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Abstract

I develop a multiple-discrete choice demand model in which goods may be either substitutes
or complements. I estimate the model using a new micro data set on print and online newspaper
consumption in Washington DC, and use the results to quantify the effect of introducing an
online edition on both consumer and producer surplus. I find that print and online newspa-
pers are very weak substitutes, while two print newspapers with different ideologies are weak
complements. Estimated canibalization of print demand by the online product is minimal: for
the $30 million of revenue generated by the online edition, the parent company sacrificed only
$4.6 million of circulation and advertising revenue from lost print sales. Looking at consumer
welfare, I find that the average surplus per-online-reader-per-day is $.27, compared to $.41 per-
print-reader, and the total benefit to consumers from the online edition is $32.2 million. Rough
estimates of operating costs suggest that barring large future cost reductions or changes in
technology, the social benefits of this online newspaper do not substantially exceed its costs.
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“Twenty, thirty, at the outside forty years from now, we will look back
on the print media the way we look back on travel by horse and carriage.”

Dan Okrent, Editor at Large of Time, Inc., speaking in 1999.

1 Introduction

The effect of online news on the fortunes of print media companies has been the subject of much

speculation and debate. Some have predicted that dramatic growth of internet news will curtail or

even eliminate the market for traditional newspapers and books.1 Others have disagreed, arguing

that consumption of online news does not necessarily crowd out print consumption, and may even

complement it.2 What little evidence there is, however, is fragmentary and difficult to interpret,

and the question has usually been argued at the level of competing hypothetical scenarios. Setting

aside broad questions about future changes in tastes or technology, much of this debate boils down

to a basic economic question: are print and online news products substitutes or complements?

Methods for estimating the welfare effects of a new good are in many respects very well devel-

oped. The standard approach has been to estimate the parameters of a discrete-choice demand sys-

tem, allowing explicitly for heterogeneity among consumers, and then consider the counter-factual

1In a 2000 speech, Warren Buffet said, “I love newspapers... But that is not the way the world is going...
Newspapers are very threatened by the internet” (USA Today 2000). Dan Okrent said in the same 1999 speech
quoted above, “I believe... all forms of print are dead. Finished. Over” (Okrent 1999). Dick Brass, Microsoft’s
Vice President of Technology Development, predicted that the last print issue of the New York Times will appear in
2018 (Industry Standard 2000). A study of the U.K. market by the firm Screen Digest concludes that the “dramatic
decline in consumption of newspapers and books will continue as more consumers switch to electronic media” (Screen
Digest 2002).

2A widely cited 2000 survey of U.S. online readers by Belden Associates found that 21% reported buying more
print copies since they began using the internet, 7% reported buying less, and 72% reported no change. The same
survey found that 7% had started a new print subscription since beginning to read online, while only 3% had stopped
a print subscription (Newspaper Association of America 2001).
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effects of removing the product of interest from the choice set. This technique has been applied

successfully to analyze the welfare impacts of, among other things, medical technology (Trajtenberg

1989), computers (Greenstein 1997), minivans (Petrin 2002), direct broadcast satelites (Goolsbee

and Petrin 2002), and semiconductors (Song 2002).

All of these models, however, begin with the assumption that the goods in question are sub-

stitutes. Standard discrete-choice models specifcy that consumers choose exactly one good from

the set available, so the choice of one good must crowd out demand for another. In the aggre-

gate, the degree of substitutability between two goods will be moderated depending on the extent

to which they appeal to similar or different consumers, but actual complementarity will be im-

possible. While the modern empirical demand literature has made great methodological strides,

the concept of complementarity–a central issue in earlier generations of demand theory–has been

essentially absent.

The goal of this study is to develop an estimable discrete-choice demand model that allows

goods to be either substitutes or complements, and then use the model to estimate the effects of an

online newspaper on both firm and consumer welfare. The basic approach is quite simple: I extend

a standard discrete choice model by defining the choice set to be all possible bundles of goods rather

than the individual goods themselves. This provides a natural framework in which to estimate the

interaction of different goods when consumed simultaneously, as well as the dependence of utility

on consumer characteristics.

While the model is theoretically straightforward, its empirical implementation poses some chal-

lenges. First, the number of possible bundles increases exponentially in the number of goods,

making the number of parameters and the resulting estimation algorithm potentially intractable
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even for moderately small choice sets. I address this in part by using a flexible parameterization that

allows the degree of heterogeneity in the utility of the underlying goods to be controlled separately

from the degree of heterogeneity in their interactions. Thus, the rate of growth in the parameter

space can be made close to the linear growth of the number of goods, rather than the exponential

growth of the number of bundles. I also point out that using simulated maximum likelihood rather

than simulated method of moments can limit the estimation cost of the expanding choice set. While

in this application it will make sense to consider a choice set of only 3 goods, I believe the model in

its present form would be tractable with up to 8 or 9 goods, and I suggest some possible changes

that would make it estimable with much larger choice sets.

A second empirical issue is properly accounting for unobserved consumer characteristics. This

has been a major focus of the recent demand literature, and I will apply the random coefficients

techniques developed by Berry (1993), Berry, Levinsohn, and Pakes (1995), and others. In the model

with complementarities, however, I show that such a flexible error structure is doubly important. In

the standard framework, we worry that not controlling for unobserved heterogeneity may lead us to

incorrect conclusions about the extent to which two goods appeal to similar or different consumers.

Here, omitting such heterogeneity may also cause bias in estimating whether goods are substitutes

or complements. Both of these things are crucial in obtaining accurate estimates of the cross-price

elasticities. Along with the flexible error structure, I improve identification of the unobservables by

incorporating both excluded consumer characteristics (that plausibly affect the utility of one good

but not another), and a limited amount of panel structure from the data.

I estimate the model using new micro-data on the print and online newspaper readership of

8,032 consumers in Washington DC. I analyze the effect of the major online newspaper, the wash-
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ingtonpost.com, on demand for the Washington Post print edition, as well as the city’s competing

daily, the Washington Times. I also use a pricing equation for the two Washington Post products

to estiamate their own-price elasticities of demand. This in turn allows me to calculate the benefit

of the online edition to consumers.

The first important result is that accounting for both observed and unobserved heterogeneity is

crucial to obtaining plausible estimates of the degree of complementarity or substitutability among

products. Both reduced form regressions and a structural model without heterogeneity suggest that

the washingtonpost.com is a strong complement to the Washington Post. Adding observed consumer

characteristics to the structural model reduces the estimated interaction somewhat, combining it

with a flexible correlation structure for the unobservables reduces it still further, and adding panel

structure from the data changes the sign so that the two products are estimated to be weak

substitutes.

In the full model, I find little evidence that the growth of the online edition has caused a sub-

stantial reduction in print readership. All three products are nearly independent, with the Post

and post.com perhaps weak substitutes, and the Post and Times (print newspapers with sharply

differing ideologies) slightly complementary. Thus, of the 132,500 consumers who read the wash-

ingtonpost.com but not the print edition, only about 15,000 would switch to the Washington Post

if the online edition were not available. Interestingly, because of consumer heterogeneity, this result

is not symmetric: removing the Washington Post from the market would decrease post.com read-

ership by 22,000, or more than 20%. Overall, the $30.4 million in revenue the post.com generates

comes at the cost of $4.6 million in lost print revenue, for a net revenue gain of $25.8 million. The

effect of the post.com on the revenue of the Times is negligible.
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I find that the surplus of the average consumer who reads the post.com for a day is $.27,

compared to a surplus of $.41 for the average Post reader and $.08 for the average Times reader.

This translates into a total consumer welfare gain from the post.com of $32.2 million.

Thus, from a social standpoint, we would view the post.com to be a valuable innovation if its

yearly operating costs were less than $58 million. While costs clearly exceeded this figure at the

height of the dot-com boom, there is some evidence that in the long run they may fall below it.

However, these results stand in sharp contrast to the estimates for products such as minivans and

semiconductors whose consumer benefits appeared to be an order of magnitude greater than their

costs. In the Washington DC market, at least, the online newspaper does not provide a clear net

gain to society.

2 A First Look at the Problem

2.1 The Newspaper Product

Before turning to the specific market to be analyzed, it will be worth considering in principle why

different newspaper products might be either substitutes or complements. In the case of a print

and an online edition of the same paper, a common intuition that the products are substitutes

comes from the fact that online editions generally contain close to 100% of the content available in

the affiliated print edition. Viewing newspapers as a bundle of information, and recognizing that

consuming the same information twice should have close to zero value, we might predict that the

marginal value of reading the print edition to someone who has already read the online edition

should be close to zero.
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Offsetting this, however, are a number of factors that make the products differentiated. Most

obviously, one or the other medium may be convenient at different times and places–print newspa-

pers at home over breakfast, say, and online newspapers at one’s desk at work. The print edition

offers particular advantages such as portability, lower eye strain, and the tactile experience of a

printed page. Similarly, the online edition offers access to breaking news, continually updated finan-

cial information, archived stories, searchable classifieds, and special interactive features. All these

factors would tend to weaken the degree of substitutability among the products. If cross-platform

advertising is important, if reading a story about a news item in the morning increases the value

of hearing breaking updates on the item later in the day, if consumers like to start a story at work

and finish it at home, or if they buy the paper to read in depth analysis of the market movements

or sports scores they had been tracking online, the two could even be complementary.

Another set of factors come into play when we consider the interaction of two print editions. One

one hand, their content is different, weakening the argument for substitutability. Consumers might

well gain from reading two newspapers that are particularly strong in different subject areas, or offer

different perspectives on the same story. On the other hand, they are not differentiated in terms

of convenience, as print and online editions are. We might well expect that a pair of “up-market”

and “down-market” newspapers such as the New York Times and Daily News or the Boston Globe

and Herald might be either substitutes or complements, but that their interaction would be very

weak since they appeal to very different segments of the population. A pair of newspapers that

appeal to more similar consumers but have different strengths and ideologies might be more likely

to be complements, as reading both could provide a variety of viewpoints on the same issue, but

this effect would be small if people have a strong preference for information sources that confirm
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their pre-existing opinions.

2.2 The Washington DC Market

Washington DC has two major daily newspapers, the Washington Post and the Washington Times.

The former is dominant: average daily circulation of the Post was 762,009 in 2001, compared to

102,957 for the Times. Both have online editions. The washingtonpost.com received approximately

370,000 Washington area visitors per day in 2001, as compared to 38,000 per day for the washing-

tontimes.com.3

Figure 1 displays the daily circulation of Washington DC’s print and online newspapers since

1961 (with the exception of the times.com for which I have no historical data). The first thing to

note is that the rapid increase in post.com readership since its introduction in 1996 has not been

accompanied by a significant drop in Post circulation. A simple OLS regression of Post circulation

on post.com circulation gives a significantly negative coefficient of -.099 (with a standard error of

.029), but suggests that it takes 10 post.com readers to reduce Post circulation by 1. This certainly is

not the picture one would expect to see if the post.com were perfectly crowding out Post readership;

however, there is no way to tell what changes were taking place in demand or the characteristics of

the products over this period. It might well be, for example, that the post.com does crowd out Post

readership, but that this was offeset by growth in overall demand or improvement in the Post’s

quality.

Looking at the relationship among the print newspapers, one notable feature of the graph is the

3Print edition circulation is from Audit Bureau of Circulations figures. Online circulation is based on the Scar-
borough survey used in this study.
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increase in Post circulation after the exit of the Washington Star in 1981. Similarly, the purchase

of the Washington News by the Washington Star in 1973 led to a clear increase in Star circulation.

In both cases, however, the exits led to declines in total circulation, and fewer than half of the

readers of the exiting paper apparently switched to one of the remaining papers. In contrast, there

is no evidence of a negative relationship between circulation of the Post and the Times. A linear

regression of Post circulation on Times circulation actually gives a positive coefficient of 1.28 (with

a standard error of .57), and even when a time trend is included in the regression the coefficient

remains positive, though insignificant. However, this relationship may be similarly confounded by

changes in demand or characteristics of the products over time.

A natural way to disentangle these effects is to turn to micro-data on demand. The empirical

analysis in this paper will be based on a single cross-section of 8,039 Washington DC consumers

sampled in 2000-2001. One thing that is immediately apparent from this data is that readership of

multiple newspaper editions on the same day is quite common. Of the consumers who report reading

some print newspaper in the last 24 hours, 34% said they read two or more. Even more striking,

of consumers who reported reading some online newspaper in the last 24 hours, 80% reported also

reading a print newspaper in the same period. Note, though, that these figures include not only

the Washington papers mentioned above, but several smaller suburban papers as well as national

papers like the New York Times and Wall Street Journal.

Table 1 presents cross-tabultions of readership for the Post, Times, and post.com specifically.

Here, too, we see that multiple readership is important; 38 percent of respondents read one of these

3 products in the last 24 hours, 8 percent read two, and just under half a percent read all three.

Furthermore, 12.1% of Post readers read the post.com, as compared to 5.8% of consumers who did
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not read the Post, and 8.8% of Post readers read the Times, as opposed to 3.3% of those who did

not read the Post. The fact that on average reading the Post on a given day makes one more likely

to read both the post.com and the Times suggests intuitively that both pairs of products may be

complements.

Reflecting on the validity of this conclusion, however, highlights the importance of what will be

one of the central empirical issues we grapple with in the analysis below: consumer heterogeneity.

Imagine, for example, results similar to Table 1 for consumption of Bordeaux wine and Mercedes

cars in a random sample of US consumers. We might well find that the fraction of Mercedes drivers

who drink Bordeaux wine is higher than the corresponding fraction of non-Mercedes drivers. We

would not, however, conclude that consumption of expensive wine is complementary to driving

expensive cars. Obviously, the apparent relationship is driven by consumer characteristics (income,

for example) that increase the propensity to consume each of the two goods independently. One

possibility, then, is that all we are observing in Table 1 is the effect of some consumer characteristics

that are associated with a propensity to read both print and online newspapers. For this reason, a

believable answer to the question of how these goods are related will require us to estimate a richer

demand model that explicitly controls for both observed and unobserved consumer heterogeneity.

2.3 Reduced Form Results

Before developing the structural demand model, I briefly present some reduced form regression

results as a first look at how controlling for heterogeneity may affect the conclusion that the

products are complements. The main reason for doing so is that in a simple linear model, I can

use instrumental variables techniques to control for unobserved heterogeneity in a way that will
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not be possible in the full model. I will therefore run two regressions: (1) a linear IV regression

of Post consumption on consuption of the post.com, consumption of the Times, and observable

characteristics; and (2) an analagous regression where post.com consumption is the dependent

variable and Post consumption is on the right-hand side. In the first case, I instrument for post.com

consumption with whether or not the consumer has internet access at work, whether she has a

high-speed connection, the amont spent on internet purchases in the last month, and the number

of non-news tasks for which she uses the internet. In the second, I instrument for Post consumption

using whether or not the consumer takes the subway to work (a plausible instrument if it decreases

the time cost of newspaper reading but has no effect on utility from the online edition). I do not

have any plausible instruments that would determine Times consumption separately from Post

consumption, so the Times dummy is left uninstrumented.

The coefficients on the media consumption terms from these regressions are presented in Table

2. Interpreting the magnitude of the coefficients in a linear probability model is problematic, but

these regressions do show that the apparent complementarity among the different products does

not disappear in this simple specification. Basically, these regressions show that subway riders are

more likely to read online newspapers, and that those who have easy access to the internet are more

likely to read print newspapers. Both of these facts are fairly striking, and support the conclusion

that the products are complementarity.

Of course there are many reasons why these regressions are mis-specified. The linear probability

model ignores the limited nature of the dependent variable and therefore is likely to be biased. The

marginal effect of the right-hand side media variables may be different for various consumers (though

we could in principle allow this by including interaction terms). Finally, since these regressions look

11



at one product conditional on other endogenous consumption decisions, and because they are not

specified in terms of utility, they provide no means by which to calculate producer or consumer

surplus from market changes. Having obtained a first look at the problem, therefore, I will now

turn to the full structural model.

3 Model

3.1 Demand

As mentioned in the introduction, the basic approach will be to extend a standard multinomial

choice model by defining choices to be bundles of the underlying goods, rather than the goods

themselves. I begin with a population of N consumers whom I will index by i = {1, ..., N}. There

are G underlying goods; I define the choice set to be the power set of these goods, whose 2G

elements will be indexed j = {0, ..., J}. The good indexed by 0 will be defined to be the empty

set, indicating that the consumer chose to consume none of the G goods in the model, and will

be referred to as the outside alternative. For simplicity, I will suppose that the next G elements

(indexed j = {1, ..., G}) are the bundles containing only one good, and the remaining J − G − 1

elements are bundles with multiple goods.

Once we define choices as bundles, there is some subtlety to the interpretation of the outside

good. In a standard discrete-choice model, it is common to interpret the utility of the outside good

as the max over all goods not explicitly included in the model. Once we allow for multiple choices,

the issue arises how to treat the interaction of the outside goods with inside goods. The natural

extension of the standard interpretation is to view the utility of all bundles as the max over all
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outside goods conditional on consuming the goods in the bundle. This is the approach I will adopt

here.

Standard demand specifications allow a consumer’s utility for a particular choice to depend on

the interaction between a vector of consumer characteristics and a vector of product characteristics.

Because meaningful observable characteristics of media products are hard to come by, and because

the number of goods in this application will be small, I define the product characteristics to be

dummy variables for each good, meaning each consumer characteristic is allowed to interact freely

with each of the goods (rather than interacting with a smaller-dimensinal space of characteristics).

Thus, I will work in “product space” rather than “characteristic space.” This is strictly more

general than a characteristics specification.

The product dummies interact in the utility of consumer i with a k-dimensional vector of

observable consumer characteristics xi and a G-dimensional vector of unobservable consumer char-

acteristics νi. As I will be using repeated observations on the choices of individual consumers over a

week, I will subscript time periods by t, with t being a single day. I will assume that the observable

and unobservable characteristics are constant over this period, and that all day-to-day variation

is captured by a type-I extreme value error, εijt. Thus, consumer i’s utility for choice j can be

written as:

ũijt = αi(yi − pj) + δ̃j +
∑

k

xikβ̃jk + νij + εijt, j = 0, ..., G (1)

where δ̃j is the mean utility of good j across all consumers, yi is income, pj is the price of good j, and

αi is a consumer-specific price-elasticity. The αi(yi − pj) term represents utility from consumption

of all other goods. The quasilinear specification means that I abstract from wealth effects–i.e., I
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assume that price differences among goods are small enough that they do not change the marginal

utility of income. This seems a reasonable approximation in a context where the maximum price is

25 cents. The νij will be assumed to have a G-dimensional multivariate normal distribution with

free correlation across choices; the (G + 1)G/2 parameters of this distribution will be denoted σ.

Aside from the incorporation of bundles into the choice set, this is a standard random-coefficients

specification common in the literature following Berry, Levinsohn, and Pakes (1995); as estimated

from micro data, it can also be viewed as a mixed multinomial logit in the sense of McFadden and

Train (2000).

I will define the utility of a bundle j > G to be the sum of the mean utilities of the underlying

goods plus a consumer-specific interaction term. Letting Bj be the set of indices of the goods in

bundle j (i.e. {Bj = g : choice j includes good g} ), this is:

ũijt =
∑
g∈Bj

[
αi(yi − pg) + δ̃g +

∑
k

xikβ̃gk + νig

]
+ Γij + εijt, j > G (2)

Since utility is only defined up to a linear transformation, I impose two standard normalizations.

First, I fix the scale parameter of the εijt distribution at one. Second, I fix the mean utility of the

outside alternative at zero. Noting that the price of the outside good is zero, the normalized utilities
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can be written as:

ui0t = εi0t, (3)

uijt = −αipj + δj +
∑

k

xikβjk + νij + εijt for 0 < j ≤ G (4)

uijt =
∑
g∈Bj

[
−αipg + δg +

∑
k

xikβgk + νig

]
+ Γij + εijt for j > G. (5)

Here, δj = δ̃j − δ̃0, and βjk = β̃jk − β̃0k.

I will allow the interaction terms to vary with a separate set of consumer characteristics zi
4:

Γij =
∑

zikγjk (6)

Finally, because the model lacks sufficient price variation to freely estimate heterogeneous price

elasticities, I will define αi to be a constant scaled by the inverse of income:5

αi =
α

yi
. (7)

Letting θ be the stacked vector of all the utility parameters, [δ β γ σ], and letting wi = [xi zi],

we can write the mean utility of consumer i for good j (excluding the logit error εijt) as ūj(wi, νi, θ).

Integrating out over the distribution of εijt then gives the probability of consumer i selecting choice

4Note that in the present draft, this heterogeneity in the interaction terms is NOT estimated. I plan to add these
results in the next version.

5Heterogeneity in αi is also not included in the present results.
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j in any given period:

Pj(wi, νi, θ) =
exp[ūj(wi, νi, θ)]

1 +
∑

k exp[ūk(wi, νi, θ)]
. (8)

The expected total demand per day for good g is then simply:

Dg(x, ν, θ) =
∑

i

∑
j:g∈Bj

Pj(wi, νi, θ). (9)

I will also write the econometrician’s expectation of these values over the unobservables νi as:

P̄ij(θ) =
∫

Pj(wi, ν, θ)φ(ν|θ)dν, (10)

D̄g(w, θ) =
∑

i

∑
j:g∈Bj

P̄ij(θ). (11)

Here, Φ(ν|θ) is the multivariate normal distribution.

3.2 Substitutes and Complements

In Gentzkow (2002), I provide a detailed discussion of how the parameters of the above model are

related to concepts of substitutability and complementarity in classical demand theory.6 In this

section, I will briefly review some of the relevant results, referring the reader to the other paper for

proofs.

The most common classical definition of complementarity is based on derivatives of the quan-

tities consumed by an individual consumer with respect to the goods’ prices. Strictly speaking,

in a discrete-choice random utility model, the cross-price elasticities are zero for all goods and all

6The first draft of this paper is still in preparation.
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consumers, except at the measure-zero set of εijt where the consumer is exactly indifferent between

two goods (at such points, the elasticities of the products in question would be infinitite). Thus, in

either the uncompensated or the compensated sense, no goods in this model are either substitutes

or complements.

For the questions that motivate discrete-choice analysis, however, it is the cross-elasticities of

different goods in aggregate demand that are most important. Indeed, accurate estimation of these

cross-elasticities has been one of the central goals of the modern literature on demand estimation. In

the standard discrete-choice framework (where consumers can choose at most one good), this means

measuring the average quality of the two goods in question and the extent to which they appeal

to different or similar consumers. To see this, recall that if the choice set above were restricted to

single goods, a standard result gives the uncompensated cross-price derivative of aggregate demand

as:

∂Dj

∂pk
=

∑
i

αiPijPik for j 6= k, (12)

defining Pij = Pj(wi, νi, θ). Letting P̂j = 1
N

∑
i Pij , and assuming for a moment that the price

elasticity is constant with αi = α for all consumers, we can expand this as:

∂Dj

∂pk
= Nα

[
P̂jP̂k + Cov(Pij , Pik)

]
(13)

where Cov(Pij , Pik) is the sample covariance over i. Thus, holding constant the average quality of

the goods (as measured by the P̂ ), the cross-price elasticity will become increasingly positive as the

covariance of the probabilities increases, and approach zero when as the covariance becomes large
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and negative. In other words, when the same consumers who have high utility for good j also have

high utility for good k, j and k will be strong aggregate substitutes; when the goods appeal to very

different groups, they will approach independence.

When we expand the choice set to include bundles of goods, we add a new dimension that is

independent of the covariance of the goods’ utilities across the population. The Γij terms in the

model capture the extent to which different goods interact in the utility of a single consumer. A

positive Γij for the bundle conaining goods g1 and g2 means that the added gain in utility from

consuming g2 is higher if g1 is consumed as well; a negative Γij means the added gain is lower.

Although this does not change the fact that cross-price elasticities for a single consumer will be

generically zero, it captures a different (and, indeed, older) notion of complementarity. Undergrad-

uates are usually introduced to this idea by Fisher’s indifference curve representation of perfect

substitutes and complements: at the polar extremes, goods are perfect complements if they are

only valuable in combination (L-shaped indifference curves), and perfect substitutes if combining

them gives no added value (linear indifference curves). The perfect complements case corresponds

in the present model to individual goods having arbitrarily negative mean utilities and the Γ for

their combinations approaching infinitity. The perfect substitutes case corresponds to fixed mean

utilities for the individual goods and a Γ approaching minus infinitity. The Fisher definition only

specifies the polar cases. More generally, what Samuelson (1974) calls the Pareto-Edgeworth defi-

nition of complements is precisely the cross-derivative of utility (as opposed to the cross-derivative

of demand), caputured in our discrete setting by the Γ’s.

The Pareto-Edgeworth definition was abandoned in favor of the usual compensated demand

elasticity definition because it relies on cardinal features of the utility function (i.e. the definition is
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not invariant to non-linear monotone transformations). In a random utility specification, however,

we introduce cardinality to the mean utilities through the functional form chosen for the random

unobservables (though the actual utility of a consumer whose random utility components have been

realized is still purely ordinal). Saying that Γij > 0 when j is the bundle with goods g1 and g2 is

equivalent to the statement: “conditional on all observable characteristics, the probability that i’s

(normalized) utility for bundle j exceeds 0 is greater than the product of the respective probabilities

that the utilities of g1 alone and g2 alone exceed 0.”

We thus have two meaningful definitions of g1 being complementary to g2 in the model described

above: (1) a negative cross-price elasticity of aggreagate demand (∂D2/∂p1 < 0); (2) a positive

interaction term Γj for the bundle containing goods g1 and g2. In Gentzkow (2002), I show that

these definitions exactly coincide when the two goods are independent in a particular sense from

all other goods g3.

There, I show that the aggregate cross-price elasticity is equal to:

∂D1

∂p2
=

∑
i

[
P 1

i P 2
i − P 12

i P−12
i

]
, (14)

where P 12
i , P 1

i , P 2
i , and P−12

i are the probabilities that consumer i chooses some bundle with both

1 and 2, with 1 but not 2, with 2 but not 1, and with neither 1 nor 2 respectively. Intuitively, an

increase in the price of 2 will increase demand for 1 to the extent that it causes consumers who

were choosing bundles with only 2 to switch to bundles with only 1 (captured by the term P 1
i P 2

i )

and decrease demand for 1 to the extent that it causes consumers who were choosing both 1 and 2
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to switch to bundles with neither (captured by the term P 12
i P−12

i ).7

As in classical demand theory, interactions can become quite complex and counter-intuitive in

sets of more than two goods. However, in the special case where at least one of goods 1 and 2 is

independent of all other goods, and we assume that the price elasticity and interaction of 1 and 2

are constant across consumers (i.e. αi = α and Γji = Γj for all i where j is the bundle of 1 and 2),

the cross-derivative takes a particularly intuitive form:

∂Dj

∂pk
= αN(1− eΓj )

[
P̂ 1P̂ 2 + +cov(P 1

i , P 2
i )

]
(15)

In this expression, P̂ 1 and P̂ 2 are the population averages of P 1
i and P 2

i . Thus, the sign of the

cross-derivative will depend exactly on the sign of Γj , and the two definitions of complementarity

exactly coincide. Furthermore, covariance of the utilities of the two goods will increase the intensity

of their interaction, making them either stronger substitutes or stronger complements. Again, as the

covariance becomes large and negative, the goods will be independent. When the price elasticities

are heterogeneous and both goods 1 and 2 interact with other goods in the choice set (as will be

true in the implementation of the model here), the cross-derivatives are more complex; the basic

intuition from Equation ?? will, however, continue to hold.8

7It can be shown that switches among bundles with both j and k and bundles with only k cancel out in expectation.
A change in the price of k causes no movement between bundles with neither j nor k and bundles with only j.

8Interactions with third goods create additional “indirect” substitutability or complementarity as analyzed by
Ogaki (1990) for classical demand functions. When price elasticities are heterogeneous, either substitutability or
complementarity will increase when αi covaries positively with

(
P 1

i P 2
i − P 12

i P−12
i

)
.
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3.3 Supply

One of the drawbacks of using a cross-section of data from a single market is that there is no

variation in prices. Even a study looking across multiple markets would have difficulty getting

good estimates of price elasticities, because there is a very limited degree of price competition in

newspaper markets. Newspaper cover prices tend to move in increments of at least 5 cents, driven

by the practical limitations of vending machines and the benefits of easy over-the-counter payment;

in a 2001 sample of 1569 US newspapers, 74% charged a price of exactly 50 cents (Editor and

Publisher 2001). Similarly, all major online editions with the exception of the Wall Street Journal

are provided free. This discreteness and lack of variation would likely make standard methods of

instrumenting to separate price elasticities from unobserved quality unusable.

In the present context, I will instead use industry information to approximate advertising rev-

enue and cost parameters, and then use the firm-side pricing equation for the Washington Post to

back out the price coefficient. Specifically, I find the unique coefficient that renders the observed

cover price of 25 cents optimal (assuming the minimum increment that prices can change is 5 cents).

One distinction that has not arisen yet, but will be important here, is the difference between

the readership of the paper and the number of copies sold. Comparing the micro data used in this

study (which measures readership) to circulation figures from the Audit Bureau of Circulations

suggests that the average issue of the Post is read by 2.2 adults. This seems roughly intuitive,

considering the large fraction of papers that are deliverd either to multi-occupant households or to

businesses. I will assume that the propensity to share issues, and hence the number of additional

copies sold per additional reader, does not vary across different types of consumer.
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I suppose that firm costs are made up of a fixed first-copy cost for both the print and web

editions. I assume that marginal costs for an additional web reader are zero in a reasonable

neighborhood of the observed number of readers, and marginal costs for the print edition are

constant. Finally, I will use a highly simplified model for advertising demand, namely a constant

revenue-per-reader for both print and online. Putting these together, I can specify profits for the

Washington Post Company:

Π(p) = apNp(p) + (p− cp)Np(p)/λ + awNw(p)−Ψ (16)

where p is the print edition’s price; ap and aw are advertising revenue per consumer for print and

online respectively; Np(p) and Nw(p) are the number of print and online readers; cp is the marginal

printing and distribution cost per copy; λ is the number of readers per copy; and Ψ is the fixed

first copy cost.

For a price of .25 to be optimal, we must have ΠWP (.25) greater than or equal to both ΠWP (.30)

and ΠWP (.20). Plugging in the demand estimates plus approximations of the marginal advertising

revenue and marginal cost terms, this condition will define a range of permissible values of the

price-elasticity scale parameter, α.9

9In the current draft, I ignore the discreteness of price changes and simply equate the Post Company’s marginal
cost and marginal revenue.
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4 Empirical Specification

4.1 Data

The data for this study come from a survey of 8,039 consumers in the Washington DC Desig-

nated Market Area conducted by Scarborough Research between March, 2000, and August, 2001.

The Washington DMA includes the District of Columbia, as well as neighboring counties in Vir-

ginia, West Virginia, Pennsylvania, and Maryland. The data includes a wide range of individual

and household characteristics of the respondents, as well as detailed data on various consumption

decisions. Most important for our purposes, these include a complete enumeration of all print

newspapers read over the last 24 hours and 7 days, as well as readership of the washingtonpost.com

and washingtontimes.com over the same periods.

Because readership of the washingtontimes.com is less than 100,000 per day, however, there

are only 68 times.com readers in the sample–too few to estimate the parameters of its utility.

I will therefore define the goods in the model to be daily editions of the Washington Post, the

Washington Times, and the washingtonpost.com.10 The outside alternative includes other print

and online newspapers, other news sources such as television and radio, and the choice not to

consume news at all. As mentioned before, I interpret all choices in the model to represent an

implicity maximization over these outside goods–the observed choice to read the Post only, for

example, includes consumers who read the Post and the New York Times, read the Post and

watched TV news, etcetera.

10The model is computationally tractable with a choice set up to 8 or 9 underlying goods (or more if one was
willing to impose additional restrictions). In later revisions, I may present results for a larger choice set that includes
the major national newspapers, though I am not sure that this gives additional results that are of particular interest.
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The vector of consumer characteristics that affect utilities for goods, xi, contains the following

variables: sex, age, household income, how long the consumer has lived in the DC area, and dummies

for whether the consumer attended college, attended graduate school, is non-white, is a registered

Democrat, is a registered Republican, and lives outside of the DC metropolitan area.11 It also

includes the variables used earlier as instruments: whether the consumer takes the subway to work

(which should affect utility for the print but not online editions), the number of non-news tasks the

consumer uses the internet for, and whether the consumer has internet access at work or at home

(the latter affecting online but not print utility).

The vector of characteristics affecting the interactions, zi, contains the variables for internet

access at home and at work, dummies for various tasks the consumer reports performing on the

internet, and dummies for readership of different newspaper sections. I did not have a strong intu-

ition for which variables should affect the interactions, but these ones seem to capture (1) the notion

that reading the print at home and the online at work would be a particularly useful combination

and (2) the sense that certain kinds of news may have especially high complementarities.12

While Scarborough attempts to make their sample representative, there is nonetheless significant

over-representation of certain groups. Scarborough provide sampling weights, however, that allow

me to map behavior in the pool of respondents to expected effects in the entire market. I will use

the unweighted data for the estimation, and then add weighting for all results relating to aggregate

market effects.

11Note that by including income here, I allow for the possibility that income has a differential effect on the utility
of the various goods in addition to the αi(pj − yi) term explicitly included in the utility specification.

12In the results presented in the current draft, these variables are NOT included. They assume that the Γj are
equal across consumers. I plan to include heterogeneous interactions in the next revision.
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4.2 Panel Structure and Identification

Recall that in the discussion above, I mentioned the potential confounding of unobserved correlation

and complementarity in the example of French wine and expensive cars. Intuitively, the model will

predict a large number of consumers choosing two goods together when either the Γij for bundles

containing both goods are high, or when utilities for the two goods are strongly correlated. It is

therefore important to consider how the model will separately identify the interaction terms from

the covariance matrix of νi.

Keane (1992) discusses this question in the context of a multinomial Probit model. He shows

that the covariance matrix is formally identified (up to a single normalization) with only data on

characteristics and observed choices, so long as there is sufficient variation in the characteristics.

While he does not explicitly consider a choice set that includes bundles, there is no reason that

the present model cannot be considered as a regular discrete choice model for the purposes of

identification. Thus, though I do not prove this formally, we would expect the model based only

on one-day choices and a general vector of characteristics to be identified.13 My own experiments

with the data suggest that this is indeed the case.

In the same paper, however, Keane also shows that identification of the unobservables can be

quite fragile without some additional structure, and the problems he encounters should only be

exacerbated when one tries to estimate complementarity. Keane suggests including variables that

can be excluded a priori from the utility of one or more goods and shows using monte carlo experi-

ments that the effect of such variables can be quite substantial. Intuitively, this is exactly the logic

13I intend to verify this more formally and add some intuition for how exactly the simple model is identified.
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that drove the instrumental variables regressions above. Variables such as internet familiarity or

subway ridership duplicate the natural experiment of giving consumers an exogenous improvement

in the utility of one good. If the goods are complements, this should also increase the likelihood of

consuming the other good as well; if they simply have correlated utilities, it should not. While I

do not impose the exclusion restrictions a priori, these variables should improve identification.14

The second feature of the data I exploit is the fact that choices are observed in both 24-hour and

7-day windows. This allows me to add a small element of panel structure. Since the νi are assumed

to be constant across the 7-day period, they will imply restrictions on the correlation of choices over

time. If νi1 and νi2 covary strongly, we would expect to see choices of good 1 followed by choices

of good 2 and vice-versa. This latter would not follow if the goods were complementary, since a

high interaction would lead to them being consumed together in the same period, and decrease the

likelihood of their being consumed sequentially. In the results that follow, I show that the panel

data is indeed extremely powerful in separating correlated utilities from complementarity.

A high variance of the components of νi should also imply a greater degree of day-to-day

consistency in choices than would be implied by observable characteristics alone. While the model

should be able to choose this variance to fit an arbitrarily large degree of consistency, I found that

the model’s fit is substantially improved when I add an additional parameter to directly control

the degree of persistence in choices. I assume, therefore, that on a given day the probability that

consumer i has a new εijt shock (and thus makes a new choice) is π, while with probability (1− π)

14Note that the most natural candidate for excluded variables would be independent price variation, since a change
in the price of one good clearly does not change the utility of the other. While the current setting does not provide
it, variation in prices or other characteristics may prove important in other settings, and allow complementarity to
be estimated in the absence of the kind of panel structure that is exploited here.
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i does not draw a new εijt and thus repeats the previous day’s choice. Thus, π could be be thought

of as controlling an additional degree of serial correlation in unobserved utilities. Alternatively, it

could be interpreted as determining how many underlying consumption choices the span of a week

actually represents.

To incorporate the panel data into the model specification, I will need some additional notation

for the probability for a given combination of 1- and 7-day consumption patterns. Note, first, that

the space of possible 7-day consumption observations is the same as the 1-day space, namely the

J-element power set of the G goods. Observing that consumer i consumed bundle j in the last

7 days means that each good in j was consumed at least once during that period. Ignoring for a

moment the question of whether the 1- and 7-day observations are consistent, we will have (J +1)2

possible 1- and 7-day pairs {j1, j7}, which I will index by r = {1, ..., (J + 1)2}. Let ω denote a

vector of sequential choices, where each element represents a bundle of goods: ωt ∈ {0, ..., J}. Let

I(ω) be the dimension of ω and let L(ω) ∈ {1, ..., (J + 1)2} be the index of the pair {j1, j7} that

would be recorded as the aggregate choice if the consumer chose ω1 on the first day, ω2 on the

second day, and so forth. In other words, L(ω) is the index of the {j1, j7} such that ω1 = j1 and

g ∈ Bj7 if and only if g ∈ Bωt for some 1 ≤ t ≤ I(ω).

Because the data distinguishes between weekday and weekend editions of the newspapers, and

I am only using data on the weekday editions, I will assume that the 7-day observation includes

at most 5 different independent choices. Thus, I will only consider consumpton vectors ω with

1 ≤ I(ω) ≤ 5. Let Ω(r) be the set of all such vectors that are consistent with observation r:

Ω(r) = {ω : 1 ≤ I(ω) ≤ 5 and L(ω) = r}. (17)
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I can thus write the probability of observing consumer i choose consumption r as:

Qr(wi, νi, θ) =
∑

ω∈Ω(r)

πI(ω)−1(1− π)5−I(ω)

I(ω)∏
t=1

Pωt(wi, νi, θ). (18)

The exponents on π and (1− π) range from 0 to 4 (rather than 0 to 5) because I assume the data

always represents at least one independent choice. The expectation over the unobservables νi is

defined as before:

Q̄ir(θ) =
∫

Qr(wi, ν, θ)φ(ν|θ)dν (19)

4.3 Estimation

Given wi = [xi zi] and the observed choices for each consumer, a natural way to estimate the model

parameters, θ, would be to find the value that maximizes the log-likelihood:

L(di, wi, θ) =
∑

i

∑
r

dir ln Q̄ir(θ), (20)

where dir is a dummy variable equal to 1 if consumer i chose (combined 1- and 7-day) choice r

and 0 otherwise. As usual with a random-coefficients model, however, the integral that defines

Q̄ir in Equation ?? does not have a closed-form solution. I will therefore use simulation draws

on the distribution of the νi to form consistent estimates of these probabilities.The simplest way

to do this would be to form simulated probabilities by averaging the conditional probabilities

Qr(wi, νi, θ) over S draws from the multivariate normal distribution of ν. In the actual estimation,

I use an importance-sampling variant of this simulator to generate approximations Q̄S
ir of the true
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probabilities. The simulator reweights the normal distribution to increase the likelihood of drawing

νi for which the observed choices are relatively likely.15

An extensive literature considers techniques for constructing simulation estimators in discrete-

choice models. The most intuitive approach would be to simply maximize the simulated analogue

of Equation ??. This is the Simulated Maximum Likelihood (SML) estimator first applied by

Lerman and Manski (1981):

θ̂SML = arg max
θ

∑
i

∑
q

dir ln Q̄s
ir(θ). (23)

An alternative approach which is now widely applied is the Method of Simulated Moments (MSM)

proposed by Pakes and Pollard (1989) and McFadden (1989). It uses a transformation of the

first-order condition from Equation ?? to generate a moment condition:

E
[
Zi

(
di − Q̄s

i (θ)
)]

= 0 (24)

where di and Q̄s
i (θ) are stacked vectors of all dir and Q̄s

ir(θ), and Zi is a matrix of instrumental

15To take importance sampling draws for a particular consumer i, I use a preliminary estimate of the parameters,
θ0, to generate a simulated approximation of the probability Q̄0

ir(θ0) for i’s observed choice r. Since this is calculated
only once for each i, it can be approximated with a large number of simulation draws. I then draw νi from the
distribution:

H(ν|wi, r, θ, θ0) =
Qr(wi, ν, θ0)φ(ν|θ)

Q̄0
ir(θ0)

. (21)

The simulated probabilities are then formed as a weighted average over S draws from H(ν|wi, r, θ, θ0):

Q̄s
ir(θ) =

1

S

∑
s

Qr(wi, νs, θ)W (wi, νs, θ, θ0) (22)

where W (wi,νs, θ, θ0) = Q̄0
ir(θ0)φ(ν|θ)/Qr(wi, ν, θ0) Drawing from H() is simple since it is just the distribution of ν

conditional on choice r, and draws can thus be taken using an acceptance-rejection method. In a later draft, I will
provide estimates of the variance reduction of importance sampling over a crude simulator.
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variables with column-dimension equal to the total number of choices r and row-dimension equal

to the number of parameters in θ; the identifying assumption is that Zi is orthogonal to both the

simulation error and the unobservables. McFadden (1989) shows that the estimator will be efficient

when the instruments are equal to the derivative of the choice probabilities:

Z∗
i =

∂Q̄s
i (θ)

′

∂θ
. (25)

Standard practice is thus to form an approximation of the optimal instruments, Zs
i , by averaging

the derivative at a preliminary parameter estimate θ̂0 over a large number of simulation draws of

ν. Since the number of moment equations will be equal to the number of parameters, we can then

define the MSM estimator:

θ̂MSM = arg max
θ

[
d− Q̄s(θ)

]
ZsZs′ [d− Q̄s(θ)

]
, (26)

letting variables without i subscripts represent vectors stacked across all observations.

The main attraction of the MSM estimator is the fact that the simulated probabilities Q̄s(θ)

enter linearly, and the simulation error will therefore cancel out as the summation is taken over

larger and larger N . This means that the MSM estimator is consistent as N →∞ for a fixed number

of simulation draws, while SML also requires S → ∞ with
√

S/N = O(1) for consistency. On the

other hand, efficiency requires the optimal instruments to be calculated exactly, and performance

of MSM can be quite poor when the preliminary parameter estimate used to generate them is

inaccurate (see Gourieroux and Monfort 1996 for a discussion). Furthermore, calculating the sample
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analogue of the moments in Equation ?? requires simulations of Q̄s
r(θ) and its derivatives for all

choices r, rather than just the observed choices which are required for SML. The latter is particularly

costly in models with panel data, and in my own experiments I find the computation time of MSM

to be more than 10 times that of SML.

For the results presented here, I will use SML to obtain a preliminary estimator to calculate

the MSM instruments and then use MSM for the final estimator.16 This is tractable in the current

setup because the choice set has only three goods. In applications with larger choice sets, however,

I expect estimation will need to procede using SML. In my experience thus far, the bias can be

rendered negligible for a reasonable number of simulation draws, and there are tests available to

verify that the number of SML draws is sufficient.17 I use 100 draws per observation for the SML

estimates and 5 draws per observation for the MSM.18

5 Results

5.1 Parameter Estimates

Table 3 displays MSM estimates for the parameters of the full model. Almost all the coefficients in

the utility of the Post and post.com are significant, as are half the coefficients in the utility of the

Times. On the whole, the coefficients correspond closely to what we would have expectated, both

for readership of print and online newspapers in general, and for the specific case of the Post and

16In the SML estimates, I use the first-order bias correction suggested by Gourieroux and Monfort (1996).
17See, for example, Hajivassiliou (2000).
18In a later draft, I will either increase the number of MSM draws or abandon it in favor of SML. Even starting

with a good preliminary estimate, MSM with 5 draws took approximately 20 times as long as SML with 100 draws
started from a random value.
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the Times.

The coefficients in the utility of the Post are consistent with its reputation as a relatively high-

brow, liberal newspaper. Education, sex, and income coefficients are all positive and significant.

Considering a consumer with characteristics at the mean of the data, college attendance, graduate

school attendance, and an extra $10,000 of household income increase the probability of choosing

the Post by 17%, 4%, and 1% respectively, while being male increases the probability by 8% (only

the graduate school coefficient misses significance at the 5% level). Being a registered Democrat

increases the probability by 6% on the margin, while being a registered Republican has a negative

(though insignificant) effect of 3%. Age has a positive impact, with an additional 10 years of age

adding 7% to the probability, and living 5 years longer in the DC area adds 2%. The single strongest

effect is living outside of the DC metro area, which makes one 44% less likely to read the Post.19

The coefficients of post.com utility are of the same sign as the Post coefficients, though of slightly

smaller magnitudes. The notable exceptions are age and time lived in DC: adding ten years of age

decreases the probability of a mean consumer choosing the post.com by .6% and living in DC five

years longer decreases the probability by .3% (note that all of the post.com marginal effects are

much smaller than for the Post since at the mean the probability of choosing the post.com, 2.5%,

is itself much smaller). Both of these effects are consistent with a widely cited belief in the industry

that the online edition has the potential to reach out to younger, more mobile consumers who do

not fit the profile of the typical Post reader, though the magnitudes suggest that this strategy may

19One additional result that is perhaps surprising is that non-whites are significantly more likely to read all three
papers. This may be accurate, or else the non-white dummy may be picking up a finer effect of geographic variation
than is captured by the non-metro dummy (the fraction of non-whites is substantially higher in the central city). In
a later draft, I will attempt to disentangle this and I will discuss it at more length.
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have limited effectiveness.

The coefficients on utilty of the Times are also consistent with its reputation as slightly less

high-brow and much more conservative than the Post. Most notably, registered Republicans are

significantly more likely, and registered Democrats significantly less likely to choose the Times; the

marginal effects are +.09% and -.08% respectively, which are quite large viewed relative to the base

probability of the mean consumer choosing the Times, which is .08%. While the effects sex and

living outside of the DC metro area are similar to those in the Post’s utility, education and income

are now insignificant, and the sign on the college dummy is actually negative.

Results are mixed on the variables that I hypothesized could be viewed as excluded from the

utility of either print or online newspapers. On one hand, the predicted effects on the goods

whose utility they were expected to affect are strong and significant. Subway ridership is strongly

related to readership of the Post, with an effect of 13% at the margin, and all of the web-related

variables strongly predict readership of the post.com. On the other hand, subway ridership has

a significantly positive effect on post.com readership, and having internet access at home has a

significantly positive effect on reading the Post, both of which effects were expected to be zero.

There are a few possible explanations for this. One is simple omitted variables bias. This is certainly

possible, though many of the most obvious potentially correlated variables (occupation, income)

are already included. However, we might think that unobserved variation in how much time people

spend at home could affect both the choice to install internet access and newspaper readership. A

second explanation is that the control variables included in γj do not pick up all the heterogeneity

in Γij , and that this heterogeneity is being picked up by the coefficients on “web at home” and

“subway.” I discuss this below in the section on robustness checks; the results there suggest that
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this is not the explanation.20

A final, and more interesting explanation is that the “web at home” and “subway” coefficients

reflect an unmodelled dynamic demand relationship. Specifically, we might hypothesize that reading

the Post one day increases the utility of reading the post.com on subsequent days, and that a similar

effect would flow from the post.com to the Post. This could be because readers become familiar

with the format and style of the paper, get to know particular reporters and columnists, or develop

brand loyalty, all of which could be transferable between the print and online editions. If this were

the case, any characteristic that affects Post readership would have an upwardly biased coefficient

in the post.com regression and vice versa. The length of the panel in this data is too short to

allow such an effect to be estimated directly. However, the reduced form IV results above suggest

that there is some durable complementarity between the Post and post.com. Because, as shown

below, the estimates in the full model show that no complementarity exists within the timeframe

of a single day, there is at least a suggestion that such dynamic effects may be important.

Table 4 shows the estimated covariance matrix of the unobservables νi, along with the sample

covariance of the estimated utility from observables. I estimate that the utility of the Post and

post.com are more correlated than the observables alone would predict, and that the utilities of

both the Post and post.com are less positively correlated than the observables would predict. The

table also shows that the variance of the unobservable component of the Times utility is quite

large, reflecting the fact that Times consumption is much more consistent over days than the

small probabilities from the model without unobservables would allow. Comparing the relative

20Note that in the present draft there are no γj coefficients estimated, nor is there a robustness section. Both will
be included in subsequent versions. Preliminary estimation allowing Γij to depend on the subway and web variables,
however, suggest that this does not eliminate the counter-intuitive effects.
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magnitudes of the observables and unobservable utility components shows that the unobservables

play a key role in allowing the model to fit the data. I do not currently have standard errors for the

covariance terms, but inspecting the estimates suggests that the variance terms are significantly

different from zero, while the co-variance terms generally are not.

The overall fit of the model can be measured in a number of ways. One is to look at the fit of

the aggregate predictions. A simulation of choices from the model matches the aggregate shares

quite closely: for the 8 different bundles, the simulated share never differs from the actual share

by more than .6%, and the overall MSE is 1.8 ∗ 10−5. We can also look on a more micro level at

how well the model is able to fit consumer heterogeneity. One way to see this is to compare the

predicted probabilities of a particular choice for consumers who actually consumed that choice to

the predicted probabilities for those who did not. Table 5 displays this comparison. Overall, the fit

appears quite good, with the predicted probability of choosing a particular choice nearly 10 times

greater on average for those who chose it than those who did not.21

5.2 Supply Parameters and Price Coefficient

As mentioned earlier, the lack of price variation in the data will prevent me from endogenously

estimating the supply-side paramters in Equation ??. The firm’s optimality conditions are very

important, however, as they allow me to obtain a rough estimate of the price-elasticity for use in

welfare computations.

To calculate the marginal advertising revenue ap and aw, I assume that the quantity of adver-

21The average here is over choices. Note that the fitted values include both observables and expected values of the
unobservables.
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tising space both print and online is fixed (at least over small variations in readership), and the

print and online advertising markets are competitive with a fixed prices per-reader-per-day. Note

that this abstracts from many important features of the advertising market, including differential

values for different types of consumers, the extent to which the same reader on two consecutive

days is valued differently from two different readers, and possible market power of the Washington

Post.

To calculate the marginal advertising revenue from an additional reader per-day, we can thus

divide total advertising revenue by the number of daily readers. For 2001, the Washington Post had

total print advertising revenue of $574.3 million dollars, or $1.57 million per day (Washington Post

Company 2001). With a combined daily and Sunday circulation of 1,075,918, this gives αp = 1.46.22

Online advertising revenue is not made public, but I employ two sources of information to get a

ballpark figure. First, total revenue for the Washington Post’s online division was $30.4 million for

2001 (Washington Post Company 2001), of which the majority was apparently advertising revenue

for the washingtonpost.com. If this revenue were entirely from post.com advertising, the daily

online readership of 370,000 would imply αw = .225, which we can interpret as an upper bound.

Second, Competitive Media Research tracks online advertising spending for major websites. While

they do not track the post.com, they were willing to give me June 2001 advertising revenue for

the New York Times online edition. If we assume that this month was representative, nytimes.com

revenue for 2001 was $32.4 million, which, combined with nytimes.com readership statistics from

Media Metrix, yields αw = .160.23 I will use this second figure as a point estimate, but also check

22Note that this needs to be adjusted to take account of Sunday and daily circulation differently.
23CMR reports that June, 2001 advertising revenue for nytimes.com was $2,701,085. Media Metrix reports the

number of unique readers of nytimes.com in July, 2001 at 5,034,000. Assuming that the ratio of monthly to daily
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the robustness of the results to varying αw from .1 to .225.24

The final parameter we need is the marginal cost of printing and distribution for an additional

print copy. According to industry sources, the largest componenet of marginal cost is newsprint.

The Washingon Post’s newsprint consumption in 2001 was 226,796 metric tons (Editor and Pub-

lisher 2001), and average prices were $625 per metric ton. Using these figures along with Post

circulation and average number of pages per issue, I estimate that the newsprint cost was 42 cents

per daily issue. Considering that there are additional marginal costs of ink and distribution, I will

estimate cp = .5 and check robustness to values ranging from .4 to .6. Combining these figures

with the $.25 cover price of the Washington Post print edition, I estimate that the Washington

Post Company’s marginal profit per day from an additional print reader is $1.21.

I estimate the price elasticity directly from the optimality condition of the Washington Post

Company: that the profit in Equation # not be higher for increases or decreases in the cover price.25

From the demand system, I find that the own-price elasticity of the Washington Post is 626,493α,

where α is the price coefficient to be estimated. Plugging this into the firm’s first-order condition,

along with the assumed advertising and cost parameters, I find that we must have α = −2.98. This

means that a 10 cent change in price has a similar effect on Post utility to being a democrat rather

than unregistered, being male rather than female, 10 years of age, and about 40% of the effect of

readership at the nytimes.com was the same as at the washingtonpost.com, this implies a daily nytimes.com readership
of 562,883 (this is probably a lower bound, since the daily figure used for the washingtonpost.com only counts readers
in the DC metro area, and so overstates the monthly-daily ratio).

24Note that the robustness checks are not yet written up in the present draft.
25A few notes are in order. First, as mentioned before, in this draft I actually calculate this from the first order

condition and not a discrete variation. Second, I will need to be a little more careful about how to treat subscriptions.
The current estimates assume that the subscription price per day is equal to the cover price and that it has the same
elasticity. In reality, both the price and the elasticity are probably lower (the latter because of the bundling effect),
and it’s not clear what the ratio is. I do know which consumers are subscribers, so in a future version I may use the
optimality condition for single-copy sales only, ignoring possible substitution to or away from subscriptions. In this
version, I also do not allow for heterogeneity in α.

37



having a college education.

5.3 Substitutes or Complements?

One of the major questions this paper seeks to answer is whether the introduction of the post.com

has a significant crowding out effect on demand for the Post, and more generally, to what extent all

of the media products are either substitutes or complements. The reduced form results in Section

II provided some evidence: based on simple specifications, it appears that far from crowding each

other out, the Post and post.com are actually strong complements; both the Post and the post.com

also appeared to be strong complements to the Times. We can now see how these conclusions

change in the full model.

Table 6 shows the estimated interaction terms, Γj . As discussed above, these can be viewed as

an intuitive measure of the extent to which goods are substitutes or complements, though they do

not necessaily have a simple relationship to the cross-price elasticities. Most strikingly, the apparent

complementarity between the Post and post.com has disappeared, and the two products are now

estimated to be substitutes, with a Γj for the Post-post.com bundle of -.4397. On the other hand, the

complementarity between both Post editions and the Times remains, their Γj being 1.87. However,

the relatively large standard errors suggest that neither interaction is signifiantly different from

zero (in contrast to the reduced form regressions where the interaction was strongly significant).26

A conservative conclusion would be that the products are roughly independent, noting that there

is some evidence for Post-Times complementarity.

26These standard errors are inflated, however, because they are based on MSM estimates with only 5 simulation
draws; in future versions, I will either increase the number of draws or report results from SML (where I can use a
much larger number of draws).
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In Table 7, I report the estimated price derivatives of demand. The own-price derivatives imply

that a 1 cent increase in own price would lead to a loss of 19,546 Post readers, 8,350 post.com

readers, and 4071 Times readers. This is equivalent to 1.1% of Post circulation, 2.5% of post.com

circulation, and 1.7% of Times circulation, and implies own-price elasticities of .29 and .43 for the

Post and Times respectively (we cannot calculate an elasticity for the post.com since its price is

zero). Turning to the cross-derivatives, we find that their signs follow the pattern of the Γj exactly:

the Post and post.com are substitutes (with a positive cross-price elasticity) and both the pairs

Post-Times and post.com-Times are complements (with a positive cross-price elasticity). Relative

to both the own-price derivatives and total circulation, however, the effects are quite small. A

1-cent increase in the price of the post.com leads to an increase in Post readership of 643 (or .04%)

and a decrease in Times readership of 501 (or .2%). Thus, once again, the overall conclusion would

seem to be that there is no evidence for substantial crowding out, and all three products appear to

be roughly independent.

To see what aspects of the full model led the conclusion of the reduced-form analysis to be

reversed, Table 8 presents Γj terms and cross-price elasticities for a sequence of simpler models

building up to the full one. Adding observed characteristics and panel data each reduce the esti-

mated complementarity of all pairs of products. Allowing for unobservable characteristics further

reduces the Post-post.com complementarity while increasing the estimated complementarity of the

Post editions and the Times. Thus, demand for the newspapers in this data follows a similar pattern

to the expensive wine-expensive cars example given earlier: they are frequently consumed together

and thus appear to be complements in a simple analysis, but in fact the apparent complementarity

is mainly driven by consumer heterogeneity.

39



5.4 Welfare Analysis: Consumer Surplus

From the estimated demand parameters, it is a fairly straightforward exercise to calculate the

welfare effects of an individual product. For consumer surplus we need can calculate the gain in

utility terms as:

∆Ui(j) = E(ûi(ūi1, ..., ūiJ)|di)− E(ûi(ūi1, ..., ūij−1,ūij+1,...ūiJ)|di), (27)

where ûi is the expected per-day utility of consumer i given a set of mean utilities (each of which

is a function of the νi). This is therefore conditioned on νi. A standard result shows that the

expected utility in a multinomial logit model is equal to27

ûi(ūi1, ..., ūiJ) = ln

∑
j

eūij

 . (28)

The expectations in Equation ?? are integrated over νi conditional on observed choices (as opposed

to the integrals over εijt which, since the errors are independent, are unconditional).We can therefore

estimate the above expectations by simulation:

E(ûi(ūi1, ..., ūiJ)|di) =
S∑

s=1

ln

∑
j

eūij(νis)

P (νis|di) (29)

27See Anderson, de Palma, adn Thisse for a derivation.
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where each νis is an independent draw from the estimated (unconditional) distribution of unob-

servables, and the conditional probability is:

P (νis|di) =
Pij(νis)f(νis)

P̄ij
. (30)

The figures in utils can be converted to dollars by dividing by the price elasticity and then aggre-

gated:

∆CS(j) =
∑

i

α∆Ui(j). (31)

A number of caveats should be emphasized about the validity of these figures, however. First, we

don’t actually see prices varying over a large range so we are depending heavily on the assumption

of quasi-linearity that allows utils to be converted into dollars at a constant rate. It is variation

in consumer characteristics that allows us to map out the demand curve against the scale given

by the normalized εijt distribution. Second, using a single firm’s optimality condition to estimate

the price elasticity can be no more than a rough guide to consumers’ sensitivity to price, and it

depends heavily on the accuracy of the approximations to advertising revenue and marginal costs.

The results of this calculation are presented in the first part of Table 9. We can get some idea of

the welfare effects of the post.com independent of the estimated price coefficient by looking at the

surplus to post.com readers relative to the surplus of print readers. I find that the average post.com

reader’s surplus is 66% of the average print reader’s surplus. Aggregating over readers, this means

that the total consumer welfare gain from the post.com is about 13% of the total print surplus. In

dollars, I find that the average Post reader would be willing to pay $.41 over the $.25 cover price to
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read the paper. The average post.com reader would be willing to pay $.27, and the average Times

reader would be willing to pay $.08. The total consumer surplus gain to the post.com is $88,174

per day, or $32.2 million per year.

5.5 Welfare Analysis: Producer Surplus

The calculation of producer surplus is even easier. Given estimates for the advertising and marginal

cost parameters, the gain to a given company from the addition of a particular product can be

calculated by simulating the change in demand when that product is removed, and calculating the

resulting change in profit from Equation ??.

Thus, I first simulate the changes in demand. The results are presented in Table 10. They

reflect the conclusion above that the three products are nearly independent in demand, as the

change in demand for remaining products when some product is removed is never more than 15%.

The answer to the question of how the introduction of the post.com has affected readership of the

print newspapers is: “not much.” Of the 329,000 post.com readers, only 15,500 (on net) would

switch to the Post if the post.com were removed, and the increase in Post circulation would be only

.9%. The effect on Times readership would be even smaller.

One feature that may seem strage at first is that the effects are asymmetric: removing the

post.com increases Post readership, but removing the Post decreases post.com readership. This

reflects an intuitive fact about consumer heterogeneity in the market: those who choose to read

only the post.com on average have a high utility for the Post (making it their second choice) whereas

those who read only the Post have a relatively low utility for the post.com (meaning they are more

likely to switch to the outside alternative).

42



These demand effects are translated into dollars in Table 11. I estimate that the introduction of

the post.com does canibalize Post demand. However, the cost of this canibalization, at $4.6 million,

is substantially less than the $30.4 million of revenue generated by the post.com, making the net

effect on the Washington Post Company a gain of $25.8 million. The effect on the Washington Times

is negligible, with the few customers gained from the post.com-Times complementarity increasing

revenues by $328,000.

Based on these results, can we understand the decision of the Post Company to introduce an

online edition? The answer, of course, hinges on the operating costs of the online division. While

these numbers are not made public, one report estimated the post.com’s operating costs for 1999

at $90 million (American Spectator 2000). By any measure, costs at this level would appear to be

unsustainable for the firm: even if they could price discriminate perfectly and capture all of the

surplus from the online edition, they would still be losing roughly $30 million. Another way to say

this is that the post.com would clearly appear to be costing society more than it is worth.

Some anecdotal evidence, however, suggests that the long-run operating costs may be sub-

stantially lower than this. Much of this $90 million expense went to marketing and promotional

activities that were viewed as a long-term investment in building a readership base. For many

online papers, they also included purchases of dot-com startups, experiments with new technolo-

gies, and other costs associated with the technology bubble of the late 1990’s. Some evidence for

this contention comes from an analysis of the financial reports of New York Times Digital, which

does make its costs public. They reported costs of $57.8 million, $136.6 million, and $67.6 million

for 1999, 2000, and 2001 respectively (on revenues of $44 million, $67 million, and $60 million).

They have also reported a profit for the first three quarters of 2002 (New York Times Company
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2001, 2002). While differences in accounting structure make comparing these numbers across firms

difficult28, they do reflect a similar balooning of costs around the end of the dot-com bubble, and

suggest that costs for the post.com may similarly come down, at least to the $60 million level

recently achieved by the Times. In order for the online edition to be profitable, however, there

must either be a rebound in the online advertising market or a reduction of costs well below $60

million.

6 Conclusions

The main contribution of this paper has been to estimate a multiple-discrete choice demand model

in which goods were allowed to be either substitutes or complements. This demand system was

then used to estimate the value of an online newspaper to both consumers and firms.

To the question of whether print media will survive the growth of online news, this data delivers

a strong yes. While the print and online editions of the Washington Post are estimated to be

substitutes, the interaction is not significantly different from zero, and the estimated number of

print readers lost is a small fraction of either the print or the online edition’s total readership. At no

point in either the reduced form or structural results is their any evidence of strong substitutability.

The more important question, it seems, is whether the online edition itself will survive. This

hinges on the future trajectory of the post.com’s operating costs, a subject about which little data is

available. In light of the figures on both consumer and producer surplus, however, these costs would

have to be reduced substantially from their historical levels for the post.com to achieve profitability

28See for example online report
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(barring a dramatic increase in online advertising demand). This conclusion would remain true

even if the post.com were able to begin charging positive prices and capture a significant share of

the consumer surplus.

From the perspective of society, the online newspaper as it stands is not a product whose

benefits clearly outweigh its costs. It may well be that cost reductions, technology improvements,

and growth in advertising will all combine to change this conclusion, and we may view the high

costs of the late 1990’s as a valuable long-term investment. On the other hand, we may find that

many aspects of online newspapers–interactive features, independent reporting staffs and editors,

top-quality graphic design–provide benefits insufficient to justify their high costs, and that the

online product will have to be reduced to a more stripped down presentation of the print edition’s

content supplemented by breaking stories from the news wires.

I am hopeful that some of the methodology here may find application in other settings. The

question of estimating complementarity is clearly important, for example, in markets for pharma-

ceuticals, electronics, food products, automobiles, and any setting where goods have a hardware-

software component. All of these could potentially be addressed with a direct translation of this

framework, though some aspects of the data such as its panel structure may be difficult to replicate

elsewhere.

There are also a number of natural extensions. One would be to consider how in other settings

the Γij interaction terms could be respecified in terms of measurable product characteristics. An-

other would be to develop a strategy closer to Berry Levinsohn and Pakes (1995) that would allow

complementarity to be estimated from macro data.
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Figure 1: Circulation of Newspapers in Washington DC (1961-present)
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(number of consumers)

Read post.com:
No Yes

Read Post:    No 4481 255
Yes 2932 371

Read Times
No Yes

Read Post:    No 4580 156
Yes 3012 291

Table 1:  Post, post.com, and Times Readership



Dependent Variable: Read Post
Read post.com .3284

(.0557)
Read Times .3877

(.0648)

Dependent Variable: Read post.com
Read Post .7592

(.1964)
Read Times -.0968

(.0341)

N 8039

Notes:  Standard errors in parentheses. Results are from 2SLS
regressions with listed RHS variables as well as consumer charactersics
listed in Table 3. Instruments for post.com are fast internet
connection, web at work, sum of other uses, and amoun spent
on internet purchases.

Table 2:  Reduced-Form Regression Coefficients



Table 3:  Parameter Estimates (Full Model)
W Post post.com W Times

Male .377 .0595 .8965
(.1202) (.1238) (.3814)

Age .029 -.026 .0126
(.0104) (.009) (.0115)

College .7797 .6073 -.227
(.2191) (.1728) (.3421)

Grad School .171 .0314 .3438
(.0971) (.1159) (.3471)

Non-White .3646 .2716 1.2697
(.1088) (.144) (.521)

Democrat .2578 .2551 -.9328
(.0716) (.1096) (.3683)

Republican -.1272 .2132 1.1367
(.1516) (.155) (.4524)

HH Income .0604 .0058 .0391
(.0194) (.0086) (.0224)

Non-Metro -1.9463 -.5074 -2.1796
(.59) (.1751) (.9016)

Time Lived in DC .0989 -.122 -.1285
(.0458) (.0669) (.1533)

Subway .5812 .3917 .1231
(.1522) (.1525) (.3574)

Web at Work .0869 .5596 .2472
(.0883) (.1636) (.3016)

Web at Home .4741 .4219 .0394
(.151) (.1444) (.3422)

Web Uses .0162 .197 .0127
(.0219) (.0612) (.0859)

Professional .1782 .4975 .0188
(.0979) (.1525) (.2998)

Constant -3.333 -3.091 -7.3103
(.9878) (.9012) (2.2909)

Unobs 1 .73 . .
(2.864) (.) (.)

Unobs 2 -1.0619 -.9659 .
(.9203) (1.0817) (.)

Unobs 3 -.2117 -.4768 2.8076
(.4957) (.6226) (1.2363)

N 8039
Notes:  standard errors in parentheses



Table 4:  Covariance of Consumer Characteristics

Observable Characteristics
W Post post.com W Times

W Post 2.093
post.com .965 1.767
W Times 1.397 .777 2.224

Unobservable Characteristics
W Post post.com W Times

W Post 1.705
post.com 1.128 1.163
W Times -.593 -1.344 7.905



did choose j did not choose j
outside good 0.731 0.3456
Post 0.5186 0.2313
post.com 0.0946 0.0322
Times 0.1661 0.0109
Post & post.com 0.2212 0.0304
Post & Times 0.2566 0.0179
post.com & Times 0.0416 0.0033
all 3 goods 0.0998 0.0042

Table 5:  Predicted Probabilities of Each Choice



coeff std. error
Post & post.com -.4397 .4323
post.com & Times 1.1518 .782
Post & Times 1.8655 1.4389
Post & post.com & Times 2.0318 1.1397

Table 6:  Interaction Terms



(Change in demand per $.01 change in price)

W Post post.com W Times
W Post -19546.4
post.com 643. -8350.2
W Times -608.5 -500.8 -4070.6

Table 7:  Cross-Derivatives of Demand (Full Model)



Table 8:  Cross-Derivatives of Demand (Decomposition)

No Consumer Heterogeneity, no Dynamics:
Post-post.com: -14625.6
Post-Times: -13453.6

Observables Only, no Dynamics:
Post-post.com: -9030.5
Post-Times: -10541.1

Observables Only, with Dynamics
Post-post.com: -4213.2
Post-Times: -7222.3

Full Model
Post-post.com: 643.0
Post-Times: -608.5



Per Consumer as % of Print 66%
Per Consumer in $ per day $0.27
Total as % of Print 13%
Total in $ per day $88,174
Total in $ per year $32,183,510

Table 9: Consumer Surplus Gain from post.com



Take out Washington Post
Washington Post Readers 1,712,270
Change in Circ of post.com -21,823 (-6.6%)
Change in Circ of Times -34,715 (-14.5%)

Take out washingtonpost.com
washingtonpost.com Readers 329,045
Change in Circ of Post 15,558 (.9%)
Change in Circ of Times -1,112 (-.4%)

Take out Washington Times
Washington Times Readers 239,380
Change in Circ of Post -66,419 (-3.9%)
Change in Circ of post.com 3,641 (1.1%)

Table 10:  Changes in Circulation



Producer Surplus:

∆ W. Post Revenue -$4,586,556
∆ post.com Revenue $30,400,000
∆ W. Times Revenue $327,838
∆ Washington Post Co. $25,813,444

Table 11: Producer Surplus Effects of post.com


