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Abstract. This study shows theoretically and empirically that exposure to advertising increases consumers’
tendency to purchase the promoted product because the informative content of advertising resolves some of the
uncertainty that the risk averse consumers face and thus reduces the risk associated with the product. We call
this effect the “risk-reduction” role of advertising. The risk-reduction model implies that advertising effectiveness
depends on (a) the risk preference parameter, (b) the precision of the advertising message, (c) the familiarity of
the consumer with the product, (d) the consumer’s sensitivity to products’ attributes (and thus, her involvement
level with the product), and (e) the diversity of products offered by multiproduct firms. These findings suggest that
ads spending should be higher (a) for new and relatively unknown products, (b) for high-involvement products,
(c) when ads can be quite precise, and (d) when the firm offers a diverse product-line. It also implies that ads
should target consumers (a) who are more sensitive to risk, (b) who are more involved, and (c) those who are not
familiar with the promoted product.

The model allows ads to affect choices also through a direct effect on the utility (i.e., the standard approach
to formulate the effect of advertising). In our empirical example (where the products are television shows) the
risk-reduction effect is significant and strong and the direct effect is negligible behaviorally. We discuss the welfare
implications of these findings, and illustrate the quantitative differences in managerial implications between our
model and the traditional one.
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1. Introduction

This study shows theoretically and empirically that exposure to advertising increases con-
sumers’ tendency to purchase the promoted product because the informative content of
advertising resolves some of the uncertainty that the risk averse consumers face and thus
reduces the risk associated with the product. We call this effect the “risk-reduction” role of
advertising. The risk-reduction model implies that advertising effectiveness depends on (a)
the risk preference parameter, (b) the precision of the advertising message, (c) the familiar-
ity of the consumer with the product, (d) the diversity of products offered by multiproduct

∗This study is based on the Master thesis of Dmitri Byzalov. We are grateful to Bharat Anand and Manuel
Trajtenberg for helpful discussions.
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firms, and (e) the consumer’s sensitivity to products’ attributes (and thus, her involvement
level with the product).1 These implications suggest that ads spending should be higher (a)
for new and relatively unknown products, (b) for high-involvement products, (c) when ads
can be quite precise, and (d) when the firm offers a diverse product-line. It also implies that
ads should target consumers (a) who are more sensitive to risk, (b) who are more involved,
and (c) those who are not familiar with the promoted product.

The model allows ads to affect choices also through a direct effect on the utility (i.e., the
standard approach to formulate the effect of advertising). In our empirical example (where
the products are television shows) the risk-reduction effect turns out to be significant and
strong and the direct effect is negligible behaviorally.

The scholarly interest in economics and marketing in the avenues through which ad-
vertising affects choices has at least two major reasons. First, it is critical in constructing
optimal marketing strategies. Furthermore, the issue of advertising effectiveness is gaining
greater importance for several reasons, such as “. . . media advertising continues to draw a
major proportion of the promotion budget. . . ” and “. . . advertising agencies are under in-
creasing pressure to show the specific effects of advertising on sales.” (Tellis, Chandy, and
Thaivanich, 2000). Second, it has welfare implications. If advertising simply has a direct
effect on the utility, then ads can be claimed “. . . to create wants and to change and distort
tastes.” (Becker and Murphy, 1993).

Previous studies presented various models in order to explain how ads affect choices.
The direct effect of advertising on the utility is still the dominant modeling approach (es-
pecially in empirical work).2 Grossman and Shapiro (1984) refer to it as the “persuasive”
effect of advertising, while Becker and Murphy (1993) justify it by suggesting that ads
and the goods advertised can be complements. A second approach is to model advertising
content as a message on products’ attributes or existence. Butters (1977) and Grossman and
Shapiro (1984) studied the theoretical implications of informative advertising, and Erdem
and Keane (1996) and Anand and Shachar (2001) examined it empirically. A third approach
demonstrates that in equilibrium ad intensity can signal product quality (Nelson, 1974;
Milgrom and Roberts, 1986; Kirmani and Wright, 1989). This approach was examined
empirically by Ackerberg (2003).

We build on the second approach, and show that when consumers are risk averse adver-
tising has another avenue through which it affects choices—risk-reduction. The model is
presented in Section 2. It is a choice model, in which heterogeneous consumers are fac-
ing differentiated products. They are uncertain about product attributes and have various
sources of information about them. One of the sources is advertising content. Other sources
are word-of-mouth, media coverage, previous experience, and the line of products offered

1 We consider a consumer who is highly (lowly) sensitive to products’ attributes as high-involvement (low-
involvement) consumer. The consequences on the utility of a consumer’s decision are a direct function of her
sensitivity to products’ attributes. These consequences are significant (insignificant) for a consumer who is
highly (lowly) sensitive to products’ attributes. Thus, a consumer who is highly (lowly) sensitive to products’
attributes is usually a high-involvement (low-involvement) consumer. This terminology is consistent with
previous studies (for example, Miniard et al., 1991) and with the definition of the AMA dictionary. In any
case, in this study, the degree of involvement is just an interpretation of consumers’ sensitivity to products’
attributes.

2 For example, Nevo (2000), Tellis, Chandy, and Thaivanich (2000), and Erdem and Sun (2002).
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by each firm. We show that when consumers are risk averse, exposure to advertising in-
creases their tendency to purchase the promoted product because the informative content of
advertising resolves some of the uncertainty and thus reduces the risk associated with the
product. In the model, we include ads not only as an element in the information set, but also
allow it to have a direct effect on the utility function. This means that the model accounts
for alternative effects of advertising.

We show that the risk-reduction effect of advertising has a unique structure. As mentioned
above, the effectiveness of advertising (through the risk-reduction avenue) is a function of
(a) the risk preference parameter, (b) the precision of the advertising message, (c) the
familiarity of the consumer with the product, (d) the consumer’s involvement level with
the product, and (e) the diversity of products offered by multiproduct firms. In Section
2.6 we discuss the intuition behind each of these factors. For example, when a consumer
faces a high-involvement product, the risk associated with the decision is high and thus the
risk-reduction role of advertising is large.

Because of its unique structure and characteristics, the risk-reduction role of advertising
can be distinguished empirically from the standard direct effect of ads on the utility.

The model is structurally estimated using a unique data set on television viewing choices.
Accounting for the cost of leisure in consumption, television shows are clearly one of the
most important consumption products. Furthermore, this data set enables us to overcome
the well-known endogeneity problem of advertising exposure, as discussed in Section 4.4.
An additional advantage of our empirical example is that the price of watching a television
show is not product-specific. This feature is an advantage over other products, since it is
occasionally difficult to track the different prices that consumers face with respect to each
of the products: prices differ by firms, over time, and across consumers (through coupon
schemes). Finally, almost all the commercials for television shows appear on TV. This
enables us to create a comprehensive dataset of exposures to advertisements.3 The data is
presented in Section 3.

The structural estimation results (presented in Section 5) are clear: consumers are risk
averse and the risk-reduction effect is significant and strong. As a result of exposure to the
first ad, the average increase in the market share (via the risk-reduction effect alone) is 2.7
percentage points (which is an increase of 53.3%). On the other hand, advertising has a
negligible direct effect on their utility: the average increase in the market share (via this
avenue) is just 0.08 percentage points (1.5%). These results, that the risk-reduction role
is strong and the direct effect is weak, are robust to various specifications of the model.
Furthermore, in Section 5.4 we show that ignoring the risk-reduction role of advertising
might lead to misleading implications.

As discussed above, the scholarly interest in the avenues through-which advertising
affects choices has at least two major reasons: (1) it is critical in constructing optimal
marketing strategies, and (2) it has welfare implications. The model sheds some light on
these two issues.

3 Specifically, we obtained Nielsen individual-level panel data on television viewing choices for one week in
November, 1995. We created data on show attributes, and recorded all the advertisements for these television
shows—also called “previews”, “promotions”, or “tune-ins”—that were aired during that week. Combining
our records with the Nielsen panel data and show attribute data gives us the required data to estimate the model.
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The risk-reduction role of advertising has significant managerial implications. Adver-
tising strategies are determined based on ad effectiveness. Specifically, two of the most
important decisions of ad agencies depend on ad effectiveness—ads spending and audience
targeting. Our model suggests that ads spending should be higher (a) for new and relatively
unknown products, (b) for high-involvement products, (c) when ads can be quite precise,
and (d) when the firm offers a diverse product-line. It can also assist targeting strategies. Ads
should target consumers (a) who are more sensitive to risk—for example, women versus
men (see Palsson, 1996; Jianakoplos and Bernasek, 1998), (b) who are more sensitive to
products’ attributes (and thus more involved), and (c) those who are not familiar with the
promoted product.

The welfare implications of the model are quite straightforward. The concern that ads can
create wants and change and distort tastes has little support in our empirical example, since
we find that advertising has a negligible direct effect on consumers’ utility. Furthermore,
instead of having these negative aspects, advertising in our model informs consumers about
product attributes and as a result reduces the undesirable tension that is associated with
uncertainty.

1.1. Related literature

The combination of informative advertising and risk averse consumers was already pre-
sented by Erdem and Keane (1996). They observed that “the higher the advertising fre-
quency, the higher the brand choice probability”. However, unlike our model, they did not
allow ads to have a direct effect on the utility. A model that assumes away the direct effect of
advertising on the utility risks mistakenly detecting that ads are informative and consumers
are risk averse (i.e., the risk-reduction effect). Suppose that the individuals are risk-neutral,
and ads have a direct effect on the utility but they are not informative. The only way for the
misspecified model to account for the positive direct effect of advertising is by attributing
it to the interaction of informative ads with risk aversion in preferences, thus leading to a
spurious finding of the risk-reduction effect. Furthermore, there are additional differences
between Erdem and Keane (1996) and our study. We also (a) demonstrate how one can
distinguish (empirically) between these seemingly similar effects of advertising, and (b)
show that the suggested model has novel implications about advertising strategies.

The combination of informative advertising and direct effect of ads on the utility was
already presented by Anand and Shachar (2001). They demonstrate empirically that adver-
tising improves the match between consumers and products. Furthermore, they show that
informative advertising might have either a positive or a negative effect on the purchasing
probability.4 They also found that advertising has a direct positive effect on the utility. We
show that this finding is due to their restrictive assumption that consumers are risk-neutral.
Our study, which is based on the same data, extends the empirical model of Anand and
Shachar (2001) for the case of general risk preferences. Our results confirm their findings

4 Specifically, when the consumer’s utility from a product is low, informative advertising decreases consumers’
tendency to buy the promoted product by informing them about the product’s attributes. When the consumer’s
utility is high advertising has a positive effect on the purchasing probability.
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about the informative role of advertising. However, at the same time, we find that consumers
are risk averse and the direct effect on the utility is negligible.

Our study is also related to Ackerberg (2003). Both studies distinguish between the di-
rect and indirect effects of advertising, and both rely on the relationship between familiarity
and ad effectiveness as a source of identification. However, there are several significant
differences between his approach and ours. First, the indirect effect is quite different in the
two studies. According to the signaling theory, people tend to buy products for which they
have seen many ads because the perceived quality of these products is higher. According
to the risk-reduction model, people tend to buy products for which they have seen many
ads because the perceived risk of these products is lower. These differences are closely
related to the fact that the risk-reduction model and the signaling theory focus on different
types of products and ads. While the first applies to search goods, the second is relevant
for experience goods. For search goods, ads content can credibly convey information on
products’ attributes (i.e., “this automobile has 200 horse powers”). However, for experience
goods, experience is required in order to acquire information about the utility, and ads’ con-
tent cannot credibly convey information about product quality. Thus, according to Nelson
(1974), ad intensity (not ad content) serves as a signal about the quality of the product.
Furthermore, in Section 5.5 we show that the relationship between advertising intensity and
product quality in our data is not consistent with the signaling mechanism of informative
advertising. This allows us to rule out the signaling hypothesis for our empirical example.
Second, unlike in Ackerberg (2003), variation in familiarity is not the only source of identi-
fication in our set-up. Our additional sources of identification are variation in involvement
across consumers, and variation in the line of products across firms. Thus, our approach
allows to distinguish between the direct effect and the informative effect even if there is no
variation in familiarity. Furthermore, we use a somewhat different source of heterogene-
ity in familiarity for identification. As demonstrated by Shachar and Anand (1998), the
informative role of advertising can be identified using variation in familiarity across prod-
ucts. Ackerberg (2003) used variation in familiarity across consumers, rather than across
products. We combine the two approaches and use variation across both products and
consumers.

This paper is structured as follows. In Section 2, we present the model and discuss
the model implications that allow for empirical identification. In Section 3, we present
the dataset. In Section 4, we specify the details of the empirical model, and outline the
identification scheme. Section 5 summarizes the findings. Section 6 concludes and presents
managerial implications.

2. The model

We start by describing the setting of the model, the utility function, and the information
set of the individual. Then, we present several implications of the model that demonstrate
the risk-reduction role of advertising. These unique implications enable us to empirically
distinguish between the direct effect of ads on the utility and the risk-reduction effect.

The key ingredients of the model and its implications are not industry-specific. However,
applying the model to the television example requires accounting for the specificity of
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viewing behavior. Thus, in order to make the presentation clear, we describe the model in
the context of the empirical example.

The example is on television viewing choices in the US for the week that starts on
November 6, 1995. At that time there were 4 major television networks: ABC, CBS, NBC
and FOX. We focus on prime-time shows (Monday through Friday, 8:00–10:00 PM). Our
data, presented in Section 3, consists of (a) individual level panel of choices, (b) individuals’
characteristics, (c) individuals’ exposure to advertising, and (d) products’ attributes. We
observe choices for every 15 minutes. Thus, for each individual we observe 40 viewing
choices. Notice that in this example, the products are television shows, an ad for a product
is usually referred to as a ‘promo’, and a period is termed a ‘time slot’.

2.1. The setup

The timing and information structure of the model are tailored for our empirical example of
television viewing. In particular, there are J firms (the 4 leading television networks in the
empirical example) in the market, and T periods (40 quarter hour time slots during prime
time). In period t each firm offers one product (airs a television show). Each product is
offered for several consecutive periods (2 to 8 time slots in the empirical example), after
that the firm switches to its next product.

There are I individuals who are indexed by i . They face J + 1 mutually exclusive and
exhaustive alternatives, corresponding to: (0) Outside, (1) ABC, (2) CBS, (3) NBC, and (4)
FOX. In each period t , individual i makes a choice, Ci,t , from among these J + 1 options
indexed by j . Thus, Ci,t = j when individual i chooses alternative j at time t .

2.2. The utility

2.2.1. The utility from watching network television. The utility of individual i from the
product offered by firm j in period t is:

Ui, j,t = V (x j,tβi + η j,t ) + ρi
(
N a

i, j,t

) + δi, j,t I {Ci,t−1 = j} + αi, j + νi, j,t + εi, j,t (1)

The element x j,tβi + η j,t represents the match between the observed product attributes,
x j,t , and the individual’s preferences, βi . The variable x j,t is a K -dimensional row-vector,
and the parameter βi is a K -dimensional vector. The parameter vector βi is a function of
observed and unobserved individual characteristics. The parameter η j,t can be thought of as
the mean (across individuals) of the unobserved interactions between products’ attributes
and consumers’ tastes.5 Henceforth, we will denote the element x j,tβi + η j,t by zi, j,t , and
refer to it as “attribute utility” (since it captures the match between product attributes and
individual preferences). The curvature of V (·) captures the individual risk preferences.

5 (1) In the industrial organization literature the element x j,tβi is called “the horizontal dimension of utility”,
and η j,t “the vertical dimension”.
(2) The η j,t parameter is fixed for the duration of each show. Consequently, a half-hour show and a one-hour
movie each have one η parameter.
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The second term ρi (N a
i, j,t ) captures the direct effect of advertising on the utility, where

the variable N a
i, j,t is the number of advertisements that individual i was exposed to with

respect to the show aired by network j at time t. The direct effect was termed ‘persuasive’
by Grossman and Shapiro (1984). Although there might be other interpretations for this
effect, we would refer to it as ‘persuasive’ for simplicity of the presentation. The persuasive
effect of advertising implies that exposing the individual to N a

i, j,t ads for product j, t directly
increases her utility from that product (i.e., ∂ρi

∂ N a
i, j,t

> 0).

The third term δi, j,t I {Ci,t−1 = j} captures behavioral state-dependence, i.e. the util-
ity from the alternatives available in the current period t may depend on the individual’s
choice in the previous period. The indicator function I {·} is equal to one if the individual
purchased the product offered by firm j in the previous period, and to zero otherwise.
The parameter δi, j,t is a function of observable and unobservable individual characteristics,
product attributes, and time. There are various sources for state dependence: habit persis-
tence, switching costs, asymmetric information and search costs (Moshkin and Shachar,
2002), and learning (from past experiences) that reduces uncertainty (Erdem, 1998). Pre-
vious studies of television viewing choices find strong evidence of state dependence even
when unobserved heterogeneity is accounted for.6

The last three terms in the utility (αi, j , νi, j,t and εi, j,t ) are unobserved by the researcher.
The parameter αi, j represents an unobserved network-individual match. It is common to all
the products offered by firm j . The random variable νi, j,t represents the show-individual
random effect, common to all the time slots of a show, but independent across shows and
individuals. Since αi, j and νi, j,t are unobserved by the researcher, ignoring them can bias the
estimates of the state dependence parameters δi, j,t (Heckman, 1981). The random variable
εi, j,t captures transitory effects, assumed to be independent across time periods, products
and individuals. Notice that νi, j,t does not change during the duration of a show, while εi, j,t

does.

2.2.2. The utility from the outside alternative. The outside utility is a function of the
individual’s characteristics and state dependence. Specifically, it is:

Ui,0,t = γi + δi,0,t I {Ci,t−1 = 0} + εi,0,t (2)

where γi is allowed to depend on the observable and unobservable individual characteristics.
The term δi,0,t I {Ci,t−1 = 0} captures behavioral state-dependence. The transitory random
term εi,0,t is i.i.d. across time periods and individuals.

6 In the television industry this well known phenomenon is called the “lead-in effect.” Darmon (1976) introduces
the concept of channel loyalty and Horen (1980) estimates a lead-in effect, both using aggregate ratings models.
Rust and Alpert (1984) use individual-level data to estimate an audience flow model, in which viewers are
described as being in one of five states according to: whether the television was previously on or off; if it was
on, whether it was tuned to the same channel as the current viewing option; and whether this option is the
start or continuation of a show. Shachar and Emerson (2000) allow state dependence to vary across shows and
across demographically defined viewer segments. Goettler and Shachar (2001) demonstrate that the cost of
switching remains when unobserved heterogeneity is accounted for.
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2.3. Information set

We assume that the consumers do not have perfect information on the product attributes
(x j,t , η j,t ), and therefore they face uncertainty about the actual “attribute utility” zi, j,t =
x j,tβi + η j,t . A priori, the assumption of imperfect information seems appropriate for
most consumer goods, due to substantial product differentiation, large number (and rapid
introduction) of brands and products, as well as cognitive limitations or costs of verifying
or remembering product characteristics. For illustration, although the data in our empirical
example span only 10 hours of prime-time television (5 days and 2 hours a day), the 4
leading television networks alone offered (in this time frame) 53 different products. Thus,
imperfect information and reliance on different sources of information could be essential in
our empirical example. In the empirical study we test this hypothesis (i.e., the model nests
perfect information as a special testable case).

A consumer’s information set includes (a) a prior distribution of products’ attributes, and
(b) product-specific signals such as advertising and word-of-mouth.

2.3.1. The prior distribution. In many markets, multi-product firms tend to specialize
in products with a distinctive set of characteristics. Consumers are usually aware of the
specialization of each of the firms. The “profile” of the multi-product firms can convey
useful information to a consumer facing uncertainty about product characteristics. For
example, knowing that a particular car is a Toyota can be helpful in inferring reliability.
Indeed, Anand and Shachar (2004) demonstrate, using the same data set as we use, that
the profiles of the multi-product firms are an important element in the information set of
consumers. We follow their formulation and assume that both η j,t and x j,t follow a normal
distribution, and thus the prior distribution of individual i on zi, j,t is:

zi, j,t ∼ N
(
µi, j ,

[
ς

p
i, j

]−1)
(3)

where ς
p

i, j is the precision (reciprocal of the variance) of the prior distribution, and by
definition,

µi, j = Et [η j,t ] + Et [x j,t ]βi (4)

where Et [·] is the expected value across time slots. Hereafter, we refer to µi, j as brand
image. We assume that consumers are aware of the specialization of each of the firms (i.e.,
consumers know Et [η j,t ], Et [x j,t ], and the variance-covariance matrix of these attributes).
In other words, while the individual is uncertain about product attributes, she knows the
profile of each firm.7

2.3.2. The product-specific signals. Consumers receive information on specific prod-
ucts from various sources: word-of-mouth, media coverage, previous experience, and
advertising. We assume that this information is noisy and formulate it as product-specific

7 Thus, in the empirical example, µi, j = 1
T

∑
t zi, j,t , and ς

p
i, j = [ 1

T −1

∑
t (zi, j,t − µi, j )2]−1.
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signals. Specifically, we formulate each of the k unbiased noisy signals Si, j,t,k as:

Si, j,t,k = zi, j,t + ωi, j,t,k where ωi, j,t,k ∼ N
(
0, ς−1

i, j,t,k

)
(5)

and where ςi, j,t,k is the precision of each signal.

Miscellaneous signals. Even an individual who was not exposed to any ads has some
information about products. Her knowledge is based on various sources such as word-
of-mouth or media coverage. In the case of television shows, the viewer can also obtain
information from the schedule published in the newspapers or from watching previous
episodes of the same show.8

We lump all these sources of information under the title “miscellaneous signals”. Since
we do not observe the number of miscellaneous signals received by each individual, we
normalize this number to be one. However, we allow the precisions of these signals (denoted
by ςm

i, j ) to vary across individuals and firms.9 This means that some people could be better
informed than others, and the products of some brands could be more familiar than others.

The extreme case of 1
ςm

i, j
= 0 corresponds to perfect information on product characteris-

tics.10

Advertising. We formulate ads as noisy signals with precision ςa . The noisiness of adver-
tising is well-documented.11 We assume that the ad signals are independent for two reasons:
(1) firms occasionally use different advertisements for the same product; (2) different ex-
posures to the same advertisement can lead to different impressions. The independence
assumption does not affect our qualitative results.12

The effect of advertisements through the information set is determined by ςa . If ςa = 0,
then advertisements are too noisy to convey any information about product attributes, i.e.
advertising exposures have no effect on the information set of the consumer. On the other
hand, when ςa > 0, each advertising exposure affects the information set. Thus, ςa is one
of the parameters of interest in the empirical study.

Experience. A feature unique to our data set is that each product is being consumed
over several consecutive periods. Since the product characteristics (x j,t , η j,t ) do not vary

8 Our data span one week of television viewing, so the exposures to previous episodes of the show are unobserved.
9 This is equivalent to fixing the variance of all the signals and estimating the number of signals.

10 The miscellaneous signals are independent across products and individuals, however the same realization of
the miscellaneous signal applies to all the time periods in which the product is being offered.

11 See, for example, Jacoby and Hoyer (1982). Using a survey of 2,700 consumers about the content of 60
thirty-second televised communications (including advertisements), they find that 29% of these were miscom-
prehended by consumers. They find similar results in their 1989 study, which uses a survey of 1,250 consumers
who were exposed to print ads.

12 (1) The unbiasedness assumption rests on truth-in-advertising regulations. Furthermore, if a firm has an in-
centive to bias the content of its advertisements, a rational consumer would account for it, and is likely to
neutralize the bias. We do not model this game in order to keep the model focused on its key elements.
(2) Note that although the advertising signals are independent across individuals and products, they are the
same for any period of each product. In the model, each product is offered for several consecutive periods, and
the product characteristics are assumed to be constant throughout these periods.
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across these periods, the individual’s perception of the product attributes becomes more
accurate while consuming it. Formally, each consumption period provides the individual
with an additional “experience signal” with a precision ς e. Let N e

i, j,t represent the number
of periods that individual i watched the current show on network j prior to period t .13

2.4. The posterior “attribute utility”

The posterior “attribute utility” depends on the realizations of all the signals, Si, j,t,k . It is
equal to (see DeGroot, 1989):

µ
p
i, j,t = µi, j + θi, j,t (zi, j,t − µi, j ) + ϑi, j,tωi, j,t (6)

where

θi, j,t = [
ςm

i, j + ςa N a
i, j,t + ς e N e

i, j,t

][
ς

p
i, j + ςm

i, j + ςa N a
i, j,t + ς e N e

i, j,t

]−1
, (7)

ϑi, j,t =
[√

ςm
i, j +

√
ςa N a

i, j,t +
√

ς e N e
i, j,t

][
ς

p
i, j + ςm

i, j + ςa N a
i, j,t + ς e N e

i, j,t

]−1
, (8)

and where ωi, j,t is a standard normal deviate, independent across products and individuals,
but serially correlated within the time periods of each product.14

The intuition of this equation is the following. If the individual does not receive any
product specific signal then θi, j,t = ϑi, j,t = 0 and the posterior “attribute utility” is simply
the mean of the prior, µi, j . When she gets such signals, she updates her prior based on
the signals. The researcher does not observe the realizations of the signals, but unlike the
individual the researcher observes the product attributes and thus zi, j,t . The update of the
prior (on average) is toward the actual “attribute utility”, zi, j,t which is the expected value
of the signals. The magnitude of the update is an increasing function of both the precision
and the number of the product specific signals. The last element in equation (6) accounts
for the noisiness of the signals.

Both (1 − θi, j,t ) and ϑi, j,t can be viewed as measures of the consumers’ knowledge
on the specific product. For example, in the extreme case when the miscellaneous signals
give precise information ( 1

ςm
i, j

= 0), we get that (1 − θi, j,t ) = ϑi, j,t = 0, and the posterior
mean, µp

i, j,t , is equal to the actual “attribute utility”, zi, j,t . The informative role of advertising
expresses itself through equations (6)–(8). As N a

i, j,t increases, (1−θi, j,t ) and ϑi, j,t decrease,
and as a result the posterior “attribute utility” is (on average) closer to zi, j,t , while the
variance of the error term in the posterior declines toward zero. The magnitude of these
changes depends on the precision of the advertising signals, ςa . While this effect was
already pointed out by Anand and Shachar (2001), this model presents an additional role
for advertising, presented in the following sub-section.

13 No experience signals are observed for the alternatives not chosen in the current period. The signals are
independent across individuals, products and time periods.

14 This correlation arises due to our specification that the same realization of advertising and miscellaneous
signals applies to all the time periods of the product, and due to the accumulation of experience signals.
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2.5. The posterior variance of the “attribute utility”

The expected utility of a risk averse individual is not only a function of the posterior mean of
the “attribute utility”, µp

i, j,t , but also a function of its posterior variance, denoted by σ 2
i, j,t .

15

Let Ṽ (µp
i, j,t , σ

2
i, j,t ) represent the expected value of V (zi, j,t ).

The posterior variance of the “attribute utility” is:

σ 2
i, j,t = [

ς
p

i, j + ςm
i, j + ςa N a

i, j,t + ς e N e
i, j,t

]−1
(9)

It is a decreasing function of N a
i, j,t . If consumers are risk-neutral, then their expected

utility does not depend on σ 2
i, j,t . However, if they are risk-averse, exposure to advertising has

another effect on their expected utility: as N a
i, j,t increases, σ 2

i, j,t decreases and the expected
utility increases. This is the risk-reduction role of advertising. The following sub-sections
describe this effect and its implications.

2.6. The risk reduction role of advertising (theory)

The following derivative summarizes the three effects that exposure to advertising has on
the expected utility (and hence on choices).

∂ E(Ui, j,t |Si, j,t )

∂ N a
i, j,t

= ∂ Ṽ
(
µ

p
i, j,t , σ

2
i, j,t

)
∂µ

p
i, j,t

∂µ
p
i, j,t

∂ N a
i, j,t

+ ∂ Ṽ
(
µ

p
i, j,t , σ

2
i, j,t

)
∂σ 2

i, j,t

∂σ 2
i, j,t

∂ N a
i, j,t

+ ∂ρi
(
N a

i, j,t

)
∂ N a

i, j,t

(10)

The first effect,
∂ Ṽ (µp

i, j,t ,σ
2
i, j,t )

∂µ
p
i, j,t

∂µ
p
i, j,t

∂ N a
i, j,t

, was already introduced by Anand and Shachar (2001).

They have demonstrated that this effect can be either positive or negative. More specifically,
the sign of the first element depends on the sign of (zi, j,t − µi, j ).

The last effect,
∂ρi (N a

i, j,t )

∂ N a
i, j,t

, captures the traditional role of advertising. That is, exposure to

advertising increases the tendency to purchase the product by directly increasing the utility
from the product. The contribution to the utility might have diminishing returns (i.e., the
“wear-out” effect).16

The second effect,
∂ Ṽ (µp

i, j,t ,σ
2
i, j,t )

∂σ 2
i, j,t

∂σ 2
i, j,t

∂ N a
i, j,t

, represents the risk-reduction role of advertising.
Notice that

∂σ 2
i, j,t

∂ N a
i, j,t

= −ςa

[ς p
i, j +ςm

i, j +ςa N a
i, j,t +ς e N e

i, j,t ]
2 . This effect has a very unique structure. First, it,

obviously, depends on the risk-parameter of the individual (which determines
∂ Ṽ (µp

i, j,t ,σ
2
i, j,t )

∂σ 2
i, j,t

).

In the extreme case of risk-neutral consumers (i.e.,
∂ Ṽ (µp

i, j,t ,σ
2
i, j,t )

∂σ 2
i, j,t

= 0) this effect is irrelevant.

15 Notice that since the “attribute utility” is normally distributed, the expected utility depends only on its first
two moments.

16 In other words, it is usually assumed (and found in empirical studies) that the first derivative (
∂ρi (Na

i, j,t )

∂ Na
i, j,t

) is

positive and the second (
∂2ρi (Na

i, j,t )

(∂ Na
i, j,t )2 ) is negative.
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On the other hand, the risk-reduction will be stronger when the consumers are more risk-
averse.

Second, the risk-reduction depends on the precision of the advertising message. When
[ς p

i, j +ςm
i, j +ς e N e

i, j,t ] > ςa N a
i, j,t (as is in our estimation results) the higher ςa , the stronger

the effect. The rationale of this result goes as follows: as ads become more precise they
resolve the uncertainty (and the associated risk) that the consumer is facing more effectively.

Third, it depends on the familiarity of the consumer with the specific product. As the
consumer knows more about the product a-priori (i.e., ςm

i, j is higher), the risk-reduction
effect is weaker. The intuition of this is simple: advertising provides information and thus
reduces uncertainty. If the consumer is quite familiar with the product, the uncertainty (and
the associated risk) that she is facing is small to begin with.

Fourth, the risk-reduction is a function of the consumer’s sensitivity to products’ at-
tributes (the scale of βi ) which we interpret as the level of the consumer’s involvement
with the product. It is easy to show that if βi is larger (in absolute terms) ς

p
i, j is smaller

and as a result,
∂σ 2

i, j,t

∂ N a
i, j,t

is larger. The intuition of this result is the following: consumers

who are highly involved with a product are facing a higher risk than those whose involve-
ment level is low. Thus, for such consumers, the risk-reduction role of advertising is more
salient.

Fifth, the risk-reduction effect depends on the diversity of products offered by a mul-
tiproduct firm. The larger the variety of products (i.e., Var(x j,t ) is large for firm j), the
stronger the risk-reduction effect. It is easy to show that if Var(x j,t ) is larger, ς

p
i, j is smaller

and as a result,
∂σ 2

i, j,t

∂ N a
i, j,t

is larger. The rationale behind this result is the following: the con-
sumer uses the multiproduct firm’s profile to resolve some of the uncertainty that she is
facing. The larger the variety of products, the less precise is this source of information,
and, as a result, the higher the uncertainty (and the associated risk) that the consumer is
facing.

To summarize: the risk-reduction role of advertising is a function of: (a) the risk pref-
erences parameter, (b) the precision of the advertising message, (c) the familiarity of the
consumer with the product, (d) the consumer’s involvement level with the product, and (e)
the diversity of products offered by the multiproduct firms.

These results have various managerial implications that we discuss in Section 6. For ex-
ample, the results imply that advertising effectiveness is large for new or unknown products,
and for high-involvement products.

Furthermore, the unique structure of the risk-reduction effect clarifies that it is possible
to empirically distinguish between it and the traditional direct effect on the utility. Specif-
ically, unlike the risk-reduction effect, the direct effect on the utility does not depend on
factors such as the familiarity of the consumer with the product, her sensitivity to product
attributes (our measure of involvement), and the diversity of products offered by the firm.
This allows us to distinguish between the risk-reduction effect and the direct effect, for
very general specifications of the direct effect.17 The combination of rich data and novel
implications augments the identification scheme compared to previous studies. Previous

17 For example, in the estimation we allow the direct effect to depend on the individuals’ observable and unob-
servable characteristics, and allow for non-parametric specifications.
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efforts to distinguish between the direct and the indirect effect of advertising based their
identification scheme on the differences in the familiarity across products (Shachar and
Anand, 1998) or consumers (Ackerberg, 2003). We combine the two approaches and use
variation across both products and consumers. Moreover, the identification of this model
is richer. It is not based only on the variation in the familiarity, but also on the involve-
ment level of the consumer with the product, the diversity of products offered by the firm,
etc.

3. The data

The empirical application of this model comes from the television industry. The data include
product attributes, individual characteristics, individual (television viewing) choices, and
individual-level exposures to advertisements (which promote television shows). The data
on individual characteristics and choices were obtained from A.C. Nielsen, and the rest of
the data were designed and created for the purpose of empirical analysis of advertising.
We focus on viewing choices for network television during prime time, 8:00 to 10:00 PM–
Monday through Friday starting on November 6, 1995. There are 53 shows during this
time-frame.

The advantages of this data set are: (1) previous studies demonstrate that TV viewers are
uncertain about product attributes, (2) Anand and Shachar (1998 and 2001) show that ads
for TV shows are informative, (3) most ads for these products are observed, since most ads
for television shows appear on TV, (4) the monetary cost of viewing a show is zero, and the
non-monetary cost is the same (for each individual) across shows in any period—thus, we
do not face the complications due to manufacturer coupons or special offers, and (5) it is
relatively easy to solve the endogeneity problem of the advertising exposure (as discussed
in Section 4.4).

3.1. The data sets

The datasets are presented in the following order: product attributes, consumer character-
istics, consumption choices, and exposures to advertisements.

3.1.1. Product (show) characteristics. We coded the show attributes for the 53 shows in
the relevant week based on prior knowledge, publications about the shows, and viewing
each one of them. Following previous studies, we categorize shows based on their genre and
their cast demographics. Rust and Alpert (1984) present five show categories—for example,
comedies and action dramas—and show that viewers differ in their preferences over these
categories. We use the following categories: situation comedies, also called “sitcoms” (31
shows fall into this category), action dramas (11 shows), and romantic dramas (7 shows).
The base group includes news magazines and sports events (4 shows), which were found
by previous studies to be similar.18

18 See Goettler and Shachar (2001).
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Shows were also characterized by their cast demographics. Shachar and Emerson (2000)
demonstrate that the demographic match between an individual and a show’s cast plays
an important role in determining viewing choices. For example, younger viewers tend to
watch shows with a young cast, while older viewers prefer an older cast. We use the fol-
lowing categories: Generation-X, if the main characters in a show are older than 18 and
younger than 34 (21 shows fall into this category); Baby Boomer, if the main charac-
ters are older than 35 and younger than 50 (12 shows); Family, if the show is centered
around a family (11 shows); African-American (7 shows); Female (15 shows); and Male
(22 shows).

3.1.2. Consumer characteristics and choices (the Nielsen data). We obtained data on
individuals’ viewing choices and characteristics from Nielsen Media Research. Nielsen
maintains a sample of over 5,000 households nationwide. Nielsen installs a People Meter
(NPM) for each television set in the household. The NPM records the channel being watched
on each television set. A special remote-control records the individuals watching each
TV. Thus, the viewing choices are individual-specific. While criticized occasionally by
the networks, Nielsen data still provide the standard measure of ratings for both network
executives and advertising agencies.

Although the NPM is calibrated for measurements each minute, the data available to
us provide quarter-hour viewing decisions, measured as the channel being watched at the
midpoint of each quarter-hour block. Thus, we observe viewers’ choices in 40 time slots.
Our data consists of viewing choices for the four major networks, ABC, CBS, NBC, and
FOX. The length of the shows varies from 30 minutes to 2 hours.

This study confines itself to East coast viewers, to avoid problems arising from ABC’s
Monday night programming.19 Finally, viewers who never watched television during
weeknight prime time and those younger than six years of age are eliminated from the
sample. From this group, we randomly selected individuals with a probability of 50 per-
cent. This gives us a final sample of 1675 individuals. On average, at any point in time, only
25 percent of the individuals in the sample watch network television.

In addition to viewer choices, Nielsen also reports their personal characteristics. Our
data includes the age and the gender of each individual, and the income, education, cable
subscription and county size for each household. Table 1 defines the variables created based
on this information, and presents their summary statistics.

3.1.3. Data on exposures to advertising. We taped all the shows for the four networks
during the relevant week, and coded the appearance of each advertisement for the television
shows. For example, on Tuesday at 8:00 PM, there was an advertisement for the NBC sitcom
Seinfeld (this show aired on Thursday at 9:00 PM). This information was matched with the
Nielsen viewing data to determine an individual’s exposure to advertisements. For example,
an individual who watched NBC on Tuesday at 8:00 PM was exposed to the advertisement

19 ABC features Monday Night Football, broadcast live across the country; depending on local starting and ending
times of the football game, ABC affiliates across the country fill their Monday night schedule with a variety
of other shows. Adjusting for these programming differences by region would unnecessarily complicate this
study.
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Table 1. Individual observable characteristics: definitions and summary statistics.

Variable Definition Mean (S.D.)

Teens Viewer is between 6 and 17 years old (in November 1995) 0.1421 (0.3491)

Gen − X Viewer is between 18 and 34 years old (in November 1995) 0.2400 (0.4272)

Boom Viewer is between 35 and 49 years old (in November 1995) 0.2764 (0.4474)

Older Viewer is older than 50 years 0.3415 (0.4742)

Female Female viewer 0.5319 (0.4991)

Male Male viewer 0.4681 (0.4991)

Family Viewer lives in a household with (according to Nielsen codes) a
“woman of the house” (i.e., female over the age of 18) present

0.4304 (0.4953)

Income Measured on unit interval, where the limits are: zero if the
income is less than $10,000, and one if the income is $40,000
and over

0.8333 (0.2259)

Education Measured on unit interval, where the limits are: zero if the years
of school are less than 8, and one if it is 4 or more years
college

0.7421 (0.2216)

Urban Viewer lives in one of the 25 largest cities in U.S. 0.4149 (0.4929)

Basic Viewer has basic cable service 0.3642 (0.4813)

Premium Viewer has basic and premium cable service 0.3588 (0.4798)

mentioned above. Summing over all time slots, we get the number of exposures of individual
i with respect to each show in the week. In 1995, these advertisements, which are also
referred to as “promos”, usually included the broadcast time of the show, and clips from
the actual episode.

Since our Nielsen viewing data starts on Monday we cannot determine the exposure to
advertisements that were aired before that day. This means that our data miss some ad
exposures for the shows in the relevant week. This problem is likely to affect the exposure
variable for shows which were broadcast on Monday and Tuesday, and less likely to influence
those which aired on Wednesday through Friday. Thus, we allow the advertising parameters
to differ across these two parts of the week.

For the Wednesday through Friday shows, the mean number of advertisements aired per
show is 4.14, and the median is 4. On average, an individual who watched TV at least 30
minutes during Monday and Tuesday is exposed to 0.49 advertisements for each show on
Wednesday through Friday.

4. Estimation and identification issues

This section consists of four subsections. The first presents the specific functional forms of
the utility, and the density functions of the unobserved variables. The second constructs the
likelihood function. The identification of the model’s parameters is discussed in the third
subsection, and the final subsection analyzes the endogeneity problem.
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4.1. The functional forms

4.1.1. Utility. Attribute utility: Following previous studies we model the “attribute utility”
from television show as:

zi, j,t = βGender I {the gender of i and show j, t is the same}
+ βAge0 I {the age group of i and show j, t is the same}
+ βAge1 I {the distance between the age group of i and show j, t is one}
+ βAge2 I {the distance between the age group of i and show j, t is two}
+ βFamily I {i lives with her family and show j, t is about family matters}
+ βRaceIncomei I {one of the main characters in show j, t is

African American}
+ (

βSitcom · yβ

i + υSitcom
i

)
Sitcom j,t

+ (
βAD · yβ

i + υ AD
i

)
ActionDrama j,t

+ (
βR D · yβ

i + υR D
i

)
RomanticDrama j,t + η j,t (11)

The first six terms in zi, j,t capture the match between the demographics of the viewer and
the main characters in the cast, with Incomei used as a proxy for the individual’s race. The
binary variables Sitcom j,t , ActionDrama j,t , RomanticDrama j,t describe the genre of show
j, t .20 The preferences for the show genre are allowed to depend on the individual observable
(yβ

i ) and unobservable (υSitcom
i , υ AD

i , υRD
i ) characteristics. The vector yβ

i consists of the
variables Teensi , GenerationXi , BabyBoomeri , Oldi , Femalei , Incomei , Educationi , Familyi
and Urbani .

The direct (persuasive) effect of advertising: The ρ function has the form:

ρi
(
N a

i, j,t

) = υ
ρ

i

[
ρ1,t N a

i, j,t + ρ2,t
(
N a

i, j,t

)2]
(12)

where ρ1,t = ρ1,MT MTt + ρ1,W F WFt , and MTt and WFt are binary variables for Monday-
Tuesday and Wednesday-Friday respectively.21 The parameter ρ2,t is defined accordingly.
The response to ad exposure is allowed to vary across consumers via the unobserved pa-
rameter υ

ρ

i . The “wear-out” effect of advertising implies that ρ2,t < 0.
The state dependence parameter: Next, we specify the structure of δi, j,t and extend the

state dependence to include another element. Specifically, we formulate the state dependence
in the network utility as:

δi, j,t I {Ci,t−1 = j}
+ δInProgress I {Ci,t−1 �= j}I {The show on j started at least 15 minutes ago}·

20 Following the findings of Goettler and Shachar (2001), we merge News and Sports shows into a single baseline
category.

21 Recall that we do not observe if the individuals were exposed to ads prior to Monday. Thus, we have missing
exposure data. This problem is likely to be more severe for the shows aired in the first days of our dataset.
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where

δi, j,t =




yδ
i δ

y + υδ
i

+ δFirst15 I {The show on j started within the past 15 minutes}
+ δLast15 I {The show on j is at least one hour long and will end

within 15 minutes}
+ x j,tδ

x I {The show on j started at least 15 minutes ago}




where the observed variables included in yδ
i are Teensi , GenerationXi , BabyBoomeri ,

Olderi , and Femalei . We also allow the state dependence to differ across individuals for
unobserved reasons through υδ

i , and over time through δFirst15, δLast15. Specifically, we ex-
pect δ to be smaller in the first 15 minutes of a show, when viewers have not had enough
time to get hooked by the show (δFirst15 < 0). For the same reason, the state dependence
should be particularly high during the last 15 minutes of a show (δLast15 > 0). Further-
more, we allow the state dependence during the show to depend on the show character-
istics x j,t (note that δx does not apply between shows). Last, δInProgress applies to individ-
uals who were not watching network j in the previous time slot. Since the tendency to
tune into a network to watch a show that has already been running for at least 15 min-
utes should be lower than at the beginning of a new show, δInProgress is expected to be
negative.

Note that our data span 5 days, with 8 observations per day. The state dependence term
applies to consecutive observations within each day, but is set to zero on transitions between
days.

Outside utility: The parameters of the outside utility are defined as:

γi = γ yγ

i , and (13)

δi,0,t = δ0 + υδ
i + δY yδ

i + δHourHourt

where the vector yγ

i includes all the demographic variables from yβ

i , as well as binary
variables for the individual cable subscription status Basici , Premiumi , and the binary
variable Hourt equals 1 at 8:00 and 9:00 PM. Notice that the outside alternative lumps
together the TV off choice with the decision to watch a non-network show. Thus, we expect
the cable subscription status to affect the utility from the outside alternative. Furthermore,
we include the variable Hourt in the state dependence parameter, since most non-network
shows end “on the hour”.

Risk aversion: We formulate the utility from the product attributes so that:

Ṽ
(
µ

p
i, j,t , σ

2
i, j,t

) = µ
p
i, j,t + φσi, j,t (14)

In this semi-structural formulation, the case φ = 0 corresponds to risk neutrality, and φ < 0
corresponds to risk aversion.

The most natural alternative specification would be to capture risk preferences via the
curvature of V (·). However, this approach is more sensitive empirically. In particular, if the
functional form of zi, j,t or the distribution of νi, j,t , εi, j,t is misspecified, then the estimated
shape of V (·) could be driven by this misspecification, rather than by the effect of posterior
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variance on the expected utility (which is our desired source of identification for the pa-
rameters of risk preferences). Therefore we choose to use the more robust semi-structural
specification.

Furthermore, using Taylor expansion, Ṽ (µp
i, j,t , σ

2
i, j,t ) can be re-written as:

�Ṽ (µ, σ ) = ∂ Ṽ

∂µ
�µ + ∂ Ṽ

∂σ
�σ + 1

2

∂2Ṽ

∂µ2
(�µ)2

+ 1

2

∂2Ṽ

(∂σ )2
(�σ )2 + 1

2

∂2Ṽ

∂µ∂σ
�µ�σ + · · · (15)

Note that under risk-neutrality ∂ Ṽ
∂σ

= 0, and under risk-aversion ∂ Ṽ
∂σ

< 0. In preliminary
stages of estimation, we experimented with different orders of Taylor approximation, and
found that a simple first-order approximation works best empirically.

4.1.2. Density functions. We assume that the εi, j,t are drawn from independent and
identical Weibull (i.e., independent type I extreme value) distributions. As McFadden
(1973) illustrates, under these conditions the viewing choice probability is multinomial
logit.

Let υi represent all the unobserved individual specific parameters. Specifically, υi =
{αi, j , υSitcom

i , υ AD
i , υR D

i , υ
ρ

i , υδ
i , ςm

i, j }. Without accounting for υi , our estimates of the
parameters of the state dependence, the advertising effectiveness and the information set
might be inconsistent (Heckman, 1981; Shachar and Anand, 1998).

The density function of υi is assumed to be discrete. Specifically, υi = υk with probability
pk , where pk = exp(λk )∑K

k=1 exp(λk )
for all k. This means that we allow the population to be divided

into K different unobserved segments. The number of types K is determined based on
various information criteria.

Finally, the density function of the individual-show match unobserved variable, νi, j,t , is
assumed to be normal − νi, j,t ∼ N (0, σ 2

ν ).

4.2. The likelihood

The choice probability in period t is:

Pr
(
Ci,t = j | Ci,t−1, xt , yi , N a

i,t , N e
i,t , ωi,t , νi,t , υk, θ

) = exp(Ū i, j,t )∑
m=0...J exp(Ū i,m,t )

(16)

where ωi,t , νi,t , xt , N a
i,t and N e

i,t are the J -element vectors whose j’th component is
ωi, j,t , νi, j,t , x j,t , N a

i, j,t and N e
i, j,t respectively; θ a vector of all the parameters that are com-

mon for all individuals; Ū i, j,t = µ
p
i, j,t +φσi, j,t + ρi (N a

i, j,t )+δi, j,t I {Ci,t−1 = j}+αi, j +νi, j,t

for j = 1, .., J , and Ū i,0,t = γi + δi,0,t I {Ci,t−1 = 0}.
Since the random terms εi, j,t are i.i.d, the conditional probability of the entire

choice sequence Ci = Ci,1 . . . Ci,T is equal to the product of conditional choice
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probabilities:

Pr
(
Ci

∣∣ X, Yi , N a
i , N e

i , ωi , νi , υk, θ
)

=
T∏

t=1

Pr
(
Ci,t = j

∣∣ Ci,t−1, xt , Yi , N a
i,t , N e

i,t , ωi,t , νi,t , υk, θ
)

(17)

where X = {x1, . . . , xT }, ωi = {ωi,1, . . . , ωi,T }, νi = {νi,1, . . . , νi,T }, N a
i =

{N a
i,1, . . . , N a

i,T } and N e
i = {N e

i,1, . . . , N e
i,T }.

The history probability depends on the unobservables ωi , νi , υk . Integrating them out
yields:

Pr
(
Ci

∣∣ X, Yi , N a
i , N e

i , �
) =

K∑
k=1

∫
Pr

(
Ci

∣∣ X, Yi , N a
i , N e

i , ω̃, ν̃, υk, θ
)
dF(ω̃, ν̃)pk

(18)

where F(ω̃, ν̃) is the joint c.d.f. of ω, ν, and � includes all the parameters of θ as well as
the segment-specific parameters υ1, . . . , υK and the parameters of the density functions of
ω, ν and υ.

Since all the unobservables are independent across individuals, the log-likelihood is
simply

ln L(�) =
I∑

i=1

ln
[

Pr
(
Ci | X, Yi , N a

i , N e
i , �

)]
(19)

where I is the number of consumers in the sample.
The computation of the likelihood function involves integration over the joint distribution

of the signals and the show random effects. Since numerical integration by quadrature
techniques is infeasible, we resort to Monte-Carlo integration.

4.3. Identification

The identification of this model under risk neutrality is discussed at length in Anand and
Shachar (2001). Thus, we focus here on the identification of the risk parameter. Furthermore,
we show how the risk-reduction effect of advertising can be distinguished from the direct
effect.

The risk parameter φ is identified by many moments. This parameter multiplies σi, j,t

which is a function of all the characteristics of individuals and the attributes of shows.
Indeed, these variables also affect µp

i, j,t (and thus assist in identifying additional parameters
in the model), however, their effect on σ 2

i, j,t is quite different than their influence on µ
p
i, j,t .

Specifically, while µ
p
i, j,t is based on the mean of the show attributes (for each network),

σ 2
i, j,t is based on the variance-covariance matrix of the show attributes.
Advertising increases the purchase probability of risk-averse consumers for two reasons:

(1) it reduces the risk associated with the product, and (2) it directly increases the utility
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through the ρ function. The distinction between these two sources is based on equation
(10). Specifically, while the effect through the ρ function does not depend on factors such
as the consumer’s familiarity with the product and involvement level, the risk-reduction
effect does. For example, if the positive effect of N a

i, j,t on the purchase probability is
fully explained by the interaction of the risk parameter and σ 2

i, j,t , then we would detect no
additional effect of N a

i, j,t through the ρ function. However, if this positive effect cannot be
fully explained by the risk parameter, the parameters of the ρ function would not be zero.22

4.4. The endogeneity problem

The endogeneity problem has accompanied empirical research of advertising since its in-
ception. In individual-level data, the primary source of the problem comes from the targeting
strategies of firms. Firms tend to send ads to consumers who, a priori, have a higher ten-
dency to consume the promoted product. Thus, the tendency of consumers to purchase a
product is positively correlated with their exposure to advertising even if their expected
utility is not affected in any way by ads. If consumers’ a priori tendencies are unobserved
by the researcher, there is an endogeneity problem—an observed explanatory variable (ad
exposures) is correlated with the unobservables of the model. Thus, targeting leads to a bias
in the estimate of ad effectiveness.

In general, in order to resolve the endogeneity problem, one needs to endogenize N a
i, j,t .

Such a solution requires that the researcher model both the consumption decision and the
exposure to advertising, and collect data on these two parts of the model. Our empirical
application makes this difficult task easier and feasible.23 Specifically, it is easy to show
that the endogeneity of advertising in our setup is equivalent to the standard state de-
pendence/heterogeneity problem. To see that, notice that one can rewrite the exposure to
advertising in our model as: N a

i, j,t = ∑t−1
τ=1 a j,t,τ I {Ci,τ = j}, where a j,t,τ is a binary vari-

able equal to 1 if an ad for a show on network j at time t was aired in time slot τ . Notice that
a j,t,τ is not individual specific, and what makes the ad exposure, N a

i, j,t , individual specific
are her viewing choices. Thus, in a sense, the ad exposure variable is a stock of some of the
previous viewing choices. This is equivalent to the definition of state dependence (see, for
example, pp. 139–140 in Heckman, 1981). This means that the solution to the endogeneity
of advertising in our setup is the same as the solution to the state dependence challenge
in general discrete panel data models—it rests on properly accounting for the unobserved
heterogeneity parameters. The advantage of our dataset is that the consumption decision
also determines the exposure to advertising. Thus, within the same framework and dataset,
we model both the consumption decision and the exposure to advertising.

Monte Carlo experiments support the suggested solution for the endogeneity problem in
our setup. Specifically, we find that the estimation procedure identifies correctly the number
of segments in the population and, as a result, the estimates of advertising effectiveness are
consistent.

22 Thus, the direct effect on the utility can be also considered as a residual (i.e., the excess effect of advertising
on choices that is not captured by the other elements of the model).

23 Previous studies of advertising that used individual level data (other than Shachar and Anand, 1998; Anand
and Shachar, 2001) have not endogenized the exposure to advertising variable.
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5. The results

We estimate various specifications of the model. We refer to the specification presented
in the previous sections as the “baseline model” and denote it in the tables as Model I.
In Model II we impose risk-neutrality (φ = 0). The differences between the estimates of
Models I and II demonstrate that ignoring the risk-reduction role of advertising might lead
to misleading managerial implications. The estimates of the other models (Models III-VIII)
show that our results are robust to various specifications of the model.24

As discussed above, the risk-reduction role of advertising stems from (a) consumers’
uncertainty (i.e, (ςm

i, j )
−1 > 0), (b) consumers’ risk-aversion (i.e., φ < 0) and (3) the

informative content of advertising (i.e, ςa > 0). In all the specifications the risk-reduction
role of advertising is supported by the data (i.e., (ς̂m

i, j )
−1 > 0, φ̂ < 0, and ς̂a > 0).

The estimates of the other parameters are specific to the television example, and therefore
are of less interest. However, we briefly report them as well (for the baseline specification
only), as a reality check on the model.

The estimates are presented in Tables 2 to 9.25 The number of latent segments was
determined by minimizing the BIC (Bayes Information Criterion). For the baseline model,
the BIC was minimized at 3 segments. Segments’ sizes are 0.23, 0.27 and 0.50.

5.1. Estimates

5.1.1. Utility parameters. Show attributes (βs and νs: Table 2): The β estimates are
consistent with the findings of previous studies. Viewers prefer shows whose cast demo-
graphics are similar to their own. Viewers differ in both observed and unobserved ways in
their taste for particular show genres. For example, the utility from sitcoms decreases with
age.

State dependence parameters (δ: Table 3): As in previous studies, state dependence
between shows is an important factor. The estimates of υδ

i range from 1.53 to 2.32. There
is obviously also state-dependence during a show. The state dependence during a show
depends on the show type. It is weaker for the News magazines and Sports shows than for
the other show categories (δNews,Sports = −0.51, δSitcom = 0.00, δAD = 0.14, δRD = 0.15).
This could be explained by lack of a continuous script and plot in news magazines and sports
shows.26 Most of the demographic variables are insignificant, except for δFemale = 0.13.

24 The estimation was done in Gauss. All the computationally-intensive parts of the model were written in
C and packaged into a DLL (dynamic link library) accessible from Gauss. Since the simulator we use is
smooth, standard gradient-based optimization methods can be used. Hajivassiliou (1997) suggests increasing
the number of simulation draws R until the expectation of the score function is zero at �̂′

M SL . In our case this
is achieved at R = 400. Each iteration takes about 10 minutes on a Pentium-IV 2.8 GHz computer.

25 The standard errors were computed from the inverse of the information matrix, thus they ignore the additional
error induced by the simulation noise.

26 Compared with the state dependence between shows, the state dependence during a show is weaker for News
and Sports shows and stronger for both types of drama. However, this does not imply that the viewing persistence
during News and Sports shows is lower than the persistence between shows. Note that other elements of the
model (e.g. show random effects) also generate persistence in choices during the show, but not between shows,
thus the total persistence in choices during News and Sports shows is higher than between show.
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Table 2. Preferences for show attributes (β).

Parameter Estimate Parameter Estimate

βGender 0.2036
(0.0440)

βEducation
AD −0.3253

(0.2233)

βAge0 0
(–)

β
Family
AD −0.0110

(0.1163)

βAge1 −0.2155
(0.0459)

β
Family
AD −0.2450

(0.0987)

βAge2 −0.7081
(0.0757)

βTeens
RD 0

(–)

βFamily 0.4160
(0.0970)

βGenX
RD 0.0307

(0.2462)

βRace −1.0019
(0.2184)

β
BabyBoomer
RD −0.1016

(0.2351)

βTeens
Sitcom 0

(–)
βOlder

RD −0.6952
(0.2572)

βGenX
Sitcom −0.7109

(0.2009)
βFemale

RD 0.5653
(0.1170)

β
BabyBoomer
Sitcom −0.7475

(0.1971)
βIncome

RD −1.7525
(0.2722)

βOlder
Sitcom −1.3964

(0.2105)
βEducation

RD −0.2904
(0.2554)

βFemale
Sitcom 0.4346

(0.0882)
β

Family
RD −0.0423

(0.1295)

βIncome
Sitcom −0.2310

(0.2075)
βUrban

RD −0.0728
(0.1112)

βEducation
Sitcom −0.3443

(0.2017)
υSitcom

k=1 0
(–)

β
Family
Sitcom 0.1481

(0.1191)
υAD

k=1 0
(–)

βUrban
Sitcom −0.0186

(0.0882)
υRD

k=1 0
(–)

βTeens
AD 0

(–)
υSitcom

k=2 −0.9028
(0.1488)

βGenX
AD −0.6748

(0.2156)
υAD

k=2 −0.2861
(0.1666)

β
BabyBoomer
AD −0.3622

(0.2089)
υRD

k=2 0.5721
(0.1874)

βOlder
AD −0.2703

(0.2180)
υSitcom

k=3 −0.8561
(0.1524)

βFemale
AD 0.3716

(0.0974)
υAD

k=3 −0.0874
(0.1636)

βIncome
AD −0.8713

(0.2473)
υRD

k=3 −0.2001
(0.1890)

Notes on normalizations: we set βSitcom
Teens = βAD

Teens = βRD
Teens =

υSitcom
k=1 = υ AD

k=1 = υRD
k=1 = 0 because we estimate a fixed

effect parameter for each of the shows. Standard errors are in
parentheses.
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Table 3. State-dependence parameters.

Parameter Estimate Parameter Estimate

υδ
k=1 2.2832 (0.0978) δGenX −0.0989 (0.0692)

υδ
k=2 1.5251 (0.0985) δBoomer −0.0432 (0.0663)

υδ
k=3 2.3221 (0.1101) δOld 0.0216 (0.0655)

δOut 0.2937 (0.0942) δFemale 0.1346 (0.0392)

δNews,Sports −0.5096 (0.1564) δHour(out) −0.4322 (0.0821)

δAD 0.1354 (0.1617) δLast15 0.1953 (0.1564)

δRD 0.1472 (0.1622) δFirst15 0.1576 (0.1038)

δSitcom 0.0032 (0.1611) δInProgress −0.3557 (0.0655)

δTeen 0 (–)

Note on normalizations: we set δTeens = 0 because we estimate υδ
k for all the segments.

Standard errors are in parentheses.

Table 4. Outside alternative parameters.

Parameter Estimate Parameter Estimate

γPremium 0.4471 (0.0543) γFemale 0.0974 (0.0934)

γBasic 0.3010 (0.0515) γIncome −0.4507 (0.2089)

γTeens −3.4099 (0.4820) γEducation −0.0976 (0.2027)

γGenX −4.1281 (0.5188) γFamily −0.0371 (0.1089)

γBoomer −4.1958 (0.5178) γUrban −0.1006 (0.0903)
γOld −4.7663 (0.5094)

Note: Standard errors are in parentheses.

Finally, the viewers do not like switching into the middle of another show (δInProgress =
−0.36).

Preference for the outside option (γ : Table 4): The utility from the outside alternative
decreases with age and income. It is the lowest for viewers who do not have a cable
connection, and the highest for those who have a premium subscription. Recall that the
outside option lumps together two alternatives: TV off and non-network channels. All the
other demographic variables do not have a significant effect on the utility from the outside
alternative.

The outside alternative is also characterized by substantial state-dependence. The estimate
of υδ

i + δOut ranges from 1.82 to 2.62. As expected, the state-dependence in the outside
alternative declines “on the hour” (δHour = −0.43), when many non-network channels start
airing new shows.

Fixed and random effects (η, α and σν: Tables 5 and 6): Table 5 presents the fixed effects
for each show. We observe substantial differences in these parameters. The estimates range
from −1.10 for Dateline NBC (Friday) to 2.59 for the X-Files.

Table 6 presents the distribution parameters of the random individual-network effects.
There is a large heterogeneity in these parameters. For example, the second and the third



306 BYZALOV AND SHACHAR
Ta

bl
e

5.
Sh

ow
-s

pe
ci

fic
fix

ed
ef

fe
ct

s.

Sh
ow

E
st

im
at

e
Sh

ow
E

st
im

at
e

Sh
ow

E
st

im
at

e
Sh

ow
E

st
im

at
e

A
B

C
N

B
C

C
B

S
Fo

x

T
he

M
ar

sh
al

0
Fr

es
h

Pr
in

ce
of

B
el

-A
ir

2.
12

29
T

he
N

an
ny

1.
70

90
M

el
ro

se
Pl

ac
e

2.
09

41
(–

)
(0

.4
12

8)
(0

.4
10

1)
(0

.4
41

6)
Pr

o
Fo

ot
ba

ll
−0

.0
23

7
In

th
e

H
ou

se
1.

64
92

C
an

’t
H

ur
ry

L
ov

e
1.

71
70

B
ev

er
ly

H
ill

s
90

21
0

(M
on

)
2.

03
40

(0
.3

60
3)

(0
.4

22
9)

(0
.3

95
3)

(0
.4

51
2)

R
os

ea
nn

e
0.

54
78

Sh
e

Fo
ug

ht
A

lo
ne

0.
60

06
M

ur
ph

y
B

ro
w

n
1.

42
11

B
ra

m
St

ok
er

’s
D

ra
cu

la
1.

24
71

(0
.2

84
4)

(0
.4

07
0)

(0
.3

99
9)

(0
.3

47
1)

H
ud

so
n

St
re

et
0.

77
74

W
in

gs
1.

78
70

H
ig

h
So

ci
et

y
1.

24
62

B
ev

er
ly

H
ill

s
90

21
0

(W
ed

)
1.

94
73

(0
.3

06
3)

(0
.3

85
4)

(0
.4

07
0)

(0
.4

36
8)

H
om

e
Im

pr
ov

em
en

t
1.

53
06

N
ew

s
R

ad
io

1.
37

85
T

he
C

lie
nt

0.
35

87
Pa

rt
y

of
Fi

ve
0.

78
56

(0
.2

95
4)

(0
.3

89
8)

(0
.2

96
5)

(0
.4

34
5)

C
oa

ch
0.

90
71

Fr
as

ie
r

1.
89

17
N

ot
hi

ng
L

as
ts

Fo
re

ve
r

1.
28

99
L

iv
in

g
Si

ng
le

2.
09

54
(0

.2
98

5)
(0

.3
93

8)
(0

.4
18

3)
(0

.4
42

5)
E

lle
n

0.
91

19
Pu

rs
ui

to
f

H
ap

pi
ne

ss
0.

26
05

B
le

ss
th

is
H

ou
se

0.
48

24
T

he
C

re
w

2.
48

40
(0

.2
82

1)
(0

.3
80

0)
(0

.3
90

7)
(0

.4
91

7)
T

he
D

re
w

C
ar

ey
Sh

ow
0.

64
74

Se
aq

ue
st

20
32

0.
33

32
D

av
e’

s
W

or
ld

1.
18

09
N

ew
Y

or
k

U
nd

er
co

ve
r

1.
08

69
(0

.3
03

9)
(0

.2
93

2)
(0

.4
09

4)
(0

.4
64

5)
G

ra
ce

U
nd

er
Fi

re
1.

40
44

D
at

el
in

e
N

B
C

(W
ed

)
−0

.4
83

0
C

en
tr

al
Pa

rk
W

es
t

0.
49

90
St

ra
ng

e
L

uc
k

1.
22

68
(0

.2
94

1)
(0

.4
10

5)
(0

.4
02

5)
(0

.3
57

0)
T

he
N

ak
ed

T
ru

th
0.

62
44

Fr
ie

nd
s

2.
14

45
M

ur
de

r,
Sh

e
W

ro
te

0.
06

86
X

-F
ile

s
2.

58
93

(0
.3

03
4)

(0
.3

78
1)

(0
.2

91
3)

(0
.3

63
7)

C
ol

um
bo

−0
.3

95
9

T
he

Si
ng

le
G

uy
1.

39
24

N
ew

Y
or

k
N

ew
s

−0
.4

09
2

(0
.1

64
9)

(0
.3

83
8)

(0
.3

04
6)

Fa
m

ily
M

at
te

rs
1.

67
17

Se
in

fe
ld

2.
01

16
H

er
e

C
om

es
th

e
B

ri
de

0.
44

51
(0

.3
14

6)
(0

.3
78

5)
(0

.3
85

1)
B

oy
M

ee
ts

W
or

ld
0.

51
99

C
ar

ol
in

e
in

th
e

C
ity

1.
03

64
Ic

e
W

ar
s

−0
.8

95
5

(0
.3

23
6)

(0
.3

73
4)

(0
.4

13
7)

St
ep

by
St

ep
0.

17
77

U
ns

ol
ve

d
M

ys
te

ri
es

0.
51

88
(0

.3
08

4)
(0

.2
83

8)
H

an
gi

ng
w

ith
M

r.
C

oo
pe

r
1.

02
62

D
at

el
in

e
N

B
C

(F
ri

)
−1

.0
98

9
(0

.3
38

4)
(0

.3
98

8)

N
ot

es
on

no
rm

al
iz

at
io

n:
w

e
se

tt
he

fix
ed

ef
fe

ct
of

th
e

sh
ow

T
he

M
ar

sh
al

to
ze

ro
be

ca
us

e
w

e
es

tim
at

e
th

e
fix

ed
ef

fe
ct

of
th

e
ou

ts
id

e
al

te
rn

at
iv

e.
St

an
da

rd
er

ro
rs

ar
e

in
pa

re
nt

he
se

s.



THE RISK REDUCTION ROLE OF ADVERTISING 307

Table 6. Random individual-network effects.

Parameter Estimate Parameter Estimate

σν 0.5895 (0.0940) µ2 0.1555 (0.1578)

α8:00,ABC −0.9041 (0.1029) αk = 2,ABC −0.8266 (0.3579)

α8:00,CBS −0.4542 (0.1072) αk = 2,CBS −0.8066 (0.2854)

α8:00,NBC −0.8866 (0.1019) αk = 2,NBC −0.7876 (0.3015)

α8:00,FOX −0.2659 (0.1041) αk = 2,FOX −1.1393 (0.3344)

µ1 0 (–) µ3 0.7823 (0.1085)

αk = 1,ABC 0 (–) αk = 3,ABC −1.5879 (0.3392)

αk = 1,CBS 0 (–) αk = 3,CBS −1.1060 (0.3276)

αk = 1,NBC 0 (–) αk = 3,NBC −1.4829 (0.2999)

αk = 1,FOX 0 (–) αk = 3,FOX −2.1601 (0.3408)

Note: we set the random effect parameters for the first segment at zero, because we
estimate all the fixed effects of shows. Standard errors are in parentheses.

segments like FOX less than other networks, and the third segment prefers CBS over other
networks.

In addition, we find a significant show random effect (σν = 0.59, s.e. = 0.09). Recall that
the α-s capture the unobserved individual-network match, while σν captures the unobserved
individual-show match.

The direct effect parameters (ρ: Table 9a, Model I): The estimated direct effect is close
to zero for all three segments. It is positive for the second and third segments, and negative
for the first segment. Although the coefficients are statistically significant, we show in
Section 5.2 that the direct effect of advertising is behaviorally negligible.

5.1.2. Information set parameters (ς: Tables 7 and 8). In our model, the individual obtains
information from the brand images of the firms, µi, j , and from three kinds of unbiased
noisy signals. While the precision of the brand image, ς

p
i, j , is determined by the variance

of attribute utility, the precisions of the signals are free parameters in estimation.
The key parameter of interest is the precision of the advertising signals (Table 8, Model I).

The estimate of
√

ςa is 1.55, with a standard error of 0.18, implying that advertising content
is informative and that consumers update their expectation based on the information in the

Table 7. Precision of miscellaneous signals.

Parameter Segment 1 Segment 2 Segment 3

√
ςm

k = 1, j = ABC 3.0281 (0.3966) 3.3257 (0.4682) 3.3904 (0.4698)√
ςm

k = 1, j = CBS 2.6509 (0.3767) 2.0712 (0.3568) 2.1606 (0.3650)√
ςm

k = 1, j = NBC 2.7919 (0.3853) 2.9095 (0.4106) 2.7203 (0.4170)√
ςm

k = 1, j = FOX 1.7660 (0.2993) 2.4329 (0.3485) 2.3928 (0.3443)

Note: Standard errors are in parentheses.
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Table 8. Risk-aversion and information parameters.

Parameter Model I Model II Model III Model IV Model V Model VI Model VII Model VIII

φ −15.8410 0 −15.8580 −15.7509 – −15.9111 −15.2589 −15.9162
(2.4226) (–) (4.4635) (2.3382) (2.8568) (2.7489) (2.3595)

φk=1 – – – – −16.7828 – – –
(3.3359)

φk=2 – – – – −17.0482 – – –
(4.0067)

φk=3 – – – – −15.0262 – – –
(2.7494)

√
ςa (Mon–Tue) 1.2612 0.0280 1.1834 0 1.0411 1.1803 1.5652 1.2192

(0.1826) (2.2521) (0.1888) (–) (0.1396) (0.2325) (0.2749) (0.1793)
√

ςa (Wed–Fri) 1.5503 1.1434 1.4843 0 1.3501 1.5046 1.7464 1.4981
(0.1823) (0.3850) (0.1786) (–) (0.1577) (0.2290) (0.2645) (0.1824)

√
ς e 3.1528 0.0174 0 3.2260 3.0200 3.1721 3.3245 3.1732

(0.4251) (0.6658) (–) (0.4027) (0.4087) (0.4297) (0.4652) (0.4282)√
ςm

j=ABC
∗ 3.2898 2.4253 3.3044 3.2477 3.1470 3.2874 3.2449 3.2820√

ςm
j=CBS

∗ 2.2492 0.6693 2.1390 2.2470 2.1556 2.2468 2.1891 2.2425√
ςm

j=NBC
∗ 2.7875 2.0826 2.8394 2.8369 2.6434 2.7825 2.6996 2.7806√

ςm
j=FOX

∗ 2.2596 0.6328 1.9853 2.3116 2.1455 2.2510 2.2433 2.2576

∗ Weighted average of
√

ςm
k, j across segments.

Model I – the baseline specification.
Model II – the risk-neutral model (φ = 0).
Model III – experience signals are disabled (ς e = 0).
Model IV – all the effects of advertising are disabled (ςa = 0, υ

ρ
k = 0).

Model V – segment-specific risk parameter (φk instead of φ)
Model VI – a non-parametric specification of the persuasive effect:

ρk (N ) = ρ1,t,k I {N = 1} + ρ2,t,k I {N = 2} + ρ3,t,k I {N = 3} + ρ4,t,k I {N ≥ 4}
where ρn,t,k = ρn,MT,kMTt + ρn,W F,kWFt

Model VII – a richer parametric specification of the persuasive effect:

ρk (N ) = (
ρ1,t,k + ρY

1 Yi
)
N + (

ρ2,t,k + ρY
2 Yi

)
N 2

where ρ1,t,k = ρ1,MT,kMTt + ρ1,W F,kWFt , ρ2,t,k = ρ2,MT,kMTt + ρ2,W F,kWFt .
Model VIII – the persuasive effect is specified as:

ρk (N ) = (ρMT,kMTt + ρWF,k W Ft )I {N > 0}.

Standard errors are in parentheses.
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ads.27 The informative content of ads is one of the building-blocks in the risk-reduction role
of advertising. The impact of this effect is discussed in Section 5.2.

The estimate of
√

ς e is 3.15, with a standard error of 0.43. Thus, the experience signals
are informative. Furthermore, as one might expect, the information acquired after watching
any 15 minutes of the show is more precise than the information from one ad. Specifically,
the information acquired from two ads is slightly less than the information acquired after
watching any 15 minutes of the show.

The precision of the miscellaneous signals differs across segments and networks (Table 7).

The point estimates of
√

ςm
i, j range from 1.77 for FOX in the first segment, and up to 3.39

for ABC in the third segment. On average, the network with the best known shows is ABC,
and the networks with the least known programs are CBS and FOX (Table 8, Model I).
These estimates are sensible for the following reasons. The degree of familiarity with a
network should be an increasing function of (a) the ratings of its shows and (b) the “age”
of its shows (i.e., the number of seasons that the shows were on the air). Even though NBC
enjoyed the highest average rating during the fall season of 1995 (followed by ABC in
second place), it was only third in the “ratings race” during the 1994 season (behind ABC
and CBS). Moreover, while several of NBC’s highest rated shows in 1995 were in their first
year of airing, the successful ABC shows were veterans. Thus, the finding that the network
with the best known shows is ABC seems reasonable. The low ς̂m

i, j for CBS and FOX are
not surprising as well—their average rating lagged that of the other networks, and CBS had
additionally introduced many new shows in the fall of 1995.

A test of the uncertainty assumption. We have also estimated a model with the following
restriction (ςm

i, j )
−1 = 0 for all i, j . This model assumes that consumers are fully informed

about product attributes. The perfect information hypothesis is easily rejected by the like-
lihood ratio test (the statistical χ2 is 447.8, and the critical, at the one percent level, is
26.2). Consumers’ uncertainty about products’ attributes is another building-block in the
risk-reduction role of advertising.

5.1.3. Risk aversion parameter (φ: Table 8, Model I). The estimate of the risk-aversion
parameter φ is negative and significant both behaviorally and statistically (φ = −15.84,
with a standard error of 2.42), implying that consumers are clearly risk-averse. Consumers’
risk aversion is the final building-block in the risk-reduction role of advertising. Next, we
examine the risk-reduction effect.

5.2. The risk reduction role of advertising (empirical)

The results show that in our data (a) consumers are uncertain about products’ attributes (i.e.,
(ς̂m

i, j )
−1 > 0), (b) they are risk-averse (i.e., φ̂ < 0) and (3) the ad content is informative

(i.e., ς̂a > 0). In our model these findings imply that advertising has a risk-reduction
role. In other words, exposure to advertising increases consumers’ tendency to purchase

27 Due to missing data in exposures to ads in the first days of our dataset, we estimate two separate parameters
for Monday—Tuesday and Wednesday-Friday. The estimates reported pertain to Wednesday—Friday.
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the promoted product because advertising provides information that resolves some of the
uncertainty that the risk-averse consumers face and thus reduces the risk associated with
the promoted product.

The following exercise assesses the magnitude of this risk-reduction effect. First, we set
the persuasive effect of ads to zero for all the shows (in order to isolate the risk-reduction
effect). Then, for each show on each network, we expose the individuals in our data to
0, 1, 2 or 3 ads, and compute the predicted market share of that show.28 The average
increase in the market share is 2.7 percentage points (an increase of 53.3%) after the first
exposure, 5.4 percentage points (108.4%) after 2 exposures (compared to 0 exposures), and
8.0 percentage points (162.3%) after 3 advertising exposures.29

Our model allows advertising to affect choices also directly via the ρ function. It is
interesting to compare the effectiveness of advertising through the risk-reduction channel
with the standard effect of advertising via the ρ function. Thus, we repeat the above exercise
in order to assess the magnitude of the direct effect. Specifically, for each show on each
network, we set the ad exposure to 0, 1, 2 or 3 in the direct effect, but retain the original ad
exposure in the risk-reduction effect. This procedure allows us to measure the magnitude of
the direct effect separately from the risk-reduction effect. On average, the predicted market
share of a show increases by just 0.08 percentage points (1.5%) after the first exposure,
and by 0.18 percentage points (3.1%) after 2 or 3 advertising exposures (compared to 0
exposures).

This means that in our data, not only that the risk-reduction effect is strong and significant,
but it is also much more important than the standard effect of advertising. In other words,
the direct effect of advertising is much smaller than the indirect effect, and it is negligible
behaviorally. Note that the direct effect is identified as a reduced-form residual effect of ad
exposures on choices, after controlling for risk-reduction. This residual effect could actually
be capturing various other effects of ads. However, our finding that the direct effect of ads
is negligible resolves this interpretation problem in our data, and suggests that the structure
of our model is rich enough to capture consumer behavior.

The conclusion from these findings is that in our data advertising has a negligible direct
effect on the utility. In other words, exposure to advertising does not change the preferences
of consumers. The positive effect of advertising on the purchase probability, which is
usually interpreted as an indication for the persuasive power of advertising, is actually due
to the risk-reduction effect of ads. We discuss the welfare implications of this result in the
concluding section.

28 We hold the ad exposures for all the other shows fixed at their actual levels. For each show and number
of exposures, we simulate 100 choice sequences for every individual to compute the market share of the
show. We repeat this procedure for every show on Wednesday, Thursday and Friday, from 0 to 3 advertising
exposures.

29 Note that on average, each ad aired by the networks for Wednesday-Friday shows generates just 0.08 advertising
exposures, thus the high advertising effectiveness per exposure is quite plausible. When we conduct a related
experiment in which we air an additional ad (with exposures determined by viewing choices), the average
increase in the market share is just 0.19 percentage points (an increase of 3.9%). Notice that since at the
individual level both the risk-reduction effect and the direct effect depend on the number of advertising
exposures, it’s more natural to express all the behavioral implications of the model in terms of exposures, as
opposed to ads aired.
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It is worth noting that Erdem and Keane (1996), who also found that advertising con-
tent is informative and consumers are risk-averse, did not allow advertising to have a
direct effect on the utility. Thus, the only channel through which ad exposure can have
a positive effect on the purchase probability in their model is the risk-reduction effect.
Our model includes both avenues (risk-reduction and direct effect). This has two benefits:
(a) the finding that advertising has a risk-reduction effect is not due to mis-specification
of the utility, and (b) we can conclude that there is no evidence for the direct effect of
advertising.30

5.3. The implications of risk-reduction

The risk-reduction role of advertising has various implications. For example, unlike the
traditional models (which only include the direct effect), our model suggests that the effec-
tiveness of advertising depends on the familiarity of consumers with the promoted products.
Indeed, this implication is shared with other models of informative advertising. However,
other implications are quite unique. For example, our model suggests that advertising effec-
tiveness should be higher for the high-involvement consumers than for the low-involvement
consumers. Here, we demonstrate this implication and in the concluding section we discuss
its managerial consequences.

In order to illustrate this effect, we need to construct a measure of consumers’ involve-
ment. Our measure of involvement for consumer i is Involvementi . This variable is equal
to

∑
k Pk

i Var(x j,tβ
k
i + η j,t ), where Pk

i is the posterior probability that i is of segment k,
and βk

i is her taste parameter in that case.31 The variance is computed over all networks and
timeslots. Thus, this measure captures how much the individual cares (in terms of attribute
utility) about the differences between the products she is facing. Individuals with high βs
(in absolute terms) are more sensitive to products attributes. For them Involvementi would
be relatively high.

We illustrate the effect of involvement on advertising effectiveness by the following
experiment. We split all the individuals into 3 groups of equal size according to their
Involvementi . For each group, we simulate the predicted market share for each show,
with 0 and 1 ad exposures.32 On average, exposure to 1 ad increases the market share
by 2.47 percentage points for the lowest-involvement group, by 2.52 percentage points
for the next group, and by 3.22 percentage points for the highest-involvement group.33

Thus, our estimates suggest that the advertising effectiveness is substantially higher for

30 Furthermore, EK did not account for the endogeneity of the ad exposure variables, and, as discussed in Anand
and Shachar (2001), their identification rests entirely on the structure that the model imposes on the variance-
covariance matrix of the random components. Our observable characteristics introduce additional identifying
moments and are likely to improve the robustness of the results. Note that the focus of EK is not on advertising
effectiveness, and thus their findings on the role of advertising are not central in their study.

31 Recall that βi varies both with the segments and with demographics yi .
32 For each show and number of exposures, we simulate 100 choice sequences (using posterior segment prob-

abilities) for all the individuals to compute the market share of the show. The ad exposures for all the other
shows are set to zero. The direct effect is set to zero.

33 The difference between the highest-involvement group and the medium-involvement group is significant at
1%.



312 BYZALOV AND SHACHAR

the high-involvement individuals, and reinforce the importance of proper targeting of
ads.34

5.4. A comparison to the standard advertising model

The risk-reduction effect has been ignored in the standard advertising model. Our findings
indicate that the standard model of advertising is mis-specified. Such mis-specification
might lead to inconsistent estimates and misleading implications. Here, we illustrate these
consequences of mis-specification.

For this purpose we re-estimate the model without the risk-reduction effect by imposing
risk-neutrality (φ = 0, Tables 8 and 9a, Model II). In this case, the estimated direct effect
of ads is positive and highly significant. We repeat the same experiment to measure the
magnitude of the direct effect in the risk-neutral model. On average, the direct effect of
ads increases the predicted market share of a show by 2.6 percentage points (50.2%) after
1 exposure, by 6.0 percentage points (115.9%) after 2 exposures, and by 10.0 percentage
points (194.0%) after 3 advertising exposures.

This means that when the risk-reduction is ignored, we find, like previous studies of
advertising, that ads have a strong direct effect on the utility. This finding is an immediate
result of the mis-specification of the model. In other words, it is likely that the findings of
previous studies that ads are persuasive are misleading.

Furthermore, by ignoring the risk-reduction effect and attributing the positive correlation
between ad exposure and the tendency to consume the promoted product to the direct
effect, previous studies fail to identify and realize the richness of advertising effectiveness.
An important ingredient in any advertising strategy is to identify the consumers and products
for which ads are especially effective. The standard advertising model does not account for
the variation in ad effectiveness as a result of variation in (a) the involvement level, (b) the
diversity of products offered by the firms, (c) the risk parameter, (d) the precision of ads’
signals, (e) the familiarity of consumers with products.35

Table 9a. Persuasion parameters (Models I, II, III, V).

Parameter Model I Model II Model III Model V

ρ1 (Mon–Tue) −0.2874 (0.1210) 0.7485 (0.1166) −0.3053 (0.1628) −0.1650 (0.1164)

ρ2 (Mon–Tue) 0.0570 (0.0297) −0.1374 (0.0314) 0.0654 (0.0364) 0.0430 (0.0306)

ρ1 (Wed–Fri) −0.2556 (0.0927) 0.5912 (0.0804) −0.2491 (0.1322) −0.0842 (0.0587)

ρ2 (Wed–Fri) 0.0512 (0.0204) −0.026 (0.0150) 0.0582 (0.0266) 0.0114 (0.0103)

υ
ρ
k = 1 1 (–) 1 (–) 1 (–) 1 (–)

υ
ρ
k = 2 −0.4948 (0.4718) 0.6897 (0.1090) −0.6011 (0.7059) −2.6023 (2.0558)

υ
ρ
k = 3 −1.0963 (0.6896) 1.1874 (0.1666) −1.2333 (1.0554) −3.1336 (2.5061)

Note: Standard errors are in parentheses.

34 In the working paper version of this study, we conduct a similar exercise with respect to the familiarity level
(instead of the involvement level) and find that ad effectiveness is a decreasing function of familiarity.

35 Note that while the standard model does not account for the effect of familiarity on the effectiveness of
advertising, informative advertising models do.
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Table 10 illustrates the differences between the implications of the standard model and the
risk-reduction model. It compares the predicted ad effectiveness between the two models.
We find that the standard model overstates the average advertising effectiveness for ABC
and NBC (2.5 percentage points versus 1.8, and 3.1 versus 2.8), and understates advertising
effectiveness for CBS and FOX (1.8 versus 2.4, and 2.6 versus 3.3).36 Note that this direction
of bias in the standard model is consistent with the findings in Section 5.2, that ABC and
NBC are the best-known networks while CBS and FOX are the least-known. Furthermore,
for some shows the predictions of the standard model display a very substantial bias (for
example, 1.5 versus 4.1 percentage points per exposure for FOX’s show “Strange Luck” ).
Thus, in our empirical setting, the advertising strategy prescribed by the standard model is
likely to be quite different quantitatively from the optimal strategy.

5.5. A comparison to the signaling models of advertising

In some aspects the signaling theory of advertising is closer to our approach than the standard
model of advertising. Both theories suggests that exposure to ads can increase the tendency
to purchase the promoted product even if the utility is not a function of ads. Furthermore,
both imply that ad effectiveness is a decreasing function of consumers’ knowledge about
the promoted product.

However, as we discuss above, the implications of the risk-reduction model (and thus the
identification of the model) are richer than those of the signaling theory. Specifically, ad
effectiveness in the risk-reduction model is determined by both familiarity (like in signaling)
and other factors (specific to the risk-reduction model).

While the standard model of advertising is nested in our model, the signaling theory of
advertising is not. We have not integrated the signaling approach into our model for various
reasons. The main reason is that the risk-reduction model and the signaling theory focus
on different types of products and ads. While the first applies to search goods, the second
is relevant for experience goods. (An individual can know her utility from a search good,
but not from an experience good, even without consuming it. See Tirole, 1988, p. 106).
For search goods, ads content can credibly convey information on products’ attributes (i.e.,
“this automobile has 200 horse powers” ). However, for experience goods, experience is
required in order to acquire information about the utility, and ads content cannot credibly
convey information on product quality. Thus, according to Nelson (1974), ad intensity (not
ad content) serves as a credible signal about the quality of the product. This means that
the two models deal with different types of products and different types of ads. Moreover,
the following exercise suggests that the signaling theory is probably not relevant for our
empirical example.

According to the signaling model, ad intensity should be an increasing function of prod-
uct’s quality. In our setup the parameter η j,t captures the quality attribute of a product. Thus,
the correlation between η j,t and the total number of ads aired during the week for each show
can serve as a preliminary test of the signaling hypothesis. It turns out that the correlation

36 The table presents the advertising effectiveness for each show aired on Wednesday through Friday and for
each network. The effectiveness measure is the predicted increase in the market share of a show (in percentage
points) as a result of exposing each individual to an additional ad for the show.
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is negative when all the networks are pooled together, and it is negative for 3 networks
out of 4 (see Figure 1).37 This result is robust to various specifications of the model (and
thus estimates of η j,t ). Thus, high advertising intensity is not used to signal high quality to
rational consumers, ruling out the signaling role of advertising in our data.38

5.6. Robustness check

We estimate several alternative model specifications to verify the robustness of our results
(Tables 8 and 9a–9d). The specific functional forms for these specifications are presented
in the notes to Table 8.

Model III. First, we disable the experience signals (set ς e = 0) and re-estimate the model.
Since the exposure to experience signals is correlated with the unobservables in pref-
erences, the estimate of φ (which determines the effect of experience signals on future
choices) is likely to be biased if the unobserved heterogeneity in the model is misspec-
ified. The point estimate of φ is −15.86 with a s.e. of 4.46, vs −15.84 (s.e. = 2.42) in
the baseline. The other parameters are also very similar to the baseline estimates, thus
we have no evidence for misspecification of unobserved heterogeneity.

Model IV. Next, we estimate the risk parameter without relying on advertising. We set√
ςa = 0, υ

ρ

k = 0 (for all k) and re-estimate the model. Since we have variation
(across networks and individuals) in the precision of networks’ profiles and exposures
to experience signals, the risk parameter is still identified. The estimate of φ is −15.75
(s.e. = 2.34), very similar to the baseline estimate.

Table 9b. Persuasion parameters for Model VI.

1st ad 2nd ad 3rd ad 4+ ads

Segment 1

MT −0.1452 (0.1757) −0.0077 (0.2269) −0.6470 (0.3195) −0.2323 (0.3275)

WF −0.0772 (0.1217) −0.2010 (0.1731) −0.6127 (0.2289) 0.0476 (0.3155)

Segment 2

MT 0.2362 (0.1674) 0.3113 (0.2271) 0.0564 (0.4102) 0.0004 (0.6559)

WF −0.0605 (0.1291) 0.3022 (0.1786) 0.3358 (0.2602) 0.2469 (0.3367)

Segment 3

MT 0.2555 (0.1951) 0.5455 (0.2897) 0.4259 (0.5122) 0.0325 (0.6207)

WF 0.3339 (0.1377) 0.3487 (0.2319) 0.1375 (0.3536) 0.1834 (0.7175)

Note: Standard errors are in parentheses.

37 We focus on Wednesday–Friday shows only, to avoid the measurement problem at the beginning of the
week.

38 Moreover, the negative correlations for ABC, CBS and FOX suggest that the networks air more ads to support
their lower-quality shows. Thus, if the consumers were using the inference mechanism underlying the signaling
effect, they would avoid the heavily-advertised (and hence low-quality) shows.
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Table 9c. Persuasion parameters for Model VII.

ρ1 ρ2

Teens 0 (–) 0 (–)

GenX 0.0009 (0.1500) −0.0750 (0.0497)

Boomer 0.0019 (0.1440) −0.0317 (0.0462)

Old 0.1294 (0.1561) −0.0592 (0.0501)

Female 0.0671 (0.0729) −0.0085 (0.0230)

Income 0.0124 (0.1551) −0.0516 (0.0470)

Education −0.1247 (0.1775) 0.0252 (0.0558)

Family 0.0499 (0.0910) −0.0419 (0.0317)

Urban −0.0781 (0.0719) 0.0176 (0.0239)

Segment 1

MT −0.2470 (0.2536) 0.1006 (0.0697)

WF −0.1939 (0.2206) 0.1032 (0.0623)

Segment 2

MT 0.2794 (0.2800) −0.0155 (0.0889)

WF 0.1087 (0.2393) 0.0995 (0.0666)

Segment 3

MT 0.2158 (0.3118) −0.0070 (0.0998)

WF 0.3370 (0.2850) −0.1425 (0.0972)

Note: Standard errors are in parentheses.

Table 9d. Persuasion parameters for Model VIII.

Segment 1 Segment 2 Segment 3

MT −0.2244 (0.1544) 0.1939 (0.1412) 0.3284 (0.1609)

WF −0.1368 (0.1044) 0.1089 (0.1043) 0.2619 (0.1175)

Note: Standard errors are in parentheses.

Model V. Next, we allow the risk parameter to differ across segments in the baseline speci-
fication. The estimates of φk range from −15.03 to −17.05, and the other estimates are
very similar to the baseline, giving a further indication of stability of our estimates.

Finally, we verify that our findings are robust to the functional form of the persuasive
effect. To facilitate comparison across different specifications, we assess the magnitudes of
the risk-reduction effect and the persuasive effect for each model by measuring the change
in market share as a result of exposure to 1, 2 and 3 ads.

First, we estimate a non-parametric specification (Model VI). The risk-reduction effect
and the persuasive effect in the non-parametric specification are similar in magnitude to
the baseline. Next, we adopt a more flexible parametric specification for the persuasive
effect, and allow the coefficients to depend on the demographic variables (Model VII). The
demographic coefficients turn out to be insignificant, and the magnitudes of the two effects
are close to the baseline. Since an average viewer is not exposed to any ads for over 75% of
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Table 10. Advertising effectiveness for Wednesday–Friday shows (percentage points per exposure).

Risk-neutral Risk-neutral
Show Full model model Show Full model model

ABC NBC

Ellen 2.5 3.3 Seaquest 2032 2.1 1.9

The Drew Carey Show 1.2 1.5 Dateline NBC (Wed) 2.5 2.8

Grace Under Fire 2.8 3.5 Friends 5.2 5.7

The Naked Truth 1.3 1.7 The Single Guy 2.2 2.6

Columbo 1.5 2.3 Seinfeld 3.4 3.9

Family Matters 3.2 4.3 Caroline in the City 1.8 2.3

Boy Meets World 1.4 1.8 Unsolved Mysteries 3.0 3.2

Step by Step 1.5 2.1 Dateline NBC (Fri) 1.9 2.1

Hanging with Mr. Cooper 0.9 1.5 Fox

CBS Beverly Hills 90210 (Wed) 5.7 5.5

Bless this House 3.4 2.3 Party of Five 1.7 0.4

Dave’s World 2.1 2.2 Living Single 3.5 2.4

Central Park West 1.7 0.7 The Crew 1.6 1.4

Murder, She Wrote 3.0 3.3 New York Undercover 2.0 1.8

New York News 0.9 0.7 Strange Luck 4.1 1.5

Here Comes the Bride 3.4 1.9 X-Files 4.7 5.0

Ice Wars 2.1 1.4

Average advertising effectiveness

ABC 1.8 2.5 NBC 2.8 3.1

CBS 2.4 1.8 FOX 3.3 2.6

the shows, we also estimate a specification which only distinguishes between non-exposure
and exposure to any positive number of ads in the persuasive effect (Model VIII). Again,
the results are similar to the baseline. Finally, we get similar results on the importance of the
risk-reduction effect vis-a-vis the direct effect of ads in Models III and V. Recall that these
models use the baseline specification of the persuasive effect but modify other elements of
the model.39,40

39 We’ve also tried an alternative semi-structural specification of risk preferences Ṽ (µp
i, j,t , σ

2
i, j,t ) =

µ
p
i, j,t + φσ 2

i, j,t . That is, we replaced the standard deviation of the posterior with the variance. The likeli-
hood is substantially worse than in the baseline, but we still find strong risk-aversion and negligible persuasive
effect.

40 We have also tried to extend the information structure of the model in the following way. Instead of observing the
true value of the show-individual random effect νi, j,t , the individuals try to infer it from the prior distribution,
a miscellaneous signal, experience signals and advertising signals (all these additional signals are orthogonal
to the original signals from the baseline specification). Otherwise the model is similar to the baseline. Thus,
the model includes learning of both product characteristics observable to the researcher (as in the baseline) and
show-individual unobservables. We cannot reject the null of perfect information about νi, j,t (i.e. the baseline
specification) at the 5% level, and the estimates of the direct effect and the risk-reduction effect are close to
the baseline estimates.
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Figure 1. The total number of ads aired for a show and the show fixed effect, η̂ j,t .

6. Conclusion and managerial implications

This study shows theoretically and empirically that exposure to advertising increases con-
sumers’ tendency to purchase the promoted product because the informative content of
advertising resolves some of the uncertainty that the risk-averse consumers face and thus
reduces the risk associated with the product.

Our model implies that advertising effectiveness depends on (a) the risk preference
parameter, (b) the precision of the advertising message, (c) the familiarity of the consumer
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with the product, (d) the consumer’s involvement level with the product, and (e) the diversity
of products offered by multiproduct firms.

These findings have significant managerial implications. Advertising strategies are de-
termined based on ad effectiveness. Specifically, two of the most important decisions of
ad agencies depend on ad effectiveness—ads spending and audience targeting. Our model
suggests that ads spending should be higher (a) for new and relatively unknown products,
(b) for high-involvement products, (c) when ads can be quite precise, and (d) when the firm
offers a diverse product-line. It can also assist targeting strategies. Ads should target con-
sumers (a) who are more sensitive to risk—for example, women versus men (see Palsson,
1996; Jianakoplos and Bernasek, 1998), (b) who are more sensitive to products’ attributes
(and thus more involved), and (c) those who are not familiar with the promoted product.

The empirical result, that advertising has a significant risk-reduction role but negligi-
ble direct effect on the utility, might be important for models of advertising competition.
Currently, most such models assume that advertising has a direct (persuasive) effect on
consumers’ utility.

However, the empirical result, that advertising has a significant risk-reduction role but
negligible direct effect on the utility, might be specific to our data set and the empirical
example (where the products are television shows and ads are promos for these shows). The
generalizability of this result should be examined by estimating the risk-reduction model
with additional data sets. Furthermore, the model can be examined empirically also by
directly testing its implication. Previous studies have already established the dependence
of advertising effectiveness on consumers’ familiarity with products. Furthermore, experi-
mental studies (e.g. Miniard et al., 1991) found that the impact of ads containing product-
relevant information is stronger for the high-involvement consumers. The predictions of
the risk-reduction model are consistent with these findings, and offer a new explanation for
them.

The welfare implications of the model are quite straightforward. The positive correlation
between exposure to advertising and consumption was established long ago. This empirical
regularity disturbed scholars (Galbraith, 1958, 1967; Packard, 1957, 1969; Telser, 1964;
Stiglitz, 1989) for a while. The main reason for the concern was the potential persuasive
power of advertising. It was interpreted as if consumers can be manipulated by ads. Ad-
vertising was accused of creating wants, distorting tastes and persuading consumers to buy
products that they do not need. Our findings calm these concerns a bit, since (at least in our
empirical example) advertising does not have a direct effect on consumers’ utility. Further-
more, instead of having these negative aspects, advertising in our model informs consumers
about product attributes and as a result reduces the undesirable tension that is associated
with uncertainty. Furthermore, its role according to the risk-reduction model might be lim-
ited. For example, unlike the standard full-information approach, our model predicts that
advertising can hardly increase the sales of a well-known product.

Finally, our findings about the significant risk parameter might be relevant for choice mod-
els in general (not only for advertising models). Imperfect information is included in recent
empirical studies more often than in the past. However, many of these studies (obviously
not all of them) still assume that consumers are risk-neutral. This assumption is probably
ungrounded. Furthermore, this study demonstrates that by accounting for consumers’ risk
aversion, one can avoid inconsistent estimates and misleading implications.
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