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Modeling the Choice of
Residential Location
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Technology, Cambridge

The problem of translating the theory of economic choice behavior into
concrete models suitable for analyzing housing location is discussed. The
analysis is based on the premise that the classical, economically rational
consumer will choose a residential location by weighing the attributes of
each available alternative and by selecting the alternative that maximizes
utility. The assumption of independence in the commonly used multi-
nomial logit model of choice is relaxed to permit a structure of perceived
similarities among alternatives. In this analysis, choice is described by

a multinomial logit model for aggregates of similar alternatives. Also
discussed are methods for controlling the size of data collection and
estimation tasks by sampling alternatives from the full set of alterna-
tives.

The classical, economically rational consumer will
choose a residential location by weighing the attributes
of each available alternative—accessibility to work
place, shopping, and schools; quality of neighborhood
life and availability of public services; costs, including
price, taxes, and travel costs; and dwelling character-
istics, such as age, number of rooms, type of appli-
ances—and by choosing the alternative that maximizes
utility.

This paper considers the problem of translating the
theory of economic choice behavior into concrete models
suitable for the empirical analysis of housing location.
We are concerned particularly with two problems in the
modeling of individual, or disaggregate, choice among
residential locations. First, there may be a structure
of perceived similarities among alternatives that invali-
dates the commonly used joint multinomial logit model
of choice. We treat individual dwelling units as the
basic alternatives among which choice is made. Each
unit will have a list of attributes, observed and unob-
served, to which the individual responds. We assume
that the space of attributes, including unobserved attri-
butes, is sufficiently rich so that each physical dwelling
unit is represented by a unique point in attribute space.
Of course, the individual may perceive two dwellings
that are similar in some attributes as quite similar
overall; it is the impact of such perceptions on choice
that I wish to model.

I shall introduce a family of probabilistic choice
models, of which the joint multinomial logit model is a
special case, that has the property of aggregating
dwelling units perceived as similar. The weight given
to an aggregate of alternatives in the choice process
will depend on the degree of perceived similarity.

At one extreme, the elements of the aggregate will
be perceived as independent, and choice will be de-
scribed by a multinomial logit model with individual
dwellings as alternatives. At the other extreme, all
dwellings with the same observed attributes will be per-
ceived as virtually the same, and choice will be de-
scribed by a multinomial logit model with dwelling
types, which are distinguished by observed attributes, as
the alternatives. The family of models introduced here
permits empirical estimation of the degree of perceived
similarity and tests of the two extreme cases men-
tioned above.

The second problem treated in this paper is that of
estimation of individual choice models when the number
of elemental alternatives is impractically large. The

section on limiting the number of alternatives establishes
that, if choice among a set of alternatives is described
by a multinomial logit model, then the model can be
estimated by sampling from the full set of alternatives,
with appropriate adjustment in the estimation mecha-
nism. Thus, estimation can be carried out with limited
data collection and computation.

The solutions I give to the two problems above will be
applied to empirical studies of housing location by
Quigley (1) and Lerman (2).

THEORY OF HOUSING LOCATION
CHOICE

Assume the classical model of the rational, utility-
maximizing consumer. Suppose the consumer faces a
residential location decision, with a choice of communi-
ties indexed ¢ = 1, ..., C and dwellings indexed

n=1, ..., N;. in community ¢. The consumer will have
a utility U.. for alternative cn, which is a function of the
attributes of this alternative, including accessibility,
quality of public services, neighborhood and dwelling
characteristics, etc., as well as a function of the con-
sumer's characteristics, such as age, family size, and
income. The consumer will choose the alternative that
maximizes his utility.

Not all attributes of alternatives will be observed.
The unobserved variables will have some probability
distribution in the population, conditioned on the value
of the observed variables. If the observer knows the
form of the utility function and the probability distribu-
tion of unobserved variables, then probabilistic state-
ments can be made about the expected distribution of
choices:

Py = Prob[Uey > Upy for bm # cnl )

where P, denotes the probability of choice ¢n and the
probability on the right side is defined with respect to
the distribution of unobserved variables. The econo-
metric approach to this problem is to specify, as a
maintained hypothesis, a class of utility forms and dis-
tributions from which one member can be statistically
identified.

Consider the decomposition Usn = Vea + €oq Of utility
into a term V., that is a function specified up to a finite
vector of unknown parameters, of observed variables,
and a term €,, summarizing the contribution of unob-
served variables. Hereafter, V., will be called the
strict utility of cn. Let ¢ denote the vector (€iiy s0s
€Ny +-vs &1, ..., €y andlet F(¢) denote the cumula-
tive distribution function of €. Then Equation 1 can be
written

+m
Peq =
€en =

where F., denotes the derivative of F with respect to its
cn argument, and (V.. + €a - Va) denotes a vector with
components indexed by dm. An econometric model of
choice is specified by choosing a parametric form for

Fen ((Vin + €cn = Vgm) dewq 2)



Va and a parametric distribution F.
MULTINOMIAL LOGIT MODEL

An empirically important specialization of Equation 2
is the multinomial logit model,
c Np
Pen =exp(Ven) E 2 exp(Vom) 3)
b =

=l m=1

obtained by assuming the &. to be independently and
identically distributed with the extreme value distribu-
tion,

Prob (€, <€) = exp(-e7) 4

This model was proposed as a theory of psychological
choice behavior by Luce (3). Its econometric analysis
has been investigated by McFadden (4, 5) and Nerlove
and Press (6). A particular structural feature of this
model, termed independence from irrelevant alterna-
tives by Luce, is that the relative odds for any two al-
ternatives are independent of the attributes, or even
the availability, of any other alternative. This prop-
erty is extremely useful in simplifying econometric esti-
mation and forecasting (7) but can be shown to be im-
plausible for choice problems where it is unreasonable
to assume that the &. are statistically independent (§, _9_).

For later analysis, it will be useful to rewrite the
joint choice Equation 3 in terms of a conditional choice
probability P,|. for dwelling, given community, and a
marginal choice probability P. for community. The
strict utility V.. can often be expressed in an additively
separable, linear-in-parameters form

Ven =B Xen +'ye (5

where Xq: is a vector of observed attributes that vary
with both community and dwelling (e.g., work-place ac-
cessibility), y. is a vector of observed attributes that
vary only with community (e.g., availability of commu-
nity recreation facilities), and « and 8 are vectors of
unknown parameters. Hereafter, we assume the struc-
ture of Equation 5. From Equations 3 and 5, one ob-
tains the formulas

Ne N
Pnlc = eXP(Vcn)/ z exp(Vem) =eXP(ﬁ1xcn)/2 exp (B’ Xem) 6)

m={ m=1

Ne c Np
PC = z exp(vcn)/z eXP(me)

n=1 b=1 m=1
Ne

C Np

= exp(a'ye) [E exp(ﬁ'xc“)]/z exp(@’yp) [Z exp(B'xbm)] N
n=| b=1 m=1

Define an inclusive value

Ne
;= log[z cxp(ﬁ'xcn)] (8)

n=1
Then, Equations 6 and 7 can be rewritten

Pnl ¢ = exp(B’Xen)lexp(le) “)
C

P, =expla’ye + [L‘)/E exp(a'yp +1y) (10)
b=1

One method of estimating the joint model (Equation
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3) is to first estimate the parameters 4 from the con-
ditional choice model (Equation 6). Next define I, using
the log of the denominator of the estimated equation.
Finally, estimate the parameters « from the marginal
probability model (Equation 10), givenIl,. This sequen-
tial approach to estimation economizes on the number

of alternatives and the number nf parameters considered
at each stage of estimation, with some loss of efficiency
relative to direct estimation of the joint model (Equation
3).

NESTED LOGIT MODEL

An empirical generalization of the multinomial logit
model in the form of Equations 9 and 10 is obtained by
allowing the inclusive value I, in the latter to have a co-
efficient other than one:

C
P; =expl’ye + (1 - )Ll 3 expla’yy + (1 - D)ly] an
b=1

where (1 - o) is a parameter. The model represented
by Equations 9 and 11, termed the "nested logit model,”
was first used with the estimation procedure described
above, but with an unsatisfactory definition of inclusive
value (9_). Ben-Akiva has suggested the correct defini-
tion (Equation 8) of inclusive value and explored the im-
plications of fitting the joint model or various nested
models. Amemiya (E) corrects an error in the formula
used in the earlier studies to compute the standard
errors of estimates in the last stage of the sequential
estimation procedure [see also McFadden (11)1.

GENERALIZED EXTREME VALUE
MODEL

I shall now introduce a family of choice models, derived
from stochastic utility maximization, that includes multi-
nomial and nested logit. This family allows a general
pattern of dependence among the unobserved attributes
of alternatives and yields an analytically tractable closed
form for the choice probabilities. The following result
characterizes the family.

Suppose G(yi, ..., ys) is a nonnegative, homogeneous-

of-degree-one function of (yy, ..., yi) 2 0. Suppose
G- = if y,~ = for each i, and for k distinct components

iy, ..., iy, 3G/3y:i... y,, is nonnegative if k is odd and
nonpositive if k is even. Then

Pi = {exp(V1) Gilexp(Vy),...,exp(Vp])/Glexp(Vy),...,exp(Vy)] (12)
defines a probabilistic choice model from alternatives

i=1,...,Jd, which is consistent with utility maximiza-
tion. Further, expected maximum utility, defined by

U= f max (Vi+ €)f(€) de (13)
£=wm i

(with f the density for F), satisfies

U = log Glexp(Vy),....exp(Vy)] +v (14)

57721 is Euler's constant, and
(15)

I have proved this resuatt (11). y
The special case(G(yi, ..., V) = ;Ex s yields the

multinomial logit model. An exampie of a more general
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G function satisfying the hypotheses of the theorem is

M
Gy=3 an [E yi"“*’""] 05 (16)

m=1 ieBm

where B.c {1, ..
0< gy <1,

For the bivariate case with a single class m, Equa-
tion 16 reduces to

o T, 61 Bu.= (1, ..., J), a.> 0, and
n=

G(y) = [y}l 4 yfa-a]te an

The bivariate extreme value distribution based on
this form has been studied by Oliveira (12, 13), who
shows that o is the product-moment correlation be-
tween the two variates. Inthe general case of Equation
16, 0. can be interpreted as an index of the similarity
of the unobserved attributes B,. However, the relation
between the ¢, and product-moment correlations between
the alternatives is more complex.

The choice probabilities for Equation 16 satisfy

M
Pi=3 P(i|By) P(Bn) 18)
m={
where
P(i|Bm) = exp [Vi/(1 - 0m)] [ 3 exp[Vj/(1 - om)] (19)
jeBm

ifi € Bay and
P(i|Bp)=0 (20)

if i £ B,, with P(i/B2) denoting the conditional probabil-
ity, and

PBr)=am | 2 exp[Vi/(l - op)] t'”’"
JeBm
M l-op
IR exp[vk/(l-annt @n
n=| keBp

Choice probabilities of the form of Equation 18 were
apparently first derived, for the case of three alterna-
tives and By = (1}, Bz = (2,3}, by Scott Cardell. For
the case of disjoint B., the form of Equation 18 was
treated independently by Daly and Zachary (14),
Williams (15), and Ben-Akiva and Lerman (I6). The
demonstration by Daly and Zachary that Equation 18
is consistent with random utility maximization is note-
worthy in that it permits generalization of the genera-
lized extreme value model and provides a powerful tool
for testing the consistency of choice models.

Consider an example of Equation 16,

5 1-
G(y1, y2,y2) =y +[yd0 4 yhicto] (22)

where alternative 1 represents a dwelling in one com-
munity, and alternatives 2 and 3 represent dwellings of
a similar type in a second community. Let Vi be the
strict utility of alternative i. The choice probabilities
when the three alternatives are offered are, from Equa-
tion 18,

P(I[1,2,3) = exp(Vo)/ (1exp(V)) +exp[V2/(1 - )]
+exp[Va/(1 - 0)]117) (23)

P(2]1,2,3) =exp{Va/(1 - o)l {exp[V2/(l - 0)]
+exp[V3/(1-0)]}°
+ (exp(V1) +{exp[V2/(1 - @)] +explVa/(1 - 0)I7) (24)

where P(i|A) denotes the probability that i is chosen
from the alternatives A. If only alternatives 1 and 2 are
available, then the choice probability (obtained from
Equation 23 by setting Vs = -<) has the binomial form

P(111,2)=exp(V1)/lexp(V1) +exp(V2)] (25)

If only alternatives 2 and 3 are available, the choice
probability again has a binomial logit form,

P(2]2,3) = exp[V2/(1 - )} /lexp[V2/(1 - 0)] +exp[V3/(1-0)]} (26)

Examining the choice probabilities of Equations 23 and
24 when all three alternatives are available, the value
o = 0 gives multinomial logit probabilities, while the
limiting value o ~ 1 gives the probabilities

P(1]1,2,3)=exp(V))/texp(V)) + max[exp(V3),exp(V3)]} @n
P(211, 2, 3) = exp(V2)/[exp(V,) + exp(V3)]  if V,>V;
=Yaexp(V,)/[exp(V2) +exp(V3)]l ifV,=V;
=0 ifV,<V, (28)

In this extreme case, the consumer will treat two alter-
natives with identical strict utilities V. = V3 as a single
alternative in comparisons with alternative 1.

RELATION BETWEEN THE NESTED
LOGIT AND THE GENERALIZED
EXTREME VALUE MODEL

The choice probabilities in Equation 18 can be special-
ized to the nested logit model given by Equations 9 and
11, as we shall now show. This result establishes that
nested logit models are consistent with stochastic util-
ity maximization and that the coefficient of inclusive
value provides an estimate of the similarity of the un-
observed terms in the first level of the nested model.
Hence, it is possible to estimate some generalized ex-
treme value choice models using nested logit models and
inclusive values. Further, the generalized extreme
value choice models provide a generalization of nested
logit models and could be estimated directly to test for
the presence and form of a nested (or tree) structure
for similarities.

To obtain the nested logit model Equations 9 and 11
from Equation 18: replace the alternative index i with
the double index cn for community ¢ and dwelling n; re-
place m by c; assume the sets B. have the form B, =
{cl, ..., cN,}; and assume the similarity coefficients
have a common value 0. Then Equation 18 becomes

Ne
Pen =exp [V /(1 - 0)] {E exp [Vem/(1 ‘0)];

m=1
. . l-a
i (E exp [ Vim/(1 - onf ) o
b=l [ m=1

implying that

Ne

P = z Pcn:{ E UXP[VNM/U -O)IZHJ

m=1

0, (N It
: (E {E exp[Vin/tl —U)lf ) (30)
b=1

m=|



and that

Ne
Pn'c =Pen [P; = exp[Vea/(1-0)] 2 exp(Vem /(1 - 0)] @31

m=1

Recalling that Von = 8'Xe, + &Y., these formulas can be
written

C
P. =expla'y. + (1 - 0)I;] /Z expla’yy +(1-0)1p] (32)
b=1

Ne
Pnlc =exp [f'Xcn/(1 - 0)] E exp [B'xem/(1 = 0)]

m=]

= exp [B'Xea/(1 - 0)]/exp (1) (33)
Ne

L=log 3 exp[f'xcm/(1-0)] (34)
m={

Hence, the nested logit model is a specialization of the
generalized extreme value model, with the coefficient
1 - o of inclusive value an index of the degree of inde-
pendence of random terms for alternative dwellings in
the same community.

This argument can be extended to trees of any depth.
A sufficient condition for a nested logit model to be
consistent with stochastic utility maximization is that
the coefficient of each inclusive value lie in the unit
interval.

LIMITING THE NUMBER OF
ALTERNATIVES CONSIDERED

Consider application of the joint multinomial logit model
Equation 3 to the demand for housing, with alternatives
indexed by community and by dwelling within the com-
munity. Ideally, the functional form of the model is
appropriate for describing choice among the full set of
alternatives available to consumers, and it is practical
in terms of data collection and statistical analysis to
study decision behavior at this level.

In practice, the number of available alternatives at
the most disaggregate level often imposes infeasible
data-processing requirements and strains the plausi-
bility of the independence from irrelevant alternatives
property of the multinomial logit functional form, as in
the example of similar dwellings in the same community
that are likely to have similar unobserved attributes.

Consider first the problem where enumeration of all
alternatives is impractical but where data on selected
disaggregate alternatives can be observed. If the multi-
nomial logit functional form is valid, we shall establish
the result that consistent estimates of the parameters of
the strict utility function can be obtained from a fixed
or random sample of alternatives from the full choice
set.

Let C denote the full choice set. We shall assume it
does not vary over the sample; however, this is ines-
sential and can easily be generalized. Let P(i|C, z, 6%)
denote the true selection probabilities, where 8 is a
vector of parameters, and z is a vector of explanatory
variables. We assume the choice probabilities satisfy
the independence from irrelevant alternatives assump-
tion:

ieDCC—Pi|C20)=PG|D,20) 2 P(j|C,20) 35)
jed
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which characterizes the multinomial logit model.

Now suppose for each case that a subset D is drawn
from the set C according to a probability distribution
(D |1, z), which may but need not be conditioned on the
observed choice i. The observed choice may be either
in or out of the set D. Examples of 7 distributions are
(a) choose a fixed subset D of C independent of the ob-
served choice, (b) choose a random subset D of C con-
taining the observed choice, and (¢) choose a subset D
of C consisting of the observed choice i and one or more
other alternatives, selected randomly.

We give two examples of distributions of type (c):

1. (c-1): Suppose D is always selected to be a two-
element set containing i and one other alternative se-
lected at random. IfJ is the number of alternatives in
C, then
1r(D|i,z)=I/(J-l) if D= [i,jl andj+ i (36)
or zero otherwise.

2. (c-2): Suppose C is partitioned into sets (Cy, ...,
Cu}, with Ju elements in C,, and suppose D is formed by
choosing i (from the partition set C,) and one randomly
selected alternative from each remaining partition set.
Then

M
1r(D[i,z)=Jn/HJm ifieD,M=#(D) 37
m=1

andDNnC.# ¢form=1, ..., M, or zero otherwise.

The 7 distributions of the types (a), (b), and (c-1) and
(c-2) all satisfy the following basic property, which
guarantees that, if an alternative j appears in an as-
signed set D, then it has the logical possibility of being
an observed choice from the set D, in the sense that the
assignment mechanism could assign the set D if a choice
of j is observed.

Positive Conditioning P roperty

IfjeDCCandn|i2z) >0, thenm(D][j, 2) > 0.
The 7 distributions (a), (b}, and (c-1) but not (c-2)
satisfy a stronger condition.

Uniform Conditioning P roperty

Ifi,j e DCC, then D |i, 2 = 7n(D|j, 2).

Consider a sample n=1, ..., N, with the alternative
chosen on case n denoted i,, and D, denoting the choice
set assigned to this case from the distribution (D |i,, zd).
Observations with an observed choice not in the as-
signed set of alternatives are assumed to be excluded
from the sample. Write the multinomial logit model in
the form

P(i[C, z,0)=exp[Vi(z,)] E exp[Vj(z,())I (38)
jeC

where Vi(z, 6) is the strict utility of alternative i.

If n(Dli, z) satisfies the positive conditioning prop-
erty and the choice model is multinomial logit, then
maximization of the modified likelihood function

N
Ly = (1/N) E log pr[vi" (Znuo) + Iog"(Dn liII)Zn)]

n=|

2 2 expIVi(zn, 0) + log T(Dy |1, 7)] 39)
32
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yields, under normal regularity conditions, consistent
estimates of 6*. When #(D |i, z) satisfies the uniform
conditioning property, then Equation 39 reduces to the
standard likelihood function,

= (1/N) 2 log ;expl(vnn(z 6)] / 2 exp[Vj(zn, 0)] f (40)

jeD

A proof is given by McFadden (17).

In conclusion, analysis of housing location can be
carried out with a limited number of alternatives, which
facilitates data collection and processing, provided the
choice process is described by the multinomial logit
model. If a mechanism such as (c-2) is used to select
alternatives, the likelihood function should be modified
to the form of Equation 39 to obtain consistent estimates
of all parameters. If a non-modified likelihood function
is used, estimation can still be carried out satisfactorily
provided the effect of the selection mechanism for alter-
natives is absorbed by class-specific parameters. Cau-
tion is required in this case in verifying that the con-
figuration of class-specific variables in the model is
adequate to accommodate the selection mechanism ef-
fects, and in interpreting the estimates of class~specific
parameters.

AGGREGATION OF ALTERNATIVES AND
THE TREATMENT OF SIMILARITIES

The preceding section has shown that, when the multi-
nomial logit functional form is valid, estimation can be
carried out by using randomly selected "representative”
alternatives from each "class” of elemental alternatives,
where the classes are defined by the analyst. Community
and dwelling type were classification criteria mentioned
in the earlier examples. Analysis of choice among
classes by identifying them with "representative™ mem-
bers can be viewed as a method of aggregation of alter-
natives.

We shall now consider alternative methods of aggrega-~
tion that can be employed when the multinomial logit form
fails because of dependence between unobserved attri-
butes of different alternatives within a class.

Again consider a consumer faced with a choice of
housing locations inc =1, , C communities, with
n=1, , Ne dwellings in community ¢, all of which
have common unobserved community attributes. This
introduces a dependence that conflicts with the assump-
tions of the joint multinomial logit model. To represent
this dependence we shall assume that the choice prob-
abilities have the nested logit structure of Equations
32-34, with ¢ a measure of the degree to which dwellings
within a class ¢ are perceived as similar. When o =0,
Equation 32 reduces to the multinomial logit model, and
in the limit when o = 1, it reduces to

c ,
Pe =exp(a’yc + max ﬁ'xun)/z exp (o'yp + max f'Xpn) &2
b=1

An analysis of housing demand by Quigley (l) using
Pittsburgh data employs a model of the form of Equa-
tion 41. In Quigley's model, the nesting of community
and housing type is reversed, with ¢ denoting housing
type, and n denoting specific dwelling, identified by com-
munity and location. Quigley assumes a sufﬁc1ent struc-
ture on location choice so that the term max B'Xea can
be computed prior to parameter estimation. Then Equa-
tion 41 can be treated as an ordinary multinomial logit
model.

In an analysis of neighborhood choice using Washing-

ton, D.C., data, Lerman (g) estimates a model of the
form

P. =expla'y. + X! +(1 -0)logN.]

C
- E expla'yy + X’; +(1 -0)logNy] 42)
b=1

where ¢ indexes census tracts and X¥ is an "average”
of the utility terms f'Xe. of the dwellings in tract ¢. He
notes that log N. is

the measure of tract size required to correct for the fact that a census
tract is actually a group of housing units. Other conditions being equal,
avery large tract (i.e., one with a large number of housing units) would
have a higher probability of being selected than a very small one, since
the number of disaggregate opportunities is greater in the former than
the latter. If ail units of a particular type in a given zone are relatively
homogeneous and the [joint multinomial] logit model applies to each
individual unit, then the appropriate term to correct for tract size is the
natural logarithm of the number of units [with] a coefficient of one.

Noting the model (Equation 41) as a second extreme
case, Lerman concludes that ""if the assumptions of the
[joint multinomiall logit model are violated, the coef-
ficient may differ from one.” Lerman estimates the
coefficient of log N. to be 1 - ¢ = 0.492, with a standard
error of 0.094. Hence, ¢ satisfies the hypotheses of
theorem 1 and is significantly different from both zero
and one.

In the nested logit model (Equations 32 and 34), the
inclusive value can be rewritten

=[XX/(1 - 0)] +logN,

Ne
+log 1/Ne 3 x exp [(B'xem - XD)/(1 - 0)] (43)

m=1

If a tract ¢ is homogeneous in terms of observed vari-
ables so that 8'X.a = X¥, then the last term in Equation
43 vanishes, and the choice probability for the nested
logit model (Equation 32) is exactly the Lerman model
(Equation 42). This establishes the consistency of the
Lerman model with stochastic utility maximization and
supports his conclusion that the coefficient of log N. in-
dexes the degree of independence of the alternatives
within a tract. The same argument can be used to in-
terpret ngley s model, withX¥* = max 8'xca.

When X¥ is the mean of ﬁ'xen, and not all B Xou'= Xoas
the convexity of the exponential implies

Ne
1N 3 expl(B'%em - X*)/(l -0 > 1 (44)

m=]

and hence I, 2 [X*/(1 - 0)]+ log N, with the difference
of the two sides of the inequality depending on the vari-
ance of f'%ca. One limiting case of Equation 43 that is
of interest occurs when the number of dwellings within
a tract is large and the x.. behave as if they were in-
dependentl;/ identically normally d.lstnbuted with mean

X#¥. Let w? denote the variance of 8'Xea. If N; = raN,
with r. fixed and N = =, then

| + *+(1-0)l e l/ (] -
W, fo'ye +§'x¥ +(1 - 0)log re + 2w 1/ -9} @5)

. ¢
X explla’yy + B xy +(1-0)logry, +%wp /(1 -0))
b=l
When the disaggregate data xc, are not observed, but
their distribution can be approximated or estimated,
and w. is known, then Equation 45 can be used with stan-



dard multinomial logit estimation programs to provide
estimates of ¢ and 8. If r, is unobserved, then it can
be estimated when w, is known; when y. contains a tract-
specific dummy variable, however, the tract-specific
coefficient and r, are unidentified. This suggests one
interpretation of tract-specific coefficients as indicating
in part the number of equivalent disaggregate alterna-
tives contained in the tract.

When w, is not known, but is known to have the struc-
ture w? = 8’68, and the variables X., are multivariate
normal with covariance matrix &, direct estimation of
8, o, and a is possible. A modification of standard
multinomial logit programs to handle nonlinear con-
straints on 8 would be required for full maximum like-
lihood estimation. Alternately, consistent estimators
could be obtained by writing out the terms in the qua-
dratic form g’ .8 as independent parameters and ig-
noring constraints.

CONCL USION

This paper has considered the problem of modeling dis-
aggregate choice of housing location when the number

of disaggregate alternatives is impractically large and
when the presence of a structure of similarities between
alternatives invalidates the commonly used joint multi-
nomial logit choice model. Theorems on sampling from
the full set of alternatives and on generalizations of the
multinomial logit model structure to accommodate simi-
larities provide methods for circumventing these prob-
lems. Studies of housing demand by Quigley (1) and

Lerman (_2_) motivate the analysis and illustrate its ap-
plicability.
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