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1. Introduction

Fixed effects estimators of nonlinear panel data models can be
severely biased because of the incidental parameter problem (Ney-
man and Scott, 1948). A growing literature, surveyed in Arellano
and Hahn (2007), shows that the leading term of an asymptotic
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expansion of the bias as both the cross-sectional dimension N and
time series dimension T of the panel grow, can be characterized
and corrected. In models with individual effects, the leading bias
term is of order 1/T and comes from the estimation of the indi-
vidual effects. This result, however, does not apply to models with
individual and time effects, where both of these effects are treated
as parameters to be estimated. In this paper we show that the es-
timation of the time effects causes an additional incidental param-
eter bias of order 1/N. Thus, if N and T are similarly large, the bias
produced by the estimation of the time effects is of similar order of
magnitude to the bias produced by the estimation of the individ-
ual effects, and both biases need to be corrected. We provide the
corresponding analytical and jackknife bias corrections.

The asymptotic approximation to the fixed effects estimators
that lets the two dimensions of the panel to grow with the sample
size is motivated by the recent availability of long panels and other
large pseudo-panel data structures where the indices might not
correspond to individuals and time periods. Examples of these data
sets include traditional microeconomic panel surveys with a long
history of data such as the PSID and NLSY, international cross-
country panels such as the Penn World Table, U.S. state level panels
over time such as the CPS, and square pseudo-panels of trade flows
across countries such as the Feenstra’s World Trade Flows and
CEPII, where the indices correspond to the same countries indexed
as importers and exporters.

0304-4076/© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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We focus on semi-parametric models with log-likelihood
functions that are concave in all parameters, and where each
individual effect «; and time effect y; enter the log-likelihood for
observation (i, t) additively as «; + y;. This is the most common
specification for the individual and time effects in linear models
and is also a natural specification in the nonlinear models that
we consider. Imposing concavity of the log-likelihood function
greatly facilitates showing consistency in our setting where the
dimension of the parameter space grows with the sample size. The
most popular limited dependent variable models, including logit,
probit, ordered probit, Tobit and Poisson models have concave log-
likelihood functions, possibly after reparametrization (Olsen, 1978,
and Pratt, 1981). We note here that the general expansion that we
derive in Appendix B do not impose additivity and concavity, but
we use these restrictions to apply the expansion to fixed effects
estimators. The models that we consider are semi-parametric
because the joint distribution of the explanatory variables and the
unobserved effects is left unspecified. The explanatory variables
can be either strictly exogenous or predetermined.

We derive bias expansions and corrections for fixed effects
estimators of common parameters 8 and average partial effects
(APEs). The vector 8 includes all the unknown parameters that
enter the log-likelihood function other than the individual and
time effects, such as index coefficients in a probit model. The
APEs are functions of the data, the common parameters, and the
individual and time effects in nonlinear models. We find that the
properties of the fixed effects estimators of 8 and the APEs are
different. For B, the order of the bias is 1/T + 1/N, which is
of the same as the rate of convergence 1/ V/NT under sequences
where N/T converges to a constant. For the APEs, we uncover
that the incidental parameter problem is negligible asymptotically
because the order of the bias, 1/N + 1/T, is smaller than the rate
of convergence, which is 1/+/N + 1/+/T, slower than for model
parameters. To the best of our knowledge, this rate result is new for
fixed effects estimators of average partial effects in nonlinear panel
models with individual and time effects.! In numerical examples
we find that the bias corrections, while not necessary to center the
asymptotic distribution of APE estimators, do improve their finite-
sample properties, specially in dynamic models.

The bias correction eliminates the bias terms of orders 1/T and
1/N from the fixed effects estimators. We consider two methods
to implement the correction: an analytical bias correction similar
to Hahn and Newey (2004) and Hahn and Kuersteiner (2011), and
a suitable modification of the split panel jackknife of Dhaene and
Jochmans (2015).2 However, the theory of the previous papers does
not cover the models that we consider, because, in addition to not
allowing for time effects, it assumes either identical distribution or
stationarity over time for the processes of the observed variables,
conditional on the unobserved effects. These assumptions are
violated in our models due to the presence of the time effects, so we
need to adjust the asymptotic theory accordingly. The individual
and time effects introduce strong correlation in both dimensions of
the panel. Conditional on the unobserved effects, we impose cross-
sectional independence and weak time-serial dependence, and we
allow for heterogeneity in both dimensions.

Simulation evidence indicates that our corrections improve
the estimation and inference performance of the fixed effects
estimators of parameters and average effects. The analytical
corrections dominate the jackknife corrections in a probit model

1 Galvaoand Kato (2014) also found slow rates of convergence for fixed effects es-
timators in linear models with individual effects under misspecification. Fernandez-
Val and Lee (2013) pointed out this issue in nonlinear models with only individual
effects.

2 Asimilar split panel jackknife bias correction method was outlined in Hu (2002).

for sample sizes that are relevant for empirical practice. In the
online supplement (see Appendix E), we illustrate the corrections
with an empirical application on the relationship between
competition and innovation using a panel of UK. industries,
following Aghion et al. (2005). We find that the inverted-U pattern
relationship found by Aghion et al. is robust to relaxing the
strict exogeneity assumption of competition with respect to the
innovation process and to the inclusion of innovation dynamics.
We also uncover substantial positive state dependence in the
innovation process.

Literature review. The Neyman and Scott incidental parameter
problem has been extensively discussed in the econometric
literature; see, for example, Heckman (1981), Lancaster (2000), and
Greene (2004). There is also a vast literature that shows how to
tackle the problem in specific models under asymptotic sequences
where T is fixed and N grows to infinity. However, there are
results, e.g. from Honoré and Tamer (2006), Chamberlain (2010),
and Chernozhukov et al. (2013), showing that model parameters
and APEs are not point identified in important nonlinear panel
data models under fixed-T asymptotic sequences, implying that no
fixed-T consistent point estimators exist in these models.

A recent response to the incidental parameter problem is to
adopt an alternative asymptotic approximation where both N and
T grow with the sample size. Under these large-T sequences,
the fixed effects estimator is consistent but has bias in the
asymptotic distribution. This asymptotic bias is the large-T version
of the incidental parameter problem and has motivated the
development of bias corrections. Examples of papers that use
this approximation include Phillips and Moon (1999), Hahn and
Kuersteiner (2002), Lancaster (2002), Woutersen (2002), Alvarez
and Arellano (2003), Hahn and Newey (2004), Carro (2007),
Arellano and Bonhomme (2009), Fernandez-Val (2009), Hahn and
Kuersteiner (2011), Fernandez-Val and Vella (2011) and Kato et al.
(2012). This previous work, however, does not cover models with
time effects.> Our contribution to this literature is to extend the
large-T bias corrections to models with two-way unobserved
effects such as the individual and time effects commonly included
in linear models.

The large-T panel literature on models with both individual
and time effects is sparse. Pesaran (2006), Bai (2009) and Moon
and Weidner (forthcoming, 2015b) study linear regression models
with interactive individual and time fixed effects. The fixed effects
estimators in these models also have asymptotic bias of order
1/T + 1/N, but the methods used to derive this bias rely on
linearity and therefore cannot be applied to the nonlinear models
that we consider. Hahn and Moon (2006) consider bias corrected
fixed effects estimators in panel linear autoregressive models
with additive individual and time effects. Regarding non-linear
models, there is independent and contemporaneous work by
Charbonneau (2012, 2014), which extends the conditional fixed
effects estimators to logit and Poisson models with individual
and time effects. She differences out the individual and time
effects by conditioning on sufficient statistics. The conditional
approach completely eliminates the asymptotic bias coming from
the estimation of the incidental parameters, but it does not
permit estimation of average partial effects and has not been
developed for models with predetermined regressors. We instead
consider estimators of model parameters and average partial
effects in nonlinear models with predetermined regressors. The
two approaches can therefore be considered as complementary.

3 An exception is Woutersen (2002), which considers a special type of grouped
time effects whose number is fixed with T. We instead consider an unrestricted set
of T time effects, one for each time period.
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Outline of the paper. The rest of the paper is organized as follows.
Section 2 introduces the model and fixed effects estimators. Sec-
tion 3 describes the bias corrections to deal with the incidental
parameter problem and illustrates how the bias corrections work
through an example. Section 4 provides the asymptotic theory.
Section 5 presents Monte Carlo results. The Appendix collects the
proofs of the main results, and an online supplement to the paper
contains additional technical derivations, numerical examples, and
an empirical application (Fernandez-Val and Weidner, 2015b) (see
Appendix E).

2. Model and estimators
2.1. Model

The data consist of N x T observations {(Yj;,X;,)' : 1 < i <
N,1 < t < T}, for a scalar outcome variable of interest Y;; and a
vector of explanatory variables X;;. We assume that the outcome
for individual i at time t is generated by the sequential process:

Yit |Xita o, %ﬂ NfY( |Xit7 A, Vi ﬂ)»
i=1,...,N;t=1,...,T),

where X[ = (Xi1, ..., Xi) @ = (@1, ..., an), ¥ = (V1,5 Y1),
fy is a known probability function, and 8 is a finite dimensional
parameter vector. The variables «; and y; are unobserved individ-
ual and time effects that in economic applications capture individ-
ual heterogeneity and aggregate shocks, respectively. The model
is semiparametric because we do not specify the distribution of
these effects nor their relationship with the explanatory variables.
The conditional distribution fy represents the parametric part of
the model. The vector X;; contains predetermined variables with
respect to Yj. Note that X;; can include lags of Y;; to accommodate
dynamic models.
We consider two running examples throughout the analysis:

Example 1 (Binary Response Model). Let Y;; be a binary outcome
and F be a cumulative distribution function, e.g. the standard
normal or standard logistic distribution. We can model the
conditional distribution of Y;; using the single-index specification
with individual and time effects

Fr O | Xie, o, v, B) = FOX,B + i + 7))
x[1=FX,B+ai+y)]"™", ye{0 1}

In a labor economics application, Y can be an indicator for female
labor force participation and X can include fertility indicators and
other socio-economic characteristics.

Example 2 (Poisson Model). Let Y; be a non-negative integer-
valued outcome, and f(-; A) be the probability mass function of
a Poisson random variable with mean A > 0. We can model the
conditional distribution of Y; using the single index specification
with individual and time effects

fY(y | Xie, o4, Ves /3) :f(y5 exp[Xi/t,B + o+ y[]);
ye{0,1,2,....}.

In an industrial organization application, Y can be the number of
patents that a firm produces and X can include investment in R&D
and other firm characteristics.

For estimation, we adopt a fixed effects approach, treating
the realization of the unobserved individual and time effects as
parameters to be estimated. We collect all these effects in the
vector ¢nr = (@1, ...,QN, V1, .-, ¥r)’. The model parameter
usually includes regression coefficients of interest, while the vector
¢nr is treated as a nuisance parameter. The true values of the

parameters, denoted by 8% and ¢, = (@3, ..., a8, v, ..., ),
are the solution to the population conditional maximum likelihood
problem

max Eg[Lnr (B, ¢nr)]s
(/3,¢NT)€Rdim B+dim gyt

Lnr (B, dnr) = (NT)”Z{ZlngY(Yn | Xic, ai, Ve, B)

- b(v’NT¢NT>2/2}, (2.1)

for every N, T, where E,4 denotes the expectation with respect to
the distribution of the data conditional on the unobserved effects
and initial conditions including strictly exogenous variables,b > 0
is an arbitrary constant, vyy = (1, —17)’, and 1y and 17 denote
vectors of ones with dimensions N and T. Existence and uniqueness
of the solution to the population problem will be guaranteed by
our assumptions in Section 4, including concavity of the objective
function in all parameters. The second term of £yt is a penalty that
imposes a normalization needed to identify ¢yr in models with
scalar individual and time effects that enter additively into the log-
likelihood function as ; + 3;.* In this case, adding a constant to
all «;, while subtracting it from all y;, does not change «; + ;. To
eliminate this ambiguity, we normalize ¢y, to satisfy vy ¢n; = 0,
ie. Y ;o) = Y,y . The penalty produces a maximizer of Ly
that is automatically normalized. We could equivalently impose
Vyr@nr = 0 as a constraint, but for technical reasons we prefer
to work with an unconstrained optimization problem. There are
other possible normalizations for ¢y, such as «; = 0. The model
parameter § is invariant to the choice of normalization, that is,
our asymptotic results on the estimator for § are independent of
this choice of normalization. Our choice is convenient for certain
intermediate results that involve the incidental parameter ¢yr, its
score vector and its Hessian matrix. The pre-factor (NT)~'/? in
Lnr (B, ¢nr) is just a rescaling.

Other quantities of interest involve averages over the data and
unobserved effects

8yr = E[Anr (B, ¢np)].
Anr(B. dwr) = (NT) TS A, B i, 1) (2.2)
it

where E denotes the expectation with respect to the joint
distribution of the data and the unobserved effects, provided that
the expectation exists. 8, is indexed by N and T because the
marginal distribution of {(Xj;, o, %) : 1 <i < N,1 <t < T}
can be heterogeneous across i and/or t; see Section 4.2. These
averages include average partial effects (APEs), which are often the
ultimate quantities of interest in nonlinear models. The APEs are
invariant to the choice of normalization for ¢y if ; and y; enter
AXie, B, @i, ¥¢) as «; + y:. Some examples of partial effects that
satisfy this condition are the following:

Example 1 (Binary Response Model). If X;; \, the kth element of X;;,
is binary, its partial effect on the conditional probability of Y;; is

AXie, B, iy i) = F(Br + Xy i Br+ i + )

41 Appendix B we derive asymptotic expansions that apply to general models
with multiple unobserved effects. In order to use these expansions to obtain the
asymptotic distribution of the panel fixed effects estimators, we need to derive
the properties of the expected Hessian of the incidental parameters, a matrix with
increasing dimension, and to show the consistency of the estimator of the incidental
parameter vector. The additive specification «; + y; is useful to characterize the
Hessian and we impose strict concavity of the objective function to show the
consistency.
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— F(Xj, 1Bk + i + 71). (2.3)

where Sy is the kth element of 8, and Xj _; and S_i include
all elements of X;; and 8 except for the kth element. If Xj \ is
continuous and F is differentiable, the partial effect of X ; on the
conditional probability of Y;; is

AXit, B, @i, v1) = ,3I<3F(X,-/t,3 + o + ¥, (2.4)

where oF is the derivative of F.

Example 2 (Poisson Model). If X;; includes Z; and some known
transformation H(Z;) with coefficients i and g;, the partial effect
of Z;; on the conditional expectation of Yj; is

AXie, B, iy o) = [Bx + BOHZi) exp(Xi B + i + 7). (25)

2.2. Fixed effects estimators

We estimate the parameters by solving the sample analog of

problem (2.1), i.e.
max LNr (B, ONT)- (2.6)

(ﬂ,¢NT)ERdlmﬂ+d'm¢NT
As in the population case, we shall impose conditions guaranteeing
that the solution to this maximization problem exists and is
unique with probability approaching one as N and T become large.
For computational purposes, we note that the solution to the
program (2.6) for g is the same as the solution to the program that
imposes vy;¢nr = O directly as a constraint in the optimization,
and is invariant to the normalization. In our numerical examples
we impose either «; = 0 or y;y = 0 directly by dropping
the first individual or time effect. This constrained program has
good computational properties because its objective function is
concave and smooth in all the parameters. We have developed the
commands probitfe and logitfe in Stata to implement the
methods of the paper for probit and logit models (Cruz-Gonzalez
etal.,2015).> When N and T are large, e.g., N > 2,000 and T > 50,
we recommend the use of optimization routines that exploit the
sparsity of the design matrix of the model to speed up computation
such as the package Speedglm in R (Enea, 2012). For a probit
model with N = 2,000 and T = 52, Speedglm computes the fixed
effects estimator in less than 2 min with a 2 x 2.66 GHz 6-Core
Intel Xeon processor, more than 7.5 times faster than our Stata
command probitfe and more than 30 times faster than the R
command glm.°

To analyze the statistical properties of the estimator of 8 it is
convenient to first concentrate out the nuisance parameter ¢yr. For
given B, we define the optimal ¢nr(8) as

our(B) = argmax  Lyr(B, dr). (2.7)
ONT e]Rdimq)N-,-
The fixed effects estimators of 8 and ¢y are
Bur = argmax Ly (B, ¢nr(B)) . wr = b (B). (2.8)
ﬁeRdimﬂ
Estimators of APEs can be formed by plugging-in the estimators
of the model parameters in the sample version of (2.2), i.e.
Sur = At (B, dwr)- (2.9)

Again,/rS\NT is invariant to the normalization chosen for ¢yr if o; and
ye enter A(Xit, B, i, vt) as a; + Yr.

5 We refer to this companion work for computational details.

6 Additional comparisons of computational times are available from the authors
upon request.

3. Incidental parameter problem and bias corrections

In this section we give a heuristic discussion of the main results,
leaving the technical details to Section 4. We illustrate the analysis
with numerical calculations based on a variation of the classical
Neyman and Scott (1948) variance example.

3.1. Incidental parameter problem

Fixed effects estimators in nonlinear models suffer from the
incidental parameter problem (Neyman and Scott, 1948). The
source of the problem is that the dimension of the nuisance
parameter ¢y increases with the sample size under asymptotic
approximations where either N or T passes to infinity. To describe
the problem let

Bur = argmax Ey [Lyr(B. énr(B))]. (3.1)
ﬁE]Rdlm,B

The fixed effects estimator is inconsistent under the traditional
Neyman and Scott asymptotic sequences where N — oo and T is
fixed, i.e., plimy_, o, Byy 7 B°. Similarly, the fixed effects estimator
is inconsistent under asymptotic sequences where T — oo and N
is fixed, i.e., plimy_, o, Byr # B°. Note that By = BYif pnr(B) is
replaced by ¢nr(B) = argmax, . cpdim gy Eg[Lnr (B, ¢nr)]. Under
asymptotic approximations where either N or T is fixed, there
is only a fixed number of observations to estimate some of the
components of ¢yr, T for each individual effect or N for each time
effect, rendering the estimator ¢nr(8) inconsistent for ¢nr(f8).
The nonlinearity of the model propagates the inconsistency to the
estimator of 8.

A key insight of the large-T panel data literature is that
the incidental parameter problem becomes an asymptotic bias
problem under an asymptotic approximation where N — oo and
T — oo (e.g., Arellano and Hahn, 2007). For models with only
individual effects, this literature derived the expansion By = 8%+
B/T+o0p(T"")asN, T — oo, for some constant B. The fixed effects
estimator is consistent because plimy r_, o, By = B°, but has
bias in the asymptotic distribution if B/T is not negligible relative
to 1/ V/NT, the order of the standard deviation of the estimator.
This asymptotic bias problem, however, is easier to tackle than the
inconsistency problem that arises under the traditional Neyman
and Scott asymptotic approximation. We show that the same
insight still applies to models with individual and time effects, but
with a different expansion for ;. We characterize the expansion
and develop bias corrections.

3.2. Bias expansions and bias corrections

Some expansions can be used to explain our corrections. For
smooth likelihoods and under appropriate regularity conditions, as
N, T — o0,

Bar = B°+ BT + D /N + 0p(T"' VN7T), (32)

for some Efo and 5’; that we characterize in Theorem 4.1 and
explain in Remark 2, where a Vv b := max(a, b). Unlike in nonlinear
models without incidental parameters, the order of the bias is
higher than the inverse of the sample size (NT)~! due to the slow
rate of convergence of ¢nr. Note also that by the properties of the
maximum likelihood estimator

\/IW(ENT - ENT) —d ‘N(O7 VOO)’

for some V., that we also characterize in Theorem 4.1. Under
asymptotic sequences where N/T — k2 asN, T — oo, the fixed
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effects estimator is asymptotically biased because

VNT (Bar — B°) = V'NT Bur — Bur)
+NTEL /T + DL N + 0p(T~1 v N7T))

— 4 N B, + k7 'DL, Vo). (3.3)
Relative to fixed effects estimators with only individual effects,
the presence of time effects introduces additional asymptotic

bias through 5’:0. This asymptotic result predicts that the fixed
effects estimator can have significant bias relative to its dispersion.
Moreover, confidence intervals constructed around the fixed
effects estimator can severely undercover the true value of the
parameter even in large samples. We show that these predictions
provide a good approximations to the finite sample behavior of the
fixed effects estimator through analytical and simulation examples
in Sections 3.3 and 5.

The analytical bias correction consists of subtracting estimators
of the leading terms of the bias from the fixed effect estimator of
B.Let BL. and D2 be estimators of B', and D", as defined in (4.6).
The bias corrected estimator can be formed as

B4 = Bxr — By /T —Diy/N.
IfN/T — Kz.ﬁﬁT —p Ego, and 5{’” —p 550, then
VNT (Bl — B°) —a N (0, Vo).

The analytical correction therefore centers the asymptotic dis-
tribution at the true value of the parameter, without increasing
asymptotic variance. This asymptotic result predicts that in large
samples the corrected estimator has small bias relative to disper-
sion, the correction does not increase dispersion, and the confi-
dence intervals constructed around the corrected estimator have
coverage probabilities close to the nominal levels. We show that
these predictions provide a good approximations to the behavior
of the corrections in Sections 3.3 and 5 even in small panels with
N <60andT < 15.

We also consider a jackknife bias correction method that
does not require explicit estimation of the bias. This method is
based on the split panel jackknife (SP]) of Dhaene and Jochmans
(2015) applied to the time and cross-section dimension of the
panel. Alternative jackknife corrections based on the leave-one-
observation-out panel jackknife (PJ) of Hahn and Newey (2004)
and combinations of PJ and SPJ are also possible. We do not
consider corrections based on P] because they are theoretically
justified by second-order expansions of By, that are beyond the
scope of this paper.

To describe our generalization of the SP], define the fixed effects
estimator of § in the subpanel with cross sectional indices A and
time series indices B as

PBap € argmax max
perdimp  a(A)eRMl

X max lo Yi | Xie, @iy Vi B),
¥ (B)eRIBI ie;[eB g fy (Yie | Xie, o, vt, B)
where ¢(A) = (o; : i € A)and y(B) = (y; : t € B). Let

Bn.r/2 be the average of the 2 split jackknife estimators in the
subpanels with A = {1,2,...,N},and B = {1,2,...,T/2} or
B ={T/2+1,T/2 + 2,...,T}, ie. including all the individu-
als and leaving out the first and second halves of the time peri-
ods. Let By, 1 be the average of the 2 split jackknife estimators in
the subpanels withB = {1,2,...,T},andA = {1,2,...,N/2} or
A={N/2+1,N/2+2,..., N}, ie.including all the time periods

and leaving out half of the individuals of the panel.” In choosing the
cross sectional indexing of the panel, one might want to take into
account individual clustering structures and other dependences to
preserve them in the SPJ. For example, all the individuals belong-
ing to the same cluster should be indexed such that they remain
in the same subpanel after the cross sectional split. If there are no
cross sectional dependences, the indexing of the individuals is un-
restricted. We recommend to construct By r as the average of the
estimators obtained from all possible partitions of N /2 individuals
to avoid ambiguity and arbitrariness in the choice of the division.?
The bias corrected estimator is

B{VT = 3,§NT - EN,T/Z - EN/Z,T- (34)

To give some intuition about how the corrections work, note that
Bir — Bo = (Bur — Bo) — (Bwrja — Br) — (Bujar — Bwr),

where By /2 — Bnr = B{:O/T +op(T"'vN~")and BNj2r — Byt =
Dfo/N +0p(T~1 v N~1). Relative to ENT, Bn.1/2 has double the bias
coming from the estimation of the individual effects because it is
based on subpanels with half of the time periods, and By, r has
double the bias coming from the estimation of the time effects be-
cause it is based on subpanels with half of the individuals. The time

series split removes the bias term §go and the cross sectional split
removes the bias term 550.

3.3. Illustrative example

To illustrate how the bias corrections work in finite samples,
we consider a simple model where the solution to the population
program (3.1) has closed form. This model corresponds to a
variation of the classical Neyman and Scott (1948) variance
example that includes both individual and time effects, Y |
o, v, B~ N(ai+ v, B). Itis well-know that in this case

-~ _ = - = \2
Bur = (ND)T'Y " (Yy — Vi =V, + V),

it
where ¥; = T7'3 Yy, Yo = N7'Y Yy, and Y. = (NT)7!
Zi‘ ¢ Yir. Moreover, from the well-known results on the degrees of
freedom adjustment of the estimated variance

_ —~ N—1)(T-1
Bnr = EglBnr] = 130%

_pofr 11,1
- T N NTJ°
sothatB., = —g°and D’, = —p0°
To form the analytical bias correction we can set BﬁT = —Bnr
and D, = —Byr. This yields B, = Byr(1+ 1/T + 1/N) with

—a ~ 0 11 1 1 1
Por =EalPal =P\1= 3 = 2 = e ¥ et )

This correction reduces the order of the bias from (T~! v N71)
to (T™2 v N72), and introduces additional higher order terms.

7 When T is odd we define EN‘T/Z as the average of the 2 split jackknife estimators
that use overlapping subpanels with B = {1,2,...,(T + 1)/2} and B = {(T +
1)/2,(T+1)/2+1,...,T}. We define By, r similarly when N is odd.

8 There are P = ( N ) different cross sectional partitions with N/2 individuals.

N/2
When N is large, we can approximate the average over all possible partitions by the

average over S < P randomly chosen partitions to speed up computation.

9 Okui (2013) derived the bias of fixed effects estimators of autocovariances and
autocorrelations in this model.
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Table 1
Biases and Standard Deviations for Vi | «, ¥, B ~ N (& + V&, B).
N=10 N =25 N =50
T=10 T =10 T=25 T =10 T=25 T =50
Bur — B/ B° —.19 —.14 —.08 —.12 —.06 —.04
Byr — B°)/° -.03 -.02 .00 —01 —.01 .00
B — B°)/° —01 .00 .00 .00 .00 .00
VVnr/B° 13 .08 .05 .06 04 03
Ve /B 14 09 06 06 04 03
VVr/B° 17 10 06 07 .04 03
Notes: V{VT obtained by 50,000 simulations with 8% = 1.
The analytical correction increases finite-sample variance because Table 2 o
the factor (1 + 1/T + 1/N) > 1. We compare the biases and ~ Coverage probabilities for Yy [ . y. f ~ N (ai + y. B).
standard deviations of the fixed effects estimator and the corrected N=10 N=25 N =50
estimator in a numerical example below. T=10 T=10 T=25 T=10 T=25 T=50
For the Jackknife correction, straightforward calculations give Clos(Bar) 56 55 65 14 3 68
- ~ — — — 1 Cles(BL) 89 92 93 92 94 94
] 95 (PNt
=K = 3 — — = ] _— ~
5INT ¢[5NT] Bnr /3N,T/2 IBN/z,T :3 < NT) Clos (ﬁ{vr) 89 91 93 9 93 94
Clos(Br) 91 93 94 93 94 94

The correction therefore reduces the order of the bias from (T~! v
N=1 to (TN)~1.10

Table 1 presents numerical results for the bias and standard de-
viations of the fixed effects and bias corrected estimators in finite
samples. We consider panels with N, T € {10, 25, 50}, and only
report the results for T < N since all the expressions are symmet-
ricin N and T. All the numbers in the table are in percentage of the
true parameter value, so we do not need to specify the value of 8°.
We find that the analytical and jackknife corrections offer substan-
tial improvements over the fixed effects estimator in terms of bias.
The first and fourth row of the table show that the bias of the fixed
effects estimator is of the same order of magnitude as the standard
deviation, where Vyr = Var[Byr] = 2(N — 1)(T — 1)(8°)%/(NT)?
under independence of Y; over i and t conditional on the unob-
served effects. The fifth row shows the increase in standard devia-
tion due to analytical bias correction is small compared to the bias
reduction, where V'ZT = Var[Bg;] = (1 + 1/N + 1/T)*Vyr. The
last row shows that the jackknife yields less precise estimates than
the analytical correction when T = 10.

Table 2 illustrates the effect of the bias on the inference based
on the asymptotic distribution. It shows the coverage probabilities
of 95% asymptotic confidence intervals for 8° constructed in the

usual way as

Clos(B) = B £ 1.96V/> = B(1 + 1.96,/2/(NT)),

where /3 = {,BNT, ,Bf,T, /SNT} and VNT = 2/,3\2/(NT) is an estimator
of the asymptotic variance Vo, /(NT) = Z(ﬂo) /(NT) To find the
coverage probabilities, we use that NTﬂNT /B° X(N HI—1) and

ﬂNT =(1+1/N+ 1/T)5NT. These probabilities do not depend on
the value of B° because the limits of the intervals are proportional
to . For the Jackknife we compute the probabilities numerically
by simulation with 8° = 1. As a benchmark of comparison, we
also consider confidence intervals constructed from the unbiased
estimator ﬁNT = NTﬂNT/ (N — 1)(T — 1)]. Here we find that the
confidence intervals based on the fixed effect estimator display

10 1n this example it is possible to develop higher-order jackknife corrections that
completely eliminate the bias because we know the entire expansion of ﬂNT For
example, E, (4N —2Bw, 12— 2PN 1+Busa.1/21 = B° where By 2.1, is the average
of the four split jackknife estimators that leave out half of the individuals and the
first or the second halves of the time periods. See Dhaene and Jochmans (2015) for
a discussion on higher-order bias corrections of panel fixed effects estimators.

Notes: Nominal coverage probability is .95. CI_95(E{W) obtained by 50,000
simulations with 8% = 1.

severe undercoverage for all the sample sizes. The confidence
intervals based on the corrected estimators have high coverage
probabilities, which approach the nominal level as the sample
size grows. Moreover, the bias corrected estimators produce
confidence intervals with very similar coverage probabilities to the
ones from the unbiased estimator.

4. Asymptotic theory for bias corrections

In nonlinear panel data models the population problem (3.1)
generally does not have closed form solution, so we need to rely on
asymptotic arguments to characterize the terms in the expansion
of the bias (3.2) and to justify the validity of the corrections.

4.1. Asymptotic distribution of model parameters

We consider panel models with scalar individual and time ef-
fects that enter the likelihood function additively through w;; =
o; + ¥;. In these models the dimension of the incidental parame-
ters is dim ¢yt = N +T. The leading cases are single index models,
where the dependence of the likelihood function on the parame-
ters is through an index X;, 8 + o; + y;. These models cover the
probit and Poisson specifications of Examples 1 and 2. The addi-
tive structure only applies to the unobserved effects, so we can al-
low for scale parameters to cover the Tobit and negative binomial
models. We focus on these additive models for computational and
analytical tractability, because we can establish the consistency of
the fixed effects estimators under a concavity assumption in the
log-likelihood function with respect to all the parameters.

The parametric part of our panel models takes the form

log fy (Yie | Xit, i, ve, B) =t Lie (B, Tir)- (4.1)
We denote the derivatives of the log-likelihood function ¢; by
Iplic(B, ) = 3L (B, )/3P, dpp Lue(B, ) = 9*Lu(B, )/ (O
08", 0zali(B, w) = 0% (B, m)/0n%, q = 1, 2, 3, etc. We drop
the arguments 8 and & when the derivatives are evaluated at the
true parameter values B° and 7 = o + ¥, eg. 9raliy =
Dralic (BC, T; ) We also drop the dependence on NT from all the
sequences of functions and parameters, e.g. we use £ for Lyr and

¢ for ¢NT-
We make the following assumptions:
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Assumption 4.1 (Panel Models). Let v > 0 and u > 4(8 + v)/v.
Let & > 0 and let B2 be a subset of RU™A*1 that contains an &-

neighborhood of (8°, ) forall i, t, N, T."!

(i) Asymptotics: we consider limits of sequences where N/T —
k2,0 <k <00,asN, T — oo.

(ii) Sampling: conditional on ¢, {(Y/.X[) : 1 < i < N}is
independent across i and, for each i, {(Yj, X)) : 1 <t < T}
is a-mixing with mixing coefficients satisfying sup; a;(m) =
O(m~*)asm — oo, where

a;(m) := sup sup [P(AN B) — P(A)P(B)|,

t i i
AEA[,BE£r+m

and for Z; = (Yi, Xit), Ai is the sigma field generated
by (Zi,Zi¢-1,...), and :8;' is the sigma field generated by
Zits Zit11s - - ).

(iii) Model: for X! = {X;s : s = 1,...,t}, we assume that for all
i,t,N, T,

Yie | Xi, &, B ~ expl[lu(B, oti + o).

The realizations of the parameters and unobserved effects that
generate the observed data are denoted by 8° and ¢°.

(iv) Smoothness and moments: We assume that (8,7) +>
Li (B, ) is four times continuously differentiable over :BS
a.s. The partial derivatives of ¢;(8, 7) with respect to the
elements of (8, ) up to fourth order are bounded in absolute
value uniformly over (8, 7) € :82 by a function M(Z;) > 0
a.s., and max; ; E4[M (Zi)®*V] is a.s. uniformly bounded over
N,T.

(v) Concavity: ForallN, T, (B, ¢) + L(B.¢) = (NT)"'>{}_;,
Lic(B, ai+y) —b(v'¢)? /2} is strictly concave over R4mA+N+T
a.s. Furthermore, there exist constants by, and byax such that
forall (B,7) € B2,0 < bpin < —Ey [9,28i(B. 7)] < bmax
a.s. uniformly overi, t, N, T.

Remark 1 (Assumption 4.1). Assumption 4.1(i) defines the large-
T asymptotic framework and is the same as in Hahn and
Kuersteiner (2011). The relative rate of N and T exactly balances
the order of the bias and variance producing a non-degenerate
asymptotic distribution.

Assumption 4.1(ii) does not impose identical distribution nor
stationarity over the time series dimension, conditional on the
unobserved effects, unlike most of the large-T panel literature,
e.g., Hahn and Newey (2004) and Hahn and Kuersteiner (2011).
These assumptions are violated by the presence of the time effects,
because they are treated as parameters. The mixing condition is
used to bound covariances and moments in the application of laws
of large numbers and central limit theorems—it could replaced by
other conditions that guarantee the applicability of these results.

Assumption 4.1(iii) is the parametric part of the panel model.
We rely on this assumption to guarantee that dg¢;; and 9, £; have
martingale difference properties. Moreover, we use certain Bartlett
identities implied by this assumption to simplify some expressions,
but those simplifications are not crucial for our results. We provide
expressions for the asymptotic bias and variance that do not apply
these simplifications in Remark 3.

Assumption 4.1(iv) imposes smoothness and moment condi-
tions in the log-likelihood function and its derivatives. These con-
ditions guarantee that the higher-order stochastic expansions of

11 por example, B2 can be chosen to be the Cartesian product of the -ball around
B° and the interval [7min, Tmax], With Tmin < 7 — € and e > i + & for all
i,t, N, T. We can have myj, = —o0 and mp,x = 00, as long as this is compatible
with Assumption 4.1(iv) and (v).

the fixed effect estimator that we use to characterize the asymp-
totic bias are well-defined, and that the remainder terms of these
expansions are bounded.

The most commonly used nonlinear models in applied eco-
nomics such as logit, probit, ordered probit, Poisson, and Tobit
models have smooth log-likelihoods functions that satisfy the
concavity condition of Assumption 4.1(v), provided that all the
elements of X;; have cross sectional and time series variation. As-
sumption 4.1(v) guarantees that 8% and ¢° are the unique solution
to the population problem (2.1), that is all the parameters are point
identified.

To describe the asymptotic distribution of the fixed effects
estimator f, it is convenient to introduce some additional notation.
Let # be the (N + T) x (N + T) expected Hessian matrix of the
log-likelihood with respect to the nuisance parameters evaluated
at the true parameters, i.e.

% %

'}f(aa) ‘%(ay) +

% %

[‘%)(w)], ‘}f(w) vNT

where ﬁ:ﬂaa) = d'ﬁiZt Ed’[_anzzit])/\’ NT, ﬁ:ﬂay)it =
Ep[—0,2Lie]//NT, and #,,, = diag(}_"; Eg[—0,2£])/~/NT.
Furthermore, let ﬁ@x) ﬁ(;ly), ﬁ;‘x), and ﬁg,]y) denote the N x N,

N x T,T x Nand T x T blocks of the inverse # ' of 7. We define
the dim B-vector & and the operator Dgq as

H = Ey[—dpp L] = ( vy, (4.2)

§]

1 & — 1 — 1
Y > (” @aii T Hyayg
j=1 =1

—1 —-1
T Hayyie + ‘}((y)/)tr) Ey (9pnlic)

Dgralis = 0gralic — O, q+1Li S, (4.3)

with ¢ = 0, 1, 2. The kth component of Zj corresponds to the
population least squares projection of Ey(9g,x £ic)/E¢(9,2£i) on
the space spanned by the incidental parameters under a metric
given by Ey(—0,24;), i.e.

~ * *
Eitk = QT Vg

(e, v7) = argmin Y " Ey(—0,2£1)

Ui ks> Ytk it

Ey (35, i 2
o (M _ai,k_l/t,k> .
Ey(9,20i)

The operator Dgq partials out individual and time effects in non-
linear models. It corresponds to individual and time differencing
when the model is linear. To see this, consider the normal lin-
ear model Yy | Xf, o,y ~ N(X;,B + @ + y:, 1). Then, & =
T Y Eg[Xal N1 0, B [Xi = (NT) ™' 00, Yo EglXal,
Dgliy = —Xiceit, Dgnlic = —Xir, and Dg 28 = 0, where & =
Yi — X;;B — ;i — yr and )~(l-[ = Xi — E} is the vector of individual
and time demeaned explanatory variables.

The following theorem establishes the asymptotic distribution
of the fixed effects estimator f.

Theorem 4.1 (Asymptotic Distribution of E). Suppose that Assump-
tion 4.1 holds, that the following limits exist

T T T
> > Eg (9:LieDprlic) + % Y Ey(Dgr2tir)
=1

T
i=1 Z IE¢ (anzﬁit)
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> T N
N,T—00 t=1 SE (3n25ir)
i=1
o 1 N T
W = NPTIEHQO |:_NT ; ;qu (8,3,3/&[ - 3 24; t:,t._,”):| R

and that W, > 0. Then,
VNT (B = B°) =4 W, N (kBoo + & 'Dog, Weo),

sothat B., = W_ Boo, D, = W Doo, and Vs = W in(3.2) and

(3.3).

Remark 2. The complete proof of Theorem 4.1 is provided in the
Appendix. Here we point out why the argument for the consistency
proof in models with only individual effects does not apply to our
setting, give a heuristic derivation of the asymptotic distribution,
and highlight where some of the assumptions are used in the proof.

(i) The consistency proof for models with only individual effects
relies on partitioning the log-likelihood in the sum of
individual log-likelihoods that depend on a fixed number of
parameters, the model parameter 8 and the corresponding
individual effect «;. The maximizers of the individual log-
likelihood are then consistent estimators of all the parameters
as T becomes large by standard arguments. This approach
does not work in models with individual and time effects
because there is no partition of the data that is only affected
by a fixed number of parameters, and whose size grows with
the sample size.

In the following we give a heuristic discussion of the
asymptotic distribution result for 8. A first-order Taylor series
expansion to approximate the first order conditions of (2.8)
around 8° gives

0 = LB P(B)) ~ dpL(B°, $°)
— Woo/NT(B — 8°), (4.4)

where ¢° ¢(,3°) A second-order Taylor series expansion to
approximate d.£(8°, ¢°) around ¢° yields

3pL(B°, §°) ~ 35 L(B°, 8°) + dpy L (B, 9°)[P° — ¢°]

(ii

=

dim¢
) g LB $O1° — 91102 — 0172,
g=1

where the first term has zero mean and determines the
asymptotic variance, and the second and third term determine
the asymptotic bias. Thus, by the central limit theorem and the
information equality,

LB, 9°) —a N (0, Weo).
The second and third terms satisfy

g L(B°, 9OV [@° — ¢°]

dim ¢
+ D Opgrog LB 060 — ¢°IBg — $91/2
g=1

~ /NT(Bso/T + Duo /N),

where By, and D, are characterized from a second-order
Taylor series expansion to approximate ¢>° around ¢°. We
refer to the Appendix for the details of this derivation. There
we show that By, and D, originate from the elements of
¢° corresponding to the individual effects and time effects,

respectively. Plugging those results into (4.4), and solving for

VNT (B — B°) yields
VNT(B - % ~ W

"[05L(B°, ¢°) + Boo/N/T
4 Door/T/N]1 =4 W, N (kBoo + &~ 'Doos Woo).

This derivation shows that the source of the bias is that the
score dgL(B, qb(ﬁ)) is not centered at zero when 8 = p°.
This problem arises from the substitution of the incidental
parameter ¢ by the sample analog qbo that has a rate of
convergence slower than +/NT. Thus, B, originates from the
estimators of the individual effects in ¢, which have rate of
convergence ~/T; whereas D, originates from the estimators
of the time effects in ¢, which have convergence rate VN.

(iii) The two key assumptions in the derivation of the asymptotic
distribution are the additive separability of «; and y; in
Assumption 4.1(iii) and the concavity in Assumption 4.1(v).
We resort to concavity to prove consistency of 8 and to
bound the remainder terms in all the expansions. Additive
separability is convenient to characterize the order of the
inverse average Hessian, #, defined in (4.2). This inverse
Hessian features prominently in the second-order Taylor
series expansion of ¢° around ¢° used to characterize B, and
Do

It is instructive to evaluate the expressions of the bias in our
running examples.

Example 1 (Binary Response Model). In this case

Cie(B, ) = Yir log F(X;, B + ) 4 (1 — Yir) log[1 — F(X;; 8 + )],
so that 3, £y = H;t(Yie — Fir), 9gLic = 07 £itXir, 0,28ir = —H;tOF; +
OHi: (Yir — Fir), 0pprlic = 0,28 XX}y, Oplic = 0,283 Xie, 0,38 =
—thazFxt — 20H;;0F; + aszt(Ynt — Fy), and 3,37125[ = 034X,
Where Htt - aFl[/[Flt(l - Flt)] and a]GIt = a]G(Z)|Z X’ ﬂ0+71 fOl‘

any function G and j = 0, 1, 2. Substituting these values in the
expressions of the bias of Theorem 4.1 yields

T ~
> Ey[Hit0?FieXic]

- 1 S
By = plim | —— —
oo N,T—o0 2N Z

where w; = H;0F; and )~(,»t is the residual of the population
projection of X;; on the space spanned by the incidental parameters
under a metric weighted by E4 (w;). For the probit model where all

the components of X;; are strictly exogenous,

T ~ -~
B 1 N Z:l ]E¢ [witXi[X,'/t]
N,T—o0 i1 E
Z ¢ (@it)
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™M=

Eg [wltXIrX,f]

= . 1 ! i=1 0
Do = plim —TZ B.

N,T—o0 =1

Mz

Eg (wit)

Il
-

i

The asymptotic bias is therefore a positive definite matrix
weighted average of the true parameter value as in the case of the
probit model with only individual effects (Fernandez-Val, 2009).

Example 2 (Poisson Model). In this case
Lie(B, ) = (Xi;B + 7)Yir — exp(X; B + )

so that 9, ¢ = Yir — wy, 8,3£,»t = 0, LitXit, 8n2€it = 8N3K,»t = —wj,
8,3ﬁ/£l-t = anéitx,-txi’t, and Bﬂﬂﬁit = 3/37,25,-[ = 87,35,-[Xl-t, where
wjr = exp(. ,f[ﬁo—i—nfg).Substituting these values in the expressions
of the bias of Theorem 4.1 yields

i i Eg [(Yir - a)it)wir;{ir]

— log Yi!,

N, T— N — T
= =1 Z Ey (wir)
t=1
_ 1 N - .
We = plim | — EglwiXiX, 1],
o0 Np_[_}()o NT l:Z] ; ¢[ it At ,t]

and Dy, = 0, where Xj is the residual of the population projection
of X;; on the space spanned by the incidental parameters under a
metric weighted by E4 (w;;). If in addition all the components of X;;
are strictly exogenous, then we get the no asymptotic bias result
By = Do = 0.

Remark 3 (Bias and Variance Expressions for Conditional Moment
Models). In the derivation of the asymptotic distribution, we apply
Bartlett identities implied by Assumption 4.1(iii) to simplify the
expressions. The following expressions of the asymptotic bias and
variance do not make use of these identities and therefore remain
valid in conditional moment models that do not specify the entire
conditional distribution of Yj:

t=

T T

> Egl(02€i)*1 Y- Eg(Dgr2lic)
=1

- Li; Ey (37[2%)}2

e I
-
I

+ — plim 2
2 NT—o0 p—
Z]Etﬁ (an Zlf)
i=1
— S e
Voo =W, 2oW,
o 1N T
2. = plim EZZZE‘P [Dptic(Dptin)'] |,
N.T—o00 i=1 t=1 t=1

and W is the same as in Theorem 4.1.

For example, consider the Poisson fixed effects estimator in the
conditional mean model E[Y;; | X/, ¢, 8] = wi = exp(X;8 +
a; + ¥¢). Applying the previous expressions to £ (8, 7) = (X, +
7)Yy — exp(X;, 8 + ) — logY;! yields the same expressions for
Boo, Doo, W as in Example 2, and

Z Z Eg [(YU wit) X,[Xnﬂ ;

.Qoo:plim|:
i=1 t=1

N,T—o0

where )~(it is defined as in Example 2. If all the components of X;; are
strictly exogenous, then we get again the no asymptotic bias result
Boo = Do = 0.

4.2. Asymptotic distribution of APEs

In nonlinear models we are often interested in APEs, in addition
to model parameters. These effects are averages of the data,
parameters and unobserved effects; see expression (2.2). For the
panel models of Assumption 4.1 we specify the partial effects as
AXit, B, i, ve) = Ai(B, mie). The restriction that the partial
effects depend on «; and y; through s; is natural in our panel
models since

E[Y; | Xi[, ai, Vi, Bl = /}’EXP[Eir(,By mir)1dy,

and the partial effects are usually defined as differences or
derivatives of this conditional expectation with respect to the
components of X;.. For example, the partial effects for the binary
response and Poisson models described in Section 2 satisfy this
restriction.

The distribution of the unobserved individual and time effects
is not ancillary for the APEs, unlike for model parameters. We
therefore need to make assumptions on this distribution to define
and interpret the APEs, and to derive the asymptotic distribution of
their estimators. We control the heterogeneity of the partial effects
assuming that the individual effects and explanatory variables
are identically distributed cross sectionally and/or stationary over
time. If (X, o, y;) is identically distributed over i but can be
heterogeneously distributed over t, then E[A;] = 82, and 85, =

-1 2[21 (S? changes only with T. If (X, «;, y;) is stationary over
t but can be heterogeneously distributed over i, then E[A;;] = 8?,
and 8%, = N~ YN, 8 changes only with N. Finally, if (X, &, )
is identically distributed over i and stationary over t, then E[A;;] =
8nr. and 85, = 8° does not change with N and T. We also impose
smoothness and moment conditions on the function A that defines
the partial effects. We use these conditions to derive higher-order
stochastic expansions for the fixed effect estimator of the APEs and
to bound the remainder terms in these expansions. Let {a;}y =
{ai : 1 <i<Nh{phr ={y: 1 <t <T}and {Xi, o, YeJnr =
{Xie, i, 0) 1 1<i<N, 1<t <Th

Assumption 4.2 (Partial Effects). Let v > 0, € > 0, and B all be as
in Assumption 4.1.
(i) Sampling: for all N, T, {Xi, o, ¥ }nr is identically distributed
across i and/or stationary across t.'
(ii) Model: for alli, t, N, T, the partial effects depend on ¢; and y;
through o; + y;:

AXie, B, ai, yo) = Aie(B, i + ¥p).

The realizations of the partial effects are denoted by A; =
Ai[(ﬂo’ ajo + yt0)~

12 1n the working paper version, Fernandez-Val and Weidner (2015a), we also
consider inference conditional on the unobserved effects by assuming that {o;}y
and {y;}r are deterministic sequences.
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(iii) Smoothness and moments: The function (8, 7) — A (B8, )
is four times continuously differentiable over 8? a.s. The
partial derivatives of A; (8, ) with respect to the elements
of (B8, ) up to fourth order are bounded in absolute value
uniformly over (8, 7) € :82 by a function M(Z;) > 0 as.,
and max; ; E4[M (Zi)¥* "] is a.s. uniformly bounded over N, T.

(iv) Non-degeneracy and moments: 0 < min,-,t[IE(Aizt) —
E(Ai)*] < max;[E(A%) — E(Ax)?] < oo, uniformly over
N, T.

Analogous to &j; in Eq. (4.3) we define
e T
it =T (ae)ij (ya)y
NT j=1 =1

——1 ——1

+ T e + Jf(yy)”> 3 A, (45)
which is the population projection of 9, Ay /Eg[0,2¢€;] on the
space spanned by the incidental parameters under the metric given
by E4[—0,2£;:]. We use analogous notation to the previous section
for the derivatives with respect to 8 and higher order derivatives

with respect to .
Let 8y, and 6 be the APE and its fixed effects estimator, defined
as in Egs. (2.2) and (2.9) with A(X;¢, B8, @i, y1) = Ai (B, o + ¥,). ">
The following theorem establishes the asymptotic distribution of

-~

Theorem 4.2 (Asymptotic Distribution of §). Suppose that the
assumptions of Theorem 4.1 and Assumption 4.2 hold, and that the
following limits exist:

. , 1 L
(Dg4),, = plim |:NT ZZEqb(aﬂAit - EitanAit):| ,

N.T—o0 i=1 t=1

—5 ) ——1=
B, = (DpA) W, B

B T T
10N Z Z Ey (anzitanzzir ‘plr)
+ plim | = yo== -
N,T—o0 i— Z E¢ (3712&[)
- t=1
B T
Y [Bg (872 Air) — By (33€i0) By (i) ]
— plim L =
NT—oo | 2N = T ’
> Eg (326k)
L t=1

D., = (Dp ), WD

+ plim N
N.T—c0 =1 S E, (a,rzzn)

— plim
N, T—o0 t=1

S[=
T

| [E5) 5

N, T—o0

+XN:XT:F,¢F1;”,

i=1 t=1

13 We keep the dependence of 8% on NT to distinguish 8%, from §° =
limNyT‘)QO (SI(\)IT

for some deterministic sequence ryy — oo such that ryy =
©O(~/NT) and Vio > 0, where Ay = Ay — E(Ay) and T}y =
_ —1

(DﬂA)ooWoo Dﬂﬁit — E¢ (Wit)aﬂﬂit. Then,

~ 150 =) —8
N (8 — 85y — T "By —N7'D_ ) =4 N (0, V).

Remark 4 (Convergence Rate, Bias and Variance). To understand
the asymptotic distribution of § is useful to decompose

8= 0% =[5 81418 — 831,

where § = (NT)"' YN, >"[_, Ay. In this decomposition the
first term captures variation due to parameter estimation, whereas
the second term captures variation due to estimation of a pop-
ulation mean by a sample mean. Under Assumption 4.2(iv) the
convergence rate ryr is determined by the convergence rate of
§ — 51(\)11- which depends on the sampling properties of the unob-
served effects. For example, if {«;}y and {y;}r are independent se-
quences, and «; and y; are independent for all i, t, then ryy =

JNTJ(N+T —=1),and

T T
[Z E(Aedi) + ) ) E(Ad))
tr=1 j#i t=1
T
+ DB | ¢ -
t=1

. =5
In the expression of V , the first two terms come from § — 85,

whereas the last term comes from 8 — &. The first two terms of Vio
are of order NT(T + N — 1)r2./(NT)? = @ (1) by construction, the
last term ofVio is of order NTr?, /(NT)? = O(T~' + N~'), and the
asymptotic bias rNT(T”EiO —I—N‘lﬁ;) isoforderryp (T™'+N~1) =
©(T~/2 4 N=Y2), Thus, the bias and variance coming from pa-
rameter estimation are asymptotically negligible relative to the
variances coming from the estimation of a population mean by a
sample mean. In numerical examples, however, we find that cor-
recting the mean and variance for parameter estimation improves
the finite-sample estimation and inference properties of the APE
estimators.

Remark 5 (Average Effects from Bias Corrected Estimators). The

first term in the expressions of the biases Eio and 5800 comes
from the bias of the estimator of $. It drops out when the APEs
are constructed from asymptotically unbiased or bias corrected
estimators of the parameter 8, i.e.

5= AB, ¢(B)),
where B is such that VNT(B — B° —4N(0, W;l). The asymptotic

variance of § is the same as in Theorem 4.2.

In the following examples we assume that the APEs are
constructed from asymptotically unbiased estimators of the model
parameters.

Example 1 (Binary Response Model). Consider the partial effects
defined in (2.3) and (2.4) with

Ai(B, ) = F(B + Xip Bk + 1) —F(X;; B+ ) and
Ait(ﬂ’ 7T) = ,BkaF(Xl/t,B + 7.[)-
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Using the notation previously introduced for this example, the
components of the asymptotic bias of § are

T T ~
1N > X Ey (Hi(Yie — Fi)wir ¥ic)
Bio= plim 7Zt=1r=[+1
N,T—o0 N i— T
> Ey (wir)
=1

T
g - 92F: .
T
> Eg(Wie)Eg (Hie0°Fie) + Eg (052 Air)

T
= > Ey (wir)
=1

N
Z Eqﬁ(lplt)Egb(Htta Flt)

N
> Ey (wir)
=

where @, is the residual of the population regression of
—0r At /Eg[wic] on the space spanned by the incidental parame-
ters under the metric given by E¢[w;]. If all the components of X;;

. ) = .
are strictly exogenous, the first term of B_ is zero.

Example 2 (Poisson Model). Consider the partial effect

Aie(B, ) = gie(B) exp(Xp B + 7).

where g;; does not depend on 7. For example, g (8) = B+ Bih(Zi)
in (2.5). Using the notation previously introduced for this example,
the components of the asymptotic bias are

T
S N Z Eg [(Yie — o) i i ]
B, = plim Z s1r=t ,
N,T—o0 — T
= > Eg (i)
t=1
and 5‘; = 0, where g;; is the residual of the population projection

of g;; on the space spanned by the incidental parameters under a
metric weighted by E4[w;]. The asymptotic bias is zero if all the
components of X;; are strictly exogenous or g;;(8) is constant. The
latter arises in the leading case of the partial effect of the kth com-
ponent of X;; since gi:(8) = Bi. This no asymptotic bias result ap-
plies to any type of regressor, strictly exogenous or predetermined.

4.3. Bias corrected estimators

The results of the previous sections show that the asymptotic
distributions of the fixed effects estimators of the model parame-
ters and APEs can have biases of the same order as the variances
under sequences where T grows at the same rate as N. This is the
large-T version of the incidental parameter problem that invali-
dates any inference based on the fixed effect estimators even in
large samples. In this section we describe how to construct ana-
lytical and jackknife bias corrections for the fixed effect estimators
and give conditions for the asymptotic validity of these corrections.

The jackknife correction for the model parameter § in Eq.
(3.4) is generic and applies to the panel model. For the APEs, the
jackknife correction is formed similarly as

Sur = 38T — On.1/2 — njats

where SN_T /2 is the average of the 2 split jackknife estimators of the
APE that use all the individuals and leave out the first and second
halves of the time periods, and éy r is the average of the 2 split
jackknife estimators of the APE that use all the time periods and
leave out half of the individuals.

The analytical corrections are constructed using sample analogs
of the expressions in Theorems 4.1 and 4.2, replacing the true
values of 8 and ¢ by the fixed effects estimators. To describe
these corrections, we introduce some additional notation. For any
function of the data, unobserved effects and parameters glq B, ai+

Yoo o + ye—j) With 0 < j < ¢, letglfj = gzt(l8 G+ VLA + 7 -
denote the fixed effects estimator, e. g- ]E¢[8 28] denotes the flxed
effects estimator of E¢[0,2¢;]. Let J(‘ .%’(;1,) #'  and #..
denote the blocks of the matrix #~
_ HE 754 b
7o = Zew A(ay)) + o,

< * * /fNT
) 20i]) /~/NT J(’(w) = diag(—)_;
—IE¢[8,,2 Z,'t]/\/ . Let

(owt)' (Va)’ ()’V)

1 where

iy = disg(— ¥, E,T0
Eg[ 8 2i]) /v NT T,and %

(ap)it =

1 N
it JNT Z Z ( (aa)u (w)tj

1 =1

)

.
Il

~_1 -
+ ﬂ(ay)zz + J{(yy)tr) E‘f’ (aﬂﬂgﬁ)'
The kth component of Eit corresponds to a least squares regression
of By (aﬁkﬂe,-[)/m(/anz\zn) on the space spanned by the incidental

parameters weighted by E, (fa;e,-[).
The analytical bias corrected estimator of 8° is

,8 = ﬂ B /T — Df /N, (4.6)
where BS, = W~'B, D, = W'D,
L —
N Z[T/(T 7]) Z ]E(b (a el[ jDﬂrr xr) Z ]Eq)(Dﬁ”zf,[)
- 1 Z j=0 t=j+1
N &= T ’
= Z ]E¢ (37.[221'[)
t=1
N — —
T [E¢ (9= LieDprtic) + 3E4 (Dﬂnzelf):l
= 1 i=1
D=-->" .
T = N —_
Y Ey (0528i)
i=1
. N T .
W=-nn"Y ) |:]E¢ pprti) — g (3,,2&[5,.[5,.’[)], (4.7)

i=1 t=1

-

and L is a trimming parameter for estimation of spectral
expectations such that L — oo and L/T — 0 (Hahn and
Kuersteiner, 2011). Here we use truncation instead of kernel
smoothing in the estimation of spectral expectations following
Hahn and Kuersteiner (2007). Note that, unlike for variance
estimation, a kernel is not needed to ensure that the bias estimator
be positive. Instead of choosing a value of L, our recommendation
for practice is to conduct a sensitivity analysis by reporting
estimates for multiple values of L starting from L = 0. From our
experience based on extensive Monte Carlo simulations, we do not
recommend values of L greater than 4, because the finite-sample
dispersion of the estimator quickly increases with L. We refer to
Section 5 for an example of sensitivity analysis with respect to
L. The factor T/(T — j) is a degrees of freedom adjustment that
rescales the time series averages T~! Zf:j 41 Dy the number of
observations instead of by T. Similar corrections for conditional
mean models can be formed using the sample analogs of the
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expressions of B, and D, in Remark 3. We do not spell out these
estimators for the sake of brevity.

Asymptotic (1 — p)-confidence intervals for the components of
B can be formed as

Bt £ 21| W' /(NT), k= {1,

where z,_, is the (1 — p)—quantile of the standard normal
distribution, and Wk; is the (k, k)- element of the matrix W~1. In

conditional mgment models we replace Wkk by the (k, k)-element
of the matrix W' QW ", where

, dim B},

. 1 M TILT .
2=—23 3" "Ey[Dptu(Dptir)].
NT & 4~ =
i=1 t=1 =1

We have implemented the analytical correction at the level of
the estimator. Alternatively, we can implement the correction at
the level of the score or first order conditions by solving

(NT)"V285£(8, $(8)) = B/T +D/N, (48)

for B. Global concavity of the objective function guarantees that
the solution to (4.8) is unique. Other possible extensions such as
continuously updated score corrections where B,, and D, are
estimated together with §, corrections at the level of the objective
function, or iterative corrections are left to future research.

The analytical bias corrected estimator of 83 is

" =35-B/T —D°/N,

where § is the APE constructed from a bias corrected estimator of
89 Let

- 1 T
Bu= = 30 Rkt Ty

j=1 =1

+ A+ J(’(W)”) 3z Ay

(ay)lr

The fixed effects estimators of the components of the asymptotic
bias are
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The estimator of the asymptotic variance depends on the sampling
properties of the unobserved effects. Under the independence
assumption of Remark 4,

2 N T
S5 rNT - = - =
Vi = N2T2 . Z Aiedir + Z / 4i Aﬁ

i=1 [ r,r=1 t=1 j#i
T —
+Y Mn-frig)} : (49)
t=1
where :A:,vt = Ay — N1 Zf': . Ay under identical distribution
over i Ay = Zit — T ZZ:] Zit under stationarity over t, and
Ay = Zit — 3 under both. Note that we do not need to specify

the convergence rate ryr to make inference because the standard

errors V'V /Tyt do not depend on ryr. Bias corrected estimators
and confidence intervals can be constructed in the same fashion as
for the model parameter.

We use the following homogeneity assumption to show the
validity of the jackknife corrections for the model parameters and

APEs. It implies that EN,T/Z — Bar = Efo/T +o0p(T"'v N1 and

EN/“ — Bar = Ego/N + op(T~' v N1, which are weaker but
higher level sufficient conditions for the validity of the jackknife
for the model parameter. For APEs, Assumption 4.3 also ensures
that these effects do not change with T and N, i.e. 83, = 8°. The
analytical corrections do not require this assumption.

Assumption 4.3 (Unconditional Homogeneity). The sequence {(Yj,
Xit, i, 1) : 1 <i <N, 1<t < T}isidentically distributed across
i and strictly stationary across t, for each N, T.

This assumption might seem restrictive for dynamic models
where X;; includes lags of the dependent variable because in
this case it restricts the unconditional distribution of the initial
conditions of Y. Note, however, that Assumption 4.3 allows the
initial conditions to depend on the unobserved effects. In other
words, it does not impose that the initial conditions are generated
from the stationary distribution of Y; conditional on X and ¢.
Assumption 4.3 rules out time trends and structural breaks in the
processes for the unobserved effects and observed variables.

Remark 6 (Test of Homogeneity). Assumption 4.3 is a sufficient
condition for the validity of the jackknife corrections. It has the
testable implications that the probability limits of the fixed effects
estimator are the same in all the partitions of the panel. For
example, it implies that B} ; , = Bf 7, Where ﬂN 12 and /31\1 T2
are the probability limits of the flxed effects estlmators of B in the
subpanels that include all the individuals and the first and second
halves of the time periods, respectively. These implications can be
tested using variations of the Chow-type test proposed in Dhaene
and Jochmans (2015). We provide an example of the application
of these tests to our setting in Section S.1.1 of the supplemental
material.

The following theorems are the main results of this section.
They show that the analytical and jackknife bias corrections
eliminate the bias from the asymptotic distribution of the fixed
effects estimators of the model parameters and APEs without
increasing variance, and that the estimators of the asymptotic
variances are consistent.

Theorem 4.3 (Bias Corrections for :3). Under the conditions

of Theorem 4.1,

W —p W,

and, if L - coand L/T — 0,

VNT (B = B%) =4 N (0, W)

Under the conditions of Theorem 4.1 and Assumption 4.3,

VNT (B

—1
— B9 —=a N O, W).

Theorem 4.4 (Bias Corrections forg). Under the conditions of Theo-
rems 4.1 and 4.2,

VS —>p Vic B

and, if L - coandL/T — 0,

~ —8
r (8% — 8%) —a N (0, V).
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Under the conditions of Theorems 4.1 and 4.2, and Assumption 4.3,

v (® — 8% > N (0, V).

Remark 7 (Rate of Convergence). The rate of convergence ryr
depends on the properties of the sampling process for the
explanatory variables and unobserved effects (see Remark 4).

5. Monte Carlo experiments

This section reports evidence on the finite sample behavior of
fixed effects estimators of model parameters and APEs in static
models with strictly exogenous regressors and dynamic mod-
els with predetermined regressors such as lags of the dependent
variable. We analyze the performance of uncorrected and bias-
corrected fixed effects estimators in terms of bias and inference ac-
curacy of their asymptotic distribution. In particular we compute
the biases, standard deviations, and root mean squared errors of
the estimators, the ratio of average standard errors to the simu-
lation standard deviations (SE/SD); and the empirical coverages of
confidence intervals with 95% nominal value (p; .95).'* Overall, we
find that the analytically corrected estimators dominate the uncor-
rected and jackknife corrected estimators.' A possible explanation
for the better finite-sample performance of the analytical over the
jackknife corrections is that the jackknife increases dispersion be-
cause the components of the bias are estimated from subsamples
that include half of the observations of the panel. We observe this
variance increase in all our numerical examples, specially in short
panels. The jackknife corrections are also more sensitive than the
analytical corrections to Assumption 4.3. All the results are based
on 500 replications. The designs correspond to static and dynamic
probit models. As in the analytical example of Section 3.3, we find
that our large T asymptotic approximations capture well the be-
havior of the fixed effects estimator and the bias corrections in
moderately long panels with N =56 and T = 14.

5.1. Static probit model

The data generating process is
Yitzl{xitﬁ-"_ai-"_yf >8if}9 (1: 17'~-9N; tz]s--'vT),

where o; ~ N (0, 1/16), ¥ ~ N(0,1/16), & ~ N (0, 1), and
B = 1. We consider two alternative designs for X;;: autoregressive
process and linear trend process both with individual and time
effects. In the first design, Xiy = Xi-1/2 + i + ¢ + vir, vie ~
N (0, 1/2), and Xjp ~ N (0, 1). In the second design, X;; = 2t/T +
o + ¥ + vi, vir ~ N(0, 3/4), which violates Assumption 4.3. In
both designs X;; is strictly exogenous with respect to &;; conditional
on the individual and time effects. The variables «;, y%, €it, Ui, and
Xjp are independent and i.i.d. across individuals and time periods.
We generate panel data sets with N = 56 individuals and three
different numbers of time periods T: 14, 28 and 56.'°

Table 3 reports the results for the probit coefficient 8, and
the APE of X;;. We compute the APE using (2.4). Throughout the
table, MLE-FETE corresponds to the probit maximum likelihood

14 The standard errors are computed using the expressions (4.7) and (4.9) with

Ay = Zit — :S\ evaluated at uncorrected estimates of the parameters. We find
little difference in performance of constructing standard errors based on corrected
estimates.

15 Kristensen and Salanié (2013) also found that analytical corrections dominate
jackknife corrections to reduce the bias of approximate estimators.

16 Following a suggestion from an anonymous referee, we obtained results for
panel data sets with T = 56 and N in {14, 28, 56}. These results are similar to the
results reported and are available from the authors upon request.

estimator with individual and time fixed effects, Analytical is the
bias corrected estimator that uses the analytical correction, and
Jackknife is the bias corrected estimator that uses SP] in both the
individual and time dimensions. The cross-sectional division in the
jackknife follows the order of the observations. All the results are
reported in percentage of the true parameter value.

We find that the bias is of the same order of magnitude as the
standard deviation for the uncorrected estimator of the probit co-
efficient causing severe undercoverage of the confidence intervals.
This result holds for both designs and all the sample sizes con-
sidered. The bias corrections, specially Analytical, remove the bias
without increasing dispersion, and produce substantial improve-
ments in rmse and coverage probabilities. For example, Analytical
reduces rmse by 50% and increases coverage by 26% in the first de-
signwith T = 14. Asin Hahn and Newey (2004) and Fernandez-Val
(2009), we find very little bias in the uncorrected estimates of the
APE, despite the large bias in the probit coefficients. Jackknife per-
forms relatively worse in the second design that does not satisfy
Assumption 4.3.

5.2. Dynamic probit model

The data generating process is

Yie = V{Yio1By + ZuBz + i+ v > eic}
i=1,...,N; t=1,...,T),
Yio = 1{ZjpB; + i + vo > €},

where o; ~ N (0,1/16), y ~ HN(0,1/16), ¢ ~ N(O0, 1),
By = 0.5, and B; = 1. We consider two alternative designs
for Z;;: autoregressive process and linear trend process both with
individual and time effects. In the first design, Zy = Zj(-1/2 +
o + ¥ + Vi, vie ~ N(0,1/2), and Zjy ~ N (0, 1). In the second
design, Z;; = 1.5t/T+o;+yr +vie, vie ~ N (0, 3/4), which violates
Assumption 4.3. The variables «;, y, €it, Ui, and Zjg are independent
and i.i.d. across individuals and time periods. We generate panel
data sets with N = 56 individuals and three different numbers of
time periods T: 14, 28 and 56.

Table 4 reports the simulation results for the probit coefficient
By and the APE of Y;;_;. We compute the partial effect of Y;
using the expression in Eq. (2.3) with Xit x = Yi:—1. This effect is
commonly reported as a measure of state dependence for dynamic
binary processes. Table 5 reports the simulation results for the es-
timators of the probit coefficient 8; and the APE of Z;;. We compute
the partial effect using (2.4) with Xj; = Z;;. Throughout the tables,
we compare the same estimators as for the static model. For the
analytical correction we consider two versions, Analytical (L = 1)
sets the trimming parameter to estimate spectral expectations L to
one, whereas Analytical (L = 2) sets L to two.!” Again, all the re-
sults in the tables are reported in percentage of the true parameter
value.

The results in Table 4 show important biases toward zero for
both the probit coefficient and the APE of Y; ;4 in the two designs.
This bias can indeed be substantially larger than the corresponding
standard deviation for short panels yielding coverage probabilities
below 70% for T = 14. The analytical corrections significantly
reduce biases and rmse, bring coverage probabilities close to their
nominal level, and have little sensitivity to the trimming parameter
L. The jackknife corrections reduce bias but increase dispersion,
producing less drastic improvements in rmse and coverage than
the analytical corrections. The results for the APE of Z; in Table 5

17 In results not reported for brevity, we find little difference in performance of
increasing the trimming parameters to L = 3 and L = 4. These results are available
from the authors upon request.
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Table 3
Finite-sample properties in static probit model (N = 56).
Coefficient APE
Bias Std. Dev. RMSE SE/SD p; .95 Bias Std. Dev. RMSE SE/SD p; .95
Design 1: autoregressive with individual and time effects
T=14
MLE-FETE 14 11 18 0.88 0.71 1 8 8 0.93 0.93
Analytical 1 9 9 1.05 0.97 0 8 8 0.94 0.94
Jackknife —6 11 13 0.88 0.87 1 9 9 0.80 0.87
T =28
MLE-FETE 7 7 10 0.93 0.81 1 5 5 1.02 0.96
Analytical 0 6 6 1.03 0.95 0 5 5 1.03 0.96
Jackknife -2 7 7 0.96 0.92 0 6 6 0.94 0.94
T =56
MLE-FETE 5 4 6 1.01 0.82 0 4 4 0.98 0.94
Analytical 0 4 4 1.07 0.98 0 4 4 0.98 0.94
Jackknife -1 4 4 1.00 0.95 0 4 4 0.93 0.93
Design 2: linear trend with individual and time effects
T=14
MLE-FETE 18 13 22 0.85 0.62 -3 10 10 0.76 0.85
Analytical 0 10 10 1.10 0.96 —4 10 10 0.77 0.84
Jackknife —-13 20 23 0.55 0.74 -3 11 11 0.71 0.82
T =28
MLE-FETE 8 7 11 0.93 0.79 -2 7 7 0.84 0.88
Analytical 0 7 7 1.05 0.95 -2 7 7 0.84 0.89
Jackknife -5 8 9 0.91 0.87 -2 7 7 0.81 0.87
T =56
MLE-FETE 6 5 7 0.97 0.77 0 5 5 0.85 0.89
Analytical 0 4 4 1.05 0.97 0 5 5 0.85 0.89
Jackknife -2 5 5 0.99 0.92 0 5 5 0.83 0.89
Notes: All the entries are in percentage of the true parameter value. 500 repetitions. Data generated from the probit model: Y; = 1(8Xi + o + y¢ > &), with

& ~ ii.d. N(0,1), o; ~ i.i.d. N(0, 1/16), y; ~ i.i.d. N(0,1/16) and B = 1.Indesign 1, Xy = Xir—1/2 + i + ¥+ + Vi, vir ~ i.i.d. N(0, 1/2), and X;p ~ N(0, 1). In
design 2, X;y = 2t/T + o; + ¥ + vit, and v ~ i.i.d. N(0, 3/4), independent of «;yy;. Average effect is BE[¢(BXi: + ai + y¢)], where ¢() is the PDF of the standard normal
distribution. MLE-FETE is the probit maximum likelihood estimator with individual and time fixed effects; Analytical is the bias corrected estimator that uses an analytical
correction; and Jackknife is the bias corrected estimator that uses split panel jackknife in both the individual and time dimension.

are similar to the static probit model. There are significant bias
and undercoverage of confidence intervals for the coefficient gz,
which are removed by the corrections, whereas there are little bias
and undercoverage in the APE. As in the static model, Jackknife
performs relatively worse in the second design.

6. Concluding remarks

In this paper we develop analytical and jackknife corrections
for fixed effects estimators of model parameters and APEs in
semiparametric nonlinear panel models with additive individual
and time effects. Our analysis applies to conditional maximum
likelihood estimators with concave log-likelihood functions, and
therefore covers logit, probit, ordered probit, ordered logit,
Poisson, negative binomial, and Tobit estimators, which are the
most popular nonlinear estimators in empirical economics.

We are currently developing similar corrections for nonlinear
models with interactive individual and time effects (Chen et al.,
2014). Another interesting avenue of future research is to
derive higher-order expansions for fixed effects estimators with
individual and time effects. These expansions are needed to justify
theoretically the validity of alternative corrections based on the
leave-one-observation-out panel jackknife method of Hahn and
Newey (2004).

Appendix A. Notation and choice of norms

We write A’ for the transpose of a matrix or vector A. We use 1,
for the n x n identity matrix, and 1, for the column vector of length
n whose entries are all unity. For square n x n matrices B, C, we use
B > C (or B > () to indicate that B — C is positive (semi) definite.

We write wpa1 for “with probability approaching one” and wrt for
“with respect to”. All the limits are taken as N, T — oo jointly.

As in the main text, we usually suppress the dependence on
NT of all the sequences of functions and parameters to lighten the
notation, e.g. we write J£ for £Lyr and ¢ for ¢pr. Let

3(B.9) =0 L(B, @),  H(B, @) = =0y L(B, ),

where d,f denotes the partial derivative of f with respect to x,
and additional subscripts denote higher-order partial derivatives.
We refer to the dim ¢-vector $(8, ¢) as the incidental parameter
score, and to the dim ¢ x dim ¢ matrix #(8, ¢) as the incidental
parameter Hessian. We omit the arguments of the functions when
they are evaluated at the true parameter values (8°, ¢°),e.g. # =
H(B°, ¢°). We use a bar to indicate expectations conditional on ¢,
e.g. 8ﬂf = Ey[0pL], and a tilde to denote variables in deviations
with respect to expectations, e.g. 8,35 = gL — pL.

We use the Euclidean norm ||.|| for vectors of dimension dim S,
and we use the norm induced by the Euclidean norm for the
corresponding matrices and tensors, which we also denote by
||.|l. For matrices of dimension dim 8 x dim $ this induced norm
is the spectral norm. The generalization of the spectral norm to
higher order tensors is straightforward, e.g. the induced norm of
the dim 8 x dim 8 x dim 8 tensor of third partial derivatives of

L(B, ¢) wrt B is given by

dppsL (B, )| = rax
|9pp8L(B. D) {u,verdimBjjuj=1, |lv||=1}
dim B
x Zuk v ppep L (B, D)
k,I=1

This choice of norm is immaterial for the asymptotic analysis
because dim § is fixed with the sample size.
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Table 4

Finite-sample properties in dynamic probit model: lagged dependent variable (N = 56).

Coefficient of Y; ;4 APE of Y; 14
Bias Std. Dev. RMSE SE/SD p; .95 Bias Std. Dev. RMSE SE/SD p; .95
Design 1: autoregressive with individual and time effects
T=14
MLE-FETE —43 29 52 0.94 0.64 —51 26 57 0.93 0.43
Analytical (L = 1) —4 26 26 1.07 0.96 —4 27 28 0.88 0.92
Analytical (L = 2) -3 27 27 1.01 0.95 -3 29 29 0.83 0.91
Jackknife 12 32 34 0.86 0.89 -3 33 33 0.73 0.84
T=28
MLE-FETE -20 19 28 0.96 0.80 -27 18 32 0.96 0.67
Analytical (L = 1) -3 18 18 1.04 0.95 -3 19 19 0.94 0.92
Analytical (L = 2) -1 18 18 1.01 0.94 0 19 19 0.91 0.91
Jackknife 2 19 19 0.96 0.94 -1 21 21 0.86 0.90
T =56
MLE-FETE -9 13 16 0.99 0.89 —-13 13 19 0.98 0.83
Analytical (L = 1) -1 12 12 1.03 0.95 -1 13 13 0.97 0.94
Analytical (L = 2) 0 13 13 1.02 0.95 0 14 13 0.96 0.93
Jackknife 1 13 13 0.99 0.94 1 14 14 0.92 0.93
Design 2: linear trend with individual and time effects
T=14
MLE-FETE —48 35 60 0.94 0.69 —59 28 65 0.95 043
Analytical (L = 1) —6 30 31 1.11 0.97 —11 30 32 0.88 0.88
Analytical (L = 2) —6 32 33 1.05 0.95 —11 32 34 0.83 0.87
Jackknife 8 46 47 0.73 0.86 -19 35 40 0.75 0.80
T =28
MLE-FETE -23 24 33 0.94 0.79 -33 22 39 0.93 0.61
Analytical (L = 1) —4 22 22 1.03 0.97 —6 22 23 0.90 0.90
Analytical (L = 2) -2 22 22 1.00 0.95 -5 23 24 0.87 0.90
Jackknife 1 25 25 0.87 091 —7 25 26 0.81 0.87
T =56
MLE-FETE —-11 15 19 1.01 0.89 —-17 15 23 0.97 0.78
Analytical (L = 1) -3 14 15 1.07 0.95 -3 16 16 0.96 0.94
Analytical (L = 2) -2 14 15 1.05 0.95 -2 16 16 0.95 0.94
Jackknife -1 16 16 0.95 0.94 -3 17 17 0.88 0.91

Notes: All the entries are in percentage of the true parameter value. 500 repetitions. Data generated from the probit model: Y, = 1(ByYi—1+BzZi +ai+y: > €ir), WithYjp =
1(BzZip+ai+vo > i), &ir ~ 1.i.d.N(0, 1), & ~ i.i.d.N(0, 1/16),y; ~ i.i.d.N(0, 1/16), By = 0.5,and B; = 1.Indesign 1,Zy = Z;;—1/2+ai+y:+vir, vire ~ 1.i.d. N(0, 1/2),
and Zj ~ N(0, 1).Indesign 2,Z; = 1.5t/T + vy, and v ~ i.i.d. N(0, 3/4), independent of «;yy,. Average effect is E[® (By + BzZi + i + y¢) — @ (B.Zi + «;i + y;)], where
@ () is the CDF of the standard normal distribution. MLE-FETE is the probit maximum likelihood estimator with individual and time fixed effects; Analytical (L = I) is the
bias corrected estimator that uses an analytical correction with [ lags to estimate the spectral expectations; and Jackknife is the bias corrected estimator that uses split panel

jackknife in both the individual and time dimension.

In contrast, it is important what norms we choose for vectors of
dimension dim ¢, and their corresponding matrices and tensors,
because dim ¢ is increasing with the sample size. For vectors of
dimension dim ¢, we use the £;-norm

dim ¢ 1/q

Ipllg = D Ieel”)
g=1

where 2 < q < 00.'® The particular value ¢ = 8 will be chosen
later.'” We use the norms that are induced by the £,-norm for the
corresponding matrices and tensors, e.g. the induced g-norm of the
dim ¢ x dim ¢ x dim ¢ tensor of third partial derivatives of £(8, ¢)
wrt ¢ is

|9ss0LB. )|, =

- max
{u,verdm jjujlg=1, |lvllq=1}

18 we use the letter q instead of p to avoid confusion with the use of p for
probability.

9 The main reason not to choose q = oo is the assumption ||j{7\|q = 0p(1) below,
which is used to guarantee that | #7" ||, is of the same order as Hﬁq [lq. If we

assume ||# 71|, = Op(1) directly instead of ||ﬁ_1||q = ©p(1), then we can set
q=o0.

dim ¢

X Z Ug Vh gy L(B, &)

g,h=1

(A1)
q

Note that in general the ordering of the indices of the tensor would
matter in the definition of this norm, with the first index having a
special role. However, since partial derivatives like s, 4,4, L (8, ¢)
are fully symmetric in the indices g, h, I, the ordering is not
important in their case.

For mixed partial derivatives of .£(8, ¢) wrt B8 and ¢, we use
the norm that is induced by the Euclidean norm on dim B-vectors
and the g-norm on dim ¢-indices, e.g.

0 =
|8gs0ssL (. #)], L S

X - max
{w.xeRAM® Y g=1, |xllg=1}

dim 8 dim ¢

Z Z Ui Vi Wg Xn Oppigggn LB, D) ||

kI=1g,h=1 0

(A2)

where we continue to use the notation ||.||4, even though this is a
mixed norm.
Note that for w, x € R4™¢ and q > 2,

: -2
[w'x| < wllqlXllg/q-1) < (dim @) @=>7|[w|q 1]l
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Table 5
Finite-sample properties in dynamic probit model: exogenous regressor (N = 56).

Coefficient of Z;, APE of Z;;
Bias Std. Dev. RMSE SE/SD p; .95 Bias Std. Dev. RMSE SE/SD p; .95
Design 1: autoregressive with individual and time effects
T=14
MLE-FETE 19 12 22 0.91 0.57 5 9 10 0.90 0.88
Analytical (L = 1) 2 10 10 1.11 0.97 2 9 9 0.91 0.92
Analytical (L = 2) 2 10 10 1.10 0.97 2 9 9 091 0.92
Jackknife -7 12 14 0.88 0.85 4 10 11 0.80 0.84
T =28
MLE-FETE 10 7 12 0.94 0.69 3 6 7 0.94 0.92
Analytical (L = 1) 7 7 1.05 0.97 1 6 6 0.95 0.95
Analytical (L = 2) 1 7 7 1.04 0.97 1 6 6 0.95 0.94
Jackknife -2 7 8 0.94 0.91 1 7 7 0.88 0.91
T =56
MLE-FETE 6 5 8 0.98 0.77 1 5 5 0.95 0.92
Analytical (L = 1) 0 4 4 1.05 0.97 0 5 5 0.96 0.94
Analytical (L = 2) 0 4 4 1.05 0.97 0 5 5 0.96 0.94
Jackknife -1 5 5 0.98 0.95 0 5 5 0.92 091
Design 2: linear trend with individual and time effects
T=14
MLE-FETE 19 13 23 0.86 0.62 -3 11 11 0.75 0.83
Analytical (L = 1) 1 10 10 1.13 0.97 -3 11 11 0.76 0.83
Analytical (L = 2) 1 10 10 1.12 0.97 —4 11 11 0.75 0.82
Jackknife —16 22 27 0.52 0.70 -2 12 12 0.67 0.80
T =28
MLE-FETE 10 8 13 0.88 0.72 -2 8 8 0.83 0.86
Analytical (L = 1) 1 7 7 1.01 0.96 -2 8 8 0.83 0.87
Analytical (L = 2) 1 7 7 1.01 0.96 -2 8 8 0.83 0.87
Jackknife —4 8 9 0.90 0.87 -2 8 8 0.79 0.86
T =56
MLE-FETE 6 5 8 0.89 0.73 -1 6 6 0.83 0.90
Analytical (L = 1) 0 5 5 0.98 0.95 -1 6 6 0.84 0.90
Analytical (L = 2) 0 5 5 0.98 0.95 -1 6 6 0.83 0.90
Jackknife -2 5 5 0.94 0.92 -1 6 6 0.83 0.89
Notes: All the entries are in percentage of the true parameter value. 500 repetitions. Data generated from the probit model: Yy = 1(ByYi—1 + BzZir + i + y¢ > &ir), with
Yo = 1B:Zio + i + vo > &), & ~ LLd. N(O, 1), ~ Lid. N(0,1/16), y ~ Lid.N(0,1/16), By = 0.5,and p; = 1.Indesign 1, Zy = Zi(—1/2 + & + ¥ + vie,

vie ~ i.i.d. N(0, 1/2),and Zjy ~ N(0, 1).Indesign 2, Zy = 1.5t/T + vy, and v; ~ i.i.d. N(0, 3/4), independent of «;yy;. Average effect is 8zE[¢(ByYi -1 + BzZit + i + ¥i)],
where ¢() is the PDF of the standard normal distribution. MLE-FETE is the probit maximum likelihood estimator with individual and time fixed effects; Analytical (L = I) is
the bias corrected estimator that uses an analytical correction with [ lags to estimate the spectral expectations; and Jackknife is the bias corrected estimator that uses split

panel jackknife in both the individual and time dimension.

Thus, whenever we bound a scalar product of vectors, matrices and
tensors in terms of the above norms we have to account for this
additional factor (dim ¢)@=2/4, For example,

dimpg dim¢
D> weviwr xn Yy ppgyagn LBy )

k,I=1f.g,h=1
< (@dim ) Pl o]l lwlg Ixllg 1¥llg |9s000L B, D], -

For higher-order tensors, we use the notation dg¢s-L (8, ¢) inside
the g-norm |.||, defined above, while we rely on standard index
and matrix notation for all other expressions involving those
partial derivatives, €.g. gy, L (B, ¢) is a dim ¢ x dim ¢ matrix for
everyg = 1,...,dim¢. Occasionally, e.g. in Assumption B.1(vi),
we use the Euclidean norm for dim ¢-vectors, and the spectral
norm for dim¢ x dim ¢-matrices, denoted by |.||, and defined
as ||.llq with ¢ = 2. Moreover, we employ the matrix infinity
norm ||All,, = max; Zj |Aj|, and the matrix maximum norm
lAllmax = max;j |A;| to characterize the properties of the inverse of
the expected Hessian of the incidental parameters in Appendix D.

Forr > 0, we define the sets B(r, 8°) = {8 : I8 — B°ll <1},
and By(r, ¢°) = {¢ : ll¢ — ¢°llg < r}, which are closed balls of
radius r around the true parameter values 8° and ¢°, respectively.

Appendix B. Asymptotic expansions

In this section, we derive asymptotic expansions for the score
of the profile objective function, £(8, ¢(8)), and for the fixed
effects estimators of the parameters and APEs,  and §. We do not
employ the panel structure of the model, nor the particular form
of the objective function given in Section 4. Instead, we consider
the estimation of an unspecified model based on a sample of size
NT and a generic objective function £(8, ¢), which depends on
the parameter of interest 8 and the incidental parameter ¢. The
estimators ¢(8) and j are defined in (2.7) and (2.8). The proof of all
the results in this Section are given in the supplementary material
(see Appendix E).

We make the following high-level assumptions. These assump-
tions might appear somewhat abstract, but will be justified by
more primitive conditions in the context of panel models.

Assumption B.1 (Regularity Conditions for Asymptotic Expansion of
B).letqg > 4and 0 < € < 1/8 — 1/(2q). Letrg = rgnr > 0,
Ty = et > 0, withrg = o [(NT)"/@9~¢] and ry = o[(NT)™¢].
We assume that
.y dim¢
O
(ii) (B, @) > L(B, ¢) is four times continuously differentiable
in B(rg, B°) x By(ry, ¢°), wpal.

—a,0 <a< oo.
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(iii)  sup
BeB(rg,B0)
(iv) # > 0, and Hﬁ’l Hq = 0p (1)

[6(8) = ¢°||, = 0p(ry).

(v) For the g-norm defined in Appendix A,
18llg = Op ((NT)"V/HHVED) - Jl3gL]l = 0p(1),
1#1lq = 0p(1),
[8p0£], = @p ((NT) V),
l0pr£] = Or(VNT). | 3pgpL], = Op(NT)),
|9gg9L ]|, = Op (NT)),
and

sup sup
BEB(rp.B0) peBq(ry,40)

|9ss0L B, $), = Op (ND)VED),

19558, ¢)| = Op (m) ,

sup sup
BEB(rp.0) p€Bq(ry.40)

sup sup | 9pppsL(B, }) “q = Op ((NT)9),

BeB(rg.B0) peBy(rg.4°)

sup sup

19006 LB, $) |, = O (NT)),
BEB(rg.B0) peBy(ry.40)

sup sup

|36806 LB, D)||, = Or (NT)) .
BeB(rg.B0) peBy(rg.¢°)

(vi) For the spectral norm ||.|| = ||.|2,

171 = 0p (NT)™8), |8pp £]| = op(vV/NT),
l8gs0 L[ = op (NT)71/5),
|9p0 £]] = 00 (1),

dim ¢

> s L [ 815[F 8
g,h=1

= op (NT)"1/%).

Let 8ﬂ£(ﬁ,$(ﬂ)) be the score of the profile objective func-
tion.?’ The following theorem is the main result of this Appendix.

Theorem B.1 (Asymptotic Expansions ofa(ﬁ) and 9gL(B, Zﬁ(ﬁ))).
Let Assumption B.1 hold. Then

H(B) — ¢° = H 18+ I [dpp L1(B — B°)
1 dim ¢
+oH! ; (0519, L17¢ " 817" 815 + RO (B),
and

I LB, P(B)) = U — W /NT(B — %) +R(B),
whereU = U© + UD, and

_ 1 _ o _
W= (990 Z + 1050 BV T 109 21,
U = 3L + [0py L1 H '8,
UD = [0py L17 '8 — [dpp L1 F  HH ' §
dim ¢ . _ . - .
+5 0 (50100 £ + 1050 LV g, £1) (781,78,
g=1

20 Note that %;ﬁ(ﬁ, ?5(/3)) = dgL(B, a;(ﬁ)) by the envelope theorem.

The remainder terms of the expansions satisfy

(NT)/2-1/a) HR¢(,3)Hq

sup =op (1),
pesaspn 1+ VNTIIB — B ’
IR(B)

sup =op(1).
pesry,p) 1+ VNT|B — BO|

Remark 8. The result for 5(5) — ¢ does not rely on Assump-
tion B.1(vi). Without this assumption we can also show that

LB, P(B)) = dpL + [0pp L + (p L)H ™ BprpL)] (B — B°)

~ 1
+ (g LIH 'S + 5 D (pgrog £
g

+ [9pgr L] H ™ [0pgrg, L) [H ' 817718 + Ri(B),

with Rq(B) satisfying the same bound as R(B). Thus, the
spectral norm bounds in Assumption B.1(vi) for dim ¢-vectors,
matrices and tensors are only used after separating expectations
from deviations of expectations for certain partial derivatives.
Otherwise, the derivation of the bounds is purely based on the g-
norm for dim ¢-vectors, matrices and tensors.

The proofs are given in Section S.3 of the supplementary
material. Theorem B.1 characterizes asymptotic expansions for
the incidental parameter estimator and the score of the profile
objective function in the incidental parameter score § up to
quadratic order. The theorem provides bounds on the remainder
terms R?(B) and R(B), which make the expansions applicable
to estimators of B that take values within a shrinking rg-
neighborhood of 8° wpal. Given such an rg-consistent estimator
:3 that solves the first order condition 8lg£(/3,$(/3)) = 0, we
can use the expansion of the profile objective score to obtain
an asymptotic expansion for 8. This gives rise to the following
corollary of Theorem B.1. Let W o, = limy 100 W.

Corollary B.2 (Asymptotic Expansion of }i) Let Assumption B.1 be
satisfied. In addition, let U = Op(1), let W, exist with W o, > 0,
and let ||[B — B°|| = op(rg). Then

VNT(B — 8% = W_ U + 0p(1).

The following theorem states that for strictly concave objective
functions no separate consistency proof is required for ¢(8) and
for S.

Theorem B.3 (Consistency under Concavity). Let Assumption B.1(i),
(ii), (iv), (v) and (vi) hold, and let (B8, ¢) +— L(B, @) be strictly
concave over (B, ¢) € RIMA+Ame \wna1, Assume furthermore that
(NT)~V4+1/C9 = 0p(r,) and (NT)V®Prg = 0p(ry). Then,

sup [ @(B) — 6°|, = 0p(ry),
BeB(rp.60)

i.e. Assumption B,1(iii) is satisfied. If, in addition, W exists with
Woo > 0, then || — Bl = Op ((NT)~1/%).

In the application of Theorem B.1 to panel models, we
focus on estimators with strictly concave objective functions. By
Theorem B.3, we only need to check Assumption B.1(i), (ii), (iv),
(v) and (vi), as well as U = Op(1) and Wo, > 0, when we apply
Corollary B.2 to derive the limiting distribution of 8. We give the
proofs of Corollary B.2 and Theorem B.3 in Section S.3.
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Expansion for average effects

We invoke the following high-level assumption, which is
verified under more primitive conditions for panel data models in
the next section.

Assumption B.2 (Regularity Conditions for Asymptotic Expansion of
8). Let q, €, rg and ry, be defined as in Assumption B.1. We assume
that

(i) (B, ¢) — A(B, ¢) is three times continuously differentiable
in B(rg, B°) x By(ry, #°), wpal.

(ii) [9p 4] = g = Or (NDVCOT2) a5, A =
Op((NT)*"/?), and

|9gs A8, $)| = 0 (1),

sup sup
BEB(rp.B0) peBq(rg,¢0)

l0s0 AB. )], =

sup sup
BeB (g, BO) peBq(ry.¢0)

Op ((NT)/@0=1/2)

sup sup

|95 AB. )], = Op (ND)"172)..
BEB(rp, ) peBq(ry,¢0)

(iii) 354 = op(1D),
op ((NT)~5/8

= 0p (ND)12), and 9,54 =

The following result gives the asymptotic expansion for the
estimator, 8 = A(B, $(B)), wrts = A(B°, ¢°).

Theorem B.4 (Asymptotic Expansion of 8) Let Assumptions B.1 and
B.2 hold and let || B — B°|l = Op ((NT)~'/?) = op (). Then

-~

5—8= [afm + By D) H (a(,,ﬁw)] (B — B +UY
+U +op (1/«/NT> :

where

U = (9y2)7 '8,

UL = 0y 17 '8 — 0y )7 G 'S

1 . o dim ¢ T B .

+5 8T 9pp A+ Y [900r0, £ [Jf (8¢A)]g 7'
g=1

Remark 9. The expansion of the profile score dg,£L(8, a(ﬂ)) in
Theorem B.1 is a special case of the expansion in Theorem B.4, for
AB,9) = = 8,3,(06(;‘3 ¢). Assumption B.2 also exactly matches

with the correspondmg subset of Assumption B.1.
Appendix C. Proofs of Section 4

C.1. Application of general expansion to panel estimators

We now apply the general expansion of Appendix B to the
panel fixed effects estimators considered in the main text. For
the objective function specified in (2.1) and (4.1), the incidental
parameter score evaluated at the true parameter value is

1 T
= a,,en}
|: NT = i=1,...,N

,,,,,

- o
[W; a,,e,-r}

The penalty term in the objective function does not contribute
to 4§, because at the true parameter value v’¢0 = 0. The

t=1,...,T

corresponding expected incidental parameter Hessian # is given

in (4.2). Appendix D discusses the structure of # and 7¢ " in more
detail. Define
LSS (ks !
_ (ﬁ_ 7
(aa)ij (ya)y
NT j=1 =1
——1 ——1
+ T + ]f(yy)”> 0, (1)

and the operator Dg Ay == dg A —
Zj+ and Dgly in Eq. (4.3).

The following theorem shows that Assumptions 4.1 and 4.2 for
the panel model are sufficient for Assumptions B.1 and B.2 for the
general expansion, and particularizes the terms of the expansion
to the panel estimators. The proof is given in the supplementary
material (see Appendix E).

0y Ajr Ej, which are similar to

Theorem C.1. Consider an estimator with objective function given
by (2.1) and (4.1). Let Assumption 4.1 be satisfied and suppose that
the limit W o, defined in Theorem 4.1 exists and is positive definite.
let ¢ = 8 € = 1/(16 + 2v), rgnr = log(NT)(NT)~'/® and

Ty, NT = (NT)_]/16. Then,

(i) Assumption B.1 holds and || B — B°|| = @p((NT)~1/4).
(ii) The approximate Hessian and the terms of the score defined
in Theorem B.1 can be written as

=-%ZZE¢ (8pp lie — 0,200 5 )

i=1 t=1

=1
N T
Ul = LZZ — At [Dprtic — Eg(Dprlic)]
- «/IW ‘ it Brtit ¢\ Brtit
AiZtIE¢(Dﬂnz€ft)}.

(iii) In addition, let Assumption 4.2 hold. Then, Assumption B.2 is
satisfied for the partial effects defined in (2.2). By Theorem B.4,

VNT (5= 8) =V + v +0p(1),
where
7
1 —
o _ | ) 0)
v = [NT ;E¢(D5A,t):| wW_Uu

1
— =By (¥ir) o lir,
~NT ;

’
va' = |:NT ZEMDM:O} LU

1
F ZAH Wiedp2lie — Eg(Wie) B (920 |

it) — ]E¢(3n35ir)E¢(‘1’ir)] .

C.2. Proofs of Theorems 4.1 and 4.2

Proof of Theorem 4.1. # First, we want to show that U® — 4 & (0,

Weo). In our likelihood setting, E4dsL = 0, Eg8 = 0,
and, by the Bartlett identities, E4(dgLdpL) = —ﬁalglg/i
Ey(pLS") = —=0py L and By(88) = = (Jt’ — Az oV’
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Furthermore, 8'v = 0 and dgyLv = 0. Then, by definition of
W=— f (935 T + (950 21 T (59 Z1) and U® = 98 +
[ L1 7 '8,
Ey (U?) =0, Vvar(U?)=Ww,

which implies that limy 71— Var (U?) = limy 1o W = Wy,
Moreover, part (ii) of Theorem C.1 yields

N T
Z ZDﬂeita
i=1 t=1

where Dglj; = dglir — 9, it Z; is a martingale difference sequence
for each i and independent across i, conditional on ¢. Thus, by
Lemma S.3 and the Cramer-Wold device we conclude that

U —

ﬁ\

T—o0

U9 54w [O, lim Var (U(o))] ~ N0, W).

# Next, we show that U —p kBs + k 'Ds. Part (ii) of
Theorem C.1 gives UV = g9 4y with

1 N T

U9 = ——= 3" Ai [Dpnlic —Es(Dprti)]
NT i=1 t=1
1 N T

yab DO AL Ey(Dgratin).

N
.
h~]

i=1 t=1

Plugging-in the definition of Ay, we decompose U9 = U(1¢)
yQe2) 4 yQa3d) 4 yad where

ylen _ o Z H i (Zr: a,,eﬁ) Z [Dprtic — Ey(Dprlic)].
- % : Hoari (Za Zﬂ) 2 [Dpatic = By (Dpnti)]
Jt
yded = NT Z Jf(ay),, <X]: 37151'1) Xt: [Dprtic — Ey(Dpzlic) ]
yled _ o Zyw)n (Za eﬂ> > " [Dprtic — By (Dprtin)] -
i

By the Cauchy-Schwarz inequality applied to the sum over ¢ in
U(]ﬂ,z),

U(la,Z)

(U(la,Z))2

2
1 .
= (T2 Z (Z ‘%W]”ffa”gf")
T
2
x Z (Z [Dﬂnzit - E¢(Dﬁn@ir)]>

t i
By Lemma D.1, ﬁa/la)tj = Op(1/+/NT), uniformly over t, j. Using

Fhat both +/NT Wa/la)tjaﬂ ¢;; and DpLic—Ey(Dpx Lic) are mean zero,
independent acrossiand Lemma .2 in the supplementary material
across t, we obtain

2
1 1
Eg («/IW ;[ NT J{(ya)[j]angjr) = 0p(1),

2
1
Eg («/N Z [Dﬁ:—rzit - ]E¢(Dﬂngit)]> = 0p(1),

_ 2
uniformly over t. Thus, ), (Zj’r Jf(yla)[jaﬂﬁj,) = Op(T) and
> (i [Dprtic — ]E¢(D,3n€,-r)])2 = Op(NT). We conclude that

(U(la 2))

Op(T)Op(NT) = Op(1/N) = 0p(1),

(NT)?

and therefore that U'%? = 0p(1). Analogously one can show that
U(la'3) = Op(l).

—1 . -1
By LemmaD.1, #,,, = —diag [(\/}W S Es (anzzit)) ] +

Op(1/+/NT). Analogously to the proof of U'%? = 0,(1), one can
show that the ©¥p(1/+/NT) part of ﬁ(_a]a) has an asymptotically
negligible contribution to U'%?, Thus,

1 (Z 3n5ir> > [Dﬁneit - E(b(DBngit)]
T t

ylad — _
VNT & > Ep(9524k)
t
::Ui(la,l)
+Op(1).

Op(1),

uniformly over i. Note that both the denominator and the
numerator of U'®" are of order T. For the denominator this is
obvious because of the sum over T. For the numerator there are
two sums over T, but both 0, ¢;; and Dg £;; — Ey (Dgx £;¢) are mean
zero weakly correlated processes, so that their sums are of order
+/T. By the WLLN over i (remember that we have cross-sectional
independence, conditional on ¢, and we assume finite moments),
N UMY = N EGUMY 4 0p(1), and therefore

yaad — _ /ﬂi
TN 4

Our assumptions guarantee that E,4 [(U“" D) =

(3 eltDﬂT[ z11)

+op(1).

=
T
|10

¢ (87.[2 e,‘[)

=/¥5"

Here, we use that E¢ (0 £i¢Dpx {iz) = O for t > 7. Analogously,

™M=

Eg (3x€ieDpr lic)
1

>

t=1

yad —

5
==

+Op(1).

M=

Eg (3,20i)
1

= /5"

We conclude that U0? = «B" 4+ 10" + op(1).
Next, we analyze U, We decompose A; = A} + AP +
Aff) + A,-(f), where

M _
Ait -

ﬁ;a)u Z 2 jr,
T
(2)
Ay =— Z '}((ya)fj Z O lye,
=1
. T
3) 7
A = Z e D Ol
=1

%\
HMZ
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Ay = Z Hippns Z O .

This decomposition of A; induces the following decomposition of
y b

4
y — Z U(lb,p,q),
p.q=1

1 N T
i=1 t=1

yQb-pa —

Due to the symmetry U079 = y(1b.4P) this decomposition has
10 distinct terms. Start with U(?1-2) noting that

U(lb,],Z) (1b 1 2)

2

N
(1b,1,2) —5—1 -1
Ui = 2T ZEd’(Dﬂ”z&[) Z I:NTR(aa)ijl‘;e(Va)tiz]
1J2=1

By E¢(3rLir) = 0, Eg(97Lirdz¢;z) = 0 for (i,t) # (j, 7), and
the properties of the inverse expected Hessian from Lemma D.1,

2
Ey [Ui(lb'l’Z)] = Op(1/N), uniformly over i, Ey4 |:(Ui(1b,l,2)> } _

Op(1), uniformly over i, and E4 [Ui“b’l'z)uj(]b‘]’z)

| = oam,
uniformly over i # j. This implies that Es U1*1? = ©p(1/N)
and E, [(U(”’*l*z) —E, U(”"u))z] = Op(1/+/N), and therefore

U112 = o,(1). By similar arguments one obtains U079 =
op(1) for all combinationsof p, ¢ = 1, 2, 3, 4,exceptforp =q =1
andp =q =4.

Forp=q=1,
1 O b
b1 oo,
o &
(1b,1,1) 1y Y
1b,1,1
U oT Z o (Dgr24it) Z [NT‘%(W)M '}((W)Uz]
t=1 J1:d2=1
1

Analogous to the result for U112 |, [(U“"J’l) —E, U(1b,1,1>)2]
= Op(1/+/N), and therefore U>-1D = EF,yb1D 4 o(1).
Furthermore,

T T ,
N 2 Eg(Dpr2ti) Y By [(0rLic)?]

=1 -

ST o]

Ey UMD = +o(1)

T
= X Ee(Dgrati)
t=1
; E¢ (BNZZ,‘[)

Analogously,
ybaa — E, ub49 4 o.(1)

\/Tl T ZE¢(D67[2E1[)
— Yy e to(D).
N 2T

>

=1 Ed’ ( 2 f,[)
i=1

_ [T

We have thus shown that U = «B® 4+ k=D + 0p(1). Since
Bso = limy 1B + B’ and Do = limy 7D + D' we
thus conclude UV = kBo, + k™ 'Do + 0p(1).
# We have shown U(O) —a N (0, Wy),and UV —p«By +
k 'Dgo. Then, part (ii) of Theorem C.1 yields +/N (,B BY —4

W;N(Kﬁw 4+ D, W), M

Proof of Theorem 4.2. We consider the case of scalar A; to
simplify the notation. Decompose

~ -5 —5
rr (8 — 83y — By /T — Dy /N) = rnr (8 — 83p)

Nt FA =5 —3
NT(§ — 8 —B,,/T —D_/N).
NT / /

# Part (1): Limit of «/NT(8 — 8 — Eio/T — Eio/N). An argument
analogous to the proof of Theorem 4.1 using Theorem C.1(iii) yields

VNT@E — 8) =g N (KE‘; +«7'D), V‘S‘”)

=5(1)

where V., = plimy 1o {(NT)7! 3, Byl 1}
. =5

sions of B, Doo, and I} given in the statement of the theorem.

Then, by Mann-Wald theorem

21}, for the expres-

VNT@ -8 — BT — DOO/N)—>dN(O vs(”)

# Part (2): Limit of ryr(8 —
vt (8 — 81‘3,T) —>4 N (0, Viiz)) for the convergence rate ryr given in
Remark 4, and characterize the asymptotic variance VM). We de-
termine ryr through E[(§ — 82 T) 1= 00y )and NT = 0O(E[(5 —
89:)%1), where

8ur). Here we show that

E[(5 — 8%)°] = E

2
1 ~
_ Y
(w5%)
N2 T2 Z A” AJS]

i,j,t,s

(C2)

—5
E(A;). Then, we characterize V °e ) sV @ _

for Zn = Ay — o

plimy 7, oo {2 E[(8 — 85;)%1}, because E[§ — 83,1 = 0 The order
of E[(§ — 8p;)?] is equal to the number of terms of the sums in
Eq. (C.2) that are non zero, which is determined by the sam-
ple properties of {(Xi, o, v¢) 1 <i<N, 1<t <T}
Under Assumption 4.2(i), if {o;}y and {y;}r are independent se-
quences, and «; and y; are independent for all i, t, then E[A; Aj] =

E[AiJE[A;] = 0ifi # jand t # s, so that

1 ~ ~ ~ ~
NIT2 {Z [AiAi] + ZE[AitAjt]

it,s ij,t

- ZE[Z?]} =0 (%)

it

E[(8 — 8yp)*] =
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because E[A;Ai] < E[E,(A2)]'?E[Es(A2)]/> < C by the
Cauchy-Schwarz inequality and Assumption 4.2(ii). We conclude

thatryy = /NT/(N+T — 1) and
ZE AttAts] +ZE AlfA]f

it,s i#j,t

Note that ryy — oo and ryr = (9(«/IW).

# Part (3): limit of ryr (8 — 8 — T“Eio — N‘lﬁio). The con-
clusion of the Theorem follows because (§ — §3;) and (§ — & —
T‘1§‘S ‘15(;) are asymptotically independent and Vf,o =

V'O 1V limy 1o (e /N2 B

N22

Appendix D. Properties of the inverse expected incidental
parameter hessian

The expected incidental parameter Hessian evaluated at the
true parameter values is
_ H, # b
H = IE¢[—8¢¢/£] = ( (aa) (ay)) + vv/,
[‘%(ay)] '}f(w) VNT

where v = vy = (1%, —1})2%01&) = diag(ﬁ > Egl—

Hapic = 77Bol—0r2ic], and H,,) = diag( = i Eg[—0,2
Lie]).

In panel models with only individual effects, it is straightfor-
ward to determine the order of magnitude of “in Assump—

tion B.1(iv), because # contains only the diagonal matrix Jt’(m)

In our case, # is no longer diagonal, but it has a special structure.
The diagonal terms are of order 1, whereas the off dlagonal terms
are of order (NT)~1/2, J(‘(yw)”max =

Op((NT)~1/2). These observatlons, however, are not sufficient to

establish the order of ' because the number of non-zero off-
diagonal terms is of much larger order than the number of diagonal
terms; compare @(NT) to O(N + + T). Note also that the expected
Hessian without penalty term # " has the same structure as 7 it-
self, but is not even invertible, i.e. the observation on the relative
size of diagonal vs. off-diagonal terms is certainly not sufficient to

make statements about the structure of 7 . The result of the fol-
lowing lemma is therefore not obvious. It shows that the diagonal

terms of # also dominate in determining the order of #

Lemma D.1. Under Assumption 4.1,

7" — diag (7,0, 7)) | p ((NT)172)

max

The proof of Lemma D.1 is provided in the supplementary material

(see Appendix E). The lemma result establishes that #  can be
uniformly approximated by a diagonal matrix, which is given by
the inverse of the diagonal te terms of J¢ without the penalty. The
diagonal elements of dlag(,}t’(aa), ( )~! are of order 1, i.e. the
order of the difference established by the lemmais relatively small.
Note that the choice of penalty in the objective function is
important to obtain Lemma D.1. Different penalties, corresponding
to other normalizations (e.g. a penalty proportional to oz%,
corresponding to the normalization &y = 0), would fail to deliver
Lemma D.1, However, these alternative choices do not affect the
estimators 8 and 4, i.e. which normalization is used to compute j
and § in practice is irrelevant (up to numerical precision errors).

Appendix E. Supplementary material

Supplementary material related to this article can be found
online at http://dx.doi.org/10.1016/j.jeconom.2015.12.014.
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