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1. Introduction

Location choices by households and firms are of interest to
economists for numerous reasons, ranging from the determinants
of residential segregation patterns in cities to the design of national
tax policy. Given the discrete nature of such choices, they are typ-
ically modelled by empirical researchers through McFadden’s
(1974) conditional logit framework.> The appeal of this approach
lies in its formal link between the theoretical objective function of
a representative location-seeking agent and the likelihood function
of the empirical model.

* Corresponding author.

E-mail addresses: kurt.schmidheiny@upf.edu (K. Schmidheiny), Marius.Brulhar-
t@unil.ch (M. Briilhart).
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Mayer (2004), Crozet et al. (2004), and Devereux et al. (2007). For corresponding
studies of household location choices, see, e.g., Ellickson (1981), Quigley (1985),
Nechyba and Strauss (1998), Schmidheiny (2006), and Bayer et al. (2007).
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Mostly out of a perception of greater computational ease,
researchers have resorted to Poisson count estimation as an alter-
native approach to the conditional logit.* Guimaraes et al. (2003),
henceforth GFW, have shown that, with purely location-specific
locational determinants or with determinants that are specific to
locations and to groups of agents, the conditional logit and Poisson
estimators return identical parameter estimates. In this sense, the
two estimators are equivalent, and the rigorous link to the theory of-
fered by the conditional logit model therefore applies identically to
the Poisson. This useful result has already been applied widely in
the location choice literature.®

We show that the identical coefficient estimates resulting from
the two estimation strategies in fact have fundamentally different
economic implications. The conditional logit model implies that
the aggregate number of agents is fixed and that differences across
locations affect only the distribution of those agents across those
locations. Hence, an additional agent attracted to location j means

4 See, e.g., Papke (1991), Becker and Henderson (2000), List (2001), Guimaraes et al.
(2004), and Holl (2004), for studies of firms’ location choices; and Flowerdew and
Aitkin (1982) and Borsch-Supan (1990) for studies of individual migration choices.

5 Studies invoking the GFW equivalence result include Holl (2004), Duranton et al.
(forthcoming), Briilhart et al. (2007), Arzaghi and Vernon Henderson (2008), Davis
and Vernon Henderson (2008), and Coeurdacier et al. (2009).
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one less agent among the other locations in the relevant set, i # j.
In the Poisson model, however, an additional agent attracted to
location j has no impact on the number of agents in the remaining
locations and thus raises the aggregate number of agents, summed
across i and j, by one. Thus, the conditional logit model and the
Poisson model can be viewed as polar cases, with the former rep-
resenting zero-sum reallocations of firms or households across
locations and the latter implying a positive-sum world.®

We also show that intermediate cases between these two ex-
tremes can be represented by a nested logit model featuring a gen-
eric outside option. This approach returns the same parameter
estimates as the two other estimators. The nested logit in fact
can be written as a linear combination of the conditional logit
and Poisson models, with a single “rivalness parameter” represent-
ing the closeness of the nested logit to the conditional logit (and
thus the distance from the Poisson). Conditional logit and Poisson
elasticities mark the polar cases and can therefore serve as bound-
ary values in applied research.

The paper is structured as follows. In Section 2, we formally de-
rive the commonalities and differences among the conditional lo-
git, Poisson and nested logit models. Empirical implications and
an illustration are presented in Section 3. Section 4 concludes.

2. The models

We denote agents with f=1, ..., N and regions with j=1, ..., J.
For simplicity, we shall frame our discussion in terms of corporate
location decisions, and therefore relate to f as “firms”.

Following GFW, we first assume the determinants of locational
attractiveness to be purely region specific, such that they affect all
firms symmetrically (case A). The K observable characteristics of
each region are given by the (K x 1) vector x;. We shall later relax
this assumption, and allow locational attractiveness to be region-
industry specific (case B).

The random variable n; represents the count of firms in region j,
whereas N; denotes the number of firms actually observed in re-
gion j. Analogously, the random variable n represents the total
number of firms, whereas N denotes the observed total number
of firms.

2.1. Case A: industry-invariant locational determinants

2.1.1. Conditional logit

Suppose that firm f's profit in region j is determined by the lin-
ear model 75 = X1 + ug, where f is a (K x 1) vector of coefficients.
Then, the conditional logit model is defined by the assumption that
the random term ug is independent across f and j and follows an
extreme-value type 1 distribution. With this assumption, the prob-
ability that a given firm f chooses region j rather than another re-
gion is given by

e’

Py =P; = S (1)
where 37;P;r = 1 for all f. Since locational characteristics x; are as-
sumed here to affect all firms symmetrically, this probability also
represents the share of firms that will choose region j.

The parameter f can be estimated by maximum likelihood. We
can write the log likelihood as

J J J J
logL(B) = NjlogP;=> Nxp—>" {N,» log (Z aﬁﬁ)} )
j=1 j=1 j=1 i=1

5 For recent research on the cross-region effects of region-specific policies aimed at
attracting firms, see, e.g., Greenstone and Moretti (2003), Chirinko and Wilson (2008),
and Wilson (2009).

The conditional logit model implicitly assumes that the total
number of firms n is given and does not depend on the locational
characteristics x. The expected number of firms in region j, E(n;)
is therefore simply

el
E(nj)=nPi=n——_. 3)
T
Zji:1ex'/

The percentage change in the expected number of firms in re-
gion j, E(n;), with respect to a unit change in the kth locational char-
acteristic of region j itself is given respectively by the own-region
semi-elasticity:

dlogE(n;)
€j=———=(1-P)B. 4
1l Oxjk ( J)ﬁk ( )
Similarly, the percentage change in the expected number of
firms in another region, E(n;.;), with respect to a unit change in
j’s kth locational characteristic is given by the cross-region semi-
elasticity:

_ OlogE(m)

oo, = ~Pib (5)

ij

For simplicity, we shall henceforth refer to these and all subse-
quently presented semi-elasticities as “elasticities”. Hence, all
“elasticities” derived and calculated in this paper in fact are
semi-elasticities.

The own-region elasticity (4) shows that by enhancing its
attractiveness a region will increase its expected number of firms,
and the cross-region elasticity (5) implies that one region’s in-
creased attractiveness to firms will reduce the number of firms
choosing other regions: one region’s gain is another region’s loss.
Moreover, a simple comparison of the two elasticities shows that
small regions (in terms of P;, the share of firms they host) are pre-
dicted by the conditional logit model to find their own firm counts
to be relatively elastic to changes in their own locational character-
istics, while not affecting firm counts in other regions as much as
large regions.

We now turn from the viewpoint of individual regions to an
analysis of what the conditional logit model implies for the total
number of firms among the J regions. By definition,

J
E(n) =Y E(m)=n=N. (6)

j=1

Hence, the expected total number of firms is equal to the ob-
served total, N, irrespective of regressors and parameters. This
again shows the “zero sum” aspect of the conditional logit model,
where the implied problem is one of allocating an exogenously
fixed number of firms over a set of regions. It also follows logi-
cally that changes in the locational attractiveness of individual re-
gions will not affect the total number of firms. Formally, the
elasticity of the expected total firm count relative to a change
in one of the K locational characteristics of any particular region
j is zero:

o dlogE(n)
n BXjk

2.1.2. Poisson

The Poisson estimator is based on the assumption that n; is
independently Poisson distributed with region-specific mean
E(ny) = ", (7)

Here too, 8 can be estimated by maximum likelihood. We can
write the concentrated log likelihood as
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J J J
logL(p) = S Nxp 3 {Nj log (Z ew)}
J=1 j=1 i-1

J
—> logN;! =N+ NlogN. (8)

=

When comparing this to (2), the point made by GFW is plain to
see: the log likelihood functions of the two models are identical up
to a constant, and maximum likelihood estimation therefore yields
identical parameter estimates p.

In expectation, the share of firms in region j can be written as

E(le) ewrxj’/? exjﬁ/}
= = T TE
Z!:lE () Z{:1 extil Z{‘:l el

9)

which is exactly the same expression as (1), for the conditional logit
model. This equivalence lies at the heart of the GFW result:

Observation 1. [Guimaraes et al., 2003] The log likelihood func-
tions for the conditional logit and the Poisson model are identical
up to a constant, and maximum likelihood estimation therefore
yields identical parameter estimates f.

The elasticity of the expected number of firms in region j, E(n;),
with respect to a change in the kth locational characteristic of re-
gionj itself, and by that of another region i +# j, is given respectively
by the own-region elasticity

=2 =f (10)

and by the cross-region elasticity

~_OlogE(m)
€ _Tjk_o. (11)

Comparing these elasticities to their conditional logit equiva-
lents (4) and (5), we observe the following differences.

Observation 2. The Poisson model implies more elastic responses
by firm counts to given changes in own-region characteristics than
the conditional logit model.

Observation 3. Unlike in the conditional logit model, in the Pois-
son model, one region’s change in locational attractiveness has
no impact on the number of firms located among any of the J — 1
other regions.

Hence, even though the estimated parameters /8 will be invari-
ant to the choice of model, their implied predictions differ starkly.
The conditional logit model implies a zero-sum allocation process
of a fixed number of firms over the J jurisdictions. In contrast, in
the Poisson model new firms are non-rivalrous, in the sense that
adjustment to one regions’s locational characteristics works not
through changes in firm numbers among the J — 1 other regions
but from changes either in the supply of local entrepreneurship
or in firms attracted from or repelled to somewhere outside the
considered set of | regions.

Moving again from the viewpoint of individual regions to an
analysis of the model’s implications for the total number of firms
among the J regions, and using (7), we find that
J J J
E(n)=> E(n)=> e/ =e*y e
i=1 i=1

i i=1

Comparing this expression with its conditional logit equivalent
(6), we note that the expected total number of firms is now not gen-
erally equal to the observed total number of firms, N, but depends

on the regressors and parameters.” The Poisson model thus implies
that a change in a region’s locational attractiveness will affect the
sum of firms active in the J regions. Specifically, the elasticity of the
expected total firm count with respect to a change in one of the K
locational characteristics of any particular region j is given by®

_dlogE(n) €Y E(n)

. _ ] —p.
= o 53 e B P

Observation 4. In the Poisson model, an increase (decrease) in one
region’s locational attractiveness increases (decreases) the total of
firms summed across the J regions. In the conditional logit model, a
change in one region’s locational attractiveness leaves the total of
firms summed across the J regions unchanged.

2.1.3. Nested logit

Observations 2-4 show that the two models are the polar cases
of a continuum of relative adjustment margins, ranging from real-
locations purely within the set of alternatives considered (condi-
tional logit) to reallocations purely between that set and some
outside option (Poisson). We now turn to a micro-founded ap-
proach that covers this whole continuum and thus encompasses
the polar cases.

Suppose that firms make two sequential choices. At the first
stage, they choose between locating in one of the J regions consid-
ered (which could stand for “domestic” regions) and an outside op-
tion j = 0 (which could stand for locating “abroad”, or for remaining
inactive). If they have chosen to set up in one of the J regions, they
pick one of them at the second stage. Like in the conditional logit
model, firm fs profit in region j > 0 is determined by a linear func-
tion of the region-specific characteristics x;, such that 75 = X1y + v5.
Firm fs profit associated with the outside option is given by
T = & + vp, where 6 summarizes the exogenously fixed locational
attractiveness of the outside option. The stochastic term vy is as-
sumed to follow a generalized extreme value distribution as in
McFadden (1978).° This leads to a nested logit model with one
degenerate “nest” that includes j = 0 only and one other “nest” that
includes all regions j > 0. This two-stage structure assumes indepen-
dence between vy and ; for all j > 0, and non-negative correlation
1 — /2) across yg for all j > 0; where 0 </ < 1, sometimes called the
“log-sum” coefficient, measures the importance of the domestic nest
as a whole relative to the outside option.

In this setting, the probability that a particular firm f chooses
the outside option j = 0 is given by

J
Po=— (12)
e+ (zjﬂexlﬂ)

and the probability that it chooses a particular region j > 0 among
the J regions of interest is

, LN\ A1
e’ (X e)
et
e+ (Shie?)

where we reparametrize f8 = /.. This implies that, unlike in the con-
ditional logit, the estimated regression parameters f3 are not identi-
cal to the structural parameters of the underlying profit function.

P;

= Pj.0 - Pjjs0,

7 Note that the predicted total number of firms at the estimated coefficients and
actual data corresponds to the observed total of firms in the Poisson model just as it
does in the conditional logit model. In symbols, E(n|&, f) = N.

8 We define P;= E(nj)/E(n) » E(m;/n) in the Poisson model. Using this definition,
P; = €%/ /53 %" in both the conditional logit and the Poisson model.

9The specific density, function assumed over {0,J}is
F(vs) = EXPS[* (ZL e"'ﬁ/"i)/’ - e"‘w].
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The choice probabilities P; can be decomposed into (a) the prob-
ability of choosing any of the J regions, Pjo=1 — Py, and (b) the
probability of choosing a specific region j given that the firm
chooses to set up in one of the J regions,

exjﬁ/f
Pjjo = W (13)

The parameter g can again be estimated by maximum likeli-
hood. We can write the concentrated log likelihood as

J
N;log (Z e"i")

i=1

J J
logL(B) => Nxip—>_ + Nolog(No) + N
j=1 j=1

x log(N) — (N + No) log(N + No),

where ¢ and 1 cancel out when we substitute the first-order condi-
tion dlogL/dd = 0 into L(B,5,4)."°N is the number of firms locating in
any of the regions j > 0, and Ny is the number of firms choosing the
outside option j = 0.

Observation 5. The log likelihood functions for the conditional
logit, the Poisson and the nested logit model with a single outside
option are identical up to a constant, and maximum likelihood
estimation therefore yields identical parameter estimates j.

The ratio (13) is identical to its equivalents in the conditional lo-
git and Poisson models, (1) and (9). This correspondence among
the three models lies at the heart of Observation 5, which extends
the GFW result to the nested logit case with a single outside option.

The parameter vector g is identified and can be estimated with-
out observing Ny because the first-order condition of the concen-
trated likelihood function, dlogL(B)/o B, is independent of Ny. The
parameters ¢ and /, however, are not identified when Ny is not ob-
served because the first-order conditions dlogL(p,é,4)/0é =0 and
ologL(B,d,1)]04 =0 depend on Ny (see footnote 10). Even if Ny were
observed, § and 4 would not be identified separately, as the two
first-order conditions are identical.

The expected number of firms in region j > 0 is

, L\ -1
e’ (Z{:l ex‘ﬁ>
ed+ (E{Zlexiﬁ) ‘
The own-region elasticity of the expected number of firms, E(n;), rel-
ative to locational characteristics is given by

dlogE(n;)
G =",

ik

E(nj) = (n+no)P; = (n+ny) (14)

= [1 - Pjjo(1 — 2Po)ly (15)

and the cross-region elasticity is given by

_ OlogE(m;)

e i>0(1 — 2Po) .- (16)

i
10 The concentrated likelihood is obtained as follows:

J
logL(p,8,4) = NologPy + > N;logP;

=

5 P S et i1
=Ny log 87“/ +Z;:1 N; log % .
e + (Z]:1€ ,/) e+ (i ")

i

The first-order condition with respect to & is 0logL/d5 = No — (N + No)e’/
[e“ +(sher)
the estimated $ and 7: e = No/N - (ZJ;JE’W)/~ When we substitute e’ in logL(f,5, 1),

/. also cancels out because the first-order condition with respect to 4 is automatically
satisfied as 0logL/d/ =dlogL[os = 0.

= 0. The estimated & can therefore be expressed as a function of

Table 1
Comparing implied elasticities (case A).

Conditional logit Nested logit Poisson

~_ dlogE(n) (1 — Pj0)Bk [1 = Pyjso(1 — 2Po)] Bk Br
DS o

_ dlogE(m;) —Pjj>0Pk —Pjjs0(1 = 2Po)fic 0

YU oxg
oo dlogE(n) 0 ZPoPjjj>0Pik Pjjsofk
T oy

Notes: Pjj»o = E(n;)/E(n), Po = E(ng)/E(n + ng).

We can now compare the own- and cross-region elasticities of
the three models. Simple inspection of elasticities (4), (5), (10),
(11), (15) and (16) leads to the following observation.

Observation 6. The nested logit own-region and cross-region
elasticities lie between their conditional logit and Poisson
counterparts.

Once more, we now move from the analysis of firm counts in
individual regions to the total number of firms that are active in
the J regions. Using (14) and (12), we find that

s\ A
(leleXJIf)
e+ (25:1 ex;/f)'

The expected total number of firms active in the ] regions is simply
given by the share of potential firms that decide to become active in
one of those regions. As in the Poisson model, the expected total
number of firms is not generally equal to the observed total number
of firms, N, but depends on the regressors and parameters, including
those for the outside option.!! The elasticity of the expected total
firm count relative to a change in one of the K locational character-
istics of any particular region j is given by

. 1
(. _ OlogE(m) _ ieoex’ﬁ(zjiﬂe’(‘ﬁ) Br
8Xjk Py i (Z{:] ex]{/j)/.

E(Tl) = (n+n0) = (n+n0)Pj>g.

= /PoPjj-o

Observation 7. Like the Poisson, the nested logit model implies
that a change in a region’s locational attractiveness will affect the
total of firms summed across the J regions.

Here, the responsiveness of the aggregate firm number is due to
the effect on the decisions taken by firms that would have chosen
the outside option in the absence of a change in regional
attractiveness.

2.1.4. A synthesis of the three models

We can now pull together the salient features of the three mod-
els. First, we consider the impact of a change in the attractiveness of
an individual region on the number of firms in that region and
across the J — 1 remaining regions. Table 1 gathers the own-region,
cross-region and aggregate elasticities implied by the three models.

In order to compare these elasticities, we define p=1— iP
which satisfies 0 > p > 1 under the standard nested logit assump-
tion 0< 1< 1. We call p the rivalness parameter. It allows us to
write the nested logit elasticities as a linear combination of their
conditional logit and Poisson equivalents: €} = pef®®+
1- p)ejl;oisson, 63102" _ peicleglt and 6}{110glt =(1- p)EJPOiSSO“. The
rivalness parameter therefore acts as a summary measure of the
position of the data generating process between the two polar
cases, conditional logit (p = 1) and Poisson (p = 0). One may think

™ As in the Poisson and conditional logit models, the predicted total number of
firms among the J regions at the estimated coefficients and actual data corresponds to
the observed total: E(n|f,5,2) = N.
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Table 2
Comparing implied elasticities (case B).
Conditional logit Nested logit Poisson

Region-industry specific regressor Xgjx:

(a) dlog E(ngj) B (1 = Pyjiso,5) Bil1 = Pyjjsos(1 — 2Poys)] Pr
OXsjk

(b) dlog E(ng) —Pk Pjjs0.s —PiPjjs0s(1 — APojs) 0
OXsjk

(c) dlog E(ns) 0 BiPjj>0.57Pojs BiPijos
OXsj

(d) dlogE(n;) Prc (1 = Pjj05)Ps; Bil1 — Pjjs0s(1 — 4 Poys)|Psj; PiPsj
OXsjk

(e) dlog E(n;) —Bi Pjjj0,5Ps)i —BiPjj»05(1 = 2 Pojs)Psi 0
OXsjk

(f) dlogE(n) 0 B PyiPiiPoys BiPsiPjj>o0
OXjk

Region specific regressor Xj:

(®) 9log E(my) BeSe1(1 = Pjj-0s)Py; BieS=e1 (1= Pjaos (1 — 2Po)IPy B
OXjc

(h) dlog E(n;) — B4 Pigo0sPsj — Bk e-1 Pij-05(1 = 2Pgjs)Py; 0
OXj

(1) 9 IO)g E(n) 0 BiPS 51 (APoisPsj) BP0
It

Notes: Pjj»os = E(ng)[E(ns), Pojs = E(s0)/E(ns + nso), Py = E(ng)/E(n;). Py is the fraction of firms in industry s in a given region j.

of p as capturing the relative importance of the outside option: as
p — 0, competition among the ] regions becomes unimportant rel-
ative to the weight of the outside option, while with p — 1, the
outside option becomes negligible and any reallocations have to
occur within the set of the J regions.

We can also establish rankings of the elasticities implied by the
three models. Provided that g # 0, the ranking of own-region elas-
ticities is (c.f. Observations 2 and 6)

Poisson
4

> ‘eﬁnloglt’ >

clogit
€ ‘ >0,
while the ranking of cross-regions elasticities is just the reverse (c.f.
Observations 3 and 6),

clogit
ij

nlogit
i

€ =0.

9"

Poisson
e

and the ranking of aggregate elasticities is again (c.f. Observations 4
and 7)

‘ 6][’01sson

> ‘6 nlogit

;| >

] .0

An alternative way of comparing the three models is to inspect
the predicted counts.'? In all three models the expected number of
firms in region j can be written as

E(nj) =m-e%’

where the multiplier m is given by

—n__
X
i

EL] €

m = e* = constant

m—= "o _ M
- ZJ 5 D%
i€ e4>+(zﬂe ! )

Nevertheless, given the data, the three models predict the same
number of firms, as the multiplier is estimated as 1 = N/>_, €%’
in all three cases.!® This reflects the GFW equivalence in Observa-
tion 1 and our equivalence in Observation 5. However, the multi-
plier m reacts differently to changes in locational characteristics

m= in the conditional logit,

in the Poisson,

in the nested logit.

12 We thank an anonymous referee for suggesting this elegant alternative approach.
13 This is easily verified by plugging in the respective first-order conditions of the

unconcentrated likelihood functions: e* = N/>_ e and e’ = Ng/N(E]izle‘V’)

p

depending on the estimator chosen, in line with our Observations
2,3,4,6and 7.

2.2. Case B: industry-specific locational determinants

Consider now that we observe K characteristics x,; for every re-
gion j and industry s. Hence, we again do not observe firm-specific
regional attributes, but we now allow for these attributes to differ
across groups of firms, best thought of as industries. We maintain
the notation x; for the subset of locational determinants that are
constant across industries. Furthermore, n; is the number of firms
in region j and industry s, n is the observed number of industry-s
firms across all regions, n is the total number of firms, and N stands
for the corresponding observed firm count in the sample.

The grouped conditional logit model is given by the probability
that a given firm f of industry s chooses region j rather than another
region:

X,

e’

Z] 1(—:”‘;1'/j7
i
where >7;Pj; = 1 and Py, is the probability for a particular firm to

choose region j given that the firm belongs to industry s.
The grouped Poisson model is given by

Py =Pys =

E(ny) = ¢,

where o is an industry-specific constant.

Finally, the grouped nested logit model is given by the probabil-
ity that a given firm f of industry s chooses either the outside op-
tion j =0,

ed B %
e’ + (Z;Zle’(sf"/l)}' a % + (Zj;]engﬁ)“
or a particular domestic region j > 0,
Pl (E{:] e"éi/‘) i1

where ds is an industry-specific constant, and 8 =9/ Pj>g;s = 1 — Pojs
is the probability that a given industry-s firm chooses any domestic
region j > 0, and

PO\s:

Pj\s = = I'j>0ls * Pju’>0.s = (1 - PO\S)PjU>0.57
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ex;] B

e

is the probability that such a firm chooses a particular domestic re-
gion conditional on not choosing the outside option.

As in case A, the three models are observationally equivalent in
a cross section of domestic firm choices and yield identical esti-
mates for the parameter vector . This has been shown by GFW
for the grouped conditional logit and the grouped Poisson models,
and we show it in the Appendix for the grouped nested logit
model.

Table 2 summarizes the implied elasticities in the three
grouped models (see the Appendix for derivations). As in case A,
the elasticities in the grouped nested logit model are (industry-
specific) linear combinations of their conditional logit and Poisson
equivalents: €8t = p e clogit 4 (1 — p )eMo" where ps=1 — ZPgs.

(17)

Pjjoos =

3. Estimation
3.1. Elasticity bounds

We have shown that estimation of any of the three models
will yield identical parameter estimates 3. The additional param-
eters /. and ¢ in the nested logit model are not identified but
irrelevant for the estimation of . Hence, it is impossible to dis-
criminate formally between these three model based on cross-
section data. And yet, the implied elasticities differ substantially.
In previous research, reported elasticities were based either on
the conditional logit model or the Poisson model, without justifi-
cation of the particular choice made or, mistakenly in this respect,
by referring to the equivalence of the two models as established
by GFW.

What can researchers do if they are not willing to make this
choice by assumption but rely on cross-sectional data? We pro-
pose in this situation that one calculate the elasticities of both
the conditional logit and the Poisson model and report these
predictions as bounds for the true effects. As shown in Observa-
tion 6, intermediate values can be rationalized by a nested logit
model.

The computation of both conditional logit and Poisson elastic-
ities requires that one calculate predicted probabilities. In terms
of case A (Table 1), the predicted probability is obtained as
follows:

- &5t

Pjj-0 = S (18)
while for case B (Table 2), three predicted probabilities are to be
computed:

~ eX;jﬁ
Pjv'>0.s = v (19)
Zjiaexs’/}

~ eXé]/H&s Nsﬁj‘s

PsU - s X Bon = NIB ) (20)
Zr:]e K >0

N S X B S N 1’5

Pju'>0 _ Zs:le J _ Zs:l sTjls ) (21)

25:1 Z]izl oSl N

where &, = log {NS/(Ejex}si‘)] from the first-order condition of the
unconcentrated Poisson likelihood function.

3.2. An example

By way of an illustration, we take the data on location choices in
Portugal by foreign-owned plants used in Guimaraes et al. (2000,

Table 3
Comparing implied elasticities in an example of case B.

Large region j Small region j

CL Poisson CL Poisson
Region-industry specific regressor Xjy:
(a) 0log E(ng) 2.9290 3.1883 3.18778 3.18832
DXl (0.1978) (0.2364) (0.23632) (0.23640)
(b) dlogE(ng) —-0.2593 0 —0.00054 0
Xl (0.0815) - (0.00014) -
(c) dlog E(ns) 0 0.2593 0 0.00054
OXgjlc - (0.0815) - (0.00014)
(d) dlog E(n;) 0.1110 0.1208 0.09624 0.09626
Coxgk (0.0110) (0.0127) (0.01137) (0.01137)
(e) dlogE(n;) —0.0095 0 —0.00002 0
e (0.0031) - (0.00001) -
(f) 0logE(n) 0 0.0106 0 0.00002
DXsjk - (0.0019) - (0.00000)
Region specific regressor Xj:
(g) dlogE(n;) 0.3873 0.42577 0.42548 0.42577
X (0.0475) (0.0508) (0.05075) (0.05076)
(h) 0logE(n;) —0.0378 0 —0.00004 0
Xk (0.0048) - (0.00001) -
(i) 0logE(n) 0 0.0374 0 0.00010
OXj - (0.0066) - (0.00001)

Notes: large region: j = Lisbon; small region: j = Oleiros; i = Porto in rows (e) and (h);
k = “industry-specific agglomeration” in rows (a-f), k = “total manufacturing
agglomeration” in rows (g-i); industry: s = ISIC 351 (Industrial Chemicals) in 1989
in rows (a-f); any industry in rows (g-i). Bootstrapped robust standard errors in
parentheses, 300 replications, clustered by industries.

2003), and we report the elasticities implied by the coefficients
of their regression model. The data cover a cross-section of 758
location choices among 275 Portuguese regions by firms belonging
to one of 151 industries.'* Their region-industry level regressor of
main interest, X, is “industry-specific agglomeration”, defined as
the share of regional employment in the same industry as the rele-
vant firm. Their region level regressor of main interest, x;, is “total
manufacturing agglomeration”, defined as the log of aggregate man-
ufacturing employment per square kilometer.

Taking their estimated parameters and computing the empirical
probabilities (18)-(21), we can calculate all the implied elasticities
of Table 2. Since the probabilities (18)-(21) vary by region and
industry, we need to select specific cases for the computation of
elasticities. We provide illustrations for two base regions j: Lisbon,
the largest region in terms of ﬁju>o. and Oleiros, the smallest region
in terms of IA’N>0 that still had non-zero firm counts in the larger
industry considered.'”

Table 3 shows the implied elasticities for changes in a region-
industry specific regressor and in a region-specific regressor. We
can take these estimates to illustrate Observations 2 to 4.1

14 We follow GFW by referring to industry-year pairs as “industries”. The 151
industries in their data set are combinations of 27 three-digit manufacturing sectors
and seven sample years, ranging from 1985 to 1991.

5 Where a comparison region i needs to be specified for the computation of cross
elasticities, we choose Porto, the second largest region in the data set. Where an
industry s needs to be specified, we choose Industrial Chemicals (ISIC 351) in 1989,
the largest sector-year pair in the dataset (31 observed choices, i.e. 4 percent of the
total of 758 choices).

16 A note on the estimation of standard errors. In the Poisson model with group
(industry) fixed effects, large sample properties are usually derived assuming a large
number of groups, S — co. In the conditional logit model, one typically assumes a
large number of individuals, N — oc. The conventional standard errors will therefore
in practice differ between the two models. Clustering at the group level, however, will
produce identical standard errors. Such robust standard errors can either be
estimated using asymptotic theory (cluster generalization of Eicker-Huber-White)
or through block-wise bootstrapping.



220 K. Schmidheiny, M. Briilhart/Journal of Urban Economics 69 (2011) 214-222

e Observation 2: Own-region elasticities are larger in the Poisson
model than in the conditional logit (rows (a), (d) and (g)). We
can see that the difference between implied own-region elastic-
ities is non-trivial for the large region (some 10 percent) but
very small for the small region (less than 0.1 percent). This illus-
trates that the difference between implied own-region elastici-
ties of the two models vanishes as the number of regions grows
large and individual regions therefore become small.
Observation 3: All Poisson cross-region elasticities are zero
(rows (b), (e) and (h)).

Observation 4: In the conditional logit model, the total number
of firms (across all of Portugal) is invariant to changes in the val-
ues of X, or X, whereas in the Poisson model the total changes
with X or x; (rows (c), (f) and (i)). The effect on the total num-
ber of firms of a given change in X is stronger if the change
occurs in a large region.

These computations illustrate the qualitatively different predic-
tions implied by the conditional logit and Poisson models. With
J =275 spatial alternatives and s =151 industries, the underlying
data set is highly disaggregated, implying relatively modest quan-
titative differences between implied elasticities. Nonetheless, even
here some of the differences are far from negligible. Perhaps the
most striking difference appears in row (c) of Table 3. A one-unit
change in xg of Lisbon leaves the number of Portuguese plants
in industry s unchanged in the conditional logit framework, while
it increases by up to 29 percent in the Poisson model. Policy mak-
ers ought not to ignore a difference of such magnitude.

4. Conclusions

We show that the three standard location choice models - condi-
tional logit, nested logit and Poisson - are observationally equiva-
lent in terms of cross-section estimation yet imply starkly
different predictions.

Take a corporate tax cut in a particular region. Provided that
this is perceived by firms as making that region more attractive,
all three models imply that the region itself will see an increase
in its number of firms. We show that the magnitude of the implied
increase differs: it is largest if the world is properly represented by
the Poisson model, smallest if the world conforms with the condi-
tional logit, and somewhere in-between if the world is nested logit.
In a Poisson world, the tax cut will have no impact on firm counts
in any other of regions within the data set. It will, however, pull
firms away from other regions in the conditional logit and the
nested logit cases. As the total number of firms is fixed in the con-
ditional logit, the sum of the firms pulled away from the other
regions is the same as the increase in the number of firms in the
tax-cutting region itself. The nested logit again represents an inter-
mediate case, with some of the attracted firms relocating from
elsewhere within the data set, implying that regional corporate
tax bases are “rival”; and some firms appearing from outside that
set, implying a “non-rival” tax base. The same logic can be applied
to residential choices of private households with respect, for in-
stance, to changes in local property tax rates.

Empirical researchers should be aware of the interpretational
ambiguity affecting estimated parameters in standard location
choice models, particularly if the number of locations and
industries distinguished in the data is small. It can therefore be use-
ful to report both conditional logit and Poisson elasticity estimates
as bounds on the effects implied by the estimated parameters.
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Appendix A. Derivations for case B
A.1. Grouped conditional logit

The conditional logit model for grouped data is given by the
probability that a given firm f of industry s chooses region j

EX;J B

J X B
S e

The log likelihood function is

Pip =Pys =

s

s (J J J
logL(B) = > NgPis=>" {Zstx’sjﬁ -3 [st log» " e";"} }
s=1 Jj=1 i-1

s=1 j=1 =1

The expected number of firms in region j and industry s is

ne"s’

E(nsj) = Tlst‘g = m

and the corresponding own-region and cross-region elasticities
within industry s are, respectively,

0log E(ng)

. (1 = Pjs) By,
dlog E(ns)
T oxg jis Be-

The expected number of firms in industry s is

E(ns) = ZJ:E(nsj) =N = Ns;

=
and the corresponding elasticity within industry s is

dlogE(ny)

=0.
Oxsjk

The expected number of firms in region j is
S S S nsex;j/f

E() =Y E(g) =) nPis= -
o s=1 T i€

The corresponding own-region and cross-region elasticities are for a
region-industry specific shock xgj are

dlogE(n;) _ OlogE(ng) E(ny)
8ijk - i)xsjk E le)

= (1 = Pjs)PyiBy.

OlogE(n;) 0logE(ng) E(ng
gE(n) _ OlogEiny) E )):_PJ\SPSHBka

8X5jk 8X5jk E(Tl,’

where Py; = E(ng)/E(n;).
The own-region and cross-region elasticities for a region-spe-
cific shock x;, are
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dlogE(n) & {6logE(n3}) E(nsj)] S
= i 1 - P;)Py;,
i ; i E(n)) / k;( is)Psi
dlogE(n) <~ [dlogE(ng) E(ng)] _ SN
Oxjk = ; 0Xjk E(n,) = *ﬁk ;Pj\sps\p

The expected total number of firms in all regions and industries is

n-y

s=1 j

N

E(ng) =Y E(n)) =n,

s=1

‘M“

Il
—_

and the corresponding elasticities for a region-industry specific
shock x,j, and a region-specific shock x; are, respectively,

dlogE(n) 0
Mg
ologE(n) 0
Xt ’

A.2. Grouped Poisson

The Poisson model for grouped data is given as
E(nsj) = isj = eo{ﬁ)‘;jﬁy

where o is an industry-specific constant. The concentrated log like-
lihood function is

s J ] I
logL(p) = {Z Ngxip = > {st log <Z ex;,ﬁﬂ
1 Lj=1 j=1 i—1

S=

_ Z log Ng! + N logNs} —N.

=
In expectation, the share of firms in region j for any given industry s
is given by
p _ Emg e e
s =5y TNV %t N Kb
SiaEng) et Y e

The own-region and cross-region elasticities within industry s are,
respectively,

0log E(ng)
6ngk

dlog E(ng)
8ijk

= ﬁkv

The expected number of firms in industry s is

J J J J J
o) =D E(ng) =) e* ™= E(ng) =Y e =y e,
i=1 i=1 i=1 i=1

i-1
and the corresponding elasticity within industry s is
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The expected number of firms in region j is
s

E(nj) =) E(ng) = Ze%%ﬂ.
s=1

The corresponding own-region and cross-region elasticities for a re-
gion-industry specific shock xgj are

dlog E(n;) _ dlogE(ng) E(ng) —Pyp
OXsjk OXsji E(n) — 7%

dlogE(n) _dlogE(ny) E(ny) _
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where Py; = E(ng)/E(n)).
The own-region and cross-region elasticities for a region-spe-
cific shock x; are

dlog E(n)) i [01025 ng) E(nsj)} — B
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The expected total number of firms in all regions and industries is

and the corresponding elasticities for a region-industry specific
shock xj and a region-specific shock x;x are, respectively,

dlogE(n) _ dlogE(ng) E(”SJ) P;B
axsjk N aijk E(Tl) SU “

dlogE(n) _ologE(ny) E(nj) _ g
8Xjk B axjk E(n) S

where P; = E(n;)/E(n)
A.3. Grouped nested logit
The nested logit model for grouped data is given by the probabil-

ity that firm f of industry s chooses the outside option j =0 or re-
gion j > 0:

eds eds
PO\S = 1=
s + (ZJ exsﬂ//) o5+ (Z] egﬁ)
b (Z] o /g)"’l
Pjs = —————%— =Pios - Pjj-0s = (1 — Pos)Pj-0s,

s 4 (Z] exﬂ/f>
where J; is an industry-specific constant, =7 [/ and

ex;]. B
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; J ]
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The concentrated log likelihood function is

s (J ] ]
logL(B) = {Z Ngx;p =" {st log > e{,»/f}
j=1 Jj=1 i—1

s=1

+ Nyo log(Nso) + N5 1og(Ns) — (Ns + Nyo) log(Ns + NSO)}-
The expected number of firms in domestic region j > 0 and industry
sis
E(nsj) =

and the corresponding own-region and cross-region elasticities
within industry s are, respectively,

(ns + ngo)Pjs = (N5 + Ns0) (1 — Poys)Pjjsos,
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The expected number of all domestic firms in industry s is
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The corresponding own-region and cross-region elasticities for a
region-industry specific shock x are
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where Py; = E(ng)/E(n;).
The own-region and cross-region elasticities for a region-
specific shock x; are
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The expected total number of firms in all domestic regions and
industries is
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and the corresponding elasticities for a region-industry specific
shock xj, and a region-specific shock x;i are, respectively,
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where P; = E(n;)/E(n).
References

Arzaghi, Mohammad, Vernon Henderson, J., 2008. Networking off Madison Avenue.
Review of Economic Studies 75 (4), 1011-1038.

Bartik, Timothy J., 1985. Business location decisions in the United States: estimates
of the effects of unionization, taxes and other characteristics of states. Journal of
Business and Economic Statistics 3 (1), 14-22.

M. Briilhart/Journal of Urban Economics 69 (2011) 214-222

Bayer, Patrick, Ferreira, Fernando, McMillan, Robert, 2007. A unified framework for
measuring preferences for schools and neighborhoods. Journal of Political
Economy 115 (4), 588-638.

Becker, Randy, Henderson, Vernon, 2000. Effects of air quality regulations on
polluting industries. Journal of Political Economy 108 (2), 379-421.

Borsch-Supan, Axel, 1990. Education and its double-edged impact on mobility.
Economics of Education Review 9 (1), 39-53.

Briilhart, Marius, Jametti, Mario, Schmidheiny, Kurt, 2007. Do agglomeration
economies reduce the sensitivity of firm location to tax differentials? CEPR
Discussion Paper #6609.

Carlton, Dennis W., 1983. The location and employment choices of new firms: an
econometric model with discrete and continuous endogenous variables. Review
of Economics and Statistics 65, 440-449.

Chirinko, Robert S., Wilson, Daniel J., 2008. State investment tax incentives: a zero-
sum game? Journal of Public Economics 92 (12), 2362-2384.

Coeurdacier, Nicolas, De Santis, Roberto A., Aviat, Antonin, 2009. Cross-border
mergers and acquisitions and European integration. Economic Policy 24 (57),
55-106.

Crozet, Matthieu, Mayer, Thierry, Mucchielli, Jean-Louis, 2004. How do firms
agglomerate? A study of FDI in France. Regional Science and Urban Economics
34 (1), 27-54.

Davis, James C., Vernon Henderson, J., 2008. The agglomeration of headquarters.
Regional Science and Urban Economics 38 (5), 445-460.

Devereux, Michael P., Griffith, Rachel, Simpson, Helen, 2007. Firm location
decisions, regional grants and agglomeration externalities. Journal of Public
Economics 91 (3-4), 413-435.

Duranton, Gilles, Gobillon, Laurent, Overman, Henry G., forthcoming. Assessing the
effects of local taxation using microgeographic data. CEPR Discussion Paper
#5856.

Ellickson, Bryan, 1981. An alternative test of the hedonic theory of housing markets.
Journal of Urban Economics 9 (1), 56-79.

Flowerdew, Robin, Aitkin, Murray, 1982. A method of fitting the gravity model
based on the Poisson distribution. Journal of Regional Science 22 (2), 191-202.

Greenstone, Michael, Moretti, Enrico, 2003. Bidding for industrial plants: does
winning a ‘Million Dollar Plant’ increase welfare? NBER Working Paper #9844.

Guimaraes, Paulo, Figueiredo, Octavio, Woodward, Douglas, 2000. Agglomeration
and the location of foreign direct investment in Portugal. Journal of Urban
Economics 47 (1), 115-135.

Guimaraes, Paulo, Figueiredo, Octavio, Woodward, Douglas, 2003. A tractable
approach to the firm location decision problem. Review of Economics and
Statistics 85 (1), 201-204.

Guimaraes, Paulo, Figueiredo, Octavio, Woodward, Douglas, 2004. Industrial
location modelling: extending the random utility framework. Journal of
Regional Science 44 (1), 1-20.

Head, Keith, Mayer, Thierry, 2004. Market potential and the location of Japanese
investment in the European Union. Review of Economics and Statistics 86 (2),
959-972.

Head, Keith, Ries, John, Swenson, Deborah L., 1995. Agglomeration benefits and
location choice: evidence from Japanese manufacturing investment in the
United States. Journal of International Economics 38 (3-4), 223-247.

Holl, Adelheid, 2004. Manufacturing location and impacts of road transport
infrastructure: empirical evidence from Spain. Regional Science and Urban
Economics 34 (3), 341-363.

List, John A., 2001. US county-level determinants of inbound FDI: evidence from a
two-step modified count data model. International Journal of Industrial
Organization 19, 953-973.

McFadden, Daniel, 1974. Conditional logit analysis of qualitative choice behavior.
In: Zarembka, P. (Ed.), Frontiers in Econometrics. Academic Press, New York, pp.
105-142.

McFadden, Daniel, 1978. Modelling the choice of residential location. In: Karlqvist,
A. et al. (Eds.), Spatial Interaction Theory and Planning Models. North-Holland,
Amsterdam.

Nechyba, Thomas ]., Strauss, Robert P., 1998. Community choice and local public
services: a discrete choice approach. Regional Science and Urban Economics 28
(1), 51-73.

Papke, Leslie E., 1991. Interstate business tax differentials and new firm location:
evidence from panel data. Journal of Public Economics 45 (1), 47-68.

Quigley, John M., 1985. Consumer choice of dwelling, neighborhood and public
services. Regional Science and Urban Economics 15 (1), 41-63.

Schmidheiny, Kurt, 2006. Income segregation and local progressive taxation:
empirical evidence from switzerland. Journal of Public Economics 90 (3),
429-458.

Wilson, Daniel J., 2009. Beggar thy neighbor? The in-state, out-of-state, and
aggregate effects of R&D tax credits. Review of Economics and Statistics 91 (2),
431-436.



