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hen making product choices, consumers are influenced by the preferences of other consumers, such as

family members, friends, neighbors, and colleagues. Preference interdependence among family members
is likely to be significant because of cohabitation and strong emotional ties. To estimate the preference inter-
dependence, we specify a simultaneous equation model and propose a Bayesian estimation approach. Unlike
existing models that use a spatial autoregressive structure to capture the interdependence of consumer pref-
erences, we are able to estimate the potential asymmetry in the preference interdependence among family
members in a more flexible way. In a simulation study, we show that models that ignore interdependence of
preferences yield biased estimates of consumers’ sensitivity to observed attribute preferences. In an empirical
application, we estimate the interdependence of the viewership of television programs between husbands and
wives in 481 households. We find that wives’ viewing behavior depends more strongly on their husbands” view-
ing behavior than husbands’ viewing behavior depends on their wives” viewing behavior. There exist significant
differences in parameter estimates of dependence across categories of television programs. Differences in levels
of spousal interdependence across households are partially explained by the age and the education level of the

spouses.
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1. Introduction

When making product choices, consumers are influ-
enced not only by the attributes of the products they
consider buying but also by a host of other factors,
such as their experience with the product category,
their own needs and wants, the context of pur-
chase, and the preferences of other consumers such as
family members, friends, neighbors, and colleagues.
Consumers could be influenced by other individuals
when they identify with certain social groups, when
they aspire to be like others, or when they learn some-
thing new about products from others’ experiences
and preferences.

Preference interdependence among family mem-
bers is likely to be significant because of cohabitation
and strong emotional ties. In this research we pro-
pose a model for estimating how preferences among
family members are interdependent. In an empirical
application of the model, we estimate how husbands’
viewership of television programs is affected by their
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wives’ viewing intentions and how wives’ viewership
is affected by their husbands’ viewing intentions.

Although there can be little doubt that spouses
affect each other’s preferences, the nature of this
interdependence poses several interesting research
questions. For example, in the context of consumer
products, are husbands’ preferences more strongly
dependent on wives” preferences, or vice versa? How
does the magnitude of spousal preference interdepen-
dence vary across the products? For a given prod-
uct category, what is the level of heterogeneity in
the interdependence across families? Can this het-
erogeneity be explained on the basis of the demo-
graphic characteristics of the family members? Does
ignoring the interdependence of preferences between
spouses produce biased estimates of their sensitivities
to observed covariates such as product attributes and
state dependence? We answer these research questions
in the context of television programs aired on network
television.
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In this article we develop a hierarchical Bayesian
model of interdependent preferences between hus-
bands and wives in a television-viewing context.
We specify a parsimonious autoregressive structure
that captures the endogenous relationship between a
consumer’s viewing behavior and the viewing behav-
ior of his/her spouse. We demonstrate our approach
using two applications. The first application illustrates
our method on simulated data. The second appli-
cation is based on data of viewership of television
programs of husbands and wives in 481 households.
The results from the simulated data application show
that our Bayesian estimation approach performs well
in recovering the true parameters. More importantly,
we find that models that ignore interdependence can
yield biased estimates of consumers’ sensitivity to
observed attributes. The results from the second appli-
cation show that in the context of television programs,
husbands’ viewing intentions are less dependent on
wives’ viewing intentions than vice versa. We also find
significant differences in the estimates of interdepen-
dence across categories of television programs. Differ-
ences in levels of interdependence across households
are partially explained by the age and the education
level of the spouses.

Models to determine the preference interdepen-
dence among family members aid in the allocation
of resources for marketing programs. Knowledge of
asymmetry in interdependence can be used to effec-
tively direct marketing and media strategies. For
example, if a marketer knows that husbands’ view-
ership of TV is higher than that of wives, then she
would perhaps target marketing communication and
promotions more at husbands than at wives. How-
ever, the additional knowledge that wives affect their
husbands’ viewing behavior more strongly than hus-
bands affect their wives’ viewing behavior would
suggest a reallocation of marketing resources such
that wives are allocated a larger share of resources
than what was being allocated to them based on
viewership alone. Furthermore, determining relative
spousal preference dependence affects not only the
allocation of marketing resources but also the con-
tent of marketing communication such as advertising
themes.

The remainder of this article is organized as fol-
lows. In §2, we review the relevant literature and
explain how we extend it. In §3, we introduce the
model and propose a Bayesian estimation approach.
We also demonstrate the validity of the proposed
model in a simulation exercise. In §4, we discuss the
empirical application and its results. Section 5 con-
cludes with implications for future research.

2. Literature Review

Our study draws upon two streams of literature:
modeling interdependent consumer preferences and
modeling the choice of television programs.

Models of Interdependent Consumer Preferences.
Although the idea that consumer preferences are
interdependent is not new (see Duesenberry 1949 and
Leibenstein 1950), empirical models of consumer deci-
sion making typically ignore the fact that preferences
are interdependent. Economic models of choice often
assume that a consumer’s latent utility is a function
of brand and attribute preferences, not the preferences
of others. Preferences are assumed to vary across
consumers in a manner described either by exoge-
nous covariates such as demographics or by indepen-
dent draws in a mixing distribution (Kamakura and
Russell 1989, Allenby and Rossi 1998). However, there
is a small but growing body of literature in quanti-
tative marketing and economics that recognizes and
models the interdependence of consumer preferences.

Case (1991) studies the interdependent preferences
of rice consumption in Indonesia by modeling the
spatial patterns in household demand for rice. Smith
and LeSage (2004) estimate a spatial autoregressive
model that captures spatial dependencies in voting
behavior in the 1996 American presidential election.
Using cross-sectional survey data on the household
consumption of several product categories, Kapteyn
et al. (1997) model the expenditure of a household
in a category as a function of the mean expendi-
ture of households of various reference groups in the
same time period. Households are grouped together
based on the education levels, ages, and occupa-
tions levels of household members. Yang and Allenby
(2003) model how consumer preferences of cars are
impacted by the preferences of multiple networks of
consumers. They estimate the degree of overall asso-
ciation among consumers based on their geographi-
cal proximity and on similarities in their demographic
characteristics.

Our objective is to propose a model for estimat-
ing the interdependence between the preferences of
two types of consumers (husbands and wives). Inter-
dependence, in our context, is defined as the direct
impact of the husband’s (wife’s) viewing intention
on the wife’s (husband’s) viewing intention. In our
model, the covariation between the husband’s and
the wife’s viewing intentions has been decomposed
into observed covariation and unobserved covaria-
tion. The observed covariation is due to the observed
spousal characteristics. The unobserved covariation is
further attributed to two components: the unobserved
spousal characteristics, and the direct impact of hus-
band’s viewing intention on wife’s viewing intention
and vice versa. It is this direct impact of the spouses’
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viewing intentions on each other that we define as
interdependence.

For such a scenario, where we estimate the depen-
dence of one type of consumer’s (husband’s or wife’s)
preferences on another type of consumer’s (his/her
spouse’s) preferences, existing models of interdepen-
dent consumer preferences assume that preference
interdependence is symmetric. In other words, the
level of dependence of husbands on wives is con-
strained to be the same as the level of dependence of
wives on husbands. We are able to relax the assump-
tion of symmetric interdependence in this study and
estimate separate parameters for the dependence of
husbands on wives and for the dependence of wives
on husbands.

The consumer behavior of husbands and wives
typically has been studied in the context of group
decision making. This literature differs from the lit-
erature on interdependent consumer preferences in
the following way. Models of group decision making
often study how an individual consumer’s prefer-
ence influences the joint group preference. Models
of interdependent consumer preferences, however, do
not focus on the joint decision making, but rather
focus on studying how one individual’s behavior and
his/her latent preferences (or behavioral intentions)
are dependent on those of other individuals. Unlike
studies of group decision making, an implicit assump-
tion in these studies of preference interdependence is
that an individual’s preference can depend on that of
others even if that individual’s decision is made with-
out others being physically present in that decision-
making context. For example, a consumer’s choice
of automobiles might be dependent on the choices
of her colleagues or her neighbors, even when her
colleagues and neighbors are absent from the place
where she actually makes her choice. We now briefly
review the literature on the joint decision making.

In the context of group decision making, inferences
about group members’ influences on the joint deci-
sion have been based on either stated or outcome-
based data. The stated approaches use measures such
as a constant sum scale to assess influence (Corfman
1989, 1991). On the other hand, the outcome-based
approaches infer influence from data about the indi-
vidual preferences of each consumer and from the
outcome of a joint decision. Using conjoint analysis
data, Krishnamurthi (1988) proposes three models
that combine individual preferences of MBA students
and their spouses to approximate joint preferences
and predict joint decisions. Arora and Allenby (1999)
develop a hierarchical Bayesian model of group deci-
sion making that uses conjoint analysis data and
yields individual-level estimates of influence at the
product attribute level. Su et al. (2003) study tem-
poral effects in husband-wife decision making using

conjoint analysis data. Aribarg et al. (2002) use stated
preference data to decompose member influence in a
group’s (parents and teenage children) decision into
two distinct elements of “preference revision” and
“preference concession.”

We specify a parsimonious simultaneous equation
model and estimate the spousal interdependence on
viewership of television programs. Similar to the
extant research on modeling interdependence pref-
erences, we observe the actual viewing behavior of
individuals, based on which we infer the asymmet-
ric preference dependence structure.! Furthermore,
unlike existing studies of group decision making, we
are able to explicitly control for state dependence
because we have data across two years.

Models of Choice of TV Programs. The allocation
of billions of dollars of TV advertising expenditure
every year is done largely on the basis of predicted
viewership of TV programs. However, the literature
on modeling choice or viewership of TV programs
is relatively scarce, presumably due to the difficulty
of obtaining disaggregate data on viewers’ choices
of TV programs. The following is a brief review of
the empirical modeling literature on the choice of TV
programs.

Aggregate models that predict viewership of pro-
grams have been proposed by Gensch and Shaman
(1980), Horen (1980), and Henry and Rinne (1984).
Pioneering work in the area of modeling TV pro-
gram choice was done by Rust and Alpert (1984). The
authors specify the utility of viewing a program as
a function of her demographics, the categories of TV
programs, and an “audience flow state” variable that
represents TV-related characteristics. Rust, Kamakura
and Alpert (1992) build a multidimensional scaling
map for programs, based on the similarity of view-
ers’ choices. They then use this space to develop a
program choice model. Shachar and Emerson (2000)
extend Rust and Alpert (1984) by introducing a new
program characteristic—the demographic characteris-
tics of a program cast—and by incorporating a more
flexible measure of state dependence.

More recently, Danaher and Mawhinney (2001)
use experimental data to develop a method for the
rescheduling of TV programs to maximize the total
viewership for one television network across one
week. Goettler and Shachar (2001) specify a structural
model of TV program choices that explicitly consid-
ers competition among shows and state dependence
in choices. This model is used to estimate latent pro-
gram attributes and to compute Nash equilibria of

! Because we do not observe whether the viewership of programs
in our data is the result of joint or individual decision making, we
refrain from claiming that we are estimating spousal “influence.”
We thank the review team for pointing this out.
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a program location game. They find that networks’
scheduling strategies are generally optimal. Moshkin
and Shachar (2002) find that viewers” utilities of view-
ing TV programs depend not only on their previ-
ous program choices, but also on the dependence
of their information sets on their previous choices.
Godes and Mayzlin (2004) find that word of mouth
has explanatory power in a model of TV ratings.
Liu et al. (2004) theoretically model the competition
between commercial TV broadcasters, and find that
having more channels does not necessarily maximize
viewer welfare.?

All these studies ignore the potential interdepen-
dence between the viewership of different household
members. This article proposes a structural model
that captures the interdependence of husbands’ and
wives” program viewership. Through a simulation
study and an empirical application, we demonstrate
that models that ignore the viewership interdepen-
dence between spouses yield biased estimates of
spouses’ sensitivities to observed attributes.

3. A Model for Estimating the
Interdependence of Preferences of

Husbands and Wives

In this section, we first present a model aimed at
estimating the preference interdependence between
husbands and wives. We then introduce a Bayesian
method to estimate such a model via data augmenta-
tion. Finally, through a simulation exercise we demon-
strate the validity of the proposed estimation method,
demonstrate that the model is empirically identified
even with sparse data, and illustrate the biases due to
ignoring the preference interdependence.

Consider a model where we observe the husband’s
consumption (y,’]’) and the wife’s consumption (y/)
of product j in household i. We further assume that
both the husband’s and the wife’s consumptions are
driven by the latent utilities, ylhj and yj, which
have the following relationships with the observed
consumptions:

ys =y iy, >0, (1a)
yi =0 ifyy <0, (1b)

where k stands for either husband (h) or wife (w).
This will be a standard Type 1 Tobit model (Tobin
1958, Amemiya 1985) if we assume the latent utility
is normally distributed.

2 A related stream of literature is the modeling of consumer choices
of movies. Recent work in this area includes Ainslie et al. (2005)
and Krider et al. (2005). The reader is referred to Eliashberg et al.
(2005) for a comprehensive review of the movie industry literature.

We incorporate interdependence in the husband’s
and the wife’s latent utilities in the following struc-
tural manner, where the latent utility of an individual
directly affects the latent utility of his/her spouse,

yi] Xh/Bh +yl] whw + 8,]1 (2a)
v =X{'BY +yp o + £, (2b)
where
[s,/, &l ~MVN(0, ), 3)
Bz:[ ', B ~MVN(B, ¥). 4)

Xf} (Xj) is a vector of explanatory variables that are
specific to the husband (wife) and variables that are
common to both husband and wife. The usual iden-
tification condition, that there is at least one variable
in each of Xf]’ and Xj/ that is not included in the
other vector, holds. The observed similarity in pref-
erences between spouses is captured by Xh " and
Xi By " measures the direct effect of w1fe s util-
ity on husband’s utility, and " measures the direct
effect of husband’s utility on wife’s utility. 2 captures
potentially the unobserved covariation between the
husband’s and the wife’s latent utilities.

Note that Equations (la), (1b), (2a), (2b), and (3)
form a full-blown simultaneous equation model with
the limited dependent variables y and yj;. both being
endogenous. This is because w"” and o*" are not con-
strained to be zero, and there is nonzero covariance
between &' and . This leads to correlation between
yir (yi) and &} and correlation between yii' (y;)
and &j;. There are two challenges in estimating such
a structural model. First, the endogenous variables
are truncated, which renders a likelihood function
of a complicated form because it involves multiple
integrals when either %‘7‘ or yj;. equals zero. The like-
lihood is further complicated by the random coeffi-
cients specification of the coefficients of the exogenous
covariates, ;. Second, the proposed model is more
generalized than a fully recursive model that can be
obtained by restricting either /™ or " to 0. The
fully recursive model can be simplified to a seem-
ingly unrelated regression (SUR) model (Zellner 1971,
Li 1998) and is therefore simpler to estimate than the
proposed model.

In this paper, we propose a Bayesian approach
to estimating the proposed simultaneous equation
Tobit model. Our estimation approach is based on the
framework introduced by Chib (1992) for the estima-
tion of a Tobit censored regression model, but extends
that model to a simultaneous equation setting. We use
data augmentation (Gelfand and Smith 1990, Tanner
and Wong 1987) to generate the latent utilities. Thus,
we are able to respecify the proposed simultaneous
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equation model with limited dependent variables as
a set of linear simultaneous equations. This leads
to a Markov chain Monte Carlo (MCMC) solution.
Rather than directly estimating the structural param-
eters, we choose to work with the reduced form of
Equations (2a) and (2b):

]/,h]'* _ Hll [X:;/Blh] + Hu[Xl?]{HBZZ_v] + UZ,, (5a)

v =T X0 B+ Tl XE B 407, (5D)

where
1
Hll = 1 — whwwh ’ (6a)
whw
mo—_ @ 6b
12 1 — whwgwh’ ( )
wwh
HZ] = 1 — w'wgwh ’ (6C)
1
HZZ = 1 — hwgwh 4 (6d)
and
v = [UZ‘/ 0] ~MVN(0, Q), ?)
where
Q=I-W)'SI-W)", 8)
0 whw
W= : 9
|:wwh 0 j| ( )

The basic Gibbs sampling routine starts with drawing
the latent utilities yj and yj", conditional on all the
other parameters. This involves generating yl’]’ (y}f*)
from a truncated normal distribution conditional on
yi" (yi) if yii =0 (yi = 0). The second step involves
drawing IIs and (. This becomes a standard rou-
tine, because y; and yj" are available from the first
step. Note that the following relationships between
the reduced-form parameters (IIs and ) and the
structural parameters (0", 0", and ) enable us to
identify the structural parameters:

" =11;,/T1,, (10a)

o =TI, /Ty, (10b)

S=(1-W)Q(I-W). (11)

Finally, conditional on yi”/—*, yi‘/‘-’*, 0", 0¥, and 3, we

can generate (3, ,é, and ¥, as is done in a stan-

dard Bayesian random coefficients regression based
on Equations (2a), (2b), and (4).

This method of estimation requires specification of
prior distributions of the model parameters, and the
derivation of the posterior conditional distributions
of the model parameters. We set the prior distribu-

tions of the model parameters to be diffuse and conju-
gate. The Markov chain proceeds by generating draws

iteratively from the set of conditional posterior dis-
tributions of the parameters. A detailed description
of the full conditional distributions is provided in the
appendix.

We now present a simulation study that intends
to achieve the following three objectives. The first
objective is to demonstrate the validity of the MCMC
estimation procedure for estimating the proposed
model. The second objective is to demonstrate that the
proposed model is empirically identified even with
sparse data. The third objective is to ascertain the
level of bias in the parameter estimates of exogenous
covariates if spousal interdependence is ignored, and
to explore whether the level of bias depends on the
level of interdependence.

Validity of the Estimation Procedure. The simu-
lated data set comprises 500 households, with 50 ob-
servations per household. We assume 10 exogenous
covariates generated from standard normal distribu-
tions. All covariates vary both within and across indi-
viduals, enabling us to estimate random effects for all
covariates. We compute latent utilities for all obser-
vations based on certain values of the parameters
and then compute the observed consumptions of both
spouses based on the censoring procedure described
in Equations (1la) and (1b). We specify the following
true values:

0" =05, ®™" =028,

g O 1.0 0.5 _
2: = ’ ﬁ:[l,,l],
o, O3 05 1.0

w

and ¥ is a matrix with all diagonal elements = 0.1
and all other elements = 0.05. We run the Markov
chain for 2,000 iterations and use the last 1,000 itera-
tions for calculating the posterior means and standard
deviations of the parameters. We find that all true
parameter values lie within the 95% highest posterior
density intervals of their respective posterior distribu-
tions. We also ran the simulation study for different
true values of the interdependence parameters w”
and o™ to investigate whether this method can be
used to estimate asymmetric interdependence across
a wide range of parameter values. The true parameter
values were again recovered. Thus, we conclude that
the proposed model is statistically identified and that
our estimation method is valid.

Empirical Identification with Sparse Data. To en-
sure that the model is fully identified even with
sparse data (data in which a large proportion of con-
sumption observations are zero), we conduct a simu-
lation where the independent variables are the same
as what we use for the empirical application. Based on
these independent variables, and the parameter esti-
mates that we obtain from our empirical analysis, we
compute the latent utilities of all consumers and prod-
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ucts. In this way, the data we use in this simulation
very closely mimic the actual TV-viewing behavior we
observe in our data set. We are again able to recover
the parameter values, which shows that the proposed
model is empirically identified with the real data.

Biases Due to Ignoring Spousal Interdependence.
The third objective of the simulation study is to ascer-
tain the level of bias in the parameter estimates of
exogenous covariates if spousal interdependence is
ignored. We use simulated data but assume away
the interdependence in the estimation, i.e., o™ =0,
0" =0. Indeed, we find that the posterior means of
the random effects of the exogenous covariates are
biased. Also, the covariance matrix of the error terms
is biased. Furthermore, the larger the true absolute
values of @"* and w™", the larger the bias in the esti-
mates of the other parameters.

We conclude that the proposed estimation proce-
dure is valid, even with sparse data. Furthermore,
models that do not take into account the interde-
pendence of consumer preferences produce biased
estimates of the effect of other covariates. Detailed
results of the simulation studies are available from the
authors upon request.

4. Empirical Application

The data used in this application were collected by
AC Nielsen from a national sample of respondents
utilizing People Meters during November 1996 and
November 1997. The People Meter requires respon-
dents to press a button on the Nielsen monitor when
viewing TV. The data on viewers’ program viewer-
ship were made available by CBS, one of the four
major television network companies.

The viewership of a program by a viewer is defined
as the ratio of the total time that the viewer viewed
the program for the entire month to the total time the
program was aired in that month. We focus on 51 pro-
grams that were aired in November 1996 and also in
November 1997, between 6:30 r.M. and 11 p.M. on the
four network channels (CBS, ABC, NBC, and FOX). In
our empirical application, we estimate the model on
data for 1997, and use program viewership for 1996
to account for state dependence. Based on the cate-
gorization of programs by AC Nielsen, each program
in our data belongs to one of the following three cat-
egories: drama, comedy, or news/documentary. This
categorization is commonly used by television pro-
grammers, media planners, and market researchers.

The data set contains data pertaining to both the
husband and the wife in each household across
500 households. Nineteen of these households did not
watch any of the 51 programs and were excluded
from the data set used for model estimation. Table 1
reports the program-level summary viewership of

husbands and wives and their correlations. The pro-
gram with the highest viewership among both hus-
bands and wives was “E.R.” The program with lowest
viewership among both spouses was “ABC WORLD
NEWS TONIGHT SP(S)” aired on November 28.
Comedy was the most-viewed category and news
was the least-viewed category for both spouses. The
average correlation between husbands’ and wives’
viewership across the 51 programs was 0.506, with
viewership of the news programs being least corre-
lated, followed by comedy and then by drama. It
might be argued that for any program, the correla-
tion between husbands’ and wives’ viewership is a
measure of spousal interdependence. However, it is
impossible to infer the direction of interdependence
from this measure. The proposed model decomposes
the covariation of spousal preferences into the direct
interdependence (captured by " and »®"), observed
similar preferences (captured by X’'B), and unob-
served preference covariation (captured by ).

Our data also include household-specific demo-
graphics like household size and the number of chil-
dren in the household. At an individual level, we
have data on gender, age, and level of education.
Table 2 reports the summary statistics of demographic
characteristics of all 962 viewers.

We assume that the viewership yf-‘j is related to the
latent variable yf of viewer k (k = h, w) in house-
hold i for program j. We interpret the latent vari-
able yj for viewer k (k =h, w) in household i as this
viewer’s intention to view program j.3> We observe
that 77.8% of the program viewership in our data
is zero. In other words, out of the 51 programs in
our data set, on an average, a viewer views only
11 programs in that month. When a viewer views
a program, she has a positive viewership and her
latent viewing intention is equal to her viewership as
defined in Equation (1a). Therefore, a viewer’s latent
viewing intention cannot exceed one. As such, assum-
ing v to be normally distributed could be a misspec-
ification. We circumvent this problem by applying the
following transformation for both h and w:*

14y . .
10g< ”)=y?-2 if v >0,
1_%1; i ]

(12a)

yi =0 if yi <0. (12b)

% We refrain from interpreting yl’?j* as the latent utility of viewing a
program. In the TV-viewing context, it is possible that the program
an individual views is not the program that maximizes his utility
but really a compromise between his utility-maximizing choice and
his spouse’s utility-maximizing choice. In that sense, viewership
does not necessarily indicate preference or utility. We thank the AE
for pointing this out.

* Two hundred forty out of a total of 49,062 observations of viewer-
ship in our data are equal to 1. Because this transformation is not
defined for yf =1, we replace y5 =1 with yj =0.99999 for these
observations.
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Table 1 Program-Level Viewership of Hushands and Wives

Correlation between

Average Average husbands’ and
S. no. Program name Category  Channel  viewership—husband  viewership—wife wives’ viewership
1 3RD ROCK FROM THE SUN Comedy NBC 0.0453 0.0642 0.6071
2 BOY MEETS WORLD Comedy ABC 0.0324 0.0529 0.5058
3 CAROLINE IN THE CITY Comedy NBC 0.0376 0.0676 0.4614
4 COSBY Comedy CBS 0.0361 0.0528 0.6392
5 CYBILL Comedy CBS 0.0358 0.0543 0.6369
6 DREW CAREY SHOW Comedy ABC 0.0834 0.1094 0.5703
7 ELLEN Comedy ABC 0.0547 0.0797 0.5633
8 EVERYBODY LOVES RAYMOND Comedy CBS 0.0390 0.0565 0.6857
9 FRASIER Comedy NBC 0.0570 0.0863 0.6379
10 HOME IMPROVEMENT Comedy ABC 0.0925 0.1338 0.5047
1 MAD ABOUT YOU Comedy NBC 0.0330 0.0784 0.4027
12 MEN BEHAVING BADLY Comedy NBC 0.0395 0.0362 0.6397
13 MURPHY BROWN Comedy CBS 0.0181 0.0381 0.3673
14 NANNY Comedy CBS 0.0222 0.0526 0.4261
15 NEWSRADIO Comedy NBC 0.0332 0.0655 0.4681
16 SABRINA-TEENAGE WITCH Comedy ABC 0.0322 0.0601 0.5171
17 SEINFELD Comedy NBC 0.1349 0.1667 0.5090
18 SPIN CITY Comedy ABC 0.0471 0.0551 0.4676
19 SUDDENLY SUSAN Comedy NBC 0.0329 0.0552 0.5204
20 BEVERLY HILLS 90210 Drama FOX 0.0310 0.0493 0.7097
21 CHICAGO HOPE Drama CBS 0.0428 0.0694 0.5449
22 DIAGNOSIS MURDER Drama CBS 0.0216 0.0409 0.4315
23 DR. QUINN MEDICINE WOMAN Drama CBS 0.0268 0.0496 0.6569
24 E.R. Drama NBC 0.1458 0.2160 0.5034
25 EARLY EDITION Drama CBS 0.0392 0.0622 0.6886
26 LATE SHOW/DAVID LETTERMAN Drama CBS 0.0168 0.0218 0.5356
27 LAW AND ORDER Drama NBC 0.0526 0.0613 0.5697
28 MELROSE PLACE Drama FOX 0.0265 0.0494 0.3989
29 MILLENNIUM Drama FOX 0.0320 0.0382 0.4629
30 NASH BRIDGES Drama CBS 0.0390 0.0494 0.5799
31 PARTY OF FIVE Drama FOX 0.0300 0.0565 0.5770
32 PRETENDER Drama NBC 0.0384 0.0333 0.6917
33 PROFILER Drama NBC 0.0363 0.0513 0.6705
34 PROMISED LAND Drama CBS 0.0284 0.0456 0.5526
35 TONIGHT SHOW Drama NBC 0.0287 0.0377 0.6458
36 TOUCHED BY AN ANGEL Drama CBS 0.0475 0.0720 0.5686
37 X-FILES Drama FOX 0.1014 0.0954 0.7179
38 20/20 News ABC 0.0510 0.0979 0.4144
39 48 HOURS News CBS 0.0285 0.0416 0.3615
40 60 MINUTES News CBS 0.0442 0.0364 0.4601
41 ABC NEWS:NIGHTLINE News ABC 0.0171 0.0213 0.3814
42 ABC NEWS:NIGHTLINE News ABC 0.0232 0.0139 0.1886
43 ABC WORLD NEWS TONIGHT News ABC 0.0272 0.0335 0.4603
44 ABC WORLD NEWS TONIGHT SP(S)-11/28/1996 News ABC 0.0079 0.0037 0.0879
45 CBS EVENING NEWS-RATHER News CBS 0.0260 0.0317 0.4182
46 CBS EVENING NEWS-THU(S)-11/28/1996 News CBS 0.0123 0.0119 0.4503
47 DATELINE NBC-FRI SPECIAL(S)-11/29/1996 News NBC 0.0139 0.0253 0.0832
48 DATELINE NBC-SUN News NBC 0.0301 0.0277 0.4941
49 DATELINE NBC-TUE News NBC 0.0428 0.0847 0.4774
50 NBC NIGHTLY NEWS News NBC 0.0239 0.0293 0.4721
51 PRIMETIME LIVE News ABC 0.0493 0.0733 0.4295
We incorporate spousal interdependence in the hus-  intention of an individual directly affects the latent

band’s and the wife’s latent viewing intentions in  viewing intention of his/her spouse.
the following structural manner.”> The latent viewing

]/:]1 = X]»(if1 + Rf}yf’c + 78" + yf]’.’*whw + &t (13a)

ij’r

* — Xje];u + R;}'Vfﬁ +Zl]-15w “l‘y,}]l* wwh + 871}} (13b)

>We adopt a linear specification for the latent viewing intention,
which has been used in most empirical models of TV-viewing w
choices. Yij
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Table 2 Demographic Characteristics of All Viewers
Demographic Variable No. of % of all
variable value Meaning viewers viewers (%)
Household income 1 <$20,000 48 5.0
(annual) 2 $20,000-$29,999 60 6.2
3 $30,000-$39,999 146 15.2
4 $40,000-$49,999 144 15.0
5 $50,000-$59,999 168 17.5
6 $60,000 or higher 396 41.2
Number of children 2 Zero or one child 338 3541
under 18
3 More than one 624 64.9
child under 18
Household size 3 Three or fewer people 234 24.3
4 Four or more people 728 75.7
Age 1 <25 16 1.7
2 25-34 253 26.3
3 35-44 480 49.9
4 45-54 192 20.0
5 55-64 14 1.5
6 65+ 7 0.7
Education 1 Less than 8 years 332 345
grade school
2 1-3 years high school 185 19.2
3 4 years high school 280 29.1
4 1 or more years 165 17.2
of college

In this model, @"® measures the effect of the wife’s

viewing intention on her husband’s viewing inten-
tion for all 51 programs. ™" measures the effect
of the husband’s viewing intention on his wife’s
viewing intention for these programs. X; is a vec-
tor that includes the intercept term and the program
characteristics of program j. Specifically, other than
the intercept, X; comprises dummy variables that
indicate which category the program belongs to and
which channel it was aired on. R} and R are the
vectors of the viewership of program j in the month
of November 1996 of husband and wife, respectively,
and capture the effect of state dependence on the
viewer’s utility. 6! and 6" are the individual-level
parameter vectors of husbands and wives that capture
the effect of observed product characteristics. y!. and
v capture the effect of state dependence across each
category ¢ (¢ =1,2,3) of programs. Z! and Z¥ are
vectors of the demographic characteristics of the hus-
band and wife, respectively, comprising age, educa-
tion, number of children in the household, household
size, and household income. An important element of
these vectors is the total viewing time of the viewer,
which is the total number of minutes a viewer views
all 51 programs in our data for November 1997. This
variable serves as a proxy for the overall propensity
of a viewer to watch TV. By including this variable,
we intend to control for the effect of a viewer’s TV
viewing propensity on his/her intention to view a

specific program. 6" and 6“ measure the fixed effects
of demographics and total viewing time across house-
holds. The vector of individual-level coefficients, 8; =
[6" v 6% y*] is normally distributed as in Equa-
tion (4).

To understand how spousal interdependence varies
with the demographic characteristics of the spouses
and across different categories of programs, we adopt
the following estimation strategy.® We divide our
sample of 481 households into four (2 x 2) groups
based on the sum of ages of the spouses (two levels)
and the sum of their education levels (two levels).
Age and education are two demographic variables
that we believe may drive the difference in the level
of spousal interdependence across families. For exam-
ple, the interdependence may be stronger in older
families than in younger families, and more-educated
families may have a different interdependence pat-
tern compared with less-educated families. It is this
expectation that leads us to formulate this segmen-
tation scheme. We further allocate each observation
in each of these four demographic groups into three
mutually exclusive subgroups based on the category
of the program in that observation. As such, all our
observations are divided into 4 x3 = 12 segments
(s=1,...,12). We then estimate fixed effects for the
parameters of spousal interdependence (o and w®")
for each of these 12 segments. This enables us to esti-
mate differences in interdependence across program
categories and important household demographics
such as age and education. To reflect this procedure,
we rewrite Equations (13a) and (13b) as follows:

vii =X0] + Rjyic+ Z/8" +yj o + i (14a)

v =X,07 + RYy 4+ 218" + i o . (14b)
0" and " are estimated at a segment-specific level,
so they vary across the 12 segments but do not vary
across the households within a segment.

Model Comparison. We compare the proposed
model with some benchmark models. The model fit
is measured based on the logmarginal density calcu-
lated using Newton and Raftery’s (1994, p. 21) impor-
tance-sampling method.

Model 1 is a simultaneous equation Tobit model
that assumes away the direct interdependence of
spousal viewing intentions. In this model, the effects
of all covariates are fixed across households. How-
ever, we allow the error terms of the viewing inten-
tions of both spouses to be correlated. In this way, we
do capture the unobserved covariance of the viewing

¢ Because for most viewers (husbands or wives) the viewership of a
majority of programs is zero, we are not able to estimate individual
and program-category specific interdependence parameters.
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intentions. In Model 2, we estimate the fixed effects
of all exogenous covariates as well as the parameters
of interdependence, ®"* and w™". However, we con-
strain @"® and w™" to be the same—i.e., we assume
that interdependence is symmetric. Model 3 is dif-
ferent from Model 2 in that it allows for asymmetry,
ie., " and 0™ are not the same. However, here we
constrain the sum of the parameters of interdepen-
dence to equal 1. In Model 4, we do not constrain the
parameters of interdependence in any manner. All of
Models 1 to 4 assume fixed effects of all covariates. In
Model 5, which is our proposed model, we account
for consumer heterogeneity in both attribute sensitiv-
ity and dependence parameters across households, as
specified in Equations (14a) and (14b).

The following are the logmarginal densities of the
five models. Model 1: —32,029.1, Model 2: —32,207.0,
Model 3: —32,706.6, Model 4: —31,987.6, and Model 5:
—30,588.1. The higher in-sample fit of Model 1 as
compared to Models 2 and 3 indicates that estimating
the interdependence parameters under constraints of
equality or of constant sum leads to worse in-sample
fit. Also, it is better to model the direct interdepen-
dence, as we do in Model 4, than to only capture it as
a covariance parameter, as we do in Model 1. Finally,
there exists considerable heterogeneity in the response
parameters across households and across categories of
programs, which explains why Model 5 fits the data
better than Model 4.

We now report the estimation results from Model 5
based on the data of viewership of television pro-
grams. In this application, we estimate the depen-
dence of husbands’ latent viewing intentions on their
wives and the dependence of the wives’ latent view-
ing intentions on their husbands. Furthermore, we
explore differences in spousal interdependence across
program categories and across the demographic char-
acteristics of household members. Finally, we also
report how spouses’ latent intentions of viewing tele-
vision programs depend on program attributes, state
dependence, and their demographic characteristics.

Table 3

Asymmetric Interdependence. To assess the level
of asymmetry in interdependence across all house-
holds and across all program categories, we estimate
a model where we specify ©"* and o™ to be the same
across all households and TV programs. Our estimate
of " is 0.2976 (standard deviation = 0.0265) and that
of w®" is 0.5022 (standard deviation = 0.0496). In other
words, the dependence of wives on their husbands’
intentions of viewing TV programs is greater than the
dependence of husbands on their wives’ intentions of
viewing TV programs. This provides evidence of the
existence of asymmetric interdependence of spouses’
intentions of viewing television programs.

Differences in Interdependence Across Program
Categories and Household Demographic Groups.
Coefficient estimates of interdependence for each of
the three program categories (drama, comedy, and
news) and the four demographic groups are reported
in Tables 3, 4, and 5.

We find that for news programs, wives’ viewing
intentions are affected by their husbands’ viewing in-
tentions to a greater extent than husbands’ viewing
intentions are affected by their wives’ viewing inten-
tions. This result holds irrespective of the age and
education level of spouses. However, for the comedy
and drama categories, patterns of interdependence
show considerable variations across the demographic
groups.

For comedy programs, the dependence of hus-
bands’ viewing intentions on wives’ viewing inten-
tions is higher for more educated couples. Also,
this dependence is higher among older couples than
among younger couples. On the other hand, depend-
ing on the age and education levels of spouses, the
effect of husbands on their wives’” viewing intentions
is either statistically insignificant or negative.

For drama programs, the result that wives’ viewing
intentions are affected by their husbands to a greater
extent than husbands’ viewing intentions are affected
by their wives holds for all spouses the sum of whose

Interdependence of Spouses’ Viewing Intentions for the “Drama” Category of TV Programs Across Demographic
Groups—Posterior Means and Standard Deviations

Dependence of hushands’ viewing
intentions on wives’ viewing intentions

Dependence of wives’ viewing intentions
on hushands’ viewing intentions

Sum of ages of
spouses < 90

Sum of ages of
spouses > 90

Sum of ages of
spouses < 90

Sum of ages of
spouses > 90

Sum of education level of spouses < 8* 0.3760
(0.0428)
Sum of education level of spouses > 8* 0.3186
(0.0464)

0.2865 0.5389 0.2646
(0.0540) (0.0945) (0.1616)
0.3596 0.5510 0.5383
(0.0514) (0.0827) (0.1171)

*The education level of viewers is measured on the following 5-point scale. 1—Less than eight years grade school; 2—O0ne to three
years grade school; 3—Four years high school; 4—0ne to three years college; 5—Over three years college. Coefficient estimates
whose posterior 95% confidence interval does not contain 0 are in bold.
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Table 4

Interdependence of Spouses’ Viewing Intentions for the “Comedy” Category of TV Programs Across Demographic
Groups—Posterior Means and Standard Deviations

Dependence of husbands’ viewing
intentions on wives’ viewing intentions

Dependence of wives’ viewing intentions
on hushands’ viewing intentions

Sum of ages of
spouses < 90

Sum of ages of
spouses > 90

Sum of ages of
spouses < 90

Sum of ages of
spouses > 90

Sum of education level of spouses < 8* 0.2257
(0.0416)
Sum of education level of spouses > 8* 0.3573
(0.0413)

0.2970 0.1531 —0.8080
(0.0474) (0.1195) (0.3287)
0.3839 0.1998 0.2197
(0.0563) (0.1201) (0.1686)

*The education level of viewers is measured on the following 5-point scale. 1—Less than eight years grade school; 2—One to three
years grade school; 3—Four years high school; 4—O0ne to three years college; 5—Over three years college. Coefficient estimates
whose posterior 95% confidence interval does not contain 0 are in bold.

ages is less than 90. For older couples, the asymme-
try in interdependence also depends on the education
levels of the spouses.

Effect of Other Covariates on Individual’s View-
ing Intentions. The effects of other covariates on
spouses’ viewing intentions for Model 5 are pre-
sented in the last column of Table 6. Consistent with
the literature on modeling of TV program choice
(Shachar and Emerson 2000, Goettler and Shachar
2001), we find that viewers’ intention to view a
program is affected by their own past experiences.
Table 6 (Model 5) shows that state dependence has
a strong effect on both spouses across program cate-
gories. For husbands, the effect of lagged viewership
is larger for the news category and drama category
than for the comedy category. For wives, the effect
of lagged viewership is the largest for the drama cat-
egory and the least for the news category. Overall,
the state dependence is larger for wives than for hus-
bands. As the wife’s age increases, her viewing inten-
tion lowers. On the other hand, demographics do not
significantly predict the variation of husbands’ view-
ing intentions.

Table 6 also compares the estimates of the coeffi-
cients of the exogenous variables of Model 1, Model 4,

Table 5

and Model 5. We find that the magnitudes of many of
the parameter estimates are different in Model 4 from
those in Model 1, reflecting the bias that might creep
in if the direct spousal interdependence of viewing
intentions is ignored. We also find that the magni-
tudes of many of the parameter estimates are different
in Model 5 from those in Model 4, indicating the
importance of accounting for consumer heterogeneity.
It is worth noting that the state-dependence param-
eters across all three categories of TV programs are
significant but smaller in size in Model 5 than in
Model 4, indicating the importance of accounting for
both state dependence and consumer heterogeneity
(Keane 1997).

5. Conclusion

Quantitative models in the marketing literature typ-
ically focus on the household or the individual as
the unit of decision making. There is considerable
evidence to suggest that individual preferences are
strongly affected by the preferences of others, such
as friends and family members. In this article, we
present an autoregressive random-effects Tobit model
to study the interdependence of the viewing behav-
ior of husbands and wives on television programs.

Interdependence of Spouses’ Viewing Intentions for the “News” Category of TV Programs Across Demographic
Groups—Posterior Means and Standard Deviations

Dependence of husbands’ viewing
intentions on wives’ viewing intentions

Dependence of wives’ viewing intentions
on hushands’ viewing intentions

Sum of ages of
spouses < 90

Sum of ages of
spouses < 90

Sum of ages of
spouses > 90

Sum of ages of
spouses > 90

Sum of education level of spouses < 8* 0.2580
(0.0645)
Sum of education level of spouses > 8* 0.3384
(0.0592)

0.5141 0.7971 0.7474
(0.1050) (0.1237) (0.1708)
0.2358 0.7489 0.8374
(0.0661) (0.1159) (0.1482)

*The education level of viewers is measured on the following 5-point scale. 1—Less than eight years grade school; 2—O0ne to three
years grade school; 3—Four years high school; 4—O0ne to three years college; 5—Over three years college. Coefficient estimates
whose posterior 95% confidence interval does not contain 0 are in bold.
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Table 6
Standard Deviations of Coefficient Estimates

Effect of State Dependence, Demographics, and Program Attributes on Husbands’ and Wives’ Viewing Intentions—Posterior Means and

Model 1 (no spousal

interdependence of latent viewing

intentions; fixed effects
of exogenous covariates)

Model 4 (with spousal
interdependence of latent viewing
intentions; fixed effects of
exogenous covariates)

Model 5 (with spousal
interdependence of latent viewing
intentions; random effects
of exogenous covariates)

Posterior mean

Posterior S.D.

Posterior mean Posterior S.D. Posterior mean Posterior S.D.

Coefficient estimates of hushand’s viewing intentions

Intercept —3.2808 0.1986
Total viewing time in minutes 0.0017 0.0001
Own lagged viewership (News) 2.7257 0.2440
Own lagged viewership (Drama) 3.5783 0.1389
Own lagged viewership (Comedy) 2.7612 0.1319
Household income —0.1915 0.0596
No. of children 0.1878 0.0703
Household size —0.1018 0.0223
Age —0.0131 0.0208
Education -0.1915 0.0596
Category—News 0.1490 0.0478
Category—Drama 0.3352 0.0486
Channel—ABC 0.3582 0.0636
Channel—F0X —0.0551 0.0794
Channel—NBC 0.3348 0.0449
Variance of error term 42817 0.0870
Coefficient estimates of wife’s viewing intentions
Intercept -3.1612 0.2381
Total viewing time in minutes 0.0018 0.00004
Own lagged viewership (News) 3.4008 0.2813
Own lagged viewership (Drama) 4.6625 0.1545
Own lagged viewership (Comedy) 3.7114 0.1460
Household income 0.0564 0.0218
No. of children —0.2587 0.0777
Household size 0.0886 0.0803
Age —0.0893 0.0335
Education —0.1398 0.0303
Category—News —0.0449 0.0637
Category—Drama 0.2186 0.0738
Channel—ABC 0.4892 0.0754
Channel—F0X —0.0109 0.0950
Channel—NBC 0.3761 0.0589
Variance of error term 7.3522 0.1238
Covariance of error terms in husband’s 3.0841 0.0832

and wife’s viewing intentions

—-3.0977 0.2050 —2.5958 0.2371
0.0015 0.0001 0.0011 0.0001
2.8820 0.2295 2.4921 0.2767
3.2390 0.1632 2.4351 0.2340
2.5514 0.1322 1.4383 0.2598
0.0332 0.0138 0.0124 0.0232

—-0.1232 0.0603 0.0828 0.0964
0.2041 0.0662 0.0649 0.0938

—0.0765 0.0231 0.0541 0.0442
0.0091 0.0208 0.0089 0.0358
0.1937 0.0507 —0.0117 0.0888
0.3249 0.0544 0.1537 0.0968
0.2629 0.0549 0.1463 0.0721

—0.0609 0.0720 —0.1365 0.0806
0.2536 0.0450 0.2008 0.0576
3.4669 0.0910 2.3473 0.0647

—2.8629 0.2847 —2.8573 0.3466
0.0016 0.0001 0.0014 0.0001
3.8398 0.2863 2.7447 0.3952
4.9304 0.1825 3.8798 0.2434
3.8825 0.1524 3.2763 0.3028
0.0543 0.0197 0.0425 0.0338

—0.2531 0.0800 —0.2702 0.1400
0.1371 0.0883 0.1129 0.1314

—0.0764 0.0308 —0.1827 0.0637

—0.1449 0.0313 —0.0716 0.0550

—0.0514 0.0648 0.9026 0.1472
0.1619 0.0681 0.8844 0.1684
0.4094 0.0692 0.4530 0.1109

—0.0378 0.0891 —0.1215 0.1313
0.2908 0.0605 0.2646 0.0993
6.4369 0.1863 5.0123 0.2477
1.1092 0.1656 —0.5356 0.1786

Note. Coefficient estimates whose posterior 95% confidence interval does not contain 0 are in bold. The baseline category is “comedy.” The baseline channel

is CBS.

We find that wives’ dependence on their husbands’
viewing behavior is higher than the dependence of
husbands on their wives’ viewing behavior. More-
over, interdependence varies across program cate-
gories. Differences in interdependence are partially
explained based on the ages and education levels of
family members.

We contribute to the marketing literature in signifi-
cant ways. First, models that capture interdependence
of preferences typically assume symmetric interde-
pendence, that is, the dependence of Person A on Per-
son B is the same as that of Person B on Person A.

In this study, we propose a model that relaxes this
constraint and captures the potential asymmetry in
the preference interdependence between spouses. Sec-
ond, we demonstrate that models that ignore inter-
dependence and/or constrain the interdependence
structure yield biased estimates of coefficients of
observed attribute preferences. Finally, this research
also extends our understanding of how viewers of
television programs make choices. We find that incor-
porating the interdependence of viewership results in
better model fit, as compared to models that ignore
interdependence. As such, when modeling viewer
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preferences of television programs, it is important to
consider incorporating interdependence of viewing
behavior of spouses.

The results of this study have strategic ramifi-
cations for the network television industry. First,
because our findings suggest that husbands affect
their wives’ viewing behavior more strongly than
vice versa, marketing resources for television pro-
grams should perhaps be reallocated such that hus-
bands’ share of marketing reflects not just their lower
viewership relative to their wives, but also their
higher relative importance in affecting spouses’ view-
ing behavior. Second, identifying a program as male
or female oriented based on viewership alone with-
out accounting for the impact of other viewers could
lead to biased conclusions about true viewer pref-
erences. Consider a program with high viewership
from female viewers. It might be the case that female
viewers do not have a strong inherent viewing inten-
tion for that program, but are heavily impacted by
the male members of their households. A systematic
effort to account for spousal dependence in estimating
TV program effectiveness would help ascertain true
viewer preferences.

Finally, our empirical application is subject to lim-
itations, which also suggest opportunities for further
research. Because we have data for only two months
of consecutive years, we are not able to examine the
dynamic aspects of spousal dependence. It would be
interesting to explore how viewers learn from their
spouses’ viewing experiences across long periods of
time. Spouses’ experiences could influence a viewer’s
viewing intention. Also, spouses’ experiences could
lead to a reduction in a viewer’s uncertainty about a
program. Estimating the true nature of learning could
further our understanding of how spouses’ prefer-
ences are dependent on each other.

Our research can be extended in several ways.
The proposed model can be used to further explore
intrahousehold interdependence of utilities. Interde-
pendence could be estimated between parents and
children, between different age groups, between male
and female viewers, and so on. Also, the model can be
extended to simultaneously estimate interdependence
across three or more kinds of viewers. For example,
extending this model to include children as a third
group might provide a more complete picture of how
household members’ preferences are interdependent.”

7 The possibility of the existence of interdependence between hus-
bands and children and between wives and children could affect
our empirical results. However, we do capture the effect of such
omitted variables on the covariation in spouses’ viewership inten-
tions by building a covariance between the error terms of the latent
viewerships as per Equation (3).

The proposed model therefore provides a useful foun-
dation for studying the nature of consumer preference
interdependence.
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Appendix. Markov Chain Monte Carlo Estimation
Algorithm
Estimation of the model specified in Equations (la) to (11)
is carried out by sequentially generating draws from the
following distributions:

1. Generating latent utility, y,’; (i=1,...,N;j=1,2,...,;
k =h,w). If the consumption y§ > 0, then yf = yj. If the
consumption yf =0, y§ ~N(¥; , n;) and yj <0.

i = [XE BN+ T, [ XY

+ le{yf})* - H21[Xi};/,3?] - sz[Xf}”B?}]}/sz/

.‘7;;0 =1l [Xl}]”ﬁzh] + I, [ X5 BY]
— Iy [X}' BT~

+Qy {yi] le[X;}”Bzw]}/Qu/

”’7% =0y — (2% 0 /Qy),
77?0 =0 — (D ¥ Qyp/Qyy), and

e AR e v
B [Bpt]Qy Oy == Wy =Wy

2. Generating o' and ™", We first generate
O=[I; I, I Iy]~MVN(,S),
where
N ]
U:S(ZZD,’-/. Iy 40, 011*u0),
i=1j=1
N ] -1
= (ZZDQJQ’IDU +0.011> ;o Up=0.
i=1j=1
Xh/Bh X,’ZJ{”B;U 0 0
D. = .
g 0 0 Xh/Bh Xw/Bw
We recover o' and o™ from II as follows: 0" =1I1,,/Ily,

and @™ =TIy, /T1y;.
3. Generating 3. We first generate

N ]
Q~Inverted Wishart (ZZ[%] U5l v =51+ Qo NJ + q0> ,

i=1j=1
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where

A
ij

N [y] } [HH[XS’B?] + Hu[x,-;-”’m”]}
yi‘z = ! w/’ w
! I, [X)' B! + T, [ X Y]

Qy=10I and g,=10.

We recover 2, from Q as follows: 2 = (I - W)QI — W)'.
4. Generating random coefficients of exogenous covariates.
B,’ = [ Z%”’ B?U,]/ (l = 1, ey N). Bi ~ MVN(MI, Si)/ where

i -1
S = [Z(ijzflxzj) + \1’71] ;
j=1

J
M, =S§, [Z[X;jz* (I =Wyl + ‘I’”B];

j=1

X0 W
X = 0 xv|’ vi=lvi vl
if

5. Generating B. B~MVN(U, S), where

N
u= s(\y—l > B:/N +0.011 * uo);

i=1

S=((v /Ny 140.01D)71; U,=0.

6. Generating V.

N
¥ ~ Inverted Wishart(Z(,Bi —B)(B:—B)+Qy, N+ qo>;

i=1

Qy=10I and ¢,=10.
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