z; — 2;), which leads to different asymptotics. It is natural in this case
to derive the proof directly for ;.

From (34), we know that
Wy =0"% +é.

Since in this case the bootstrap estimator ©* is given by

T

T 1
T/ ox/ ~x ~x/
E:Wtzt] [E:tht] )
t=1

t=1

o =
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we have .
—er¢ = [Z é;‘z;'] [Z 5;2:’] : (48)
t

(1) Define X (r) = T~4/2 ZLTTJ w; and X (r) the corresponding limiting distrib-
ution as T — oo, i.e. Xr(r) 4 X (r). Markov inequality ensures that, for any § > 0

and some [ > 2

P{ sup. [ X (r) = X (1)) > 5} <5 'E [ sup [ Xr (r) = X <r>@ .

0<r<1 0<r<1

From martingale theory, we have

E { sup |Xr(r) — X (r)|l] <ar{B|TPa) =12 B a'},

0<r<1

where ¢; is an absolute constant. Thus,

p{ sup | Xr (r) — X ()] > 5} < gl {E |u~)t|l} .

0<r<1

This result provides an assessment of the rate of convergence of X7 to its limiting
distribution X and mimics the strong approximation result in Sakhanenko (1980)
used by Park (2002).

(2) In the same fashion, define X (r) = T/ tLTgJ Wy, we can write a similar

result as above

P{ sup | X7 (r) — X (r)] > 5} < 67TV E

0<r<1

and from our resampling scheme we have

1 < 1 &

~x1l ~ ~

E]wt|:TE wt_fg Wy
t=1 t=1

Give that @} = [}, A2}']’, in order to prove that F \zbﬂl is finite we need to show
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that both E|é|' and E|Az;|" are finite. Assumption 3(i) ensures that & has finite

4th moment, and therefore

1 < l

~x |1

E]et :TZ
t=1

1 I
ét_ftz_;ét

is finite.
As far as E|Azf| is concerned, let us consider the quantity 77" Y1 |AZ],
where A% = A%, —T71 ZtT:1 A%, and let Az, = Az —T1 Zthl Az;. Thus we have

that
L I
PGl - LY jan| -

T
1

IN

T T
1 1
TE :|A2t|l+f§ Az — Az (49)
t=1

We have that the first term in the inequality above, -1 3/ |AZ|', is finite from
Assumption 3(i). As far as the second term, T-' 37 | |AZ, — Az|"is concerned, we

have

T T
Az — Az = T2 AZAAe) +T72Y Az Ael'ZAz

s=1 s=1

T
+72 Z AZAZEN

s=1
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and

T T T T
ST AzAdrAd| = ||IT Y Az TS ||Ad
t=1 s=1 t=1
— o(r"?),
1 T ! T ! T
TZ T AZAYEAZ| = T AZAL | 771 24z
t=1 = s=1 t=1
— 0T,
L I T ¢ T { T
T AZAZEA"| = | T Y AZAL TN A I
t=1 s=1 - =1
= o(1T77). (50)

Therefore, we have that £ |AZf

From (49) and (50), the vector E |@;| is finite.
As T — oo,

P {Os<1:1<)1 X5 (r) = X ()] > 5} = 0. (51)

This result jointly with continuous mapping theorem prove that numerator in (48)
is T~ 2Zt1~*~*l_>fwwl

As far as the numerator in (48) is concerned, we have

Zé;‘i:’fZe;‘z:’—i—Z@ P E 40 (1) (52)
t=

Expression (51) ensures a strong approximation result holds for the partial sums of
Zf, zf — Z and e;.
Therefore, continuous mapping theorem and consistency of the Us ensured by

Assumption 3(i1), lead to

T
T! Z@ 2z LS lp'BE U dW.W! +n"'Q.EB

t=1

I / Wdee’—kn‘lBE’Qe} =B, (53)
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which is the same result as for 771321 © (2, — 3,) 2.

Combining the results from equations (52) and (53), we obtain

T <@* o éPC) i)
r { / AW W' + 0 'Q.EB — n' BE' < / AW W! + n‘lﬁeEB>

—n! ( / W.dW! + n‘lBE’Qe> EB] B

which is the same as the distribution of T’ (@P c_ @) provided in Theorem 4. There-
fore, we have that T' (@* — (:)PC> and T (@PC — @) are equal in distribution. QED.

Lemma A.1 ensures the distributional equivalence between O°LS and O©FC with
their bootstrap counterpart ©*. Therefore, after the continuous mapping theorem,

letting

we have

-1

Ter % ( / WZWZ’> / W.dWs,
-1

Ter % (/ szg) /Wzdwg,

if the z;s are observable and

Ter 41U iy,
x d .
Ter — apfF 1L

if the z;s are unobservable, where f and II are defined in equation (23) and Theorem
4 respectively.

We can now prove equation (35) by analysing the asymptotic behaviour of D*.
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‘We have

D* = sin®(a*,b")
o 1) (5) — Jal
o 1 1)l 2]

(a*/b*)

= sin? (d, 5) + [cos (a*,b") + cos (d, 5)]
Since a* and b* are superconsistent estimators, by Slutsky’s theorem we have
cos (a*,b*) = cos < b) +0,(1),

and by definition of b we have

Therefore
? Jlam|l o7 — o™

ol +

Since

la[[ ]| — a™'b"

*/ _*

= (Hd” + €ﬁaH) (Hd” + Eﬁb”) — EL/B aEb — CL€ — &,

= lall efqy + Nall oy + lay€iley — @'et — d'el, — €3'ep
1 * * dd, * * —
we have that
N 1 wo| oL
*D* = ‘~ s(en—e) | e ——= | (eh—e;) + 0, (1)
b Hb

Lemma A.1 and the continuous mapping theorem ensure that equation (35) holds.

Note that since resampling was done under the null via the use of b, equation (35)
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is valid not only under the null but also under the alternative hypothesis H; (and

under the local alternatives H!). m
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