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What is a hybrid choice model?

o Incorporates latent variables in choice model

0 Extends development of discrete
choice model to incorporate other
aspects of preference structure of the
chooser

0 Develops endogeneity of the
preference structure.
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Endogeneity

O "Recent Progress on Endogeneity in Choice Modeling" with Jordan Louviere
& Kenneth Train & Moshe Ben-Akiva & Chandra Bhat & David Brownstone
& Trudy Cameron & Richard Carson & J. Deshazo & Denzil Fiebig & William
Greene & David Hensher & Donald Waldman, 2005. Marketing Letters
Springer, vol. 16(3), pages 255-265, December.

o Narrow view: U(,j) = b’x(i,j) + (i,j), x(i,j) correlated with &(i,j)
(Berry, Levinsohn, Pakes, brand choice for cars, endogenous price
attribute.)

Implications for estimators that assume it is.

0 Broader view: Sounds like heterogeneity.

Preference structure: RUM vs. RRM

Heterogeneity in choice strategy - e.g., omitted attribute models
Heterogeneity in taste parameters: location and scaling
Heterogeneity in functional form: Possibly nonlinear utility functions
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Heterogeneity

o Narrow view: Random variation in
marginal utilities and scale
= RPM, LCM
= Scaling model
= Generalized Mixed model

0 Broader view: Heterogeneity in preference
weights
= RPM and LCM with exogenous variables

= Scaling models with exogenous variables in
variances

m Looks like hierarchical models
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Heterogeneity and the MNL Model

exp(a; +Bx;)

> exp(a; +B'x;)

P[choice ||1] =
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Observable Heterogeneity In

Preference Weights

Hierarchical model - Interaction terms

U, =a; +BiX; +75Z; +¢
B, =B+®h
Parameter heterogeneity is observable.

Each parameter B, =B, +¢h,
exp(a BI Ij V;Zi)

Prob[choice j|i] =
ZJ 1eXp(a BI ] V,Zi)
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‘Quantifiable’ Heterogeneity in Scaling

/ /
Uij =Q; +[3ixij +v.Z; +¢g;

Varle;,]=o7exp(8w,),0; =1° /6

|

w; = observable characteristics:
age, sex, income, etc.
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Unobserved Heterogeneity in Scaling
HEV formulation: U; =B'x; +(1/0;)g,
Generalized model withy =1 and I" = [0].
Produces a scaled multinomial logit model with B, =c,8

eXp(Bi’Xij)

Prob(choice;=j) = — 1=1..,N,j=1..,J

> exp(ix;)
The random variation in the scaling is
o, =exp(-t°/2+1wW)
The variation across individuals may also be observed, so that
c, =exp(-1°/2+1wW +8'Z)
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Generalized Mixed Logit Model

U(i,j) = Bx;; + Common effects + ¢
Random Parameters
B, =0,[B+Ah]+[y+o,(1-y)IlV,
=A%
A is alower triangular matrix
with 1s on the diagonal (Cholesky matrix)
2. is a diagonal matrix with ¢, exp(y.h,)
Overall preference scaling
o =exp(-1°/2+1w, +0'h]
T, =exp(A'r)
O<y<1
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A helpful way to view hybrid choice models

0 Adding attitude variables to the choice
model

o In some formulations, it makes them look
like mixed parameter models

o “Interactions” is a less useful way to
interpret
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Observable Heterogeneity in Utility Levels

Prob[choice ||1] =

! !
Uij =0 +B:X. +7,Z; +§;

exp(a; +Bx; +yjz)

]|

J0)
=1

exp(a P B'xij v V'Zi )

Choice, e.g., among brands of cars

X;y; = attributes: price, features

z, = observable characteristics: age, sex, income
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Unbservable heterogeneity in utility levels
and other preference indicators

Z,=b'w,; +0o

Multinomial Choice Mode

(Y-8

Prob[choice ||1] =

YiZi T &
exp(a; ¥B'x; +Yiz;)

J; (1) '

jil € (Gj +B xij + V’Zi)

Indicators (Measurement) Model(s)

1:m (Zi ’Vim
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Table 3 - Attribute importance ranking according to consumers

Ranking Attribute AYErage
standard score

1 Taste 6.74
2 Grape variety 6.51
3 Aroma 6.36
4 Previous experience 6.31
5 Type of wine (reserve. great reserve, etc.) 6.19
6 Colour 5.7

7 Harvest year 5.63
8 Meal matching 5.52
9 Winery 5.51
10 Friend's advice 5.51
11 Place of origin 5.48
12 Price 5.36
13 Critic's advice 431
14 Prizes and medals 4.81

Figure 1 - Screen-shot from the web-based choice experiment

2009
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L
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Table 4 - Levels considered for the six attributes selected
Level Label Design  Grape Variety  Alcohol content Advice Price Discount
1 Delicate  Cabernet Sauvignon 8.5 GL. None 100% %o
2 Contrast Merlot 11.0° G.L. Salesman 120%  10%
3 Natural Carménére 12.5° GL. Friend 130%  20%
4 - Syrah 14.5° GL. Critic  160% -




Discrete Choice Modeling
Hybrid Choice Models

[Part 13] 16/30

Observed Latent Observed

* /
y > oy y Z, =m,h, +U,

* ’
Z, =T,n, +U,

Buys bottles | know a lot about
2550 wines Z* / h + u
N°of bottles Choosinga bottle of 3 Tc3 3 3
bought wine at the %
supermarket can be — ( )
Consuming difficult (reversed) yl gl Zl ! 81
f /
requency There are expensive *
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MIMIC Model
Multiple Causes and Multiple Indicators
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4.2 HDC mode/

In the HDC model (Walker & Ben-Akiva 2002: Bolduc & Alvarez-Daziano 2010; Raveau er al.
2010) the wine attributes were interacted with three latent variables associated with the individuals:
sophistication, sociability and price-quality association. The model was estimated sequentially using
Python Biogeme (Bierlaire, 2003).

The utility function of any alternative can be written as follows:
Ui = Z Br X + Z Z YiXkNji + &

X;i 1s attribute & of alternative i. S h Oou I d be y Kl Xi Kk

n;1 1s the latent variable / of individual ;

g 1s a logit error (Gumbel distributed) Note. Alternative i, Individual j.

Where:

[ and y; are parameters to be estimated.
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= Z kaik+z Z VN X T €
K <

= Z kaik+z (Z Vkmujxik"'gij
= Z kaik+z (Fij)xik"'gij
= Z (Bk_i_rzj)xik_l_gij

k
This is a mixed logit model. The interesting extension
Is the source of the individual heterogeneity in the
random parameters.
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BuR - Business Ressanch
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“Integrated Model”

Incorporate attitude measures in preference

structure

5

structural relation ships in

fha discrete dhoice modal
shructural relation ships in

fhe latent variabla model

o === measurementrelationships
{adapied fiom Ben-Akie af al 1990, p 195)

—

—
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On estimation of Hybrid Choice Models
by

Denis Boldue!, Ricardo Alvarez-Daziano
Département d'économique

Université Laval.
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Uin = Xmﬁ + Vin [:1)

L 1 if {/'Tt'n = Lrjnzlvlj € Cn:j 7‘é i
Yin = { 0 otherwise. (2)

Structural equations

2 =12 + Bwp + o= (I — D) 'Bw, + (I, — )¢, G~ N(0,T)  (3)

Uy = XnB+ Cz" +vn (4)

Measurement equations

Li=a+ Az +en, £,~ N(0,0) (5)

0 otherwise, (6)

v — { 1 if Uppy > Ujn,¥j € Cp,j # i
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ldentification Problems

0 Identification of latent variable models
with cross sections

o How to distinguish between different
latent variable models. How many latent
variables are there? More than 0. Less
than or equal to the number of indicators.

o Parametric point identification
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On estimation of Hybrid Choice Models

by
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Département d'économique

Université Laval.

Latent Class Maodel

Explanatory
Variables X ICVL Model:
—TC attitudes + perceptions
A e P
Indicators | |- - - LA *\4—- . I__atem . F--» |Indicators | o
Classes z Variables z' T
G e | ~ & S
™ :
| Utilities @
\ U 7" Disturbances v §
T RP/SP, flexible @
I structures
(RP/SP) Choice
Indicators
¥
Choice Model

FIGURE 1 Hybrid Choice Model




Discrete Choice Modeling
Hybrid Choice Models

[Part 13] 28/30

Uin = Xmﬁ + Vin [:1)

L 1 if {/'Tt'n = Lrjnzlvlj € Cn:j 7‘é i
Yin = { 0 otherwise. (2)

Structural equations

2 =12 + Bwp + o= (I — D) 'Bw, + (I, — )¢, G~ N(0,T)  (3)

Uy = XnB+ Cz" +vn (4)

Measurement equations

Li=a+ Az +en, £,~ N(0,0) (5)

0 otherwise, (6)

v — { 1 if Uppy > Ujn,¥j € Cp,j # i
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Caution

BuR - Business Resaarch
Offical Open Access Jourmal of VHB
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Incorporating Latent Variables into Discrete
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Dvirk Temme, Institute of Marketing, Humboldt University of Berlin, Germany, E-Mail: termme@wiw . hu-berlin.de
Marcel Poulssen, HEC Hautes Etudes Commerciales, Université de Genéve, Switzerland, E-Mail : Marcel Pawlssen@unige of
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