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Abstract

This paper considers panel data models with cross-sectional dependence arising from both
spatial autocorrelation and unobserved common factors. It derives conditions for model identi-
fication and proposes estimation methods that employ cross-sectional averages as factor proxies,
including the 2SLS, Best 2SLS, and GMM estimations. The proposed estimators are robust to
unknown heteroskedasticity and serial correlation in the disturbances, unrequired to estimate the
number of unknown factors, and computationally tractable. The paper establishes the asymp-
totic distributions of these estimators and compares their consistency and efficiency properties.
Extensive Monte Carlo experiments lend support to the theoretical findings and demonstrate
the satisfactory finite sample performance of the proposed estimators. The empirical section
of the paper finds strong evidence of spatial dependence of real house price changes across 377
Metropolitan Statistical Areas in the US from 1975Q1 to 2014Q4. The results also reveal that
population and income growth have significantly positive direct and spillover effects on house
price changes. These findings are robust to different specifications of the spatial weights matrix

constructed based on distance, migration flows, and pairwise correlations.
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1 Introduction

The past decade has seen a growing attention to panel data models with cross-sectional dependence,
which refers to the interaction between cross-section units such as households, firms, regions, and
countries. Researchers have become increasingly aware that ignoring cross-sectional dependence in
panel data analysis could lead to inconsistent estimates and misleading inferences. The interdepen-
dence among individual units is prevalent in all kinds of economic activities. It could arise from
common factors that influence a large number of economic agents, such as technological change and
oil price fluctuations. It could also originate from certain explicit correlation structures formed by
spatial arrangements, production networks, and social interactions. Accordingly, two main model-
ing approaches have been proposed to characterize this phenomenon: the common factor models
and the spatial econometric models. In the former, cross-sectional dependence is captured by a
number of observable or latent factors (or common shocks); in the latter, it is represented by spatial
weights matrices typically based on physical, economic, or social distance. Although describing the
same phenomenon, these two strands of literature have been developing separately, with different
sets of assumptions and emphases. Therefore, efforts are called for to investigate the connections
and differences between these two modeling approaches.

This paper aims to bring together factor and spatial models for a unified characterization of
cross-sectional dependence. The main contributions of the paper are twofold. First, it considers
a joint modeling of the two sources of cross-sectional dependence in panel data models: common
factors and spatial interactions. It establishes identification conditions and proposes estimation
methods for the joint model. Second, the paper provides a detailed empirical application to house
price changes in the US and finds strong evidence of spatial effects. The empirical findings are
robust and could carry important policy and business implications.

Specifically, our model specifications allow the common effects to be unobservable and the
spatial dependence to be an inherent property of the dependent variable. We begin by deriving the
identification conditions for the joint model. In particular, a simple necessary condition is provided,
which is both verifiable and of practical relevance, especially for large sparse networks. We then
propose a number of estimators for the model and establish their asymptotic distributions. We are
faced with two major challenges in devising an estimation strategy. One is related to the unobserved
factors, and the other is associated with the endogenous spatial lags of the dependent variable. The
estimators developed in this paper approximate the unobserved factors by cross-sectional averages
of the dependent and independent variables, and then utilize instrumental variables and other
moment conditions to resolve the endogeneity problem. These estimators do not require estimating
the number of factors, which is well known to be a challenging task. Moreover, they are robust to
both heteroskedasticity and serial correlations in the disturbances, and they are computationally
attractive. We show that the proposed estimators, including the two-stage least squares (2SLS),
Best 2SLS, and generalized method of moments (GMM) estimators, are consistent as long as the
cross-section dimension (N) is large, irrespective of the size of the time series dimension (7).

Furthermore, they are asymptotically normally distributed without nuisance parameters, provided



that T is relatively smaller than N, as both N and T tend jointly towards infinity. The Monte
Carlo simulation results support the identification conditions. A series of detailed experiments also
demonstrate the satisfactory finite-sample properties of the proposed estimators.

The proposed estimation methods are applied in order to analyze changes in real house price
the US across 377 Metropolitan Statistical Areas (MSAs) from 1975Q1 to 2014Q4. The study
demonstrates the importance of the effective removal of common effects in evaluating the strength
of spatial connections. It documents significant spatial dependence in house price changes. It
also shows that population and income growth significantly increase house price growth through
both direct effect and spillover effect. These findings are fairly robust to various specifications
of the spatial weights, including weights based on distance, on migration flows, and on pairwise

correlations of the de-factored observations.

Related Literature The theoretical analysis in this paper belongs to a recent and growing
literature on panel data models with cross-sectional dependence (CSD). Chudik et al. (2011) intro-
duce the notions of weak and strong CSD. Applying these concepts, a spatial model can be shown
to be a form of weak CSD, whereas the standard factor model represents a form of strong CSD
(Pesaran and Tosetti, 2011; Bailey, Holly, and Pesaran, 2016). Bailey, Kapetanios, and Pesaran
(2016) propose measuring the degree of CSD by an exponent of dependence, which captures how
fast the variance of the cross-sectional average declines with the cross-section dimension, N. Using
this exponent of cross-sectional dependence, Pesaran (2015) further discusses testing for weak CSD
in large panels.!

The characterization of CSD is divided into two areas of writing. On the one hand, there is a
large body of literature on common factor models. Recent contributions on large panel data models
with common factors include Pesaran (2006), Bai (2009), Bai and Li (2012), and Moon and Weidner
(2015), just to name a few. Our study is particularly related to an influential paper by Pesaran
(2006), who develops Common Correlated Effects (CCE) estimators for panel data models with
multifactor error structure. The basic idea behind the CCE estimators is to filter the unobserved
factors with cross-sectional averages. In follow-up studies, Kapetanios et al. (2011) show that the
CCE estimators are still applicable if the unobserved factors follow unit root processes; Chudik and
Pesaran (2015a) extend the estimation approach to models with lagged dependent variables and
weakly exogenous regressors.

On the other hand, the present paper also draws from the spatial econometrics literature.? Two
main classes of methods have been developed to estimate spatial models: the maximum likelihood
(ML) techniques (Anselin, 1988; Lee, 2004; Yu et al., 2008; Lee and Yu, 2010a; Aquaro et al., 2015),
and the instrumental variables (IV)/GMM approaches (Kelejian and Prucha, 1999, 2010; Lee, 2007;
Lin and Lee, 2010; Lee and Yu, 2014). The estimation strategy in the current article is related to

and builds on the GMM framework. Regarding the identification conditions of spatial models, a

'For overviews of the literature on panel data models with error cross-sectional dependence, see Sarafidis and
Wansbeek (2012) and Chudik and Pesaran (2015b).

2Comprehensive reviews of spatial econometrics can be found in books including Anselin (1988) and Elhorst (2014).
Also see the survey article by Lee and Yu (2010b) for the latest developments in spatial panel data models.



systematic discussion is provided in a recent study by Lee and Yu (2016) under the assumption
that the sample size is finite. Aquaro et al. (2015) also conduct a detailed investigation of the
identifiability of spatial models with heterogeneous coefficients. The present paper sheds new light
on the identification of spatial models with factors, and it shows that the conditions in Lee and Yu
(2016) cannot be applied when N tends to infinity.

The current paper is most closely related to a number of more recent studies that consider
both common factors and spatial effects. Pesaran and Tosetti (2011) consider models where the
idiosyncratic errors are spatially correlated and subject to common shocks. Bai and Li (2014) specify
the spatial autocorrelation on the dependent variable while assuming the presence of unobserved
common shocks. They advocate a pseudo-ML method that simultaneously estimates a large group
of parameters, including the heterogeneous factor loadings and heterogeneous variances of the
disturbances. A similar approach is considered by Bai and Li (2015) for dynamic models. Other
studies within the ML framework include Shi and Lee (2017), and Lu (2017). However, besides
computational complexities, the ML methods are not robust to serial correlation in the errors, and
they require knowing or estimating the number of latent factors.® Instead of estimating the two
effects jointly, Bailey, Holly, and Pesaran (2016) propose a two-stage approach that extracts the
common factors in the first stage and then estimates the spatial connections in the second stage.
Nonetheless, a formal distribution theory that takes into account the first-stage sampling errors is
not yet available.

The empirical investigation in the present paper is concerned with the spatial dependence in
house prices. The phenomenon that house price variations tend to exhibit spatial correlations has
received increasing attention from economists over the past two decades, although little consensus
has been reached regarding the spatial transmission mechanism. Possible explanations include
migration, equity transfer, spatial arbitrage, and spatial patterns in the determinants of house
prices (Meen, 1999). Researchers have obtained evidence on the spatial spillovers of house prices
in the US at different levels of aggregation using various methods.* For example, Pollakowski and
Ray (1997) examine nine US Census divisions as well as the New York metropolitan area using a
vector autoregressive (VAR) model. Brady (2011) focuses on the diffusion of house prices across
a panel of California counties by means of impulse response functions. Holly et al. (2010) analyze
US house prices the State level using a spatial error model, where the importance of spatial effects
is evaluated by fitting a spatial model to the residuals from a CCE estimation procedure. Brady
(2014) also consider State level house prices but utilize spatial impulse response functions from a
single-equation spatial autoregressive model. The current paper focuses on the extent to which
house prices are interdependent among near 400 Metropolitan Statistical Areas (MSAs) in the US.
Little research has investigated this issue at the MSA level. One exception is the study undertaken

by Cohen et al. (2016), who incorporate geography into an autoregressive model via cross-lag effects

3Much is written on estimating the number of unobservable factors. See, for example, Bai and Ng (2002) (2007),
Kapetanios (2010), and Stock and Watson (2011).

“International evidence on the spatial interconnections of house prices are provided by Luo et al. (2007) for
Australia, Shi et al. (2009) for New Zealand, and Holly et al. (2011) for the UK, just to name a few.



and do not employ a spatial econometric approach.’ Our empirical analysis is closely related to the
inquiry by Bailey, Holly, and Pesaran (2016), who examine MSA level house price changes with a
two-stage procedure. In comparison, besides using more recent data on updated MSA delineations,
the present paper adopts a different estimation approach that jointly considers common factors
and spatial dependence. It also explores the direct and indirect effects of possible determinant
variables on house price growth. Another contribution of this paper involves the specification of

spatial weights matrix based on migration flows.

Outline of the Paper The rest of the paper is organized as follows. Section 2 specifies
the model and describes the idea of approximating the unobserved factors with cross-sectional
averages. Section 3 investigates the identification conditions. Section 4 establishes the asymptotic
distributions of the 2SLS, Best 2SLS, and GMM estimators. Section 5 reports the Monte Carlo
experiments for the identification and estimation experiments. Section 6 presents an empirical
application to US house prices, and finally, Section 7 concludes. The Appendix provides proofs of
the main theorems and further details on data sources and variable transformations. The Online
Supplement contains a list of lemmas used in the main proofs, and derivations of the identification
conditions. The Supplement also gives additional results of Monte Carlo experiments and further

empirical findings.

Notations
For an N x N real matrix A = (a;5), ||A|| = Vir(AAY), ||Allx = 11211;22%2?:1 lasj,n| and
[|A]l1 = max Zfil |a;j| denote the Frobenius norm, the maximum row sum norm and maximum

1<j<N
column sum norm of matrix A, respectively. We say that the row (column) sums of a (sequence

of) matrix A are uniformly bounded in absolute value, or A has bounded row (column) norm for
short, if there exists a constant K, such that |[[Allcc < K < oo (||A]]1 < K < o0) for all N. vec(A)
is the column vector obtained by stacking the columns of A. Diag (A) = Diag (a11,a22,...,aNN)
represents an N x N diagonal matrix formed with the diagonal entries of A, whereas diag(A) =
(a11,a99,...,any)" denotes an N x 1 vector. Amax(A) and Apin(A) are the largest and smallest
eigenvalues of matrix A, respectively. ¢r(A) denotes the trace of matrix A, and det(A) denotes
the determinant of A. © stands for the Hadamard product, and ® is the Kronecker product.
(N,T) Iy 50 denotes joint convergence of N and T'. Let {zx}7_, be any real sequence and {yn}x_;
be a sequence of positive real numbers; we adopt the Landau’s symbols and write zxy = O (yn)
if there exists a positive finite constant K such that |zy| < Kyy for all N, and zny = o(yn) if
ZN/yn — 0 as N — oo. Oy(.) and o0p(.) are the equivalent stochastic orders in probability. |z|

denotes the integral part of a real number x. K is used generically for a finite positive constant.

®Cohen et al. (2016) also use a house price index different from ours. Specifically, the authors adopt the consolidated
house price index by the Office of Federal Housing Enterprise Oversight (OFHEO) that covers 363 MSAs over the
period of 1996-2013.



2 The Model and Assumptions

Consider the following spatial autoregressive (SAR) model with common factors,

vit = pysy + B'xi + Yift + e,

, 1)
xit = Ayt + v,

fori=1,2,...,N,and t = 1,2,...,T, where y;; is the dependent variable of unit ¢ at time ¢, and
Yy = Z;V: | Wi;Yjt, which represents the endogenous interaction effects (or spatial lag effects) among
the dependent variable. The matrix W = (wj;) v, v i a specified spatial weights matrix of known
constants. It characterizes neighborhood relations, which are typically based on a geographical
arrangement or on socio-economic connections of the cross-section units. The parameter p captures
the strength of spatial dependence across observations on the dependent variable and is known
as the spatial autoregressive coefficient. The k x 1 vector x; = (i1, Tit,2, - . - ,ZL‘it’k)/ contains
individual-specific explanatory variables, and 3 is the corresponding vector of coefficients, where k
is assumed to be a known fixed number. The variables e;; and vy = (vig1, Vit,2, - - - ,vit,k)/ are the
idiosyncratic disturbances associated with y;; and x;; processes, respectively. The m x 1 vector f; =
(fits fot, -+, fmt) represents unobserved common factors, where m is fixed but possibly unknown.
The factor loadings ~; and A; capture heterogeneous impacts from the common effects on cross-
section units.® Overall, the term pys, captures the spatial effect, while «f; captures the common
factor effect. The latter is also referred to in the literature as an interactive effect, since it can
be viewed as a generalization of the traditional additive fixed effect. The parameters of interest
throughout this paper are § = (p, ,6')/.

In model (1), the explanatory variables are specified so that they can be influenced by the same
factors that affect the dependent variable. Such a specification is reasonable in practice and has
been considered in studies including Pesaran (2006) and Bai and Li (2014). Also note that this
model can be readily extended without additional complication to include observable factors such
as intercepts, seasonal dummies, and deterministic trends;’ here we focus on unobservable factors
to facilitate exposition.

To cope with the unknown factors in model (1), we replace them with cross-sectional averages
of the dependent and individual-specific independent variables, following the idea pioneered by
Pesaran (2006). To see why this approximation works for the SAR model, we begin by rewriting
model (1) as follows:

( yit — P X jer wigyse — B'Xit

Xit

) = @lzft + U;¢, (2)

where ®; = (v;,A;), Wy = (e, v};) . Then, stacking (2) by individual unit for each time period,

5The heterogeneity in factor loadings may arise, for example, from differences in endowment, technical rigidities,
or innate ability.
"See Remark 2 of Pesaran (2006).



the model can be expressed more compactly as
A(p,B)zy=®f, +u,;, fort=1,2,...,T, (3)

where z; = (24,,2h,...,2"y,)" is an N (k+ 1)-dimensional vector of observations, with z; =
(yit,xgt)/, P = (<I>1,<I>2,...,'I>N)/, u; = (u’lt,u’zt,...,uk,t)', and A = A (p,B) is a square ma-
trix, of which the (4, )" subblock of size (k + 1), for 4,5 = 1,2,..., N, is given by

1 -3 —pw;; 0 L,
Aii = 5 if i = '; and Az = J 5 if 4 .
< 0 I > g ! ( 0 0 ) 7

The way of stacking the equations in (2) follows that in Bai and Li (2014), who show that A~! =
A~ (p,B) exists and its (i, §)™" subblock is given by®

B Sis guﬁ’ ) ) B Sis g,.ﬁ’ ] )
ATl — wonn Jifi=4j; and Al = T , if 4 , 4
= ( 0 1 j by o o #J (4)

where 3;; denotes the (i, 7)!" element of S7! (p), and S (p) = Iy — pW. The inverse of S (p) exists
under certain regularity conditions, which will be discussed later. It then follows from (4) that (3)
is equivalent to

z,=A""(®f, +u,) =Cf +ey, (5)

where C = (A_l‘l>), and e; = A lu, = (€4, €y, - ,e’Nt)/ are the transformed new error terms.

Now letting ®, = N_IT/N ®Ik4+1, where Ty is an N x 1 vector of ones, it is easily verified that
Z;=0uz: = (Jt, i{t)/7 where §; = T~} Zfil yi and Xy = T71 Zf\il X;t. As shown,®, is a matrix
that operates on any N (k + 1)-dimensional vector that is stacked in the same order as z; and
produces an k x 1 vector of cross-sectional averages. Similarly, we have € ; = @,€; = 71 ZZJ\L 1 Eit-
Premultiplying both sides of (5) with ©, yields

z,=C'f, + €, (6)
where
~ N N N
C=(0,C)' =N" > 5 (v;+A;8), D Ajl|, (7)
i=1 j=1 j=1

Assuming that C has full row rank, namely, Rank((_J) =m < k+ 1, for all N including N — oo,
we obtain

f, = (CC') 7'C(z, —e4). (8)

The task now is to show that €; diminishes for sufficiently large N. We establish in Lemma A2

that €, converges to zero in quadratic mean as N — oo, for any ¢. It follows from (8) that f; can be

8See Lemma A.1 of Bai and Li (2014).



approximated by the cross-sectional averages z; with an error of order O,(1/v/N). More formally,
we have

£, & (CoCy) 'Cozs, as N — oo, (9)

where

_ § 0
Co= lim C=[E(v,),E(A)] | _ :
)= Jim ©=[E(). E( >](§B Ik)
N N
§:N_1T§VS_1(,0)TN:N_lzz,éij.

i=1 j=1

It is clear from (9) that z; serve fairly well as factor proxies as long as N is large.® Note that the
use of equal weights in constructing the cross-sectional averages is nonessential to the asymptotic
analysis, which can be readily carried through with other weighting schemes satisfying the granu-
larity conditions.!® Thus, the current paper will focus on simple cross-sectional averages for ease
of exposition.

To facilitate formal analysis, it is convenient to define the infeasible de-factoring matrices (or

residual maker) as follows:
M; =1y - F (FF) F, M}=M;ly, (10)

where F = (fi,f5,...,fr)" is a T x m matrix of unobserved common factors, and (F'F)~ denotes the
generalized inverse of F'F. The observable counterparts of (10) that utilize cross-sectional averages

are given by

M=1Ir-Z(ZZ) Z, M'=M®]ly, (11)
where Z = (z1,%2,...,z7) . Note that Ml} and M? are de-factoring matrices of NT dimension that
operate on the observations stacked as successive cross sections, namely, Y = (y';,¥/5,. .. ,yfT)/

and X = (X'}, X/, ... ,XfT),, where v+ = (yit, %21, ..., ynt) and X; = (X14,X2t,...,Xn¢) , for
t=1,2,...,T. Throughout this paper, K is used generically to denote a finite positive constant.

In order to formally analyze model (1), we will make the following assumptions:

Assumption 1. The unobserved common factors f; are covariance stationary with absolutely

summable autocovariances, and they are distributed independently of e;y and vy for all i, t, t'.

. .« 7 . !
Assumption 2. The idiosyncratic errors, ui = (e, v},)', are such that

(i) For each i, e and vy follow linear stationary processes with absolutely summable autoco-
variances: ey = Y o0 auCiz—1 and viy = > o0 BuSii—1, where (Gi,shy)" ~ IID (Ogy1,Ikt1)
with finite fourth-order moments. The errors ey and vy are distributed independently of

9In practice, it may also worth including 7; as factor proxies if % is not highly correlated with 7;, where g} =
D DAY
199ee Assumption 5 in Pesaran (2006).



each other, for all i,7,t,t'. In addition, Var (ey) = Y jopas = 02 < K and Var (vy) =

i

SR Ball =%, < K, where 02 > 0 and £, is positive definite.
(i) The error term e has absolutely summable cumulants up to the fourth order.

Assumption 3. The factor loadings, v, and A;, are independently and identically distributed
across i, and independent of eji, vji, and £y, for all i, j, and t. Both ~; and A; have fized means,
which are given by v and A, respectively, and finite variances. In particular, for all i, v; = v +mn;,
n; ~ 11D (0,9,), where Q, is a symmetric non-negative definite matriz, ||v|| < K, |A|| < K, and
1€, ]| < K.

Assumption 4. The true parameter vector, g = (p(), ﬁg)/, is in the interior of the parameter space,

denoted by Asp, which is a compact subset of the (k + 1)-dimensional Euclidean space, RF+L.
Assumption 5. The matriz C, given by (7), has full row rank for all N, including N — oo.

Assumption 6. The N x N nonstochastic spatial weights matriz, W = (w;;), has bounded row

and column sum norms, namely, ||W||o < K and ||[W|[1 < K, respectively, and
ol < max {1/|[W][1, 1/[[Wl]oo }

for all values of p. In addition, the diagonal entries of W are zero, that is, w;; = 0, for all
1=1,2,...,N.

Assumption 7. The N x q matriz of instrumental variables, Qy, fort =1,2,...,T, is composed
of a subset of the columns of (X,t,WX,t,WQX,t, .. .), and its column dimension q is fized for all
N and t. The matriz Q = (Q'1,Qy, ..., Q'}) represents the IV matriz of dimension NT x q.

Assumption 8. (i) There exists Ny and Ty, such that for all N > No and T > Ty, the matrices
(NT)' QM*Q and (NT)™! QMY Q exist and are nonsingular.

(7t) The matriz plimy 700 (NT)f1 (Q’MI}LO) s of full column rank, where Lg = (GgXﬁ, X),
Gg =Ir ® Gg, and Gg = ws! (po)-

(iii) E|xit7p|2+5 < K, for some 6 > 0, and for alli = 1,2,...,N, t = 1,2,....,T, and p =
1,2,... k.

Remark 1. An attractive feature of the model is that it allows for the presence of both het-
eroskedasticity and serial correlation in the disturbance processes, as stated in Assumption 2.'!
The asymptotic analysis in the current paper is conducted under this fairly general configura-
tion, and the theoretical findings are corroborated by Monte Carlo evidence. Note that Assump-
tion 2(ii) is only made for the limit theory of the GMM estimator. Under Assumption 2, we
have Var (u;) = 3, = Diag (Xy1,242,...,2,n) and Var (uy) = 3, ; = Diag (U?,EUVZ'), for
t=1,2,...,N; both 3, and 3, ; are block-diagonal matrices.

1 This model can be further extended to accommodate spatial correlations in the error processes.



Remark 2. The assumptions on the factors and factor loadings (Assumptions 1 and 3) follow the
specifications in Pesaran (2006). The compactness of the parameter space in Assumption 4 is a
condition to facilitate the theoretical analysis of the GMM estimation. This condition is usually
assumed when the objective function for an estimator is highly nonlinear. The rank condition in
Assumption 5 is imposed for analytical convenience and can be relaxed following similar arguments
as in Pesaran (2006).12

Remark 3. Assumption 6 ensures that S(p) is nonsingular for all possible values of p, where S(p) =
Iy —pW. To see this, note that S(p) is invertible if [Apmax (/W) | < 1. Since Amax (W) < |p|||W |1
and Amax (0oW) < |p|||W/]|oo, therefore S(p) is invertible if |p| < max {1/||W]||1,1/||W||so}. As-
sumption 6 also implies that S™1(p) is uniformly bounded in row and column sums in absolute

value for all values of p, since

1

IS7Hh = |In + pW + " W2 |1 < 1+ [pl[[W] + [P [[WI[T + ... = T WL
= loll[W1]y

K,

and similarly, it can be shown that ||S™!||oc < K. The uniform boundedness assumption is standard
in the spatial econometrics literature. It essentially imposes sparsity restrictions on W so that the
degree of cross-sectional correlation is manageable. As we shall see, this assumption plays an
important role in the asymptotic analysis. Also note that W need not to be row-standardized so
that each row sums to unity, which is often performed in practice for ease of interpretation. If all
the elements of W are non-negative, row-standardization implies that y}, is a weighted average of
neighboring values. Lastly, the zero diagonal assumption for the W matrix is innocuous and only
for notational convenience in discussing the GMM estimation. No unit has self-influence under this

assumption, which is clearly satisfied if W represents geographical distance or social interactions.

Remark 4. The spatially lagged dependent variable, v}, is in general correlated with the error
term. The selection of the instrumental variables in Assumption 7 originates from Kelejian and
Prucha (1998) for cross-sectional SAR models. This choice is motivated by the spatial power series

expansion of the expectation of the spatial lag (see Kelejian and Prucha, 1998, p.104).

Remark 5. Assumptions 8(i) and 8(ii) are the standard rank conditions for the 2SLS and GMM
estimators analyzed below to be well defined asymptotically. The existence of higher-than-second
moments in Assumption 8(iii) is required for the GMM estimation to apply a central limit theorem
(CLT) for the linear and quadratic form, which is an extension of Theorem 1 in Kelejian and Prucha

(2001). For the 2SLS estimations, the existence of the second moments would be sufficient.

3 Identification

Before discussing how to estimate the joint model (1), it is important to make sure that the pa-

rameters are identified. Since we are only interested in estimating § = (p, B')/, we will derive the

2 Also see Kapetanios et al. (2011) and Chudik and Pesaran (2015a) for discussions about the Common Correlated
Effects (CCE) estimators in the rank deficiency case.



identification conditions of § assuming the factors are known.'3 It should be noted that whether the
factors are observable will not affect the identification conditions. If there are unobserved factors,
replacing them with certain proxies will only affect the consistency and efficiency properties of an
estimator. Furthermore, as has been seen from (9), the unknown factors can be well approximated
by cross-sectional averages for all values of p and 8 under the given assumptions, with an approx-
imation error of order O,(1/v/N). Hence, the following analysis on the identification problem is
undertaken conditional on observable factors. We will begin by examining SAR models with factors
but without exogenous explanatory variables, x;;, and return to models with x;; afterwards.

Now let us consider the following model,
vie = pyl +Vifi+ew, i=1,2,... N; t=1,2,....T, (12)

where f; is an m x 1 vector of observable factors, and the errors e;; are assumed to be inde-
pendently and normally distributed with zero means and constant variances for all ¢ and ¢, i.e.,
eit ~ IIDN(0,0?), where 0 < 0 < K. Writing (12) in stacked form, we have

y,t:py_’;+1"ft—|—e_t, t:1,2,...,T,

where y% = Wy = (Yl Ysr - - - ,y}‘Vt)/, T = (v1,7,...,7y) is an N x m matrix of factor loadings,
and e; = (e1r,eat,-..,ent) . Define v = (71,75, ...,¥y)’s and let ¢, = (po,’yg,ag)/ denote the
true value of ¢ = (p, v, 02),. We adopt the most general identification framework based on the
likelihood function proposed by Rothenberg (1971). The (quasi) log-likelihood function of (12) is
given by

T
NT NT 1
L) = ——In(2m) - —zna +TinlS(p)| - 5 3 Z p)y.:—Tf] [S(p)y.: — T'f],

and it follows that

1 1, 1

1

0.2
T 202 { [0 = po. (v = 70) 1By (p0,%0) [0 = po. (v = 70)']" + 7 [S5 'S (0)S' (S5 ] } ,

1 1 1, 1

where

T
H; (po,vp) = Z JoiJog), Jogr = ( GoILof;, Fy ), (13)

G(p) = WS™1(p), Go = G(py) = WS !, F; = Iy @ f/, and for the discussion of identification, we

use Fy to emphasize that the expectation is calculated using the true values of the parameters.

13The factor loadings are identified up to a rotation if factors are unobserved.
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Letting Qnr() = (NT) ™" Eo [l(y) — U()], where ¢ = (d,¢',9)', d = p— po, ¢ =¥ = o, and
¥ = (0% — 0})/0? < 1, we obtain

217 (GoGo)
N

ot (1 =) (d,¢") Hy(po.vp) (d,¢')" (14)

Onr () = — 2 [In(1 — 9) + 9] — %ln\IN G| — %(1 — 9)dtr (Go) + %(1 —9)d

_l’_

N~ N

Then, by a mean value expansion, and noting that 9Qn7(0)/0% = 0, we have Qn (¢) = %¢’Af7NT (¥) ¢,
where Ay nr(1p) = O*Qnr(1p)/0p1p’, a detailed expression of which is given by (S.15) in the Online
Supplement. 1 = (cz, Z”,@)l = [p—po, ¥ — 0, (6% — 08)/62]’, where p, 4, and &2 lie between 0
and po, 7o, 03, respectively. It follows immediately that for all N (including N — o) and all T,
the parameters 1 are locally identified if and only if Ayin [Af n7(0)] > 0, where Ay n7(0) is given
by (S.16) in the Online Supplement. This condition can be further simplified after some algebra.'*

We formally state the results in the following proposition.

Proposition 1. Consider the model given by (12). For all N (including N — o0) and all T', the

true parameter values po, g, and 0(2) are locally identified if and only if

tr (G3 + GoGy) _ 2tr (Go)? >0, (15)

g N N2

and T~1Eq (f£]) is positive definite.

Notice that model (12) reduces to a pure SAR model if there are no common factors; the iden-
tification condition would become hy, > 0, for all N' (including N — oo). This condition is in line
with the findings in a recent study by Aquaro et al. (2015), who investigate the identification of
a spatial model with heterogeneous spatial coefficients without factors. By replacing the hetero-
geneous coeflicients in their identification condition with homogeneous p, one would arrive at the
same inequality given by (15). To further our understanding of (15), we make the following four
observations.

First, it is worth pointing out that a necessary condition for (15) is that there exists an € > 0
such that

N~ (GoG{) > >0, for all N, including N — oc. (16)

To see this, using Schur’s inequality, tr(G2)/N < tr(GoG{)/N, we have

N N2

N N2

N N2

tr (G + GoGY)  2[tr (Go)l® _ {tr(GoGg> [tr<G0>12}+{tr(G3) [“"(Go)]Q}

tr (GoGY)  [tr (Go)]?
=2 N N2 '

14See the theory section of Online Supplement for details.
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Therefore, for (15) to hold it is necessary that

tr (GoGj) - [tr (Go))?
N N2 '

(17)

However, by the Cauchy-Schwarz inequality, we have tr(GoGh)/N > [tr(Go)]* /N2. To exclude
the equality, (16) is needed because tr(GoGy))/N = 0 implies tr(Go)/N = 0 for all N, including
N — oo. Also required for the strict inequality is that G cannot be proportional to Iy, namely,
Gy # cly for all ¢ # 0.

Second, under Assumption 6, a necessary and sufficient condition for (16) is that there exists
an € > 0 such that

N~ (W'W) > e >0, for all N, including N — oo. (18)

To see why, we note that Ayin [S'(p)S(p)] > 0, which immediately follows from the non-singularity
of S(p), and also

Amax [8'(p)S(p)] < [IS(p)I[11IS(p)llec < (1 + [pl[[WI[1) (1 + [pl[Wllo) < K < 0.

Therefore, we have Apax {[S’(p)S(p)]_l} < K < 00 and Apin {[S’(p)S(p)]_l} > 0. It then follows
that!®

iy oS ww)

—17 tr (W'W) tr (W'W)
g < / 1
N N = Ao [(SOSO) } N E TN
which establishes necessity, and
-1
tr(GyGy) 17 |(S0S0) " W'W] tr (W'W)

N N = Amin [(5680)71}

N )
which establishes sufficiency. As a simple necessary condition for identification, (18) does not
depend on any unknown parameters and can be easily employed to check identifiability in practice.

Third, (16) is both a necessary and a sufficient identification condition if pg = 0. This can be
seen by replacing Gog with W in (15) and by using tr(Gg) = 0.

Finally, it should be noted that the condition (18) requires N ~'tr (W/W) to be strictly positive
for N — oo. This is an important consideration because the distinction between strong and weak
cross-sectional dependence relies on N approaching infinity (Chudik et al., 2011). Notice that model
(12) can be seen as a special case of the spatial Durbin models if there are no common factors. Lee
and Yu (2016) investigates the identification conditions of these models but restrict their attention
to finite sample sizes. The authors conclude that the parameter pg is identifiable if I, W + W/,

and W/W are linearly independent. However, it is possible that this condition is met whereas

15For real symmetric matrix A and real positive semidefinite matrix B of the same size, we have Amin (A)tr(B) <
tr(AB) < Amax(A)tr(B).
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(18) is violated as N — oo. In such a case, our findings suggest that py cannot be identified. An
example is provided in Section 5.1 to demonstrate the necessity of (18) for identification.

We now proceed to include exogenous regressors x;; in (12) and consider the following model,
Yie = pyiy + B'%ir + vifi + eir. (19)

In contrast with model (1), here we assume that x;; are uncorrelated with f; for all ¢ and ¢, and e;; ~
IIDN(0,02). With a slight abuse of notation, we use the same letter ¢ to denote the parameters
of this model, ¢ = (p,,@’,’y',aQ)l, and their true values are denoted by ¢, = (po,,@6,’)’6,0’3)l.
By similar reasoning, we proclaim the following identification proposition, the proof of which is

provided in the Online Supplement.

Proposition 2. Consider the model given by (19), where x;; are exogenous and uncorrelated with
£, for all i and t. For all N (including N — oo) and all T', the true parameter values py and 0(2)
are locally identified if hy > 0, or/and if H (po,ﬁf)) is positive definite, where hg is given by (15),

H (po, 8)) = (NT) ™' Eo (LyLo) , (20)

Lo = (GgXﬂo, X) , and GY=1Ir® Go. (21)

Provided that po is identifiable, the parameter vector By is identified if (NT) ™" Eo (X'X) is positive
definite. The vector v, is identified if T~1Eq (f,£]) is positive definite.

Remark 6. Note that if H (po, ,66) is positive definite, both py and 3 are identified; if it is not,
the identification of py can be achieved by hy > 0. Comparing with the identification conditions for
the pure SAR model, including individual-specific exogenous variables x;; introduces an additional
means to identify pg; however, including common factors does not help. This is not surprising,

because common factors do not contain information regarding cross-sectional variations.

Remark 7. If there were no common factors, model (1) would reduce to a SAR model with
exogenous regressors. Proposition 2 provides the identification conditions of parameters pg, 3, and

08. Note that these conditions are valid even if N — oo.

Finally, let us return to model (1). Writing it in stacked form for each time period, we obtain
Yt :pyff—i—Xtﬁ—i—I‘ft—i—et, t= 1,2,...,T. (22)

Supposing that we are only interested in identifying pg and B, as is the case in the following
analysis, we can remove the effects of f; by premultiplying (22) with My. The identification

conditions can be established as a corollary to Proposition 2.

Corollary 1. Consider the model given by (1). For all N (including N — o0) and all T, the true
parameter value pg is locally identified if hyg > 0, or/and sz (po,ﬁg) is positive definite, where hg
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is given by (15) and H (po,ﬂg) is defined by
H(po, B) = (NT) " Ep (LyMj Lo ) . (23)

Provided that po is identifiable, the parameter vector B is identified if (NT)f1 Ey (X’MI}X) 18
positive definite, which is ensured sz (,00,[36) is positive definite.

4 Estimation

Having established the identification conditions, we now turn to considering the estimation of model
(1). We suggest three estimation methods, including the 2SLS, Best 2SLS, and GMM estimations.

This section formally establishes the asymptotic distributions of these estimators.

4.1 2SLS Estimation

The first estimation method we propose is the 2SLS estimation using the instrumental variables,
Q, as specified in Assumption 7. As before, 8o = (po, 3) denotes the true parameter vector. The
2SLS estimator of g, denoted by 32513, is defined as

bos = (L'PoL) 'L'PQY, (24)

where P = M'Q (Q’MbQ)_l QM?, L = (Y*,X) and Y* = (Ir ® W) Y. There are two ways to
interpret (24). One way is to de-factor the data with cross-sectional averages, namely, Y = MYY
and L = MPL, and then apply the standard 2SLS procedure to the de-factored observations Y and
L. Alternatively, the matrix M?Q can be directly considered as instruments.

We begin by showing that the 2SLS estimator, o415, is consistent as N — oo, for T fixed or
T — 00. To see this, note that

825ls — 00 = (L,PQL)il L/PQ [(IT ® Fo) f+ e] ,

and then

-1

VNT (32515 - 50) =

1 AV Y 1 INab - 1 I\ b
—L'M —Q'M — QM
Nt MQ (NTQ Q) FpAME

1 b 1 I\ b - 1 AV
X{NTLMQ(NTQMQ) WQM[(IT@@PO)He]}.
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Applying Lemma A6, we have
LQ'MZ’Q = LQ'MbQ%—O R +0
NT NT = PAN P

1 AV 1 AV 1 1
—QM’L = —QM: L — —
NT & N Mot O\ ) O\ U7 )
where Ly is given by (21), and it follows that

1 1 1 1
—L'PoL=—L.,Pp +L o, = O, —
NT Q NT 0 Q.rlo + P<N>+ P(m)?

~1
where Pg 5 = MS’CQ (Q’Ml} ) Q’Ml}. Under Assumption 8, plim (NT)_1 LoPg Lo exists and

N—oo

is nonsingular. Furthermore, we have shown in Lemma A6 that plim (NT)™' @’ Ml} [(Ip@Ty)f +e] =

R N—oo
0. As a result, 94 is consistent for dg, as N — oo.

For the asymptotic distribution of 32313, we show in Appendix A that as (V,T) Iy 50 and T/N —
0, the term (NT) Y2 Q'M? [(I; ® T) f] converges in probability to zero, and (NT)~ /2 Q'Mbe
tends toward a normal distribution. The relative rate of expansion of T and N is imposed to
eliminate the nuisance parameters from the limiting distribution.

The following theorem summarizes the limiting distribution of the 2SLS estimator.

Theorem 1. Consider the panel data model given by (1) and suppose that Assumptions 1, 2(i),
and 3-8 hold. The 2S5LS estimator, 325l5, defined by (24), is consistent for 8y, as N — oo, for T
fized or T — oo. Moreover, as (N,T) 2y 00 and T/N — 0, we have

I~ & d
NT (52818 - 50) — N (07 22315) ) (25)
where
Sosts = W p Qpe¥ by, (26)

W;pr, = plim (]\TT)_1 L()PQJ“LO, Q1 pe = ‘I’,QML\I’Z)}\/[QQQMB‘I’E)}VIQWQML’ (27)

N, T—o0
Youg = plim (NT)'QM4Q, ®qoup = plim (NT)™' QMjLy, (28)
N, T—oc0 N, T—00
N
Qqure = Jim (Nl ZQ,QMe> . Qugure = plim T Q) MyQe M, Q. (29)
o0 i—1 —00

Q.= FE(ee), and Q; = (Qi1, Qiz, - - -, Qir)"

A consistent estimator for the asymptotic variance matrix, Yoy, is given by

R 1 —1 R 1 -1
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where €7, p. can be obtained by a Newey-West type robust estimator as follows:

N
Qrre=N""> QiLpe, (31)
i—1
M, "
N A A N
Qirpe = Qippeo + 1; (1 A 1) (Qz‘LPe,h + ﬂiLPe,h) )

T

~ _ n A a ol

Qizpen =T7" E €it€it—nlitl; y_p,
t=ht1

where M; is the the window size (or bandwidth) of the Bartlett kernel, & = Mt (Y - LSQSZS) =

. N . IS / ~
(&),&y,...,&), & is the ¢ element of é;, L = PoL = (L{l,L{Q, . ,L{T) , and I}, is the i

row of L ;.

Remark 8. Although our interest lies in the parameters &, we can gain insight into the variability
of the factor loadings after obtaining estimates of 4. This can be done by regressing y;; — l;té on

— . . . . ! — — — /
z and an intercept for each cross-section unit ¢, where l;; = (y;,x},)’, and z; = (g+,%X/,)".

4.2 Best 2SLS Estimation

Having established the asymptotic distribution of the 2SLS estimator, the question then naturally
arises whether optimal instrumental variables are available for model (1). An instrument is consid-
ered optimal or “best” if it produces an estimator that has the smallest asymptotic variance among
all the IV estimators for the model. For cross-sectional spatial models, Lee (2003) suggests a best
generalized spatial 2SLS estimator, and he shows that it is asymptotically optimal under a set of
regularity conditions. In this section, we generalize this estimation procedure to spatial models
with common factors. Specifically, let 6 = (ﬁ,f)’) denote some consistent initial estimate of g,
possibly obtained by the 2SLS estimation described in the previous section. We will investigate if

the IV estimator, 31,2518 can achieve the smallest asymptotic variance for model (1), where
I\ A/ 1A */
Sizas = (Q7L) QY. (32)

Q =M’ KIT ® G) X3, X} : (33)

and G = G(p). We refer to dya45 as the best 2SLS (B2SLS) estimator and Q* as the (feasible)
best IV.

The intuition behind the formulation of Q* is to exploit the part of Y* that is uncorrelated with
the errors. To see this, suppose for simplicity that there are no common factors. The structural
equation (22) implies the following reduced form equation: y; = Sy lX‘t,BO +S, e, which further
leads to y% = GoX 8y + Goe;. It is readily seen that the term GoX 3 is correlated with y?*

but uncorrelated with e; given that X ; is exogenous. Since GoX 3, depends on the unknown
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parameters pg and B, a feasible IV for y% can be constructed as GXt,B Accordingly, the B2SLS
estimation can be implemented in two steps: first obtaining some preliminary consistent estimates
of the parameters, and then conducting an IV estimation using the best IV based on the first-step
estimates. A similar argument applies to model (1) with common factors. Equation (33) indicates
that in constructing the best IV, we need to filter out the common effects from the observations
using the de-factoring matrix MP?.

The following theorem states the asymptotic properties of the B2SLS estimator and shows
that it is the best IV estimator provided that the error terms are independently and identically
distributed. The proof is given in Appendix A.

Theorem 2. Consider the panel data model given by (1). Suppose that Assumptions 1, 2(i), and
3-8 hold and H(po, B) is positive definite, where H(po, BY) is given by (23). Then, the best 2SLS
(B2SLS) estimator, S1asis, defined by (32), is consistent for &y, as N — oo, for T fized or T — oo;
as (N,T) 2y 50 and T/N — 0, it has the following distribution:

VNT <3b2513 — 50) 4N (0, Xp2sis) (34)
where
EbQSZS = ‘I’Z}WLQLMe‘I’E}\/[La (35)

W= plim (NT) ' LiMYLo,
N,T—o0

N
Qrve = lim N_leiLMe , QirMe = plimT_ngiMer iMfLO i (36)
N—o0 im1 T—oo st ’ )
Lo is given by (21), Lo;. = (lo1,l042,- -, lor), and Lo is the [N (t —1) —I—i]th row of Lg. The

B2SLS estimator is the best IV estimator if the disturbances {e;;} are independently and identically
2

distributed with mean zero and variance o7.

Note that under Assumption 6, (Iy — pOW)f1 X By = Zévzl poW*X 18y. Hence, the term
GoX ;3 can be approximated by linear combinations of X ;3, WX ;3, W2X 03, .... Clearly, the
higher the power of W included, the better the approximation. However, the efficiency gain by in-
cluding more instruments may not be significant. In practice, the 2SLS estimator with instruments
(X,t, WX, WQX,t) is often found to perform well enough. The finite sample properties of 352515

will be compared with that of 32513 using Monte Carlo techniques in Section 5.

4.3 GMM Estimation

The third estimator we propose is the GMM estimator that utilizes quadratic moment conditions
based on the properties of the idiosyncratic errors in addition to the 2SLS-type linear moments.
The use of the quadratic moments for SAR models is proposed by Lee (2007) and later extended
by Lin and Lee (2010) and Lee and Yu (2014). The advantages of adopting the quadratic moments

lie both in improving efficiency and in making it possible to estimate the spatial autoregressive
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coefficient when there are no exogenous regressors. In this section, we show that this idea can be
extended to spatial models with common factors.
Specifically, we consider the following sample moment conditions, which consist of r quadratic

moments and ¢ linear moments:'6

¢ ()M PIM¢(9)
BT gmrpies) o
Q'M¢(5)
where M? is the de-factoring matrix defined by (11), £(8) is the vector of residuals given by
£(6) =[Ir®S(p)] Y — X8, (38)
and & = (p, B') represents the unknown parameters in the parameter space, A sp- Forl=1,2,...,r,

we define P? = Ir ® P;, where P; = (p;4;) is an N-dimensional square matrix with zero diagonal,
namely, diag (P;) = (pi11,pi22----pi,nn) = 0.

Intuitively, the idea behind the quadratic moments is to use some matrix P; to eliminate the
correlations among the elements of the idiosyncratic error e; in order to achieve zero expectations.
To see this, consider the simpler scenario where there are no common factors: the [ population

quadratic moment at d¢ will be reduced to

N N N
E (e'P%’e) = Z Zpl,jiE (ejej) = meE (ejei) =0,
i=1 j=1 i=1

where p; j; is the (j, i) element of matrix P;, and the last equality follows from the assumption
that diag(P;) = 0. It is worth noting that the moment conditions are built on the key assumption
of the cross-sectional uncorrelatedness between e;; and ejy, @ # j, for all ¢t and ¢'. Also note that
since we allow for unknown heteroskedasticity, we need all diagonal elements of P; to be zero in
order to remove the variances of e;; from the moments. By contrast, imposing ¢r(P;) = 0 would be
sufficient if e;; are homoskedastic (see, for example, Lee, 2007, and Lee and Yu, 2014).

The GMM estimator, dam M, is then defined as

daum = argmin ghyr (8) AN Alrgnt (6), (39)

dcAsy
where gy (6) is given by (37), and A%, is a constant full row rank matrix of k4 x (r+¢) dimension,
where k, > k + 1, and AR/, A% is assumed to converge to a positive definite matrix A"’ A. The

following additional assumption is needed for the asymptotic analysis of the GMM estimator.

We use the aggregated moment conditions over time instead of a moment condition for each period separately,
since the latter approach may induce the many-moment bias problem and is beyond the scope of the current paper.
See Lee and Yu (2014) for a discussion of this issue for spatial models.
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Assumption 9. The matrices Py, forl =1,2,...,r, used in the moment conditions given by (37),

are nonstochastic and have bounded mazimum row and column sum norms, namely, ||P|lcc < K
and HPlHl < K.

Theorem 3. Consider the panel data model given by (1) and suppose that Assumptions 1-9 hold.
The GMM estimator, dcin, defined by (39), is consistent for 8y as N — oo, for T fized or
T — oo. Furthermore, as (N, T) % co and T/N — 0, we have

VNT (8arar = 80) 5 N (0, Zann) (40)
where
Soum = (D'AYAYD) " D'AYAYS, A" A"D (D'A”A"D) ", (41)
D= (D), ¥gy;), Dy= ( dp, Opxi ) (42)
!/
71
dp_]\}gnoo (iz:gzzlgza 2922202’ .. Zgur z) , (43)
Eg — 21’ 0r><(k’+1) ’ (44)
0(k+1)><p QQMe
tr(ProP}) Xe] - tr[(P1OP}) %]
1 . .

Zp a ]\;E)nooN : . 5 (45)

tr(P, OPF) Xe] - tr[(Pr ©P}) ]

where g5, (1 =1,2,...,7) is the it diagonal element of matriz Gy (pg) = P/Go, P; =P+P), ¥. =
(Se,ij) ts an N x N matriz of which the (i, )" element is given by Se,ij = Umr_yoo T (Qe i ),
Yonmr and Qone are given by (28) and (29), respectively, and © denotes the Hadamard (or

entrywise) product.

The (infeasible) efficient GMM estimator can be obtained using the optimal weighting matrix,

3, ! in the usual fashion, namely,

ey = argmin gy (8) B, gnr (9) . (46)
6€Asp

The asymptotic distribution of 3*0 aar is formally stated in the next theorem.

Theorem 4. Under the same assumptions as in Theorem 3, the efficient GMM estimator, SZ‘MM’
defined by (46), has the following asymptotic distribution as (N,T) % oo and T/N — 0:

VNT (8Garar = 60) 5 N (0, Sara) (47)
-1

where X, = (D', 'D)
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A consistent estimator of Xgaras can be obtained by replacing D and X, in (41) with D and

A

Y., respectively, where

~

~ ~ ~ / N ~

D= (D, ¥ouz)» Dp=(d, 0.4 ), ¥=01)"' QML
N N N !

d, = (NT)™ (Zﬁfi,léé.éi., D Fis&ieis ..., Zﬁfi,réé.éz-) :
=1 =1 ;

S Y i (Prij + Puji) ey *
N N ~
1 §:¢:1§:j:1p241@h¢j4—pLﬂ)8@q *
NT : : : ’

~

0 0 - Qo

3, =

6 =MP (Y — L3GMM), éf” is the i*" diagonal element of Gl(ﬁ),

h
Ml+1

M,;
Seis = TAes(0)3e5(0) + 23 (T — h) (1 ) Sea (e (),
h=1

Aei(h) =T71 ZtT:h-s-l €it€it—n, and M; is the maximum lag length (or window size). Similarly, we

Aox—1 .~

. ~ -1 . N
can estimate X7, by E*GMM = (D*’Eg D*) , where D* and EZ would be computed using
& =M (Y - LfngM) instead of &.
It is straightforward to see that the 2SLS estimator dogls is asymptotically less efficient than
3(; MM, since the latter makes use of quadratic moments in addition to the linear moments. Turning

to the choice of P; for the quadratic moments, note that the precision matrix of the efficient GMM

estimator is given by

d,='d, 01y,

Okx1 Ok xk

Iyv—1 _
ngD_< T

) + o (ML) Qgu (ML) (48)
It can be seen from (48) that, ideally, one should choose P; (I =1,2...,r) to maximize d;,Z;ldp.
However, this term depends on the unknown variance structure of the disturbances. If the distur-
bances are independent and identically distributed (i.i.d.), it is known in the spatial literature that
the best P; within the class of matrices with zero diagonal is given by P* = Gy — Diag(Gyg) (Lee,
2007; Lee and Yu, 2014). Using similar arguments, the results can be extended to our model with
common factors. To put it more clearly, provided that the disturbances are i.i.d., a best GMM
(BGMM) estimator can be obtained by minimizing the optimally weighted moments (37), where
P is set to P* = G(p) — Diag (G(p)), and Q is replaced by Q* given in (33). Nonetheless, in the
presence of unknown heteroskedasticity and serial correlations, the BGMM estimator in general
will not be the most efficient. This conclusion can be drawn by applying similar reasoning as in

the proof of Theorem 2 for the B2SLS estimator. The present paper omits further discussions on
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the BGMM estimator in view of the strong assumption required for it to have optimal properties.

5 Monte Carlo Experiments

This section first provides Monte Carlo evidence in support of the identification conditions, then
documents the finite sample properties of the proposed estimators under various specifications of
the disturbance process and under different intensities of spatial dependence. It also compares the

performance of the proposed estimators with that of alternative estimators.

5.1 Identification Experiments

We now construct an example to show that the condition given by (18), namely,
N~=1r (W’W) > ¢ >0, for all N, including N — oo, (49)
is indeed necessary for identification. Consider the following data generating process (DGP),
Yit = pY; + eit, (50)

fori=1,2,...,N,and t =1,2,...,T, where y}, = Z;Vﬂ w;jyj¢ and e;x ~ IIDN(0,0?). Suppose
that Ny = |[N%| rows of W are nonzero and that the other Ny = N — Nj rows are all zeros, in
which | N®| denotes the integer part of N, and « is a constant that does not depend on N and lies
in the range[0, 1]. In other words, we allow the number of nonzero rows of W' to rise more slowly
than the sample size, N, and the rate at which it rises with IV is measured by a.

Note that the identification condition, (18), fails to hold if & < 1. To see this, there is no loss

of generality in assuming that the first N1 rows of W are nonzero, and it follows that

tr (W'W) _Zf\; Zjvzl wz'2j B PDHE D DA <K |[N“] < gNo-1

N N N - N = ’
where the second equality follows from Zévzl w?j = K; < oo, for all i. Hence, N~'tr(W/'W) — 0,
as N — oo, if a < 1, and it approaches zero faster for smaller a.

In the Monte Carlo experiments, we consider the g-ahead-and-g-behind circular neighbors spa-
tial weights, which are commonly employed in the literature. An m-ahead-and-m-behind matrix is
motivated to capture spatial relations in which all units are located in a circle; the ¢ units immedi-
ately ahead of and behind a particular unit are considered “neighbors” and assigned equal weights.
For example, for the 2-ahead-and-2-behind spatial matrix, the i** row of W has nonzero elements
in the positions ¢ — 2,7 — 1,7+ 1,7 + 2, and each weigh 1/4 due to row normalization. Without loss
of generality, we adopt the 5-ahead-and-5-behind spatial weights in the first N1 rows of W, and we
set the remaining rows to zeros.

It is worth noting that the identification condition for model (50) proposed by Lee and Yu (2016),
which states that the matrices, Iy, W + W', and W/W are linearly independent, is satisfied in
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this case. To see this, let ¢1, ¢9, and c3 be constants such that

N
01+262wi¢+032w%i20, foralli=1,2,..., N, (51)
k=1
N
c2 (wij + wyi) + CSZwkiwkj =0, foralli,j=1,2,...,N, and i # j. (52)
k=1

Then Iy, W + W', and W/W are linearly independent if and only if ¢; = ¢o = ¢3 = 0. Suppose
first that c3 = 0. From (52) we must have ¢ = 0, since w;j +wj; > 0 exists for some i and j. Then,
using (51), we obtain ¢; = 0. If, on the other hand, ¢35 # 0, then it can be easily verified that there

are no constants ¢; > 0 and & # 0, such that

Z]kvz1 w2, = ¢y, for all

Z]kvzl WiiWk; = Co(wij +wj;), forall i,j, and i # j

This establishes the linear independence of Iy, W + W', and W/W.

In sum, we have shown that the W matrix as described above meets the independence condition
by Lee and Yu (2016), but it violates the necessary condition for identification given by (18) if & < 1.
Using this spatial weights matrix, we generate data following (50) for combinations of N = 20, 50,
100, 500, 1,000, and 7" = 1, 20, 50, 100, under o = 1, 1/2, 1/3, 1/4, respectively. The true values
of the parameters are set to p = 0.2 and 02 = 1. Each experiment is replicated 2,000 times.

Model (50) can be estimated by the standard maximum likelihood approach for SAR models,”
and Table 1 reports the bias, root mean squared error (RMSE), size, and power of the MLE
under different values of a. We first observe that when a = 1, the MLE performs properly with
declining bias and RMSE as N and/or T increases, and with correct empirical size and good power.
Nonetheless, as expected, the bias and RMSE are substantial when o < 1, and they are especially
severe if T' is small. Even when both N and T are large, there is considerably greater variation in
the estimates when a < 1 as compared to @ = 1. For instance, for N = 1,000 and T" = 100, the
bias (x100) is —1.10 when a = 1/4, whereas it is 0 when a = 1; in addition, the RMSE (x100)
is 11.19 when a = 1/4, which by contrast is only 0.68 when o = 1. It is also evident that the
smaller the value of «, the greater the RMSE. Overall, these results corroborate our finding that
tr (W/'W) /N > e >0 for all N (including N — o0) is essential for the identification of the spatial

autoregressive models.

17See, for example, Anselin (1988), Chapter 6.
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5.2 Estimation Experiments
For the estimation experiments, we follow the Monte Carlo design of Pesaran (2006) and consider

the following DGP:

Yit =pYiy + Brxins + Baia + vy i ft + €it, (54)
Litp :’Y;,ipft + Vitp, p=12,

fori=1,2,...,N,and t =1,2,...,T. The unobserved factors are generated by

flt :pﬂfl,t,1 +§flt7 | = 1,2, oo, my t= —49, —48, - ,0,1, - ,T,
St ~IIDN (0,1 —p%), pp =05, fi_s0=0,

where the first 50 observations are discarded. The factor loadings are assumed to be 7,1 ~
IIDN (1,0.2), vy,i2 ~ IIDN (1,0.2), and

Vaill Yeil2 ) rrp N(0.5,0.5) N(0,0.5)
Voi21  Va,i22 N(0,0.5) N(0.5,0.5)

« 7. . /
The idiosyncratic errors of the x;;;, processes, (vii1,vi2) , are generated as

Vit,p =Pu;pVit—1,p + ﬂit,pa t= _497 _487 SRR 07 17 s 7T7
Pitp ~N (0, 1-— P%ip) , Vip,—50 = 0,
po., ~IIDU (0.05,0.95), p=1,2,

where the first 50 observations are discarded.

We consider two different designs for the idiosyncratic errors of g;;:'®

e The errors e;; are generated from ITDN(0,1). The main goal of this baseline setup is to
compare the efficiency properties of the competing estimators. In particular, it is of interest
to examine if the B2SLS and GMM estimators are more efficient than the 2SLS estimator.

e The errors e;; are serially correlated and heteroskedastic. In particular, they are specified as

AR(1) processes for the first half of individual units and as MA(1) processes for the remaining

18We have also examined the case where the errors are independent over time and heteroskedastic across individual
units. The results are presented in the Online Supplement.
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half:

1/2 .
€it :pieei,t—l + 0; (1 - pzze) / Cita 1= 17 27 ey LN/QJ ) (55)

eir =07 (14 02)"* (Gt + 0ieCiv 1), i=|N/2| +1,[N/2] +2,...,N, (56)
Gt ~IIDN (0,1), o? ~ IIDU (0.5,1.5),
pie ~IIDU (0.05,0.95), e; _50 = 0.

The spatial weights matrix is specified as the g-ahead-and-¢-behind circular neighbors weights
matrix; without loss of generality, we set ¢ = 1. In all experiments, the true number of factors is
set to m = 2; the true values of slope coeflicients are $7 = 1 and Py = 2; the true value of the
spatial autoregressive coefficient is p = 0.4.' The sample sizes are N = 30, 50, 100, 500, 1, 000;
and T = 20, 30, 50, 100. Each experiment is replicated 2,000 times.

The parameters of interest for model (54) are (p, 81, 52)’, which are estimated by the following

methods:

e The naive 2SLS estimator, which ignores the latent factors and applies a standard 2SLS esti-
mation procedure directly with instruments Qf) = (X_t,WX.t,WQX.t), fort=1,2,...,T,
where the superscript of Q. denotes that the highest power of W used in constructing the

instruments.

e The infeasible 2SLS estimator, which assumes the factors are known and utilizes instruments
Q.(Z), fort=1,2,...,T.

e The 2SLS estimator given by (24) with instruments QFE), fort=1,2,...,T.

e The B2SLS estimator given by (32), which is implemented in two steps. In the first step,
we compute a preliminary 2SLS estimate following (24) using instruments Q(f ), for t =
1,2,...,T. In the second step, the B2SLS estimate is obtained by using the estimated best
IV matrix Q* in (32), where

Q" =M [(Ir & &) XByu,, X] (57)

and G = G (Pasts)-

e The efficient GMM estimator given by (46) that uses P; = W and Py = W2 — Diag (WQ) in
the quadratic moments and Q(f ) as TVs in the linear moments. It is obtained by a two-step
procedure. In the first step, we take the identity matrix as the moments weighting matrix
and compute a preliminary GMM estimate. In the second step, the estimated inverse of the

covariance of moments is used as the weighting matrix, and the model is re-estimated using
the same P, Po, and IVs.

19WWe have also considered p = 0.8, which represents high intensity of spatial dependence, and the results are
provided in the Online Supplement.

24



e The MLE developed by Bai and Li (2014). This procedure assumes that the disturbances
of the model are independently distributed with heteroskedastic variances and explicitly es-
timates all of the heteroskedasticity and factor loadings. It is important to note that the
asymptotic distribution of the MLE was derived under the assumption that N,T — oo and
VN /T — 0. The incidental parameters in the time dimension are avoided by estimating
the sample variance of the factors rather than individual factors.? We compute the MLE
following the Expectation-Maximization (EM) algorithm suggested by Bai and Li (2014).
The number of factors is assumed known in the experiments to reduce the computational

burden.?! The size and power properties of the MLE are not reported in their paper.

For the robust variance estimation of the above methods (except the MLE), the Bartlett window
width is chosen to be PﬁJ 22

Tables 2a to 3b collect the results of the estimation experiments. Each table reports the esti-
mates of bias, root mean squared error (RMSE), size, and power for the aforementioned estimators.
Sub-table a reports the estimates of the spatial coefficient, p, and Sub-table b reports the estimates
of the slope coefficient, 3;. We omit the results of 82 to save space, as they are similar to those of
B1. The results of the naive estimator are only presented in the first two tables, since ignoring the
factors produces enormous biases and variances in all experiments, as expected.

We first observe that the 2SLS estimator exhibits very small biases and declining RMSEs as N
and/or T increase. A comparison between the 2SLS and the infeasible 2SLS estimators suggests
that the efficiency loss from using cross-sectional averages to approach the unobserved factors is
quite small, almost indiscernible when the sample size is large. The B2SLS estimator is only
marginally more efficient than the 2SLS estimator for the spatial parameter p when N is small, and
it provides little or no improvement for the slope parameter 8. This implies that the IV matrix
Q(f ) = (X.t, WX, W2X.t) used in computing the 2SLS estimates approximates the best IV quite
well in our experimental designs. The GMM estimator for p outperforms the 2SLS and B2SLS
estimator in reducing the RMSEs, and it even beats the infeasible 2SLS estimator for modest to
large sample size (N > 100). Finally, the MLE developed by Bai and Li (2014) produces the
smallest RMSEs among all estimation methods, and the improvement for p is especially notable.
Nonetheless, its computation for large values of N and 7' is rather strenuous, and its performance
could be weakened if the number of factors is estimated, especially when the estimated number of
factors is smaller than the true value.

Turning to size and power properties, as anticipated by the theoretical findings, the proposed
estimators have good power and empirical sizes that are close to the 5% nominal size for large N

and small to modest T, irrespective of whether the errors are heteroskedastic and serially correlated.

20Bai and Li (2014) point out that one could switch the role of N and T if T is much smaller than N. We do not
report results under this interchange, since it involves different stringent assumptions on the disturbances and does
not improve the performance of MLE under our Monte Carlo designs.

21Bai and Li (2014) propose using an information criterion to estimate the number of factors in their Monte Carlo
experiments.

22We have also considered [Tl/ 3J as the window size. The results are close, but using [2\/TJ has slightly better
size properties.
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Table 1: Small sample properties of the maximum likelihood estimator of the spatial autoregressive coefficient, p, for the identification
experiments under different values of «

Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\T 1 20 50 100 1 20 50 100] 1 20 50 100[ 1 20 50 100
a=1
20 -19.63 -1.35 -0.61 -0.38 [51.24 985 6.17 436 ]3.50 530 4.95 525[ 6.25 17.05 37.20  60.60
50 -9.51 -0.59 -0.34 -0.08|31.42 625 392 277|485 550 5.05 550 | 7.45 3840 69.75  94.05
100 -4.87 -0.41 -0.14 001 | 2127 441 278 195|540 530 510 5.15|10.10 59.50 93.40  99.90
500 -0.97 0.03 0.06 0.03| 88 195 124 090|500 515 510 6.45|21.60 99.90 100.00 100.00
1,000 -0.64 0.06 004 0.00| 621 138 0.90 0.68 530 510 6.10 6.65|37.80 100.00 100.00 100.00
a=1/2
20 -31.73 -4.64 -2.28 -1.13[85.60 31.07 19.83 13.80 [ 0.00 580 5.80 6.00[ 0.00 730  9.10 12.00
50 -30.17 -3.10 -1.27 -0.59 | 73.08 20.45 1256 8.71 | 0.00 5.60 5.55 4.75| 0.00 870 12.95 19.70
100 -26.41 -2.64 -1.14 -0.60 | 64.30 15.76 9.82 7.01 | 1.90 525 525 6.00 | 3.55 985 16.80 28.90
500 -17.32 -0.89 -0.23 -0.05 | 47.67 9.74 6.17 4.34 | 235 520 540 4.90 | 4.55 17.95 39.25  64.65
1,000 -1343 -0.84 -0.36 -0.20 [ 39.93 839 519 3,56 505 6.00 615 530 | 7.00 2330 4810 78.70
a=1/3
20 -25.27 -4.63 -2.09 -1.01[91.58 46.45 31.01 2158 [0.00 340 6.15 6.20[ 0.00 6.65 7.15  8.20
50 -28.33 -4.65 -1.87 -0.54 | 87.65 37.21 23.65 16.54 | 0.00 6.00 6.00 520 | 0.00  6.60 845 10.85
100 -28.66 -5.13 -1.96 -1.10 | 82.56 30.50 19.34 13.30 | 0.00 4.70 555 520 | 0.00 620 855 11.05
500 -30.78 -2.71 -0.73 -0.19 | 72.72 19.92 1246 8.74 | 0.00 535 5.25 4.55| 0.00  9.20 13.90  23.10
1,000 -28.90 -2.27 -0.89 -0.63 | 68.08 17.35 10.70 7.43 | 2.15 575 540 4.90 | 3.70 11.55 18.20  25.05
a=1/4
20 -25.27 -4.63 -2.09 -1.01[91.58 46.45 31.01 2158 [0.00 340 6.15 6.20[ 0.00 6.65 7.15  8.20
50 -22.18 -4.42 -1.38 -0.41|90.22 46.33 30.66 21.17 | 0.00 3.25 5.80 4.80| 0.00 720  6.95  7.80
100 -27.96 -5.64 -2.03 -1.23 |87.23 37.53 23.76 16.27 | 0.00 4.85 5.15 565 | 0.00  6.65 825  9.10
500 -30.66 -3.97 -1.26 -0.58 | 83.89 30.54 1891 13.30 | 0.00 5.65 540 580 | 0.00 6.85 845 11.60
1,000 -31.69 -3.58 -1.59 -1.10 | 80.58 26.16 16.11 11.19 | 0.00 6.20 5.65 5.15| 0.00  7.55 10.10 13.85

Notes: The DGP is given by (50). The true value of p is 0.2, and p is estimated by the maximum likelihood method. The spatial weights matrix W is constructed
such that the first N1 = | N®] rows contain the 5-ahead-and-5-behind spatial weights, where o € [0, 1], and the rest No = N — Ny rows of W are all zeros. The
number of replications is 2,000. The 95% confidence interval for size 5% is [3.6%, 6.4%]. The power is calculated under the alternative H; : p = 0.1.
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Table 2a: Small sample properties of estimators for the spatial parameter p (p = 0.4, i.i.d. errors)

Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\T 20 30 50 100 ‘ 20 30 50 100 ‘ 20 30 50 100 ‘ 20 30 50 100
Naive 2SLS estimator (excluding factors)
30 16.06 16.21 16.34 16.41 | 16.58 16.61 16.65 16.66 | 99.40 99.65 99.95 99.95 | 99.65 99.85 99.95 100.00
50 16.04 16.23 16.34 16.38 | 16.44 16.52 16.55 16.55 | 99.90 100.00 100.00 100.00 | 100.00 100.00 100.00 100.00
100 16.01 16.24 16.32 16.38 | 16.33 16.46 16.47 16.48 | 100.00 100.00 100.00 100.00 | 100.00 100.00 100.00 100.00
500 15.95 16.14 16.27 16.33 | 16.21 16.30 16.37 16.39 | 100.00 100.00 100.00 100.00 | 100.00 100.00 100.00 100.00
1,000 15.95 16.14 16.27 16.34 | 16.20 16.30 16.37 16.40 | 100.00 100.00 100.00 100.00 | 100.00 100.00 100.00 100.00
Infeasible 2SLS estimator (including factors)
30 -0.10 -0.04 0.00 0.01] 240 191 1.47  0.99 5.10 4.95 5.15 445 | 13,50 1815 29.10 52.10
50 0.04 005 0.00 0.00| 1.8 148 1.11 0.77 5.75 5.40 5.25 5.15 | 2045 29.70 43.00 72.25
100 001 001 0.01 0.01] 130 103 0.78 0.55 5.25 4.35 4.35 4.40 | 34.75 4850 71.15  95.20
500 -0.02 -0.01 0.00 0.00| 059 046 035 0.25 5.60 4.85 4.65 4.50 | 92.60 98.75 100.00 100.00
1,000 0.00 0.00 -0.01 0.00| 042 033 025 0.18 4.90 5.65 5.30 5.70 | 99.80  99.95 100.00 100.00
2SLS estimator
30 -0.08 -0.01 000 0.01]| 275 216 164 1.15 6.10 6.45 7.30 8.10 12.40  18.35 28.30 48.30
50 0.02 0.05 0.01 0.00 1.99 158 1.20 0.83 5.35 5.95 5.30 5.70 18.05  26.15 41.55  71.00
100 0.01 0.00 0.01 0.01 1.38  1.08 0.81 0.56 4.50 5.10 4.45 5.20 | 30.25 45.30 69.40 94.10
500 -0.02 -0.01 0.00 0.00| 062 048 0.36 0.25 5.00 4.55 4.95 475 | 89.05 97.95 100.00 100.00
1,000 0.00 0.00 -0.01 0.00| 044 034 0.26 0.18 4.70 4.90 5.20 5.40 | 99.45 99.95 100.00 100.00
B2SLS estimator
30 -0.12 -0.03 -0.01 0.00| 274 216 163 1.15 6.00 6.40 7.10 8.00 12.25 1840 2790  48.05
50 0.00 0.03 0.00 0.00 1.99 158 1.19 0.83 5.30 6.10 5.25 5.45 18.10 2575 41.30  70.90
100 -0.01 -0.01 0.01 0.01 1.38 1.08 0.80 0.56 4.75 5.05 4.45 5.20 | 29.75 45.10 69.20 94.15
500 -0.02 -0.01 0.00 0.00| 0.62 048 0.36 0.25 4.95 4.55 4.85 4.60 | 88.65 98.05 100.00 100.00
1,000 0.00 0.00 -0.01 0.00| 044 034 0.25 0.18 4.50 4.65 5.05 5.60 | 99.45 99.95 100.00 100.00
GMM estimator
30 -1.25 -1.11 -1.07 -1.02| 2.60 211 1.76 141 10.30 1145 16.00  24.20 8.75 10.85 14.10  23.15
50 -0.69 -0.64 -0.64 -0.60 1.86 152 122 094 8.50 9.80 1215 16.00 | 15.80 21.95 32.10 54.25
100 -0.33 -0.32 -0.31 -0.29 124 098 0.75 0.57 6.90 6.85 7.05 9.95 | 33.60 47.30 69.85 94.85
500 -0.08 -0.07 -0.07r -0.06 | 0.52 041 031 0.22 6.00 5.20 6.00 6.65 | 96.15 99.80 100.00 100.00
1,000 -0.03 -0.03 -0.04 -0.03| 0.36 0.29 0.22 0.15 5.25 5.60 5.65 6.25 | 100.00 100.00 100.00 100.00
MLE
30 030 023 018 0.16| 232 1.79 136 0.92 11.80  10.20 8.65 7.85 | 30.65 34.95 46.80 71.20
50 035 0.23 0.14 0.11 1.79 139 1.02 0.70 12.45  10.00 8.30 7.30 | 41.45 49.05 64.00 88.70
100  0.29 0.17 0.11  0.09 1.26 095 0.70 0.49 11.55 9.25 7.00 6.95 | 59.75 71.85 89.05 99.25
500 0.22 0.11 0.05 0.04| 059 043 031 0.22 13.40 9.30 7.20 7.70 | 99.00 100.00 100.00 100.00
1,000 0.20 0.11 0.06 0.04 | 042 032 0.23 0.16 14.40  11.10 8.40 7.00 | 100.00 100.00 100.00 100.00

Notes: The DGP is given by (54), where e;; ~ ITDN(0,1). The true parameter values are p = 0.4, f1 = 1 and B2 = 2. The true number of factors is 2. The spatial
weights matrix is the 1-ahead-and-1-behind circular neighbors matrix. The naive estimator ignores latent factors, and the infeasible estimator treats factors as known.
The naive 2SLS, infeasible 2SLS, and 2SLS estimators are computed using instruments Qf) = (X,t, WX 4, W2X,,5)7 fort =1,2,...,T. The best 2SLS (B2SLS) estimator

is computed using Q* given by (57). The efficient two-step GMM estimator utilizes P1 = W and Py = W?2 — Diag (WQ) in the quadratic moments and Qf) in the
linear moments. The MLE is computed by the Expectation-Maximization (EM) algorithm described in Bai and Li (2014), assuming the number of factors is known. The

number of replications is 2,000. The 95% confidence interval for size 5% is [3.6%, 6.4%)], and the power is computed under H; : p = 0.38.
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Table 2b: Small sample properties of estimators for the slope parameter 31 (51 = 1, i.i.d. errors)

Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\T 20 30 50 100 [ 20 30 50 100 [ 20 30 50 100 | 20 30 50 100
Naive 2SLS estimator (excluding factors)
30 882 9.09 9.11 9241171 11.56 11.23 11.10 | 53.55 63.40 7235 83.00 | 76.15 83.80 90.45 95.65
50 877 888 9.06 9.25|10.91 10.60 10.45 10.40 | 65.15 74.30 84.40 91.25 | 87.45 92.60 96.50  99.05
100 9.03 9.13 9.22 942 | 10.43 10.28 10.11 10.14 | 79.90 86.45 93.35 97.80 | 96.70 98.60 99.70  99.90
500 9.15 9.27 934 953 | 993 985 9.73 9.78 | 97.00 98.90 99.80 100.00 | 99.85 100.00 100.00 100.00
1,000 9.17 9.30 9.36 9.55| 987 9.80 9.69 9.74 | 98.15 99.70 99.95 100.00 | 100.00 100.00 100.00 100.00
Infeasible 2SLS estimator (including factors)
30 0.05 0.02 -0.01 -0.01| 450 3.57 2.73 1.88| 5.50 520 5.40 510 | 21.80 30.45 47.85 75.95
50 -0.19 -0.17 -0.11 -0.09 345 266 201 1.40 5.45 440 4.65 4.50 | 28.55 42.75 66.25  92.75
100 -0.13 -0.04 -0.05 -0.05| 246 192 148 1.01| 565 565 5.35 5.05 | 5245 73.75  91.90 99.85
500 -0.06 -0.04 -0.02 -0.01| 1.07 084 0.66 047 | 485 435 5.20 5.80 | 99.80 100.00 100.00 100.00
1,000 0.01 0.01 0.01 0.00| 079 0.62 047 0.33| 6.10 6.00 5.30 5.30 | 100.00 100.00 100.00 100.00
2SLS estimator
30 0.06 0.04 0.03 0.03]| 473 377 291 205| 575 6.30 7.35 7.35| 20.00 29.20 47.00 75.60
50 -0.19 -0.18 -0.09 -0.09 | 3.61 276 2.08 1.45| 4.70 510 4.75 485 | 26.05 39.60 65.80 92.60
100 -0.13 -0.05 -0.06 -0.05| 254 1.96 151 1.03| 540 5.05 4.75 5.05 | 46.85 70.70 90.80  99.85
500 -0.07 -0.05 -0.02 -0.01| 1.12 086 0.67 048 | 4.15 430 5.00 5.30 | 99.25 100.00 100.00 100.00
1,000 0.02 0.01 0.01 0.00| 082 0.64 048 0.33| 545 520 5.25 5.25 | 100.00 100.00 100.00 100.00
B2SLS estimator
30 0.07 0.04 0.04 0.03| 473 377 291 205| 575 625 7.40 7.35 | 1995 29.25 47.20 75.45
50 -0.19 -0.18 -0.09 -0.09 | 3.61 276 2.08 145 | 470 5.10 4.70 485 | 26.10 39.75 65.75  92.70
100 -0.13 -0.05 -0.06 -0.04 | 254 196 151 1.03| 535 510 4.75 5.10 | 46.90 70.75  90.75  99.85
500 -0.07 -0.05 -0.02 -0.01| 1.12 086 0.67 048 | 4.15 425 5.00 5.30 | 99.25 100.00 100.00 100.00
1,000 0.02 0.01 0.01 0.00| 082 0.64 048 0.33| 545 530 5.25 5.25 | 100.00 100.00 100.00 100.00
GMM estimator
30 016 0.17 0.17 0.17| 479 380 292 2.06| 570 695 7.30 7.55 | 21.35 30.70 49.25  77.55
50 -0.09 -0.08 0.01 0.01| 364 277 207 145]| 475 490 4.80 485 | 2790 41.60 67.25 93.55
100 -0.08 0.01 0.00 0.01] 254 196 150 1.03| 545 505 4.80 445 | 4770 7195 90.95 99.85
500 -0.06 -0.04 -0.01 0.00| 1.11 086 0.67 047 | 4.10 430 5.00 5.30 | 99.20 100.00 100.00 100.00
1,000 0.02 0.02 0.02 001| 081 0.64 048 0.33| 530 540 5.50 5.40 | 100.00 100.00 100.00 100.00
MLE
30 -0.01 -0.01 -0.06 -0.04| 505 3.8 28 193] 1145 9.30 7.70 6.10 | 29.80 35.10 4845 75.80
50 -0.20 -0.16 -0.13 -0.11| 3.76 279 2.06 1.43]10.20 7.00 5.95 5.55 | 36.20 47.15  68.15  93.15
100 -0.14 -0.05 -0.07 -0.06 | 2.68 2.01 152 1.04|10.60 8.00 6.80 6.05 | 5845 76.55 91.85  99.90
500 -0.02 -0.01 -0.01 -0.01| 1.18 0.88 0.67 0.48 | 10.70 6.50 5.90 7.00 | 99.60 100.00 100.00 100.00
1,000 0.04 0.00 0.02 -0.01| 084 0.65 047 0.33|10.40 840 6.30 5.50 | 100.00 100.00 100.00 100.00

Notes: The DGP is given by (54), where e;y ~ IIDN(0,1). The true parameter values are p = 0.4, 51 = 1 and 82 = 2. The true number of factors is 2. The power is
computed under H; : 81 = 0.95. See the notes to Table 2a for other details.
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Table 3a: Small sample properties of estimators for the spatial parameter p (p = 0.4, serially correlated and heteroskedastic errors)
Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\ 20 30 50 100] 20 30 50 100[ 20 30 50 100 | 20 30 50 100
Infeasible 2SLS estimator (including factors)
30 -0.16 -0.08 -0.01 0.00]285 234 181 126 | 58 7.00 6.65 5.85| 13.60 16.95 23.20 37.55
50 0.07 0.05 -0.01 0.01]218 177 139 097 | 6.75 6.00 5.70 590 | 19.30 25.06 34.70 56.65
100 0.05 0.03 0.03 0.02]158 128 098 0.70 | 6.70 590 5.45 585 | 30.50 40.05 57.35 83.00
500 -0.04 -0.03 -0.02 -0.02|0.70 0.56 0.44 031 | 6.15 590 545 5.05| 81.30 94.70 99.65 100.00
1,000 -0.01 -0.01 -0.01 0.00 | 0.50 0.40 0.31 0.22| 6.05 595 640 6.75 | 98.45 99.95 100.00 100.00
2SLS estimator
30 -0.14 -0.07 -0.02 0.00|3.10 251 195 139 | 6.55 7.05 735 790 | 12.65 1780 23.30 36.15
50 0.07 0.06 0.01 0.02]227 18 144 1.01| 6.00 6.95 6.20 6.00| 17.00 23.60 35.05 55.90
100 0.04 0.03 0.03 0.02]162 130 099 0.71| 6.10 590 5.55 595 | 26.66 3730 56.65 83.00
500 -0.04 -0.03 -0.02 -0.02|0.71 0.57 044 031 | 545 570 590 540 | 7890 93.10 99.65 100.00
1,000 -0.01 -0.01 -0.01 0.00|0.51 0.40 031 0.23| 5.65 525 6.05 6.55| 97.65 99.95 100.00 100.00
B2SLS estimator
30 -0.19 -0.10 -0.04 -0.011]3.10 252 194 139 | 685 730 745 8.05| 1230 1710 2290 35.85
50 0.03 0.04 0.00 0.01]227 184 144 1.01| 590 6.70 6.20 590 | 16.90 23.10 34.95 55.50
100 0.02 0.02 0.03 0.02]1.61 130 099 0.71| 6.35 590 545 565 | 26.85 37.00 56.35 82.85
500 -0.05 -0.03 -0.02 -0.02|0.71 0.57 045 031| 550 6.05 6.25 540 | 78.60 93.15 99.70 100.00
1,000 -0.01 -0.01 -0.01 0.00|0.51 0.40 031 0.23| 5.60 515 595 6.30| 97.70 99.95 100.00 100.00
GMM estimator
30 -1.11 -1.01 -097 -097 | 285 238 196 1.54| 9.70 11.00 13.45 17.40 9.20 11.95 14.55 19.10
50 -0.54 -0.52 -0.55 -0.55]2.04 169 137 1.03| 800 830 890 11.00| 14.25 20.25 27.25 42.50
100 -0.24 -0.25 -0.25 -0.26 | 1.41 1.14 088 0.66 | 6.85 6.70 6.95 835 | 2740 3830 5H7.70 82.70
500 -0.08 -0.08 -0.07 -0.07|0.61 049 0.38 027 | 58 515 595 560 | 89.30 98.25 100.00 100.00
1,000 -0.04 -0.03 -0.04 -0.03|043 0.34 027 019| 490 505 580 6.25| 99.50 99.95 100.00 100.00
MLE
30 038 022 0.19 0.15]263 2.08 1.59 1.09 | 21.20 19.20 17.50 16.15| 39.90 42.15 50.30 71.25
50 045 025 0.14 0.13]2.02 157 1.19 0.84 | 22.10 18.05 15.50 15.70 | 50.95 55.55 65.05 86.25
100 039 0.22 0.14 0.10|1.46 1.13 0.85 0.59 | 22.55 18.80 15.80 15.35 | 66.60 74.95 87.60 98.50
500 0.27 0.12 0.05 0.03]0.69 050 0.36 0262320 17.00 14.60 13.10 | 99.40 99.80 100.00 100.00
1,000 0.26 0.20 0.04 0.03|0.50 0.46 0.26 0.19 | 28.50 24.50 14.90 14.80 | 100.00 100.00 100.00 100.00

Notes: The DGP is given by (54), where e;; are given by (55) and (56).

The true parameter values are p = 0.4, $1 = 1 and B2 = 2. The true number of factors is

2. The power is computed under H; : p = 0.38. The maximum lag of the robust variance estimator is set to be 2v/T. See also the notes to Table 2a.
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Table 3b: Small sample properties of estimators for the slope parameter 5 (81 = 1, serially correlated and heteroskedastic errors)

Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\ 20 30 50 100] 20 30 50 100[ 20 30 50 100 | 20 30 50 100
Infeasible 2SLS estimator (including factors)
30 0.10 0.04 -0.02 -0.02|535 443 341 238| 740 755 730 6.80| 21.00 2575 36.75  59.35
50 -0.23 -0.17 -0.09 -0.12 | 4.11 3.32 253 1.77| 640 6.45 535 555 | 2555 36.05 5135 77.65
100 -0.18 -0.07 -0.04 -0.04 | 295 237 1.8 1.30| 7.05 6.75 7.15 570 | 4225 60.20 79.90  97.55
500 -0.03 -0.02 -0.01 0.00|1.26 1.04 082 0.59| 6.00 555 6.15 590 | 97.70 99.80 100.00 100.00
1,000 0.02 0.01 0.02 0.00094 0.76 0.60 042| 7.10 6.70 6.55 6.05 | 100.00 100.00 100.00 100.00
2SLS estimator
30 0.12 0.07 0.05 0.04]|545 449 351 252| 6.65 7.10 825 845 | 19.70 26.15 37.15  60.20
50 -0.21 -0.16 -0.06 -0.11 | 4.17 3.34 254 179 | 575 645 6.05 495 | 2430 34.00 51.40 78.50
100 -0.14 -0.06 -0.05 -0.04 | 293 237 186 1.30| 570 685 6.70 585 | 39.85 57.05 7880  97.50
500 -0.05 -0.04 -0.02 -0.01|1.29 1.05 083 059 | 530 515 580 595| 96.65 99.70 100.00 100.00
1,000 0.02 0.00 0.02 0.00095 076 0.60 042]| 6.25 635 6.55 5.95 | 100.00 100.00 100.00 100.00
B2SLS estimator
30 0.13 0.07 0.05 0.04]|545 449 351 251 | 6.65 7.10 830 845 | 19.65 26.20 37.25 60.10
50 -0.20 -0.15 -0.06 -0.11|4.17 334 254 179 | 575 650 6.05 500 | 2440 34.00 51.40 78.55
100 -0.14 -0.06 -0.05 -0.03 | 293 237 186 1.30| 575 6.75 6.55 590 | 39.85 57.10 7885 97.50
500 -0.05 -0.04 -0.02 -0.01 129 1.05 083 0.59| 530 515 580 595 | 96.70 99.65 100.00 100.00
1,000 0.02 0.00 0.02 0.00095 076 0.60 042]| 6.35 6.35 640 5.95 | 100.00 100.00 100.00 100.00
GMM estimator
30 021 019 0.17 0.18 | 5.55 4.55 3.55 255 | 7.80 825 895 875 | 2200 2840 39.35 63.40
50 -0.15 -0.08 0.01 -0.02 |4.21 334 253 1.79| 640 6.75 6.20 540 | 26.00 3565 53.40 80.95
100 -0.11 -0.01 0.01 0.02 294 238 186 1.30| 6.00 670 710 575 | 40.90 5845 79.40 98.05
500 -0.05 -0.03 -0.01 0.00|1.29 1.05 082 0.59 | 540 495 575 580 | 96.75 99.70 100.00 100.00
1,000 0.02 0.01 0.03 0.01]095 076 0.60 042| 6.00 6.60 6.85 6.10 | 100.00 100.00 100.00 100.00
MLE
20 0.09 0.02 0.09 0.06]694 536 4.18 2095|2200 16.90 17.55 16.15| 34.65 36.45 45.05 62.15
30 0.10 -0.01 -0.05 -0.03]|5.61 4.47 3.41 235 |20.80 1825 17.10 14.60 | 38.15 42.60 53.20 74.20
50 -0.16 -0.11 -0.11 -0.12 | 4.17 3.25 243 1.74| 18.65 16.15 1295 13.00 | 45.10 54.15 68.85 89.95
100 -0.10 -0.06 -0.06 -0.06 [2.99 2.32 1.82 1.26 | 19.85 17.15 16.00 14.10 | 64.50 77.25 89.60  99.40
500 0.03 0.02 -0.01 -0.00| 132 1.04 0.79 0.56 | 19.60 15.40 15.40 14.50 | 99.50 99.90 100.00 100.00
1,000 0.07 0.01 0.04 0.01 09 0.73 0.57 0.40 | 20.50 17.00 16.60 13.50 | 100.00 100.00 100.00 100.00

Notes: The DGP is given by (54), where e;; are given by (55) and (56). The true parameter values are p = 0.4, 51 = 1 and 82 = 2. The true number of factors is
2. The power is computed under H; : $1 = 0.95. The maximum lag of the robust variance estimator is set to be 2v/T. See also the notes to Table 2a.



In cases where IV is much smaller than 7', the rejection frequencies under the null of the 2SLS and
B2SLS estimators are slightly higher than 5%, and the GMM estimator is more oversized than
the 2SLS estimators. It is also evident that the size distortion is more pronounced for the spatial
parameter than for the slope coefficients. In view of these results, it is worthwhile to bear in mind
that the variance estimators cannot be applied to the small N large T scenarios. In contrast, the
MLE performs well when the errors are independent; it has higher power than the other estimators
and proper sizes close to the 5% nominal level when N is not too large relative to 7. However,
as its theory does not permit the presence of serial correlation in the errors, the MLE based tests
are significantly over-sized in this case. For the combinations of N and T considered, the empirical
sizes of the MLE range from 13% to 29%.

In summary, the proposed estimators exhibit robust performance to unknown heteroskedasticity
and serial correlation in the errors. Furthermore, the estimators are also robust to different intensity

of spatial dependence, as supported by the additional simulation results in the Online Supplement.

6 An Empirical Application to US House Prices

In this section, we apply the proposed estimation methods to analyzing the spatial dependence of
real house price changes in the US at the level of Metropolitan Statistical Areas. Since neighboring
regions are often influenced by the same aggregate supply and demand shocks, it is the purpose of
this exercise to properly assess the strength of the spatial interconnections while netting out the
effects of common factors. As we will see, the degree of spatial dependence will be exaggerated
if the unobserved common effects are not effectively removed. In addition, we are also interested
in the effects of possible determinant variables on house price growth, including both direct and
indirect (spillover) effects.?

A Metropolitan Statistical Area (MSA) is defined by the United States Office of Management
and Budget (OMB) as a core area with a relatively high population density (50,000 people or
more), including surrounding territory displaying a high level of economic and social integration
with the core, as measured by commuting ties. We consider a total of 377 MSAs using the Febru-
ary 2013 delineations, excluding two MSAs in Alaska and two in Hawaii.?* For the house price
data, we use the Freddie Mac House Price Index (FMHPI) at the MSA level covering the period
of 1975Q1-2014Q4. The FMHPI is constructed using a repeat-transactions methodology and pub-
lished by Freddie Mac every quarter. The nominal house prices are deflated by the Consumer Price
Index (CPI) for each MSA, and the following analysis is centered on the quarterly rate of changes
in real house prices. For the explanatory variables, we are interested in examining the impact of
population growth and real per capita income growth on house price growth. See Appendix B for

a detailed description of the data sources and transformations.

23Cohen et al. (2016) and Bailey, Holly, and Pesaran (2016) focus on house price series itself and do not, consider
any explanatory variables.

24The Office of Management and Budget (OMB) periodically revises the MSA delineations to reflect the changes
in population counts and commuting patterns. There are 381 MSAs in the US as of February 2013. The terms “area”
and “MSA” are used interchangeably in the following discussions.
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As a preliminary examination of the data, we conduct the cross-sectional dependence (CD) test
developed by Pesaran (2015) on the rate of changes in deseasonalized real house prices. The desea-
sonalization is performed by regressing the nominal house price changes on seasonal dummies and
an intercept for each MSA. The CD statistic turns out to be 1364.110 (with the estimated average
of the pairwise correlation coefficient being 0.406), which substantially exceeds the critical value of
1.96 at the 5% level and strongly rejects the null hypothesis of weak cross-sectional dependence.
Additionally, we compute the exponent of cross-sectional dependence proposed by Bailey, Kapetan-
ios, and Pesaran (2016) and obtain a value of 1.000 (with a standard error 0.024). The value of the
exponent, if it lies within the range [3/4, 1], would suggest that the cross-sectional dependence is
fairly strong; lying in [1/2,3/4), it would imply weak dependence of different degrees. Accordingly,
the values of both the CD statistic and the estimated exponent clearly indicate the existence of
strong cross-sectional dependence in real house price changes; hence, it is imperative to incorpo-
rate common factors into the standard spatial models, which capture only weak cross-sectional

dependence.

6.1 The Model

Let y;; denote the rate of changes in real house prices for area i at time ¢, which is computed by
yit = log (Pyt/CPlLy) — log (P;+—1/CPli+—1), where Py is the house price index and CPI; is the
Consumer Price Index. We consider the following model for house price changes written in stacked

form:
vt =pWy.+ (51 + 61 W) %APopulation , + (82 + o W) %Alncome ; + XYdy + T'fy + ey, (58)

fort =1,2,...,T, where y.+ = (y1z,¥ot, - - -, ynT) is a vector of observations on house price growth
rates for all MSAs at period t; d; signifies an mg x 1 vector of observed factors that includes
quarterly dummies and an intercept; f; represents an mjy x 1 vector of unobserved factors; X =
(v1,v9,...,vy5) and T' = (v1,73,...,7y) are corresponding individual-specific factor loading
matrices; and e; is a vector of idiosyncratic error terms. It should be noted that this model
accommodates individual fixed effects by including a constant term in d; and letting its loadings
be heterogeneous. %APopulation ; represents an N x 1 vector of percentage changes in population
at time ¢, and %Alncome; denotes a vector of percentage changes in real per capita income.
Both variables are calculated as first differences of natural logarithms. W is the spatial weights
matrix. For generality, model (58) also allows for spatial lags of the explanatory variables, namely
W%APopulation ; and W%AlIncome ;, which are often referred to as Durbin terms in the literature
and capture the interaction effects of exogenous variables.

When it comes to the specification of W it is common practice to adopt distance- or contiguity-
based weighting scheme in the studies of spatial dependence in housing markets. We will follow this
tradition first and then explore other possibilities in subsequent analysis. In particular, we assume

that contiguity relations are determined by radial distance, and we define “neighbors” of an MSA
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as those units located within a threshold distance d (miles). The weights of neighbors take a value
of one, and the weights of non-neighbors take a value of zero. Then, W is row-standardized so that
the weights across each row sums to unity. The spatial weights matrix constructed in this way is
denoted by Wy. Our analysis takes d = 100 miles as a point of departure and examines potential
dependencies within commuting and transport distances around an MSA.

The parameters of interest are § = (,o,B/,G’)/, where B = (81, 42)" and 8 = (01,62)". In what
follows, we will focus on the efficient GMM estimator of § defined by (46).2° Specifically, the
estimation is implemented by utilizing P; = W and Py, = W? — Diag (Wz) in the quadratic
moments and QFE) = (X,t,WX.t,WQX,t) as instruments in the linear moments, where X ; =
(APopulation ;, %Alncomey), for t = 1,2, ..., T.

Table 4 summarizes the estimation results of model (58) based on W = Wjg. Findings
using other specifications of W will be discussed later. In column (1), the Durbin terms are
excluded and the unobserved factors are proxied by cross-sectional averages of both dependent
and individual-specific regressors across all MSAs.?6 The estimated spatial coefficient is positive
and highly significant, with a value of 0.730 (with a standard error of 0.004). Higher population
and income growth are found to increase house price growth, as anticipated. We then include the
Durbin terms, and we add to the list of factor proxies the cross-sectional averages of X* across all
MSAs, where X* = WX ;. As can be seen from columns (3) and (5), population growth displays
a positive and significant spatial interaction effect, but real income growth does not. Overall, the
estimates of p and B are very close across columns (1), (3), and (5). The CD statistics on the
residuals of these specifications range from —5.11 to —4.93, which are substantially reduced from
the previous test statistic, 1364.110, of the house price growth series itself. The exponents of cross-
section dependence of the residuals, however, are about 0.73-0.74, which suggests that a moderate
degree of cross-section dependence may be unaccounted for. Therefore, we will next consider local
(regional) unobserved factors in addition to global (national) factors, and we will investigate if
strong dependence can be more effectively eliminated.?”

Suppose now that all MSAs are classified into R regions. The model can still be represented
by (58), but the observations are now ordered by regions. In specific, the N x 1 vector of house
prices changes, y ¢, can be written as y.; = (Y14, ¥'ats - - - ¥ ge) » Where ¥t = (Yirts Yorty - - s YN, rt)’
is an N, x 1 vector of observations for the r** region, for r = 1,2,...,R. N, is the number of
MSAs in region r, and clearly we have 27111 N, = N. Observations on independent variables
and spatial weights are also sorted accordingly. Note thfit the latent factors, f;, are now assumed

g,t?fl,,t> , where f;; denotes an my x 1 vector of

to have a hierarchical structure, namely, f; = (f’

25The 2SLS estimates are omitted to save space, since they are very close to the GMM estimates but have larger
standard errors, as expected.

25Tn the empirical analysis, §; is also included as factor proxies since it may potentially improve the small sample
properties of the estimator, where g = N~* Zf;l y; and yj;, = Z;.V:l w;ijy;¢. However, it turns out that y; and 7
are highly correlated for most the W matrices we considered; therefore, whether 7; is included makes little difference
to the results.

2TBailey, Holly, and Pesaran (2016) also consider regional effects, but the authors do not show the impact of
eliminating regional factors to the estimated intensity of spatial dependence.
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Table 4: Efficient GMM estimation results of model (58)

%AHouse price (1) (2) (3) (4) (5) (6)
p [W x %AHouse price] 0.730 0.643 0.732 0.648 0.731 0.648
(0.004)  (0.005) (0.004) (0.005) (0.004)  (0.005)
B1 [%APopulation] 0.380 0.366 0.383 0.432 0.369 0.417
(0.035)  (0.040) (0.037) (0.048) (0.036)  (0.048)
B2 [%Alncome per capita] 0.099 0.093 0.106 0.096 0.111 0.094
(0.007)  (0.007) (0.007) (0.008) (0.008)  (0.008)
01 [Wx%APopulation] 0.078 0.063 0.063 0.069
(0.031) (0.036) (0.031)  (0.037)
02 [Wx %Alncome per capital -0.006 0.019
(0.010)  (0.012)
Regional unobserved factors No Yes No Yes No Yes
National unobserved factors Yes Yes Yes Yes Yes Yes
MSA FE and seasonal dummies Yes Yes Yes Yes Yes Yes
Residuals
CD test statistic -4.946 -6.532 -4.927 -6.385 -5.111 -6.365
Exponent of cross-section 0.734 0.674 0.743 0.690 0.734 0.652
dependence (0.031)  (0.019) (0.030) (0.019) (0.027)  (0.019)
R? 0.808 0.837 0.813 0.844 0.817 0.847
Observations N =377, T =159

Notes: Dependent variable is the rate of changes in real house prices, which is computed by first difference of
log of real house prices. The explanatory variables are population growth rate and real per capita income growth
rate, as well as possibly their spatial lags. MSAs are classified into eight Bureau of Economic Analysis (BEA)
Regions. All estimations consider national unobserved factors and include MSA fixed effects (FE) and quarterly
dummies. To save space, factor estimates are not reported. The spatial weights matrix is W = Wgo. The efficient
GMM estimates are obtained by (46), using P1 = W and Py = W2 — Diag (WQ) in the quadratic moments and

Qf) = (X,t,WX_t,W2X.t) as IVs in the linear moments. Standard errors are in parentheses. The standard errors
for the slope estimates are heteroskedasticity and autocorrelation consistent with the maximum lag length set to

2|T2|.

global factors, f;; denotes an m; x 1 vector of local factors, and my + m; = my. The associated
factor loadings are partitioned as I' = (I'y,I';), where I'y = (7971,7972, ... ,'797N), is an N X my
matrix of loadings for national factors, and I'; = (I‘Ll, FE,Qv . ’FE,R)/ is an N x my matrix, with
r,= ('7l,1ra'7l,2ra e 77l,NTr), being the N, x m; factor loadings for the r** region, r = 1,2,..., R.
The proposed GMM estimation procedure can easily accommodate regional unobservable factors
by replacing them with cross-sectional averages of observations on both dependent and individual-
specific independent variables for that region.

Table 4 columns (2), (4), and (6) report the estimation results when both regional and national
latent factors are taken into account. We group all 377 MSAs into R = 8 Regions based on
the geographical classification by the Bureau of Economic Analysis (BEA).2® Compared with the

28The eight BEA Regions are New England, Mideast, Great Lakes, Plains, Southeast, Southwest, Rocky Mountain,
and Far West Regions. See the BEA web page, https://www.bea.gov/regional/docs/regions.cfm, for details.
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earlier outcomes that did not assume regional factors, both the estimated spatial coefficients and
the exponents of cross-section dependence of the residuals decline, suggesting that regional common
shocks contribute to the strong cross-sectional dependence in house price changes in the US and
that the strength of spatial connections will be overestimated if strong dependence is not effectively
eliminated. In addition, after the inclusion of regional factors, the spatial interaction effect of
population growth is no longer significant at the 5% level; the spatial interaction effect of income
growth remains insignificant. Moreover, the values of R? indicate that the model’s goodness of fit

improves if regional effects are considered, where R? is computed by R? = 1 — 62,,/62,, with

T
G = [N (T =1)]7" Z (Yit — i) ,
i=1 t=1
2 1 al Ay 5
5-res = [N (T — kcs —k ) — kz]i Yi. — Z,(S M Y. — ZZ(S s
DRSS o) i)

g =T Zthl Yit, ¥i. = (Yi1, Y - - i), Zi. = (y7, Xi, X}) is a T x k, matrix of regressors, kg is
the number of observed factors, and M represents the de-factoring matrix of T x k., dimension.?
According to the above comparisons, we conclude that column (2) provides the best estimation
results among all the specifications in Table 4, which points to a significant neighborhood effect in
house price changes, with an estimated spatial coefficient of 0.643 (0.005).3°
Care must be taken when interpreting the estimates of 3 and € in model (58), as they do not
directly signify the marginal effects of the independent variables on house price variations. An
important feature of SAR models is that a change in an explanatory variable of a unit will affect
not only the dependent variable of that unit itself but also the dependent variables of other cross-
section units. The former is known as the direct effect, the latter as indirect effect, or spillover
effect. Also notice that both effects in general vary across cross-section units. Therefore, to find
out the marginal effects of population and income growth on house price changes, we calculate
the summary measures of direct and indirect effects proposed by LeSage and Pace (2009). The
average direct effect of the k' explanatory variable (k = 1,2) is given by the average of the diagonal
elements of Iy, where
I, = (Iy — pW) ' (BiIy + 6, W), (59)

and the average indirect effect is represented by the average row sum of the non-diagonal elements
of ITy. It can be seen from (59) that imposing @ = 0 implies that the ratio of direct to indirect
effects is the same for every explanatory variable, which may be too restrictive; hence, model (58)
takes into account the Durbin terms. To test if the direct and spillover effects are significant, we

compute the standard errors by simulation, due to the complex formula for the effects in terms of

2%In specific, kg = 4 because the observed factors consist of quarterly dummies and an intercept. The values of k.
and k.s vary with detailed model specifications, that is, whether Durbin terms are included and if regional factors
are considered. This measure of model fit in the presence of unobserved factors is in accordance with the suggestion
by Holly et al. (2010, p.164).

30Standard error in parentheses.
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Table 5: Average direct and indirect effects of population and income growth on house price changes

Direct Indirect Total

Considering both national and regional factors

%APopulation 0.431 0.571 1.002
(0.047)  (0.063)  (0.110)
%AlIncome per capita 0.110 0.146 0.256
(0.009)  (0.012)  (0.020)

Considering national factors only

%APopulation 0.518 1.153 1.672
(0.046)  (0.112)  (0.149)
%AlIncome per capita 0.135 0.249 0.384
(0.009)  (0.017)  (0.026)

Notes: The effects of explanatory variables, taking both national and regional factors into account, are computed
based on the estimates in column (2) of Table 4. When regional factors are neglected, the effects are computed
using the estimates in column (3) of the same table. Bootstrapped standard errors based on 1,000 iterations are in
parentheses. See also the notes to Table 4.

the parameters.3!

Table 5 shows the estimated average direct and spillover effects of population and income
growth on house price growth based on the estimates in Table 4. The average total effect is the
sum of average direct and indirect effects. When both national and regional unobserved factors
are considered, the specification in column (2) of Table 4 outperforms its counterpart. When
only national factors are taken into account, the preferred specification is given by column (3).
We compute the effects of the explanatory variables based on these estimates, respectively. It is
not surprising to see from Table 5 that the estimated indirect effects are much higher if regional
factors are neglected, as there is a relatively stronger degree of cross-sectional dependence in house
prices left uncontrolled for. Both population growth and per capita income growth are found to
exert both positive and significant direct and indirect impact on house price changes. Specifically,
using the estimates produced assuming a hierarchical factor structure, on average a 1% increase
in population growth in an MSA is predicted to lead to a 0.43% increase in house price growth in
the MSA itself, and a 0.57% increase in house price growth in its neighboring MSAs, while holding
other covariates fixed. In comparison, a 1% increase in income growth has much smaller direct and
indirect effects on house price growth, which are estimated to be 0.11% and 0.15%, respectively.
The spillover effect of population growth to neighboring MSAs appears to be slightly higher than

its direct effect, while both effects of income growth are of similar magnitude.

31See LeSage and Pace (2009) and Section 2.7 of (Elhorst, 2014) for detailed discussions on the computation.
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6.2 Different Spatial Weights Matrix Specifications

We now turn to inspecting the robustness of our findings to various specifications of the spatial
weights matrix. Three types of weights are considered, which are constructed based on distance,
migration flows, and pairwise correlations, respectively. In all of the following analysis, we will
control for unobserved factors at both national and regional levels, as the earlier discussion reveals
the importance of both effects on the cross-sectional dependence in house price changes.

We start with comparing the estimation results of model (58) using different radial distance
matrices, Wy. In specific, we consider three threshold values, d = 75, 100, and 125 miles. The esti-
mation results are presented in columns (1) to (3) of Table 6, respectively. Overall, the estimates are
found to be very stable as the cutoff distance varies. The estimated strength of spatial dependence
rises slightly from 0.573 (0.005) to 0.693 (0.005) as the neighborhood boundary expands from 75
to 125 miles. This change is reasonable because more units are considered as neighbors of an MSA
and their influences are taken into account. The average number of neighbors per MSA is 3.31
when W = W5, as compared to 8.65 when W = Wiy5. In addition, the estimated coefficients of
population and income growth remain in relatively narrow ranges as d changes. Both variables are
highly significant and of reasonable magnitude.3?

Since many economic and demographic factors apart from geographical proximity may con-
tribute to the cross-sectional dependence in house prices across MSAs, it is interesting to consider
spatial weights based on other measures of closeness. In particular, the MSA-to-MSA migration
flows are important indicators of the strength of interconnections. We construct a migration weights
matrix, denoted by W,,, of which the (i, j )th element represents the share of movers from area j to
area i of the total number of movers to area i. We do not consider non-movers or migration flows
from/to non-MSAs. Notice that W, is an asymmetric matrix in which the immigration flow to
each MSA is normalized to unity. The data on inter-MSA migration flows were introduced as part
of the American Community Survey (ACS) dataset since 2009; therefore, W, is constructed using
the migration data from the 2010-2014 ACS 5-year estimates. After dropping the estimates with
high margin of errors, each MSA ends up having an average of 4.46 “neighbors.”3? Since the most
dominant migration ties are likely to be stable over a long period of time, the time invariability of
W,,, does not give cause for concern.

The estimation results of model (58) using W, are reported in column (4) of Table 6. Not sur-
prisingly, we find strong evidence of spatial dependence based on migration relations. The estimated
spatial parameter is significantly positive, slightly higher than the estimates using distance-based
weights. The estimated coefficients of population and income growth are very close to the previous
results, and both are significantly different from zero. Both residual diagnostics and the value of
R? indicate that the model is a good fit. The similarities between the results using distance and

migration weights are quite striking, given that around 65% of the migration flows occur between

32The spatially lagged population and income growth turn out to be insignificant in three cases and hence are
excluded from the regressions.
33Details on the construction of W, and its characterization are given in Appendix B and the Online Supplement.
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Table 6: Efficient GMM estimation results of model (58) using different spatial weights matrices

Spatial weights matrix

Distance Migration Pairwise correlations
Wrs Wigo Wios Wi, Wt wW-

%AHouse price (1) (2) (3) (4) (5)
p [W x %AHouse price] 0.573 0.643 0.693 0.772

(0.005) (0.005) (0.005) (0.005)
pT [WT x %AHouse price] 0.715

(0.005)
p~ [W~ x %AHouse price] -0.308
(0.005)

B1 [%APopulation] 0.432 0.366 0.294 0.230 0.147

(0.052) (0.040) (0.036) (0.031) (0.023)
B2 [%oAlncome per capita] 0.099 0.093 0.089 0.075 0.049

(0.008) (0.007) (0.007) (0.007) (0.005)
Natl. & Rgnl. unobserved factors  Yes Yes Yes Yes Yes
MSA FE and seasonal dummies Yes Yes Yes Yes Yes
Residuals
CD test statistic -6.678 -6.532 -7.127 -3.114 -6.846
Exponent of cross-section 0.668 0.674 0.624 0.728 0.631
dependence (0.023)  (0.019)  (0.017) (0.021) (0.014)
Avg. no. neighbors 3.31 5.73 8.65 4.46 11.01 [W], 8.02 [W]
R? 0.833 0.837 0.833 0.840 0.908
Observations N =377, T =159

Notes: All estimations consider both national and regional (Natl. & Rgnl.) unobserved factors and also include
MSA fixed effects (FE) and quarterly dummies. To save space, factor estimates are not reported. W, denotes radial
distance weights matrix with threshold distance d, where d = 75, 100, and 125 miles. W, denotes weights matrix
constructed from MSA-to-MSA migration flows. W+ and W~ denote weights matrices constructed from significant
positive and negative pairwise correlations of de-factored house price changes, respectively. See also the notes to
Table 4.

MSAs located 100 miles apart.34

The third type of spatial weights matrix we consider is created by a data-driven approach
that detects significant bilateral relations using house price series itself. Essentially, this approach
equates significant pairwise correlations with significant connections. Bailey, Holly, and Pesaran
(2016) suggest filtering out strong cross-section dependence from a series first, then applying a
regularization or thresholding method to create sparse weights matrices. We follow this idea and
construct weights matrices based on significantly positive and negative pair-wise correlations of
de-factored house price changes, which are denoted by W+ and W_, respectively. Specifically,
the de-factoring process is conducted by regressing the house price growth rate for each MSA on

an intercept, quarterly dummies, and cross-sectional averages of the dependent and explanatory

34Gee Figure S.1 in the Online Supplement for the distribution of distance between the area of origin and the area
of destination.

38



variables at both national and regional levels. Then, significant connections are identified by
applying the multiple testing procedure developed by Bailey et al. (2014) to the sample correlation
matrix of the first-step residuals at the 5% significance level. If the corresponding correlation
coefficient is positively significant, the element of W is set to one, otherwise to zero. W is
created similarly but based on significantly negative correlations. W+ and W~ are then row-
standardized so that each row sums to one.?®

With the correlation-based weights matrices, we are able to distinguish between the intensity

of positive and negative spatial connections. Let us now consider the following model,
yi= p+VAV+y.t + ,o_W_y,t + B1%APopulation ; + S2%Alncome; + Yd; + T'fy + e, (60)

where, as before, d; includes an intercept and quarterly dummies, and f; contains national and
regional unobserved factors.36

Table 6, column (5) presents the estimation results of model (60). The estimated p* and p~
have the correct sign, and both are highly significant. The magnitude of the positive spatial effect is
notably greater than that of the negative effect, with a value of p™ amounting to 0.715 (0.005) and
a value of p~ being —0.308 (0.005). The coefficients of population and income growth are again
found to be positive and significant, with slightly smaller magnitude than those obtained using
distance and migration weights matrices. The CD statistic is low, and the cross-section exponent
is close to the borderline case of 0.5, suggesting that only weak dependence is left in the residuals.

The model fits the data very well, as implied from the value of R2.

7 Concluding Remarks

This paper considers panel data models in the presence of two sources of cross-sectional depen-
dence: endogenous spatial interactions and common effects. It derives identification conditions
and proposes a number of estimators for the joint model. The estimation approach replaces the
unobserved common factors with cross-sectional averages and utilizes instrumental variables and
quadratic moment conditions in order to cope with the endogenous spatial effects. The proposed
estimators are shown to be consistent as long as N is large, irrespective of the size of T. The
asymptotic distributions of these estimators are free of nuisance parameters, provided that T is
of a smaller order of magnitude than N, as (N,T) — oo jointly. Compared with the maximum
likelihood approach, the number of latent factors need not be estimated, and more general forms
of serial correlation in the disturbances are permitted. A wide range of Monte Carlo exercises lend
further support to the theoretical results regarding identification and estimation.

A detailed empirical application to real house price changes reveals that significant spatial

dependence exists across MSAs in the US, and it demonstrates the importance of adequately

358ee Appendix B and the Online Supplement for a more detailed characterization and comparison of different
spatial weights matrices.
36We have also considered the Durbin terms, but they are found to be insignificant.
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removing common effects when analyzing the strength of spatial interconnections. The study
also identifies significant effects of population and income growth on house price growth. Besides
geographical proximity, we also consider spatial weights based on migration flows and on pairwise
correlations of de-factored house price changes. The main findings remain valid under the different
measures of connections. These empirical results highlight the need to consider the spatial spillover
effects in housing markets when making policy and business decisions.

An important next step for future research is to incorporate rich spatio-temporal dynamics
into the model specifications. Such extensions provide a full characterization of how an economic
phenomenon transmits across space and over time, and they enable us to distinguish between
short-term and long-term spillover effects. Another possible extension of the model is to include
slope heterogeneity, which is especially relevant for studies covering different countries, regions, and
industries. The present paper is also related to the recent study by Pesaran and Yang (2016), who
consider networks with dominant units and common factors. The identification and estimation
of these models, in which the spatial weights matrix may have unbounded column sums, are of

practical importance and worth further investigation.
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A Appendix: Proofs of Main Theorems

The proofs are based on the lemmas in the Online Supplement.

Proof of Theorem 1

For ease of notation, in this proof we omit the subscript “0” and use =;, I, etc., to denote the true
parameters. The key to the proof is to establish the distribution of (NT) ™2 Q'M? [(I; @ T)f + e].
Applying Lemma A6, we only need to derive the distribution of (NT)~/2 SN X M(Fr, + ei),
and then the distribution of (NT)™/2 SN S™V s X! M(F~y; + e;), for s = 1,2, ..., will readily
follow.

Let us first consider (N T)fl/ 2 Zf\i | X! MF~,. Under Assumption 3, v; = v + n,, and note
that N1 Zfil X! MF~ = X, MF~ = 0, we have

N N
1 _ 1 _
—— Y X[ MFy, = — Y X]MFu,, (A.1)
VNT & VNT &=
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It is shown in Lemma A5 of the Online Supplement that”

X, MF = —A] (CC') ™' CeéMeC' (CC') ™' — V] MeC' (CC') .

Substituting this result into (A.1) yields

N
fz ' MFy, = FZ[ (CC)) ' CeMeC! (CC)) " ~ V;MeC' (CC) | ;.

Using (S.6 ) and (S.7) of Lemma A5 in the Online Supplement, and noting that the norms of
C’(C )~! are bounded, we get

Further using

VIMe Vie (VIZ\ (ZZ\ ' (Ze
T T T T T )’

and noticing that its probability order is dominated by the first term on the right hand side by

Lemma A4, we obtain
= A —1 Z
C'(CC) m+0,,<,/N).

Now that it is readily seen that C'(cC) -, (C,ié’ﬂ-)_l = O, (N7'), where C_; is con-
structed in a similar way as C but excluding ®;, and by a weak law of large numbers for martingale
difference triangular array we can establish that

‘Q\
('M

1 N
\/ATZ;X’MFT,,L— N;

-1

\FV'-
Z

((_]_i(_JLi)_l n; %0, as N — oo and T/N — 0,

since n; are i.i.d. with zero mean and are independent of all the stochastic quantities in the model,
2

and B ||(VNVLe/VT) C_; (C-.C_) 'm,

N
—— ZXQI\_/IF% %0, as N — oo and T/N — 0.
=1

< 00. Hence, it follows that

We next turn to analyzing the distribution of (NT)_l/2 ZZ]\LI X! Me;.. Let II = FC. It can be

shown that
N _
1 ) - H II VNé€e; T

37See (S.5) of Lemma A5.
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The first term on the right-hand side of (A.2) follows a distribution

\ﬁZX Ngez (0 QXMe)

where Qx 7 = A}gn (N_l Zf\il S,;XM8> SixMe = plim [ 1X’ M/E (e €, ) MsX; ] because

00 T—o00

- w CR ) (R e ()

and T2V’ e; = 0,(1) under Assumption 2. For the second term on the right-hand side of (A.2),

we have
1 ZN:X' <1‘1H> (@;;)_% ngn (HTH) <\/N5'Tiei‘>+op (ﬁ)

1:1
where we used that T '€'e; — T '€ .e; = O, (N _1). Applying a weak law of large numbers for
a martingale difference triangular array with finite second moment leads to

;f;x ()’ <f;;z>go, 25 N < o0,

Thus, as (N, T) % oo and T/N — 0,

N — _
1 Z X, (T~ (VNee, ) 5
N T \'T JT !

M=

i=1

and it follows that

As a result, as (N, T) Iy 50 and T/N — 0, we have VNT (32313 — 5()) L (0, X945) , where
Y9415 is given by (26).

Proof of Theorem 2
Note that

~1
VNT (Sbws - 50) = <N1TQ*’L> J]%Q*/ [(Ir ® To)f +e].

To establish the asymptotic distribution, it suffices to show that

i 52Q7L = plim LML, (A.3)
and
\/t [(IT ® Fo)f + e] —) N (0 QLM@) . (A4)
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Substituting
Y=>1r®S;") [XBy+ Ir @T) f +e]

into the definition of L yields
L =L+ [(IT®F0)f+eaO}7

and it follows that

1

= o [ @ G XB,X| MLy + - [ © G(9) X3, X] M [(Tr & To)f +¢,0].

1 A *l
N3l NT
Using the first-order Taylor expansion of G(p), we have

Wy — pW) 1 = Go+W(Iy — pW) 1Go(p — po).

Applying Lemma A6, and using p = p + 0,(1) and B = By + 0p(1), we obtain

NIT [(IT ® G(p)) X3, X} M’Lo = ﬁLOM Lo + 0p(1),
NlT (12 © G($) XB,X] M [(Ir @ To)f +e,0] = 0,(1).

Thus, the result in (A.3) is proved. The claim in (A.4) can be established using an argument similar
to the one in the proof of Proposition 1.

Now in order to examine if Q* is the best IV, we need to compare the asymptotic variances
Sipsts with Xog. Notice that

LiPg Lo = LiM}Q(Q'M}Q) ' QM) Ly < LML,

and hence ¥ pr < Oy, If the disturbances {e;;} are independently and identically distributed
with mean zero and variance a , then Yo =0 \IIL}WL < 02‘PL]13L = 3iogs. However, in general
we cannot conclude that Q* is opturnad7 because €2, ;. is unknown and 7,p. could be greater than
Qre.

Proof of Theorem 3

Consistency

Under the identification conditions for this model, it suffices to show that (NT)™' A%, gn7(d)
converges to its mean uniformly in § € Ay, and the limit equals zero at dg. Notice that

£06) = MroS(p)](Ir®Sy') X8+ (Ir @To)f +e] X4
Since S(p)Sy ' = [So + (po — p)W] Sy = In + (po — p)Go, where Go = WS;!, we then obtain

€(8) =[Int + (po — p)(Ir ® Go)] [XBy + (Ir @ To)f] -XB + Ir @ [S(p)Sy '] e
=X(By—B8) + (po — p) (It ® Go) [XBy + (Ir @ To)f] + (Ir @ To)f + Ir @ [S(p)S; '] e
—d(8) + re(d). (A.5)
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where

d(6) =X (Bo—8) +J (po— p) (A.6)
J = (Ir ® Go) [XBy + (Ir ® To)f] (A7)
re(8) = (Ir @ To) £+ 17 ® [S(p)Sy '] e. (A.8)

Let AR, = (a(l), a® ... al, A(Q)), where al), for 1 =1,2,...,r, are k, x 1 vectors, and A@) is
a k, X ¢ matrix. By definition, we have

|
7 AKrENT (6) Z a0 ¢/ (6) MPIME (5)] + - A@QMYE@).  (A9)
Expanding the first term of (A.9) produces
Za [ &) MCPYMY¢ (§ )} = w1 + 200 + w3,

where wy = = > _; al) [d' (6) MPPYM’d (6)] , w2 = 7 >.j; a¥) [d (§) MPPYMPr, ()] , and
ws = 7>, al) [r’g (6) MPPYMPr, (5)} . Note that S(p)S;' has bounded row and column
norms, and so do the products of S(p)Sy*, Py, and [S(p)Sal]/. Also notice that MPP’M’ =
M ® P;. Applying Lemma A6 and A7, we obtain that zo;, w02 and wo3 converge uniformly to
their means, respectively. In addition, the second term in (A.9) converges uniformly to zero.

Hence, we establish the uniform convergence of (NT) ™! A% rgnt (0). Furthermore, its limit equals
zero at the true value &p. This can be verified by noticing that £(dg) = (Ir ® Tp)f + e, and

E (e’M§P?M§e> —tr [E(M; @ P)) E (e€')] = 0.

Asymptotic distribution

We omit the subscript and let § denote the GMM estimator in this proof. By a mean value

expansion of O8N T( )A}‘\’,’TA%Tg NT (6) = 0 around the true value, dg, we obtain
. 4 -1 .
/
VNT (5 69) = - 1 %8 (9) A a1 O8NT ()] 1 28w (9) A (60)
0 NT 06 NTZENTNT 5 NT 06 NT /N 0)

where 4 is a point between & and 8g. For any d in the parameter space Ay, we have € (8) /08" =
—[(Ir ® W)Y, X], and it follows that

og () _
06’

where P5® = Ir ® P§ and P =P, + P}, for [ =1,2,...,r. Since

- [MPPPME (8),.. MPPIMYE (8), MYQ| (T & W) Y, X],

1 1 B
ﬁg' (0) MPP;*MY (Ir @ W)Y :ﬁg’ (6) (M ®@ P;Go) X8,

ot () (M@ PiGy) e + (M PiGoTy) ], (A10)
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by Lemma A6 and A7, at true value dg the above equation (A.10) can be rewritten as

N

1 1

~7 [(Ir @ To) f + e MPPM? (I @ W)Y = v ngi7l0? + 0p(1),
=1

where g7, ; is the it diagonal element of matrix Gy(po) = P; Gy, and (NT)™* e M P{MPX = 0,(1).
In addition, we have

1 b 1 /
—Q'M” (1 W)Y =— M Go) X 1).
7 QM (Ir @ W) N7 Q My ® Go) XSy + 0p(1)
It then follows that (NT) ™' dg/yp (8) /88 = —D + 0,(1), where D is given by (42).

Finally, applying the Central Limit Theorem given by Lemma A9 for the linear and quadratic
forms establishes

1 1 :
WA%T&VT (d0) = /NT [ré (d0) (Z a(Z)MbP?Mb) re (80) + AQQM"r¢ (6)
=1
LN (0, AV, AY), (A.11)

where X, is given by (44), and this completes the proof.

B Data Appendix

The house price indices for Metropolitan Statistical Areas (MSAs) at monthly frequency are ob-
tained from the website of Freddie Mac: http://www.freddiemac.com/finance/fmhpi/archive.html.
The quarterly values are computed by taking the three-month arithmetic averages.

The annual Consumer Price Index (CPI) series for all urban areas is sourced from website of
the Bureau of Labor Statistics: http://data.bls.gov/pdq/querytool.jsp?survey=cu. The CPI for
each MSA is constructed from the corresponding state CPI, and the missing observations for a few
area-year combinations are replaced by the US averages.

The data on annual income per capita and population at the MSA level are obtained from the
website of the Bureau of Economic Analysis (BEA): http://bea.gov/regional /downloadzip.cfm.

The quarterly values of CPI, income, and population are computed from annual series, following
the interpolation method given in Appendix B.3 of the Global Vector AutoRegressive (GVAR)
Toolbox User Guide, which is available at the GVAR modeling website:
https://sites.google.com/site/gvarmodelling /gvar-toolbox /download.

The geodesic distance between MSAs is calculated by the Haversine formula, using the Latitude-
Longitude of zip codes of the corresponding MSAs. The data on MSA-to-MSA migration flows are
sourced from the 2010-2014 American Community Survey (ACS) 5-year estimates by the United
States Census Bureau. The flow estimates with coefficients of variation higher than 20% are dropped
from the sample. Table B.1 reports the summary measures of different spatial weights matrices
used in the analysis. Further details about these weights matrices are provided in the Online
Supplement.
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Table B.1: Summary of the spatial weights matrices

Wi Wioo Wias W,, W+ W~

Links

Mean 3.31 5.73 8.65 4.46 10.41 7.53
Max 12 20 27 59 35 35
Total 1,246 2,162 3,260 1,681 3,926 2,838
Network density — 0.88% 1.53% 2.30% 1.19%  2.77%  2.00%
Isolated MSAs 39 15 10 53 3 45
Dimensions 377 x 377

Notes: Wy denotes radial distance weights matrix with threshold distance d (miles). W, represents weights matrix
based on MSA-to-MSA migration flows. W (Vth) is constructed from significantly positive (negative) pairwise
correlations of de-factored house price changes. The total number of links equals the number of nonzero elements in
the weights matrix. Network density is computed by dividing the sum of existing links by the number of all possible
links.
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Online Supplement to “Common Factors and Spatial Dependence:

An Application to US House Prices”
Cynthia Fan Yang!
August 20, 2018

This Online Supplement is organized into three sections. Section S1 provides supplementary
lemmas for the main proofs and derivations of the identification conditions. Section S2 reports
additional results of Monte Carlo experiments. Section S3 presents more empirical findings and
further description of the spatial weights matrices.

S1 Theory Supplement
S1.1 Supplementary Lemmas

The following lemmas summarize some useful results under Assumptions 1-7 in the main paper.

Lemma Al. Under Assumptions 4 and 6, the matriz A~ has bounded row and column norms,
where the (i,7)" subblock of AL, fori,j =1,2,..., N, is given by (4).

Proof. Consider first the row norm. By definition, we have

[|A7Y|o =max{ 1, max Z"SUH_ZZ‘SUBP

j=1p=1

=z

<max { 1, max Z |355] + KZ |345]

1<i<N
N
. -1
<max 1,K11§%)§VZ;]3U~| =max {1, K|[S7"|s} ,
]:

which is bounded as |[S7!||s < K < oco. Likewise, we can show that the column norm of A~}
bounded, since

AT < max {||S7H]1, 1+ K|IS7H L} < K.

Lemma A2. Under Assumptions 2, 4 and 6, for all t,
(a) E(€) =0, Var(€;) = O (N™!'), and hence € 50, as N — oo,
(b) Elle.]]> =0 (N7Y) , Elles]| = O (N~1/2),

where €; = Ou€4 , O, = N_lﬂv ®Ipi1, and € = A lu,.

TDepartment of Economics, Florida State University, 113 Collegiate Loop, 281 Bellamy Building, Tallahassee, FL
32306, USA. Email: cynthia.yang@fsu.edu. This work was carried out during my doctoral study at the University of
Southern California.
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Proof. This lemma is a direct counterpart of Lemma 1 of Pesaran (2006). Although the error terms
are defined differently, we will demonstrate that the same properties can be established.
(a) E (€+) = 0 immediately follows E (u;) = 0. As for the variance,

Var(e;) = ©,A7'E () A0, = 0,A7'5,A7VO),.
For any row vector of ®,, denoted by 8,, we have
0, A7 S, ATV, < (040),) Amax (AT, ATY) = N Ay (AT S, A7Y) .

Since A~! has bounded row and column norms by Lemma A1, and so does ¥, under Assumption
2, it follows that the product, A™'X, A~Y has bounded row and column norms, and consequently
Amax (AflﬁuAfll) is bounded, which proves that Var (€) is of order O (N_l). The last statement
is readily established by the definition of convergence in quadratic mean.

(b) Note that

Elle]? = E [tr (0,47 u i/, ATVO),)] =tr (0,A7'S,A7"0,) =0 (N71),

and then, E|[e,|| < (E|e]|?)"* = 0 (N-1/2). .
Lemma A3. Under Assumptions 1, 2, 8, 4 and 6, for all i,
(@WF=0,(}). ®5=0,(A). (0% =0,(%).
"€ V!
@) % =0, () + 0 (AAg): # =0 (3) + 00 (A7),

Xie _ 1 1
(¢) =+ =0p (5) + Op (ﬁ);
where € = (€1,€x,...,€7)is of dimension T x (k+ 1), with €; = Ouey, F = (fi,f,... 1),
Vi = (vVit,Viz, ..., vir), €. = (ei1, €z, ..., eir), and X;, = (Xi1,X42, .. ., Xi1)

Proof. Having established Lemma A2, results (a), (b), and (c¢) can be proved following similar
arguments as those for (A.10)-(A.12) in Lemma 2 of Pesaran (2006), so here we give only the
proofs of (d) and (e).

(d) Notice that T~ e/ € is a (k + 1)-dimensional row vector. Let T~ 'el € = (é1,€2,...,Ex+1)-
We will consider separately its first entry and the rest, due to the composition of €.

Expanding é; by definition, we have

T N N ;| TN
Z Z Z eit (3qnent + 3qnViuB) = = NT Z Z 8.n (eirent + eiviyB)
T=i= 1¢=1 t=1 h=1

where 3;; is the (4, /)™ element of the matrix S~ (p) = (Iy — pW) ™!, and 5, = Zévz1 Sqn = O(1).
It follows that

N

T
Z 5.1 [E (eient) + E (eirviyB)]

=1

T 1 & 1
nglE (ef) = ﬁnglof =0 <N> :

t=1 t

~+
Il
—_

>

Il
—
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and

T T N N
Var(é1) N2T2 Z Z Z Z $135.E [(eitent + vy B) (eisers + €isvi8)]
t=1 s=1 h=1 I=1
T T N N
N2T2 SN NN snsi [E(eueneisers) + E (eaeisviBvi0)
t=1 s=1 h=1 I=1

+E (eieneisvisB) + E (eieiseisviyB)]

where the last two terms are zeros due to independence between e;; and v, for all (i,7,t,s), and
the first two terms are given by

E (e’%tezzs) ) ifh=1=1
E (ejrenreisers) = E (ejreis) E (epers), ith=1#14i
0, otherwise
E (eneis) B'E (virvy if h =1
B (enesviyvi8) = | ©(Cncis) BEuvi) B, ith =1
0, otherwise

Furthermore, since e;; and v;s have finite fourth-order moments and their autocovariances are
absolutely summable, we thus have

T T T T N
1
Var @)~ S RE () + o YD D AE caee) E ener)
t=1 s=1 t=1 s=1 h=1,h#l
T N
o Y B ) B (k) B
t=1 s=1 h=1

-0 () +0 (),

which implies that & = O, (1/N) + O, (1 /\/NT) .

We now turn to the rest of the elements of T~'e} €. Note that &, = (NT)™' Y1, Zé\[:l €itVgt,r
forr=2,3,...,k+ 1. Clearly E (é,) =0, and

N N
Var(e,) = @ZZZZE (eit€is) vqt PVl T) =0 <N1T> .

t=1 s=1 g=1 h=1

Therefore, €, = O, (1 /VN ) forr =2,3,...,k+1. Together with the results for &, we conclude
that T~ tel e = O, (1/N) + O, (1/\/NT> . The second result in (d) can be proved in a similar

manner.
(e) Note that T-'X.e = A, (T"'F'€) + T~'V!e. The claim readily follows from the results
(b), (d), and the assumption that ||A;|| < K. O
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Lemma A4. Let II = FC. Under Assumptions 1, 2, 8, 4 and 6,
W =00, 0% =0 (7). © %
WEE =01, ()L =0,(})+0, (&), () B =0,00),

() BX=0,(1), )2 =0,(})+0, (k). DEE=0,(4)+0,(F=).

Z = 0,(1),

Proof. (a) H}H = C’F}FC = 0,(1), since the elements of C are bounded and F/TF = 0p(1).

(b) Te = C'Fe = 0, (k7). as the elements of C are bounded and 5 = 0, (A=) by
Lemma A3

(c) Since Z = IT + &, we have Z2 = LT 4 €€ 4 olle , €Il — 0 (1) + O, (&) +Op( }VT) =
Op(1)

(d) 2 :(‘:/F;F+"TF Op(1) + Oy (A ) = Op(1).

(&) 2 = CFYe + £ — 0, (L) + [0y (F) + 0y (A7) = 00 (F) + 0y (F5)-

(f) Recall that X; = FA; + V,, and then it follows that ZXe — ZEA, 4 ZVe — O (1) +

T
(h) Zpe = O'Fp + CER1 = O, (ﬁ) + [OP (%) +Op (ﬁ)} =0p (%) +Op (%)
() % =T + 5 = 0y () + O () s

Lemma AS5. Under Assumptions 1-6, for any i and j,

=0: (%) + 0 (7).

(b) X,’L.'I\;/WIX Xfo] —|—O( ) L0 <¥>7

D
X’ Me; X! Mye;
(c) Rl €. _ Ay, Tfey. +0, (%) + 0, (L))

X! MF
(a) =

(f) E¥E = 0, (%),
(g)x;TMé:X:1;43+O (

Proof. (a) From (8), we have
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Since MZ = 0, it follows that

1

X;MF = — (X Me) C' (CC') ™, (S.2)
As X; = FA; +V;., we have
X! Me = A/F'Me + V; Me. (S.3)
Using (S.1) again gives
¢MF = — (¢ Me) ¢ (CC') . (S.4)

Then substituting (S.3) and (S.4) into (S.2) yields
X! MF = — A/ (CC') " Gé'MeC! (CC') ™ — V! MeC’ (CC') . (S.5)

Since Al and (CC’ )71 C have bounded norms, now we only need to establish the probabilit

orders of ||T7'€Me|| and ||T~'V} Mé||, and then the assertion in (a) will follow. Expanding M

by definition and applying Lemma A3(a), Lemma A4(c) and (i) leads to

T (DE) (F)0G) e

Similarly, by Lemma A3(d), Lemma A4(c), (e) and (i), we have

ngl}_/fé _ V%E B (VTZ> <Z:'FZ>‘1 (ZTe> _o, (le> ‘1o, (\/J%) , (S.7)

Hence the result in (a) follows.

The rest of Lemma Ab can be proved by applying Lemma A4 and using similar reasoning as
that for Lemma 3 in Kapetanios et al. (2011). To save space, we only give the proof of (b) to
illustrate the main idea.

(b) Let IT = FC, and My = IT (IT'IL) ' IT. Then we have Z = IT + €, and

X' MX,; X MpgX., X'7(ZZ) ' Z'X; X/ I(II'I) 'IrX.
- e [ = (2'Z) o X ) Ll < dy + dy + ds,
T T T
where
_ o X! € Z'7Z\ ' 7'X; 1 1
d = |77 (x! Z — XTI (2'Z 1Z’X-‘< i o, (=) +0,(——
1 ( 1. 7 )( ) J-|| — T T T p N + p \/W )
d=||rxin(z2) " - () X, |
_| ge_me em||xim zz | T zx,
=T T T T T T T
1 1
=0, (—=)+0,( —),
p<N> p<¢NT)
o X/ TI /ITID Y| || @X; 1 1
d EHT*X’.H o) (Z'X; - X, H < |2 il =0, (~ o
3 . ( ) ( J- J-) — T T T Op N +Op \/W

).



Under the full rank condition given in Assumption 5, My = M/, and hence we have

—o,(L) o).

X, MX; X|M/X,
T T

Lemma A6. Under Assumptions 1-7,
(a) QM (Ir @ T)f = O, (%) + O, (ﬁ)
(b) 7 QM (Ir @ B)e = O, () + Op (ﬁ)
(¢) xzQM" (Ir @ B) X = 57 QM4(I7r @ B)X + O, (1) + Op <ﬁ)’
where B = (b;;) is any N x N nonstochastic matriz with bounded row and column norms.

Proof. (a) Taking a column from Q and expressing it generically as
Q.= [(WTX-LP)/ ) (Wrx-lp)/ DRI (WTX-TJ’)/]/ )
where r =0,1,2,...,p=1,2,...,k, Xt p = (T1p, T2t p, -, l‘Nt’p)/, and W = I, we have

(NT) ' QIMP Iy @ T) f = (NT) ' QLvec (TF'M')

N N
=(NT) 'tr (W (x1.p,X2.p, . - - s XN. p) MFI'] -1 Z Z wix) ,MF~;.
i=1 [=1

Evidently, the claim in (a) readily follows Lemma A5(a), and the assumptions that -, is bounded
and W has bounded row and column norms.
(b) Taking the p*" column from Q, p = 1,2,...,k, as in the proof of (a) we can show that

N N N

1 _
7TQ:3 MeB)e= NT Z DO bywix; ,Me;.

=1 j=1I1=1

1 N N N 1
SIS b Mye, +0, ( )+0 ()
i=1 j=1 I=1 NT

]\;Tf:f:lf;bwwzm 285 T Op < >+O <\/]1V—T> (S.8)

=1 j=1

where the second equality follows by Lemma A5(c) and the assumption that B and W have bounded
row and column norms.
Consider the first term in (S.8). Its mean is zero and its variance is given by

N N N
/ / r
N2T2 Z Z Z bijbi; E (Vi - VN.p) €€ (Vip,- ., VN.p) Wl]
i=1 [=1 j=1
N N N
Sy 3 ().
i=1 I=1 j=1 m=1n=1
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where €2, ; is the variance-covariance matrix of e; . Since ej; is stationary with absolutely summable
autocovariances, €2 ; has bounded row and column norms. It follows that

TV} Vs < T Nanas( Qe Wi Vi < KT vy = O(1).

m.,p

Also notice that Y1 Z;\le bijbi; = O(1), since BB’ has bounded row and column norms. Hence,

we obtain
1 N N N 1
v 22 Y buiviger | =0 (7).
i=1 j=1I=1

and consequently the order of the first term in (S.8) is O, (1 /VNT ), which completes the proof.
(c) Let C = B"W" = (¢;). For any column of Q, we have

1 1 _
—Q;Mb(IT ®B)X = Wtr (X1, s s XN.p) M (X1, ..., XN p) BWT]

ZZX'MX cﬂ:NTZZX'MfX Cji+ Oy < >+0 <\/1177T>

’Lljl =1 j=1

Again, the last line follows by Lemma A5 and Z;V:1 cji = 0O(1).
O

Lemma A7. Under Assumptions 1-6, for any N x N nonstochastic matrizc B = (b;j) with bounded
row and column norms,

(a) NTe (M®B)9—NZZ 1 biio? = 0p(1),

1) et (MO T'B) e =0, (4) + 0y (A7),
(¢) 3o (Mo T'BD) £ =0, (}).
Proof. (a) Applying Lemma A5, we have
L 1 N
~NT® (M®@B)e =NT ; ]Zl e; Me; bj;
| X / L NN . . 1
=~7 ;;ei,Mfej.bﬁ t ;;bﬁ [Op (N\/T) +0, <\/JVT> +0, <N?>]

NlT (Ir ©B)e + O, (;) 10, (Ni/:?) +0, (;)

Clearly, it suffices to show that (NT) ™' e/(I7 ® B)e converges to its mean uniformly. First,

E NlT (Ir ® B) } ZZbﬂE ejej) = mea = (S.9)

11]1

since e;; is independent from ejy for any i # j, and obviously the mean is zero if b; = 0 for all 7.

ST



Next, consider the second moment

2 ;] NN N
E (]\TTe,<IT & B)e) = W Z Z Z Z bjibqlE [(e;-.ej,) (e;.eq,)] N
i=1 j=1 1=1 ¢=1
where
E[(ejei)’] = EHZS 1 B (eqel) ifi=j=1=q
E[(¢};)] = Xi_) ey E (eireis) E (ejiejs) = tr (Qeifle;), ifi=17#j=q
E[(eie;) (eteq)] = E[(efe;)?], iti=q#j=I
E (€} e;) E(e|e.) =T?020?, ifi=j#1l=q
L 0, otherwise

It follows that

N N N
1 1
Var ﬁe' (Ir ® B) e] :N2T2{ Z V2 E [(eg € ] z:: Z biibuE (ej.e;.) E (e) e.)

=1 1,044
N N
+ Z Z (b?Z + bjibij) E [(e;ej,) } } N2T2 ZZb“b”E e e;.) E(eje)
i=1 j=1,j7#1¢ i=1 [=1
N
:ﬁ bel {E [(e;_ei.)ﬂ - [E (e;.ei,)]Z — 2tr (Qe’iﬂe’i)}
i=1
N N
+ 7N21T2 D0 b (bji 4 bi) tr (e, ) - (S.10)
i=1 j=1

It is readily seen that if b;; =0, for i = 1,2,..., N, then
1 1 L 1
Var |:]VTe/ (Mf & B) e] = W Z Z bji (bji + bl‘j) tr (Qeﬂ‘ﬂe’j) =0 <]VT> s (S.ll)
i=1 j=1

where the second equality follows from the assumption that B and € ;, for all i, are uniformly
bounded in row and column sums. In general, when diag(B) # 0, the first term in (S.10) does not
equal zero but is of order O(N~'T~1) since

T T
7! {E {(eg.ei.)ﬂ - [E (e;'ei.)]2 — 2tr (Q“QH)} =71 Z Z cum (e, ey, €y, €1,)

t1=1t2=1
T T
= Z cum (eo, g, s, 1) < Z lcum (e, et,, et,y, €1,)] = O (1),
t=1 t1,t2,t3=1

where cum(.) denotes the cumulant, the first equality follows the definition of the fourth cumulant,
the second equality follows by the stationarity of e;;, and the final result follows by Assumption 2
that the fourth-order cumulant of e;; is absolutely summable. We thus establish that

1, (1
Var [NTe (Ir® B)e] =0 (NT> ,
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and by the Chebyshev’s inequality (NT )71 €/ (Ir ® B)e converges to its zero uniformly at the rate
of O, <1/\/ NT) , and this finishes the proof.

(b) Let C = I'B, then (NT) ' (M@ I'B)e = (NT) ' Y1, > | € MFc;;. Its probabil-

ity order is immediately established by applying Lemma A5 and noting that all elements c¢;; are
uniformly bounded.

(c) The proof is similar to that of (b). O

Lemma AS8. Under Assumption 2, for any two N X N nonstochastic matrices B and D with
bounded row and column norms and satisfying diag(B) = diag(D) = 0,

(a) E[¢ (I @B)e] =0,
(v) E{[e/ (Ir @ B)e]’} = Ttr [(B© B*) Tur] = TN, S0 biibiy + bjo)seris,

(c) Ele’ (Ir @ B)ee' Iy @ D)e] = Ttr (B © D*) Xor] = T Y11 S0 bjildij + dji)seris
where B = B + B', D* is defined similarly, and Xcr = (Ser,ij) is an N x N matriz of which the
(i, )" element is given by SeT,ij = T l¢r (i ;).

Proof. Results (a) and (b) follow from (S.9) and (S.11) in the proof of Lemma A7(a). The result
in (c) can be verified similarly. O

Lemma A9. Consider the following linear-quadratic form: h = € (Ir ® B) e + c’e, where e is an
NT x 1 vector of disturbances following the data generating process specified in Assumption 2, B is
an N x N nonstochastic matriz with bounded row and column norms and satisfies diag(B) = 0, and
c is an NT x 1 nonstochastic vector such that supnr(NT)™ Zfil 23:1 lcit|*T0 < oo, for some
0 > 0. Then the variance of h is given by

N N N
02 =33 bji (b + bji) tr (i) + > €l Qe
i=1 j=1 =
If (NT) o2 is bounded away from zero, we have h/oy, 4 N(0,1) as N = oo and T/N — 0.

Proof. Let h; = Zf;l bjie, ej + c; e;, and then h = Zf\il h;. Note that h;, 7 =1,2,..., N, forms

a martingale difference array with respect to the o—field generated by {e; ,e2,...,€;_1 }, since

N
E(hill,2,...,i—1) =) biE (efe;[1,2,...,i— 1)+ E(cje;i[1,2,...,i— 1)

j=1
i—1 N

= Z b & (e;) e, + Z b B (e;ej,) = 0.
j=1 i+1

To apply a martingale difference central limit theorem (CLT), we only need to show that the
following two sufficient conditions hold (see, for example, Kelejian and Prucha, 2001, Theorem

A): (1) = X/, Bl — 0, for some § > 0, and (i) & 3%, B (B2[1,2,...,i—1) & 1.
h h
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For (i), letq:2+5and%+%:1, we have

N N % N
hil? <I> bjieje;|? + Icieild < [ D [bsl > Ibjilleles e | + Icieil?,
=1 j=1 j=1

where the second equality follows by the Holder’s inequality, and then

q
N p N

N N N
DUERT<Y D (bl D lbjilEleleil? | +) Elc e’
im1 i=1

i=1 \ j=1 j=1

By the C, inequality, E (|e}e;|?) < T971 Zle Elei|1E|ej|? = O (T7'), where the order fol-
lows by the assumption that the third cumulant of e; is absolutely summable and the third cen-
tral moment of a random variable is the same as the third cumulant. Similarly, E (|c}e; |?) <
TV e ?Blex|? = O (T971) . As a result, Y1, E|h;|>t% = O (NT'*), and the assertion in
(i) follows as UZM @) (NH%TH%).

For (ii),

N
Y E(hI1,2,...,i—1) — o} =11+ 2ry,
=1

where

N -1

r1 :Ziji (bij +bj;) [E (€] ejeie;[1,2 .,i—1)—E (€] e]ejez)]
i=1 j=1
N i—1 T

T
=D by lbi +b50) D> Bleaess) lejies — Elejiess)]

i=1 j=1 t=1 s=1

i— T

N N N 1 T
T2 :ZE ijie;ej. (c;el) 1,2,...,i— 1| = ZZZ
i=1 j=1 1=1

bjicis E (eieis) €t

Clearly E(r1) = E(re) =0, and

N i—1

N
Var(r) = Y > bji(bij + bji)bii(byy + bji)
=1 j=1I=

T

1
T T T
X Z Z Z Z E(egeis)E(ewers) [Elejiejsejuejs) — Elejiejs)E(ejuejs)]
t=1 s=1t'=1s'=1
N -1 N

= bji(bij + bji)bii(bij + bji)
i=1 =1 1=1

T
X Z E(ejeis)E(eers) [cum(ejt, ejss it €js) + Elejiejp)E(ejsejs) + E(ejtejs/)E(ejsejt/)] .
t,s,t’,s'=1

Under Assumption 2, e; is stationary with absolutely summable autocovariance and fourth-order
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cumulant, and also in light of the boundedness of the row and column norms of B, we have
Var(r1) = O(NT). Next,

N i—1

Var(rsy) Z Z Z CisCis E(eiteis) E(eeis ) E(ejiejr) = O(NT),

=1 j=1 t,s,t’,s'=1

where we have used the uniform boundedness of ¢;s and the absolute summability of autocovariance
of e;;. Accordingly,

N7 (S8 B (R i = 1) — of] 1
NT 1 h :O<m>’

1 N
2 , =
=Y E(BI,2,...,i—1) —1= -
St NTh
which proves (ii). O
Lemma A10. Let A = (a;;) be an N x N matriz. Then,

tr (A% + AAY)  20tr (A)]

— > 12
. M (5.12)
for all N, including N — oo.
Proof. 1t is clear from the definition of trace that
tr (A2 +AA") 2 [tr < 2
_ Z Z a;; + aija; — aiiajj)
N i=1 j=1 N
1 ) 1 1 1 )
=22 (o | |2 ||+ 2o D (o +aia).
i i j i j#i

By applying the Cauchy-Schwarz inequality,

;,Zazzi 2 (;, Z%) Jbzajj , (8.13)
% 2 J

and noting that

1 1
v 2 2 (af Fagan) = g ( 20 a4 D ah+2) ) aija;

i jFi i J>0 i j<i i J>

Zza3j+zza?i+2zzaijaﬁ

i >t i J>1 T J>
1
= N Z Z(aij + ajz-)z >0, (814)
i g>i

the result given by (S.12) follows immediately. The equality in (S.12) is reached if and only if both
equalities in (S.13) and (S.14) hold true. In particular, when N is finite, (S.13) becomes an equality
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if and only if a1y = a2 = ... = ann, and (S.14) becomes an equality if and only if a;; = —aj;, for
1# ],
O

S1.2 Derivations of Identification Conditions

Model (12) in the main paper: Without exogenous variables x;

Consider Qn7(1) as defined in (14) of the main text. The first derivatives are

IQnr(Y) 1

) [(Ly — dGo) ] - (1 - 0) T

N

tr(GoGy) N o3 ( 1 —

(-9 d

) g, Z (GoToft) GoT'of; + (GoTofi) Fi(]
IQnT(Y) _Uo (1-
¢

0QnT(Y) _ Y 1 1 Qtr(GoG{)) 1

_ _ _ -2 ! / n'
o0 2(1—-0) 2+Nd”(G°) 7N 570 (<) Hy (po,7p) (d.€')’,

T
Z (dfig)Lof + £i£/¢;), fori=1,2,...,N,

where gy ; is the it row of Go, and Hy (po,~y() is given by

Hy (po, 7o) = (NT)~ EOZ (Jo:J0), Joi=( Golofy, Fy).
t=1

The second derivatives are given by

0QnT(¥) 9QnT(Y¥) IQNT (Y

2 o2d adac 9do9
FQnr(¢P) _ OQNTI¥)  OQnT (%

oy : acac COY

Arnr(YP) =

= = =

9QNT (Y
029

Ar1n Apio Agas
= . Ajgoo Apoz |, (S.15)

Apss

A _0Qnr(¥) _ 1

T TN

tT(GoG/) 2
N

(3@ (¢) 5'@ (’lﬁ) (1 — 19) ! /
A ="5iac = {a]cgc} B {UONTEO ZgO»iFOftft} ’

Ay 20QT®) _tr(Gy) tr(GoGy)

ddoY N N E 0 Z

tr [(IN —dGo) " Go (Iy — dGo) " GO}

T
+(1-9) EOZ (GoTof:) GoTof;,
t=1

GoTof;) GoTof; + (GoTof;) Fi(]
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Ay 0QT(®) {8QNT<w>}

21_ T
{MEtotft', if i = j; and 0, ifi#j}a

aco¢ 0¢,0¢] NT =
0 0
Aoy — Qazzg(;l’) :{ %fc\f;g;:b)} _ { NTEOZ df,gf ;Tofs + ££/¢; )}
A IQnT(YP) 1
P32y T a(1—0)

At v = 0, we have

T T T
Ap11(0) F5E0Y 8o Tofif] 75E0d g6 Tofifl - F5E0Y g yTofif] e
t=1 t=1 t=1
%Eozftfé Omxm toe Omxm Omx1
. T
AvaT(O) = . Ormxm %Eozftff{ Omxm O0rmxm 0x1 ’
Omxm
. T
Omxm Ome T %EOzftft, 0m><1
0 0 0 1
(S.16)
where .
tr (GZ + GoG/ ol
As11(0) = (G N 0) N%EOZR’ +Rot,
and Ro; = GoL'of;. The determinant of Ay ;1 (0) can be computed as follows:
G2+G G’
) ir(GotGoGa) 4 NTEOZRMRM EOZROtFt
det [Afn7(0)] =5 det s = — 29090
2
%EOZFQRW EOZFtFt
L t=1
, T
, hg + 75 Eo0> Rp,Roy EOZRO .F,
:§det 715:1
0.2
75 EoY FiRo, EOZF F;
t=1

h o T
=Zdet | LEy) F,F
2 ¢ (NT 0; )
where gy = [ N=r(Gg), Oixnm ]/ and hy = N~ 1tr (G(Q) + G0G6) — 2N 2[tr (Go)]z. Also note
that F}F; = Iy ® fif/. Therefore, det [Afn7(0)] > 0 if and only if hy > 0 and T 'Ey (£f)) is

positive definite. This establishes the identification conditions in Proposition 1 of the main paper.
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Model (19) in the main paper: With exogenous variables x;
Supposing that the disturbances e;s ~ IIDN (0, 02), the (quasi) log-likelihood function is given by

NT NT T .
() = ——-In(2m)~ —lna +TIn|S(p Z Py — X8 T8 [S(p)y: — X8 T,

where ¢ = (p, 3.4, 02) ’. Under the assumption that x;; and f; are uncorrelated, it follows that

| 1 1 1 , , y

0.2
+ (o= po. (v = 7o) 1 Hp (00, 70) [p = po. (v = 70)']" + S5t (S5 'S (0)8' ()85 ] }

1 1 1, 1

where G = Ir ® Go = I+ ® (WSEl), H/(po,7p) is given by (13), and H(po, B;) is given by (20).
Hence, we obtain

Eol(‘P();VTEol _ ;[ < > (_ﬁ)}_l{mw_(p p0)Gol + 2(p po)tT(Go)}

o2 G G /
20— o TG L 0, (8 80)) B0, 80) [0 0. (8 o)

+ 2%2 [p = o, (v = 7o) Hy(po,76) [0 — o, (v = 70)'] -

Denoting Qn7 () = (NT) " Eo[l(po) — ()], where ¢ = (d, ¢, x/,9) with d = p—po, ¢ = B— By,
X =7 —"p, and ¥ = (02*0'%) Jo? < 1, we get

QO () = % lin(1 — 9) + 9] — %lnﬁN G| - iu — 9)dtr(Go) + %(1 - ﬁ)dW(Gj\‘}G@
+ 5031 =) (d.¢) Hlpo, BY) (d.¢') + 5031 — ) (dX') B0 75) (d.X) .

The first derivatives are given by

0QNT(?)
od

tr(Go)
N

tr(GoGj)
N

%tr [<IN - dGorlGo] ~a-0) Gy 1)
T
Z [d(GHXB0)' GHXBy + (G5XBy)'X¢ + d(GoTof:) GoTof; + (GoTofy) Fex]

IQNT () _00(1 —9)

E, (dX’GgXﬁO + X’Xc) ,

o NT

IQnT(Y) _oB1—0) | o~ , .
= FEy Z (dftgo’il"oft + ftftXi) , fori=1,2,..., N,

ox; NT —
IQNT(Y) v 11 1 2 tr(GoGo)

a0 2a-9) 3 NG5 —F

1
- 500 (d, ¢") H(po, BY) (d,¢) — *Uo (d.x") Hy(po,v0) (d, X)"
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The second derivatives are given by

QnT(Y) 9QnT(Y) IQNT(Y) IQNT (W

92d ; Qadac(' o gd@;{ aQadaq(s* ;
gy ~EQr) | G G
: : oxox’ ox oY
OQNT (Y)
: 029
A A Az Ay
. A Az Ay
_ S.17
. o Azz Az |7 (8.17)
Ay
where
0 1 _ _ tr(GoG/
An ZQgZTd(’Z’) = tr [(IN — dGo) ' Go (Iy — dGo) " GO] +(1- 19)7"(]30)
og(1—1) b 1~b /
+ TEO [(GoXﬂo) GoX By + (Golofy) Goroft} )
oQ o2 (1 -0
)10 ]
_0Qur()  [0Qnr() | _ R0 = e
A = adox’ | odox, | NT EO;gO’iroftft
Ay, 22@nT(#) _ tr(Go) dtT(GoG{))
Y 9dow N N
2
- %Eo [d(GﬁXﬂO)’Gﬁ;XﬂO + (GEXBy)XC + d(GoTof,) GoT'of; + (Goroft)’th} :
IQnT(Y)  op(1—1)
22 = ococ = ONT Ey (X'X),
0QNT ()
M acon
_0Qnr(Y) o] I b /
Aoy =500 =~y o <dXG0XB0+XXC),
_0Qnr(¥) _ foQnr() | _ [o3(1=0) L e oo o
A3z = oo aXﬁX; = NT E();ftfta ifi=74; and 0, ifi #£ j »,
_9QnT(¥) _ [9QNnT() | gb d / /
Aszy = X9 O, 00 = NTEO tz:; (dftgo,iFOft + ftftXi) )
A, @) 1
i 99 2(1 — )2
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At ¥ = 0, we have

tr(G24+GoG/ tr(G
(G GoCo) O o0, O1xNm (NO)
Anr(0) = Ok x1 Ok xk OkxNm Ok x1
ONmx1 Onmxk OnNmxnNm  Onmxi
tr(G 1
% 01k O1xNm 5

hf,ll 01k h/f,21 0
+O,g< H(po,B0)  O(kg14Nm)x1 >+U[2) Okx1  Okxk  Orxnm  Opxi
015 (k+1+Nm) 0 hyor Onmxe  Hp2o  Onmxi
0 01><l<; 01><Nm 0
(S.18)

where Hy (po, () is partitioned as

/
H, (:007'76) = ( hf711 (hf’21>1><Nm ) .

(hfvzl)mel (Hf722)Nm><Nm

Notice that all three terms on the right-hand side of (S.18) are positive semidefinite, which can
be seen by applying Lemma A10 and by noting that both H(pg,8)) and Hy(po,v() are posi-
tive semidefinite. Recall that the true parameter vector 1, is locally identified if and only if
Amin [ANT(0)] > 0. Hence, if H(pg, 3() is positive definite, then both py and B, are identified.
Given that pg is identifiable, op can be identified through the first term in (S.18). On the other
hand, if the first term is positive definite, which is equivalent to hy, > 0, then both py and og
are identified; and if in addition (NT) ™! Eo(X'X) is positive definite, the parameter vector 3, is
identified. In both cases, 7, is identified if T~1Ey (f;f]) is positive definite. These findings are
summarized in Proposition 2 in the main paper.

S2 Monte Carlo Supplement

This section provides additional simulation results of the estimation experiments. The Data Gen-
erating Process (DGP) follows the same design as in the main paper, namely,

Yit =pYi + B1rxigr + Boxire + ’Yg,,,ift + e, (S.1)
Litp :’ch,ipft +Vitp, p=12,

fort=1,2,...,N,and t =1,2,...,T. The unobserved factors are generated by

fit =paifis—1+sp,, |=1,2,...,m; t =-49,-48,...,0,1,...,T,
Sp ~IIDN (0,1 = p%), pp =05, fis0=0,

where the first 50 observations are dropped. The factor loadings are given by 7, ;1 ~ IIDN (1,0.2),
Vy,i2 ™~ IIDN (1, 02), and

< Vz,ill  Va,il2 ) NHD< N(0.5,0.5) N(0,0.5) >
Va2l Va,i22 N(0,0.5) N(0.5,0.5) )°
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The idiosyncratic errors of the x;;;, processes, (v, vm)/, are generated as
Vit,p :pvipvit—l,p + ﬁit,pv t= _49? _48) ey Oa ]-7 s 7T’

Pty ~N (0,1=03,) s vip—s0 =0,
po,, ~IIDU (0.05,0.95), p=1,2,

For the idiosyncratic errors of the y;; process, in addition to the two generating processes we have
considered in the main paper, we now assume that the errors e;; are independent over time and
heteroskedastic across cross-section units. Specifically,

eit:UiCitv i:1,2,...,N;t=1,2,...,T, (82)
Gt ~IIDN (0,1), ¢? ~IIDU (0.5,1.5).

The spatial weights matrix is specified as the 1-ahead-and-1-behind circular neighbors weights
matrix. The true number of factors is m = 2; the true values of slope coefficients are §; = 1 and
Bo = 2; for the spatial autoregressive coefficient, we consider p = 0.4 and 0.8, which represent low
and high intensity of spatial dependence, respectively. The sample sizes are N = 30, 50, 100, 500,
1,000; and T = 20, 30, 50, 100. The number of replications is 2, 000.

As in the main paper, we compare the performance of a number of estimators: the infeasible
2SLS estimator, 2SLS estimator, B2SLS estimator, GMM estimator and MLE. Tables S.1a and
S.1b show the results under a low intensity of spatial dependence; Tables S.2a and S.2b present the
results under a high intensity of spatial dependence. The results for s are omitted since they are
similar to those for 5. Each table reports the estimates of bias, root mean squared error (RMSE),
size, and power for the estimators. These results demonstrate that the proposed estimators have
robust performance in the presence of heteroskedastic errors when N is relatively large compared
to T'. Moreover, the finite sample properties remain satisfactory even when there exists a high level
of spatial dependence (p = 0.8).
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Table S.1a: Small sample properties of estimators for the spatial parameter p (p = 0.4, independent and heteroskedastic errors)

Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\ 20 30 50 100] 20 30 50 100] 20 30 50 100 20 30 50 100
Infeasible 2SLS estimator (including factors)
30 -0.10 -0.04 -0.01 0.00|240 191 148 099 | 555 515 565 450 | 1350 1825 29.20 51.75
50 0.05 0.06 0.00 0.00]18 148 1.11 0.77| 545 560 540 510 | 20.60 30.10 43.60 72.90
100 0.02 0.01 0.01 0.01 130 1.03 0.78 0.55| 480 3.95 440 4.10| 3490 49.10 70.95 95.50
500 -0.02 -0.01 0.00 0.00|0.59 046 035 0.25| 515 495 430 470 | 9255 98.85 100.00 100.00
1,000 0.00 0.00 -0.01 0.00 042 033 025 0.18| 470 555 535 5.75| 99.80 100.00 100.00 100.00
2SLS estimator
30 -0.09 -0.01 -0.01 0.01]274 215 164 115| 590 6.05 710 790 | 1270 1825 2835 48.40
50 0.03 0.06 0.02 0.01]199 157 119 0.82| 515 590 545 5.05| 18.05 27.00 4235 71.00
100 0.01 0.01 0.02 0.01|138 1.08 0.81 0.57| 485 555 455 530 | 3045 4525 69.20 94.30
500 -0.02 -0.01 0.00 0.00|0.62 048 036 0.25| 470 450 495 440 | 88.80 9815 100.00 100.00
1,000 0.00 0.00 -0.01 0.00|0.44 034 025 0.18| 420 430 540 5.45| 99.50 99.95 100.00 100.00
B2SLS estimator
30 -0.13 -0.03 -0.02 0.00]|274 215 163 115| 6.05 6.05 705 7.75| 1245 1760 28.15 47.95
50 0.01 0.04 0.01 000|198 157 119 0.82| 510 580 535 535 | 17.65 2645 41.65 70.40
100 0.00 0.00 0.01 0.01|1.38 1.08 0.80 0.57| 4.65 550 450 5.15| 30.60 4530 68.95 94.30
500 -0.02 -0.01 0.00 0.00|0.62 048 036 0.25| 4.65 4.60 470 435 | 8855 9830 100.00 100.00
1,000 0.00 0.00 -0.01 0.00|0.44 0.34 025 0.18| 435 440 5.05 5.60 | 99.55 99.95 100.00 100.00
GMM estimator
30 -1.27 -1.12 -1.08 -1.03|259 211 1.77 142 |10.15 11.30 16.75 24.75 9.20 10.85 14.45  22.75
50 -0.69 -0.63 -0.64 -0.60 | 1.86 1.51 1.22 0.93| 890 9.75 1215 1535 | 15.55 20.75 31.35 55.30
100 -0.32 -0.32 -0.30 -0.29 | 1.24 097 0.75 0.57| 6.80 6.15 7.10 10.05 | 33.50 46.45 69.65 94.70
500 -0.08 -0.07 -0.07 -0.06 | 0.52 0.41 0.31 0.22| 550 475 560 6.20 | 96.45 99.80 100.00 100.00
1,000 -0.03 -0.03 -0.04 -0.03 | 0.36 0.29 0.22 0.15| 580 525 575 5.85| 99.95 100.00 100.00 100.00
MLE
30 029 023 018 0.15]224 1.72 1.31 0.89 1205 9.95 930 7.65| 3200 3630 49.15 74.65
50 032 021 014 011172 1.34 098 0.67| 1235 990 840 7.30| 43.60 51.70 66.55  90.55
100 0.26 0.16 0.11 0.09|1.21 091 0.68 047 | 11.75 935 725 6.85| 61.80 7395 91.15 99.70
500 0.20 0.10 0.05 0.04]0.56 041 030 0.21|13.00 920 740 790 | 99.50 100.00 100.00 100.00
1,000 0.18 0.09 0.04 0.02|041 030 0.21 0.15]|14.00 930 7.60 6.20 | 100.00 100.00 100.00 100.00

Notes: The DGP is given by (S.1), where e;; are generated by (S.2). The true parameter values are p = 0.4, f1 = 1 and B2 = 2. The true number of
factors is 2. The naive estimator ignores latent factors, and the infeasible estimator treats factors as known. The naive 2SLS, infeasible 2SLS, and

2SLS estimators are computed using instruments QF? = (X,z,WX,t,WQX,t), for t =1,2,...,T. The best 2SLS (B2SLS) estimator is computed
using Q* given by (57) in the main text. The efficient two-step GMM estimator utilizes P1 = W and Py = W? — Diag (WZ) in the quadratic

moments and Qf) in the linear moments. The MLE is computed by the Expectation-Maximization (EM) algorithm described in Bai and Li (2014),
assuming the number of factors is known. The number of replications is 2,000. The 95% confidence interval for size 5% is [3.6%, 6.4%)], and the power
is computed under H; : p = 0.38.
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Table S.1b: Small sample properties of estimators for the slope parameter 8; (51 = 1, independent and heteroskedastic errors)

Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\ 20 30 50 100] 20 30 50 100[ 20 30 50 100 20 30 50 100
Infeasible 2SLS estimator (including factors)
30 0.01 -0.01 -0.02 -0.03|4.44 356 272 183 | 525 5.05 545 5.05| 21.20 30.10 46.95 75.90
50 -0.20 -0.18 -0.12 -0.10 | 3.45 2.68 2.03 1.40 | 5.60 4.70 4.85 4.25| 29.70 42.55 66.60 92.85
100 -0.14 -0.05 -0.05 -0.04 | 2.45 193 148 1.02| 6.05 6.00 545 4.75| 5235 7380 91.80 99.85
500 -0.05 -0.03 -0.02 -0.01 | 1.07 0.84 0.66 0.47 | 4.50 4.10 5.15 5.60 | 99.90 100.00 100.00 100.00
1,000 0.01 0.01 0.02 0.000.79 0.63 047 033| 6.15 590 4.95 4.70 | 100.00 100.00 100.00 100.00
2SLS estimator
30 0.03 0.02 003 0.02]|47 377 292 206 | 530 6.00 7.00 7.90 | 20.05 2895 47.50 75.50
50 -0.19 -0.18 -0.09 -0.09 | 3.62 2.77 2.09 1.46 | 485 525 490 490 | 26.75 40.15 6580 92.55
100 -0.13 -0.05 -0.05 -0.04 | 2.53 197 1.52 1.04| 555 530 5.30 5.15| 46.80 70.30 90.30  99.80
500 -0.07 -0.05 -0.02 -0.01 |1.12 0.86 0.67 0.48 | 4.25 3.95 4.80 5.55| 99.15 100.00 100.00 100.00
1,000 0.02 0.01 0.02 0.00 082 065 048 0.33| 550 5.60 5.00 4.80 | 100.00 100.00 100.00 100.00
B2SLS estimator
30 0.04 0.02 003 002|470 377 292 2.06| 530 595 7.00 7.95| 20.05 2890 47.45 75.65
50 -0.19 -0.18 -0.09 -0.09 | 3.62 2.77 2.09 1.46 | 485 520 495 485| 26.80 40.15 6580 9240
100 -0.13 -0.05 -0.05 -0.04 | 2.53 197 1.52 1.04| 555 535 540 5.05| 46.75 70.25 90.30 99.80
500 -0.07 -0.05 -0.02 -0.01 | 1.12 0.86 0.67 048 | 4.20 3.95 4.85 5.45| 99.15 100.00 100.00 100.00
1,000 0.02 0.01 0.02 0.00|0.82 065 048 0.33| 550 5.60 5.00 4.80 | 100.00 100.00 100.00 100.00
GMM estimator
30 0.14 015 0.16 0.16 | 476 3.81 293 2.07| 565 6.70 730 8.05| 21.05 30.06 49.25 77.70
50 -0.09 -0.07 0.01 0.01 364 278 209 145| 500 530 525 510| 2845 41.85 68.10 93.75
100 -0.08 0.00 0.01 0.02|253 196 151 1.03| 580 5.10 5.30 5.10| 47.65 71.30 90.95 99.80
500 -0.06 -0.04 -0.01 0.00|1.11 0.86 0.67 047 | 395 3.70 5.00 5.45 | 99.05 100.00 100.00 100.00
1,000 0.02 0.02 0.02 0.01 081 064 048 0.33| 530 560 5.25 5.10 | 100.00 100.00 100.00 100.00
MLE
30 0.02 0.00 -0.06 -0.02]|488 3.70 275 1.85|11.80 875 7.55 6.20 | 31.25 37.10 52,50 79.70
50 -0.17 -0.15 -0.12 -0.10 | 3.59 2.66 1.95 1.37 | 10.05 6.55 5.45 5.55| 38.45 50.95 72.65 94.85
100 -0.14 -0.05 -0.07 -0.06 | 2.56 1.92 1.45 0.99 | 10.60 7.65 6.50 5.75 | 61.90 79.80 94.25  99.95
500 -0.03 -0.02 -0.02 -0.01 | 1.13 0.85 0.65 0.46 | 10.60 6.70 6.10 6.90 | 99.60 100.00 100.00 100.00
1,000 0.03 0.01 0.02 -0.00|0.79 0.61 045 0.31| 9.70 720 6.40 5.80 | 100.00 100.00 100.00 100.00

Notes: The DGP is given by (S.1), where e;; are generated by (S.2). The true parameter values are p = 0.4, 81 = 1 and 82 = 2. The true number of factors is 2.
The power is computed under H; : 81 = 0.95. See also the notes to Table S.1a.
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Table S.2a: Small sample properties of estimators for the spatial parameter p (p = 0.8, independent and heteroskedastic errors)

Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\T 20 30 50 100 ‘ 20 30 50 100 20 30 50 100 20 30 50 100
Infeasible 2SLS estimator (including factors)
30 -0.04 -0.01 0.00 0.01]1.21 095 0.74 049 | 525 515 550 485| 39.00 5510 77.70 97.25
50 0.04 0.04 0.01 0.00]093 075 056 0.38| 545 5.65 525 545 | 6080 7835 93.70  99.90
100 0.01 0.01 0.01 0.00]065 051 039 0.27| 535 445 440 440| 8.8 97.15 99.90 100.00
500 -0.01 -0.01 0.00 0.00]0.29 0.23 0.18 0.12| 520 530 440 4.30 | 100.00 100.00 100.00 100.00
1,000 0.00 0.00 0.00 0.00|021 0.17 0.13 0.09| 500 545 545 6.15 | 100.00 100.00 100.00 100.00
2SLS estimator
30 -0.04 0.00 0.01 o0.01]145 1.14 0.87 061 | 620 645 6.90 810 | 3290 4785 68.20 92.00
50 0.03 0.04 001 0.01]1.03 081 062 042 | 515 585 550 6.20| 51.90 72.05 89.70  99.65
100 0.01 0.00 0.01 0.00]|0.71 0.55 041 0.29 | 500 495 440 540 | 80.50 94.70 99.90 100.00
500 -0.01 -0.01 0.00 0.00|0.31 024 0.18 0.13| 470 430 490 440 | 99.90 100.00 100.00 100.00
1,000 0.00 0.00 0.00 0.00|0.22 0.17 0.13 009 | 470 445 530 6.05 | 100.00 100.00 100.00 100.00
B2SLS estimator
30 -0.10 -0.03 -0.01 0.00| 142 111 084 059 | 540 630 6.35 7.60| 33.20 49.15 69.55 93.85
50 0.01 0.02 0.00 0.00]1.00 079 060 041 | 545 550 595 6.20| 53.80 73.00 92.10 99.65
100 -0.01 -0.01 0.00 0.00|0.68 053 039 027 | 490 560 465 5.05| 8235 9490 99.90 100.00
500 -0.01 0.00 0.00 0.00]|030 0.23 0.18 0.12| 510 5.10 5.15 4.60 | 100.00 100.00 100.00 100.00
1,000 0.00 0.00 0.00 0.00]0.21 0.16 0.12 0.09| 445 4.8 495 5.25| 100.00 100.00 100.00 100.00
GMM estimator
30 -0.77 -0.68 -0.65 -0.62 | 1.45 1.18 1.00 0.82 | 11.95 13.20 19.65 30.05 | 24.15 35.06 53.45 80.50
50 -0.39 -0.37 -0.37 -0.36 | 098 0.81 0.66 0.52| 9.15 10.20 13.30 1895 | 49.50 68.90 88.00 99.25
100 -0.19 -0.19 -0.18 -0.17 | 0.64 051 039 030 | 7.65 7.05 7.80 11.56| 84.95 9720 99.80 100.00
500 -0.04 -0.04 -0.04 -0.04|026 0.21 0.16 0.11| 525 535 595 6.20 | 100.00 100.00 100.00 100.00
1,000 -0.02 -0.02 -0.02 -0.02 |0.18 0.15 0.11 0.08| 5.756 545 6.25 6.10 | 100.00 100.00 100.00 100.00
MLE
30 027 019 016 0.13]1.21 090 0.68 046 |17.05 13.20 11.70 10.50 | 69.75  81.25 94.25  99.85
50 025 0.16 0.11 0.09|0.89 067 049 0.34 | 1530 11.75 9.70 875 | 86.70 94.75 99.50 100.00
100 0.19 0.11 0.08 0.07]0.62 046 0.34 0.24 | 14.05 10.25 875 8.00| 9845 99.80 100.00 100.00
500 0.14 0.07r 0.04 0.03]030 0.21 0.15 0.10|17.80 10.30 810 8.90 | 100.00 100.00 100.00 100.00
1,000 0.12 0.06 0.03 0.01|0.23 0.16 0.11 0.07|21.60 1210 840 7.40 | 100.00 100.00 100.00 100.00

Notes: The DGP is given by (S.1), where e;; are given by (S.2).

The true parameter values are p = 0.8, 51 = 1 and 82 = 2. The true number of factors is 2. The

power is computed under H; : p = 0.78. See also the notes to Table S.1a.



Table S.2b: Small sample properties of estimators for the slope parameter 5; (51 = 1, p = 0.8, independent and heteroskedastic errors)

1¢S

Bias(x100) RMSE(x100) Size(x100) Power(x100)
N\ 20 30 50 100] 20 30 50 100[ 20 30 50 100 20 30 50 100
Infeasible 2SLS estimator (including factors)
30 0.02 -0.01 -0.03 -0.03|4.51 3.61 27 192| 520 5.00 510 5.30 | 20.50 29.45 45.50 74.35
50 -0.22 -0.20 -0.12 -0.10 | 3.50 2.72 2.06 1.43 | 5.65 4.85 4.95 4.55| 28.00 40.90 64.60 91.50
100 -0.15 -0.05 -0.05 -0.04 | 2.49 196 151 1.04| 570 6.00 5.55 4.75| 50.90 72.15 90.95 99.80
500 -0.05 -0.03 -0.02 -0.01 | 1.09 0.85 0.67 048 | 4.55 4.25 520 5.65 | 99.75 100.00 100.00 100.00
1,000 0.01 0.01 0.02 0.00|0.80 0.64 048 0.33| 590 545 5.00 5.00 | 100.00 100.00 100.00 100.00
2SLS estimator
30 0.04 001 002 001|477 382 296 208| 550 6.10 720 7.75 | 19.45 2840 46.10 74.50
50 -0.22 -0.20 -0.10 -0.09 | 3.67 2.82 2.12 1.48 | 4.65 540 5.05 4.75| 2540 3845 6425 91.70
100 -0.14 -0.05 -0.06 -0.04 | 2.58 2.01 1.55 1.06 | 5.35 5.00 5.50 4.85| 4550 68.45 89.45 99.75
500 -0.06 -0.04 -0.02 -0.01 |1.14 0.88 0.68 0.48 | 430 3.95 4.90 5.40| 98.90 100.00 100.00 100.00
1,000 0.02 0.01 0.02 0.00 083 066 049 0.34| 545 555 5.15 4.85| 99.95 100.00 100.00 100.00
B2SLS estimator
30 0.08 0.03 003 002|476 382 296 2.08| 550 6.20 7.10 7.80 | 19.90 28.75 46.20 74.50
50 -0.19 -0.18 -0.09 -0.09 | 3.66 2.81 2.12 1.47 | 4.65 525 495 4.70| 2575 3850 64.80 92.15
100 -0.13 -0.04 -0.05 -0.04 | 2.57 2.00 1.55 1.06 | 5.30 4.95 5.30 5.20| 4585 68.90 89.75  99.70
500 -0.06 -0.05 -0.02 -0.01 | 1.14 0.88 0.68 048 | 4.25 3.85 4.95 5.40 | 98.85 100.00 100.00 100.00
1,000 0.02 0.01 0.02 0.00|0.83 066 049 0.34| 540 550 5.10 4.70| 99.95 100.00 100.00 100.00
GMM estimator
30 042 041 040 040|482 386 299 212 570 6.90 735 835 | 2240 31.95 51.30 80.25
50 0.06 0.07 016 0.15]3.69 281 211 148 | 510 520 5.35 5.10| 28.90 4255 69.25 94.20
100 -0.01 0.08 0.08 0.09 256 199 153 1.05| 550 545 5.35 5.15| 4755 71.75 91.25 99.80
500 -0.04 -0.02 0.01 0.02]1.13 0.87 0.67 048 | 4.05 3.50 490 5.45| 9890 100.00 100.00 100.00
1,000 0.03 0.03 0.03 0.02]082 065 049 0.34| 515 560 5.40 5.15| 100.00 100.00 100.00 100.00
MLE
30 -0.12 -0.10 -0.14 -0.09 | 493 3.73 279 1.86 | 11.90 855 740 6.70 | 29.50 36.05 50.65  77.50
50 -0.30 -0.23 -0.18 -0.15 | 3.62 2.68 197 1.38 | 10.00 6.60 5.20 5.35| 3590 49.35 70.50 94.25
100 -0.23 -0.11 -0.12 -0.10 | 2.60 1.95 1.47 1.00 | 10.75 8.10 6.80 6.00 | 60.20 78.15 93.40 99.90
500 -0.10 -0.05 -0.03 -0.03 | 1.15 0.86 0.66 0.46 | 10.30 6.40 6.40 7.10 | 99.60 100.00 100.00 100.00
1,000 -0.03 -0.02 0.01 -0.01 | 0.80 0.62 0.46 0.32|10.60 7.70 6.30 5.60 | 100.00 100.00 100.00 100.00

Notes: The DGP is given by (S.1), where e;; are given by (S.2). The true parameter values are p = 0.8, 1 = 1 and B2 = 2. The true number of factors is 2. The
power is computed under H; : 8 = 0.95. See also the notes to Table S.1a.



S3 Empirical Application Supplement
S3.1 Comparison of Alternative De-Factoring and Estimation Methods

The estimators developed in the main text take advantage of cross-sectional averages to approach
the unknown factors. It is of interest to compare the results with those obtained by principal
components analysis. Bailey, Holly, and Pesaran (2016) lay out a two-stage estimation procedure
that consists of extracting common factors in the first stage and then applying a spatial model
to the first-stage residuals. The de-factoring step can be performed using either cross-sectional
averages or principal components (PC), and the estimation step can be implemented by the MLE
or GMM/2SLS routines described in the spatial literature.5! From this perspective, the GMM
estimator developed in this paper can also be achieved by a two-step estimation, but its inference
under a two-step procedure would be invalid without some adjustments. No asymptotic theories
are available yet for the two-step estimators involving PC and MLE, and it is unclear how the
first-stage estimation error affects the second-stage results. Hence, in what follows, we will provide
some useful accounts of the relative performance of these different methods.

As before, we consider unknown factors at both national and regional levels, and all MSAs
are classified into eight BEA Regions. Both dependent and independent variables are purged of
common effects, using the same procedure under consideration. If cross-sectional averages are
adopted as factor surrogates, they include national and regional averages of both dependent and
individual-specific regressors. If principal components analysis is performed, the strongest PC is
extracted from the full sample, then from the residuals the strongest PC is extracted for each of
the eight Regions separately.

Table S3.1 summarizes the estimation results of model (58) in the main text, using different
combinations of de-factoring and estimation schemes. The results suggest that both de-factoring
approaches have similar effectiveness in filtering out the strong dependence. All procedures yield
very close estimates of the spatial autoregressive coefficient as well as the coefficients for population
and income growth. All estimates are significant and of reasonable magnitude. The MLE has
a smaller standard error, since it neglects the sampling variation in the first-stage, and it also

disregards serial correlation and heteroskedasticity in the disturbances.

S3.2 Further Characterization of the Spatial Weights Matrices

Figure S.1 shows the histogram of distance between area of origin and area of destination based
on the migration weights matrix, W,,. It is readily seen that significant migration flows occur
between places farther than 100 miles apart, and hence the migration-based weights captures a
very different connections among MSAs from distance-based measures.

Figure S.2 presents the intensity plots for different spatial weights matrices that are considered

S1Bailey, Holly, and Pesaran (2016) analyze the residuals obtained by de-factoring with cross-sectional averages,
using a quasi-MLE that allows for heterogeneous spatial coefficients; they do not consider other estimation procedures.
By contrast, here the MLE refers to the standard estimation method for spatial models with homogeneous coefficients.
(See, for example, Anselin, 1988, Chapter 6.)
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Table S3.1: Comparison of estimation results of model (58) by alternative de-factoring and estima-
tion methods

De-factoring method CS PC
GMM MLE GMM MLE
(1) (2) (3) (4)
p [W x %AHouse price] 0.643 0.612 0.606 0.568
(0.005) (0.003) (0.006) (0.004)
B1 [%APopulation] 0.366 0.261 0.304 0.324
(0.040) (0.009) (0.025) (0.011)
B2 [%Alncome per capital 0.093 0.082 0.075 0.077
(0.007) (0.004) (0.007) (0.004)
Natl. & Rgnl. unobserved factors Yes Yes Yes Yes
MSA FE and seasonal dummies Yes Yes Yes Yes
Residuals
CD test statistic -6.532 -6.291 6.229 8.680
Exponent of cross-section 0.674 0.694 0.739 0.738
dependence (0.019) (0.019) (0.019) (0.019)
R? 0.837 0.835 0.815 0.812
Observations N =377, T =159

Notes: All estimations consider both national and regional (Natl. & Rgnl.) unobserved factors, and also include MSA
fixed effects (FE) and quarterly dummies. To save space, factor estimates are not reported. CS stands for the de-
factoring procedure using cross-sectional averages at both national and regional levels. PC refers to the de-factoring
procedure that extracts one principal component from the full sample and one from each Region. The spatial weights
matrix is W = Wigo. Standard errors are in parentheses.

in the paper. This figure complements Table B.1 in Appendix B and provides a direct visualization
of these weights matrices. In each plot, all MSAs are sorted first by Region and then by State.5? As
expected, all weights matrices are sparse. Compared with distance-based matrices, the migration-

and correlation-based matrices contain more non-zero elements farther away from the diagonal.

52The identities of the MSAs corresponding to the plots are available upon request.
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Figure S.1: Histogram of inter-MSA migration distance, based on the migration flow matrix W,

Notes: This figure shows the distribution of distance between two MSAs that have a migration flow between them,
as indicated by a nonzero entry in the migration weights matrix W,,. The inflows and outflows between two MSAs

are considered as two flows.
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Figure S.2: Intensity plots of the spatial weights matrices

Notes: The 377 MSAs are sorted first by Region and then by State. The Regions and States are ordered from the East
Coast to the West Coast. Zero elements of the weights matrix are plotted in white. Higher values are represented by
darker colors. W denotes radial distance weights matrix with threshold distance d (miles). W, represents weights
matrix based on MSA-to-MSA migration flows. W+ (W™) is constructed from significantly positive (negative)
pairwise correlations of de-factored house price changes.
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