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Abstract

This article characterizes the identifiability of BLP-style demand models with network
externalities. Market-level data are generally insufficient for identification because
product characteristics cannot be varied independently of market shares to identify
substitution patterns separately from network externalities. Micro data permit iden-
tification: within-market variation in consumer characteristics identifies substitution
patterns holding market shares fixed, and across-market variation in the distribution of
these characteristics identifies network externalities under certain conditions. I apply
the identification logic in estimating demand for dating websites. In counterfactual
analysis, I find that website mergers may benefit consumers when they make websites

interoperable.
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1 Introduction

Examples abound of markets in which a product’s appeal to a consumer depends on its popularity
among other consumers. Users adopt messaging applications to communicate with others; individ-
uals wear particular brands because they are fashionable among their peers; and people use face
masks in part due to social pressure generated by their widespread uptake. In each case, a product
becomes more attractive as others adopt. In other settings, popularity may reduce a product’s
appeal: fishers may avoid crowded fishing locations and commuters may dislike oversubscribed
transit modes. In either case, consumer choice depends directly on the behaviour of other con-

sumers. These pervasive effects are typically called network externalities or network effects.

Network externalities matter for market structure, regulation, and welfare. Mergers that combining
separate networks, for instance, may generate surplus by expanding the set of users with whom
each user can interact. Yet, by increasing willingness to pay for the merged network, such mergers
may induce large price increases. Negative network effects likewise matter for market structure:
the desirability of entry depends on the extent to which entry mitigates congestion. Network
externalities also provide a rationale for interoperability mandates requiring competing platforms

to let users interact across platforms, as in the European Union’s Digital Markets Act.

Furthermore, accounting for network externalities is important for correctly characterizing other
market features. Across-market variation in market structure driven by differences in fundamentals
such as cost or quality may be amplified by positive network effects, which induce herding on
popular alternatives. Failing to account for network externalities may thus lead the researcher to

overstate the role of fundamentals in explaining across-market differences.

This article studies the implications of network externalities for the identification of differentiated-
product demand models of the type pioneered by [Berry et al.| (1995), commonly called BLP. I show
that with only market-level data, network effects are generally not separately identified from direct
responses to product characteristics, but that micro data on consumer choices and characteristics
can restore identification under suitable exclusion restrictions. I then apply this logic to the US
dating websites industry, wherein I estimate a model of demand with network externalities that I

use to analyze market structure in the industry.

Network externalities complicate the identification of demand because, when they are present,
changes in product characteristics affect consumer choices through two distinct channels. First,

changes in characteristics directly affect choice, reflecting consumers’ intrinsic valuation of these



characteristics. Additionally, network externalities give rise to indirect feedback effects: consumers
attracted to a product by changes in its characteristics raise (or, if network externalities are nega-
tive, reduce) the product’s appeal to others, thus amplifying (respectively, attenuating) the direct
effect of the change in characteristics. With only market-level data on product characteristics and
sales, these two channels are generally inseparable. This identification failure reflects that product

characteristics cannot be varied independently of market shares.

I show, however, that the reduced-form mapping from product characteristics to market shares
conditional on the observed market structure is identified with market-level data under the stan-
dard instrumental variable conditions of Berry and Haile| (2014). This mapping captures quantity
responses to product characteristics owing to both intrinsic tastes for product characteristics and
network externalities without distinguishing between these two mechanisms. Although this map-
ping cannot be used to perform welfare analysis or to simulate counterfactuals involving changes in
market structure, it can be used to measure markups and perform pricing-related counterfactuals

that hold the observed market structure fixed.

One way to achieve identification with market data is to specify network externalities as a function
of quantities (i.e., market size times market shares) as opposed to shares. Identification in this
case relies on variation in market size, which controls the magnitude of network externalities, and

relies on the strong assumption that market size does not directly enter demand.

The availability of micro data linking individual consumers’ choices to their characteristics im-
proves the prospects for identification. Variation in consumer characteristics within and across
markets conveys distinct information about (i) the direct effect of consumer characteristics on
choice probabilities and (ii) the strength of network externalities. The direct effect is identified
from within-market variation in characteristics holding the network fixed. For example, within a
given city, consumers with faster internet connections may be more likely to use a dating website
than otherwise similar consumers with slower connections. Cross-market variation in the distribu-
tion of consumer characteristics, by contrast, affects product usage through two channels. First,
it generates the same direct effect identified from within-market variation. Second, it produces an
indirect effect operating through network externalities; when a larger share of consumers in a city
has fast internet, for instance, overall usage of the dating website increases, which in turn raises
the product’s appeal to other consumers. Once within-market variation identifies the direct effect,

cross-market variation identifies the indirect network effect.



This argument adapts the micro data identification analysis of |Berry and Haile (2024]) for the case
in which market shares rather than prices are the endogenous variables of interest. I show that
when market shares directly affect consumer choice, variation across markets in the distribution of
consumer characteristics is generally necessary for identification. The identification argument relies
on instrumental variables that shift market shares without directly affecting tastes for products,
conditional on the observables entering consumer preferences. The first class of instruments consists
of functions of market-level distributions of consumer characteristics, such as the share of consumers
in a city with high-speed internet access. The validity of these Waldfogel instruments requires
that market-level consumer characteristics neither enter preferences directly, conditional on the
consumer’s own characteristics, nor correlate with unobserved product quality. Other available
instruments include the characteristics of competing products within the market, i.e., the BLP
instruments of Berry et al.| (1995]), and—in the version of the model in which network externalities

depend on total usership rather than market shares—market size.

The role of instruments here relates to the finding of Berry and Haile (2024) that micro data
eliminate the need for instruments in identifying substitution patterns, which within-market vari-
ation identifies directly. Given that they are not required for identifying substitution patterns, the
instruments can be used to identify network externalities, which—Ilike substitution patterns—are

encoded in the relationship between market shares and utility.

The identification framework accommodates demographic heterogeneity: distinct demographic
groups may have distinct preferences for the composition of each product’s user base. For ex-
ample, men and women on a dating platform may place different values on the participation of
each group, so that the framework permits both within-group congestion (e.g., aversion to com-
petition from similar users) and across-group complementarities (e.g., one gender’s value for the
participation of the other). The same structure extends naturally to two-sided platforms in which
one side consists of buyers and the other of sellers, with each side’s utility depending on the par-
ticipation of the opposite side. In such two-sided settings, particularly powerful instruments arise
from variables that affect one side’s utility from the platform directly but affect the other side’s

utility only indirectly through network externalities.

To illustrate the identification logic and how network externalities shape the analysis of market
competition, I empirically study the US dating websites industry in 2007-2008. The industry
witnessed considerable consolidation in the decade following this time period, with market leader

Match acquiring competitors OKCupid in 2011 and Plenty of Fish in 2015, raising questions about



the implications of dating website mergers.

I study demand for dating websites using online browsing micro data that provide consumer loca-
tions, characteristics, and internet browsing records. Using these data and Waldfogel instruments,
I estimate a demand model with network externalities. The estimates suggest that network exter-
nalities are substantial, with an inframarginal user of a site valuing a 10% increase in the site’s
usership at $5.32 per three-month subscription period, about 9% of the price. Moreover, the

estimates provide evidence of age-based homophily in dating website choice.

Using the estimated model, I analyze sources of variation in dating websites’ market shares across
geography. Although dating websites offered the same user interface across the US, their market
shares varied significantly across cities. I find that network externalities account for about half of
this variation. They amplify differences in sites’ underlying local appeal, reinforcing the competitive
positions of the leading sites. Network externalities also raise market concentration: removing them

lowers the mean Herfindahl-Hirschman index across markets from about 4200 to 3000.

Last, I assess the welfare effects of consolidation by simulating counterfactual regimes that vary
whether the leading paid websites, eharmony.com and match.com, set prices jointly and whether
they are interoperable, i.e., whether users of one site can interact with users of the other. The
results suggest that the welfare effects of consolidation depend critically on this distinction. When
interoperability is absent, common ownership raises prices and reduces consumer welfare, as in a
standard horizontal merger. With interoperability, however, common ownership lowers prices and
raises consumer welfare because the merged firm internalizes cross-site network spillovers. These
results suggest network externalities alter the typical logic of horizontal mergers and, depending

on the structure of a merger, may make mergers beneficial to consumers.

Related literature

The article’s primary contribution is to extend the identification analysis of network interactions
to the canonical BLP differentiated products demand model. In doing so, I draw upon insights
from the literatures on peer effects and social interactions as well as those from the literature on
the identification of demand systems (Berry et al. [2013, Berry and Haile |2014, Berry and Haile
2016, Berry and Haile2024, Dearing2026). In particular, I adapt the argument of |Berry and Haile
(2024) in establishing identification with micro data to reflect unique challenges that arise when
market shares are the endogenous variables of interest. In related contemporaneous work, |Dearing

(2026) characterizes the identifying power of various sorts of micro data. Whereas that article



focuses on the extent to which micro data relax conditions required for identification, I focus
on the extent to which they permit the introduction of a new model element, namely network
externalities. Both articles indicate the centrality of variation in consumer characteristics across

markets in identification.

One literature analyzing network interactions is that on peer effects (Manski [1993; |Graham|2008;

|Graham| 2018; Bramoullé et al.|2009)), which studies how peers affect members of a group. Peer

effects models typically feature individual covariates whose effects on group outcomes are amplified

by peer effects as measured by a social multiplier (Becker et al.|2000; |Carrell et al.[2008]). Glaeser|

(2003) and (2014) represent this multiplier as the ratio of two regression coefficients:

the numerator from a regression of group-mean outcomes on group-mean covariates, and the de-

nominator from a regression of individual outcomes on individual covariates; I similarly argue that
network externalities may be identified by combining across- and within-market variation. One

contribution is to extend the peer effects literature’s insights to the BLP model.

My work is closely related to that analyzing discrete choice models of social interactions with a

finite number of agents (Brock and Durlauf/2001a; Brock and Durlauf||2001b; Brock and Durlauf|

2007}, [Durlauf and Ioannides [2010; [Aradillas-Lopez|[2021; [Blume et al.|[2015 [Bhattacharya et al.

. My article instead adopts a framework closer to differentiated-products demand models
in industrial organization; relative to the social interactions literature, I analyze a continuum of
consumers; compare what is identified with market-level data to what is identified with micro
data; allow for unrestricted BLP-type product-market unobservables; and assess the suitability of

various instruments.

The article additionally relates to the empirical literature on consumer choice with network exter-

nalities, including Timmins and Murdock| (2007)), Bayer and Timmins| (2007)), Bayer et al.| (2004)),

|Guiteras et al| (2025), and Allende| (2021). Much of the literature considers two-sided markets

with indirect network externalities (e.g., Rysman![2004; |Ackerberg and Gowrisankaran!2006; [Dubé

et al.|[2010; [Farronato et al.|[2024} |Chatterjee et al.[2026)). I focus on direct network externalities in

demand in which—as argued by (2019)—identification is especially challenging, although

my framework applies to indirect network externalities in two-sided markets as well. Last, my

article relates to the literature on online dating. Whereas this literature has focused on within-

platform activity (e.g., [Hitsch et al.|[2010a; Fong 2024), I characterize how network externalities

shape consumer choice among dating websites.



2 Model

This section proposes a semi-nonparametric model of demand with network externalities that
extends the model of [Berry and Haile| (2024). The model features markets ¢, each with a measure
M; continuum of consumers. Each consumer chooses between J products and an outside option.
Let J denote the set of products excluding the outside option. Consumers ¢ choose between
alternatives j in a market ¢ based on observable individual characteristics Wj;, observable market
characteristics X; (including market size M;), products’ unobserved demand shifters Z;;, and the
size of products’ networks. The two measures of network size that I consider are market shares
S;t and total quantities M;Sj;, the latter of which capture not only the relative popularity of a
product but also the overall size of the market. As I will discuss, the choice of the network size
measure is likely to depend on details of the setting. I generally denote {(j:}jcs by ¢ when I have
defined random variables (;; for each j € J. I will later consider a generalization of the model
in which consumers belong to distinct demographic groups whose members have differential tastes

for the demographic composition of products’ networks.

Consumer ¢’s probability of choosing product j is

Jijt = ‘jj(cit)v

where 4; is the choice probability function and Cy = {Wy, S, X¢,Z¢} is consumer i’s choice
environment (i.e., the variables affecting choice). I additionally use 4 to describe the R’-valued

function that provides choice probabilities for each product.

Table 1: Summary of notation

Symbol Description In market data? In micro data?
Sy Market shares v v
X; Observed market characteristics v v
=t Unobserved market characteristics X X
Jit Consumer choice probabilities X v
Wit Consumer characteristics X v

Note that, with market data, the researcher observes only market shares S; and characteristics X;.

The object of identification in this case is the average choice probability function

gt(57$7£) :E[J(Czt) | St:57Xt:x75t:£>ﬂ7 (1)

which averages over the consumer characteristics W;;. The conditioning on ¢ and the ¢ subscript



on J; reflect that the distribution of consumer characteristics may vary across markets. In what

follows, I use FtW to denote the distribution of W;; in market t.

In the micro data setting, the researcher additionally observes W;; and 4;;;. The goal in this setting

is to identify the choice probability function djE| Table |1| summarizes the notation.

Demand models typically feature endogenous prices as determinants of choice. Although I largely
ignore price endogeneity to focus attention on network externalities, I discuss below how identifi-
cation with micro data extends to endogenous prices when distinct price instruments are available.
The two sources of endogeneity (price endogeneity and network externalities) are otherwise sepa-
rate problems; they interact only through the supply of instruments, as the same instruments may

shift both prices and market shares.

Note that I do not consider the setting with network data (i.e., pairwise connections between eco-

nomic agents) given the typical lack of network data in industrial organization applications.

Parametric example. To build intuition, I describe a parametric specification of the general model

in which a consumer ¢ selects the alternative j that maximizes the indirect utility

XL, B84 fi(Se) +Ej + W) \j+¢€ije, j#0
w;i(Xe, St, 2, Wi, €it) = ’ ' (2)

£i0t, Jj=0.

where ¢;5; are unobservables and f; are functions unknown to the econometrician. One simple
specification of f; is fj(s) = ns;. In this case, n > 0 implies that a product is more appealing to a

consumer when others choose the same product whereas 1 < 0 implies the opposite.

The choice probability function in this model is, for each j,

Jj(8,$7€7'lU) = PI' (j = argmkaxuk(XtaSta‘Et;Witagit) ‘ St = SaXt = l‘,Et = §7Wit - w) .

Although the model features a choice of one alternative, it can accommodate multi-homing, i.e.,
consumers adopting multiple platforms. To see how, suppose that a consumer chooses whether
to join each of two platforms, and that the consumer receives utility proportional to the share of
consumers available through these platforms. Then, I set J = 3, letting the final alternative j = 3

denote the option of joining both platforms. A natural specification of network externalities here is

!Dearing| (2026) shows that panel data—richer than the cross-sectional micro data studied here—identify pref-
erence heterogeneity in the standard BLP model absent across-market demographic variation. Whether such data
could similarly reduce the reliance on demographic variation under network externalities is an open question.



fi(s) =nx(s1+s3), fa(s) =nx(s2+s3), and f3(s) = n x (s1+s2+ s3). This specification reflects
that, e.g., a consumer on platform 1 can interact with single-homing consumers on platform 1 (s1)

and multi-homing consumers on both platforms (s3).

In standard discrete choice demand models, market shares are simply choice probabilities averaged

across consumers. With network externalities, they are instead fixed points of

Sy = 3¢(St, Xt, Er). (3)

Market shares solving exist by Brouwer’s theorem when 3; is continuous in S;. The solution

may not be unique; the identification results below do not require uniquenessﬂ

Shares and quantities models of network externalities. The model described so far is general enough
to nest variants in which the appeal of products to consumers depends on market shares S; or on
total quantities MyS;. To achieve progress on identification, however, it is necessary to impose
additional structure on the model and, in particular, to choose between the shares model and the
quantities model of network externalities. The appropriate choice depends on the setting. For
instance, if consumers’ social circles are of similar sizes across markets with different populations,
and consumers consider how many of their social contacts use various messaging applications in
choosing an application, then the shares model would likely be appropriate for studying choice of

messaging application.

In other applications, the quantities model is appropriate. Consider, for example, a model of
transit mode choice with two markets being defined as peak travel times and off-peak travel times,
the former of which has a larger market size (number of commuters) than the latter. If commuters
have tastes over the total number of travellers on each mode—which determines congestion—then

the quantities model would better describe preferences.

One disadvantage of the quantities model is that quantities are sensitive to market definition, which
is often chosen somewhat arbitrarily in applications. It is unclear, for example, whether network
externalities operate within a neighbourhood, municipality, or metro area in the dating websites
setting. Market definition directly determines quantities, whereas its effect on shares is limited by

the fact that shares reflect relative rather than absolute popularity; this suggests that quantities

2With that said, non-uniqueness may complicate counterfactual analysis. When I — D7 is nonsingular at the
realized equilibrium, however, the implicit function theorem delivers a unique local mapping from (X¢, E¢) to market
shares, permitting coherent analysis of marginal changes (Bayer et al., |2004).



models are less robust to the choice of market definition.

3 Identification

Before formally analyzing the general model, I clarify the object of identification and discuss the

primary identification problems in the context of a simple parametric model.

Object of identification

Above, I set the goal of identifying the average choice probability function 3; in the market data
setting and the individual choice probability function s in the micro data setting. An alternative
object of identification is the reduced-form mapping from market characteristics { X, Z;} to shares
S within a given market ¢, a mapping that is implicitly defined by the fixed-point condition E|
As I will show, this reduced-form mapping may be identified even when the underlying choice
function 3; is not. In that case, the overall effect of X; on equilibrium demand is pinned down,
but its decomposition into direct effects of X; and feedback through network externalities is not. I
pursue the separate identification of network externalities because it is required for welfare analysis
and counterfactuals that alter market structure. However, the reduced-form mapping is sometimes
enough. In the case in which X; includes prices, for example, the reduced-form mapping is enough
for computing price elasticities that can be used in assessing market power. Together with a pricing
model, the reduced-form mapping can also be used to recover firm costs and markups and to

simulate counterfactuals holding market structure fixed, such as price regulation and taxes.

Illustrative model

Consider a market ¢ in which consumers choose whether to purchase a single product, where
Y = 1{U;; > 0} denotes an indicator for whether consumer 7 buys the product. Indirect utility
Uj; is specified as

Uz‘t = Xt + TISt + Et — Ejt-

Here, X; is an exogenous characteristic of the product, S; is the product’s market share, and Z; is
an unobserved demand shifter in market ¢t. Additionally, &;; is consumer 4’s idiosyncratic taste for
the product; assume that e;; is iid according to the strictly increasing and continuous distribution

function F : R — [0,1]. I fix the coefficient of X; at one as a scale normalization. The purchase

3This mapping is generally a correspondence given that equation may have multiple fixed points.
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probability conditional on S, X;, and Z; is
/ (X + 1S+ Z1 — e = 0}dF(eir) = F(X, + 15, + o).
Imposing that the market share equals the consumer’s purchase probability yields
St = F(X¢ +nS + Ey)

or, inverting the function F',

F7YS) = X; +nS; + Ey. (4)

Consider now the market data setting, in which only S; and X; are observed. The true model
primitives 6 = (F,n) are observationally equivalent to the alternative primitives 6 = (Ga,m+ A)
for any A > 0 when G'(s) = F~!(s) + As. As Figure [1| illustrates, increasing A raises the
dispersion of GAE| This dampens the effect of X; on S;. This observational equivalence result
reflects that the data cannot distinguish between two explanations for the relationship between
X; and Sy (i) sales rise with X; solely because consumers like X; (a direct effect of X; that is
relatively large when A is low) and (ii) sales also rise in part because consumers are attracted by
the increase in users induced by the increase in X; (an indirect effect owing to network externalities

that is relatively large when A is high).

Although market data generally cannot identify models in which market shares S; directly enter
preferences, they may be able to identify models in which consumers instead value quantities My.S;.

To illustrate, suppose indirect utility is instead given by
Uit = Xt + nMSt + ¢ — i, (5)

where M; denotes the population of market ¢. Absent network externalities (n = 0) and assuming
E[E, | My, X{] = 0, population size M; does not directly affect market shares conditional on
observables. When 7 # 0, however, variation in M; shifts market shares, allowing M; to be used
as an instrument for M5} to identify network externalities. However, this approach relies on the

strong restriction that population affects utility only through the network term M;S;.

Micro data help solve the identification problem that product characteristics and market shares

1t is straightforward to verify that G is a valid distribution function; Online Appendixrecords the argument.
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Figure 1: Ilustration of Ga
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cannot be independently varied. To see why, suppose that the observed individual characteristic W;;
is a component of the idiosyncratic tastes: ¢;; = W + £;:. In the dating website setting, W;; could
be an inverse measure of internet speed. Suppose additionally that the remaining unobservable

aspect of idiosyncratic tastes &;; is distributed according to F independently of W;; so that

Uit = BXs + S + Z¢ —Wip — €ir.
—_—
=Z§t
Here, d; is a market-level utility index common to all consumers in market ¢. Recalling that Yj; is

an indicator for consumer i’s usage of the dating website,
Pry(Yi=1|Wy=w)=Pr, Uy >0| Wi =w) =Pr; (64 <8 —w) = F(y —w),  (6)

where Pr; indicates conditioning on market ¢’s characteristics. The left-hand side is observable and
the final expression on the right-hand side is the distribution function of §; — €;;. When W;; has
sufficiently large support, variation in Wj; traces out the entire function z — F (z) up to a location
shift. With a location normalization (e.g. E[¢;] = 0), knowledge of this distribution separately
identifies 6; and F'

The remaining task of identification is the separate identification of the components of the utility
index &;. The primary challenge in completing this task is the fact that the regressor of interest
Sy and the unobservable =; are mechanically dependent. Instrumental variables provide a solution
to this problem. The available instruments Z; here are based on market-specific distributions
FWV of Wy, distributions that shift market shares given the effect of W;; on individual choice

probabilitiesﬁ Instruments based on market-specific demographic distributions are often called

5 Although the assumption of a large support simplifies the argument, it is not essential; I do not make a large
support assumption in the semi-nonparametric identification analysis.
5This logic is suggested in Section 7.1.2 of |[Jullien et al.| (2021).
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Waldfogel instruments, following the insights of Waldfogel| (2003) and Waldfogel (2008) that local
demographic composition shapes product availability and choice sets (Berry and Haile/2016). An
example of a Waldfogel instrument in the dating websites example would be average internet speed.
I discuss these instruments in detail below.

Figure 2: Hlustration of identification with micro data

(a) Within-market variation (b) Across-market variation (c) Direct and indirect effects
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Internet speed Average internet speed Average internet speed

I now provide a heuristic example to build intuition. Suppose that, within a market ¢, consumers
with faster internet are more likely to use a dating website. Figure in which consumers are
represented by blue circles, expresses this relationship. Based on the observed within-market
relationship between internet speed and website usage, one can predict how dating website usage
would increase in t if internet speeds rose for all consumers in the market. Under positive network
externalities (i.e., n > 0), this would be an underprediction: it would capture the direct effect of
internet speed as identified using within-market variation, but not network externalities. Figure
represents this scenario; in the figure, each red diamond is a market. Last, as illustrated by
Figure the gap between the predicted and actual change in adoption reflects the strength of

network externalities.

To connect this example to the identification argument, within-market variation identifies the
relationship between Wj; (internet speed) and choice probabilities holding market shares fixed as
shown by @ Raising average internet speeds shifts the distribution of W;; across markets. This

cross-market variation identifies the extent of network externalities.

Identification with market data

I now formalize the identification arguments developed above, first in the context of the shares

model. Consider identification under an index structure closely related to that of Berry and Haile

13



(2014), a structure under which the average choice probability function takes the form

3(Se, X4, E4) = 7(0(Se, Xt, Er))
(7)
0;(St, X4, E¢) = Xji + hj(Se) + Eju,
where X; = [Xi4,..., Xt is a vector of observable product characteristics and S; denotes the
vector of market shares. Relative to Berry and Haile (2014)), the index restriction additionally
imposes that market shares enter demand through an additive index. I make this restriction to
establish that the model is generally not identified even in a favourable case with greater structurem
Note that the imposition of a coefficient of one on Xj; is a scale normalization. As a location
normalization, I also impose E[Z;;] = 0 for each j. I slightly abuse notation in @ by writing
o both as a function of {S;, X;,Z;} and as a function of the index alone. In practice, I seek to

identify ¢ as a function of the index and to identify h;.

To make my identification analysis comparable to that of Berry and Haile| (2014), T make an
adapted version of their demand invertibility assumption.

Assumption INVERT-MARKET (Invertible demand — market data). The function & is
injective on the support of §(S, X¢, Z¢).

This assumption implies that & admits a well-defined inverse &~ !. Invertibility generally requires

a minimal degree of substitutability across products (Berry et al.2013).

The following proposition establishes the non-identification of (&, k) with market data.

Proposition 1. Fiz some model primitives 6 := (&, h). For any function & satisfying Assumption

\INVERT-MARKET|, there is a function h such that 8 = (&, h) is observationally equivalent to 6.

Proof. The primitives (7, h) are consistent with the observable data if and only if

7 1S = Xy + h(Sy) + E4. (8)

Define iL(St) = h(St) + 5’71(515) — 5’71(513). Then,

571(S;) = X¢ + h(S;) + Es.

"This approach allows for product characteristics other than the X, that are required to satisfy the index
restriction of ; as Berry and Haile| (2014)) suggest, the researcher can condition on exogenous characteristics xEQ)

and suppress them in the notation.

14



Thus, = (&, h) is observationally equivalent to 6. O

Proposition [l| shows that substitution patterns (encoded in ) and network externalities (encoded
in h) cannot be disentangled using market data alone. This is because market shares enter the
inverse demand equation both through ! and through h. This non-identification persists even if
S were exogenous, which is generally implausible. Similarly, the identification problem does not

relate to the unavailability of instruments.

The reduced-form mapping from (Xy, =) to S; may be identified even when the primitives & and
h are not. Identification requires instruments Z;; that satisfy the nonparametric instrumental
variables conditions of Newey and Powell| (2003)), as provided below in Assumption
These assumptions require that the instruments do not directly affect choice via Zj; (exclusion)
and shift the endogenous variables (completeness). The only instruments Z; for market shares S,
consistent with the model are the BLP instruments X;, which are discussed extensively in Berry
and Haile (2014)): absent a variable that shifts which of multiple equilibria is selected, shares are

determined by (X¢, Z;) alone. Thus, an excluded variable can shift S; only through X;.

Assumption IV-MARKET (Instruments for market data setting). Let V; denote regressors of
the model variant under consideration: V; = S; in the shares model and V; = (S, My) in the

quantities model. There is an observable random vector Z; satisfying
(i) Exclusion restriction: E[Z;;|Z¢] = 0 (almost surely), for all j.

(ii) Completeness condition: for all real-valued functions ¥ such that E|¥(V})| < oo, E[¥(V})|Z:] =

0 (almost surely) implies ¥(V;) = 0 (almost surely).

Proposition [2| below establishes identification of the reduced form given the availability of valid
instruments. Note that the proposition uses the term observable market shares S¢. 1 introduce
this term as the fixed point may have multiple solutions for a particular (X, =), but, due to
unmodelled and possibly stochastic equilibrium selection mechanisms, it is possible that not all of
these solutions are observable. By observable market shares Si, I mean the fixed points of that

may be selected by the unmodelled equilibrium selection mechanism.

Proposition 2. Suppose that Assumptions INVERT-MARKET| and [IV-MARKET| hold. Then,

the correspondence from (X, Z¢) to the set of observable market shares S; satisfying equation (@

is identified.
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Online Appendix provides the proof.

Identification may be achieved by assuming that & is known, a situation that arises when the
researcher specifies a distribution of the unobservable €;;; in without any unknown parameters
(e.g., when the researcher specifies a multinomial logit demand system without random coefficients
or nesting parameters). Suppose that, in addition to & being known, the network externalities
applying to product j depend only on product j’s market share: in an abuse of notation, h;(S;) =

h;(Sj). In this case, the inverse demand equation becomes
5;1(515) = B Xjt +hj(Sjt) +Z5e, jE€T (9)

I introduce the coefficients 8; because setting the coefficient of each z;; to one is no longer a scale
normalization when & is known. Equation @D contains Sj; as an endogenous regressor, which may
be instrumented for by the characteristics X_;; of products other than j, as long as J > 1 (thus
ruling out binary choice) and these characteristics are assumed to be exogenous. The possibility
of identification when & is known establishes that an arbitrary functional form assumption rather
than the data is pivotal for identification. This suggests the unreliability of estimates obtained

using market data with inflexible distributional assumptions on ;.

Quantities model. Now consider identification of the model variant in which network externalities
operate through quantities M;S; rather than shares S;. Although the quantities model suffers from
similar identification problems as the market shares model, cross-market variation in market size

M; facilitates identification when this variation is assumed to be exogenousf]

I study identification of this model under the following index restrictions:

3t (M Sy, Xy, E¢) = 5 (0(M Sy, X, Er))
(10)
5j(MtSt) Xt, Et) = X]t + h](MtSt) + E]t
It is generally not possible to identify the model under a slightly relaxed index restriction wherein
M. Sy need not affect consumer choice through the additively separable d index, unless J = 1;
I explore this case in Online Appendix The restriction that quantities must enter through
the linear index J, thus requiring that they impact choice in the same manner as the vertical

characteristic Xj;, is substantial: it generally rules out heterogeneity in network externalities

8This result relates to that of [Lee| (2007)), who studies a linear model of social interactions that requires variation
in group size for identification.
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across consumers. As in the analysis of the shares model, I assume that the function & mapping

the index ¢§ into choice probabilities is invertible.
Assumption INVERT-QUANTITIES (Invertible demand — quantities model). The function
7 is injective on the support of §( M. Sy, Xt, Ey).

I additionally impose the location normalization that there is a known vector ¢* such that h;(¢*) =

0 for all j. When considering Assumption [NVERT-MARKET] in the context of the quantities

model, I use ¢ to denote the function of the index § that appears on the right-hand side of the

first equation in ([L0J).

Identification also requires several technical conditions that permit the use of calculus in the anal-

ysis and ensure continuous variation in total quantities.

Assumption CALC-TOT (Technical conditions for total quantities model). (i) h is differen-

tiable; (ii) o is differentiable; (iii) the support of M;S; is convex.

The following proposition establishes that the assumptions above in addition to a further restric-
tion, either that consumer tastes for a product depend only on the size of the product’s own user

base or that the support of M, includes zero, yield identification.

Proposition 3. Suppose that Assumptions INVERT-QUANTITIES, [TV-MARKET], and [CALCH
[TOT] hold. Additionally suppose that at least one of the two following assumptions holds:

(a) Own shares: for each j € {1,...,J}, hj(ms) depends only on ms;.

(b) Large support: for all s in the support of Sy, the support of M; conditional on S; = s includes

the interval (0, m(s)] for some m(s) > 0.

Then, h is identified on the support of MySy, & is identified on the support of §(MSy, Xt,Z¢t), and

= 1s identified.

The proof, which appears in Online Appendix has two parts: identifying the function ; (S, M)
aj_l(St) — hj(M;S;) using a nonparametric instrumental variables argument and then disentan-
gling substitution patterns—as captured by Jj*l(St)—from network externalities, as captured by
hj(M.St). Note that r; has J+1 arguments (the J market shares and the one-dimensional market
size My) and thus generally requires J 4 1 instruments. The available instruments are the J ex-

ogenous market characteristics X; and market size M;. The exogenous market characteristics are
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the standard BLP instruments; market size M; becomes necessary to use as an instrument upon
introducing network externalities. A major threat to identification is that consumer tastes system-
atically depend on market size. The required exclusion restriction is violated if, e.g., the value of
the outside option varies with local population, a violation that is likely to occur in the commut-
ing mode choice and dating websites examples. It would also fail if larger markets systematically

receive greater unobserved firm investment that is reflected in =;.

Once k; has been identified, Propositionprovides two alternative ways to disentangle substitution
patterns and network externalities: first, to assume that a product’s user base affects the appeal
of that product alone or, second, to assume that market shares close to zero are observed for each
vector of observed market shares. The first assumption is reasonable and typically used in models
of network externalities. It would be violated if network externalities operate across products due,
e.g., to multi-homing, interoperability, or congestion spillovers (e.g., two fishing sites on the same

lake may impose congestion externalities on each other).

The second assumption is helpful because sending M; — 0 permits the identification of the model
excluding network externalities. Then, varying M; at positive levels permits identification of net-
work externalities and hence the full model. Although helpful, the assumption requires extrap-
olating substitution patterns in small markets to larger markets and is not tenable in empirical

settings without small markets free of network externalities.

Thus, although specifying network externalities as a function of total quantities aids identification
with market data, the approach requires strong assumptions. Fortunately, micro data offer a more

credible way to identify network externalities.

Identification with micro data

Identification with micro data closely follows Berry and Haile (2024), with one key modification:
market shares enter the individual choice probability function through network externalities. In
the standard setting without network externalities, a central contribution of Berry and Haile| (2024])
is that micro data eliminate the need for instruments in identifying substitution patterns, which
within-market variation identifies directly. The central problem in identifying network externalities
with market data is in disentangling substitution patterns and network externalities. Crucially,
when within-market variation identifies substitution patterns, this concern no longer applies: in-
struments for market shares serve solely to address the endogeneity of shares arising from network

externalities, not to pin down substitution patterns.
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As will become apparent, the distinction between the shares model and quantities model matters
little in the micro data setting, other than that market size becomes available as an instrument

under the latter. For this reason, I focus attention on the shares model.

For each market t, let ¢;(w) denote the vector of choice probabilities among consumers with char-
acteristics W;; = w in market t. Micro data reveal ¢; on the support of Wj; in each market, along
with (S¢, X¢) and the instruments Z; introduced below. Throughout this subsection, I take Wy
to be R’-valued and assume that its support conditional on X; = z is the same in every market;
I denote this common support by W(z). The dimension requirement parallels that of Berry and
Haile| (2024)): consumer characteristics must generate variation in the indices of all J products, and
when over J consumer characteristics are available, the analysis applies after conditioning on all
but J of them. The common support requirement permits comparisons of consumers with identi-
cal characteristics who face different market-level conditions. Importantly, it does not restrict the
distribution F}Y of W;; on that support, which may vary freely across markets sharing the same

Xy; this variation plays a central role below.

I study identification under an index assumption analogous to that of |[Berry and Haile| (2024]), with

market shares replacing prices as the endogenous variables of interest.

Assumption IND-MICRO (Index assumption for micro data case). Consumer i’s probability

of choosing alternative j conditional on Cj = {W;, S¢, Xy, Z¢} is given by
3j(Cit) = 05(v(Wie, X4, Br), 51, X4), Y,
where v(Wig, X1, Z4) = (71 (Wi, X6, Z1), - -+, 77 (Wit, X, Z4)) is R7-valued with]
Y (Wit, Xt, Z¢) = Tj(Wig, Xo) + Eje, V3. (11)

I also adapt Assumptions 2—6 of Berry and Haile| (2024)), which I present below.

Assumption INV-DEMAND (Injectivity of demand). The function o (-, s, x) is injective on the

support of y(Wi, z, =) for all (s, x) € supp{S, X¢}.

9Here, I use v rather than § to denote the index (i) to reflect that -, unlike the § index from the discussion of
identification with market-level data, depends on consumer-level characteristics, and (ii) to follow the notation of
Berry and Haile| (2024).
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Assumption INV-INDEX (Injectivity of index). The function (-, z, £) is injective on supp Wi |
X; =z for all (x,¢) € supp{ X, E,}.

Assumption SUPP (Support). For all x € supp X, the support of Wj; conditional on X; = x is

the same in every market; this common support, denoted W(z), is open and connected.

Assumption NOND (Nondegeneracy). (a) For each x € supp Xy, there exists s € supp Sy |
X; = z such that suppZ; | S; = s, X; = z is open and connected. (b) For almost every (s,x) €

supp{St, X}, the set suppZ; | S; = s, Xy = x is connected.

Assumption TECH (Technical conditions). For all (s,z) € supp{S: X}, (i) I'(-,z) is uni-
formly continuous and continuously differentiable; (ii) o(-, s, z) is continuously differentiable; (iii)
OI'(w, z) /0w is nonsingular almost surely on supp Wy | X; = x; and (iv) do (v, s,x)/dv is nonsin-

gular almost surely on supp v(Wi, X¢, Z¢) | St = s, Xy = x.

Assumption [NV-DEMAND)] a standard invertibility assumption, gives rise to an equation that

equates a transformation of market shares to an index that is additively separable in a structural
unobservable, thus permitting the application of instruments. Next, Assumption [NV-INDEX] en-
sures that consumer characteristics W;; generate sufficient variation in the index. Assumptions

[SUPP|and [NOND] then provide support conditions: Assumption [SUPP]ensures continuous within-

market variation in Wy, and part (a) of Assumption ensures that, for a given value of
X4, there remains nontrivial cross-market variation in the latent demand shock =; after condition-
ing on market shares. Part (b) of Assumption additionally requires that this conditional
variation not split into disjoint pieces; I discuss the role of this condition, which is specific to
the network externalities setting, below. Assumption [TECH]| enables the use of calculus in the
analysis. Under Assumption [ND-MICRO] the observed conditional choice probability functions
satisfy ¢ (w) = o(y(w, xt, &), s, x¢) for all w € W(xy), where (s¢, x4, &) denote market t’s realiza-
tions of (S, Xy, Z¢); the identification question is what these observed functions, combined with

instruments, reveal about ¢ and the demand shocks.

I adopt the location and scale normalizations of Berry and Haile| (2024]). Because any invertible
transformation of the index can be undone by a corresponding transformation of o, these place no

restriction on choice probabilities. Online Appendix states the normalizations.

The last required assumption is that instruments are available that shift market shares without

directly entering utility. Assumption [V-MICRO)] below parallels Assumption [V-MARKET] with
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Figure 3: Causal diagram
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the exclusion restriction and completeness condition now stated conditional on Xj;.

Assumption IV-MICRO (Instruments for micro data case). There exist instrumental variables
Z; satisfying the following assumptions: (i) E[Z;; | X, Z;] = 0 almost surely for all j (exclusion
restriction); and (ii) for all functions (X4, S;) with finite expectation, E[U(Xy, St) | X¢, Z) = 0

almost surely implies ¥(X;, S;) = 0 almost surely (completeness).

These assumptions are relevant exclusion and completeness conditions. The causal diagram in
Figure [3| reflects these assumptions and illustrates the model structure. I discuss the available

instruments following the statement of the main identification result below.

Proposition 4. Under Assumptions[ IND-MICRO, [INV-DEMAND, [INV-INDEX|, [SUPP, [NOND,

and [IV-MICRQ, the realization & is identified for allt, and the choice probability function
3 1s identified on supp Ci.

Proof. See Online Appendix O

The proof adapts the arguments of |Berry and Haile| (2024]) to the case in which market shares,
rather than prices, are the endogenous market-level variables entering choice probabilities. Here,
I sketch the proof to highlight how including market shares as determinants of choice alters the
argument. An important initial observation is that micro data reveal, within each market ¢, the
mapping ¢; from consumer characteristics W;; to choice probabilities. This mapping does not by
itself reveal I', which governs how consumer characteristics enter utility in the units of the demand
shock Zj; see (11). What a single market reveals is the composition of I" with the unknown

function o. Within-market variation cannot disentangle the two.
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However, I" and o can be disentangled by comparing markets. The comparison involves two markets
t and ¢’ sharing (S, Xy) = (Sy, Xp) = (s, ) in which different consumer characteristics w;(s) and
wy (¢) achieve a common vector of choice probabilities ¢. For different characteristics to achieve the
same choice probabilities at the same (s, ), the two markets must differ in their demand shocks
=2 and Zp by exactly the amount that offsets the difference in I' across the two consumers. Part
(a) of Assumption which requires continuous variation in Z; conditional on (s, z), ensures

that such markets exist for any two nearby consumer types.

Such pairs of markets exist only if the distribution of consumer characteristics F}V' varies across
markets. Shares are determined by X, =;, and FtW alone through the fixed point equation .
This means that, if F}V were common to all markets, conditioning on (S, X;) = (s,z) would
generally pin down Z, leaving no two markets that share (s, x) yet differ in their demand shocksm
This would invalidate the identification argument. A similar concern might seem to arise when (as
in Berry and Haile |2024) prices rather than shares are the endogenous variables. After all, given
that prices are determined in part by X; and Z;, it could be that conditioning on prices and X;
would pin down Z;. However, cost-side variables excluded from demand allow Z; to vary among
markets with common prices and X;. By contrast, shares have no excluded shifter, leaving F}V as
the only source of continuous variation in Z; conditional on (s, ). Figure [3|illustrates the role of

FV in shifting shares S; without directly affecting consumer choice.

I now explain how the cross-market comparison aids identification. Within each market ¢ featuring

(St, X¢) = (s, z), inverting the mapping from utility indices to choice probabilities yields
F(wt(§)7$)+5t :O-_l(g;sal‘)' (12)

Now consider the two markets ¢,¢ described above with common (s,z) and within which distinct
characteristics wy (<), wy () generate common choice probabilities ¢c. Given that o~ !(-;s,2) is

common across these markets, it can be eliminated after applying the inversion in ((12)):

D(we(s),z) + Z = T(wp (), z) + Ep. (13)

0Where there are multiple solutions of the fixed point , it may instead be the case that =; is constrained to
a discrete set. However, continuous variation in Z; is required, meaning that identification would still break down
absent variation in FV.
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Differentiating with respect to the choice probability ¢ and rearranging terms yields

(14)

(81“(1115/15](),96))_1 81“(11;1(5),33) _ 8wat/§(<) <augg(<)>—1.

Note that differentiating within each market removes the demand shocks =Z;, which are constant
within a market. On the right-hand side of equation appear derivatives of the form dw,(s)/ds,
which measure the changes in consumer characteristics W;; required to achieve a given change in
choice probabilities; these derivatives are observable from within-market variation in W;. Thus,
the ratio of I' derivatives on the left-hand side is identified. The identification of I' involves piecing

these derivatives together across consumer types and markets.

With the utility index I' identified, it is straightforward to identify the derivative do—'(s;s,z)/0s,
which captures the relationship between choice probabilities ¢ (observed) and the utility index
(identified). Recovering o~ itself requires integrating this derivative between distinct choice prob-
abilities ¢ and ¢!, holding fixed shares s and characteristics . This requires the set of choice
probabilities generated by markets sharing (s, z) to be connected, which is the role of part (b) of
Assumption Network externalities make possible multiple equilibria, which threaten this
condition: the same shares can be a high equilibrium for one range of demand shocks and a low
equilibrium for another, with no shocks in between generating them, so that the choice probabilities

generated by markets sharing (s, x) split into disconnected pieces.

Integration identifies =1 only up to a constant of integration that depends on (s, x). This constant
embeds how utility depends on shares s, i.e., the network externalities. The final step of the
argument uses across-market variation in the instruments to identify this constant as a function of

(s,x), and with it the network externalities and the demand shocks.

As in Berry and Haile| (2024), the argument can be adapted to the case of endogenous X;. In this
case, what is identified is the mapping from consumer characteristics and market shares to choice
probabilities holding (X3, Z;) fixed. Also, it is straightforward to add prices or other endogenous
variables as elements of Cj; that are included as distinct arguments of o; (i.e., that are not restricted

to enter through the 7 index) as long as distinct instruments for these variables are available.

The identification argument above applies equally to the quantities model in which M;S; enters
oj. It equally applies to a mixed model in which both market shares and quantities affect choice,
provided sufficient instruments are available. In this case, the researcher can let the data speak to

the question of whether the shares model or the quantities model is more appropriate.
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Group heterogeneity and multi-sided platforms

In some settings, consumers can be divided into observably distinct groups with different prefer-
ences for the number of consumers of each other group that use a product. In the dating websites
example, for instance, younger users may value the presence of other young users on a website
more than that of older users. More fundamentally, a dating website’s appeal is likely to depend
on that user’s own gender and sexual orientation as well as the number of other users on the
site disaggregated by gender and sexual orientation. Another clear example of a setting in which
distinct groups exert heterogeneous network externalities on each other is that of multi-sided plat-
forms in areas including e-commerce, food delivery, and ride-hailing. In the food delivery industry,
for example, restaurants may prefer platforms hosting a greater number of consumers but a lower

number of rival restaurants.

To extend the analysis to such settings, I develop a model variant in which consumers belong to
one of Np demographic groups, each with its own demand system and unobservable =;. This
variant allows consumers in different groups to have different tastes for members of other groups
on a network. In the case of dating websites, the demographic groups could be determined based
on age, gender, sexual orientation, or any other variable so long as it is observable. In the case of
a multi-sided platform, the demographic groups d would be distinct sides of the market, such as
buyers and sellers on an e-commerce platform. Online Appendix generalizes Proposition [ to
this model variant; the generalized result establishes identification of the multi-group model under

conditions similar to those required for Proposition [4]

Instrumental variables

The model admits three potential classes of instruments. The first are the Waldfogel instruments,
which are functions of the market-specific distribution FtW of consumer characteristics Wj;. One
example is Z; = E;[Wy], the mean of Wj; in market t. In the semiparametric specification described

in Section [2, another candidate instrument is the R”-valued vector Z; with components

th = Prt(Wi,t)‘j + 5z‘jt = mgx{W-’t/\k + Eikt})y

(2

which equals the predicted share of product j in market ¢ when all market-level shifters (X, Si,

and Z;) are removed from the utility equation.

The validity of the Waldfogel instruments requires FtW to be mean-independent of the product-
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market unobservables =Z;;, an assumption that may fail in several ways. First, consumers may sort
across markets based on both their characteristics W;; and products’ unobserved demand shifters
Zjt, thereby inducing a spurious cross-market correlation between FY and Z;. In amodel of transit-
mode choice, for example, highly educated consumers may choose to live in cities with superior
public transit, as captured by Zj;. The share of highly educated consumers and the unobserved
appeal of public transit would then be positively correlated. Second, firms may respond to cross-
market variation in F}Y by providing superior unobserved service quality or by advertising more
intensively in markets whose demographics make consumers especially predisposed to use their
products, thereby making Z; a function of F}V'. Third, consumers may value not only the size of a
product’s network but also its composition—that is, the distribution of W;; among consumers who
belong to the network. If the distribution of characteristics within a product’s network covaries
with the distribution in the market as a whole, then FY may be correlated with unmodelled
tastes for network composition, which would be captured by =;. This final concern implies that
the researcher must carefully select the characteristics W;; used to construct such instruments,
restricting attention to characteristics that are unrelated to tastes over network composition. For
example, if age is an important dimension of tastes over network composition in online dating, it

would be problematic to base Waldfogel instruments on market-specific distributions of age.

Experimental variation can also generate Waldfogel instruments. This approach is taken up by
Guiteras et al.[(2025), who study demand for latrines in Bangladesh using data from a randomized
controlled trial that offered subsidies to a random subset of households with eligibility rates varying
across neighbourhoods and villages. To instrument for the share of households in a neighbourhood

purchasing latrines, they use a Waldfogel instrument: the share eligible for subsidies.

Two other classes of instruments may also be available. When there are multiple products (J > 1),
the BLP instruments—that is, exogenous characteristics of competing products—may be available.
BLP instruments are used, for example, by [Timmins and Murdock] (2007)) in a study of recreational
fishers’ choice of fishing sites. BLP instruments require, however, that the observed characteristics
X, vary across markets, a condition that fails in settings wherein platforms with the same exoge-
nous characteristics X; operate across distinct geographical markets. In addition, when network
externalities operate through quantities rather than shares, market size M; itself becomes available
as an instrument, provided that it satisfies Assumption [V-MICRO] As discussed above, however,

the exclusion restriction required for this instrument is often questionable.
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Multi-sided platforms. As explained above, the logic of identification with micro data applies to
multi-sided platforms. In fact, multi-sided settings may offer more available instruments than
single-sided ones: any variable affecting one side’s utility without affecting that of another can be
used as an instrument in identifying network externalities running from the affected to the unaf-
fected side. Variables directly impacting one side’s utility but not the other’s may be individual-
level and thus provide a basis for Waldfogel instruments, or product-level, in which case they
provide BLP instruments. As an example of the latter, local governments in the US have enacted
regulations capping the commissions that food delivery platforms charge to restaurants (Sullivan
2026). These commission regulations could thus be used as an instrument for the number of

restaurants on a platform when estimating network externalities in consumer choice.

4 Empirical application

Setting and data

I now illustrate the application of the article’s identification insights to the estimation of a model of
dating website choiceE The 2007-2008 online dating industry lends itself to the study of network
externalities in demand. The industry consisted of a small number of national websites that charged
uniform national subscription prices, thus permitting a focus on network externalities rather than
price endogeneity. Also, because broadband and e-commerce were still diffusing unevenly across
the country, the setting also offers pronounced cross-market variation in internet access and online

behaviour, variation that helps identify the model.

I estimate the model using data from the Comscore Web Behavior Database, which includes the
browsing and online transactions records for a panel of US households (91689 panelists in 2007 and
57817 panelists in 2008). Each panelist’s activity is recorded for an entire year. Most individuals in
the Comscore data appear in only one year. When an individual appears in multiple years, I treat
that individual’s records for each year as a separate panelist. |De Los Santos et al.[ (2012) find that
individuals in Web Behavior Database are representative of online US buyers. For each Comscore
panelist, I observe each visited domain, the time and duration of the visit, and the number of pages
viewed. I also observe panelist characteristics including income group, educational attainment,
race, age group, and ZIP code. I supplement the Comscore data with geographical and population

data from the US Census Bureau.

"Network externalities in demand for dating websites can be microfounded by a search-and-matching model;
Online Appendix provides such a microfoundation based on the model of |Smith/ (2006]).
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The analysis focuses on four largest dating sites in the 2007-2008 period: match.com, eharmony . com,
pof . com (“Plenty of Fish”), and okcupid.com. The shares of Comscore panelists spending at least

5 minutes on each of these sites were 8.61%, 4.63%, 1.93%, and 0.82%, respectively.

Whereas eharmony . com and match. com required payment for use, pof . com and okcupid.com were
free to use. These free sites relied on advertising and paid premium features for revenue. The paid
sites sell subscriptions in bundles of one, three, six, and twelve months, with the price per month
of service declining in bundle length; one-month subscriptions in 2007 were priced at $59.95 on
eharmony.com and $34.99 on match.com. I construct the price P; of each paid site from the
subscription purchases appearing in the Comscore transaction records. For each site, I compute
the mean price paid for each bundle length, convert these bundle prices to prices per month of
service, and average the per-month prices across bundle lengths, weighting each length by the
number of months of service that it provides. I then multiply the weighted-average per-month
price by three, expressing P; as the price of a three-month subscription period. I adopt the three-
month horizon because the median subscription length is three months at both paid sites. This
procedure yields P; = $63.00 for eharmony.com and P; = $57.66 for match.com. Table of
Online Appendix reports the mean price and the number of observed purchases for each site
and bundle length.

The data do not contain information on gender or sexual orientation. Thus, I specify a model
in which the decomposition of website usership along these dimensions does not impact consumer
choice. This limitation is a function of the data, not the identification framework; as explained in
Section |3] identification with micro data holds in the presence of observably distinct groups under

assumptions analogous to those used in identifying the model without distinct groups.

The markets in the analysis are regions based on combined statistical areas (CSAs), which consist
of counties that are economically connected. I construct CSA /state pairs by dividing each CSA
up into its parts that belong to different states. I then construct the geographical units underlying
the markets in my analysis by adding each county that is within 50 miles of a CSA /state and that

does not belong to a CSA/state to this county’s closest CSA/ stateE

I assign each panelist in my estimation sample to either a primary site or the outside option. In
particular, I consider a panelist to be a user of a dating website if they visit at least five pages

within the site, visits the site during at least two distinct sessions, and spends at least five minutes

"2Hitsch et al.| (2010b) similarly treat the metropolitan area as the relevant market for online dating, restricting
their analysis to users in Boston and San Diego.
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Table 2: Summary statistics

Panel A: Sample and markets

N Mean SD P10 Median P90

Comscore panelists 149506
Estimation sample 23697
Markets 35
Consumers per market 677 453 295 483 1098
Market population (1000s) 4708 3443 1996 3673 8095

Panel B: Dating websites

Users Share of sample (%) Share of users (%)

match.com 4715 19.90 07.64
eharmony. com 2221 9.37 27.15
pof.com 963 4.06 11.77
okcupid.com 281 1.19 3.44
Outside option 15517 65.48

Notes: this table describes the estimation sample as described in the text. In Panel A, the “Consumers per market”
and “Market population” rows report distributions across the markets in the estimation sample. Market populations
are computed from US Census Bureau county population estimates for 2010. In Panel B, “Share of sample” provides
the percentage of the estimation sample using the indicated site and “Share of users” provides the percentage of
dating website users using the indicated site.

on the site qualifies as a user of that site. When a panelist qualifies as a user of multiple sites,
I determine their primary site as that on which the panelist spends the most time. To capture
substitution into dating websites by users who did not previously use these websites, I specify an
outside option consisting of panelists who visit a dating website but do not qualify as a user under

the criteria above. I drop all other panelists. Furthermore, I drop markets with under 100 observed

users, leaving 35 markets in the estimation sample.

Table [2|reports summary statistics describing the estimation sample whereas Figure |4 describes the
cross-market distribution of sites’ market shares. Online Appendix reports summary statistics
describing the characteristics of the consumers in this sample. Consumers who visit dating websites
are demographically similar to the Comscore panel as a whole, but they browse the web roughly

twice as intensively as the typical panelist.

Consumers are able to multi-home (i.e., use multiple websites), although the majority do not.
Among panelists who use at least one site, 81% use only one website. Online Appendix
provides additional information on the extent of multi-homing in the data. I do not incorporate
multi-homing in the main specification, although I estimate and analyze a version of the model

with multi-homing in Online Appendix
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Figure 4: Cross-market variation in sites’ market shares in 2007-2008

Panel A: Large paid sites Panel B: Small free sites
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Notes: These plots display the 0.05, 0.10, 0.25, 0.50, 0.75, 0.90, and 0.95 quantiles of sites’” market shares across
markets in the 2007-2008 time period. The plotted market shares for each site equal that site’s user base divided by
the total number of dating website users in the market (i.e., the shares exclude the outside option).

I use web browsing records in the data to generate variables describing consumers’ web usage that I
include in Wy;. These variables include the log of the total number of webpages that the consumer
viewed in the course of the year, the log of the browsing duration (in minutes) aggregated across all
of the consumer’s web sessions, and the number of pages viewed within various categories, including
finance, gaming, information, media, retail, social media, video, weather, etc.; Online Appendix
provides a complete list. These variables are intended to measure consumers’ interests and
the extent of their internet access. The consumer characteristics W;; also include the log of the
consumer’s local population. I define a consumer’s local population as the total population of
the ZIP codes in the consumer’s state whose centroids lie within five miles of the centroid of the
consumer’s home ZIP code; I compute this variable using ZIP-code-level population counts from
the 2010 US Census. Local population measures the density of a consumer’s immediate area, which

may shift the appeal of offline alternatives to dating websites.

Estimation

Estimation of the model proceeds in two steps. In the first micro step, 1 estimate site/market-
specific utility indices and preference loadings on consumer characteristics. In the second market
step, 1 estimate the contribution of site characteristics and market shares to mean tastes for sites.
Note that I estimate the model under two sorts of demographic group specifications: one in which
there are not distinct demographic groups, and the other in which consumers below and above
the age of 35 constitute two distinct demographic groups. I estimate both shares models in which
consumers value market shares and quantities models in which consumers value total user bases

defined by market shares times market size.
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Micro step. The estimating equation of the micro step is

Usje = 857 + Wiy + e, (15)
where 5;@ are mean tastes for site j among members of demographic group d in market ¢, d(i) is
the demographic group of consumer ¢, and W;; are the observed consumer characteristics described
above, which include demographic variables, web usage variables, and the log of the consumer’s
local population. Last, €;;; is assumed to follow a type 1 extreme value distribution. I estimate
the parameters 5;@ and A of via maximum likelihood. Note that the micro step is the same

for each of the share and quantities models.

Market step. I estimate the market step via a linear instrumental variables regression. The esti-

mating equation of the market step of the shares model is
d —
8%, = + fH(S¢, St ..., 8P m) + 24, (16)

Here, the f]‘-i network externality function is known up to the finite-dimensional parameter vector
7. The arguments include overall market shares SY and demographic-group-specific market shares
S¢. Given that the utility indices (5;% are not directly observed, I substitute estimates of these
indices from the micro step for the true quantity in the estimation routine. The 1); terms are
firm-time period indicators. Last, I estimate using several different parametric forms of the

network externality function f;»l(-; n) as specified below.

I use Waldfogel instruments in estimating , specifying a distinct instrument for each market
share appearing in the equation. Each instrument is the predicted value of its associated market
share based on the micro step estimates. To purge these predictions of endogenous across-market
variation in demand shocks, I replace each utility index 6§lt by the average of the estimated indices
for site j and group d across markets in the same time period when computing predictionsE 1
include the characteristics W;; to endow the predictions with cross-market variation driven by
heterogeneity in the distribution F}Y of consumer characteristics across markets. However, given
that potential endogeneity of distributions of certain demographic variables (as detailed below), I
set the effects of all consumer characteristics other than the internet access and web usage measures

set to zero. I apply the same transformation to the predicted market shares as to the market shares

13This approach follows the logic of approximating the optimal instrument of Reynaert and Verboven|[2014l
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entering . To illustrate, when D = 1 and the estimating equation is

djt = ¥j +nlog(Sji) + Eji,

the Waldfogel instrument for Sj; is

1 M S TWhA
Zjt = log (Mtz Ity @5k+Wi/t5‘k> )
i=1 k
where M; is the sample size of consumers in market ¢, Sj is the average of the estimated d;;
across markets, and Wit collects the internet access and web usage measures: an indicator for
broadband access, browsing intensity and category usage, browsing on paid subscription services,
and the number of online transactions. Because market shares are estimated from a finite number
of panelists per market, I estimate by weighted two-stage least squares; the weight on each
observation, nfS]C.lt /(11— S]dt), is the inverse of the delta-method sampling variance of its log market

share, where nf is the number of sampled consumers in group d of market ¢.

The instruments deliberately use no demographic variation. As noted in my discussion of identifi-
cation, Waldfogel instruments based on characteristics whose market-specific distributions directly
affect consumer tastes violate the exclusion restriction required for these instruments to identify
the model. Markets’ distributions of characteristics including age, race, and education may directly
affect tastes for dating websites because people value these characteristics in potential mates. The
distributions of private indicators of internet access and online interests, by contrast, are unlikely
to shift the appeal of dating itself. Instead, they proxy for web access and web usage behaviour,
factors that plausibly shift dating website usage without shifting mate desirability conditional on
included covariates such as income and education. The cost of discarding the demographic varia-
tion is power: the first-stage F-statistic of the preferred specification is 18.1, which is adequate by
conventional rules of thumb but below the level required for undistorted ¢-based inference. I there-
fore report Anderson-Rubin confidence sets that remain valid under weak instruments (Anderson

and Rubinl 1949; |Andrews et al., [2019) alongside conventional standard errors.

Online Appendix reports a robustness specification in which the instruments do use demo-
graphic variation, interacted with the internet measures through the estimated choice model, with
the market-level mean of every consumer characteristic included as a control so that the exclu-

sion restriction is imposed conditional on mean market demographics that directly affect tastes.
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That specification has a stronger first stage and delivers a statistically indistinguishable estimate.
Furthermore, the two instrument bases jointly pass a Sargan overidentification test. These results
suggest that variation in demographics potentially underlying mate desirability does not drive the

estimates.

The estimation of the market step of a quantities model proceeds similarly. For the quantities
model, quantities replace market shares in and predicted quantities are used in constructing

instruments instead of predicted market shares.

Price sensitivity

To this point, I have ignored price competition. Consumer price sensitivity is needed for computing
pricing equilibria in counterfactuals and for expressing welfare figures in dollar terms. But the
fact that the dating websites in the sample charge uniform prices across geography means that I
observe minimal price variation, which precludes the estimation of price sensitivity alongside the
other preference parameters. Instead, following |Gentzkow (2007), I infer price sensitivity from
the supply side of the market. Under this approach, the paid sites’ pricing first-order conditions
and an assumption of zero marginal costs pin down the price sensitivity parameter. As previously
mentioned, I use site/time indicators as the x; in and let ¥; denote the fixed effect for site j. 1
then make the decomposition 9; = 11_1]- — aP; and assume that the observed prices {P]T"} constitute

a Nash equilibrium in pricing with marginal costs of zero in that
P} = arg n}%xz Myoji(Py, P~ j; ) Py Vjs.t. PP > 0. (17)
t

Here, M; is the number of consumers in my estimation sample from market ¢, so that M;oj; counts
site j’s users in that market. Because & depends on the M; only through their relative magnitudes,
the scale on which market size is measured does not affect the estimate. The profit maximization
problem in yields the first-order conditions (FOCs)

a)| =0. (18)

g

aO"t * * * * *
ZMt |:8P]j(PjaP—j>a)P] +Gjt(Pj>P—
t

To recover &, I substitute empirical analogues/estimates for population objects/parameters in each
paid site’s FOC and then solve for a. Each paid site’s FOC yields a separate value of «; I
take & to be the average of these site-specific values. I compute a standard error for & using a

parametric bootstrap that samples from the estimated asymptotic distribution of the parameters
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estimated in the market step of estimation and repeats the procedure. I include additional details

on the recovery of o in Online Appendix

Some sites are free to use. I do not include these sites’ FOCs in the estimation of o and I assume

that free sites remain free in my counterfactuals.

In markets with positive network externalities, platforms may price below the static optimum
to enlarge their networks (Dubé et al.l |2010; |Cabral, 2011)), in which case the FOC would
rationalize low observed prices by overstating price sensitivity. Various features of the dating
websites industry limit this concern. First, dating platforms’ user bases are largely transient as
users who successfully find monogamous partners exit the market. Also, the sample period falls
well after the launches of match.com (1995) and eharmony.com (2000), so that observed pricing
plausibly reflects a mature phase of competition rather than the introductory phase in which

penetration pricing is most effective.

Parameter estimates

This section reports and discusses the parameter estimates. The micro step involves a large number
of parameters whose presentation I relegate to Online Appendix These estimates indicate

significant taste differences across individuals with different observable characteristics.

Panel A of Table [3] displays the parameter estimates of a share-type model with the “Overall”
demographic specification and the network externality function specification f;(Sy;n) = nlog(Sj:).
Instrumenting for market shares with the Waldfogel instruments decreases the estimated network
externality coefficient relative to ordinary least squares (OLS). This reflects the mechanical pos-
itive correlation between the unobservables Z;; and market shares Sj;. Panel A also reports the
estimated value of « for this specification. The rows with names of websites (e.g. “eharmony”)

provide estimated site intercepts.

As a robustness check, Online Appendix[O.10]estimates a specification in which consumers may use
up to two sites; the network externality estimate rises to 0.73, with an Anderson—Rubin confidence
set that contains the single-homing estimate. Robustness likewise extends to the specification of
the network externality function f;. Under a quantities model wherein preferences depend on
log quantities rather than log shares yields an estimate 7) = 0.54 (standard error 0.15). Online
Appendix reports the full quantities-model estimates. I also estimate a specification with

a linear externality function, f;(S;) = 1Sj:, under which the welfare ranking of the counterfac-
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tual regimes studied below is preserved. See Online Appendix for results from the linear

specification.

Panel B reports the first stage of the instrumental variables regression whose results are displayed
in Panel A. The first stage here is a regression of the log market share on the instrument, with
both residualized on the site indicators so that the F-statistic reflects the strength of the excluded

instrument alone. The first-stage F-statistic takes on the moderate value of 18.1.

The results presented above allow the calculation of the value of an increase in a site’s usership to
its inframarginal users. The estimates for the baseline model of Table [3|imply that a 10% increase
in the usership of a site is worth $5.32 per three-month subscription period to an inframarginal

user of that site, about 9% of the price.

Table [4] reports estimates from the “Age” demographic group specification under various spec-
ifications of the network externality function. In particular, column (1) reports estimates from
a specification in which consumers care only about the market share of a site within their own
demographic group; column (2) reports estimates from a specification in which a consumer’s tastes
depend on the market share of a site within their own demographic group and on the other de-
mographic group in a distinct fashion; column (3) reports estimates from a specification in which
a consumer’s tastes depend on the market share of a site within their own demographic group
only, but members of different demographic groups have different preferences for their own-group
market shares; and column (4) reports estimates from a specification in which a consumer’s tastes
depend on the market share of a site both within their own demographic group and within the
entire population. These tables suggest considerable homophily within groupings defined by age,
as consumers more highly value market shares within their own age group than shares within the
other group. Column (3) is consistent with similar network externality strength across groups,
although the own-group taste for the younger group is imprecisely estimated. The estimates of

column (4) are imprecise due to collinearity.

Online Appendix provides estimates of a model in which overall quantities M.Sj; rather
than market shares Sj; enter consumer utility. The results are similar to those for the baseline

model.
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Table 3: Market step parameter estimates — “Overall” demographic group specification

Panel A: Parameter estimates

OLS v

log(s;t) 0.99  0.55
(0.03)  (0.14)
eharmony 0.56  -0.48
(0.07)  (0.33)
match -0.67 -1.38
(0.04)  (0.22)
okcupid -2.92  -4.86
(0.12)  (0.61)

pof 0.37 -1.01
(0.09)  (0.43)
p; (&) 0.0099
(0.0028)

Panel B: First stage of IV regression

—_—

log(s;t)
Zii | 2.52
(0.59)
F 18.14

Notes: the first-stage regression of Panel B is residualized on site indicators. Standard errors appear in parentheses.

Weak-instrument-robust Anderson—Rubin confidence sets are reported in the text.

Table 4: Market step parameter estimates — “Age” demographic group specification

(1)

(2)

(3)

(4)

Own-group log (s;lt> 0.322 0.374 - -2.400
(0.160)  (0.333) - (6.464)
Other-group log (s;l;) - -0.038 - -
- (0.283) - -
Own-group log ( S}’I?unger) } - 0.041 ,
- - (0.396) -
Own-group log (sg,{der) ; - 0.390 ;
- - (0.178) -
log (sgyera“) - - - 2.624
- - - (6.138)
pjt (&) 0.0140 0.0138 0.0135 0.0158
(0.0028)  (0.0028) (0.0033)  (0.0095)

Decomposition of variance in market shares

As illustrated by Figure ] dating websites exhibit substantial variation in popularity across cities.

This raises the question of how websites establish market-specific competitive advantages. Cross-

market variation in shares could reflect differences in unobserved mean tastes for particular plat-

forms, captured by Zj;, or differences in demographic composition across markets. A third possi-

bility is that network externalities amplify otherwise modest differences in platforms’ underlying

appeal across markets, generating herding on sites that enjoy comparatively small initial advan-

tages. This mechanism parallels the insight of |Glaeser et al.| (1996) that social interactions can
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magnify small underlying differences across locations. In their context, higher crime rates in-
duce additional criminal activity, causing observed cross-city variation in crime to exceed what
fundamentals alone would predict. Here, even modest differences in sites’ fundamentals may be

magnified by network effects.

To assess the importance of these forces, I recompute equilibrium market shares under a set of
counterfactual environments. For each site, I first compute the standard deviation across markets
of the site’s market share among the four sites considered (i.e., excluding the outside option) in the
baseline regime. I then recompute the same statistic under counterfactuals that remove, one at a
time relative to the baseline, network externalities, unobserved mean tastes Z;;, and cross-market
differences in observed demographics. In doing so, I use the estimated shares model without
multiple demographic groups. Table [5| reports the resulting counterfactual standard deviations
normalized by the baseline standard deviation for each site, along with the baseline standard
deviation itself. This procedure characterizes how much geographic dispersion in market shares

each force generates on its own.

Each counterfactual modifies the baseline in a single dimension. In the “No network externalities”
column, I remove the network externality term from consumers’ indirect utilities and recompute
equilibrium market shares in each market. Removing network externalities also changes sites’
average utilities and, mechanically, the market share of the outside option. To hold fixed the
overall attractiveness of online dating relative to the outside option, I therefore add a common
constant f! to each site’s mean utility in every market, where fT is chosen so that the implied
outside share matches its baseline value. In the “No Z;” column, I instead set all market-level
unobserved taste shocks Zj; to zero, retaining network externalities and demographic differences.
In the “Equalize demographics” column, I recompute market shares using the pooled distribution
of demographic characteristics across all markets in the sample, rather than each market’s own

demographic composition, again retaining the other two forcesE

Table [5| indicates that network externalities are the leading source of cross-market variation in
market shares. Eliminating network externalities reduces the standard deviation of market shares
by about half on average, with particularly large effects for match.com and eharmony.com; even

for pof.com, the site for which the effect of network externalities is smallest, the remaining vari-

14Online Appendix reports the corresponding sequential decomposition, in which the three forces are removed
cumulatively, together with an order-free (Shapley) attribution that accounts for interactions between forces. The
Shapley attribution confirms the ranking found here, indicating that network externalities and unobserved tastes
play leading roles in explaining across-market variation in site popularity.
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ation is about two-thirds of its baseline level. The main exception is okcupid.com, for which
the standard deviation rises when network externalities are removed. This pattern suggests that
network effects tend to reinforce the competitive positions of the more established platforms and
to compress the relative geographic variation of a smaller platform whose baseline shares are low.
Unobserved market-specific taste shifters Z;; play an important secondary role. Indeed, setting
Zj+ = 0 on its own reduces the cross-market standard deviation to about two-thirds of its baseline
level on average. Equalizing demographics across markets, by contrast, leaves dispersion nearly
unchanged, at about 0.94 of baseline on average, so observed demographic composition accounts for
little geographic dispersion by itself. Taken together, network externalities and unobserved tastes
are the principal drivers of cross-market variation in market shares, whereas observed demographic
differences contribute little on their own. Because the three forces interact, their individual contri-
butions need not sum to the total. The order-free attribution in Online Appendix [0.16] apportions
this interaction and reaches the same ranking. The “Average” row in Table [5] is computed using
sites’ national baseline market shares as weights, so it places greater weight on the dispersion of

the larger platforms.

These forces also have implications for market concentration. Table [f] reports the mean and stan-
dard deviation across markets of the Herfindahl-Hirschman index (HHI) computed from inside
shares under the same counterfactual environments. In the baseline, the mean HHI is 4198, with
a cross-market standard deviation of 443. Eliminating network externalities lowers the mean HHI
sharply, to about 2990, and also greatly reduces its cross-market dispersion, to 124. This result re-
flects that, when consumers value being on the same platform as others, even small market-specific
advantages become self-reinforcing, allowing a site that is slightly more attractive in a given market
to capture a disproportionately large share there. Network externalities therefore both raise concen-
tration on average and magnify differences in concentration across markets. Removing unobserved
tastes Zj; or equalizing demographics, by contrast, leaves the mean HHI almost unchanged (4168
and 4213, respectively) and reduces its cross-market dispersion only modestly (to 290 and 415).
Concentration and its geographic variation are thus driven overwhelmingly by network externali-
ties: absent the self-reinforcing feedback they create, neither unobserved tastes nor demographic
differences generate highly concentrated or cross-sectionally dispersed market structures on their

Ow1l.
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Table 5: Decomposition of geographic variation in market shares

Standard deviation Share of baseline standard deviation in market shares

in market shares Baseline No No Zj Equalize de-

network mographics

Site Baseline externalities

match.com 0.056 1.00 0.48 0.65 0.94
eharmony.com 0.042 1.00 0.47 0.66 0.95
pof.com 0.041 1.00 0.69 0.71 0.89
okcupid.com 0.014 1.00 1.32 0.65 1.00
Average | 0.049 1.00 0.53 0.66 0.94

Notes: the table is based on market shares among the inside goods. For each site, the second column reports the
standard deviation across markets of its baseline inside share. Each of the remaining columns reports the standard
deviation under a counterfactual that removes the indicated force alone, relative to the baseline, divided by that
site’s baseline standard deviation. The “Average” row reports the weighted average of the site-level entries, where
the weights are sites’ national baseline market shares.

Table 6: Decomposition of geographic variation in market concentration

Herfindahl-Hirschman index (/10,000)

Baseline No network No Ej; Equalize
externalities demographics
Mean 4198 2989 4168 4213
SD 443 124 290 415

Notes: the table reports the mean and standard deviation across markets of the Herfindahl-Hirschman index (HHI)
computed from market shares among the inside goods. Each column corresponds to the same counterfactual envi-
ronments as in Table |5} The baseline column reports the HHI in the estimated model, and the remaining columns
report the HHI after removing, one at a time relative to the baseline, network externalities, unobserved mean tastes
Z,t, and cross-market demographic differences.

Mergers and interoperability

Next, I use the estimated shares model without multiple demographic groups to evaluate the
effects of a merger between the leading sites, eharmony.com and match.com. There are several
possible effects of such a merger. First, as in a standard horizontal merger, the merged firm would
gain market power and therefore have an incentive to raise prices. In addition, if the merged firm
combined its sites’ networks, it would increase consumers’ willingness to pay for either site, thereby
creating a further incentive to raise prices. At the same time, consumers would enjoy access to a

larger network on the merged platforms, which could increase their welfare.

This discussion suggests two distinct elements of a platform merger with interacting effects. First,
a merger could involve joint pricing, whereby the two websites set prices to maximize the profits

of the merged entity. Second, a merger could involve interoperability, whereby the firm allows
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users of each website to access users on the other. [Huang et al. (2026]), who study the effects of
interoperability without joint pricing, note that rival firms benefit from the expansion of a given
firm’s network under interoperability, thereby reducing the focal firm’s incentive to expand its
network by lowering its price. Rather than lowering prices to build a network, each platform

free-rides on rivals. The upshot is that interoperability tends to raise prices.

Interoperability combined with a merger, however, may reduce prices. This is because the merged
firm internalizes the positive effect of reducing one site’s price on traffic at the other site, an effect
that arises because the price reduction expands the first site’s usership and hence the network
available to potential users of the second site. This positive effect of a price reduction on the
merged firm’s profits may lead it to charge lower prices than would competing firms in a setting

with interoperability.

To assess the distinct effects of joint pricing and interoperability, I simulate counterfactual regimes
corresponding to each possible combination of the two. Throughout, I assume that the paid firms
set prices at a national level and that these prices constitute a Nash equilibrium. Additionally, I
allow interoperability only between the two leading paid firms whose potential merger I analyze.
Under interoperability, the network externality terms of merging sites j = 1,2 are replaced with
the externality evaluated at the combined user base: for j € {1,2}, f;(S;) = nlog (S1t + Sa¢). The

terms of the non-merging sites are unchangedE

Computing these counterfactuals requires solving for equilibrium market shares and prices, which
raises the issue of equilibrium multiplicity. I compute demand fixed points (i.e., solutions of )
by iterating the demand mapping to a fixed point and prices by iterating firms’ best responses, in
each case starting from the observed market structure. In practice, this selection is innocuous, as

the stable demand equilibrium is unique in every market and regimem

Table [7] reports the results. First consider the move from competitive pricing to joint pricing
without interoperability, represented by the difference between the first and second rows of the
first column of each panel. Joint pricing predictably raises prices and reduces consumer welfare.
The other element of a website merger, interoperability, instead has a positive effect on consumer

welfare. Under competitive pricing, introducing interoperability raises consumer welfare by $5.88

15This counterfactual extrapolates the logarithmic externality outside the estimation sample. Online Appendix
repeats the analysis under a linear specification, f;(S¢) = 1nS;t. The welfare ranking of the four regimes is
unchanged.

161 verify uniqueness by searching for all fixed points of the demand mapping from roughly sixty dispersed starting
configurations in each of the 175 market-regime cells. The search returns a single stable equilibrium, the reported
one. The other fixed points are unstable configurations in which a site collapses.
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Table 7: Joint pricing and interoperability

(a) Prices (b) Consumer welfare ($/baseline site user)
Interoperability? Interoperability?
Joint pricing? No Yes Joint pricing? No Yes
No $60.99  $95.08 No 0 $5.88
Yes $76.82  $91.14 Yes -$17.94  $11.10

Notes: the table provides the mean price of a three- Notes: the table provides the mean change in consumer
month subscription period across eharmony.com and welfare per dating website user in the baseline equilib-
match. com as predicted by the model under each regime. rium with neither joint pricing nor interoperability, ex-

pressed in dollars per three-month subscription period.

per user in the baseline equilibrium despite raising the average subscription price by about $34,
a result explained by consumers’ high valuation of dating-site network size. Last, consider the
effect of introducing joint pricing when the two leading websites are interoperable. This change is
intended to correspond to a full merger between the sites. In this case, prices fall and welfare rises,
in stark contrast to the effects of joint pricing without interoperability. Joint pricing reduces prices
under interoperability because, as noted above, the merged firm internalizes the positive spillovers
from price reductions that expand one site’s user base. Overall, the analysis suggests that a full
merger involving both interoperability and joint pricing is the consumer-welfare-maximizing regime
and would increase consumer welfare by $11.10 per user relative to the baseline equilibrium. Online
Appendix[O.10|repeats this analysis under the multi-homing specification with the same qualitative

conclusions.

5 Conclusion

This article studies the identification of BLP-style demand models with network externalities.
The central identification result is that, with market-level data alone, network externalities are
generally not separately identified from consumers’ direct responses to product characteristics.
Micro data linking consumers’ choices to their characteristics permit identification by allowing the
researcher to use within-market variation to identify substitution patterns separately from network
externalities. The analysis also clarifies the classes of instrumental variables that can provide the
required exogenous variation, in particular Waldfogel instruments and, in some settings, BLP-style
instruments. To illustrate the application of the identification analysis, I estimate a model of
dating website choice. The results imply that network externalities are substantial, account for
most of the geographic variation in sites’ market shares, and materially affect the welfare analysis

of changes in market structure.
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