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Abstract

Panel data typically involve a complex mixture of individual specific and homogeneous effects
whose structure is often latent within the panel and must be determined empirically. The present
work provides a new mechanism for identifying and estimating latent group structures in panel data
using penalized regression techniques. We focus on linear models where the slope parameters are
heterogeneous across groups but where group membership is unknown. Two approaches are consid-
ered — penalized least squares (PLS) for models without endogenous regressors, and penalized GMM
(PGMM) for models with endogeneity. In both cases we develop a new variant of Lasso (Least Ab-
solute Shrinkage and Selection Operator) called classifier-Lasso (C-Lasso) that takes a novel additive-
multiplicative penalty form and serves to shrink individual coefficients to the unknown group-specific
coefficients. C-Lasso achieves simultaneous classification and consistent estimation in a single step
and the classification exhibits the desirable property of uniform consistency. For PLS estimation
C-Lasso also achieves the oracle property so that group-specific parameter estimators are asymptot-
ically equivalent to infeasible estimators that use individual group identity information. For PGMM
estimation the oracle property of C-Lasso is preserved in some special cases. A BIC-type information
criterion is proposed to choose the number of groups consistently and to select a data-driven tuning
parameter. Extensions of these methods to a variety of panel data models are discussed. Simulations

demonstrate good finite-sample performance of the approach both in classification and estimation.
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1 Introduction

Panel data models are widely used in empirical analysis in many disciplines across the social and medical
sciences. The capacity to store and retrieve vast electronic datasets on individual behavior over time has
made these models a particularly prominent research vehicle in economics and finance. Such data usually
cover individual units sampled from different backgrounds and with different individual characteristics so
that an abiding feature of the data is its heterogeneity, much of which is simply unobserved. Neglecting
latent heterogeneity in the data can lead to many difficulties, including inconsistent estimation and
misleading inference, as is well explained in the literature (e.g., Hsiao (2003, Chapter 6)). It is therefore
widely acknowledged that an important feature of good empirical modeling is to control for heterogeneity
in the data as well as for potential heterogeneity in the response mechanisms that figure within the
model. Since heterogeneity is a latent feature of the data and its extent is unknown a priori, respecting
the potential influence of heterogeneity on model specification is a serious challenge in empirical research.
Even in the simplest linear panel data models the challenge is manifest and clearly stated: do we allow
for heterogeneous slope coefficients in regression as well as heterogeneous error variances?

While it may be clearly stated, this challenge to the empirical researcher is by no means easily
addressed. While allowing for cross-sectional slope heterogeneity in regression may help to avert misspec-
ification bias, it also sacrifices the power of cross section averaging in the estimation of response patterns
that may be common across individuals, or more subtly, certain groups of individuals in the panel. In
the absence of prior information on such grouping and with data where every new individual to the panel
may bring new idiosyncratic elements to be explained, the challenge is demanding and almost universally
relevant.

Traditional panel data models frequently deal with this challenge by avoidance. Complete slope
homogeneity is assumed for certain specified common parameters in the panel. Under this assumption, the
regression parameters are the same across individuals and unobserved heterogeneity is modeled through
individual-specific effects which are either fixed or random and (typically) enter the model additively.
This approach is an exemplar of a convenient assumption that facilitates estimation and inference.

The cross section homogeneity assumption has been frequently questioned and rejected in empirical
studies. The following is only a partial list of work where homogeneity has been found to fail. Burn-
side (1996) rejects slope homogeneity in the production function of US manufacturing firms; Hsiao and
Tahmiscioglu (1997) find parameter heterogeneity in investment functions using the U.S. firm level panel
data; Lee, Pesaran, and Smith (1997) find that the convergence rates of per capita output to the steady
state level are heterogeneous across countries; Durlauf, Kourtellos, and Minkin (2001) find substantial
country-specific heterogeneity in the parameters in Solow growth model that is associated with differ-

ences in initial income; Phillips and Sul (2007a) provide a new approach to testing for economic growth



convergence under heterogeneous technology and explore these differences in the Penn World Table;
Browning and Carro (2007) present a selective overview on heterogeneity in microeconometric modelling
and find that there is more heterogeneity than econometricians usually allow for; Browning and Carro
(2010) document heterogeneity in a dynamic discrete choice panel data model for consumer milk-type
choices where heterogeneity occurs in both the levels parameter and the state dependence parameter;
Browning and Carro (2013) show that individual unemployment dynamics are heterogenous even within
a homogeneous group of Danish workers in terms of their observed characteristics; Su and Chen (2013)
reject the null of slope homogeneity in an economic growth model for OECD countries even after they
control for unobserved heterogeneity through interactive fixed effects. Related to this theme, there has
been much work on testing for slope homogeneity and regression poolability in panel data models — see
Baltagi, Hidalgo, and Li (1996), Pesaran, Smith, and Im (1996), Phillips and Sul (2003), Pesaran and
Yamagata (2008), Lin (2011), Jin and Su (2013), Su and Chen (2013), and Juhl and Lugovskyy (2013),
among many others.

Despite general agreement that slope heterogeneity is endemic in empirical work with panels, few
methods are available to allow for heterogeneity in the slope parameters when the extent of the hetero-
geneity is unknown. In the following discussion we group the methods that are available into two broad
categories and consider the different approaches pursued within them. In the first category, complete
slope heterogeneity is assumed and regression coefficients are taken as differing across individuals. Several
approaches are adopted in the literature. Perhaps the most common method is to use a random coefficient
structure in which the parameters are assumed to be independent draws from a common distribution —
see Hsiao and Pesaran (2008) for an overview of the approach. The random coefficient model allows for
estimation of the mean coefficient effect but is uninformative about responses at the disaggregate level,
thereby missing what is often the object of interest. A second approach uses Bayesian methods to shrink
the individual slope estimates towards the overall mean — see Maddala, Trost, Li, and Joutz (1997).
This approach is based on the presumption that the slope parameters, while not precisely the same,
are sufficiently similar to warrant shrinkage toward the mean — a presumption that may be questionable
in some empirical applications. A third approach is to parameterize individual slope coefficients as a
function of observed characteristics — see Durlauf, Kourtellos, and Minkin (2001) and Browning, Ejrnées,
and Alvarez (2010). Apparently, this approach depends crucially on the specification of the functional
coefficient and is subject to potential misspecification problems. A fourth approach is to estimate the
individual slope coefficients using heterogenous time series regressions for each individual, which is only
feasible in systems where the time dimension T is large. Even in this case, there is a considerable debate
on the options: whether to pool the data and obtain a single estimate for the whole sample, whether
to estimate the equations separately for each individual, and whether to rely on the average response
from individual time series regressions — see Pesaran and Smith (1995), Baltagi and Griffin (1997), Hsiao,
Pesaran, and Tahmiscioglu (1999), Pesaran, Shin and Smith (1999), and the survey by Baltagi, Bresson,
and Pirotte (2008).

The second category takes a totally different viewpoint on the nature of the heterogeneity in panels.

In place of complete slope homogeneity or heterogeneity an intermediate approach is adopted in which



the panel structure models individuals as belonging to a number of homogeneous groups or clubs within
a broadly heterogeneous population. In this framework, the regression parameters are the same within
each group but differ across groups. Two essential questions remain: how to determine the unknown
number of groups (dubbed convergence clubs in the economic growth literature); and how to identify the
individuals belonging to each group. These are longstanding questions of statistical classification in panel
data. No completely satisfactory solution has yet been found, although various approaches have been
adopted in empirical research. For instance, Bester and Hansen (2013) consider a panel structure model
where individuals are grouped according to some external classification, geographic location, or observable
explanatory variables. So the group structure is completely known to the researcher, an approach that
is common in practical work because of its convenience. In the economic growth literature, for example,
countries are often classified according to continental location or economic development levels, which
both lead to determinate group structures. In spite of its convenience, this approach to panel inference
is inevitably misleading when the number of groups and individual identities are incorrectly classified.

Several approaches have been proposed to determine an unknown group structure in modeling unob-
served slope heterogeneity in panels. The first approach is to apply finite mixture models that do not
assume a known group structure. For example, Sun (2005) considers a parametric finite mixture panel
data model by employing a multinomial logistic regression to model membership probabilities. Sun’s
model comprises a heterogenous linear panel regression model that relates the response variable to ex-
planatory variables and a logistic regression that identifies individual memberships. This model seeks
to bridge the gap between completely homogeneous slopes and completely heterogenous coefficients and
works by way of several key assumptions: (a) the number of groups is known; (b) an individual can belong
to any group with probability determined by individual-specific characteristics; (c¢) a multinomial logistic
regression characterizes the probability an individual belongs to a particular group; and (d) Gaussianity
is needed to facilitate inference. If any of these key conditions is violated, inference is fragile and may be
adversely affected with misleading classifications. In a related thematic, Kasahara and Shimotsu (2009)
and Browning and Carro (2013) study identification in discrete choice panel data models for a fixed
number of groups using nonparametric discrete mixture distributions.

The second approach is based on the K-means algorithm in statistical cluster analysis. Lin and Ng
(2012) and Sarafidis and Weber (2011) propose to modify the K-means algorithm to perform conditional
clustering to estimate linear panel structure models but no asymptotic properties of that procedure or
the estimators are derived. Bonhomme and Manresa (2012) introduce time-varying grouped patterns
of heterogeneity in linear panel data models, propose two classification algorithms that are also closely
related to the K-means algorithm, and study the asymptotic properties of the resulting estimators. Both
Lin and Ng (2012) and Bonhomme and Manresa (2012) assume that N and T pass to infinity jointly. Lin
and Ng (2012) propose another method to estimate a panel structure model by turning the problem of
parameter heterogeneity into the estimation of a panel threshold model with an unknown threshold value
and using the individual time series estimates of the parameters to form threshold variables. Phillips and
Sul (2007) develop an algorithm for determining group clusters that relies on the estimation of evaporating

trend functions to determine convergence clusters. Again, joint limits as (N,T) — oo are used in the



development of the asymptotic theory.

The present paper proposes a new method for econometric estimation and inference in panel models
when the slope parameters are heterogenous across groups, individual group membership is unknown,
and classification is to be determined empirically. Our modeling strategy therefore falls within the
second category discussed above. It is an automated data-determined procedure and does not require
the specification of any modeling mechanism for the unknown group structure. The approach we suggest
involves a new variant of Lasso (Tibshirani, 1996) technology that is designed to classify parametric slope
coeflicients in a heterogeneous panel model into a group structure in which both the groups and the
elements in the groups are data determined. Like Lin and Ng (2012), Bonhomme and Manresa (2012)
and Phillips and Sul (2007), we assume that (N,T) — oo jointly (Phillips and Moon, 1999). But in
our asymptotic theory 7T can pass to infinity at a very slow rate, even a slowly varying rate such as
0] ((ln N )1+€) for any € > 0 in the case of uniformly bounded regressors, thereby opening up empirical
applications of the method to short wide panels. The methods proposed here have several novel aspects in
relation to earlier research and they contribute to both the Lasso and econometric classification literatures
in various ways, which we outline in the following paragraphs.

First, our approach is motivated by one of the key features of Lasso technology that enables the method
to deliver simultaneous variable selection and estimation in a single step. This advantage is particularly
useful when the set of unknown parameters is potentially very large but may also embody certain sparse
features. In a typical panel model structure, the effective number of unknown slope parameters {/3;,
i =1,..,N} is not of order O (N) as it would be if these parameters were all incidental, but rather of
some order O (Kj), where Ky denotes the number of unknown groups within which the slope coefficients
are homogeneous. Moreover, when the number of groups is finite, Kj is fixed and so the order of unknown
coefficients is then O (1) as (N,T) — oc. Hence, in many empirical applications the set of unknown slope
parameters in a panel structure model surely exhibits the desirable sparsity feature, making the use of
Lasso technology highly appealing.

Second, the procedures developed in the present paper contribute to the fused Lasso literature in
which sparsity arises because some parameters take the same value. The fused Lasso was proposed by
Tibshirani, Saunders, Rosset, Zhu, and Knight (2005) and was designed for problems with features that
can be ordered in some meaningful way (e.g., in time series regression where the time periods have
natural ordering). The method cannot be used to classify individuals into different groups because there
is no natural ordering across individuals and so a different algorithm to locate common individuals is
required. The present paper develops a new variant of the Lasso method that does not rely on the order
of individuals in the data and which therefore contributes to the fused Lasso technology.

Third, standard Lasso technology involves an additive penalty term to the least-squares, GMM, or log-
likelihood objective function and when multiple penalty terms are needed, they also enter the objective
function additively. To achieve simultaneous group classification and estimation in a single step our
variant of Lasso involves N additive penalty terms, each of which takes a multiplicative form as a product
of Ky penalty terms. To the best of our knowledge, this paper is the first to propose a mixed additive-

multiplicative penalty form that can serve as an engine for simultaneous classification and estimation.



The method works by using each of the Ky penalty terms in the multiplicative expression to shrink the
individual-level slope parameter vectors to a particular unknown group-level parameter vector, thereby
producing a joint shrinkage process. This process is distinct from the prototypical Lasso method that
shrinks an individual parameter to zero and the group Lasso method that shrinks a parameter vector to
a vector of zeros (see Yuan and Li, 2006). To emphasize its role as a classifier and for future reference,
we describe our new Lasso method as the classifier-Lasso or C-Lasso.

Fourth, we develop a limit theory for the C-Lasso that demonstrates its capacity to achieve simulta-
neous classification and consistent estimation in a single step. As mentioned in the Abstract, the paper
develops two classes of estimators for panel structure models — penalized least squares (PLS) and pe-
nalized GMM (PGMM). The former is applicable to panel models without endogenous regressors and
with or without dynamic structures, while the latter is applicable to panel models with endogeneity or
dynamic structures. In either case, we show uniform classification consistency in the sense that all indi-
viduals belonging to a certain group can be classified into the same group correctly uniformly over both
individuals and group identities with probability approaching one (w.p.a.1). Conversely, all individuals
that are classified into a certain group belong to the same group uniformly over both individuals and
group identities w.p.a.1. Under some regularity conditions, such a uniform result allows us to establish an
oracle property of the PLS estimator that it is asymptotically equivalent to the corresponding infeasible
estimator of the group-specific parameter vector that is obtained by knowing all individual group identi-
ties. Note that traditional Lasso only possesses the selection consistency and oracle property under the
so-called restrictive irrepresentable condition. This shortcoming of Lasso motivated Zou (2006) to pro-
pose the adaptive Lasso that possess these attractive properties.! Unfortunately, our PGMM estimator
generally does not have the oracle property despite the uniform selection consistency of the C-Lasso. The
uniform classification consistency also allows us to develop a limit theory for post-C-Lasso estimators that
are obtained by pooling all individuals in an estimated group to estimate the group-specific parameters.

Fifth, C-Lasso enables empirical researchers to study panel structures without a priori knowledge of
the number of groups, without the need to specify any ancillary regression models to model individual
group identities, and with no need to make any distributional assumptions. When the number K, of
groups is unknown, a BIC-type information criterion is proposed to determine the number of groups and
it is shown that this procedure selects the correct number of groups consistently. The same information
criterion can also be used to determine a data-driven tuning parameter for the PLS or PGMM estimation.

Sixth, while the focus of the present paper is linear panel data models, the methodology developed here
can be extended to nonlinear models such as discrete choice models, to semiparametric and nonparametric
models, to models where only a subset of parameters are allowed to be group-specific, and to models
where one considers group-specific effects along the time dimension. Extension to panel data models
with interactive-fixed effects is also possible and is presently under way.

We envisage a large number of potential empirical applications of the C-Lasso approach within eco-

nomics and finance and more broadly across the social and business sciences. The following list provides

1Other methods that possess the selection consistency and oracle property include the Bridge and SCAD (smoothly
clipped absolute deviation) procedures; see Knight and Fu (2000) and Fan and Li (2001).



three distinct areas of application in international macroeconomics, microeconometrics, and nonstation-
ary panel econometrics.

1. Economic Growth Convergence: Much of the recent literature on economic growth ad-
dresses sources of possible heterogeneity, including the occurrence of multiple steady states and history-
dependence in growth trajectories - see Deissenberg, Feichtinger, Semmler, and Wirl (2004) and Durlauf,
Johnson, and Temple (2005) and Eberhardt and Teal (2011) for overviews of the relevant growth the-
ory and empirics. Contingent upon historical conditions economic systems may converge towards distinct
steady states, the empirical manifestation of which are the so-called convergence clubs that occur in cross-
country growth studies. In an application to cross-country growth, Phillips and Sul (2007a) evaluated
evidence in support of panel data growth clustering, locating three convergence clubs and one divergent
group among 88 countries in the Penn World Tables in terms of real per capita GDP over the period
1960-1996. Their methodology involved a stepwise algorithm with multi-level decision making to isolate
the convergence clubs. The panel structure framework suggested in the present paper is a natural setting
to consider growth convergence and the C-Lasso procedure provides a one step classifier and estimation
approach with no sequential decision making. The method can also be used to isolate convergence clubs
and remaining divergent elements in the panel.

2. Subsample Studies of Stability: Much empirical research is concerned with studying the
stability of certain regression coefficients over subsamples of the data. In this work, the whole sample
is split into multiple subsamples and regression relationships are checked for coefficient stability. The
groupings may be arbitrarily selected or may be determined by covariates or thresholds, each of which
may have a significant impact on the findings. For example, in order to test whether financing constraints
affect investment decisions, Fazzari, Hubbard, and Petersen (1988) divided a sample of firms into multiple
groups based on empirical proxies such as the dividend-income ratio. Similarly, in testing whether liquidity
constraints affect consumption decisions in PSID data, Zeldes (1989) uses two different wealth-to-income
ratios as prescribed variables to divide the sample into subsamples. Sample splitting techniques of this
type are inevitably vulnerable to the choice of prescribed driver variables. The methodology of the present
paper does not require driver variables or thresholds to determine regression stability.

3. Panel Unit Root Grouping: Several approaches are available for testing the presence of unit
roots in panel data. Two popular tests in applications are the Levin, Lin, and Chu (2002) and Im,
Pesaran, and Shin (2003) tests. Levin, Lin, and Chu (2002) devise an adjusted t-test for a unit root
for various panel data models, assuming that all individuals (countries, regions, industries, etc.) have
the same autoregressive (AR) coefficients while permitting individual specific effects as well as dynamic
heterogeneity across individuals. Im, Pesaran, and Shin (2003) propose a test based on the average of
the augmented Dickey-Fuller statistics computed for each individual series in heterogenous panels. Both
tests rule out the possibility that some individual series have a unit root while others do not - precisely
the empirical possibility that many argue is the most relevant in practical work (e.g. Maddala and Kim,
1998). Our methodology is designed to directly address this possibility and can be used to classify a
subgroup of unit-root processes in the panel from a wider class of stationary and nonstationary processes.

The rest of the paper is organized as follows. We study the C-Lasso PLS estimation and inference of



panel structure models in Section 2. PGMM estimation and inference is addressed in Section 3. Section
4 reports Monte Carlo simulation findings. Final remarks are contained in Section 5. Proofs of the main
results in the body of the paper are given in Appendices A and B. The supplementary Appendices C and
D provide primitive conditions for some high level conditions that are used in the body of the paper and
bias correction for the C-Lasso estimates, respectively.

NOTATION. Throughout the paper we adopt the following notation. For an m x n real matrix A,
we write the transpose A’, the Frobenius norm ||A]| (= [tr (AA’ )]1/ ?), and the Moore-Penrose inverse as
AT. When A is symmetric, we use ji,,,, (A) and j,,;, (4) to denote the largest and smallest eigenvalues,
respectively. I, and 0,x1 denote the p x p identity and p x 1 vector of zeros. 1{-} denotes the indicator
function. We use “p.d.” and “p.s.d.” to abbreviate “positive definite” and “positive semidefinite”. The
operator L denotes convergence in probability, B, convergence in distribution, and plim probability limit.

We use (N,T) — oo to signify that N and T pass jointly to infinity.

2 Penalized Least Squares Estimation

This section considers panel structure models without endogeneity. It is convenient to assume first that

the number of groups is known and later consider the determination of the number of unknown groups.

2.1 Panel Structure Models

The dependent variable y;; is measured for individual ¢ = 1, ..., N over time ¢ = 1,...,T. The generating

mechanism is the panel structure model
Yit = B3 @it + py + it (2.1)

where x;; is a p x 1 vector of exogenous or predetermined variables, p, is an individual fixed effect that
may be correlated with some components of z;¢, u;; is the idiosyncratic error term with zero mean, and

B? is a p x 1 vector of slope parameters such that

af ifi € GY
By : S (2.2)

0 £ e (0
%, if i € G,

Here oz?- # af for any j # k, UkK:‘Jng ={1,2,...,N}, and GY N G? = @ for any j # k. Let N = |G2| be
the cardinality of the set Gg. For the moment, we assume that the number Ky of groups is known and
fixed but that each individual’s group membership is unknown. In addition, following Sun (2005) and

Lin and Ng (2012), we implicitly assume that individual group membership does not vary over time. Let

a=(ay,....,ak,) and B =(6q,...,8y5)- (2.3)

The true values of v and 3 are denoted as o and 507 respectively. We are interested in developing
econometric methods to infer each individual’s group identity and to estimate the p x Ky matrix o of

group-specific coefficients.



2.2 Penalized Least Squares Estimation of a and 3

Our starting point is to develop PLS estimation of a and 3 when the elements of x;; are either strictly
exogenous or predetermined so that least squares criteria are appropriate. We first apply ordinary least
squares (OLS) regression, minimizing the following objective function?

N T

Qo,NT (B, 1) = NL Z Z (yit — Biwit — Mi)Q )
i=1 t=1

where p= (piy, flg, ..., piy) . Since the individual effects p; are not of primary interest, we concentrate

them out and obtain the following concentrated function

1 N T
QI,NT = N_ zz:z:: yzt 6 xzt )

.. " ~OLS (4 T ~ =~ -1 1 T . .\t ~ 1T
giving the OLS estimates 3, = (7 D11 Tt Ty F Dy TitTit , where &y = i —T 71 >, Tyt
_ 1T
and Gie = yir — T >4 Vit
Motivated by the literature on group Lasso (e.g., Yuan and Li, 2006), we next propose to estimate 3
and a by minimizing the following PLS criterion function

A
v 18, 15, — el (2.4)

=1

QlNT N (Bya) =QinT (B) +

where A\ = Ay is a tuning parameter. Minimizing the above criterion function produces classifier-
Lasso (C-Lasso) estimates 3 and & of 8 and «, respectively. Let (3; and dy, denote the i'" and k"
columns of 3 and &, respectively, i.e., & = (a1,..., 0k ) and B3 E(Bl, ...,BN).

The penalty term in (2.4) takes a novel mixed additive-multiplication form that does not appear in
the literature. Traditionally Lasso includes an additive penalty term to the least-squares, GMM, or log-
likelihood objective function. When multiple penalty terms are needed, they also enter the objective
function additively. In contrast, the C-Lasso method has N additive terms, each of which takes a
multiplicative form as the product of Ky separate penalties. Each of the K, penalty terms in the
multiplicative expression shrinks the individual-level slope parameter vector 3, to a particular unknown
group-level parameter vector ay,. This approach differs from the prototypical Lasso method of Tibshirani
(1996) that shrinks a parameter to zero as well as the group Lasso method of Yuan and Lin (2006) that
shrinks a parameter vector to a vector of zeros.

Note that the objective function in (2.4) is not convex in 3 even though it is (conditionally) convex
in o when one fixes a; for j # k. We propose the following iterative algorithm to obtain the estimates
& and .

Numerical Algorithm:

21If B,’s are identical across i, the approach will yield the well known within-group (WG) estimator or least squares
dummy variable (LSDV) estimator, or fixed effects Guassian maximum likelihood estimator (MLE) in the literature; see,
e.g., Kiviet (1995), Hahn and Kuersteiner (2002), and Alvarez and Arellano (2003). As will be clear, this appraoch can be

easily extended to nonlinear panel data models.



(0) . (0) (0) ~(0)

1. Start with arbitrary initial values &© = (677, ) and B(O (B, ..., BN ) such that
Zz 1 ||ﬂ(0) ALO)H # 0 for each k = 2,..., Ky.3
9 Havi . A(r—1) _ A(r=1) ~ (r—1) A(r=1) _ A(r=1) A(r=1), . >
. Having obtained & = (& ,.0p, ') and B = (ﬂ y s BN ), in step r > 1, we

first choose (83, @1) to minimize

,B(T n a}(:q)H ,

N
1) A1 A
Qe (B.01) = Quar (B) + 57 D18 = enll I,

and obtain the updated estimate (B(T’l), &Y)) of (B, a1). Next choose (8, @2) to minimize
2 (r— 1) r—1
QW2r (8.02) = Qur (8 Z 18; = aall |3 = 68| T2, o || B - a0

to obtain the updated estimate (B(T’Q),@S)) of (B,az). Repeat this procedure until (8, ak,) is

chosen to minimize

T, (1K) ~ (7
Qe (8,01) = Qur (B) + 5 16, — e 1L HEr e
=1
to obtain the updated estimate (B(T’KO), 64(12) of (B, ak,) . Let B( B(T o) and &'") = (agr),...,&%g .

3. Repeat step 2 until a convergence criterion is met, e.g. when

ZN X B(T) _ A<r71)‘)2 kKOl A’(Cr) 3 &](:71) H2
: T < €401 and 5 < €tols
S+ 0000 9, la ]+ 0.0001

where €, is some prescribed tolerance level (e.g., 0.0001). Define the final iterative estimate of a

as & = (&ER), e (R)) for sufficiently large R such that the convergence criterion is met. The final

iterative estimate of 3 is defined as B = (61, - 5 ) where

ZaR)l{ (&) dl(cR) forsomelzl,...,Ko}

Ko

—&—BER’KO) [1 — Z 1 {BER’Z) = d,(gR) for some | = 1, ...,KO}] (2.5)

k=1

th

where B denotes the 7" column of B(R’Z) for [ =1,2,..., K. Intuitively, individual 7 is classified

to group Gy if ,6 = d,(cR) for some [ = 1,..., Kg; otherwise it is left unclassified so that ,5’1- is

defined as B (" KD)

P ~(0 ~OLS
3When T > d, we can obtain the preliminary estimate B( ) s B; . Under the condition that T" diverges to the infinity,
40

these preliminary estimates are consistent for the corresponding Bo’s In addition, one can simply set &, ’’s as zero or the

average of 5( )’
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Obviously, each iteration step r has K substeps and we can use 7.k to denote substep k within step 7.
Note the objective function Q%O?,T (B, a) is convex in (B, o) in each substep r.k. So the above iteration

procedure has fast implementation in practice. Moreover, in view of the fact that

K ~(r=1)  (r— r,1 A1) (r r,1 ~(Ko)  (r K ~() . (r
QgNO:g,,\l (ﬁ ,a( 1)> ZQ&(OK/T (/6 ,045 )) ZZQg(sz/T (,3 ’ ,Oég()) :QgNDj)"7,\1 (/6 7a( ))7

~

the convergence of (,B(T), &(T)) is readily established and simulations confirm that convergence is rapid,

usually occurring after just a few iterations.

2.3 Preliminary Rates of Convergence for Coefficient Estimates

We first present sufficient conditions to ensure the consistency of (B, &). Let iy = ugy — T7F Zthl Uit
szj = % Zthl T &y, and le = % Zthl Zi1l;s. We make the following assumption.
ASSUMPTION Al. (i) <= 3>, &uitis = Op (1) for each i = 1,..., N.

(ii) Qmi il Qizz > 0 foreachi=1,...,N. There exists a constant c;; such that lim(n 7)— oo Min<i<n
Hmin ( Ai,ii) > Cz3 > 0.

ey 1 N A 2 -1

(111) N Zi:l inﬂ = Op (T ) .

(iv) Ng/N — 71, € (0,1) for each k=1,..., Ky as N — .

(v) A1 = 0as (N,T) — oc.

Assumption A1(i) is rather weak and will be satisfied in most (stable) large dimensional linear panel

data models without endogeneity. Sufficient conditions for A1(i) to hold are

T T T
1 1 1
— E TipUip, ——= E Ujp, — E x4 =0p (1), foreach i =1,...,N.
VT = VT = T

More primitive conditions for A1(i) to hold include E (u;) = 0, E (z;4u;) = 0 and suitable moment and
weak dependence conditions on the process {(x;,u;:),t > 1} that ensure CLT validity. Note that we do
not require that the panel model be dynamically correctly specified in the sense that E (u;|F;1—1) =0
where F; ;1 is the sigma-field generated by (@i, i ¢—1,%it—1, ...). Instead, we allow both conditional
heteroskedasticity and serial correlation in {u;,t > 1}.

Assumption Al(ii) contains two parts, the first part being standard and the second part being a high-
level condition. Appendix C.1 gives primitive conditions to ensure the second part. Intuitively, these
conditions impose some restrictions on the moments of x;;, the dependence structure on the processes
{zi,t > 1}, and the relative rates at which N and T pass to infinity. More specifically, under suitable
weak dependence conditions, if ||z ||* exhibits only 2¢-th finite moments for some ¢ > 1, then we need a
stringent (lower rate) condition on the expansion of T, viz., T/N¢ — ¢ € (0, oo] for some € > 1/(2¢ — 1).
On the other hand, if ||z;||> has finite exponential moments with an index parameter v as specified in
Assumption C1(iv), then only T/ (In N )(1+7)/ 7 — oo is required for sufficiency. In the extreme case, if
x4+ is uniformly bounded (i.e., v = 00), it simply suffices that T/In N — oo.

A1(iii) can be easily verified via the Markov inequality. Al1(iv) implies that each group has an

asymptotically non-negligible membership number of individuals as N — oco. This assumption can be

11



relaxed at the cost of more lengthy arguments, in which case the estimates of af, k = 1, ..., Ko, will
exhibit different convergence rates. Al(v) implies that the penalty term cannot be too large.

The following theorem establishes the consistency of the PLS estimates {3;} and {az} .

Theorem 2.1 Suppose that Assumption A1 holds. Then
(i) B; — B = Op (T~ + \1) fori=1,2,..,N,
. 2
(ii) % S, |3 = 81| = 0r (7).
(m) (d(l), -'-764(1(0)) - (Oz?, ...7019(0) =0Op (T_1/2)

where (& 1y, ..., k) 15 a suitable permutation of (G, ..., Gk,).

REMARK 1. Parts (i) and (ii) of Theorem 2.1 establish the pointwise and mean-square convergence of
Bi. Part (iii) of Theorem 2.1 indicates that the group-specific parameters o, ..., % can also be estimated
consistently by @y, ..., &k, subject to permutation. As expected and consonant with other Lasso limit
theory, the pointwise convergence rate of BZ depends on the rate at which the tuning parameter \;
converges to zero. Somewhat unexpectedly, this requirement is not the case either for mean-square

convergence of B@ or convergence of éy. To appreciate why, define
T
1 - ~ 2 K
Qv (Bi) = 7 > (Gie — BiEa)” and qu\(})ﬂ,\l (B @) = Qinri (B;) + I, (18, —axll . (26)
=1

The proof of Theorem 2.1(i) simply relies on the observations that Q%OJ)“,M B.a)=+ Zf;l QEZ\‘})TM (8;, @)
and that

K, A K 0 -
Qgi]\(}):r,,\l (Bz'?a) - Qﬁu%,xl ( i7a)

= QinT (Bl) — QINT,i (5?) + A\ {Hfzol )

By — | - T |87 — e} <. (2.7)

The inequality in (2.7) holds because once & is determined, 3; must minimize Qg{]\‘})T/\l (8;, &) with
respect to §,. By (2.7) and the repeated use of triangle inequality, we can readily establish the claim in

Theorem 2.1(i). Nevertheless, the result in Theorem 2.1(ii) relies on the observation
K 5 A K
QiNT, (B.&) — QA2 (8"a) 0. (28)
We prove it by showing that for any small e* > 0, there exists an L = L (e*) such that the above
. 2
B; — ,8? > L/T. This forces the claim in
Theorem 2.1(ii) to hold. Let Pyt (8,a) = % Zf\il Hszol I8, — ak|l. The proof of Theorem 2.1(iii) is

based on the observation that

inequality cannot hold with probability 1 — €* if % vazl ‘

Pur (B.&) = Py (B.a%) <0 (2.9)
and the fact that the convergence rate of & (up to permutation) fully depends on the mean-square
convergence rate of 3;. Apparently if \; = O (T~1/2), we get the usual v/T-convergence rate for the f3;.
But this choice of A\; may not be optimal for the classification.

For notational simplicity, hereafter we simply write &y, for é& ;) as the consistent estimator of a% and
define
G = {z e{1,2,..,N}: 3, = @k} for k=1,..., Ko. (2.10)
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2.4 Classification Consistency

This section studies classification consistency. Roughly speaking, a classification method is consistent if
it classifies each individual to the correct group with probability approaching 1 (w.p.a.1). For a rigorous

statement of this property we define the following sequences of events
EA‘kNTﬂ' = {Z ¢ Gk ‘ 1€ Gg} and FkNT,i = {Z ¢ Gg ‘ xS Gk}, (211)

where ¢ = 1,..., N and k = 1, ..., Ky. Let E’kNT = UieGgEkNT,i and FkNT = UieGkaNTJ' The events
EinT and Fiyr mimic Type I and II errors in statistical tests: Eyn7 denotes the error event of not
classifying an element of GY into the estimated group Gk; and Fj,n7 denotes the error event of classifying
an element that does not belong to GY into the estimated group Gy. To achieve uniform consistency in

estimation both error types must be controlled. We use the following definition.

Definition 1. (Uniform consistency of classification) We say that a classification method is individ-
ually consistent if P (EkNT’i) — 0as (N,T) — oo foreachi € Gg and k=1,..., Kyg,and P (FkNT’i) —0

as (N,T) — oo for each i € Gk and k =1, ..., Kgy. It is uniformly consistent if P (Uf:(’lEkNT> — 0 and
P (U,f:(’lﬁ’kNT) — 0as (N,T) — oo.
To establish consistency of the PLS classifier we add the following assumption.

ASSUMPTION A2. (i) TA; — 00 and TA} — co € [0,00) as (N, T) — oc.
(ii) For any ¢ > 0, N maxj<;<y P (HT‘1 Zle Tiplit || > c\//\_l) —0as (N,T) — oc.

Assumption A2(i) is required for individual consistency of the PLS classifier. Assumption A2(ii) is a
high level assumption that ensures the uniform consistency of the classifier. In Appendix C, we verify this
condition for strong mixing processes with geometric decay rates under certain moment conditions. In

particular, if (a) ||z, |ui|, and ||z us|| have finite 2¢'" moments, then A2(ii) will be satisfied provided
A > max{T~ ' In N, T72(NT)Y9(InT)*(In N)?}; (2.12)

(b) if |||l , |wit|, and ||ziruie]| have exponential moments with an index parameter v, then A2(ii) will
be satisfied provided
A1 > max{T~n N, T~2[In(NT))>+7/7}, (2.13)

In either case, we need TA; > In N. If T' o< N for some €; > 1/(¢ — 1) in case (a) and Tox N2 for some
€2 > 0 in case (b), then we can easily verify that TA; > In N would also be sufficient to ensure A2(ii).
Combining this requirement with A2(i) suggests that under certain conditions on the moments and on

the related rates at which N and T pass to infinity, it suffices to require that
A1 < T7% for any a € [1/4,1). (2.14)
The following theorem establishes uniform consistency for the PLS classifier.

Theorem 2.2 Suppose that Assumptions A1-A2 hold. Then
(Z) P (Ui(zolEkNT> < Zf:ol P (EkNT> — 0 as (N, T) — 00,
(ZZ) P (Ufzolﬁ‘kNT) S Zszol P (FkNT> — 0 as (N,T) — OQ.
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REMARK 2. Theorem 2.2 implies that all individuals within a certain group, say GY, can be simulta-
neously correctly classified into the same group (denoted G &) w.p.a.1. Conversely, all individuals that are
classified into the same group, say @k, simultaneously correctly belong to the same group (Gg) w.p.a.l.
Let Gy denote the group of individuals in {1,2,..., N} that are not classified into any of the Ky groups,
ie., Go = {1,2,..., N}\(UK2, Gy). Define the events Hiyr = {i € Go}. Theorem 2.2(i) implies that
P (UlgigNﬁiNT) < 25:01 P(EkNT) — 0. That is, all individuals can be classified into one of the Ky
groups w.p.a.l. Nevertheless, when T is not large, it is possible for a small percentage of individuals to be
left unclassified if we stick with the classification method defined in (2.10). To ensure that all individuals
are classified into one of the K groups in finite samples, one need only slightly modify the classifier to
achieve it. In particular, we classify i € Gy if Bl = &y, for some k = 1,..., Ky, and i € G; for some
l=1,..,Kgif

B —

PIEEED)

|

B, —&KH} and il {BZ = ak} =0.
k=1

Since the event 22(:01 1{B3; = a;} = 0 occurs with probability tending to zero uniformly in i, we can
ignore it in large samples in subsequent theoretical analysis and restrict our attention to the previous
classification rule in (2.10) to avoid confusion. That is, G = {i € {1,..., N} : 3, = ay} for k = 1, ..., K.

Let Nj = Zf\;l 1{i € G}. The following corollary indicates that we can estimate the number of

individuals within each group consistently.

Corollary 2.3 Suppose that Assumptions A1-A2 hold. Then Ny — Ni, = op (1) for k=1,..., Ko.

2.5 The Oracle Property and Asymptotic Properties of Post-Lasso
To establish the oracle property of the PLS estimates {&y}, we add the following assumption.

ASSUMPTION A3. (i) For each k = 1,..., Ko, O = 5r Yicqo Spq ity — Bx > 0 as (N, T) — o0,
(ii) For each k = 1,..., Ky, ﬁZieGQ 23:1 Titlit — BuNT LA N (0,%) as (N,T) — oo where
BinT = \/ﬁ ZieG% ZleE(xitﬂit) is either 0 or O(y/Ny/T) depending on whether wx; is strictly

exrogenous.

Assumption A3 is a convenient high level condition. It can be verified under various commonly
occurring primitive conditions. For example, if (a) {(z;,u;t)} is a stationary strong mixing process
with a geometric mixing rate along the time dimension and is independently and identically distributed
(IID) along the cross section dimension for all individuals within the same group G, (b) z;: and m;zu;:
have finite two-plus moments, and (¢) E (z;4%;;) = 0 and E (u;) = 0, then A3 is satisfied with Bgyr = 0,
Oy, =Var(z;t), and Uy, = limp_, o0 % Zle Zstl B (x4} uipu;s) for any i € GY. Apparently, condition (c)
rules out the case of dynamic panel data models. If z;; contains lagged dependent variables (e.g., ¥it—1),
it is well known that the fixed effects within-group (WG) estimator has asymptotic bias of order O (1/T")
in homogeneous dynamic panel data models. This suggests that By = O (\/W ) in dynamic panel

data models and bias correction is required for statistical inference unless T" passes to infinity faster than
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Ni. Matters of bias correction and some explicit formulae in this case are discussed below in Remark 5
and Appendix D.1.

The following theorem gives the oracle property of the Lasso estimator {éy}.

Theorem 2.4 Suppose that Assumptions A1-A8 hold. Then /NiT (dk —042) - @glﬁkNT A N(0,
S0 fork=1,..., Ko.

REMARK 3. If each individual’s group membership is known, the WG estimator of af is ay =
I L _ = _ D _ _
(ZieGi Zthl xitxgt) ZieG% Zthl TitYit, and then /N T (O‘k - 0‘2) - o, Binr = N (0, Py 1‘I’kq)k 1)
under Assumption A3. Theorem 2.4 indicates that the PLS estimator ¢&; achieves the same limit distri-
bution as this oracle WG estimator with knowledge of the exact membership of each individual. In this
sense, we say that the PLS estimators {d&y} have the asymptotic oracle property. In the Appendix, we
prove the above theorem by inspection of the Karush-Kuhn-Tucker (KKT) optimality conditions for min-
imizing the objective function in (2.4) based on subdifferential calculus (e.g., Bertsekas, 1995, Appendix
B.5). We then show that /N, T (&k — a%) =+/N,T (&Gk — 042) +op (1), where &, 1s the post-Lasso

estimator of oY) given by
-1

T T
G, = Z Z@‘tﬂ?ét Z Z-i'itgifn (2.15)
i€Gy =1 icGy t=1

The following theorem reports the asymptotic distribution of Qg -

Theorem 2.5 Suppose that Assumptions A1-A8 hold. Then /N.T (dék — ag) — (i)];lBkNT A N(0,
&, 1@, ) for k=1,..., K.

REMARK 4. The proof of the above theorem is based on the uniform classification consistency results
in Theorem 2.2. In a totally different framework, Belloni and Chernozhukov (2013) study post-Lasso
estimators which apply OLS to the model selected by first-step penalized estimators and show that the
post-Lasso estimators perform at least as well as Lasso in terms of rate of convergence and have the
advantage of having a smaller bias. It would also be interesting to compare the high-order asymptotic
properties of & and dék given that they share the same first-order asymptotic distribution. But that
analysis goes beyond the scope of the current paper. We do compare the performance of the post-Lasso

estimators and the C-Lasso estimators in simulations reported below.

REMARK 5. As mentioned above, Byyr = 0 in Assumption A3(ii) under strict exogeneity. In the
case of dynamic panel data models, we have to obtain a consistent estimate of bynyr = @;118316 N7 in order
to perform inference. Various methods have been proposed to estimate byny7 in the literature under
conditions that are typically simpler than the latent structure model considered here. These methods
generally involve first stage consistent estimates that are subsequently plugged-into analytic formulae
for the asymptotic bias function to achieve the correction. For example, Kiviet (1995) and Hahn and
Kuersteiner (2002) derived bias formulae for the WG estimator of a common autoregressive coefficient
in first-order autoregressive (AR(1)) panel data models with exogenous regressors and propose ways to

correct the bias such as the use of plug-in corrections. Phillips and Sul (2007b) provide explicit asymptotic
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bias formulae for linear dynamic panel regression estimators where the models may or may not exhibit
unit roots, incidental trends, exogenous regressors, and cross section dependence, all of which lead to
different formulae. Lee (2012) considers bias correction for WG estimators in higher-order autoregressive
models with exogenous regressors where the lag order is possibly misspecified. Other methods, such as
median unbiased estimation, indirect inference (Gourieroux, Phillips, and Yu, 2010), and X-differencing
(Han, Phillips, and Sul, 2013) have been used in dynamic panel data models to avoid bias problems. To
conserve space, we refer the readers directly to those papers for details of these particular formulae and
the correction procedures employed. In the present case, since the formula for by = @glﬁk N7 is known
and can be explicitly represented in cases such as the presence of lagged dependent variables in z;;, we
can also use a plug-in estimator to achieve bias correction. The approach is similar to that proposed in
Hahn and Kuersteiner (2002) and recently reviewed in Moon et al. (2013). However, in the present model
the bias term ByyT = ﬁ ZieGg Zle E (2;+1;:) inevitably reflects the latent structure of the model
and thereby involves further complications. For instance, in the panel AR(1) model there is no longer
a single common AR coefficient as in Hahn and Kuersteiner (2002). Implementation therefore requires
plug-in estimates of each of the common autoregressive coefficients that appear in the group structures
{Gg szol . It follows that consistent group structure estimation by {Gk}KO is necessary for the plug-in

mechanism to be feasible. To fix ideas, suppose the model (2.1) has the panel AR(1) form
Yit = 5?%&—1 + p; + Wi, ’B?| <1 for all 4, u; ~ iid (0, 02) (2.16)

with latent structure (2.2) giving 89 = af for i € GY. Since B (u;¢—1—juis) = o?1{t =s+1+j}, we
have for i € GY

T T 0o )
ZE(yitq@it) = -7 Z E (yit—1uis) = =T Z Z (o)’ B (use—1—juis)
t=1 t,s=1 t,s=1 j=0
T T—s—1 T 0 T—s
1 j 1 1—(a
,JQ?Z Z (ag)J _ 702?2 1(_120
s=1 j=0 s=1 k
o? 2 1< o\T—s o? o2 11— (ag)T
B _1—042 0_2@%) __l—ag 1—042? 1—af ’

so that

Nk 0’2 1
Bk:NT—VNTZZEyzt luzt T].—Oé%JrO(\/W)

ieGY t=1

Further, as (Ng,T) — oo we have

_ 1 .
Oy = NoT Z Zyzt 1 "as (ylztfll{l € G%}) =

2
1€GY t=1 - (ag)
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so that

/N T z I~ N, 1-(a?)® 1

1—a? N. T
. 14+ a?
= /N <aékag+ 7 k)+op(1)
LN, 1= (o)), (2.17)

since Wy, = ot/ (1 - (ag)Q) here. As in Hahn and Kuersteiner (2002), (2.17) suggests a simple bias

correction within Gy, viz.,

l+ég  T+1, 1

= b, = k=1 K, (2.18)

ag, = g, T

giving bias corrected estimators for the latent structure panel AR(1) model (2.16). Of course, formula
(2.18) gives appropriate bias correction only in the stationary case where |a2| < 1 for all k. For the

general case, see the supplementary Appendix D.1 for the bias correction.

2.6 Determination of the Number of Groups

In practice, the exact number Ky of groups is typically unknown. We assume that the true number of
groups is bounded from above by a finite integer K.« and study the determination of the number of

groups via some information criterion. Consider the following PLS criterion

N
Qi s, (8,0) = Quvr (8) + 52 ST 15, — e, (219)
=1

where 1 < K < Kpax. By minimizing the objective function (2.19), we obtain the C-Lasso estimates
{Bz (K, 1), &g (K, )\1)} of {B;,ar}, where we make the dependence of Bl and &y on (K, A1) explicit.
As above, we can classify individual ¢ into group G, (K, A1) if and only if BZ (K, A1) = &g (K, M), ie.,

G (K, ) = {z €{1,2,... N} : B (K, \1) = éu, (K,Al)} for k=1, ..., K. (2.20)

Let G (K, M) = {G1 (K, \1),...,Gx (K, \1)}. Based on (2.20), define the post-Lasso estimate of af by

+

T T
Goucan = | Do D | DL D Fada (221)
i€Gr (KA 1= i€Gr(KA\) =1
where A" denotes the Moore-Penrose inverse of A. Let 62@(1{,)\1) = 7= Zszl D icCr(Ka) Zle [Git —

~/
aA
G (K,A1)

information criterion:

Z;]2. We propose to select the number of groups by choosing K to minimize the following

1Cy (K, 2) =l [6% | + prvenK, (2.22)

where p;yr is @ tuning parameter. Similar information criteria are used to choose tuning parameters
by Wang, Li, and Tsai (2007), Liao (2013), and Lu and Su (2013) for shrinkage estimation in various

contexts and have been found to work satisfactorily.
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We proceed to describe the asymptotic properties of (2.22). First, some notation. Let I = {1,2, ..., Kinax -

We divide K into three subsets Ko, £_ and K as follows
Ko={KeK: K=Ky}, K.={KeK: K<Ky},and Ky ={KeK:K>Kp}.

The sets Koy, K— and K, denote subsets of I in which true, under-, and over-fitted models are produced.

Let GK) = (Gk.1,.-,Gr k) be any K-partition of the set of individual indices {1,2,...,N}. Let Gx

denote the collection of such partitions. Let 6500 = mr Soney Dosecr . Soret it — Gy , Tit]?, Where
N , :

G, = (ZieGkk Zle fitfﬁét) ZieGKk Zle Zi+Uit. The following assumptions are useful in the

asymptotic development.

ASSUMPTION A4. As (N,T) — oo, mini<k < x, inf g g, 6%(,0 Lt a? > 03, where 0} = plim(y 1) oo
1 N T ~2

NT Dim1 Dot Uiy

ASSUMPTION A5. As (N, T) — o0, pyng — 0 and py yr03r — 00 where Syp = NY2TY2 if Byyr =0

and min(N'/2T/2 T) otherwise.

Assumption A4 is intuitively clear and applies under primitive conditions in a variety of models, such
as panel autoregressions. It requires that all under-fitted models yield asymptotic mean square errors
that are larger than o2, which is delivered by the true model. A5 reflects the usual conditions for the
consistency of model selection. The penalty coefficient p; ;- cannot shrink to zero either too fast or too
slowly.

The following theorem justifies the use of (2.22) as a selector criterion for K.

Theorem 2.6 Suppose that Assumptions A1-A5 hold. Then

P (Kelénful@ICI (K, 1) > IC, (Ko,)\l)) —1as (N,T) — occ.

REMARK 6. Let K (\;) = argmini<g<x,,,, IC1 (K, ). As Theorem 2.6 indicates, as long as A\
satisfies Assumptions Al(v) and A2, we have P(K (A1) = Ky) — 1 as (N,T) — oo. Consequently, the
minimizer of IC; (K, A1) with respect to K is equal to K w.p.a.l for a variety of choices of A;. In practice,

it is desirable to have a data-driven method to choose the tuning parameter A;. For this purpose, define
ICT (M) =1IC (K (M1),A1).-

The tuning parameter can then be chosen as 5\1 = argminy, e, ICF (A1), where Ay = {1 : \y<T ¢ for
any a € [1/4,1)} provided some conditions on the moments of |||, |ui| and ||z u;| and on the relative

rates at which N and T pass to infinity are satisfied — see the remark after Assumption A2.

2.7 Extensions

Several major extensions of the C-Lasso methodology to other models and contexts are worth mentioning.

We discuss four possibilities below.
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1. Mixed Panel Structure Models: Consider the case where some of the parameters in 5?

are common across all individuals whereas others are group-specific. Write BO (50’1) 62(2 )’ where

0 = 5((]1) for all ¢ = 1,..., N. Partition x;; conformably as i = (27,(), ¥} (5))’- The panel structure
becomes

Yit = 5?{)%1&(1) + 5?(/2)%1:(2) + py + Ui, (2.23)

where 5?(2) =af if i € G} where k = 1,..., Ky and GY, ...,G?(o form a partition for {1,2,..., N}. The
model (2.23) is closely related to the model studied by Pesaran, Shin, and Smith (1999) in which long-
run coefficients are constrained to be identical across individuals while short-run coefficients may be

heterogenous. In this case, the PLS objective function becomes

- ak’ : (2.24)

QlNT A (5(1 B2y, ) =Q1,NT (5(1»5(2)) + % iﬂfzol ’ Bi(2)
=1

where Q1 N7 (5(1)7@2)) =N S (ﬂz‘t — BlyEirr) — 5;(2)%:(2))27 By = (Bi2)s -+ Bn(z)), and
Tit(r) = Tit(r) — 71 23:1 Tig(r) for s = 1,2. Our previous analysis can now be followed to establish
uniform consistency for the classifier and the oracle property for the resulting estimators of ,6’?1) and a)’s.

2. Nonlinear Panel Data Models: Bester and Hansen (2013) consider estimation of nonlinear
panel data models with common and group-specific parameters where the group structure is completely
known, e.g., based on some external classification or geographic location. They provide conditions under
which their group effects estimators of the common parameter are asymptotically unbiased. To fix ideas,

consider minimizing the following objective function

N T
1
Qur (0, 1) = = ;;so wit, 0, 1) (2.25)
where 6 is a finite dimensional common parameter, u=(g1, ..., pi5 ), © = —In f, and f (ws, 0, ;) is the

density function of w;; with respect to some measure. Here the p,; denote time invariant individual-
specific effects that are held constant according to an observed group structure: p? = of if i € GY
where k = 1, ..., Ky and {G(l), ceey G(}(U} forms a partition for {1,2,..., N}.* Interestingly, the PLS C-Lasso
method can be extended to study such nonlinear panel data models straightforwardly without the need
to know each individual’s group membership. The PLS objective function here takes the form

A
QNP (0, 0) = Qur (0. ) + 57 Z T2y [l = ol (2:26)

=1
One can readily modify our numerical algorithm to estimate both the common parameter 6° and the
group-specific parameters {ag}. The uniform consistency of the C-Lasso classifier and the oracle prop-

erties of the parametric estimates can also be established.

4In traditional nonlinear panel data models, the individual effect 1; is a scalar, but our theory allows it to be a vector.

The af’s are referred to as the group (fixed) effects in the literature.
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3. Group Patterns of Heterogeneity: Bonhomme and Manresa (2012) consider a linear panel

data model with grouped patterns of heterogeneity that take the following form
Yir = 0"z + Mg, T Uiz, (2.27)

where the group membership variables ¢g; € {1, ..., Ko} map individual units into groups. They propose
to estimate the group membership along with the common parameter #° in the model based on some
variants of the K-means algorithm and establish the asymptotic distributions for the resulting estimators.
In view of the fact that pu ,, has a factor structure p,, = N fr where f; = (pyg, o fgcgr)'s Xi = (0, .1, )
with 1 in the k' position if i € GY for k = 1,..., Ko and zeros elsewhere, we may embed (2.27) in the
more general model

Yir = 0" @i + N f + wi, (2.28)
where )\? =af if i € GY where k = 1, ..., K and {G[f, ...,G(}(U} forms a partition for {1,2,..., N}. In the
economic growth literature, f; represents unobserved global shocks to the economy, and )\? the marginal
effects of the shocks to country i’s economic growth. It is sensible to assume that the marginal effects are
identical for countries that exhibit similar features. To estimate (2.28) with the unknown group structure,
we propose a two-step approach. In the first step, we follow Bai (2009) and obtain the Gaussian quasi-
maximum likelihood estimates é, 5\1-, and ft of 6°, )\?, and f{ under the identification restrictions that
T-! Z;F:l fifl = I, and N7! Zf\il A\ is diagonal. In the second step, we consider the following
regression

yir = 0"z + A?/ft + Uit, (2.29)
by imposing the unknown group structure: )\? = o) if i € GY where k = 1,..., Ky. The PLS objective
function is similar to that in (2.24). In this framework, we can readily show that C-Lasso yields uniform
consistency for the classification and the oracle properties of the estimators of 6° and a? just as if we

were able to observe the exact group structure.

4. Granger-causality, Unit Root, and Cointegration in Heterogenous Panels: The C-
Lasso methodology can also be extended to analyze Granger-causality, unit roots, and cointegration in
heterogenous panels. In Granger-causality analysis we may consider either completely homogenous or
completely heterogenous relationships. The former may produce misleading conclusions if the causal
or non-causal relationship is heterogeneous; the latter may yield imprecise estimates and low power
in hypothesis testing. An intermediate specification is to allow the relationship to be group-specific.
Similar remarks hold for panel unit root and cointegration tests — see Breitung and Pesaran (2008) for an
overview on this. As usual in nonstationary settings, careful attention must be given to allow for different

convergence rates for different parameters in such systems (Phillips and Moon, 1999).

The C-Lasso approach is also well suited to testing for structural change in heterogeneous panel data
models, to nonparametric and semiparametric panel data models, and to models with heterogeneous
parametric or nonparametric time trends (e.g., Kneip, Sickles, and Song (2012), Zhang, Su, and Phillips
(2012)). We can expect C-Lasso to deliver substantial efficiency gains in some of these cases where there
is only partial heterogeneity in the structure. These and other applications of the methodology will be

examined in separate studies.
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3 Penalized GMM Estimation of Panel Structure Models

This section considers penalized GMM estimation of panel structure models when some regressors are
lagged dependent variables or endogenous. As before, we first assume that the number of groups is known

and then consider the determination of the number of groups when that information is unknown.

3.1 Penalized GMM Estimation of o and 3

We consider the first differenced system
Ayir = B Az + Auyg, (3.1)

where, e.g., Ayir = yit—yit—1 fort =1,...,T and i = 1,..., N, and we assume that we have observations on
yio and . Let z;; be a d x 1 vector of instruments for Az;; where d > p. Define Ay; = (Ayi, ..., Ayir)’,
with similar definitions for Ax; and Auw;.

We propose to estimate 3 and « by minimizing the following penalized GMM (PGMM) criterion

function’®

A N
QsNE s (Be@) = Qo (B) + T DI 118; — el (3.2)
i=1

where Q2 n7 (8) = & Zf\;l {% Zthl zit (Ayi — B;A%t)}IWiNT {% 23;1 zit (Ays — BQA:M)] , Wint is
a d X d matrix that is positive definite asymptotically and Ao = Aoy is a tuning parameter. Minimizing
the above criterion function produces the PGMM estimates & and B Let B@ and @&, denote the i*" and
k™ columns of B and &, respectively, so that & = (&, ..., &k, ) and 3 E(Bl, ...,BN).

As before, the objective function in (3.2) is convex in ay but not in 8. With minor modifications, the

numerical algorithm described in Section 2.2 can be used to obtain the estimates & and ,@ .

3.2 Preliminary Rates of Convergence for Coefficient Estimates

We first present sufficient conditions to ensure the consistency of (3, &). Let Q; .az = x Zthl zin(Azy),
Quesy = 7 Zthl 2ty Qizae = T ZtT:1 El2it(Azi)'], and Qizny = 7 Zthl El2itAyit]. Let & =
(Ayit, (Azir)', th)/ . Define

T
p (&irs B) = 2t (Ayir — B'Awy) and p; 1 (B) = % Y (s B) —Elp(€a, BN}

Let B; denote the parameter space of 3;.5 We make the following assumption.

ASSUMPTION B1. (i) E [p (5it,5?)] =0 foreachi=1,...N and t=1,...,T.

5We were unable to establish asymptotic theory for the case where the criterion Q2,nT (B) is replaced by the fully pooled

~ !
criterion Q2 N7 (B) = [ﬁ SN S 2 (Ayie — B;Afit)] Wn [ﬁ SN 2 (Ayie — 5§A9«“it)] , where Wi is
a d x d symmetric positive definite matrix. Use of the criterion Q2 n7 (8) means that the PGMM estimator has the oracle

property only in some specical cases.
6When the 3,’s are group-specific, we can also regard the respective parameter spaces B; to be group-specific.
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(ii) supgeg, pir (8) = Op (1) and + Zf\il Ps.r (,6’1-)”2 =O0p (1) for any B; € B; and i =1,...,N.

(iii) Qi,zA:c = Qi .ac+op (1) for each i =1,...,N and lim inf N, 7) 0o MiN1<i <N Hypin (Q;7ZA$Q1'7ZA£)
=cCo > 0.

(iv) There exist nonrandom matrices W; such that maxi<;<n ||Wint — Wi|| = op (1) and iminfn_ o0
Ming <; <N Hppin(Wi) = ¢y > 0.

(v) Ng/N — 711, € (0,1) for each k=1,..., Ky as N — o0.

(vi) A2 = 0 as (N,T) — oo.

Assumption B1(i) specifies moment conditions to identify 5Y. B1(ii) is a high level condition because
we do not specify the data structure (or instruments) along with either the cross section or time series
dimension. Its first part can generally be verified by applying Donsker’s theorem to specific cases. For
example, if there exists Fj;, a o-field, such that {;,, Fit} is a stationary ergodic adapted mixingale with
size —1 (e.g., White, 2001, pp. 124-125), and Var(T"/?wp; 1 (8;)) — w'Siw € (0,00) as T' — oo for some
positive definite matrix ¥; and any w € R? with |jw|| = 1, then T/2p, 1 (8;) < N(0,%;) and the first
part of B1(ii) follows. In conjunction with B1(i), B1(iii) provides a rank condition for the identification
of B?. It may also be used to establish the mean square convergence of Bl as it implicitly requires that
Qi,ZAw is of full rank uniformly in ¢. B1(iv) is automatically satisfied if one sets Wy = I4, the d x d

identity matrix. Conditions B1(v)-(vi) parallel the earlier conditions A1(iv)-(v).

Theorem 3.1 If Assumption B1 holds, then
(i) B; — B = Op (T™Y/2 4 X9 fori=1,..,N,
. 2
(i) & Ziil ’ B; =B =Op (1),
(iii) (&(1ys s Bicy)) — (0, a,) = Op (T71/2)

where (& 1y, ..., Q(k,)) 15 a suitable permutation of (&, ..., ak,).

REMARK 7. Parts (i) and (ii) of Theorem 3.1 establish the pointwise and mean-square convergence of
ﬁi. Part (iii) indicates that the group-specific parameters {a?, e a?{} can also be estimated consistently
by {&1, ..., &k, } subject to permutation. For notational simplicity, hereafter we simply write &y, for &y,

as the consistent estimator of o), and define

G, = {z €{1,2,...N}: B, = ak} for k = 1,..., K. (3.3)

3.3 Classification Consistency

Define the following sequences of events:
Bt = {z ¢Gplic Gg} and Fyyr, = {z ¢GY |ic ék} (3.4)

where ¢ = 1,..., N and k = 1, ..., Ky. Let EkNT = UieG%EkNTJ and FkNT = UieékaNTJ‘ We add the

following assumption.

ASSUMPTION B2. (i) TAy — 0o and TA3 — ¢y € [0,00) as (N, T) — oc.
(i) For any ¢ >0, Nmaxij<;<ny P (HT’1 Zle zitAuitH > c\/)\2> —0as (N,T) — 0.
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Assumptions B2(i)-(ii) parallel A2(i)-(ii). Like the case of A2(ii), one can also verify B2(ii) under some
primitive conditions on the process {z;;Au;s, t > 1}. The required moment conditions are now imposed
on ||zitAugt||. Following the remark after Assumption A2, for a large range of moment conditions on

||zit Auge|| and the relative rates at which N and T pass to infinity, it suffices to require that
A2 & T~¢ for any a € [1/4,1). (3.5)
Uniform consistency of the classification is established in the next theorem.

Theorem 3.2 If Assumptions B1-B2 hold, then
(i) P (UkK:‘JlEkNT> < 25:01 P (EkNT> — 0 as (N,T) — oo,
(ZZ) P (Ufzolﬁ‘kNT) < Zf:ol P (FkNT> — 0 as (N,T) — 0.

REMARK 8. Remark 2 also holds for the above theorem with obvious modifications. In particular,
let Gy denote the group of individuals in {1,2,..., N} that are not classified into any of the K, groups,
ie, Go = {1,2,..., N}\(U2,G}). Define the events Hinr = {i € Go}. Theorem 3.2(i) implies that
P (Ulging{iNT) < ch{:‘)l P (E'kNT) — 0. That is, all individuals can be classified into one of the K
groups w.p.a.l.

Let Ny = Zf\il 1{i € G’k} Following the proof of Corollary 2.3, one can also prove that N, consis-
tently estimates Ng.

Corollary 3.3 Suppose that Assumptions B1-B2 hold. Then Ny — Nj, = op (1).

3.4 Improved Convergence and Asymptotic Properties of Post-Lasso

To obtain an improved rate of convergence in C-Lasso estimation of {&y} we provide more specific

conditions with the following assumption.

2
ASSUMPTION B3. (i) For each k = 1,..., Ky, N%Ziecg = op (1) and W;nr £l
W; >0 fori e GY.

(ii) For each k=1,..., Ky, Ay = Nik ZieG% Q;7ZAzWiQi,zAx — A >0as (N,T) — .

(iif) For cach k =1,..., Ko, o Sse 0 @ oae Wint Sy 2iAiiy = Bewr = N (0,Cy) as (N, T) —

Qi,zAa: - Qi,zAz

Q.

Assumptions B3(i)-(iii) can be verified under various primitive conditions. For example, B3(i) can be
verified by the Markov inequality under (standard) conditions that (a) B | zi(Az:)' [>T > 0 for some
o > 0 and (b) {(Az, zit, Auge) ,t > 1} is strong mixing for each ¢ with mixing coefficients «; (7) that
satisfy Nik Ziegg pye (1) 197 < 5o, If, in addition, (c) {(Azi, 2;)} is also stationary along the
time dimension and IID along the individual dimension for all individuals within the same group Gg,
and (d) W; = W for all i € GY, then B3(ii) is satisfied with Ay = {E [2;t(Azit)'|} WE [zt (Az4t)'] for any
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i € GY. To verify B3(iii), for simplicity we assume that W,y = I; and make the following decomposition

\/W Z Qz zAx Z zztAuzt

i€eGY

) T T
I — Z ZZE(AmiSZZ{SZitAUit)
s=1 t=1

1/2
N,/°T3/2 ieGo

1/2T3/2 Z ZE (Awiszly) zieAugt

ZEGOS 1t=1

1/2 s Z { Aziszly — B(Awiszly)] zinDuy — B (Amiszi 2 Auge) }
T GGO s=1t=1
= Bgnr + Vint + Benr, say, (3.6)

where Byy7 and Vi contributes to the asymptotic bias and variance, respectively, and Ry y7 is term
that is asymptotically negligible under suitable conditions. Then B3(iii) will be satisfied with Wy = I
if Vinr = W ZieG% Zthl Q;,ZszitAuit LY (0,C%) and Rgnt = op (1), both of which can be
verified by strengthening the conditions in (a)-(c). Note that A, 'Byyr signifies the asymptotic bias of
&, which may not be vanish asymptotically but can be corrected; see Appendix D.2.”

The following theorem establishes the asymptotic distribution of the C-Lasso estimator {dy}.

Theorem 3.4 Suppose that Assumptions B1-B3 hold. Then /NiT (ozk 704,9) A ! BunT 5 N(0,
AJICLALY) fork=1,..., K.

REMARK 9. In contrast to the PLS case, the PGMM estimators {éy} may fail to possess the oracle
property. If the group identities were known in advance, one could obtain the GMM estimate &, of af
by minimizing the following objective function

I

T
~ 1 1
QNT (ak) = N T Z Zzlt Ayzt - ak;A:Elt) ](\/‘ N_ Z Z Zit Ayzt - ak;A:Elt) ) (37)
G :

ieGY t=1

where for each k£ = 1,..., Ky, WI(VT is a d X d symmetric positive definite matrix. Let QSXI NT =

1 T o o (k)1
NuT Zz’eGg D i1 Zit (Axit) and Qsz,NT = W ZieGg Zt:l it Ay;t. Then oy, = |:QZA:E,NT TQzAz NT}

QSX; NTW](\;C:)FQSZ)% N7 We can readily show that the asymptotic distribution of &y is typically different

-1

from that of &y under some regularity conditions. See also the remark after Theorem 3.5 below.

If Conditions (a)-(b) after Assumption B3 are satisfied and E ||zj;Aui]|>T° > 0, one can simply apply Davydov’s

inequality to obtain

IBenrll = [|1E (Bent)ll < T\/W > ZZ |E [Amss 2] zit Aust] || = ( N/T) 1/2>,

EGOt 1s=1

which is o(1) if "> N and usually not asymptocially negligible otherwise. For general choices of W;n, it may be difficult
to verify Assumption B3(iii).
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When the individuals have group identities that are unknown, we can replace GY by its C-Lasso
estimate Gy, in the GMM objective function (3.7) and obtain the post-Lasso GMM estimator of af given
by

ae, = [QULWHGR,] T ARk,
where ng)z = ﬁ Y i Zle zit (Aziy) and QikA)y = NF YLicé, Zthl zitAy;e. To study the asymp-
totic normality of Qg, , we add the following assumption.

ASSUMPTION B4. (i) For each k= 1,..., Ko, WL B W® > 0 as (N, T) — oc.
(ii) Q,(Z]CA)I’NT L ngA)z where QikA)w has rank p.
T D
(ii) \/ﬁ ZieGg 2= ZitAuig = N (0, V).
Assumption B4 is standard in the literature on GMM estimation. The assumption can be verified

under various primitive conditions that allow for both conditional heteroskedasticity and serial correlation

in {z;Au; }. The following theorem establishes the asymptotic normality of &Gk'

Theorem 3.5 Suppose that Assumptions B1-B4 hold. Then /NiT (dék - ag) K N (0,9Q) where
1 -1
o = [QRWMQR, | QRwrvw®QR, [QRwMQR, | andk =1,... K.

REMARK 10. As in the proof of Theorem 2.5, one can apply Theorem 3.2 and demonstrate that

VNiT (ag, — o) = VN T (6 — of) + op (1).

That is, the post-Lasso GMM estimator Qg, is asymptotically equivalent to the infeasible estimate cy,
which an oracle could obtain with knowledge of each individual’s group identity. To obtain the most
efficient estimator among the class of GMM estimators based on the moment conditions specified in
Assumption B1(i), one can set Wj(\f% to be a consistent estimator of V,!. The procedure is standard and

we omit the details for brevity.

REMARK 11. If Winy = W Qi.ae = QW for each i € GY in Assumptions B3(i)-(ii), and
Byt = 0 in Assumption B3(iii), then A = Qi@;W(k)Qng, Cr = Qi@;W(k)QkW(’“)Qi@x, and
\/W(dk — ag) LA N (0,9). That is, in this special case, the C-Lasso estimator &y also has the
oracle property. But as remarked before, Byyr = 0 would typically require T° > N, a condition that
we do not usually want to impose. For this reason, we recommend the post-Lasso estimator &g, for the

general case.®

3.5 Determination of the Number of Groups

When the true number of groups K is unknown, we continue to assume that it is bounded from above

by a finite integer Ky,.x. We consider the following PGMM criterion function

A N
QSN . (B-@) = Qo (B) + T DT 118 — el (3.8)
i=1

80f course one cannot choose W; N1 to be group-specific (i.e., WJ(\;C%) because we do not know the group structure.
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where 1 < K < Kpax. Minimizing the above objective function, we obtain the C-Lasso estimates
{Bl (K, X\2), &y (K, )\2)} of {$;,ax}, where we make the dependence of 3; and é; on (K, \s) explicit.
As above, we classify individual i into group Gy, (K, \2) if and only if 8, (K, A2) = @i (K, X2), i.e.,

G (K, \o) = {z € {1,2, ., N} : B, (K, o) = &g (K, ,\2)} for k=1,.., K. (3.9)

Let G (K, A1) = {G1 (K, \1),...,Gx (K,\)}. Based on (3.9), we define the post-Lasso GMM estimate of
aj, by
~ ~(K,k k) AR 2k k) ~(K.k
QG (K he) = {QgAm)/WJ(V%QiAm)} QiAx)/WJ(V%QgAy)a (3.10)
= (K k T A (K k T k
where QiAw) = ﬁ Zieék(K,)\g) D=1 Zit (Awit)/a Q,(sz) = ﬁ Zieék(K,)\Q) > -1 ZitAyit, and WJ(VJ)“
is defined as before but with £ =1,2, ..., K.

~ K T - .
Let U%(K,Az) = 37 D ohe1 DG (K ) 2ot DYt — O‘lf:k(K,Al)Axit]2~ We propose to select K to min-
imize the following information criterion:

)

105 (K, )o) = In [a—g(mz)} + pongpK,

where pyyp is a tuning parameter. As before, for any G¥) = (Gk.1,...,Gx.x) € Gk, define &2G(K> =
ﬁ Zszl ZieGK,k 23:1 [Ayit—d/GK,kA$it]2, where ag, ,, is analogously defined as QG (1) With Gr (K, \2)
being replaced by Gk .

To proceed, we add the following two assumptions.

ASSUMPTION B5. As (N,T) — oo, minj<g<x, infauoeg, 5o — 0hy > 04y where 03, =
. N T 2
PUIM(N,7) 00 F7 2oict 2ormt (Atir)”

ASSUMPTION B6. As (N,T) — 00, poyg — 0 and pynyNT — 0.

Assumptions B5-B6 parallel earlier Assumptions A4-A5. The following theorem proves consistency of
this choice of K as the minimizer of ICs (K, A2) with respect to K.

Theorem 3.6 Suppose that Assumptions B1-B2 and B4-B6 hold. Then

P (Kelicnfulc+102 (K, Xo) > ICy (KO,)\Q)) —1as (N,T) — .

REMARK 12. The remark after 2.6 also holds here after obvious modifications. To obtain a data-driven

choice of the tuning parameter )y, define
K ()\2) = arg m}%n ICQ (K, )\2) and IC; ()\2) = ICQ (K ()\2) 5 )\2) .

We can select the tuning parameter as Ay = argminy,ep, IC5 (X2), where Ay = {AoxT~® for some
a € [1/4,1)} provided some conditions on the moments of ||z;:Au;t|| and on the relative rates at which

N and T pass to infinity are satisfied. See the remarks after Assumptions A2 and B2.

4 Simulation

In this section, we evaluate the finite-sample performance of the C-Lasso and post-Lasso estimates.
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4.1 Data Generating Processes

We consider three data generating processes (DGPs) that cover static as well as dynamic panels. All
through these DGPs, the fixed effect p, and the idiosyncratic error w;: follow the standard normal
distribution and are mutually independent all across ¢ and ¢. The observations in each DGP are drawn
from three groups, with the proportion of the number of observations Ny : Ny : N3 =0.3:0.3: 0.4. We
try six combinations of the sample sizes with N = 100, 200 and 7" = 10, 20, 40.

DGP 1 (Static panel with two exogenous regressors). The observations (y;, ;) are generated from the

panel structure model (2.1) where z;; = (21, Ti2)’, and the two exogenous regressors
Tign = 0.2p; + e
Titz = 0.2u; + e

and e;;1 and e;; o are each IID N (0,1) and mutually independent. The true coefficients are

0 o0 oy 0.4 1 1.6
ans-((%): () (2))

DGP 2 (Static panel with endogeneity). We maintain the panel structure model (2.1) with two regressors
in j. zi2 ~ N(0,1) is independent of the idiosyncratic shock w;; while x;; 1 is generated from

the following underlying reduced-form equation
Tit1 = 0.2p; + 0.52:21,1 + 0-5Zit,2 + 0.5e;¢

where z;;1 and z;; 2 are each IID N (0, 1), mutually independent, and two excluded instrumental
variables independent of u;; and e;;. Endogeneity arises as the reduced-form error term e;; and the

structural-equation idiosyncratic shock wu;; follow a bivariate normal distribution:

()~ ((0) (%)

An econometrician observes (Y, Tit, 2it) With z;; = (@i, Ti,2)" and ziy = (2,1, zit,2)’. The true

s () () (2))

We set the gaps between the groups of the coefficients larger than those in DGP1 to compensate

coefficients are

the weaker signal strength caused by instrumentation.

DGP 3 (Panel AR(1) with two exogenous regressors). The model is
_ 40 0 0 0
Yit = Biayit—1 + BiaTir2 + BisTis + ps (1 — Biy) + wie

where z;; 2 and z;: 3 are two exogenous regressors. They follow the standard normal distributions,

mutually independent, and are independent of the error term. For each 4, the initial value is
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Yio = B?Qxiog + ngxiog —+ p; + uio so that the i-th time series is strictly stationary with mean ;.

The true coefficients are

0.8 0.6 0.4
(af,a,a8) = 04 |, 1|, 1.6
0.4 1 1.6

The choices of the lag term coefficients represent strong, moderate, and weak persistence, respec-
tively. The choices of the coefficients of the exogenous regressors balance the different signal strength

that stems from the dynamic structure.

4.2 Classification and Point Estimation

In this section, we assume that we know the number of groups, and focus on the pointwise classification
error and the point estimation. We estimate the parameters in DGP 1 with PLS, in DGP 2 with PGMM,
and in DGP 3 with both PLS and PGMM. The tuning parameter A1 or \s is set to be C’,\s%,T_l/2 where
s% is the sample variance of §;; for PLS or the sample variance of Ay;; for PGMM, respectively. Cy
is a sequence of geometrically increasing constants; here we try 5 values for Cy, namely, 0.2, 0.4, 0.8,

. . ~(0) _ ~(0) _ NONG RO
1.6, and 3.2. Regarding the initial values, we set &, = &;” =0 and {3; " . or 4 f; - to be the

within-group estimates.’ "

The bias of the estimators for the dynamic model in DGP 3 is calculated via the one-sided kernel as
discussed in Appendices D.1 and D.2 with a tuning parameter My = [T'/%], where [T'/¢] denotes the
smallest integer that is not smaller than 7/6. DGP 3 gives a comparison of PLS and PGMM under the
same DGP, but the instrumentation of PGMM costs a few time-dimensional observations. We feed into

the PGMM objective function with

Ayiyy = Yip — Yit—1
(Axit,la Awit@v Awit,z’,) = (yi,t—l —Yit—2,Tit,2 — Lqt—2,2, Tijt,3 — $i7t—273>
(Zit,15 Zit,2, Zit,35 Zit,d) = (Yij—2,Yit—3, AZir,2, Aig 3).

While many choices of instruments are valid in the dynamic panel model, we use two instruments
for Ay;¢—1 for over-identification. We lose three time-series observations in PGMM: one for the lagged
regressor, and two for the construction of the instruments. On the other hand, we only lose one time-
series observation in PLS for the lagged regressor. We generate T 4 3 observations for each group in the
simulation, which gives PLS T + 2 effective observations and PGMM T effective observations.

We run 500 replications for each scenario. Table 1 reports the classification results. As is discussed
in Remark 2, we classify all observations into the group whose &y is the closest to Bl We summarize

the pointwise classification errors by averaging over ¢ = 1,..., N, as we have no space to report results

. . ~(0 ~ . . ~ ~ . . . L
9We experimented with ,6’5 ) 550) = 1 for all ¢ and a;ﬂo) = ag)) = 0 for all k. The latter choice delivers similar
classification and estimation results. This suggests that the algorithm is insensitive to the initial value at least under the
sensible choices, although the high-dimensionality hinders a straightforward visualization of the shapes of the objective

functions with respect to the parameters.
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for each individual i. The values in the table are the means of the average classification errors P(E) =
% Ziil P(EA'kNT,i) and ]5(13’) = % Zf\; P(FkNT’i) where P denotes the empirical mean across the 500
replications.

In Table 1 the classification errors quickly shrink toward 0 as T increases. Particularly, when T" = 40
the PLS classification errors P(E) and P(F) typically take on values 0.5-3%, and PGMM classification
errors are also small. The results are not very sensitive to the choice of the tuning parameter via C.
In DGP 3 where both PLS and PGMM are applied, PLS appears more accurate than PGMM. This is
expected since (i) PLS utilizes more effective observations; (ii) PLS does not incur extra randomness from
instrumentation; (iii) we do not have an optimal weighting scheme so we use the simple equal weighting
for the PGMM, i.e., by setting W;nyr = I4 throughout. We recommend PLS in the cases where both
deliver classification consistency.

We now move on to the point estimation. Tables 2 — 5 report the root-mean-squared error (RMSE)
and the bias of the estimates of the first element 3, ; in 3, in each model.!? Since each DGP has three
groups of different coefficients, the outcomes of the coefficient estimation are not directly comparable
across groups. Due to space limit, we weight the RMSEs and the biases by their proportions in the
population. For example, RMSE(j3,) is calculated as + Zi{:"l N.RMSE(&y,1) with éy 1 being the first
element in &g, and so is the bias. For the bias corrected estimates in DGPs 2 and 3, we use the formulae
detailed in Appendix D. Note that for the PGMM method, we only need to correct the biases for the
C-Lasso estimates but not for the post-Lasso estimates; whereas for the PLS method, we need to correct
the biases for both C-Lasso and post-Lasso estimates when x;; contains lagged dependent variables or
endogenous regressors. In Tables 3 — 5, the bias-corrected estimates are denoted as C-Lasso BC and
post-Lasso BC for the C-Lasso and post-Lasso estimates, respectively.

The general pattern is clear in Tables 2 — 5. First, the RMSE and bias of C-Lasso shrink towards zero
when T increases and N remains fixed. Second, post-Lasso estimates tend to outperform the C-Lasso
estimates in terms of bias biases and RMSEs. Although the RMSEs of C-Lasso estimators are relatively
large, C-Lasso classifies the observations to make the refinement of the other estimators feasible. Third,
Tables 3-5 suggest that bias correction is useful when T is small. In particular, bias correction helps
reduce the bias substantially when T equals 10 and it is still effective for PGMM when T = 20. When
T grows to 40, the bias of C-Lasso is small whereas the bias correction slightly over-corrects in some
instances. Post-Lasso is insusceptible to this bias when the classification works well in finite samples.
Fourth, Tables 2 and 4 suggest that the finite-sample performance of the PLS post-Lasso’s estimate
becomes closer and closer to that of the oracle estimator as T increases, which demonstrates the practical
relevance of the oracle property. The RMSE of post-Lasso remains the smallest in comparison with C-
Lasso and bias-corrected C-Lasso in PGMM where the oracle property is missing. We recommend the

post-Lasso estimator for practical use.

10T he results for the estimation of the other coefficients are available upon request.
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Table 1. Results of classification

Ch

N

T

0.2

P(E)

P(F)

0.4

P(E)

P(F)

0.8

P(E)

P(F)

1.6

P(E)

P(F)

3.2

P(E)

P(F)

DGP1 100
PLS 100
100

200

200

200

10
20
40
10
20
40

0.1805
0.0593
0.0103
0.1691
0.0586
0.0092

0.0901
0.0289
0.0049
0.0848
0.0284
0.0044

0.1899
0.0585
0.0098
0.1771
0.0556
0.0083

0.0954
0.0292
0.0046
0.0894
0.0275
0.0040

0.2236
0.0576
0.0093
0.2097
0.0552
0.0081

0.1115
0.0290
0.0045
0.1054
0.0277
0.0039

0.2777
0.0805
0.0094
0.2766
0.0719
0.0078

0.1305
0.0396
0.0048
0.1322
0.0362
0.0040

0.4216
0.1304
0.0149
0.3976
0.1338
0.0141

0.1897
0.0598
0.0070
0.1746
0.0613
0.0066

DGP2 100
PGMM 100
100
200
200
200

10
20
40
10
20
40

0.2082
0.1027
0.0321
0.2037
0.1020
0.0332

0.0993
0.0485
0.0152
0.0980
0.0483
0.0158

0.2001
0.0958
0.0307
0.1982
0.0942
0.0299

0.0974
0.0462
0.0147
0.0971
0.0456
0.0144

0.2024
0.0888
0.0266
0.1968
0.0872
0.0266

0.1004
0.0437
0.0130
0.0984
0.0432
0.0130

0.2145
0.0878
0.0230
0.2113
0.0841
0.0222

0.1076
0.0440
0.0115
0.1071
0.0424
0.0111

0.2527
0.0996
0.0227
0.2482
0.0942
0.0212

0.1274
0.0504
0.0116
0.1257
0.0480
0.0109

DGP3 100
PLS 100
100

200

200

200

10
20
40
10
20
40

0.2063
0.1000
0.0277
0.2025
0.0983
0.0255

0.1038
0.0501
0.0137
0.1026
0.0490
0.0126

0.1839
0.0826
0.0222
0.1714
0.0794
0.0209

0.0908
0.0404
0.0106
0.0853
0.0386
0.0100

0.1913
0.0750
0.0183
0.1709
0.0703
0.0173

0.0937
0.0357
0.0085
0.0844
0.0333
0.0080

0.2305
0.0800
0.0158
0.2079
0.0716
0.0151

0.1092
0.0391
0.0072
0.0998
0.0347
0.0069

0.4058
0.1968
0.0373
0.3539
0.1451
0.0220

0.1715
0.0886
0.0177
0.1498
0.0657
0.0103

DGP3 100
PGMM 100
100
200
200
200

10
20
40
10
20
40

0.3173
0.1688
0.0729
0.3151
0.1714
0.0731

0.1566
0.0833
0.0355
0.1557
0.0847
0.0356

0.2991
0.1525

0.059
0.2919
0.1503
0.0575

0.1482
0.0753

0.029
0.1449
0.0745
0.0284

0.2924
0.1405
0.0495
0.2789
0.1345
0.0486

0.1437
0.0683
0.0239
0.1381
0.0655
0.0236

0.3016
0.1335
0.0436
0.2876
0.1288
0.0426

0.1471
0.0629
0.0203
0.1415
0.0609
0.0199

0.3379
0.1422
0.0421
0.3243
0.1363
0.0406

0.1650
0.0665
0.0189
0.1597
0.0638
0.0183

5 Conclusion

In this paper we propose a novel approach to identifying and estimating latent group structures in panel
data. We focus on linear panel data models where the slope parameters are heterogenous across groups
We propose PLS and PGMM

classification and estimation methods and both classification methods enjoy the desirable property of

but homogenous within a group and the group identity is unknown.

uniform consistency. The PLS estimation method also enjoys the oracle property while the PGMM
estimation method typically does not. Post Lasso estimates are also studied and a BIC-type information

criterion is proposed to determine the number of groups. Simulations are conducted to demonstrate the

finite sample performance of our methods.
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Table 2. Estimation of 5, ; in DGP 1 by PLS
Ch 0.2 0.4 0.8 1.6 3.2
N T RMSE Bias RMSE Bias RMSE Bias RMSE Bias RMSE Bias
100 10 C-Lasso 0.1010 0.0364 0.1116 0.0364 0.1303 0.0293 0.1780 -0.0150 0.3206 -0.0968
Post-lasso  0.0907 0.0282 0.1035 0.0293 0.1274 0.0254 0.1788 -0.0162 0.3216 -0.0984
Oracle 0.0583 -0.0033 0.0583 -0.0033 0.0583 -0.0033 0.0583 -0.0033 0.0583 -0.0033
100 20 C-Lasso 0.0590 0.0154 0.0560 0.0183 0.0507 0.0154 0.0690 0.0054 0.0856 0.0012
Post-lasso  0.0450  0.0066 0.0467 0.0092 0.0470 0.0090 0.0687 0.0038 0.0846 0.0012
Oracle 0.0399 -0.0021 0.0399 -0.0021 0.0399 -0.0021 0.0399 -0.0021 0.0399 -0.0021
100 40 C-Lasso 0.0347 0.0096 0.0348 0.0047 0.0305 0.0053 0.0301 0.0023 0.0347 0.0011
Post-lasso  0.0292  0.0012 0.0293 0.0002 0.0291 0.0010 0.0290 0.0008 0.0337 0.0010
Oracle 0.0281 -0.0010 0.0281 -0.0010 0.0281 -0.0010 0.0281 -0.0010 0.0281 -0.0010
200 10 C-Lasso 0.0767 0.0312 0.0856 0.0319 0.1017 0.0256 0.1457 -0.0004 0.3127 -0.0985
Post-lasso  0.0630 0.0225 0.0759 0.0237 0.0963 0.0210 0.1441 -0.0009 0.3137 -0.1001
Oracle 0.0410 0.0019 0.0410 0.0019 0.0410 0.0019 0.0410 0.0019 0.0410 0.0019
200 20 C-Lasso 0.0491 0.0152 0.0424 0.0151 0.0366 0.0137 0.0501 0.0102 0.0930 -0.0032
Post-lasso  0.0320 0.0056 0.0327 0.0067 0.0329 0.0077 0.0473 0.0089 0.0916 -0.0031
Oracle 0.0280 0.0007 0.0280 0.0007 0.0280 0.0007 0.0280 0.0007 0.0280 0.0007
200 40 C-Lasso 0.0276 0.0122 0.0259 0.0048 0.0222 0.0062 0.0210 0.0036 0.0233 0.0016
Post-lasso  0.0204 0.0023 0.0203 0.0012 0.0202 0.0018 0.0204 0.0021 0.0222 0.0016
Oracle 0.0193 0.0004 0.0193 0.0004 0.0193 0.0004 0.0193 0.0004 0.0193 0.0004

APPENDIX

A  Proof of the Results in Section 2

Proof of Theorem 2.1. (i) Let Qin7, (5;) and Q'E)
and b; = 3, — 8°. Note that

By the triangle and reverse triangle inequality,

1iNT,\,

(B,, ) be as defined in (2.6). Let b; = §; — (7

T T
1< 1A . .
Qinti (B;) — Qv (87) = T > (i — Vi)’ — T >k = 0Qiaibi — 25Qi 54 (A1)
t=1 t=1

IN

IA

[, 3: = ]| - T2, 182 — ]|

i -] (o] 13-}

+ ‘Hﬁﬁ ‘ B — akH 187 — ax, || {‘ B — CYK071H — 187 - OZKDAHH
+...

éint (o)

T, 18 - | { |
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Table 3. Estimation of 3, ; in DGP 2 by PGMM

Ch 0.2 0.4 0.8 1.6 3.2
N T RMSE Bias RMSE Bias RMSE Bias RMSE Bias RMSE Bias
100 10 C-Lasso 0.1906 0.1093 0.1907 0.1241 0.2018 0.1388 0.2096 0.1490 0.2220 0.1581
Post-lasso 0.1416 0.0152 0.1367 0.0251 0.1413 0.0325 0.1421 0.0381 0.1533 0.0443
C-Lasso BC 0.1570 0.0192 0.1512 0.0296 0.1558 0.0378 0.1580 0.0432 0.1706 0.0491
Oracle 0.0993 -0.0001 0.0993 -0.0001 0.0993 -0.0001 0.0993 -0.0001 0.0993 -0.0001
100 20 C-Lasso 0.1179 0.0560 0.1176 0.0683 0.1182 0.0798 0.1239 0.0898 0.1321 0.0985
Post-lasso 0.0838 0.0138 0.0815 0.0181 0.0810 0.0200 0.0826 0.0211 0.0871 0.0216
C-Lasso BC 0.1221 -0.0100 0.1174 -0.0091 0.1163 -0.0114 0.1159 -0.0145 0.1211 -0.0180
Oracle 0.0680 -0.0004 0.0680 -0.0004 0.0680 -0.0004 0.0680 -0.0004 0.068 -0.0004
100 40 C-Lasso 0.0712 0.0400 0.0754 0.0422 0.0761 0.0464 0.0753 0.0504 0.0772 0.0557
Post-lasso 0.0519 0.0136 0.0522 0.0129 0.0519 0.0122 0.0516 0.0112 0.0522 0.0108
C-Lasso BC 0.1368 -0.0290 0.1413 -0.0337 0.1398 -0.0418 0.1397 -0.0508 0.1405 -0.0603
Oracle 0.0492 0.0007 0.0492 0.0007 0.0492 0.0007 0.0492 0.0007 0.0492 0.0007
200 10 C-Lasso 0.1606 0.1139 0.1726 0.1285 0.1797 0.1424 0.1897 0.1525 0.1989 0.1585
Post-lasso 0.0963 0.0230 0.1034 0.0282 0.1063 0.0371 0.1117 0.0417 0.1201 0.0436
C-Lasso BC 0.1072 0.0260 0.1141 0.0314 0.1172 0.0410 0.1235 0.0459 0.1299 0.0475
Oracle 0.0687 0.0007 0.0687 0.0007 0.0687 0.0007 0.0687 0.0007 0.0687 0.0007
200 20 C-Lasso 0.0961 0.0588 0.1000 0.0708 0.1029 0.0820 0.1071 0.0902 0.1118 0.0949
Post-lasso 0.0572 0.0169 0.0581 0.0207 0.0578 0.0225 0.0582 0.0220 0.0601 0.0197
C-Lasso BC 0.0825 -0.0034 0.0826 -0.0035 0.0801 -0.0064 0.0818 -0.0114 0.0860 -0.0167
Oracle 0.0501 -0.0007 0.0501 -0.0007 0.0501 -0.0007 0.0501 -0.0007 0.0501 -0.0007
200 40 C-Lasso 0.0642 0.0386 0.0627 0.0411 0.0649 0.0443 0.0636 0.0486 0.0661 0.0539
Post-lasso 0.0411 0.0106 0.0377 0.0097 0.0374 0.0084 0.0370 0.0075 0.0373 0.0072
C-Lasso BC 0.1093 -0.0349 0.1080 -0.0413 0.1122 -0.0497 0.1105 -0.0588 0.1137 -0.0680
Oracle 0.0346 0.0006 0.0346 0.0006 0.0346 0.0006 0.0346 0.0006 0.0346 0.0006
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Table 4. Estimation of 5, ; in DGP 3 by PLS

C 0.2 0.4 0.8 1.6 3.2
N T RMSE  Bias RMSE  Bias RMSE  Bias RMSE  Bias RMSE  Bias
100 10 C-Lasso 0.1336 -0.1223 0.1268 -0.1147 0.1203 -0.1044 0.1135 -0.0878 0.1521 -0.0549
Post-lasso 0.1009 -0.0868 0.1043 -0.0906 0.1080 -0.0887 0.1082 -0.0798 0.1527 -0.0543
C-Lasso BC  0.0580 0.0233 0.0556 0.0223 0.0667 0.0250 0.0848 0.0365 0.1735 0.0599
Post-Lasso BC  0.0643 0.0384 0.0598 0.0328 0.0704 0.0321 0.0864 0.0401 0.1741 0.0602
Oracle 0.0928 -0.0855 0.0928 -0.0855 0.0928 -0.0855 0.0928 -0.0855 0.0928 -0.0855
100 20 C-Lasso 0.0782 -0.0702 0.0743 -0.0663 0.0674 -0.0598 0.0581 -0.0497 0.0693 -0.0255
Post-lasso 0.0538 -0.0426 0.0557 -0.0464 0.0563 -0.0476 0.0528 -0.0434 0.0693 -0.0235
C-Lasso BC  0.0534 0.0464 0.0518 0.0445 0.0528 0.0458 0.0581 0.0520 0.0913 0.0730
Post-Lasso BC  0.0640 0.0582 0.0596 0.0536 0.0578 0.0517 0.0609 0.0550 0.0921 0.0740
Oracle 0.0527 -0.0469 0.0527 -0.0469 0.0527 -0.0469 0.0527 -0.0469 0.0527 -0.0469
100 40 C-Lasso 0.0425 -0.0366 0.0403 -0.0345 0.0362 -0.0306 0.0325 -0.0268 0.0320 -0.0205
Post-lasso 0.0203 -0.0220 0.0301 -0.0235 0.0302 -0.0239 0.0299 -0.0238 0.0321 -0.0196
C-Lasso BC ~ 0.0416 0.0383 0.0417 0.0381 0.0433 0.0399 0.0453 0.0423 0.0528 0.0477
Post-Lasso BC  0.0494 0.0466 0.0478 0.0449 0.0473 0.0444 0.0472 0.0444 0.0537 0.0483
Oracle 0.0285 -0.0236 0.0285 -0.0236 0.0285 -0.0236 0.0285 -0.0236 0.0285 -0.0236
200 10 C-Lasso 0.1281 -0.1227 0.1203 -0.1146 0.1104 -0.1035 0.0970 -0.0853 0.1251 -0.0510
Post-lasso 0.0931 -0.0851 0.0957 -0.0891 0.0939 -0.0857 0.0897 -0.0757 0.1257 -0.0505
C-Lasso BC  0.0968 0.0899 0.0924 0.0854 0.0947 0.0864 0.1075 0.0964 0.1567 0.1196
Post-Lasso BC  0.1025 0.0968 0.0960 0.0898 0.0973 0.0897 0.1088 0.0983 0.1574 0.1196
Oracle 0.0808 -0.0859 0.0898 -0.0859 0.0898 -0.0859 0.0898 -0.0859 0.0898 -0.0859
200 20 C-Lasso 0.0747 -0.0703 0.0700 -0.0661 0.0630 -0.0593 0.0540 -0.0501 0.0527 -0.0317
Post-lasso 0.0486 -0.0420 0.0513 -0.0462 0.0514 -0.0473 0.0482 -0.0438 0.0525 -0.0298
C-Lasso BC  0.1002 0.0980 0.0952 0.0930 0.0941 0.0923 0.0979 0.0963 0.1164 0.1114
Post-Lasso BC  0.1050 0.1030 0.0996 0.0977 0.0974 0.0957 0.0996 0.0980 0.1170 0.1119
Oracle 0.0492 -0.0460 0.0492 -0.0460 0.0492 -0.0460 0.0492 -0.0460 0.0492 -0.0460
200 40 C-Lasso 0.0404 -0.0371 0.0382 -0.0351 0.0337 -0.0308 0.0295 -0.0267 0.0261 -0.0223
Post-lasso 0.0255 -0.0217 0.0263 -0.0229 0.0267 -0.0235 0.0265 -0.0233 0.0255 -0.0214
C-Lasso BC ~ 0.0720 0.0710 0.0710 0.0699 0.0719 0.0708 0.0738 0.0728 0.0770 0.0759
Post-Lasso BC  0.0777 0.0768 0.0763 0.0754 0.0756 0.0746 0.0755 0.0746 0.0775 0.0764
Oracle 0.0261 -0.0231 0.0261 -0.0231 0.0261 -0.0231 0.0261 -0.0231 0.0261 -0.0231
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Table 5. Estimation of 8, ; in DGP 3 by PGMM

Cy 0.2 0.4 0.8 1.6 3.2
N T RMSE Bias RMSE Bias RMSE Bias RMSE Bias RMSE Bias
100 10 C-Lasso 0.1823 -0.1065 0.1892 -0.1241 0.1980 -0.1417 0.2090 -0.1627 0.2271 -0.1816
Post-lasso 0.1304 -0.0352 0.1231 -0.0331 0.1161 -0.0311 0.1137 -0.0352 0.1201 -0.0427
C-Lasso BC 0.1482 -0.0224 0.1422 -0.0250 0.1336 -0.0263 0.1300 -0.0355 0.1398 -0.0488
Oracle 0.0664 -0.0013 0.0664 -0.0013 0.0664 -0.0013 0.0664 -0.0013 0.0664 -0.0013
100 20 C-Lasso 0.0808 -0.0319 0.0858 -0.0478 0.0974 -0.0687 0.1114 -0.0888 0.1247 -0.1035
Post-lasso 0.0584 -0.001 0.0565 -0.0031 0.0546 -0.0068 0.0538 -0.0109 0.0554 -0.0138
C-Lasso BC 0.0994 0.0199 0.0987 0.0241 0.0990 0.0282 0.0987 0.0300 0.0970 0.0310
Oracle 0.0399 -0.0027 0.0399 -0.0027 0.0399 -0.0027 0.0399 -0.0027 0.0399 -0.0027
100 40 C-Lasso 0.0442 -0.0126 0.0447 -0.0198 0.0519 -0.0329 0.0646 -0.0491 0.0742 -0.0606
Post-lasso 0.0356 0.0025 0.0334 0.0006 0.0327 -0.0018 0.0325 -0.0037 0.0320 -0.0046
C-Lasso BC 0.1029 0.0315 0.1031 0.0378 0.1105 0.0521 0.1238 0.0721 0.1351 0.0869
Oracle 0.0274 -0.0011 0.0274 -0.0011 0.0274 -0.0011 0.0274 -0.0011 0.0274 -0.0011
200 10 C-Lasso 0.1640 -0.1003 0.1676 -0.1183 0.1748 -0.1393 0.1883 -0.1591 0.2101 -0.1823
Post-lasso 0.1030 -0.0271 0.0902 -0.0247 0.0835 -0.0269 0.0855 -0.0320 0.0908 -0.0412
C-Lasso BC 0.1121 -0.0174 0.1016 -0.0182 0.0952 -0.0248 0.0985 -0.0343 0.1040 -0.0475
Oracle 0.0476 -0.0009 0.0476 -0.0009 0.0476 -0.0009 0.0476 -0.0009 0.0476 -0.0009
200 20 C-Lasso 0.0764 -0.0326 0.0800 -0.0487 0.0910 -0.0700 0.1056 -0.0903 0.1167 -0.1039
Post-lasso 0.0463 -0.0021 0.0417 -0.0037 0.0408 -0.0075 0.0401 -0.0116 0.0401 -0.0143
C-Lasso BC 0.0701 0.0146 0.0679 0.0201 0.0703 0.0243 0.0707 0.0268 0.0694 0.0281
Oracle 0.0287 -0.0010 0.0287 -0.0010 0.0287 -0.0010 0.0287 -0.0010 0.0287 -0.0010
200 40 C-Lasso 0.0395 -0.0137 0.0395 -0.0214 0.0466 -0.0348 0.0591 -0.0511 0.0689 -0.0621
Post-lasso 0.0269 0.0011 0.0235 -0.0007 0.0233 -0.0028 0.0231 -0.0049 0.0227 -0.0055
C-Lasso BC 0.0791 0.0253 0.0751 0.0328 0.0836 0.0483 0.0982 0.0683 0.1105 0.0836
Oracle 0.0192 -0.0010 0.0192 -0.0010 0.0192 -0.0010 0.0192 -0.0010 0.0192 -0.0010
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N N
~ 1 ~ 1 ~ 12
‘PNT (5,01) — Pnr (,30,01)’ < CkoNT (Q)N bi|| +2Ck,NT (O‘)NZ bi
i=1 =1
N 1/2
< Cgonr (@) iz u'V rorr =0 (T‘1/2> (A.6)
KoNT N 2| P =0p (A

By (2.9), (A.6), and the fact that Py (,80, a’) =0, we have
0 > Pyr (B,d> — Pnr (Byao> = Pyr (B8°,&) — Pyt (8% °) + Op (Tﬁl/Q)

N
B %anK:Ol 18 — éul| + Op (T—1/2)
i=1

Ni_k
= Wnk:%

Na
N

Nk,
N

b — o +

Ko Ko
Hk:l Hk:l

idk —agH + ...+

ap = o, ||+ Op (T71/2) (AT)

By Assumption Al(iv), Ny, /N — 74 € (0,1) for each k = 1, ..., Ko. So (A.7) implies that TI;°, l|lar — ?|| =
Op (T71/2) for 1 =1, ..., Ko. It follows that (1), ..., (k) — (o, ....a%,) =O0p (T71/2). A

Proof of Theorem 2.2. (i) Fix k € {1,..., Ko} . By the consistency of &, and j3;, we have 3; — d L

al —af £ 0 for all i € GY and | # k. It follows that w.p.a.1 ‘ Bl — le # 0 for all i € GY and | # k. Now,

suppose that HBZ — dkH # 0 for some i € GY. Then the first order condition (with respect to 3;) for the

minimization problem in (2.4) implies that

Ko " A~
- [ 7 i 9y
Tt (yz’t - x;’tﬁi) +VTA Z ? : HlK:DI,l#j ’

1 =1 ||Bi — @jH

Bi —

|

0p><1 =

Sl
M-

~~
Il

i M .
Tt + | 2Qies + #Ip VT (52' - Ofk)
e

I
Sl
E

o~
Il

1

Ko ~ N
A~ N 3 — 5 A N
+2Qi,5VT (e — BY) + VT A Z LﬁHHﬁU# ’ Bi —

j=t#k ||Pi — &
Ko
= —Bu+Bip+Bis+ Y By, say, (A.8)
j=1j#k

where ¢;; = HlK:OLl#k ‘ B, — le il A= Hl}i’l,l#k ||oz2 - oz?” > 0 for i € GY by Theorem 2.1.
Clearly B;; = Op (1) by Assumption A1(i) and B;z = Op (1) by Theorem 2.1(iii) as i € G9. One can
also show that Biy j = VTAOp(T ™2 + \1) = Op (1) for each i and j by Theorems 2.1(i) and (iii) and

R . R . ’ R 2
Assumption A2(i). Let R; = B;s+ Zﬁ’ld#k B4 ;. Noting that (ﬂl - dk) By > 201-75;5\/7’ B; — dkH +
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~ > N PN ~ N [N A " [N
VT 16, (51- - ak) Ri' = Op (M), we have (52- - Oék) By — ‘(51 - Oék) R;
(N,T) — oo. It follows that for all i € GY

P(Eynr:) = P(igéék|i€G2):P(B¢1=Ei2+Ri)
< P(|(h-a) Ba| 2| (B~ o) Bt (- ) )
< P(‘Bl_ak Z(Bz_dk)/ Az2_’(31_dk)lfzi)
< P|Ba|zc ﬁ]ﬁ—akﬂzﬁﬂ

— Gy,

>\ /2¢ ﬁc;ﬂT)\l) —0as (NV,T) —

where the second and fourth inequalities follow from the Cauchy-Schwarz and triangle inequalities, and

< P(‘Ezl

Cauchy-Schwarz inequality, respectively, and the last convergence result follows from Assumptions A1(ii)
and A2(i) and the fact that é; il &) for i € GY. Consequently, we may conclude that w.p.a.l the
differences f3; — @y, must reach the point where ||8; — o || is not differentiable with respect to 8; for any

i €GY. That is P ( Aif&kH:OHeGg)Hlas (N, T) — oo.

For uniform consistency, observe that P (Uii"lEkNT> < ZkK:O1 P (EkNT> < ZkK:O1 ZieG% P (EkNTZ)

and
= A / ZC’L iick;TAl)

i Z P (EkNT,i> < Z Z (HBn

k=1ieG9 k=1ie
o [¢i ztriM
< ~ z,xw Q
= N@‘?ﬁ( 2 ulal >\ =5 )
— 0Oas (N,T) — o by Assumption A2(ii). (A.9)

This completes the proof of (i).
(ii) By pretending each individual’s membership is random, we have P (z € Gg) = Ni/N — 1, € (0,1)
for k=1, ..., Ky and can interpret previous results as conditional on the group membership assignment.

By Bayes theorem,
P(FkNT,i> = l—P(ieGg |ie@k)
S0 P (z cGili e G?) P(ic@)

- ; — _ L (A.10)
PlicGulieGY)PGeG)+Xie P (icCilieG))Plic)

For the numerator, we have by (A.9)

K K
20: 3 P(ie@kﬁeG?)P(ieG?) S(Ko—l)zo: ZP(i¢él|¢eG?) =o(1).
I=1,1#k ic =1 ieGY
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In addition, noting that P (z € Guli € Gg) —1-P (z ¢ Gili € Gg) =1 0(1) uniformly in 7 and k by
(i), we have that P (i € Gyli € G}) P (i € GR)+ 1% . P (i € Guli € GY) P (i€ GF) > P (i € GY) /2
w.p.a.l. It follows that

P (UszolﬁkNT) < g’: (FkNT) Z Z (FkNT,i)
k=1 k=1icc,
. leiol,l;ék Yice, P (z eGrlie G?) P(ieq?)

minlSiSN minlSkSKo P (Z S Gg) /2

1
— # —o(1). |
ming <xg<K, Tk/2

Proof of Corollary 2.3. Noting that N}, = 21\11 1{i € Gy}, N = Zl (i e @Y}, and 1{i € Gy} —1{i €
GV} = 1{i € Gx\GY} —1{i € GY\Gy}, we have Nj, — N}, = ZZ 1 [1{1 € Gp\GY} —1{i € &Y \Gk}] Then
by the implication rule and Markov inequality, for any € > 0,

P (Z 1{i € Gx\GY} > e> +P (Z 1{i € GO\Gy} > e>

=1 =1
1 1
-\"p (F ) “N"p (E i) .
. ; ENT,i | + c ; ENT,

By (A.9), Zf\LlP (EkNT7i) = ZkK:UI ieGgP (EkNT,i) = o(1). By the proof of Theorem 2.2(i),

Zivzlp (FkNT,i) = ZkK:OI ieék P (FkNT,z) = 0(1) Consequently, P (‘Nk 7Nk‘ Z 26) = 0(1) and
the conclusion follows.

IN

P (‘Nk —Nk‘ > 26)

Proof of Theorem 2.4. To study the oracle property of the Lasso estimator, we utilize conditions from
subdifferential calculus (e.g., Bersekas (1995, Appendix B.5)). In particular, necessary and sufficient
conditions for {3;} and {é} to minimize the objective function in (2.4) is that for each i = 1,... N
(resp. k=1,...,Kp), 0px1 belongs to the subdifferential of Qﬁ“}m (8, ) with respect to 8, (resp. ay)
evaluated at {BZ} and {&y}. That is, for each ¢ = 1,..., N and k = 1, ..., K, we have

T
) e ar B _a
0p><1 = ﬁZmit (yit *52-56“) Zem 1= ll;aé] —afl, and (All)
A N
Opx1 = NZé R g (1B =l (A.12)
where €;; = Dy — &;|| # 0 and ||é;]] <1if ||B; —&;|| =0. Fix k € {1, ..., Ko} . Observe that
77 TB—as]] j J j
i g
(a) ‘ B, — &kH = 0 for any i € Gy, by the definition of Gy, and (b) 3; — & il al —af #0 for any i € Gr
and [ # k. Tt follows that ||é;x]| < 1 for any i € Gy and €ij = ”?:Zj” = IIgiing w.p.a.l for any 7 € G

and j # k. This further implies that w.p.a.1

Z Z éizIl 1117&] O‘IH—Z Z ‘ak & 1K1z¢]||05k Q=0

ieGy I=1,#k ieGy J=1,0#k
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and

N
S enllfS e |Bi - || = 30 el g llaw — aull + D ety |13 -
i—1 ZEGk ZEGD
Ko
. K A A
+ Z Z eikHl:OLz?sk l[6; — du|
j=1,j#k i€y
=3 T o=l Y ety 3 -] = o
lEGk ZEGO
T - - N
Then by (A.11) we have % Zieék D1 Tt (yit — a;xit) N ZZEGO EzkHl 1,1#k alH = Opx1- It

follows that
—1

o 1 o, 1 I
Q. = NT Z Zwitwit NT Z intyit

iEGk t=1 ’iGGk t=1
-1
NT Z letmzt E elkHl 1 ik alH =ag, —|—Rk, say.
ZGGk t=1 ’LGG(}

Noting that for any € > 0
P (\/WHR;CH >e) < Z Z (icGoliccy) < i > P (i¢GrlieGl) =o(1) by (A9),
k=1ie k=1ieGY

we have HkaH =op ((NT)71/2) . Then the limit distribution result follows from Theorem 2.5 below. B

Proof of Theorem 2.5. Noting that §i;; = ¥, + &}, (8] — af)) + i, we have

-1

v N T (é‘ék — oz(,i) = NkT Z sztxu \/W Z Z-thuzt

zEGk t=1 lEGk t=1
—1
Tt L Tt — 042)
NTZZZ” WTZZ’” '
ieGy t= 1 k ieGy t= 1

By Assumption A3 and Slutsky theorem, it suffices to prove the theorem by showing that (i) Sgnr1 =
T . - T L - " T . -~
NiT Zieék Dot TitTyy = NiT ZlGGD Dot TaTy + op (1), (i) Sknr2 = /—1kT Zle@k Yoieq Titliy =
T . - .
JN.T /—]\lfkT 2ieqo D=1 Tittir +op (1), (ill) Sknrs = ﬁkT Y i S Fad, (8] —af) = op (1), and (iv)
Sknta = (Sgary — @1 ) Brnr = op (1)
Using the fact that 1{i € G}.} = 1{i € G9} + 1{i € G,\GY9} — 1{i € GO\G}}, we have

SkNT, 1—— anfczt N T Z sztxzt N T Z sztx it = SkNT,11—SKNT, 12, Say.
zeGO t=1 i€G\GY t=1 i€GY\G =1

Let € > 0. By Theorem 2.2, P(HSkNT,HH Z 6) S P(FkNT) — 0, and P(HS]CNT712H 2 6) S P(EkNT) — 0.

Then (i) follows. Analogously, writing SinT,2 — ﬁ ZieG% Zle il = ﬁ Zieék\Gg 23:1 Tt U
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*\/ﬁ Ziegg\ék Zthl Zirllie = SpnT21 — SknT,22, We have P (||Spnr21] > €) < P(Fpnr) — 0 and
P (||SknT22ll > €) < P(Epnt) — 0. Then (i) follows. Noting that 59— = 0ifi € G, P (||Senr.s]l > €) <
P(EkNT) +P<FkNT) — 04 0 = 0. Lastly, P(HS’CNT,4|| > 6) < P(EkNT) + P(FkNT) —-04+0=0.1

Proof of Theorem 2.6. Using Theorems 2.2 and 2.5 and Assumption A5, we can readily show that

ICl (Ko,/\1> = ln{ G(K )\1)1| +pNTpK0
2
_ Z 3 Z(yzt " Al)xu) +o(1) Bn (o).
k LieGy(Ko,n) t=1

We consider the cases of under- and over-fitted models separately.
Case 1: Under-fitted model. In this case, we have K < K. Noting that

2
&%k(KaAl) - NT Z Z Z (y” k(KM )xlt>

Gr(K,\) t=1
2
> min inf — E E E (git*dla ‘:iit) = min inf 6%(;(),
1<K<Ko &) egr NT ) K.k 1<K<Ko GK) Gy
k=1 ZEGK’k t=1

we have by Assumptions A4-A5 and the Slutsky Lemma

. P
1<%1<HKO G (K M) 2 1<I£1<HKO Guglég n(6%,00) + pyrpK = In(g®) > In(a3).

It follows that P (minK697 1C4 (K, /\1) > ICh (K(), )\1)) —
Case 2: Over-fitted model. Let K € Q,. By Lemma A.1 below and the fact that 63,pyr — 00

under Assumption A5, we have

P ( min IC4 (K )\1) > ICy (K07>\1))

KeQy

= P ( min [5NT ln( Gok, Al)/JG(KO,/\l)> + 6ot (K — Ko)} > 0)

KeQy

= P <Knél§121+ S?VT (6—2G(K,)\1) — (3%0{0’)\1)) /6—2G(K0,>\1) + S?VTpNT (K — KO) + op (1) > 0>

— las (N,T)—oco. B

Lemma A.1 Suppose that the conditions in Theorem 2.6 hold. Let 6%, = 7 Zfil 23;1 @%. Then
— 00 (33%)

Proof. When K > K, following the proof of Theorem 2.1, we can show that
5. -

Noting that ,B?, i =1,...,N, only take K distinct values, the latter implies that the collection {éy,k =

9 9
MaXK<K<Kmax JG(K7,\1) 0o

N
=0p (T71/2 + Al) for each 7 and %Zz_;ﬂf_l 189 — ax|| = Op (T*l/Q) _

1,..., K} contains at least K distinct vectors, say, G (1), .., &(k,), such that &y, —al = 0p(T; 1/2) for k =
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1, ..., Ko. For notational simplicity, we rename the other vectors in the above collection as & (x4 1), -+, Q(K)-
As before, we classify i € Gy, (K, \) Bl — d(k)H =0fork=1,...,K, and i € Gy (K, A1) otherwise.
Using arguments like those used in the proof of Theorem 2.2, we can show that

Z P (EkNT,i> = O(].) for k = 1, ...,K() and Z P (FkNT,i) = 0(1) for k = 1, ...,Ko.
i€G? i€G (K1)

The first part implies that ZZV P (z € Go (K, M) UGk, 41 (K, M) U--- UGk (K, )\1)) =o0(1).
Using the fact that 1{i € Gx} = 1{i € G} + 1{i € Gx\GY} — 1{i € GY\G}, we have

K T
1 2
.2 . ~ ~ 1 ~
by = WP o 2 (T )

k=1 ieG‘k(K Ap) =1

1 & T, N2
- NT Z Z Z (y“ R(EADT Zt) + ﬁk Z (yit _O/Gvk(K’)\l)xit>

k=1ieGY t=1 =1 ieék(K,A1)\G2 t=1

5 1 K T i ) B
o TZ Z Z (ylt K)q)z”) Jrﬁ Z Z Z(yit*a/@k(&,\l)xit)

k= 11€GO\Gk(K A1)t 1 k:KOJrliEGk(K,)\l) t=1
= Dint + Doyt — D3nT + DanT, S3Y.

Following the proof of Theorem 2.5, for k =1, ..., Ky, we have dék(K,)\l) — 042 =0Op (6&17«) In addition,
we can readily show that
Dint = C_T2Go + Op (5;;2:,1) .

For Doy, D3n1, and Dyn7, we have that for any € > 0,

K,
P (Donr > 5]_\;2T6) < ZOP (FkNT) — 0,
i=1

Ko
P (D3NT Z 5;;2716) S ZP (EkNT) — 0, and
i=1

N
P (D4NT > (S;VQTG) < ZPI‘ (Z S UK0+1§k§Kék (K,)\l)) — 0
=1

It follows that 62@(K,)\1) =620+ O0p (§57) for all Ky < K < Kpax. ®

B Proof of the Results in Section 3

We start by proving a useful technical result and then proceed to prove the main results.
Let Vinr (8;) = [ 321 2 (€0 B Wine [5 X121 p(§as B)]s and Vi (8;) = {5 3/, Elp (§ 8]V
zT Zt:l [p (&, B3] Let Rir (B;) = [T Z?:l{p(givﬁi) — Elp (&, 81} i[T Zt:1{P( £ B;) —
Elp (&, 81}

Lemma B.1 Suppose Assumption Bl(iv) hold. Then c[1V; (8;) — Rix (8;)] < Vinr (8;) < €[2Vi (B;)
+2R; 1 (B8;)] for all B; € B w.p.a.1, where ¢ and € are some generic positive constants that do not depend
on i with 0 <c<1l<e¢<oo.
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Proof. Noting that Wiy = W; + op (1) uniformly in ¢ under Assumption B1(iv), we have w.p.a.l

T ! T T ! T
SN RS o LOWIONTE S o)

- - - - (B.1)
for all 5, € B,. By the positive definiteness of W; and the matrix version of the Cauchy-Schwarz inequality,

< Vinr (B

’ﬂ |

we can readily show that
1
(a —b) W;(a—b) > Ea'Wia — b'W;b and (a —b)' W; (@ — b) < 2a'Wia + 26'W;b

for any conformable vectors a and b. Taking a = = Zthl Elp(& B:)] and b = Zthl{p (&4, 8;) —
Elp(&;4,5;)]}, we have

d B P 1.

T Z (& Bi ] DI (%m)] > 5Vi(B;) = Rir (8;) and (B.2)
t=1 t=1
T ! 1z B

T Z its B ] i\ Z (it B )] < 2Vi(Bi) +2Rix (B;). (B.3)

Combining (B.1)-(B.3) yields the desired results. m

Proof of Theorem 3.1. (i) Let ng]\[;)TAz (Biy @) = Vinr (8;) + AIIE°, ||3; — ai|| . By the definition of 3

and & and the fact that Qg?v‘i}))q B,a) =+ Z 1 Q;;O,zf x, (B, @), we have

Q2NT s (Bi7&> — Q2iNT s (5?75‘)
= Vintr (BZ) —Vint (50) + A2 {Hk 1 ‘

o= | T (|8 -} < 0. (B.4)

By Lemma B.1 and Assumptions B1(i) and (iv), we have that Vnr (,@) >c [%‘72 (Bz) - RLT} and
Vint (BY) < e[2V; (BY) +2R?;| = 2¢R?; wp.a.l, where Rir = Ri7(B;) and R? . = Rip(B7). It
follows that

|5V (31) — fur | 2 0o {1 - |~ TS 10— } <0,

which can be rewritten as

_ 2 ~
Vi (/Bz> < E [QEREJ’T +cRir — A2 (Hszl ‘

Bi_é"f” i Hﬁ?—aku)}. (B.5)

Using arguments like those applied to obtain (A.2) and (A.4), we have

~ ~ 2
\nkK: j ozkH ST ||60 — ak}” < Cronr (a )( . ) (B.6)
Noting that % Zthl Elp(&;,8)] = _Qi,zAz (ﬁz - 5?) , we have
_ ~ ~ o _ ~ 2
max Vi (3) = max (3 - 87) QoasWiQuaas (B~ 87) 2 civy max, |3, — 41 (B.7)
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where ¢)yp = MiNi<in fnin (Qf 22, WiQizax) satisfies that liminf(y 7)o ¢y = cweg > 0 by

Assumptions B1(iii)-(iv). Combining (B.5)-(B.7) yields
)

0 .
; } , where Cg, =

2 9 . . -
<= {QERQT +cRi 1 + A Ck, ( ;

CINT i

2
0
i <

or equivalently, (¢;y7 — 4)\26’;{0)
Ckont (@) . It follows that

1o 2o

{25]{27« + QRLT + AQCKO

5 5 9 5 5 1/2
%)\20}(0 + [(%AQCKO) + %(QlNT - éAQCKo) (QER?,T JFQRi,T>:|

B, —p°
2 (Q1NT - %AQCI%)

<

= Op (Non1), (B-8)

where 7y = T7Y2 + \o. Further, noting that & SN | R?; = Op (1) and & >N, (R?,T)Q = Op (1)

2
il = Op (M3yr) - As in

—0p (T7Y).

The proof of (iii) is completely analogous to that of Theorem 2.1(iii), now using the facts that
‘PNT (B, a) — Pyr (8, a)‘ = Op (T~1) and that 0 > Py (B, &) — Pyr (B, aO) .m

under Assumptions B1(ii) and (iv), we can readily show that + Zf\’:1

the proof of Theorem 2.1(ii), we can further demonstrate that + Ziil ’ 3,

Proof of Theorem 3.2. (i) Fix k € {1,..., Ko} . By the consistency of &, and 3; with a9 for i € G, we

haveﬂ—algak—al -—Ole#OforallzeGOandl;«ék

Now, suppose that

. &kH # 0 for some i € GY. Then the first order condition (with respect to 3;)

for the minimization problem in (3.2) implies that

O[j K,
H Hl 01 RESI

|

0 = _2Q/i,zAzWiNT \/1— Z Zit (Ayzt B szt) + \/_)\2

Ao Chi ~ -
= 2Q1 zAx lNT \/T Z thAuzt + 2Qz zAx ZNTQl zAz T ~27k \/T (Bz - ak)

t=1 i dk”
Ko ~
+2QIi7ZAzWiNTQi,ZAm\/T (6w, — ﬁ?) + VT, Z Mﬂf{(ﬁ 1 541”
j=1j#k *O‘JH
Ko
= —Biy+Bia+ Biz+ Z Bi4,j7 say,
j=1,j#k

where ¢; = Hl LItk alH S = HlKl Utk ||ak fo% H > 0 for any i € G} by Theorem 3.1.
As in the proof of Theorem 2.2, we can readily show that Bll = Op (1), Bis = Op (1), and Bi47j =

VTA0p (T’1/2+)\2) = Op (1) for each i € GY and j = 1,..., K. Let Rz = B3 + qu’l#kéw,j
and 61; = umm(Ql A iNTQi,ZAI) Noting that ( —ak) E > 251, — akH + VT Ao, and

(Bi—dk>/RZ:OP(AQ),Wehave(Bi—dk) 12—'( ) ‘ (-—ak> Bin/2 as (N, T) — oc.
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It follows that by Assumption B2(i)

P(Exnrti) = P (Z ¢Gylic G%) =P (Bil = B + Ri)

IN
e

>0y

Z \/ 251iékiT)\2) — 0 as (N, T) — OO

where we use the fact that & — ¢ for i € GO and d1; > 1,5, (Q FoneWiQiza) = tinin (Qf 2n0 Qi zAz)
tnin(Wi) > 0 by Assumptions B1(iii)-(iv). It follows that P (‘ B; — akH =0]ie G%) —1las (N, T) —

oo. Now, observe that P (UszolEkNT> < Zf:ol P (EkNT> < Zf:ol ZiEGg P (EkNT,i) and

>/ QSiékiTAZ)

IA
g

IN
Y
- N Y2 ™

=t
| N
Q

T
josl

‘Bu

< P(‘Bil

io: Z P (EkNT,i) < i": Z P <) Bi

k=14ieG9 k=1:eG9
- 1 & -
< Nlrgli%%vp<|Q;7ZAzWiNTftzlzitAuit Z\/(Suéki)\z/?)
T < -
1 01iCriA2
< N P |7 2 i 2y 75,7

— 0 by Assumption B2(ii),

~ ~ 2 _ _ _ _
where 93, = HQ;’ZAIWiNTH ﬂ) tr<Q;,zAzWiWiQi,zAI) < [Mmax (WZ)]2 [Mmax(Q;,zAa:Qi,ZAw)}l/Q < 00 by
Assumption B1(iii)-(iv). Consequently, we have shown (i).
(ii) The proof of (i) is almost identical to that of Theorem 2.2(ii) and is omitted. W
Proof of Theorem 3.4. The proof follows closely from that of Theorem 2.4 and we only sketch it. Based on

the subdifferential calculus, the KKT conditions for the minimization of (3.2) are that for eachi =1,..., N
and k=1, ..., Ko,

T
~ 1 ~/ ~ -
Opx1 = —2Q;,zAIWiNTW Zzit (Ayit - BiAxit) N Zezj 11,125 ||Bi — Ga|| , and
N
Op><1 = Zezknl 1,1k _dl )
where €;; = M if de # 0 and ||&;| < 1if ||3; —&jH =0. Fix k € {1,..., Kp}. As in the

proof of Theorem 2.4, we can show that % D icé, Q;,ZAIWZ‘NT ZZ;I Zit (Ayz’t - d%A@t) + % > ica, Cik
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I

alH = Opx1 w.p.a.l. It follows that

= 1 REDS
—1
~ 1 ~ ~
aE = N Z Q;,ZAszNTQl,ZAI NT Z QZ 2Ax ZNTZZZtAylt
ieék 'LEGk
1 ~ ~
N Z Q;,zAxWiNTQi,zAz Z ezkl'[l 1,14k — alH = O‘lk +Rk, say.
iEG’k 1600

By Theorem 3.2, we can readily show that P (\/ NT HﬁkH > e) =o0(1) for any € > 0, and

-1
V NkT (alk - 052 = Z Qz zAzx zNTQz zAx \/W Z Ql 2Azx zNT ZzltAu’Lt + op ( )

ZGGO i€GY

Under Assumptions B1(iv) and B3(i)-(ii), we have Nik ZieG% Q;7zAxWiNTQi,zAz = Nik Zieag Qg,zAxWiQi,zAm
+op (1) = Ax +op (1) . Then the result follows from Assumption B3(iii) and Slutsky theorem. B

Proof of Theorem 3.5. Following the proof of Theorem 2.5, we can readily show that
VN (g, o) = [QRWEOR] G VRTOR, + o (
k k) Ak Ak
= {QiA);,NTWJ(\T%QiA)w,NT} Q,(ZA);7NTWNT V NkTQzAu Nt +or (1),

~(k k
where QEA)U = ﬁ ZiGék 23:1 zitAuge and Q,(ZA)U,NT = ﬁ Ziecg Zle zitAuie. The results then
follow from analysis arguments as used in the proof of Theorem 2.5, Assumption B3, and Slutsky theorem.
|

Proof of Theorem 3.6. The proof is analogous to that of Theorem 2.6 and is omitted. W
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THIS APPENDIX PROVIDES SOME ADDITIONAL RESULTS FOR THE ABOVE PAPER.

C Some Primitive Assumptions and Technical Lemmas

This appendix presents some primitive assumptions to ensure that the high level condition in Assumptions
A1(ii) and A2(ii) hold for non-dynamic panel data models. Then we discuss primitive conditions that
ensure they hold for dynamic panels. The verification of Assumption B2(ii) is similar.

ASSUMPTION C1 (i) For each i = 1,...,N, {(zit,uss) : t =1,2,...} is strong mixing with mixing co-
efficients {a; (-)}. @ () = maxi<;<n «; (+) satisfies a (1) < cqp” for some ¢, = O(1) and p € (0,1).
E (ziru;) = 0 for each i and ¢.

(ii) There exists a constant ¢z such that 0 < czz < mini<;<n fin(Qi zz)-

(iii) Either one of the following two conditions is satisfied: (a) sup;>;sup;>; E ][ < C and
SUp;>7 Sup;>q B HxituitHQq < C for some ¢ > 1 and C' < oo; (b) There exist three constants ¢z, ¢y ,and
cu such that sup;>; sup;>; F [GXP(Cm ||$it‘|27)] < Cuz,y SUP;>1 8UPysy B [exp(can [[Tiruit]|”)] < Cru, and
SUP;> 1 SuPysy B exp(cy [Juil|”)] < Gy for some Cpp < 00, Cpy < 00, Cy < 00, and 7y € (0, 00].

(iv) T satisfies one of the following two conditions: (a) T/N¢ — (0,00] for € > 1/(2¢ — 1) if Cl(iii.a)
is satisfied; (b) T/(In N)(H0/7 — oo if Cl(iii.b) is satisfied.

(v) T satisfies one of the following two conditions: (a) TA;{(In N)"'+T(NT)~Y¢(InT)~*(In N)~?]} —
oo if Cl(iii.a) is satisfied; (b) TA{(In N)~! + T[In(NT)]~20+9/7} — oo if Cl1(iii.b) is satisfied.

C1(i) requires that each individual time series {x;; :t =1,2,...} be strong-mixing with geometric
mixing rate. If {x;;} are identically distributed for all individuals within the same group, then the sup
maxi<;<n is effectively taken with respect to Ky groups. C1(ii) requires that the matrices Q; z5 be
positive definite uniformly in ¢ and the uniformity is required only over the Ky groups in the case of
group-wise identical distributions. The conditions stated in Assumption C1(iii) pertain to two specific
cases related to the moments of ||z;]|* and @ u; ¢ part (a) only requires finite 2¢-th moments whereas
part (b) requires the existence of exponential moments. By the Markov inequality, part (b) implies that

P(||$it||22v>§exp <1_<ﬁ>7>,

where K = max (1,InCy,). That is, the distribution of ||z;||> has to decay exponentially fast. The
case 7 = oo in part (b) corresponds to the case where ||z;|| is uniformly bounded. Similarly remarks
hold for ||z u;t| and ||ug|| . When combined with C1(i), the conditions in C2(iii) allow us to apply some
exponential inequalities for strong mixing processes; see, e.g., Merlevede, Peilgrad, and Rio (2009, 2011).
Cl(iv) and (v) are needed to verify Assumption A1(ii) and A2(ii), respectively.



Lemma C.1 Let {&,,t =1,2,...} be a zero-mean strong mizing process, not necessarily stationary, with
the mizing coefficients satisfying o (1) < cap™ for some co, >0 and p € (0,1).
(i) If supy <;<7 |€¢| < M7, then there exists a constant Cy depending on co and p such that for any

T>2 ande >0,
T
C 2
P >e| <exp|—— B e 2 |
— 3T + M3z 4+ eM7p (InT)

Y&
t=1
where v = sup,» [Var (&) + 23272, | Cov(§;,€,)]] -
(i) If sup;>; P (|&;] > v) < exp (1 = (v/b)7) for some b € (0,00) and v € (0,00], then there exist
constants C1 and Cs depending only on b, cu, p, and v such that for any T > 4 and € > Co(InT)"0 with

Mo CU > 0;
(T+1 e <
+ 1)exp o + exp (T—C’2> .

Proof. (i) Merlevede, Peilgrad, and Rio (2009, Theorem 2) prove (i) under the condition « (1) <
exp (—2c7) for some ¢ > 0. If ¢, = 1, we can take p = exp (—2c) and apply the theorem to obtain the

claim in (i). Other values of ¢, do not alter the conclusion.

(ii) Merlevede, Peilgrad, and Rio (2011, Theorem 1) prove a result that is more general than that in
(ii) under the condition a (7) < exp (—c1771) for some c¢1, v; > 0. If ¢, = 1 and v, = 1, we can take
p = exp (—2¢;) and apply the theorem to obtain the claim in (ii). Other values of ¢, do not alter the

conclusion. m

Lemma C.2 Let Q; 35 = T Zt 1 Tt &, Suppose that Assumptions C1(i)-(iii) hold.

(i) If C1(iv) holds, then minj<;<n umin(Ql,m) > ming << N fmin (Qizz) —op (1) ;
(i) If C1(v) holds, then N maxi<,<n P (H% Zthl :Eitﬂitﬂ > c\//\_1> — 0 as (N, T) — oo.

Proof. (i) By the Weyl inequality and the fact that |u,,.. (A)] < ||4] for any symmetric matrix A,

we have

Hmin (Qz,ifc) > ,umm Qz :c:c HQz TT Qz TT

. A _ T ~ o~
= op (1). Noting that Q; 75 = T 1 Doiq Tudly =

We are left to show that max;<;<n HQZ iz — Qizs

71 Zthl Tiuxh, —T;.T;, it suffices to show that (il) maxi<;<n HT 1 Zt |zl — B (xlt:n;t)]H =op (1)

and (i2) max;<;<n )T thl[%t —E (zi)] H = op (1). We only prove (il) as the proof of (i2) is analo-
gous.

We first consider the case where Assumption Cl1(iii.a) hold. Let nyp = (NT)I/(QQ). Let tg, be an
arbitrary p x 1 unit vector such that [[csp|| = 1 for s = 1,2. Let (;; = vy, [Tiew}y — B (za@ly)] tap, 1 =
Uy (i Lie — B (2425 13)] top and oy = 0], [0 2} 1y — B (2425, 1)] 12p, where 1;, = Hllzaul® < nyrt
and Lt = 1 — 1. Note that (;; = (y;p + Cosr- Let 07 = sup,si[Var(Cyp) + 2> 0,41 Cov(Crips Cris)]
and 2 = sup N>1MaX1<i<N v?. The moment conditions in C1(iii.a) and Davydov inequality ensure that



72 = O (1) . By the Boole inequality and Lemma C.1(i), for any € > 0,

T T
Tﬁlzcm 26) < N max P( Te)

=1 1sisN =1

00T2€2
< N
1gien P ( VT + 4% + 2T ennp(InT)?
C()T2€2

exp | — +In N

( 82T + 4 (NT)"? 4 2T¢ (NT)"/ @9 (In T2
— 0OasT — oo.

P | max
1<i<N

By Assumption Cl(iii.a), the Boole and Markov inequalities, and the dominated convergence theorem,

> < > < >
(1%%\7 TZCM —6> > P(fgﬁg&fg? ||=’Ezt|| 77NT> NT m%\[f?i};P(H%t” 77NT)
NT
< = [l 1 {Jlziel® > v }| — 0 25 T — oo,

77NT 1<i<N i<i<T

Noting that ¢1, and g, are arbitrary unit vectors, we infer that max;<,<n H% 23:1 [zirxh, — B (xial,)] H
=o0p (1). Then (i) follows.
Next consider the case where Assumption C1(iii.b) holds. By the Boole inequality and Lemma C.1(ii),

>e> < NmaxP( >T€>
1<i<N =
- (Te)v/(l-ﬂ) - (Te)2
(T +1)exp ( — Y + exp T,

Te)y?/(A+7) Te2
< exp(—%—&-ln(T—i—l)—HnN +exp(—c—€+1nN)
1 2

— 0OasT — oo,

for any € > 0,

P | max
1<i<N

it

T
T Z Cit
t=1

< N max
1<i<N

provided T >> (In N)1*+9/7, Tt follows that max;<;<n H% Zf:l [irxsy — B (2i2,)] H =op(1).
(i) Noting that 71 Zt | Tty = T71 Z 11 TitUit — T;.U;., we prove (ii) by showing that (iil)
Nmaxi<;j<n P (HT 1 thl xituitH > cy/ 1) — 0, (ii2) N max;<;<ny P ( -1 Zle[xit - E (a:lt)]H > c\/)\l)

— 0, and (ii3) N maxij<;<y P (‘ T-1 Zle wi|| > c\/)\l) — 0. We only outline the proof of (iil) as the
other two claims can be proved analogously. If Assumption Cl(iii.a) holds, by letting ¢;; = Lllp [Tipuie—

E (zituir)], srie = plTicuiliy — B (Tauily)] and o = p[wauily — E (ziui 1)) where now 1 =
H{|lwswit|| < nyp} and 1; = 1 — 1, we have

T
ZClzt Z§1it
=1

>c ) < N max P(
1<i<N o

> cT\//\_1>

( max
1<i<N
C2CQT2/\1
exp | — +InN

( 02T + 4 (NT)Y9 4 2¢T/A7 (NT)Y P9 (In T2
— 0asT — oo,




and P (maxlgigN ‘% Z;:l G24t 2 C\//\l) S NTmaXlgiSN max P(”.I‘ztuth Z T]NT) — O as T —

o0. Here v? = SUP > MaX1 << N SUP;>q[Var(ciig) + QZE;HCOV S1it,S1is)] = O (1) under Assumption
Cl1(iii.a). Similarly, if Assumption C1(iii.b) holds, then

T T
1
P (11%1%)5\[ T ;git > cy/ >\1> < N max P ( ;git

1<t<T

1<i<N

> cT\/Z>

A/ () 2
(CT )\1)’Y (CT\/)\l)
< N omax (T +Dexp (‘T o | e
7)) 9
< exp <_%+IH(T+1)+IHN +exp(—cg)\1+ln]\7>
1 2

— 0OasT — oo,

provided TA1{(In N)~! + T[In(NT)]2+1/7} = 00, =

Evidently Lemma C.2(i) ensures the second part of Assumption Al(ii) and Lemma C.2(ii) ensures
Assumption A2(ii). These results rely on the use of Bernstein-type inequalities for strong mixing processes
that are not necessarily stationary.

To verify Assumptions A1(ii) and A2(ii) for dynamic panel data models, we need to distinguish two
cases based on whether we treat the fixed effects u,; in (2.1) as random or not. If we follow Hahn and
Kuersteiner (2011) and assume that the individual fixed effects are nonrandom and uniformly bounded,
then we can assume that {(z;Aug),t > 1} is strong mixing for each ¢ and verify the assumptions as
above. On the other hand, if we assume that p;’s are random fixed effects, then the notion of strong
mixing is generally no longer appropriate for dynamic models. To appreciate the point, take the simple
panel AR(1) model as an example:

Yit = poyi,tfl + /IJZ + Uit Z - 1; "'7Na t = 17 cee aTv (C]‘)

where z;; = y;;—1 and an example of the IV for Ay; ;1 would be z; = y;4—2. Even if {u;, t > 1} is
a strong mixing process, {y;:,t > 1} is generally not so if p, is stochastic as the dependence between y;;
and y;5 is not asymptotically vanishing as |t — s| passes to infinity. In this case, as Hahn and Kuersteiner
(2011) suggest, it is natural to adopt the concept of conditional strong mixing (see, e.g., Prakasa Rao
(2009)) where the mixing coefficient is defined by conditioning on the fixed effects. Su and Chen (2013)
adopt the latter approach in their study of panel data models with interactive fixed effects and show
that the well known Davydov and Bernstein-type inequalities that hold for strong mixing processes also
hold for conditional strong mixing processes. A conditional version of the results in Lemma C.1 are also
satisfied where all probabilities are defined by conditioning on the o-field generated by (iy, ..., 15 ). Then
one can verify Assumptions A1(ii) and A2(ii) by following analogous arguments as used in the proof of
Lemma C.2(ii).

D Bias Correction

D.1 Bias Correction for the PLS C-Lasso Estimator

Recall from Theorems 2.4 and 2.5 that the bias takes the form

F—1
binT = @, BinT,



5 o 1 T = _ 1 T e N 1
where @4 = §i7 iy 21 Ty and Bint = S Dieay 2osm1 B (Tislis) = —Smmms 2ican
k T k
~ VAN ~ ~ 1 VSN

Zs 1 Zt 1 E(zisuit) as E(zjpuye) = 0. Let G5 = yir — zybq, — fi; and fi; = 7 Yo (Wie — xitozék) for
all i € G.1 We propose to estimate byyr by

. L

bint = @, BinT

where
1

o) = —
YT

1/2T3/2 Z ZZkMT t S Tis iy

1€Gs’1t1

~/
it

iEék t=1
Here kg (t,s) = kS, ([t — s|) and kY (u) denotes the Bartlett kernel:

Ky () = (1= [ul /M7) 1{|u] < Mr}.

Note that we allow dynamic misspecification here. If one is sure that the model is dynamically correctly
specified in the sense that E (u;|Fi—1) = 0 where Fj ;1 = o(uit—1, Wit—2,...; Tit, Tit—1,...), ONe can
use the one-sided kernel: ks, (t,5) = kj, (s —t), where

kg, (w)=(1—u/Mp)1{0<u< Mrp}.

Other choices of kernels are possible. So the bias-corrected PLS C-Lasso estimator is given by

. . 1 - 55
OL](CC) = g — (I)k 1BkNT-
NiT
Similarly, we can obtain the bias-corrected estimator for the post-Lasso estimator &Gk.
Let ||All, = {E]|A||*}"/® for any a > 1. Let C denote a generic positive constant that does not depend
on N and 7. We add the following assumption.

ASSUMPTION D1. (i) Foreach i =1,..., N, {(zi,ui) : t =1,2,...} is strong mixing with mixing coeffi-
cients {a; (+)} such that o; (1) < cqip” for some cq; < 0o and p € (0,1). 5 ZzEGO &23 D) — o (1).

(ii) Let z; = (Zbil,...,.’EiT)l and u; = ('I,Lil,...,uz‘T) . (mi,u;) are 1ndependent across i € GY where
k=1,... Ko.

(iii) max; ; B [|zi||*? < C < 0o and max; E |uy|** < C < oo for some ¢ > 1.

(iv) As (N, T) = 00, My — 00, M3/T — 0, MAN,/T? — 0, and N /*TV2 Y, -y (M) 07D/ 30
— 0 for each k =1, ..., K.

Assumption D1(i) assumes the usual mixing condition. D1(ii) assumes cross sectional independence
to simplify the proof which can be relaxed at the cost of lengthy arguments. D1(iii) assumes moment
Conditions The second condition in D1(iv) can be easily ensured under D1(i) because for any Mr >

m In(N/2T1/2) (e.g., My = (ln(]\71/2T1/2))1Jre for some € > 0), we have

IN

1/2T1/2 Z (2q 1)/(2q9) Ny Z (2q 1)/(29) N;/2T1/2PMT(2q—1)/(2q)

1€GY i€GY
2q — 1) M
O (1) exp <1n (N;/2T1/2> + % lnp) — 0.

1 Observing that &, — ol = Op ((NkT)*l/2 +771) and dék —a = Op ((NkT)*l/2 +T71), one can use either
estimator in the definition of the residuals. We recommend using the post-Lasso estimator dék because of its better finite

sample performance.



The first three requirements in D1(iv) can be easily satisfied too. For example, if N oc T for some
a < 3, it suffices to set My oc T'/? for some b > max{2, 2/ (3 — a)}.

Proposition D.1 Suppose that the conditions in Theorem 2.4 hold. Suppose Assumption D1 holds.
Then é;lékNT — é;lBkNT = op (1) .

Proof. Noting that (i)IZIBkNT_i)IlekNT = ((i)lzl — (flzl) BrnT+ ((i)lzl — &-’;1) (BkNT — BkNT) +
fl,;l (IE%MVT —IB%kNT) , @;1 = 0(1), and Bynr = O (\/Nk/T) , it suffices to show that (i) b, — D), =

op (min(l, T/Nk)) and (ll) BkNT - BkNT =op (1) .
We first prove (i). Note that

B = NiT 22 T - N T Z Z‘T”%

1 = U Nk *Nk
S D SR 3] Do AR . ) e
2 \iea, ieay) t=1 kL ieqy t=1
= Py + Py, say.
By Corollary 2.3, we can readily show that ®59 = Op(N,?l) = op (min(l, T/Nk)). Let vyr =
min(1, /T /Ny). For any € > 0, we have by the proof of Theorem 2.2, P (||®y 1] > vnre) < P (ﬁ'kNT) +

P (EkNT) =o0(1). It follows that ) — &) = op (min(l, T/Nk)) .
We now prove (ii). We first make the following decomposition:

T
Bint — Bonr = W Z ZZkMT (t,8) Tistis — 1/2T3/2 Z leE(xisuit)
T
- 1/2T3/2 Z ZZkMT (t,8) wistis — 1/2T3/2 Z ZZE Xisuit) +op (1)

i€GY s=1t=1 i€GY s=1t=1

= 1/2Td/2 Z ZZkMT (t,8) Tis (Uit — wiz)

GOS 1t=1
Eney (¢, E (x:.u:
1/2T3/2 ;};; MT 5 xzsuzt (SCZS’LL”)]
N};U2 N 1/2

JrT Z ZZkMT t S xwuit)

1/2T3/2 Z ZZ 1 — kg (ty s ]E(%‘suit) +op (1)

gGO s=1t=1
= EkNT,l + BkNT,Q + BkNT,B + Bnra +op (1), say,
where the op (1) term arises due to the replacement of G by Gg and this can be easily justified by using

the uniform classification consistency result and arguments as used in the proof of Theorems 2.5 and 3.5.
We prove (ii) by demonstrating that By = op (1) for s = 1,2,3, and 4.



~ . . R R T .
We first study Bynr,1- Noting that @ = yie — j,&, — fl; = Yit — Ty0g, — % > i1 (Wi — Tiba,)
and y;; = av'ita% + p; + i for i € G%, we have that for ¢ € Gg

T
~ _ !/ A~ 1 !/ A~
Uip —uit = Yir — Ty, — (it — Tl ) — Wit

Il
.1
8
/N
Q
o
I
Q
Q
I
N[~
sa\
/
Q
E
I
Q>
Q
B
N—

t=1 t=1
~ 0 ~
Tyt (ak —aa ) — U;
_ 1 T
where @; = £, ui. Then
1 T T 1 T T
> _ -~ 0 _ A _ LA
BkNTJ - W Z ZZkMT (tv‘S) TisTiy (ak aGk) Nl/QTS/Q Z ZZkMT (t7s) TisUyg
k i€eG) s=1t=1 k i€GY s=1t=1

In view of the fact that 45, —a)) = Op ((NT)~'/2+T-1) and Ni = N (14 0p (1)), we have

| Brnra (D] = 1/2T3/2 Z ZZkMT (t,s z“xzt( aGk)

GGO s=1t=1
Nle/Q
< S fa-da]gE X Xl
Ny i€GY |s—t|<Mrp
- N/ATV20, ((NkT)_l/Q +T7") Op (Mr/T)
= 0p (14 N*T7Y2) 0p (M /T) = 0p (1)
where we use the fact that T2 ZZeGO Z‘S t1<mr 12isTy|l = Op (M7 /T) by moment calculation and

Markov inequality. Let Brnr1 (2) = W ZieG% 25:1 thl knp (t,8) w'wisti; where w is any p x 1
nonrandom vector such that ||w|| = 1. Then by Assumptions D1(i), (iii) and (iv),

T T T

’E [BkNT,l (2)” =< 1/2T5/2 Z ZZZkMT (t,s) |E(w xzsuzr)‘

EGOS 1t=1r=1

T T T
29g—1)/(2
= 1/2 7 Z SOSTS ke (6 8) 9@l Nt Ly s (7 — ) @10/ 20
T €GY s=1t=1r=1
< CN;/2 1 (24—1)/(2q) 1 ir—sl(2q—1)/(20)
- T3/2 F Z Ca7i - Z P
k.
i€GY t,s,r: |[s—t|<Mrp

= N2T320(1)0 (My) = O (MTN;/QT—?’/?) = 0(1).



Similarly, by Assumptions D1(i)-(iv),

T T
— 1
Var (Benra (2)) = N5 Z Var (ZZZkMT (t,s)w xzsuw>
k zeGg s=1 t=1 r=1
1 T T T 2
S N > E (ZZZ’“MT (t,5) w/%suir)
A s=1t=1r=1
1
=~ N.T5 Z Z karp (t1,t2) knp (B4, t5) B (W' @ity Uity W' @it i)
k 1€G(11 1St17t2,“.,t5§T
1
< NI Z Z B (W' @ity Uity W Titg Uitg )]
k lGGO 1<tq,ta,...,te <T

[t1—to|<Mr,|ta—ts| <Mt

= O(M}/T)=0(1).

Consequently, Brn7.1(2) = op (1). This, in conjunction with Corollary 2.3, implies that Biyr1(2) =
op (1) as w is arbitrary. Thus we have shown that BkNT 1=op(1).
For BkNT 2, note that BkNT 9 = BkNT 2N1/2/N1/2 = kaT 2 (1 +op (1)) , where BkNT,2 = W ZieGg
Zs:l thl knry (t,8) [isuis — F (isuit)]. By construction E(BgnT2) = 0. By Assumptions D1(ii)-(iii)
and Jensen inequality,

Var (W’BkNTQ) = W Z Var ZZkMT (t,8) w' [Tisuir — B (wisAugy)]
k ieGo s=1 t=1
1 T T T
< N5 Z ZZ Z kg (t,8) kary (7, 0) B (W' Tisuipwirziw)
R ieqo s=1 =1 =111
1
< N.T® Z Z Z |B (w'zisuiuirryw)| = O (M%/T) =o0(l),

i€GY ||s—t||<Mr ||r—I||<M7T

where the last equality follows from the fact that [|E (w'z;suiiwircaw)|| < max; g4 ||ac25un|\§ < max; ||£C2t||i
X max; ; ||uit||?1 < C < oo by Assumption D1(iii). Then Bynr2 = op (1) by Chebyshev inequality and
thus BkNT,2 = o0op (1) .

By Corollary 2.3 and Davydov inequality,

) ‘Nk_l _ Nk—l T T
’BkNT,SH _ . kg (t,8) B (zi5u4t)
T3/2 (ngl/Q + Nz;lﬂ) ieZG:O. s=1 ; '
|9, - v
< —~ Z Z B (ziswit) ||
TN (N2 4 N ) Nk i€GY lls—t[<Mr

= op (N,;WT—W) 0(1) = op (1).



By Assumptions D1(i)-(iv) and Davydov inequality,

’ H - 1/2T3/2 Z ZZ 1 — knip (¢, 8)] B (zisuit)

eGUS 1t=1

= 1/2T3/2 Z ZZ 1 — ke (t,8)] B (2isuit)

€GY s=1t=1
(e — ) 2a=1D/(29) .. .
1/2T3/ Z Z Q; (|S t‘) ||x15||4qHuZtH4q
i€GY ||s—t||>Mr

CN,;l/?Tl/Q Z o (MT)(2q—1)/(2q) =0(1).
i€GY

IN

This completes the proof of the proposition. m
With the above result, we can readily show that

VT (a7~ of)

(VR (6 — o) — 3 Bunr| + (Ne/ %) [87 By — 7 B
+ {1 — (Nk /Nk)w} O By

= |VNT (ax - af) = & Binr | +op (1) +op (N71) O (Vi /T)?)

- [\/W (A — ) — é,;lzaam} Yop(1).

That is, /NiT' (a,(C 9 _ ozk) has the desired limiting distribution that centers around 0.

D.2 Bias Correction for the PGMM C-Lasso Estimator

The bias correction for the PGMM C-Lasso estimator in dynamic panel data models can be done analo-
gously. For simplicity we focus on the case where W,y = I for all i. Recall from Theorem 3.4 and the
remark regarding Assumption B3(iii) (see (3.6) in particular) that

vV NkT (dk - 042) - /I;lBkNT g N(O,A;leA,;l) for k = 1, -.-,K()

T 1 A/ = 1 T T /
where A;, = ~ Ziecg Q. arQizax and Bynt = ~Ta ZieGQ Yoect 2oreq B (Amiszl 2 Auye) . Based
k

n (3.6), in order to verify Assumption B3(iii) we also need to show

1
Vint Tj’l/? ZGO ;Qz apzitAui 2 N (0,C), and (D.1)
€
T T
RkNT = 1/2T3/2 ZG:O 52:1 ; {[Aszzis E (szszis)] ZztAU/zt E (A.TzsziSZztAuzt)} =0op (1ID2)

The first part is ensured by a version of CLT. Below we first propose an estimate of the bias fl,;lBk NT
and then demonstrate (D.2).
To correct the bias, we propose to obtain consistent estimates of Ay and Byy7 respectively by

Z Q’L zAzQz zAx and BkNT ~1/2T3/2 Z ZZkMT ﬁ S AxwzwznAum

zEGk ieGy s=1t=1



where Aty = Ay — by, Axyy for all i € G, gy (t,5) is defined as above: kyg, (t,5) = kS, (|t — s|)
and kY, (u) denotes the Bartlett kernel: k3, (u) = (1 — |u| /Mp)1{|u| < Mp}. Note that we also allow
dynamic misspecification here. If one is sure that the model is dynamically correctly specified in the
sense that E (Aug|F;¢—1) = 0 where F; ;1 = 0(Aus—1, ATi—1, 2it; At p—2, Axj_2, 2 ¢—1;...), One can
use the one-sided kernel: ka, (t,s) = kj, (s —t), where ky, (u) = (1 —u/Mp)1{0 <u < Mp}. The
bias-corrected C-Lasso estimator of af would be

&9 = &y — —=
VN, T

Note that Theorem 3.5 indicates that there is no need to consider bias correction for the post Lasso

A;lékNT.

estimator &g, .
We add the following assumption.

ASSUMPTION D2. (i) For each i = 1,...,N, {(Axy, 2z, Auy) : t =1,2,...} is strong mixing with
mixing coefficients {a; (-)}. In addltlon a; (T) < cq,ip” for some cq,; < oo and p € (0,1) where
Nik ZZEG C(2q /(29 _ O (1) and m ZZEGO C(q:l)/q 0(1).

(ii) Let z; = (mil,...,xiT)l and u; = (w1, ..y uiT) . (x4,u;) are independent across ¢ € Gg where
k=1,.., K.

(iii) max; B || Az 2, ||" < C < 0o and max; 4 E ||z Aug||*? < C < oo for some ¢ > 1.

(iv) As (N,T) — oo, My — 0o, M2/T — 0 and N, '/*T/2 Dlicqo Qi (M) D/CD _, 0 for each
k=1,.., K.

Assumptions D2(i)-(iv) parallel D1(i)-(iv). The major difference is that we don’t need MZNy/T® — 0
in D2(iv) but require ¢ > 1 in D2(iii).

Proposition D.2 Suppose that the conditions of Theorem 8.4 hold. Suppose Assumption D2 holds.
Then A;lgkNT — A;lBkNT = 0op (1) .

Proof. Noting that AEIBM\[T—AEIBM\{T = (A;l — A;l) BinT+ (A;l - Alzl) (BkNT — BkNT) +
14_1];1 (BkNT — BkNT) , f_ll:l = 0(1), and Byt = O (\/Nk/T> , it suffices to show that (i) Ay — Ay =
op (min(l T/Nk)? and (i) Brnr — Bont = op (1).

We first prove (i). Note that
- - 1
Ak - Ak‘ = e Z Qz zAle zAx — N Z Q'L zA;rQi,ZAac
Ni icG ieGY
1€Gy
1 ~ ~ — N,
= N_ Z - Z Q{L,zAin,ZAQC k Z Qz zAin,zA:c
k

ieGp 1€GY i€qy
= Apa+ Agp, say.
By Corollary 3.3, Ay» = Op(N, ') = op (mln( \/m)) . Let vy = min(1, \/m For any € > 0,
we have by the proof of Theorem 3.2, P (||Ag 1| > vnre) < P (FkNT) + P (EkNT) . It follows
that Ay, — Ay, = op (min(l, T/Nk)) .

120bserve that & — o = Op (NxT)~Y/2 4+ 7-1) and &g, — o) = Op ((NxT)~'/2) . We recommend using the post-
Lasso estimator dék'
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Now we prove (ii). We make the following decomposition:

BipnT — BinT
T

= 1/2T3/2 Z ZZICMT t S A.’EisZ;SZitA’ELit - W Z ZZE(AZEZSZ;SZ”A’U,”)

ZGG s=1t=1 ieG% s=1t=1
T

= 1/2T5/2 Z ZZkJMT (t,8) Az;s2) 2it Aty — _ Z ZZE(AmiszgszitAuit) +op(1)

1/23 /2
GUS 1t=1 N T/ G%s:lt:l

= 1/2T3./2 Z ZZ]CMT t S ALL‘ZSZZSth (A’Uzt Auzt)

leGO.s 1t=1

Z ZZK’MT (t,8) [Azszi 2z Augy — B (Amis2) zie Augyg))

ZeG“s 1t=1

N2 N—1/2
+kT Z ZZkMT (t,8) B (Az;szi zie Augt)
€GO s=1t=1

1/2T3/2

e

Z ZZ 1 - kMT t 8)] E (AxiszgszitAuit) +op (1)

i€GY s=1 =1

1/2T3/2
= DBint1+ Bent2 + Bents + Benra +o0p (1), say,

where the op (1) term arises due to the replacement of Gy, by GY and this can be easily justified by using
the uniform classification consistency result and arguments as used in the proof of Theorems 2.5 and 3.5.
We prove (ii) by demonstrating that Biyr,s = op (1) for s =1,2,3,4.

First, noting that At;; — Auyy = (ag — dék)/ Axiy, g, — ag =0Op ((NkT)_l/z) , and that Nk/Nk =
14+ o0p (1), we have

[BenTall = 1/2 3/2 Z ZkMT (t,8) Aziszigzin(Azyy)' ( - ‘,ﬂ)
T €G05 1t=1

IN

R L =D DD D e
zeGU [[s—t]| <Mt

= Op(1)bpnT

where by = ﬁ ZieG‘,i Zfs—t||§MT |Az;s2) 2i (Azy)|| - By Markov inequality, bynr,1 = Op (M /T).
= Op (Mr/T) = op (1) under Assumption D2(iv).
For Bjnr,2, note that BinT,2 = bpnT 2]\[1/2/]\71/2 = binr2 (1 +0p (1)), where

T

! /
benT2 = N1/2T3/2 Z ZZkMT (t,s) [Amiszigzis Auy — B (A2 4200 Ay
€GO s=1 t=1
Let w be any p x 1 nonrandom vector such that |w|| = 1. Then E (w'bgnr2) = 0. By Assumptions
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D2(ii)-(iv) and Jensen inequality,

Var (w'kaT 2)

= NkT?’ Z Var kMT (t,8) w' {Awiszl zit Auyy — B (Amiszl 2 Augg)
zeGO s=1t=1
1 T T T T
< N.T° Z Z ZZZkMT (t,8) knry (1, 1) WE [Azys 2 2 Ay Ay 25 250 Ay ] w
ZEG(Ii s=1t=1r=11[=1
< NS Z Z Z |E [ Azs 2 zis Awis Ay 25 250 A ] |

i€GY |ls—t| <My ||lr—1[<Mx
= O<MT/T):O()7
where the last equality follows from the fact that |E [w’ Ax;s 2],z Aui Az 25 2ir Auipw] || < max; {]E 1Az 52|l }

1/2
X max; ; 4 B ||zitAuitH4 < C < o0 by Assumption D2(iii). It follows that Bynr,2 = op (1).
By Corollary 3.3 and Davydov inequality,

o
|Bentsll = 7972 (N;1/2+N71/2) “EZG% 1;]13MT (t,8) B (Aziszi zit Augy)
[N, = N |
< T2, (Nk—l/Z +Nk_1/2> NkT ZGZGO . tIIZ<MT |E (Azis2), 250 At ||

= op (N;1/2T—1/2) 0(1) =op(1).

By Assumptions D2(i)-(iii) and Davydov inequality,

||BkNT,4|| = 1 — kMT t S ] (Amszz{szitAuit)
1/2T3/2

1/2T/ Z Z i (Is = t) > OV Y Aoz, g Nz el
i€GY lls—tl|>Mr

< CN;I/QTUQ Z 041' T)(Zq—l)/(QQ) — 0(1).
i€GY,

This completes the proof of the proposition. m
With the above result, we can readily show that

VR (o7 - of)

+ (Nk/Nk)1/2 [A;ZIBkNT — A;ZlékNT]

|
5
N~
o
ol

|
Q
Nab>

|
N
= |
™
&
P4
)ﬂ

= :\/NkT (&k — ag) — A;lBkNT: +op (1) +op (N,;l) O ((NK/T)1/2>

= :\/NkT (dk—a(,i) —A;lBkNT: +op (1)
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That is, /NiT' (a(c) — ak> has the desired limiting distribution that centers around 0.
Now, we demonstrate (D.2). Let §,;; = Awz;s2,,—F (Awm;s2,,) and n;, = 2z Augy. Noting that E (€;,) =0
and E (n,,) = 0, we have

T
Rynr = 1/+T3/2 Z Z Z [€ismie — B (§ismir)]
f .

= 1/2T3/2 Z Z itThit — ltnit)] 1/2T3/2 Z Z zsnlt (gisnitﬂ

ieG) t=1 1€GY 1<s<t<T
1/2 3/2 E E zsnzt (Ezsnzt)]
T i€GY 1<t<s<T
= Rpnt1+ Rent2 + RinT,3, say.

It is trivial to show that Rynr1 = Op (T‘l) by Chebyshev inequality and Davydov inequality. For
RinT,2, we have E (Rpnr) = 0 by construction, and by Assumption D2(ii) and Jensen inequality

1
B (R%NT,Q) = NI Z Var Z [fitlmtz -E (fitlmtz)]

i€y 1<t <t <T

1
< N, T3 Z Z Z E(fitlmtzfitgmu) = SipNnT, say.

i€GY 1<t1<ta<T 1<t3<t4<T

To bound Sy nr, we can consider three subcases: (a) #{t1,to,t3,ta} =4, (b) #{t1,t2,t3,t4} = 3, and (¢)
#{t1,ta,t3,ta} = 2, and use SpNT,a; SkNTp, and SpnT,c to denote the last summation when the time
indices are restricted to these three cases in order. Apparently, Synr,. = O (1/T) under Assumption
D2(iii). In case (a), without loss of generality (wlog) assume that 1 <ty <5 < t3 < t4 < T and denote
S ,S\),T,a as SkNT,. when the time indices are restricted to this subcase. [Note that the other subcases can
be analyzed analogously.] Let d. be the c-th largest difference among ¢;41 —¢; for j = 1,2,3. Then

NkT3 Z Z =+ Z + Z

i€GY | 1Sti<ta<tsg<t4<Tta—t1=d1 1<t1<ta<t3<t4<T,tz—to=d1 1<t1<ta<tz3<t4<T,ts—tz=dy

1
Sl(c]\)fT,a

x & (gltl 771752 §1t3 7711&4)
- o
= Sinra T SkNT a2t SkNT 3> Say-
By Davydov inequality and Assumptions D2(i) and (iii),

T-2

S](\}%ﬂ’al = NkT3 Z Z Z Z Z ngt1||4q ||771t2 1t3772t4||4q/3 t2_t1)(q R

i€GY) ti=1to= t1+max]>3{tj—t] 1} ta=ta+1ta=t3+1
N T-3 T-—

= NkT3ZZ Z (b2 — 1) i (to — 1) 1711

i=1t1=1to=t1+1

NkTZZTa q 1)/‘1—0(%).

i=17=1

Similarly, we can show that S,S\),T’as = O(1/T) for s = 2,3. It follows that S,S\)[T’a = O(1/T) and
S,S\),T’a = O0(1/T) = o(1). In case (b), wlog assume that t; = 2 and 1 < t; < t5 < t3 < T and we use
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S,(J\),T,b to SknT,p when the time indices are restricted to this subcase. Then by Davydov inequality and
Assumptions D2(i) and (iii)

1
’Slg\)fﬂb’ = NkT?’Z Z iE(fitm?tgﬁm”

iGG(,i 1<t <ta<t3<T

8 & )
T 2 sl o s — )7
i=1 1<t1 <tz <tz<T

< 2= . 9-1)/q _ =
< NkTZZ%(T) O(T)

i=17=1

IN

So Skt = O (1/T). Consequently, Synr = O (1/T) and Rpnr,2 = Op (T~1/2) by Chebyshev inequal-
ity. By the same token, Rynr,3 = Op (T‘l/Q) . Thus we have shown that Ry = Op (T‘l/Q) =op(1).
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