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Abstract

We develop a modeling approach to explain demand for an online platform of user-generated

content, and measure the impact of marketing activities on decisions to visit the platform and on

decisions to create and buy content. The model explains individual-level decisions as a function

of consumer characteristics, marketing activities, and behavior of other online users, allowing

for the possibility of interdependence of decisions and in�uence of other agents. Empirically, we

apply our model to the Hewlett-Packard's print-on-demand service of user-created magazines,

named MagCloud. We use two distinct data sets to show the applicability of our approach: an

aggregate-level data from Google Analytics, which is widely available to managers of websites,

and an individual-level data set from HP. Our results show that price and content creator

marketing actions have strong e�ects on the number of purchases, while promotion by the �rm

in�uences visits and creation of content. We provide recommendations to the level of marketing

investments and quantify the bene�ts of �free� promotional activities from content creators.

According to our �ndings, 8% of MagCloud's pro�ts are directly related to these actions. This

type of �free� marketing is likely to have a substantial presence in most online services of user-

generated content.
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1 Introduction

The Internet has become one of the most important marketplaces for transaction of goods and

services. Recent reports (Comscore, 2007) show that non-travel online consumer spending in the

US has surpassed $100 billion and that growth rates of online demand for information goods, such

as books, magazines, and software, are between 25% and 50%. In recent years, online multi-sided

markets have emerged with considerable success, led by user-generated content websites such as

Facebook, eBay and YouTube. According to eMarketer (2009), 82 million people in the U.S. created

online content during 2008, with the majority of uploaded materials being related to social network

sites, personal videos, and blogs. The number of user-generated content creators is expected to

grow to 114.5 million in 2011.

In these multi-sided markets, a �rm/platform usually plays the role of intermediary that maxi-

mizes its own objectives by bringing together content creators, consumers and advertisers. In some

cases, the platform obtains revenue from commissions derived from transactions of products created

by users, while in other cases, revenues come from advertising, such as banner ads or links placed

in the users' web pages. The performance of user-generated content platforms is strongly character-

ized by network e�ects that emerge between the di�erent participants, especially between creators

of content and �nal users of that content. Network e�ects have been shown to exist and lead to

the success of several multi-sided markets outside of the web (e.g., Rysman 2004, Nair et al. 2004).

Given the inter-connectedness and viral community structure of Internet users, it is possible that

even stronger network e�ects persist in the online world. If so, di�erences between the online and

the bricks-and-mortar worlds are likely to be substantial in terms of consumer participation in the

market and e�ectiveness of marketing mix activities on the di�erent groups of individuals involved.

Within this framework, we develop a modeling approach to explain demand variation for a platform

of user-generated content, and use it to measure the impact of marketing activities on decisions to

visit the platform, and on decisions to create and buy content.

The management of marketing activities for an online platform has high level of complexity due

to some challenges not usually found in other products or services. First, managers face a two-

sided market. A platform that is able to attract a larger number of end users is likely to be more

appealing to creators of content. The e�ect may hold in the opposite direction as well, since increased
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quantity and variety of generated content can attract more end users. Second, content users can

simultaneously be content creators. It is essential for a manager interested in developing one or

more sides of the market to understand potential direct and indirect e�ects that exist across market

sides. Third, there are usually two (or more) stages in the decision to participate in a user-generated

platform. Users must �rst opt to visit the site, and once in the site, they must decide to generate

and/or consume the available content. Managers allocate their marketing budgets to in�uence each

stage. Finally, we note that the content creators themselves frequently generate signi�cant �free�

marketing for the platform's content, in the form of referrals and marketing campaigns in the creator

websites. These activities, which are in most cases unobserved to managers, should be taken into

account when predicting growth or allocating resources.

We specify an individual-level model of multiple decisions by heterogeneous users. Each user

chooses either to visit the site, and conditional on visit, to purchase and create content. The

decision process is thus naturally divided into two stages. First, consumers choose to visit the

site, given expectations about the utility of actions once at the site. Second, consumers decide

to purchase content, create content, or both.1 We start by de�ning a bivariate probit model for

the second stage that allows for correlation between the unobservable terms of the two decisions

(creation and purchase) and a structural shift in the utility of purchasing content, if an individual

creates content, based on a model proposed by Heckman (1978) on simultaneous equations in the

presence of endogenous dummy variables. Each decision is a function of consumer characteristics,

marketing activities, and past visitors behavior, allowing for the possibility of network e�ects. Once

in possession of the second stage estimates, we use a binary probit model that takes into account the

expectations about the utility of actions at the online platform and marketing activities to explain

the visiting decision.

Empirically, we use two di�erent data sets from the online service MagCloud, where content is

de�ned as magazines. Created by Hewlett-Packard (HP), the MagCloud platform allows users to

buy and sell custom and niche magazines with print-on-demand ful�llment. Each visitor to the site

can create and purchase their own magazine, or purchase someone else's magazines. In the �rst data

set, our main source of data is Google Analytics. The data set contains daily time series about the

number of visits, content purchases and creations, as well as information about marketing actions

1A similar approach of modeling online choice in stages is proposed in Sismeiro and Bucklin (2004).
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from both MagCloud and creators of content. It also tracks the number of new and returning visitors

to the site. The data is easy to obtain and free for most managers of online websites. The second

data set is collected by HP and it contains individual-level transactional information about content

generation and purchase, also at the daily level. By estimating our model separately with the two

data sets, we show the �exibility of our model regarding alternative situations where di�erent types

of data are available, and at the same time, the robustness of our model and results.

Besides our modeling contribution, we provide several substantive insights. First, we �nd signi�-

cant interdependence between the decisions to create and purchase content. Second, the e�ectiveness

of di�erent promotional tools vary across platform users, when taking into account network exter-

nalities and interdependence of decisions. Third, we o�er recommendations on di�erent levels of

marketing investments in the two sides of the market to improve pro�ts of the user-generated con-

tent platform. Finally, we quantify the impact of �free advertising� by content creators to the usage

and pro�ts of the platform?

Our results show that the dependence between the creation of content and purchases has multiple

dimensions. At the individual level, visitors who have created content are more likely to buy content,

both their own2 and from other creators. At the aggregate platform level, and as expected, visitors

are more prone to purchase content when the total amount of created content is higher. In terms

of promotional activities, we �nd that the content price and content creator marketing actions have

strong e�ects on the number of purchases, while advertising by MagCloud mainly in�uences visits

and creation of content. Feedback e�ects are most important within the content buyers side, with

past purchasers increasing the likelihood that more buyers reach the site, while similar e�ects are

almost insigni�cant within the content creators. Our model predicts that price promotions are

useful to generate both sales volume and pro�ts, partially due to the feedback e�ects on the side of

the buyers of content. This e�ect leads to increased sales of content by the platform even after the

promotion is over.

Finally, we �nd that content creators bring a signi�cant number of potential purchasers of content

to the platform, which makes the impact of their marketing actions related to MagCloud substantial.

Their free marketing activities represent an increase of 8% in the pro�ts of the platform and we

suggest that HP should provide additional incentives to content creators to increase their referral

2Creators generate online content and can then purchase printed copies of that content.
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activities. The impact of content creator activities is likely to be strong in the development of most

user-generated content websites and it must be taken into account by managers when allocating

marketing resources.

The paper continues by presenting the relevant literature in section 2. Section 3 describes our

modeling approach and the data is presented in section 4. The estimation details are developed in

section 5. We analyze the results in section 6 and section 7 concludes.

2 Relevant Literature

The study of multi-sided markets is a topic of recent popularity in the economics and empirical

industrial organization literature. Early empirical research can be found in Rosse (1979), who

looks at the newspaper industry, and Baxter (1983), who focuses on the role of intermediaries

in matching two interrelated markets. More recently, Berry and Waldfogel (1999) analyze the

market of radio broadcasting, where agents are radio stations, radio listeners, and advertisers,

studying whether free entry of radio stations results in market ine�ciencies and welfare loss. Gandal,

Kende and Rob (2000) measure the feedback loop between the supply of compact disks (CD)

and the production of CD players. Rysman (2004) analyzes the relation between advertising and

consumer usage in the Yellow Pages industry, and provides welfare implications resulting from the

internalization of estimated network externalities. Ackerberg and Gowrisankaran (2006) estimate

an equilibrium model of consumers and banks adoption of an electronic payment system (ACH),

recovering structural estimates of adoption costs and network externalities. Kaiser and Wright

(2006) study the multi-sided market in magazines, while Argentesi and Filistrucchi (2007) specify

and estimate a two-sided model for newspapers, focusing on the examination of market power in

the Italian newspaper industry. Several papers provide an overview of multi-sided markets theory,

such as Rochet and Tirole (2005) and Armstrong (2006), while Evans (2003) discusses several issues

in applied and anti-trust situations.

Regarding marketing speci�c issues, research on multi-sided markets is limited, but a few notable

exceptions do exist, focusing on indirect network e�ects. Multi-sided markets imply the existence

of indirect network e�ects, where valuation of a product (or service) by consumers depends on how

many consumers use the product, as they attract more sellers of complementary products (Rysman,
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2004). For example, Nair et al. (2004) estimate indirect network e�ects between hardware demand

and supplied software variety in the market of PDA's, while Wilbur (2008) proposes a two-sided

model to estimate the interplay between TV viewers and advertisers that purchase TV time to

promote to viewers. The model estimates allow for the calculation of elasticity measures for the two

demand functions and the implementation of a counterfactual experiment assessing the impact of a

potential ad avoidance technology. Parker and Van Alstyne (2005) show that, in two-sided markets,

a monopolist could rationally decide to o�er a free good in perpetuity in order to pro�t from a

complementary market. Furthermore, they provide conditions which predict which market side is

to be subsidized depending on the relative sizes of the cross-market network e�ects. Bell and Song

(2007) show the existence of neighborhood e�ects on the pattern of spatial di�usion of an Internet-

based grocery store. In common with our paper, all the mentioned empirical studies quantify the

existence of network e�ects and outline methodologies that are useful in doing so. The major

di�erences between our work and the above papers are (1) our focus on a market where consumers

are likely to simultaneously participate in both sides of the market (production and purchase of

content), and (2) our objective of providing recommendations regarding marketing investments in

the di�erent sides of the market, when both the �rm and the consumers (content creators) play a

role in generating marketing actions.

In online settings, recent papers have made recent advances regarding two-sided markets and

user-generated content. A wide body of empirical research exists in two-sided markets (see for

example, Bucklin and Sismeiro 2003, Nair et al. 2004, Tucker and Zhang 2010). More recently,

this literature has been applied to user-generated markets. Yao and Mela (2009) study an online

two-sided market in the context of auctions, and present a structural model that measures the value

of buyers and sellers and provide an empirical analysis of how the two sides should be priced. The

creation (uploading) and consumption (downloading) of multi-media content from Internet social

networking sites and mobile portal sites is analyzed in two papers by Ghose and Han (2010a, 2010b).

In the �rst paper, the authors build a learning dynamic structural model and �nd that consumers

bene�t from experience from content creation and usage behavior, while in the second one they �nd

evidence that content creation and content are negatively correlated due to time constraints while

using mobile Internet. Interestingly, we �nd the opposite result, where consumers that produce

content are more likely to buy content. This is due to the di�erent nature of the goods and we
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develop some of this analysis in the results section.

Given that consumers can become producers of content in our study, it is important to refer

literature on co-production. For instance, Etgar (2008) provides three drivers of co-production:

economic, psychological, and social. Among the social motives, it is important to mention the

desire of users to create social contact values, i.e., enjoyment in sharing activities with people with

the same interests (Berthon and John, 2006), which is related to the social networking and feedback

e�ects present in multi-sided markets. An additional advantage of co-production, usually for the

�rm providing the platform, is that it helps fragment the market, facilitates the development of

a one-to-one marketing operation, and provides an expansion of choices to consumers. Thus, it

is in many levels related to product customization. Variability in adoption of co-production is

justi�ed in most cases by heterogeneity in user availability of resources or ability to participate in

co-production, as well as di�erent opportunity cost of time, the main resource used in co-production.

(Etgar, 2008). These skills to co-produce are also likely to evolve with experience (Prahalad and

Ramaswamy, 2004), which therefore leads more experienced users to be more likely to co-produce.

Based on this literature, we allow for correlation in the decisions to produce and consume content,

as well as di�erences in consumer responses based on past experience with the platform.

Finally, since our �nal objective is to provide some input for managerial decisions of an online

service, we brie�y refer to literature on online behavior and marketing resource allocation. The

closest research includes two papers by Moe and Fader (2004a, 2004b), where the authors analyze

the evolution of online browsing and purchasing behavior as a function of browsing and purchas-

ing histories, using individual level data. They �nd that purchasing propensities change with the

frequency of visits and illustrate the need for a segmented structure of Internet users. We demon-

strate with our empirical application that aggregate data from Google Analytics have a level of

richness that is su�cient to capture most of the elements of individual behavior included in these

papers. While there is some loss of information in our approach when compared with the usage

of individual data, our approach is more generally applicable given the easy availability of the web

analytics data. Additionally, our data allows us to quantify the e�ects of content creators marketing

activities, which would be unobservable using individual level data from the site navigation records.

Finally, in terms of optimizing the e�ect of promotions, Gupta and Steenburgh (2008) provide a

general framework for the problem of allocating marketing resources, while Mantrala (2006) gives a
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thorough review of literature, contributions and interesting questions on the allocation of marketing

resources in the brick-and-mortar world. Zhang and Krishnamurthi (2004) suggest a method to in-

dividualize promotion timing for an online grocery retailer. Our approach is similar, using predicted

purchase probabilities to optimize future marketing activities. However, we extend these approaches

by modeling a two-stage individual-level decision process, in an environment with network e�ects

and the additional challenge that multiple consumer decisions are inter-dependent.

3 The Model

We develop a demand model for consumers interacting with an online �rm. Consumers choose to

engage in the production and/or consumption of content, while the �rm serves as the platform where

content is made publicly available for viewing or purchase. Consumer utility is maximized with

decisions regarding the visit to the online platform, and subsequently the creation and consumption

of content. In our managerial application section, we show how the �rm can take the consumer

behavior into account to make appropriate marketing investments that improve its pro�ts. We

again note that contrary to traditional two-sided markets, users can take on the dual role of content

creators as well as content buyers.

We model the decision process in two stages involving three separate decisions. First, consumers

choose whether to visit the platform. At the visiting decision stage, the utility of consumers is driven

by personal preferences for using online services and by expectations about the utility of their actions

at the site, if they choose to use the platform. In case of a visit, consumers then face two choices:

(1) whether to purchase content; and (2) whether to produce content. We �rst model the second

stage decisions of purchasing and creating content, and then move to the initial visit decision.

3.1 Consumption and Production of Content

Conditional on visiting the platform, at each time period t = 1, ..., T , a consumer has the possibility

of four choices: browsing the site (with no purchase nor creation of content), purchasing content,

creating content, and both creating and purchasing content. We now describe our approach to the

decision to purchase content and follow by elaborating on the decision to create content.

Visitors draw utility from reading magazines and thus when making the decision to purchase a
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magazine, consumers are anticipating the bene�ts of owning and reading that magazine, or alterna-

tively of giving that magazine for someone else to read. At the purchase decision, the bene�ts and

costs of acquiring the magazine are compared, and in�uenced by several aspects. Users have their

individual preference for magazine reading and online purchasing and perceptions of the quality of

the site and its magazines. This perceived quality is in�uenced by several HP's activities, such as

advertising; by online referrals and comments from content creators, for example, describing the

magazines; by independent sources, such as the appearance of an article about MagCloud in the

New York Times. Other marketing activities will also in�uence the decision to purchase content.

We include the monetary characteristics, such as the price of the available magazines, or any price

promotions o�ered by HP to buyers of content.

At the moment of the purchase decision, consumers are assumed to know about any marketing

activities and average price charged by publishers. Additionally, when visiting the site, consumers

will become familiar with the actions of previous content purchasers and creators, since all magazines

are available for browsing with additional details. In our model, this is modeled as individual i

knowing the cumulative number of content and purchases done until time t-1 or a similar lagged

measure. In practice, such information is available in most websites, as a form of a counter of the

number of content available, for instance, in the main page or when users search for an item, and

how many visits such an item as received in the past.

We also assume that consumers are myopic when buying regarding possible price changes, pro-

motions. or new content. This is justi�ed by the fact that price promotions are very infrequent,

the monetary value of the magazines is most cases small, and consumers do not really face an

inter-temporal decision, since even if they purchase at time t, they can return to purchase the same

or other magazines in the future when more content is available. We have a di�erent situation

from papers that consider forward-looking consumers, such as Song and Chintagunta (2003), where

in durable goods categories, consumers are aware of price decreases over time, and they leave the

market once a purchase occurs. In Nair and Hartmann (2008), in the razor category, consumers

are buying tied goods that involve multiple future decisions. Any of these aspects create addi-

tional incentives for forward looking behavior that are not observe in the purchase of user-generated

content.

When considering the creation of content, visitors are assumed to have two objectives in mind.
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First, they may want to create a magazine that can be later purchased by visitors or subscribers,

leading to monetary reasons behind the content creation, since for every order, the creator gets

a margin. Second, they may want to share the output of their creativity with other users, with

similar motivation to artists or volunteers, without a monetary reason in mind. In fact, in the case

of our application, we found through surveys that the most important reason to upload content

was recreation, and not potential pro�ts from content sales. At the decision time t, the utility

from either recreational or monetary reasons is a function of the number of future site visits and

magazines orders, since content created at time t will be available for purchase or viewership from

period t + 1 onward. Following this, we assume that when creating content, visitors are forward

looking about the bene�ts of such decision, having correct expectations about the number of visits

that their content will have in the future. As in the purchase decision, consumers are aware of also

aware of marketing activities and price and margin levels at the site, but myopic about future price

changes or promotions.

Based on these assumptions, users compare the utilities of purchasing content u1it and of creating

content u2it with the utility of the outside alternative of not doing any of these options and just

browsing the site, which is normalized to zero for identi�cation, leading to consumer decisions of

purchase d1it and creation d2it de�ned as follows:

d1it = 1 if u1it > 0, d1it = 0 otherwise

d2it = 1 if u2it > 0, d2it = 0 otherwise
. (1)

We de�ne the utility of purchasing content for individual i at time t as

u1it = ξ1iZ1i + α1iX1t − β1ipt + δ1d2it + λ1iD2 t−τ1 + ε1it, (2)

and the utility for individual i of creating content at time t is given by

u2it = ξ2iZ2i + α2iX2t + λ2iD3 t+τ2 + ε2it. (3)

The vector Z1i and Z2i are individual-speci�c (or segment speci�c) characteristics that measure

the heterogeneity in preferences for buying and creating content at the website, including state
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dependence of decisions in previous time periods . The variables X1t and X2t are vectors of observed

variables that measure the appeal variation of the platform. They include for instance promotional

activities from the platform and from content creators. They also include exclusion variables that

enter one utility function but not the other. In the creation decision, we include the daily number of

issues uploaded at MagCloud that are kept private and not displayed at the website for browsing by

visitors. This variable captures the appeal of MagCloud as a place to create and print magazines,

separated from buyer e�ects or externalities resulting from the number of visits or purchasers in the

website. In the purchaser side, we include the purchasing price and promotional activities targeting

buyers but not creators. We discuss identi�cation of network e�ects in more detail in the estimation

section.

The average price for content sold at the platform at period t is captured by pt. Consumers

purchasing content are charged pt and so we expect a negative e�ect of price on their utility. We use

the average price and not the individual price of each magazine since, although there are individual

di�erences in prices paid by individuals, we are not modeling the choice of each speci�c magazine

but only purchase of any content. We assume that individual content creators are small compared

to the market and hence we do not explicitly model pricing decisions. We assume that the variation

in the average price of magazines is then uncorrelated with individual-level errors, and so use price

as a exogenous variable that a�ects utilities when purchasing the magazine.

The remaining observed variables capture any network e�ects or relation between decisions. The

decision of creating content at time t, d2it, may in�uence the contemporaneous decision to purchase

content, since a creator may want to order magazines to distribute among friends and/or subscribers.

The approach to include this structural shift in the utility of purchasing content operationalized

with the inclusion of the content creation decision d2it in the utility u1it of content purchase has been

proposed by Heckman (1978) in his simultaneous equations paper in the presence of endogenous

dummy variables. For identi�cation of the parameters in Equations 2 and 3, we restrict our model to

have only one structural shift (Maddala, 1983). We choose to include the impact of content creation

in the decision to purchase content, since a user of the platform who creates content is likely to have

a positive shift in the utility to purchase content, as his self-generated content will be available for

his purchase. In our empirical study, discussions with managers of the service and observations in

the data provide evidence that some creators do purchase their self-generated content.
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Additionally, the purchasers are in�uenced by the availability of magazines at the platform

created in past periods, with the number of creations created between time t− τ1 and t− 1 denoted

by D2 t−τ1 , which we expect to have positive e�ects, since consumers are likely to enjoy a larger

set of available content. As previously mentioned, the utility of creating content is in�uence by the

expectations about future content purchase. However, we only observe purchases (and prices) for

content that was published, and do not know (nor are able to predict) the purchase numbers for

content that the user decided not to create or upload. Thus, we decided not to use the expected

orders or pro�ts, but use instead an instrument for those values by using the expected visits to the

site during time periods t + 1 to t + τ2, D3 t+τ2 , which does not su�er from selection bias. These

future visits could be discounted to the present time period using an observed discount rate r, but

given the short term of our application, we present a simpler model with no discounting.

More speci�cally, D2 t−τ1 and D3 t+τ2 are de�ned as the cumulative number of past creations

and future visits,

D2 t−τ1 =
∑

k=t−τ1,...,t−1
∑
∀i d2ik

D3 t+τ2 =
∑

k=t+1,...,t+τ2

∑
∀i d3ik

. (4)

Finally, we assume that ε1it and ε2it are independent over time and normally distributed, with

mean zero and variance-covariance matrix Σ, where the o�-diagonal parameter ρ in Σ represents

correlation in the unobserved components of the utility, i.e.

ε1it
ε2it

 ∼ N(0,Σ), (5)

with

Σ =

 σ1 ρ

ρ σ2

 . (6)

Our assumptions lead to a system of equations that forms a multivariate probit model with structural

shifts (Heckman, 1978). Given the two decisions, each consumer falls into one of four possible

outcomes: neither purchase nor produce content {d1i = 0, d2i = 0}; purchase content (which has

been previously created by him or other consumers) but not create new content {d1i = 1, d2i = 0};

create content and not purchase {d1i = 0, d2i = 1}; and do both actions of purchasing and creating
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content {d1i = 1, d2i = 1}. This framework is general enough to cover a wide spectrum of multi-

sided platforms where user-generated content is exchanged and it can easily be extended to include

more actions within the platform. The parameters to be estimated are Θ1 = {ξ, α, β, δ, λ, ρ}.

Combining Equations 2 and 3, and the assumption of normality of the error distribution, con-

sumer i chooses, for example, to create content but not purchase content {d1i = 0, d2i = 1} if

v1it + ε1it ≤ 0⇔ ε1it ≤ −v1it

v2it + ε2it ≥ 0⇔ ε2it ≥ −v2it
,

where v1it and v2it are the deterministic portion of the utility, i.e., u1it = v1it + ε1it and u2it =

v2it + ε2it. The implied probability of consumer i making these choices, conditional on visiting the

platform, is given by

P (d1it = 0, d2it = 1) =

−v1it∫
−∞

+∞∫
−v2it

φ(ε1it, ε2it, ρ)dε1dε2, (7)

with φ representing the bivariate normal probability density function. We obtain similar expressions

for the remaining decisions. To obtain the probability of consumer i just browsing the site and not

purchasing nor creating content, we use

P (d1it = 0, d2it = 0) =

−v1it∫
−∞

−v2it∫
−∞

φ(ε1it, ε2it, ρ)dε1dε2. (8)

At any period t, the fraction of Mt website visitors who will choose one of the four options

is given by the aggregation of these probabilities across individuals. For instance, the following

expression provides the estimated number of content creators who do not purchase at time t:

Ŝ(d1it = 0, d2it = 1) =

Mt∑
i=1

P (d1it = 0, d2it = 1). (9)

The expected number of individuals choosing one of the remaining three decisions can be computed

using similar equations, including the estimated number of users choosing to browse the site but
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not engage in any content-related action:

Ŝ(d1it = 0, d2it = 0) =

Mt∑
i=1

P (d1it = 0, d2it = 0). (10)

Since there is no closed form formula for the integrals in these expressions, we use simulation to

obtain approximations of the integrals. In our data, we observe the actual number of individuals

involved in each of the four decisions, denoted for instance by S(d1it = 0, d2it = 1) or S(d1it =

0, d2it = 0). More details about how we obtain the parameters is provided in the estimation section.

3.2 Platform Visit

Before having the opportunity to create or purchase content, online users must decide whether to

visit the online platform or choose an outside alternative, such as visiting a website that o�ers similar

service to the platform. For instance, in our empirical application, there are no close competitors

to the service o�ered by HP, but visitors can choose to create their magazine and upload it in social

network or blogging sites, for instance. To make the visit choice, users compare the utility of the

platform with the utility of the outside good. At time t, users visit the website with expectations

of utility obtained its usage. The utility of visiting the online platform is given by

u3it = ξ3iZ3i + α3iX3t + ψiE [max (u1it, 0)] + ωiE [max (u2it, 0)] + ε3it. (11)

The vector X3t contains exogenous variables that in�uence the utility of visiting the platform,

such as marketing actions by the �rm that describe the quality level of the platform. The terms

E [max (u1it, 0)] and E [max (u2it, 0)] denote the expected maximum utility over the choices to

purchase and create content conditional on visiting the site. Our assumption is that, before visiting

the platform, users have correct expectations about the level of utility that they can derive from

visiting the platform. By including the utility of future actions at the platform as a covariate in the

utility of visiting the website, we allow for users who are more inclined to purchase and/or upload

content to have a higher than average probability of visiting the website. We also account for

heterogeneity in these preferences by setting the coe�cients ψi and ωi to be individual speci�c (or

segment speci�c). This in turn helps us obtain a structural representation of the utility of a potential
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visitor that connects the two decision stages. Additional heterogeneity in intrinsic preferences is

captured with individual (or segment) characteristics Z3i. Finally, we assume that the unobserved

part of the visiting utility ε3it follows a normal distribution,

ε3it ∼ N (0, σ3) , (12)

which re�ects independent shocks which are known to the users when they make the decision to

visit the website, but unobserved by the researcher. The variance σ23 is set to one for identi�cation

purposes in estimation.

The expectations of utilities from actions must take into account the correlation in the unob-

served shocks of the two decisions, as well as the structural shift in the utility of purchasing content,

if content is created. We use the following formulation

ψiE [max (u1it, 0)] + ωiE [max (u2it, 0)] =∫ ∫
[ψimax (u1ti, 0 | d2ti) + ωimax (u2ti, 0)]φ(ε1, ε2, ρ)dε1dε2

. (13)

This expression involves two-dimensional integrals of the bivariate normal distribution and does not

have a closed form. We use simulation to compute these expectations, conditional on estimates of

purchase and content creation utilities and their correlation coe�cient. We describe the necessary

steps for this simulation in more detail in the estimation section. Normalizing the utility of the

outside alternative to zero for identi�cation purposes, a user decides to visit the platform (d3it = 1)

if

v3it + ε3it ≥ 0⇔ ε3it ≥ −v3it, (14)

where v3it de�nes the determinist part of the utility obtained from visiting the platform. This leads

to the following expression for the probability of user i visiting the online platform at time t:

P (d3it = 1) =

+∞∫
−v3it

φ(ε3it)dε3. (15)
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4 Data

Our empirical application uses data provided by HP, more speci�cally by their research division

Hewlett-Packard Labs (HP Labs). It relates to an online platform created by HP, called MagCloud,

where users can buy and sell custom and niche magazines with print-on-demand ful�llment. Accord-

ing to HP, �MagCloud o�ers an innovative alternative to bring consumers and publishers together

in a web-based marketplace where choice, �exibility and print-on-demand are the cornerstones of

the community.� The service was launched in June of 2008, and has consistently grown to become

one of the most popular online sites to create custom magazines by individual or small publishers.

The platform is designed for generation of content and its di�usion online, similar to other websites

such as Lulu.com for books, or YouTube.com for videos. Once users access the online platform,

they are o�ered the opportunity to browse, create and upload content, usually in the form of a

Portable Document Format (PDF) document, and purchase existing content in the form of printed

magazines, which are then shipped by HP.3

4.1 Data Description

Our model can accommodate both aggregate and individual level data, and we demonstrate its

application using two di�erent data sets provided by HP. Some variables overlap the two data sets,

and some are exclusive to one. By making use of these two alternative data sets on the same market

and individuals, it is our objective to show the robustness of our model and illustrate the managerial

�ndings that can obtained with each type of data.

In terms of aggregate level data, the main source of information is Google Analytics (GA). GA

is a leading online service of website tra�c statistics and is provided free of charge to managers

of websites by Google.4 Its output is user-friendly and oriented for managerial usage, especially

to measure the performance of website tra�c. Any website administrator can register his website

with GA and start extracting customized reports, in text or spreadsheet format, with almost real-

time website tra�c information. The data are collected with �rst party cookies named page tags

and have the advantage of not being contaminated by bot visits to the website, do not require

3For more details, visit www.MagCloud.com.
4The free version has an upper limit of 5 million page views per month. This limit is lifted if the user has an

active AdWords account with Google (www.google.com/support/googleanalytics).
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the identi�cation of Internet Protocol (IP) addresses, and being able to measure visits from the

computers cache memory. This data also has some limitations. Since it is collected from page tags

and computer cookies, the absolute numbers reported from web analytics may not be completely

accurate, although the aggregate numbers are measured with acceptable precision (Clifton 2008). To

increase our con�dence on the data, we cross-validated the accuracy of the GA data by comparing

some of the collected numbers for site actions with internal accounting data that were retained

separately in a transactional database, which we describe in more detail later in this section. We

found a close match in numbers from the two data sets.

From GA, the collected information is aggregated over website visits at the daily level. This

aggregate-level data is result of all website tra�c, without any sampling or selection bias. From

GA, we collect the number of website visitors over time, total and by consumer segments de�ned

by HP, chosen according to the limitations of the GA software. For example, we observe the daily

number of new and returning visitors, as well as how they accessed the site (i.e., search engine,

referring sites, or direct access). Returning visitors are de�ned as users that have accessed the site

at least once in the past. The tracking of website tra�c includes the rates of conversion for any

user de�ned goal. In the case of MagCloud, the speci�ed goals are magazine orders and magazine

uploads that are transformed into magazine titles ready to be printed and shipped automatically

through the platform after purchase. In other words, besides visits, we observe the daily number of

content purchases and number of content creations (magazines), for each segment.5

Figures 1 and show the time series for our three dependent variables. The �rst �gure displays the

daily number of visitors, while the second �gure shows the number of content purchases and uploads.

We have information about the complete time series of these variables since the service was made

available to general online public in the beginning of June of 2008. However, we removed from our

analysis the initial months of data, since they were dominated by beta versions and software tests

that are not the focus of this study and can potentially create biases on the demand parameters.

Thus, we focused our study on observations from March 1st, 2009 to October 6th, 2009.

In these �gures, we observe some interesting patterns. The visitor numbers show a considerably

stable pattern, with higher visits during the weekdays than in the weekends. We also note that at

5For privacy reasons, actual numbers are masked, but we use a consistent scale so that all e�ects keep their
substantive meaning.
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Figure 1: Number of visits, from March 1st to October 6th, 2009

Figure 2: Daily number of content orders and uploads, from March 1st to October 6th, 2009
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the end of March of 2009, the number of site visits presented a large spike. This was driven by an

important and free advertising that the website obtained by being featured in the New York Times

and described at its online site, with a direct link to MagCloud.com. This link remained visible in

the online site of the New York Times for a few days, which explains why the spike lasted for more

than one day. We describe in more detail this event in the Results section. We take its impact into

account in the explanatory variables included in our model and consider a counterfactual situation

later in the paper to quantify the value of such event to HP.

One of the distinguishing details between the aggregate and individual data sets is this classi�-

cation of visitors by source, available only at the aggregate level in the Google Analytics data set,

and not at the individual level. Visitors that reach the site from referrals are the main source of

content purchases over the observed time periods, followed by users that reach the site by direct

access. For content creation, we see a di�erent pattern. Most creators are returning visitors, with

the exception of the time periods around the spike caused by the New York Times advertisement.

The fact that the majority of creators are users that have previously been in contact with the site

is reasonable, since it is likely that most users will need to understand the requirements to create

content, which may lead to multiple visits to the platform.

We present additional statistics in Table 1, where we describe the number of actions in the site

based on the two de�ned dependent variables for the second stage, which examines the behavior of

users conditional on a website visit. As previously described, each consumer makes two decisions,

which combined lead to the four outcomes in the table. In brackets, we show the percentage of users

in each segment for each outcome. New visitors are responsible for about 69% of all platform visits

with a total of 5.3 million, while returning visitors constitute the remaining 39%, with 2.4 million.

The conversion rates, from visits to each action is 1.7% for purchase without content creation, 2.1%

for creation only, and 0.7% for both content creation and purchase. In general, and as previously

shown, returning visitors have higher conversion rates, while a large majority of browsing visits

comes from new visitors.

A second part of the aggregate level data set is based on Google information containing marketing

activities originated by both the platform �rm, in this case HP, and the users that generate content.

This type of information is collected through Google Alerts, also a free service from Google, that

sends automatic emails with alerts at a pre-speci�ed time interval (daily in this case) about any key
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Purchase, Creation, Purchase and
Consumer Segments and Actions Browsing Only No Creation No Purchase Creation

New Visitors Search 970,875 3,630 6,240 690
Direct 1,517,370 17,805 15,615 3,780
Referral 2,792,670 45,315 6,030 165

Returning Visitors Search 493,260 9,390 21,000 7,440
Direct 704,655 18,045 34,380 12,870
Referral 1,072,335 33,675 24,660 9,600

Table 1: Descriptive Statistics

terms that the user/researcher sets as criteria. Google Alerts noti�es the website manager each time

that a new web page appears in the top ten or top twenty results from a Google search on the key

term.6 This allows us to control the frequency of appearance of the term �MagCloud� in blogs, social

networks and personal web pages. We manually code the information from Google Alerts in the

form of two count variables, �Content Creator Events� and �General Events�. The variable �Content

Creator Events� counts the daily number of websites that directly advertise magazines published

with MagCloud. The initiators of these events are mainly the creators of the magazines who usually

include an active link that generates web tra�c to MagCloud, and represent free advertising for the

platform. In average, there are 4.8 such events per month. The variable �General Events� counts

the daily number of articles/posts that refer to issues like on-demand publishing, magazines, cloud

computing, and new web services, and explicitly mention MagCloud. These events are initiated

mostly by HP, which makes it a decision variable for managers. We observe a monthly average of

12 marketing actions by HP in our data set.

We include additional marketing actions related to the platform. As mentioned earlier, Mag-

Cloud appeared in the New York Times during two days at the end of March of 2009, which led

to a spike in visits at the action. We code this event as a dummy variable for the two days when

there was an article online about MagCloud and a link to the website. Additionally, to control for

possible long term e�ects (or a structural break in the utilities) due to this large event, we include

a dummy variable for time periods after this activity. We also control for the introduction of a

publishing user-friendly software at MagCloud, coded as dummy variables for time periods after its

launch.
6Whether it is on the top ten or on the top twenty results depends on the type of the alert; web alerts check the

top twenty results while blog alerts check the top ten. (Source: http://www.google.com/support/alerts/)
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Concerning individual level data, we have access to a number of variables from a transactional

database at HP. This database includes several time series containing the date, description, and other

details of both content creations and purchases, tagged by user id number. With this information,

we are able to construct a history of purchases and uploads for any person that decided to do so

using MagCloud, which enable us to estimate the impact of state dependence of previous purchases

and/or creations. Unfortunately, the HP system does not track visits at the individual level, so in

our estimation, we need to complement our individual observations with data described previously

regarding visits.

Additionally, the data contains the price of per page and the numbers of pages of each magazine.

There are three prices of importance related to the platform performance. First, HP charges a base

price per page printed, usually $.20. Second, the content creators can set their own markup per

magazine. Third, each magazine sells at a price of $.20 times the number of pages in the magazine,

plus the markup. Through most of time in our data set, HP did not change the price charged per

printed copy, keeping the $.20 as an everyday price, except in September of 2009, when it o�ered

a promotional discount of 20%. Across all periods, average mark-up per page is about $.08, which

leads to an average �nal price per page of about $.28 to content buyers. We observe higher variance

at the beginning of the time series for the price, since less content was available at that time. As

more content is presented in the platform, prices and mark-up tend to stabilize around the $.25 and

$.5 respectively.

Finally, we have also information about the potential market for the MagCloud platform by

source given research studies done before the introduction of the service. HP predicts that 15

million magazine interested users are potential targets for the print-on-demand service. We use this

number as the total market potential for the platform, and assume it to be constant for the time

periods in our data. Our estimation ties all these sources of data together and provides a uni�ed

setting for inference and prediction.

5 Estimation

Our estimation has two stages: obtaining the parameters related to the purchase and creation

of content, and estimating the parameters related to the decision to visit the online platform. To
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break down the estimation into these stages, we assume that the parameters in the utility of content

purchase and creation do not depend on those from the visits model, and that conditional on the

data and expectations about the maximum utility that a visit can o�er, the unobserved components

of the visiting utility ε3it are not correlated with the unobserved parts ε1it and ε2it in the content

purchase and creation utility.

5.1 Purchase and Creation of Content Stage

We start by estimating the parameters that relate to the decisions of creating and purchasing

content. According to our previous description, our model has the form of a bivariate probit with

a structural shift. We obtain estimates of the parameters of interest by maximizing the log of the

following likelihood function:

logL =
T∏
t=1

N∏
i=1

log(Lit). (16)

The individual likelihood Lit is based on data and the probabilities of each pair of actions presented

in the modeling section:

Lit = P (d1it = 0, d2it = 0)I(d1it=0, d2it=0) × P (d1it = 1, d2it = 1)I(d1it=1, d2it=1)

×P (d1it = 1, d2it = 0)I(d1it=1, d2it=0) × P (d1it = 0, d2it = 1)I(d1it=0, d2it=1)
, (17)

where I (d1it = 0, d2it = 0) is an indicator function if individual i chooses not to create nor purchase

content, and similarly for all other alternative actions. When using aggregate-level data and in the

case when only observed heterogeneity is included using a �nite number of discrete segments all

individuals belonging to the same segment display the same deterministic utility v1it and v2it,

implying that the probabilities of actions are equal for all individuals i of segment s. This simpli�es

the estimation considerably, since we need only to compute S×4 (S segments, 4 outcomes) di�erent

likelihood values for each time period instead of I× 4, and exponentiate each segment and outcome

probability to the respective observed number of individuals to obtain the �nal likelihood expression.

With individual level data, the likelihood is computed for each consumer.

The probabilities in Equation 17 are given by the expressions in Equations 7 and 8 (and by similar

equations for the other pairs of decisions), which do not have a closed form. In our estimation

routine, we use a simulator in Genz and Bretz (2009) and Genz et al. (2009), which provides
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approximations of integrals from the normal distribution and has been shown to perform well in

Monte Carlo simulations.

5.2 Visiting Stage

Given the estimates of the content purchase and creation stage, we can compute the expected

maximum utility of potential website visitors and use it along with additional explanatory variables

to get estimates of the visiting utility function in Equation 11. Since the unobserved shocks of

the utilities in the previously estimated stage follow the bivariate normal distribution, we can

approximate the expectations of visitors for their on-site actions. For each period, we use the

parameter estimates and explanatory data of the second stage model to compute the deterministic

part of the upload and purchase utilities. We then draw unobserved shocks from a bivariate normal

distribution with the estimated correlation coe�cient. Once in possession of the unobserved draws,

the utility of creating content and its simulated decision is obtained before computing the utility

of purchase, to account for the structural shift in the utility of purchase. Finally, we can compute

the maximum utility for the two decisions, repeat R times, and average the results to create the

expectations that enter the utility of visiting the platform.

We estimate the �rst stage decision as a single probit equation, using the following likelihood

function:

LV =

T∏
t=1

N∏
i=1

LV it, (18)

with

LV it = P (d3it = 1)I(d3it=1) × P (d3it = 0)I(d3it=0). (19)

As in the previous stage, with aggregate level data and observed heterogeneity, we do not observe

I decisions. However, we know and use the observed number of visits and non-visits at time t by

segment, which are a sum of I (d3it = 1) and I(d3it = 0) across individuals, to obtain the correct

number of individual likelihoods in each segment and outcome, which can then be combined with

the probability expressions to obtain LV it. With individual level data, we directly apply the data

to Equation 19.

To obtain correct standard errors that account for simulation error and error from the estimation

of the creation and purchase stage parameters, we use a bootstrap technique. For a number of
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bootstrap iterations B, we repeat the Monte Carlo draws in each stage for unobserved components,

parameters, and deterministic part of the utilities. We use the bootstrap samples to obtain a series

of parameter estimates, which we then use to compute standard errors. In our implementation, we

use R = 1000 in the expectations integration and B = 200 for the bootstrap.

5.3 Consumer Heterogeneity

We brie�y discuss here the heterogeneity included in the individual and aggregate level model.

We capture consumer heterogeneity in two distinct ways depending on the data set used. In the

aggregate level data, we use a discrete segment approach, to make use of the classi�cation of

consumers o�ered by Google Analytics. Since we cannot track individuals over time, we cannot

identify individual heterogeneity, nor identify random coe�cients, since each visit is di�erent for

each individual and for each time period. However, we have information about discrete classi�cation

of consumers performing actions at the site and use it to include di�erent reactions to marketing

activities, and so the coe�cients α1i, α2i, λ1i, and λ2i can vary across users. Intrinsic preferences

for creating and purchasing content also vary across visitors, which we capture using intercepts ξ1i

and ξ2i and a dummy variable included in vectors Z1t and Z2t. The observed heterogeneity has the

following formulation:

αji =
∑

s=1,...,S αjsI [i ∈ s] , j ∈ {1, 2}

ξji =
∑

s=1,...,S ξjsI [i ∈ s] , j ∈ {1, 2}
. (20)

The indicator variable I [i ∈ s] takes the value of 1 if individual i belongs to segment s and 0

otherwise. We de�ne consumer segments based on two criteria: (1) how users �rst access the

site and (2) based on past actions. Consumers can reach the platform directly, through a search

engine, or a referral site. Additionally, users are classi�ed as new and returning visitors.7 We

believe that our segmentation scheme captures both the level of involvement and experience of

consumers with the platform. Consumers that have more interest in using the platform are likely

to know the web address, have a direct link saved in their computers, or come from a related site,

7In the direct access, we include consumers who write the website address in the web browser or have a previously
saved link to the site in their computer; users who use a search engine, e.g. google.com, to get to the online service
site are classi�ed in the search site segment; �nally users that are referred to the online site by a di�erent website
are in the last group. In terms of returning visitors, we include visitors that have at least visited the platform once.
This classi�cation is done and captured by Google Analytics in our empirical application.
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and thus be in the segment of consumers that reach the site directly or by referrals. Consumers

with less interest in the site are likely to come from search engines, when searching for services

in the platform industry. Information and experience from past usage is captured by the new and

returning visitor heterogeneity.8 Our �nal number of observed segments in the empirical application

is 6 (S = 3 access segments× 2 past usage segments = 6).

In the individual level data, we observe the history of consumers with the website. Thus, we

include observed heterogeneity based on state dependence created by previous content creation and

purchase, and visit to the site; and unobserved heterogeneity with a random coe�cients approach.

5.4 Identi�cation of network e�ects

The identi�cation of network e�ects has been discussed in the literature before (e.g., Manski, 1993)

and it is usually a hard problem to solve empirically. In our case, the main reason for the di�culty

to identify network e�ects is the potential existence of multiple factors that can be confounded

with network e�ects, on both the content creation and purchasing sides of the market. Here we

discuss brie�y our strategy and data used to provide separation of these e�ects and allow for the

identi�cation of network e�ects.

In our application, we want to separate out the following e�ects: (1) factors that in�uence

content creation but not purchase; (2) factors that in�uence content purchase but not creation; (3)

network e�ects from content creation to purchasing; (4) network e�ects from content purchasing to

creation; (5) unobserved factors that in�uence content creation and purchase simultaneously.

In terms of the purchase of content, we use the lagged number of creations, and not simultaneous

ones, to account for network e�ects from past content creation. Using the lagged variable allows us

to have this network e�ect disentangled from any other unobserved factor at the time of decision.

Substantively, the lagged variable captures the information that a consumer receives when he visits

the website about the number of the magazines created in past months, since they are available at

MagCloud for browsing. Consequently, any unobserved e�ects at time t will only in�uence content

purchases, but not the e�ect of content creations on purchase, which enter as lagged network e�ects.

8We tested additional segments in term of past actions, by looking at users visits and actions, such as past purchases
and content creation, and in previous week and month, instead of the full period. The alternative formulations did not
change the results signi�cantly. Classi�cation in repeat content creators vs. new creators can be obtained with minor
programming changes done by managers in Google Analytics, if the �rm is interested in targeting these consumers.
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We tested a larger lag (a week and a month instead of a day) between the number of creations and the

time of decisions, to test any possible error serial correlation, and the results hold. This approach of

using a lagged variable to address the issue of unobserved e�ects that might impact network agents

and be perceived as social networking between agents has been proposed by Manski (1993) and

related papers have applied it, such as Van den Bulte and Lilien (2001), Manchanda et al. (2008),

Iyengar et al. (2010), and Nair et al. (2010). Additionally, we introduce a number of observed

exclusion variables on the purchasing equation, such as the total price of the magazine and the

content creators events, which only target purchasers of content. 9

For content creations, our strategy to separate similar e�ects is to include a exclusion variable

that captures the appeal of creating content at MagCloud not in�uenced by purchases. This variable

is the daily number of issues uploaded at MagCloud that are kept private and not displayed at the

website for browsing by visitors. When creating content, users can choose to make their content

available to all visitors in the platform, or keep it private. In the later case, the users are purely

interesting in participating in the creator side of the market, and are not in�uenced by the number

of potential buyers or visitors attracted to MagCloud. In other words, this variable is very useful

at providing identi�cation, since it instruments for the general appeal of MagCloud as a place to

create and print magazines, separated from any in�uence of network e�ects from buyers or even

other visitors to MagCloud.10

To measure the network e�ects of purchases on content creators, we use the number of future

visits to the online service. This variable captures the e�ect of potential purchases of content on the

decision to create a document. As in the network e�ects in the purchase side, we are using a lagged

variable, except in this case, creators look into the future and not the past and we assume that they

have correct expectations about the number of visits in the site. A general prediction of the number

of visits to such sites can be found in online blogs, online reports and publications, and at some

point, HP itself has thought about making the speci�c number available on the website through

a counter. With these variables in place, the error term will then capture any unobserved e�ects,

9We tested including the creators' events variable on the creation side of the market, to verify its exclusion, and
its e�ect was not signi�cant.

10We do not include these private issues as a dependent variable in our model, for two reasons. First, our objective
of study is the public part of HP's service and how agents interact in this platform. Second, the private printing
service is not the focus of HP's managers, who told us that the creation of a network and online platform was their
primary objective with MagCloud.

26



and we allow for contemporaneous correlation between the two decisions through the endogenous

dummy variable and through the correlation parameter in the error term.

6 Results

We start our discussion of the results by presenting some performance measures. We then analyze the

parameter estimates regarding the stage of content purchase and creation, and follow by analyzing

the results regarding the visit decisions. Lastly, we discuss a number of managerial applications

from our modeling approach.

6.1 Model Fit and Hold-out Measures

To evaluate the �t of the proposed model, we compute the estimated number of visits, purchases,

and uploads. Figure 3 displays the actual and estimated values for actions at the online site, for the

time periods in our data set divided by three consumer segments, for the aggregate level estimation.

We see that the model does a good job explaining the variation of visits, content creation and

purchase. It is particularly interesting to see that the model is able to capture the spikes in content

and purchases, which coincide with marketing actions from HP and from the creators of content

advertising their magazines.

We also computed the root mean squared error and the mean absolute error, for each of these

dependent variables. Compared to the average level of each variable, the errors are a very small

quantity, which provides evidence of the good �t of the model.

Additionally, we evaluate the model's ability to predict future consumer decisions. We use 60

observations after the last time period included in our estimation, from October 7th to December

5th. We use the real value for marketing decisions that are in control of the �rm, and take draws from

the empirical distributions of any of the other variables. The variables quantifying network e�ects,

such as the number of content purchases in the previous week, are obtained using realizations of the

choice probabilities. As an illustration, the predicted and actual content purchases and creations

conditional on actual visits is presented in Figure 4, showing a good predictive ability. We also �nd

that good prediction when we compute the RMSE and the MAE. Good results are also obtained

for the visits stage.
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Figure 3: Actual (dotted line) and predicted (full line) number of visits, content creations and
purchases
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Figure 4: Actual (dotted line) and predicted (full line) number of content creations and purchases
for hold out observations.

6.2 Content Purchase and Creation

The parameter estimates of the bivariate probit model that captures the behavior of users who

visit the website are presented in Tables 2 and 3 using the aggregate level data. The presented

formulation and variables included in the model were chosen after careful analysis and comparison

with alternative speci�cations. We discuss the results regarding the decision to purchase content

�rst and continue with the creation decision.

6.2.1 Content Purchase

Table 2 displays the parameter estimates and standard errors related to the decision to purchase

content. We observe that there are signi�cant di�erences in buying propensities between the di�erent

segments of users. Comparing the intercepts, we see that visitors arriving from third party websites

are more likely to consume content, irrespective of whether they are �rst time users or returning,

while users directed from search engines to the website have the lowest purchase likelihood. For

all three web sources, returning visitors are more inclined to buy compared to new visitors. These

results have face validity. Referral tra�c is driven to MagCloud from another website through a

link, frequently from sites that advertise content creation at the platform, leading to visits of users

who are a priori more interested in buying a magazine at MagCloud. On the other hand, people
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Variable Mean Std. Error
Consumer New Visitors Search -2.465 0.103
Characteristics New Visitors Direct -1.985 0.101

New Visitors Referral -1.872 0.101
Repeat Visitors Search -1.868 0.102
Repeat Visitors Direct -1.775 0.102
Repeat Visitors Referral -1.654 0.101

Network E�ects Number of Past Creations 0.127 0.033

Marketing HP Events -0.073 0.006
Variables Creator's event -0.025 0.014

NY Times 2 days 0.183 0.068
NY Times Long Term -0.153 0.022
Purchase Price -0.956 0.296
Discount Price 0.119 0.013

Interdependence Structural Shift 1.823 0.140
Correlation -0.16 0.121

Table 2: Parameter estimates for the decision to purchase content

using search engines may have more general objectives, for instance seeking for an online magazine

not speci�c to MagCloud. In this context, search engine advertising is likely to be a less e�ective

online marketing medium to increase the volume of magazine sales when compared to investment

in content related websites.

In terms of network e�ects, we quantify the impact of three cross-market e�ects. First, we

measure the impact of the number of public issues available for purchase, denoted by past creations

in the table. The more magazines published in MagCloud, leading to more product variety, the

higher the probability that a purchase will take place. An additional cross-market network e�ect

is re�ected in the impact of deciding to create content on the utility of purchasing, for a speci�c

user. Individuals who upload content seem to be more likely to consume that content, i.e., buy the

magazine they just published, or purchase any other magazine on the same time period. This can

be explained by the fact that content creators, once done with the creation process, want to have

at least one printed copy of their material as soon as possible. Finally, we �nd that there is not a

sigini�cant correlation between unobservables in�uencing the two decisions.

In terms of marketing activities, we �nd that decreases in the per-page printing price (price

promotions) have a positive coe�cient as expected, as well as the large advertising event at the
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New York Times. Interestingly, the marketing events originated by HP - which include online com-

munications from HP in numerous websites - have a negative impact on purchases. We emphasize

however that these e�ects are at this stage limited to the probability of purchase, conditional on a

website visit. Individuals attracted by HP events seem to have less interest in buying a title, but,

as we discuss in more detail later in the following section, once the impact on visits of these events

is taken into account, they increase website tra�c and have a positive net e�ect on the number of

purchases. The same interpretation can be applied to the negative coe�cient of the long term e�ect

of the New York Times advertising.

Concerning marketing activities related to decision from content creators, we �nd that the

average �nal price of the magazine (which includes a mark-up de�ned by the creator) has a negative

impact on purchases of content, as expected. Marketing events from content creators increase the

likelihood of purchasing content for users, capturing the signi�cantly positive e�ect of referrals.

Finally, magazines with more pages also provide more utility to consumers. The magnitude of the

e�ects is discussed in more detail later in the paper using elasticities.

6.2.2 Content Creation

The results regarding the decision to create content are showed in Table 3. We start by noting that

the segments that were found to be more likely to purchase content are less interested in creating

content. Users coming from referring sites are now the least likely segment to upload content,

while direct visitors are the most promising ones. Similarly to the purchase decision though, past

experience with the website increases the utility of creating content, since the intercepts of the

returning visitor segments are signi�cantly larger than those of new visitors. Again, these results

are reasonable. On the one hand, visitors referred from other websites are likely to be motivated

(by the referral party) to buy content, thus explaining their higher utility from purchase, but not

from creating content. On the other hand, direct returning users have previous experience with the

platform and are likely to know how to create and upload material. The platform is a better match

for their content creation interests, which are partially revealed by their direct access to the site

and the action to previously bookmark the platform website.

Next, we focus on the network e�ects among content creators. The existence of more content

does not have a signi�cant e�ect on creation, and so it seems that content creators are not in�uenced
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Aggregate
Content Creation Variable Mean Std. Error
Consumer New Visitors Search -2.196 0.034
Characteristics New Visitors Direct -1.972 0.030

New Visitors Referral -2.558 0.033
Repeat Visitors Search -1.338 0.030
Repeat Visitors Direct -1.293 0.029
Repeat Visitors Referral -1.613 0.030

Network E�ects Number of Past Creations 0.070 0.050
Heterogeneity Past Creations
Future Visits -0.008 0.010
Heterogeneity Future Visits

Marketing Variables HP Events -0.025 0.014
New Publishing Process 0.006 0.014
NY Times Event 2 days -0.013 0.028
NY Times Long Term -0.138 0.023

Exclusion Variable Private Issues (per 10) 0.043 0.022

Table 3: Parameter estimates for the decision to create content

by the availability of more content in the site. It could also be explained by the existence of two

opposing e�ects. First, more content is a sign that the site is popular and provides con�dence that

the content will be seen and purchased in the future. Second, more magazines also create more

competition among creators, leading to lower number of purchases for each individual magazine

when more content is available in the site. We cannot isolate each of these e�ects, so it may just be

that they cancel out, justifying the insigni�cant coe�cient. Additionally, we also �nd that future

revenue, here captured by the number of future visits in the next 30 days, is also not a important

motivator to create content. In fact, a large majority of content creators stated in surveys that

their main motivation is expressing their creativity, developing small blogs, and having fun creating

content, which justi�es the lack of a pro�t mindset.

We included four marketing actions under the control of the �rm. HP events have a positive

though not signi�cant impact on content creation. HP improved the performance of the platform

twice in our data set, when a user-friendly publishing method was made available, but does not seem

to have a positive e�ect on content creation. Finally, we included two variables that capture the New

York Times event. In the short term, measured by the day of the event and the following day, the
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impact is insigni�cant. In the long term, it appears that the event brought to site consumers that

are less likely to generate content than users arriving before the event. Finally, we also included the

number of private issues to control for unobservable factors that in�uence content creation but not

purchase. As expected, we �nd a positive and signi�cant result, capturing in this way the impact

of e�ects that in�uence both creation of public and private magazines.

Given these results, we draw two main conclusions. First, di�erent marketing campaigns are

appropriate depending on the manager's objectives. For example, referred visitors are the most

attractive targets for purchase, indicating that marketing actions at the referral sites (e.g., links,

banner adds) are an e�ective way to increase content sales. However, these actions are less e�ective

at attracting new magazine creators. Second, there is a very low level of network e�ects among

content creators, conditional on a visit. These �ndings will have signi�cant impact on the managerial

applications in the next section.

6.3 Estimates of Visits Model

Once in possession of the parameter estimates from the site actions, we move to the analysis of the

decision to visit the site. The results for the aggregate data are listed in Table 4, and the individual

level data presents similar conclusions. Our estimates show that there is little heterogeneity in the

base utility of visiting the site across the di�erent segments, as the intercepts are insigni�cantly

di�erent. However, there are substantial di�erences in utility expectations from visiting the site

for returning and new visitors. There is an interesting matching between consumer segments and

action expectations: new visitors are driven to the site by a strong positive utility expectation of

buying content, with a coe�cient of 20.4, while returning visitors are motivated by the utility of

creating content, with a value of 9.8 for the respective coe�cient.

All marketing events, both originated by HP and by content creators, have a signi�cant positive

e�ect on visits. We elaborate on these �ndings in the next subsection by computing elasticities.

6.4 Elasticity Measures

In order to better evaluate the e�ect of marketing activities and network e�ects on sales, we compute

some elasticity measures using the model based on the aggregate data.
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Platform Visits Variables Mean Std. Error
Consumer Characteristics New Visitors Search -3.308 0.023

New Visitors Direct -3.336 0.046
New Visitors Referral -3.405 0.038
Returning Visitors Search -3.322 0.075
Returning Visitors Direct -3.422 0.086
Returning Visitors Referral -3.329 0.053

Expected Utility New Visitors Creation -14.321 7.475
New Visitors Purchase 20.439 6.949
Returning Visitors Creation 9.823 4.129
Returning Visitors Purchase -1.610 3.712

Marketing: Firm General Events 0.091 0.010
NY Times 2 days 0.169 0.096
NY Times Long Term 0.251 0.015

Marketing: Content Creators Content Creators Events 0.033 0.016

Table 4: Parameter estimates for the decision to visit the online platform

Visits Creations Purchases
Price -0.15% 0.02% -0.78%
Mark-up 0.23% 0.32% 1.03%
General Events (HP) 0.61% 0.70% 0.55%
Content Creators Events 1.13% 1.01% 2.60%
Creations 0.5 0 0.1
Purchases 5 0 0.7

Table 5: Impact of a change in prices and marketing events on visits, content creations, and pur-
chases, and measures of cross-market e�ects.

6.4.1 Marketing Activities

We use simulation to measure the impact of increases in marketing activities on actions of consumers

to account for the interactions and temporal e�ects across users. We compute the e�ect of changes

in three variables - page price, marketing activities by HP, and content creators events - and list

the results in the �rst three rows of Table 5.

To obtain these numbers, we compare two scenarios of future values of visits, content creations,

and purchases for changes in each variable for 60 days.11 In the "base" scenario, realizations of

marketing variables are drawn from their empirical distributions from the last days of our sample,

11Any other number of days could be chosen to evaluate the impact of marketing activities. However, longer time
periods will allow for a more complete picture, since some of the e�ects are a result of the interaction of users over
time.
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while in the counterfactual scenarios, we change the variables in the following way: for price, we

increase price by 1% for all 60 days; for general events and content creators events, we increase the

number of events by 1. With the parameter estimates and exogenous variables, we start by obtaining

creation and purchase stage utilities, which can be used to simulate the expected maximum utility of

uploading and purchasing. We then predict the number of visits per segment. Finally, we combine

the number of visits with the probability of content purchase and creation to obtain the �nal number

of predicted uploads and purchases. For each variable, we use ten iterations with di�erent draws

and we average the results over iterations and sum over the 60 days.

The results in Table 5 are percent changes from the base to the counterfactual situation for each

of the dependent variables of our model. We �nd that the marketing variables have di�erent e�ects

on consumer actions. Variation in price a�ects purchases the most, in a negative way as expected,

with 1% increase in price leading to a 0.8% decrease in magazine purchases at MagCloud. It has

almost no impact in both the number of visits and content creations. The e�ects of online marketing

events created by HP have the stronger e�ects on visits and creations, with one event increasing

visits by 0.6% and creations by 0.7%. Finally, any marketing actions from content creators, which

are at zero cost to HP, have the stronger impact on purchases, with one event leading to an increase

of 2.6% of purchases. Visits and creations go up by about 1% with one more of these events. We

note that the content creator events have a stronger impact on all actions than HP's own events,

which suggests that it may be optimal for HP to provide incentives for such activities. We note

that in terms of total impact on platform sales, these content creator events happen with lower

frequency than marketing actions from HP, making them less important at the aggregate-level.

6.4.2 Market-side Elasticities

Next, we evaluate the responsiveness of consumer actions in the site to increases in purchases and

creations of content. We construct these measures by adding one purchase or one upload to the last

day of our data set and comparing the number of visits, purchases, and creations over the next 60

days between the original and this modi�ed scenario. This is an exercise that aims at evaluating

the general magnitude and relative proportion of the network e�ects, and we present the results in

the last two rows of Table 5.

First, both content purchase and creation have a signi�cant impact on the number of visits. This
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e�ect comes through the expected maximum utilities component, since once the service becomes

more attractive to its users, more visitors will �ow to the website. For each additional purchase,

�ve future visits are likely to occur. For each additional magazine uploaded, 0.5 more visits are

expected. These positive e�ects seem reasonable, since users deciding to visit the platform will

expect higher utility from a site that has a larger amount of content available for purchase or that

has a larger number of sales. Second, the purchasing side is responsive with respect to changes to its

own numbers, while the creators side is not. More speci�cally, one purchase leads to an additional

0.7 purchases in the future, while one magazine upload leads to no additional creations in the future.

Our results suggest that the content creator side of the market is less responsive to network e�ects

than the purchaser size and that it needs more incentives to be developed. This is consistent with

the larger impact of �rm marketing actions on creator content than on purchase.

6.5 Managerial Implications

We exemplify the managerial usefulness of our approach with two situations. First, we provide

recommendations on investments in the di�erent marketing activities to improve HP pro�ts. Second,

we quantify the impact of the �free� advertising obtained by HP from the content creators.

6.5.1 Allocation of Marketing Investments

We measure the allocation of marketing investments on three events using estimates from our model

and input from MagCloud management. First, HP can choose the number of marketing events,12

such as online advertising. Second, HP can choose to do price promotions, by o�ering a per-page

discount to buyers of each magazine copy. Third, we consider the possibility that HP motivating

content creators to advertise or refer MagCloud more frequently by providing monetary incentives

(which would put a cost on an until now free marketing activity).

The pro�t for HP is given by the following expression

∏
=

∑
t=1,...,T

δ(t−1) [(ct − c0t)Ot −Gtc1 − Itc2] , (21)

12HP can also choose to change the timing of the events. In our analysis, we use the same timing as observed in
the data.
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where ct represents the average price per page paid by consumers, which enters the utility of buying

and creating content (see Equations 2 and 3), while c0t, c1, and c2 are respectively the HP's variable

production cost (e.g., printing), the cost of one HP generated marketing event, and the cost of

additional incentives to content creators. Ot, Gt, and It are the number of pages ordered, the

number of marketing events created by HP and by content creators. The discount rate is denoted

by δ.

We evaluate pro�t variation by changing ct, Gt, and It. After talks with management, we decided

to do the analysis of pro�ts for 180 days13 and test the following alternative scenarios. For price ct,

we chose two alternatives: (1) no price promotion case; (2) one price promotion activity that lasts

the �rst 30 days, with a price discount of 20%, similar to a price promotion activity observed in our

data set. For the HP and content creators' marketing activities, we test six alternative situations:

maintaining the same level of events, or increasing them by 20%, 40%, 60%, 80%, or 100%. These

three dimensions create a grid of 2× 6× 6 = 72 cases to measure pro�ts.

Information about the costs in Equation 21 is provided to us by HP.14 For the variable production

costs, the company has costs of 50% of the per-page price (i.e., c0 = 50% of the current ct). The

costs of events are mainly justi�ed by the time of HP personnel allocated to MagCloud and cost

of online advertising, which amounts to $30,000 per event (i.e., c1 = $30, 000). For the content

creator events, we assume that an incentive similar to the HP event cost is a reasonable number

(i.e., c2 = $30, 000).

When comparing the two price promotion cases, we �nd that across all measures - content

creation, purchases, and pro�ts - having a price promotion at the beginning of the quarter is

bene�cial, for all levels of marketing investments. Thus, we focus our analysis on the case where a

price promotion is done and illustrate the results in Figure 5.

The �gure shows the level of purchases, creations, and pro�ts, for the alternative cases previously

described. We �nd that both the provision and the purchase of content are more sensitive to increases

in marketing activities originated by content creators. Pro�ts also increase steeper when there is an

increase in creator events, when compared to a similar percentage increase in HP events. Given the

observed data and marketing costs, we �nd that the combination of investments that results in the

13We use a discount rate of δ = 1, given the short time span of our analysis.
14As previously, the values are scaled for privacy reasons.
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Figure 5: Number of purchases, creations, and pro�ts for di�erent investment scenarios
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Scenario
Actual No Creator Change

Events
Visits 5,645,992 5,512,725 -2.4%
Content Creation 122,948 120,574 -1.9%
Purchases 204,565 192,407 -5.9%
Pro�t $2,171,480 $1,989,107 -8.4%

HP Events 60 60
Creator Events 23 0

Table 6: Impact of free advertising from content creators

highest pro�t for the 180 days is for HP to provide incentives to content creators that increase their

marketing actions by 80%, while keeping own events at the current level. This exercise provides

evidence that o�ering additional monetary incentives to individual content creators would increase

pro�ts for HP, when compared to the current level of investments and to the decision to invest solely

on actions that do not involve content creators.

6.5.2 The Impact of Free Advertising from Content Creators

In this section, we quantify the impact of the marketing events originated by content creators on

the pro�ts of the �rm managing the platform. Our analysis spans for six months, as in the previous

section. We compare the pro�ts from a scenario where the number of events is at the observed level

with pro�ts from a hypothetical scenario where the events from content creators is reduced from

23 to zero over a period of six months. All other variables are set at similar values for the two

scenarios. For example, the number of HP events is set to be 60 for both situations. The results

for the number of visits, content creation, purchases, and pro�ts are displayed in Table 6, as well as

the percent change between scenarios.

We observe losses of about 2% in visits and content creation, and about 6% in purchases. Visits

for instance drop from 5.6 million to 5.5 million. This translates into a drop of 8.4% in pro�ts,

which represents about $200,000 for the platform over six months. We note that with lower sales

(content purchases), the �xed costs incurred by the company when supporting marketing activities

increases in relative terms, which justi�es the larger hit on pro�ts than on sales. Consistent with

the results in the previous section, the bene�t of $200,000 provides reasons for HP to add monetary

incentives to content creators for marketing actions related to MagCloud.
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7 Conclusion

In this paper, we present a model for a two-sided online market of user-generated content. We

explain decisions to visit the platform, purchase and create content at the individual level. Our

model accounts for interaction between the two sides of the market, as well as the relation between

the visit decision and actions while in the site. We also measure the impact of marketing actions

by the �rm and by the content creators.

We combine easily available sources of data on web analytics and online advertising activities to

study the multi-faceted demand of an online intermediary in the market of user-generated content.

Empirically, we estimate the model using data from the self-publishing magazine site MagCloud,

created by HP. We demonstrate that our demand model, based on utility maximization, is able to

capture the critical elements of the multi-sided platform's demand and predict future demand with

adequate accuracy.

We show that there is signi�cant heterogeneity across consumers, with new visitors being more

likely to purchase from the site, while returning visitors becoming the majority of creators of content.

One of the limitations of our aggregate-level data is the reduced level of detail about the action

history of each individual user with the website. Google Analytics has added more levels by which

the data can be disaggregated, that can be used to track the state dependence of past buyers and

past creators of content. These data has recently become publicly available to managers and we

leave its implementation for future research.

Additionally, we provide evidence that marketing actions of content creators can play an essential

part in the development of a user-generated website. Interestingly, we �nd that these marketing

actions can have higher per-event impact on visits and content purchases than similar marketing

events originated by the platform. Our model quanti�es the results from this free advertising to

the �rm on the online market sales, and we implement a number of counterfactual situations that

exemplify the model's ability to provide recommendations on investments on marketing activities

and price promotions to increase the platform's pro�tability.
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