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Microeconometrics and microdata

Microeconometric research is concerned with empirical analysis of the economic
behavior of individuals and households, such as decisions on labor supply, con-
sumption, migration or occupational choice. Microeconometric methods are
equally relevant in studies of individual …rms, for example their production and
employment decisions. Over the last several decades, signi…cant breakthroughs
in empirical microeconomic research have been triggered by innovations in mi-
croeconometric methods and by greater availability of new types of data. The
raw material in microeconometric research is microdata, where the units of ob-
servation are individuals, households or …rms. Microdata appear as cross-section
data and, to an increasing degree, as longitudinal (panel) data.
While o¤ering new means of testing economic hypotheses and estimating

economic models, the analysis of microdata has also raised new econometric
problems. This, in turn, has inspired methodological research in microecono-
metrics, which can be loosely de…ned as a collection of econometric methods for
handling problems of model speci…cation, estimating and testing that arise in
the analysis of microdata. A hallmark of recent microeconometric research is the
close interplay of applied work on substantive economic issues and theoretical
work on methodological problems.
New data bases have been crucial in this development. Until the late 1960s,

the availability of data sources for empirical studies of individual economic be-
havior was very limited. Nowadays, there are a number of longitudinal data
sets covering individuals and households, in the United States as well as in most
European countries. A path…nding early e¤ort to create an infrastructure for
microeconometric research was the Panel Study of Income Dynamics (PSID)
set up by James Morgan and others at the University of Michigan in the late
1960s. The PSID has been used intensively in applied research and has served
as a model for the construction of longitudinal data sets in other countries.
It is only recently that this remarkable growth of microdata on individuals

and households has been matched by similar information on individual …rms. As
a result, microeconometric applications have largely been dominated by studies
of individual and household behavior.
Microeconometric applications cover a wide range of …elds in economics. La-

bor economists have used microeconometric techniques to study labor supply
decisions, individual earnings, educational choice, worker mobility, and the du-
ration of spells of employment and unemployment. Microeconometric methods
are essential for studies in empirical public …nance, e.g., the e¤ects of taxes
and welfare policies on labor supply; in consumer research, e.g., the choice of
di¤erent brands; and in urban and transportation economics, e.g., the choice of
residence or mode of transportation. Applied research in microeconomics and
industrial organization relies on microeconometrics in studies of …rms’ produc-
tion and factor demand decisions. Similar methods are also used by researchers
in other social sciences.
James Heckman and Daniel McFadden have made fundamental contributions

to microeconometrics. Hackman’s most in‡uential work deals with problems
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that arise when data are generated by a non-random selection process, a common
phenomenon in microeconometric studies. McFadden’s foremost contributions
concern theory and methods for discrete choice analysis, such as the choice of
occupation or mode of transportation.

James J. Heckman

James Heckman was born in Chicago, IL in 1944. After undergraduate studies
at Colorado College, majoring in Mathematics, he went on to study Economics
at Princeton University where he received his Ph.D. in 1971. Heckman has
taught at Columbia University, Yale University and the University of Chicago.
Since 1995 he is Henry Schultz Distinguished Service Professor of Economics at
the University of Chicago.
Heckman’s numerous contributions to microeconometric theory have been

developed in conjunction with applied empirical research, especially in labor eco-
nomics. His applied research covers labor supply, labor earnings, unemployment
duration, evaluation of labor-market programs, fertility, and discrimination.
Heckman’s analysis of selection bias in microeconometric research has pro-

foundly changed applied research, in economics as well as in other social sciences.
Selection bias may arise when a sample under study does not randomly repre-
sent the underlying population. The problem facing the analyst is to obtain
estimates of relevant population parameters even in the wake of a selective sam-
ple. Non-random sample selection may result from individual decisions by the
agents under study (self-selection), but may also re‡ect administrative rules, or
decisions on the part of sampling statisticians.

Selection bias and self-selection

Selection problems are pervasive in applied microeconometric research. Working
hours and wages are observed only for those individuals who have chosen to
work; earnings of migrants are observed only for those who have chosen to move;
earnings of university graduates are observed only for those who have completed
a university education, and so on. The selection problem can be viewed as a
problem of missing observations. Wages and hours cannot be observed among
non-working individuals, had they chosen to work; likewise, the earnings of
non-migrants, had they chosen to migrate, are unobservable to the analyst;
analogously, there is a lack of information on the earnings of workers with a
high-school education, had they pursued a university education.
Heckman’s approach to the selection problem is closely linked to economic

theory. His key insight is that observations are often missing because of con-
scious (self-selection) choices made by economic agents (e.g., the decision to
work, to migrate or to pursue higher education). The relation between the rea-
sons for missing observations and the nature of non-missing observations thus
takes on an intriguing theoretical structure. Heckman’s proposed solutions to
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selection problems can be appreciated not only statistically, but also in terms
of microeconomic theory.
Heckman’s contributions to the econometrics of selective samples emerged

concurrently with his studies of labor supply in the mid-1970s. These studies
pioneered the “second generation models” of labor supply, which are distin-
guished by estimating equations derived explicitly from utility maximization
with stochastic error terms as an integral part of the model, rather than added
as an afterthought. They enabled a uni…ed analysis of the factors determining
work hours and labor-force participation.
An important early example of this strand of research, the contribution in

Heckman (1984) is remarkable for its treatment of the selectivity problem inher-
ent in all studies of labor supply.1 Standard economic theory views labor-force
participation as a result of utility maximization, where the participants are indi-
viduals whose market wages exceed their reservation wages. To obtain unbiased
estimates of basic structural parameters, the estimation procedure has to recog-
nize the sample of labor-force participants is not the result of random selection,
but the result of individual self-selection implied by utility maximization.
Heckman (1974) presented a model of married women’s labor supply based

on the utility maximization hypothesis. The sample of working women is self-
selected in the sense that hours of work are only observed for women with market
wages higher than their reservation wages. Heckman derived a likelihood func-
tion for this problem, estimated equations for market wages, the probability for
working, and hours of work, and then used the estimated structural parameters
to predict the probability of working, hours of work, reservation wages and mar-
ket wages. This paper is an excellent example of how microeconomic theory can
be combined with microeconometric methods to clarify an important economic
issue.
Heckman’s subsequent work o¤ered computationally simpler methods for

handling selection bias (Heckman 1976, 1979). The well-known Heckman cor-
rection (also called the two-stage method, Heckman’s lambda or the Heckit
method2) has become part of the standard toolbox in applied microeconometric
work. The method may be described by means of the following two equations:

wi = x1i¯1 + "1i , (1)

e¤i = x2i¯2 + "2i : (2)

Equation (1) determines the individual’s market wage, whereas (2) is a “partici-
pation equation” describing the individual’s propensity to work. Thus, wi is the
observed market wage for individual i if she works and e¤i a latent variable that
captures the propensity to work; x1i and x2i are vectors of observed explana-
tory variables, such as age and education; "1i and "2i, …nally, are mean-zero

1See also Gronau (1974) and Lewis (1974) for important early discussions of self-selection
in the context of data on wages and labor supply.

2The label “Heckit” was presumably invented to acknowledge similarities with the famous
Tobit estimator due to 1981 Economics laureate James Tobin (1958).
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stochastic errors representing the in‡uence of unobserved variables a¤ecting wi
and e¤i . The parameter (vectors) of interest are ¯1 and ¯2.
Although the latent variable e¤i is unobserved, we can de…ne a dummy vari-

able ei = 1 if e¤i ¸ 0 and ei = 0 otherwise; we thus observe the market wage
only if ei = 1, i.e., if the individual works. It is likely that the unobserved terms
"1i and "2i are positively correlated; individuals with higher wages, given x1i
and x2i, are presumably also more likely to work. If so, the sample of individu-
als observed as working will not accurately represent the underlying population,
even in a large sample. Failure to recognize this selectivity generally produces
inconsistent estimates of the parameters in the wage equation.
Heckman suggested a simple method to deal with this selection problem.

Note that the conditional mean of "1i can be written as:

E("1i j e¤i ¸ 0) = E("1i j "2i ¸ ¡x2i¯2) , (3)

and hence

E(wi j x1i; ei = 1) = x1i¯1 +E("1i j "2i ¸ ¡x2i¯2) . (4)

Thus, the regression equation on the selected sample depends on both x1i and
x2i . Omitting the conditional mean of "1i biases the estimates of ¯1 (unless
"1i and "2i are uncorrelated, in which case the conditional mean of "1i is zero).
Selection bias can thus be regarded as a standard problem of omitted-variable
bias. The problem is to …nd an empirical representation of the conditional mean
of "1i and include this variable in the wage equation.
Under the assumption that "1i and "2i are drawn from a bivariate normal

distribution, we can derive the regression equation:

E(wi j x1i; ei = 1) = x1i¯1 + ½¾1¸i . (5)

In (5) ½ is the correlation coe¢cient between "1i and "2i, ¾1 is the standard
deviation of "1i, and ¸i – the inverse of Mill’s ratio – is given by

¸i =
Á(x2i¯2=¾2)

©(x2i¯2=¾2)
, (6)

where Á and © are the density and distribution functions of the standard normal
distribution and ¾2 is the standard deviation of "2i.
Heckman showed how to estimate (5) in a two-step procedure. The …rst step

involves estimating the parameters in (2) by the probit method, using the entire
sample. These estimates can then be used to compute ¸i for each individual
in the sample. Once ¸i is computed, we can estimate (5) over the sample of
working individuals by ordinary least squares regression, treating ½¾1 as the
regression coe¢cient for ¸i.
The sign of the selection bias depends on the correlation between the errors

in the wage and participation equations (½) and the correlation between ¸i and
the variables in the wage equation (x1i). Since ¸i is a decreasing function of the
probability of sample selection, it follows that the ¯-coe¢cient on variables in
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x1i that are likely to raise both wages and participation, such as education, will
be biased downwards if the Heckit technique is not applied (provided ½ > 0).
Heckman’s seminal work in this area has generated many empirical applica-

tions in economics as well as in other social sciences and applied statistics dealing
with non-randomly missing data. One early example of empirical applications is
the paper by Lee (1978), who examined relative wage e¤ects of union member-
ship in the United States, recognizing that membership is not random but the
outcome of individual self-selection. Another is Willis and Rosen (1979), who
investigated the wage premiums associated with higher education, recognizing
endogenous educational choice as depending on the perceived gains to educa-
tion. Later on, Heckman and Guilherme Sedlacek (1985) presented an empirical
model of the sectoral allocation of workers in the U.S. labor market along the
lines of the Roy (1951) model of income distribution: utility-maximizing individ-
uals can work in several sectors, but only in one sector at a time. The analysis
includes an assessment of how self-selection impacts on wage inequality.
Heckman’s work has also generated a sizable literature on econometric method.

The original model has been extended in a number of ways by Hackman and
others.3 These e¤orts, typically aimed at eliminating the restrictive assump-
tion of bivariate normality, have involved the use of semi-parametric methods;
see, for example, Heckman and Robb (1985b), Heckman (1990), Manski (1989),
Newey, Powell and Walker (1990) and Lee (1994a,b).

Evaluation of active labor-market programs
Active labor-market programs, such as training, job-search assistance and em-
ployment subsidies, have become increasingly widespread in most OECD coun-
tries. Such programs are generally targeted at individuals who are unemployed
or have low skills or earnings.
The classical problem of a program evaluation is to determine how partic-

ipation in a speci…c program a¤ects individual outcomes, such as earnings or
employment, compared to non-participation. The paramount di¢culty is to
characterize the counterfactual situation, i.e., to answer the question: what
would have happened if the individual had not participated in the program?
Since it is impossible to observe an individual as both participant and non-
participant, it is necessary to use information on non-participants’ outcomes for
this purpose. Given that the allocation of individuals to programs is seldom
purely random, the group of participants becomes a selected sample with ob-
served and unobserved characteristics that may di¤er from those of the overall
population.
James Heckman is the world’s foremost researcher on econometric policy

evaluation. In this area, as in his labor-supply research, Heckman relies on a
structural approach based on microeconomic theory to guide the model speci-
…cation and to interpret the empirical results. The main ingredients of policy
evaluation are twofold: (i) a model of participation in programs, and (ii) a model
of program outcomes. Heckman’s research on program evaluation can be seen as

3See Vella (1998) for a survey of econometric literature following Heckman’s seminal work.
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a natural continuation of his earlier work on selection models. In joint work with
others, Heckman has presented a number of new results concerning identi…cation
and estimation of the e¤ects of social programs (Heckman and Robb, 1985 a,b)
and, more recently, improved our understanding of the pros and cons of using
experimental rather than non-experimental data in program evaluation (Heck-
man and Smith, 1995; Heckman, Ichimura and Todd, 1997; Heckman, Smith
and Clements, 1997). The latter set of studies has also spurred theoretical ad-
vances in the use of matching methods as econometric evaluation estimators.
On balance, Heckman does not emerge as a strong supporter of the experimental
approach, arguing that social experiments are valid only under special statisti-
cal and behavioral assumptions. A main lesson seems to be that there are no
universally correct methods for evaluating programs. What method works best
depends on the issue in question and on the economic models that determine
participation and outcomes. Heckman has also presented substantive empirical
results on the e¤ects of various labor-market programs. Conclusions regarding
the e¤ects are often somewhat pessimistic. A survey primarily of U.S. studies
(Heckman, LaLonde and Smith, 1999) concludes that programs frequently have
very small (sometimes negative) e¤ects for the participants and do not appear
to pass conventional cost-bene…t tests. On the other hand, there does seem to
be substantial heterogeneity in program outcomes across participants and types
of programs.

Duration models
The analysis of duration data has a long tradition in engineering and biomedical
research.4 More recently, it has also entered into economic and social science
research, where duration models have been applied to a variety of problems.
Duration models are now standard tools in studies of the length of spells of
employment and unemployment, demographic events (marriage, fertility, mor-
tality, and migration), political events (e.g., how the occurrence of government
crises depends on the time elapsed since the last election), and in some indus-
trial relations research (e.g., the length of strikes). The models are also used
in consumer research, to study the timing of purchases of products, as well as
in macroeconomic research, to examine issues such as the duration of business
cycles.
In his work on econometric duration analysis, Heckman has been particularly

preoccupied with the e¤ects of unobserved heterogeneity, i.e., individual di¤er-
ences in unobserved variables that may in‡uence the duration of unemployment
or employment. As unobserved heterogeneity in the context of duration data
introduces speci…c selection problems, Heckman’s work in this area …ts well with
his overall research agenda on sample selection.
This may be exempli…ed by studies of how the exit rate from unemployment

to employment evolves over a spell of unemployment. One problem here is that
individuals with relatively weak employment prospects seem to “survive” as

4So-called failure time analysis (e.g., analysis of the durability of electrical equipment) has
been common in engineering for decades. Survival analysis likewise has a long tradition in
biomedical research (e.g., studies of survival after surgery).
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unemployed to a higher degree than individuals with more favorable character-
istics. Thus, the “quality” of the stock of unemployed at each point in time
is the result of a selection process partly driven by factors unobserved by the
analyst. Overrepresentation of more “unemployment-prone” individuals at long
durations can easily lead to the conclusion of negative duration dependence,
i.e., that the exit rate to employment declines over a spell of unemployment.
However, what appears to be negative duration dependence may simply be a
sorting or selection e¤ect.
In joint work with Burton Singer, Heckman addressed the problem of treat-

ing unobserved heterogeneity without imposing restrictive assumptions regard-
ing the distribution of unobserved variables. Heckman and Singer (1984a) pro-
posed a non-parametric estimator that has become widely used in applied work
in economics and demography.
Some of Heckman’s other noteworthy contributions to the duration litera-

ture include identi…cation results for a class of duration models (Heckman and
Singer, 1984b and Heckman and Honoré, 1989) and further treatment of iden-
ti…cation issues (Heckman, 1991 and Heckman and Taber,1994). Heckman has
also written applied empirical papers on unemployment duration and fertility.

Daniel L. McFadden

Daniel McFadden was born in Raleigh, NC in 1937. He received his under-
graduate degree from the University of Minnesota, with a major in Physics.
McFadden switched to Economics in the late 1950s and received a Ph.D. from
the University of Minnesota in 1962. His academic appointments include profes-
sorships at the University of Pittsburg, Yale University, Massachusetts Institute
of Technology and the University of California at Berkeley. Since 1990 he is E.
Morris Cox Professor of Economics at Berkeley.
McFadden’s most important and in‡uential contribution is his development

of the economic theory and econometric methodology for discrete choice, i.e.,
choice among a …nite set of alternatives. He has also made signi…cant contribu-
tions in other …elds of economics, including production theory and environmen-
tal economics. McFadden’s research may best be characterized by his ability
to combine the development of theory and methodology with applications to
substantive empirical problems.

Discrete choice analysis

Discrete choice problems appear frequently in economics as well as in other social
sciences. Consider, for example, the modeling of phenomena such as individual
labor-force participation, occupational or locational decisions, or travel mode
choice. Here the observations to be explained are discrete (or qualitative) and
cannot be represented by continuous variables. Standard demand theory as well
as traditional econometric methods, aimed at explaining variations in continuous
variables, are generally inappropriate to analyze discrete choice behavior.
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Problems of qualitative choice were initially dealt with in work in psycho-
metrics, biometrics and to some extent also econometrics. Early contributions
of particular importance are Thurstone (1927) and Luce (1959), who formu-
lated models of discrete probabilistic choice. According to the psychological
interpretation, individual choice behavior is intrinsically probabilistic.
By contrast, the economic and econometric approach developed by McFad-

den treats individual choice as deterministic. It focuses instead on the lack of
information on the part of the analyst, such as imperfect information about the
characteristics of alternatives and individuals under study. Whereas psycholo-
gists have generally been concerned with individual choices per se, economists
have generally been more interested in aggregate outcomes, such as the fraction
of a population that selects a certain alternative.5

The conditional logit model
McFadden’s most fundamental contribution is the integration of economic the-
ory and econometric methodology for discrete choice analysis. His seminal
paper, entitled “Conditional Logit Analysis of Qualitative Choice Behavior”
(McFadden, 1974a), and contemporaneous empirical case studies fundamen-
tally changed researchers’ thinking about the econometric analysis of individual
behavior. Discrete choice analysis rapidly developed into one of the main …elds
of modern econometrics.
McFadden’s approach may be sketched as follows. Suppose that each indi-

vidual in a population faces a …nite set of alternatives and chooses an alternative
that maximizes his or her utility. The data available to the analyst are assumed
to be generated by the repeated drawing of an individual at random from the
population and recording a vector a of the individual’s attributes (such as age,
gender, income, etc.), the set I of alternatives available to the individual (e.g.,
travelling by car, bus, subway, etc.), and the individual’s actual choice i from
the set I. Assume that the individual’s utility from choosing i is of the addi-
tive form u(i; a) = v(i; a) + e(i; a; !), where v(i; a) is common to all individuals
with observed attributes a, while e(i; a; !) is particular to the drawn individ-
ual !. Both utility terms are deterministic, the …rst re‡ecting “representative”
tastes in the population, and the second re‡ecting idiosyncratic taste variations.
Treating the unobserved utility terms e(i; a; !) as realizations of random vari-
ables "(i; a), and letting P (i j a;I) denote the conditional choice probability that
the randomly drawn individual will choose alternative i 2 I, given his or her
observed attributes a and the set of alternatives I; we obtain:

P (ija;I) = Pr[v(i; a) + "(i; a) ¸ v(j; a) + "(j; a) 8j 2 I] : (7)

This is called the additive random utility model (ARUM) of discrete choice. The
right-hand side of (7) is the probability that an individual drawn at random from
the population has a utility function that makes i the utility-maximizing choice,
given the individual’s attributes a and choice set I.

5 See Ben-Akiva and Lerman (1985) and Anderson, de Palma and Thisse (1992) for surveys
and discussions of discrete choice models.
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If the random vector h"(i; a)ii2I has a joint cumulative distribution function
F , and we write I = f1; :::; Ig, the right-hand side of equation (7) can be
written as an integral in the i’th partial derivative, Fi, of F :

P (ija;I) =
Z +1

¡1
Fi[x+ v(i; a)¡ v(1; a); :::; x+ v(i; a)¡ v(I; a)]dx : (8)

In particular, if the random variables "(i; a) are independently distributed with
cumulative distribution function exp[e¡¾xi ] for ¾ > 0 (the Gumbel, or type-I,
extreme-value distribution), their joint distribution F becomes:

F (x1; :::; xI) = exp

24¡X
j2I

e¡¾xj

35 ; (9)

and the choice probabilities in equation (7) reduce to the analytically convenient
logit form:

P (i j a;I) = exp¾v(i; a)P
j2I exp¾v(j; a)

: (10)

The parameter ¾ > 0 is inversely proportional to the standard deviation of the
random utility terms "(i; a). In the limit as ¾ ! 1, the choice probabilities
P (i j a;I) in (10) assign all probability mass to the alternatives with maximum
“representative” utility v(i; a) — and we obtain the traditional microeconomic
model of fully deterministic utility maximization.
In order to make the resulting logit model tractable for predictive purposes,

it is usually assumed that the “representative” utility terms v(i; a) depend on
known characteristics of the alternatives and the population in some analytically
tractable way. For example, in the case of travel mode choice, these character-
istics could be travel time, travel costs, etc. The associated parameter vectors
can then be estimated by the maximum likelihood method.
McFadden called his innovation the conditional logit model. Although multi-

nomial logit models had been around for some time (Theil, 1969; Quandt, 1970),
McFadden’s derivation of the model based on an economic theory of population
choice behavior was entirely new. His contribution was immediately recognized
as a paradigmatic breakthrough, and paved the way for statistical estimation
and applications.

Subsequent development of discrete choice analysis
The attractiveness of the multinomial logit model lies in its combination of
solid microeconomic foundations and computational simplicity. This simplicity
follows from the assumption of statistical independence of the random util-
ity terms, an assumption which implies independence of irrelevant alternatives
(IIA). The ratio of the probabilities of choosing any two alternatives is indepen-
dent of the properties of all other alternatives, as can be noted by using (10)
and taking the ratio of any two alternatives. For example, an expanded choice
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set does not a¤ect the odds ratio for two choices. Under the IIA assumption,
parameters pertaining to two alternatives can be consistently estimated by using
data only on those individuals who have chosen these two alternatives. Thus,
the IIA property allows estimation of the multinomial logit model on choice-
based samples, which are much more easily obtained than population samples,
with due compensation for the arising sample bias; see Manski and Lerman
(1977) and Manski and McFadden (1981).
However, as McFadden has pointed out, the IIA assumptions is restrictive

in many applications. For example, it is unlikely that the odds ratio of any two
choices would be invariant to the introduction of a new alternative that is a
close substitute for an existing alternative.6 This problem exempli…es the more
general di¢culty of estimating population parameters from self-selected samples.
Hausman and McFadden (1984) devised a procedure for testing the validity of
the IIA assumption based on the idea of comparing estimates from a self-selected
subset with estimates from the full choice set; the two estimates should not
change systematically if the IIA assumption is valid. Further speci…cation tests
were developed in McFadden (1987).
McFadden has also showed how to relax the IIA assumption through his

development of nested multinomial logit and generalized extreme value (GEV)
models. The nested logit model, introduced by Ben-Akiva (1973) and McFadden
(1978), relaxes the IIA assumption by permitting certain statistical dependence
between the choices. In this model individuals’ decisions can be interpreted as
having a hierarchical structure. Consider, for instance, the joint choice of desti-
nation and travel mode. One possible nested logit formulation of this decision
problem would be to assume that for each destination the individual selects
the preferred mode of transportation and, taking this into account, chooses his
destination.
The GEV model, developed by McFadden (1978, 1981), is more general and

analytically elegant. To derive it, note that if we generalize equation (9) to

F (x1; :::; xI) = exp
£¡G(e¡¾x1 ; :::; e¡¾xI )¤ ; (11)

for some linearly homogeneous function G, equation (7) becomes

P (i j a;I) = Gi(e
¡¾v(1;a); :::; e¡¾v(I;a)) exp¾v(i; a)
G(e¡¾v(1;a); :::; e¡¾v(I;a))

; (12)

where Gi is the partial derivative of G with respect to its i’th argument. Using
Euler’s formula, the denominator can be written as a sum over G’s partial
derivatives, and we obtain:

P (i j a;I) = exp¾v(i; a) + lnGi(e¡¾v(1;a); :::; e¡¾v(I;a))P
j exp[¾v(j; a) + lnGj(e

¡¾v(1;a); :::; e¡¾v(I;a))]
: (13)

In other words, the choice probabilities still have a logit form. Now, however,
the choice probability for an alternative i depends not only on its own observed

6The 1983 Economics laureate Gerard Debreu (1960) was the …rst to point this out, in the
context of Luce’s (1959) probabilistic choice model.
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attributes, via v(i; a), but also on the observed attributes of other alternatives,
such that IIA no longer holds. The usual logit model is obtained as a special
case when the function G is the sum of its arguments (then all partial derivatives
are equal to unity, and the second term in the numerator and denominator of
(13) vanishes), and the nested logit model is obtained as a special case when G
is a CES function.
Another useful generalization of the multinomial logit model is the so-called

mixed logit model. This generalization is obtained by aggregating choice behav-
iors across diverse subpopulations, where all individuals in each subpopulation
have the same observed attributes, and each subpopulation’s choice behavior
is modelled as outlined above. As shown by McFadden and Train (1998), any
well-behaved random utility model of discrete choice can be approximated to
any degree of accuracy by such a mixed logit model. Applications of this model
usually require Monte Carlo simulation methods.
Yet another approach is the multinomial probit model with correlated errors.

However, as with the mixed logit model, computational di¢culties arise when
this model is applied to problems with more than a few alternatives, mainly
because the calculation of choice probabilities involves evaluating multiple inte-
grals. Lerman and Manski (1981) introduced the idea of computing the choice
probabilities by means of Monte Carlo simulation methods where repeated ran-
dom draws are taken from a multivariate normal distribution. McFadden (1989)
further developed this idea by proposing an estimation approach known as the
method of simulated moments. McFadden’s article resolved the basic statistical
properties of this method and a sizeable literature has since emerged in this
area.
A natural step in the evolution of individual choice analysis is the develop-

ment of models and methods that explain both discrete and continuous choices.
The article by Dubin and McFadden (1984) is noteworthy as a …ne example of
how to integrate a general methodological contribution with an empirical study
of practical usefulness (the household’s discrete choice among electric appliances
and its continuous choice of energy consumption).
As already emphasized, most of McFadden’s work is indeed characterized by

a close relation between economic theory, econometric methodology and applied
empirical studies. Early empirical applications to urban travel demand are thus
reported in McFadden (1974b) and Domencich and McFadden (1975). During
the 1980s, and 1990s, McFadden was engaged in empirical work on residen-
tial energy demand (Cowing and McFadden, 1984), the demand for telephone
services (McFadden, Train and Ben-Akiva, 1987) and the demand for housing
among the elderly (McFadden, 1994a).

Other contributions
McFadden has made important contributions in several other …elds. In the 1960s
and early 1970s, he worked intensively on the theoretical and econometric anal-
ysis of production. Most of these contributions remained unpublished until they
appeared in the two-volume collection of papers edited by Fuss and McFadden
(1978). McFadden’s work in this area became highly in‡uential and established
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the principle of duality between cost or pro…t functions and production functions
as a principal tool in the empirical analysis of production.
In other important work, in collaboration with Peter Diamond, McFadden

exploited the duality between the expenditure function and utility maximizing
demand functions to explore such problems as the deadweight burden of taxation
and optimal commodity taxes (Diamond and McFadden, 1974). This paper
established duality as an indispensable tool in modern public economics.
In the 1990s, McFadden has contributed to environmental economics, study-

ing the willingness-to-pay for natural resources. McFadden (1994b) examined
in detail the properties of the contingent valuation method for estimating the
so-called existence value of natural resources and developed new econometric
techniques. With Jerry Hausman and Gregory Leonard, he developed an empir-
ical discrete choice model to assess the welfare losses caused by natural resource
damage (Hausman, Leonard and McFadden, 1995). The model was applied
to recreational demand in Alaska and, in particular, to estimate the welfare
losses to Alaskans caused by the oil spill from the tanker Exxon Valdez in 1989.
McFadden’s work in this …eld is yet another example of his masterly skills in in-
tegrating economic theory, econometric methodology and substantive empirical
applications.
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