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Abstract
This paper develops a method to estimate the demand of network goods, using minimal network data, but leveraging within-consumer variation. I estimate
demand for video games as a function of individuals’ social networks, prices,
and qualities, using data from Steam, the largest video game digital distributor
in the world. I separately identify price elasticities on individuals with and
without friends with the same game, conditional on individual fixed effects and
games’ characteristics. I then use the discrepancies between estimated price
elasticities to identify the impact of social networks. I compare my method to
“traditional-IV” strategies in the literature, which require detailed network data,
and find similar results. A 1% increase in friends’ demands, increases demand
by .3%. These results suggest firms have incentives to employ “influencers,” and
to merge their gaming networks. I evaluate counterfactual game mergers, and
find network effects must be considered to sign consumer welfare changes.
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Introduction

Even with the recent success of the empirical literature on estimating network
effects,1 two main problems need to be tackled in the field: one practical, and one
methodological. First, consider the practical problem of collecting network data.
In many settings, access to network data is prohibitively expensive, because of
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privacy concerns, ownership, or scale (Breza et al., 2020). Second, without a
proper research strategy, the reflection problem prevents the identification of
direct network effects (Manski, 1993; Rysman, 2019).2
I study demand network effects and propose a simple identification strategy
without access to detailed network data. Instead, I leverage within-consumer
variation in a three-step identification process. In the first step, the “pure” price
elasticity is identified from isolated individuals’ behavior in the network. In
the second step, the “compounded” price elasticity is identified from the rest of
the individuals. And in the third step, the network effect is identified from the
discrepancy between the previous two steps’ price elasticities within consumers.
Therefore, this strategy has simpler data requirements—repeated observations
for an individual—than most of the literature, which requires a complete mapping of the network. I use this strategy to study the online video game industry.
The proposed method is simple and intuitive. To fix ideas, consider Becker
(1991)’s framework for social interactions, where individual demand, di ( p, D ),
is a function of prices, and aggregate demand, D = ∑i di ( p, D ) = F ( p, D ). That
is, aggregate demand is a function of prices and aggregate demand, where we
expect Fp < 0, but FD > 0 for positive network effects. Therefore,
∂D
∂D
= Fp + FD
∂p
∂p

⇒

Fp
∂D
.
=
∂p
1 − FD

This paper’s strategy consists of identifying a subset of data where FD = 0,
so we can estimate Fp from the observed

∂D
∂p .

Given Fp , the network effect, FD ,

can then be estimated from the total effect, Fp /(1 − FD ), which is identified in
the complementary subset. In the context of online video games, the individual
demand is boosted by the proportion of friends who own the game. In this
case, Fp can be identified from individuals who do not have friends who own
the same game, and Fp /(1 − FD ) can be identified from the individuals with
at least one friend with the game. We do not need detailed network data; we
only need to know “how many friends own the game.” In other words, we only
need “Aggregated Relational Data (ARD)” (Breza et al., 2020) to identify network
effects and price elasticities.3
Moreover, individual demand might be a function of other variables; for
2 For

instance, if a positive network effect is ignored, the price elasticity of demand will be
overestimated, because the total effect of a price change is composed of a price effect and a network
effect.
3 ARD refers to answers to questions of the form “how many of your links have trait X?”
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instance, di ( p, r, D ), where r is quality. Then, D = F ( p, r, D ),
Fp
∂D
=
,
∂p
1 − FD

and

∂D
Fr
=
.
∂r
1 − FD

Thus, as long as we can identify either Fp or Fr , we can identify FD . If we can
identify both, then they must agree in their prediction of FD . As a result, the
estimation of the network effect can be improved by using the corresponding
set of moments. This paper shows this is the case when estimating Fp and Fr
separately for the online video game industry.
An important concern is that consumers with and without friends might be
different. I address this issue by considering consumers’ purchasing behavior
at the individual level, and observing their decisions for many games, some of
which have also been purchased by friends, some of which have not. Moreover,
individual fixed effects are also considered to absorb remaining contextual and
correlated effects (Hartmann et al., 2008).
The results suggest the presence of strong network externalities: if the proportion of friends with some game j increases in 1%, then demand for game
j increases in .3%. If we ignore network effects, price elasticity is significantly
overestimated, and we can substantially underestimate consumer welfare. Moreover, with separate price and network elasticities, managers and policy makers
can simulate counterfactual pricing and marketing policies. In counterfactuals,
I find strong incentives to promote the game through “influencers,” and some
incentives for games to merge their social networks.
Network effects must be considered to sign consumer welfare changes when
evaluating gaming network mergers. In a counterfactual, the merger of two
games in the sample increases consumer surplus by 0.87 %, due to network
effects, even after upward pricing pressure is taken into account. However, a
policymaker who ignores network effects predicts a consumer surplus change of
-6.10%.
I also compare this paper’s strategy to “traditional” identification strategies in
the context of video game demands. Traditional strategies use detailed network
data, such as second-order friends’ characteristics, as instruments for first-order
friends’ characteristics. I arrive to qualitatively similar conclusions with both
methodologies.
This paper is related to the empirical literature of the effects of networks. In
particular, the idea of achieving identification from isolated individuals goes back
at least to Fortin and Boucher (2016) for the linear-in-means model. However,
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my paper is the first to fully develop this method, describe the outstanding
econometric problems, and offer a solution to them, especially in a structural,
discrete-choice model.
This paper is also related to the empirical literature that uses minimal network data. Breza et al. (2020) use Aggregated Relational Data (ARD) to recover
parameters of a network formation model. They focus on studying the network
structure. I also use ARD (e.g., “how many of your friends have game j?”), but
focus on quantifying direct network externalities. Indeed, ARD studies have
a large practical upside, because mapping whole networks is expensive and
time-consuming, as described by Breza and Chandrasekhar (2019), Banerjee et al.
(2013) or Chandrasekhar, Kinnan and Larreguy (2018).
Finally, this paper is also related to work emphasizing network effects on
video game demand. Dubé, Hitsch and Chintagunta (2010) find strong indirect
network effects in the two-sided market of video game consoles, and Lee (2013)
studies vertical integration in the presence of indirect network effects in the video
game industry. By contrast, this paper studies direct network effects.

2

Data and empirical context

Steam is the largest video game digital distribution service in the world, with
over 90 million monthly active users shopping from over 30,000 PC video games
on offer.4 On 2017, Steam generated 4.3 billion USD in sales, not counting in-app
microtransactions or downloadable content, and in 2020 it recorded 7.25 million
users concurrently playing games.5
Steam users form a social network where they can “friend” each other in a
similar manner to Facebook. On the Steam platform, users can connect with
friends and communicate with each other, send and receive games as gifts, or
coordinate to play together. Depending on privacy settings, users can see each
others’ game achievements, video game libraries, and time spent playing video
games, as well as other personal information such as name, location, or friends.
The data, published by O’Neill et al. (2016), contain the universe of 108.7
million user accounts, who collectively own 384.3 million games, as of March
2013. For each user, I observe their game library, friends, date of account creation,
date of last activity on the platform, and time spent on each video game. And for
4 See

store.steampowered.com/about, store.steampowered.com/stats, and pcgamesn.com/
steam-player-count.
5 See pcgamesn.com, videogameschronicle.com.
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each video game, I observe its price, rating, type of game (full game, DLC, and
others), genre, developers, publishers, date of release, among other information.6

TABLE 1: S UMMARY S TATISTICS
mean

sd

min

max

Users
Friends
Owned games
Expenditure
Price
Rating
Time played

7
13
169
13
83
360

20
40
498
9
7
813

0
0
0
0
20
0

1085
3797
40294
100
96
288784

Games
Price
Rating
Multiplayer

11
72
.24

14
11
.43

0
20
0

450
96
1

Notes: Expenditure and prices in US dollars.
Time Played in hours, cumulative. Users considered if active in 2013.

Table 1 shows summary statistics. On average, users have 7 friends, 13 games,
spend 169 dollars in total, pay for each game 13 dollars, and play 360 hours total.
However, statistics are skewed, showing a long tail of users with much larger
consumptions, expenditures, and social networks. For games, the average price
on the market is 11, with an average rating of 72 “likes” out of 100, and 24% of
games have a multiplayer mode. We can also see that users lean towards pricier
and higher-rated games.
Because of the nature of the video game consumption, we expect positive
social network effects. Video games can be single-player or multiplayer (or a
mix). Both types of games enjoy positive network effects, but the argument can
be made for a stronger effect on multiplayer games. Notably, we can construct
the complete friends network with the data, but, as this paper shows, we do not
need the whole network mapping to estimate network effects.
In this paper, I focus on the top 100 games by popularity, which account for
almost 50% of the market share. In this way, I cut out the long tail of games
with very small market shares. Also, I only consider active users in 2013 for the
analysis; I define “active” as logging on at least once in 2013, and having at least
one friend or one game. We have over 53 million active users, though we only
6 Data and replication files can be found in the author’s website, jtudon.com, or by request. The
raw data can be found in steam.internet.byu.edu.
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require a small random sample for consistency.

3

Linear-in-means model

I follow the peer effects literature by assuming that the demand for a network
good depends on the probability of peer consumption. Specifically, I consider
the following linear-in-means model:
qij = µi − α log p j + βnij + γ log r j + δ0 x j + ε ij ,

(1)

where the quantity qij indicates if i purchased game j, µi is an individual fixed
effect, p j is the price of game j, nij is the proportion of friends of i that own
game j, r j is the quality of the game, measured by a rating index, ε ij is a shock
unobservable to the econometrician, and x j are characteristics of game j that
include genre dummies (action, adventure, RPG, etc.), days since game j was
released, and indicators for multiplayer and age restrictions. The set of covariates
x j allow me to control for other demand shifters that could correlate with price
or quality. Consumers are indexed by i = 1, . . . , I, and games by j = 1, . . . , J.
Equation (1) has the advantage that it can be derived from a utility-maximization problem (Fortin and Boucher, 2016), and can be interpreted as the bestresponse function for an individual who responds to complementary social
interactions. We expect β > 0 for a positive network effect. Section 4 presents a
binary choice model instead of equation (1)’s linear probability model.

3.1

Identification





Equation (1) is not identified, because E qij |zij = E nij |zij , for an appropriate
vector of instruments, zij . Taking conditional expectations and simplifying,


E qij |zij =

µi
α
γ
δ0
−
log p j +
log r j +
xj ,
1−β 1−β
1−β
1−β

(2)



even if E ε ij |zij = 0.


However, identification can be achieved if we assume E ε ij |zij , nij = 0 = 0,
so we get


E qij |zij , nij = 0 = µi − α log p j + γ log r j + δ0 x j .
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(3)

The identification argument has three steps.
The first step is to identify price and ratings coefficients from equation (3).
Software development represents the main production cost of a game, but consumers are rarely aware of the identity of the developers, as opposed to, say,
publishers. If the game is developed “in-house,” I expect costs to be lower
compared to outsourced development. Then, to identify the price coefficient,
α, I instrument prices with the status of integration between developers and
publishers of game j as cost shifters. Therefore, conditional on the observable
characteristics of game j, the developers of j introduce exogenous variation to
the price of j. On the other hand, I assume ratings are exogenous, conditional on
individual fixed effects and observable game characteristics.
A threat to identification comes from the fact that people with no friends
are different to people with some friends. However, I have three answers for
this problem. First, I include individual fixed effects to control for individual
heterogeneity, contextual effects, correlated effects, and, to some extent, for
network formation (Hartmann et al., 2008). As long as people with no friends
are not systematically different in their pricing sensitivities than people with
some friends, we have identification. Second, nij = 0 does not imply that i
has no friends, but only that i has no friends with game j. That is, people who
have nij = 0 are not rare. Indeed, no one game has perfect penetration, nor one
individual has every game. We only require that for some game j, i’s friends
do not have that particular game. In the data, consumer i has game j with .06
probability, and has 7 friends, on average. Therefore, having games with no
friends is not uncommon. Third, we can also identify the network effect from
other coefficients, such as the ratings coefficients. In this case, even if people
with no friends have different rating sensitivities, we would not expect such bias
to be exactly the same as the bias in price sensitivities.
The second step is to identify the compounded price and rating coefficients,
α/(1 − β) and γ/(1 − β), from equation (2), but conditional on non-isolated
individuals:


E qij |zij , nij > 0 =

µi
α
γ
δ0
−
log p j +
log r j +
xj ,
1−β 1−β
1−β
1−β

(4)



where I assume E ε ij |zij , nij > 0 = 0. Again, I use developer integration to
identify the compounded coefficient α/(1 − β).
The third step is to identify the network effect, β. With estimates of α and
α/(1 − β), we can back out an estimate of β. Note that we do not need γ and
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γ/(1 − β), but if we use these rating coefficients instead, the resulting β should
agree with the one derived with the price coefficients.
I also compare my result with the “traditional” peer-effect instrumentalvariables strategy. That is, I estimate equation (1) directly,
qij = µi − α log p j + βnij + δ0 x j + ε ij ,

(1)

(2)

where nij is instrumented with nij , the probability that second-degree friends
(2)

have game j. In other words, let Ni

be the total number of i’s second-degree
(2)

friends (friends of my friends, who are not my friends), and let Nij

be the
(2)

number of i’s second-degree friends who have purchased game j. Then, nij ≡
(2)

(2)

Nij /Ni

is an instrument for nij (e.g., De Giorgi, Frederiksen and Pistaferri

(2019)). The disadvantage of this method is that it requires detailed network data
(2)

to construct nij , as opposed to my method, which only requires nij .
As a final note, equations (2) and (3) should not be estimated in a single
equation model using a within transformation (even with appropriate interaction
terms), because even the fixed effects differ by a factor of (1 − β)−1 between
these equations. A full set of individual dummies, with all covariates interacted
with 1{nij = 0} is theoretically appropriate, but not practical.

3.2

Results

To be clear, the pseudo-panel follows a random sample of .2% of active users
who consider buying games j = 1, . . . , 100. Table 2 shows the main results. All
models include individual fixed effects and the controls described in section 3.
In all models, prices have been instrumented with an indicator for outsourced
game development.
The benchmark model in column 1 shows a 2SLS estimation where the
network effect has been ignored. As expected, the coefficients are compounded
with the network effect. Column 2 shows the “traditional” IV approach, where
nij has been instrumented with the proportion of second-order friends with
game j. The network effect corresponds to the coefficient of nij , which is 0.87,
and implies a .1 increase in the proportion of friends with game j increases the
probability of buying j in by 0.09.
Columns 3 and 4 show the results of my method. Column 3 restricts the
sample to nij = 0, and column 4 to nij > 0. As expected, the benchmark model
yields estimates in between those of columns 3 and 4. Column 3’s coefficients
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TABLE 2: E STIMATION OF DEMAND AND NETWORK EFFECT

D EP VAR : qij
log price j
log rating j

B ENCHMARK
(1)

T RADITIONAL IV S
(2)

N O FRIENDS
(3)

S OME FRIENDS
(4)

-0.20
(0.013)
0.19
(0.010)

-0.06
(0.014)
0.04
(0.011)
0.87
(0.019)

-0.10
(0.010)
0.08
(0.008)

-0.73
(0.101)
0.59
(0.063)

nij
I MPLIED N ET E FF
U SING PRICES
U SING RATINGS
I MPLIED PRICE ELASTICITY
C ONTROLS
F IXED EFFECTS
2SLS
F IRST- STAGE IV’ S F- STAT
log price j
nij
O BS

0.87
0.87
0.87
-1.64

-3.48

-1.11

Y ES
Y ES
Y ES

Y ES
Y ES
Y ES

Y ES
Y ES
Y ES

Y ES
Y ES
Y ES

1,819
.
428,076

1,643
124,526
428,076

1,713
.
339,198

53
.
88,878

Notes: Standard errors clustered at individual level. In all columns, prices are instrumented with
an indicator for outsourced game development. All collumns include as controls: individual fixed
effects, a set of genre dummies, days since release, and indicators for multiplayer and age restrictions.
Column 1 shows the benchmark model where network effects are ignored. Column 2 includes nij and
instruments it with the proportion of second degree friends with game j. Column 3 is estimated in the
subsample where nij = 0, and Column 4 in the subsample where nij > 0. The implied network effect
of column 2 is just the coefficient of nij , while the implied network effect of my method combines the
coefficients of columns 3 and 4 as 1 − α3 /α4 , where α3 and α4 are the coefficients from columns 3 and
4, respectively.

correspond to the price and rating effects without network effects, and align
with those of column 2. Column 4 shows the coefficients compounded with the
network effects. The implied network effects are backed out using columns 3
and 4: let α3 and α4 be the coefficients from columns 3 and 4, respectively, then,
the network effect is 1 − α3 /α4 .
The estimated network effect from my method is 0.87 using the price coefficients, and 0.87 using the rating coefficients. Not only they agree with each
other, but they are also very close to column 2’s 0.87. In terms of elasticities,
the implied network effects are around 0.9, which suggest a significant direct
network externality in the platform.7
Moreover, the estimated price elasticity from my method is -1.64, but, if we
ignore network effects, the implied price elasticity from the benchmark model
is -3.48. As expected, focusing only on isolates yields a more inelastic demand
7 To

boot, most of the unreported coefficients of the controls also yield estimates of the network
effect around 0.9. I do not report these results, because I do not have a strong identification argument
for these coefficients.
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than the compounded elasticity from the whole sample. Therefore, we could
significantly overestimate price elasticities, and the same can be said about rating
elasticities, for example.8
For managers and policy makers, this means that efforts to attract consumers
pay off. It also means that willingness-to-pay is significantly higher at any point
of the demand curve. Thus, a two-part tariff could be more efficient.
While the linear probability model has advantages, it can overestimate
marginal effects, specially when outcomes have probabilities close to the extremes, 0 or 1. In the data, consumers purchase any random game j with a
probability of .06, which warrants the exploration of a nonlinear model.

4

Discrete choice model

With individual data we can model the binary choice of purchasing a game or
not. Consider the following analogue of equation (1):
uij = µi − α log p j + βnij + γ log r j + δ0 x j + ε ij ,

(5)

where uij is the utility of consumer i from purchasing game j, and the remaining
variables are as in section 3: fixed effects, prices, proportion of friends with game,
ratings, and game characteristics.
Consumer i purchases j iff uij > 0. Let yij ≡ 1{uij > 0}. Assuming iid ε ∼ F,
the probability of buying j is



P yij = 1 = F µi − α log p j + βnij + γ log r j + δ0 x j ,

(6)

where F will later be specialized to a logit model. Thus, i’s demand for j, is


defined as sij ≡ P yij = 1 .
Then, the log-likelihood of the data becomes
N

L=

J

∑ ∑ yij log sij + (1 − yij ) log(1 − sij ).

(7)

i =1 j =1

4.1

Identification

As with the linear-in-means model, we have a reflection problem. In particular, a
likelihood maximization program will not identify the local maximum by using
8 Nair

(2007) reports short-run price elasticities similar to those found in this paper.
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first order conditions from L, because the derivatives will not take into account
the feedback from network effect.
Consider the more compact notation
Xij0 θ ≡ µi − α log p j + γ log r j + δ0 x j ,
where θ is the vector of parameters, excluding β, and Xij is the vector of covariates, excluding nij . We can rewrite the utility function as
uij = βnij + Xij0 θ + ε ij .

(5’)

Then, the likelihood’s first order conditions with respect to any element θk of θ
become
0=

N J
yij − sij ∂sij
∂L
=∑∑
.
∂θk
s (1 − sij ) ∂θk
i =1 j=1 ij

However,



∂nij
∂sij
k
0
0
= F βnij + Xij θ Xij + β
,
∂θk
∂θk

(8)

where Xijk is the corresponding covariate to θk . In this context, the reflection
problem is that

∂nij
∂θk

would be ignored by a maximization program. But, in

equilibrium, nij = sij , which implies that

∂nij
∂θk

=

∂sij
∂θk .

Then,




∂sij
∂sij
0
0
k
= F βnij + Xij θ Xij + β
∂θk
∂θk


0
0
F βnij + Xij θ
∂sij

 Xijk .
⇒
=
∂θk
0
0
1 − βF βn + X θ
ij

(9)

ij

A simple solution, as in the linear-in-means model, is to consider first the
cases with nij = 0, so that
uij = Xij0 θ + ε ij


⇒ sij = F Xij0 θ ,


∂sij
0
0
⇒
= F Xij θ Xijk
∂θk
9 Note

that from the FOC on β,
not identify β.

∂sij
∂β

(10)

 ∂s
= F 0 µi − α log p j + βnij + γ log r j + δ0 x j β ∂βij , which does
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for the consumer i without friends with game j.
Intuitively, we can identify θ using equation (10), and then use that information to identify β using (9).9
To identify the price and ratings coefficients, I use the same set of instruments
from the linear-in-means model. However, because of the nature of the binary
choice model, I opt for a control function approach (Petrin and Train, 2010). To
create the control function, in a first stage, I regress endogenous variables on
instruments and exogenous variables, and I estimate residuals. In a second stage,
I include those estimated residuals as extra covariates. Standard errors can be
calculated by bootstrapping.
Finally, I use Chamberlain (1980)’s conditional logit model to avoid the
incidental parameters problem caused by the individual fixed effects (Lancaster,
2000). The rest of threats to identification that arise here are very similar to those
from the linear-in-means model which I have already discussed.

4.2

Estimation

If θ is of length K, then the first order conditions define the following set of 2K
moments for K + 1 parameters {θ, β}. For k = 1, . . . , K,
N J
yij − sij 0  0  k
∂L
=∑∑
F Xij θ Xij
∂θk
s (1 − sij )
i =1 j=1 ij


0 βn + X 0 θ
N J
F
ij
yij − sij
ij
∂L

 Xijk
0=
=∑∑
∂θk
s
(
1
−
s
)
0
0
ij
ij
1
−
βF
βn
+
X
θ
i =1 j =1

0=

ij

if nij = 0,

(11)

if nij > 0.

(12)

ij

Thus, estimation is done by GMM.
In practice, we can separately estimate θ from moments (11) at the cost of
b we can then use moments (12) to estimate β. For consistency
efficiency. Using θ,
with section 3, I only use the price and rating moments to identify the network
effect.

4.3

Results

Table 3 shows the results for a binary-choice logit model. Every column addresses
price endogeneity as described. As a benchmark, column 1 shows a logit model
which ignores the network effect. Column 2 identifies the network effect using
the traditional instrument from the literature, the proportion of second-degree
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friends with game j. Finally, column 3 presents this paper’s method, where
the network effect is identified from the moments defined by the first order
conditions of a logit model with network effects.
Price elasticities align with those from the linear-in-means model. I find an
elastic demand curve, but the elasticity could be overestimated if we ignore
network effects, as expected. Demand is also inelastic with respect to the quality
of the product, measured by its rating.
Finally, the network effect is estimated to be 0.29, which is lower than the one
estimated with a linear probability model. The network externality translates
to an increase in demand of .03% when the proportion of friends with the game
increases by .1%. For perspective, the average demand of a game in the sample
is 6%. The effect is strong, as the experiments from the following section show.

TABLE 3: D ISCRETE - CHOICE LOGIT MODEL ESTIMATION

D EP VAR : yij
log price j
log rating j

B ENCHMARK L OGIT
(1)

T RADITIONAL IV L OGIT
(2)

L OGIT + GMM
(3)

-2.21
(0.345)
2.26
(0.283)

-1.22
(0.201)
1.00
(0.145)
4.79
(0.152)

-1.90
(0.300)
0.75
(0.107)
8.00
(1.551)

-2.15
2.21

-1.19
0.98
0.18

-1.85
0.73
0.29

Y ES
Y ES
Y ES

Y ES
Y ES
Y ES

Y ES
Y ES
Y ES

1,539
.
213,474

1,468
33,770
213,474

3,151
.
213,474

nij
I MPLIED ELASTICITIES
log price j
log rating j
nij
C ONTROLS
F IXED EFFECTS
C ONTROL FUNCTIONS
F IRST- STAGE IV’ S F- STAT
log price j
nij
O BS

Notes: Bootstrapped standard errors clustered at individual level with 100 repetitions. In all
columns, prices are instrumented with an indicator for outsourced game development. All collumns include as controls: individual fixed effects, a set of genre dummies, days since release,
and indicators for multiplayer and age restrictions. Instrumented variables are regressed on instruments in a first stage, where residuals are obtained and used as control functions (Petrin and
Train, 2010). Column 1 shows a logit model where the network effect is ignored. Column 2 includes nij and instruments it with the proportion of i’s second-degree friends who own game j.
Column 3 shows this paper’s logit model where the network effect is estimated using GMM and
the moments defined by the FOC of a logit with network effects.
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5

Counterfactuals

Here, I explore two main counterfactuals. First, I consider the merger of two
games, which implies the merger of two networks. If network effects are ignored,
the policymaker estimates a drop in consumer surplus from increased prices, but
consumer surplus might increase after network effects are taken into account.
Second, I consider a giveaway to the top 1% most popular consumers in the
network, and find significant increases in revenue due to network effects.

5.1

Antitrust, regulation, and upward pricing pressure

In network industries, policymakers consider the trade-off between competition
and monopoly when evaluating mergers. If network effects are strong enough,
welfare might be improved by coordinating consumption under a monopolist.
In the case of video games, and because marginal costs are essentially zero and
further marginal cost reductions are unlikely, the merged video game will almost
surely face upward pricing pressure. Then, the resulting change in consumer
surplus from the merger becomes an empirical question.
In this experiment, I take the most popular game in the sample and merge it
with a smaller game, which increases the size of the network. Assuming games
are compatible, and that the merger is technically possible, the merged game
will feature the merged network, which is the union of the pre-merger networks.
Because of network effects, consumers translate a larger network as if the game
were of a higher quality. Indeed, on the intensive margin, consumers who already
own the game value it even more. On the extensive margin, marginal consumers
now purchase the game. Therefore, demand increases further, which increases
demand yet again.
Let game A be “Counter-Strike: Source,” the largest game in the sample in
2013, which holds a 20% market penetration; that is, 20% of consumers in the
sample own game A.10 Game A might consider merging networks with game B,
a hypothetical smaller game. Owners of game B will be “upgraded” to game A
and will join the network of A, forming the merged network A ∪ B, the union of
networks A and B.
Profits might be larger for the merger than for the separate games if the
demand of the merger increases by enough. Importantly, the interception A ∩ B
must be small enough for the merger to be profitable. In the extreme, if A ∩ B = B,
10 See

store.steampowered.com/app/240.
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F IGURE 1: Counterfactual merger
then A ∪ B = A, and the merger gains nothing, but loses the revenue of a separate
game B. Assuming that games A and B are identical, except for their networks,
Figure 1 shows the net increase in revenues from a merger between game A and
each of the other games in the sample. That is, the figure shows
D ( A ∪ B) − D ( A) − D ( B)
,
D ( A) + D ( B)
for every other game B in the sample, where D (S) is the demand for a game
with a network S, assuming the characteristics of the game are equal to those of
game A.
Figure 1a assumes no overlap in their networks, A ∩ B = ∅, and shows the
theoretical gains from merging two networks into a single one as a function
of B’s size. Demand for the merger is predicted to increase between 2.5% and
14%, depending on the size of the smaller game. However, in reality, networks
often intersect. Figure 1b presents net gains as a function of the intersection of
the networks, and shows that actually the merger only makes sense for the two
games with the least degree of intersection in the data.11
Therefore, the merger stands to (net) gain at most .23% of market penetration
when game A merges with game B∗ , “Total War: Empire,” a game with a market
penetration of 4%.12 In terms of consumer surplus, I estimate that consumers
11 To be sure, most of the mergers in the graph are not feasible, as games would be too different
from one another for the merger to make technical sense. Nevertheless, the graphed mergers can be
interpreted as the case where game A buys out the network of game B.
12 See store.steampowered.com/app/10500.
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enjoy a combined benefit of 12.3 million USD from both games A and B∗ before
the merger. After the merger, consumer surplus increases by 6.40 % to 13.1
million USD, due to the larger network.13
The merged firm however faces upward pricing pressure, not because competition has eased, but because aggregate demand has expanded. The problem
of firm A can be written as max p A ( p A − c A )s A ( p A ), where we expect marginal
costs close to zero. The first order condition is the usual Lerner index equation:
pA − cA
=−
pA



∂s A p A
∂p A s A

 −1
.

However, the pertinent price elasticity of demand in the Lerner equation is not
α(1 − s A ), which is the elasticity of the willingness-to-pay curve. The firm takes
into account the complete effect from a price change. Figure 2 distinguishes
between willingness-to-pay and demand. At p0 , willingness-to-pay is D0 , but
at p1 , quantity increases, which increases the willingness-to-pay to D1 . The
direct price effect is a movement along D0 , but the network effect is the horizontal movement of the willingness-to-pay. The observed demand, D, traces the
changes in consumed quantity due to the price decrease, and shows a higher
elasticity than the underlying willingness-to-pay.

p

p0
p1
D
q0

q1 D 0

q

D1

F IGURE 2: Network effects: Demand ( D ) vs. willingness-to-pay (D0 , D1 )
Therefore, the relevant curve is the aggregate demand curve, D. The bench13
surplus, we consider the ex ante expected utility for consumer i,
 To measure consumer

E max{uij (nij , Xij ), 0} = log(1 + exp{ βnij + Xij0 θ }).
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mark model in table 3 gives us the appropriate price elasticity for the Lerner
equation, which is -2.21. Due to the merger, s A has increased by about 20%.
Therefore, the Lerner equation implies that prices should increase by 9%.14
After price changes are taken into account, consumer surplus increases to
12.4 million USD after the merger. That is, consumer surplus increases by 0.87%,
which implies the merger should be allowed.
Importantly, a policymaker who ignores network effects would block the
merger; the merged demand would have been predicted as the static union of
demands, instead of allowing the network effect to increase demand by a further
.23%. After accounting for the upward pricing pressure, but without network
externalities, the policymaker predicts a consumer surplus change of -6.10%.

5.2

Promotional giveaway

Consider giving a game for free to the top 1% most popular consumers as a way
to promote the game. Because of network effects, promoting the consumption
among some “influencers” might have net gains. The top 1% accounts for about
20% of friendship connections; that is, the probability for a random member of
the network to be linked with the top 1% is 20%. Because popular consumers are
also more likely to buy any game, this counterfactual consists of ensuring that
the top 1% has the game.
Specifically, the probability that a random member of the top 1% buys any
one game is around 14%. Then, in this counterfactual, the average consumer sees
its number of friends with the game increasing by 1 with a probability of .2(1 −
.14). Figure 3 shows the net gains from the giveaway as a function of market
penetration (gains net of top 1% demands). For small games, a giveaway to the
top 1% represents a big effort relative to their market share. However, for the
largest game in the data, with 20% market penetration, the giveaway represents
5% of its sales but yields a 21% increase in sales. To put it in perspective, a game
would have to drop its price by 9% to achieve a 20% increase in demand.

6

Concluding remarks

The main contribution of this paper is to show that, with minimal network
data, network effects can be credibly estimated. My method is robust in two
14 20/ | − 2.21|

= 9.
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F IGURE 3: Counterfactual giveaway
important dimensions. First, it agrees internally by achieving similar estimates
with different variables. Second, it aligns with other data-intensive strategies
from the literature. Moreover, using a discrete choice model and several moments
from the model, we can estimate more precisely the network effect.
In the case of Steam, price elasticity is about -1.85, while the network effect
is about 0.29. Disentangling the price elasticity from the network effect allows
managers and policy makers to separately evaluate counterfactual pricing and
marketing policies. In particular, firms have strong incentives to promote the
game through influencers. At the same time, firms have some incentives to
merge their networks when the degree of interception between them is low.
Policymakers must take network effects into account to put a sign on changes in
consumer surplus.
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