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ABSTRACT

The P-2 program is designed for the maximum likelihood estimation of the Multinomial LOGIT model
in which the dependent variables are of discrete type. In transportation, the basic unit of observation
is often an individual (disaggregate data), and the behavior of the latter faced with the choice of travel
mode between two or more alternatives is by nature a discrete event. Advantages of disaggregate
demand analysis include consistency of the disaggregate approach with the utility maximization concept
of consumer demand theory, and a rich specification which can capture the main characteristics of the
individual as well as the degree of intermodal competition due to the availability of a broad range of
available explanatory variables.

To introduce flexible functional forms other than the usual linear and logarithmic forms of the
independent variables, different Box-Cox transformations can be applied on these variables: the Box-
Cox parameters can be fixed or estimated jointly with the coefficients of the variables. Program outputs
include two types of elasticities (elasticity at sample means of the variables and weighted aggregate
elasticity) as well as simulated forecasts.

Keywords: Box-Cox Multinomial Logit, Discrete Choice Models, Disaggregate Data, Maximum Likeli-
hood Estimation, Elasticities, Simulated Forecast.

RESUME

Le programme P-2 est destird I'estimation selon la ethode du maximum de vraisemblance
du moctle LOGIT Multinomial dans lequel les variablegpEndantes sont de type discret. Dans les
problémes de transport, il estefguent que I'ung” d’observation de base soit un individu (dees”
désagegies), et que le comportement de ce dernier face au choix d’'un modeptEeement entre deux
ou plusieurs alternatives soit par natureay@riement discret. Les avantages de I'analyse de la demande
désagegee comprennent la consistence de I'approcbsadégee avec le concept de la maximisation de
I'utilit & dans la thorie de la demande du consommateur, et urgeiipation beaucoup plus riche qui
peut capter les principales car@gstiques de I'individu ainsi que le degde concurrence intermodale
gracea la disponibili€ d’'un ensemble beaucoup plus vaste de variables explicatives.

Pour introduire des formes fonctionnelles flexibles autres que les formes usuebegeliat loga-
rithmique, des variables iegendantes, défentes transformations de Box-Cox peuvetne ‘appligees
a ces variables: les paratnés de type Box-Cox peuveantré fixés ou estira$ conjointement avec les
coefficients des variables. Le logiciel calcule notamment deux typdagticies glasticié a la moyenne
des variables eklasticie agégee-ponérée) ainsi que des @visions simudes.

Mots-clés: Logit Multinomial avec Box-Cox, Modles de Choix Discret, Domes Fsagegges, Estima-
tion du Maximum de Vraisemblanc&lasticigs, Pevision par Simulation.
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INTRODUCTION 1

INTRODUCTION

In transportation demand analysis, most data are collected from surveys of individual households. The
statistical models using this kind of information are called disaggregate demand models since the basic unit
of observation is an individual, in contrast to the aggregate demand models where data on travel behavior
are aggregated into shares at the regional or national level. A number of advantages of disaggregate
over aggregate demand analysis includes the consistency of the disaggregate approach with the utility
maximization concept of the consumer demand theory, and a much richer specification which can capture
the main characteristics of the individual as well as the degree of intermodal competition due to the
availability of a much broader range of explanatory variables. Nevertheless, the disaggregate analysis
has its own practical limitations such as the huge costs associated with the data collection and the
difficult problem of model estimation in the case of a large number of alternative choices and a complex
specification of demand.

Since the behavior of an individual faced with the choice of travel mode between two or more
alternatives is by nature a discrete event, i.e. the dependent variable is a dummy variable ( O if there is
no choice for a given mode, and 1 if there is a choice), discrete choice analysis must be used to explain
this particular decision-making process in the disaggregate demand models. Discrete choice problems
were first studied in mathematical psychology (Thurstone 1927, Luce 1959, Marschak 1960, Luce and
Suppes 1965, Bock and Jones 1968, Tversky 1972) and have also been analyzed in the biometric field
(Berkson 1944, Cox 1970, Finney 1971). Early applications of discrete choice models to disaggregate
transportation demand include only two alternatives of travel mode (Warner 1962, Lisco 1967, Quarmby
1967, Lave 1969, Stopher 1969, Gronau 1970, de Donnea 1971, McGillivray 1972, Talvitie 1972, Wigner
1973, Watson 1974). The extension of mode choice models to more than two alternatives was made during
the early 1970's. The major contributions to economic and statistical ideas from which a new area of
research, called “behavioral demand modeling”, emerged are due to McFadden (1974, Domencich and
McFadden 1975) who established the theoretical grounding of discrete choice models in random utility
maximization and the use of disaggregate small-sample data in the estimation of choice models via the
maximum likelihood method. A review of econometric applications of discrete choice models is given
in Amemiya (1981), Manski (1981) and McFadden (1982).

Among the available discrete choice models, the most computationally tractable and widely used is
the Multinomial Logit MNL ) model which explains the behavior of an individual in terms of a probability
associated with each choice of travel mode among the different alternatives, since the dependent variable
is a dummy variable. Extensive treatment of this model and its applications in travel demand analysis
can be found in Hensher and Johnson (1981) and Ben-Akiva and Lerman (1985).

The probability class is designed for users who are interested in: (1) estimating the coefficients
of the independent variables in MNL model, or (2) estimating them jointly with the parameters of the
Box-Cox transformations on the variables, by the maximum likelihood procedure. It is an extension to
other existing programs which do not include (2) as an option [(MDA (Lerman 1982), BLOGIT (Crittle
and Johnson 1980), MLOGIT in QUAIL 3.0 (McFadden et al. 1979), MLOGPROT (Hensher 1979) and
PROLO (Cragg and Lisco 1968)].

Due to the use of the Box-Cox transformation which permits to choose flexible functional forms of
the independent variables, three model types can be estimated within the probability class:

1. TheStandard Linear Model Type if all the independent variables appear in linear form, without
any Box-Cox transformation involved. One main specification constraint of this model type is that
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the characteristics of an alternative (e.g. the network variables in transportation demand) can only
be included in its own representative utility component.

2. TheStandard Box-Cox Model Typewhich is similar to the Standard Linear Model Type in terms
of the specification of the independent variables, but with the Box-Cox transformations on some
variables of interest to let the data choose the optimal functional forms which can be different from
the usual linear form.

3. TheGeneralized Box-Cox Model Type(Gaudry, 1978) which removes the specification constraint
on the characteristics of an alternative in the Standard Box-Cox Model Type by allowing them to be
included also in some or all of the other representative utility components. The specification of this
model type is very similar to a demand equation system where each equation is a function of all the
commodity prices in the context of the consumer demand theory.

MODEL TYPES, Version 1.0 P-2 April 6, 1993



STATISTICAL MODEL 3

1 STATISTICAL MODEL

1.1 Log-Likelihood Function

Let C' be the universal (or master) choice set which includes all potential choices for a given population
and defineM to be the number of elements (or alternatives)in Given that each individuat has

a feasible choice set denoted by, C C, the total utility of each alternativé € C, is expressed as

a sum of two components:

whereV,, is the observed (or representative utility) component which is a known function of the attributes
of the mode and the socioeconomic characteristics of the individualg;ang an unobserved, random
component which contains the unobserved attributes or taste variations and other influences due to
measurement errors and the use of instrumental (or proxy) variables.

According to the utility-maximizing principle, each individual is assumed to select alternatite
the highest utilityl’;,, > U;,, for all ¢ # j. Since the utilities are random across the individuals, this
event is associated with a probability:

P.(1) = Prob(Vi, + €, > Vi, + €5, @llj € C). 2

Depending on the assumption made about the joint probability distribution of the set of disturbances
{ewn , ¢ € €}, a specific random utility model can be obtained. For MEL model, each errog;,
is assumed to be independently and identically distributed over the population and for each individual
according to the Type 1 extreme value (or Gumbel) distribution which has the following cumulative
distribution function:

Prob(¢;, < €) = exp {— exp (—\/W 6)} (3)

with mode zero and variance? for each alternative € C,,.
The probability that individuak chooses alternative can now be expressed as:

Pn(l) = exp (‘/m)/ E €Xp (‘/]n) (4)
JEC,
where the representative component of utility, is a linear function in theX" transformed variables
XM

Jnk

K
Vie=Y_ 8 X0 5)
k=1

The X](i,’;) is the basic Box-Cox transformation with parameitgron the positive variableX ;.

o (X = 1)/ i A #0,
Xjnk = (6)

In Xjnk if /\k =0.
This transformation is a class of power transformations already considered by Anscombe and Tukey

(1954), Tukey (1957), Box and Tidwell (1962), Box and Cox (1964), Zarembka (1974) and Spitzer
(1978). If A is equal to one (or zero), then the variable is entered in its linear (or log-linear) form.
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4 STATISTICAL MODEL

Since the transformation is continuous for all possible values of\tparameter, but defined only for

a positive variable, it is clearly understood that in (5) some of #he;’s cannot be subject to the
Box-Cox transformation, namely the constant, the dummies and the ordinary variables which are not
strictly positive.

The likelihood function for a random sample of sizecan be viewed as the product of the choice
probabilities associated with!/ subsets of observations, in which the first subset includemdividuals
observed to have chosen alternative 1, the next Bpendividuals to have chosen alternative 2, etc.,
all observations being independent:

N1+ N N
L= HP (m JI P IT P 7)
n=N1+1 n=Np—1+1

This expression can be simplified by defining a dummy varia@hlesuch thatd;,, = 1 if individual
n has chosen alternativee ', andd;, = 0 otherwise:

N
£=1J II (i) (8)

n=1:€C,,

The corresponding log-likelihood function can now be written as:

N
=L =) > diynPy(i). 9)
n=1:eC,
1.2 Computational Aspects

To maximize the log-likelihood function (9) with respect to tHecoefficients and the\-parameters in
(5), the Davidon-Fletcher-Powell optimization method (Fletcher and Powell 1963) which requires the
first derivatives of the function is used.

From now on, the summations? ,
X, , X, X5, X, and X respectively.

Let the column vector of parameters Be = [(31,052,.-.,8K), (A1, Aoy, Ax)]. The first
derivatives ofL with respect to the elements off, say3,, and},,, are computed as follows:

7= 2 X B, e
S SUSTEIRS W el

= E EdeZ%T;) - E Pn(h)Xf(Lig;)] sinceX,d;, = 1 for everyn
n L h
=3 [din — Puli)] X1 (10)

Yieons Siec,, Sheo, and 5 will be simply denoted by

exp (‘/””b) z(nm) - Pn(l) E exp (th) f(mm)
h

and similarly

L 3 DD (P e ay
n k 7 m
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STATISTICAL MODEL 5

where
0 if A # Ao,
Zink X2k In X X A= AL
8/\m = Ak ink L Aink = A if k ?é 07 (12)

At the maximum point of the log-likelihood functiof, the covariance matrix for the estimated
parameterdl is evaluated as:

~ 02r 17"
Var(il) = [_ 8H8H’]H:ﬁ (13)
where
L ZZP XODP G| X0 =S X0 P () (14)
8ﬁ 8ﬂm “” - Jnr mm - gnm T )
and
91 ang;) OP, (i) a?xjg,?

The derivatived P,(7)/dA, in (15) and (16) is computed as:

GP _ Eﬂ

s 2 Py (7)

J

Ak
ax ) aX](nk)]

The derivativesd X ™) /9, in (15), 8ka /0A, in (16), 8ka /0X, and 8X /8/\T in (17)

mm

are computed as in (12).

Finally, the second derivativézXZ.(i,:)/é?/\Té?/\m in (16) is computed as:

0 if A £ A 0r Ap # A

92 x \ ax )

ink  — X2k In® Xy — 2251 if Ay = A, = A

NN, /\k ink L Rink O\ T2 =4 =An 70, (18)
1
§1n3 me if /\p = /\T = /\m =0

where
ox ) A
=1 {XQ;k In X = X0, (19)
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6 STATISTICAL MODEL

1.3 Model Specification

The specification of a particular logit model presents some difficulties which the uninitiated user will
frequently encounter. Since the estimation procedure fails to converge when the model is not correctly
specified, some guidelines will be provided here to avoid the most common errors.

In transportation demand analysis three categories of independent variables are currently specified
in the representative utility components,’s:

i) the oonstant termswhich have a value of one in each alternative where they appear and zero elsewhere;

ii) the socioeconomic variables which indicate the social and economic attributes of the individuals
independently of the mode choice and therefore vary only across the individuals but not across the
alternatives, e.g. the individual’s income, the education level, the number of children in the family;

iif) the network variables which represent the characteristics of the transportation modes and which vary
both across the individuals and the alternatives, e.g. the access time, the waiting time, the in-vehicle
time, the travel cost associated with each mode.

An independent variable is callettenative-specific if it appears in one alternative only, or in some
or all alternatives with distinct-coefficients, otherwise it is termecemgric if it is present in some or
all alternatives with one commofi-coefficient.

Three model types can be estimated in the program depending on the specification of the independent
variables across the alternatives and the use of the Box-Cox transformations on the strictly positive
variables:

1. TheStandard Linear MNL Model Type where the term “Linear” indicates that all the independent
variables enter linearly without any Box-Cox transformation involved and the term “Standard” refers
to the case where a socioeconomic variable may appeaf in 1 alternatives at most and each
representative utility componet,, includes only the characteristics of the¢h transportation mode,

e.g. the travel time or cost of anth mode are specified only in the associatég, but not in the
otherV;,’s (j # 7). Furthermore, if all the socioeconomic and network variables are specified as
generic, the model is also called théa§ical Linear MNL Model.

2. TheStandard Box-Cox MNL Model Type which is analogous to the Standard Linear MNL Model
in terms of the specification of the independent variables, but with the fixed or estimated Box-Cox

transformations on the strictly positive variables. Note that this model includes the Standard Linear
MNL Model as a special case if everparameter is fixed at the value of one.

3. The Generalized Box-Cox MNL Model Type which allows a more general specification of the
independent variables than the Standard Box-Cox MNL Model in the sense that the characteristics of a
particular mode as well as the socioeconomic variables can appear in all the alternatives provided that
distinct Box-Cox parameters are specified across the alternatives so that there is no underidentification
problem for theg-coefficients. Note that for the network variables, if a time or cost variable of a
given mode is specified only it/ — 1 alternatives at most, then distinct Box-Cox parameters are not
required across the alternatives since the associamukfficients are always identified in this case.

The specification of this model as far as the network variables are concerned is very similar to a
demand equation system where each equation is a function of all commodity prices in the context of
the consumer demand theory. The model also provides a particular estimable form for McFadden’s
unspecified Wiversal Logit (1975). The only difficulty in the estimation of this model arises from

the much greater number of distinct Box-Cox parameters required if the number of alternatives is
large and that several characteristics of a particular mode are jointly specified in all the alternatives.
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STATISTICAL MODEL 7

We will now examine in full detail the specification of the different categories of independent
variables in the three model types.

a) Specification of the constant terms

Since the constant terms have a special meaning and that they can never be transformed in the Standard
and Generalized Box-Cox MNL Model Types, the same specification is used for the three models: the
constant terms should always be specified as alternative-specific and includedlimlternatives exactly.
The choice of the alternative where the constant term is omitted is entirely arbitrary and leaves all the
three models invariant in terms of the maximum value of the log-likelihood function, the predicted choice
probabilities, the3-coefficients (except for the coefficients of the constant terms) and-{berameters.

A small example of the Standard Linear MNL Model Type with a three-mode choice will illustrate
the problem. The system of the representative utility compongnts (j = 1,...,3) for an individual
n who is assumed to have a full choice 86t = C can be written in matrix form as:

‘/ln Xlnl 0 0 X1n4 0 0 ﬂl
Von| = 0 Xgne 0 0 Xos 0 : (20)
‘/Sn 0 0 X3n3 0 0 X3n6 ﬂgg

where X,,1, X2,2 and X5,,3 are the alternative-specific constant teifis # 52 # 33), and X1,4, Xo,5
and X3,¢ are the alternative-specific variable$, (% 35 # 3s), say the travel times associated with the
three modes respectively.

Since the constant term$,,,;, X2,2 and Xs,3 are all equal to one for each individuaJ the choice
probability ,,(1) can be expressed without explicitly writing them as follows:

_exp(Vin) exp (41 + BaXina)
(1) = 23: exp (Vi) " exp (B1 4 BaXina) +exp (P2 + B5Xans5) + exp (B3 + F6Xan6) ' (21)
This expression can be represented in three equivalent forms:
exp (51 — f3) exp (B4X1,4)

exp (1 — B3)exp (BaX1n4) + exp (B2 — B3) exp (85X 2ns5) + exp (B6 Xzn6)

P.(1)= exp (B1 — B2) exp (84X 1p4) (22)
5 exp (1 — 2) exp (B4 X1na) + exp (B Xops5) + exp (83 — B2) exp (86 X3n6)
exp (1 X1n4)
exp (34X 1) +exp (B2 — B1)exp (B85 Xons) + exp (83 — 1) exp (B6 Xzne)

Clearly in any of these three forms, only two differences of the constantsge-g3; and 3, — 33 in
the first form, can be estimated but not separatgly3; and 3;. The three forms can also be viewed as
if the constant term is omitted from the third, second and first alternatives respectively. Moreover, due to
the special meaning of the differences of the constants,&.g. /53 and 3, — 35 in the first form, which
reflect the sample means of the differences of the random utility compoagnts ¢3,, andez,, — €3,
respectively, it is unmeaningful to specify the constant terms in lessthanl alternatives. Hence the
alternative-specific constant terms must be included/in- 1 alternatives exactly.

Naturally when the differences of the constants are estimated, they will change according to the
form chosen, but the coefficients,, 3s and 3¢ as well as the predicted choice probabilities and hence
the maximum value of the log-likelihood function will remain invariant. Note that the generic case, e.g.

MODEL TYPES, Version 1.0 P-2 April 6, 1993



8 STATISTICAL MODEL

By — B3 = [y — B3 in the first form of (22), is irrelevant due to the special meaning of the differences
of the constants.

b) Specification of the socioeconomic variables

1) Standard Linear MNL Model Type

The specification of the socioeconomic variables is similar to that of the constant terms, except that they
can be included in/ — 1 alternatives at most instead 8f — 1 alternatives exactly since they do not
have any special meaning like the constant terms.

[Alter native-specific casel

Using the first form of (22) as an example in whicty,4, X5,5 and X3, represent the same
socioeconomic variableX(; .4 = X2,5=X3,6) Which is specified as alternative-specifit, & 55 # 3s),
P,(1) can be rewritten in three equivalent forms:

exp (A7) exp [(B1 — O6)X1n4]
exp (ﬂf)[(@ — B6)X1na] + exp (ﬂz*)[(ﬂs — B6)X1na] + 1
exp (B7)[(B4 — B5) X1p4]
Pl = exp (ﬂf)[(ﬂ4 — B5)X1n4] + exp (ﬂz*) exp [(F6 — Bs)X1n4] (23)
exp (57)
exp (07) +exp (85)[(Bs — B4) X1na] +exp [(Bs — B4)X1n4]
where 3] = 8, — B3 and 35 = 2 — 33. From now on, we will use this notation for the differences of
the constants in the first form of (22).

Similarly the second and third forms of (22) can each be expressed in three equivalent forms. Like
in the case of the constant terms, the three forms of (23) can be viewed as if the socioeconomic variable
is omitted in the third, second and first alternatives respectively. Hence the variable can be included in
M — 1 alternatives at most. If it appears M — 1 alternatives exactly like in (23), then each resulting
coefficient of the variable is estimated as a difference between the coefficient in the alternative where the
variable is included and the one in the alternative where the variable is omitted.

eneric case

Using the first form of (22) as an example in whichy,.4, Xo,5 and X3, represent the same
socioeconomic variableXi,4+ = X2,.5=X3,6) but specified as generigi{ = 35 = fs), F.(1) can
be rewritten as:

_ eXp (ﬂf) exp (ﬂ4X1n4)
Pn(l) - exp (ﬂf) exp (ﬂ4X1n4) + exp (ﬂz*) exp (ﬂ4X1n4) + exp (ﬂ4X1n4) (24)
wich reduces to:
Po(1) = exp (57) (25)

exp (1) +exp (f3) + 17
It can be seen that the socioeconomic variable has no influence at all on the choice proBaility
if it is included in all M alternatives. Hence the variable must be specifielfin 1 alternatives at most.

2) Standard Box-Cox MNL Model Type

The specification of the socioeconomic variables in this model is similar to the one in the Standard
Linear MNL Model Type, except that the variables, if they are strictly positive, are subject to the Box-
Cox transformations.

MODEL TYPES, Version 1.0 P-2 April 6, 1993



STATISTICAL MODEL 9

[Alter native-specific casel

Rewriting for example the first form of (23) in which Box-Cox transformations with distinct
parameters\y, and A; are applied to the same socioeconomic variable which is specified as alternative-
specific in the first and second alternatives respectively, the choice probahilitycan be expressed as:

. exp (57 exp [ ;X0 o6
T e exp [X07] +exp (35 exp [ X407 +1

where 5y = 4 — s andy = b5 — -

Clearly the coefficientg; and 3z as well as the Box-Cox parameteys and A5 can all be estimated.
Moreover, the twoA-parameters can be set equal without creating any identification problem for

By and 2.
eneric case)

In (26), if the socioeconomic variable is specified as genegtje§:), then the program constrains
the A-parameters to be equal across the alternatikgs=( As), since it is not meaningful to transform
a generic variable with two distinct-parameters.

3) Generalized Box-Cox MNL Model Type

Unlike the Standard Box-Cox MNL Model Type, the Generalized Box-Cox MNL Model Type allows
the same socioeconomic variable to appear across all the alternatives provided that distinct Box-Cox
transformations are specified across the alternatives.

[Alter native-specific casel

Using the first form of (22) as an example in which Box-Cox transformations with distinct parameters
A4, As and Ag are applied to the alternative-specific variablés, 4, X2,.5 and X5, which represent the
same socioeconomic variabl& {4 = Xs,5 = X3,6), the choice probability’,(1) can be rewritten as:

exp (5 ) exp [ ¥
exp (5 exp [ 31X (07| +exp (85)exp [ 85X | +exp [B6X007|

(27)

Provided that all thei-parameters are distinct, there will be no identification problem for

B4, 35 and Ss.

eneric case

In (27), if the socioeconomic variable is specified as genetic£ 35 = [3s), the common/-
coefficient is identified only if distinct\-parameters are specified across the alternatives. Since it is
unmeaningful to use different Box-Cox transformations for a generic variable, this case is not allowed
in the program.

c) Specification of the network variables

1) Standard Linear MNL Model Type

MODEL TYPES, Version 1.0 P-2 April 6, 1993



10 STATISTICAL MODEL

Unlike the constant terms and the socioeconomic variables, the network variables vary across the
individuals but also across the alternatives. Thus they can be included in all alternatives such that a
given network characteristic of theth mode is specified only in its own representative utility component

Vi, but not in the othei},’s (v # j).

|Alter native-specific case|

Using any of the three equivalent forms of (22) as an example in which the variables
Xin4, X2,5 and X3,,6 represent the travel times associated with the three modes respecfiygly £
Xons # Xsne) and specified as alternative-specifity £ 85 # 3s), it can be seen that the coefficients
B4, 35 and 3¢ can separately be estimated.

eneric case

The same is true if the variables are specified as genggie=(55 = 3s).

2) Standard Box-Cox MNL Model Type

The specification of the network variables in this model type is similar to the one in the Standard
Linear MNL Model Type, except that the variablés .4, X2,5 and Xs,¢, if they are strictly positive,

are subject to the Box-Cox transformations.

[Alter native-specific casel

Rewriting for example the first form of (22) in which Box-Cox transformations with distinct parame-
ters A4, A5 and Ag are applied to the alternative-specific variablés, 4, Xo,5 and X3,4 representing the
travel times associated with the three modes respectively(# Xq.5 # Xsn6), the choice probability
P,(1) can be expressed as:

exp (5 ) exp [ X7 |
exp (A7) exp | B X7 | +exp (35)exp | 3sX55 | + exp B x 0|

Clearly the coefficients,, 35 and 35 as well as the Box-Cox parameteks, A5 and \¢ can all be
estimated. Moreover, equality constraints on some oAgdhrameters can be imposed without causing
any identification problem fop,, 35 and 3¢.

eneric case

In (28), if the variablesX,.4, X2,5 and X 3,4 are specified as generi@y= §5 = 5¢) with distinct A-
parameters or equality constraints on some oAgihrameters, the commaghcoefficient always remains
identified. Since it is not meaningful to use different Box-Cox transformations for a generic variable,
only the case with one commoyxparameter specified across the alternatives is allowed in the program.

Fo(l) =

(28)

3) Generalized Box-Cox MNL Model Type

Unlike the two other models, the Generalized Box-Cox MNL Model Type allows that a given network
characteristic of arnth mode be specified not only in its own representative utility compoignbut
also in some or all of the othér;,’s (i # j).

[Alter native-specific casel

The alternative-specific case only refers to the gas¢ (s # (s already considered in the Standard
Linear and Box-Cox MNL Model Types. Two subcases must be distinguished for the specification of the
A-parameters associated with the network characteristic éthamode specified across the alternatives:
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STATISTICAL MODEL 11

* Subcase | : if the network characteristic appears —1 V;,,’s at most including its own, this subcase
is analogous to the alternative-specific case (26) of a socioeconomic variable in the Standard Box-Cox
MNL Model Type, i.e. one or more-parameters can be specified across the alternatives.

* Subcase Il : if the network characteristic appears in &ll,’s, this subcase is similar to the alternative-
specific case (27) of a socioeconomic variable in the Generalized Box-Cox MNL Model Type, i.e. only
distinct A\-parameters should be specified across the alternatives so thixttedficients associated with

the network characteristic across the alternatives are identified.

Furthermore, each subcase has its own alternative-specific and generic specifications, fie. the
coefficients associated with the characteristic of a same mode specified across the alternatives can all be
distinct or equal respectively:

* Alternative-specific Subcase |

Modifying the alternative-specific case (28) in the Standard Box-Cox MNL Model Type to illustrate

the subcase |, the differeidt;,,’s involving in the choice probability’, (1) can be represented as follows:

A1
vie] oo xpy oo o0 0 xhy x{U1(m
Vaul=10 1 0o x{ o xU 9 0 | |P (29)
Van 00 0 o x{ o 0 0 :

Bo

where the characteristic of ath mode appears in its own mode and one of the other modesYj,g. is
specified in modes 1 and X,,,5 in modes 2 and 1, and 3, in modes 3 and 1. Other specifications of
the variables across the alternatives are possible provided that the characteristithofmmae appears
in M — 1 alternatives at most including its own.

The subcase | illustrated above corresponds to the “alternative-specific subcase”:

o for Xy,4 1 By # Brandry # A,

o for Xy.5 1 Bs # fBs andAs # Ag,

o for Xs.6 1 Bg # B9 andAg # Ao,

e with Ay # A5 # e

Since it is difficult to estimate this subcase with all distixgbarameters, different equality constraints
can be imposed on these parameters. Here are some examples:

* all the A-parameters may be set equal.

* Ay = Ag = Ag, A5 = Ay and distinct)g.

* Ay = A5 = Ag and distincth;, Ag and Ag.
* Generic Subcase |

The “generic subcase” can also be specified as follows:
e for Xq,4 : B4 = frandAy = Ay,
e for Xy,5 : 05 = fs and s Ag,
e for X365 : O = P9 and g Ag,
e with Ay # A5 # e
* Alternative-Specific Subcase |1
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12 STATISTICAL MODEL

This subcase is in fact a generalization of the subcase | since each representative utility component
V;,, now includes the network characteristics of all the modes with distiratiefficients and\-parameters
in each alternative and also across all the alternatives:

Ieh
Vi, 1o x™M g 0 0 o x{® o x{M g s
Vo =10 1 0o xU o xU 9 0 0 0 x| B
Vi, 00 0 o x{™ o xB o x99 0 E

P12

(30)

This subcase which corresponds to the “alternative-specific subcase” is difficult to estimate in practice
due to the great number of parameters involved:

e for Xina 0 fa # Br # Ps andAy # Az # As,

e for Xons @ B85 # Bo # Pro andAs # Ag # Ao,
e for Xane @ 06 # B # Bz andAg £ A1 £ Ao,
e with Ay # A5 # e

One way to reduce this number is to impose equality constraints on-frerameters associated
with each alternative:

e for Vi, © Ay = Ao = A1,
e for Vy, 1 A5 = Ay = Aqo,
e for V3, : A = As = Ao,
e with Ay # A5 # e

* Generic Subcase |l

The “generic subcase” which considerably reduces the number of parameters is unfortunately
not identified since the characteristic of a same mode, e¥.,, with one common\-parameter
(A4 = A7 = Ag), cannot be specified across all the alternatives:

o for Xins 0 Ba = fr = fsandAy = A7 = As,

o for Xons 1 05 = Bo = PBroandAs = Ag = Ao,
e for Xsu6 0 s = P11 = Pz @anddg = Ayp = Ao,
e with Ay # A5 # e

eneric case

This case can also be analyzed in terms of the two subcases.

* Subcase |

This subcase is similar to (29) except thaf = 05 = 8s and \y = A5 = Xg. All the -
coefficients and\-parameters remain identified for both the “alternative-specific and generic subcases”,
but the “generic subcase” is not allowed in the program since it leads to the estimation of only one
3-coefficient and one\-parameter common to all the variablds,.4, X5,5 and X3, appearing in the
system: 3, = 85 = --- = Bgand Ay = As = --- = Ag.
» Subcase Il

This subcase is also similar to (30) except that= s = (¢ and Ay = As = Xg. Only the
“alternative-specific subcase” is identified but not the “generic subcase”.
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The main specifications of the different types of variables for the three model types is summarized
in Table 1.

TABLE 1 Specifications of the independent variables for the three model types.

TYPE OF VARIABLE ALTERNATIVE-SPECIFIC CASE GENERIC CASE

CONSTANT always inM — 1 alternatives exactly. not allowed.

SOCIOECONOMIC
Standard Linear in M — 1 alternatives at most. same as alternative-specific case
Standard Box-Cox | in M — 1 alternatives at most with one or| same as the alternative-specific case

more A-parameters specified across the | but with one common-parameter
alternatives. specified across the alternatives.

Generalized Box-Cox | in all alternatives with distinch-parameters not allowed.
specified across the alternatives.

NETWORK

Standard Linear the characteristic of afth mode appears | same as the alternative-specific cas
only in its ownV;,,, but not in some or all
of the otherV},,’s (i # j).

D

Standard Box-Cox | same as above with one or more same as the alternative-specific case,
A-parameters specified across the but with one commornk-parameter
alternatives. specified across the alternatives.

Generalized Box-Cox | the characteristics of aith mode appears | same as the specific-case:
not only in its ownV}, but also in the othef

Vin's:

* Subcase | (in someV;,,’s): the * Subcase |: only the
alternative-specific and generic subcases|akernative-specific subcase is allowed.
allowed.

* Subcase Il (in all V},,’s): only the * Subcase |I: same as the

alternative-specific subcase is allowed. | alternative-specific subcase.
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14 STATISTICAL MODEL

d) Multicollinearity among the variables

If some of the independent variables transformed or not by Box-Cox transformations are perfectly
collinear, the model cannot be estimated. The correlation matrix and the variance-decomposition
proportions in Section 2.3 can be used to detect any dependencies among the variables.

If an attribute X, can only take on a positive value for people who actually choose alternative
whend;, = 1 and a zero value whed,,, = 0, and if for the portion of the sample corresponding to
d;, = 1, X;, does not have sufficient variability, or is a constant in the extreme case (perfect collinearity
with d;,,), then the associateg@-coefficient is unbounded, i.e. must increase indefinitely ta’jgt) tend
towards one.

e) Miscellaneous problems

There still remains other problems which are hard to detect or to handle:

i. Insufficient variability in the data samples which contain alternatives chosen by only a very small
group of individuals, although the model is correctly specified: if in a given alternative, the number of
parameters associated with the alternative-specific variables is greater than the number of individuals
who actually chose that alternative, then it is quite impossible to estimate those parameters.

ii. Numerical underflows and overflows associated with the exponential function which is the most
frequently computed function in this type of model, and also with the Box-Cox transformations
which involve the logarithmic and power functions, even when the independent variables are scaled.

iii. Unlike the case of a multinomial logit model without any estimated Box-Cox transformations, which
has a unique maximum likelihood solution for thecoefficients conditional on the fixedparameters
if any, the model which estimates jointly thecoefficients and the -parameters can admit multiple
maxima. So it is advised to proceed prudently by trying different sets of starting values for the
parameters and by using the scaling option provided in the program for the independent variables,
when one particular solution seems doubtful.

2 ESTIMATION RESULTS

2.1 Elasticity and Value of Time
a) Weighted aggregate elasticity

Using the approach known as the sample enumeration method (Hensher and Johnson 1981) which
considers a random sample of the population as “representative” of the entire population, the weighted
aggregate elasticity of the aggregate probability of choosing alterngtiv&:) , with respect to any
variable X;; is computed as follows:

EXD =N (e ST P (31)

where E)IZ‘Z) is the point elasticity of choosing alternativefor individual » with respect to the:th
variable which describes the utility of thgh alternative for individual:

Pt _ OLu(i) X
Kime ™ 9X i, Po(i)

J

(32)
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The weighted aggregate elasticity (31) can be viewed as evaluating (32) for each indiyvidiueh
aggregating by weighting each point elasticity by the individual's estimated choice probability.

* Case where the variable appears in one alternative only

In this case, the point elasticity (32) can be expressed as:

0 = B8 — Pulj NIX Ok (33)

whered;; = 1, if « = j (direct elasticity) and;; = 0, if ¢ # j (cross elasticity). Since the cross elasticities

do not depend at all o®,(7), they are uniform, i.e. equal across the alternativgs;j, which is one of

the implications of théndependence from Irrelevant Alternatives (IIA') property which states that for

a particular individual, the ratio of the choice probabilities for any pair of alternatives remains the same
irrespective of the total numbe¥/ of choices considered.

The weighted aggregate elasticity (31) can be written as:
=Bk Y Pu(i)[6i; — Pa(IX 5/ E P, ( (34)

which depends on botk,(¢) and P,(j) for the cross elasticities so that they need not be uniform at the
aggregate level (Ben-Akiva and Lerman 1985).

Two cases for the sign of the weighted aggregate elasticity can be distinguished:

i) Case with Box-Cox X, > 0): the direct elasticity has the same sign@sand the cross
elasticity has the opposite sign, since the sum in the numerator of (34) is always positive for
the direct elasticity and always negative for the cross elasticity;

ii) Case without Box-Cox{oo < X, < +00), i.e. omitting A, in the formula (34) forX,;:

— |If X, is positive for all individuals in the sample, this subcase is identical to case (i);

— If X, is negative for some individuals in the sample, the signs of the direct and cross
elasticities will depend not only on the sign 8f, but also on the individual signs of each

X;nr in the sample so that the sum in the numerator of (34) can be positive or negative;
— If X, is negative for all individuals in the sample, this subcase is the opposite of case (i).

*Case where the variable appears in several alternatives

This case corresponds to the following specifications:

— A socioeconomic variable which may appear in several alternatives;

— A network characteristic of afth mode which may be specified not only in its own alternative but
also in some or all of the other alternatives with one or mbygarameters across the alternatives,
as allowed in the Generalized Box-Cox MNL Model Type.

The point elasticity (32) can now be expressed as:

: v Vi
EP0 — n _NT P () —m | X 35
Jjnk annk zh: ( )8X]nk Jnk ( )
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16 ESTIMATION RESULTS

where
0 if the variable is not present in alternativie# j,
BmX; =1 if the variable is alternative-specifien # k)
oV and appears in both alternativesandj (h # j),
hn
= (36)
OXjnk BrX;w ot if the variable is generic and appears in both
alternativesh andj (h # j),
ﬂka;k ! if the variable is either generic or alternative-specjfic= j).

Note that in the explicit expression of this derivative, e&gh is assumed to include only ongy,, ;.
if any. In the case where the variable appears as two independent variables with distinct functional forms
in the same alternativi, for example “income” and “income squared”, the program will fully take into
account these special cases, if the fixed Box-Cox transformation with 2 is used on the variable
“income” to specify the variable “income squared”. The program can also handle the more general case
where the variable is allowed to be present across several alternatives in each of which it may appear as
two or more independent variables with different functional forms.

The weighted aggregate elasticity (31) can now be written as:

= YR | g~ YR Xoasf 3Pt @)
h

which depends o, (i) as well as the otheP,(h)’s for the cross elasticities so that they need not be
uniform at the aggregate level.

In general, the signs of the direct and cross elasticities will depend not only on the sjgn of
associated with;,,, but also on the signs of thé-coefficients in the otheV),,’s as well as on the sign
of each X, if the variable is negative for some or all individuals in the sample for the case without
Box-Cox.

* Components of the weighted aggregate elasticity

Two components of the weighted aggregate elasticity (31) are also computed:

1. The weighted aggregate change of the aggregate probabilityrelative to a percent change
of X]‘ki

EP [ 8X]n ]nk}/zp (38)

2. The weighted aggregate derivative of the aggregate probabi(ity with respect toX ;.

EP [8XMJ/EP (39)

el
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Whereé?Pn(i)/é?Xjnk = Pn(l)[a‘/m/aX]np — Eth(h)é?th/é?Xjnk].
b) Elasticity at the sample means of the independent variables

The point elasticities corresponding to the two cases (33) and (35) can be computed at the sample means
of all the independent variable&,, which are assumed to be the characteristics of an “average” individual.

To compute the sample means of the independent variables, two cases must be considered:

1. Every individual in the sample has a full choice set: the sample means of the socioeconomic and
network variables are computed from the whole sample, since in this case the observations on
the network variables are always available for every alternative.

2. Some or all individuals in the sample have not a full choice set: the sample means of the
socioeconomic variables are computed as before from the whole sample, since the social and
economic attributes of an individual are always available independently of the fact that the
individual has only a subset of available alternatives, but the sample means of the network
variables can only be computed from the subset of available alternatives of the individual.

* Case where the variable appears in one alternative only

P, (i . .
EYO|g = Bulbi — PaiIX 5 - (40)

Like for the weighted aggregate elasticity, two cases for the sign of the elasticity at the sample
means can be distinguished:

i. Case with Box-Cox §;,r > 0): the direct elasticity has the same sign @ sand the cross
elasticity has the opposite sign since the expression in square brackets asj@]é;ig &valuated
at the sample means are always positive for the direct elasticity, whereas the expression is
negative for the cross elasticity;

ii. Case without Box-Cox{oc < X, < +0o0), i.e. omitting A, for X, in (40):

— If X, is positive for all individuals in the sample, then the sample méan is
positive: this subcase is identical to case (i);

— If X, is negative for some individuals in the sample, then the signs of the direct and
cross elasticities will depend not only on the signggf but also on the sign ok ;x
which can be negative or positive;

— If X;,x is negative for all individuals in the sample, th&n, is negative and this subcase

is the opposite of case (i).

*Case where the variable appears in several alternatives
Py, | Vin MWVin
E —_——EPnh—in—. 41

In general, the signs of the direct and cross elasticities will depend not only on the sjgn of
associated withV;,,, but also on the signs of the-coefficients in the otheV},,’s as well as on the sign
of X, if the variable is negative for some or all individuals in the sample for the case without Box-Cox.

Components of the elasticity at the sample means: probability points and partial derivative.
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18 ESTIMATION RESULTS

Two components of the elasticity evaluated at the sample means are also given:

1. The change of the probabilit§, (i) relative to a percent change 4f;,,;:

Po(i P, (1)
Xj,(m)|f< = X Xjnklx s (42)
2. The derivative of the probability’,(:) with respect to.X,;:
' P, (1)
DPn(Z) R n _
Xink |X annk |X7 (43)

c) Elasticities and probability points corrected for a quasi-dummy or a real
dummy

The concept of elasticity strictly implies that an independent varidhjeis of continuous type. Since all

the independent variables specified in a model may not be necessarily continuous, a classification of the
variables into four categories is needed to allow for the correction of the two types of elasticity (weighted
aggregate and at the sample means of the independent variables) when the variable is a discrete variable
such as a real dummy, or a nonnegative continuous variable which can be dichotomized as having an
effect if it is positive and no effect if it is null, and hence can be called for convenience a “quasi-dummy”:

Category 0: Continuous variable strictly positive.
Category 1: Any continuous variable which is not strictly positive.

Category 2: Quasi-dummy, i.e. a continuous variable containing only positive and null values, for
example the number of cars divided by the number of driver’s licenses in the family.

Category 3: Real dummy which has only two values: 0 and a positive constant, for example a binary
(0-1) variable such as sex, marital status, etc. or a dummy associated with a quasi-dummy if the
latter is allowed to be transformed by Box-Cox but only for the positive values of the variable.

The first category is used to regroup all the continuous variables which can be transformed by Box-
Cox since they are strictly positive. The second category includes any continuous variable not strictly
positive, hence not transformed by Box-Cox. The third category is mainly used to indicate a continuous
variable which is nonnegative but for which the two types of elasticity (weighted aggregate and at the
sample means) are corrected for the portion of the positive values of the variable, if one is interested
in evaluating the impact of the variable when the effect is present only. Strictly speaking, the variable
cannot be transformed by Box-Cox, but if a Box-Cox transformation is desired, then only the portion
of the positive values of the variable is subject to the transformation. Hence an associated real dummy
,which has a value of zero if the quasi-dummy is null and a value of one if the quasi-dummy is positive,
must be created and specified in the same alternative where the quasi-dummy appears. Finally, the last
category includes any real dummy, including the dummy associated with a quasi-dummy, for which the
two types of elasticity are corrected for the portion of the positive values of the real dummy. Note that
all the variables in this category cannot be transformed by Box-Cox.

The elasticity with respect to a quasi-dummy or a real duminy is corrected for the portion of
the positive values of the variable as follows:

1.A.Weighted aggregate elasticity:

FPu) _ PG S Pn(i) B
EXjk - EXjk D Pn(l)7 (44 A)

n7Xjnk>D
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where Egi) is given in (31) and¥, x,,,.,P.(¢) represents the sum of the probabilities of
choosing alternative for the individuals such thak;,,; is positive only.

1.B. Weighted aggregate change in probability point:
2. P.(7)

PO — PO __Zminll) 44-B
XJ Xjk En7Xjnk>0Pn(7’) ( )
2.A Elasticity at the sample means:
. LXE
HPn(?))  _ pPa(d)) gk
X lx = Ex0 X%, (45-A)

whereE)];’;imX is given in (39),X; is the sample mean computed from the whole sample for

a socioeconomic variable and from the subset of observations available in alterpditivea
network variable, andf(;; is the sample mean computed from the positive observations in the
whole sample for a socioeconomic variable and from the subset of positive observations available
in alternativej for a network variable.

2.B.Change in probability points at the sample means:

() P (7) XTI;?
lx = 0K XX—]k (45-B)
J

d) Value of time

In consumer demand theory, the marginal rate of substitution (MRS) of a given varighier any
other variableX,;, associated with the utility componeht is defined as the implicit tradeoff between
Xz and X;. at a constant level of utility;:

OV [OX,,
rOVi/OX
where the subscript referring to the individual has been dropped frém, X,,., and X;,,, for simplicity.

MRS y{mx, (48)

In transportation demand analysis, one MRS type of interest is computed for the travel cost, say
C; = X, and one of the different types of time (e.g. waiting time, access time, in-vehicle time), say
T; = X;,, by mode:. In this case, the marginal rate of substitution I\/‘k@% is called theValue of
Time (VOT), which represents the implicit price that the consumer is willing to pay for a reduction of
his time by mode: without affecting his level of utilityV;:

OV 0T
= ov.jac;

For notational compactness, VC§T will be denoted as VOT, where the superscriptis associated
with V' and the first and second subscrumtswnh C' andT respectively.

VOTg P (49)

e Standard Linear MNL Model Type

EachV; includes only its ownC’; andZ’; in linear form:

VOT:, = p I (50)
e,
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where m and ﬂgl are the coefficients associated with and C; respectively inV;.
e Standard Box-Cox MNL Model Type

EachV; includes only its owri/; andC; with a Box-Cox transformation on each variable:
AL -1
. U
VOT}; = ﬁTZiA (51)
i et
Pe,C

where /\Z;pl and ’\é’, are the Box-Cox parameters associated Wittand C; respectively inV;.
* Generalized Box-Cox MNL Model Type

In this model, eacl¥; can include not only its owff; andC; but also the othe€’;’s andT;’s of one or
more alternativeg # ¢ with a Box-Cox transformation on each variable. To be completely general, we
will assume that eacl; includes all the cost and time variables of thé alternatives so that a matrix
VOT® of M? values of time resulting from the pairwise combinations of the cost and time variables
can be defined for each;:

VOT{;, VOTj, --- VOTjy
VOT' = [VOT%,] = VO:TZ” VO:TZ” VOTZQM (52)
vof&1 vof&2 VO'I:§\4M
where a typical element VO}'E represents the MRS df; for 7}, at a constant level of utility;:
. ovjor, g1
VOT ), = =t (53)

i 7

These VO'I%’S are unique since each VC?;[ is equal to VOT,, Vm # . In other words, they are
invariant with respect to the utility component chosén Thus, instead of computing a matrix VOT
for eachV, it is sufficient to calculate for the whole model a unique matrix VOT where eachjrow
associated with the cost varialblg and the different time variableg,’s is now computed with respect
to V;, i.e. for eachV;, the own cost variabl€'; is used to compute the MRS ¢f; for all the time
variablesT}’s appearing in the same alternatiye

VvoT!, VvoTl, ... VOTl,
, VOT2, VOTZ2, --- VOT?
VOT = {VOTH _ - . o (54)
voT¥, votd, ... voT¥,,

where a typical element is VO, = (9V;/0T,,)/(9V;/0C;) = <ﬂ§hT2]Th_1>/<ﬂéjC;Cj_l>.

In this form, the diagonal elements of VOT can be called diva or direct VOT’s since only the
own cost and time variables of a given alternative are involved, and the off-diagonal elemecrtssshe
VOT'’s otherwise. Note that the form also includes as special cases the Standard Linear and Box-Cox
MNL model types, where the direct VOT's are defined and already given in (50) and (51) respectively,
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but the cross VOT’'s do not exist since for every alternatiyeonly the own cost and time variables,
C; andT;, are specified inV;.

* Computation of VOT?hin terms of the choice probability P(j)

In the program, for computational convenience, the \gg)'s’ in (52) are evaluated in terms df(j)
instead ofV/;, since the derivatives aP(j) with respect ta’; and7; as well as the othef’;,’s and7},’s
(h # j) appearing inV; are already available when computing the elasticities and their components.

We will show the equivalence of the procedure for the Generalized Box-Cox MNL model type which
includes as special cases the Standard Linear and Box-Cox MNL model types.

Let V; be a function of all the cost and time variables of tifealternatives:
V, = Vi(C, Tete.) (55)

whereC' = [C,...,Cy) andT = [Ty, ..., Tl
For expositional purposes, every individuain the sample is assumed to have a full choice set so
that every individual choice probability’(j) is a function of all theV,,’s:

P(j)=Pi(V)=exp(V;)] Y exp(Vin) (56)

whereV = [V4,..., V)] and the subscript is omitted fromP and V.
Analogous to the matrix VOT in (52), the mati#OT computed in terms of the choice probabilities
P(j)’s can be defined agOT = {VO'Ith} where a typical element is:

OP(4)/0T),
OP(j)[0C;

Using the chain rule for functions of functions, the derivative/{fj) with respect tol}, in the
numerator of (55) can be written as:

VOT), = (57)

OP(j) 0P(j) 0V +3P(j)8V2 L P(j) dVar E
oT, oV, 0T, ' oV, oT, avM oT, av é?Th

(58)

av E ) OV 0T, OV; <= OP(j) OV
8V or, oV, 0Ty — Vi ov;’
SincedV;/0V; is equal to one ifi = j and zero ifi # j, the expression above reduces to:
IP(j) _ 9V, OP())
a1y, oT, v,
Similarly, the derivative ofP(j) with respect toC’; in the denominator of (55) can be shown to be:
IP(j) _ 9V, OP(j)
aC; oC,; ov; -
Clearly, 0P(j)/0T, and 0P(j)/0C; are different fromdV;/dT, andoV;/dC; respectively, but
only by a same factod P(j)/0V;, so thatVO'IJh is identical to VO'F]]h in (52).

(59)

(60)
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For the Standard Linear and Box-Cox models where éaadls exclusively a function ot’; andT;
only the diagonal elementg = k) of VOT are defined:

o L OPG)[OT; _ OP(§)[0V; OV;/9T; _ dV;/oT; _ j

VOTii = GPUac, ~ aPuav, ov.jac; ~ avjac, ~ YOTi 1
* Weighted aggregate value of time
Similar to the weighted aggregate elasticﬂif,?, the weighted aggregate value of ti@Ti(j) is
defined as:

VOT EP voﬁhn/zpn(j) (62)
where\//CT'I‘;h.n is the value of time associated with an individual

P,(j)/ 0Ty, ﬁTh f?h '

0 g5 o
B0~ g %

VO-IJ]hn

(63)

Note that for the Standard Linear model tyéje: h and /\éj = /\§j = 1) everyVO'IJ reduces to
the ratioﬂ%j/ﬂéj so that the weighted aggregat'/eDvaj(j) is also identical to this ratio.
* Value of time at the sample means of the independent variables

The value of time\//CT'Ith can be computed at the sample means of all the independent variatass

P A |
i _0Pj)/oT,, _ BT
VOl = OP(j)/0C; x = i /el ©4
Be,C;

In contrast to the elasticity and its components computed at the sample means for a given independent
variable X ;;;, which depend on the sample means of all the independent variables due to the presence
of P(j)if X;; only appears in alternativg as well as the presence of the other choice probabilities if

X, also appears across the alternatives, the value of time at the sample\fii‘a’;ﬁ)g associated with
two given variables”’; and 7} depends only on:

i) Their respective sample means and 7}, for the Standardj = h) and Generalized Box-Cox
model types(/\jcj7 Ny, # 1).

ii) The ratio of theirﬁ-coeﬁicients,ﬂ%h/ﬂéj, for the Standard Linear model typg & h and
A, = X =1), in which case the value of time at the sample me4dd ;| is also identical

to the weighted aggregate anal@TZ(j).
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2.2 Prediction Success Table
The predictive capability of the model can be measured by a set of prediction tests computed in a

prediction success table due to McFadden (1979).

TABLE 2 Prediction success table.

ALTERNATIVES PREDICTED ALTERNATIVES OBSERVED COUNT OBSERVED
(j=1,...,M) SHARE
ACTUAL Ny Nias XNy XNy /N
ALTERNATIVES Ny Nonm XjNoj XNy /N
(i=1,...,M)
NMl NMM E]'NM]‘ E]NM]/N
PREDICTED
COUNT EiNﬂ EiNiM EiE]‘Nij =N 1
PREDICTED
SHARE EiNﬂ/N EiNZ'M/N 1
OVERALL P.S.P.
P.S.P. N [XiNa Ny [XiNing SN /N
OVERALL P.S.I.
P.S.I. Ny ZNa o Mo BV s, |:NT _ (E}]VV”')Q]
NiNa—=%;Ny; SNy —%; N
P.E.P.S. = RS

In the upper left corner of the table, eadh; represents the expected number of individuals who
chose alternativé but had been predicted to choose alternagive
Nij =Y dinPu(j). (65)
Each column sum overof the NV;;'s gives thepredicted count which represents the total number of
individuals predicted to choose alternativén the sample. Similarly, each row sum oveof the V;;’s
gives theabserved count which denotes the total number of individuals observed to select alternative
in the sample. The predicted and observed counts are used to compute respectipeégitiied and

observed shares. Note that by definition both the row sum of the predicted shares and the column sum
of the observed shares are always equal to one.

The proportion successfully predicted (P.S.P.) indicates the proportion of the individuals who actually
choose an alternative and who are expected to choose that alternative. Since the P.S.P. for each alternative
varies with the corresponding aggregate share, the predictive capability of the model can be measured
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against the market-share hypothesis by computing the difference between the P.S.P. and the predicted
share, which gives thprediction success index (P.S.I.) for each alternative.

The overall P.S.I. which is generally non negative can be computed by the sum of each P.S.I.
weighted by the corresponding predicted share gver1,..., M:

~T(EH) (T ()] e

% % 7 %

When the overall P.S.P. is equal to odg,V,;/N =1, i.e. ¥;N;; = N, so that the model perfectly
predicts, the overall P.S.l. has the following maximum value:

7 7 7

where;(X;N;;/N)? is the sum of squares of the predicted shares. Notedthan be normalized so
as to have a maximum value of 1 if desired.

Finally, the proportional error in prediction share (P.E.P.S.) is computed as the difference between
the predicted and observed shares for each alternative.

2.3 Other Useful Statistics
a) Correlation matrix

For each group of independent variables specified in each alternative, a correlation matrix is computed
in terms of:

i. The original variables at the beginning of the program,

ii. and the Box-Cox transformed variables at the maximum point of the log-likelihood function, if there
is any fixed or estimated Box-Cox transformation involved.

b) Variance-decomposition proportions
To detect the presence of multiple linear dependencies among the original (or Box-Cox transformed)
independent variables, the spectral decompositionX6X is used for each group of independent
variables specified in each alternative (Judge et al. 1985). This method is similar to the singular value
decomposition of the matriX (Belsley et al. 1980).
Let X; be the group of independent variables in alternativend K; the associated number of
independent variables. The spectral decompositiok oX; is defined as:
K,
XIXi =Y nperh (68)
k=1
wherep;, is the (; X 1) eigenvector associated with tti¢h eigenvaluey; of X'X; and the columns
of X, are scaled to unit length but not centered around their sample means, because centering obscures
any linear dependency that involves the constant.
Belsley et al. use a set of condition indexes which is a generalization of the concept of the condition
number of a matrix to detect the presence of near dependencies among the coluk)ns of

i.  Condition number of X;: £(X;) = (Ymax/7 mjn)é, whereymax andymi, are respectively the greatest
and smallest eigenvalues of thg’s. This number measures the sensivitybab changes inX; X,
or X'Y; in linear systems represented by the normal equatiops;b = X'Y;;
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Condition indexes: 7, = (7max/7k)%,k =1,...,K;. Note that ify; is equal toy,,, thenn; has a
maximum value which corresponds to the condition numbek of 7., = K(X;).

To determine which variables are involved in each near dependency, a decomposition of the variance

of bp(k =1,...,K;) is performed:

K;

Var (b)) = 0* Y (P /7m)- (69)

m=1

The proportion of Vai;) associated with any,(r = 1,..., K;) is then computed:

2
pk /77“
Hrk = g L (70)

These results can be summarized in a table of variance-decomposition proportions where the elements

in each column are reordered according to the increasing values gf thend the sum of the proportions
in each column is equal to one.

TABLE 3 Eigenvalues ofX/.X;, Condition Indexes ofX; and Proportions of Vabf,).

EIGENVALUE CONDITION VARIANCE-DECOMPOSITION PROPORTIONS
INDEX Var(b ) Var(b;) . Var(by,)
Y1 (Ymin) m = k(X;) Iy Iy e Ik,
Y2 Uy 5, 59 . e sz’,
7](;(7max) nr, =1 1578t 1§70 ce g, x,

The following rules of thumb can be used to detect the presence of near dependencies:

High values of the condition indexeg ¢ 30) signal the existence of near dependencies, while high
associatedI’s in excess of 0.5 indicate which variable is involved in the collinear relations;

When a given variable is involved in several relations, its proportions can be individually small
across the highy’s. In this case, the sum of these proportions which is in excess of 0.5 can also
diagnose variable involvement.

C) t-statistics
In the table of results, two types of t-statistics for the estimatembefficients are given:

Unconditional t-statistics computed with the standard errors given by the square roots of the diagonal
elements of (13). Since these statistics moeinvariant to changes of measurement unitsXnif
estimated Box-Cox transformations are involved, another type of t-statistics is computed in the
second row for this case. Note that when sokaparameters are fixed, the statistics are implicitly
conditional on their fixed values.
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ii. T-statisticsconditional on the estimated-values and the fixed-values if any, computed with the
standard errors given by the square roots of the diagonal elements of the covariance matrix:

Var (3| /\) - [—%]_IA. (71)

II=I1

These statistics argvariant to changes of measurement unitsin Note that when there is no
estimated Box-Cox transformations, the second row is not given since it is identical to the first row.

For the estimated\-parameters, two types of t-statistics are also given:

i. Unconditional t-statistics computed unddiy: A, = 0;
ii. Unconditional t-statistics computed undédiy: Ax = 1

The estimated-values and their t-statistics airvariant to changes of measurement unitstin Note
that if there are also fixed Box-Cox transformations involved, these statistics are implicitly conditional
on the fixed A-values.

d) Other statistics

i. Log-likelihood with congants only (L.): value of the log-likelihood function when all thg-
coefficients are equal to zero, except for the alternative-specific constants which are estimated.
ii. Log-likelihood at convergence (L,,): maximum value of the log-likelihood function evaluatedhat

iii. Likelihood ratio test: —2(L. — L,,) distributed as chi-squared under the null hypothesis that all the
B3-coefficients (except for alternative-specific constants) are truly zero, Aftliegrees of freedom
where K> is equal to the number of estimatgdand A-parameters in the model.

~ 2 ~
iv. Sum of squared residuals: ¥, ; {dm - Pn(i)] , Where P, (i) is the choice probability of théth
alternative for an individuah estimated afl.

v. Rho-sguared: 1 — (L,,/L.), which is a goodness-of-fit statistic originally proposed by McFad-
den(1974).
vi. Rho-squared bar: it is the rho-squared adjusted féf* degrees of freedom. More appropriate than

the rho-squared for comparing different models, this statistic can be computed according to three
types of measure:

* Akaike information criterion (Akaike 1974)1 — [(L,, — K*)/L.];

* Horowitz (1982, 1983):1 — [(L,, — K*)/L.];

* Hensher and Johnson (1981):- (JL_—";R/g— , whereJ* = %, (J,, — 1) andJ,, is the number
of alternatives available in an individual’'s choice €éf.

vii. Percent right: (N*/N)100, where N is the number of individuals in the data sample aWd is
the number of individuals for whom the alternative actually chassuoch thatd;,, = 1 is correctly

predicted, i.e. wherﬁn(i) = max {ﬁn(j)]. This goodness of fit measure often given in many
1€Cn

computer programs for discrete choice models can mask poor goodness of fit and hence is of little

use. A more proper procedure for evaluating model performance is to use the log-likelihood value,

the rho-squared and the rho-squared bar, or the overall P.S.1. (Prediction Success, loaieputed

in the Prediction Success Table).
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3 SPECIAL OPTIONS

3.1 Estimation with Choice-Based Samples
Three main types of sampling process are currently used in the estimation of discrete choice models:

i. Random sampling: the individuals are selected randomly from a home survey conducted within a
given geographical area.

ii. Stratified sampling: the population is first divided into subsets based on one or more exogenous
variables, then a random sample is drawn at a different rate from each group. This procedure is also
called theexogenous sampling process.

iii. Choice-based sampling: the population is first classified into subsets based on the mode choices,
then a random sample is drawn from each group. Since the mode choice is an endogenous variable,
this procedure is also known as tkeedogenous sampling process.

Mixed sampling procedures can be used among these three types. Due to the larger costs of data
collection, the household interviews are sometimes updated by small-scale choice-based surveys which are
less expensive, when additional information is needed to obtain more precise estimates for the infrequently
chosen alternatives already collected in the home surveys. The combined sample is then eatlietieth
sample. A purely choice-based sample can also be supplemented by the addition of a random sample based
on the stratification by the exogenous variables. The resulting sample is callpglamented sample.

Manski and McFadden (1981) made a formal analysis of the general stratified sampling process
which includes both the exogenous and endogenous sampling processes as special cases. In the class
of generalized choice-based samples, there are several estimation methods depending on the choice
of estimators and the design of samples (Cosslett 1981). One estimation procedure which is easily
implemented in the computer program by modifying the standard log-likelihood function (9) is the
Weighted Exogenous Sampling Maximum Likelihood(WESML ) method developed by Manski and
Lerman (1977) who showed that the usual maximum likelihood method for random samples would yield
inconsistent estimates when applied to choice-based samplesVEB®IL estimator which is consistent
and asymptotically normal is obtained by weighting each observation’s contribution to the log-likelihood
function with known positive constants(z) = Q(¢)/ H(¢), whereQ(?) is the proportion of the population
choosing alternativeé and /1 (¢) is the analogous proportion for the choice-based sample. Note that in
this case, the derivatives (10) and (11) of the log-likelihood function, the weighted aggregate elasticity
(31) and the expected numbéf;; in the prediction success table are also weighteduy) for each
observation:. For random samples, the weights$:) are all equal to 1 sinc€)(:) is identical tof (¢).

3.2 Estimation of Joint-Choice Models

The MNL model was first used in single-choice cases where the choice set usually consists of various
modes (Lisco 1967, Quarmby 1967, Domencich et al. 1968, Lave 1969, Quandt 1970). More recently, it
has been extended to analyze discrete choice situations where the set of feasible alternatives includes joint
choices which involve a discrete choice (e.g. mode) and an additional discrete choice (e.g. destination)
and/or other choices such as trip frequency, automobile ownership, parking location, residential location,
workplace, etc. for passenger demand models (Lerman 1976, Westin and Gillen 1978, Swait et al.
1984), or shipment size, firm location, etc. for freight demand models (McFadden and Winston 1981,
Chiang et al. 1981). The joint-choice models are more realistic than the basic single-choice models since
the former can capture the interactions between the mode-choice decision and the choice of destination
and/or the other choices which are all treated as endogenous, whereas the latter are in fact models of
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mode choice conditional on the choice of destination and/or the other choices which are considered as
exogenous.

As an example, we will use a joint mode and destination choice model to illustrate how it can be
estimated in theMNL context. The estimation of this type of model can be found in the report by
Cambridge Systematics Europe (1984).

Assume that the choice sét, includes as elements (or alternatives) the medand destinationl
combinations for individuak. The total utility of each elemeritn, d) € C,, can be expressed as:

Umd = vm + Vd + de + €md (72)

whereV,, (or XN/d) denotes the systematic or representative utility component associated with all elements
of (', using modem (or destinationd), V,na is the remaining systematic utility component specific to
the combinatior(m, d) ande¢,,, is the unobserved, random utility component. Note that the subscript
referring to the individual is omitted from the total utility and all its components.

If the errorse,,4's are independently and identically distributed according to the Type 1 extreme
value (or Gumbel) distribution, the joint-choice probability has exactlyNidL form (4):

exp (Vo + Vi + Viua)
>, exp (Vm' +Va + medf)

(m,d")€C,,

P.(m,d) = (73)

whereV,, includes the variables which vary only across the modes (e.g. a bus mode constant defined as
“1” if alternative ¢ contains the bus mode and “0” otherwisggl, includes the variables which vary only
across the destinations (e.g. a CBD constant defined as “1” if alternatiwetains the central business
district as its destination and “0” otherwise), ahgl,; includes the variables which vary across both the
mode and destination, such as the waiting time, the in-vehicle time or the fare for a combimation

3.3 Disaggregate Forecasting Tests

The primary goal of discrete-choice modeling is to develop a forecasting capability both at the disaggregate
and aggregate levels. The aggregate forecasting methods which concern the prediction of the expected
aggregate behavior of a population, since the forecast of some aggregate demand is needed for planning
strategies, are based on different aggregation procedures designed to reduce the aggregation errors created
when aggregate forecasts are derived from disaggregate models. Among the five general types of
aggregation procedures first studied by Koppelman (1975) and also analyzed in Koppelman and Ben-
Akiva (1977), the simplest approach consists in approximating the forecast aggregate choice probability
by its disaggregate analog evaluated at the sample means of the explanatory variables, which are assumed
to be the characteristics of an “average” individual representative of the entire population, and the most
flexible procedure, known as the sample enumeration method, is based on the average of the choice
probabilities across the individuals in the sample which is assumed to be representative of the whole
population. Since the choice probability is a nonlinear function of an individual's characteristics, the
average of this function is not equal to the function computed at the sample means of the variables: the
difference between the predictions obtained by the sample enumeration method and the average individual
procedure is termed as the aggregation bias which constitutes one source of aggregation errors.

The sample enumeration and the average individual procedures have been applied respectively in
the computation of the weighted aggregate elasticities and the point elasticities evaluated at the sample
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means given in Section 2.1. Since the aggregate elasticities are mainly used for incremental forecasts
of the effects due to policy changes and the point elasticities are valid only for small variations about
the sample means, an option available in the program allows to compute the disaggregate predictions
which are needed in the policy forecasting tests by which the sensitivity of the model can be checked
with respect to the significant changes in policy during the model development process. The forecasting
accuracy depends on the availability of prior data which are collected on the variables before and after
the real changes in policy are observed.

With the parameter estimates obtained from the first sample, i.e. before changes, the predicted choice
probability associated with each alternative C', is computed for each individualin the second sample:

Pty =exp (V)1 Y e (Vi) (74)

o~

whereV;, = EkﬂkX](nk) and thes,’s and \;’s are the parameter values estimated from the first sample.

If the forecasts seem unmeaningful due to model specification or data measurement errors, the model
can be respecified with data correction if any, and the forecasting test is reevaluated. The whole process
can be repeated several times until a specification of the model which produces satisfactory forecasts
is found.

A model’s forecasting error can be characterized by different types of measures such as the average
forecasting error, the root-mean-square forecasting error and the confidence interval for the forecast.
Whereas the first two measures are only overall indexes of the forecasting accuracy, the confidence
interval indicates the range in which the true forecast value is likely to be found. Horowitz (1979) has
analyzed three methods for estimating the confidence intervals of the choice probabilitiedMiNLan
model involving just the3-coefficients. Since the choice probabilities are nonlinear functions of the
coefficients, only asymptotic confidence regions can be derived. The first method which is based directly
on the asymptotic sampling distribution of the choice probabilities does not produce a joint rectangular
confidence region for these probabilities and therefore is useful mainly for testing hypotheses about
them. Moreover, it cannot be extended to functions of choice probabilities such as aggregate market
shares and changes in choice probabilities due to changes in explanatory variables. In contrast, both
other methods, namely the linear approximation method and the nonlinear programming method, lead to
joint rectangular confidence regions and can be extended to functions of choice probabilities. Although
the linear approximation method can yield erroneous results, it is generally preferred to the nonlinear
programming method due to its computational simplicity. If the linear approximation is accurate, the
associated confidence region is smaller than the one obtained with the other method, unless the choice
set either is very large or contains only two alternatives.

Due to the above considerations, in the program, the confidence intervals for the choice probabilities
are computed by the linear approximation method in which each predicted choice probability (72) is
linearized by a first order Taylor-series expansion adéut

1P, (i)
ol

Bo(i) = Pu(i) + (ﬁ - H) (75)

wherell is the column vector containing th&and \-values estimated from the first sample, ahgi)
andll are respectively the true choice probability value and the column vector of thg &nd A-values.
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The typical elements of the column vector of derivativds,(:)/d11 in (73) are given by:

znm § : P ]nm

aP, (i)

Gﬁm_”

(76)

and

A (Ax)
z(nk ) ( )8X]nk

A

O Eﬂk

where the denvatwe@X /8/\ and 8X /8/\ are computed as in (12). Note that the general
formula (75) includes both the cases where Mh&s are constrained to be equal in the same alternative
and/or across the alternatives.

(77)

3

Sincell is asymptotically normal with meall and covariance matrix Vai?[() as givenin (13),13n(i)
in its linearized form (73) is asymptotically normal with me#&np(¢) and variance:

Var{ﬁn(i)} = G?ﬁ(f) Var (ﬁ) 8%9 (78)

The numerical value of V%Iﬁn(i)} can be obtained by substituting for II in the derivative
dP,(¢)/01l and it is used to compute an asymptotiif)(1 — ¢) percent confidence interval fdr,(7):

Po(i) = Z.p Var{ﬁn(i)} < P(i) < Po(i) + Zopy Var{ﬁn(i)} (79)

where Z, /, is the (1 — ¢/2) percentile of the standard normal distribution. In the program, a value of
0.05 is chosen for to give a 95 percent confidence interval fB;(:) and hence the value dfj 25
is equal to 1.96.
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