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1. Introduction

This paper provides new results on semiparametric identification in fixed effects linear index binary response dynamic
panel data models and ordered response static panel data models. Under mild distributional assumptions on the
fixed effect and the time-varying unobservables point-identification fails, but informative identification bounds on the
regression coefficients can still be derived. In the dynamic binary response setting, partial identification of the regression
coefficients is achieved by observing individuals who switch in two consecutive time periods, conditional on their initial
condition. In the static ordered response setting, in addition to the individuals who switch from one period to the next,
it is shown that individuals who choose the “in-between” category in two consecutive periods are also a useful source of
identification.

As pointed out by Heckman (1981a) intertemporal correlation in the decisions of individuals in panel data models
comes in general through the presence of time-invariant unobservables and lagged dependent variables in the underlying
functional form specification. Ignoring this dynamic behavior can result in inconsistent estimates of the regression
coefficients and other quantities of interest, while distinguishing between the causes of autocorrelation may have
important policy implications.

Linear panel data models with continuous dependent variables, can be seen as solving an omitted variables problem,
arising from the presence of this additively separable fixed effect. Even when this fixed effect is allowed to be correlated
with the explanatory variables, point-identification of the regression parameters can be achieved by differencing out this
fixed effect.
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In non-linear panel data models with additively separable fixed effects, the differencing approach cannot be directly
implemented. Identification and estimation in these models rely heavily on the assumptions placed on the individual
specific heterogeneity. The challenges these models pose have been well documented in the literature. Choosing between
random and fixed effects, how to deal with initial conditions and lagged dependent variables, as well as the incidental
parameters problem and the calculation of marginal effects, have all been extensively studied. A detailed summary of
developments can be found in Arellano and Honoré (2001) and more recently in Arellano and Bonhomme (2011).

This paper studies semiparametric identification in linear index discrete response panel data models in two different
settings. The first setting corresponds to the binary response dynamic panel data model, where the individuals’ choice
set consists of a binary outcome. The main focus is on eliminating the unrestricted fixed effect, which is allowed
to be correlated with the explanatory variables, without imposing distributional assumptions on the time-varying
unobservables. Partial identification is achieved by finding features of the distribution that are independent of the fixed
effect. Rosen and Weidner (2013,WP), thereafter RW2013, took such an approach for deriving bounds in the static binary
outcome model. This paper analyzes dynamic binary response models, where last period’s choice directly enters current
period’s decision rule. Conditioning on the initial condition, identification relies on individuals who switch choices from
one period to the next. It is shown that the joint probability of the choices these individuals make in two consecutive
periods is bounded by features of the distribution invariant to the fixed effect. Under an exogeneity condition for the
time-varying unobservables, this allows for partial identification of the coefficients of the contemporaneous explanatory
variables and the lagged dependent variable.

Point-identification of the regression parameters in binary response panel data models relies on strong and restrictive
assumptions which might be untestable and difficult to satisfy in many applications. Several papers including Chamberlain
(1984, 2010), Honoré (2002) and Honoré and Kyriazidou (2000), have shown that in linear index panel data models
with binary outcomes, parametric point-identification of the regression parameters when regressors have bounded
support can only be achieved under the assumption of independently and identically logistically distributed time-varying
unobservables. Manski (1987), using a conditional version of the maximum score estimator, shows that in the static
panel data binary response model inference is possible under a time-stationarity condition, when the strictly exogenous
explanatory variables vary enough over time with at least one component having unbounded support. Honoré and Lewbel
(2002) show point-identification in binary panel data models with predetermined regressors, if there exists a special
regressor that is independent of the fixed effect, conditional on the rest of the regressors and the instruments. This paper
provides partial identification results without imposing the logistic distributional assumption, or relying on the existence
of special regressors or regressors with unbounded support.

This paper falls within the general category of papers studying semiparametric and partial identification in panel data
models. For example, Chernozhukov et al. (2005) focus on nonparametric bound analysis in multinomial panel data models
with correlated random effects, while Chernozhukov et al. (2013) provide sharp identification sets for the average and
quantile treatment effects in fully parametric and semiparametric nonseparable panel data models. Honoré and Tamer
(2006) study bounds on parameters in dynamic discrete choice models, mainly focusing on the initial condition problem.
In linear panel data settings, Rosen (2012) studies the identifying power of conditional quantile restrictions in short panels
with fixed effects.

The second setting examined in this paper is the static ordered response setting, where the choice set consists of
more than two ordered alternatives. The shape restrictions imposed by the ordered response model allow for partial
identification of the parameters of interest, without imposing distributional assumptions on the unobserved time-varying
components or the fixed effect. The bounds are achieved by relying on observable implications in which the fixed effect
does not appear. In contrast to the binary case, where information on the parameters of interest only comes through
individuals who switch, in the ordered model it is shown that individuals who choose the “in-between” categories also
provide a useful source of information. The information provided by the individuals who stay with the same option might
be useful in comparing the behavior of switchers to non-switchers. Furthermore, the greater number of choice-pairs that
can be used in the ordered model in comparison to the binary model might help in achieving tighter bounds on the
regression parameters.

Several papers examined identification in multinomial response panel data models where the choice set includes a
variety of unordered alternatives. In a recent working paper, Pakes and Porter (2014) provide set identification results in
multinomial models with additively separable fixed effects, where the key assumption is a group homogeneity condition
on the disturbances conditional on the contemporaneous explanatory variables and the fixed effects. Shi et al. (2018)
develop a semiparametric identification and estimation approach to panel data multinomial choice models based on
cyclic monotonicity, which point-identifies the model parameters. Although, these papers provide clear identification
results, they usually require the comparison of each option against every other alternative, which might be intractable and
computationally heavy in practice. This paper departs from these models and imposes some additional shape restrictions
on the functional form, thus reducing the number of between alternatives comparisons needed to determine the optimal
choice.

Identification in panel data ordered response models has not been extensively studied in the literature. Following
the work by Honoré (1992) that shows how to consistently estimate the parameters in the truncated/censored panel
data model, this paper focuses on the “in-between” case of ordered outcomes. Since every ordered response model
can be expressed as a dichotomous/binary response model, parametric point-identification can be achieved under
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the assumptions of logistically distributed time-varying unobservables as in Chamberlain (1984, 2010). As discussed
in Baetschmann et al. (2015) the literature has estimated the fixed effects ordered logit model either with a single
dichotomization with constant or individual-specific thresholds, or by combining all possible dichotomizations by various
estimation methods. In a recent paper, Muris (2017) introduces a new estimator for the fixed effects ordered logit model
which allows for estimation of the differences in the cut points, in addition to a more efficient estimation of the regression
coefficients. This paper departs from these approaches, by relaxing the logistic distribution assumption and using the
complete structure of the ordered choice model.

The rest of the paper is structured as follows. Section 2 examines identification in the dynamic binary response model.
Section 3 extends the static binary response panel data model to a static ordered response panel data model and examines
identification under weak distributional conditions. Section 4 gives some numerical results for the models discussed.
Section 5 includes some general discussion and Section 6 concludes with some final remarks. All the proofs are provided
in the Appendix.

2. The dynamic binary response panel data model

Binary response panel data models are widely used to model situations where individuals are observed over time
making choices from a set that includes two alternatives, for example the choice of seeking employment or not or the
choice of traveling by train or by car in a specific period. The leading example in the literature has been the static binary
response model, where individuals’ choices are correlated across different periods only through the presence of a time-
invariant unobserved heterogeneity, as in Chamberlain (1984, 2010) and Manski (1987). In the simplest form of this model,
each individual in the population is observed for two time periods, t = 1 and t = 2, and in each time period the individual
can choose one option from the set ); = {0, 1}. Therefore, each individual is characterized by a set of observables (Y, X)
such that Y = (Y7, Y3), X = (X3, X2), and a set of unobservables (V, «), where V = (V1, V,) and « € R. Define by 1(-) the
indicator function which equals to 1 if (-) is true and O otherwise, then the static panel data binary response model is
given by,

Y, =1XB +a+V; > 0) (1)

RW2013 provide partial identification results in this kind of models and find features of the distribution that do not
depend on «, by considering less restrictive conditions on the distribution of the time-varying unobervables than the
ones discussed in Section 1.

This section extends the linear index binary response static model to the linear index binary response dynamic model.
This is of practical relevance because in panel data settings with repeated observations it is evident and natural to assume
that individuals’ past choices directly affect current and future decisions. For example, an individual’s decision to seek
employment in the current period is likely to be affected by his employment status last period in addition to other factors,
such as potential income and years of education. This allows for correlation in choices to come through two sources, the
fixed effect and the lagged dependent variable. The dynamic binary response panel data model that includes the lagged
dependent variable as an additional explanatory variable can be expressed as,

Y =1XB+ Y1y +a+V,>0) (2)

In this model each individual is observed for three periods, t = {0, 1, 2}, and is characterized by a set of observables
Yo,Y = (Y1,Y2),X = (X1,X3), and a set of unobservables (V, «), where V = (V{,V;) and @ € R. Like Honoré and
Kyriazidou (2000), the parameter y measures the “impact” of choosing option Y = 1 in period t — 1, or the true state
dependence parameter, for example the effect of being employed in period t — 1, and 8 can be interpreted as the effect
of other personal characteristics on the employment decision. Last period’s choice directly affects the decision so the
choice in period t — 1 needs to be taken into account. This creates an initial condition problem in modeling the choice
in period t = 1, since the choice in period t = 1 depends on the choice in period t = 0. To deal with this issue, similar
to Wooldridge (2005), it is assumed that the outcome in period t = 0, Yo = o, is observed, however no assumptions
about its generation or its relation with the fixed effect are imposed, such that the set of conditioning covariates consists
of (X, y0) € X x ). Section 2.1 formalizes the assumptions.

2.1. Model assumptions

Assumption 1 (Random Sampling). The observed data comprise a random sample of N individuals from the population.
For each individual (Y, Yy, X, V, «) are defined on the probability space (§2, 7, P), where F contains the Borel Sets. The
support of (Yo, X, V, a)is (3 x X x V x A) where V € R?> and A C R.

T Period ¢t = 0 denotes the first period observed in the sample. Unless this period coincides with the first period of the process, it will depend
on previous (not observed) periods, the exogenous variables in period t = 0 and the joint distribution of the outcome in the first period and
the unobserved heterogeneity. This joint distribution is (in general) different from the joint distribution of future outcomes and the unobserved
heterogeneity.
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Assumption 2 (Conditional Independence). X and V are stochastically independent conditional on Yp, i.e. V L X|Yp.

Assumption 1 defines the underlying probability space and notation for the support of the random variables
(Y, Yo, X, V, @). Under this assumption the data comprise a random sample and therefore the conditional distribution
P(y1,¥21%, y0) = P(Y1 = y1 AYy = y21X = x, Yo = yp) is point-identified over the support of (Yy, Y5) for almost every x € X
and y, € Y. Assumption 2 imposes only conditional independence between X and V conditional on Y,> which is less
restrictive than the assumptions imposed in the literature, such as V L (X, Yy) or specifying the conditional distribution
VX, Yo. This assumption allows for example for correlation between Vy and (Vy, V). « is allowed to be correlated with
both V and X in an arbitrary way. The set of all possible (conditional) distributions of V, o given X, Yy is Fy q)x,y, and
the set of all possible (conditional) distributions of AV given X, Yy, where AV =V, — V1, is Favxv,-

The potential correlation of the time-invariant unobservable with the explanatory variables, creates an additional
endogeneity problem, that needs to be addressed for identification and consistent estimation of the parameters of
interest. In linear panel data models with continuous outcomes differencing out the fixed effect guarantees point-
identification of the regression parameters, under some sufficient conditions. This paper mimics the approach used in
linear panel data models with continuous outcomes to solve the problem of the fixed effect.

Finally, define a structure S = (B, v, Fv,a)x,v,) as a specified collection of parameters 8 and y, and joint distributions
of the time-varying unobservables and the unobserved heterogeneity, Fy )x,y,- The set of admissible structures is thus
defined in Assumption 3.

Assumption 3 (Admissible Structures). The structure S admitted by the model belongs to a collection S of parameters 8
and y belonging to a parameter space ® and joint distributions of the time-varying unobservables and the unobserved
heterogeneity, Fiy.a)x,v, € F(v,a)X.Yy-

Following Assumptions 1-3, the identified set of admissible structures, denoted by S°, is characterized by,

(B, Y, Fv.ayx.v,) € S : Y(¥1,¥2) € (W1 X D),
8% = 1 Fv.aym.ve (R@‘i,yz)(x, Yo: B J/)) = P(y1, 21X, yo) 3

~

ae.x e X and yg € o

and the identified set for the model parameters (8, y) is then characterized by,

(B,y) € O :3Fy ayx.v, € Fv,a)x.Ye, Y1, ¥2) € (V1 X V2)
0
O = Fv,ayix,vo (R@ﬁ,yz)(x,yo; B, V)) = P(y1, y2Ix, ¥o) (4)

ae.xe Xandyy € Vo

where following the definition of the dynamic binary response model (DB) in (2), Rgfi.y (%, ¥o3 B, y) are defined as the

regions of unobservables (V, «) that partition the supp(V, «) such that for all (V,«) € fv, A), (Y1,Y2) = (v1,y2) when
X =xand Yy =y,
ROy Yo Boy) ={(V. @) € V, A) 1yt = 1B+ Y1y +a+ Ve > 0),t = 1,2} (5)
Point-identification of the regression coefficients in the dynamic binary response model under the logistic distribution
assumption comes by observing individuals for (at least) four time periods who change their choice from period t = 1
and t = 2, as shown in Honoré and Kyriazidou (2000). This gives rise to features of the distribution that do not depend
on the unobserved heterogeneity. In the semiparametric approach of this paper, that relaxes the logistic distributional
assumption, finding features of the distribution that do not depend on the unobserved heterogeneity leads to partial
identification of the regression parameters.

2.2. Identification bounds: Binary response dynamic panel data model

Identification of the parameters of interest (8, ) in model (2) comes through features of the distribution that are
invariant to changes in «, by considering the joint probability of the choices individuals make in periods t = 1 and t = 2,
conditional on the choice in period t = 0.

From the regions in (5) and Fig. 1(a), it can be seen that the model in (2) is complete and coherent in the sense that
conditioning on any value of the explanatory variables and the initial condition, for every (V, «) the model predicts a
unique (y1, y») outcome with probability one and identification bounds of the form of (3) and (4) can be derived. Since

2 For example, suppose that Y is an employment indicator and (X1, X3 ) is potential income in periods 1 and 2 and (V7, V5) contains the (unobserved)
family size in periods 1 and 2. The employment status in period t = 0, Yy, affects both potential income and family size. Therefore, potential income
and family size will be correlated through Yo, but uncorrelated conditional on Y.

3 n dynamic panel data models there is an endogeneity problem by construction since « is correlated with the lagged dependent variable, y;_;.



E. Aristodemou / Journal of Econometrics 220 (2021) 253-271 257

AV=-Axp -y
/
/
7
Vota v, //
/
/
(L.DIY)=0 /
/
0,1)|Y,=0 /
Xop-y (0.1)1Yo= Xop-y-a /]
/
/
7
/
/
7
/
x2f8 -Xof-a /
(1,0)1Y,=0 // (1,0)|Yo=0
(0,0)|Yy=0
xip X137y Vita X, a X f-y- o v,
(a) Regions defined in equations (5) (b) Upper Bound for (1,0)|Yp =0

Fig. 1. Regions of unobservables for each (Y7, Y>) choice when y < 0 and Yy, = 0.

the outcome in period t = 0 directly affects the outcome in period t = 1, all three periods t = {0, 1, 2} are used. No
restriction is imposed on the fixed effect and identification of the parameters 8 and y, through the elimination of «,
comes only by observing individuals who switch in periods t = 1 and t = 2 for each of the values of yo namely,
Yo=0AY;=0AY, =1}
= {YOZO/\Yl :1/\Y2:O}
(Yo=1AY;=0AY, =1}
{ }

Yo=1AY1=1AY, =0 (6)

Theorem 1. et SP®2 = (P8, yDB,F(E"}?a)‘X,YO) be a structure admitted by model (2) such that S°® € S° then under

Assumptions 1-3, (878, yPB) satisfy the following inequalities
P(0, 1[x,0) > Payy,[AV < —AxB|Yo = 0]
P(1,0[x,0) < Paypy,[AV < —AxB” — PPy, = 0]
— P(0, 1|x, 1) > Paypy, [AV < —AxB”E + yPBYy = 1]
P(1,0[x, 1) < Paypy,[AV < —AxB™E|Yy = 1]

where AX =X, — X; and AV =V, — V.

Proof. The proof is provided in Appendix A.1. O

The above relations provide restrictions on the distribution of AV |X, Yy for any realization of x € X and y, € )} that
do not depend on the fixed effect «.* The events {Y; = 0 A Y, = 0} and {Y; = 1 A Y, = 1} provide no restrictions on
AV and cannot be used to eliminate the fixed effect «. Similarly to the binary logit fixed effects model and as discussed
in Honoré (2002), the individuals who do not switch cannot be used to identify the regression parameters, since for any
value of (B, y) the choices these individuals make can be rationalized by extremely large or extremely small values of
the fixed effect. In other words, these events provide no restrictions on the values the fixed effect can take for any given
value of the regression parameters. Notice that in order for the bounds in Theorem 1 to be informative, there should exist
x € & such that x; # x, with positive probability.

Fig. 1(a) and (b) plot the regions of unobservables conditional on Yo = 0 and y < 0 given in equations (5) and provide
an outline of the main idea. It can be shown that the probability of any switching event is bounded by the probability of
an event that is independent of the fixed effect. Fig. 1(b) illustrates this result for the event (Yy, Y;) = (1, 0) conditional
on Yo = 0 and y < 0. Changing « moves the region of (1, 0)|Yo = 0 up and down the line AV = —AXf — y. Therefore,
it is clear that (V*, a*) € R?, a 0)(x, 0; B, y) implies (V*, a*) € {(V,a) : AV < —AxB — y} and P(1, 0x, 0) < Ppy}y,[AV <
—AxB — y|Yo = 0l.

4 The distribution of AV|X, Yy ~ Fayx.y, is equivalent to AV|Yy ~ Fayjy, by Assumption 2.
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Theorem 2. Following Theorem 1, under Assumptions 1-3 the bounds on 8, y are given by,

(B,y)€ ® :VYw R,
sup P(1,0|x,0)§x i\nf 1—P(0, 1}x,0)

@DB — x:—AxB—y<w —AXB>w
and
sup P(1,0|x,1) < inf 1-—P(0,1|x, 1)
X:—Axp<w x—Axf+y =0

Proof. The proof is provided in Appendix A.2. O

Notice that unlike the Honoré and Kyriazidou (2000) result, where point-identification in the dynamic binary panel
data model is achieved if the errors are logistically distributed and 4 time periods are observed, the identification bounds
in Theorem 2 only require 3 time periods. Furthermore, the bounds in Theorem 2 may not be sharp. This is in contrast
to the static case in RW2013 in which sharpness was proved. The presence of the lagged dependent variable complicates
the analysis, therefore the focus of the current paper is only on deriving identification bounds on (8, y).

Finally, by replacing Assumption 2 of X L V|Yp, with the unconditional independence assumption, X L V, the
identification bounds on 8 and y can be expressed in terms of the unconditional probabilities, given in Theorem 3.

Theorem 3. Let Assumptions 1, X L V and 3 hold. Then the (unconditional) identification bounds on (8, y) are given by,

(B,y)€ ® :Vw R,

DB
v igg{g(wlx, 0)Po(x) + Glwlx, )P1(x)} =< inf {G(w|x, 0)Po(x) + G(wlx, 1)P1(x)}
where
Glwl|x,0) = P[(Y1,Y2) =(1,0) A —AXB — ¥y < w|X =X, Yy = 0]
Glwlx, 1) = PI(Y1, Y2) = (1, 0) A —AXB < w|X =%, Yo = 1]
Glw|x,0) = 1—P[(Y1, Y2) = (0, ) A —AXB > w|X = x, Yo = 0]
Glwlx,1) =1—P[(Y1,Y2) =0, DA —AXB+y > wlX =x, Yo = 1]
and

Proof. The proof is provided in Appendix A.3. O
2.3. Dynamic panel data model with more periods

In Section 2, informative bounds on the parameters (83, ), in the situation where each individual is observed for three
periods, t = {0, 1, 2}, were derived. The results can be extended to more periods, where each individual is observed for T
periods and is characterized by the set of observables Yy, Y = (Y1, ..., Yr), X = (Xj, ..., Xr), and a set of unobservables
(V,a), where V = (Vq,...,Vr) and @ € R. Define by V = (V;, Veyq), AV = Vi1 — V; and by X = (X, X¢+1). Under
the random sampling imposed by Assumption 1 P(y¢, Yer1lX, Ye—1) = P(Yr = ye A Yer1 = ye1lX = X, Y1 = Y1) is
point-identified over the support of (Y¢, Y;;1) for almost every x € X and y;_{ € );_1. By extending Assumption 2 of
(X1, X)) L (V1, W)Yo to V L X|Y;_q forall t = {1,..., T} the identification bounds on (8, y) can be characterized as in
Theorem 4.

Theorem 4. Let Assumptions 1, 3 and the extended version of Assumption 2 hold, then the bounds on 8, y are given by the
set OP8 = (y_,-r_1OPF, where:

sup P(1,0|x,Y;_.1=0)< inf 1-—P(0,1Jx,Y;_1 =0)

x:—AxB—y<w x:—Axp>w
DB __
O = and

sup P(1,0x,Y;_1=1) < info 1—P00,1x,Y,_1=1)
X:—AxB<w x—Axp+y=w

Proof. The proof is an extension of the proofs of Theorems 1 and 2 and is omitted. O
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Increasing the number of time periods can lead to tighter identification bounds. However, if the conditional distribution
of (Y, Yei11Xe, Xe41, Ye—1) is stationary, i.e. invariant with respect to the choice of (¢, t + 1), this will not result in tighter
bounds.”

3. The static ordered response panel data model

Section 2 studies identification in binary response panel data models. As discussed in Section 1, several papers,
including for example Chintagunta et al. (2001) and Pakes and Porter (2014), have extended the binary response panel
data model to multinomial response models, where individuals choose from a set of unordered alternatives. This paper
extends the binary response panel data model to one where the choice set consists of alternatives that can be ordered,
such as the choice between unemployment, part-time employment or full-time employment and the choice of flying first,
business or economy class. This approach might be beneficial in reducing the dimension of search for the identification
bounds, since the shape restrictions imposed by the ordering specification, reduce the between alternatives comparisons
needed to determine the optimal choice.

This section extends the model in (1) to a model of three ordered outcomes, where in every periodt = 1and t = 2
each individual chooses one option from the set ), = {0, 1, 2}. Such a model could be used, for example, in describing
consumers’ choices when faced with vertically differentiated alternatives such that if all the options were offered at the
same price everyone would choose option Y = 2 and Y = 0 denotes the outside option, that corresponds to not choosing
any of the available alternatives. The static panel data ordered response model for each individual can be expressed as,

0if X(p+a+Ve <
Yt: 1l:fC]<X[ﬂ+Ol+V[§C2 (7)

Zlfcz <X[ﬂ+o{+Vt

where X; are observed individual characteristics, « is the unobserved time-invariant individual heterogeneity, V; is the
time-varying unobserved component and ¢ = (cy,c;) € C are the (unknown) threshold parameters in the ordered
response model, such that ¢ € R? and ¢; > ¢; 5 Furthermore, it is clear that the model in (7) is observationally equivalent
to the model with, ¢; =0, @ = a — ¢; and ¢; = ¢, — ¢y, therefore ¢; is normalized to zero.

As already discussed in Section 1, the ordered response panel data model has not been extensively studied in the
literature, and the work has mainly focused in redefining the ordered response model as a set of binary response models
with logistically distributed unobservables. This paper departs from this approach and uses the ordered structure of
the model to characterize the identification bounds, without imposing distributional assumptions on the unobserved
time-varying components or the fixed effect. Such an approach utilizes more information than the binary response
representation and provides informative identification bounds on the regression parameters. Section 3.1 formalizes the
assumptions imposed on model (7).

3.1. Model assumptions

Assumption 4 (Random Sampling). The observed data comprise a random sample of N individuals from the population. For
each individual (Y, X, V, o) are defined on the probability space (£2, F, P), where F contains the Borel Sets. The support
of (X,V,a)is (¥ x V x A) where V C R? and A C R.

Assumption 5 (Independence). X and V are stochastically independent.

Assumption 4 defines the underlying probability space and notation for the support of the random variables
(Y,X,V,a). Under this assumption the data comprise a random sample and therefore the conditional distribution
P(y1,¥21x) = P(Y1 = y1 A Y2 = y21X = x) is point-identified over the support of (Y7, Y2) for almost every x € X.

Assumption 5 imposes independence of X and V,” but allows « to be arbitrary correlated with both V and X. The set of
all possible (conditional) distributions of V, o given X is Fy +)x and the set of all possible (conditional) distributions of
AV given X, where AV =V, — Vy, is Fayx.

Finally define a structure S = (B, ¢, Fiv o)x) as a specified collection of parameters 8 and c,, and joint distributions of
the time-varying unobservables and the unobserved heterogeneity, Fy «)x. The set of admissible structures is thus defined
in Assumption 6.

5 | would like to thank an anonymous referee for pointing this out.

6 The threshold parameters are assumed to be constant over time as in many applications of panel data ordered response models. In a recent
working paper, Botosaru and Muris (2017) consider estimation of the regression parameters and the thresholds in a fixed effects ordered logit model
with a time-varying link function.

7 This is the strict exogeneity assumption imposed in many panel data settings. The model can be applied to settings of vertically differentiated
alternatives where higher values of Y correspond to better quality products. In this setting the regressors might be consumer characteristics which
are uncorrelated with demand shocks.
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Fig. 2. Regions of unobservables for each (Y, Y2) choice.

Assumption 6 (Admissible Structures). The structure S admitted by the model belongs to a collection S of parameters 8
and ¢, belonging to a parameter space ® and joint distributions of the time-varying unobservables and the unobserved
heterogeneity, Fiy o)x € Fv,a)x-

Under Assumptions 4-6 the identified set of admissible structures, denoted by S°, is characterized by,

(B. 2, Fv.ayx) €S : Y(¥1,¥2) € (V1 X W)
s= Fv ax(RYy, 5,0 B, €2)) = P(y1, y2lx)
ae.xex

and the identified set for the model parameters (8, c;) is given by,

(B,c2) € O : 3Ry ayx € Fv,ayx, Y1, ¥2) € (M1, Y2),
0° = Fv.a(R{y, (% B, 2)) = P(y1, yalx)
ae.xex
where following the definition of the static ordered response model (SO) in (7), R(Sf] .yz)(X; B, cy) are defined as the regions
of unobservables (V, «) that partition the support of (V, «) such that (Yq, Y2) = (y1,¥2) when X = x.

3.2. Identification bounds: Ordered response static panel data model

When no assumptions are imposed on the fixed effect, identification bounds on the regression parameters, (8, c), are
derived by finding features of the distribution that do not depend on «. Fig. 2 plots the regions 72(5}‘,)1 v (X3 By c2) for any
fixed x. The model in (7) is complete and coherent in the sense that conditional on any value of the ex’pZIanatory variables
x € X, for every (V, «) the model predicts a unique (y;, y») outcome with probability one.

Similarly to the binary panel data model, individuals who switch from period t = 1 tot = 2, can be used for
identification of the parameters (8, c;), without imposing any assumptions on the fixed effect. The transitions that are
informative are therefore,

(Y1 =iAY,=j},Vi,j=0,1,2and i #]. (8)

In addition, information that is independent of « is also provided by considering individuals who choose the same
option, Y = 1, in periods t = 1 and t = 2 such that,

{Y1i=1AY, =1}, (9)
Theorem 5. Let S0 = (8%, 3%, Fy ) x) be a structure admitted by model (7). Under Assumptions 4-6, if $°° € S° then, for
any x € X, (%, c;°) satisfy,

P(1,0[x) < Fay[—Ax8]
Fav[—Axp%°] < 1—P(0, 1|x)
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P(2,0[x) < Fay[—Ax8% — i3°]
Fav[—4x8% 4+ 63°] < 1—P(0, 2[x)
P(2, 1|x) < Fay[—AxB*]
Fav[—AxB*] < 1—P(1,2x)
P(1,1|x) < Pay[—AxB% +¢5° > AV > —AxB*° — 3°]
where AX =X, — X1 and AV =V, — V.

Proof. The proof is provided in Appendix A.4. O

Notice that in addition to the probabilities of the switching events, the conditional probability of the “in-between”
event (1, 1) is also bounded by a conditional probability invariant to the fixed effect. As it can also be seen from Fig. 2,
the choice (Y;, Y2) = (1, 1) provides restrictions on the possible values the fixed effect can take for each value of (8, c;),
and hence can be used to identify the regression coefficients. Similar to the dynamic binary model in Section 2, in the
ordered model the events (0, 0) and (2, 2) give no information on 8 and c; since these cases can be matched by extremely
small or extremely large values of « regardless of the value of (8, c;).

Theorem 5 has two important implications. It is known that each ordered response model can be expressed as a binary
response model. Consider the situation where the model in (7) is re-expressed as a binary response model where the
choices (Y; = 1, Y; = 2) were merged together. Then, following the same identification strategy, Theorem 5 would only
include P(1,0|x) < Fay[—AxB8] < 1 — P(0, 1|x). It is thus evident that the set of inequalities defining the identification
bounds in the ordered response contains the set of inequalities defining the identification bounds in the binary response
representation. Furthermore, in the binary response model identifying restrictions involve only individuals who switch.
In the ordered response model non-switchers also provide information which might prove helpful when comparing the
behavior of switchers to non-switchers. Theorem 6 formalizes the identification bounds on (8, c;).

Theorem 6. Let Assumptions 4-6 hold. Using the definitions in (10), the identification bounds on (B, c;) are given by the set:

9% — (B,c2) €O :Vw e R,
T max[sg,0)(w), s@,0(@), S2,1)(@), S(1,13(@)] < min[ie,1y(@), i(0,2)(@), i1,2)(@), i(1,1)(@)]

where,
sao(w) = sup P(1,0[x)
x:—Axf<w
seo(@) = sup  P(2,0[x)

x:—Axf—cy <o

se,nlw) = sup  P(2, 1]x)

x:—AxB<w
sa,n(w) = sup  P(1,1]x)
X:—Axp+cy <o
on(@) = inf_ [1-P(O, 1x)]
i0,2)(w) = inf  [1—P(0, 2|x)]

X:—Axp+cr>w

in2)(w) = inf [1—P(1,2|x)]

x:—Axp>w
i, 1)(w) = inf  [1—P(1, 1]x)] (10)

x:—Axf—cr>w

Proof. The proof is provided in Appendix A.5. O

Similarly to Theorem 2, the identification bounds on (8, ¢;) in Theorem 6 might not be sharp.
3.3. Static ordered response panel data model with more choices

Consider now the extension of model (7) where Y, = {0, ...,K}and c = (cy,¢2, ..., Ck), withcy < ¢ < --- < ¢ and
c; normalized to zero, such that,

0if XkB+a+V, <0
Y, = 1if0<XB+a+V:<c (11)
I(ifCK <Xtﬁ+0{+vt

In this case any combination (Y;, Yr41) except (Y¢, Yirq1) = (0,0) and (Y, Yer1) = (K, K), provides information on
(B, ca, ..., ck). The increased number of inequalities might result in tighter bounds.

If model (7) or model (11) is extended to more periods t € {1, ..., T}, then the bounds on (8, c¢) might also become
tighter than in the case of two periods, unless the conditional distribution of (Y;, Yy 1|X;, Xt 1) is stationary.
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Table 1
Identified sets for B, under Probit and Logit specifications with symmetric support for (X;;, X,;) around zero.

Support of (Xi¢, Xar)

{—1,0,1} {—2,-1,0,1,2} {—3,-2,-1,0,1,2,3}
v. 2N, 1) (0, 00) (0.5.2) (0.667, 1.5)
v N (0, é) (~0.5, 00) (0.286, 2.667) (0.545, 1.714)
Logistic (~0.5, 00) (0.286, 2.667) (0.545, 1.714)

Table 2
Identified sets for B8, under Probit and Logit specifications with asymmetric support for (Xi;, Xo;) around zero.

Support of (X, Xar)

{-1,0,1,2,3} {—=2,-1,0,1,2,3,4} {—4,-3,-2,-1,0,1,2}
Vi N0, 1) (0.5,6) (0.667,2) (0.667, 2)
vi 4N (0, gi) (0.286, o) (0.545, 2.5) (0.545, 2.5)
Logistic (0.286, 50) (0.545, 2.5) (0.545, 2.5)

4. Numerical examples

This section provides numerical illustrations of the identification bounds derived in Sections 2 and 3 for the dynamic
binary response model and the static ordered response model under different support conditions and probability
generating processes (PGP). For expositional purposes this section starts with some numerical illustrations of the identified
sets for the binary response static panel data model derived in RW2013. All the models examined in this section have
discrete support for the explanatory variables, X. Even though point-identification fails, the numerical examples illustrate
that informative bounds can be achieved as the support of the discrete explanatory variables increases.

4.1. Static binary response panel data model

4.1.1. Example 1
Consider the two time period static binary response panel data model,

where X; = (X1¢, Xor), B = (B1, B2), a|X ~ N(X6, 1) with X = %(X1 + X3)and § = (1, —1) and V¢ |X, o ygf(). The true
value of B, = 1 after the normalization of 8; = 1.2

Tables 1 and 2 give the identified sets for 8, under different specifications for the distribution of the time-varying
unobservables and as the support of the discrete explanatory variables (X;;, X5;) changes. The first Probit specification

. . d . . . . - .
in Table 1 with V{|X, « ~ N(0, 1) is the same as in RW2013. Table 1 also provides identified sets under the probit
iid .
specification with V;|X, o ~N 0, %2) and the standard logit specification V; L (X, o) with iid logistic distribution.
From Tables 1 and 2 two main conclusions can be drawn. The first one is that as the support of the explanatory
variables increases the identified sets become narrower. This suggests that even though the model only partially identifies
the regression parameters, those sets shrink around the true value as the support of the explanatory variables increases.

Secondly, it is evident that the model with V; X N (0, ”3—2) errors and the standard logit model give similar identified

sets. As discussed in Amemiya (1981) and Maddala (1983) the two distributions are very close to each other except at
the tails. Since the observable implications used for identification provide restrictions on the realization of AV, extreme
values of AV are unlikely, making the identified sets indistinguishable.

4.1.2. Example 2
Consider the two period static binary response panel data model as in (12),
Y. =1XB+a+V, >0)
where X; = (X, Xae, X3¢) with X3, € {0, 1}, B = (B1, B2, B3), alX ~ N(X8, 1) with X = %(Xl +Xz)and § = (1,-1,0)

and V¢|X, o X N(0, 1). The true values of 8, = 1 and 83 = 1 after normalizing 8; = 1. Fig. 3 provides the joint identified
sets for (8, B3) as the support of (X1¢, Xo¢) changes.” Similarly to Example 1, the sets shrink as the support of the discrete
explanatory variables (X;¢, X;) increases, even if the support of X3 remains fixed.

8 This baseline PGP is similar to the one used in RW2013. The Normal distribution for the fixed effect was approximated on a grid with 100
evenly spaced support points on [X§ — 4, X§ + 4], and the approximation error should be small.

9 The identified sets were constructed for values of B in the grid [—1,3].
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(a) (Xip, Xop) € {~1,...,1} (b) (Xip, Xop) € {-2,...,2}

(d) (X1t>X2t) S {—17,3} (e) (thth) S {—2,4} (f) (X1t7X2t) S {—47,2}

Fig. 3. Joint identified sets for (8, B3) when X3; € {0, 1}.

Table 3
Identification bounds on S, under Probit and Logit specifications with symmetric support for (X;¢, Xz¢) around

zero and known y = 0.5.

Support of (Xq¢, Xa¢)

{—1,0,1} {—-2,-1,0,1,2} {—3,-2,-1,0,1,2,3}
v ¥ N, 1) (~0.125, 00) (0.438,2.5) (0.625, 1.643)
Y (o, Lj) (—0.375, 00) (0.313, 3.75) (0.542, 1.917)
Logistic (~0.375, 00) (0.313, 3.75) (0.542, 1.917)

Table 4
Identification bounds on B, under Probit and Logit specifications with asymmetric support for (Xi¢, Xa¢)

around zero and known y = 0.5.
Support of (Xi¢, Xa)

{—1,0,1,2,3} (=2,-1,0,1,2,3,4) (=4,-3,-2,-1,0,1,2}
v N, 1) (0.438, c0) (0.625, 2.125) (0.625,1.9)
v, 4N (o, %2) (0.313, 00) (0.542,2.833) (0.542,2.375)
Logistic (0.313, 00) (0.542, 2.833) (0.542,2.375)

Table 5
Identification bounds on B, with symmetric support and asymmetric support for (Xi;, X5;) around zero and
known B3 = 0.5 when X3, € {0, 1}.

Support of (Xy;, Xa¢)

(-1.0,1) (-2,-1,0,1,2) (=3,-2.-1,0.1,2.3)
v N 0. 1) ©0.5) (0.5,1.8) (0.667, 1.444)

Support of (Xq¢, Xa¢)

{-1,0,1,2,3} {-2,-1,0,1,2,3,4) {=4.-3.-2,-1.0.1.2

Vi 2N 1 (0.5,5) (0.667, 1.8) (0.667, 1.667)
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4.2. Dynamic binary response panel data model

4.2.1. Example 3

Consider the three period dynamic binary response panel data model as the one described in Section 2,

Y = 10X + Yooy +a +V, > 0) (13)
where X; = (Xi¢, Xt ), B = (B1, B2), }X ~ N(X8, 1) with X = 1(X; +X,) and 8 = (1, —1) and V;|X, Yo, & %f(). The true
values of 8, = 1 and y = 0.5 after normalizing 8; = 1.

Tables 3 and 4 provide the identification bounds on B, as described in Theorem 2, when y = 0.5 is known,
under different specifications for the distribution of the time-varying unobservables and as the support of the discrete
explanatory variables (Xi;, Xo;) changes.

It can be concluded that in the dynamic binary response panel data model with known y, the identification bounds
on $3, shrink as the support of the explanatory variables increases. Furthermore, the identification bounds increase as the
variance of the time-varying unobservables increases. Finally, similarly to the binary response static panel data model,

1
2

. . d . L R
the standard logit model and the model with V;|X, Yy, o <N 0, %2 errors give similar identification bounds.

Consider now the static model discussed in Section 4.1. An interesting comparison would be to compare the
identification bounds for the dynamic binary model with (Xi, X5, Y;_1) with the static model with strictly exogenous
regressors (X1t,X2t,X3t).10 Table 5 provides the identification bounds on S,, when X3 = {0,1} and 83 = 0.5 and

VelX, o ~ N(O, 1). It is clear that in the case of binary exogenous X3 and 83 = 0.5 the identification bounds on 3, are
smaller in comparison to the dynamic model with a binary Y;_; and y = 0.5 given in Tables 3 and 4. This is a consequence
of the stronger assumptions in the static binary model, where X5 is restricted to be exogenous.

4.2.2. Example 4

Consider the binary response dynamic panel data model in (13) with V;|X, Yy, & X N(0, 1), but assume no knowledge
of B, or y. Fig. 4 provides the joint identification bounds on (,, y) as described in Theorem 2, when the true values of
B> =1and y = 0.5, as the support of (Xi¢, Xo) changes.!!

It is clear that for the specific range of values for the grid of y chosen, the bounds on S, shrink as the support of
the discrete explanatory variables (X, X;) increases, however with three periods y is only bounded from above. In
an earlier paper, Honoré and Kyriazidou (2000) showed that in the dynamic binary response model with one lagged
dependent variable and logistically distributed unobservables the parameters are point-identified with at least four time
periods. This paper avoids making any parametric distributional assumptions, such as the logistic distribution, and draws
the attention to the three period model, which results in partial identification.

4.3. Static ordered response panel data model

4.3.1. Example 5
Consider the two period static ordered response panel data model as discussed in Section 3,

Olf X[,B+Ol+vtfo
Y,={1if0<XB+a+V, <0 (14)
2if g < X B+a+V,

where X; = (Xq¢, X2t), B = (B1, B2), alX ~ N(X$§,1) with X = %(Xl 4+ X3)and § = (1,—1) and V{|X, « X N (0, 1).
The true value of 8, = 1 after normalizing 8; = 1. Tables 6 and 7 provide the identification bounds on 8, described in
Theorem 6 for different known values of ¢, as the support of the discrete explanatory variables (Xy;, X») changes.!? For
any given ¢, it is evident that as the support of X; increases the bounds shrink. Furthermore, it is evident that the value
of the threshold parameter c, affects the size of the identification bounds. This indicates that in the ordered response
model the threshold plays a crucial role in the identifying power of the model. In addition, the designs in this section are

one-to-one compatible with the designs in Section 4.1 where V; ~ N(0, 1), and it is clear that the bounds in the ordered
response model are contained within the binary response model bounds.

4.3.2. Example 6

Consider the ordered response model in (14), with unknown B, and c,. Fig. 5 provides the joint identification bounds
on (B2, ¢;) when the true values of 8, = 1 and ¢, = 1.5, as the support of (X;;, Xo¢) changes.!> Similarly to the previous
examples, the bounds shrink as the support of the explanatory variables increases.

10 | would like to thank an anonymous referee for this suggestion.

11 The identification bounds were constructed for values of y in the grid [—1, 6].

12 The identification bounds were constructed by setting 50 grid points for 8, in the grid [—1, 4].

13 The bounds were constructed by setting 50 points for 8, in the grid [-1,4] and 20 points for ¢, in the grid [0,3].
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(d) (X1t7X2t) € {717...73} (e) (X1t7X2t) € {72,...74} (f) (thXQt) 6{742}

Fig. 4. Joint identification bounds on (B,, y).

Table 6
Identification bounds on B, under the Probit specification with symmetric support for (Xy;, Xo) around zero
and known values of c,.

Support of (Xy¢, Xar)

{—1,0,1} {—2,-1,0,1,2} {—3.-2,-1,0,1,2,3}
=05 (0.225, 0o)? (0.633,1.551) (0.735, 1.245)
=15 (0.327,2.674) (0.633,1.551) (0.837, 1.245)
=25 (0.327, 2.265) (0.633, 1.551) (0.837, 1.347)

2The upper bound for B, was recorded as co whenever it reached the upper bound of the grid for 8.

Table 7
Identification bounds on B, under the Probit specification with asymmetric support for (Xy, X5¢) around zero
and known values of c,.

Support of (Xq¢, Xa¢)

{=1,0,1,2,3} {-2,-1,0,1,2,3,4} {—4,-3,-2,-1,0,1,2}
=05 (0.633, 2.98) (0.735, 1.551) (0.735, 1.551)
=15 (0.633, 1.653) (0.837, 1.347) (0.735, 1.551)
=25 (0.633,1.551) (0.837, 1.245) (0.735,1.551)

5. Discussion

265

Section 4 provides numerical illustrations of the models in Sections 2 and 3. An interesting discussion involves the
elementary theoretical properties of the identification bounds, such as whether the identification regions are convex and
bounded. These properties are important for estimation and inference.'# First, consider the identification bounds defined

in Theorem 2 for the dynamic binary response model. The identification bounds can be re-written as,'”

(B,y)e®:
V(xi, x;), —(Ax; — Ax;))B < y = P(1,0]x;, 0) + P(0, 1|x;,0) < 1
and
Y(Xi, %), —(AX% — AX))B <y = P(1,0]%;, 1)+ P(0, 1|%;, 1) < 1

@DB —

(15)

14 gee for example Beresteanu and Molinari (2008). Ho and Rosen (2017) provide a discussion of how inference can be performed in more general

settings.
15 This representation also appears in RW2013.
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1 -1 1

0 1 2 3 0 1 2 3 0 1 2 3
(a) (Xlt,XQT) S {—1 ..... 1} (b) (Xlt,XQt) S {—2,,2} (C) (Xlt,XQt) (S {—33}
3 3 3

2 2 2

0 0 0

1 -1 1

0 1 2 3 0 1 2 3 0 1 2 3
(d) (X1e, Xor) € {-1,...,3} () (Xit,Xor) € {—2,...,4} (f) (X14, Xat) € {—4,...,2}

Fig. 5. Joint identification bounds on (B, ¢3).

The computation of the identification bounds was carried out by noticing that the identification bounds in equation
(15) imply the following,

(B.y)€O:
@DB _ V(Xj,Xj), P(], 0|X,‘, O) +P(0, 1|Xj, 0) >1= _(AXj — AXj)ﬂ >y 16
- and (16)

Y(Xi, X;), P(1,0lx;, 1)+ P(0, 11X, 1) > 1 = —(AX — AX))B >y

Since the last inequality takes the same form for both constraints, the computation of the identification bounds was
carried out by choosing all the (x;, x;) such that either P(1, O|x;, 0) + P(0, 1|x;, 0) > 1 or P(1, O|x;, 1) + P(0, 1]x;, 1) > 1
was satisfied, and then finding the values of 8 on the grid values of y that satisfied the constraint —(Ax; — Ax;) > y.
Notice that regardless of the dimension of X, (16) implies

AAXB+7y <0 (17)

where AAX = Ax; — Ax; and (x;, X;) satisfies P(1, 0]x;, 0) 4+ P(0, 1|x;, 0) > 1 or P(1, O|x;, 1) + P(0, 1]x;, 1) > 1. For every
AAX, (17) defines a half-space in (B, y)-space, so (8”8, yP2) must lie in the intersection of these half-spaces, and the
identifications bounds are convex.'°

Whether the identification bounds are finite or not, subject to the normalization 8; = 1, depends on the matrix formed
by AAX for the various (x;, X;). A necessary but not sufficient condition for boundedness is that the number of constraints
in (17) is at least dim(8)+ 1. This can be determined by linear programming.'® For example, consider the case of a single
B, after the normalization of 8; = 1. The constraints in (17) can be shown to satisfy,

when AAX; >0, ———— > S
AAX,
—AAX| —
when AAX, <0, 22217 Y _ g (18)
AAX,

where AAX; = Axy; — Axyj and AAX, = Axy; — Axy;. If (X;, X;) varies enough to guarantee that P(AAX, > 0) > 0 and
P(AAX; < 0) > 0 then for any fixed value of y, 8, is bounded.

Turning to the ordered response model, convexity and boundedness of the identification regions, derived in Theorem 6,
cannot be shown by standard arguments. This is due to the presence of many inequalities, which make the representation
of the identification bounds in the form of (16) not straight forward, as well as the presence of the sup and the inf functions
which imply different sets of X (8, c;) for different values of (8, c;).

16 | would like to thank an anonymous referee for pointing these simplifications and generalizations out.
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6. Conclusion

This paper studies identification in discrete response panel data models with fixed effects. Under fairly mild conditions,
informative identification bounds on the regression parameters in the dynamic binary and static ordered response models
are derived, without assuming distributional assumptions on the time-varying unobservables or the fixed effect. The
bounds are achieved by relying on observable implications in which the fixed effect does not appear. How tight and
informative these bounds are, depends on the observed probability distribution as well as on the variation on the
explanatory variables, with more observed implications and higher variation, leading (in general) to smaller bounds.
Nevertheless, as also shown in the numerical examples, these identification bounds can be presumably wide or even
infinite and the information content might be quite low especially when the support of the regressors is small. This is a
direct effect of the weak assumptions imposed that cannot be necessarily strengthened in all circumstances. When the
assumptions can be strengthened it might be possible to achieve tighter identification bounds, however this might come
to an expense of the credibility of the conclusions.!”

As discussed in Section 1 when the time-varying unobservables are independent and identically distributed with a
logistic distribution, then the regression parameters in the linear index binary and ordered response panel data models
can be point-identified. Identification in this paper relies on weaker conditions than in the point-identified cases. The
feature of the distribution these papers use, that does not depend on the unobservable «, is the conditional probability
of the outcome variable in a specific period taking a specific value, conditional on the event that individuals change at
some period in the past. The feature of the distribution that does not depend on the unobserved heterogeneity in the
current paper is the joint probability of two outcome variables taking different values in two periods. These observable
implications use less restrictive assumptions and in particular no information on the distribution of the time-varying
unobservables. Therefore, even under the logistic distribution assumption, the bounds provided in this paper might still
fail to be singletons. Furthermore, the papers proving point-identification under the assumption that the time-varying
unobservables follow a logistic distribution, also impose independence of V and «. Assumptions 2 and 5 are less restrictive
since V is allowed to be correlated with «.

In conclusion, even though the identification bounds in this paper might not be singleton sets, they provide information
on the regression parameters under fairly weak conditions. Since the bounds do not depend on any distributional
assumption on the unobservables, they can provide information for a general class of linear index static and dynamic
discrete response panel data models with fixed effects. Furthermore, they are relatively simple to construct and therefore
might be easy to use for computation and inference.
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Appendix

A.1. Proof of Theorem 1

Consider event A = {Yo = 0 A Y; = 0 A Y, = 1}. The conditional probability for the event (Y;, Y5) = (0, 1) conditional
on Yy =0is,
P(0, 1|x,0) = Pv.ayx, v, [{XiB + o + Vi <0} A (X8 +a +V, > 0}|X =X, Yy = 0]
< Pyixy,[(Xo = Xq1)B + Vo — Vi > 01X =, Yo = 0]
= PAV|X,YO[AV > —AXﬂ|X =X, Y() = 0]

A

Applying the same argument for the rest of the sequences of events in (6) implies that,
P(1,0[x,0) < Pavix.v,[AV < —AXB — y|X =, Yo = 0]
P(0, 11x, 1) < Pavix,yo[AV > —AXB +y X =X, Yo = 1]
P(1,0]x,1) < Pavix.v,[AV < —AXBIX =x, Yy = 1]

17 As first introduced by Manski (2003) The Law of Decreasing Credibility states that “the credibility of inference decreases with the strength of
the assumptions maintained".
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For any fixed X = x and by applying Assumption 2, the above inequalities imply that

1—P(0, 1|x,0) > Payyy,[AV < —AxB|Yy = 0]
P(1,0]x,0) < Payjy,[AV < —AXxB — y|Yo = 0]

1—P(0, 1|x, 1) = Payyy,[AV < —AxB + y|Yo = 1]
P(1,0]x, 1) < Payjy,[AV < —AxB|Yy = 1]

which completes the proof.
A.2. Proof of Theorem 2

Consider any constant w € R, conditioning on Yy, = O implies that,
(Y,Y2) = (0, )A—-AXB>w = AV > w
(Y,Y2) =(1,0A—-AXB—y Sw= AV < w (A1)
and conditioning on Yy, = 1 implies that,
(Y,Y2) = (0, )A—-AXB+y >w= AV > w
(Y,Y2) =(1,0A—-AXB <w= AV < w (A2)
The relations in (A.1) and (A.2) imply that, Yo € R:
1—P[(Y1,Y2) = (0, 1) A —AXB > w|X =x, Yo = 0] > P[AV < w|X =x, Yy = 0]
P[(Y1,Y2)= (1,00 A —AXB —y <w|X =x,Yy =0] < P[AV < w|X =x, Yy =0]
1—P[(Y1,Y2) =0, DA =-AXB+y >w|X=xYy=1] > P[AV < w|X =%, Yy = 1]
P[(Y1,Y2) = (1,00 A —AXB < wlX =x,Yo=1] < P[AV < 0|X =x, Yy = 1] (A.3)
Consider the event A= {Yg =0AY; =0AY, = 1}. When —AXB > w,
P[(Y1,Y2) =(0,1) A —AXB > w|X =x, Yy = 0] = P(0, 1|x, 0)
and when —AX 8 < o,
P[(Y1,Y2) = (0, DA —AXB > w|X =X, Yo =0]=0

Using the same argument, lower and upper bounds on the rest of the inequalities in (A.3) can be derived. These bounds
in combination with (A.1), (A.2) and Assumption 2 imply that,

inf  1—P(0,1x,0) > Fayy,(»|0)

x:—Axp>w
sup  P(1,0]x,0) =< Fayjy,(w]0)
x—Axp—y<w
i - >
el =P 1 1) = Favg(ell)
sup P(1,0[x,1) < Fayy,(o|1)
x:—AxB<w
—
sup P(1,0]x,0) < Fayjy,(w|0) < inf 1-—P(0, 1], 0)
X—Axp—y<w x—AxB>w
sup  P(1,0[x, 1) < Faypy,(o|1) < inf 1—-P(0,1]x, 1) (A4)
X:—AxB<w x—Axp+y=w

which completes the proof.
A.3. Proof of Theorem 3

To prove the unconditional identification bounds in Theorem 3, first notice that
Favix(wlx) = Favix,vy(@]X, 0)P(Yy = 0]X = X) + Favx.y,(w]x, 1)P(Yp = 11X =X).
Define P(Yy = 0|X = x) = Pp(x) and P(Yy = 1|X = x) = Py(x), which are fully observed, and define the relations in (A.3)
as,
Glolx, 0) = PI(Y1,Y2) =(1,0) A —AXB —y < wlX =X, Yo = 0]
Glwl|x, 1) = P[(Y1, Y2) = (1,00 A —AXB < w|X =%, Yo = 1]
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G(w|x,0) = 1 —P[(Y1,Y2) = (0, 1) A —AXB > w|X = x, Yy = 0]
Glolx, 1) = 1=P[(Y1,Y;) = (0, ) A —AXB+y > 0lX =x, Yo = 1].

Then multiplying by Py(x) the probabilities conditional on Yy = 0 and by P;(x) the probabilities conditional on Yy = 1
imply that the relations in (A.3) can be expressed as

G(w|x, 0)Po(X) < Favix.v,(@|x, 0)Po(x) < G(w|X, 0)Po(X)
G(w|x, 1)P1(x) < Fayix.y,(@|x, 1)P1(x) < G(w|x, 1)P1(x)
which imply,
G(wlx, 0)Po(x) + G(wl|x, 1)P1(x) < Fayx(@lx) < G(w|x, 0)Po(x) + G(w|x, 1)P1(x)

—
Gwl[x, 0)Po(x) + G(w]x, 1)P1(x) < Fav(@) < G(wl|x, 0)Po(x) + G(w]x, 1)P1(x)
where the last result follows from Assumption V L X. The last relation implies that,
ig}g{g(wlxy 0)Po(x) + Glwlx, 1)P1(x)} < Xig;g{g(wlx, 0)Po(x) + Glwlx, 1)P1(x)).
This completes the proof.

A.4. Proof of Theorem 5

The proof of Theorem 5 follows similar arguments as the proof of Theorem 1. For example consider the event
{Y; =0 A Yy, = 1}. It can be shown that,

P(0, 11x) = Py o)x[{0 > X18 + o + V1}
A{XoB4+a+V,>0A0=X084+a+V, — X =x]
S Prox({0 = XiB +a+ Vit A{Xo B +a + Vo > 0}X =X)
< Pyx(0 > (X1 — X2)B + (V1 — Vo)X =X)

1 — Fav[—AxB]

where the last inequality follows from Assumption 5. Applying the same arguments for the rest of the relations in (8) it
can be shown that for any given X = x,

P(1,0[x) < Fay[—AxB]
Fav[—4AxB] < 1—P(0, 1|x)
P(2,0[x) < Fay[—AxB — c2]
Fav[=AxB + 2] < 1—P(0, 2[x)
P(2, 1|x) < Fay[—AxB]
Fav[—AxB] <1 —P(1,2]x) (A5)
The above relations show that changing choices from period t = 1 to t = 2 provide restrictions on the distribution of AV
that do not depend on the fixed effect, «. In addition it can be shown that the “in-between” event, (Y, Y5) = (1, 1), also

provides information on (8, ¢c;) without involving the fixed effect. To see that consider the joint probability of choosing
the event (9):

P(1,11x) = Py oyx[{XiB +a + Vi >0A0 = X8+ o+ Vi — o}
ANXoB+a+V,>0A0=2XB+a+ Vo — )X =]
By combining
XiB+a+Vi>0and 0> X8 +a+Vo —
and
0>XBt+ta+Vi—cand X8 +a+V, >0
it can be shown that,
P(1,11x) = Pv[0 > (X2 = X1))B+ (V2 = Vi) — 2
AKX =X)B+(Va—Vi)+ > 01X =x]
P(1,11x) < Pay[—AXB+ ¢y > AV > —AXB — ¢2|X = X] (A.6)

which does not depend on «. This completes the proof.
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A.5. Proof of Theorem 6

As discussed in Section 3 the events {(0, 1), (1, 0), (0, 2), (2, 0), (1, 2), (2, 1), (1, 1)} provide restrictions on the distri-

bution of AV that do not depend on the unobserved heterogeneity, «. From the inequalities in (A.5) and (A.6) and for a

given set of arbitrary constants w, o', ®” € R, such that v” < w < &' it follows that,

Y1, Ya)=(0,1) A —AXB > w = AV >

Y1, Vo) =(1,0) A —AXB <w = AV <

Y1, Y2) = (0,2) A —AXB+C > 0= AV > o

Y1, Ya)=(2,0) A —AXB — <w = AV <

Y Ys) = (1,2) A —AXB>w = AV > o

YY) = (2, 1) A —AXB<w= AV <@

YLY)=(L,L DA W > -AXB+oA—AXB—C >w=a > AV > o
Vi,V )=, D) Aw>—AXB+oA—AXB— >0 =>w>AV >0

The relations in (A.7) and Assumption 5 imply that,

1—P[(Y1,Ys) = (0, 1) A —AXB > w|X = x] > P[AV < 0]
P[(Y1,Y2) = (1,0) A —AXp < w|X = x] < P[AV < 0]

1—P[(Y1,Y2) = (0,2) A —AXB + ¢ > w|X = x] > P[AV < o]
P[(Y1,Ys) = (2,0) A —AXB — ¢, < w|X = x] < P[AV < o]

1—=P[(Y1,Ys) = (1,2) A —AXB > w|X = x] > P[AV < 0]
P[(Y1,Y2) = (2, 1) A —AXB < w|X = x] < P[AV < 0]
P(Y1,Y2) = (1, DA {0 > —AXB + 2 A —AXB — ¢ > w}X = x]

<Plw < AV < o]
P[(Y1,Y2) = (1, DA {wo > —AXB+ o A —AXB — 3 = &"}IX = X]
< Plo" < AV < w]

(A8)

Following the same arguments as in proving Theorem 2 it can be shown that for any given o” < w < o’ € R, depending
on the different values of x € X the lower and upper bounds of the inequalities in (A.8) change. Since for any value of
(B, c2) in the identification bounds the relations in (A.8) should hold simultaneously the distribution of AV is shown to
be bounded by,

where

sup P(1,0]x) < Fay(w)

x:—AxB<w

Fav(w) < inf  [1—P(0, 1]x)]
AxB>w
sup  P(2,0[x) < Fay(w)

x:—AxB—cr<w

Fav(o) = inf — [1—P(0,2[x)]
X:—AxB+cr>w

sup P(2, 1x) < Fay(w)

x:—AxB<w
Fav(w) < inf  [1—P(1, 2|x)]
x:—AxB>w
sup P(1, 1|x) < Fay(®') — Fav(w)
xexX*
sup P(1, 1|x) < Fay(®) — Fav(0”)
XeX**

={x:0 > —-AxB+ 3 A —AXB —; > w)}

X ={x:0>—-AxB+cA—AxB - > o).

Furthermore, notice that at the limit o’ — oo and 0"’ — —o0,

P(1,1|x) < 1 — Fay(w) & Fay(w) < 1—P(1, 1|x), when x € X*
P(1, 1|x) < Fay(w), when x € X**
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and
FAv(a)) < inf 1-— P(l, 1|X)

X:—Axf—cy>

sup  P(1, 1]x) < Fav(w) (A9)

x:—AxB+cr <o

which completes the proof.

References

Amemiya, T., 1981. Qualitative response models: A survey. J. Econ. Lit. 19 (4), 1483-1536.

Arellano, M., Bonhomme, S., 2011. Nonlinear panel data analysis. Annu. Rev. Econ. 3, 395-424.

Arellano, M., Honoré, B.E., 2001. Panel data models: some recent developments. In: Heckman, J.J., Leamer, E. (Eds.), Handbook of Econometrics, Vol.
5. North-Holland, Amsterdam, pp. 3229-3296.

Baetschmann, G., Staub, K.E., Winkelmann, R., 2015. Consistent estimation of the fixed effects ordered logit model. J. Roy. Statist. Soc. Ser. A 178 (3),
685-703.

Beresteanu, A., Molinari, F., 2008. Asymptotic properties for a class of partially identified models. Econometrica 76 (4), 763-814.

Botosaru, I, Muris, C., 2017. Binarization for Panel Models with Fixed Effects. Cemmap working paper CWP31/17.

Chamberlain, G., 1984. Panel data. In: Griliches, Z., Intriligator, M.D. (Eds.), Handbook of Econometrics, Vol. 2. North-Holland, Amsterdam, pp.
1247-1318.

Chamberlain, G., 2010. Binary response models for panel data: Identification and information. Econometrica 78 (1), 159-168.

Chernozhukov, V., Fernandez-Val, I, Hahn, ], Newey, W., 2013. Average and quantile effects in nonseparable panel models. Econometrica 81 (2),
535-580.

Chernozhukov, V., Hahn, J., Newey, W., 2005. Bound Analysis in Panel Models with Correlated Random Effects. Unpublished manuscript, MIT.

Chintagunta, P., Kyriazidou, E., Perktold, J., 2001. Panel data analysis of household brand choices. J. Econometrics 103 (1-2), 111-153.

Heckman, ]J., 1981a. Heterogeneity and state dependence. In: Rosen, S. (Ed.), Studies in Labor Markets. National Bureau of Economic Research,
University of Chicago Press, Chicago, pp. 91-139.

Ho, K., Rosen, A.M., 2017. Partial identification in applied research: Benefits and challenges. In: Honoré, B., Pakes, A., Piazzesi, M., Samuelson, L.
(Eds.), Advances in Economics and Econometrics: Eleventh World Congress of the Econometric Society (Econometric Society Monographs), Vol.
2. Cambridge University Press, Cambridge, UK, pp. 307-359.

Honoré, B.E., 1992. Trimmed LAD and least squares estimation of truncated and censored regression models with fixed effects. Econometrica 60 (3),
533-565.

Honoré, B.E., 2002. Nonlinear models with panel data. Port. Econ. J. 1 (2), 163-179.

Honoré, B.E., Kyriazidou, E., 2000. Panel data discrete choice models with lagged dependent variables. Econometrica 68 (4), 839-874.

Honoré, B.E., Lewbel, A, 2002. Semiparametric binary choice panel data models without strictly exogeneous regressors. Econometrica 70 (5),
2053-2063.

Honoré, B.E., Tamer, E., 2006. Bounds on parameters in panel dynamic discrete choice models. Econometrica 74 (3), 611-629.

Maddala, G.S., 1983. Limited-Dependent and Qualitative Variables in Econometrics. Cambridge University Press, Cambridge, UK.

Manski, C.F., 1987. Semiparametric analysis of random effects linear models from binary panel data. Econometrica 55 (2), 357-362.

Manski, C.F., 2003. Partial Identification of Probability Distributions. In: Springer Series in Statistics, Springer, New York.

Muris, C., 2017. Estimation in the fixed-effects ordered logit model. Rev. Econ. Stat. 99 (3), 465-477.

Pakes, A., Porter, J., 2014, Moment Inequalities for Multinomial Choice with Fixed Effects. Working paper, Harvard University.

Rosen, A.M., 2012. Set identification via quantile restrictions in short panels. J. Econometrics 166 (1), 127-137.

Rosen, A.M., Weidner, M., 2013,WP. Bounds for binary panel data models with fixed effects. in preparation, slides available at https://goo.gl/dVUW3V.

Shi, X., Shum, M., Song, W., 2018. Estimating semi-parametric panel multinomial choice models using cyclic monotonicity. Econometrica 86 (2),
737-761.

Wooldridge, J.M., 2005. Simple solutions to the initial conditions problem in dynamic, nonlinear panel data models with unobserved heterogeneity.
J. Appl. Econometrics 20 (1), 39-54.


http://refhub.elsevier.com/S0304-4076(20)30120-2/sb1
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb2
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb3
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb3
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb3
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb4
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb4
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb4
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb5
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb6
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb7
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb7
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb7
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb8
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb9
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb9
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb9
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb10
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb11
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb12
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb12
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb12
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb13
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb13
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb13
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb13
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb13
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb14
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb14
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb14
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb15
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb16
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb17
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb17
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb17
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb18
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb19
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb20
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb21
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb22
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb23
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb24
https://goo.gl/dVUW3V
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb26
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb26
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb26
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb27
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb27
http://refhub.elsevier.com/S0304-4076(20)30120-2/sb27

	Semiparametric identification in panel data discrete response models
	Introduction
	The dynamic binary response panel data model
	Model assumptions
	Identification bounds: Binary response dynamic panel data model
	Dynamic panel data model with more periods

	The static ordered response panel data model
	Model assumptions
	Identification bounds: Ordered response static panel data model
	Static ordered response panel data model with more choices

	Numerical examples
	Static binary response panel data model
	Example 1
	Example 2

	Dynamic binary response panel data model
	Example 3
	Example 4

	Static ordered response panel data model
	Example 5
	Example 6


	Discussion
	Conclusion
	Acknowledgments
	Appendix
	Proof of Theorem 1
	Proof of Theorem 2 
	Proof of Theorem 3 
	Proof of Theorem 5 
	Proof of Theorem 6 

	References


