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Abstract—A model: of work’ trlp mode choice was déveloped - ond sample of’ workers takeribefore Bay Area Rapid
“Transit (BART) opened for'service: Validatior: tests of the model were: performed ona sample of workers taken‘after :7+' -~
BART: service began. Two.validation: methods. were: used: (1) the acfaal mode shares in the post:BART sample: -
-~were compared to_the mode shares, predicted. by. the models estimated: on the pré-BART - sample, and (2).the ...
parameters of models estrmated .on the post- BART sample were. compared with the parameters of the models;
estimated pre-BART Three possrble reasons were explored for the differences in actual and. predrcted sharésand'ih ="
the pre- and post-BART ‘model parameters (1) failure ‘of ‘the indeperdence from . irrélevant alternatives (ITA)- * *
- property of the multinomial logit model, (2): non-genericity-in the:attributes:of one of the alternatives:: and 3)
. incorrect-data_for walk times. It was found:that non-genericity and.incorrect, data contributed substantially to'the
mrspredrctrons. whrle fallure of the. llA property. contributed less The present study concerns only one model and
one transportatron envrronment The results of this test, liowever, ¢an’be viewed along with the results of other

; valrdatron studres to obtaln a sense of the predlctrve abrlrty of dlsaggregate mode choice models

e - 1; INTRODUCTION :

In 1973, the Bay Area Rapid' Transit (BART) system
opened for service in the San Francrsco Bay Area The
introduction ‘of this new transit'modé offérs an excep-
tional opportunity for testing the: vahdrty of drsaggregate
travel demand: models: Models developed before BART
was built can be used to predict behavior after ‘BART
opened; predrcted behavror can then' be comparéd: wrth
actual behavior for an 1ndrcatron of how well the models
actually represent behavior. R

This paper is concerned’ wrth evaluatrng -one’ type: of
drsaggregate travel demand model mode chorce ‘models
for work trips. Models were developed -on‘a sample of
workers taken before BART service’ was available: The

models* were -evaluated i two ways'on a sample of

workers taken after BART' opened First; dctual mode
shares in thé post-BART sample weré compared with the
mode ‘shares which the pre-BART- models predicted.
vSecond ‘the parameters of modéls’ estrmated on ‘the post-

BART sample were compared ‘with'the parameters of the.

\pre BART ‘model. Sections 2-4° present and evaluaie-a
'partrcular model which was estlmated ont the pre:-BART

sample. Specifically, Section2. presents’ and ‘discusses

this pre-BART model; Section 3 test the model in the

two ways described above, and” Section 4 analyzes

several possible reasons for the differences between
'predrcted and actial shares and between pre- and post-
BART model parameters

This paper is an abbreviated version of Train (1976c)
The original paper contains more detailed-discussions of
the forecasting ability of models,.compares the forecas-
ting ability of models of ‘various levels-of complexity,

1This research-was: supported in part by National Science
Foundation grant  APR74-20392,-Research Applied to National
Needs Program, National Science Foundatron to the University
of -California, Berkeley.

and pomts olt the drﬂicultres in obtarnrng reasonable
forecasts from the models ' :

S A PRE-BART MODEL "
The pre-BART model upon which evaluatior tests aré

‘perforied in the followrng section’is a‘multinomial logit

(MNL) model of mdrvrdual ‘choice probabrlmes The
model e)(presses the probabrlrty that ‘a person " with
certain observed:socioeconomic’ “characteristics “and fac-
ing a choice among several alternatives will” choose a
partrcular alternatrve The funetron is expressed as

P ('/C ) eﬂ z(x,,l s,,)l 2 eB z(x,,Js,,) - (I)
. rEC,, _ EE
where C,, is the set of alfernativés among which pérson n
may thoose; P, (rIC ) is the! probabrlrty that person 1 will
chdose alternative i €.C,7 x, is 'a vector of observed
characterrstrcs ‘of alternatrve i’ for person n; S is 72
vector of observed characterrstrcs of person ni’z is'a
vector-valued function of ‘x and 5; and ﬂ rs a vector of
parameters to-be estimated:* °
* Ini’ the”MNL- ‘model 'the ‘ratio ‘of the probabrlrtres of
choosing any two alternatlves is’ 1ndependent of the
avarlabrhty or attributes ‘of ‘other alternatrves This pro-
perty is called the lndependence from irrélevant alter- -
natives (ITA) ‘propeity ‘and can be’ demonstrated “ as
follows. Considei the ratio of the probability of person n
choosrng altérnative i to that of choosing alternatrve k,
glven ‘that'sét C, of alternatives 1s avarlable It can be
seen from (1) that: ~~
PilC,) _ eB e
P,.(kIC ) eB z(x,,k Sa) ¢ .

Thrs ratio is constant for any C whrch contains 7 and
k (including, of course, the set containing only i and k)
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and any attributes of alternatives (except i and k) in C,.
The IIA property greatly facilitates estimation and fore-
casting, particularly in the situation of a new alternative
being introduced. Estimation of the choice model (that is,
estimation of B)-can be performed on the alternatives
available before the new alternative is introduced and
forecasting can proceed with an expanded choice set
consisting of the old alternatives plus the new one.

Therefore, forecasting the demand for a new alternative -
can be accomplished before the. alternative is ‘actually

introduced. - The IIA property has the disadvantage,
however, in that it imposes restrictions on the structire
of choice probabilities. In applications in which. the ratio
of true probabilities is not independent of the availability
or_attributes  of other ‘alternatives, the MNL model is
mappropnate

The I1A property is explorted in the présent estimation
and forecastmg MNL models . were calibrated -on af :
sample of workers living in the San Francisco Bay Area:
before BART was introduced. The alternative” modes

which were considered ‘available for the work trip were:
auto alone, carpool, bus with walk access to bus, and bus
with auto access to bus. Forecasting was performed on a
sample-of people taken after BART was introduced, with
the choice set expanded to include the alternatives. of
BART with walk access, BART with auto access and
BART with bus access. The model which was estimated
on the pre-BART sample and is subject to evaluation
tests in Section 3 is given in Table 1. The first column
hsts the elements of 2(x., 5:)1n eqn (1); the second and
thlrd columns list the estimates and f-statistics, respec-
tively, of the elements of B in eqn (1). Estimation was
performed by the maximum likelihood method described
in. McFadden (1973). .

Most. of the variables are self- explanatory and their
coefficients readily mterpretable For instance, the
coefficient of walk time being negative indicates that
when time spent walking for a particular mode increases,
the probability of that mode being chosen decreases, all

other. thlngs held constant Since the ratio of the walk .

time coefficient to the cost divided by wage coeﬂicrent is
2. 43 the estimated value of time is 243% of wage Some
of the -variables, "however, requrre explanatron The
variable “cost divided by wage” was included rather than
simply “cost” so that people’s values of time could vary
with their wage rates. The variable: is expressed i in_units
of time (since cents divided by. cents per minute is equal
to. minutes) and can be considered. to represent . the
number of minutes which the person must work:in order
to .earn the cost of his. transportation. Rather .than
expressing cost.in terms of time equivalents;. the time
variables ‘could have - been expressed .in money
equivalents by multiplying -the times by the person’s
wage. Train and McFadden (1976) explores- the. im-
plications of these two approaches in terms of utlhty
maximization theory.

tRather than include these income terms, an alternative ap-
proach is to segment the sample into income groups and estimate
a separate model for each group. This procedure was not
followed since the sample was too smalt to allow for reasonable
estimation on subsamples. .

The headway of a bus line is the number of minutes
between bus arrivals.at a particular stop for that bus line.
Initial wait time is often calculated as half of the head-
way for the first bus. With this approximation, the value

- of initial wait time is twice the value of initial headways.
- The family income variables can be understood with
‘reference to Fig. 1. Family income was segmented so

that the effect of an incremental dollar of income on the
probability of choosing auto alone could be different at
different income levels.. For family income up to $7500,
the positive sign of the first income variable indicates
that an extra dollar of income increases B'z(x.’, su) of

-eqn (1) (for i = auto alone) and hence the probability of

choosing auto alone.. This is represented by the first line
segment ‘in Fig. 1 having a positive -slope. Negative

“coefficients for the second and third income variables

indicate” that for famrly income between $7500 and
$15,000; an extra‘doll_ar,decreases B'z(x, s,) for i = auto
alone and hence the probability of choosing auto alone.
No-fourth income variable was included, indicating that,
for incomes above $15,000, an incremental dollar does
not affect the probability of choosing auto alone. Note,
however, that none of the income terms have f-statistics
exceeding one, and so the hypothesis cannot be rejected
that there is no relation between income and the prob-

ability of choosing. auto.t The income terms were in-

cluded not because the relation in Fig. 1.is.considered
“true”, but because their omission changed. the other
parameters considerably.

The model of Table 1 was developed after extensive
testing of specifications. Some of the tests are described
in Train (1976a) and Train and McFadden (1976). Vari-
ables with coefficients. which are not- significantly
different from zero were included since omitting them
changed the values of othen. estimated coefficients.. By
classrcal statistics, rncludmg these varlables does_not
produce bias. The values of time and headways partr-_
cularly -auto. on- vehlcle time, are hrgher than expected

These hlgher values result from allowing auto and transit

times to have drﬁerent coeﬂicrents When auto and tran-
sit times are, constramed to have the. same value, the
estimated values of time and headways are lower. The
hypothesis that the coeﬂicrents of auto and transit on-
vehicle time  are. equal can be rejected. (at the 0.05
confidence Ievel) mdlcatmg that the coefficients should
not be constrained. The.value of auto on-vehicle time is
estimated to be higher than that of transit on-vehicle

15,000

10,500

B z(x}, s,) for / =auto alohe

Family income

Fig. 1.




Table 1. Work trip mode choice. model, estimated pre- -BART. (Mode 1

Mode 3—Bus,

A validation test of a disaggregate mode choice model

—Auto Alone; Mode 2—Bus, Walk Access;

L:Lkelihood ratio index around ‘zero .4426
Likélihood -ratio. 1ndex around :
market shares . -2961
Log 1ikelihood at zero o ~1069.0
Log likelihood at: market sharés ~846.4
:.Log likelihood at:convergence - =595.8
Percent correctly predicted ‘ 67.83

Auto Access; Mode 4—Carpool) Model Multinomial Logit, Fitted by the Maximum Lnkellhood
Method
o IndeEndent Varisble Bstiﬁgted ot tisti
(The variable takes the described value Coefficient Statistic
in the alternatives listed in parentheses R
and zero in non-listed altemt!.ves)
Cost dividea by post-tax wage, in cents
divided by cents per n:lnute (1-4) . -.0284: 4.31
" Auto on-vehisie time, in m.i.nutas (1 3,4) -.0848 5.65
Transit on-vehicle time, in. mj.nutes 2,3) -.0259 . 2.94 -
* Walk’ time, in minutes (2,3) - ~.0689 5.28"
’ 'rra.nsfer vait tine, in minutes (z 3) -.0538 2.30
Number of transfers (2 3) ; =.105 0.776.:
Headway of fifst bus, in minutes (2;3) ~.0318.° 3.18
Family income ‘with ceiling of $7 500,
“in $ per year (1) - i .00000454 0.0511
' Fam:l.ly income mimis s7 500 with floor of .
so and ceiling of $3,000; 1n $ per year (1) -.0000572 0.430
Pamily income minus.$10,500 with’ floor of .
$0 and ceil:l.ng of- §5, 000, in $ per year (1) -.0000543 0.907
Nu.mbex' of persons in household who can drive 1) . .1.02 , 4.81
. Numbe.r of persons :I.n house.hold who-can drive 3) -990 -3529
Nunﬂ.-;et of ‘pérsons in'household who can drive (7] .872 4.25
Dmmy if person :l.s head of household 1) .627 3.37 :
Employment density at ‘work location (1) -.00160 2.27
Home location in or near CBRD .
+(2=in CBD, l=near CED, 0 otherwise)- (1) -.502 4.18
Autos per dziver with a ceiling of one (1) 5.00 ' '9.65
Autos per drxver vith a ceilmg of one (3) 2,33 2.74
) ,Aut:oa per. driver with a celling.of one (4) 2.38 5.28
Auto alone:alternative dumy (1) ~5.26 5:93
* Bus with aufo a'céesé‘dirl‘:my: [€)) ~5.49 5.35
Carpool alternative dummy (4) - -3.84.. 6.36

. Values of t:l.\_n,g saved. at- a pe_:.-cent; of wage (t-statistics in parentheses):

Auto on-vehicle time 5 227 ©(3.20)
- Transit on-vehicle time : 91 (2.43)
Walk ‘time . ' 243 ~(3.10)
Transfer wait: time : 190 :(2.01)

Value of 1h1tiél headways as 'a peréent of wage:

112 (2.49)

All cost end’ time variables are calculated round-trip.

Dependen: variable

1s alternative .choice (one for chosen alternative, zero otherwise).

Number of people in sample‘who chose

Auto alone C 429
Bus with walk access 134
~Bus with auto access 30
Carpool 178

Total sample size . 771
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. time. This result was explored in Train (l976a) and the

" explanation was given that, while autos are more com-

fortable than transit, the drﬂiculty of -driving ‘an- auto
duririg rush hour congestron ‘makes - auto’ time ‘more
onerous than transit time. While the result seems ‘to. be

contrary to popular belief about the disutility of transit

travel, this belief is perhaps based upon a consideration
of all transit time, including walk and wait time, rather
than simply “on-vehicle time. Furthermore, the result
relates only to the value 6f a marginal unit of on-vehicle
time. Many of the attributes of transit use which are
considered onerous, such as lack of comfort and the
possibility of crime, do not vary substantrally with length
of time¢ spent on- vehrcle ‘and are. captured by the alter-
native specific. dummy variables rather-than the on-
vehicle time coefficient.

3. EVALUATING THE PRE-BART MODEL

_ The first evaluation method s to- compare predicted
with actual mode shares in the post-BART sample. In

order to use the model of Table 1 for: predicting post- -

. BART shares, a value for each independent variable in
.- the’ model must be created for each BART alternatrve
_BART with walk -access, - BART with bus access, and

BART with auto access. For the transportation system.

variables, such as on-vehiclé and -walk trmes the BART
: attributes were simply calculated. The socioeconomic and
alternative-specific variables for the BART- alternatives
were created as follows: the value for the BART with
“auto access alternative was set equal-to the value for the
“bus wrth allto access alternative, and the.values for the

other two BART alternatrves were set equal to the value_

- for-the bus with walk access alternative.

In predrctmg post- -BART demand, the auto alone’

‘alternalrve was consrdered unavailable to.a person if no
aufos were available to. hrs household Any of- the transit

_ »alternatlves was consrdered unavailable ‘to a person if
% -going to work by that alternative entarled ‘more than_
- .-three transfers -either to. or from work, a total weighted:

- travel time of more than four hours either to or from

work, or other excessive attrrbutes
- Table 2 presents the actual and predicted shares, with

~.predictions based on the model of Table 1. The actual:

share for a particular alternative is the share of people in
"the "post-BART sample who actually chose .the alter-

Table 2 Actual and. predrcted shares, wrth predlctlons based on:

“mode! of Table 1 -

 Actual Px;e_:d:l‘eitedq
) ‘Share _(l‘) : Share (%)
(1) nuto alone 59.53 5319
__(2)- Bus/walk 10.71 s1.37"
. (5) Bus/aiito - - 1.42 fir v 220 .
(4) BART/walk 6.63: 7.53
(5). BART/bus 0.94 0.82
(6) "BART/auto 5,20 3.94
21.57 20.95

(N carpool -

Root Sum of Squared Error: 9.53 (n=635)

~native. The predicted share is the share ef; the post-

BART sample which the model of Table 1 predicts will
choose the alternative. This predicted share is defined as:

S=x3 PuiC)

where P,,(rlC ) is expressed as eqn (1), and N is the

sample size.

A-comiparison of the ‘actual and’ predicted shares in-
dicates  that the pre-BART model: (i) underpredicts use
of auto alone; (u) overpredlcts use of both the bus
alternatives; (iii) greatly overpredrcts the use of BART
with walk access; (iv) inderpreducts-the use of the other
two BART. altérnatives; (v) underpredicts the use of

N carpool Summing the. columns and rows of Table 2 over

the five transit modes gives an actual fransit share of
18.9% and predrcted share of 25.9%. That is the predlc-
ted - transit share ‘is 37% larger than the actual transit
share.

The ‘second’ method.. for evaluatmg the pre-BART
model of Table 1 is to estimate a model with the same
specrﬁcatlon on the post-BART sample If the estimates
and specification of Table 1 are accurate, then the esti-
mates obtained. on the. post-BART. sample should be
similar. Comparison of the pre- and post-BART esti-

"'mates not only provides a test of the accuracy of the

pre-BART 'mode; thecomparison-‘can also give in-
dications ‘as to-the problems in .the pre-BART model
which give rise to' the discrepancies between predictive

.and-actual post-BART shares. . . ..".

Table 3 presents.a model estlnrated on the post-BART
sample with the same specrﬁcatlon as the model of Table

‘1. The-€éstimates”are fairly similar. The differences be-

tween: the.-pre- ‘and:post-BART. estimates' which séem

‘most relevant to the forecastmg errors of Table 2 are (a)

the value -of walk time is much hlgher post-BART than

pre-BART, and (b) the BART wrth ‘walk access dummy

is significantly less. .than.zero.-Since only--the transit
modes. entail walk time, the different- estimates for the
value of walk time pre- and post-BART could be related

" to the overprediction of transit. The srgmﬁcantly nega-

tive estimate of - the: BART with walk access dummy
could be rélated. to the large overpredrctron of the BART
with walk access alternatrve In forecastlng BART usage,
the' BART with walk ‘access alternative was considered
to have a value of zero for its. dummy, which is the value
for the bus with walk access. dummy in the pre-BART
model (see the dlscusswn above) This procedure is

., equivalent to assuming, that the effect of unincluded

variables on demand for BART with walk access is the
same as that for bus with- walk access. The significantly

- negative -estimate for the- BART "with -walk access

dummy indicates that this assumption is not valid.
The following Section explores possible reasons for the
mispredictions of Table 2.

4. REASONS FOR MISPREDICTIONS
(a) Failure of 1IA.
If the five transit alternatives are not actually in-
dependent, then the MNL ‘model would be expected to
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Table 3. Work trip mode’choice model, estimated post-BART; with non-generic auto-and transit on-vehicle time. -

(Mode 1—Auto Alone; Mode 2—-Bus, Walk Access; Mode 3—Bus, Auto Access; Mode 4—BART; Walk Access;

Mode. 5—BART, Bus Access; Mode 6—BART, Auto Access; Mode 7—Carpool) Model: Multmomlal Loglt Fitted:
by the Maxnmum Likelihood Method ..

nde&ent Variable ’ Estimated T—ﬁt tisti
{The vaziable takes the described value in Coefficient atistlc

the alternatives listed in parentheses and
zexro in non-listed alternatives) -

Cost divided by post-tax wage, in cents j s

divided by cents per minute (1-7) T = 0266 Y 3.92

Auto on-vehicle time, in minutes’ (];,3‘,6,7:) o -.0473 348
Transit of-vehicle time, in ;ni;l)utes (2-5)‘: - -.0197 o 2.03
Walk time, in minutes b(‘2‘-6) o -.0990 ) 3.36
Transfer wait time, in minutes 2-6) -.0438 R T
Nunber of ‘transfers (2-6) ' : Lsd200 . 0.856
Headwaf of fireh traneit carrier, in minutesb ; =.0290 2.60 ©
Family 1ncome with ceillng of $7,500, i ‘1 _ ‘ )
in § per year (1) : B ’ -.000289 1.78
Family ineome minus $7 500 wit:h floor of v o ‘ . : ‘ .
$0 ‘and ceiling ‘'of $3,000,in $ per year (1) . 0000522 0.364
Family income minus $10,500 with floor of | . ‘ ‘:,
$0 and ce:l.ling of $5 000, in $ per yeax: (1) ‘ —20990419 0.73:8
Number of persons in householﬂ who can drive (1) 1.,4‘81‘ ) l 5.26
Number of persons in housel@o;d who:can drive: (3,6) - 1.65 : 5.16
Mumber of‘persons in household who can drive (7) 1.28 a.85
Dummy if person is head of vheqseheld (1) .668 3.19
mploﬁent density at work location (1) ) . -.00164 3.45
Home llvocation in’ or near CBD . ‘ L
(2=in CBD, l=near CBD, O otherwise) (1) : .15§6 0.835
Autos per driver with a eei.l:l.ng of one (1) 4.79 3.70
Autos pez dx:].ver w:l.th a ceiling of one (3,6) 3.63: 4.81
Autos ,per dr:i.ver with a ceiling of one (7) ) ‘ 3.26 . . 3.19
Autos alone altemative dummy (1) -4.18 2.82
‘Bus with auto access dummy’ (3) -8.24 ‘ 6.67
BART with walk access d@;npy @ - ~2.28 3.36
BART with bus access dummy (5). ) : -.473 0.708
BART with auto access dumy (6) P ‘ -7.30 5.93
Carpool alte.rnative dlmy (7) o -3 . 5.5
erelzhppd,;atiO'index g Sa 44599

Log likelihood at zero ~964.4
"Log likelihood at convergence -‘520'.9;

Percent correctly predicted . . . 167, 24

Values of time saved as a.percent of wage (t-statistics in parentheses).

Auto on-vehicle time 178 (2.53)
Transit on-vehicle time 74 (1.84)
Walk time 338 (2.46)
‘Transfer wait time =~ 165 (1.65)

Value of initial headw»aysras a percent of wage: 109 (2.13)

All cost and time variables are calculated round-trip. Dependent variable
is alternative choice (one for chosen alternative, zZero otherwise).

Nmbe't of people in sample who chose

Auto alone 378
Bus with walk access . - 68
Bus with auto access 9
BART with walk access © 4
BART with bus access . 6
BART with auto access 33
Carpool . 137

Total sample size . .635







