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Abstract

An emerging quantitative spatial economics literature models commuting interactions by a
gravity equation that is mathematically equivalent to a multinomial logit model. This model is
widely viewed as restrictive because of the independence of irrelevant alternatives (IIA) property
that links substitution behavior in response to changes in the attractiveness of choice alternatives
to choice probabilities in a mechanistic way. This is relevant for counterfactual analysis. In this
paper we examine the appropriateness of the commuting model from a theoretical as well as an
empirical point of view. We show that conventional specification tests of the multinomial logit
model are of limited use when alternative specific constants are used, as is common in the recent
literature, and offer no information with respect to the validity of IIA. In particular, we show that
maximum likelihood estimation of relevant nested logit model is impossible because the crucial
parameters are not identified. We discuss cross-nested and mixed logit as alternatives. We argue
that a comparison between predicted and actual changes in commuting flows in response to a
change in the attractiveness of choice alternatives provides a more informative test for the
validity of the multinomial logit model for commuting interaction and report the results of such a
test — as well as others — for data referring to Copenhagen.
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1 Introduction

Commuting is an important source of traffic in every urban region and a main cause of
congestion. Understanding this phenomenon is therefore crucial for urban transportation
analyses. Commutes connect residential and work locations and are therefore crucial for the
functioning of the urban economy. The monocentric model implies an extremely simple
commuting pattern. The predictions of this model with respect to home-work trips were shown to
be problematic by Hamilton (1982), see also Small & Song (1992). The introduction of market
imperfections of the type commonly assumed in labor economics can explain apparently
‘wasteful’ commuting (Rouwendal, 1998). Alternatively the introduction of idiosyncratic
preferences for residential and work locations, as is standard in discrete choice models based on
additive random utility, can deal with crisscrossing commute patterns.

The most popular type of discrete choice model is the multinomial logit. Indeed, this model
has been employed for modelling commuting interactions in a number of recent studies that
analyze important issues that arise in heterogeneous urban areas with decentralized employment:
see Ahlfeldt, Redding, Sturm, & Wolf (2016) for Berlin before, during and after the wall, Monte,
Redding, & Rossi-Hansberg (2015) for trade and commuting between U.S. counties, Allen,
Arkolakis, & Li (2015) for the optimal division the stock if real estate into residences and
workplaces in Chicago.' Although these papers do not motivate their commuting models in the
same way as McFadden (1974) did, using extreme value type I distributed random utilities, but
refer to Eaton & Kortum (2002) who derive their interaction equation from Fréchet distributed
utilities, they are formally equivalent to McFadden’s multinomial logit model.?

In this emerging quantitative spatial economics literature (reviewed by Redding & Rossi-
Hansberg, 2017) combinations of residential and work locations are considered as the choice
alternatives while the population of commuters is considered as homogeneous: their preferences
are assumed to identical except for the values of the iid idiosyncratic parts. The utility of these
combinations is usually specified (possibly after a logarithmic transformation) as the sum of four
terms corresponding to (i) the utility of living in a particular location, (ii) the utility of working in
a particular location, (iii) the friction between the two locations caused by the distance that has to
be bridged by commuting and (iv) a random term that reflects the idiosyncratic preferences of the
worker for the choice alternative. The latter covers considerations that are difficult or impossible
to measure such as the desire to live with one’s relatives or where one has grown up. The
description suggests immediately that such idiosyncratic preferences may be common to different
choice alternatives. It seems reasonable that individual-specific preferences for a particular
residential location affect all choice alternatives with this specific residential location (recall that
the alternatives are pairs of residential and work locations). And there is a similar argument for
work locations. However, McFadden's (1974) conditional multinomial logit model is built on the
assumption that the idiosyncratic utilities of the choice alternatives are independently distributed.
Indeed, much of the later development of discrete choice models, that turned to less restrictive
structures like nested, cross-nested and mixed logit, has been driven by the desire to relax this
restrictive assumption.

A significant innovation in the use of the multinomial logit model, introduced by Berry,
Levinsohn, & Pakes (1995) (BLP), is the use of an alternative-specific error term, commonly

! See Redding & Rossi-Hansberg (2017) for a review of the broader literature.
? We discuss this in some detail in the Appendix.



denoted as &, that reflects the impact of unobserved characteristics on utility. In the first stage of
the estimation procedure this term is absorbed in an alternative-specific constant, while in a
second stage it acts as the error term in a linear decomposition of that constant. In the absence of
alternative-specific constants it is possible that predicted choice probabilities differ from the
observed choice frequencies that would be expected on the basis of sampling error, the only
source of the discrepancy if the model is correctly specified.

Rouwendal (2017) has recently shown that the use of alternative-specific constants for all
alternatives has important implications for the application of conventional specification tests for
the multinomial logit model as proposed by Hausman & McFadden (1984) and others with a
single type of commuters. Estimation of the model on subsets of the alternatives always leads to
identical estimates of the alternative-specific constants which means that this is useless as a test
for IIA. Moreover, the additional parameters that embody the difference between multinomial
logit and a nested logit model are not identified. The first-order conditions for maximum
likelihood estimation of these parameters turn out to be automatically satisfied when the first-
order conditions for the alternative-specific constant hold. This result holds in fact for any GEV
model one may attempt to use to relax the restrictive characteristics of the multinomial logit, for
instance a cross nested logit. Also, if one formulates a mixed logit model by attaching a random
error term to all choice alternatives, a similar result holds if that additional random term is an
additive function of standardized random variables that is linear in the parameters. All this
suggests strongly that without explicit information about heterogeneity of the actors, for instance
related to their characteristics, introduction of alternative-specific constants implies that the MNL
is essentially the only relevant model.

These results do not directly apply to the MNL model for commuting that we consider here.
The reason is that this model does not have alternative-specific constants for all alternatives. That
is, there are alternative-specific constants for all residential and employment locations, but not
for all combinations of such locations. We will, nevertheless, show that the additional parameters
introduced by the obvious generalizations of the multinomial logit model for commuting to
nested logit are not identified. However, estimation of the model on subsets gives useful
information about the appropriateness of the chosen specification compared to one in which there
are alternative-specific constants for all alternatives. GEV models that differ from nested logit —
for instance, cross-nested logit models - can be estimated using the same set of alternative-
specific constants as in the MNL version of the commuting model.

2 Specification of discrete choice models for commuting

2.1 Introduction
In this section we discuss the specification of discrete choice models for commuting interactions
in the framework of additive random utility models. The discussion refers throughout to a single
type of commuters,’ that is to a population of actors with the same deterministic parts of the
utilities attached to choice alternatives and idiosyncratic utilities that are random draws from a
given distribution.

We consider workers who choose a combination of a residential location i,i = 1.../ and a
work location j,j =1..J. The utility they attach to such combinations is the sum of a
deterministic part v;; and a random part &;;:

* This is the setting that has thus far been used in quantitative spatial economics models, see Redding & Rossi-
Hansberg (2017)



uij zvij-l_gij' (1)

We specify the deterministic part as:

Uij = vr; + vej + tij (2)

The first term vr; represents the utility of living in location i, which depends on the housing price
and amenities. The second term ve; is the utility of working at location j, which depends on the

wage and amenities. The third term, t;;, refers to the match of both and depends on commuting
costs. The first term is common to all alternatives that have i as the residential location, the
second term to all alternatives that have j as the residential location. This is the specification that
is common in the emerging quantitative spatial economics literature referred to in the
introduction. Sometimes parts of the terms vr; or ve; are specified by reference to other studies,
and then the remaining parts of these terms are estimated as alternative specific constants
through equalizing the observed frequencies of living or working in a particular location to those
implied by the model. For instance, Ahlfeldt et al. (2016) use this procedure to identify the
impact of the Berlin wall, and through this, accessibility to jobs and people on the attractiveness
of zones for residential and employment purposes.

It seems reasonable to specify the random parts of the utilities similar to the deterministic
parts, that is, as:
Eij :p91+0'(p]+7,'0)u (3)
In this equation 6;, ¢; and w;; are random variables and p, o and T are parameters. The random
variables refer to idiosyncratic preferences with respect to, respectively, the residential location,
the work location and the combinations of both. We assume throughout this paper that the w;;’s
are standard IID extreme value type I distributed. This implies that the multinomial logit model
(MNL) will result if p = o = 0. Choice probabilities then are:

evi j/-c
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The term 6; refers to idiosyncratic preferences for residential location i. Such preferences may,
for instance, be related to one’s place of birth, to locations where relatives live or that are known
from experience. It seems a priori very likely that such preferences exist. The important point to
note is that they are incompatible with the MNL (4). Similarly, it can easily be argued that there
may exist idiosyncratic preferences that are related to specific employment locations and cause
correlation between ¢&;;’s that share such a location. Again, the implication would be that MNL is
inappropriate. This discussion strongly suggests that p and o can be positive. In the next
subsections we will consider if and to what extent existing discrete choice models are able to
reflect the proposed specification (3).

T[ij

2.2 Nested logit models

The nested logit model was developed as an alternative to MNL that enables a researcher to avoid
the ITA property. Since it has the MNL as a special case, its estimation has also been proposed as
a way to test the appropriateness of the MNL.

Two nested logit models are especially relevant: (i) the one that one nests the work
locations in the residential locations, and (ii) the one that nests the residential locations in the
work locations. A researcher has to choose between these two, which means that with this
discrete choice model either p or ¢ in (3) has to be set equal to 0 a priori. This is a clear
drawback of the nested logit It means that it can address at most half of the restrictiveness of the
MNL.



If the first variant is chosen, residential locations are at the top of the utility tree, and o is
set equal to 0. We can then rewrite the random part of the utilities as: &; = p (Hi + %wi j). One

may think about this term as the combination of a random draw from the distribution of 6; for
each residential location and a random draw of w;; for each combination of residential and work

locations. For a given actor, the value of 6; is this common to all choice alternatives with the
same residential location i.

The nested logit model requires that 0; + = w; ; 1s also standard extreme value type I
o

distributed and that 0 < 7/p < 1. This implies that he random variable 6; must have the
particular distribution for which this is true. This suggests immediately that the distribution of 6;

depends on the value of the parameter %, which is somewhat peculiar. There does not appear to be

any reason why someone’s idiosyncratic preferences for a particular residential location are
related to idiosyncratic preferences for commutes starting from that location in this specific way.
Cardell (1997) studied the distribution of 8; and presents an analytical formulation for its density

function fz:
p

forpG) = 77 B D" e (5)

Since the I'-function is not defined for non-negative integers, this implies that the density of 8; is
not defined for any rational %. This complicates the use of this formula. Moreover, Cardell (1997)

shows that the distribution function of 8; never has a closed-form representation.

We conclude that the nested logit model fits in the framework of (3), but in a somewhat
unintuitive way, even if one accepts that the random parts of the utilities are only correlated when
the choice alternatives share the residential location.

The implied choice probabilities are:

ROLIEE eVijr/ T}T/p
= Lji el Zil{Zjlevij’/T}T/p | (6)
In this equation 7t;; denotes the probability that the combination of residential location i and work
location j will be chosen. The multinomial logit is the special case in which p = 7. Estimation of
the model should reveal the value of —. If it differs significantly from 1, the nested logit is

rejected by the data. However, Appendlx B shows that when the deterministic parts of the utilities
are specified as in (2), the likelihood function becomes flat with respect to ; if the first-order

conditions for the alternative-specific constants are satisfied. Hence this nested logit model
cannot tell us anything about the possible restrictiveness of the MNL.
Similar conclusions hold for the alternative nested logit structure.

2.3 Cross-nested logit

The cross-nested logit model is a generalization of the nested logit models discussed in the
previous section that has both of them as special cases. It allows simultaneously for correlations
between the idiosyncratic utilities of alternatives with the same residential location as well as
between the idiosyncratic utilities of alternatives with the same work location.

The cross-nested logit is a GEV model with generator function:
T2/6
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which is a weighted average of generator functions that lead to the two types of nested logit

models discussed in the previous subsection. The choice probabilities are:

1/1.1}‘[1/8—1 T2/6—-1

aevij/a{zjl(aevij') +(1_a)ev”/s{zi'((l_a)eVi,j)l/TZ}

T[ij = 11%1/6 /T T2/8 (8)
Zil{zj,(aevl'/j/)l/ 1} 1 +Zj’{zi,((1_a)evi/jl)1 2}
If a equals 1 the nested logit model with the residential locations at the top of the decision tree
results, if it equals O the nested logit model with the work locations at the top of the decision tree
results.*

Abbe et al. (2007) have shown that the model (10) results from maximization of an

additive random utility function if the random parts of the utilities are defined as:

&;; = 6 max {lna+6i+;—1wij,ln(1—a)+<pj+%2w’l-]-} 9)

In this equation a is a deterministic weight, 0 < a¢ < 1. The random parts of the utilities are thus
either & (Hl- + %wij) or § ((pj + %a)'ij). The random variables w;; and w’;; are independent
standard extreme value type I distributed random variables. As in the (non-cross-)nested logit

models, the random variables defined by the expressions in parentheses, (Gi +%wij) and

((p i+ %2 w'; j), must also be standard extreme value type I distributed. Moreover, %1 and %2 should

be positive and at most equal to 1.

The specification of the random parts of the utilities in the cross-nested logit model thus

differs from that in (3). The parameters for 6; and ¢@; are now restricted to be equal, whereas the
parameter for w;; is now allowed to take on two different values, that in fact refer to two different
random variables that are identically and independently extreme value type I distributed.
The generalization of the two types of nested logit models that the cross-nested logit realizes thus
appears to be the result of a specification of the random parts of the utilities that differs
substantially from (3). To allow the ‘logsum coefficients’ of the two types of nested logit models
to be different in the cross-nested logit model the parameters associated with w;; and w';; must
be allowed to differ. Although this gives the impression that the cross nested logit generalizes the
two types of nested logits, the underlying model structure is different and the generalization is
thus more apparent than real. Moreover, the peculiar properties of the random parts of the utilities
that we found in the two types of nested logit models are also present here.

We conclude that the cross nested logit model is an attractive alternative to the two types
of nested logit models because it allows for correlation of the random parts of the utilities along
the two lines we desired, but that it does so in a way that is not covered by (3).

2.4 Mixed logit

The last specification that we consider is the mixed logit model. With this model we neither
‘integrate out’ the §; and ¢; analytically, nor assume them away. Instead, we keep them in the
model and integrate out only the w;;’s analytically, starting from (3), which leads to a

multinomial logit model with choice probabilities:
e(Uij+[3i9i+0'j(pj)/T

Tij = Zilzj’e(”iljl+Pi19il+Ujl§0jl)/T (10)

* It is not difficult to verify that the choice probability in (11) can be rewritten as a weighted average of the choice
probabilities associated with the two types of nested logit models discussed above.



In these choice probabilities the random variables 6; and ¢; are still present. We can integrate
them out numerically if we choose a parametric distribution for these variables and estimate the
model by simulation.

One possibility would be to choose the distribution of 8; and ¢; as those shown by
Cardell (1997) which would make the mixed logit nesting the two types of nested logit models
discussed in 2.2 in a way that differs from the cross-nested logit and fits better in the structure
suggested by (3). However, this is unattractive. As we have seen, these distributions depend on

the parameters to be estimated (that is, on the values of % and g) and that there is no closed form

representation of their distribution functions. Apart from the practical difficulties associated with
these aspects, there is the more fundamental point that this specification seems implausible.

With a specification of the distributions of 6; and ¢; that is independent of the values of
the coefficients associated with them, the mixed logit model represents the structure defined by
(3) exactly and without imposing additional restrictions. In fact it is the only model discussed
here that does so.

The result of Rouwendal (2017) for mixed logit models does not hold in the current
model, because we have only introduced alternative-specific constants for origins and
destinations, and not for all commuting flows. See the discussion in Appendix C. Hence there is
no reason to expect that the parameters of a mixed logit model as specified in (10) cannot be
estimated.

2.5 Conclusion

The results of this section are not entirely positive. The nested and cross-nested logit models are
based on specifications of the idiosyncratic utilities that lack plausibility. Moreover, the
parameters of the nested logit model that embody the deviation from MNL are not identified
when alternative-specific constants for residential and employment locations are present. The
mixed logit model appears to be the best candidate for a useful generalization of the MNL.
However, it should be noted that the results of Rouwendal (2017) imply that introduction of a full
set of alternative-specific constants would make it impossible to estimate any of the models just
mentioned. If we find that estimation of the model on subsets of alternatives leads to different
parameter values, or that estimation of a mixed logit model of the type discussed above improves
the likelihood of the model, this cannot be interpreted as evidence against the IIA property. It
only shows that the specification of the deterministic part of the utility function in (2) is unable to
approximate the alternative specific constants that would be estimated if we would have specified

the deterministic part of the utility function instead as v;; = as¢;;,i=1..1,j=1..].
3 Testing the MNL model for commuting

In this section we consider specification tests for the MNL model for commuting. The first is
estamation of the model on a subset of alternatives as proposed in Hausman and McFadden
(1984). The second test exploits variation over time in the attractiveness of alternatives to
compare the actual changes in commuting flows with those predicted by the model. This test is at
the heart of the potentially restrictive IIA property: the substitution behavior that occurs in

response to changes in the deterministic utilities.

3.1 Estimating the model on subsets
Hausman & McFadden (1984) have considered a comparison of the coefficients estimated on (i)
all observations and (ii) a subset of the observations in which choices referring to a limited

6



number of alternatives are left out. For instance, one could leave out some residential locations or
some employment locations (or both). One would then compare the estimated coefficients that
are common to the unrestricted and restricted model, following the recipe of these authors.

Since the terms t;; in (2) are restricted by a functional form assumption, for instance by
linking them to an indicator of the distance between residential location i and employment
location j, the commuting model is a restricted version of a model with a full set of alternative-
specific constants. The specification test can thus be considered as referring to the
appropriateness of the chosen specification of ¢;;.

To formalize this a bit, we introduce the notation asc;; for the unbiased estimate of the
deterministic parts of the utilities when the full set of alternative-specific constants is introduced.
After estimating the asc;;’s we can specify them further as suggested in (2):
aSCij :vri+vej+t(dij)+fij, (11)
where t(dij) is a parametric specification of the ‘friction’ associated with the geographical
separation of residential and work locations which is assumed to be a function of a distance

measure, and ¢&;; is an error term. To make things concrete, in the empirical work that we report

below we assume a linear specification in travel time by car, d;;'", and by public transport, dfjt:

t(di;) = adff™ + pdy;. (12)
The deterministic utilities of the residential and employment locations vr; and ve; can, of course,
be functions of characteristics of these locations — some of them potentially unobserved — but we

will not delve into that issue. We only observe that, once (2) is accepted, one can estimate them
non-parametrically as constants referring to residential and employment locations, respectively.
The only issue that remains is the specification of t(di j). If that term is specified correctly, one
the ¢;;’s would be identically equal to 0 for all combinations of residential and employment
locations and there would be no difference between the model based on a full set of alternative-
specific constants and one that specifies the deterministic utilities as

Uij = vr; + vej + t(dl]) (13)
However, if t(dl- j) is not correctly specified the &;;’s will not all be equal to zero. Moreover, the
estimated values of vr; and ve; may become biased.

Re-estimating the model on a subset of alternatives may then result in different values of some
vr;’s, ve;’s or of the parameters of t(dij).

The discussion just given is based on two-step estimation of the model, but when
maximum likelihood (ML) estimation of a logit model based on specification (13) is used, the
issues are similar. The ML estimates of the deterministic utilities of the residential and
employment locations are such that the predicted probability that a particular residential or
employment location is chosen, is identically equal to the observed relative frequency that it is
chosen. Misspecification of t(di j) thus implies the possibility that re-estimation of the model on
a subset of choice alternatives results in different values of some or all of these deterministic
utilities or of the parameters of t(dl- j).

Using the Hausman-McFadden specification test based on re-estimation of the model on
subsets of choice alternatives thus provides useful information about the appropriateness of the
choice specification for distance friction, although it is uninformative about the validity of IIA.

3.4 Estimating the model for two periods and compare the predicted results



The MNL for commuting flows plays a crucial role in the computation of counterfactuals in
quantitative economic geography models. The reactions of workers to changes in the
attractiveness of particular residential or work locations determine the new equilibrium. It is well
known that in the logit model these reactions are determined in a mechanistic way by the choice
probabilities. In the commuting model considered here, with deterministic utilities as in (2) and

choice probabilities determined as in (4) we have:
on ij

dvre = T[l]I(l = k) - T[ijnk* (14)
aTL'i' .

where my, = Y.;my; and m,, = };my; and the coefficient T has been suppressed because it is in
practice absorbed in the estimates for vr; and ve;. The important point is that the substitution
behavior is linked to the choice frequencies in (14) and (15) in a mechanistic way that leaves no
role for the estimated parameters.

With data on commuting flows in two different periods, say t and 7, we can test the validity of
the predictions of the MNL in the following way:

1 Estimate the MNL for a given metropolitan area in two time periods. We thus estimate all
coefficients of the model separately for the two periods.

2 We use the estimated models to derive predictions of the change in the commuting flows
between each origin and destination. There will, of course, only be predicted changes if there are
changes in the estimated deterministic utilities of some residential or work locations, or in the
coefficients of the distance function t(.). The predicted changes are compared with the observed
changes in the commuting flows.

If the predictions and realizations are close, we cannot reject the model. If they are
different, we should.” This test will be especially meaningful if the estimated models for both
periods fit the data closely, and therefore it is important to check this first, using for instance the
Hausman-McFadden methodology discussed in 3.1.

4 Data and results

4.1 Data
The data we use are flows of commuters in the Greater Copenhagen Area which consist of 20
municipalities. We know the residential and work locations of these commuters and treat them as
a single type. That is, we do not distinguish them on the basis of age education or any other
characteristic. This corresponds to current practice in quantitative economic geography models.
The table on the next page gives an example of the matrix of commuting flows for the
year 2008. We have them also for the years 2009-2013. Moreover, we have travel times by car
and public transport for commutes between the 20 municipalities.

4.2 Estimating the model on subsets

> We do not yet have a fully developed methodology for the test, but the idea is clear and the comparison relatively
easy to make.



Table 4.1 Commuting flows in the Greater Copenhagen Area in 2008
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190

4098

389

1368

242

644

1053

291

489

203

321

772

166

153

5507

1011

237

17149

230

6588

544

778

299

1380

806

287

358

207

224

282

2145

180

209

460

8392

0

23139

240

3510

357

2926

431

434

857

402

788

450

371

560

482

294

202

0

716

464

5843

19087

Total

285455

34325

30784

17602

2623

31681

27443

15624

14840

15274

21453

21114

27219

14204

6195

21826

2524

10977

19927

8408

629498



Hausman & McFadden (1984) suggested to test the specification of MNL by a comparison of the
coefficients estimated on (i) all observations and (ii) a subset of the observations in which choices
referring to a limited number of alternatives are left out. As discussed above, this test gives
potentially useful information about the appropriateness of the specification of the function
t(di j) that represents the impact of the spatial separation of the residential and employment
locations. One would then compare the estimated coefficients that are common to the unrestricted
and restricted model, following the recipe of these authors.

In the first column of Table 4.1 we present the estimates of the unrestricted MNL model.
Both travel time coefficients have the expected negative sign. Moreover, they are estimated quite
precisely. Model [2] shows the estimates when we re-estimate the model after deletion of the
central municipality, i.e. City of Copenhagen. Thus we re-estimate the model on the commuting
flows for the subset of households that have residence or job location (or both) outside the City of
Copenhagen. If the MNL is specified correctly, the estimated coefficients should remain
approximately the same assuming that the unrestricted model is true. Specification error could be
related to the fact that home-work trips that start or end in the central municipality take place
under more congested traffic conditions and are therefore experienced as more stressful, at given
travel times. The table shows that coefficients for travel times increase in absolute values by 11%
and 24% for travel time with car and travel time with public transport, respectively, which seems
to be at odds with the alternative hypothesis just discussed. The Hausman and McFadden (1984)
test value is T = 172. Under the null hypothesis T is distributed as y? with 2 degrees of freedom.
We reject the MNL specification at beyond the 99 percent critical level.

In the last two columns of Table 4.1 we report two additional Hausman and McFadden
tests where we have, in model [3] eliminated one suburban municipality (Egedal), and in model
[4] three neighboring suburban municipalities (Egedal, Fureso and Rudersdal). We find now
negative test values for both model [3] and model [4]. Hausman and McFadden (1984) report that
they often found negative T statistics due to the lack of positive semidefiniteness in finite sample
applications. Moreover, they show that replacement by the alternative covariance matrix always
leads to a small positive number but they found this alternative statistics to be far away from any
reasonable critical values for a y? test (McFadden, 1984, pp. 1226).° Therefore, we cannot use
the Hausman and McFadden test to accept or reject the MNL specification. However, since the

Table 4.1. MNL estimates on subsets of choice alternatives

[1] (2] (3] [4]
Unrestricted Restricted Restricted  Restricted
estimate estimate 1 estimate 2  estimate 3
Travel time with car (minutes) -0.1277 -0.1416 -0.1358 -0.1428
(0.0004) (0.0008) (0.0005) (0.0006)
Travel time with public transport -0.0225 -0.0279 -0.0196 -0.0209
(minutes) (0.0002) (0.0003) (0.0003) (0.0004)
Log likelihood -2,582,066 -1,222,917 -2,436,585 -2,090,784
H&M (1984) test statistic 172.070 <0 <0
Number of obs. 619,484 241,117 598,898 547,968

Notes: Standard errors are in parentheses. Restricted estimate 1 is without core municipality (Copenhagen), restricted
estimate 2 excludes Egedal municipality, and restricted estimate 3 excludes three municipalities: Furesa, Rudersdal
and Egendal.

% Small & Hsiao (1985) also report the computation difficulties when the covariance matrix is almost singular.
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first specification tests lead to rejection of the MNL specification, we may conclude that the
MNL specification of the impact of spatial separation on the commuting flows is likely incorrect.

4.3 Predicted and actual changes in commuting flows

As argued in the previous section, we regard the comparison of actual and predicted changes in
commuting flows in which the attractiveness of one or more residential or employment locations
change as the best test for the adequateness of the MNL as a model for commuting behavior. The
reason is that the potentially unrealistic implications of the model for substitution behavior have
immediate implications for the computation of counterfactuals in quantitative economic
geography models that use gravity equations for commuting interactions.

We estimated the MNL (4) with deterministic utilities as in (2) and the friction of distance
as specified in (13) and estimated it for the years 2008-2013. At the moment of submitting this
paper for UEA 2017 we have not yet finished the analysis. We can only show some preliminary
results. The two maps on the next page show the changes in employment commuting inflows and
residential commuting outflows for the 20 Copenhagen municipalities between 2008 and 2009.
We also have them for 2009-2010...2012-2013. The formulation of the MNL, with a separate
constant representing the attractiveness of every residential and employment location in each
year, ensures that the models will exactly predict the total numbers of commutes originating
from any residential location or ending in any employment location. The changes in the predicted
total flows thus corresponds to changes in the numbers of jobs and residences. The maps suggest
that between the years 2008 and 2009 most of the action was in the employment locations, which
is possibly related to the volatile economic developments at the time. The pictures for the other
years are different.

The fact that the estimated models predict the total number of commutes ending in a
particular employment zone exactly, implies that on average the predicted change in commuting
flows ending up in a particular employment zone will be exactly equal to the observed change in
the commuting flows ending in that zone. And that a similar statement holds for flow originating
from a particular residential location. This leaves open the possibility of potentially substantial
and systematic discrepancies for specific commuting flows. For instance, if there is correlation
between the idiosyncratic utilities of commutes that end up in the same employment location (as
in a nested logit model with the employment locations first in the utility branch), then a change in
the attractiveness of a particular residential location will result in fewer job changes than would
be predicted by the MNL and we would see a systematic pattern in the differences between the
predicted and actual changes in commuting flows. This is just one possibility, there exist many
other and it is the purpose of this exercise to investigate these discrepancies and evaluate their
significance. We are currently working on this issue.
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Change in observed employment commuting inflows
Greater Copenhagen Area - 2008-2009

delta %
0.00

-0.01

Change in observed residential commuting outflows
Greater Copenhagen Area - 2008-2009

delta %
0.04

0.00

-0.04

. -0.08

Figure 1 Changes in total commuting flows into and from municipalities
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5 A revealed preference approach to the commuting model

In this section we briefly describe another way of approaching specification (2) of the
deterministic part of the utility function. We can adopt the two-stage approach familiar from
BLP. With a single type of commuters, the first stage would imply estimation of a full set of
alternative-specific constants asc;j,i =1..1,j=1..J. In the second stage they are the
dependent variable in (11). Suppose that we have information about the distance or travel time
between each pair (i, j), denoted as d;; and that we know that t;; is an increasing function, t, of
dij:

dij >dy o t;; =t(d;j) > t(dy) =ty (16)

The this implies a number of inequalities for the asc;;’s that can be used to investigate the
function t(d). In particular, it may be possible to choose the alternative-specific constants vr; and

ve; in such a way that the (weighted) number of violations of (16) is minimized. The values of

the alternative-specific constants then imply those of t(dl- j) for each commute.

6 Conclusion

In this paper we have considered the MNL as a model for commuting interactions in metropolitan
regions. We used a specification in which the deterministic part of the utility attached
combinations of residential and work locations is specified as the sum of two constants,
representing the utilities of the residential and the work locations, respectively, and a term that
reflects the friction of distance. The potential restrictiveness of the MNL results from the fact that
it seems plausible that the random part of the utility is specified similarly, which suggests
correlation between the random parts of utilities of alternatives sharing the residential or
employment location. The MNL rules out such correlation because of its IIA property.

We considered several alternatives and found that the nested logit model, which is the
obvious candidate for a more general model, is indistinguishable from the MNL with the chosen
specification of the deterministic utilities. The cross nested logit can be estimated, but does not
have a particularly attractive specification for the purpose of modelling commuting choices. The
best alternative appears to be the mixed logit model.

A fundamental limitation of all the models considered here is that they can never do better
than a multinomial logit model with a full set of alternative specific constants.

Appendix

A The equivalence of the Eaton-Kurtum discrete choice model and MNL.

The key observation is that if X is Frechet (EV type II) distributed, In X is Gumbel (EV type I)
distributed

B The indeterminateness of the logsum parameter in the nested logit models.

We show that the logsum coefficient is not identified in the nested logit version of the commuting
model discussed in the main text when using maximum likelihood estimation. Recall that the
choice probabilities are given by (7), which we rewrite here as:

m; = e"u/™{y;, evij'/r}%_l/zl'r{zj' eviﬂ/r}%
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while the deterministic part of the utility is given by (12). The loglikelihood L is the sum of the
logarithm of the appropriate choice probabilities over all observations:

v
L =12 njlnm;

ij ij’ ij' Yo
:Z§=1Z§=1nij %+( )an],e v —In)y {Z],e T }

olx

” Vij! Vij!
:Z§=12§=1nij% +( _1)21 1nl*1nzjle T —nlnzl {Z]Ie T } R

where n;; is the number of workers commuting from residential location i to work location j, n;,
is the number of workers residing in i (n;, = X,; n;;) and n is the total number of workers.

We cannot identify p and 7 separately, but only the ‘logsum’ parameter %. We simplify the

notation a bit by defining A = %. All alternative-specific constants and the travel time parameter

are estimated relative to p and to avoid notational clutter, we proceed as if p = 1.” Using these
conventions, we rewrite the loglikelihood as:

12 nij U;] + (/1 - 1) Z{=1 ni*ln Z]'I e”ii’/’l —nln Zil{Zjl evi’j’/l}i.
Note also that we have to choose reference residential and work locations for which we set the
alternative-specific constants equal to zero. Choosing location 1 as such, we estimate: [ — 1
alternative-specific constants for residential location vr;,i = 2..I, ] — 1 alternative-specific
constants for work locations vej, j = 2 ...], the travel time parameter y and the logsum parameter
A.
We now consider the first derivatives of the logs of the choice probabilities, which we rewrite as:

In;; = l] +(A-1) an 1 eVir/A — In}; {211 e”l'J'/A}

dlInm;; 1 A-1
o = O1eie G+ 55 2 ) = e

= Oj=k — Mjs- (B.1)

Here ;- = 1 if i = k and 0 otherwise, mj,; is the probability of choosing work location j

conditional on the choice of residential locatlon i, and m;, is the probability that residential
location i will be chosen (m;, = X;m;;). The simplification in the second line follows because

Xj i = 1.

alnT[ij 51 1 A-1
— = +— T[l|1 Zi’ni/*n”i/

dvep A
1
=2 (8= + (A = Dmyy — ATwr ity (B.2)
dlnm;; tti; ttijr
5 ] =T]+ (A 1) Z]I T[]’ll _ur Zl’ T[l"* Z]I TL—]’ll’ttl/]’

" One may keep in mind that the alternative-specific constants and the travel time parameter are estimated after
dividing them by the (unknown) value of p, which may differ from 1.
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=7 (tt + (/1 1) Z] l|l ttl]’ AZi’ T[ir* Z]’ T[jl|ilttiljl) (B3)

alnT[ij

vl Yi i
a1 ] +4+(A1-1) Z}'T[Jlll( ]) X s [lnzﬂe At AZ]IT[J"”( J)l

= (— 1—2) (vi]- + /12l5i + (A - 1) Z]I T[jl|i vij, + AZ Zi, T[il*lsil —/121-, i Z}, T[j’|ilviljl)

(B.4)
where Is; = In Y/ elT, the logsum associated with residential location i.
Using these results, we find:
oL
(6vrk =0 :>) M = N T = 0. (B.5)
oL
(6Tel =0 =>) ng+ A — 1) Xin. my — nA Y mmy; = 0. (B.6)

oL 1
(5 =0 ﬁ)z(ZiZj ngitt; + (A — 1) Xyny X mwjy ttyjr — nd Ei’ni’*Zj’njqi’rtti’j’) =0
(B.7)

oL
(50 =’) (— Aiz) XXy + 2 Tinpds; + (A= 1) Xyng, Xjr v +
Pnypmylsy —nyymy, Nim ,|l,vl,],} =0 (B.8)

We will show that the expression in curly brackets in (B.8) is identically 0 if (B.5), (B.6) and
(B.7) hold. We do so as follows:

1) (BS) implies my, = ng./n. This result will be used repeatedly in what follows. Hence
Yinils; = nY,;rm;.ls;,. Hence the two terms with the logsums cancel out.
ii) For the same reason: )}; n, Z]x T Vi = N2 T, Zj' mj; vy Hence the terms with a A in

front of them cancel out.
These simplifications allow us to rewrite the expression in curly brackets in (B.8) as:
ZiZj NijVij — i Mis Zj’ i Vijir
After substitution of the deterministic part of the utility function, this can be rewritten as:
(Z Z]n VT Zini*Z] |1W)+(Z Z]n iV€; Zlnl*Z] ejr)‘l'
V(ZIZJ nl]ttl] Zlnl* Zj’T[jlh' ttijl (B-9)
We now show that each term in parentheses equals 0:
iii) YiXjnvr = X, vry and Y ng, Z}.r T V1 = Y.iny. vry. Hence the first term equals 0.
iv) XN Ty = n Y ;. It follows thus from (B.6) that n,; = };n;, my);. After some
rearrangement of the second term of the second expression in curly brackets, we can
substitute this result in it. We then find that this second term equals ¥ ;n,;ve;. This is
identical to the first term. Hence the second term in parentheses must also be equal to 0.
V) i My Xjr Wy ttyjr = MY Ty Xjr Ty tE; . Hence we can simplify (B.7) to the third term,
which must thus be equal to 0.
Since all three terms in (B.9) are zero, the expression in curly brackets in (B.8) must be equal to 0
as well.
The derivations for the other type of nested logit model are completely analogous.
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C The determinateness of the parameters for the random term the mixed logit model.
We start from (11) and write the loglikelihood that the combination (i, j) is chosen as:

;= (f, [, 7:;(8,9)9(8, 9)dpde) (C.1)

e(vij+pi9i+0'j(pj)/‘[

with 77;;(8, @) = as in (11). The first derivatives with respect to vr;, and

S X eWirjrtPu®irtoji@jn/t
Py are:

all;; .

s = 5o I, 116 =178, 9) = (6, 9)7,.. (8, 9)] (6, 9)depdl6)

dvry
where Pry; = f, [, m,;(8,9)9(8, 9)dpd8 and my.(6,9) = ¥; (8, ), and:

all;;
9Pk

= %ﬁ{fe f(p [1(i = k)7;;(6, @) — 7;;(6, @)1, (6, 9)]6,, 9 (8, (p)d(pde}
= Uy Jp 1= 10m,(8,0)6,9(8, 9)dgab) -

1
s 1, (6, 0)m.(6,0)6,9(6, 9)dpd6) (C3)
For the likelihood of the whole sample, LL = }; ¥’ ; ll;; this gives:

aaffk =he - Zizf%{fe [, m(8,9)m..(8,9)g (6, p)depd6) C.4)
aaL:;ij =2 ::,:J {fe J, mxi(6,9)8g(8, <p)d<pd0} _

where f;; is the number of commuters from i to j.Rouwendal (2017) dhows that if we could set
the alternative-specific constants® so that: Pr; i = fij/F, where F = },; ¥, fi; is the total number

of commuters — which is in general not the case — it can be shown that (C.4) and (C.5) are
identically equal to zero. This works as follows After substitution of the condition in (C.4), we
can rewrite this equation as:

== o= F{f, [, (Z:Zm(6,0))m.(6,9)9(6, 9)dwpdo) (C6)

Which is equal to 0, since },; Y;m;;(0, @) = 1.
Substitution in (C.5) gives:

OLL;;
ol =F [, |, mc.(6,9)0,9(6,9)dpd6 —

ook
ng f(p (ZiZj T[ij(e' (P))T[k*(er ¢)0,9(0,p)depdo (C.7)
which is identically 0.

¥ Not only the vr;’s, but also the ve;’s could be used for that purpose. However, there are I + J such constants,
whereas we have I] chouice alternatives.
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If the condition is violated, the equations do not simplify and the result does not hold.
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