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Abstract

This paper develops techniques to analyze the adoption decisions of agents for plat-
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impact of vertical integration and exclusive contracting in the sixth-generation of the
U.S. videogame industry (2000-2005). I introduce a framework to structurally esti-
mate consumer demand in these markets that (i) simultaneously estimates hardware
(platform) and software adoption; (ii) accounts for dynamic issues including the dura-
bility of goods, timing of purchases, and selection of heterogeneous consumers across
platforms; and (iii) explicitly recovers the marginal cont ribution of an individual soft-
ware title. Failure to account for dynamics, heterogeneity, and multiple hardware
purchases signi�cantly biases estimates. I next specify a dynamic network formation
game to model the hardware adoption decisions of software providers, and compute
the new equilibrium industry structure if exclusive vertic al arrangements were prohib-
ited. Counterfactual experiments indicate banning exclusivity would primarily bene�t
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1 Introduction

In most networked industries, consumers adopt, join, or visit a platform in order to access

goods or services provided by �rms who are also a�liated withthe same platform. Also

known as platform or two-sided markets, these industries include hardware-software mar-

kets, content and media markets, retail marketplaces, payment systems, and buyer-seller

networks.1 Often certain �rms and their products have signi�cant market power over con-

sumers, inducing consumers to adopt the platform(s) that they have joined. Via exclusive

contracts or vertical integration, platforms compete �ercely with one another to get such

�rms and products exclusively \onboard" in order to dominate the market. This paper

studies these exclusive vertical arrangements between platforms and �rms and measures

their impact on industry structure and competition.

Whether or not such arrangements are primarily pro- or anti-competitive or harmful

to consumers is still a source of active debate and an open empirical question. On the one

hand, exclusive contracts raise anti-competitive issues since they may deter entry or foreclose

rivals;2 these concerns may be exacerbated by the presence of networkexternalities.3 From

a consumer welfare perspective, these vertical arrangements can limit consumer choice by

preventing consumers on competing platforms from accessing exclusive content, products, or

services. On the other hand, theory has argued that exclusive arrangements may also have

pro-competitive bene�ts, such as encouraging investment and e�ort provision by contracting

partners.4 In networked industries, integration by a platform provider may be e�ective in

solving the \chicken-and-egg" coordination problem, one of the fundamental barriers to entry

discussed in the two-sided market literature. Furthermore, exclusivity may be an integral

tool used by entrant platforms to break into established markets: by preventing contracting

partners from supporting the incumbent, an entrant can gaina competitive advantage, spur

adoption of its own platform, and thereby spark greater platform competition.

Given the growing prevalence of networked and platform industries, resolving this theo-

retical ambiguity is of central importance for policy and regulation. The competitive impli-

cations of integration and exclusive contracting were at the heart of several recent prominent

antitrust cases { e.g.,U.S. v. Microsoft [253 F.3d 34 (2001)],European Union v. Microsoft

[COMP/C-3/37.792 (2004)], andU.S. v. Visa [344 F.3d 229 (2003)] { and also are the main

issues to consider whenever evaluating exclusive carriagedeals in the media industry, or

opening up closed hardware-software systems to competitors.

1C.f. Rochet and Tirole (2006).
2Mathewson and Winter (1987), Rasmusen, Ramseyer, and Wiley (1991), Bernheim and Whinston

(1998).
3 Shapiro (1999).
4Marvel (1982), Klein (1988), Besanko and Perry (1993), Segal and Whinston (2000).
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This paper has two primary objectives. The �rst is to contribute to the literature on ex-

clusivity by studying a canonical hardware-software market { the sixth-generation of the U.S.

videogame industry (2000-2005) { and measuring empirically the impact of exclusive verti-

cal arrangements between hardware platforms and software �rms. By comprising multiple

di�erentiated hardware platforms each with its own distinct base of software, the videogame

industry exhibits features easily generalizable to a variety of networked environments; ad-

ditionally, given the poor substitutability of videogame software, focusing on this industry

abstracts away from potential anti-competitive e�ects in software development and instead

focuses on foreclosure and entry-deterrence in hardware provision alone.

The second objective of the paper is to provide a framework for analyzing the adoption

decisions of consumers and �rms for competing platform intermediaries. Understanding how

parties on each side of the market choose which platform(s) to join is required not only for

analyzing the impact of exclusive arrangements, but also for evaluating any change in the

competitive structure of a networked industry. I develop a structural discrete choice model of

consumer demand that contributes to the literature on estimating indirect network e�ects by

(i) simultaneously estimating hardware and software adoption, (ii) accounting for dynamic

issues including the durability of goods, timing of purchases, and selection of heterogeneous

consumers across platforms, and (iii) explicitly recovering the marginal contribution of an

individual software title. Estimates from the demand system indicate that a platform's gains

from exclusive access to certain software titles can be large: although most titles do not have

any substantial impact on hardware sales, the presence of a single hit title may be able to

increase the installed base of a hardware provider by 8%. Failure to account for dynamics,

heterogeneity, and multiple purchases by consumers signi�cantly biases results and can yield

unrealistic predictions. The framework also includes the recovery of costs borne by software

providers to support an additional platform (\porting" costs), the speci�cation of a dynamic

network formation game in which consumers and software �rmsstrategically choose which

platforms to join, and the computation of a new industry equilibrium.

Via a counterfactual experiment, the paper simulates forward the industry structure had

hardware providers been unable to develop their own exclusive software or write exclusive

contracts with software providers. The counterfactual explicitly focuses on the adoption de-

cisions of software �rms and consumers in the absence of exclusivity, and abstracts away from

many potential issues: platform providers are assumed to o�er the same non-discriminatory

contracts to all �rms, investment and product qualities do not change, and prices, entry, and

exit of all products are held �xed. Though this framework canbe extended to allow for a

greater range of dynamics and strategic choices, a full equilibrium model of dynamic con-

tracting, investment, pricing, and entry/exit is beyond the scope of the paper. Consequently,

the current analysis cannot fully account for all potentialresponses to a change in regime;
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at the same time, insights gleaned from focusing only on equilibrium adoption decisions by

consumers and software �rms may still prove useful for guiding future research and policy.

The main �nding of this paper, focusing on re-contracting decisions alone, is that banning

exclusive arrangements between hardware platforms and software publishers bene�ts the

incumbent and harms the smaller entrant platforms: the incumbent would have sold nearly

200M more software titles and realized an additional $1.3B in pro�ts if platforms could

not integrate or contract exclusively with software providers. The intuition is as follows:

without exclusive arrangements, the developers of high quality software would have primarily

developed titles for the incumbent due to its larger installed base, and only later, if at all,

developed a version for either entrant platform; as a result, neither entrant platform would

have been able to o�er consumers any signi�cant bene�t over the incumbent. Exclusive

access to certain software titles, however, could create a competitive advantage, and was

leveraged by the entrants to gain traction in this networkedindustry. However, if exclusive

vertical arrangements were prohibited, consumers may havebene�tted from access to a

greater selection of software titles onboard any given platform: consumer welfare would have

increased by approximately $.6B during the �ve-year periodwithout exclusivity.

As noted, these are partial results in that they hold �xed pricing, investment, and the

entry/exit decisions of products; whether or not consumerswould have been better or worse

o� depends crucially on how software production would have responded to the absence of

exclusive arrangements, and how the dominant platform would have reacted to its increased

market power. Alternative partial counterfactuals are runto test the robustness of results.

E.g., the inability to integrate may have reduced investment in previously integrated \�rst-

party" titles; if these integrated titles were no longer produced, not only do entrant platforms

perform worse, but consumer welfare is predicted to fall by a$.9B. Indeed, consumer welfare

also falls if entrant platforms were allowed to exit, or the incumbent raised prices on its con-

sole by $200 (which it would �nd pro�table to do). Although th is highlights the importance

of accounting for a greater range of dynamic e�ects when evaluating welfare consequences,

all of these robustness checks still predict that the lack ofexclusionary vertical agreements

seem to favor the incumbent platform provider.5

1.1 Related Literature

Previous empirical work on measuring the e�ects of exclusive contracting and vertical inte-

gration has primarily focused on supply-side consequencesand the threat of \upstream" fore-

5One important note: this analysis does not apply to \forced exclusive" contracts { in which a software
developer is not allowed to release software for a hardware platform unless it did so exclusively { as these
contracts have not been utilized within the videogame industry since the early 1990's (see Section 2 for more
discussion); courts have ruled them to be anti-competitivein other industries (e.g., U.S. v. Visa).
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closure (e.g., Chipty (2001), Asker (2004), Sass (2005); c.f. Lafontaine and Slade (2008)).6

In contrast, this paper focuses on \downstream" competition, and how exclusivity interacts

with the networked aspect of the industry to either deter or enable platform entry.

The �rst part of this paper develops and estimates a structural model of dynamic con-

sumer demand in hardware-software markets, which builds onthe discrete choice demand lit-

erature (c.f. Lancaster (1971), McFadden (1973), Berry (1994), Berry, Levinsohn, and Pakes

(1995)). Importantly, the model developed in this paper accounts for dynamic concerns

such as the durability of goods and agents' timing of purchases. I utilize and adapt pre-

viously introduced techniques for incorporating dynamics(Rust (1987), Melnikov (2001),

Hendel and Nevo (2006), Gowrisankaran and Rysman (2007)), and extend them by account

for seasonality e�ects, the persistence of unobservable product characteristics (whose initial

values may be endogenous), and more general evolution process for product qualities.7 Fur-

thermore, this paper controls for the selection of heterogeneous consumers onto and across

platforms using only aggregate data by simultaneously estimating both hardware and soft-

ware demand and introducing an additional �xed point routine within the estimation.8

Most papers that have estimated demand in platform markets have done so in a static

environment without accounting for consumer heterogeneity and selection; furthermore, most

have ignored or adopted a reduced form approach to one side ofthe market, proxying for

software utility as a function of only the number of softwaretitles available.9 However,

often consumers select which platform to purchase based on the presence of a particular \hit

title" or \killer application," and thus the identity of sof tware titles matters. This model

endogenizes total software utility onboard a platform as a function of individual software

products, and thus is able to recover the contribution of an individual title.

6The literature on vertical restraints typically refers to a n \upstream" �rm as the supplier of a (possibly
intermediate) good, and a \downstream" �rm as a �rm that uses the good to produce another product, or
a wholesale or retail �rm that resells the good to �nal consumers (Tirole (1988), ch. 4). I reference this
structure when labeling software providers as \upstream" and hardware platforms as \downstream" entities.

7Other dynamic demand papers include Song and Chintagunta (2003), Carranza (2006), and Nair (2007).
8I.e., di�erent consumers make di�erent platform choices based on their preferences over a�liated prod-

ucts: just as consumers choose a local community to best satisfy their preferences as in Tiebout (1956)'s
model of local expenditures, so do they behave with respect to selecting a particular platform or hardware
device. Consumers who have purchased a platform are more pre-disposed to purchase software products on-
board, and failing to account for this selection leads to signi�cant upward biases in estimates of the quality
and contribution of a�liated goods.

9E.g., Gandal, Kende, and Rob (2000), Nair, Chintagunta, andDub�e (2004), Clements and Ohashi
(2005), Prieger and Hu (2006), Corts and Lederman (2007), and Dub�e, Hitsch, and Chintagunta (2007). No-
table exceptions are Town and Vistnes (2001), Capps, Dranove, and Satterthwaite (2003), and Ho (2006),
which estimate static demand systems for managed care health organizations (such as HMOs) as a function
of individual a�liated hospitals. However, they are able to estimate the utility that patients derive from
individual hospitals by observing the characteristics andchoices of consumers who have access to the set of
all hospitals (e.g., consumers who have enrolled in Medicare, Preferred Provider Organizations (PPOs), or
indemnity plans). In many other platform markets, consumers with unrestricted choice sets do not exist.
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In the software supply section, I de�ne and compute a new equilibrium for a dynamic

network formation game in which every title is allowed to freely choose which platforms to

develop for. The equilibrium is one in which each title employs a strategy that depends

only on the value and evolution of certain \payo�-relevant" state variables, and beliefs of

all agents over the evolution of product lifetime utilitiesare restricted to lie within the class

of �rst-order Markov processes. Given the restriction on beliefs, the solution concept used

is equivalent to Markov Perfect Nash Equilibrium (Maskin and Tirole (1988, 2001)) and the

model is similar in spirit to Ericson and Pakes (1995) and theindustry dynamics literature

that follows. Using this framework, this paper is one of the �rst to account explicitly for the

rematching process between contracting partners within a counterfactual regime.

1.2 Road Map

In the next section I describe the U.S. videogame industry, the role of exclusive vertical

arrangements, and important stylized facts. Section 3 develops the full dynamic demand

model with the accompanying details on estimation, inference, computation, and identi�ca-

tion; I also present demand estimation results while detailing the importance of accounting

for dynamics, heterogeneity, and multihoming. I introducethe dynamic network formation

game in section 4, and discuss the recovery the underlying porting costs borne by software

�rms and computation of equilibrium. Finally, I analyze counterfactual regimes in which

exclusive agreements are banned in section 5, and conclude in section 6.

2 Application: The U.S. Videogame Industry

Starting as a fringe industry in the early 1970's with the introduction of a home version of

Pong, the U.S. videogame industry has since grown to reach $21.3Bin revenues in 2008.10

Increasingly, as evidenced by the widespread adoption of the new generation of consoles

introduced in 2006, videogames have broadened their appealand user base from a child's

hobby to something more mainstream: 69% of American heads ofhouseholds engage in

computer and videogames, with the average age of a player being 35 years old,11 and market

penetration of videogame consoles reached 41% of U.S. television households (45M) in 2006.12

A videogame system comprises a hardware platform (the \console") and software (its

games). In the current and most recent generations, each console is and has been provided

by one �rm { the platform provider { as a tightly integrated an d standardized device that

10Entertainment Software Association 2008 Sales, Demographic and Usage Data.
112006 and 2008 Essential Facts, Entertainment Software Association.
12The State of the Console, Nielsen Media Research. March 5, 2007
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is required in order to utilize any software provided for thesystem. Videogame software,

on the other hand, is brought to market by two vertically related entities: developers, who

undertake the programming and creative execution of each title; and publishers, who market

and distribute each game. Publishers may be integrated intosoftware development; although

independent software development studios exist, as the costs of developing games have in-

creased over time { average costs reached $6M during the late1990's { these studios often

turn to software publishers for �nancing in exchange for distribution and publishing rights.13

Console manufacturers are also integrated into software publishing and development.

Any title produced by the console maker's own studios or distributed by its own publisher is

known as a�rst-party title, and is exclusive to that hardware platform. All other games are

third-party titles and are published by other �rms. Within a generation,games developed

for one console are not compatible with others; in order to beplayed on another console,

the game must explicitly be \ported" by a software developerand another version of the

game created.14 These porting costs for supporting an additional console, which includes

additional development and distribution costs, are non-negligible, and range from a few

hundred thousand to a few million dollars during the period analyzed in this paper.15 The

choice of which platforms to develop for is thus strategic: athird-party software developer

can release a title on multiple platforms in order to reach a larger audience and pay additional

costs, or it can develop exclusively for one console and forgo selling its game to consumers

on other platforms. Even if a title chooses to be exclusive, it has multiple options: it

can voluntarily be exclusive, enter into an exclusive publishing agreement with the console

provider, or opt to sell the game or even entire studio outright.

Since consoles usually have little if any stand-alone value, consumers typically purchase

them only if there are desirable software titles available.At the same time, software publish-

ers release titles for consoles that either have or are expected to have a large installed base of

users. These cross-side network e�ects and \two-sidedness" are manifest in most hardware-

software industries, and are partly a reason for the complexform of platform pricing: most

platform providers subsidize the sale of hardware to consumers, selling them close to or below

cost, while charging publishers and developers a royalty for every game sold.16 As a result,

platform pro�ts are derived primarily not from hardware, but rather from software sales.

As the dominant videogame platform provider during most of the 1980's and 1990's, Nin-

tendo used to write forced exclusivity contracts with developers, committing them to two-

year exclusive deals in exchange for the right to develop forits system. Nintendo dropped

13Coughlan (2001).
14A notable exception is \backwards compatibility," which re fers to the ability of a new console to use

software developed for the previous version of that particular console.
15Industry sources; Eisenmann and Wong (2005) cite $1M as the porting cost for an additional console.
16Hagiu (2006), Evans, Hagiu, and Schmalensee (2006).
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these practices following a 1992 antitrust investigation related to Atari Games Corp v. Nin-

tendo of America, Inc. [975 F.2d 832 (1992)].17 Since then, forced exclusivity contracts have

not been observed within the industry. In their place, console manufacturers have primarily

relied on internal development, integration, or favorablecontracting terms to third party

developers or publishers (e.g., lump sum payments or marketing partnerships) in order to

secure exclusive titles. More recently, as development costs for games have been increasing

and porting costs have fallen as a percentage of costs, most third-party titles have chosen to

multihome in order to maximize the number of potential buyers; in turn, console providers

have become more reliant on their own �rst-party titles to di�erentiate their platforms.

2.1 The Sixth Generation: 2000 - 2005

The videogame industry witnesses the release of a new set of consoles approximately every

�ve years. Since hardware speci�cations remain �xed withina generation to ensure compati-

bility and standardization, it is only during generationalshifts that new hardware with more

powerful processing power and graphical abilities are introduced. In October 2000, Sony

released its Playstation 2 (PS2) console, the �rst of the \sixth-generation" of videogame

consoles.18 The PS2 was a followup to the original Playstation (PS1), Sony's wildly suc-

cessful entry in the previous generation. A year later, industry veteran Nintendo released

its Gamecube (GC) console, and new entrant Microsoft brought its Xbox console to market.

Sony sold 5M systems in its �rst year; additionally, since Sony's PS2 was "backwards com-

patible" and could utilize software developed for the PS1, it also possessed a software library

of over 1000 titles before either Nintendo or Microsoft cameto market. As a result, I refer to

Sony as the incumbent of this generation, and Microsoft and Nintendo as the entrants. By

the time the �rst seventh-generation console entered in October 2005, Sony's new console

sold almost double the number of hardware devices of both itscompetitors combined.

This paper focuses on the sixth-generation for several reasons. First, it marked the ar-

rival of a new competitor { Microsoft { to the industry. Itsel f a veteran and competitor in

other platform industries, Microsoft acquired several software developers before entering the

market; whether or not Microsoft would have been able to gaina foothold into the industry

absent integration or exclusive contracting is an open question. Secondly, the three platform

providers are the same as the current seventh-generation providers, providing timeliness to

this line of inquiry. Finally, the sixth-generation placedthe videogame industry squarely

within the convergence battle between personal computers and other general consumer elec-

tronics; as a result, the success or failure of these platforms had and continue to have a

17Shapiro (1999), Kent (2001).
18Sega's Dreamcast was discontinued on January 31, 2001, and is not considered in this paper.

8



dramatic impact on industries far removed from videogames.

2.2 Data and Descriptive Statistics

I use a new panel data set obtained from the NPD Group, a marketresearch �rm, containing

monthly observations from September 2000 to October 2005. Each observation includes the

average selling price and quantity sold for the three sixth-generation videogame consoles, and

the average selling price, quantity sold, and other descriptive information for 1581 unique

software titles released during this period (including genre and release date).19 Prices are

normalized using the Consumer Price Index. For the population of potential consumers, I use

the number of television households provided on a yearly basis from Nielsen and interpolated

to the monthly level. General descriptive statistics are provided in table 1. Additional

stylized facts about the industry include:

Prices: Hardware prices were generally constant, interrupted onlyby two major discrete

downward jumps (see Figure 1).Software prices, however, follow much more regular price

drops, with price cuts usually following the �rst few monthsof a new title's release.

Seasonality:The videogame industry, like most markets, exhibits considerable seasonality

both in consumer demand and software supply. Figure 1 shows the number of total hardware

consoles sold each month; during holiday months (November and December) the number of

consoles sold is easily double or triple the average number sold in other months. Furthermore,

in some months, over 100 new titles are released across systems; in others, less than 5.

Exclusivity and Multihoming: There is signi�cant variation in software exclusivity across

platforms: although nearly 64% of all unique software titles are exclusive to one console, the

majority are located on the PS2. On the other hand, the majority of GC tiles are available

on all systems. Table 2 lists the top 10 titles on each console: note that these top titles on

the GC are all exclusive, whereas the PS2 are primarily non-exclusive.

Concentrated Software Sales:As with motion pictures, the videogame industry is primar-

ily hit-driven with sales concentrated among a few top-selling games. Despite there being

over 1500 unique titles released for the three consoles, thetop 10 listed in Table 2 on the

PS2, Xbox, and GC accounted respectively for 18%, 33%, and 47% of platform software

sales. The concentration of software sales also occurs early in a title's life, with on average

over 50% of total sales occurring within the �rst 3 months of release.

Signi�cant Consumer Heterogeneity:The heaviest using 20% of videogame players ac-

count for nearly 75% of total videogame console usage (by hours played), averaging 345 min-

utes per day. However, the fastest growing segment of users are known as \casual gamers"

19The data is collected from approximately two dozen of the largest retailers in the U.S., which account
for approximately 85% of videogame sales, and is extrapolated by NPD for the entire U.S. market.
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who spend less than 5 hours a week playing games.

3 Consumer Demand

This section develops a structural model of dynamic consumer demand for both hardware

and software in the videogame industry, with the goal of understanding of how consumer

demand responds to changes in software availability. It is used later to predict consumer

demand following a change in industry structure, which in turn a�ects the incentives that

govern each software title's decision of which platform(s)to develop for in the �rst place.

3.1 The Model

Let J t denote the set of hardware consoles andK j;t the set of software products on console

j available for purchase at timet. Each month, a consumer may purchase any console she

has not previously purchased; consumers can only purchase one console per month. Denote

consumeri 's inventory of hardware consoles already owned at timet by � i;t 2 I � f 0; 1g3.

After purchasing consolej , a consumer may then purchase any software titlek 2 K j;t that

she has not previously purchased. Since consumers can delaypurchase and do not purchase

the same product twice, they face a dynamic optimization problem of when, if ever, to

purchase any given platform or software title. I �rst detail the hardware purchase decision

for each consumer, and then discuss software purchase.

3.1.1 Hardware Adoption

The lifetime expected utility of consumeri with inventory � who purchases platformj =2 �

at time t is given by:

ui;j;t;� = � x
i x j;t � � p;hw

i pj;t + � j;t (� p
i ; � 


i ; � ) + D(�) + � j;t| {z }
� i;j;t;�

+ � i;j;t ; (1)

where f � x ; � p;hw
i ; � p;sw

i ; � 

i g are (possibly individual speci�c) coe�cients that re
ect h ow

intensely a consumer prefers platform characteristics, price, and software;x j;t are observable

characteristics of platformj at time t (which include a platform-speci�c and monthly �xed

e�ects, age, age squared, and the current platform installed base);pj;t is the platform's price;

� j;t (�; � ) is the expected present-discounted value of being able to purchase software for the

platform in the current and future periods (which depends onan individual's preferences and

inventory); D(�; � 

i ) is a term that denotes any complementarity or substitutability e�ects

that may exist with ownership of multiple consoles;� j;t is a product characteristic observable
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to the consumer but not to the econometrician; and� i;j;t is an individual-platform-time

speci�c component that represents idiosyncratic consumerheterogeneity unobservable to the

econometrician but realized by the consumer only at timet. Let � i;j;t;� denote individual i 's

expected lifetime utility from platform j at time t given inventory �, net of her idiosyncratic

unobservable. It can be thought of as the price-adjusted quality for platform j , and if � i;j;t

were mean zero, it would represent themean utility of such a purchase.

The actual functional form of � j;t (�; � ) emerges from the software adoption portion of

the model, which will be described in the next subsection; the only restriction made here is

that � j;t (�; � ) di�ers across agents only as a function of their price sensitivity and software

preferencef � p;sw
i ; � 


i g, and enters linearly into the utility speci�cation. Finall y, I assume

D(�) = D, a constant, if a consumer owns at least one other console, and D(�) = 0 otherwise.

In each period, a consumer chooses her optimal action { buy today or wait until next

period (in which case she consumes an outside good yielding utility ui; 0;t = � i; 0;t ) { given her

inventory �, preferences, current product qualities, prices, software availability, and expecta-

tions over future values of these characteristics. A consumer's value function from being on

the market for a hardware platform, conditional on following her optimal policy, is given by:

Vi (�; � i;t ; 
 i;t ) = max
�

max
j 2 J t ;j =2 �

ui;j;t;� (
 i;t ) + �E [Vi (� [ f j g; � i;t +1 ; 
 i;t +1 j
 i;t )]
| {z }

Buy best platform today, return next period with new invento ry,

;

ui; 0;t + �E [Vi (�; � i;t +1 ; 
 i;t +1 )j
 i;t ]
| {z }
Consume outside good, return next period.

�
(2)

where � i;t � f � i;j;t gj 2f J t [f 0gg, and 
 i;t includes current product attributes, the time of year

(seasonality), and any other market characteristics whichmay a�ect �rm product pricing,

entry, exit, or attributes. In general, it includes all variables at time t in a consumer's

information set that a�ect her utility or value from waiting .

Unfortunately, the state space is too large for the consumer's full dynamic hardware

adoption problem to be computationally solvable. However,it turns out consumers do not

need to to know the future values of all product characteristics (e.g., prices, �xed e�ects)

to solve the decision of what and when to purchase, but only the values of� i;j;t;� (Melnikov

(2001)). I assume that consumers perceive the mean utilities � i;j;t;� for each console to evolve

according to a �rst-order process that depends on previous values of itself, in addition to

f � i;j 0;t;� gj 06= j of all other competing hardware platforms, as well as the time of year:

Assumption 3.1. For all consumer typesi and inventory states� 2 I , consumers perceive
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that f � i;j;t;� gj 2 J t ;8t can be summarized by a �rst-order Markov process:

F (f � i;j;t +1 ;� gj 2 J t +1 j
 i;t ) = Fi;� (f � i;j;t +1 ;� gj 2 J t +1 jf � i;j;t;� gj 2 J t ; m(t)) ; (3)

wherem(t) represents the month at timet, and Fi;� is individual and inventory-state speci�c.

Although reducing the state space dramatically, this assumption may not be consistent with

an underlying supply model.20 However, this speci�cation still allows each product's \qual-

ity" to independently evolve as a function of { among other things { the proximity of other

products' quality to its own and the time of year, which admits richer sets of beliefs than those

imposed in previous work on dynamic demand.21 Secondly, as noted in Hendel and Nevo

(2006), such �rst order processes may be reasonable approximations to consumer expecta-

tions and memory as consumers may remember prices and software availability from only

their previous visit; higher order processes not only may betoo burdensome for estimation,

but for consumer decision making as well.

Finally, I assume � i;t to be independently and identically distributed with the extreme

value distribution, which allows (2) to be analytically integrated over� to provide an \ex-

pected" value function (EV ) for consumeri (McFadden (1973); Rust (1987)). Combing this

with assumption 3.1, a consumer's expected value function can be written as:

EVi (f � i;j;t;� gj 2 J t ;� 2 I ; � i;t ; m(t)) =
Z

� i;t

Vi (� i;t ; � i;t ; f � i;j;t;� gj 2 J t ;� 2 I ; m(t)) = (4)

ln
� X

j 0=2 � i;t

�
exp(� i;j 0;t;� + �E [EVi (f � i;j;t +1 ;� gj 2 J t +1 ;� 2 I ; � i;t [ f j 0g; m(t + 1) jf � i;j;t;� gj 2 J t ;� 2 I )])

�

+ exp( �E [EVi (f � i;j;t +1 ;� gj 2 J t +1 ;� 2 I ; � i;t ; m(t + 1)) jf � i;j;t;� gj 2 J t ;� 2 I ])
�

If NJ � maxt f # J tg denotes the maximum number of platforms active at any periodin

time, then the state space for hardware demand has been drastically reduced fromj
 i;t j to

(NJ � 2N J + 2) dimensions. SinceNJ = 3 in the sixth generation of the videogame industry,

this state space is small enough for implementation.

20I.e., even if individual product attributes (e.g., prices, characteristics, etc.) evolved as �rst-order Markov
processes, it would be unlikely that their sums (f � i;j;t;� gj 2 J t ;� 2 I ) would as well.

21E.g., Melnikov (2001), Hendel and Nevo (2006), and Gowrisankaran and Rysman (2007), assume that
total industry inclusive values (E � t f maxj 2 J t ;j =2 � ui;j;t;� g = ln(

P
j 2 J t ;j =2 � exp(� i;j;t;� ))) within a market follow

a �rst-order Markov process. This imposes stronger restrictions on the nature of industry competition and
evolution that that imposed by assumption 3.1: e.g., the inclusive value for a consumer may be high if there
are few products with low prices or many products with high prices; a consumer would not only exhibit the
same probability of purchasing but also have the same expectation over future inclusive values in both cases.

12



3.1.2 Software Adoption

I now turn to analyze the software purchase decisions for a consumer, which is used to

construct the \software quality" function f � j;t (�; � )gj 2 J t ;� 2 I ;8t in (1).

Importantly, I assume each consumer makes the decision to purchase a title k indepen-

dently of her decision to purchase any other titlek0 6= k. Nair (2007) �nds empirically

that videogames are not strong substitutes for one another,22 which is consistent with there

being a large number of titles (even within a particular genre), each with its own distinct

idiosyncracies, plot, characters, and style of play. Furthermore, even if substitution e�ects

between certain titles exist, they are less of an issue for \hit" titles; thus, relaxing this

assumption should not dramatically change the main implications of the counterfactual ex-

ercises conducted later in this paper where only the contracting decisions for high quality

hit titles substantially a�ect platform market shares. Under this assumption, each consumer

after solving her appropriate dynamic policy for hardware purchase can solve an independent

optimal stopping problem for each individual piece of software.23

A consumer's lifetime expected utility from buying title k in period t (provided she

already owns the platform) is given by:24

vi;k;t = ~� 

i + ~� wwk;t + ~� k;t � ~� p;sw

i pk;t + ~� i;k;t ; (5)

wherewk;t are observable software characteristics (which include a game-speci�c �xed e�ect,

monthly �xed e�ects, as well as age, age squared, and the current installed base of previ-

ous purchasers), ~� k;t is an software characteristic unobservable to the econometrician (but

observable to the consumer),pk;t the price, and ~� i;k;t is an individual-software-time speci�c

utility shock. ~� 

i is an individual speci�c preference for \gaming" re
ected in the increase in

utility of any particular piece of software, and� p;sw
i represent a consumer's price sensitivity

for software.25 A consumer can also decide not to buy a piece of software at time t and

return to the market in the next period, yielding the outsideoption utility vi;k 0 ;t = ~� i;k 0 ;t .

Mirroring the hardware side, I also assume the individual-speci�c utility shocks are in-

22For software released between 1998-2000 on Sony's originalPlaystation console, Nair (2007) shows cross-
price e�ects across games to be low (even when accounting forstrategic timing on the part of game de-
velopers), consumers do not exhibit intertemporal substitution within genres, entry by hit games do not
have a signi�cant e�ect on sales or prices of games within a genre, and rates at which game prices fall are
independent of competitive conditions within the market.

23With substitutable software, a consumer's dynamic programming problem would require tracking each
consumer's inventory and subsequent changes in her choice set, and would be computationally infeasible.
These concerns do not exist in a static setting without durable goods.

24For exposition, this subsection omits thej subscript for the platform and, unless otherwise speci�ed,all
values are assumed to be platform speci�c.

25I use di�erent hardware and software price coe�cients; the r estriction � p;hw = � p;sw is rejected in
estimation.
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dependently and identically distributed from the extreme value distribution. I will allow

for the variance to be scaled by a factor of� 2
� for software; this scaling must be accounted

for when combining measures of utility for hardware and software.26 I thus re-express the

software utility in (5) by multiplying and dividing through by � � :

vi;k;t = � � (�


i + � wwk;t + � k;t � � p;sw

i pk;t| {z }
� i;k;t

+ � i;k;t ) ; (6)

wheref � 

i ; � w; � p;sw

i ; � k;t ; � i;k;t g = f ~� 

i ; ~� w; ~� p;sw

i ; ~� k;t ; ~� i;k;t g=� � , and � i;k;t represents the (scaled)

lifetime expected utility of purchasing a piece of softwarenet of individual-speci�c-unobservable

� i;k;t , and may also be referred to as individuali 's price-adjusted quality or mean-utility for

softwarek at time t.

A consumer's optimal stopping problem for purchasing software title k is given by:

Wi (
 i;t ; � i;k;t ) = max f vi;k;t ; vi;k 0;t + �E [Wi (
 i;t +1 ; � i;k;t +1 )j
 i;t ]g :

Again, to reduce the dimensionality of the state space, the following assumption is made on

the evolution of each software-title's mean-utility:

Assumption 3.2. Consumers perceive thatf � i;k;t g8k;t can be summarized by a �rst-order

Markov process:

G(� i;k;t +1 j
 i;t ) = Gi;j (� i;k;t +1 j� i;k;t ; m(t)) ; (7)

whereGi;j is speci�c to individual i and consolej .

Gi;j is, however, not title speci�c, and thus all software titleson a given platform are perceived

by consumers to follow the same evolutionary path contingent on their price-adjusted quality

and time of year. This assumption is subject to the same caveats and support as provided

earlier for assumption 3.1.

Using assumption 3.2, I integrate over� i;k;t and rewrite the expected value function { or

\option value" { of being able to purchase and use titlek on platform j at time t as:

EWi;j (� i;k;t ; m(t)) =
Z

� i;k;t

Wi;j (� i;k;t ; m(t); � i;k;t )dP�

= � � ln(exp(� i;k;t ) + exp( �E [EWi;j (� i;k;t +1 ; m(t + 1)) j� i;k;t ; m(t)])) ;

which imbeds consumeri 's expectations over future prices and characteristics fortitle k.

To close the software adoption portion of the model, I need tolink � j;t (�; � ) to the value of

being on the market for software on platformj . This \total software utility" on platform j

26C.f. Train (2003), ch. 2 for further discussion.
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can be separated into two parts: (i) the utility from software available in the present period,

and (ii) the utility from new software that will arrive in fut ure periods, which will be denoted

as � j;t (� p
i ; � 


i ). Let ~K j;t (�) � K j nf K j \ f K j 0g8j 02 � g denote the set of software titles available

on platform j at time t but not available on any platform j 0 2 �. I will assume that a user

does not value titles on a new console that she could access onconsoles that she already

owns. Then � j;t is given by:

� j;t (� p
i ; � 


i ; � ) =

2

4
X

k2 ~K j;t (� )

EWi;j (� i;k;t ; m(t))

3

5

| {z }
(i) Current Software Utility

+ � j;t (� p
i ; � 


i ; � )
| {z }

(ii) (Expected) Future Software Utility

; (8)

where the �rst term provides an internally-consistent measure of the utility from currently

available software by aggregating their computed option values.

To de�ne the second term, I assume that consumers believe that a console will continue

to have software released in the next period with probability � 
 , constant across time and

consoles. Conditional on� 
 , if a consumer had perfect information over all future titles that

would be released up to the terminal dateT, future utility would be given by

~� i;j;t (�; � ) =
T � tX

t0=1

(� 
 � � )t0

0

B
@

X

k2 ~K R
j;t + t 0(� )

EWi;j (� i;k;t + t0; m(t + t0))

1

C
A ; (9)

where ~K R
j;t (�) represents the set of software titles released at timet on platform j that are

not available on platform j 0 2 �. However, a consumer does not know exactly the number

nor quality of future titles. I deal with this by assuming that consumers have rational

expectations consistent with the observed data, and condition on current observed market

variables and product characteristics; i.e., �i;j;t = E[~� i;j;t j
 i;t ; � 
 ]. In estimation, I use a

nonparametric series regression of (9) on console characteristics and software availability to

form an approximation of consumers' expectations.

3.1.3 State Variables

To summarize, each consumeri at time t solves multiple dynamic decision problems gov-

erning her purchase decisions over hardware and software that she does not already own,

conditioning on the following state variables:

� m(t): the month at time t,

� � i;t : consumeri 's inventory of hardware currently owned,
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� f � i;j;t;� g8j 2 J t ;� 2 I : the set of all hardware \mean-utilities" at every inventory state,

� f � i;j;k;t g8j 2 J t ;k2 K j;t : the set of software \mean-utilities" for all titles on all platforms.

3.1.4 The Link Between Hardware and Software Demand

Note that if consumers perfectly observed the set of software products available on each

platform and knew their utility over each software product prior to platform adoption, then

there would be no need to separate a consumer's decision intotwo stages: consumers essen-

tially choose \bundles" of both hardware and software simultaneously, and thus any discrete

choice demand framework over properly speci�ed bundles of goods would be adequate. Yet,

in many environments including the one considered here, consumers do not have complete

information about either the identity or utility of future p roducts.Insofar as there is con-

sumer uncertainty about software quality or availabilityprior to platform purchase, which is

only resolved after the platform has been chosen, then thereis a need to create a consistent

link between ex ante expected utility from software, which a�ects hardware demand, with

ex-post software utility estimated from realized softwaredemand.

3.2 Estimation

As in Berry, Levinsohn, and Pakes (1995), I recover the set ofunobserved product charac-

teristics (� j;t and � j;k;t ) for any parameter vector � that perfectly rationalize the model's

predicted market shares with observed market shares, and then employ a generalized meth-

ods of moments (GMM) estimator via forming conditional moments with these unobserved

characteristics. Instead of using the typical identifyingcondition E[� jZ ] = 0 directly on

the unobservable characteristics, whereZ is a vector of instruments, I instead leverage the

dynamic nature of my data and assume that the unobservable characteristics for each hard-

ware system and software title evolve according to an exogenous Markov process, and these

innovations in product unobservables (and not the product unobservables themselves) are

uncorrelated with a vector of instruments.27

Formally, let r j denote the release date for consolej and r k the release date for soft-

ware title k. From the model, the implied values of unobserved product characteristics

f � j;t gj 2 J t ;r j � t and f � j;k;t gj 2 J t ;k2 K j;t ;r k � t can be computed as a function of parameters� . I

assume the following:

27Indeed, Berry, Levinsohn, and Pakes (1995) (in section 4) notes the possibility of proceeding in this
fashion when utilizing panel data. In simultaneous work, Sweeting (2007) uses a similar assumption; as
noted therein, this assumption is similar to the timing assumption used in the literature on the structural
estimation of production functions to address the endogeneity of input choices (e.g., Olley and Pakes (1996),
Levinsohn and Petrin (2003), Ackerberg, Caves, and Frazer (2006)).
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Assumption 3.3. Unobserved product characteristics for each console and software title

evolve according to a �rst-order autoregressive (AR(1)) process, where the errors

� hw
j;t (� ) = � j;t (� ) � � hw � j;t � 1(� ) 8j 2 J t � 1; t > r j

� sw
j;k;t (� ) = � j;k;t (� ) � � sw� j;k;t � 1(� ) 8j 2 J t � 1; 8 k 2 K j;t � 1; t > r k (10)

are independent of each other and

E[Z hw
j;t � hw

j;t (� )] = 0

E[Z sw
j;k;t � sw

j;k;t (� )] = 0 ; (11)

whereZ hw
j;t and Z sw

j;k;t are instruments.28

The instruments used are described later in subsection 3.3.1. For now, note that by

forming moments from the innovations in product unobservables and not the product unob-

servables themselves, the estimator not only handles an initial conditions problem,29 but also

is robust to the possibility that hardware and software release dates are \timed": e.g., titles

that have a relatively high initial unobserved characteristic may systematically be released

during \high" demand months, such as during the holidays.30

3.2.1 Parameters to Estimate and GMM Objective Function

I �x the monthly discount rate � at :99 and assume that consumer preferences for software� 


are independently distributed normally with standard deviation � 
 .31 Since� 
 enters linearly

in utility, its mean is not separately identi�ed from shifts in each software title's �xed e�ect

and is normalized to 0. I assume price sensitivity for hardware and software takes the form

� p;l
i = � p;l

0 � � � p;l yi for l 2 f hw; swg, whereyi is consumeri 's annual household income, and

� p;l
0 and � � p;l are parameters to be estimated. As in Berry, Levinsohn, and Pakes (1995), I

assume that disposable household incomeyi for the population is (independently) distributed

log normally with mean and standard deviation estimated separately from the March 2001

Current Population Survey (CPS), and I draw from this distribution.

Let � 1 = f � hw ; � sw; f � p;l
0 ; � � p;l gl2f hw;sw g; � � 
 ; � � ; � 
 ; Dg and � 2 = f � x ; � wg. The parame-

28The stationarity coe�cients ( � hw ; � sw ) 2 � are terms to be estimated. The drifts of these processes are
set to 0 since they are not separately identi�ed from product �xed e�ects contained within � x and � w .

29I.e., the values of� j;r j or � j;k;r k at release may be correlated with observable product characteristics.
30See Einav (2007) for related issues regarding seasonality and timing in the U.S. Motion Picture Industry.
31As with most dynamic models, without providing restriction s on the discount factor and parameterizing

consumer heterogeneity, the model remains unidenti�ed (Rust (1994), Magnac and Thesmar (2002)).
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ters to be estimated are� = f � 1; � 2g. The GMM estimator is:

�̂ = arg min
�

G(� )0� � 1G(� ) ; (12)

whereG(� ) is a vector of stacked moments from (11), and � is a weightingmatrix. I employ a

2-stage estimation routine: I �rst use a weighting matrix ofZ 0Z to obtain an initial estimate

of � ; I then use this initial estimate to obtain a consistent estimate of the covariance matrix

of the moments, which is used as a new weighting matrix to re-estimate of � .

3.2.2 Computation

This subsection overviews the procedure to recover the unobserved product characteristics

f � j;t (�)gj 2 J t ;8t and f � j;k;t (�)gj 2 J t ;k2 K j;t ;8t as a function of the parameter vector� . Once these

values are obtained, the objective function in (12) can be computed.

The approach for recovering the unobservable utility components � j;t for hardware and

� j;k;t for software builds on the approach utilized in Gowrisankaran and Rysman (2007),

which nests the methodologies of Rust (1987), Berry (1994),and Berry, Levinsohn, and Pakes

(1995). This paper links the hardware and software demand systems and estimates both sides

simultaneously; to do so, I introduce and employ a new nested�xed point routine in order

to control for the selection of heterogeneous consumers across platforms and time.

For a given parameter vector� , I �rst obtain starting values for f � j;t (�; � )gj 2 J t ;� 2 I ;8t ,

which can either be �xed (e.g., at 0) or can be computed by assuming that the distribution

of consumer heterogeneity across new console purchasers isstationary and �rst estimating

software demand. Utilizing these initial values (denotedf � 0
j;t (�; � )gj 2 J t ;� 2 I ;8t ), I estimate the

hardware adoption side. The \mean" platform utilities f � j;t;� gj 2 J t ;� 2 I ;8t , which rationalize

predicted market shares to observed market shares, are found via the contraction mapping

introduced in Berry, Levinsohn, and Pakes (1995).32 For each iteration of the mapping,

consumer beliefs over the evolution off � i;j;t;� gj 2 J t ;� 2 I is updated according to the regression

Fi;� (� i;j;t +1 jf � i;j;t;� gj 2 J t ; m(t)) = (13)

' i;j;�; 0 +
3X

j 0=1

' i;j;�;j 0� i;j 0;t;� +
11X

m=1

' i;j;�;m +3 � m (t) + � i;j;�;t ;

where � m (t) are indicator variables if t is in month m and her optimal stopping problem is

solved to determine the probability of purchase.33 In each period, the number and identity

32See appendix A.3 for conditions which ensure the uniquenessof the recovered variables.
33Unlike using more lagged terms, which would increase the state space and be too computationally

intensive, the functional form can be expanded to utilize higher order terms and/or interactions between� j;t

and its competitors f � j 0;t g8j 06= j .

18



of consumers at each inventory state evolves according to how many consumers of each type

are predicted to have purchased a console (a process given byequation (24) in Appendix

A.2), which is aggregated across consumers to form predicted market shares for each month.

Once the hardware adoption side is computed for given valuesof f � n
j;t gj 2 J t ;8t (where n

denotes the iteration of the procedure), I use the probability that each consumer adopts

a hardware platform in each period to form the consumer distribution of each hardware's

installed base across time, denoted byf dPn
j;t (� p;sw; � 
 )gj 2 J t ;8t . This updated distribution

of consumer types is then used to estimate the software adoption decision for each console

separately, which proceeds via a similar nested routine. I.e., the same contraction mapping is

used to recover mean utilitiesf � j;k;t gj 2 J t ;k2 K j;t ;8t for each piece of software on a given console,

where in each iteration of the mapping consumer expectations are updated according to:

Gi;j (� i;k;t +1 j� i;k;t ) = ' j
i 0 + ' j

i; 1� i;k;t + ' j
i; 2(� i;k;t )2 +

11X

m=1

' j
i;m +2 � m (t) + � j

i;k;t (14)

and the consumer's optimal stopping problem is solved. After f � j;k;t gj 2 J t ;k2 K j;t ;8t converges

for a given set of probability distributionsf dPn
j;t (� p; � 
 )gj 2 J t ;8t , updated values off � n+1

j;t gj 2 J t ;8t

are computed for every inventory state. Future software utility in (8) is obtained via a non-

parametric series regression on (9) using third-order terms and a full set of interactions on

a console's age, number of active software titles, and monthdummies.

Finally, updated valuesf � n+1
j;t gj 2 J t ;8t are fed back into the hardware adoption side, which

is then re-estimated. The procedure iterates between estimating the hardware and software

sides until f � j;t gj 2 J t ;8t and f dPj;t (� p; � 
 )gj 2 J t ;8t converge, at which pointf � j;t g and f � j;k;t g

can be recovered from the �nal computed valuesf � j;t g and f � j;k;t g via a linear regression.34

Using multiple starting points, a non-derivative based Nelder and Mead (1965) simplex al-

gorithm and a quasi-Newton derivative based approach are used to search for�̂ 1.35

The procedure is illustrated in �gure 2 with further details provided in Appendix A.1

and A.2. No problems with convergence for� j;t , � j;k;t , EVi , EWi , or � j;t were encountered.

3.3 Identi�cation and Instruments

Unlike in static environments, the use of a dynamic panel dataset allows for repeated ob-

servations of product characteristics. Consequently, thecomponents of� x and � w { which

include product and month level �xed e�ects as well as age, age squared, and installed base

34A potential alternative approach to utilizing multiple nes ted-�xed point routines includes Mathematical
Program with Equilibrium Constraints (MPEC), which has bee n shown to yield computational advantages
in related problems (Su and Judd, 2008; Dub�e, Fox, and Su, 2008).

35The non-linear search is only over� 1, since� 2 can be expressed as a function of� 1.
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terms { and mean household price sensitivitiesf � p;l
0 gl2f hw;sw g are identi�ed from time vari-

ation in sales as characteristics change.36 In a similar fashion, � � and � 
 are identi�ed from

changes in hardware demand as new software titles are released.

Typically, the variance in consumer preferences is identi�ed from variation in product

characteristics: as characteristics change for one product, substitution to products with

similar characteristics indicates the presence of heterogeneity; on the other hand, if consumers

substitute equally to and from all goods, then consumers arelikely to be more homogeneous

in their preferences. However, the panel data also provide another means of identi�cation

for consumer heterogeneity: the endogenous shift in the distribution of consumer valuations

over time. In this model, consumers who are less price sensitive or have a higher intensity for

gaming will adopt a platform earlier than do others, creating a di�erence in the composition

of non-adopters and adopters of a hardware system. If household heterogeneity in either

� p and � 
 is substantial, then consumer responses over time to changes in price or software

availability on a given platform versusfor a given platform will be di�erent. For example

in the absence of heterogeneity in� 
 , two di�erent titles released at di�erent points in time

but purchased by the same share of consumers onboard a platform should have the same

impact on demand for that platform as a result of their introduction (holding �xed beliefs

on future software and utility): if there was no selection across time and consumers were

relatively homogeneous, then early adopters should have the same preferences as would later

adopters, and the predicted qualities of both games should be comparable.

However, in the presence of heterogeneity, the installed base of a console will have a

higher share of consumers with a high value of� 
 earlier than later. As such, a title released

later in a console's history that attracts the same share of consumers as a title released earlier

is actually a \higher" quality title, since being released later means it must have appealed

to a less predisposed base of users; consequently, it will have a di�erent impact on demand

for the platform upon release than the other title. Thus, observing consumer demand for

both a software title and for the platform as a result of that title's introduction allows for

the identi�cation of consumer heterogeneity in gaming preferences (� � 
 ). Similarly, hetero-

geneity in price sensitivity (� � p ) can be identi�ed from observing how the price sensitivity of

consumers onboard a platform changes over time { i.e., if earlier platform purchasers exhibit

lower software price sensitivities than later purchasers.

Finally, since I �x the total market size for video game consoles and assume it to be

equal to the number of television households, identi�cation of D comes from its impact on

the rate of change in the remaining market size. IfD is extremely high, then any purchaser

of a hardware system essentially \leaves" the market and does not purchase another console;

36The use of product-speci�c �xed e�ects here correspond to the use of brand-speci�c dummy variables in
Nevo (2001), where \multiple market" observations come from observing a product in di�erent time periods.
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when D is low, previous purchasers still consider other hardware devices. As the number of

available consumers enters into calculation of product market shares, the rate at which these

shares change (and the implied impact on implied product unobservables) identi�esD.37

3.3.1 Instruments

Although observed product characteristics may be endogenous with respect to unobserved

characteristics� j;t and � j;k;t , I assume that { with the exception of prices { these observed

characteristics will be exogenous with respect tochangesin these unobserved characteristics:

i.e., they cannot change immediately in response to realizations of \monthly demand shocks"

f � hw
j;t g and f � sw

j;k;t g. For hardware and software, valid instruments will includevalues of

observable characteristics that are contained withinx j and wk at t and t � 1.38 However,

since current prices may be correlated with these innovations in product unobservables, I

will use lagged prices as an instrument. Additional hardware instruments in the spirit of

Berry, Levinsohn, and Pakes (1995) include own and other product characteristics such as:

platform market shares, platform installed bases, software utility ( f � j;t g8j ), and the number

of software titles available.

Crucially, to identify the e�ect of software on hardware demand, it must be that changes

in software utility f � j;t g are uncorrelated with monthly demand shocks, and that software re-

leases cannot immediately respond to changes in hardware unobservables. As software �rms

commit to release dates months in advance due to development, marketing, and inventory

lead times, this appears to be the case.

3.4 Estimation Results

Parameter estimates from the demand system are presented inTable 3. Multiple speci�ca-

tions are provided, with each building upon the last: column(i) estimates a static model

without consumer heterogeneity (i.e., a standard logit model) where any dynamic interde-

pendencies across periods are removed (e.g., consumers do not leave the market or time their

purchases); (ii) introduces dynamic considerations; (iii) introduces consumer heterogeneity;

and �nally (iv) adds multihoming. Estimation of models (i) and (ii) without any consumer

heterogeneity is equivalent to estimating the hardware andsoftware side sequentially in two

separate stages; the nested �xed point routine introduced in the previous section to handle

consumer selection onto platforms is unnecessary. I will �rst describe demand results under

37Further aiding identi�cation is the staggered introductio n of consoles in the dataset: since the PS2 was
released a year earlier than were the other two systems, whether or not early adopters with high values of
� 
 are still \on the market" and subsequently purchase the Xbox or GC is a function of D .

38In implementation, I will use pseudo-di�erences in the changes in these characteristics: e.g., (x j;t �
� hw x j;t � 1) and (wk;t � � sw wk;t � 1).

21



the full model (iv) before comparing across speci�cations.Heterogeneity in price sensitivity

was not found to be statistically signi�cant, and � � p is set to 0 in the reported results.

3.4.1 Full Model Estimates

Global parametersf � hw ; � sw; � � 
 ; � � ; � 
 g are estimated to be signi�cant, and in particular

the heterogeneity in� 
 { a consumer's taste for software and gaming { is substantial: the

estimated value of� 
 indicates that a consumer at the 80% percentile of the distribution per-

ceives software titles as approximately $100 more valuablethan does the median consumer.

Thus, it is unsurprising that most consumers at the lower endof the distribution of � 
 do

not purchase a console let alone many games: for the �rst yearof each console's existence,

over half of total users are predicted to be in the top quintile of the distribution of � 
 .

The ratio of the scale of the individual speci�c idiosyncratic error between the software

and hardware side given by� � is estimated to be:39. This implies that idiosyncracies in

preferences over a title have less variance than do the idiosyncracies over the non-software

component of a hardware system. Since hardware is substantially a larger purchase decision

in dollar value, �nding � � less than 1 is not surprising. Furthermore,� 
 is found to be close

to 1, which provides some support for the speci�cation of future software utility in (9).

Recall that a consumer's utility from purchasing an additional console does not include

utility from software to which the consumer already has access on her already owned con-

sole(s). As a result,D being estimated as positive, but not signi�cant at the 10% level,

seems to indicate that there is little complementarity or substitution across additional con-

soles beyond that of removing from consideration any duplicate titles.39

The bottom portion of Table 3 reports hardware and software parameters� 2 = f � x ; � wg

as well as price sensitivitiesf � p;hw ; � p;swg. There is a large di�erence in estimated �xed

e�ect for the PS2 as compared to its rival platforms. Despitecontrolling explicitly for price,

software, installed base, age, and seasonality e�ects, thePS2 is estimated to be signi�cantly

more valuable than its closest hardware competitor. This may re
ect the PS2's hardware

speci�cations, design aesthetic, or brand loyalty, as wellas its ability to access the previous

generation PS1's existing library of over 1,000 games and play DVDs right out of the box.

Unsurprisingly, the age of a console and software title is estimated to a�ect expected

lifetime utility from purchase negatively. With hardware,the negative e�ect may re
ect fewer

periods remaining to enjoy the console before the next generation of videogame systems (i.e.,

obsolescence), or some other reduction in its perceived value or quality; with software, the

title may no longer be popular or desirable to play. On the other hand, the observed installed

39D being positive may indicate that consumers may actually derive utility on a new console from games
that are already accessible on previously owned systems.

22



base of a console a�ects utility negatively for all three consoles. Recall that the coe�cient on

installed base re
ects how lifetime utility is a�ected by the observedinstalled base; insofar

that expectations of future installed base are correct and completely accounted for in each

product's �xed e�ect, the coe�cient on installed base should be 0. As a consequence, the

negative coe�cient on installed base component may be a result of overly optimistic initial

estimates of each console's eventual installed base, and over time perceptions (and expected

utility) adjusted down despite an increase in the observed installed base.

Table 4 reports monthly �xed e�ects for hardware and software. As expected, the model

predicts that seasonality e�ects dramatically in
uence when people purchase goods: holiday

months exhibit highly positive and signi�cant coe�cients.

Table 5 presents a regression of recovered software title �xed e�ects f � w
k;0g8k on dummy

variables indicating whether or not the title was exclusive(and if so, if it was published by a

platform provider), the platform on which it was released, and the month it was released.40

Although �rst party exclusive titles across all platforms tend to exhibit higher quality than

average, within a given platform it is only statistically signi�cant for Nintendo. Indeed,

for all exclusive titles on Nintendo { both �rst and third par ty { software title �xed e�ects

are extremely high, which is consistent with the story that Nintendo had a strong in-house

development team (having developed videogame software since the mid-1970's), and most

third-party titles that chose to develop exclusively for Nintendo { the platform with the

smallest installed base { were exclusive via contract.

3.4.2 Fit of Model

Although the data indicate that 53:2M sixth-gen consoles were sold, the model predicts that

42:9M households actually purchased one or more consoles { i.e., 24% of households that own

at least one console are predicted to own multiple consoles;also, very few (approximately

:9M ) purchase all three. According to Nielsen, at the end of 2005there were 43M households

in the U.S. that owned a videogame console. Thus, even without any moments that explicitly

accounted for multihoming, the model comes very close to matching the Nielsen data on this

dimension. The results indicate that di�erent consoles exhibit di�erent propensities for

multihoming: whereas 23% of PS2 owners are predicted to own more than one console,

approximately 40% percent of Xbox and GC owners are predicted to do so.

In Appendix A.4, I further evaluate the �t of the estimated dynamic demand model,

in particular focusing on assumptions 3.1 and 3.3, which govern the evolution of hardware

mean-utilities f � j;t gj 2 J t ;8t and product unobservables�; � . I �nd that the parameterization of

40The estimator is equivalent the minimum-distance procedure proposed by Chamberlain (1982), as used
in Nevo (2001). See also Saxonhouse (1974).
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the �rst-order Markov processFi (�) given by (13) provides a reasonable approximation of con-

sumer expectations, and monthly changes in product unobservable characteristics� hw ; � sw

are uncorrelated over time.

3.4.3 Alternative Speci�cations and Preliminary Counterf actuals

I now return to the alternate speci�cations listed in table 3. The static speci�cation in (i)

does not allow for any dynamic considerations, which include the persistence of unobservable

characteristics, consumers leaving the market after purchase, and forward looking agents; the

other speci�cations add, respectively, dynamics, consumer heterogeneity, and multihoming.

For comparison, tables 6 { 9, present di�erent predictions that arise from these alternative

speci�cations of the model. Here, substantive di�erences emerge.

Table 6 reports own and cross-price semi-elasticities for platforms across the four speci�-

cations. Each cell reports the percent change in market share of the platform located in the

column due to a permanent 10% decrease in the price of the row-platform, where \Outside"

indicates substitution to or from the outside good.41 The models with dynamics predict

much smaller di�erences within own market shares followinga price drop compared to static

estimates, which follows since a static model does not account for consumers' timing their

purchases and instead partially attributes non-purchase to price sensitivity.

Table 7 provides the percentage change in sales for a representative \hit" title on each

platform following a permanent 10% price decrease. These titles are the most popular titles

on each console released in the �rst year of a console's existence (which all happened to

be exclusive); thus, they were released when the selection by consumers onto platforms

is most severe. Here, the models that do not account for heterogeneity over-estimate price

sensitivities: only consumers who are highly predisposed to gaming tend to buy games earlier

when prices are higher, and failing to account for this biases the price coe�cient upwards.

Table 8 presents changes in hardware installed bases if these three \hit" titles were not

available { i.e., this provides an idea of the elasticity of demand with respect to a hit title.42

These elasticities can be large: the presence of Microsoft'sHalo, in the full model, is predicted

to have resulted in an 8% increase in the number of Xbox consoles sold (over 1M units). The

static speci�cation drastically overestimates the impactof software titles. Furthermore, the

speci�cations without heterogeneity predict that the majority of consumers who substitute

away from a console due to the loss of a hit title become non-purchasers of any console;

however with heterogeneity, these consumers are more likely to purchase another console

instead since they, by previously purchasing a console, aremore predisposed to gaming.

41Since platforms are active for multiple periods, the price change is assumed to apply across the entire
time period, and market shares are computed from installed base �gures at the end of the sample period.

42I restrict attention only to losing the particular title, an d not any sequels or titles in the same franchise.
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Finally, in table 9, I explore a \naive" counterfactual environment in which all titles are

forced to be available on all consoles, holding all other observed hardware and software prices

and characteristics �xed. All models without heterogeneity predict that when all titles are

available on all videogame consoles, the vast majority of non-purchasers become hardware

purchasers since all consumers are assumed to have the same preferences for games. However,

in speci�cation (i) without dynamics, over 2880% or approximately 1:6B more households

are predicted to purchase a console; in speci�cation (ii) with dynamics but no heterogeneity,

nearly every household is predicted to purchase a console. These predictions are highly

unrealistic: there are only approximately 110M televisionhouseholds in the U.S., and there

are a signi�cant number of consumers and households who, no matter what the availability of

software may be, will not purchase a console due to income constraints or simply because they

do not value videogames. Introducing both dynamics and heterogeneity helps to correct this

out-of-sample prediction with only another 3-5M consumersestimated to purchase consoles

in the event of \forced compatibility." Note that model (iii ), which only allows for consumer

singlehoming, overestimates both the bene�t that the PS2 receives from forced compatibility

and the harm borne by the Xbox and GC. Across (dynamic) speci�cations, the counterfactual

regime does seem to indicate that the PS2 does signi�cantly better with the addition of new

titles, while the Xbox and GC seem to do worse.

Nonetheless, this last counterfactual is hardly realistic; \forced compatibility" is not

the appropriate regime to analyze when considering the absence of vertical integration or

exclusive dealing. The absence of these exclusive arrangements does not necessarily result

in all titles multihoming across all consoles. In such a case, some titles still may voluntarily

elect to be exclusive (or just support two consoles) since the costs of supporting more may be

prohibitive. Capturing these particular dynamics is crucial in understanding how and why

platforms compete for exclusive software, and I focus on software provision and the decision

of which platforms to support in the next section.

4 Hardware-Software Network Formation

In the previous section, the set of software products on eachplatform has been conditioned

on in the data. However, when institutional features of an industry change { as is the case

when hardware platforms cannot vertically integrate into software provision or o�er contracts

contingent on exclusivity { it is unlikely that the contract ing relationships between parties

will remain the same. This section develops a model of software \demand" for hardware in

order to determine how these relationships will change.
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4.1 Software Expected Pro�ts

I �rst focus on the computation of each software title's expected pro�ts had it chosen any set

of platforms to develop for. Consider the decision faced by athird-party software title k that

is released at timer k . Assume that � months in advance, at timer k � � , title k must choose

a strategysk 2 S � ff 0; 1g3g, which indicates which set of the three platformsk will develop

for.43 Each title faces the following tradeo�: on the one hand, developing and releasing a

title for a platform provides access to that console's base of users, which in turn may yield

greater sales; on the other hand, such development requiresthe outlay of signi�cant porting

costs, which may or may not be recouped.

For a given strategysk , title k's expected discounted pro�ts are given by (where, abusing

notation slightly, sk also represents the corresponding subset of platforms):

E[� k(sk ; � C )j
 k;r k � � ] = E[
� TX

t= r k

� � + t � r k
X

j 2 sk

Qj;k;t ((1� rmkup)pj;k;t � mcj )
�

j
 k;r k � � ]� Ck(sk ; � C ) ;

(15)

whereQj;k;t is the quantity of title k sold on platformj at time t, rmkup denotes the markup

captured by retailers,mcj is the marginal cost of production on consolej (which includes

royalties paid to the platform provider), and Ck(sk ; � C ) are the costs of producing titlek

for all platforms within sk which depend on some vector of parameters� C . In addition

to development and programming costs,Ck(�) contains all other �xed costs related to the

production of the game including distribution and marketing. I assume these costs are known

to the software title at time r k � � but not to the econometrician. Finally, expectations are

conditional on 
 k;r k � � , software title k's information set at time r k � � , which includes any

factors a�ecting market characteristics and consumer demand.

To compute software quantities, there is a signi�cant complexity: in a platform market,

a piece of software released for one platform induces more consumers to join that platform,

which in turn may induce more titles to join, thereby driving more consumer adoption, and

so on. Each software title thus must account for how consumers and other software titles

react to its own actions and those of others.

However, recall that software titles compete in independent markets and platform mean-

utilities f � j;t gj 2 J t ;t are su�cient statistics for determining hardware demand, where� j;t is the

set of hardware mean-utilities for all consumer typesi and inventory states�. Consequently,

a software title is a�ected by the actions of other titles only if they a�ect the installed base

43Recall that each videogame software title needs to be speci�cally developed for a particular console in
order to be used on that hardware system. If a title has agreedto an exclusive contract or is a �rst-party
title, the decision of which platform to support has already been made; otherwise, a third-party title chooses
the set of platforms that maximizes its expected pro�ts.
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of each console, and this can only occur through changes inf � j;t gj 2 J t ;t . Thus, beliefs over the

evolution of f � j;t gj 2 J t ;t are su�cient for each title to internalize and condition on the future

responses of consumers and other software titles. I make thefollowing assumptions:

Assumption 4.1. Software titles perceivef � i;j;t;� g8i;j 2 J t ;t;� 2 I can be summarized by the �rst-

order Markov processF (�) � f Fi;� (�)g8i;� given by(3).

Assumption 4.2. Each software title perceives its ownf � i;j;k;t g8i;j 2 J t ;t can be summarized

by the �rst-order Markov processG(�) � f Gi;j (�)g8i;j given by(7).

These are the parallels to assumptions 3.1 and 3.2 used for consumer demand analysis,

and imply that software titles share the same beliefs as consumers over the evolution of

both f � j;t gj 2 J t ;t and f � j;k;t gj 2 J t ;k;t . Thus as long as titlek knows the transition processes

F (�) and G(�), then (i) the month, (ii) the installed base of consumers oneach platform

at time r k � � , (iii) hardware mean-utilities f � j;r k � � gj 2 J t , and (iv) the title's own starting

qualities f � j;k;r k gj 2 J t and prices are all that are required to compute the number of copies

f Qj;k;t gj 2 J t ;t � r k that each title expects to sell on every platform it joins.

I assume that every software title knows its initial price and quality at the time of release,

and a title believes that it impacts the level of� j;t if it joins platform j , but not the transition

processesF (�) and G(�). I also assume that the retailer markup is �xed at 35% and marginal

costs are constant across platforms at $10 (re
ecting royalty rates of approximately $7 and

production costs of $3 per game disc). These �gures are consistent with information provided

by industry and public sources.44 Appendix B.1 provides further details.

4.2 Recovery of Development and Porting Costs

In order to compute a title's expected pro�ts from choosing any particular action sk , one �nal

issue remains: development and porting costsCk(�; � C ) are unobserved. I use a methods of

moments estimator based on inequality constraints developed in Pakes, Porter, Ho, and Ishii

(2006) to estimate these unobserved costs.

Consider again the decision of a third-party titlek that decided � months in advance of

release which platforms to develop for. The key assumption used to generate the moments

for estimation is that for each title brought to market by a third-party publisher, the ex-

pected pro�ts from developing for the set of platforms it chose in the data were higher than

developing for any other set of platforms,holding �xed the actions of all titles released up to

that point in time:45

44E.g. Takahasi (2002).
45For the purposes of this analysis, I will assume that the decision of which platforms to join is made

independently for each title, even if the title is released by a third-party publisher with multiple titles.
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Assumption 4.3. For each third-party software titlek, the observed choice of platformsso
k

maximized its expected pro�ts:

E[� k(so
k ; � C )j
 o

k;r k � � ] � E [� k (s0
k ; � C )j
 o

k;r k � � ] 8 s0
k 2 S ;

where
 o
k;r k � � denotes theobservedstate of each title's information set at timer k � � .46

I use a parsimonious speci�cation forCk(sk ; � C ):

Ck(sk ; � C ) = cg(sk) + � c
k ; (16)

and � C � ff cg(s)g8s2 Snf 0g3 g, whereg represents the genre of titlek. � c
k represents title-speci�c

costs that a�ect all strategy choices equally.47 The di�erence in costs between two di�erent

titles are thus assumed to be contained within di�erences ingenres and some unobservable

title-speci�c component.

Given assumption 4.3 and the speci�cation of porting costs given by (16), the expected

di�erence in pro�ts between the observed strategy chosen and any alternative should be

positive for all titles:

Ek

�
E [� k(so

k ; � C )j
 k;r k � � ] � E [� k (s0; � C )j
 k;r k � � ]
�

� 0 8 s0 2 f S n f 0; 0; 0gg :

Since I do not observe software products that are not released on any platform, I restrict

attention to strategies that involve joining at least one platform.

Let K s denote the set of titles that choose strategys. For eachs 6= f 0g3 and s0 =2 f s [

f 0g3g, converting expectations into sample means yields the following inequality moments:

p
# K s

# K s

X

k2 K s

(E o� k(s; � C ) � E o� k(s0; � C )) 
 g(! k;t � � ) � 0 (17)

for any ! k;r k � � 2 
 k;r k � � , where
 represents the Kronecker product andg(�) is any positive

valued function. I weight by the square root of the number titles that choose each particular

46I assume that the econometrician's estimate and a title's estimate of expected pro�ts are the same. As
long as this error is mean zero across titles and strategy choices and independent of instruments chosen, the
following analysis does not change (Pakes, Porter, Ho, and Ishii (2006)).

47The alternate speci�cation:

Ck (sk ; � C ) = cg
0(sk ) +

X

j 2 sk

cg
j � w

0;j;k + � c
k ;

where � w
0;j;k represents the software �xed e�ect for title k on platform j perceived by the mean consumer

(estimated from the demand side), was also employed; estimates from this speci�cation did not signi�cantly
change results of the counterfactual exercises in the next section.
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strategy s in order to account for the fact that there should be less expectational noise in

expected pro�ts for strategies chosen by many titles.

Equation (17) de�nes 42 inequalities (7 non-zero strategies, each with 6 alternative strat-

egy comparisons) to be used in estimation for each choice of instrument. If there are mul-

tiple values of � C that satisfy the inequalities, all values are admissible and a set estimate

is provided; otherwise, the value^� C that minimizes the absolute value of deviations in the

inequalities is obtained.48;49 Since only strategies that involve joining at least one platform

are compared, only relative di�erences betweenc0(s) and c0(s0) are identi�ed. Nonetheless,

for the purposes of the subsequent analysis, relative di�erences are all that are required in

order to determine the optimal choices for software titles.In estimation, c0(f 1; 0; 0g) (i.e.,

the constant cost for developing only for the PS2) is �xed to be 0.

Estimates

Table 10 presents porting cost estimates for� = 5 (i.e., titles make their decision 5 months

prior to release). Since the costs for developing solely forthe PS2 are �xed to be 0, these

estimates re
ect therelative costs of porting to a particular set of consoles. The speci�cation

used allows costs to vary across di�erent software genres. The results con�rm that, depending

on the genre, certain consoles may be more di�cult to developfor than others.

As expected, developing for two consoles is generally more expensive than developing for

one, but still cheaper than developing for all three. Consistent with institutional details,

the Xbox and GC are to be signi�cantly cheaper to develop for than the PS2.50 Depending

on the genre of game, porting a title can cost between $220K to$2.7M to port to a second

console and between $550K and $4.1M for the third; the average cost to port to an additional

console is $1.25M. These are in line with �gures provided by industry sources.

4.3 Dynamic Network Formation Game

I now specify a dynamic network formation game in which each software title selects which

platforms to develop for having formed expectations over the future pro�tability of each

48When constructing the inequality estimators, I also omit \h igh-quality" exclusive titles brought to market
by third-party publishers, which I assume to be those with values of� w

0;k + � k;r k in the top 25% of the estimated
distribution. The reason for this restriction is that these exclusive titles, although not �rst-party, may have
been subject to unobserved exclusive deals involving lump sum payments, development assistance, or joint
marketing promotions. The underlying assumption is that all other titles { those that multihomed were of
low enough quality { did not receive any exclusive contractsor preferential treatment from console providers.

49Point estimates despite the absence of error between estimated pro�ts by the econometrician and agents
may indicate that � c

k should be choice-speci�c in (16). However, Pakes (2008) shows in another empirical
application that this type of speci�cation error does not yi eld signi�cant bias.

50E.g., the PS2 with a new CPU architecture had a reputation of being di�cult to develop for, whereas the
Xbox was essentially an Windows-Intel PC using APIs with which many developers were already familiar.
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potential strategy. The setup allows for contracting partners and consumer demand to

change over time with past actions in
uencing future decisions. I will focus here only on

changes in contracting partners, assuming that the set of available hardware and software

products is given, and porting costs, royalty rates, retailer markups, and release dates do

not change. In the next section when I estimate a counterfactual regime, I discuss potential

ways of relaxing some of these restrictions.

Setup and Timing

In each periodt, there is a set of software productsK R
t that will be released on at least

one console. At timet � � , every title k 2 K R
t simultaneously commits to a set of consoles

sk on which it will be released� periods in the future. This decision is private, and is not

observable or known to any other industry participant until the title is released at timet.

Each title observes the number of each type of consumer both o� and onboard each platform,

knows its own initial qualities f � j;k;t g8j and release pricesf pj;k;t g8j , but does not have any

information about future software releases or availability f K R
t0g8 t0>t � � . Finally, platforms

have no strategic actions, and each o�ers a �xed contract to all titles specifying a common

royalty rate.51

At each periodt, the timing of actions is as follows:

1. All titles k 2 K R
t are released and added to the stock of existing software products for

each platform according tof skg8k2 K R
t
;

2. Characteristics for all platforms and released softwaretitles are determined (which are

contained within f � j;t gj 2 J t and f � j;k;t g8j;k 2f\ t 0� t K R
t 0g

);

3. Consumers make hardware and software purchase decisions;

4. All titles k 2 K R
t+ � choose which set of platformssk to join.

Equilibrium and Computation

Given assumptions 3.2, 3.1, 4.1, and 4.2 on consumer and �rm beliefs, a�rst-order Markov

equilibrium of this game will contain a set of strategiesf ŝkg8k and �rst-order Markov tran-

sition processeŝF and Ĝ such that:

51Platforms are not assumed to be strategic agents other than setting the prices for their own consoles,
which is internalized in the evolution f � j;t gj 2 J t ;8t . Without exclusive deals or vertical integration, I rule
out any preferential treatment by platform providers towar ds individual software titles since these deals are
primarily made in exchange for exclusivity. Additionally, platforms typically pre-announce and commit to
royalty rates that are charged to third-party software developers in advance of a system's release (Kent (2001),
Hagiu (2006)), and I assume that these royalty rates not onlydo not change in counterfactual environments.
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1. For every title k, ŝk maximizes its expected pro�ts at timer k � � :

E [� k (ŝk ; � C )j
 k;r k � � ] � E [� k(s0
k ; � C )j
 k;r k � � ] 8 s0

k 2 S n f 0; 0; 0g

with each title's expected pro�ts given by (15), and beliefsover the evolution of

f � j;t gj 2 J t ;8t and f � j;k;t g8j;t>r k given by F̂ and Ĝ;

2. Consumers purchase hardware and software according to the dynamic model provided

in section 3, with software availability given byf ŝkg8k and beliefs over the evolution

of f � j;t gj 2 J t ;8t and f � j;k;t g8j;t>r k given by F̂ and Ĝ;

3. Transition processesF̂ and Ĝj are consistent with realized values off � j;t gj 2 J t ;t and

f � j;k;t gj 2 J t ;k2 K j;t ;t implied by f ŝkg8k and consumer behavior.

In this equilibrium, each software title conditions only onits own mean qualities, prices, and

other \payo�-relevant" state variables when determining its optimal strategy; additionally,

a consumer's decision to purchase a particular platform or software title { as on the demand

side { is only a function of her own characteristics and the product's mean-quality (� j;t or

� j;k;t ). A �rst-order Markov equilibrium is thus a Markov-Perfect Nash Equilibriumin the

sense of Maskin and Tirole (1988, 2001) with the additional restriction that agents' beliefs

over the transition probabilities F̂ and Ĝ are contained within the class of �rst-order Markov

processes. These transition probabilities will be di�erent from those originally estimated in

the demand system since they account for resultant changes in contracting partners from

those observed in the data; in this sense, they are internally consistent (subject to the

�rst-order restriction). Furthermore, this equilibrium i s also subgame perfect: as long as

every agent chooses its optimal action as a function only of its own payo�-relevant state

variables as speci�ed, any agent's porting or purchasing decision remains optimal and is a

best-response even when considering more general deviations (e.g., non-Markovian strategies

such as conditioning choices explicitly on the previous actions of others).

Nonetheless, it may be the case that there are multiple equilibria: e.g., di�erent beliefs

over the evolution of each hardware platform's quality may sustain di�erent actions, which

in turn rationalize those beliefs. In computation, the space of beliefs are restricted to the

parameterizations ofF and f Gj g8j used on the demand side, given by (13) and (14); ad-

ditionally, there are bounds on the set of sustainable beliefs in equilibrium since there are

minimum and maximum attainable values off � j;t gj 2 J t ;8t for each platform, which correspond

to hardware mean-utilities without any or with all software titles onboard. To partially ac-

count for the possibility that there may still be multiple equilibria, I run the algorithm

described in Appendix B.2 to compute the equilibrium using multiple starting beliefs.
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4.4 Fit of Dynamic Network Formation Model

To evaluate the �t of the model, I �rst compute a new equilibrium holding �xed the actions

of all �rst-party software titles, but allow third-party ti tles to re-optimize and choose a new

set of platforms to support. Table 11 presents a comparison between the observed data and

the computed equilibrium. Con�dence intervals are constructed via parametric bootstrap of

demand system estimates reported in table 3, where softwareexpected pro�ts, porting costs,

and a new equilibrium are recomputed for each draw.

The model predicts installed bases and market shares for platforms to be close to the

data. Although the PS2 is predicted to have fewer titles and the Xbox and GC more,

restricting attention to only \hit" titles { de�ned alterna tively as titles selling over 100K or

1M copies on a given console { indicates a better �t. This may imply that although any

estimation or speci�cation error in porting costs a�ect theactions chosen by small titles, it is

less of an issue for popular games. Since the actions of thesehit titles are the only ones that

signi�cantly a�ect platform market shares, as long as theiractions are accurately predicted,

estimated aggregate industry �gures such as market shares and installed base will be similar

to those observed. Finally, the model predicts the total software sales on each platform to

be close to the data with the exception of the GC, which is predicted to sell more titles. In

general, these �gures are important to match since royalties on software sales comprise most

of each platform's pro�ts, and thus translate directly into the success of each platform.

In all simulated runs, using di�erent starting beliefs did not change the computed equi-

librium. This is likely due to the fact that for each title, th e decision of which consoles to

support is typically robust to small 
uctuations in beliefs over the evolution off � j;t gj 2 J t ;8t .

Only hit titles can shift the value of f � j;t gj 2 J t ;8t for any given console in any signi�cant way,

and the strategy of these titles is not signi�cantly in
uenced by the strategies of other soft-

ware titles: as long as there are su�cient numbers of consumers onboard each platform at a

given moment, most hit titles will join all platforms. On the other hand, for most mid and

low-quality titles, the impact of porting costs on pro�ts typically dwarfs the impact of any

small shifts in expected installed bases across consoles caused by changes in beliefs.

5 Policy Experiment: Banning Vertical Integration and

Exclusive Contracting

Using the estimates so far obtained, I proceed in this section to examine a counterfactual

environment in which console providers are prevented from integrating into software develop-

ment, and are unable to o�er exclusive contracts to third-party titles. However, third-party

titles still may voluntarily choose to be exclusive if they �nd the costs of porting too high.
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As discussed, a change in the contracting space that eliminates contractual exclusivity

may change other industry features, including investment incentives and the entry and exit

of new hardware and software products. For example, withoutintegration, investment in

previous �rst-party software may not occur. To account partially for this possibility, I

consider two counterfactuals: (i) �rst-party titles are assumed still to enter the market as

third-party titles; (ii) all �rst-party titles no longer ar e produced and thus do not enter.

These two alternatives can be used as potential bounds for what actually may occur absent

exclusivity and integration.

Some caveats remain. Although software providers form expectations over the future

quality and prices of products when deciding which platforms to join, I assume that prices are

the same as actual price paths in the data when computing the outcomes of the counterfactual

regimes. Without a full model governing the dynamic price-setting behavior of �rms, these

counterfactual price paths become di�cult to determine.52 Furthermore, I assume that all

platforms o�er the same non-exclusive contracts to each software title and do not change

their royalty rates. Relaxing this last assumption requires a model of bilateral oligopoly

bargaining model, which is outside the scope of the paper andthe subject of future work.

5.1 Industry Structure

The results from the counterfactual simulations are presented in table 12. In the �rst speci-

�cation when former �rst-party titles still enter the marke t as third-party titles, Sony's PS2

is predicted to increase its market share to nearly 60% and sell nearly 200M more copies of

software over the �ve-year period (which, at $7 in royaltiesper game, is $1.3B in additional

pro�t): this is primarily a result of the PS2 now having signi�cantly more \hit" titles, many

having been previously exclusive to its competitors.On theother hand, Microsoft's Xbox

performs worse, selling 1.2M fewer consoles and 37M fewer copies of games; Nintendo's GC

does not signi�cantly do better or worse than before. One reason why the Xbox performs

worse than the GC is that the Xbox, which sells at the same price point as the PS2, is more

of a direct competitor and substitute for the PS2 { without exclusive hit titles distinguishing

the Xbox from the PS2, most (high valuation) consumers select the PS2 due to its higher

predicted �xed e�ect and 14 month head start in accumulatinga larger installed base and

software library { whereas consumers may still purchase theGC due to its cheaper price

(either instead of or in addition to the PS2).

The second speci�cation also prohibits exclusive arrangements, except it now removes all

52Nair (2007) details one approach to modelling a �rm's dynamic pricing decision. Nesting this type of
optimization problem within this paper's existing framework is too computationally burdensome for imple-
mentation. Nonetheless, I also compute the counterfactualsimulations assuming software prices follow a
�rst-order Markov process estimated in the appendix, and �nd that the results do not substantially change.
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former �rst-party titles and assumes that they were never produced. Here, the industry as

a whole does worse since many of the �rst-party titles were blockbuster hits; nonetheless,

both because the PS2 did not originally have many �rst-partyhits and because previously

exclusive third-party hits on other consoles now port to thePS2, Sony fares as well in

the counterfactual as it did in the observed data. However, now both the Xbox and GC

are predicted to do worse than they did with exclusivity: each entrant sells 1-2M fewer

consoles, and fewer than 45M total software titles (down from 118M and 80M, respectively,

representing pro�t reductions of $:5B and $:3B) during the �ve-year period. Since both

Xbox and GC had a number of hit �rst-party titles (e.g., recall table 2 shows that nine

of the top ten titles sold on GC were �rst-party titles, and estimates from table 5 suggest

�rst-party titles were higher quality on average), it is unsurprising that the number of titles

each entrant sells drops precipitously if these �rst-partytitles were eliminated.

One of the main reasons that the PS2 bene�ts instead of the Xbox and Gamecube in

software sales is that in both counterfactuals, consumers with high values of � 
 { many who

had previously multihomed in order to access exclusive hit titles on on each console { by

and large now only purchase the PS2: whereas approximately half of the top quintile of

consumers in the original demand model were estimated to have multihomed, only about

quarter are estimated to do so in the counterfactuals.

5.2 Consumer Welfare

Without exclusive arrangements, consumers onboard each platform would have access to

a larger selection of high quality titles. To analyze consumer welfare gains, I calculate

the compensating variation for consumers who are predictedto purchase a console in each

counterfactual environment.

In the �rst regime when �rst-party titles still enter the mar ket, I �nd that total con-

sumer welfare increases over the course of the generation byapproximately $.6B holding

�xed hardware and software prices and entry. Practically all of this increase is realized by

those consumers who would have purchased a videogame console in the previous regime, and

these consumers receive approximately $22 on average in surplus. However in the second

regime when �rst-party titles are no longer produced, consumer welfare actually falls by

approximately $.9B.

Both of these calculations again ignore the possibility that Microsoft or Nintendo may

have exited the market, or Sony, with its increased market power, may have increased prices.

For example, in the �rst regime if Microsoft and Nintendo did not enter at all due to the

inability to integrate or obtain exclusive titles, total consumer welfare would be predicted to

have fallen despite having all titles onboard a single console. Similarly, I �nd that Sony {
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holding the prices �xed for the Xbox and GC { would have found it pro�table to raise the

price of its PS2 unit by over $200, again leading to consumer welfare losses.

5.3 Discussion and Policy Implications

Counterfactual experiments suggest that vertical integration and exclusive contracts harmed

the incumbent and aided entry at the platform level. Since the PS2 had already captured an

installed base of 5M users before its two competitors entered a year later, without exclusive

arrangements the Xbox and GC may likely only have been able toinduce a developer to re-

lease a title for their consoles after a version had already been developed for the PS2. Hence,

both entrants would have been unable to obtain much softwareadvantage over the incum-

bent, would have sold far fewer software products, and { since software royalties comprise

almost the entirety of platform pro�ts { may potentially hav e exited.

Furthermore, with Sony predicted to command a dominant position in the market in

the absence of exclusive contracts or integration, it may have sustained higher prices. Com-

bine this with the possibility that Microsoft and Nintendo may not have remained in the

videogame industry and subsequently not produced their seventh-generation consoles in 2006,

any immediate consumer gains from increased access to software may very likely have been

o�set by these dynamic consequences. Although welfare calculations are sensitive to the as-

sumptions used concerning entry, exit, and price setting behavior, the implications governing

industry structure, market concentration, and platform competition appear to be robust.

It is worth stressing that although exclusive arrangementsmay have encouragedplatform

competition, this does not necessarily imply that they encouragedsoftwarecompetition. In

the videogame industry, without explicitly modelling the entry and exit of new titles, the

e�ect on software entry is ambiguous: e.g., having only a single monopoly platform to

support might have reduced porting costs required for a third-party developer since only one

console would have to be developed for, but a more competitive environment with multiple

integrated platform providers might have increased investment in �rst-party software or led

to �ercer competition among platforms for titles through reduced royalty rates or increased

development and marketing assistance.

In other industries, the impact of vertical integration andexclusivity on software com-

petition may be more clear. For example, Microsoft's integration of its platform (Windows

OS) into the browser and media application space was ruled bycourts in both U.S. v. Mi-

crosoftand European Union v. Microsoftto have foreclosed competing software vendors (e.g.,

Netscape and Real Networks). Although both the videogame industry and the PC industry

are hardware-software environments, the fact that PC applications are very close substi-

tutes for one another (e.g., consumers typically only use one word processor, browser, media
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player, or spreadsheet program) whereas videogames are notmay indicate that \upstream"

software foreclosure may be more of a concern with software substitutability. However, it

still may be the case that vertical integration and exclusivity into software development aids

other platform providers(such as MacOS and Linux) in obtaining market share.

One suitable comparison to the videogame industry is in television distribution. In

the U.S., DirecTV's exclusive contracts with certain content providers { notably with the

National Football League for a package of its out-of-marketgames { substantially contributed

to its success and ability to induce consumers to substituteaway from cable. The impact of

this competition was substantial: Goolsbee and Petrin (2004) estimate that entry by satellite

providers reduced cable prices by about 15% and encouraged improvements in cable quality,

yielding aggregate welfare gains of approximately $5B. In this regard, the U.S. Senate's

recent actions preventing an exclusive deal between Major League Baseball and DirecTV {

an intervention motivated mainly by a static e�ciency desire to expand consumer access {

may have negatively a�ected competition in the industry.53

At the same time, in certain cases platform competition may not be desirable. Often this

is true when a platform provider cannot raise prices or otherwise exercise market power upon

establishing a dominant position. E.g., consider the recent standards competition between

next generation DVD formats Blu-ray and HD-DVD: regardlessof which standard won or

\monopolized" the market, neither standard sponsor (Sony or Toshiba) could increase prices

as both had already committed to licenses and royalty rates with hardware manufacturers and

movie studios. Furthermore, having a single clear standardemerge as the dominant platform

would have e�ectively removed uncertainty from the marketplace and likely spurred consumer

adoption much earlier, thereby increasing total welfare.54 As a consequence, integration and

exclusive contracting between the standard sponsors and motion picture studios (e.g., Sony's

ownership of Columbia Pictures or Toshiba's exclusive dealwith Paramount) { although

potentially \pro-competitive" in having encouraged the existence of multiple formats { may

very well have contributed to an undesirable and lengthy standards battle.

53The comparison here is between videogames and television programs, as both are perishable and are
continually replaced; consequently, to some extent the results of this paper relies on the incumbent platform
repeatedly competing with entrants for new content. Television channels or networks are less perishable,
however, which raises the possibility that an incumbent television distributor could potentially foreclose entry
by acquiring exclusive access to certain key channels. Since new \hit" channels are less frequently created,
an entrant distributor would �nd it di�cult to secure conten t. As a result, legislation prohibiting vertically
integrated media companies (e.g., TimeWarner) from denying access to its own content (e.g., CNN) to rival
distributors may actually encourage entry when content production is limited.

54See, e.g., Farrell and Saloner (1985) and Katz and Shapiro (1986).
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6 Concluding Remarks

This paper has shown that integration and exclusive contracting between console manu-

facturers and software developers in the videogame industry likely aided platform entry.

Evidence suggests that in this and other platform markets where upstream foreclosure is not

a concern and where forced exclusivity contracts are not permitted, intervention or regula-

tion may not be necessary. Furthermore, when evaluating thepossibility of foreclosure or

entry deterrence in dynamic networked environments, traditional static analysis may fail to

uncover pro-competitive e�ects of exclusive vertical arrangements.

Although counterfactual simulations indicate that the industry appears more concen-

trated when exclusive arrangements are prohibited, consumers may still have bene�ted from

access to a wider selection of software onboard each platform. Whether or not consumers

would have been better or worse o� depends crucially on whether the incumbent would have

raised prices, and whether other platforms or software titles would have exited. Any of these

e�ects are shown to have been su�cient to eliminate any consumer welfare gains.

This paper also focused on developing a framework to measureempirically the impact of

these exclusive arrangements. I presented a consumer demand system that accounts for the

dynamic selection of forward-looking, heterogeneous consumers across and onto platforms;

the demand system also recovers the contribution of an individual title to a platform. Ad-

ditionally, I detailed and estimated a computationally tractable dynamic network formation

game that allows agents to anticipate the future actions of other players by conditioning on

a small dimensional set of state variables. By explicitly modelling the platform adoption

decisions of individual consumers and �rms, the framework here can be applied structurally

to analyze other related industries that exhibit similar indirect network e�ects; it can also

be used as a launching point for even more sophisticated models with dynamic pricing, in-

vestment, and entry and exit, which may be necessary to fullycharacterize the impact of

exclusivity in networked industries.

For tractability, a few key assumptions were made and carried throughout the analysis.

First, I assumed the independence of titles; in other types of platform industries, there may

be stronger substitution e�ects across \software" products. Secondly, to model the dynamic

decisions for both consumers and �rms, I restricted agents'beliefs over the evolution of

product mean-utilities to the class of �rst-order Markov processes. Finally, I abstracted

away from product entry and exit and dynamic pricing decisions by hardware and software

providers. Some robustness checks and alternative formulations were explored. Though it is

unlikely that relaxing these assumptions would change the main implications of this paper,

doing so may be necessary for other empirical applications.
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A Demand System: Details
This section of the appendix provides further details on the speci�cation, estimation, computation, and
robustness checks for the consumer demand analysis.

A.1 Other Industry-Speci�c Issues
There are a few remaining institutional speci�c details that a�ect the estimation of the model.

The �rst involves an issue of staggered platform release dates: Sony's PS2 console was released in October
2000, whereas the Nintendo GC and Microsoft Xbox were not released until November 2001. Consequently,
for a portion of the data, only one console was available. Nonetheless, consumers knew that the GC and
Xbox would be released during the 2001 holiday season even a year in advance of the actual release.55 As
a result, I model the consumer's relevant problem from October 2000 to October 2001 as a �nite horizon
optimal stopping problem with only one hardware console available, and assume that consumers know the
starting values for the new products when they are introduced in November 2001.

The second is that the PS2 is backwards compatible with titles released for Sony's previous generation
console, the original Playstation (PS1). Any utility deriv ed from titles released for the PS1 prior to October
2000 as well as expectations over future software availability would be subsumed in the PS2's �xed-e�ect;
however, any unexpected utility from PS1 titles released afterwards would not be accounted for. From the
release of the PS2 in October 2000, there were 387 titles released for the PS1, 332 of which were not also
released for the PS2. None of these were large successes. Since it is impossible to di�erentiate whether or not
purchasers of these software titles owned a PS1, PS2, or perhaps even both, I will assume that these titles
do not in
uence a consumer's decision to purchase a PS2. It seems reasonable that a consumer interested
in playing older generation titles either would already own one or purchase the much cheaper console, and
that the role of these new PS1 titles on the decision to purchase a PS2 is marginal at best.

Thirdly, the PS2 exhibited shortages during the �rst few months of its launch and supply was not able
to meet demand, and without correction the model would potentially predict a lower value for � i;j;t than
the true value for those early months. However, if I assume that during these months access to the console
was independent of consumer heterogeneity (and consumers purchased in the same proportion had there not
been a shortage), then ignoring the implied� i;j;t for the �rst few months during estimation would still yield
consistent estimates.56 Eliminating observations from the �rst few months did not al ter results substantially,
and estimates are presented without this correction.

A.2 Computational Details
Recall that � 2 I � f 0; 1g3 denotes the inventory state of a consumer. Slightly abusingnotation, � = 0
will indicate no platforms are owned; � = 7 that all 3 have been purchased. I discretize the distributions
of � p and � 
 to model consumer heterogeneity: consumers can be divided among R groups (indexed by i ,
each with price-sensitivity and gaming-preference coe�cients (� p

i ; � 

i ) and initial population shares � i;t =0 ;� =0

according to the distributional assumptions given. At eachperiod, the share of the population comprising a
consumer of typei onboard consolej with inventory � is given by � i;j;t;� . In the initial estimation, � 
 was
allowed to take on 11 distinct values and� p 5 values, resulting inR = 55 distinct consumer types. However,
due to the di�culty in identifying heterogeneity in � p, only heterogeneity in � 
 was ultimately allowed.

The estimation routine has the following steps:

� To evaluate a candidate� , iterate on the following until convergence onf � j;t (� 

i ; � p;hw

i ; � ); � i;j;t;� gj 2 J t ;8t;i;�

is obtained:57

55Microsoft o�cially announced the Xbox on March 10, 2000 and Nintendo announced the GC on August
25, 2000, although their existence was rumored for months prior. As often is the case, console manufacturers
announce the upcoming release of a new console far in advanceto drum up support from software developers
and interest from consumers.

56This is equivalent to removing the initial values of � hw
j;t for the PS2 when constructing moments.

57For �, a tolerance of 10 � 7 was used.
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i Hardware Adoption: For a given f � n
j;t (� 


i ; � p;hw
i ; � )g8j 2 J t ;t;i;� , determine mean console utili-

ties f � i;j;t;� g8i;j 2 J t ;t;� which match observed shares in data with those predicted by the model.
Update the distribution of consumer types who own each console f � n +1

i;j;t;� gj 2 J t ;8t;i;� .

ii Software Adoption:

Given the distribution of consumers onboard any hardware platform, compute mean software
utilities f � j;k;t gj 2 J t ;k 2 K j;t ;t for every software title on every platform that, again, match ob-
served shares in data with those predicted by the model. Update implied software utilities
f � n +1

j;t (� 

i ; � p;hw

i ; � )g8j 2 J t ;t;i;� .

� Form innovations in product unobservables:

f � hw
j;t gj 2 J t ;8t = f � j;t (� ) � � hw � j;t � 1(� )gj 2 J t ;8t

f � sw
j;k;t gj 2 J t ;k 2 K j;t ;8t = f � j;k;t (� ) � � sw � j;k;t � 1(� )gj 2 J t ;k 2 K j;t ;8t

and compute GMM objective de�ned in (12).

Hardware Adoption

Note that the values f � i;j;t;� gj 2 J t ;� 2 I are su�cient to compute the expected probabilities that a consumer
with any inventory � , prior to realizing � i;t , will purchase any hardware console at timet:

ŝi;t;� (f � i;j;t;� gj 2 J t ) =
exp(� i;t;� )

exp(� i;t;� ) + exp( �E [EVi (f � i;j;t +1 ;� gj 2 J t +1 ; �; m (t + 1)) jf � i;j;t;� gj 2 J t ; �; m (t)])
(18)

as well as the probability a consumer purchases a particularhardware platform j conditional on purchasing
any platform:

ŝi;j;� j t (f � i;j;t;� gj 2 J t ) =
exp(� i;j;t;� + �E [EVi (f � i;j;t +1 ;� gj 2 J t +1 ;� 2 I ; � [ f j 0g; m(t + 1) jf � i;j;t;� gj 2 J t ;� 2 I )]))

exp(� i;t;� )
(19)

where� i;t;� = ln(
P

j =2 � exp(� i;j;t;� + �E [EVi (f � i;j;t +1 ;� gj 2 J t +1 ;� 2 I ; � [ f j 0g; m(t +1)) jf � i;j;t;� gj 2 J t ;� 2 I ])).58 Thus,
provided the values of f � i;j;t;� gj 2 J t ;� 2 I for each consumeri , aggregation over (18) and (19) yields the total
predicted share of consumers that purchases consolej at time t:

ŝj;t (f � i;j;t;� g8i;j 2 J t ;8� ; m(t); �; �; �) =
X

�;i

ŝi;t;� (�)ŝi;j;� j t (�)� i;j;t;� (20)

Note that the distribution of consumers across platforms given by � i;j;t;� changes over time according to
the population of consumers who have purchased in previous periods; this is one of the primary ways the
demand system generates interdependence over time.

De�ne the mean utility for the \mean" consumer ( i = 0) of hardware platform j at time t and inventory
state � = 0 as

� j;t � � x x j;t � � p;hw
0 pj;t + � j;t (� 


0 ; � p;hw
0 ; � = 0) + � j;t (21)

For a �xed � 1, f � j;t (� 

i ; � p;hw

i ; � )g8j 2 J t ;t;i;� , and f � j
i; 0;� g8i;j 2 J t ;� , the contraction mapping introduced in

Berry, Levinsohn, and Pakes (1995)

� n
j;t = � n � 1

j;t +  
�
ln(so

j;t ) � ln( ŝj;t (� n � 1
j;t; 0 ))

�
(22)

is used to obtain to mean console qualities� j;t (�), where so denotes the observed share of potential buyers
who purchase consolej at time t and  2 (0; 1).59 For the following discussion, I will omit arguments �, � ,
� , and m(t) whenever it is possible to do so without confusion.

58These are the standard \logit" closed form expressions derived from integrating over the extreme value
errors � i;t .

59Using the sup-norm, the tolerance for� was set to 10� 10.
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� At each stage of the mapping, implied market shares ^sj;t (� n � 1
j;t ) are computed according to:

ŝj;t (� n � 1
j;t ) =

6X

� =0

RX

i =1

� i;t;� ŝi;t;� (� i;t;� ; � )ŝi;j;� j t (23)

{ To obtain ŝi;t;� (� i;t;� ) and ŝi;j;� j t , the consumer dynamic optimization problem for a given� n � 1
j;t

and for every consumer typei and inventory state � must be solved. Noting� i;j;t;� = � j;t � (� p
i �

� p
0)pj;t + � j;t (� 


i ; � p
i ; � ) � (� j;t (� 


0 ; � p
0; � = 0)), the transition kernel according to the regression

in (13) is �rst updated. I assume there is a �nite horizon �T at which point f � j; �T ( � ) g8j 2 J t ;�

decays to 0, and simulate forward 10 sample paths to compute the expected value function
f EVi (f � i;j;t (� )g)g8i;� given by (4).60 In practice, I assume this horizon occurs in January 2006,
3 months after the end of the data sample; however, results did not change signi�cantly when
the horizon was extended by 1 year.

{ To update f � i;t;� g8i;t> 0;� , �rst shares f � i;t =0 ;� =0 g8i are computed from the distribution implied
by � 1, and then each future period is computed by updating the distribution of consumers
remaining on the market as follows:

� i;t +1 ;� =
(1 � ŝi;t;� )� i;t;s +

P
� 02 I � ( � ) � i;t;� 0ŝi;t;� 0ŝi; f � n� 0g;� 0j t

P
i;� 006=7 � i;t +1 ;� 00

(24)

where I � (� ) is the set of inventory states that can \reach" inventory st ate � { e.g., di�er only by
having one fewer console. In other words, the share of consumers with inventory � at time t + 1
are simply those that did not purchase a new console at timet (the �rst term of the numerator)
plus those in state �0 at time t who purchase consolej , where j is the only di�erence between
� and �0. To account for the growth in total market size (i.e., more television households are
present in each period), I assume that new households are distributed across consumer types
according to their initial distribution.

{ This inner loop is repeated { alternating between updating the � transition kernel in (13) and
the expected value function in (4) { until convergence.

Software Adoption

As on the hardware side, note the mean utility for consumeri , � i;k;t , is a su�cient statistic in determining
whether or not consumeri purchases software titlek in a given period. The model implies that the share of
people who purchase titlek is given by:

ŝk;t (f � i;k;t g8i ) =
X

i

exp(� i;k;t )
exp(� i;k;t ) + exp( �E [EW i (� i;k;t +1 j� i;k;t ; m(t))])

� i;j;k;t (25)

where � i;j;k;t is the share of consumers of typei onboard platform k who have not yet purchased software
k at time t; it is a function of the hardware adoption decision for all consumers in periods� � t. It is the

60I also explored using a discretized state space with a non-uniform grid (concentrating points in areas that
are more likely to be visited), simplical interpolation, and standard value function iteration for convergence.
Even when using a relatively sparse grid of 20 points in each direction for the � ijt terms, the state space
is of size 8� 12 � 203 = 8 � 105. Initial results were similar to those obtained using a �nit e horizon, but
this method did not scale well when the number of consumer types increased and as a result became too
computationally unwieldy. Attempts at using polynomial ap proximations with shape-preserving splines were
also unsatisfactory; similar to the issue raised in Section9 of Benitez-Silva, Hall, Hitsch, Pauletto, and Rust
(2000), polynomial approximation routines do not capture the location of the kink in the value function
of a consumer's optimization problem accurately. As this value determines whether or not the consumer
purchases, it is of central importance in the GMM objective function, and thus these inaccuracies render the
approximations unsuitable despite their computational advantages.
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evolution of this distribution over time and across platforms that necessitates the joint estimation of software
and hardware demand.

To obtain a starting value of f � j;t (�; � )g8� for the hardware adoption side, I �rst assume f � j
i;t g8t = � j

i; 0
{ i.e., the entry distribution of consumer types on each hardware platform is stationary across time. For a
given � 1; f � j

i;t g8i;j 2 J t ;t , the software side proceeds in a parallel fashion to the hardware adoption side. For
each consolej , the same BLP contraction mapping is used to recover mean software qualities � j;k;t :

� n
j;k;t (� 1; f � j

i;t g) = � n � 1
j;k;t + ln( so

j;k;t ) � ln( ŝj;k;t (� n � 1
j;k;t ))

� Implied market shares ŝj;k;t (� n � 1
j;k;t ) are computed as in the hardware side (except now there are only

two inventory states f 0,1g), where the initial base of consumers who have not purchaseda title is given
by the distribution of consumers on a given console at the time of the title's release, and each future
period's potential market size is updated accordingly. Again, the consumer dynamic optimization
problem given by (8) for a given � n � 1

j;k;t is solved for every consumer typei , where one can updated
� i;j;k;t = � j;k;t � (� p

i � � p
0)pk;t + � 


i . I discretize the state space into a uniform grid with 201� 12
points, and employ Halton sequences for random draws on the evolution of � i;j;k;t , simple linear
interpolation, and standard value function iteration for c onvergence. At each stage, transition kernel
is updated according to the regression in (14). The process repeats until convergence on the transition
kernel and each title's expected value function is obtained.61

Once the expected value function is computed for each software title, consumer type, and time period,
� is updated according to (8).

Recovery of � hw (� ) and � sw(� )

The hardware and software adoption algorithms are repeateduntil convergence onf � j;t (� 

i ; � p;hw

i ; � )gj 2 J t ;8t;i;�

and f � i;j;t;� g8i;j 2 J t ;t;� is obtained. 62 This yields f � j;t; 0(� )gj 2 J t ;8t and f � j;k;t (� )gj 2 J t ;k 2 K j;t ;t .
Note that � 2 can be expressed as a function of� 1 by using the �rst order conditions of the objective

function:

�̂ 2(� 1) = ( X 0Z � � 1Z 0X )� 1X 0Z � � 1Z 0Y( ^� 1)

where

X =
�

� x

� w

�
; Z =

�
Z hw

Z sw

�
; Y (�̂ 1) =

�
(� j;t � � hw � j;t � 1) + � p;hw

0 (pj;t � � hw pj;t � 1))
(� j;k;t � � sw � j;k;t ) + � p;sw

0 (pj;k;t � � sw pj;k;t � 1)

�

As a result, a non-linear search needs only be conducted over� 1.
Finally, innovations in product unobservables which are used to form the GMM objective are computed

as follows:

� hw
j;t = ( � j;t � � hw � j;t � 1) + � p;hw

0 (pj;t � � hw pj;t � 1)

� (� j;t (�; � = 0) � � hw � j;t � 1(�; � = 0)) � � x (x j;t � � hw x j;t � 1)

� sw
j;k;t = ( � j;k;t � � sw � j;k;t ) + � p;sw

0 (pj;k;t � � sw pj;k;t � 1) � � w (wj;k;t � � sw wj;k;t � 1)

A.3 Uniqueness of � and �
This section discusses su�cient conditions for the mappingintroduced in Berry, Levinsohn, and Pakes (1995)
and referenced in subsection 3.2.2 to be a contraction for both hardware and software, which will insure
that the recovered vectorsf � j;t (� )gj 2 J t ;8t and f � j;k;t (� )gj 2 J t ;k 2 K j;t ;8t are unique. To save on notation, let
� � f � j;t gj 2 J t ;8t and � � f � j;k;t gj 2 J t ;k 2 K j;t ;8t , with the understanding that although � is omitted from
notation, all values are � speci�c.

61Using the sup-norm, tolerances were set to 10� 10 for � and 10� 14 for the expected value functionEW .
62Using looser tolerances on� , � , and EW until � was close to convergence speeded up computation.
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Consider �rst the hardware mapping f (� ) = � + ln( so) � ln( ŝ(� ; F (� )), where so and ŝ are the vector of
observed and computed shares, andF are the beliefs of consumers and, by assuming rational expectations,
are de�ned uniquely for any � by (13).

In their appendix, Berry, Levinsohn, and Pakes (1995) provide three su�cient conditions for the function
f (�) : R K ! R K to be a contraction mapping:

(i) 8x 2 R K , f (x) is continuously di�erentiable, with, 8j and k,

@fj (x)=@xk � 0 and
KX

k=1

@fj (x)=@xk < 1:

(ii) min j inf x f (x) � x > �1 .

(iii) There is a value, x, with the property that if for any j , x j � �x, then for somek (net necessarily equal
to j ), f k (x) < x k .

The di�erentiability of market share equation s(�) implies f is continuously di�erentiable. A necessary
and su�cient condition for @fj (� )=@�k � 0 is:

exp(� i;j;t;� + BEEV i (�; � [ f j g; m(t))) �
� X

l 2f 0[ I n� g

exp(� i;l;t;� + BEEV i (�; � [ f lg; m(t))) �

(
@BEEVi (�; � [ f j g; m(t))

@�k
�

@BEEVi (�; � [ f lg; m(t))
@�k

)
�

> 0 8 i; t; � ; j; k =2 � (26)

and a su�cient condition for
P

k @sj =@�k < s j , which then implies
P

k @fj (� )=@�k < 1, is:

X

l 2 J t

(
@BEEVi (�; � [ f j g; m(t))

@�l
�

@BEEVi (�; � [ f kg; m(t))
@�l

) < 1 8 i; t; � ; j; k =2 � (27)

where BEEV i (�; �; m (t)) � �E [EVi (f � i;j;t +1 ;� gj 2 J t +1 ;� 2 I ; �; m (t + 1); Fi )jf � i;j;t (� )gj 2 J t ;� 2 I ; m(t)].
Conditions (ii) and (iii) can be satis�ed by �nding both lowe r and upper bounds of � in the same

manner as in Berry (1994) and Berry, Levinsohn, and Pakes (1995), adding simple modi�cations to account
for di�erent time periods t.

Similarly, it can be shown that necessary and su�cient conditions for the software mapping, used to
recover software mean-utilities� , to be a contraction are:

exp(� j;k;t ) + exp( BEEW i;j (� j;k;t ; m(t))) � @BEEWi;j (� j;k;t ; m(t))=@�j;k � 0 8 i; j; k; t (28)

@BEEWi;j (� j;k;t ; m(t))=@�j;k � 1 8 i; j; k; t (29)

where BEEW i;j (� j;k;t ; m(t)) = �E [EW i (f � j;k;t +1 ; m(t + 1); Gi;j )j� j;k;t ; m(t)].
These conditions would automatically be satis�ed in a static model, since the value of the outside good is

a constant and does not include the option value of waiting. To understand what these conditions impose in
a dynamic model, consider what it means for (29) to fail. If @BEEWi;j (� j;k;t ; m(t))=@�j;k >> 1, then when
� j;k;t increases, the option value of waiting might grow su�cientl y fast such that the share of consumers
purchasing goodj at time t actually falls: i.e., the better a product is today, the fewer people actually
purchase that product today.

During the estimation routine, the partial derivatives of t he expected value functionsEVi and EW i were
computed at every iteration, and conditions (26), (27), (28) and (29) were tested. None of these conditions
were found to be violated during estimation. 63

63 Three further notes on the routine:
- Since a change in a single value of� j;t or � k;t did not signi�cantly a�ect the parameter estimates compris ing

beliefs F; G (given the number of observations), partial derivatives were computed holding beliefs �xed;
- For software, the partial derivatives were computed alongthe entire state space of� (provided by the

grid used for value function iteration); for hardware, they were computed only along the path of realized
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It is worth noting which features of the modeling and data help ensure uniqueness. For hardware,
focusing on a single generation of the videogame industry with a terminal period ensures that the option
value from waiting cannot increase inde�nitely. For software, it is a feature of the industry that titles are
\perishable" and sales drop to 0 after a certain number of months; consequently, rational expectations and
consistency with the data restricts how quickly the option value of waiting can increase.

A.4 Fit of Model
Figure 3 plots the predicted values off � j;t;� =0 gj 2 J t ;8t for the mean consumer. For this and all following
�gures, I use the results from the full demand model given by speci�cation (v) in table 3. Consumers'
expectations of hardware mean-utilities f � j;t gj 2 J t ;8t are assumed to be a function of the previous values
across all consoles as well as the time of year: as evident, values for each console do seem to track each
other, and despite adjusting for seasonality, seasonal spikes do occur (though far smaller) as a result of
changing software availability during the holiday seasons. To determine whether conditioning only on these
past variables, as given by the parameterization in (13), provides a reasonable approximation of consumer
expectations, �gure 4 plots the error in the realized value of � j;t +1 from the expected value implied by the
estimated transition processFi (f � j;t gj 2 J t ; m(t)). For the most part, these predicted errors are relatively
small, with an average error of 2:1% of the value of� . Errors are not serially correlated or seem to exhibit
other time trends. I also computed these errors without explicitly accounting for seasonality e�ects, and
errors were substantially larger in magnitude { nearly quadrupling in variance { indicating once again the
importance of controlling for the time of year.

From the demand estimates, there is signi�cant persistencein hardware and software unobservables with
� hw estimated to be :96 and� sw to be :91. The value of� hw indicates the degree of variance in� j;t explained
by � j;t � 1 is :962 � 92%, which indicates there is little unexplained variation across periods in the hardware
unobservable characteristics. Furthermore, this variation in � given by � hw

j;t only comprises 6% of the total
variance in � j;t across consoles, and thus does not necessarily indicate lack of explanatory power on the part
of the model.

The key assumption used for inference is 3.3, which states the evolution of � hw and � sw in unobserved
product characteristics � and � is independent of each other and the change in observed characteristics at
each point in time. Figure 5 plots the implied values of � hw for each hardware device. These values are
not serially correlated. Thus, there do not seem to be any signi�cant common shocks across platforms
to hardware unobservable characteristics that are not already accounted for by changes in the observed
characteristics x j;t .

B Hardware-Software Network Formation: Details

B.1 Computation of Pro�ts
To describe how expected pro�ts are computed, I rewrite (15)as:

E [� k (sk ; � C )j
 r k � � ] =
� TX

t = r k

� � + t � r k
X

j 2 sk

E[M j;k;t sj;k;t ((1 � rmkupt )pj;k;t � mcj )]
�

� Ck (sk ; � C )

where now Qj;k;t has been broken into two di�erent components: sj;k;t , which represents the share of
consumers who purchase titlek, and M j;k;t , which represents the number of consumers on platformj who

values � .
- The computational routine does not update mean-utilities (� , � ) and beliefs (F; G) simultaneously: i.e.,

at iteration n, the routine �rst updates F n to be consistent with � n ; only then does it �nd a new � n +1 to
match computed to observed shares using beliefsF n , and at this new � n +1 , F n is no longer consistent and
must be updated again. To insure that this did not matter, the frequency at which beliefsF were updated
was varied: e.g., at one extreme,F was held �xed until � converged, and only then wasF updated and the
routine repeated; at the other extreme,F was updated every time� was updated. No di�erence in results
was found.
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have not yet purchased title k. sj;k;t is de�ned in (25), and is solely a function of � k;t and the distribution
of consumer types onboard platformj who have not yet purchased the title. If IB j;t is the number of
consumers who own consolej at time t, and IB j;k;t the number of consumers who own titlek on platform
j , then M j;k;t = IB j;t � IB k

j;t , where IB k
j;t = IB k

j;t � 1 + M j;k;t � 1sj;k;t � 1. From the demand side, recall a
su�cient statistic for determining IB j;t is IB j;t � 1 and f � j;t gj 2 J t .

64

To form the �rst part of E [� k (sk ); � C ], only expected values offf � j;t g; f � j;k;t g; f pj;k;t ggj 2 J t ;t>r k � � are
�rst required. I obtain these using a simulated frequency approach as in Pakes (1986): multiple sample
paths of these variables are created via forward simulationusing the estimated transition processes from
the demand system (given by (13), (14), and table 13), and theappropriate quantities M j;k;t and sj;k;t

are calculated at each point in time, again from the demand system. At release dater k , the predicted
hardware mean utilities f � j;t g are increased by the amount softwarek contributes to each platform it joins,
as determined by its choice of strategysk .

To simulate each title's expected price path, I assume each software title perceives it to also follow a
�rst-order Markov process, and depend only on its own previous value. Table 13 provides an OLS regression
of software prices on lagged prices, and shows that previousprices explain over 90% of the variation in next
period prices. Additionally, although the number of copiessold in the previous period is also a signi�cant
factor in determining next period's prices, its inclusion in simulating price paths did not signi�cantly a�ect
results; this is unsurprising given the limited improvement in the R2 of the initial regression.65

B.2 Computation of Equilibrium
� Fix the transition processes governing the evolution off � j;t gj 2 J t ;8t and f � j;k;t gj 2 J t ;k 2 K j;t ;8t to starting

beliefsF 0 and f G0
j gj 2 J t . For robustness, I used 5 di�erent sets of starting beliefsF 0 which govern the

evolution of hardware qualities � : one which assumes no software title joins any console, one which
all titles join every console, and three di�erent sets in which all titles join only one console.

� In each iteration n, I proceed forward from t = 0 and at every period: update f � n
j;t gj 2 J t ;8t for each

console based on the set of new titles released and their chosen strategies; evaluate consumer demand
over the set of hardware and software products; and compute the optimal strategy sn

k for each title
k 2 K t + � to be released� months in the future.

� After the optimal actions for all titles in every period are computed, I use the implied paths of
f � n

j;t gj 2 J t ;8t and f � n
j;k;t gj 2 J t ;k 2 K j;t ;8t to update the transition processes according to (13) and (14),

obtain new estimates forF n +1 and f Gn +1
j g8j , and repeat the simulation until no software title changes

its chosen action from the previous iteration and the estimated transition processes converge.

64Although for notational simplicity I have omitted discussi ng the distribution of consumer heterogeneity
and inventory states, these concerns are not ignored in estimation.

65Note that � includes price, and yet is assumed to evolve in an independent process from price itself. To
address this concern, I also estimate an alternative speci�cation in which I assume software mean quality net
of price (i.e., ]� i ;k;t = � i;k;t + � p;sw

i pk;t 8 i ) evolves according to a Markov process, and proceed in a similar
fashion (where � k;t is constructed in each period from the separate evolution ing� k;t and pk;t ). Results do
not change in any signi�cant way.
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Table 1: Industry Summary Statistics

PS2 XBOX GC ALL
Hardware
Release Date Oct. 2000 Nov. 2001 Nov. 2001
Months Active 61 48 48
Price

Average $213.46 $185.47 $127.79
Std. Dev 62.72 47.36 36.50
Max 316.29 299.97 199.85
Min 147.37 146.92 92.37

Quantity (M)
Average 0.49 0.28 0.20 0.87
Std. Dev 0.44 0.25 0.23 0.86
Max 2.69 1.08 1.16 4.31
Min 0.18 0.08 0.04 0.18

Installed Base (Oct 2005) 30.07 13.32 9.83 53.22

Software
Total Quantity Sold (M)

Average 0.26 0.16 0.16 0.21
Std. Deviation 0.10 0.07 0.07 0.08
Median 0.50 0.30 0.28 0.41
Max 6.69 4.82 2.96 6.69
Min 0.00 0.00 0.00 0.00

Starting Price
Avg. $40.83 $39.63 $39.72 $40.24
Std. Deviation 11.22 10.69 9.83 10.80

Total # Titles Released 1161 749 487 1581
% Exclusive 52.4 33.4 27.5 62.7
% Exclusive, First Party 8.9 8.4 9.2 13.3
% Also on PS2 63.4 67.6 73.4
% Also on XB 40.9 56.3 47.4
% Also on GC 28.3 36.6 30.8
% On all 3 Consoles 21.6 33.5 51.5 15.9

# Titles Released Per Month
Average 19 13 8 37
Max 54 45 38 127
Min 2 0 0 5

Notes: Summary statistics for the PS2 are for the 61-month period between October 2000 and October 2005;
statistics for the other two consoles are for a 48-month period beginning on November 2001.
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Table 2: Top 10 Videogame Titles for Each Platform by Quantity Sold
Release Quantity

Console Title Publisher Date Exclusive? ('000s)
PS2 GTA: Vice City Take 2 Oct 2002 Noa 6,687

GTA: San Andreas Take 2 Oct 2004 Nob 5,797
GTA 3 Take 2 Oct 2001 Noc 5,588
Gran Turismo 3: A-Spec Sony Jul 2001 Yes 3,764
Madden NFL 2004 EA Aug 2003 No 3,446
Madden NFL 2005 EA Aug 2004 No 3,199
Madden NFL 2003 EA Aug 2002 No 2,728
Need for Speed: UG EA Nov 2003 No 2,533
Kingdom Hearts Square Sep 2002 Yes 2,460
Medal of Honor: Frontline EA May 2002 No 2,325

Xbox Halo 2 Microsoft Nov 2004 Yes 4,822
Halo Microsoft Nov 2001 Yes 4,157
T. Clancy's Splinter Cell Ubisoft Nov 2002 No 1,521
GTA Pack Take 2 Oct 2003 No 1,379
Madden NFL 2005 EA Aug 2004 No 1,223
Project Gotham Racing Microsoft Nov 2001 Yes 1,216
Star Wars: KOTR Lucasarts Jul 2003 Yes 1,210
ESPN NFL 2K5 Take 2 Jul 2004 No 1,200
Fable Microsoft Sep 2004 Yes 1,125
T. Clancy's Ghost Recon Ubisoft Nov 2002 No 998

GC Super Smash Bros Nintendo Dec 2001 Yes 2,961
Super Mario Sunshine Nintendo Aug 2002 Yes 2,157
Zelda: Wind Waker Nintendo Mar 2003 Yes 2,000
Mario Kart: Double Nintendo Nov 2003 Yes 1,922
Luigi's Mansion Nintendo Nov 2001 Yes 1,748
Metroid Prime Nintendo Nov 2002 Yes 1,312
Sonic Adventures 2 Sega Feb 2002 Yes 1,188
Animal Crossing Nintendo Sep 2002 Yes 1,099
Pokemon Colliseum Nintendo Mar 2004 Yes 979
Mario Party 4 Nintendo Oct 2002 Yes 979

Notes: Total quantity sold is for the 61-month period between October 2000 and October 2005.a,b,c Although

non-exclusive, the PS2 had a window of exclusivity for thesethree titles: GTA: Vice City and GTA: 3 were

not released on the Xbox until 2003 (well after they had both become blockbusters for the PS2), whereas

GTA: San Andreas, though initially developed for both Xbox and PS2, was not released for the Xbox until

6 months after the PS2 game's release.
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Table 3: Estimated Parameters of Demand System

No Consumer Heterogeneity Consumer Heterogeneity
Static Model Dynamic Model Dynamic Model Dynamic Model
Singlehoming SingleHoming Singlehoming Multihoming

(i) (ii) (iii) (iv)
Parameter Standard Parameter Standard Parameter Standard Parameter Standard

Variable Estimate Error Estimate Error Estimate Error Estimate Error
Global � hw 0.649 0.011 0.696 0.002 0.957 0.005
Parameters � sw 0.817 0.003 0.917 0.001 0.909 0.000

� � 
 3.133 0.096 4.065 0.269
� � 11.561 16.535 1.309 0.263 1.023 0.109 0.390 0.053
� 
 0.842 0.094 0.804 0.094 0.892 0.062
D 0.804 0.673

Hardware � p;hw
0 -1.867 1.989 -0.856 0.070 -0.568 0.287 -0.898 0.294

Parameters dPS2 -60.207 68.401 -1.186 0.768 -0.207 0.955 2.578 2.603
dXBOX -94.323 113.004 -6.331 0.931 -4.912 0.920 -1.043 2.702
dGC -97.966 120.196 -6.299 0.796 -5.574 0.858 -1.660 2.789
age -0.530 0.679 -0.010 0.013 -0.015 0.019 -0.145 0.082
age2 0.005 0.007 0.000 0.000 0.000 0.000 0.001 0.001
IBPS2 4.046 4.984 -0.177 0.017 -0.208 0.019 -0.122 0.007
IBXBOX 6.268 7.947 0.083 0.034 0.028 0.033 -0.015 0.006
IBGC 6.526 8.494 0.030 0.028 0.023 0.025 -0.022 0.005

Software � p;sw
0 -0.027 0.001 -0.143 0.014 -0.037 0.004 -0.035 0.004

Parameters age -0.239 0.002 -0.242 0.010 -0.013 0.013 -0.073 0.010
age2 0.002 0.000 0.001 0.000 0.000 0.000 0.000 0.000
IBPS2 0.086 0.018 0.083 0.005 0.039 0.003 0.044 0.003
IBXBOX 0.152 0.021 0.055 0.005 0.018 0.004 0.013 0.004
IBGC 0.289 0.018 0.079 0.006 0.049 0.005 0.039 0.005

GMM Objective (10 3) 53613.812 4575.686 4.229 2.997
# HW Obs. ( nhw ) 154 154 154 154
# SW Obs. ( nsw ) 57923 57923 57923 57923

Notes: � hw and � sw are the estimated coe�cients on the autoregressive processes for � j;t and � j;k;t in (10); � 
 is the standard deviation of consumer

heterogeneity for gaming intensity � 
 ; � � is the variance of consumer idiosyncratic errors for software as well as the scaling coe�cient between hardware

and software utility; � 
 is the additional decay coe�cient for future software utili ty in (9). � p;hw
0 and � p;sw

0 are the price sensitivity coe�cients for the

mean consumer. For the remaining hardware and software coe�cients contained within � x and � w , dj are �xed e�ects for platform j , ageand age2 are

monthly decay e�ects, and IB j are platform speci�c log installed base coe�cients.
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Table 4: Estimated Parameters of Demand System (continued): Month E�ects

Parameter Standard Parameter Standard
Variable Estimate Error Variable Estimate Error

Hardware dFeb 0.095 0.040 Software dFeb 0.096 0.010
All Systems dMar 0.072 0.063 Xbox dMar 0.090 0.015

dApr -0.308 0.070 dApr -0.238 0.018
dMay -0.399 0.087 dMay -0.354 0.020
dJun -0.072 0.088 dJun 0.071 0.022
dJuly -0.301 0.088 dJuly 0.017 0.023
dAug -0.313 0.087 dAug -0.055 0.024
dSep -0.121 0.080 dSep -0.004 0.024
dOct -0.113 0.078 dOct -0.171 0.024
dNov 0.755 0.064 dNov -0.044 0.018
dDec 1.608 0.071 dDec 0.991 0.013

Software dFeb 0.089 0.008 Software dFeb 0.055 0.011
Playstation 2 dMar 0.071 0.012 Gamecube dMar 0.038 0.017

dApr -0.202 0.014 dApr -0.284 0.022
dMay -0.247 0.016 dMay -0.370 0.024
dJun 0.124 0.017 dJun 0.041 0.025
dJuly 0.102 0.018 dJuly 0.015 0.027
dAug -0.011 0.019 dAug -0.011 0.028
dSep 0.076 0.020 dSep -0.015 0.028
dOct -0.102 0.020 dOct -0.103 0.027
dNov 0.120 0.015 dNov 0.255 0.022
dDec 1.094 0.010 dDec 1.198 0.014

Notes: Coe�cients on month dummies for both hardware and software from the full dynamic demand model

(speci�cation (iv) in Table 3).
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Table 5: Regression of Software Title Fixed E�ects

All Titles PS2 Only XBOX Only GC Only
Parameter Standard Parameter Standard Parameter Standard Parameter Standard

Variable Estimate Error Estimate Error Estimate Error Estimate Error
Exclusive, 1st Party 0.501 0.347 0.194 0.463 -0.322 0.452 1.927 0.393
Exclusive, 3rd Party 0.135 0.231 -0.227 0.278 -0.182 0.319 1.121 0.334
PS2 -3.885 2.302 -5.234 2.622
Xbox -3.972 2.366 -6.318 2.162
GC -4.105 2.333 -7.589 1.705
Feb -0.377 0.644 0.172 0.895 -0.635 0.771 -0.770 0.742
Mar -0.226 0.654 -0.253 0.779 0.724 0.950 -0.096 1.031
Apr 0.487 0.831 1.062 1.089 0.308 1.017 -0.890 1.002
May 0.033 0.737 0.673 1.037 -0.550 0.842 -0.255 0.903
June -0.394 0.704 -0.251 0.838 0.019 1.023 -0.969 0.992
July -0.128 0.750 0.126 1.019 -0.053 0.891 -0.904 0.893
Aug 0.080 0.629 -0.580 0.889 1.216 0.765 0.763 0.709
Sept 0.599 0.603 1.691 0.777 -0.069 0.764 -0.187 0.734
Oct 0.221 0.576 0.688 0.764 0.065 0.709 -0.032 0.683
Nov -0.185 0.604 0.054 0.748 0.183 0.829 -1.023 0.754
Dec 0.148 0.754 0.395 0.902 0.135 1.011 0.197 1.151
# Observations 2283 1112 707 464

Notes: Feasible-GLS Regression of recovered software �xede�ects � w
k for each software title active for more than 1 month on dummy variables indicating

whether or not it was exclusive, the platform it was releasedon, and the month of release. \Exclusive, 1st Party" indicates title was published by a
platform provider; \Exclusive, 3rd Party" indicates the ti tle was published by a third-party publisher.
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Table 6: Estimated Hardware Own and Cross-Price Semi-Elasticities

PS2 XBOX GC Outside
Model (i) PS2 44.276 -0.427 -0.468 -39.581
Static (-44.467, 224.981) (-2.028, 0.452) (-2.234, 0.493) (-201.501, 39.679)
No Multihoming XBOX -0.194 38.165 -0.249 -15.567
No Heterogeneity (-0.934, 0.205) (-40.775, 181.667) (-1.181, 0.266) (-74.163, 16.619)

GC -0.097 -0.112 25.056 -7.372
(-0.406, 0.117) (-0.460, 0.137) (-30.412, 104.304) (-30.718, 8.938)

Model (ii) PS2 15.197 -4.260 -4.112 -6.167
Dynamic (12.812, 16.668) (-4.679, -3.583) (-4.518, -3.458) (-6.761, -5.202)
No Multihoming XBOX -1.125 14.924 -1.359 -2.596
No Heterogeneity (-1.236, -0.945) (12.566, 16.381) (-1.494, -1.142) (-2.849, -2.188)

GC -0.600 -0.773 10.423 -1.267
(-0.658, -0.506) (-0.848, -0.652) (8.800, 11.422) (-1.389, -1.071)

Model (iii) PS2 9.208 -3.240 -3.203 -3.462
Dynamic (0.270, 16.289) (-5.902, -0.098) (-5.776, -0.096) (-6.190, -0.100)
No Multihoming XBOX -0.930 9.306 -1.152 -1.450
Heterogeneity (-1.638, -0.028) (0.272, 16.244) (-2.106, -0.034) (-2.580, -0.042)

GC -0.505 -0.652 6.599 -0.699
(-0.883, -0.015) (-1.200, -0.020) (0.196, 11.397) (-1.235, -0.020)

Model (iv) PS2 14.342 1.190 1.259 -4.890
Dynamic (3.554, 22.700) (-0.990, 3.821) (-0.900, 3.846) (-7.702, -1.253)
Multihoming XBOX 0.214 14.633 0.153 -1.505
Heterogeneity (-0.282, 0.815) (3.618, 23.104) (-0.335, 0.652) (-2.194, -0.441)

GC 0.128 0.112 10.394 -0.731
(-0.118, 0.424) (-0.151, 0.387) (2.611, 16.337) (-1.050, -0.218)

Notes: Cell entries i , j , where i indexes row andj indexes column, provides the percent change in market

share with a permanent 10% decrease in the price of consolei . 95% con�dence intervals are provided in

parenthesis below estimates.

Table 7: Estimated Software Own-Price Semi-Elasticities

DYN HET MH PS2 XBOX GC
Model (i) No No No 15.970 37.637 24.637

(15.202, 16.475) (36.450, 38.422) (24.017, 25.043)
Model (ii) Yes No No 40.429 66.066 29.056

(31.282, 45.647) (47.808, 77.738) (22.418, 32.915)
Model (iii) Yes Yes No 3.142 13.180 2.646

(2.614, 4.449) (10.707, 15.179) (2.461, 3.509)
Model (iv) Yes Yes Yes 2.488 12.363 1.516

(1.792, 2.814) (9.332, 14.146) (1.219, 1.773)

Notes: Percentage change in total quantity sold of a top selling title on each console conditional on a

permanent 10% decrease in the price of that title. The software titles are Grand Theft Auto III for the PS2,

Halo for the Xbox, and Super Smash Bros.for the GC. 95% con�dence intervals are provided in parenthesis

below estimates.
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Table 8: Hardware Elasticities from Losing A Top Title

PS2 XBOX GC Outside
Model (i) PS2 -10.415 0.127 0.144 9.357
Static (-20.424, 187.917) (-2.675, 0.243) (-2.996, 0.277) (-168.569, 18.352)
No Multihoming XBOX 0.168 -25.476 0.212 10.420
No Heterogeneity (-8.525, 0.302) (-47.696, 1295.111) (-10.675, 0.391) (-529.984, 19.518)

GC 0.103 0.106 -19.829 5.847
(-5.727, 0.203) (-4.516, 0.225) (-41.654, 901.757) (-265.425, 12.284)

Model (ii) PS2 -2.372 0.819 0.807 0.907
Dynamic (-3.259, -1.650) (0.570, 1.123) (0.562, 1.106) (0.631, 1.247)
No Multihoming XBOX 0.932 -8.798 1.099 1.353
No Heterogeneity (0.699, 1.177) (-11.284, -6.518) (0.824, 1.390) (0.996, 1.748)

GC 0.440 0.537 -6.183 0.696
(0.323, 0.570) (0.392, 0.699) (-8.125, -4.478) (0.502, 0.921)

Model (iii) PS2 -2.327 2.408 2.720 0.194
Dynamic (-2.628, -0.422) (0.473, 2.586) (0.485, 3.099) (0.024, 0.264)
No Multihoming XBOX 2.750 -11.692 3.452 0.679
Heterogeneity (0.781, 2.780) (-12.121, -6.696) (3.151, 5.590) (0.204, 0.724)

GC 0.985 1.243 -6.556 0.314
(0.517, 1.018) (1.034, 1.579) (-6.853, -3.581) (0.100, 0.323)

Model (iv) PS2 -1.001 0.246 0.117 0.133
Dynamic (-1.250, -0.573) (-0.157, 0.563) (-0.261, 0.410) (0.050, 0.193)
Multihoming XBOX 0.291 -7.808 0.403 0.170
Heterogeneity (0.020, 0.614) (-8.842, -5.099) (0.158, 0.775) (0.078, 0.264)

GC 0.067 0.077 -4.629 0.052
(-0.004, 0.158) (0.007, 0.161) (-5.375, -3.041) (0.026, 0.084)

Notes: Cell entriesi , j , where i indexes row andj indexes column, provides the percentage change in market

share of consolej upon consolei losing a top software title. The software titles are Grand Theft Auto III

for the PS2, Halo for the Xbox, and Super Smash Bros.for the GC. 95% con�dence intervals are provided

in parenthesis below estimates.

Table 9: Hardware Elasticities from Forced Compatibility of Software Titles

DYN HET MH PS2 XBOX GC Outside
Model (i) No No No 1953.84 1728.02 1292.60 -2883.44

(-86.87, 4901.71) (-97.60, 6201.97) (-99.07, 4299.74) (-8308.52, 147.90)
Model (ii) Yes No No 214.89 -71.42 -34.16 -89.38

(66.21, 244.84) (-89.96, -23.18) (-71.08, 14.00) (-95.01,-25.23)
Model (iii) Yes Yes No 11.78 -9.68 -5.05 -2.96

(9.68, 25.45) (-11.80, -4.07) (-10.45, 1.07) (-10.38, -2.62)
Model (iv) Yes Yes Yes 1.87 -5.32 -3.49 -2.54

(1.78, 8.57) (-12.79, -3.36) (-12.77, -1.30) (-4.32, -2.25)

Notes: Percentage change in market share of each console subject to every software title \multihoming" and

joining all three consoles. 95% con�dence intervals are provided in parenthesis below estimates.
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Table 10: Porting Cost Estimates, By Genre

(i) Action (ii) Family (iii) Fighting
Estimate 95% CI Estimate 95% CI Estimate 95% CI

PS2 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
XBOX -0.913 -1.230 -0.654 -0.849 -0.894 -0.738 -0.940 -0.940 -0.521

PS2 & XBOX 1.084 0.728 1.316 0.319 0.302 0.334 0.412 0.355 0.505
GC -0.585 -0.595 -0.379 -0.057 -0.095 -0.002 -0.766 -0.833 -0.378

PS2 & GC 1.260 0.850 1.548 0.436 0.416 0.535 0.640 0.514 0.995
XBOX & GC -0.340 -0.352 -0.135 0.115 0.115 0.355 -0.295 -0.412 -0.120

All 3 3.600 2.723 3.732 1.032 0.847 1.380 3.783 3.293 4.710
# Titles 241 100 77

(iv) Platformer (v) Racing (vi) RPG
Estimate 95% CI Estimate 95% CI Estimate 95% CI

PS2 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
XBOX -0.765 -0.863 -0.638 -0.708 -0.725 -0.541 -0.641 -0.700 -0.494

PS2 & XBOX 0.228 0.188 0.298 1.088 0.650 1.317 0.627 0.538 0.773
GC -0.508 -0.629 -0.359 -0.525 -0.527 -0.373 -0.548 -0.606 -0.353

PS2 & GC 0.879 0.608 1.118 0.709 0.653 0.838 0.662 0.662 0.823
XBOX & GC -0.123 -0.108 3.993 -0.314 -0.329 -0.101 -0.100 -0.142 0.194

All 3 1.431 1.138 1.636 2.198 1.784 2.354 2.127 1.903 2.294
# Titles 103 197 173

(vii) Shooter (viii) Sports (ix) Other
Estimate 95% CI Estimate 95% CI Estimate 95% CI

PS2 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
XBOX -0.766 -0.993 -0.748 -0.799 -0.827 -0.582 -0.834 -0.902 -0.708

PS2 & XBOX 0.718 0.515 1.317 1.431 0.563 1.428 0.475 0.348 0.601
GC -0.690 -0.909 -0.686 -0.767 -0.773 -0.560 -0.755 -0.932 -0.721

PS2 & GC 0.758 0.743 2.617 1.374 0.558 1.374 1.477 0.813 1.477
XBOX & GC 1.928 -0.310 1.853 -0.480 -0.490 -0.334 -0.161 -0.161 5.837

All 3 1.694 1.428 2.778 3.140 2.158 3.140 1.152 0.998 1.341
# Titles 163 308 207

Notes: Estimates of � C used to specify porting costs in (16) (units in $M), separately estimated by genre.

Estimates are only relative di�erences in costs for supporting di�erent platforms, and thus the porting cost

for the PS2 is normalized to 0. 95% con�dence intervals are constructed taking 40 sample draws from the

empirical distribution of the moment inequalities and re-estimating costs (see Pakes, Porter, Ho, and Ishii

(2006) for details).
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Table 11: Dynamic Network Formation Game: Predicted Fit of Model

Observed Data Predicted Data
Estimate Conf. Interval

Installed Base (M) PS2 30.07 29.94 29.89 29.98
XB 13.32 13.45 13.41 13.52
GC 9.83 9.99 9.93 10.14

% Market Shares PS2 56.50 56.09 0.56 0.56
XB 25.03 25.19 0.25 0.25
GC 18.47 18.72 0.19 0.19

# of Titles PS2 1161 666 632 708
XB 749 971 889 1025
GC 487 791 762 851

# of \Hit" Titles PS2 578 496 483 512
(Sales> 100K) XB 296 313 300 322

GC 290 247 237 252

# of \Hit" Titles PS2 67 67 65 71
(Sales> 1M) XB 9 9 9 10

GC 8 12 12 12

Total Titles Sold (M) PS2 305.09 273.91 271.96 281.92
XB 118.05 126.27 121.49 132.93
GC 79.17 103.87 101.00 108.43

Notes: Predicted data obtained by �xing strategic platform choices for �rst-party titles, but allowing third-

party titles to re-optimize. Porting cost estimates are from table 10. Con�dence intervals are constructed

via parametric bootstrap of demand system estimates reported in table 3, where software expected pro�ts,

porting costs, and a new equilibrium are recomputed for eachdraw.
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Table 12: Counterfactual: Banning Vertical Integration and Exclusivity

Observed (i) CF #1: First Party Titles (ii) CF #2: No FP Titles
Data Estimate Conf. Interval Estimate Conf. Interval

Installed Base (M) PS2 30.07 31.06 30.96 32.29 29.72 29.42 29.84
XB 13.32 12.06 11.76 12.31 11.53 11.38 11.65
GC 9.83 9.51 8.70 9.74 8.53 8.43 8.62

% Market Shares PS2 56.50 0.59 0.59 0.61 0.60 0.59 0.60
XB 25.03 0.23 0.22 0.23 0.23 0.23 0.23
GC 18.47 0.18 0.16 0.18 0.17 0.17 0.17

Number of Titles PS2 1161 820 818 865 695 652 719
XB 749 945 813 958 762 669 836
GC 487 895 763 973 566 506 675

# of \Hit" Titles PS2 578 686 676 754 535 506 548
(Sales> 100K) XB 296 227 121 260 141 126 152

GC 290 309 75 353 106 96 114

# of \Hit" Titles PS2 67 132 127 175 70 65 78
(Sales> 1M) XB 9 7 4 9 1 1 2

GC 8 14 3 18 2 2 2

Total Titles Sold (M) PS2 305.09 488.80 478.78 598.15 296.26 277.29 311.79
XB 118.05 84.87 46.02 99.13 43.75 38.71 50.03
GC 79.17 120.96 38.24 142.43 36.66 33.11 39.15

Notes: Counterfactual results allow all titles to re-optimize and choose the optimal set of platforms. CF

#1 assumes �rst-party titles are still produced and enter th e market; CF #2 assumes all �rst-party titles

are eliminated. Estimates are computed using porting cost estimates from table 10. Con�dence intervals

are constructed via parametric bootstrap of demand system estimates reported in table 3, where software

expected pro�ts, porting costs, and a new equilibrium are recomputed for each draw.
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Table 13: Software Price Regressions

Parameter Standard Parameter Standard Parameter Standard
Explanatory Variable Estimate Error Estimate Error Estimate Error
pricet � 1 0.922 0.001 0.868 0.002 0.862 0.002
(pricet � 1)2 0.001 0.000 0.001 0.000
Qt � 1 (10� 3) 0.008 0.000
dFeb 0.659 0.073 0.645 0.073 0.817 0.073
dMar 0.560 0.073 0.545 0.072 0.717 0.072
dApr -0.108 0.072 -0.115 0.071 0.049 0.071
dMay 0.569 0.071 0.547 0.071 0.726 0.071
dJun 0.497 0.071 0.476 0.071 0.659 0.071
dJuly -0.315 0.071 -0.338 0.070 -0.169 0.070
dAug 1.227 0.070 1.175 0.070 1.345 0.070
dSep 0.249 0.070 0.221 0.070 0.391 0.070
dOct -0.296 0.069 -0.327 0.069 -0.157 0.069
dNov -0.062 0.076 -0.078 0.075 0.082 0.076
dDec 1.299 0.074 1.280 0.073 1.398 0.073
Constant 0.671 0.059 1.438 0.064 1.359 0.064
R2 0.924 0.925 0.926
# Observations 58337 58337 58337

Notes: See Appendix B. OLS Regression of prices on lagged prices and quantities for each software title,

pooled across all platforms.
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Figure 1: Hardware Quantities, Installed Bases, and Prices
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Notes: In the top graph, bars represent the total number hardware consoles sold across all three platforms
in each month in thousands (scale on left); lines graphs indicate the total installed base for each console in
millions (scale on right). The bottom graph provides average monthly (nominal) prices faced by consumers
in retail stores for each platform. The PS2 and Xbox started retailing for $300, but in May 2002 both
simultaneously cut their prices by $100 prior to the \E3" ind ustry trade show. Nintendo followed with a $50
price cut of its own from $200 to $150. Microsoft and Sony again dropped prices in the same month two
years later.
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Figure 2: Estimation Algorithm
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Notes: Computation algorithm described in subsection 3.2 to compute GMM objective. \BLP Con-
traction Mapping" and \BLP CM" refers to the contraction map ping given by (22) introduced in
Berry, Levinsohn, and Pakes (1995).
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Figure 3: Estimated Values off � j;t;� =0 g8j;t (Seasonally Adjusted)
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Notes: Realized values of hardware mean-utility� for the mean consumer who owns no consoles implied by
the full demand model. Values are seasonally adjusted by theestimated month e�ects presented in Table 4.

Figure 4: Di�erence Between Estimated� j;t +1 ;0 and Predicted ValueE[� j;t +1 ;0jf � j;t; 0g8j ; m(t)]
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Notes: Errors between realized and predicted values of hardware mean-utility � for mean consumer with no
inventory using the estimated Markov transition process given by (13).
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Figure 5: Fit of Model: f � hw
j;t g8j;t
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Notes: Predicted residuals in hardware unobserved characteristics from full demand model: � hw
j;t � � j;t �

� hw � j;t .
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