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Abstract. We estimate a dynamic model of how consumers learn about and choose between different brands of
personal computers (PCs). To estimate the model, we use a panel data set that contains the search and purchase
behavior of a set of consumers who were in the market for a PC. The data includes the information sources visited
each period, search durations, as well as measures of price expectations and stated attitudes toward the alternatives
during the search process. Our model extends recent work on estimation of Bayesian learning models of consumer
choice behavior in environments characterized by uncertainty by estimating a model of active learning—i.e., a
model in which consumers make optimal sequential decisions about how much information to gather prior to
making a purchase. Also, following the suggestion of Manski (2003), we use our data on price expectations to
model consumers’ price expectation process, and, following the suggestion of McFadden (1989a), we incorporate
the stated brand quality information into our likelihood function, rather than modeling only revealed preference
data.

Our analysis sheds light on how consumer forward-looking price expectations and the process of learning about
quality influence the consumer choice process. A key finding is that estimates of dynamic price elasticities of
demand exceed estimates that ignore the expectations effect by roughly 50%. This occurs because our estimated
expectations formation process implies that consumers expect mean reversion in price changes. This enhances
the impact of a temporary price cut. Finally, while our work focuses specifically on the PC market, the modeling
approach we develop here may be useful for studying a wide range of high-tech, high-involvement durable goods
markets where active learning is important.
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1. Introduction

In this paper, we develop and estimate a dynamic model of personal computer (PC) pur-
chase decisions. We model how consumers learn about, and then choose between, the
two competing PC technologies: the IBM Compatible/Windows platform vs. the Ap-
ple/Macintosh platform. Although this is a very specific market, we believe our modeling
framework will be useful across a range of high-tech durable goods markets characterized
by three key features: (1) there are two or more technological alternatives, (2) consumers
have uncertainty about the quality of each alternative (and/or its suitability to their particular
needs), and (3) there is a rapid pace of technological improvement, reflected in a rapid rate
of price decline for any given level of quality. Examples of other markets where different
technologies compete are Internet access (cable modem vs. DSL) and satellite access (cable
service vs. satellite dish).

There is now a significant body of literature in marketing and economics focusing on how
consumer learning about brand attributes affects consumer choice behavior in markets for
frequently purchased experience goods. Examples include Eckstein et al. (1988), Erdem and
Keane (1996), Anand and Shachar (2002), Ching (2002), Ackerberg (2003), and Crawford
and Shum (2003). But we are not aware of prior empirical work that examines how learning
affects consumer choice behavior in high involvement durable goods markets.

In contrast to experience goods, high-tech durables are characterized by a large number
of “search attributes.” Thus, we expect that active learning (i.e., information search) should
be important. In prior work on frequently purchased goods, learning has been modeled
as passive (i.e., coming through use experience and/or the passive reception of advertising
messages). Thus, we seek to extend the literature on learning and consumer choice behavior
by developing an estimable model of active learning that is more appropriate for high
involvement goods.

In our model, consumers have prior uncertainty about the “quality” of the two alternative
PC technologies. Our notion of quality is not absolute but, rather, is taken to subsume
an individual specific match component. Prior to making a purchase, consumers decide
whether to utilize each of several alternative information sources (e.g., store visits, reading
computer articles, etc.) in order to learn about the match quality of each technology. The
sources vary both in terms of information accuracy and the cost of use.

After obtaining information, the consumer decides whether (and what) to buy. If the
consumer decides to wait, then in the next period he/she again has the option of obtaining
information from several different sources, and so on. Thus, waiting allows the consumer to
gather more information and make a more informed choice. On the other hand, waiting en-
tails an opportunity cost, since the consumer delays obtaining a new computer. The weighing
of the benefits from learning vs. the cost of delay is one source of dynamics in our model.

The other key source of dynamics in our model is that PC prices tend to decline over
time. In our model, consumers are forward-looking, so they take both current and expected
future prices into account when deciding whether today is a good time to buy. If consumers
expect prices to decline, this provides another incentive to delay purchase.’

1 This aspect of the problem is also modeled by Melnikov (2000) and Song and Chintagunta (2003). But in their
models consumers are assumed to have complete information about product attributes, so there is no learning.
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A methodologically innovative aspect of our paper is how we model consumer expec-
tations of future prices. Previous work on the role of price expectations in consumer
choice behavior, such as Erdem et al. (2003), assumes that consumers have rational
expectations—meaning they know the true price process and use it to forecast future prices.
But here, following the suggestion of Manski (2003), we have collected data on price expec-
tations, and used it to estimate consumers’ expectations of future PC prices. By utilizing data
on expectations, we can significantly relax the sorts of strong assumptions on expectations
that are typically invoked to estimate dynamic structural models of choice behavior.

To estimate our model, we collected a data set in collaboration with a major U.S. PC
manufacturer. Starting from a random sample of U.S. consumers contacted by random digit
dialing, we chose a subset of individuals who we identified as being actively “in the market”
for a PC. This produced a sample size of N = 281. These panelists were then interviewed at
roughly 7-week intervals, for nine months or until they bought a PC, whichever came first.
In each wave, they were asked whether they had yet bought a PC, and, if so, its description
and cost. They were also asked about which of several information sources they had utilized
over the 7-week interval.

In addition, respondents were asked to consider the particular PC configuration they
were currently thinking of buying, and to report their perception of its current price and
its price six months earlier, as well as their forecast of the price six months ahead. This
information on current, past and expected future prices was used to estimate the price
process as perceived by consumers. We assume that consumers form price expectations
based on this estimated process.

A second key aspect of our work is that we incorporate stated preference data into the
estimation of the model. This type of procedure has been advocated by McFadden (1989a),
who argued that stated preference data may provide important identifying information for
the estimation of choice models.? In each wave of our survey, the respondents were asked to
rate their quality perceptions for each technology on 1-7 Likert scales. We model responses
to these questions as functions of consumers’ underlying quality perceptions (via an ordered
probit specification), and incorporate them into our likelihood function.

We feel that the use of stated quality perception data is quite important here. By observing
the extent to which quality perceptions are updated after particular information sources are
utilized, we gain important information about the accuracy of those sources.

To preview our results, we note that our estimated model provides a reasonable fit to the
data in several important dimensions, including the purchase hazards for each technology,
and utilization hazards for each information source by wave. The purchase hazard rises
over time, while the rate of information acquisitions falls, and our model captures both
these patterns. Our estimates of the price expectation process imply that consumers expect
roughly a 16% annualized rate of price decline. The estimates also imply that consumers
expect mean reversion in price declines (e.g., if the decline over the past few months was

2 Several papers (primarily in the marketing literature) incorporated stated preference and/or attitudinal data into
estimation of static choice models. An example is Harris and Keane (1999), who also survey other work of
this type. We are not aware of prior work that incorporates stated preference data into estimation of dynamic
structural models, except for van der Klaauw and Wolpin (2003), whose procedure can be interpreted in this
way. They fit a dynamic model of retirement behavior to both actual retirement decisions and stated intentions
about retirement age.
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greater (less) than normal, then consumers expect a lesser (greater) price decline over the
next few months.

Given the estimated model, we ran a number of counterfactual experiments to learn more
about the nature of the consumer behavior implied by the model. One set of experiments
is designed to gauge how expected price declines and opportunities for learning generate
incentives for purchase delays.

Another set of experiments examines how price expectations affect demand elasticities.
We find that the elasticity of demand with respect to a transitory price cut is 2.5 if expected
future price changes are held fixed, while it is 3.6 if expectations of future price changes
are allowed to adjust. Given that our estimated expectation process implies mean reversion,
this is what one would expect. That is, an exceptionally large price decline today leads
consumers to expect a smaller price decline (or even a price rebound) tomorrow, enhancing
the incentive to buy today. Thus, the expectation effect augments the short run demand
elasticity by nearly 50%.

We also examine how altering the accuracy and cost of the various information sources
would alter information acquisition and technology choice behavior. We find that making
information more freely available, either by lowering the cost of a signal or increasing
the accuracy of signals, would favor the Apple/Macintosh platform. This occurs because,
according to our model, consumers have substantially greater prior uncertainty with respect
to the match quality of the Apple/Macintosh platform.

The rest of the paper is organized as follows. In Section 2 we outline relevant streams of
previous literature. In Section 3 we describe our model. Sections 4 and 5 describe the solution
and estimation process. Section 6 discusses our survey data on computer search behavior that
we use to estimate the model. Section 7 presents our estimates, and Section 8 presents the
counterfactual experiments. We conclude in Section 9 with a brief summary of our findings.

2. Literature review

2.1. Consumer search behavior in durable goods markets

There is a large body of literature in marketing examining consumer search behavior in
general (see Moorthy et al. (1997) for a survey). Several papers examine determinants
of search intensity in markets for durable goods. For example, Srinivasan and Ratchford
(1991) examine how prior knowledge, memory, interest, experience, perceived risk and
cost of search affect the effort that consumers devote to searching for information about
automobiles (see also Brucks (1985), and Urbany et al. (1989)). Weiss and Heide (1993)
look at search behavior of industrial buyers in high technology markets. They examine how
buyers’ perception of technological change and the level of technological heterogeneity
affect search effort and duration.

A number of studies have also examined the relation between consumer characteris-
tics and what information sources they utilize when searching for information.® These
studies have categorized information sources into the following channels: (1) retail, (2)

3 See, for instance, Beatty and Smith (1987), Claxton et al. (1974), Furse et al. (1984), Kiel and Layton (1981),
Newman and Staelin (1973) and Westbrook and Fornell (1979).
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word-of-mouth, (3) ads, and (4) articles in “neutral” sources (i.e., third party or general-
purpose publications).

Neither of these streams of research has integrated active information search into es-
timable models of consumer choice behavior. Roberts and Urban (1988) proposed a
Bayesian learning model with myopic agents, which integrated consumers’ (passive) learn-
ing about car attributes through test-drives and word-of-mouth into a model of choice be-
havior.* However, they did not model consumers’ decisions to engage in active information
acquisition.

Other studies have compared consumer search behavior in markets for durable goods
with relatively stable technologies vs. those with a rapid pace of technological progress
(see, e.g., Bridges et al., 1991; Glazer, 1991; Glazer and Weiss, 1991). This work typically
concludes that differences in the decision environment between high and low tech durable
product categories limits the generalizability of results between the two categories.

2.2.  Consumer choice behavior in high-tech durable markets

There is a dearth of empirical research on consumer choice behavior in high-tech durable
goods markets. An exception is Bridges et al. (1995), who examine how consumer expec-
tations affect demand for high-tech durables. Specifically, in reduced form-market share
model for PC’s, they construct price and technological change expectations based on the
actual price and technology of each product; i.e., they assume perfect foresight. They con-
clude that expectations significantly affect market shares. Holak et al. (1987) also found
evidence that consumer forward-looking expectations affect consumer durable purchases.

2.3.  Consumer choice behavior under uncertainty about quality and future prices

There is a large literature on consumer decision-making under uncertainty about product
quality. For instance, Erdem and Keane (1996) modeled consumer learning about quality of
alternative brands of an experience good. The consumers in their model are forward-looking
since, in making current period purchase decisions, they take into account how the value of
information that obtained through a trial purchase would affect the expected future utility
stream.

A number of authors have also considered models of consumer-decision making under
uncertainty about future prices. Researchers have proposed models where consumer price
expectations affect purchase timing, brand choice and quantity decisions, and the predictions
from such models have been experimentally tested (see, e.g., Meyer and Assuncao, 1990;
Krishna, 1992). Erdem et al. (2003) estimate such a dynamic structural model on scanner
panel data for frequently purchased consumer goods. Hendel and Nevo (2002) estimate a
related type of model.’

A key feature of high-tech durables markets is the tendency for prices to fall quickly over
time, creating an incentive to delay purchases. Melinkov (2000) models consumer behavior

4 See also Hauser et al. (1993).
5 Goniil and Srinivasan (1996) model how expectations of future coupon availability affect purchase decisions.



212 ERDEM ET AL.

in this context using data from the computer printer market. Song and Chintagunta (2003)
analyze the impact of price expectations on the diffusion patterns of new high-technology
products using aggregate data. But these models differ fundamentally from ours in that they
do not model how consumers search for information.

We are not aware of prior empirical work that integrates both learning about quality and
the expectations about future prices into a single model of consumer decision-making. Our
main contribution is to include both these features in a single model. It is important to note
that both learning and expectations of declining prices can generate incentives to delay
purchase of a durable. Our results imply that both mechanisms help to generate positive
duration dependence in the purchase hazard for consumers in the PC market, and this is a
salient feature of the data.

3. A model of learning and technology choice in high-tech durable goods markets
3.1.  The utility specification

Let U;j,; denote the utility to person i from purchase of technology j, where j = Apple,
IBM, in dollar amount P, at time ¢t = 1, 7. For convenience, in the model development
section, we refer to the Apple/Macintosh technology as simply “Apple,” and the IBM
Compatible/Windows Platform as simply “IBM”. We let P, forr = 1, R be a set of discrete
dollar amounts that the consumer may choose to spend on a computer. Discretizing the
possible spending levels converts our problem into a pure discrete choice problem, which
greatly facilitates estimation. In estimation we set R = 5 (the choice of the price categories
is discussed further in the data section).

Consumers have a utility function defined over the efficiency units of computer capa-
bilities they possess, E, and consumption of an outside good, C. If a consumer spends P,
dollars on a PC, then his/her consumption of the outside good is C;, = I; — P,, where I;
is the consumer’s income. The efficiency units of computer capabilities that the consumer
obtains by spending P, on technology j depends on the current price per efficiency unit of
that technology.

Let 7j; denote an index of the efficiency units of computer capabilities that one can
purchase by spending one dollar on technology j at time ¢. The 7, can be thought of as
inverse price indices. Thus, they will grow over time as computer prices drop. We normalize
the inverse price indices 7 j, for j = Apple, IBM equal to 1 in the base period ¢ = 1, so that
changes in these indices reveal changes in prices over time, but not absolute price levels.

Next, we let Q ; denote the efficiency units of computer capabilities that one can purchase
by spending one dollar on technology j attimet = 1. We will call Q ; the per dollar “quality”
of technology j, and assume it is constant over time ¢. Essentially, we are assuming that
over a relatively short period of time the relative qualities of the two technologies remain
unchanged.

Thus, the product of 7, and Q; gives the efficiency units of computer capabilities that
one can purchase by spending one dollar on technology j at time . Hence, we have that:

Gijre =mji P Q;
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is the efficiency units of computer capabilities that one can purchase by spending P, dollars
on technology j at time ¢. Note that by spending one dollar at + = 1, one obtains 7;; Q;
efficiency units, but since we have normalized 7, = 1 atr = 1, this is just Q; (consistent
with our definition of Q).

Next, we assume the utility function Ujj,, is given by:

Uijrt = ﬁi(l — exp{—aG,-jr;}) + VCijrt + Eijre (1)

where the parameter §; is individual specific, while the parameters « and y are common
across all consumers. ¢;;,, is an iid stochastic term that captures i’s idiosyncratic taste for
alternative j, r at time ¢. These error terms are meant to capture miscellaneous influences
on consumers’ decisions that are unobserved by the econometrician.

Substituting for G;;; and C;;,; in (1) we obtain:

Uijre = Bi(1 —exp{—amj; P Q;j}) — vy Pr + &ijr @)

where we have dropped the y I; term because it is constant across alternatives j, r and
therefore will not affect choices.

A key aspect of our model is that consumers do not know the attributes of the two
available technologies perfectly. Thus, they have uncertainty about the true quality levels
Q; for for j = Apple, IBM. Below, in Section 3.3, we will describe in detail the process
by which consumers learn about quality. At this point, it is sufficient to note that in a
model of Bayesian learning in which consumers have a normal prior on quality and receive
normally distributed noisy signals of quality, consumer perceptions at time ¢ will obey the
distribution:

E[Q; 1] = Q; +ziji.  ziji ~N(0, Oi_zj[)a 3)

where [;; denotes the consumer’s information set (i.e., the set of signals received), E[Q | 1;/]
is the consumer quality expectation conditioned on [;; and 05., is the perception error
variance.

Together, (2) and (3) imply that a consumer’s expected utility conditional on purchase of
technology j at time ¢ is given by:

EWijri | 1= Bi{1 —exp{ —am;; LELQ; | il + (amji P02} } — v Pr + €0
)

where we have used the properties of the log-normal distribution in obtaining the above
result. Note that ¢;;,, is not affected by the expectation operator because it is known to the
consumer.

Several aspects of this specification are worth commenting upon:

First, note that the exponential (CARA) form for the sub-utility function for G (the
efficiency units of computer capability) that we specify in (1) implies that consumers are
risk averse with regard to uncertainty in Q ;. This form for the sub-utility function has been
used in previous (Roberts and Urban, 1988) as well as more recent work (Crawford and
Shum, 2003). The parameter o determines the degree of risk aversion. We see from (4)
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that, when o > 0, expected utility is increasing in expected quality and decreasing in the
perceived variance of quality, 05.,

Second, the assumption that utility is linear in consumption of the outside good is quite
standard in brand choice modeling. It can be motivated as an approximation under the
assumption that the marginal utility of consumption is roughly constant over the range of
outside good consumption levels generated by different choices of expenditure on computers
(since spending on computer equipment will typically be a rather small fraction of total
expenditure).

Third, our notion of the “quality” of a technology is person specific. It includes not just
the absolute quality of the particular technology, but also how well that technology is suited
to a particular consumer’s needs. Thus, the Q ; are best interpreted as match specific quality
levels that may differ across consumers. In our estimation, we will allow for two different
types of consumers in terms of “true” quality of the two technologies. However, for ease of
exposition, we will suppress the type specific subscripts on the Q’s.

Fourth, we allow §; to vary across consumers to capture the fact that some consumers
may derive greater marginal utility from additional computer capability (at any given level
of G). For instance, the utility weight 8; on computer capabilities may be larger for agents
with more computer experience or more education, since they can get relatively more use out
of a larger configuration. Thus, we write 8; = By + BX;, where X; is a vector of observed
consumer characteristics (experience with computers, age, education, gender and income).

There are three key potential sources of dynamics in the consumer choice process in our
model that we will focus on:

(i) Consumers may recognize that computer prices tend to drop over time, causing the 7 j,
to grow over time. This creates an incentive to delay purchase. Of course, the strength
of this incentive depends on consumers’ forecast of how quickly prices will drop.

(i) We assume that agents begin the search process with uncertainty about the quality
levels Q. In each period ¢ they have the opportunity to learn about the Q ;. To the
extent that agents are risk averse, the expected utility obtained from a purchase is a
decreasing function of the degree of uncertainty about the Q ;. This creates an incentive
to delay purchase while learning more about quality.

(iii) Working against both of the above incentives for delay is the opportunity cost that
arises from not having a new computer during the period of delay.

Thus, in addition to equation (4), we need to specify the utility that a consumer gets from
no-purchase. The per period utility that the consumer obtains if s/he makes no purchase
at time ¢ depends upon whether the consumer already owns a computer and a number of
consumer socio-demographics. We denote this by U;o(X;).

At this point, a discussion of a key identification issue is in order. In Sections 1 and
2, we noted that positive duration dependence in the purchase hazard is a key feature of
our data. Any model that includes a mechanism whereby consumers have an incentive to
delay purchases can generate such positive duration dependence. But we have noted that
both expectations of falling prices and the desire to acquire more information about quality
create incentives for delay. Since either mechanism alone can generate this key qualitative



LEARNING ABOUT COMPUTERS 215

feature of the data, one might question how it is possible to distinguish the two mechanisms
(absent strong auxiliary assumptions).

For instance, if price expectations are treated as unobservable, one might suspect that
any desired extent of purchase delay (and positive duration dependence in the purchase
hazard) could be achieved simply by assuming that agents expect a sufficiently rapid rate
of price decline. Similarly, one could presumably generate any desired extent of delay via
the learning mechanism as well, simply by increasing the assumed level of prior qual-
ity uncertainty confronting the consumers, thereby increasing the value of information
acquisition.

Intuitively, we resolve this fundamental identification problem in two ways: First, we use
data on expectations to identify the rate of price decline that consumers actually expect (as
opposed to say, just fitting an expectation process using the choice data alone). Second, we
incorporate data on consumer perceptions of the quality of each technology and how this
evolves over time. If quality perceptions change little over time, then prior uncertainty is
not a plausible story for purchase delay.

Finally, we note that even a model with myopic agents could generate positive duration
dependence in the purchase hazard, simply because prices do, in fact, fall over time. The
strength of this effect is governed by the price elasticity of demand. However, the demand
elasticity is not free to adjust simply to fit this one aspect of the data. It must also capture how
the quantity of computer capabilities that consumers buy varies with price. Furthermore,
prices do not decline steadily over time—rather they fall more over some time intervals than
others—nor do prices fall by the same amount for both the IBM and Apple technologies
in each period. A myopic model would generate purchase hazards that rise closely in step
with price declines, while a dynamic model, because it incorporates incentives for purchase
delay, can generate a hazard that rises substantially even between periods where prices are
relatively flat.

Next, we describe how agents forecast prices and learn about quality in our model.

3.2. Forecasting future prices

Traditionally, in the estimation of dynamic choice models in economics, one treats un-
certainty about future prices by: (1) assuming a stochastic process for prices, and (2)
assuming that agents know the true process and generate optimal forecasts accordingly
(that is, agents have rational expectations). A key feature of our work is that we de-
part from this approach. Because we have data on consumer expectations of future
prices, we can attempt to estimate the process that consumers use to forecast prices
directly, without having to make the further assumption that consumers have rational
expectations.

Manski (2003) has argued that this type of strategy may make results from dynamic
structural models more “credible”, both because the RE assumption may be intrinsically
implausible in many contexts, and because data on expectations allows one to bring more
information to bear, enabling one to achieve identification under weaker assumptions. We
think the later point is especially salient in the present context, particularly in light of the
heuristic discussion of identification issues in Section 3.1.
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In our data, a consumer is asked his/her perception of the price of the type of PC configu-
ration he/she is currently thinking of buying, both at the present time and six months earlier.
The consumer is also asked for his/her forecast of the price six months ahead. We used
these data to calculate consumer’s expected price decline for a particular PC configuration.
We then used the answers to these questions to construct consumer specific measures of the
perceived change in the j; from ¢t — 1 to ¢, as well as of the expected change in the 7,
fromt tor 4 1.

There are three reasons we asked consumers to think about a particular PC configuration
when answering the price perceptions/expectations questions. First, we felt it would be
easier for consumers to report perceived/expected price changes for PC configurations they
were familiar with, rather than trying to form some abstract construct of computer prices in
general. Second, we felt that focusing on a particular configuration would provide a more
accurate measure of the relevant prices facing the particular consumer (e.g., If a consumer
felt that PC prices would fall in general over the next 6 months, but that the price of the
system he was interested in would not fall, we would argue that it is the latter forecast that
is more relevant to his/her purchase timing).

Third, by trying to isolate the price of a particular system, we hoped to avoid quality
bias in our price indices. For example, suppose a consumer expects the price of a “typical”
PC configuration to stay constant from this year to next, but also expects that the “typical”
PC next year will have a faster CPU. If this consumer uses a “typical” PC as his/her point
of reference, he might say he expects no price change. By asking the consumer to focus
on a fixed configuration, we hoped to elicit an expected price decline under scenarios like
this.

In our view, it would be implausible to assume that respondents respond to survey ques-
tions in exactly the way we intend (regardless of how carefully the questions are phrased),
or that they will necessarily report their perceptions and expectations with a high degree of
precision. Thus, rather than assuming that survey responses measure expectations exactly,
we assume expectations are measured with error. This means we have to assume a mea-
surement error process. Clearly, while having data on expectations may allow us to relax
assumptions on how expectations are formed, we can never escape entirely from a priori
assumptions.

We specify our measurement error process as follows: Denote by A;; ;4 the inverse of
the consumer’s report of his/her expectation of the price decline from 7 to # + 1. That is,
if 77, denotes the consumer’s (error laden) survey response regarding his/her perception
(or forecast) of the price level at time 7, we define A 41 = 7}, /7, We then assume
that:

In Ajj 1 = EOnGTj 41 /750 | il + Vijusr Vijur ~ N(0, UVZ) &)

where E[In(7; ,41/7;;) | I;;] denotes consumer i’s subjective expectation of the log price
change conditional on his/her information set /;;, and v;;, is measurement error.

Another key issue is that solution of the optimization problem confronted by the agents
in our model requires that we specify the entire predictive distribution of future prices.
It is clearly not sufficient that we have data on point estimates of expected price changes
for 6 months ahead. We need to extrapolate from this information to the entire predictive
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distribution. This means we need to make another a priori assumption that facilitates the
extrapolation.®

Our approach to this problem is to write down a flexible specification for the process
generating expectations. Specifically, we will assume the process:

ElIn(mj 1 /mj) | il = 60+ 01In () /mj—1) + 621In(mwj /) —2) (6)

We will estimate (6), treating In A; ;1 as a noisy measure of the left hand side (see (5)).
By using reported expectations rather than actual (inverse) price indices in (6), we allow
consumers to depart from the optimal forecasting rule an econometrician would construct.

To gain some intuition about what equation (6) implies for the properties of price ex-
pectations, consider the following: If 6, = 1 and 6y = 6, = 0, then consumers simply
extrapolate the most recent one period (inverse) price change into the future. Alternatively,
if 60 = 0,6, > 2|6,| > 1 and 6, < 0, consumers expect any acceleration (deceleration) of
the rate of price change that occurred from ¢ — 2 to ¢ to continue into the future. If 6, < O
and |6;| > |6 + 6,|, consumers expect mean reversion in the rate of price change towards
the “natural rate” 6y/(1 — 0; — 26,). Given the range of processes it can encompass, (6) is
a fairly flexible model of expectation formation.

Using (6) we can construct estimates of consumers’ point expectations of price changes
from the current period to all future periods, ranging from 2 months ahead to the terminal
period of the planning problem, which we denote by 7'. For example, if the 6 values in (6)
are such that consumers expect the rate of price decline to accelerate, we can calculate the
extent to which the expected rate of price decline over the next two months is less than that
over the next six. Thus, we can use (6) to construct E[lns; ;. ; /7, | I;;]for j = 1,..., T —t.
Furthermore, E[Inm; ;4 ; | I;;] for any ¢ + j can be constructed from E[Inz; /7, | Ii;]
because the current price levels 7, for j = IBM, Apple are assumed to be elements of
L.

Finally, note that having point estimates of a consumer’s price expectations at all time
horizons (out through T') is still not sufficient to solve the consumer’s dynamic choice
problem. We need to specify the subjective distribution of future prices at each horizon. For
simplicity, we will assume that agents’ subjective expectation of the distribution of prices
att + j is given by:

Iz, ;~ N(Elnm) ;L 07) "

where 073 is the subjective variance of the log price distribution. Unlike the 6’s in (6), 07%
is not identified by the data on price perceptions/expectations, since we only have data on

6 We hasten to add that, in our view, this need to make additional assumptions does not arise just because of some
shortcoming of our data collection effort. Rather, we feel it will be a rather general feature of modeling efforts
that seek to estimate dynamic models using survey data on expectations. The key problem is that, to solve a
dynamic model, one needs agent’s subjective distribution over all future realizations of the forcing processes,
and this is, in general, a very complex object. There is simply no practical way to elicit such a complex object
completely using survey questions. Thus, given some data measuring a few features of this joint distribution,
one will typically need to make assumptions that enable one to extrapolate to the whole distribution. Still,
in many contexts, these types of assumptions may seem more credible a priori than do rational expectations
assumptions.
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point estimates and not measures of dispersion. It is identified in the complete structural
model, because it affects the option value of waiting and hence reservation prices.

3.3.  Consumer learning about quality

The other key process we focus on in our model is that by which consumers learn about
the Q;—that is, the quality of the IBM/Compatible and Apple/Macintosh technologies.
We assume that consumers are Bayesians (although, as we discuss below, our estimation
procedure does not strictly impose this). They enter the market with priors on the Q; for
j =1BM, Apple. We assume that consumers have normal priors, given by:

Q; ~ N(Qjo.07,) ®)

where Q jo is the consumer’s prior expectation of the quality of computers of type j, and
01.20 is the consumer’s prior uncertainty about computers of type j.

Consumers can learn about Q;, and thus reduce the variance ajzo, by sampling from
five information sources, which we index by k. The five sources are: (1) retail stores, (2)
articles in computer specific publications, (3) articles in general-purpose publications, (4)
advertisements, and (5) word-of-mouth. Based on input from focus groups of recent PC
buyers, managerial interviews, and the literature reviewed in Section 2.1, we concluded
these are the primary information channels consumers use to gather information about
PCs.’

In our model, these five information sources provide noisy signals of product quality.
Each source provides signals of different accuracy. Letting S, denote a signal from source
k at time ¢ about technology type j, the consumer knows that:

Sike ~ N(Q;. 7). ®)

where l/ok2 is the precision of information contained in information source k, and Q; is
the “true” quality level of technology j = Apple/IBM. In estimation, we will allow for two
different types of consumers in regard to these true quality levels. Treating the consumer
type as a latent variable, we also estimate the population proportion of each type. However,
in expositing the model, we suppress the type specific subscript on the Q; for notational
convenience.

At each time ¢, the consumer decides which set of information sources to visit. He/she
receives a quality signal from each visited source. The consumer then updates his/her quality
prior using standard Bayesian updating formulas. To write these formulas, it is convenient

7 The data were collected from Sept. 1995 to June 1996. Panelists consistently ranked the Internet as one of
the least important sources of information, so we do not include it. Since then, Internet usage has increased.
However, many consumers, especially those looking for information on high-tech durables, seem to utilize
the on-line versions of the same “core information channels,” such as reading Consumer Reports or magazine
articles on-line. Thus, the Internet can be viewed as an alternative medium (electronic) to obtain information
from each channel.
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to rewrite (9) as:
Sike = Qj + Xije Xijie ~ N(0, sz,)- 9"

and to recall equation (3), in which z;;; denoted a consumer’s quality perception error for
technology j at time ¢:

ELQ; |1l = Q) +zji,  zije ~ N(0,07,), 3"
where:

o7, = B{(Qj — ELQ;| 1 1)’ 1ir}. (10)
Then, letting L;;, be a dummy variable indicating whether consumer i visits information

source k at time ¢, and assuming the signals are independent, we obtain the Bayesian
updating formulas:

—1
1 t 5 L.
2 iks
% =| 73T 2 (11
9j0 =1 k=1 %%
: Ufj,z_l
Ziji = Zi,ju—1+ Z Liky————=&Xijke — Zi j.1—1) (12)
=1 Tiju—1 T Ok

Equation (11) gives the evolution of the accuracy of the perception errors, whereas equation
(12) describes how perception errors themselves are updated given the quality signals. The
consumer’s subjective quality distribution for technology j at time 7 is then:

Q; ~ N(ELQ; | il o7,)- -

Note that the perception errors z;;, retain a normal distribution throughout the updating
process.

One mechanism generating positive duration dependence in the purchase hazard is that
Ui%‘z will fall over time as more information is acquired. From (4), we see that this increases
expected utility conditional on making a PC purchase. This suggests the following intuitive
argument for identification of the precisions 1/ akz for k = 1, 5: If an information source is
more (less) accurate, the perception error variance ‘75': will fall more (less) after that source
is visited. This, in turn, is reflected in the extent to which the purchase hazard rises after a
source is visited.

The use of stated preference data provides us with an additional source of information to
help identify the precisions. The basic idea is that, if an information source is very inaccurate,
then consumers will be very unlikely to update their quality perception substantially after
visiting that source. This is because the Kalman gain coefficient 05.&1 / (a&til + a,f)
associated with that source in equation (12) will tend to be small. Thus, survey measures of
how consumers’ quality perceptions evolve over time should help to identify the precisions.
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Furthermore, as we argued earlier, the extent that perceived quality ratings change over time
should help identify the extent of prior uncertainty captured by the parameters 01-20.

In each survey wave, we asked consumers to rate each technology on 7-point Likert
scales. More details on the questions will be provided in Section 6. At this point, it suffices
to say that we treat responses to these perceived quality questions as providing measures of
the consumer’s underlying subjective quality perceptions E[Q | I;;] for j =IBM, Apple.

Specifically, we divide reported quality into a low, medium or high range. Denote these
as L, M and H, respectively. Let ¢;;; denote consumer i’s reported quality perceptions at
time #. We assume these survey responses are generated by a quantal response model where:

g =L if E[Q;|Li] < pu.
gijo=H if BIQ;|Li]> pn.

The p’s are threshold parameters to be estimated. Of course, the E[Q; | I;;] are random
variables from the perspective of the econometrician, because we observe only the number
of signals a consumer has received from each source, not their actual content. According
to equation (3'), the E[Q; | I;;] are normally distributed with variance aé,. Thus, we obtain
the ordered probit model:

Pr(gijr = L) = @5, (kjr — Q)),
Pr(gijs = M) = @5, (Lju — Q) — Po, (i — Qj), (14)
Pr(q:'jt = H) =1- cDUijz(lu’jH - Qj)’

where @, is the normal distribution function with the mean 0 and variance O'[-%t. The
response probabilities in (14) will contribute to the likelihood function we construct in
Section 5.8

Finally, we note that that our estimation procedure does not actually impose that con-
sumers update in a strict Bayesian manner. EI-Gamal and Grether (1995), in their experiment
on Bayesian learning, found that, while Bayes’ rule was the most commonly used rule, sub-
jects often used a “representativeness heuristic.” This means they update too much when
they receive new information. Since we do not observe precisions of the information sources
in our data, the estimated precisions are free to depart from their “true” values. Increasing
the estimated precisions above their true values leads to behavior that is observationally
equivalent to excessive updating. Whether consumers are strictly Bayesian is not identified
in our framework.

8 Note: In (14) we could have added an additional source of measurement error, so that consumer responses
would be random even conditional on a known E[Q; | /;;]. But we suspected that this would have little effect
on the results.
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4. The consumer’s dynamic optimization problem

The state of a consumer at each point in the choice process is characterized by the information
set I;; introduced in the previous section. To be precise, I;; contains the complete set of
signals received by consumer i up through period ¢, which we denote by %;,, for which the
subjective mean and variances of quality are sufficient statistics. It also contains the current
and lagged inverse price indices, and the consumer’s observed characteristics and latent
type. That is:

Ly = {{ELQ; | %), 050, e ji—1} i ipag apples Xiv T)- (15)

where X; is a vector of consumer characteristics and t = 1, 2 denote the latent type (see
Section 2.1). Note that E[Q; | %;;] = E[Q; | Ii/].

The consumer’s choice set at time ¢ includes 2° = 32 combinations of the five potential
information sources that he/she may choose to utilize. After deciding which information
sources to sample, and seeing the resultant signals, the consumer can decide either to buy a
computer or wait until the next period. If the consumer decides to buy, there are 2- R possible
choices (2 technologies and R expenditure levels). If the consumer decides to wait, he/she
will face the same choices at ¢+ + 1. The value of each of the 32 options for information
acquisition is:

5
Vimt(li) = =Y Jimcx + Emax { V. (L, m), V' (L, m)} + Eir - m = 1,32
k=1
(16)

Here, the ¢, for k = 1,5 denote the costs of obtaining information from each source &,
which we treat as parameters to be estimated. Jy,, is an indicator for whether source k is
included in combination m. &;,, is an iid stochastic shock to the cost of using search option
m at time ¢.

In (16), V¥ denotes the value of the purchase option. It is defined as follows:

VP, m) = I{}%’}(E[Uijrt | 1;;, m] (17)

This is the maximum over all possible technology and expenditure options {j =
IBM, Apple, r = 1, R} of the expected utilities of those choices. These expected utilities
were given in (4). The expectations in (17) are conditional on the start of period information
set I;; as augmented by signals obtained from choosing search option m. The augmented
state is denoted by (/;;, m). The consumer does not know what signals will be obtained if
search option m is chosen, so he/she must take an expectation over the possible signals. The
expectation operator in (16) incorporates this integration over the distribution of the signals
that may be received under search option m.
Finally Vl]tv in (16) denotes the value of making no purchase at time ¢. This is:

VN (L, m) = Uip + SEm”ELIX Vimi+1i 111 + gios (18)
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Thus, if no purchase is made at ¢, the consumer gets the per-period utility flow denoted
by Uy(X;) = yo + 7 X;, where X; is a vector of individual characteristics. Then at ¢ + 1,
he/she will repeat the process of deciding which information sources to visit, followed by
the decision whether or not to buy. The parameter § is the discount rate. We discuss the
contents of the X; vector in detail below. Here we note that it includes an indicator for
whether the consumer already has a home computer. Obviously this may be an important
determinant of the flow utility under the no-purchase option. The stochastic term &;o, can be
interpreted as a shock to the value of the no purchase option at time ¢, known to consumer
i but unobserved by the econometrician.

The expectation in (18) is taken over realizations of the price indices 7r; ;4 at time # + 1.
Given (1, 7;,;) € I;;, the consumer forms a subjective distribution over 7 ; ;41 using (6)
and (7). Att + 1, the consumer will face the same choice over the m = 1, 32 search options,
except that he/she will have the augmented information set I;,.; generated by I, plus the
information received from the search option chosen at time ¢, plus the actual realization of
T t+1-

Together, (16)—(18) give the Bellman equations for the consumer’s dynamic optimization
(DP) problem. In order to solve the DP problem, we specify a finite terminal period T
and then construct the period specific value functions using backward recursion in the
usual way. We assume that if a consumer still does not buy in the terminal period T, then
he/she receives the discounted value of the per-period utility stream Uy(X;) over an infinite
horizon.

Given that we have 6 waves of data covering roughly 10 months, we decided to specify
a terminal period of 7 = 12, which corresponds to a 20-month planning horizon. As we’ll
see, the model predicts that the large majority of consumer will have bought a computer
within 12 periods, so, not surprisingly, changing the terminal period seems to have little
effect on our results.

Finally, we note that, since the four state variables in (15) that characterize the evolution
of quality perceptions and prices are continuous, it is not possible to solve the DP problem
exactly. We use the Keane and Wolpin (1994) approach, which involves solving for the
value functions on a grid of state points and then extrapolating to the remaining points.

5. Consumer choice probabilities and the construction of the likelihood function

Recall that, in each period, consumers make two sequential decisions. The first of these is the
information gathering choice, whereas the second is the purchase/no purchase/expenditure
level quantity choice. We’ll describe the purchase choice probabilities first.

Let D;j,, be a dummy variable equal to 1 if consumer i chooses to buy technology j
at time ¢ and his/her chosen expenditure amount, which must belong to the discrete set
{Py, ..., Pg},is P,. Let D;y; be a dummy equal to 1 if the consumer chooses not to make
a purchase at time ¢. In order to obtain more compact expressions for the purchase choice
probabilities, we rewrite (4) as

E[Uiji | Iii] = ElUjjre | L] + €ijre )
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where U;jrr = Bi{l — exp{—am, P(Q; + zije) + (omj,P,)zoi%t/Z}} — y P,, and rewrite
(18) as:

Vil = VY + s (18

where V¥ = Uy + SEmaxy, Vi 1111i 1+1]. We then assume that the 2-R + 1 vector of
stochastic terms {{{{&;;r/} j—BM,Apple}r=1,% }» €i0r}, Whichis known to the consumer but unob-
served by the econometrician, is distributed i.i.d extreme value. This generates multinomial
logit choice probabilities (see McFadden, 1974) of the form:

exp(E[Uijr | 1ir])
exp(Vi) + X1y Yony exp(ElTinge | i)’
IBM, Apple, r =1, R 19)
exp (V)
exp (V) + X0y Yon ) exp(ElTings | i)’

Pr(Djjrl =1 |95 Zit» T) =

J

Pr(Dijo; =110, zir, 7) = (20)

where 6 denotes the complete set of model parameters, z;, is the vector or perceptions errors
(zij: for j =1BM, Apple), and 7 is the consumer’s latent type.

We turn next to the expressions for the information choice probabilities. Let M;,,; be a
dummy variable equal to 1 if consumer i chooses information acquisition option m at time
t. For convenience, rewrite equation (16) as:

Vimelir) = Vimt(lit) + & m=1,32 (16"

where:

5
Vime (i) = = Y Jimex + Emax {V,f (T, m), V) (i, m)}
k=1

We assume the vector of stochastic terms (§;1,, - . ., & 32,;), which is revealed to the consumer
at the start of period ¢, but which is unobserved by the econometrician, is distributed i.i.d
extreme value. This again generates multinomial logit choice probabilities of the form:

exp(‘_/imt(lit))

Pr(Mimt =1 |9a Zi,tflvt): — )
21321 exp(Vii (1ir))

m=1,32 @21)

Note that, by our timing conventions, z; ,_; is the vector of quality perception errors at the
start of period ¢, prior to gathering any additional information.

Given (19)—(21), along with the equations in Sections 3.2 and 3.3 that characterize the
distributed of reported price expectations and quality perceptions, the likelihood contribu-
tion for consumer i at time ¢, conditional on his/her quality perceptions and latent type can
be written:

Li(0, ziry Zijt—1, T) = L1i+(0, i =1, T) L2 (0, Zir, T)L3i+ (0, zir, T)L4ir(0) (22)
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where the L, Ly, L3 and L4 components correspond to information choices, purchase
decisions, reported quality ratings, and reported price expectations, respectively, and are
given by:
32
Lyir(0, 21, T) = [ | Pr(Mime = 116, 201, )M (23)

m=1

2 R
Liy(0. zir, 1) = Pr(Dioy = 116, 2y, P [ [ [ [Pr(Dijee = 116, 210, P 24)

j=lr=1
Lsir(9, zir, 7) = Pr(gije = L)~ Pr(gje = M)" 9= Pr(gy, = H)"90r="]
(25)
2 exp (v?, /202
Ly ©) =[] exp (v/201) (26)

11 a0,

where v;;,; in (26) denotes the measurement error term in the price forecasting equation
(5), while the response probabilities in (25) were given in equation (14).
The (conditional) likelihood for consumer i, using data from all 6 survey waves, is then:

6
Li®,zi,7) = [ [ Lu(®, 21, 21, T) 27)
t=1

where z; denotes the entire sequence of consumer i ’s perception errors for both technologies.
Since the econometrician does not observe either z; or t, we must integrate them out as
follows:

2
Li(®) =)’ f Li(0, 2, 1) f(z) dz; (28)
=1 i

where A; is the population type proportion of consumer type 7, and f(z;) denotes the joint
density of the perception errors. We know from Section 2.3 that f(z;) is a multivariate
normal density, with a rather complex intertemporal variance-covariance pattern governed
by (11) and (12).

Unfortunately, z; is a 12-vector (there are 6 periods and two perception errors each
period—one for each technology) so the integral over z; in (28) is 12-dimensional. The
evaluation of such an integral by traditional methods is computationally impractical. Thus,
we adopt the simulated maximum likelihood (SML) approach, using 100 draws from the
z; distribution to simulate the integral (see, e.g., Lerman and Manski, 1981; Pakes, 1987;
McFadden, 1989; Keane, 1993). This simulator is smooth, so a gradient-based method
can be used to maximize the simulated log-likelihood function. We used the Quasi-Newton
method with line search. In conjunction with this method, the BHHH algorithm is employed
to approximate the Hessian.
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6. The survey data

In order to estimate the proposed model, we sought to construct a representative sample of
consumers throughout the U.S. who were in the market for a personal computer. Potential
panel members were first contacted in September 1995 by telephone using random digit
dialing. They were invited to participate in the panel if they met the following criteria: (1)
they stated they were extremely or very likely to buy a PC for their home within the next six
to eight months, (2) they were the member of the household most responsible for making
the purchasing decision, and (3) they were planning to spend more than $1,200 dollars on
a computer. Of 7,733 contacted individuals, 345 passed the screening process and were
invited to participate in the panel.

The duration of our survey was based on prior information concerning the time that a
typical consumer spends making a PC purchase decision. Marketing managers at the PC
manufacturer we were working with estimated the purchase cycle for a personal computer to
be on average six months. Thus, in an attempt to capture the entire process for the majority
of our panel, we decided to collect data over a period of nine months.

Starting in October 1995 and ending in June 1996, panel members were asked to complete
six surveys, approximately one every seven weeks. To reduce attrition we provided a variety
of incentives to retain panel members. Panelists were paid $5 dollars for each completed
survey. Of the 345 individuals who received the first wave survey, 300 responded. However,
we eliminated 19 individuals due to missing information, leaving a sample size of N = 281.

Table 1 describes the socio-demographic characteristics of the sample. The panelists
tend to have a higher level of education (61% possess an undergraduate or graduate de-
gree), and a higher income level (80% reported annual income between $35,000 and
$80,000), than the average American. The panel members reported their levels of com-
puter expertise as 34% “novices,” 52% “intermediate abilities,” and 14% “experts.” Slightly
less than half the sample (45%) reported this was their first time purchasing a personal
computer.

Ineach survey, respondents were asked about their search activity since the last survey, and
whether they had yet made a PC purchase. They were re-surveyed at 7-week intervals until
they report a purchase, at which point detailed information on the configuration, brand, and
price were obtained. Once a purchase is reported, data collection on the individual ceases.

The top panel of Table 4 shows choice distributions by wave. That is, it shows how
many panelists were interviewed in each wave, and, of these, how many purchased an
IBM/compatible or Apple PC in each wave. “Wave 1” refers to the October 1995 survey.
Interestingly, there are no purchases in this wave, suggesting that the panelists tended to
be at a relatively early stage of the search process when they were selected for the project.
This is a good thing from our perspective, since we would like to capture search from an
early stage.’

9 On the other hand, it must be admitted that, unlike the other waves, the initial survey was sent out only 3 to 4
weeks after panelists were selected (and then had to be returned within two weeks). This creates a bias towards
not finding as many purchases in the first wave as in subsequent waves, since a respondent who had made a
purchase 5 or 6 weeks prior to the first survey could have been screened out of the panel during the initial
phone interview.
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Table 1. Summary statistics.

Education % Income % Age %
Elementary school through 6th 0.0 Under $20,000 3.6 Under 18 7.0
Junior high school (7-8) 1.0 $20,000 to $34,999 13.0 18-24 4.0
High School (9-12) 13.7 $35,000 to $49,999 27.0 25-34 24.0
Trade or vocational school 3.3 $50,000 to $64,999 24.0 35-44 34.0
Some college 214 $65,000 to $79,999 14.0 45-54 23.0
Undergraduate degree 34.1 $80,000 to $99,999 6.0 55-64 7.0
Graduate School (Ph.D. or Masters) 26.4 $100,000 or over 13.0 65 or over 2.0
Expertise % Past purchase % Gender %
Novice 34.0 First time buyer 45.0 Male 62.0
Intermediate 52.0 Female 38.0
Expert 14.0

“Wave 2” refers to the second survey that respondents completed roughly seven weeks
later.'” Note that, since no purchases were reported in wave 1, all 281 panelists were surveyed
again in wave 2 (with no attrition). Of these 281 panelists, 19 bought an IBM and 1 bought
an Apple PC during period covered by the second wave survey. In the absence of sample
attrition, there should therefore have been 261 panelists surveyed in wave 3. However, as
we see in Table 4, only 245 responded, giving a 6% attrition rate in wave 3. Attrition rates
in the subsequent three waves were 10%, 9% and 17% respectively.

Overall, the statistics in Table 4 indicate that, of the 281 original panelists, 102 made no
purchase by the end of wave 6, while 98 had bought a PC, and 81 had left the sample due to
attrition. Thus, attrition affects 29% of the original panelists. Given that the project’s duration
was almost 10 months and that the survey required at least 15 minutes of the panelist’s time,
we view this is a relatively good retention rate. Comparing the characteristics of subjects
who attrite vs. those who stay in the sample in each wave, we do not find evidence of
significant differences.

The second panel of Table 4 presents attrition-adjusted calculations of the number of
panelists making each choice in each wave. That is, we treat the purchase hazard presented
on the right-hand side of the top panel as given, and adjust the sample size in each wave for
attrition. These calculations imply that, in the absence of attrition, 119 out of the original 281
panelists would have made a purchase by the 6th wave survey. In other words, if the purchase
hazard was the same for those who attrite as for those who remained in the survey, 21 out
of the 81 attritors would have made a purchase by the 6th wave. This calculation implies
that 40% of the respondents have made a purchase by wave 6, which is 10 months after
the original survey. This suggests that managers we interviewed may have underestimated
typical search durations.

10 We say “roughly” because respondents were allowed to return the survey within a two-week window. A
respondent who returned the survey immediately would tend to have had a shorter gap since the previous
survey.
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Table 2. Quality of technology: Coefficient alpha.

Wave 1 ‘Wave 2 Wave 3 Wave 4 Wave 5 Wave 6

IBM/Compatible .76 .80 79 .83 81 .80
Apple/Macintosh .79 .80 .82 .84 .83 .80

In each survey we asked panelists if, during the previous 7-week period, they had gath-
ered information about PCs through: (1) store visits, (2) articles in general publications,
(3) articles in computer publications, (4) advertising, and (5) word-of-mouth. Our ques-
tions were phrased in such a way as to try to capture active search, as opposed to purely
passive exposure to signals. For example, regarding articles in general publications, we
asked: “Have you spent any time reading articles on computer information in newspapers,
general purpose magazines or consumer guides?” And, regarding advertising, we asked:
“Have you spent any time reading advertisements about computers in newspapers, computer
magazines, general purpose magazines, or viewing TV commercials?” Thus, we asked if
respondents had actually spent time reading articles or reading/viewing ads, as opposed to
merely being casually exposed to them.

We also asked panelists about their quality perceptions for both the IBM compatible and
Apple technologies. To construct a measure of perceived quality, respondents were asked to
rate each technology on 7-point Likert disagree-to-agree scales for the following five items:
(1) “will meet my needs for a long time to come,” (2) “is user friendly,” (3) “is powerful,” (4)
“has a large number of software titles,” and (5) “all components operate together without any
problems (hardware, software, peripherals).” Factor analysis suggested that the five items
measured a unidimensional construct. Thus, we constructed an overall quality measure by
averaging the five items. We report the reliability of the quality construct, as measured by
the Cronbach’s alpha, in Table 2. The alpha coefficients imply a high level of reliability and
a high level of internal consistency for the items. This is consistent across technologies and
waves of the panel.

Recall that we incorporate in the likelihood whether a consumer reports a “low,”
“medium” or “high” quality level for each technology in each period (see equation (14)).
Taking our 7-point quality scale, we classified values in the [1-3), [3, 5] and (5, 7] intervals
as low, medium, and high, respectively.

Finally, we also needed to collect data on actual and expected prices. We have already
described the construction of the price expectation data at some length in Section 3.2, so we
will not repeat that here. We will instead describe how we constructed the actual realized
price indices for each technology in each period. Recall that the (inverse) price indices 7
for j =IBM, Apple that we need to construct are normalized to 1.0 at # = 1 (i.e., in the
first wave). Thus, we need to construct measures of how prices changed from each wave to
the next.

In order to measure how PC prices moved over the sample period, we first looked at
the PC configurations that panelists reported they were considering in the first wave. We
matched these with retail prices obtained from industry data to measure their prices. We
then chose 5 representative configurations that cost approximately $1500, $2000, $2500,
$3000 and $3500 in October 1995, one each for IBM and Apple. Next, we used industry
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data to examine how prices of each configuration moved over the sample period. Us-
ing a sales weighted average of the configuration prices, our calculations implied that
prices fell approximately 10% from October 1995 through June 1996. This translates into
a 15% annual rate, which is quite close to the 16% annual rate that consumers expected on
average.

A 15% price decline may seem small, but it is important to note that this refers to the price
of an entire configuration, not just the CPU. According to National Income and Product
Account (NIPA) data, PC prices fell by 31% from 1995 to 1996, but the price of terminals
was flat, while that of storage devices fell only 13%, and that of other peripheral equipment
fell 22%. The NIPA data also show that price declines for PCs, monitors, memory and other
peripheral equipment accelerated substantially beginning in 1997, after our sample period
had ended.

The five discrete dollar amounts noted above were also what we assumed as the elements
of agents’ discrete consumption choice set { Py, . .., Pr}insolving and estimating the model.

7. Empirical results
7.1.  Parameter estimates
Table 3 reports the simulated maximum likelihood estimates of our model parameters. We

start by discussing the price expectation process parameters. To facilitate interpretation it
is useful to rewrite equation (6) in terms of prices (rather than the inverse price indices):

Eln(P; 41/ Pj:) | Iir] = —6p + 61 In(Pj;/ Pj;—1) + 62 In(Pj;/ Pj ;—2)
—0o + (01 + 62)In(Pj; /Pj ;1) + 02 In(Pj 1/ Pj;2)

Our estimate of 6y is 0.041. Thus, if price were constant from ¢ — 2 to ¢ (zeroing out the
2nd and 3rd terms), consumers would expect a 4.1% price decline from ¢ to ¢ + 1 (i.e., over
the next 2 months).

Since our estimate of 6, is negative and larger in absolute value than 6, +-6,, our estimated
expectations process implies that consumers expect mean reversion in price changes. The
process implies a steady state expected rate of price decline of 2.5% per two-month period.
Since consumers expect mean reversion, if prices had declined at a rate that was greater
(Iess) than 2.5% from ¢ — 2 to ¢, then consumers would expect a price decline of less (more)
than 2.5% over the next two months. The expectations process implies a 16% annualized
rate of expected price decline, which is similar to what actually occurred (see Section 6).

The estimate of the standard deviation of measurement error for reported price change
expectations (i.e., the o, in equation (5)) is 0.088, implying substantial measurement error
in consumers’ reports of their own expectations. Our estimate of the perceived standard
deviation of future price changes around consumers’ point expectations (i.e., the o in
equation (7)) is 0.076. Thus, consumers perceive substantial volatility in price changes
around their means.

Next we discuss the parameters that determine expected utility conditional on purchase
(see equation (4)). The price coefficient is statistically significant and positive, implying the
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Table 3. Parameter estimates.

Price Process Parameters
Price process coefficients

6o 0.041  (0.012)
01 1.239  (0.163)
Oy —0.958  (0.194)
oy 0.088  (0.013)

Measurement error std. dev.

ox 0.076  (0.043)
Utility Parameters
Price coefficient 0.478 (0.193)
Risk aversion coefficient 1.000 -
Discount factor 0.995 -
Utility weight
Constant 1.000 -
Experience 0.479  (0.238)
Age 0.207  (0.103)
Education —0.734  (0.257)
Gender 0.639  (0.283)
Income —0.670  (0.399)
Quality coefficients
Mean quality (IBM)* 0.891  (0.397)
Mean quality (Apple)? —0.891 -
Mean quality (IBM)P —0.275  (0.125)
Mean quality (Apple)® 0.275 -
Latent class probabilities
1st latent class 0.879 (0.155)
2nd latent class 0.121 -
No purchase utility coefficients
Constant 3.917 (1.258)
Ownership of computer 0.149  (0.061)
Experience 0.009 (0.049)
Age 0.644  (0.278)
Education —0.019  (0.089)
Gender 0.543  (0.245)
Income —0.294 (0.124)

Information Search Process Parameters
Prior std.dev. of quality perception

IBM
Apple

Variability of information

Store visit
Ads and articles
Word of mouth

0.927  (0.160)
2.071  (0.350)

1.977  (0.659)
4741 (1.976)
3128 (1.325)

(Continued on next page.)
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Table 3. (Continued).

Information costs

Store visits 1.415 (0.123)
General articles 0.642 (0.088)
Computer articles 1.137 (0.175)
Adbvertising 0.379 (0.052)
Word of mouth 0.318 (0.057)
Quality Perception Interval Coefficients
IBM-left —1.741 (0.267)
IBM-right 2.867 (0.419)
Apple-left —3.217 (0.569)
Apple-right 2.433 (0.388)

41st latent class.

52nd latent class.

Note. Values enclosed in parentheses represent standard
eITOrS.

conditional indirect utility function is decreasing in price, as we would expect. The estimates
of the equation for the utility weight parameter, 8; = By + BX;, indicate that consumers
get more utility from home computer capabilities if they are: (1) more experienced with
computers, (2) older, (3) less educated,!" and (4) male. The effect of income on the utility
weight is statistically insignificant. That more educated people get less marginal utility from
additional home computer capability may reflect the fact that they are more likely to have
access to computers at work.

The parameter « was normalized to 1.0 (without loss of generality) for identification.
Note that we cannot identify «, the scale of the quality variables Q;, and the scales of
the prior and signal standard deviations, at the same time. For instance, one could dou-
ble o while halving the Q;, halving the prior standard deviations oo, and halving all the
signal standard deviations ox. This would halve the o;j; in (4), and leave expected util-
ity unchanged. Since we resolve this identification problem by normalizing «, the extent
of risk aversion is subsumed in the scale of the quality measures and the scale of the
prior and signal standard deviations. This does not alter the behavioral implications of the
model.

We also had to normalize the constant term in the §; equation. While technically identified,
the likelihood was quite flat over a range of values for this parameter and the same set of
quality level and quality variance parameters discussed above. A first order Taylor series
expansion of the utility function in (2) around Q = 0 gives U(Q) ~ 7 PBQ — y P + ¢.
This suggests that it may be difficult to distinguish the scale of B from the scale of the Q’s,
which is indeed what we find. Thus, we normalized S, = 1.

The equation for the No-purchase utility implies, as one would expect, that the No-
purchase utility is higher for individuals who already own a computer. Furthermore, older

11 The age variable was entered as Age/35. The education variable ranged from 0 to 6 (for the seven ascending
categories listed in Table 1). This was entered as education/6, giving a variable ranging from O to 1.
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people, women and lower income people have a higher No-purchase utility than younger
people, men and higher income people. Education and experience do not have a statistically
significant effect on No-Purchase utility.

We turn next to the estimates of the quality of each technology. Recall that we allow for
two latent types of consumers in terms of their match quality with each technology. Our
estimates imply that consumers who belong to the first latent segment perceive a higher
match quality for the IBM compatible technology, while type 2 consumers prefer the Apple
technology. However, the first segment constitutes 88% of the population, implying that
the majority of consumers feel that IBM/compatibles serve their needs better than Apple
technology.

The prior standard deviation of quality perceptions is statistically significant, and very
large relative to the true quality levels of the two technologies. This indicates that there
is substantial prior quality uncertainty in this market. Note that the prior uncertainty for
Apple is larger than for IBM. Since the Windows platform is more widely used than the
Apple platform, consumers presumably have more prior exposure to information about IBM
compatibles.

Table 3 also reports the estimated characteristics of each of the five information sources.
The estimates imply that store visits provide the most precise information. Word-of-mouth
is the next most accurate information source. Articles in computer magazines, articles in
general publications, and advertising provide the noisiest information.'?

In regard to costs associated with information sources, the estimates imply that store visits
are the most costly way to gather information. The least costly method is word-of-mouth.
Interestingly, reading articles in computer magazines is estimated to be quite a bit more
costly than reading computer articles in general publications, or reading ads.

7.2.  Model fit

Table 4 provides evidence on how the model fits the data on purchase decisions. The top
panel of the table describes the data itself. It reports the sample proportion of consumers
who make each choice (No-purchase, IBM, Apple) in each 7-week period (or “wave”). The
second panel provides attrition adjusted estimates of the choice frequencies, as discussed
in Section 4.

The bottom panel of Table 4 reports simulated choice frequencies based on our estimated
model. We simulated choice paths for 2000 hypothetical consumers, and then re-based the
statistics from this simulation to an initial sample size of N = 281 (for comparability with
the observed data). We refer to the bottom panel of Table 4 as the “baseline” simulation of
the model. We extend the simulation for 12 waves, which corresponds to roughly 12.7 = 84
weeks, or about 20 months. Since the data used in estimation extend for only 6 waves, the
first 6 waves of the simulation are an in-sample forecast, while the last 6 waves are an
out-of-sample forecast.

12 During the estimation process, we decided to set the precisions for advertising, general sources and computer
sources to be equal. We were having numerical difficulties in trying to pin down all three of these terms
separately, and we could not reject a specification where these three channels had equal signaling variances.
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Table 4. Sample frequencies vs. model simulation: Purchase behavior.

Number of purchases Percentage of purchases

Wave Sample size No purchase IBM Apple No purchase IBM Apple

Sample frequencies

1 281 281 0 0 100.0 0.0 0.0
2 281 261 19 1 92.9 6.8 0.4
3 245 225 18 2 91.8 73 0.8
4 202 179 22 1 88.6 10.9 0.5
5 162 145 17 0 89.5 10.5 0.0
6 120 102 17 1 85.0 14.2 0.8
Attrition adjusted sample frequencies
1 281 281 0 0 100.0 0.0 0.0
2 281 261 19 1 92.9 6.8 0.4
3 261 240 19 2 91.8 7.3 0.8
4 240 213 26 1 88.6 10.9 0.5
5 213 191 22 0 89.5 10.5 0.0
6 191 162 27 2 85.0 14.2 0.8
Total 281 162 113 6 57.7 40.2 2.1
Model simulation—baseline
1 281.0 265.1 133 2.6 94.3 4.7 0.9
2 265.1 246.6 17.3 1.2 93.0 6.5 0.5
3 246.6 226.1 19.8 0.6 91.7 8.0 0.3
4 226.1 204.5 21.2 0.4 90.5 9.4 0.2
5 204.5 183.5 20.9 0.2 89.7 10.2 0.1
6 183.5 163.6 19.7 0.2 89.2 10.7 0.1
Out of sample
7 163.6 142.4 19.5 1.8 87.0 11.9 1.1
8 142.4 120.7 20.3 1.4 84.8 14.2 1.0
9 120.7 100.9 18.7 1.1 83.6 15.5 0.9
10 100.9 81.1 19.0 0.9 80.3 18.8 0.8
11 81.1 64.8 15.6 0.6 80.0 19.3 0.8
12 64.8 51.8 12.6 0.5 79.9 19.4 0.8
First 6 281 163.6 112.1 5.2 58.2 39.9 1.9
Total 281 51.8 217.8 11.5 18.4 71.5 4.1

To see how the model fits the data, one needs to compare the middle and bottom panels
of Table 4. The model fits most of the broad features of the data rather well. After 6 waves,
or roughly 10 months, the model predicts that 39.9% of consumers would have bought
an IBM (or IBM compatible) computer, while 1.9% would have bought an Apple. The
corresponding figures in the data are 40.2% and 2.1%, respectively.

A striking feature of the data is the clear positive duration dependence in the purchase
hazard. The no-purchase frequency declines almost monotonically from 100% in wave 1,
t0 92.9% in wave 2, ..., to 89.5% in wave 5, and to 85% in wave 6. The model captures
this overall pattern rather well. For instance, it predicts a no-purchase rate of 93.0% in
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wave 2, falling gradually to 89.7% in wave 5, and these figures are very close to the
actuals.

The model predicts that 5.7% of consumers buy in wave 1, whereas, as we discussed in
Section 4, no survey respondents reported buying in the first wave.'> Of course, any model
with a significant stochastic component to choice behavior would likely have difficulty
generating such an extreme outcome in a particular period. In addition, the model somewhat
overstates the no-purchase rate in wave 6 (89.2% vs. 85% in the data). Thus, the model
somewhat understates the degree of positive duration dependence in the purchase hazard.
However, given sampling error in the sample purchase frequencies, the discrepancies do
not appear to be serious.'*

Table 5 provides evidence on how the model fits the data on search behavior. The layout
of this table is just like Table 4, except that the choices now are whether or not to utilize each
of the 5 information sources in each wave. Again, the model fits the broad features of the
data reasonably well. The model slightly underpredicts the extent of search. For instance,
it predicts that, over the first 6 waves, households visit a store in 36.2% of the periods,
whereas in the data the frequency of store visits is 40.1%. This pattern of under-predicting
the utilization rate by about 3 or 4 percentage points holds across all five information
sources.

The model accurately predicts the relative utilization of each information source. The
most widely used source is word-of-mouth (66.5% utilization in the data vs. 62.1% in the
model), while the least utilized source is articles in computer magazines (38.9% utilization
in the data, vs. 35% in the model). Of course, these utilization differences are generated by
the differential costs and precisions of the information sources, as estimated in Table 3.15

Another striking feature of the data is negative duration dependence in search intensity.
For instance, the percentage of consumers who gather information via store visits drops
from 64.4% in wave 1 to 29.2% in wave 6. The model predicts a decline from 60.5% to
25.5%. Thus, aside from the tendency to under-predict utilization by a few percent in each
period, the model captures the time path of utilization very well. The same is true for all
five information channels.

One reason for search intensity to fall over time is that the marginal value of search tends
to fall as consumers acquire more information. This is a direct consequence of the Bayesian
variance updating formula (equation (11)), which implies that each additional signal has a
smaller variance reducing effect. That is, if N, denotes the number of signals received from

13 As we discussed earlier, the first wave survey came only a few weeks after the screening interview, so any
consumer who bought 5 to 7 weeks before the first survey would have been screened from the data set. This
would have biased downward the number of purchases in wave 1, but we abstracted from this in setting up our
model.

14 The standard error on the 85% sample frequency for wave 6 is 2.6%.

15 An interesting question is how the model can distinguish if one information source is less utilized than another
because it is more expensive or less accurate (or some combination of both). The distinction would obviously
not be identified (absent strong functional form assumptions) using data on information source utilization
alone. However, our estimation brings two additional sources of information to bear: purchase decisions and
stated quality ratings. If an information source is more accurate than another, quality ratings will be more likely
to move, and perceived risk of a brand will be more likely to fall (implying a greater increase in the purchase
hazard), after that source is visited.



234 ERDEM ET AL.

Table 5. Sample frequencies vs. model simulation: Search behavior.

Number of consumers collecting information Percentage of consumers collecting information

Sample Store General Computer Word of Store General Computer Word of
Wave size visits articles articles Advertising mouth visits articles articles Advertising mouth

Sample frequencies
1 281 181 164 148 188 247 644 584 52.7 66.9 87.9
2 281 115 116 98 163 204 409 413 349 58.0 72.6
3 245 82 101 87 132 136 335 412 355 539 55.5
4 202 77 87 83 121 116 38.1 43.1 41.1 59.9 574
5 162 46 64 53 77 94 284 395 32.7 475 58.0
6 120 35 50 41 59 76 292 417 342 49.2 63.3
Attrition adjusted sample frequencies
1 281 181 164 148 188 247 644 584 52.7 66.9 87.9
2 281 115 116 98 163 204 409 413 349 58.0 72.6
3 261 87 107 92 140 144 335 412 355 539 55.5
4 240 91 103 98 143 137 38.1 43.1 41.1 59.9 574
5 213 60 84 69 101 123 284 395 32.7 475 58.0
6 191 55 79 65 93 120 292 417 342 49.2 63.3
Total 1467 589 653 570 828 975 40.1 445 38.9 56.4 66.5
Model simulation—baseline
1 281 170 164 139 189 231 60.5 584 49.5 67.3 82.2
2 265 88 103 81 155 179 332 389 30.6 58.5 67.5
3 247 71 92 83 129 126 287 372 33.6 522 51.0
4 226 83 84 78 125 123 36.7 372 345 553 54.4
5 205 51 72 57 89 106 249 35.1 27.8 434 51.7
6 184 47 65 55 81 109 255 353 29.9 44.0 59.2
Out of sample
7 164 42 59 46 70 98 25.6 36.0 28.0 42.7 59.8
8 143 35 47 40 58 76 245 329 28.0 40.6 53.1
9 122 29 39 34 46 62 23.8 320 279 37.7 50.8
10 102 24 36 27 41 50 235 353 26.5 40.2 49.0
11 82 19 27 23 31 40 232 329 28.0 37.8 48.8
12 65 16 21 19 26 32 246 323 29.2 40.0 49.2
First6 1408 510 580 493 768 874 362 412 35.0 54.5 62.1

Total 2086 675 809 682 1040 1232 324 388 32.7 49.9 59.1
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source k, then do2/d Ny = —o* /o, and this is decreasing in Ny since o* is decreasing in
Ny.

But this can’t be the whole story, because this intuition is purely static. In a dynamic
setting, negative duration dependence in search intensity seems to contradict the flavor of
results in Moscarini and Smith (2001), to the effect that search should be concentrated into
the period just prior to making a decision. Basically, if one discounts the future, it doesn’t
make sense to engage in costly search today, and then delay a decision for several periods.
But two factors alter this logic in the present context: price fluctuations and taste shocks.
Intuitively, in our model, it makes sense to acquire good information about brand attributes
quickly, enabling one to form a clear idea of which brand one prefers. One may then delay
purchase until one sees a good price for the preferred brand, or until one receives a good
positive taste shock.

Of course, an alternative explanation for negative duration dependence in search intensity
is a compositional effect. Specifically, those consumers who search less intensely may stay
in the market longer. However, this story does not seem consistent with the data. Fixed
effects logit models for whether a consumer utilizes an information source in each wave
show negative time effects, similar in magnitude to the patterns in Table 5. Compositional
effects are not important in the model either. We only allowed for unobserved heterogeneity
in consumer preferences for Apple vs. IBM, and negative duration dependence is present
for each consumer type separately.

8. Counterfactual experiments

In this section we present a number of counterfactual experiments designed to clarify the
nature of consumer behavior implied by the model. These experiments are all based on
simulated choice histories for 2000 hypothetical agents. These agents are presented with
the same random draws for the stochastic terms of the model as were the 2000 hypothetical
agents used in the baseline simulation reported in the bottom panels of Tables 4 and 5. Thus,
any differences in choice behavior between the experimental treatments and the baseline
model simulation will be due entirely to differences in the economic environment.

8.1.  Effects of expected price declines and learning on purchase delay

The first set of experiments is designed to examine the roles of expected price declines vs.
learning in generating purchase delay. The top panel of Table 6 presents a simulation where,
in each wave ¢, consumers assume that the mean of the price distribution will remain at
the present level for all future periods. That is, we modify equation (7) so that, at time ¢,
consumers’ subjective expectation of the distribution of future prices is given by:

Inmj px ~ N(lnnj, |a7f) for j = IBM, Apple, k =1,2,..., T
where 7 j; is the current price index. Note that consumers still expect prices to fluctuate over

time, according to the variance o2, but they no longer expect a downward trend in prices.
Another way to describe this experiment is that we set 6y = 6; = 6, in equation (6).
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Table 6. Simulated effects of changing price expectations and raising search costs.

Number of purchases Percentage of purchases

Wave Sample size No purchase IBM Apple No purchase IBM Apple

A. Consumers expect no downward trend in prices

1 281.0 263.7 14.4 2.8 93.8 5.1 1.0
2 263.7 241.5 20.1 2.2 91.6 7.6 0.8
3 241.5 217.2 229 1.3 90.0 9.5 0.5
4 2172 193.6 22.8 0.8 89.1 10.5 0.4
5 193.6 171.2 21.9 0.5 88.4 11.3 0.3
6 171.2 150.9 20.0 0.3 88.1 11.7 0.2
Out of sample

7 150.9 131.4 18.1 14 87.1 12.0 1.0

131.4 111.2 19.0 1.1 84.6 14.5 0.9
9 111.2 922 17.7 1.3 829 159 1.2
10 922 75.8 15.8 0.7 82.2 17.1 0.7
11 75.8 62.1 13.1 0.5 82.0 17.3 0.7
12 62.1 50.9 10.9 0.3 81.9 17.5 0.6
First 6 281 150.9 122.2 79 53.7 435 2.8
Total 281 50.9 216.7 134 18.1 77.1 4.8

B. Increase search cost 60%
1 281.0 266.3 13.3 14 94.8 4.7 0.5
2 266.3 248.0 17.3 1.0 93.1 6.5 0.4
3 248.0 228.2 19.1 0.7 92.0 7.7 0.3
4 228.2 209.3 18.5 0.4 91.7 8.1 0.2
5 209.3 190.8 18.3 0.2 91.1 8.7 0.1
6 190.8 172.8 18.0 0.1 90.5 9.4 0.0
Out of sample

7 172.8 154.4 17.5 0.9 89.4 10.1 0.5

154.4 135.7 17.9 0.8 87.9 11.6 0.5
9 135.7 117.6 17.5 0.7 86.6 12.9 0.5
10 117.6 100.8 16.3 0.5 85.7 13.8 0.5
11 100.8 86.4 14.0 0.4 85.7 13.9 0.4
12 86.4 74.0 12.2 0.3 85.6 14.1 0.3
First 6 281 172.8 104.5 37 61.5 37.2 1.3

Total 281 74.0 199.8 7.3 26.3 71.1 2.6
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According to the top panel of Table 6, taking away the expectation of a downward trend
in prices results in acceleration of purchases. The purchase hazard shifts up in the first
6 periods, stays about the same in periods 7-9, and shifts down in periods 10-12. The
percentage of consumers predicted to buy by the end of wave 6 increases from 41.8% (see
Table 4) to 46.3%. But the percentage of consumers who are predicted to buy by the end
of wave 12 remains almost unchanged (81.6% vs. 81.9%). Note, however, that positive
duration dependence in the purchase hazard remains strong even under this counterfactual
experiment. Thus, most of the positive duration dependence in the hazard does not appear
to be due to the expectation of falling prices.

We don’t find this relatively small effect of expected price declines on purchase timing
surprising for two reasons. First, as we noted earlier, another factor inducing positive du-
ration dependence in the purchase hazard is simply that prices do fall over time, a factor
that would be present even in a static model. Second, learning is another source of duration
dependence.

The bottom panel of Table 6 reports the results of an experiment designed to evaluate the
role of learning in generating purchase delay. In this experiment, we implement a substantial
increase in the cost of search. Specifically, we increase the cost visiting all five information
sources by 60%. Making learning more expensive leads to a noticeable flattening of the
purchase hazard. While the hazard rises from 5.7% in wave one to 20.1% in wave 12 under
the baseline (an increase by a factor of 3.5), the increase under the experiment is from 5.2%
to 14.4% (a factor of only 2.8). Making learning more expensive also shifts the purchase
hazard downward, leading to lower computer sales overall. The percentage of consumers
who buy by the end of 6 waves is predicted to decline from 41.8% (see the bottom panel of
Table 4) to 38.5%, while the percentage predicted to buy by the end of wave 12 drops from
81.6% to 73.7%.

Conversely, a reduction in search costs, which leads to more search, accentuates the
positive duration dependence in the purchase hazard. Thus, our results imply that both
expected price declines and the desire to gather information both contribute to purchase
delay.

8.2.  How price expectations affect price elasticities of demand

In this section we present two experiments designed to examine how price expectations affect
demand elasticities. Recall that our estimates of consumers’ subjective price expectation
process imply that consumers expect a steady state rate of price decline of roughly 2.5%
per two-month period, and that they expect mean reversion in price declines. Thus, if price
were to fall by some much larger amount in a particular wave, consumers would expect a
price rebound in the following wave. This should augment the demand response to the price
cut. In Table 7 we report two experiments designed to evaluate the magnitude of this type
of effect.

In the top panel of Table 7, we simulate the effect of a 20% transitory price cut for
both IBM and Apple in wave 2, holding prices fixed in all other waves. In this experiment,
consumers are assumed to form expectations according to our estimates of their subjective
price expectations process. As a result, since the 20% price decline in wave 2 is so unusually
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Table 7. Price cut simulations.

Number of purchases Percentage of purchases

Wave Sample size No purchase IBM Apple No purchase IBM Apple

A. 20% price decline in wave 2—total effect

1 281.0 265.1 13.3 2.6 94.3 4.7 0.9
2 265.1 234.2 28.4 2.5 88.3 10.7 1.0
3 234.2 214.4 18.8 1.0 91.6 8.0 0.4
4 214.4 192.8 21.1 0.6 89.9 9.8 0.3
5 192.8 172.6 19.8 0.4 89.5 10.3 0.2
6 172.6 153.7 18.7 0.2 89.1 10.8 0.1
Out of sample
7 153.7 133.4 18.5 1.8 86.8 12.0 1.2
8 1334 112.8 19.3 14 84.5 144 1.1
9 112.8 93.9 17.8 1.1 83.2 15.8 1.0
10 93.9 75.0 18.1 0.8 79.9 19.2 0.9
11 75.0 59.5 14.9 0.6 79.4 19.8 0.8
12 59.5 47.1 11.9 0.5 79.1 20.1 0.8
First 6 281 153.7 120.0 7.3 54.7 42.7 2.6
Total 281 47.1 220.4 13.5 16.8 78.4 4.8

B. 20% price decline in wave 2—expected future price changes held fixed

1 281.0 265.1 133 2.6 94.3 4.7 0.9
2 265.1 2379 25.1 2.0 89.8 9.5 0.8
3 237.9 218.2 19.1 0.6 91.7 8.0 0.3
4 218.2 197.0 20.7 0.6 90.3 9.5 0.3
5 197.0 176.7 20.1 0.2 89.7 10.2 0.1
6 176.7 157.5 19.0 0.2 89.2 10.7 0.1
Out of sample
7 157.5 137.1 18.8 1.7 87.0 11.9 1.1
8 137.1 116.2 19.6 1.3 84.8 14.3 1.0
9 116.2 97.1 18.1 1.0 83.5 15.6 0.9
10 97.1 719 18.3 0.8 80.3 18.9 0.9
11 71.9 62.2 15.1 0.6 79.8 19.4 0.8
12 62.2 49.6 12.1 0.5 79.7 19.5 0.8
First 6 281 157.5 117.3 6.2 56.1 41.7 22

Total 281 49.6 219.2 12.2 17.6 78.0 4.3
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large, consumers expect a price rebound in wave 3. Our estimates imply that the price cut
induces the percentage of consumers who buy in wave 2 to increase from 7.0% (baseline
model) to 11.7%. This is a 67% increase in sales, implying a short run price elasticity of
demand with respect to a transitory price cut of roughly 3.4.

In the bottom panel of Table 7, we report the results of an experiment in which prices are
cut by 20% in wave 2, but expectations are held fixed. That is, consumers’ expectations of
the price decline from wave 2 to waves 3, 4, ..., T are held fixed at their pre-experimental
levels. In other words, consumers view the dramatic price decline in wave 2 as a one time
structural break in the price process, which will have no bearing on future price changes.
Our estimates imply that this type of price cut induces the percentage of consumers who
buy in wave 2 to increase from 7.0% to 10.2%. This 46% increase in sales implies a short
run price elasticity of demand with respect to a transitory price cut, holding expectations
fixed, of roughly 2.3.

Thus, our results imply that expectations play a major role in how consumers respond
to a price change. The elasticity of demand with respect to a transitory price cut is nearly
50% greater if we incorporate how the price cut alters consumers’ expectations of future
price changes than if we hold those expectations fixed (i.e., 3.4 vs. 2.3). This suggests
that static models may potentially give rather misleading estimates of price elasticities of
demand. It also suggests that estimates of demand elasticities in dynamic models could be
quite sensitive to our assumptions about expectations, thus highlighting the importance of
collecting subjective expectations data.

Another issue that the simulations in Table 7 address is the extent to which a temporary
price cut leads to purchase acceleration vs. incremental sales. That is, to what extent does
the price cut simply cannibalize future sales? Comparing the baseline simulation (Table 4)
with the experiment (Table 7), we see that the price cut induces 12.4 additional consumers
to buy in wave 2. Looking further out, we see that 117.3 consumers buy a PC by the end of
wave 6 in the baseline, compared to 127.3 in the experiment, an increase of 10.0.1° Thus, by
wave 6, 10.0 out of 12.4, or 80%, of the additional period 2 sales induced by the price cut
represent incremental sales, while only 20% represent cannibalization of sales from waves
3 through 6.

This story changes if we extend the analysis through to the terminal period (wave 12).
229.3 consumers buy a PC by the end of wave 12 in the baseline, compared to 233.9 in
the experiment, an increase of 4.6. Thus, by wave 12, only 4.6 out of the extra 12.4 sales
induced by the wave 2 price cut (or 37%) represent incremental sales.

It is also interesting to note the asymmetric affects of the price cuts on IBM Compatible
vs. Apple sales. Under the baseline, the percentages of consumers predicted to buy IBM or
Apple PCs by the end of wave 6 are 39.9% and 1.9%, respectively. With the 20% price cut
(for both technologies) in wave 2, these figures increase to 42.7% and 2.6%. Thus, Apple
sale increase 37% while IBM sales increase only 7%. This difference occurs in part because,
in wave 2, Apple sale increase 100% while IBM sales increase 65%. But, in addition, the
cannibalization of future sales is greater for IBM. In fact, the price cut slightly increases

16 Recall that these figures are from a simulation of 2000 consumers, re-based to a population of N = 281. That
is why there are fractional numbers of consumers.
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Apple sales in subsequent periods. This stems from the learning dynamics in the model.
The substantial price cut in wave 2 induces consumers to recognize it is a good period to
buy. This encourages more search in period 2, so consumers learn more about Apple. Since
prior uncertainty about Apple is greater, events that encourage more learning tend to favor
Apple. This is discussed further in the next section.

8.3.  How the cost and accuracy of information sources affect choice behavior

In this section we examine how altering the cost and accuracy of the various information
sources would alter choice behavior. Table 8 reports two experiments where search costs are
reduced. In the top panel we reduce the cost of store visits, the most costly and most accurate
information source, by 20%. This leads to an upward shift in the purchase hazard by roughly
1 to 2.5 points in all periods. In the baseline simulation (Table 4), 41.8% of consumers have
bought by the end of wave 6, while under the experiment this increases to 48.1%.

In the bottom panel, we reduce the cost of acquiring information through advertisements
by 20%. Operationally, this might involve a manufacturer making its ads more readable
or more easily accessible. This again leads to an acceleration of purchases, increasing the
percentage of consumers who buy by the end of wave 6 to 46.0%. The effect is smaller than
for store visits because reading advertisements is less expensive and provides less accurate
information. Effects of reducing the costs of acquiring information from articles in general
publications, articles in computer publications and word-of-mouth are similar, so we do not
report them.

An interesting aspect of the experiments in Table 8 is that reducing the cost of acquiring
information has a much more positive effect on Apple sales than on IBM sales. For instance,
with a 20% decrease in the cost of acquiring information via a store visit, the percentage
of consumers who buy an IBM or IBM compatible by the end of wave 12 increases from
77.5% to 78.7%, while the percent that buy an Apple increases from 4.1% to 6.2% (a 50%
increase). However, the asymmetric positive effect for Apple is much less dramatic when
we reduce the cost of gathering information via advertisements (which increases Apple
sales from 4.1% to 4.7%), and the same is true for the other three information channels (not
reported). This is presumably because these alternative channels are less costly and less
accurate than store visits.

Table 9 reports a set of experiments where we increase the accuracy of the information
sources. This again leads to an upward shift in the purchase hazard. Increasing the precision
of information provided by store visits by 20% increases the percentage of consumers who
buy by the end of wave 6 from 41.8% (baseline) to 49.6%. The percentage of consumers
who buy by the end of wave 12 increases from 81.6% (baseline) to 85.3%. The effect on
sales is again proportionately much greater for Apple than for IBM, with Apple sales by
the end of wave 12 rising from 4.1% to 7.0%. Results for the other information sources are
similar.

Thus, we find that making information more freely available, either by lowering the
cost or increasing the accuracy of signals, favors the Apple platform. This occurs because
consumers have much greater prior uncertainty with respect to the match quality of the
Apple platform.
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Table 8. Simulated effects of decreasing search costs.

Number of purchases Percentage of purchases

Wave Sample size No purchase IBM Apple No purchase IBM Apple

A. 20% Decrease in the cost of a store visit

1 281.0 258.1 18.2 4.7 91.8 6.5 1.7
2 258.1 233.9 21.4 2.7 90.6 8.3 1.0
3 233.9 209.6 22.7 1.6 89.6 9.7 0.7
4 209.6 187.4 21.3 1.0 89.4 10.1 0.5
5 187.4 165.6 21.2 0.6 88.4 11.3 0.3
6 165.6 145.8 19.3 0.5 88.1 11.7 0.3
Out of sample
7 145.8 125.1 18.9 1.9 85.8 12.9 1.3
8 125.1 104.8 18.8 1.5 83.8 15.0 1.2
9 104.8 86.1 17.5 1.2 82.1 16.7 1.1
10 86.1 68.8 16.4 0.9 79.9 19.0 1.1
11 68.8 54.6 13.6 0.7 79.3 19.7 1.0
12 54.6 42.4 11.7 0.4 71.7 21.5 0.8
First 6 281 145.8 124.1 11.0 51.9 44.2 39
Total 281 42.4 221.0 17.6 15.1 78.7 6.2
B. 20% Decrease in the cost of gathering information from advertising
1 281.0 261.4 15.6 39 93.0 5.6 1.4
2 261.4 239.5 20.1 1.8 91.6 7.7 0.7
3 239.5 216.2 224 0.9 90.3 9.4 0.4
4 216.2 194.5 21.1 0.5 90.0 9.8 0.2
5 194.5 172.2 22.0 0.3 88.5 11.3 0.2
6 172.2 151.8 20.2 0.2 88.1 11.7 0.1
Out of sample

7 151.8 130.8 19.4 1.6 86.1 12.8 1.1
130.8 110.0 19.5 1.3 84.1 14.9 1.0

110.0 91.5 17.6 1.0 83.1 16.0 0.9

10 91.5 73.5 17.2 0.8 80.3 18.8 0.8
11 73.5 58.9 14.0 0.6 80.2 19.0 0.8
12 58.9 473 11.2 0.4 80.3 19.0 0.7
First 6 281 151.8 121.5 7.7 54.0 432 2.7

Total 281 473 220.4 13.3 16.8 78.4 4.7
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Table 9. Simulated effects of making information sources more accurate.

Number of purchases Percentage of purchases

Wave Sample size No purchase IBM Apple No purchase IBM Apple

A. store visit—20% increase in precision

1 281.0 256.7 18.7 5.6 91.4 6.6 2.0
2 256.7 231.5 21.7 3.5 90.2 8.5 1.4
3 231.5 206.9 229 1.7 89.4 9.9 0.7
4 206.9 183.3 22.6 1.0 88.6 10.9 0.5
5 183.3 161.4 21.2 0.7 88.1 11.5 0.4
6 161.4 141.7 19.2 0.5 87.8 11.9 0.3
Out of sample
7 141.7 121.1 18.7 1.9 85.4 13.2 1.3
8 121.1 101.0 18.6 1.5 83.4 15.3 1.2
9 101.0 83.3 16.5 1.2 82.5 16.4 1.2
10 833 66.2 16.1 0.9 79.5 19.4 1.1
11 66.2 52.4 13.2 0.7 79.1 19.9 1.0
12 524 414 10.6 0.4 79.0 20.2 0.8
First 6 281 141.7 126.2 13.1 50.4 44.9 4.7
Total 281 414 219.9 19.7 14.7 78.3 7.0
B. Advertising, articles in general and computer publications—20% increase in precision
1 281.0 256.3 18.0 6.7 91.2 6.4 2.4
2 256.3 230.2 22.5 3.6 89.8 8.8 1.4
3 230.2 204.3 24.2 1.7 88.7 10.5 0.7
4 204.3 179.4 239 1.0 87.8 11.7 0.5
5 179.4 156.7 22.0 0.6 87.4 12.3 0.3
6 156.7 136.5 19.8 0.4 87.1 12.6 0.3
Out of sample
7 136.5 116.3 18.5 1.7 85.2 13.6 1.2
8 116.3 96.8 18.2 1.3 83.3 15.6 1.1
9 96.8 78.6 17.2 1.0 81.2 17.7 1.1
10 78.6 62.3 15.6 0.8 79.2 19.8 1.0
11 62.3 49.2 12.5 0.6 79.0 20.1 0.9
12 49.2 38.2 10.5 0.5 717.6 214 1.1
First 6 281 136.5 130.5 14.0 48.6 46.4 5.0
Total 281 38.2 2229 19.9 13.6 79.3 7.1
C. Word-of-mouth—20% Increase in Precision
1 281.0 261.3 15.2 4.5 93.0 5.4 1.6
2 261.3 2354 235 2.5 90.1 9.0 1.0
3 235.4 209.9 24.4 1.1 89.2 10.4 0.5

(Continued on next page.)
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Table 9. (Continued).

Number of purchases Percentage of purchases

Wave Sample size No purchase IBM Apple No purchase IBM Apple
209.9 185.8 23.5 0.6 88.5 11.2 0.3
5 185.8 163.1 22.3 0.4 87.8 12.0 0.2
6 163.1 142.3 20.6 0.2 87.2 12.6 0.1

Out of sample

142.3 121.5 19.3 1.5 85.4 13.6 1.0
121.5 101.5 18.9 1.1 83.5 15.5 0.9
101.5 84.0 16.6 0.9 82.7 16.4 0.9
10 84.0 68.1 15.3 0.7 81.0 18.2 0.8
11 68.1 55.0 12.5 0.5 80.8 18.4 0.7
12 55.0 44.6 10.0 0.4 81.1 18.2 0.7
First 6 281 142.3 129.5 9.2 50.6 46.1 33
Total 281 44.6 222.1 14.3 15.9 79.0 5.1

9. Conclusion

We have estimated a dynamic model of how consumers learn about and choose between
different brands of PCs, with an emphasis on the choice between the IBM Compatible and
Apple/Macintosh technologies. Our work extends recent work on estimation of Bayesian
learning models of consumer choice behavior in environments characterized by uncertainty
about brand attributes. Specifically, while several authors have estimated models of passive
learning about brand attributes, we estimate a model of active learning—i.e., a model in
which consumers make optimal sequential decisions about how much information to gather
prior to making a purchase.

Two notable aspects of our work are the use of price expectations data and stated prefer-
ence data. Following the suggestion of Manski (2003), we collected data on consumer price
expectations and used these data to model consumers’ price expectation process. This re-
laxes the typical rational expectations assumption used in prior work on estimating dynamic
structural models.!” Also, following the suggestion of McFadden (1989a), we incorporate
stated brand quality information into our likelihood function, rather than modeling only
revealed preference data (i.e., data on purchases and observed search behavior).

Our analysis has shed light on how consumer choice behavior is influenced by both
forward-looking price expectations and the process of learning about quality. A key finding
is that estimates of dynamic price elasticities of demand—i.e., demand elasticities that
account for how a price change today alters expectations of future price changes—exceed
estimates that ignore the expectations effect by roughly 50%.

17 There has been prior work using data on expectations to predict choice behavior in choice models that are
static, or that can be interpreted as reduced form approximations to the optimal decision rules from dynamic
models. Examples include Delevande (2003), who models how expected effectiveness of different birth control
methods affects choice of method, and Lochner (2003), who models how expected apprehension probabilities
affect decisions to engage in criminal activity.
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This occurs because our estimated expectations formation process implies that consumers
expect mean reversion in price changes. That is, if there is an exceptionally large price cut
today, consumers expect a price rebound tomorrow. This enhances the incentive to buy now.

Our findings highlight the more general point that estimates of demand elasticities from
static models, or estimates from dynamic models that make incorrect expectational assump-
tions, can be quite misleading. To the extent that demand elasticities are sensitive to how
consumers form price expectations, it becomes important to collect data on expectations to
learn more about how they are formed.

Finally, while our work has focused specifically on the PC market and on the choice
between Apple and IBM compatible technologies, the modeling approach we develop here
should be useful for studying a wide range of high-tech, high-involvement durable goods
markets where active learning about different technologies is important.
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