
Demand for Differentiated Durable Products: The Case of the U.S.

Computer Printer Market∗

Oleg Melnikov†

Department of Economics,

Yale University

November 13, 2000

Abstract

This paper develops an estimation technique for analyzing the impact of technological change

on the dynamics of consumer demand in a differentiated durable products industry. The paper

presents a dynamic model of consumer demand for differentiated durable products that explicitly

accounts for consumers’ expectations of future product quality and consumers’ outflow from the

market, arising endogenously from their purchase decisions. The timing of consumers’ purchases

is formalized as an optimal stopping problem. A solution to that problem defines the hazard

rate of product adoptions, while the nested discrete choice model determines the alternative-

specific purchase probabilities. Integrating individual decisions over the population distribution

generates rich dynamics of aggregate and product level sales. The empirical part of the paper

takes the model to data on the U.S. computer printer market. The estimates support the

hypothesis of consumers’ forward-looking behavior, allowing for better demand forecasts and

improved measures of welfare gains from introducing new products.
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1 Introduction

This paper aims to provide a theoretical and empirical description of consumers’ behavior in a

dynamic market for differentiated durable goods. The computer hardware industry serves as an

example of the type of market I consider. Markets for computer systems and components, as well as

for many other high-technology products, exhibit many striking similarities. The following features

are of particular concern for an empirical economist:

• Products are differentiated in multiple dimensions in addition to price.

• Products are durables yielding consumption services over multiple periods.

• Product quality rapidly improves over time.

Empirical work on estimating differentiated product demand systems is dominated by static

discrete choice models with random utility (Berry, Levinsohn, and Pakes (1995), Goldberg (1995),

Nevo (200?), among others). However, markets for durable goods exhibit several features at odds

with their assumption of myopic consumer behavior.

First, traditional static discrete choice models implicitly assume that consumers participate in

the market every period, choosing one of the available products or an outside option. Thus, the

fraction of consumers who do not buy any product in a given period could only be explained by the

high value they assign to the outside alternative. For durable goods, however, purchases are made

infrequently and result in a consumer’s exiting the market for a significant period of time. Hence,

the model needs to account for consumers’ outflow from the market arising from their purchase

decisions.

Second, a static framework may give a misleading picture of the aggregate sales time pattern

in a dynamic industry. For many markets for durable products it is not uncommon to see rapidly

improving product quality and falling prices. Given any reasonable set of consumer preferences

over product characteristics space, static discrete choice models for such an industry will tend to

predict an upward trend in aggregate sales. This fails to account for a variety of patterns commonly

seen in the data.

Third, the evolution of product quality leads to the possibility of intertemporal demand sub-

stitution. By foregoing a current purchase, the consumer retains the option to buy a potentially

better product in the future. Hence, the decision of when to buy may be just as important for

consumers as the decision of what to buy. This trade-off cannot be accounted for in the static

framework.

The purpose of this paper is to remedy these shortcomings of static discrete choice models

2



with respect to durable goods markets, with particular attention paid to technological change and

the dynamics of adoption of new products.

The paper presents a dynamic model of consumer demand for differentiated durable prod-

ucts that explicitly accounts for consumers’ expectations of future product quality and consumers’

outflow from the market, arising endogenously from their purchase decisions. In my model, the

consumer faces a sequence of static discrete choice problems over a non-stationary choice set. I

show that for a subclass of random utility models (which includes the multinomial logit and the

McFadden (1978) generalized extreme value model) there exists a scalar-valued sufficient statis-

tic that determines the value of the option to postpone the purchase. This allows me to model

industry evolution over a vastly reduced state space and to formalize the consumer’s decision of

when to buy as an optimal stopping problem. A solution to that problem defines the hazard rate

of product adoptions, while the nested discrete choice model determines the alternative-specific

purchase probabilities. Integrating individual decisions over the population distribution generates

rich dynamics of aggregate and product level sales.

The paper proceeds to present Monte-Carlo evidence that ignoring the time dimension of

consumer choice will induce a downward bias in the estimates of consumer preferences over quality,

sometimes reversing the sign of the coefficients. I propose a nested three-stage estimator that allows

for sequential identification of the model parameters with aggregate data from the relatively short

time series.

The empirical part of the paper takes the model to data on the U.S. computer printer mar-

ket. During the 90s, the industry expanded dramatically and was characterized by high rates of

product entry and exit and remarkable technological innovation. These trends are indicative of

the performance of the computer industry as a whole. Given the annual rate of decline in the

quality-adjusted prices of more than 30%, it appears that intertemporal consumer optimization is

an important feature of the market. The data set used in this study is a detailed monthly sampled

scan-code level panel on more than 400 printer models. The estimates support the hypothesis

of consumer’s forward-looking behavior, allowing for better out-of-sample demand forecasts and

improved measures of welfare gains from introducing new products.

The rest of the paper is organized as follows. Section 2 contains a review of the existing

literature on the topic. Section 3 presents the model of consumer demand for durables, considers

its implications, and discusses the estimation strategy. Section 4 performs a set of Monte Carlo

experiments to check the viability of the estimation approach. Section 5 describes the data and

reports estimation results. Section 6 concludes and suggests some directions for future research.
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2 Review of the Related Literature

The model presented below builds upon three sources: discrete choice models, the durable goods

literature, and stochastic growth theory.

Static discrete choice models with random utility, pioneered by McFadden’s (1973) seminal

paper and developed in McFadden (1978), Berry (1994), Berry, Levinsohn, and Pakes (1995),

McFadden and Train (200?), among others, have been a staple of empirical research on estimating

differentiated product demand systems. In these models, products are treated as portfolios of

characteristics. Preferences are defined over the product characteristic space and consumers select

the product that yields the highest utility value. The presence of the random utility component,

which accounts for idiosyncratic differences in perceived assessment of quality, ensures that the

aggregate demand is stochastic. The postulated functional form for the utility function and the error

term correlation structure jointly determine product-level purchase probabilities. Thus, the random

discrete choice model accounts for consumers’ heterogeneity in an elegant way consistent with the

utility-maximizing behavior. Recent empirical applications of the discrete choice framework include

Goldberg (1995), Nevo (200?), Davis (2000).

The fundamental assumption of discrete choice models is that consumers choose a single unit

from the set of available alternatives. This assumption seems to be particularly justified for pur-

chases of durable products. Hence, most empirical IO applications of this framework deal with

durable goods markets. There is also a growing literature that uses this approach to analyze var-

ious aspects of industry conduct in highly dynamic markets (Bresnahan, Stern, and Trajtenberg

(1997) for office computers, Himmelberg and Olley (1998) for hard disc drives, etc.). But the same

”single unit only” assumption seems to imply that consumers’ behavior should be forward looking,

which is at odds with the static nature of the discrete choice setting.

In the micro level consumer data, postulating a reduced form that includes current ownership

proxies may help to alleviate the problem. I.e., Goldberg (1995) in her study of the U.S. auto

industry uses the age of the current vehicle as an individual level demand shifter. However, for

many markets, detailed consumer level data are not available and the researcher must (at best)

rely on the aggregate product level data. In the latter case, ownership variables are inherently

unobservable.

For stable markets where the set of products does not change much over time, the applicability

of static models may be justified under assumption of a stationary distribution of consumer holdings.

This effectively explains all industry sales as replacement demand. Again, for many practical

applications the object of interest is the entry of new products and/or firms and other structural
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industry changes, which may lead to shake-ups of consumer holdings.

The myopic assumption seems to be particularly ill-suited for studying markets for new prod-

ucts and industries with a rapid rate of technological change, such as the computer industry. For

such diverse applications as marketing, welfare measures, and policy analysis it is essential to sepa-

rate new demand from the replacement demand. The main contribution of this paper is an attempt

to address these issues in a structural way consistent with a discrete choice framework.

The impact of product durability on the evolution of prices and sales has received much atten-

tion in the durable goods literature. The bulk of this research is devoted to pricing new products,

a topic that attracted a considerable theoretical interest since the celebrated Coasian conjecture (

Coase (1972)). Briefly, this result states that in a market for durable goods, current sales cannibal-

ize future sales prospects and induced competition with the future will force an efficient (marginal

cost) pricing even in a monopoly case. The Coasian conjecture turned out to be extremely sensitive

to assumptions on the distribution of unobserved consumer preferences, as has been shown by Sobel

and Takahashi (1983) and Bagnoli, Salant, and Swierzbinski (1989) in various settings.

Unfortunately, most of this literature focuses on the homogenous products markets. This can

probably be attributed to the complexity of dynamic equilibrium models. Effectively, one has

to solve for the entire equilibrium price path to determine prices at any given time. Moreover,

consumer expectations must be self-fulfilling along this price path in any viable equilibrium. Not

surprisingly, few results have been obtained for differentiated durable goods markets. To the best

of the author’s knowledge, the only paper that deals with pricing in the differentiated durable

products oligopoly is Deneckere and de Palma (1998), but their set of assumptions seems too rigid

to resemble real world markets.

There are also some theoretical and empirical results on the equilibrium prices and holdings

in secondary markets for used durables (Stokey (1981), Rust (1985), Stolyarov (2000)). These

papers also deal mainly with homogenous products. While secondary markets are undoubtedly

an important feature of many durable goods industries, for our empirical application there is very

little trade in the used computer equipment. Thus, the model presented below assumes away the

market for used products.

3 The Model

This section provides an overview of the consumer choice model used in this paper. I start by

considering the decision problem faced by a representative consumer in the evolving market for
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durable goods. Integrating individual decisions over the population distribution generates a system

of equations for aggregate sales which can be taken to the data. The section completes by discussing

econometric identification of model parameters from the aggregate data.

3.1 Consumer Decision Problem

Environment. Time is discrete and denoted by t = 0, 1, .... Consumers, indexed by i = 1, ..., M ,

buy at most one unit of a durable product in a lifetime1. Consumer i’ state at time t is given by

Sit ∈ {0, 1}, where Sit = 0 if i does not own any product at time t and Sit = 1 otherwise. The

effective market size at time t, Mt, is determined by the cardinality of the set Mt = {i | Sit = 0}.

Consumers with Sit = 1 are considered to be out of the market, so the discussion below only

concerns first-time buyers. The set of products available to consumers at time t is denoted by Jt

and may change over time.

Payoffs. In each period t, consumer i : Sit = 0 has two options: (a) to buy one of the products

j ∈ Jt available on the market this period or (b) to postpone the purchase by choosing an outside

alternative. If option (b) is chosen, the consumer obtains a one period utility payoff of c. If

consumer i buys a product j ∈ Jt, he obtains a terminal payoff

uijt = f(xj ,yjt; θi) + εijt, (3.1)

where:

xj is a (1×K) vector of static product attributes;

yjt is a (1 × L) vector of product characteristics that may change over time (which includes

price, pjt, and potentially other dynamic parameters like the product age);

θi is a ((K + L)× 1) vector of (stationary) consumer preferences over x and y;

εijt is an individual-specific random utility component drawn from some underlying distribution

Fε.

Variable uijt is interpreted as a lifetime utility value of owning a durable. The exact functional

form of f(·) and the distinction between observed and unobserved product characteristics are not

important at this point and will be discussed in detail in Section 3.3. In addition, we assume that:

[A1] θi = θ ∀i = 1, ..., M (homogenous consumer preferences over the product characteristics

space);

1This assumption will be somewhat relaxed later on to allow an exogenous inflow of consumers into the market.
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[A2] εijt terms are independent across individuals and time periods and are drawn from the

generalized extreme value (GEV) distribution with the cumulative joint distribution function given

by

Fε(ε, ..., εJt) = exp(−G(e−ε1 , ..., e−εJt )), (3.2)

where the function G(x1, ..., xJ) = G(x) satisfies the following properties:

(i) G(x) ≥ 0 ∀x ∈ RJ ;

(ii) G(x) is homogenous of degree one in x;

(iii) limxj→∞G(x1, ..., xJ) = ∞ ∀j = 1, ..., J ;

(iv) for any distinct sequence (j1, ..., jk), ∂kG/∂xj1 ...∂xjk ≥ 0 if k is odd and ≤ 0 if k is even2.

If G(x1, ..., xJ) =
∑

j xj , then in a static framework assumptions A1 and A2 generate a

well-known multinomial logit demand system (see McFadden (1973), Berry (1994), and Berry,

Levinsohn, and Pakes (1995)). The GEV assumption also accommodates the nested logit model

developed in McFadden (1981). Given assumption A1, it is convenient to decompose (3.1) as

ujt = δjt + εjt, where δjt is the mean utility level associated with choosing product j3.

Consumer problem. The consumer learns realizations of his idiosyncratic preferences at the

beginning of each time period. Consumer decision problem is a two stage process. First, based on

the realizations of εijt’s, the consumer chooses the product j∗t that maximizes (3.1) from among

Jt. Second, the consumer decides whether to buy this product or to postpone his purchase until

the next period. The latter decision generates an optimal stopping problem on the consumer’s

side. Denoting the time period in which consumer decides to buy a product by τ , the consumer’s

optimization problem can be written as

J(It) = max
τ

[

τ−1
∑

k=t

βk−tc + βτ−tEt max
j∈Jτ

ujτ

]

(3.3)

where β ∈ [0, 1) is a common discount factor and Et [·] = E [· | It] denotes a conditional expectation

given the information set It available to the consumer at time t.

To cast (3.3) in a standard dynamic programming framework, we need to define a distribution

of maxj∈Jt ujτ and to specify an information set available to consumer at time t. To this end, let

vt = max
j∈Jt

ujt. (3.4)

2See McFadden (1978) for an extensive discussion.
3For the logit model it is easy to verify that ujt is distributed type I extreme value with the mode of δjt. The mean
utility from choosing product j across the population is given by δjt + γ, where γ is the Euler’s constant.
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The distribution of vt is characterized by the following proposition.

Proposition 1. Under assumption A2, vt is distributed type I extreme value with the cumu-

lative distribution and density functions given by

Fv(u; rt) = exp(−e−(u−rt)); (3.5)

fv(u; rt) = ert exp(−e−(u−rt) − u) = e−(u−rt)Fv(u; rt),

where rt is the mode of the distribution given by

rt = ln G(exp(δ1t, ... , δJt,t)) = ln Rt. (3.6)

Proof. See Appendix A.

In other words, rt is a scalar-valued sufficient statistic for the distribution of future payoffs.

Given equations (3.4)-(3.6), the recursive formulation for the consumer decision problem (3.3)

is

J(vt, It) = max {vt, c + βEtJ(vt+1, It+1)} , (3.7)

where vt is drawn from (3.5).

Industry Evolution. From Proposition 1, although the expectation in (3.7) should be taken over

the changing set of products, attributes, and prices, the distribution of the maximum utility that

can be obtained from participating in the market is completely characterized by a scalar parameter

rt, the mode of the extreme value distribution. rt effectively serves as an index of the consumption

value of the market as a whole. Given that It is a common knowledge, assumption A1 ensures that

all consumers have identical expectations on the future distribution of rt.

Given the dimensionality of the product characteristic space and the number of competing

products, for a typical market it is computationally infeasible to model the process generating rt’s

directly. We assume, therefore, that this process can be adequately described by a reduced set

of state variables describing the state of the market at time t. Using an approach taken in most

stochastic growth models, we assume that the evolution of the mean utility level can be characterized

by a homogenous Markov process with the transition density Φ(rt+1 | rt, θr). Correspondingly, Et

is the conditional expectation operator generated by Φ.

Postulating a functional form for the transition density Φ(rt+1 | rt, θr) completes specification

of the problem. Below we assume that rt follows a diffusion process

rt+1 = µ(rt) + σ(rt)νt+1, (3.8)

where νt are i.i.d. standard normals and functions µ(r) and σ(r) satisfy the following:
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Model Diffusion Type Functional Form
stochastic linear growth random walk with drift rt+1 = rt + γ + σν, γ ≥ 0
mean-reverting process stable AR(1) process rt+1 = f + αrt + σν, |α| < 1
bounded returns to generalized Wright-Fisher rt+1 = rγ

t a1−γ + σ(rt)ν,
technological progress 0 < γ < 1, limr→a σ(r) = 0

Table 3.1: Admissible Functional Forms for the Quality Generating Process

[F1] µ(r) and σ(r) are continuous and almost everywhere differentiable;

[F2] 0 < σ(r) < ∞∀r ∈ <;

[F3] rt is a weak submartingale: µ(rt) ≥ rt;

[F4] limn→∞ βnµn(r) < ∞ where 0 ≤ β < 1, µ0(r) = µ(r) and µn(r) = µ(µn−1(r)).

Alternative specifications for the quality-generating process rt are discussed in the extensions

section. Notice, however, that the functional form (3.8) is quite flexible and encompasses many

specifications used in the literature on economic growth and technological change. Table 3.1 lists

several growth models compatible with the formulation (3.8).

Bellman Equation and Policy Function. Under the above assumptions, we can rewrite (3.7) as

J(vt, rt) = max {vt, c + βE [J(ṽt+1, r̃t+1) | rt]} , (3.9)

where vt is distributed extreme value with the mode of rt.

(3.9) is a standard optimal stopping problem, similar to the classic job search model of Stigler

(1961) and McCall (1970). From the optimal stopping theory (Stokey and Lucas (1989), Bertsekas

(1995)), a general solution to this class of problems is given by a subset of state space where it

is optimal to stop. In our case, the stopping set is given by S = {(v, r) | v ≥ c + βE [J(·) | r]}.

Clearly, J(·) is increasing in its first argument. From (3.5), the distribution of v is stochastically

increasing in r. By assumptions F1 and F3, rt+1 is monotone and stochastically non-decreasing in

rt. Assumption F4 ensures that the second term inside the brackets in (3.9) is bounded away from

infinity for any rt
4. It follows that:

(i) J(v, r) is monotone and (weakly) increasing in both arguments;

(ii) E [J(·) | r] is monotone and non-decreasing in r;

(iii) the stopping set S = {v | v ≥ W (r)}, where W (r) is the reservation utility level defined

by

4Notice that it does not imply that J(·) is bounded; it suffices to require that expected future returns do not grow
faster than geometric series with modulus β−1.
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W (rt) = c + βE [J(ṽt+1, r̃t+1) | rt] . (3.10)

Due to the structure of the optimal policy,

J(v, r) =







v if v ≥ W (r)

W (r) otherwise
.

Thus, the reservation utility level must satisfy the functional equation

W (r) = c + β
∫ ∞

−∞

∫ ∞

−∞
max(v, W (s)) dF (v | s)dΦ(s | r), (3.11)

where

F (v | s) = exp(− exp(−(v − s))),

dΦ(s | r) = φ
(

s− µ(r)
σ(r)

)

dr,

and φ(·) is the standard normal density.

3.2 Sales Dynamics and Aggregation

We now consider the dynamics of sales generated by the model.

Demand Structure. The consumer will buy some product at time t if and only if vt > W (rt),

hence, the probability of postponing the purchase until the next period π0t implied by the model

is simply Fv(W (rt), rt) :

π0t(rt) = P{Si,t+1 = 0 |Sit = 0, rt} = exp(− exp(−(W (rt)− rt))). (3.12)

The complement to the search probability π0t, h(rt) = 1 − π0t(rt), defines the individual hazard

rate of the product adoption. Product-specific purchase probabilities are determined by

πjt(rt, ·) = P{ujt ≥ ukt ∀k 6= j; ujt ≥ W (rt)}

= P{ujt ≥ W (rt) | ujt ≥ ukt ∀k 6= j} P{ujt ≥ ukt ∀k 6= j}

= P{vt ≥ W (rt)} P{ujt ≥ ukt ∀k 6= j}

= h(rt)
exp(δjt)Gj(eδj1 , ... , eδJt,t)

G(eδj1 , ... , eδJt,t)
= h(rt)

exp(δjt)Gj(·)
Rt

, (3.13)

where the last line follows from the functional form for unconditional choice probabilities in the

GEV model (see McFadden (1981)), and Gj(·) denotes the partial derivative of G(·) with respect

to j− th argument (for instance, in the multinomial logit model Gj(·) = 1 ∀j).
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Hazard rate. From (3.13), the consumer’s reservation utility level only affects his individual

choice probabilities through the hazard rate h(rt). From (3.12) the hazard rate is a monotone

transformation of Y (rt) = W (rt)−rt. Thus, it is convenient to derive an explicit functional equation

for Y (rt). From Proposition I, vt
d= rt + ε, where ε is a zero mode extreme value deviate. Using

this property, one can rewrite (3.10) as

W (rt) = c + βE[max(rt+1 + ε, W (rt+1)) | rt] (3.14)

= c + βE[rt+1 + max(ε, W (rt+1)− rt+1) | rt],

Subtracting rt from both sides of (3.14) yields

Y (rt) = c + βE[rt+1 | rt]− rt + βE [max(ε, Y (rt+1)) | rt] . (3.15)

Letting M(z) = E max(z, ε) and utilizing the postulated functional form (3.8) for the law of motion

of rt produces

Y (r) = c + βµ(r)− r + β
∫ +∞

−∞
M(Y (x))φ

(

x− µ(r)
σ(r)

)

dx. (3.16)

It is easy to show that under assumptions made above Y (r) is a monotone, decreasing function

of r. Numerically, Y (r) can be computed as a fixed point of the mapping (3.16). Notice that the

function M(z) does not depend on the state variable r and its computation can be factored out

from the value function iterations. Hence, each stage of the iterative procedure only requires a

computation of the one-dimensional integral.

With Y (r) at hand, the hazard rate h(r; c, β, θr) can be computed from (3.12). The properties

of the hazard rate function are illustrated on Figure 1. For this example, rt is specified as a

homoscedastic random walk with drift, i.e. µ(r) = r + γ, σ(r) = σ. The probability of adoption

follows an S-shaped pattern familiar from the empirical marketing literature on the diffusion of

innovations (see Mahajan, Muller, and Bass (1990) for a review). At low levels of r, the value of

participating in the market is low relative to the outside alternative and the probability of adoption

is close to zero. As time goes by, the quality of the mean product on the market improves, thus

increasing the probability of the purchase. Since in this example the quality generating process is

unbounded, eventually the average quality rises to the level where the gain from waiting does not

justify its cost (as the quality growth is linear, but discounting is geometric). Therefore, once the

market quality exceeds a certain level, adoption is nearly immediate. Products’ diffusion in the

marketplace occurs while rt traces the interval in between these two extremes.

Model parameters affect the speed of the diffusion process. The discount factor, β, has the

most significant impact on the adoption rate. Patient consumers are more likely to postpone their
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Figure 3.1: Hazard Rate of Product Adoptions h(r; c, β, γ, σ).

purchase in anticipation of a higher value in the future. Higher variance, σ2, lowers the probability

of adoption since the option value of waiting increases with the market volatility. Higher drift has a

similar effect, but its impact on the time pattern of sales is ambiguous: the probability of adoption

at every given level of rt is lower, but rt itself grows faster. Finally, c essentially serves as a scaling

parameter, shifting the whole hazard rate function.

Aggregation. Integrating individual purchase probabilities (3.13) over the population distribu-

tion of (c, β) yields the aggregate dynamic demand system. For the sake of simplicity, I assume

that ci = c, βi = β ∀i5.

Recall that consumer i’s state at time t is Sit ∈ {0, 1}, where Sit = 0 if i does not own any

product at time t and Sit = 1 otherwise. From (3.12), the transition of consumer states is governed

by a Markov matrix H : {0, 1} −→ {0, 1} specified as

H1(rt) =





π0t(rt) h(rt)

0 1



 . (3.17)

Notice that the model can be readily extended to incorporate exogenous replacement decisions, that

is, the product ”breaks down” with an exogenous probability q in which case consumer i : Sit = 1

5In principle, it is straightforward to generalize the model to allow for heterogeneity in consumers’ dynamic param-
eters. Aggregate market shares can be obtained by numerical integration of individual consumer’s decisions. The
dificulty arises due to the fact that with heterogeneity, the distribution of consumers’ holdings is a function of their
types. It appears that the data set that I use in the empirical part of this paper is not rich enough to reliably identify
this function.
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returns to the market. For this case, the state transition matrix is

H2(rt) =





π0t(rt) h(rt)

q 1− q



 . (3.18)

Let µt = P{Sit = 0}, which will be referred below as the participation rate. Given µt, the

set of search probabilities π0t(rt), and the transition matrix H2, the participation rate evolves over

time according to the Kolmogorov-Chapman equation

µt+1 = µtπ0t(rt) + q(1− µt). (3.19)

Adjusting conditional choice probabilities (3.13) for the participation rate produces the following

equations for the market shares

st = µth(rt); (3.20)

sjt = µth(rt)
exp(δjt)Gj(·)

Rt
. (3.21)

Combining (3.19)-(3.21) and the definition of the hazard rate

h(rt) = 1− exp(− exp(−Y (rt))) (3.22)

generates a system of equations that describes the evolution of aggregate sales over time.

The above system of equations implies a hierarchical two-level aggregate demand system.

Borrowing the terminology from the almost ideal demand system literature (Deaton and Muellbauer

(1980), Hausman (1997)), the lower-level demand specification determines relative market shares

of individual products based on the differences in their quality. From (3.21),

ln sjt − ln st = δjt + ln Gj(·)− rt.

which is similar to the traditional discrete choice demand equation with the fixed time effects.

The upper-level demand equations (3.19), (3.20), and (3.22) are generated by the solution to the

consumers’ intertemporal optimization problem and describe the dynamics of aggregate industry-

wide sales.

3.3 Econometric Specification

In this section we outline the estimation of the model from the aggregate data.

We assume that econometrician observes the following:

Qjt, aggregate sales of product j in period t;
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Mt, total market size in period t (the parsimonious assumption in the empirical literature is

to identify Mt with the total number of households in a given period);

xj , vector of static product attributes;

yjt, vector of time varying choice-specific factors (which includes the average prices, pjt, and

potentially some other observable demand shifters).

Also, let Qt =
∑

j Qjt and define the absolute market shares sa
jt as Qjt/Mt, relative market

shares as sr
jt = Qjt/Qt, and the total ”industry share” st as Qt/Mt. Our task is to identify consumer

preferences, parameters of the transition density θr, value function parameters θv = (c, β), initial

participation rate µ0, and replacement probability q from a panel of observations on sjt, xj , and

yjt.

For simplicity, I will assume a fixed effects specification for the consumer utility function and

a logit error structure, i.e.

ujt = ξj + yjtb + εjt = δjt + εjt,

where εjt are i.i.d. extreme value deviates.

The model can be potentially estimated using Rust (1987) nested fixed point maximum like-

lihood algorithm. However, given the hierarchical nature of the demand system, it seems easier to

employ the following three-stage procedure.

First, we identify static parameters. Combining (3.21) with the logit assumption, the proba-

bility of buying a product j at time t is

πjt = µtht(rt; θr, θv)
eδjt

Rt
, (3.23)

where Rt =
∑

k eδkt , while the aggregate probability of making a purchase at time t is

πt = µtht(rt; θr, θv). (3.24)

Taking log of the ratio πjt and πt yields6

ln(πjt/πt) = δjt − rt = ξj + yjtb− rt, (3.25)

Replacing the odds ratio πjt/πt by its sample analog sr
jt, b, ξj ,and rt can be estimated from (3.25)

by OLS up to a single fixed effect. I take OLS estimates of the time effects, r̂t, as the estimates of

the actual realizations of the quality-generating process.

6Alternatively, one can use
ln πjt − ln π1t = δjt − δ1t = (dj − d1) + (yjt − y1t)b,

which identifies consumer preferences up to a single fixed effect d1 and construct rt time series using its definition.
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Second, given the r̂t’s, θ̂r can be obtained from the postulated functional form of Φ(r̂t+1|r̂t; θr)

using maximum likelihood.

Finally, for identification of dynamic parameters, we turn to the aggregate data. Given θv and

θ̂r from the second stage, the value function (3.16) and implied search probabilities π0t(r̂t; θ̂r, θv)

can be computed from (3.12). Denote the number of consumers who are shopping for a new product

by Nt =
∑Mt

i (1 − Sit) = Mtµt. Given θv, q, and Nt, the expected level of aggregate sales Q̂t is

given by

Q̂t(θv, q, Nt; r̂t, θ̂r) = Nth(r̂t; θ̂r, θv).

From the Kolmogorov-Chapman equation (3.19)

Nt+1 = Ntπ0t(r̂t; θ̂r, θv) + q(Mt −Nt) + (Mt+1 −Mt),

where the first term gives the number of consumers who have chosen to continue searching in the

previous period, the second term is the replacement demand inflow, and the last term accounts

for exogenous change in the market size. Combining two equations above, remaining parameters

θd = {θv, q, µ0} can be found by fitting predicted sales to the data with the moment condition

Q̂t( r̂t; θd, θ̂r) = Qt. (3.26)

4 Monte Carlo Experiments

In this section we perform a set of Monte-Carlo experiments to illustrate the applicability of the

method.

As was shown above, demand in a given period nontrivially depends on consumer expectations

of the future mean product quality. Correspondingly, correct specification of the quality generating

process is important. Unfortunately, for a realistic market it is unlikely that any specification of

the industry dynamics will lead to an analytical form for the density Φ(rt+1|rt). Hence, we would

like to check the robustness of estimates to specification errors.

The simplest (and perhaps most intuitive) specification for the quality generating process rt is

the stochastic linear growth model which assumes that rt follows a random walk with drift:

rt+1 = rt + γ + σrνt+1, (4.1)

where νt+1 ∼ N(0, 1). A prime example of such a growth is ”Moore’s law” for microprocessor

industry, an empirically stable relationship showing that the capacity (and, consequently, speed)
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of computer microchips doubles roughly every 18 months7.

As a benchmark, consider the following highly stylized model of the Moore’s Law industry

where the quality generating process abides by the linear stochastic growth model (4.1) almost

exactly. Products have two characteristics, the fixed effect ξj and the composite price-adjusted

quality index Xjt. The number of products does not change over time (Jt = J). Xjt (exogenously)

obeys Moore’s law and evolves as

Xj,t+1 = (1 + l)Xjteνjt ,

where l is the growth rate and νjt ∼ N(0, σ2
x). Consumers have a diminishing marginal utility of

quality specified as

ujt = ξj + αxjt + εjt, (4.2)

where xjt = ln Xjt and εjt is the i.i.d. logit error term. Correspondingly, xjt follows a random

walk:

xj,t+1 = xj,t + l + νj,t+1. (4.3)

Market size is equal to Mt = M and is observed by the econometrician, so the expected sales level

of product j is Qjt = Mπjt. Our goal is to recover ξj , α, and dynamic parameters (l, σ, c, β, q) from

the panel of observations on Qjt and xjt.

First, we need to translate (4.2) and (4.3) into model primitives. The state of the industry at

time t is given by rt = lnRt, where Rt =
∑

j exp(ξj + αxjt). If random shocks to product quality

levels were identical across products (i.e. νj,t = νt), the model would abide by (4.1) exactly as

Rt+1 =
∑

j

exp(ξj + αxj,t+1) =
∑

j

exp(ξj + α(xjt + l + νt+1)) (4.4)

= exp(αl + ανt+1) Rt.

Unfortunately, in this case the model would not be identified since quality differentials between

products (and, accordingly, relative market shares) would not change over time. If shocks to the

product quality are independent across the products, observed relative market shares would change

over time, but the quality generating process would not have an exact analytical representation,

7In 1965, future Intel’s co-founder Gordon Moore has noticed that the the number of transistors per square inch on
integrated circuits had doubled every year since they were invented and predicted that this trend would continue for
the foreseeable future. This rate of increase, which later became known as Moore’s Law, is possibly the best known
stylized fact about the computer industry. Industry experts expect that Moore’s law will continue to hold for at
least another decade. Similar relationships were documented in manufacturing of computer memory and hard disk
drives, telecommunications, consumer electronics, and other high-tech industries.

16



as the sum of lognormals does not have an explicit functional form. The best that can be said (as

easy to verify) is that

E [Rt+1 |Rt] = exp(αl + α2σ2
x/2)Rt; (4.5)

V ar[Rt+1|Rt] ≤ exp(2αl + α2σ2
x) (exp(α2σ2

x)− 1)R2
t .

To justify using representation in (4.1) as an approximation, one could appeal either to the large

sample distribution theory or to numerical arguments. Appendix B shows that in a large sample

(J and T jointly converge to infinity) αl + α2σ2
x/2 is a consistent estimator for E[ln Rt+1 − ln Rt].

In a finite sample, if l and σ2
x are small (close to zero, which is to be expected in the high frequency

data), (4.1) is reasonably accurate due to the approximate linearity of the exponential function

near zero.

The simulated data set for Monte Carlo experiments below was generated as follows. The

number of products was set at J = 3. Fixed effects were generated as independent draws from

N(0, σ2
ξ ). Consumers’ preference parameter α and dynamic parameters (l, σx, c, β, q) were calibrated

and an implied hazard rate function h(rt; ·) was computed. Initial values for xjt were obtained

as independent draws from N(mx, σ2
x). In principle, the choice of mx is arbitrary. However, an

”ideal” data set would trace the evolution of the industry from its inception until maturity. From

Section 3.2, the linear growth rate model (4.1) has somewhat extreme predictions concerning the

relationship between the level of rt and the hazard rate of product adoptions. Specifically, within

given tolerance levels (ε, δ) the industry exhibits nontrivial dynamics on the compact subset of the

state space [rmin, rmax] defined by h(rmin) = ε, h(rmax) = 1 − δ. Thus, we want the industry to

initiate at r0 near rmin. Given the postulated distribution for ξ and x0, Er0 =
∑

j exp(ξj +αxj0) =

J exp(αmx + (σ2
ξ + α2σ2

x)). I choose mx that solves Er0 = rmin.

Given the set of initial values and calibrated model parameters, the evolution of individual

product characteristics xjt and consumers’ demand Qjt was simulated for T = 200 periods in

accordance with (4.3) and (3.19)-(3.22), correspondingly. Since precise aggregate data will rarely

be available to the econometrician, as they are commonly derived by extrapolating measurement

results for a subsample of the market, I also subject the simulated data to the heteroscedastic

measurement error specified as Qjt = Q∗
jt exp(ωjt), where ωjt ∼ N(0, σ2

m).

After obtaining the simulated panel of observations on (Qjt, xjt), model parameters can be

recovered by applying the algorithm described in the previous section. Estimation results are

reported in Table 4.1. Preference parameter estimates are contrasted with the static logit model

ln Qjt − ln Q0t = ξj + αxjt + εjt, (4.6)
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Parameter True Value Logit Full Model
estimate std.err. estimate std.err.

Static Parameters
ξ1 (fixed effects) 1.3802 -14.3611 0.0874 . .
ξ2 1.6651 -13.5349 0.0871 . .
ξ3 4.1457 -2.5378 0.1039 . .
ξ1 − ξ3 -2.7654 -11. 8233 0.1358 -2.8072 0.0387
ξ2 − ξ3 -2.4806 -10. 9971 0.1356 -2.5087 0.0365
α (preference on quality) 1.0000 -0.0590 0.0077 0.9963 0.0044
R2 0.947 0.998
Dynamic Parameters (full model)
γ (rt drift, αl + α2σ2

x/2) 0.1312 . . 0.1258 0.0191
σ2

r (rt variance) 0.0625 . . 0.0727 0.0073
Starting Value: Near θ0 Random
β (discount factor) 0.9000 0.8901 0.0352 0.8699 0.0645
q (replacement probability) 0.0500 0.0507 0.0012 0.0507 0.0015
c (outside good payoff) 0.0000 -0.0086 0.0530 -0.0085 0.0322
µ0 (participation rate at t = 0) 0.9500 0.8836 . 0.8934 .

Table 4.1: Monte Carlo Parameter estimates

which obtains after normalizing utility of the outside good to zero (see Berry (1994) for an excellent

discussion).

The first part of Table 4.1 reports estimates of the static preference parameters. Notice that the

static logit model potentially identifies all fixed effects (since it normalizes utility of the unobserved

outside good consumption), while (3.19)-(3.22) requires normalizing one of the fixed effects to

zero. The static logit correctly estimates that ξ1 < ξ2 < ξ3, but apart from ranking alternatives

it performs poorly. The preference parameter α is badly underestimated and its sign is reversed.

Essentially, the logit model attributes all the variance in observed market shares to differences

in fixed effects, missing the market dynamics. In contrast, first stage estimates from (3.25) are

sharp and close to true parameter values. This is hardly surprising: in the dynamic model, relative

market shares and total industry sales could be stable while the quality of all products steadily

improves over time. But given any positive value of α, the static logit must predict that eventually

the share of the outside good should converge to zero. Since this does not happen in the panel, the

logit explains the data by driving the consumer taste for quality towards zero.

After obtaining static parameters, estimates of rt realizations can be computed up to a con-

stant. Figure 4.1 compares true realizations of rt in the simulated data and their estimates r̂t.

Since the dynamic model correctly identified preference parameters, it is not surprising that r̂t

tracks realizations of the quality generating process rather well. The difference in levels of rt and

r̂t is due to the omitted fixed effect. For the above data, T−1 ∑

(r̂t − rt) = 4.1727 (standard error
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Figure 4.1: Simulated quality generating process rt: realizations vs. estimates

0.0842), while the true value of ξ3 is 4.1457. This shift does not affect the estimates of transition

density parameters, since they are defined over differences in rt+1 and rt. The estimates of rt

drift γ and variance σ2
r are reported in 4.1. Projection of the model primitives α, l and σ2

x onto

γ and σ2
r poses some difficulties as was described above. From Appendix B, as J → ∞, plim

T−1 ∑

(rt+1 − rt) = γ = αl+ α2σ2
x/2 but in a finite sample this is a biased estimate of the process

drift. For variance, I can only derive an upper bound for σ2
r . Correspondingly, ”true values” for γ

and σ2
r were obtained by bootstrapping rt process with fixed values for x0, ξ, and (l, σ2

x).

The bottom line of Table 4.1 reports third stage estimates of remaining dynamic parameters

obtained by applying a Nelder-Meade optimization routine for minimizing the norm of (3.26). To

check whether the GMM objective function is numerically well-conditioned, two sets of estimates

are reported. The first set of estimates is obtained by initiating the minimization procedure in

the vicinity of true values. For the second set, starting values were generated at random. Both

minimizations were performed using identical convergence tolerance levels. Both sets of estimates

are close to each other and to true parameter values, which suggests that the estimator is numerically

well behaved. The only troublesome parameter is the initial participation rate µ0. Recall that 1−µt

denotes the fraction of consumers who bought the product in the past. As such, µt is an integrated

process whose depence on µ0 diminishes with time, until we arrive to the stationary distribution

(towards the tail of the simulated data), which, by definition, does not depend on µ0 at all. Thus,

regardless of the length of time series, very few observations carry the information that helps to

19



0

10

20

30

40

50

60

70

80

90

0 50 100 150 200
t

Q
(t)

Aggregate Sales

Fitted Values

Figure 4.2: Simulated industry sales Qt: realizations vs. fitted values

identify µ0. By the same token, however, the estimates for remaining parameters should not be

strongly affected by the error in µ0, which is indeed what we find. As an alternative to optimizing

over µ0, the estimates reported in Table 4.1 were obtained by choosing the level of µ0 which fits

the first observation exactly given the vector of other parameters.

As an overall measure of the model fit, figure 4.2 compares simulated total industry sales Qt

with their fitted values.

5 An Empirical Example: The U.S. Computer Printers Market

In this section we estimate the model described above using the data on the U.S. computer printer

market. Section 5.1 provides a brief description of the market and analyzes relevant industry trends.

Section 5.2 describes the data and gives descriptive statistics. Section 5.3 reports the estimates and

contrasts their implications with these of the static model.

5.1 The Industry

Description. The U.S. computer printer industry comprises a large segment of the overall computer

market and may serve as a good example of the fast technical change typical for computer industry

as a whole. In 1998, more than 14 millions general purpose personal computer (PC) printers were
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sold. The industry generated $4.5 billion in sales of new PC printers alone8 and accounted for 21%

of total retail sales of computer products and accessories, trailing only desktop systems sales. With

the advent of the inexpensive ink jet technology and following the general growth of PC sales, the

industry expanded dramatically. During the last five years, the estimated annual unit sales growth

rate was at 12%9.

Product Differntiation. PC printers are differentiated in multiple dimensions. Qualitatively,

the most visible source of printer differentiation is the technology they are based upon. Two main

types of PC printers are inkjets and lasers. Inkjet printers, the dominant type, generate images

by spraying an ultrafine pattern of ink dots on the paper. In recent years, virtually all inkjets

available on the marketplace support color printing. Different hues are obtained by combining

cyan, magenta, and yellow inks from what is often termed a CMY cartridge, for the three basic

colors. All inkjets can use a separate black cartridge for black-and-white printing, but only so-called

CMYK models (K for black) hold both color and black cartridges at the same time. Some inkjets

include even more inks for handling complex graphic images and color photographs. Laser printers

form an image by transferring toner (powdered ink) to paper as it passes over a photoconductor

drum10. Although the average price of color lasers has fallen tremendously over the past few years,

they remain too expensive for the mass market, so laser printers aimed at home use are strictly

black-and-white.

For monochrome images, as a rule, lasers outperform inkjets in terms of both printing speed

and quality. However, the performance gap between two competing technologies has narrowed.

This is due in part to advances in the computer technology. Since the laser technology requires

forming an image of the whole page before it can be transferred to paper, most laser printers supply

their own on-board microprocessor and memory to process the data. Inkjets, on the other hand,

print text line-by-line and usually utilize their host computer resources to handle the data stream.

Hence, inkjet performance improves as computers themselves become more powerful. Other factors

contributing to the inkjet speed are chemical advances in fast-drying inks and better interfaces for

moving data rapidly from PC to the printer.

There is also a small but stable market for older impact technology. Impact printers produce

8Sales of replacement components, such as ink cartridges, laser toners, refill kits, trays and feeders, account for
another major source of revenue for printer manufacturers. It also should be noted that a significant amount of
printer products are not targeted towards the retail sector. In particular, sizeable revenues are generated by sales of
special-purpose products, such as point-of-sale and label printers.

9Sources: PC Data Hardware Monthly Report described below, Windows (June 1999), Consumer Reports (March
1998, March 1999).

10A variation of this method is Okidata’s proprietary LED technology, which uses an array of light-emitting diodes
(LED) instead of the laser beam to form an image on the drum.
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characters and graphics by striking an appropriately shaped combination of pins (dot matrix) or

hammers (line printers) against an ink ribbon. Impact printers are not well suited for printing

graphics and their resolution is low, but they can be faster than lasers and inkjets for tasks that

do not require high quality output11. Their other unique feature is the possibility of producing

several copies of the document simultaneously. Accordingly, retail models of impact printers are

positioned to attract home business users for tasks such as printing forms, labels, and invoices12.

Another source of printer differentiation is their functionality. From a purely engineering per-

spective, printers have many common components with other office equipment. Starting in mid-90s,

several manufacturers have realized this fact and started to offer integrated multifunction devices

(MFD). A representative MFD combines a printer, scanner, copier, and possibly fax machine under

the same cover. MFDs were initially heralded as ”the consumer device for the nineties” but their

acceptance has proven to be lukewarm. Partially this may be attributed to the widespread opin-

ion that MFDs achieve their functionality by sacrificing performance of individual components13.

But perhaps the main factor preventing MFDs from gaining the market share was the increasing

reliance on computers for electronic data transfer, reducing demand for more traditional means of

information exchange.

Finally, there is clear separation between personal and workgroup printers. The latter are

targeted towards the small office/home office (SOHO) users and typically include the network

interface card (NIC) for sharing the printer between several linked computers. Workgroup models

are designed for heavy printing volume and are much faster than personal printers, but bear a

significantly higher price tag. It appears that as inexpensive inkjet printers improve in speed

and quality, laser printer manufacturers attempt to differentiate their products by including more

workgroup printers and MFDs in their product lines.

Stylized Industry Facts. The industry is highly concentrated. Table 5.1 reports retail market

shares of leading manufacturers. Hewlett-Packard (HP) is an undisputable industry leader, con-

trolling nearly half of the market. 4-firms concentration ratio is 91%. HP is a dominant firm across

the board, offering a complete product line from portable inkjets to powerful color lasers. Other

manufacturers tend to specialize. Canon and Epson14 aggressively compete against HP in the inkjet

11Some ”industrial-strength” line printers offer print speed up to 100 pages per minute.
12Few models use the thermal transfer technology, similar to the one used in fax machines. Thermal transfer models

are comparable to impact printers in terms of the output quality, but they have none of their advantages. This
technology seems to disappear from the market.

13One reviewer has sarcastically suggested to integrate MFDs with a coffeemaker so that the waiting for a printed
page would be less painful.

14Epson historically is a leading supplier of impact printers, but, as was mentioned earlier, significance of this market
has declined in last few years. Epson also has a dominant position on the market for point-of-sale printers chiefly
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Manufacturer Unit Share Dollar Share
Hewlett-Packard 49.94% 62.07%
Epson 18.19% 12.90%
Canon 15.54% 11.45%
Lexmark 7.81% 4.63%
Total 91.48% 91.05%

Table 5.1: Market Shares of Leading Manufacturers

sector. On a market for personal laser printers, HP is close to a monopoly status, although even

in this segment it has some competition from Lexmark and Okidata. Brother is particularly active

on the market for MFDs. Nevertheless, all leading manufacturers have extensive product lines

which include dozens of models with comprehensive option packages, which suggests that product

differentiation plays an important role in the printer market.

5.2 The Data

Sources and Description. The data set used in this paper comes primarily from Hardware Monthly

Report electronically distributed by PC Data, Inc., a leading marketing research agency in the

field of computer software and hardware15. PC Data collects point-of-sale, scan-code level data on

(essentially) all computer products and accessories sold in the U.S. through major retailers, mail

order firms, and e-commerce sites (CompUSA, Best Buy, Circuit City, OfficeMax, CDW, eBay,

etc.). My subset of this database contains monthly data on sales and average prices of computer

printers and multifunction devices. The sample covers 14 months from January 1998 until February

1999. PC Data estimates their market coverage at 55%.

This panel is supplemented by the data on the static product attributes compiled by the au-

thor from several sources, primarily from CNET (http://computers.cnet.com), CompUSA (http://-

compusanet.com), and manufacturer’s on-line documentation. Product characteristics for which we

have data include technology type and various measures of product performance, such as speed,

printing quality, paper handling capabilities, and size. Exact definitions of printer attributes used

in our analysis are given in Table 5.2.

The original PC Data sample included sales data on more than 800 printer models. Products

with extremely low sale volumes that were found to be discontinued before January 1998, models

not generally available through retail channels, printers incompatible with PC or Apple, demo and

based on the impact technology.
15This data set was graciously made available to us by Mark Bates of PC Data.
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Variablea Definition Avail.
Printer Class Dummies: equal to one if

bLaser Laser/LED (light emitting diodes) printer (L) all
bInkJet Inkjet/micro-dry printer (J) all
bImpact Impact (dot matrix) printer (I) all
bTT Thermal transfer (only used in multifunction devices) (T) all
bColor Color printer (C) all
bMF Multifunction device (MF) all

Performance Measures
nSpeedBW Maximum speed in black and white mode, pages per minute (ppm)b all
nRAM Memory buffer size, Kb all-12
nCPU On-board CPU speed, mHz L
nFonts Number of resident fonts L, I
bPS Supports Adobe PostScript language all
bUSB Universal Serial Bus (USB) interface all
bSCSI Small Computer System Interface (SCSI) all

Printing Quality Measures
nResBW Maximum resolution in black and white mode, all

in dots per inch (dpi);
√

DpiX ∗DpiY
nColors Number of colors used to generate an image all

Paper Handling Measures
nPHC Paper handling capacity, in pages L, I, T
bA3 Supports printing on A3 paper size all
bA2plus Supports printing on A2 paper size and above all
bDuplex Supports duplex (double-sided) printing all

Miscellaneous
nFootPrt Footprint, width×depth, sq.in. all
bPort Portable printer all
bNIC Network Interface Card (usually Ethernet) included all
nExtras 1+sum of the following dummies: scanner, color scanner, all

copier, color copier, fax, color fax, PC fax, message center
bRefurb Refurbished and factory-serviced models all
Notes:
aGeneral convention for naming variables used throughout this section is that dummy
(boolean) variables start with the prefix b, continuous varibles - with the prefix n, vari-
ables transformed to logs - with the prefix l.
bFor impact printers, this variable was constructed from the characters per second statistic
assuming 4000 characters per page.

Table 5.2: Definitions of Printer Characteristics
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pilot models were eliminated from the sample. Models differing only in minor characteristics (body

color, bundled software available for free elsewhere, etc.) were aggregated. As a result, our final

sample contains data on 462 models from 27 manufacturers. High rates of technological innovation

and product obsolescence in the industry translate into high rates of product entry and exit. Thus,

the panel is unbalanced; treating each month/model pair as a single observation, the total sample

size is 4344.

The sample identifies the product by its stock-keeping unit (SKU) code. In general, products

are assigned distinct SKU codes if they differ in at least one (potentially) observable characteristic.

Thus, the products in our sample are ”transaction” models rather than ”base” models, i.e. the

printers with different option packages were considered to be distinct products. Using SKU-level

data is clearly advantageous to the more common practice of identifying the product with the base

model since, particularly for upscale lasers, the cost of included options may well exceed the price

of the base model.

Extensive as it is, the PC Data set does have certain limitations. First, it covers only retail

sales. Institutional purchases and direct merchandising are not included in the sample. Since I

only model consumer-level demand, this should not create a problem for demand side estimates,

but it might lead to an incomplete picture of the overall industry dynamics. Second, on the retail

level printers are sometimes bundled with new computer system packages. There is some limited

evidence which seems to indicate that this practice is not too common. Original PC Data sample

also had the information on retail sales of computer systems which included the list of bundled

components. According to these data, only about 8% of new computer systems come bundled with

a printer. In any case, it seems reasonable to think that the purchase of a bundled system is chiefly

determined by consumers’ preferences for a personal computer, and in this sense bundled printer

sales must constitute a separate market.

To check the accuracy of the data, I have matched total 1998 sales with the aggregate annual

statistics from independent sources. For inkjets, the PC Data figures agreed with the aggregate

data within 5-7%, which suggests that most of inkjet sales in fact occur on the retail level. On

the other side, lasers appear to be undersampled in the data. This is to be expected, since many

high performance lasers are targeted towards business and insitutional users. Modeling institutional

demand is beyond the scope of this paper, but I should stress that any references to ”market shares”

below should be interpreted as retail market shares, especially for lasers. I have also checked selected

price series against the data from PriceSCAN.com, which agreed well.

Descriptive Statistics. Tables 5.3 and 5.4 provide some descriptive statistics on the industry
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No. of models Qt, Market Shares Average Prices, $
Time all entrya exit mil. Laser Jet MF All Laser Jet MF
98.1 244 . . 1.127 0.127 0.836 0.107 335 747 272 436
98.2 248 11 0 1.158 0.115 0.853 0.104 326 752 268 434
98.3 265 21 2 1.287 0.116 0.851 0.105 326 750 267 429
98.4 279 22 5 0.965 0.134 0.828 0.114 337 769 267 439
98.5 292 19 3 0.809 0.145 0.816 0.124 349 800 269 438
98.6 304 13 5 0.984 0.151 0.813 0.108 339 794 255 463
98.7 310 20 10 0.877 0.142 0.815 0.110 331 805 248 432
98.8 326 25 5 1.155 0.115 0.852 0.103 303 793 235 428
98.9 340 12 6 1.453 0.116 0.854 0.096 294 786 226 414
98.10 342 22 14 1.057 0.120 0.847 0.120 304 788 234 393
98.11 344 13 13 1.355 0.092 0.884 0.087 265 767 212 408
98.12 349 19 13 2.092 0.077 0.906 0.076 266 834 216 404
99.1 353 12 14 1.371 0.109 0.865 0.091 283 788 218 402
99.2 348 9 24 1.372 0.111 0.863 0.091 282 799 215 404
All 462 218 114 17.062 0.119 0.849 0.103 310 784 243 423
Notes:
aI define entry in period t as

∑t−1
k=1 Qjt = 0 and Qjt > 0; similarly exit in period t is defined

by Qj,t−1 > 0 and
∑T

k=t Qjt = 0. Therefore, Jt need not equal Jt−1 + nentry
t − nexit

t since
some products may have gaps in the sales record. Mostly such gaps are caused by extremely
low market shares for some ”exotic” products, but this is not necessarily the case. Indeed,
during the sample period one of the most popular Hewlett-Packard ink jets, HP720c was
dicontinued and then reintroduced several months later ”back by the popular demand”.

Table 5.3: Dynamics of Prices and Market Shares

dynamics. Table 5.3 traces the motion of aggregate prices and market shares over time. During

the sample period, printer sales were growing at the average monthly rate of 1.5%, although there

is a high degree of variation around this trend, perhaps due to the influence of seasonal factors. It

appears that ink jets are slowly gaining ground against the other technology types, but this trend is

statistically very weak. Multifunction devices occupy a relatively stable niche of the overall market.

From January 1998 to January 1999 the average sales-weighted price of a printer has fallen

by nearly 16%, although this downward price trend is far from homogenous for different printer

types. In fact, lasers became more expensive, by roughly 5%. The latter tendency may be partially

explained by the higher rates of quality improvement in the laser technology. However, the product-

level data seem to indicate that as cheap ink jets approach near-laser printing quality, laser printer

manufacturers try to differentiate their products by including more upscale, small business-targeted

models in their marketing mix. Ink jet prices have declined by more than 20%. Notably, the prices

for multifunction devices have also fallen despite the massive transition from thermal transfer

printing to laser and color ink jet technologies witnessed in 1998 by this sector.
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nSpeedBW nResBW nRAM nCPU nColors
Time All Laser Jet All Laser Jet All Laser Jet Laser Jet
98.1 5.84 9.14 5.43 638 720 641 606 2634 317 37.73 3.78
98.2 6.00 9.07 5.66 638 715 640 611 2720 344 37.05 3.81
98.3 6.01 9.04 5.68 632 713 635 615 2756 340 36.51 3.79
98.4 6.11 9.21 5.70 641 721 644 697 2906 362 38.04 3.75
98.5 6.13 9.41 5.65 648 731 651 749 3144 354 40.07 3.78
98.6 6.10 9.34 5.58 658 739 660 760 3213 333 40.35 3.78
98.7 6.09 9.57 5.59 660 750 665 770 3393 345 41.77 3.85
98.8 5.93 9.53 5.51 657 747 660 680 3440 325 41.40 3.83
98.9 5.86 9.70 5.41 667 754 669 694 3496 331 41.39 3.83
98.10 5.98 9.83 5.51 674 754 679 759 3725 360 42.70 3.82
98.11 5.76 10.02 5.36 675 744 678 692 4186 342 44.26 3.79
98.12 5.93 10.77 5.55 702 768 705 730 5262 356 50.19 3.85
99.1 6.22 10.54 5.73 691 753 696 943 5226 427 48.01 3.92
99.2 6.26 10.60 5.77 687 796 686 1059 5680 493 50.69 3.92
All 6.02 9.70 5.58 662 743 665 740 3699 359 42.15 3.82

Table 5.4: Technological Trends

Table 5.4 reports sales-weighted means for selected technical parameters reflecting printers

performance. All of them show clear upward trends. This trend is particularly pronounced for

the size of installed RAM, which have grown by 55% for ink jets and more than doubled for

lasers. Printers have noticably improved in terms of speed and resolution and have become more

”colorful”. Lasers still offer the best printing speed and quality, but the performance gap between

two competing technologies has narrowed. This can be seen better on Figure 5.1. The left two

graphs on Figure 5.1 project unit market shares on the subset of the product characteristics space

(speed and resolution) in January 1998 and January 1999. Two graphs on the right similarly

compare distributions of manufacturers’ revenues. In 1998, the consumer demand is concentrated

around two clusters roughly associated with lasers and inkjets. In 1999, these ”twin peaks” nearly

merged and the density drifted towards the northeast corner. It is also clear that in 1999, laser

printer manufacturers positioned more of their products in the northeast corner of the distribution,

perhaps in response to the inkjets’ assault.

The downward trend in prices becomes even more pronounced when we control for quality

changes. Table 5.5 reports results from the hedonic pricing regression for the whole sample (columns

2-3), black and white lasers (columns 4-5), and color ink jets (columns 6-7). For all three regressions,

the dependent variable is ln pjt. The empirical specification also includes time dummies, whose

values together with the confidence intervals are shown on the graph. With a single exception of

CPU speed, for which I expected a significant positive effect, all variables have the expected sign
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Figure 5.1: Market Shares and Revenues as Functions of Continuous Demand Characteristics

and are sharply estimated. Overall, differences in speed seem to be the main source of dispersion

in printers’ prices. Laser prices are also significantly influenced by the printer’s resolution, amount

of RAM, and paper handling capacity. For inkjets, resolution and the number of colors both

appear to be more important than speed, while RAM essentially has no effect on the price. Fast

interfaces (SCSI and USB), Postscript-compatibility, and network support features all have high

and significant impact on the printers’ price. Factory refurbished models sell at heavy discounts,

especially inkjets. Such a steep depreciation is typical for many computer products and probably

explains why there is little trade in secondary markets for SOHO computer equipment. It is also

interesting to note that Hewlett-Packard printers sell at a considerable premium with respect to

models from other manufacturers.

The bottom part of Table 5.5 plots fixed time effects for hedonic regressions. Remarkably,

within a year quality-adjusted prices have fallen by more than 30%16. For SOHO printer types,

16For the pooled regression, 30.5%±9.2% within 95% confidence interval assuming normally distributed disturbances
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this effect is even higher. For inkjets, prices have dropped by 32%, and for lasers - by nearly 40%.

Comparing these results with the descriptive price statistics, we see that for lasers this decline is

mainly due to an increase in quality attributes of comparably priced printers; for inkjets - due to

decline in nominal prices.

Considering the industry trends reported above, it seems natural to think that intertemporal

aspects of a consumer’s choice should play an important role in the demand evolution. We now

report estimates of demand parameters for the model in Section 3.

5.3 Empirical Results

The demand system for the full model is derived from the consumers’ optimization problem de-

scribed in Section 3. We make the following parametric specifications:

(i) for the static demand side, we adopt the logit model with unobservable random effects

described in detail in Berry (1994):

ujt = ξj + xjβ − αpjt + εjt,

where ξj is an unobserved random quality component of the product quality and εjt is the logit

error term;

(ii) the quality generating process follows a random walk with drift

rt+1 = rt + γ + σνt+1.

These functional forms are admittedly restrictive; more flexible specifications are discussed in

Section 6. The choice of functional forms was motivated mainly by data constraints and, to lesser

extent, by computational considerations. The stochastic linear growth specification is particularly

troublesome since, with positive drift, it implies that participating in the market will eventually be-

come infinitely more attractive to the consumer than the outside alternative. It seems natural that

the quality growth must eventually slow down and the difference between the value of the market

and the outside alternative must be bounded. Specifying rt process as bounded would require a

nonlinear functional form for µ(rt). However, in short time series we observe only a limited subset

of the state space over which this process appears to be approximately linear. Correspondingly, it

may be impossible to identify nonlinearities in the data generating process.

The above model requires the market size to be observed by the econometrician. We identify

the total market size with the number of U.S. households who own at least one computer. The data

and using an exact sample distribution formula.
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Pooled Lasers, B&W Inkjets, Color
Variable Est. Std.Err. Est. Std.Err. Est. Std.Err
lSpeedBW 0.3409 0.0179 0.2514 0.0293 ∗0.0356 0.0273
lRAM ∗-0.0083 0.0038 0.1503 0.0085 ∗-0.0092 0.0049
lCPU ∗-0.0289 0.0109 ∗0.0009 0.0086 . .
lFonts 0.0512 0.0105 -0.0415 0.0112 . .
bPS 0.5265 0.0355 0.2042 0.0278 1.6767 0.0810
bUSB 0.1933 0.0242 0.2380 0.0645 0.0640 0.0280
bSCSI 0.7559 0.0572 0.3071 0.0689 1.1777 0.1174
lResBW 0.0565 0.0235 0.1896 0.0174 0.3833 0.0266
lColors 0.3667 0.0328 . . 0.2408 0.0344
lPHC 0.0815 0.0139 0.2164 0.0194 0.0827 0.0209
bA3 0.4249 0.0302 0.2767 0.0324 0.4139 0.0655
bA2+ 0.5450 0.0595 . . -0.4494 0.0957
bDuplex 0.2898 0.0619 0.2503 0.0460 . .
lFootPrt 0.6032 0.0262 0.3919 0.0271 0.3567 0.0326
bPort 1.4815 0.0730 . . 1.0409 0.0767
bNIC 0.3734 0.0297 0.2529 0.0262 1.0092 0.0646
lExtras 0.2749 0.0169 0.2445 0.0305 0.3536 0.0186
bRefurb -0.6383 0.0350 -0.3062 0.0399 -0.8580 0.0418
bHP 0.3009 0.0287 0.1899 0.0279 0.5986 0.0438
bEpson -0.2882 0.0383 . . 0.2069 0.0587
bCanon -0.2885 0.0401 . . ∗-0.0171 0.0442
bLexmark 0.1300 0.0320 0.1392 0.0332 ∗-0.0945 0.0583
bBrother -0.2113 0.0475 -0.5881 0.0408 . .
bOkidata ∗0.0152 0.0383 ∗-0.0616 0.0369 . .
# Obs. 4344 1598 1582
R2 0.868 0.906 0.781
∗Not significant at the 95%level.
Fixed Time Effects:

-0.25

0

0.25

0.5

0.75

Jan-98 Apr- Jul-98 Oct-98 Jan-99

pooled lasers inkjets

Table 5.5: Hedonic Pricing Regression
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on computer ownership were obtained from 1998 Internet and Computer Use Supplement to the

Current Population Survey available from the Bureau of Labor Statistics. According to the survey,

in 1998 42.1% of U.S. households owned a computer, which translates into the average market size

of 42 million. Similar surveys were conducted in 1997 and 2000 (August). Unfortunately, these

data are only available on the annual basis. Since purchases of new computers may be an important

factor beyond the growth in printer sales, I convert annual data to monthly frequency assuming

the uniform growth rate in computer ownership. This translates into the montly market expansion

rate of approximately 0.5mln. households.

Table 5.6 reports static demand parameters. Most coefficients are precise and of the expected

sign. Speed, resolution, added functionality (lExtras), and CPU speed all have a strong and

significant effect on relative market shares. The strongly negative coefficient on the ”refurbished”

dummy shows that there is little demand for used equipment. There are also a few anomalies. The

coefficient on memory is negative albeit close to zero. I have argued above that an increase in the

host computer memory reduces the need for printers’ on-board RAM, so the estimate may reflect

this substitutability. I also expected to find a positive preference for portable printers, but perhaps

there is little demand for mobile printing.

Estimated manufacturers’ dummies show that brand names play an important role in struc-

turing demand. The estimates suggest that after controlling for observable quality differentials, a

representative consumer is more likely to purchase a model manufactured by one of the three lead-

ing vendors (HP, Canon, and Epson). Not surprisingly, Hewlett-Packard is viewed by consumers

as a quality leader, while Canon and Epson models are essentially close substitutes. In the pooled

regression, Okidata occupies the forth place despite its small market share, but this effect goes

away if we exclude impact printers from the sample. This is perhaps due to the fact that Okidata

(together with Epson) has a strong presence on the impact printers market.

The price dispersion in the sample is quite high (the least expensive model in the sample,

refurbished black and white Canon-30, had the lowest price of $40, while several color lasers have

the average price in the vicinity of $10,000). To allow for different price elasticities for different

price groups, a spline in price is used instead of nominal price. Spline cutoff points were initially

chosen at deciles of the price distribution. I than merged categories that resulted in nearly identical

elasticities. Using the price spline, as well as manufacturers’ fixed effects, also should alleviate the

potential endogeneity between the price and the unobservable component of product quality (see

Berry (1994) and Goldberg (1995) for different opinions on this subject). Berry (1994) argues that

price may be correlated with the latent product-specific quality and suggests instrumenting for price

to correct for resulting endogeneity. Since I do not have data on the product-level supply shifters,
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Pooled Excluding Impacts
Variable Est. Std.Err. Est. Std.Err.
lSpeedBW 0.1525 0.0599 0.1705 0.0680
lRAM -0.0474 0.0124 -0.0458 0.0143
lCPU 0.1199 0.0293 0.1305 0.0314
bPS ∗0.2244 0.1198 ∗0.2337 0.1321
bUSB 0.3065 0.0787 0.2200 0.0853
bSCSI ∗-0.2541 0.1873 ∗-0.2829 0.1988
lResBW 0.2814 0.0764 0.3233 0.0926
lColors 0.2439 0.1080 0.4069 0.1247
bA3 ∗-0.1870 0.1012 ∗0.0893 0.1274
bA2+ 0.6600 0.1949 0.6003 0.3025
bDuplex -0.4096 0.1988 ∗-0.2999 0.2112
lFootPrt ∗-0.0353 0.0869 ∗-0.1065 0.0976
bPort -0.7841 0.2389 -0.8212 0.2591
bNIC ∗-0.1093 0.0996 ∗-0.1182 0.1070
lExtras 0.3276 0.0555 0.3906 0.0593
bRefurb -2.5912 0.1180 -2.7121 0.1268
lPrice Spline:
pjt <$125 -0.7359 0.1686 -0.9042 0.2053
$125...$199 -0.5156 0.1442 -0.6745 0.1773
$200...$299 -0.4664 0.1326 -0.6295 0.1633
$300...$399 -0.5254 0.1266 -0.6817 0.1563
$400...$999 -0.6234 0.1181 -0.7709 0.1453
pjt ≥$1000 -0.7296 0.1068 -0.8890 0.1348
Manufacturers Dummies:
bHP 3.0924 0.0932 3.0972 0.1013
bEpson 2.0110 0.1265 2.3700 0.1890
bCanon 2.3970 0.1304 2.3681 0.1395
bLexmark 0.8812 0.1038 0.8228 0.1192
bBrother ∗0.2462 0.1518 ∗0.1044 0.1715
bOkidata 1.2187 0.1224 ∗0.3159 0.1713
# Obs. 4344 3577
R2 0.474 0.471
Notes:
∗Not significant at the 95%level.

Table 5.6: Static Structural Parameters Estimates
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finding appropriate instruments is not straightforward. An alternative to the instrumental variable

technique, which is pursued here, is including fixed effects. One can interpret the intercepts and

spline coefficients in my specification as the estimates for the unobservable quality level which is

localized to the technology type, manufacturer, and price group.

The estimates suggest that the demand for printers is relatively elastic. Spline coefficients

for different price groups exhibit a U-shaped pattern. Not surprisingly, we find that demand in

the lowest price category is the most elastic. High price elasticity for expensive printers is also to

be expected: there are many models available in this category which compete for a relatively low

demand, and price may be a decisive demand factor in this segment. In contrast, for medium-priced

models I would expect that the vendor’s reputation and brand image are ultimately more important

than price, which is consistent with our findings.

Figure 5.2 shows first-stage estimates of rt process realizations in the data together with the

fitted random walk and conditional confidence intervals ŝt defined as P{rt+1 ∈ [µ(rt)− ŝt, µ(rt) +

ŝt] | rt} = 0.95. Notice that the approximation quality deteriorates around the Christmas shopping

season. Since PC Data sample covers a relatively short time interval, I cannot separately identify

seasonal effects from the trend component, which is an obvious disadvantage of having a short time

series. However apart from Christmas, the stochastic linear growth model fits the data reasonably

well. It is clear from the graph that the mean quality level in January 1999 was substantially higher

than in January 1998.

Table 5.7 reports dynamic demand parameters for the full model and several constrained

estimators. Column 2 shows estimates for the full model. Estimates imply that consumers’ forward-

looking behavior plays an important role in the market. The estimated discount factor has a

reasonable magnitude of 0.9366. The replacement probability from the full model is 0.0205, which

implies that the average lifetime of a consumer printer is slightly above four years. The estimate for

the initial participation probability suggest that at the beginning of the sample, 59% of households

with computers had a printer. By the end of the sample period, this figure has risen to 65%.

To show the effect of dynamic parameters on the demand, columns 3-5 report estimates for sev-

eral constrained estimators. Column 4 shows demand coefficients for myopic consumers. According

to these estimates, 98% of U.S. households owned a printer in the beginning of 1998. Correspond-

ingly, for myopic consumers the model attributes all printer purchases to the replacement demand.

To explain the magnitude of sales, the model is forced to adjust the replacement probability, which

is estimated close to the ratio of average monthly sales to the total market size. Column 5 reports

estimates for very ”patient” consumers. Here, the magnitude of the new demand resulting from
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Figure 5.2: Estimated rt Realizations in the Data.

the incomplete penetration in the beginning of the sample is insufficient to explain sales levels and

so the constrained estimator drives the replacement probability up to 0.0759, suggesting the annual

replacement frequency.

Figure 5.3 shows the fit of different estimators to the data. All three estimators are unbiased,

but significantly differ in the decomposition of variance. The ”myopic” estimator fits the aggregate

data to the average monthly sales levels. Patient consumers are more likely to absorb stochastic

quality shocks by postponing the purchase and consequently smooth out their consumption more.

Accordingly, the ”patient” estimator oversmoothes the data, although it picks up an upward trend in

Second Stage
Estimate Std. Err.

γ (rt drift) 0.0834 (0.0622)
σ2

r (rt variance) 0.0503 (0.0197)
Third Stage
Estimator: Unconstrained Myopic β = 0.99
β (discount factor) 0.9366 (0.0499) 0.0000 0.9900
q (replacement probability) 0.0205 (0.0182) 0.0251 0.0759
c (outside good payoff) 0.7726 (0.2878) 4.3326 0.0187
µ0 (participation rate at t = 0) 0.4091 0.0224 0.5112
µT (participation rate at t = 14) 0.3489 0.0245 0.4887
Replacement frequency, months 49 40 13

Table 5.7: Dynamic Structural Parameters Estimates
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Figure 5.3: Aggregate Sales Levels: Actual vs. Fitted Values

aggregate sales. The unconstrained estimator strikes a proper balance between smoothing random

demand fluctuations and the data fit.

Given the estimates for dynamic parameters, one can compute out-of-sample forecasts to com-

pare model predictions with the data. Unfortunately, monthly sales data are difficult to obtain

even on the industry level. PC Data quotes that in 1999, printer sales growth rate has fallen to

11.2%, despite the decline in nominal prices by 18%. As can be seen from Figure 5.3, the myopic

model basically predicts flat sales for 1999. In contrast, projected sales growth rate for 1999 for

the full model is 11.8%. Since I have very limited data, I hesitate to make any assessments of the

model’s forecasting power. Nevertheless, it seems that the model is capable of explaining rather

complicated sales patterns.

6 Conclusions and Future Research

Summary and Applications. This paper considered demand implications of consumers’ forward-

looking behavior in a dynamic market for durable goods. An empirical technique for estimating

durable products demand system was proposed. Our method explicitly accounts for the following

market features:

• product durability;
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• product differentiation;

• consumers’ expectations of the industry trends.

The paper presents Monte-Carlo evidence that implies that static demand systems perform

poorly under these circumstances. Our method produces more accurate estimates of the demand

side parameters. Demand elasticities play a crucial role in many policy issues and hence the

dynamic structural model developed here might facilitate their empirical analysis. Apart from static

demand side parameters, for empirical applications such as marketing and welfare implications of

new product introduction it is important to distinguish new demand from the replacement demand,

and our technique sheds some light on this issue.

Static models are limited to providing a conditional, in-sample analysis of counterfactual ex-

periments. The dynamic model can also generate out-of-sample predictions that might be useful

for obtaining a realistic picture of the industry evolution.

In the empirical part of the paper, the model was applied to the data on the U.S. computer

printer market. The estimates suggest that consumers’ intertemporal optimization is an important

feature of this market. It seems that the dynamic model is capable of better explaining industry

trends than static models and provides more realistic out-of-sample forecasts.

Extensions. Several important aspects of markets for durable products were not addressed

by our analysis. The focus of this paper is on the demand side. The supply side of the durable

products industry is an important and controversial topic with far-reaching policy implications, in

particular for anti-trust concerns. Coasian conjecture implies that durable goods manufacturers are

not able to exercise any market power even in the absence of competitors, an argument that was

recently brought up to public attention during the Microsoft trial. In contrast, numerous empirical

studies find an evidence of the market power in various durable goods industries. It appears that

in random utility models manufacturers may have a sufficiently large future demand to exercise the

market power, especially after accounting for the replacement demand. For a realistic picture of the

durable goods industry, one has to endogenize manufacturers’ pricing and product entry decisions.

I intend to pursue this topic in the future research.

Another important issue is an equilibrium in the secondary markets. While for our empirical

application the market for used durables seems to be negligible, for many industries endogenous

replacement decisions and the distribution of consumer holdings are important and may play a

crucial role in explaining procyclical behavior of the demand for durable products. In general,

it seems that the effect of aggregate macro shocks on the industry evolution has not received an
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appropriate attention in the empirical industrial organization literature, indicating the need for

further research.

7 Appendix

7.1 Appendix A: Proof of Proposition 1.

Here we derive the distribution function of vt = maxj∈Jt ujt.

Fv(z) = P {vt ≤ z} = P{u1t ≤ z, ..., uJt ≤ z}

= P {ε1t ≤ z − δ1t, ... , εJt ≤ z − δJt}

= exp
(

−G(e−(z−δ1t), ... , e−(z−δJt,t))
)

= exp
(

−e−zG(eδ1t , ... , eδJt,t)
)

(by homogeneity of G(·))

= exp(−Rt exp(−z)) where Rt = G(eδ1t , ... , eδJt,t)

= exp(− exp(−(z − ln Rt))) = exp(− exp(−(z − rt))),

which implies that vt is distributed Type I extreme value with the mode of rt. Density of vt obtains trivially

by differentiating above expression. Usually we consider the distribution of vt to be parametrized by rt, but

occasionally it is more convenient to treat Rt as a distribution parameter. Both forms of density function

are given below:

fv(z; rt) = e−(z−rt)Fv(z; rt) = exp(−e−(z−rt) − z + rt)

= Rt exp(−Rte−z − z) = fv(z; Rt).

Let ε[r] denote an extreme value random variable with the mode of r. One useful property of extreme

value deviates that we will need for some results is that ε[r] d= r + ε[0]. This follows immediately from the

functional form of the distribution:

P{r + ε[0] ≤ z} = P {ε[0] ≤ z − r} = exp(−e−(z−r)) = Fε[r](z). �

7.2 Appendix B: Asymptotic Distribution for the Autoregressive Data Gener-

ating Process

This appendix derives an asymptotic distribution for the data generating process used in Monte

Carlo experiments. It was assumed that the number of products available on the market does not
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change over time (Jt = J) and the quality index of individual products evolves over time according

to

xj,t+1 = xj,t + l + σνj,t+1

where νjt are i.i.d. N(0, 1) deviates. Let

R̄t =
1
J

∑

j
exp(ξj + αxjt).

Then

E
[

R̄t+1 | R̄t
]

= E
[

J−1
∑

j
exp(ξj + αxjt + αl + ασνj,t+1) | Rt

]

= exp(αl)J−1
∑

j
exp(ξj + αxjt)E exp(ασνj,t+1) = exp(αl + α2σ2/2)R̄t.

Consider asymptotic behavior of R̄t as J →∞. From above formula and by consistency of a sample

mean

plim R̄t+1 = exp(αl + α2σ2/2)R̄t.

Then by Slutsky theorem

plim ln(R̄t+1) = ln(plim R̄t+1) = αl + α2σ2/2 + ln R̄t

and

plim
[

ln(R̄t+1)− ln(R̄t)
]

= plim [ln(Rt+1)− ln(Rt)] = αl + α2σ2/2.
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