Open-form
discrete choice models



3. Genealogy of DCMs (again)



Non-GEV (Open-form)
Probit model



3. Difference of GEV and Non-GEV

GEV model (Closed-form) Non-GEV model (0open-form)
Multinomial Logit (MINL) Multinomial Probit (MNP)
Pli)- exp(uV) P(i):Liz; IL%F% ' #(e)ds, - de,
Zexp(ﬂvj) é(s)= 1_1 —eXp —18218')
(az) g L 2
« Luce(1959), McFadden(1974) « Thurstone(1927)
 Not consider correlation of « Consider correlation of choice
choice alternatives’ (lIA) alternates’ based on Variance-
« Easy and fast estimation Covariance matrix
« High operability « Hard and slow estimation
(easy evaluation for new additional choice (need calculation of multi-dimensional
alternative = benefit of IIA) interrelation depend on N of alternatives')

Non-GEV model has high power of expression,
however parameter estimation cost is high.



3. Structured Covariance MNP (1)

Multinomial Probit with Structured Covariance for Route Choice Behavior,
Transportation Research Part B, Vol.31, No.3, pp195-207, 1997.

Prof. Morichi Prof. Yai Prof. Iwakura

* Proposed new probit type railway route
choice model considering overlapping
problem. (1993, 1998)

« This model applied to practical demand
forecasting in real Tokyo network, and it
used for decision making of railway
policy toward 2015. (2000)



3. Structured Covariance MNP (2)

Tokyo Metropolitan has highly dense railway network !

= route overlapping problem

Railway line : about 130
Station - about 1800
Passengers : 40miliion/day
Cong. rate: max over 200%



3. Structured Covariance MNP (3)

In the overlap network that has correlation between
routes, Logit model is susceptible to error by IIA

property- Overlap =correlation 5
0 (M—G@—D)
Probit is better ? =

« Difficult to setting covariance matrix for each OD pair
= structured covariance by divide into two error

« Difficult to parameter estimation. (multi-dimensional Integral)
= reduce computational time using simulation methods

U=V,
Error of depend on route length
v

£ = gi ength + giRoute
N

Error of route specific



3. Structured Covariance MNP (4)

Variance-Covariance structure in Error term

Error of depend on route length

5 =€r, +5ro /Error of route specific (L, L,
T=3'+2° , T=of|®
\Lir  Lag
Error of depend on route length
Variance of route utility increases in l
proportion to the route length.
Var(e,')=L o (7h+1 b,

. r r _ 1 -
Covariance between routes increases L=0, '71;"2 qL’;+ :
in proportion to the length of route ' '

\ g Ty

overlap.
P Cov(g,' ¢, ) =L, 0"

Error of route specific
- independent of each route (cov=0)

y 0’ _ 0 2
Cowe, ,¢, )=0,", g=r

=0, qg=#r

2

(o]
(>
O

+ogl

Simplify use
cov. ratio

L g )
1Py

* r’LR"'])

Estimate only cov. ratio !

L, :length of route r

L,, -overlap length between route r and ¢
o? :variance of unit length



3. Structured Covariance MNP (5)
Apply to the SCMNL for The 18th master plan for urban

railway network in TMA (2000)

Ex : Oomiya to Kanda station
(1|) Omiya (Iz) Akabane (3) Ueno (4) Tokyo 1)O
E E |
[J: Shonan-Shinjuku line [ : Keihin-Tohoku line [ : Yamanote line (2)O
[7]: Takasaki line []: Utsunomiya line O (3)
© @
Estimation results
parameter t—value
in—vehicle time -0.0943 -8.09
access/egress time -0.127 -11.7
transfar time -0.112 -10.7
cost ~0.002 -398  Prediction results
congestion index —0.00869 -3.34 Obs MNL SCMNP
Ui 0.436 2.71 Utsunomiya + Yamanote 33% " 28% 5o 27% A7%
Adj—0 2 0.39 Utsunomiya + Keihin—Tohoku 15% 24% 20%
# of sample 1218 Keihin—Tohoku 53% 47% 52%

To achieve a high prediction accuracy by the
relaxation of route overlap (Obs £10% in all route)



Non-GEV (Open-form)
Mixed Logit



Mixed Logit Model

Mixed Loigt (Train 2000)
High flexible structure using two error term.

Utility function

U =V +n+v.

1

v dist.: assume any G function

- [ID Gamble (Logit Kernel) = MNL
- any G function (GEV Kernel) = NL, PCL, CNL, GNL:--

n dist.: basically assume “Normal dist.”
In the case of normal distribution takes a non-realistic value, it can
assume a variety of probability distribution (triangular distribution, cutting
normal distribution, lognormal distribution, Rayleigh distribution, etc.).

« Error Component: approximate to any GEV model
« Random Coefficient: Consider the heterogeneity



Error Component: NL (1)

Approximation of Nested Logit (NL)
Describe the nest (covariance) using structured .

Ex: model choice Normal = nest
car car car
Bus Ubus - [)) Xbus + transitntransit N Vbus
T t Rtall Urail = /3 Xrail t Otmnsitntmnsit rail
ransit nes '
{ D Gamble = Logit

Vrai +0 ransitntr

Choice prob. e rait ™ iansiclransi
Pa=J 5

(O p e n _fo rm ) rail e car + e Vbus +Gtransitntransit + e Vrail +Otransitntransit ( transit ) transit
ntransit

l ntransit ~ N (0’1)
N

Vrail +Gtransitntranist

Choice prob. p _ 1
(SlmUIated) rail N N char + eVbus+O-transitntrA;nist + eVrail+Gtransith]\]zznist




Error Component: NL (2)

Approximation of Nested Logit (NL)

Note that variance-covariance matrix i1s inconsistent
with normal NL
Normal NL

Car -

o’ 0 0
BUS 0 Lz O-tiansit
Rail 0 o o’

. transit —
Transit nest

Approximated NL based on MXL
n | 4 &
(
0 0 0 o> 0 0 o’ 0 0
; 02 + O 02 O = O Gtiansit + 02 Gtiansit
0 0 (72 0

transit transit
2 2 2
+ O

2 2
transit transit

transit transit




Error Component: CNL

Approximation of Cross Nested Logit (CNL)
Describe the nest (covariance) using structured g.

Road nest

Car - +V.,
Bus + Vbus
Rail rail
Transit nest
n y
2 2 0 ) n._..n ~N (O 1)
i O O O transit ° "l road ’
2 2 2
road transit + O o O
2 0 0 o°
O transit 8
2 2 2
road o O’roaa’ 0
2 2 2 2 2
= Oroad Groad transit o transit
2 2 2
0 transit transit +




Error Component: SCL

Approximation of Spatial Correlation Logit
Describe the spatial correlation using structured ».

Uzornl = ﬁXzornl +0 771 +0 T’Z + Vzornl

Uzorn2 = ﬁxzorn2 HOo 771 +t0 772 +0 773 I + Vzorn2
Uzorn3 = ﬁXzorn?) |O 772 0 173 0 174 + Vzorn3

Uzorn4 = ﬁxzorn4 +O nS O n4 + vzorn4
n 14 &
2 2 | 2 2 2
20, O, 0 2 0 0 0 o, +0 o, 0 0
2 2 2 2 2 2 2
o 300 of 0 .\ 0 o> 0 0 _ o, 200 +0 o
2 2 2 2 2 2 2
0 o, 300 o, 0 0 o 0 0 o 200 +0 o,
2
0 0 o, 20, 0 0 0 o 0 0 o, o, +of

5713 = N(O>1)



Error Component: HL

Approximation of heteroscedastic Logit
Assume the different error variance in each alternatives'

X|dentification problem occur in the case of not fixed one of the
parameters to zero at least.

£
Ucar = IH)(car + O-carncar + Vcar O'czar + (72 0 0
Ubus — IB)( bus + Gbusﬂbus + Vbus 0 O bzus + O 2 0
Urail — IB)( rail + O-rail nrail + Vrail 0 ’ 0 (o) rzaﬂ +O0 2
Ucar’ nbus’nrail ~ N(O’l)
o 1 o° =1
Assume heteroscedastic in error FIX! o,
g nEEmy ’
- Car: Low travel time reliability - Rail: High travel time reliability
=Error variance is large =Error variance is small

*consider only heteroscedasitc (lID assumption is not relaxed)



Random Coefficient (1)

Taste heterogeneity of decision maker

Parameters defined homogeneously in population. However,
decision maker n has different taste ( = heterogeneity)

Ucar,n T Ié?car,n + gcar,n Ucar,n T IQ@T'car,n + gcar,n

Segmentation (observable heterogeneity)

- Constant by gender : male’s constant: oo+ a;

Ucar,n :{[aO]+ al * malen] + IBITcar,n + gcar,n

Female’s constant; o

- parameter by gender :
male’s parameter: 3,

Uiorn =% {ﬂl}k male,*T,,, , 4'[182 ]k (1 —male, )* Lo

Female’'s parameter: B,
X 1 - male, = female,



Random Coefficient (2)

Parameter distribution (unobservable heterogeneity)

Assume the heterogeneity of parameter

=In the case of parameter following Normal dist., we estimate
the dist.’s hyper-parameter (mean and variance).

u...=BI.,. +V

car,n car,n car,n

an zN(_’O-Z)

UCCZI" n

+onT,

ar,n car,n

—B

;
B

AT,
bus N IB bus,n + O-nnTbus,n
IB ail ,n + GnnT;”all N n, = N(O,l)

rall N7} o unknown parameter

Hyper-parameter can describe using observable variables

B, =v,+yincome, [Bdepend on observable income variable



Summary of open-form models

Strengths

% Describe correlation between alternatives’ by EC
« MNP: all alternatives’ (relax and reduce by structuring)
« MXL: depend on approximated model

< Describe heterogeneity by RC
« Segmentation, parameter distribution---

Limitations

% High calculation cost in parameter estimation

« Open-form model has high dimensional integration.

« Recently, proposed high speed estimation methods

Ex: Bayesian estimation (MCMC) = see Train’s book
MACML.: analytical integration by Bhat et al.(2011)
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