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Abstract

Digitization has been pervasively reshaping the landscape of home-based telecommunication in-

dustries. The massive disruptive challenges call for telecom companies to react with efficient

strategic managerial policies. Meanwhile, how consumer decision makings and welfare are im-

pacted by such policies often remains complicated and non-transparent to policy makers. My the-

sis aims at leveraging large-scale empirical data to investigate the impacts of several prevalent firm

initiated strategies on both sides of the market, i.e. consumers and firms. The thesis is comprised

of three studies focusing on consumer switch, search and purchase behaviors.

The first study, centering at consumer switching behaviors, investigates the impact of lock in

shortening policies on both firm profits and consumer welfare in home-based telecommunication

service market. Using household level data from a large telecommunications service provider, we

show that a market level policy that shortens the lock-in period from the status quo can decrease

the profits on the firms side more than it increases consumer surplus. This is majorly caused by

the substantial acquisition costs associated with user switching and service initiation. As a result

if regulators shorten lock-in periods but then firms respond by collaboratively increasing prices to

recover their rate of return, the consumers, as the analyses indicate, may be worse off compared to

the world in which lock-in periods do not change. Therefore lock-in reduction policy need to be

paired with a policy precluding operators from increasing prices too much.

The later two studies jointly examine consumer’s search and purchase behaviors in social envi-

ronment. With a wide scope of services, telecommunication service providers can often leverage

their knowledge on consumer’s social environment to reshape consumer choices. We aim to un-

derstand how consumers combine different sources of social information, one from friends versus

one from the crowd, as a function of how close they are to the point of conversion. We developed

a dynamic structural econometric model that jointly describes consumer information search and

product purchase while taking into account sequential arrival of information and non-negligible

search costs. The model is then instantiated on two connected yet distinct empirical contexts,

where consumers shop for movies to watch on home screens.
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The first empirical context (discussed in the second study in this thesis) lies in an observational

setting, where we studied individual level clickstream and transactional data from a Video-on-

Demand service platform operated by a large telecommunication service provider. Later in the

third study, we created an artificial movie market and leveraged a randomized web experiment

to further study the research questions with more solid identification support. We find that, in

both contexts, consumers seem to start by browsing products they heard about from friends. The

popularity signals become more relevant when consumers getting closer to the point of purchase.

The results have important managerial implications to online vendors by suggesting a reasonable

strategy of providing the most valuable social information at the right time to enhance consumer

shopping experiences.
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Chapter 1

Introduction

Digitization is profoundly reshaping the landscape of home-based telecommunication industries.

Incumbent telcos are facing increasingly fierce competitions from various innovative business

models and technologies in the new digital age. Consumer preferences on traditional commu-

nication products are rapidly changing at the same time. McKinsey (2015) predicts that even the

overall communications activity grows, the total consumer spends on traditional services has en-

tered a period of slow decline.

To survive in the digital economy and remain profitable, incumbent telecommunication service

providers can leverage their unique market power in response to these challenges. From a pro-

tector’s perspective, incumbent telcos operate large installed customer base. Effective customer

relationship management instruments can help firms maintain a substantial amount of profitable

subscribers (Netzer et al., 2008). From the attacking perspective, traditional telcos usually provide

a broad umbrella of services in high volume to households. They can therefore take advantages

of economies of scale and economies of scope to strategically provide customized services to con-

sumers so as to protect the market status (Prince and Greenstein, 2014).

On the other side of the market, consumers are directly influenced by service provider’s strate-

gic actions. With firms being profit maximizers, profit-driven strategies can be either beneficial

or detrimental to consumers. When considering the necessity of particular policy interventions,

policy makers need to comprehensively evaluate the role such profit-driven strategy plays on both

sides of the market, balancing firm’s profitability and consumer welfare. The first yet fundamen-

tal step for such evaluation is to understand how firm initiated strategies may interfere consumer

1



decision makings.

My dissertation aims to enhance the understanding on three types of consumer decision making

behaviors, switching, searching, and purchasing, under the interferences of several firm-initiated

managerial strategies. The first study (introduced in Chapter 2) examines the impact of lock in

contracts associated with services on consumer switching behaviors, while the second (introduced

in Chapter 3) and third study (introduced in Chapter 4) jointly researched consumer’s search and

purchase behaviors in a social environment where service providers are capable to manipulate the

salience of various social signals.

Chapter 2 focuses on the relationship between the lock-in periods and consumer switching be-

haviors in home-based telecommunication service services. Lock-in periods are a common prac-

tice employed by telecommunication providers to reduce the risk of failing to cover the significant

capital expenditure needed for building the network in the first place and upgrading it over time.

In this type of markets, consumers can not terminate contracts before the lock-in period is over

and leave to a competitor – an action called churn – without paying significant financial penalties.

Lock-in periods are a particular case of switching costs, which, in essence, include any mechanism

by which firms enforce to reduce the incentive for consumers to leave.

Telecommunication regulators have been concerned about the effect of lock-in periods on con-

sumer welfare. For example, in the European Union, the Telecommunications Law enforces that

service contracts that lock-in consumers cannot exceed 24 months and operators must offer at least

one alternative with a lock-in period shorter than 13 months (European-Union, 2009). Recent regu-

lation by the FCC in the US (CTIA, 2014) requires mobile providers to allow consumers to unlock

phones for free (and thus change provider and keep their device) once they stayed with the carrier

for 24 months or paid the contracted financial penalty to leave.

Previous literature suggests that the effect of lock in on consumer welfare is more complicated

than its first look. On one hand, longer lock-in periods reduce the consumers’ freedom to change

telecommunications provider and entrants have a hard time to steal consumers that are locked in

to the market leader. On the other hand, low switching costs reduce the firms’ incentives to attract

consumers in the first place, which may result in higher starting prices (Dubé et al., 2009). Mean-
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while, in markets where service switching generates additional cost to the market, low switching

costs cause more frequent user switching that may render the market less efficient (Gans, 2001).

Therefore, regulators are mostly interested in learning the impact of reducing the lock-in period on

consumer welfare and, necessarily, on firm profit too, in order to anticipate how firms are likely to

respond to potential changes in the current policy.

In the first study (Chapter 2), we measure the welfare implications of shortening the lock-in

period to less than the current status quo of 24 months. We study the market for triple-play services,

which is now dominant both in the US and in the EU (OVUM, 2015). We use data from a large

provider between April and October 2013. For each household over time we have information on

the service bundle they subscribe, when households change service within the company and when

they churn, along with information on similar bundles from competitors and on the prices they

charge in the local market.

We fit a multinomial logit model to this data to study how consumers make service choices

with switching costs at play. We find empirical evidence of the existence of switching cost for

both inside provider service switching and between service providers service switching. We then

conducted a series of policy simulations to study the potential impact of lock in reduction policy

on both firm profits and consumer welfare. Interestingly, we find that shortening the lock-in period

from the current status quo of 24 months decreases the profit of the firm more than it increases

consumer surplus. The intuition is that when lock in reduces, the market would observe earlier and

more frequent user switching, which generates more substantial acquisition costs associated with

service initiation to the firms side. Our simulations indicate that a consequence of this result is that

consumer surplus may instead reduce if firms react to shorter lock-in periods by increasing prices

to keep their profit levels. Therefore, our study shows that regulators enforcing shorter lock-in

periods must also regulate prices to avoid significant loss to consumers.

Our study is the first to measure the switching costs associated to lock-in periods in the context

of triple play services in telecommunications markets. Furthermore, we do so at the household

level and we measure the effect of shortening the lock-in period on consumer surplus and firm

profit, therefore going a step further relative to the prior literature that studied only the effect of
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switching costs on churn rates and, sometimes, on prices. We expect this work to provide novel

insights to telecom regulators at a time when regulating the length of lock-in periods in being

heavily debated in the industry, and in particular on the importance of using several policies in

tandem to achieve the desired goals.

In Chapter 3 and Chapter 4, we turn our focus to consumers’ search and purchase behaviors

in a representative service market, i.e., video-on-demand (VoD) services, where consumers shop

movies to watch from their home screens. VoD systems are usually provided by home-based

telecom companies and combined with their pay-TV services to compete with the Over-The-Top

(OTT) services.

Consumer shopping process often starts way ahead of the point of purchase. Instead, the fi-

nal conversion may be determined by a longer consideration process, which is usually termed by

marketers as the conversion funnel (Edelman, 2015; Kotler and Armstrong, 2010). The typical

conversion funnel consists of several stages that usually happen chronologically: awareness, infor-

mation search, before purchase evaluation, purchase, and post-purchase activities (?).

We focus on the central part of the conversion funnel starting from information search and

ending with the decision of purchase or no purchase. Consumers leverage information search to

resolve the uncertainty related to product utility (Feinberg and Huber, 1996). But search is often

costly, such that they cannot explore all the options. The typical search to purchase process begins

with consumers sample a subset of goods for further exploration to form a reasonable consideration

set (Stigler, 1961; Ke et al., 2016). Later, they choose a product to buy from this consideration set

or abandon the market without buying (Mehta et al., 2003).

Consumers online shopping decisions can be influenced by multiple sources of information at

different stages (Branco et al., 2012). Among the intricate sources of relevant product information,

an important source arises from the social environment that consumers are embedded in. Social

influence literature suggests that social signals play important roles in personal outcomes such

as occupation (Calvo-Armengol and Jackson, 2004), health (Christakis and Fowler, 2007) and

product consumption(Aral and Walker, 2011b; Bapna and Umyarov, 2015), etc. Service providers,

therefore, can take advantage of the knowledge on the consumer social networks and historical

4



consumptions to strategically manipulate the display of social information, in order to interfere

consumer decision makings and achieve business objectives. Consumers, in the meantime, can be

affected by mixed mechanisms associated to the vendor’s strategical display of social information.

On the one hand, consumers receive valuable quality references for their peer consumers or socially

connected individuals, which may in return guide them to make reasonable choices with less search

costs. On the other hand, firm’s profit-driven information manipulation may distort consumer

decision makings in a way that harms consumer welfare, for example, making them purchase

something they don’t actuarially need.

Our research is designed to understand whether firm’s strategical display of social information

can affect consumer decision makings. We are interested social signals from two distinct sources,

popularity information assessed by the crowd, and information from friends in the social network.

Our research questions are: (1) whether consumers combine such information when they are mak-

ing search decisions and purchase decisions? (2) If yes, do they assign different weights to these

two sources of information when they are at different stages of their shopping journey?

We answer these questions by first developing a dynamic structural econometric model to

jointly describe the series of decisions consumers make starting from information search and end-

ing with determining whether to purchase a product. The model combines a discrete choice model

with an optimal stopping framework following the theory of sequential search (Weitzman, 1979).

The main idea is that consumers start the shopping process by sampling the product for which the

information search is most valuable, and keep sampling sequentially until the marginal search cost

of searching an additional product exceeds the expected marginal benefit of searching. We assume

consumers are rational and forward-looking such that the decisions they make at any stage maxi-

mize the expected future return given the information available at that time. Our model takes into

accounts the sequential arrival of information revealed by search and non-negligible search costs.

Chapter 3 and Chapter 4 then used two highly connected yet different empirical context to

instantiate the structural model and study the above research questions. In Chapter 3, we study a set

of observational data obtained from the VoD platform of a large multinational telecommunication

services provider. Our primary dataset includes individual level click stream data and data on
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transactions in the VoD system from 117 thousand randomly sampled users. We construct the

social graph between users using their Call Detail Records (CDRs) for cell phone communications

provided by the same service provider between August and October 2015.

Noticing that merely using observational data may induce identification challenges if we aim

to identify social influence from other underlying mechanisms (Manski, 1993), in Chapter 4, we

created an artificial movie market by constructing and operating a VoD system and leveraged a

randomized web experiment to further study the research questions.

Interestingly, in both empirical context, we find very similar results in regard of the research

questions. The results show that consumers seem to use the information from friends to find the set

of movies for which they would like to conduct information search and form a consideration set.

In a later stage, popularity information becomes more relevant to consumers when they are mak-

ing purchase decisions, conditional on the consideration set formed through information search.

One possible explanation to the findings is that at the start of information search, consumers face

high uncertainties on their shopping objectives, such that they are more willing to rely on friends’

opinions as they might be seen as more trustworthy and diagnostic to their own tastes. On the

other perspective, popularity signals are more relevant to quality assessments as they reflect the

wisdom of crowds. When consumers are making purchase decisions, quality measures become

more relevant and the reliance on information from the crowds increases.

Our findings have several valuable managerial implications. For online marketplace of digital

experience goods such as online videos, books, and music where both popularity and friend influ-

ence might be at play, vendors can leverage their knowledge about the social networks to strategi-

cally display social information in order to obtain better user monetization value. If the objective is

to enhance consumer shopping experiences and improve user engagement in the long term, a rea-

sonable strategy would be to highlight customized friends information from consumers own social

network earlier in their shopping process, to guide them through the large log of products, but later

highlight the popularity information, to assist their product quality assessments. If the vendors still

want the friends information to play a role at the point of purchase, they may consider enrich it by

combining it with more salient valence measures from whom the signals were generated. Finally,
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although the two sources of social information exhibit different influences along the conversion

funnel, both exert positive impact on the overall purchase intentions. vendors should be encour-

aged to explore more informative popularity and social network information to display, meanwhile

incentivize the creation of social network and encourage conversations between friends.

The rest of the dissertation is organized as follows: Chapter 2 expands the discussion on con-

tractual lock-in by elaborating the major results from the study; In Chapter 3, I first develop the

structural econometric model on consumer search and purchase, and then introduce the observa-

tional study on how consumers combine social signals when doing information search and product

purchase; The experimental study focusing on the same research question is provided in Chapter

4; Chapter 5 summarizes the conclusions.
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Chapter 2

The Effect of Shortening Lock-in Periods in Telecommunication

Services

2.1 Introduction

In industries with significant upfront capital expenditure for customer acquisition, firms typically

opt for subscription-based business models locking-in consumers into long-term contracts. These

contracts, often termed lock-in periods in the industry, aim at ensuring that consumers stay with the

firm enough time so that the cumulative of their monthly bills over their tenure with the company

covers not only the costs with maintenance and service provision, but also the initial costs of

consumer acquisition and service deployment (Farrell and Klemperer, 2007)1.

In this type of markets, consumers can still terminate contracts before the lock-in period is over

and leave to a competitor – an action called churn. However, to do so, they need to pay financial

penalties established in the contractual agreement with the firm. These penalties are typically set

in a way that allows the firm to cover its upfront deployment costs to service the households which

are often substantial.

Starting from the early 2000s, in the telecommunications sector, several firms offered lengthy

contracts that locked-in consumers for long periods of time. In the UK, Orange had deliber-
1Examples of industries that share these characteristics include the Telcommunication’s industry, the Home Secu-

rity and Surveillance industry and several utility firms that need to deploy equipment on the premises of the consumer

that allow accessing/measuring the service that is provided (e.g. set-top-box, internet modems, security cameras,

measurement equipments, etc.)
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ately encouraged customers to sign up for 24 month contracts in its stores (Capgemini, 2009).

In Canada, Rogers Communications, BCE, and Telus, sold three-year contracts for mobile phone

service (CRTC, 2012) and in Asian countries such as South Korea, Japan and China firms offered

24 month service contracts around the same time.

From 2011 onwards there was a regulatory push in the opposite direction. In the EU, since Oc-

tober 2011, the Telecommunications Law banned three-year contracts and limited the maximum

lock-in period to 24 months (European-Union, 2009). Similar trends followed in other regions. For

example, in 2013, the Canadian Radio-television and Telecommunications Commission (CRTC)

changed mobile phone subsidisation rules blocking companies from charging customers early can-

cellation frees on fixed-term contracts that exceed the value of a device subsidy and limited the

length of the subsidy to 24 month (CRTC, 2013). More recently, in the US, President Obama

signed the “Unlocking Consumer Choice and Wireless Freedom Act” that requires US carriers to

unlock their devices when customers request which allows switching provider keeping the same

handset (Congress, 2013).

Lock-in periods are a particular case of switching costs and they may hurt consumers surplus

because they reduce the freedom to choose service providers (Klemperer, 1987, 1995). However,

a number of complex dynamics makes the effect of switching costs on overall consumer surplus

and welfare ambiguous (Dubé et al., 2009; Villas-Boas, 2015). For example, when firms cannot

exploit existing consumers they are less likely to compete for them in the first place, which may

increase the average price for all consumers (Cabral, 2009)2.

The complex dynamics that switching costs introduce in market outcomes suggest that mea-

suring the impact of switching costs on welfare is essentially an empirical question. Our study

contributes to this line of research, and we provide an empirical analysis of switching costs in the
2When the Telecommunications Law was transposed into Belgium Law in August 2012, Belgacom, the telecom-

munications incumbent, acted as first mover and took a step further than what was dictated by the new regulatory

landscape and started offering contracts as non-binding. After this move, there was a large increase in mobile com-

munications churn in the overall Belgium market, firm margins (Earnings Before Interests, Depreciation and Amor-

tizations) declined, and mobile handset subsidization stopped (Tefficient, 2013). So in the end, while services prices

declined, it is unclear what was the welfare effect of the policy in the market.
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context of the telecommunications Industry.

The contribution of our paper is to study, and measure, the welfare implications of shortening

the lock-in period to less than the current status quo of 24 months. We focus on the market for

triple-play services, which is now dominant way of consuming communication and media services

both in the US and in the EU (OVUM, 2015).

Our paper uses a dataset from a large triple-play telecommunications provider to study what

happens to consumers and to the firm when the lock-in period reduces. We use this dataset to fit a

multinomial logit model in which households can choose to keep the same bundle, change service

bundle inside the carrier or churn. This model allows us to measure the switching costs associated

to changes of service inside the carrier and to churn in dollar terms. This model also allows us to

simulate how changes in the length of the lock-in period affect both consumer surplus and profits.

In our empirical context, we find that the average switching cost to change bundle inside the carrier

is $165 whereas the average switching cost associated to churn is roughly $215 if lock-in free and

more than $218 when the contract is still active depending on how far away from lock-in expires.

We also find that the firm loses more profit than what consumers gain in surplus when the

lock-in period reduces. This happens after we’ve accounted for the cross switching of subscribers

between the service providers. Consequently, our work shows that regulators need to be very

careful when considering shortening the length of lock-in periods. Shortening the lock-in period

increases consumer surplus, however, it also decreases the profit of the firm, and regulators need to

ponder these two opposing forces in a way that provides consumers flexibility but also ensure that

operators have sufficient incentive to be in business and maintain, or even upgrade, the quality of

the services provided.

The remainder of our paper is organized as follows. Section 2.2 reviews the related work.

Section 2.3 describes our empirical context and provides descriptive statistics. Section 2.4 intro-

duces our model and empirical strategy. Section 2.5 presents results of our econometric model and

section 2.6 describe the results or our policy simulations. We conclude in section 2.7.
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2.2 Literature Review

Our paper is mostly related with the empirical literature of switching costs measurement which

is closely linked to the active monitoring of switching costs that regulatory authorities carry out.

Regulatory authorities oversee switching costs and suggest legislation that Governments may limit

them. This is a complex task because regulators have to deal with the trade-off between consumer

surplus and market welfare, the latter defined as the sum of consumer surplus and firm profits. The

regulator’s task is not just one of fairly splitting welfare between consumers and firms but also one

of looking for ways to maximize overall well-being (Gans, 2001).

Conventional wisdom suggest that low switching costs are likely to increase consumer surplus

(Klemperer, 1995). However, and at the same time, low switching costs provide little incentive for

firms to provide the service in the first place, which can reduces both consumer surplus and welfare

(Farrell and Klemperer, 2007).

In general, regulators work to limiting switching costs because when they are substantial, mar-

ket leaders are likely to enjoy a significant advantage that allows them to sustain a large market

share (Lieberman and Montgomery, 1998; Bijwaard et al., 2008). With high switching costs en-

trants have a hard time to steal consumers that are locked-in to the market leader. High switching

costs also allow firms to exploit consumers that are locked-in by charging them higher prices, a

strategy called bargain-then-rip off (Klemperer, 1987, 1995) and a number of empirical studies

found support for the theoretical argument (Sharpe, 1997; Shy, 2002; Stango, 2002; Viard, 2007).

However, low switching costs may also have an adverse effect for consumers (Cabral, 2009).

For example, when firms cannot exploit existing consumers, they have fewer incentives to attract

them in the first place (Dubé et al., 2009; Shin and Sudhir, 2008; Doganoglu, 2010), which may

result in higher starting prices for consumers.

Additionally, in markets where service switching generates additional cost to the market, low

switching costs, which will lead to more frequent switching from consumers, may render the mar-

ket less efficient (Gans, 2001).

Although the theory of switching costs is rich in economic models, papers measuring them
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are scarcer. Exceptions include Borenstein (1991) measured the magnitude of switching cots in

the US retail gasoline market, Knittel (1997) showed how the presence of significant switching

costs led to little change in the prices of long distance phone calls in the US after the divestiture of

AT&T in 1984, Viard (2007) studied the introduction of number portability for toll-free numbers

in the US and found that switching costs had an ambiguous effect on prices for firms that could

not discriminate between existing and new consumers, Epling (2002) studied competition in the

long distance telephony in the US after the Telecom Act of 1996 and found that consumers subject

to higher switching costs paid higher prices, Grzybowski (2008) found significant switching costs

in the mobile sector in the UK after the turn of the century. Using discrete choice experiment,

Confraria et al. (2017) found that in a similar European country consumers are willing to pay 1.3

Euro per month to reduce the lock-in period from 1 year to 6 months in their mobile plans. Closer

to our work, Shcherbakov (2016) studied switching costs in the TV industry in the US between

1997 and 2006. He found that these amounted to $200 and $244 for cable and satellite systems,

respectively. These estimates are remarkably close to the ones we find in our paper.

2.3 Empirical Context

We use a transactional dataset from large telecommunications triple-play provider (hereafter re-

ferred as TELCO) covering the period between April and October 2013. Our partner is a major

provider of telecommunication services in the country we analyze where triple play service pen-

etration is above 50%. In 2013, when we obtained our dataset, about 70% of TELCO customers

subscribed to triple-play a service and the number has grown since then.

The triple play service TELCO provides includes TV, Internet and fixed telephony. For each

household and each month, this dataset contains information on bundle subscriptions and prices

charged. For each bundle offered by TELCO we have bundle-specific characteristics such as

number of TV channels, the maximum Internet speed, premium features such access to Video-

on-Demand and whether mobile service was included. We also obtained information on service

bundles that were provided by competing providers in each household’s geographical market dur-

ing the period of analysis. Specifically, for each household of TELCO, we know how many service
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providers were offering similar bundles in the household’s zip code and the lowest price available

for the service that households subscribe to in the local geographic market they reside.

Finally, the dataset provides household level variables such as the service contract’s detail

(including information of lock-in), the number of months that the household has been using each

service from TELCO, that is, the households’ tenure with each service and aggregated information

on the monthly usage of these services, such as Internet traffic (uploads and downloads) and the

number of fixed-to-fixed phone calls.

We obtained a random sample of 100,000 triple play households of which we discarded 2,772

that did not have bundle plan information available and our results are genetared from the remain-

ing 97,228 TELCO’s households.

Table 2.1 summarizes the service bundles that TELCO comercialized at the time of our data

collection. Differences across bundles include the number of TV channels offer, the internet speeds

and the availability of advanced features for watching TV. For example, bundles marked premium

offer advanced features such as video-recording and video-on-demand. One bundle offered mobile

service. The table reports the average price charged for each bundle alonside its standard deviation.

The same bundle may be charged different prices to different households depending, for example,

on when each household signs up, the negotiation between household and firm, and marketing

campaigns, etc.

TELCO offered non triple play packages during the period we study. We focus only on triple-

play subscribers because this allows us to know the entire home-based telecommunication portfolio

in which context we can define churn clearly.

Table 2.1 provides information on the lowest avaialble price for each bundle in the best price

column. This was calculated from the competitive information avaialble in each household’s zip

code. During the period of analysis, the average number of services provided per local market was

2.88 and the median was 3.

During our period of analysis consumers could change bundle inside the same carrier or switch

carriers. A consumer whose lock-in period ends will commit to a 12 months when changing bundle

inside the carrier. A consumer that is more than 12 months away from lock-in expiry experiences
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Table 2.1: Summary statistics on Triple-Play packages offered by our industrial partner

No. Share N.channels Internet Telephony Premium Mobile Avg.Price Sd.Price Best Price

1 0.20 ' 120 ' 30mbps Yes No No 57.62 13.42 52.59

2 0.13 � 160 �100mbps Yes Yes No 64.73 5.71 62.57

3 0.12 � 160 �100mbps Yes Yes No 71.65 12.36 67.75

4 0.11 � 160 ' 30mbps Yes Yes No 57.57 5.77 53.63

5 0.07 � 160 �100mbps Yes Yes No 73.41 4.04 69.51

6 0.07 � 160 �100mbps Yes Yes No 76.78 10.67 71.65

7 0.05 ' 120 ' 10mbps Yes No No 58.68 4.77 51.08

8 0.04 ' 120 ' 10mbps Yes No No 54.31 2.54 53.36

9 0.04 ' 150 ' 10mbps Yes No No 57.16 4.49 54.59

10 0.03 � 160 �100mbps Yes Yes No 73.01 12.10 70.50

11 0.03 ' 150 �100mbps Yes No No 54.98 11.46 52.92

12 0.02 ' 30 ' 10mbps Yes No No 51.99 0.10 51.99

13 0.02 ' 30 ' 1mbps Yes No No 45.93 1.23 45.48

14 0.02 � 160 �100mbps Yes Yes Yes 101.97 11.40 100.31

15 0.02 ' 150 ' 10mbps Yes No No 55.82 6.78 53.36

16 0.02 ' 120 ' 30mbps Yes No No 58.67 3.85 57.65

(a) All money values are in 2013 US Dollars. (b)Premium is a dummy variable indicating whether the product contains

premium features. (c) Best.Price stands for the lowest price available in the local market for a bundle with similar features

offered by other service providers.
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no change in the lock-in duration if she changes bundle inside the carrier. A consumer who is

less than 12 months away from lock-in expiry gets her lock-in period reset to 12 months if she

changes bundle inside the carrier. New consumers face always a lock-in period of 24 months so if

a consumer switches providers then a lock-in period of 24 months is enforced by the new provider.

Between April and October 2013 two types of service changes can occur in our data. House-

holds can change bundle inside the carrier or churn. On average per month, around 1% of the

consumers churn, 4% of them change bundle inside the carrier and 1% of the consumers are new

to the provider.

Figure 2.1 shows the density of changes inside the carrier and churn as a function of time to

lock-in expiry. The x-axis shows the number of months to lock-in expiry. Negative values indicate

the number of months after the lock-in period expires. Rates of change in these figures are small

within the first 12 months of a 24 month lock-in period. Otherwise, change happens when lock-

in periods expire, in particular significant churn occurs around month 24. Sometimes, consumers

churn when there is still 1 month to contract expiry because competitors cover this financial penalty

to steal consumers (by offering up to three months of free service). Changes inside the carrier

happen within the second part of 24-month lock-in periods. These changes set back the lock-in

period to 12 months. A peak of changes within the carrier occurs at around 10 months into the

lock-in period, which may be related to the firm’s proactive marketing strategies that are, in part,

aimed at ensuring that lock-in periods remain far from expiry. During our period of analysis 54%

of the households in our sample were within a lock-in period. Furthermore, during our period of

analysis, all major service providers that compete with TELCO adopted similar contract policies.

2.4 Empirical Approach

To study the impact of changing lockin on consumer surplus and firm profit we follow the approach

laid out in figure 2.2.

First we use the dataset that TELCO provided to estimate consumer demand for the different

product bundles that consumers can choose from at any point in time. We use discrete choice

models to do so. Second, we use the results from the econometric model to simulate the churn
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Figure 2.1: Density of changes inside the carrier and churn as a function of time to lock-in expiry

rates and consumer surplus as bundle characteristics change. Finally, firm profits are determined

using the predicted market shares of different products, their prices and the rates of churn projected

in our model that allow us to compute the revenue flows over the expected lifetime of consumers.

In the next sections we provide a detailed overview of how we model consumer behavior, firm

profit and consumer surplus.

2.4.1 The Choice Model

We model household behavior using a multinomial logit model. Households choose among J + 2

alternatives: J triple play bundles at TELCO (denoted as the 1st to J th option), an option to deduct

service by choosing an non-triple-play service at TELCO 3 (denoted as the (J + 1)

th option) , or
3TELCO offered several non-triple play service packages during the observational period all of them included

TV service. In addition to triple play bundles, during the period of analysis, households could choose to subscribe to

”TV-only”, ”TV+Internet”, and ”TV+Voice” bundles. For a current triple play service subscriber, he/she can choose to

stay with the current subscription, switch to another triple play bundle, churn to a competitor, or switch to a non-triple

play bundle without changing service provider. In our data, on average 0.9% triple play users choose to move to a

non-triple play package with TELCO and we account for this possibility in our model. Triple play households who
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Figure 2.2: Flow chart of our simulation approach

churn (the (J + 2)

th option).

When a household churns we assume it does so to subscribe a similar triple play bundle from a

competitor with lowest price. The prices offered by competitors are set as described in section 2.3.

In this setting the utility of household h from choosing alternative j at time t, represented by ut
hj ,

is given by:

ut
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t
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t
h, L

t
hj) = V t

hj(Xj, p
t
hj, a

t�1
h , zth, l

t
h, L

t
hj) + ✏thj (2.1)

where V (·) represents the observable part of utility, which depends on a vector of bundle spe-

cific characteristics Xj, the monthly bill pthj , the household’s choice of bundles up to the previous

time period at�1
h = {a1h, ..., at�1

h } where a⌧h represents the choice of household h at time ⌧ , a vector

of demographic time-varying characteristics zth, the remaining lock-in period lth and the original

length of the last lock-in period (potentially the current one if still active), Lt
hj . ✏thj represents the

idiosyncratic error term, which we assume follows an i.i.d. Type I extreme value distribution. At

any given time t, households had J + 2 options to choose from. The probability that household h

chooses alternative j at time t, is given by:

reduced the number of services were removed from our sample when they reduced their level of service.
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t
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t
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t
hk(Xh, pthk, a
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t
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t
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(2.2)

We use a linear functional form for V (·) to estimate switching costs both to change bundle

inside TELCO as well as to churn. We define:

V t
hj(Xj, p

t
hj, a

t�1
h , zth, l

t
h, L

t
h) =Xj↵� �pthj + zthµj � �1C

t
hjIj

+ �2C
t
hjOj (lth  1) + �3C

t
hjOj (lth > 1) + �4C

t
hjOj (lth > 1)lth

+ �5C
t
hjOj (lth  1)Lt

hj + �6C
t
hjOj (lth > 1)Lt

hj

+ �7C
t
hjOj (lth  1)Tenureth + �8C

t
hjOj (lth > 1)Tenureth

+ �9C
t
hjIjN

t
h + �10C

t
hjOj (lth  1)N t

h + �11C
t
hjOj (lth > 1)N t

h

(2.3)

where Ij = (j 6= ”churn”) and Oj = (j = ”churn”) indicate whether alternative j is a

bundle inside TELCO or churn, respectively. Ct
hj = (at�1

h 6= j) indicates whether household

h changes bundle at time t. Tenureth indicates the tenure of household h at time t with TELCO

and zthµj represent interactions between household characteristics and dummies for each alter-

native. Additionally, N t
h represents the number of competitors in the region that offers similar

(competitive) services to h’s current subscribed service. All coefficients in this expression have

economic meaning and their ratio to � provide interpretations in dollar terms. Table 2.2 describes

the different coefficients, their meaning and the signs that we expect to observe.

2.4.2 Churn rates, Consumer Surplus and Firm Profits

Churn Rates: are determined based on the market share of the churn alternative in the multinomial

choice model. To simulate different chur rates one changes the characteristics of the bundles and

then measures how the churn rate changes in response to such changes because.

Consumer Surplus: is determined based on the surplus of the representative household which

is given by the utility of the best alternative in the multinomial choice, that is:
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Table 2.2: Interpretation of coefficients for discrete choice models

Label Interpretation Hypothesis

� Effect of price on product utility Negative sign. Utility reduces with price.

�1
Switching cost associated to changing bundle

inside TELCO.
Negative sign. Switching costs negatively affect utility.

�2
Switching cost associated to churn when there is

at most 1 month to the end of the current lock-in period
Negative sign. Same reason as above.

�3
Switching cost associated to churn when there is

more than 1 month to the end of the current lock-in period
Negative sign. Same reason as above.

�4
Change in �3 with one more month of

lock-in remaining

Negative sign (same as �3). The more month lock-in

remaining in the contract, the higher the switching cost.

�5
How �2 changes with the original length

of the current lock-in period

Positive sign. Consumers may get tired of a longer contract and

be more likely to churn when the contract has expired

�6
How �3 changes with the original length

of the current lock-in period
No hypothesis made.

�7 How �2 changes with household tenure
Negative sign. Time filtered out loyal customers. Users with

longer tenure the less likely to churn.

�8 How �3 changes with household tenure
Negative sign. Time filtered out loyal customers. Users with

longer tenure the less likely to churn.

�9
How �1 changes with one more competitor

in the local market

Positive sign. More intensive competition likely leads to less

switching costs.

�10
How �2 changes with one more competitor

in the local market

Positive sign. More intensive competition likely leads to less

switching costs.

�11
How �3 changes with one more competitor

in the local market

Positive sign. More intensive competition likely leads to less

switching costs.
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1
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hj))) + C

(2.5)

where the approximation for the expected value is obtained from integrating over the distribu-

tion of the error term and C is an unknown constant that is irrelevant for comparison purposes and

therefore usually ignored for policy analysis (Train, 2009). The expected cumulative surplus of the

representative household is therefore given by

E[CSh] =

1X

t=0

E[CSt
h({Xj, pthj, a

t�1
h , zth, l

t
h, L

t
hj}J+2

j=1 )]

(1 + �)t
At

h({Xj, p
t
hj, a

t�1
h , zth, l

t
h, L

t
hj}J+2

j=1 ) (2.6)

At
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t
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t�1
h , zth, l

t
j, L

t
hj}J+2

j=1 ) =

t�1Y
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t
hj, a

t�1
h , zth, l

t
h, L

t
hj}J+2

j=1 )

(2.7)

where At
h(·) represents the survival probability of household h at time t. � represents the

household monthly discount rate.

Firm profits: are measured using the representative household’s lifetime value to the firm,

which is a function of the discounted net future earnings and costs. Earnings include the monthly

payments for the service and contract breaching penalties that customer pay when contracts are

terminated before expiry.

The firm’s expected earnings for a household h in a certain month t denoted by ⇧

MP
h,t , is deter-

mined by the following equation:

⇧

MP
h,t =

JX

k=1

stk(p
t
hk � cthk)A

t
h({Xj, p

t
hj, a

t�1
h , zth, l

t
h, L

t
hj}J+2

j=1 ) (2.8)

where stk(a
t
h) = P (ath = k) represent the (within TELCO) market share of alternative k and

cthk represents the marginal operational cost of alternative k for h. r denotes the firm’s rate of
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return (RoR). Expected earnings from the financial penalties at month t, represented by ⇧

Pen
h,t , are

determined by:

⇧

Pen
h,t =

JX

k=1

st�1
k (Lt

hj � t � 1)pt�1
hk (Lt

h � t)Bt
h({Xj, p

t
hj, a

t�1
h , zth, l

t
h, L

t
hj}Jj=1) (2.9)

where Bt
h(·) is the churn probability of household h at time t

Bt
h({Xj, p

t
hj, a

t�1
h , zth, l

t
h, L

t
hj}J+2

j=1 ) =P (ath = ”churn” | {Xj, p
t
hj, a

t�1
h , zth, l

t
h, L

t
hj}J+2

j=1 )

⇥
t�1Y

⌧=0

1� P (a⌧h = ”churn” | {Xj, p
⌧
hj, a

⌧�1
h , z⌧h, l

⌧
h, L

⌧
hj}J+2

j=1 )

(2.10)

The expected earnings of the firm from an average household h, represented by ⇧h is defined

as:

⇧

t
h = ⇧

MP
h,t + ⇧

Pen
h,t (2.11)

Finally, in addition to network maintenance and operation costs per household, telecommu-

nication providers pay non-negligible initial costs of consumer acquisition and setup (Farrell and

Klemperer, 2007). These costs occur at the beginning of subscriptions in the form of equipment

such as internet modems and set-top-box devices, network deployment in the customer house or

apartment, and a specialized technician visit, etc.

Let ACh represent the acquisition costs associated with offering services to household h, and r

be the firm’s monthly weighted average cost of capital4, the expected lifetime profit from household

h is given by
4Sometines denoted by the firm’s Expected Rate of Return, or discount rate.
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⇧h =

1X

t=0

⇧

t
h

(1 + r)t
� ACh

= ⇧

MP
h + ⇧

Pen
h � ACh

(2.12)

2.5 Econometric Estimation

In this section we summarize the estimation results of the multinomial logit model described in the

previous section. Table 2.3 shows the results obtained. Column (1) corresponds to Eq (2.3) while

columns (2) and (3) are presented as robustness checks.

The negative coefficients �1, �2 and �3 indicate that switching costs reduce the probability of

switching and the ratio of these coefficients to the coefficient on price allows interpreting switching

costs in dollar terms.

Looking at our main model provided in column (1) we see that in a market with at least two

service providers (the focal firm and one competitor), if the lockin period is over, the switching

cost to an external firm (churn) is $210.1 ((-8.62+0.215)/-0.04) and reduces by $5.4 (0.215/-0.04)

per additional competitor in the market.

In the last moth of their lockin period, the average switching cost to churn is $212.6 ((-

8.73+0.227)/-0.04) which reduces by $5.7 (0.227/-0.04) per addtional competitor. This number

increases by $0.95 (-0.037/-0.040) per additional month of contract outstanding.

The average switching cost to change bundles inside the carrier in a market with at least two

service providers (the focal firm and one competitor) is $161.9 ((-6.60+0.122)/-0.04). In this case,

one more competitor in the local market reduces within provider switching costs by $3.1 (0.122/-

0.04).

In column (2) we interact household demographic characteristics with product dummies to

control for potential specific demographic effects. The demographic variables available to us are

the (standardized) age of the household member paying the bill, and the household’s (standardized)
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intensity of usage for Internet and voice services respectively. All estimates are qualitatively and

quantitatively similar to those shown in column (1).

Finally, column (3) provides a model-based check for the assumption of independence of irrel-

evant alternatives (IIA) that is implicit in the multinomial logit model (Keane, 1992). We compare

the estimation results of the multinomial logit to those of the mixed logit model which does not

impose IIA (Cheng and Long, 2007). Results show that the mean effects in mixed logit model

are qualitatively and quantitatively consistent with that of the multinomial logit model and provice

strong evidence that the simplest model is unlikely to violate the IIA assumption. Since model in

column (1) is computationally tractable and model (3) is not, we rely on the former for our policy

simulations in section 2.6.

2.6 Policy Simulations

We use our market simulator to study how shortening lock-in periods changes market outcomes.

To make the metrics comparable, we measure the expected firm profits and consumer welfare in

a representative household’s lifetime. We discuss how these metrics change relative to the status

quo of 24 months as lock-in period lengths shorten.

We make several simplifying assumptions that allow us to study how consumer surplus changes,

firm profits change and market level welfare changes in response to exogenous changes in the

lockin period firms can impose to consumers.

First, we assume that changes to the length of the lock-in period are applied to all bundles and

to every operator in the market.

Second, we assume that the overall size of the market is fixed - reducing lockin will not change

the total number of households that pay for triple play. We believe this is realistic because the

penetration of private household-based telecom service is close to 90% in the country we analyze.

Third, consistent with the previous assumption we assume that consumer switching between

the firms is symmetric, firms that churn from one firm will chose a competitor and will not drop

out from the market.

Fourth, we assume that firm market shares will remain constant.
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Table 2.3: Estimation results of discrete choice models

(1) (2) Mixed Logit

Mean Effect Mean Effect Mean Effect Heterogeneity

Price (�) �0.040⇤⇤⇤ �0.039⇤⇤⇤ �0.048⇤⇤⇤

(0.001) (0.001) (0.001)

Change Inside(�1) �6.600⇤⇤⇤ �6.611⇤⇤⇤ �7.411⇤⇤⇤ 3.186 ⇤⇤⇤

(0.057) (0.020) (0.052) (0.306)

Change Outside ⇥ Contract Free(�2) �8.616⇤⇤⇤ �8.778⇤⇤⇤ �9.646⇤⇤⇤ 3.193 ⇤⇤⇤

(0.210) (0.212) (0.322) (0.153)

Change Outside ⇥ Contract Active(�3) �8.729⇤⇤⇤ �8.933⇤⇤⇤ �9.805⇤⇤⇤ 2.012⇤⇤⇤

(0.383) (0.386) (0.459) (0.239)

Change Inside ⇥ N Competitors(�9) 0.122⇤⇤⇤ 0.122⇤⇤⇤ 0.130⇤⇤⇤

(0.018) (0.018) (0.030)

Change Outside ⇥ Contract Free ⇥ 0.215⇤⇤⇤ 0.226⇤⇤⇤ 0.358⇤⇤⇤

N Competitors (�10) (0.045) (0.045) (0.048)

Change Outside ⇥ Contract Active ⇥ 0.227⇤⇤⇤ 0.243⇤⇤⇤ 0.341

N Competitors (�11) (0.089) (0.090) (0.093)

Change Outside ⇥ Contract Active ⇥ �0.037⇤⇤⇤ �0.037⇤⇤⇤ �0.036⇤⇤⇤

Month-to-contract-expiry(�4) (0.016) (0.016) (0.016)

Change Outside ⇥ Contract Free ⇥ 0.023⇤⇤ 0.023⇤⇤ 0.042⇤⇤

Length-previous-contract(�5) (0.005) (0.005) (0.006)

Change Outside ⇥ Contract Active ⇥ 0.010 0.010 0.013

Length-previous-contract(�6) (0.008) (0.009) (0.008)

Change Outside ⇥ Contract Free ⇥ Tenure(�7) �0.006⇤⇤⇤ �0.005⇤⇤⇤ �0.010⇤⇤⇤

(0.001) (0.001) (0.001)

Change Outside ⇥ Contract Active ⇥ Tenure(�8) �0.010⇤⇤⇤ �0.009⇤⇤⇤ �0.010⇤⇤⇤

(0.002) (0.002) (0.002)

Number of channels 0.002⇤⇤⇤ 0.003⇤⇤⇤ 0.005⇤⇤⇤ 0.000

(0.000) (0.000) (0.000) (0.003)

Internet speed �0.004⇤⇤⇤ �0.004⇤⇤⇤ �0.005⇤⇤⇤ 0.000

(0.001) (0.001) (0.001) (0.002)

Premium features 1.868⇤⇤⇤ 1.868⇤⇤⇤ 2.176⇤⇤⇤ 0.012

(0.042) (0.043) (0.060) (0.149)

Mobile 1.424⇤⇤⇤ 1.422⇤⇤⇤ 3.118⇤⇤⇤ 0.076

(0.057) (0.059) (0.064) (0.122)

Demographic Controls (µz) No Y es No

Observations (97, 228 Households) 535, 656 535, 656 535, 656

Log-Likelihood �179, 386 �177, 927 �176, 955

Mcfadden R2 0.900 0.901 0.901

Note: ·p<0.1;⇤p<0.5; ⇤⇤p<0.01; ⇤⇤⇤p<0.001

Standard errors were robust clustered within households 24



Finally, we estimate changes in the expected acquisition costs using data provided in the annual

report of TELCO which states that initial service deployment of a new households cost on average

$390 (in 2013 USD) and includes the equipment to install in consumer premises and the trip of the

technical team to the customer house/apartment to install and activate the service.

Beyond the outcomes of the simulations that we present below, appendix A.1.1 summarizes the

changes in churn rate that we obtain when we use the multinomial choice model to simulate the

market as the lockin period changes.

2.6.1 Unchanged Prices

Our first simulation assumes that bundle prices remain the same when lockin periods reduce. We

use Eq.2.6 and Eq. 2.12 to estimate consumer surplus and the lifetime profit of a household.

For each existing consumer, firm profits decline when lockin periods reduce. The acquisition

costs in equation 2.12 are zero and are not affected by the policy change, but the earnings, ⇧MP
h

and ⇧

Pen
h , reduce because (a) households are more likely to churn and (b) breaching costs reduce as

lock-in length shortens. Figure 2.3 shows how these components of firm profit, i.e. ⇧MP
h (top-left)

and ⇧

Pen
h (top-right), and consumer surplus (bottom-right) change if the lock-in period reduces

from the status quo of 24 months.

The plot shows firm profits for 3 different levels of the yearly Rate of Return (RoR) set around

the typical rates experienced in the telecommunication sector (9%, 11% and 13% according to

Damodaran (2015)). For consumer surplus we surveyed the literature to determine how much

households discount the future in their financial decisions and we selected discount rates that frange

from 0.075 to 3.76 5.

The simulation shows that with constant prices, shortening the lock-in period leads to larger
5Empirical dynamic model literature usually uses 0.995 as a weekly discount factor, corresponding to 0.98 monthly

and 0.77 yearly (Erdem and Keane, 1996; Sun, 2005). Alternatively, another reasonable way to determine the con-

sumer discount factor is to back induct from annual interest rate. This number usually ranges from 1% to 8% (World-

Bank, 2013). Recently, using Chinese cellphone data, Yao et al. (2012) suggested the discount factor may be way

below the above numbers (0.86 ⇠ 0.91 weekly). In our sensitivity analysis, we used a fairly wide range of yearly

consumer discount rate, from 0.075 to 3.76, corresponding to annual discount factor ranging from 0.21 to 0.93.
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reductions in firm’s earnings (bottom-left) than the gains in consumer surplus (bottom-right). For

example, in a market where four different service providers offer similar services (blue curves),

if lock-in periods reduce to 16 months, the present value of expected lifetime consumer surplus

increases $2 ⇠ $22 (blue-round curves in bottom-right plot) depending on the consumer discount

rates, whereas the present value of the expected earnings that the firm enjoys reduces more than

$50. This loss in earnings corresponds to 1.5% of the expected present value of the profits the firm

would get when the lock-in period is 24 months. Firm profit results are qualitatively similar across

the rates of return we simulate. As for consumer surplus, higher discount factors (”squares”) are

associated with smaller changes in consumer surplus as lock-in length shortens because the benefits

a consumer enjoys in the future are substantially discounted.

Competition also affects the results. In more competitive local market, consumers encounter

more alternatives and are more likely to churn to different service providers and both firm profits

and consumer surplus are more sensitive to contract length reduction.

As detailed in the preamble of this section, we assume that consumers that leave one firm do

so because they swap into a competing provider. Together with our assumption of stable market

shares, firm swapping implies that the earnings loss due to churn will be compensated by new

consumers joining. However, these changes generate service initiation costs that firms will have to

pay, that would not occur with less frequent switching behavior.

Let ⇧fh represent the profit of firm f gained from an arbitrary representative subscribing house-

hold hs lifetime, which includes the expected monthly payments ⇧MP
fh , expected breaching penal-

ties from when contracts are terminated before expiry ⇧

Pen
fh , and the marginal costs associated to

consumer acquisition Cfh that firms pay for every new customer that they acquire.

⇧fh = ⇧

MP
fh + ⇧

Pen
fh � Cfh (2.13)

A change in the lock in period associated to triple-play services induces a change in this firms

profit determined by:

�⇧fh = �⇧

MP
fh +�⇧

Pen
fh ��Cfh (2.14)

When the lock in period reduces, a household is more likely to churn (earlier) in her lifetime,
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Figure 2.3: Difference in firm profits collected from an existing subscriber’s monthly payment

(top � left), breaching penalties(top � right), total earnings (bottom � left) and in consumer

surplus (bottom� right) in dollars when the lock-in period reduces from 24 months. Two market

local competition scenarios were represented: red curves correspond to market with one competi-

tors (two service providers market) and blue curves correspond to one with three competitors (four

service providers market). Plots are based on simulations using the estimation results in column

(1) of Table 2.3. 27



leading to negative �⇧

MP
fh < 0 and negative �⇧

Pen
fh < 0. The expected change in consumer acqui-

sition cost, �Cfh, is zero because Cfh was burned only at the beginning of the service provision.

Without loss of generality, assume that if household h churns from firm f , she signs up with

firm f 0. Then firm f 0 starts to gain profit collected through monthly payment from household h.

Meanwhile, due to service switching, firm f 0 also needs to pay the corresponding acquisition cost

Cf 0h. These are the expected acquisition costs that firm f 0 pays for initiating service to h and they

include the equipment to install in consumer premises (internet modems and set-top-box devices)

and the trip of the technical team to the customer house/apartment to install and activate the service.

From the market perspective, when lock in period reduces, the part of firm profits from house-

hold monthly payments are roughly unchanged given the assumption of stable market (it only

transferred from f to f 0). However, the more frequent (and earlier) switching of household re-

sulted in higher expected acquisition costs for firms, �Cf 0h > 0. Under these assumptions, the

changes to profits for the firms side in the market from a representative household consist of the

following two parts:

�⇧f,f 0
= �⇧

Pen
fh ��Cf 0h (2.15)

We plot the corresponding changes in profits for the firms side and consumer surplus in figure

2.4.

The left panel shows how firm profit changes if the lock-in period reduces. The results show

that even when taking business stealing into consideration, firms still lose more than consumers

gains because of the additional acquisition costs they have to pay. In our simulations, in a market

with three competitiors, a firm may lose as much as $40 per household lifetime if lock-in length

was reduced to 16 months from the status quo 24 months.

The right panel of Figure 2.4 shows the market welfare (over customer lifetime), defined as the

sum of firm profit and consumer welfare, i.e. �⇧ + �CSh. Welfare decreases as lock-in length

shortens. The loss in firm profits supersedes the gains in consumer surplus, resulting in a decrease

of market welfare.

In a three-competitor (four providers) market, when consumers discount the future less (corre-
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sponding to higher consumer welfare gain, curves with ”round” dots), the market will lose about

$20 per household lifetime. The market welfare loss is higher if consumers have a high discount

rate (curves with ”triangle” and ”square” dots).
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Figure 2.4: Difference in firm profits (left) defined as Eq (2.15) and in market welfare (right) in

dollars when the lock-in period reduces from 24 months. Two market local competition scenarios

were represented: red curves correspond to market with one competitors (two service providers

market) and blue curves correspond to one with three competitors (four service providers market).

Plots are based on simulations using the estimation results in column (1) of Table 2.3.

2.6.2 Increased Prices

Our second set of simulations tests what happens if all firms increase prices to compensate for

the loss in profit due to reduced lock-in periods enforced by regulatory authorities, a phenomenon

similar to the ”water-bed” effect in telephony industry (Genakos and Valletti, 2011).

This can happen because triple play markets are composed of few firms who often form

oligopolistic markets being a key characteristics of such markets the presence of strategic inter-
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actions among firms 6.

In this section, we make the additional assumption that firms increase prices to maintain the

same level profitability (RoR) before the change in lock-in periods. An additional assumption we

make in this section is that changes in prices are similar, in percentage terms, for all products

offered by TELCO. The results of our analysis are depicted in Figure 2.5.

0.0

0.5

1.0

1.5

2.0

0 2 4 6 8
Reduction in contract initial length

P
e

rc
e

n
ta

g
e

 in
cr

e
a

se
 o

n
 p

ri
ce

 t
o

 
 k

e
e

p
 s

a
m

e
 le

ve
l o

f 
p

ro
fit

 (
%

)

−25

−20

−15

−10

−5

0

0 2 4 6 8
Reduction in contract initial length

C
o

n
su

m
e

r 
su

rp
lu

s 
d

iff
e

re
n

ce
 c

o
m

p
a

re
d

 t
o

 
 2

4
−

m
o

n
th

 lo
ck

−
in

 c
a

se
 (

$
)

n_competitors

1

3

CDR

0.075

0.754

3.762

RoR

0.09

0.11

0.13

Figure 2.5: Percentage change in price (left) and in change consumer surplus (right) when the

lock-in period reduces and the firm reacts to keep the same level of profit, comparing to the status

quo of 24-month lock-in periods. Two market local competition scenarios were represented: red

curves correspond to market with one competitors (two service providers market) and blue curves

correspond to one with three competitors (four service providers market). Plots are based on

simulations using estimation results in column (1) of Table 2.3.

For example, in a three-competitor market, to keep the same profit the firm increases price by

roughly 1.5% to counter a reduction in the lock-in period of 8 months. The right plot in Figure
6If there are few providers in the market, the elasticity of market demand depends on the output of other firms.

Firms therefore have incentives to coordinate and signal their behavior to others.

30



2.5 shows what happens to consumers (and the market) if the firm decides to increase prices when

lock-in periods reduce to keep the same profit. As a result of the increased price, consumers lose

around $4 ⇠ $15 in surplus depending on the discount rate and therefore they would have been

better off if the regulatory authority did not reduce the lock-in period in the first place without

preventing firms from increasing prices to counter the effect of the policy on their profits. These

results show how reductions in the lock-in period must be paired with price regulation, otherwise

firms are likely to increase prices to counter the losses in profits arising from lock-in reductions

leaving consumers even worse.

2.6.3 Reduced Prices

Another possibility is that prices decrease in response to a more competitive environment. Our

third set of simulations study how the decrease in price may affect firm overall profit, consumer

surplus, and market welfare, respectively.

Figure 2.6 shows an example in which lock-in period lengths reduce from 24 months to 16

months. As before, we assume that price changes apply to every player and every product in the

market. We also assume that the discount applied to all products is the same (in percentage terms).

When the prices decrease by 1% to 5%, firms lose profit and consumers gain welfare. The

magnitude of the change depends on firm RoR and on the consumer discount rates (CDR).

When firm RoR and consumer discount rate are comparable (for example when ”CDR=0.075”),

price reduction leads to similar changes in magnitudes for firm profit and consumer welfare, leav-

ing the market welfare relatively stable. However, when firm discount the future less than con-

sumers, which the literateure has established to be more likely the case in the telecommunication

sector (Yao et al., 2012), firms are more sensitive to the price drop. Therefore when market prices

decrease in response to lock-in reduction policy, market welfare worsens in addition to the effect

of lock-in reduction, albeit consumers are beneficiary.

In addition to the results of figure 2.6 we provide simulations of price decreases in appendix

that span different discount rates, and changes of the length of the lockin period in appendix A.
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Figure 2.6: Effect of price decrease (in percentages) on firm overall profit (left column), consumer

surplus (middle column), and market welfare (right columns) when lock-in was reduced from 24

months to 16 months. The numbers are comparing to status quo 24 months with unchanged prices.

Plots are based on simulations using estimation results in column (1) of Table 2.3. A set of contour

plots showing how prices and lock-in reduction may jointly affect the above metrics can be find in

Figure 2.7 in appendix.
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Figure 2.7: Contour plots of joint effect of price decrease (in percentages) and lock-in reduction

(in months) on firm overall profit (left column), consumer surplus (middle column), and market

welfare (right columns) in a four-provider market. Combinations between two firm RoRs and three

consumer discount rates were shown. Plots are based on simulations using estimation results in

column (1) of Table 2.3. 33



2.7 Conclusions

Lock-in periods in telecommunications services are a common practice employed by telecommu-

nication providers to reduce the risk of failing to cover the significant capital costs needed to build

the network in the first place and upgrade it over time. In short, operational revenues need to cover

all operational costs and all investments in network upgrades as well as the initial cost with the

network. The current practice is to lock-in consumers for periods of 24 months, which reduces the

uncertainty for the firm. Consumers pay financial penalties if they breach contracts while lock-in

periods are still active. Telecommunication firms have been operating with these type of contracts

for a number of years now.

Telecommunication regulators have been studying the effect of lock-in periods on consumer

welfare. Lock-in periods are a particular case of switching costs and they may hurt consumers

surplus because they may reduce the consumers’ freedom to change telecommunications provider.

Researchers have shown that the effect of switching costs on overall consumer surplus and welfare

is ambiguous. Therefore, regulators are mostly interested in empirically learning the impact of

reducing the lock-in period on consumer welfare and, necessarily, on firm profit too, in order to

anticipate how firms are likely to respond to potential changes in the current policy.

Our paper uses a dataset from a large triple-play telecommunications provider to study what

happens to consumers and to the firm when the lock-in period reduces from the current status quo

of 24 months. We find that the firm loses more profit than what consumers gain in surplus when

the lock-in period reduces. This happens even when we accounted for the cross exchange of sub-

scribers. This arises because reduced lock in increases churn and every time a consumer switches

provider there is a new (non-trivial) cost to set her up at the new provider. More specifically,

the welfare generated by one consumer to the market is given by the difference between: i) her

willingness to pay for service and, ii) the cost incurred to provide her with it.

With respect to i) the willingness to pay for service is unlikely to change with reductions in

lock in periods. Nowadays, when a consumer terminates triple-play service at one provider she

usually signs up for a similar service from another provider in the same market. The value that
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she associates to the service that she obtains from the new provider is, therefore, similar to the

value that she associates to the service that she used to obtain from the older provider. The reason

why she churns is, most likely, because she can obtain service from the latter provider at a cheaper

price. As for ii), the operational cost to provide triple-play service is also unlikely to change due

to a reduction in the lock in period. This cost is essentially determined by the technology used to

provide service. Therefore, a consumer that takes advantage of a reduction in the lock in period

to switch from one provider to another is likely to generate the same welfare at the new provider,

expect for the fact that setting up the consumer at the new provider involves a cost, namely to

deploy new equipment at the consumers premise, such as a new set-top-box and a new Internet

modem, to wire and cable cabling as well as technical onsite support. As a consequence, welfare

reduces with reductions in the lock in period because consumers take advantage of the new policy

and churn more than they otherwise would triggering additional setup costs.

This study shows that reducing lock in periods may be insufficient to improve consumer well-

being. Such a policy needs to be paired with price controls to further protect consumers. Our

analyses don’t assert that regulators should not reduce lock in periods. In fact, doing so increases

consumer surplus if no other market variable changes. However, regulators need to ponder between

such policy and the additional costs that firms incur to set up the consumers that churn. Firms are

likely to increase prices to cover such costs, which they are likely to pass on to consumers. This

may end up hurting consumers more than benefiting them. Regulators need to consider policies

in tandem to achieve the desired objectives. We believe that this insight, in the particular case of

regulating lock in periods, is new to the literature and may be of great value to telecom regulators

now that a number of them are looking at changing lock in policies.

Our paper has several limitations. First, we limit the discussion of lock-in length in a fairly

short range. We are conservative in generalizing the trend to the cases where lock-in period ex-

ceeds 24 months because of data limitations. In our data we only observe contracts that fell in the

range between 12 months and 24 months. The variation in lock-in lengths allows us to estimate

the effect of lock-in length on consumer utilities and welfare. However, the lack of observation

on lock-in lengths more than 24 months limits our ability to understand what would happen when
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lock-ins were instead increased. Moreover, we do not model a fully dynamic and competitive en-

vironment. We study how firms react to the regulators change in policy together by collaboratively

raising prices but we do not take into account how firms may react differently in a competitive

environment. Future research can study various equilibria in different stages of a collusion game.

Finally, although our estimation accounted for customized service prices for households, we do

not observe situations in which TELCO offered discounts to households who then still decided

to churn. Because we fail to see these cases, switching costs may be overestimated in our paper.

However, with smaller switching cost the simulated market would generate higher rates of churns

(resulting in higher acquisition cost for firms) and less salient improvement for consumer welfare

when lock-in shortening policy takes place. This would not contradict the main conclusion of the

paper.
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Chapter 3

The Interplay of Information from Friends Versus Crowds in the

Consumer Shopping Journey: An Observational Study

3.1 Introduction

Most consumers search for product information prior to making purchasing decisions. They read

product descriptions, seek opinions from other consumers, observe what others buy, and in the

meantime adjust their preference beliefs to products (Branco et al., 2012). Information search is

beneficial to consumers as it resolves the uncertainty related to product utility (Feinberg and Huber,

1996). Because acquiring product information is costly, a consumer can not inspect all options.

The search process stops when it reaches a point where the marginal benefit of searching for addi-

tional product information does not exceed the cost of search (Stigler, 1961; Weitzman, 1979). She

then evaluates the products in her consideration set and chooses the one with the highest expected

utility (Wang and Sahin, 2017). The final consumption usually represents a collective decision that

incorporate multiple channels of information throughout the shopping journey (Salganik et al.,

2006).

During the past decade, the volume and scope of information accessible to consumers have

been pervasively increased. With the fast development of information systems and growing om-

nipresence of social information, consumers limited attentions are competed by more complex

and diversified opinions from more distributed sources during their shopping journey (Chen et al.,

2011; Cheung and Lee, 2012; Zhu and Dukes, 2017). For example, shopping platforms such as
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Amazon.com, Netflix.com, and Airbnb.com leveraged rich consumer data to provide customized

user intelligence through their recommender systems, which dramatically improved user search

experiences. Meanwhile, the crowd-sourced review platform such as Yelp.com and TripAdvi-

sor.com attracts millions of reviews and ratings every year that in turn reshape future consumers’

quality assessments and decision makings.

The information competition also brings managerial challenges to the vendors. Because of

the decentralized nature of user generated opinions, companies can find it more difficult to keep

track of consumer sentiments and promote profitable products. Such excess of information can

also hinder consumers from efficiently inferring the product quality and eventually reduce their

purchase intentions (Iyengar and Lepper, 2000). As a result, being able to screen and filter useful

information to consumers in a timely manner becomes critically important for business success

(Edelman, 2015).

Among the intricate sources of product information, an important source arises from the social

environment that consumers are embedded in. Usually, consumers are exposed to information from

both the peer consumers who they don’t know personally and from their own social network (Lee

et al., 2015; Dewan et al., 2017). The two sources of information may appear at different stages of

the shopping journey and play different roles in the purchase intentions. For instance, conversations

with friends can increase awareness of products, encouraging consumers to externally search for

product information (Branco et al., 2012). Meanwhile, crowds generated social signals, in forms

of ratings, reviews and comments can interfere a consumer’s own assessment of product quality

and eventually affect her purchase decisions (Tucker and Zhang, 2011).

In this research, we aim to understand how consumers combine social signals from different

channels as a function of how close they are to the point of purchase. We focus on two types

of social information generated from two distinct sources: popularity assessed by the crowds, and

information from friends in the social network. Our research questions are: Do consumers combine

the two sources of information during their search and purchase process? If yes, how do they assign

weights to these signals when they start information search, and how they adjust the weights as

getting closer to the point of conversion after more knowledge gained through information search?
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Understanding the relative importance of signals at various distances to the point of purchase

may have valuable implications for marketers. It is widely accepted that in online marketplaces

the vendors can strategically provide a search environment to reshape consumers’ shopping paths

(Dukes and Liu, 2015). When the goal is to promote contents to consumers so that they are more

aware of their options, the platform can make the signal that relevant to the search stage more

salient to consumers. If the goal is to encourage transactions, then the signal more relevant to the

purchase stage should be highlighted. If the overall effect of crowd signals is more important,

it would be a good idea for vendors to highlight aggregated popularity statistics from the proper

user segments. Alternatively if social information from the consumer’s own social network is

more valuable, then the platform should incentivize the creation of social network, encourage

conversations between friends, and make the friends generated signals more observable.

In this study, we are particularly interested in how consumers combine these social signals in an

empirical context where they shop for movies on a home-based Video-on-Demand (VoD) platform.

The movie context is ideal to answer the research questions for several reasons. First, movies are

experience goods embedded in a cultural market. Consumers potentially value others’ opinions to

evaluate the quality of the content and let them guide their own consumptions. Second, as hedonic

goods, movie contexts often appear in conversations between friends, triggering excessive word of

mouth. Moreover, movie distribution platforms have changed dramatically during the past decade.

Thanks to the development of over-the-top technologies and transitions of traditional TV industry,

it becomes more flexible and less difficult nowadays to integrate social information in the distri-

bution platform in real-time and personalized fashion. Finally, such transformation also makes the

movie shopping experience similar to that of other home-based online goods. Understanding the

social influence in the home-based movie industry will likely help us learn what could also happen

from other media consumptions, such as music and books.

We developed a econometric structural model to describe the consumer search and purchase

decisions. The typical search to purchase process starts with consumers sampling a subset of goods

for further exploration to form a reasonable consideration set (Stigler, 1961; Ke et al., 2016). Later,

they choose a product to buy from this consideration set or abandon the market without buying
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(Mehta et al., 2003; Kim et al., 2010). We model the search-to-purchase process using a dynamic

structural model that combines a discrete choice model with an optimal stopping framework based

on the sequential search theory (Weitzman, 1979). The main idea of the model is that consumer

keep searching products sequentially until a condition is reached that the marginal search cost of

searching an additional product exceeds the expected marginal benefit of search. Our model takes

into accounts the sequential arrival of information revealed by search and positive search cost.

Consumers are assumed to be rational and forward-looking. They have a stream of decisions to

make during this process, and each decision maximizes the expected future return given the real

time level of information.

We instantiate the model with data from the VoD platform of a large multinational provider

of telecommunication services. The primary dataset includes household-level clickstream data

and transactional data for approximately 261 thousand search-purchase sessions from more than

117 thousand households during a six-month period (from June to December of 2015). We also

approximate the social graph between users using their Call Detail Records (CDRs) for cell phone

communications provided by the same service provider between August and October 2015. Two

users are connected in our social graph if they made reciprocal phone calls during this period.

In our empirical context, we regard the number of likes for a movie as the signal of popularity

assessed by the crowds, and proxy the friends signal by counting the number of friends rentals

for the movie before it was browsed by the focal user. Following the search literature, we define

a ”search” as the behavior of clicking through a movie cover to access the movie landing page,

where more detailed movie information displays (Chen and Yao, 2016). In our setting, a consumer

can observe the number of likes prior to search but the movie rental price is only revealed after

clicking-through the movie landing page.

Our analyses find that positive signals from the crowds and from friends are associated with

increases in the consumers evaluation of the product. In our context, friend signals seemed to have

higher explanatory power on consumer search decisions to formulate the consideration set. Likes

became more relevant to consumers when they are making purchase decisions, after they have

collected information through information search. For instance, one additional like from the mean
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has a monetary value that worth 0.7 cents when deciding which movie to search, but increased

to 3.7 cents when making purchase decisions. Meanwhile, the average value of a friend rental

signal doesnt seem to change much when moving from search to purchase, worthing $2.6 when

searching, and $2.9 when purchasing. In this particular market, on average, a friend rental would

worth about 370 additional likes when making search decisions, but this value reduces to 80 when

deciding which movie to buy.

The importance of the two social signals was moderated by product price. We find that when

a consumer was evaluating an expensive product she would increase her reliance on friend rental

signals comparing to when she was evaluating a cheaper option. Our study also showed that the

effectiveness of a friend signal could be different depending on whether that friend enjoyed watch-

ing the movie, a measure of the signal valence. If the friend who rented the movie also enjoyed it,

the corresponding signal to the focal user was associated with higher chance of purchase, and vice

versa.

Our study provides new evidence of how consumers think throughout the shopping process. In

our case, consumers seem to start by browsing products they heard about from friends and popu-

larity information represented by the number of likes seem to only play a role closer to purchase.

Our findings have valuable managerial implications to online marketplaces. For example, the re-

sult shows that a good way to improve consumer search environment and help consumers navigate

large logs of products might be to first show them products that their friends bought and then later

highlight the popularity information.

The rest of the chapter is organized as follows. In Section 3.2 we discuss the related works

in the literature. We describe the empirical context and data in Section 3.3. The development

of the structural model is detailed in Section 3.4, along with the design of estimation strategy

and empirical models. In Section 3.5.1 we discuss the estimation results and in Section 3.6 we

summarize the conclusions.
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3.2 Related Works

This study is related to several streams of research works. First, it relates to the literature studying

social influence on consumer behaviors. These works studied the impact of social information on

product sales and reviews with applications in various empirical contexts. Our work also closely

relates to the literature that models consumer decision makings along the conversion funnel, with

focus on the product information search and product purchase. In particular, our work belongs to

the stream of empirical studies that adopted the concept of sequential search framework.

3.2.1 Influence From Popularity Information

The averaged judgements from a large social group can be smarter and more reasonable when

compared with that from individuals. This phenomenon is often referred to as the “wisdom of

crowd effect” (Lorenz et al., 2011; Salganik et al., 2006). The social psychology literature suggests

that when people become aware of the crowds decisions, they may adjust their own decisions

makings for reasons including suspecting others may have better information (Barabási and Albert,

1999), partially following the wisdom of the crowds (Janis, 2008), or conformity concerns (Lorenz

et al., 2011).

The influence of popularity information may usually be attributed to a hybrid types of social in-

teractions and information exchanges between consumers (Chen et al., 2011). One primarily type

among them is termed word-of-mouth (WoM), which is generally referred to as the dissemination

of personal opinions through communications (Chevalier and Mayzlin, 2006). Examples of WoM

from the crowds in online environment are consumer product reviews and ratings. Researchers

have studied the impact of product reviews on consumer decision makings and obtained interest-

ing findings such as negative reviews are more influential than positive reviews (Chevalier and

Mayzlin, 2006), previous user ratings may shape future user ratings (Muchnik et al., 2013), the rel-

ative importance of volume and valence of WoM signals differs in various contexts (Chevalier and

Mayzlin, 2006), and biased herding effect may converge to true qualities in long term (Godinho de

Matos et al., 2016).
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Another type of social interaction that related to the crowd influence is observational learning.

The information cascade theory suggests that consumers tend to infer product quality from oth-

ers’ choices and follow them (Tucker and Zhang, 2011). Sometimes this happens even without

knowledge about their peers preferences and purchase intentions (Banerjee, 1992). One exam-

ple of observational learning information is aggregated market performance statistics (e.g. “sales

rank”, “number of subscribers”, etc.). Researchers find evidence of observational learning in dif-

ferent market contexts, including kidney transplant (Zhang, 2010), wedding products (Tucker and

Zhang, 2011), online music (Salganik et al., 2006), and computer software (Duan et al., 2009).

In many empirical context, however, it’s impractical to separate the effect of WoM and ob-

servational learning (Dewan et al., 2017). No exception in our setting as we are interested in the

crowd signal represented by the number of like votes for a movie. This metric can be viewed as a

simplified consumer WoM signal if viewed as a product review with abstract positive votes. It also

represents the overall popularity of a movie among peer audience, therefore influence consumers

quality measure through observational learning. Similar popularity information metrics were stud-

ied in the recent works, for example, the number of favorites for a song in (Dewan et al., 2017),

and the number of Facebook likes for Groupon vouchers (Li and Wu, 2013).

3.2.2 Influence From Friends

The theory of social influence in forms of word-of-mouth and observational learning are relevant

for friends generated information as well, albeit the underlying mechanisms can be different. In

theory, friends connected in a social network are socially closer that their shared experiences may

lead to similar valuations, beliefs, and behaviors (Jussim and Osgood, 1989). Examples of friend

WoM include product related conversations within the social network either online or offline (Li

and Wu, 2013), as well as ratings and reviews from friends with author information identifiable

to focal consumers (Dewan et al., 2017). Observational learning from friends can happen when a

consumer see her friends purchasing a product and infer the product could be of good fit for herself

as well.

Information from friends can be combined with external information about the social con-
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nections, therefore increasing the richness and validity of the signals. A consumer may pertain

personal knowledge about her friend’s taste, criteria, or purchase intent (Huang et al., 2014; De-

wan et al., 2017). It has been suggested that information from socially closer others can be more

reliable when people make decisions under high uncertainty (Huang et al., 2014; Galaskiewicz

and Shatin, 1981). Lee (2014) also argued that consumers may be willing to trust information

from closer friends than that from further ones as it is perceived to be more diagnostic and less

uncertain than that from unfamiliar others.

3.2.3 Peer Influence In Movie Industry

A number of works studied the social influence in the context of the movie industry. Prior to the

age of online peer generated reviews, studies focused on professional movie critics as they were

the most prominent public opinion resources. Litman (1983) found that reviews of movie critics

are positively correlated with box office sales. In a later paper, Eliashberg and Shugan (1997)

questioned the causal influence of critics on movie box office performance, and with weekly box

office data and movie critics data from 1990 to 1993, the authors reported that movie critics don’t

serve as good predictors for first week box office sales. Nevertheless, Reinstein and Snyder (2005)

used a difference in difference model to find that movie critics reviews influenced box office sales

during the opening week, and positive reviews had more salient impact.

A more recent stream of researches studied amateur generated movie reviews in the online

context. The conclusions seem mixed but suggest that the valence, volume and dispersion of pop-

ularity signals may play different roles in movie box office performances. Zhang and Dellarocas

(2006) applied a diffusion model and find that the valence measures significantly influenced movie

box office sales, but the volume and variance measures didn’t. In a later study, Dellarocas et al.

(2007) find that with information diffusion model, volume, variance and dispersion of user gener-

ated reviews all have significant explanatory power. Likewise, Liu (2006) studied the influence of

WoM from Yahoo Movies discussions board. He finds that volume of online conversations about a

movie positively predicts movie box sales but valence doesn’t. However, applying a simultaneous

equation mechanism, Duan et al. (2008) finds that the volume of WoM significantly predicts movie
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box office sales but the valence, represented by user ratings didn’t. Finally, Chevalier and Mayzlin

(2006) studied the ratings for new TV shows during the 1999 2000 season. The researchers find

that the dispersion of WoM was positively correlated with user ratings on these shows. Our study

is relevant to the discussion on the relative importance of volume and valence of social signals to

movie consumption. In our context, the number of likes can be considered as a partial measure of

both volume and valence, while the number of friend rentals can be considered more as the volume

than valence of social signals.

While most works focus on the social information from the crowds, few studies investigate the

role of social influence from the personal network in the movie market. One notable exception

is Lee et al. (2015). The authors used observational data primarily from a social movie site to

compare the role of peer influence from both the crowds side and the friends side on consequent

movie ratings. They find that while friends’ ratings always positively correlate with the focal user’s

rating, the effect of crowds ratings was moderated by the popularity of movies. The influence from

the crowds’ ratings may reduce with presence of ratings from friends. While their focus was

on information cascade after the point of purchase, our work studies an earlier part of consumer

decision making process that is more relevant to consumption. We focus on the process that begins

with consumer information search and ends to point of transaction.

3.2.4 The Conversion Funnel and Consumer Information Search

Our study is related to the literature where consumer decision making processes are modeled

through a conversion funnel (Edelman, 2015; Kotler and Armstrong, 2010). The conversion funnel

models suggest that consumer decision making involves a multi-stage process of ”awareness”, ”in-

formation search”, ”before purchase evaluation”, ”purchase”, and ”post-purchase activity” (Jansen

and Schuster, 2011).

We zoom in by focusing on a central part of the conversion funnel that starts with the processes

of information search and ends with purchase decision makings. The primary goal of consumer

information search studied in this paper is to reduce uncertainty about product quality and validate

their beliefs rather than become aware of the products (Edelman, 2015; Ke et al., 2016). We
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model consumers sample a subset of products sequentially to collect more information in order to

form a reasonable consideration set. Conditionally, they choose a product to purchase from this

consideration set or abandon the market without buying (Mehta et al., 2003; Kim et al., 2010).

With the stock of information updated through sequential arrival of information through search,

a consumer adjusts the weights she puts on various product features and then make a collective

decision (Branco et al., 2012).

Understanding consumer search behavior has long been the focus of studies theoretically (Stigler,

1961; Weitzman, 1979; Branco et al., 2012; Ke et al., 2016) and empirically (Mehta et al., 2003;

Honka and Chintagunta, 2016; De los Santos et al., 2012; Kim et al., 2010; Koulayev, 2014; Ghose

et al., 2018). Researchers model the search behaviors as an information accumulation process that

consists of a series of dynamic decision makings with discrete points of information arrivals. Nev-

ertheless, the literature divides into two different views when modeling the stopping rule of the

search process: simultaneous search and sequential search. The former assumes that decision

makers initiate search by first determining a fixed number of alternatives they would like to sam-

ple, and then select which alternatives to sample. The seminal theoretical work is Stigler (1961)

and a list of recent empirical works adopted this strategy. For example, Honka and Chintagunta

(2016) studied the US auto insurance industry using inquiry data and Mehta et al. (2003) studied

the liquid detergent market with scanner data.

The later stream argues that the consumer information search in the online evironment should

follow a sequential process. Engaging in search is costly and consumers do not predetermine the

size of the consideration set. They start by sampling the product for which the information search

is most attractive, and keep sampling until the marginal cost of searching an additional product ex-

ceeds the expected marginal benefit of searching (Mortensen, 1970; Weitzman, 1979; Reinganum,

1982). The seminal works that serve as the theoretical foundations for sequential search models

are Weitzman (1979) and Reinganum (1982). Our paper joins a number of recent empirical works

that applied sequential search models to study the online information search behaviors (Kim et al.,

2010; Bronnenberg et al., 2016; Koulayev, 2014; Ghose et al., 2018; Chen and Yao, 2016; Ursu,

2018). Kim et al. (2010) studied the online camcorders market and developed a method to estimate
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the sequential search model using aggregated search data from Amazon.com. Koulayev (2014)

studied the hotel market using search clickstream data and found that dynamic search models yield

different price elasticities than static models, where the later could be biased due to endogeneity

of search-generated choice sets. Ghose et al. (2018) also studied the hotel industry. The authors

argue that the sequential search model can be combined with social media information to improve

search engine performance. Chen and Yao (2016) focused on the refinement tools on hotel search

engine. They find that refinement tools have significant impact on consumer decision makings and

lead to less concentrated market structures. Finally, Ursu (2018) studied the impact of exogenous

product ranking on hotel search engine on consumer search and purchase behaviors.

Figure 3.1: Digital Shopping Journey in a Social Environment

3.3 Data

The products we study in this paper are movies provided on a Video-on-Demand (VoD) platform.

Our data is from a household-based VoD service platform (hereafter called VoDMedia) operated

by a large multinational telecom company. In addition to its traditional triple play (TV, Inter-

net, telephony) telecommunication services, the company provides VoD services through cable to

approximately 1 million households. Our first dataset contains household level clickstreams and
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transactions for the period from June to December 2015. A typical search clickstream starts with

a user launching onto the VoD platform, and consists of user initiated events such as page views,

purchases, streaming, and like votes, etc. All events were recorded with timestamps of initiation

and termination. The transactional data includes precise timestamp and transaction price for each

movie purchased. Events from a same household were identified with an anonymous identifier,

which allows us to recover a consumers comprehensive footprints at the VoD platform.

We regard the entire month of December in 2015 as the period of interest and use the data from

the previous 6 months to calculate historical information. We identify a search-purchase session

by clustering the stream of events that happen with less than 24 hours apart by the same household.

We ended up having 261,407 search-purchase sessions from 117,455 households, who had browsed

the VoD system at least once during the observational period. Consumers can search a same movie

multiple times in the same or different sessions. On average, a household was engaged in around

1.9 search-purchase sessions per month, 24.8% of which ended up with at least one transaction.

Within a session a consumer searched about 2.8 different movies and spent around 10 minutes

before either renting a movie, or leaving the system without any transaction.

Table 3.1: Descriptive Statistics

Variable min max median mean sd
Movie

imdbRating 1.10 9 6.40 6.27 1.21
imdbVotes 5 1, 529, 615 27, 207 94, 864 164, 877
year since release 0 74 5 6.51 6.84
price 1.49 19.99 2.99 4.43 3.34
perpetual VoD (PVoD) 0 1 0 0.14 0.35
number of likes when searched 1 6, 929 110 391.60 698.30

Consumer search
number of movies searched per session 1 62 2 2.822 3.517
number of movies with friends’ purchases 0 239 5 10.940 15.820
number of purchases in session 0 1 0 0.239 0.427
number of search sessions in a month 1 10 1 1.719 1.175
number of friends with VoD service 0 311 12 16.4 20.9
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VoD Interface

When a consumer navigated the VoD system, she was displayed a page with highlighted movies.

This page contains multiple menus of suggested movies chosen by an editorial team without per-

sonalization. The menus were named headers, such as Suggested Movies and Recent Releases,

etc. With the menus aligned vertically on the screen, movies within a menu were displayed hori-

zontally. Despite the user TV configurations, the interface fit the screen with exactly 2 menus at a

time and households may use a cursor, that highlights one movie at a time, to move across menus

and movies within a menu.

Clicking on a movie cover in the highlight page leads to a movie landing page. When a con-

sumer lands the cursor on a movie cover but hasnt clicked into its landing page, she is displayed

with the concurrently accumulated number of like votes from peer VoD users for the movie by the

time of browsing. She doesnt reveal the price to rent the movie until after clicking through the

cover and entering the movie landing page. Along with price, she is also displayed on the landing

page with additional movie features such as length of play, casts, directors, year of release, IMDB

rating and IMDB votes, etc. From the landing page, she can either proceed to rent the movie with

payment, click like/dislike button, or get back to the menu page. Most leased movies have an ex-

piration period of 48 hours after rental, while 15% of the them can be kept perpetually within the

VoD system.

We obtain the movie display information by processing raw system configuration log provided

by the service provider. We obtained accurate real time movie display information, including exact

positions of menus and movies, which is important for search cost measures, and displayed features

on a movie landing page, etc., which is critical to understand what information consumers reveal

from searching a movie. During the observation period the service did not personalize content

positions but may dynamically change them per decisions from the editorial team.

Social Graph

We construct an approximated social graph between households using Call Detail Records (CDRs)

for cell phone communications served by the same service provider. Each entry of the CDR con-
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tains the anonymized phone numbers of both callers and timestamps of the call. This dataset

contains over 193 million calls that allow us to define an undirected social graph across house-

holds. We matched the anonymized phone numbers to their VoD accounts and kept the records

of only calls made between two calling parties whom we identify having access to VoD services.

An edge between two households is included in the social graph they had reciprocal calls between

each other. The resulting social graph contains 474,617 households and 3,858,889 edges. The me-

dian and average degree are 11 and 16 respectively. Figure 3.2 shows the distribution of number

of friends households had.
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Figure 3.2: Number of friends distribution

Using the social graph, we calculated the household-movie-time specific social information

that would be observed. We calculated the concurrently cumulative number of likes and concur-

rently cumulative number of friends rentals associated with a certain movie, to the point of time a
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consumer searches. The number or likes would be the number the consumer observed on screen

and the friend rentals were also calculated as she would have obtained at the point of search. For

example, if two friends Mike and Roger both rented a movie but Mike rented at least a day before

Roger, Roger would be assumed to have rental signal from Mike but Mike would not observe a

rental signal from Roger. Also awaring that the number of friends events may be biased to movies

that have longer age in the VoD system, we used a moving time window of 6 months such that only

related friends rentals happened within half a year were accounted.

3.4 Model and Estimation

3.4.1 A Structural Model for Search-Purchase Decision Makings

The online movie shopping process involves a series of decision makings. It starts with a consumer

launching to the VoD system, proceeds with browsing and searching for movie information, and

concludes with a monetary transaction or abandon the market without buying.

The search process alone consists of a stream of decision makings itself. With a zapper in

hand, she needs to decide whether to move the cursor to a particular movie and click into the movie

landing page to learn more about the movie. Then, she needs to decide when to stop searching and

proceed to checkout. During the process the decisions she make are conditional on the cumulative

information she has collected. We approach the dynamic search and purchase decision making by

constructing a structural model.

We model the consumer search process following the sequential search framework (Weitzman,

1979). A forward-looking consumer builds her consideration set through a sequence of information

search and ends the search process when the marginal benefit of searching another product is not

worth the search cost. Then the purchase decision would be made conditional on the products she

has searched, i.e., from her consideration set.
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Utility of Movies and Search Costs

There are N consumers indexed by i 2 I = {1, ..., N} and J movies indexed by j 2 J =

{1, 2, ..., J}. A consumer has some individual-movie specific knowledge Xij about a movie j

prior to launching the movie landing page. By clicking into a landing page she can obtain more

relevant information about the movie. As mentioned earlier, we define the click-through behavior

as search.

When movie j’s is searched, some additional movie-specific information zj would be displayed

on the screen and get completely disclosed to the consumer. Following the literature we assume

that prior to search consumers do not know the particular value of zj , but the distribution of zj is

public knowledge (Kim et al., 2010; Koulayev, 2014; Ghose et al., 2018).

We represent consumer i’s utility function of renting movie j as follows:

uij = Xij� + zj� + ✏ij (3.1)

where the stochastic component ✏ij represents the unknown idiosyncratic stochastic error, which

we assume has Extreme Type I distribution (✏ij ⇠ TypeIEV (0, 1)). Prior to search a consumer

doesn’t observe the true values of zj but knows its distribution. Therefore, her utility estimates

were calculated by substituting the expected value of zj in Eq (3.1), along with an uncertainty term

(⇠zj ). With a little abuse of notation we distinguish the prior search utility function with superscript

0:

u0
ij = Xij� + E(zj)� + ⇠zj + ✏ij (3.2)

The goal of search for a consumer is to eliminate the uncertainty prior to search, i.e. to reveal

⇠zj + ✏ij .

Engaging in search is costly. We assume the search costs are generally known to consumers.

We model consumer search cost as a function of the products appearance on the VoD system. The

individual-movie-specific1 search cost takes an exponential specification to ensure the switching
1The search cost for a movie is individual-movie-specific because the catalog page configurations were consistently

changing over time. Therefore the search cost for a movie depends on when a consumer conducts search.
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cost is always non-negative (Kim et al., 2010):

cij = exp(wij⌘) (3.3)

Table 3.2: Information Updates of Search

Consumers Researchers

Known Before Search Xij Xij , zj

Uncertain Before Search zj , ✏ij ✏ij

Realized After Search Xij , zj , ✏ij Xij , zj
Uncertain After Search n.a ✏ij

Optimal Searching

Define an arbitrary search stage (after k movies were searched) with partition of movies J = Sik [
¯Sik, where Sik containing all searched movies (|Sik| = k) representing the concurrent consideration

set and ¯Sik containing all unsearched movies (| ¯Sik| = J � k). A consumer would choose from two

directions: (i) continuing to search another movie, or (ii) stop searching and choose a movie among

the consideration, given that leaving the system without purchasing anything is also an alternative,

which we regard as the outside option. We assume consumers are forward looking and rational,

such that they make choices to optimize the expected return.

The benefit of searching a movie origins from the reduced uncertainty. Assume that the un-

certain component of utility to a consumer before her search z� has a publicly known distribution

with c.d.f. denoted as f(·). We discuss the determination of f(·) in Appendix B.

Denotes the highest utility from one of the searched movies as u⇤
ik = maxj2Sik[{0}uij . The

expected benefit from searching an additional movie j 2 ¯Sik is:

Bij(u
⇤
ik) =

Z 1

u⇤
i

(u0
ij � u⇤

ik)f(u
0
ij)du

0
ij. (3.4)

A consumer will keep searching as long as there is at least one unsearched movie j0 with

marginal search cost less than the marginal benefit cij0 < Bij0(u⇤
ik).

For each movie j there is a value Rij that makes consumer i indifferent between keeping

searching this movie. The value Rij is formally referred as reservation utility, which is can be
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interpreted intuitively as the attractiveness of search (Koulayev, 2014) or a ”Rate-of-Return” from

searching (Ghose et al., 2018). Rij solves the following equation and is unique given a utility

function:

Bij(Rij) = cij (3.5)

The seminal work in sequential searching Weitzman (1979) showed that a forward-looking con-

sumer’s optimal search strategy is to start by searching items associated with large attractiveness

of search, until reaching a point that searching an additional content would always be associated

with higher marginal search cost than marginal search benefit, i.e. cij0 � Bij0(u⇤
), 8j0 2 ¯Sik. This

is shown equivalent to Rij0  u⇤
ik, 8j0 2 ¯Sik (Weitzman, 1979).

Essentially, the optimal stopping rule would always be reached at some point. This is because

that the marginal benefit of search Bij(u⇤
ik) is a monotonically decreasing function of u⇤

ik. As a

consumer keeps searching more movies, u⇤ is non-decreasing, while the highest reservation utility

among unsearched items is a non-increasing function of k.. Search will reach a level such that

cij0 � Bij0(u⇤
ik), 8j0 2 ¯Sik.

More formally the optimal sequential search and purchase strategy can be summarized to fol-

lowing steps: (1) Calculate the reservation utilities of movies and rank them in descending order,

Ri1, Ri2, ..., RiJ . (2) at any search stage Sik [ ¯Sik, check the stoping rule to see if Ri(k+1) > u⇤
ik.

If true, keep searching the next movie with highest rank (the movie with Rik). Otherwise, stop

searching by choosing2 j = argmaxj2Sik[{0}uij . A comprehensive illustration of decision making

process in our model is shown in Figure 3.3.

3.4.2 Estimation

We apply the method of maximum simulated likelihood to estimate the set of parameters that de-

termine product utility and search cost. The calculation of likelihood of a search-purchase session

follows directly from the optimal search model above.
2The outside option, namely purchasing nothing, is associated with 0 search cost, therefore the reservation utility

is infinity and it always exists in the consideration set.
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Figure 3.3: Model Framework

Derive the Likelihood Function

Rank the movies in a descending order of their reservation utilities r(1), r(2), ..., r(J) such that

Rr(1) � Rr(2) � ... � Rr(J). At an arbitrary stage when k products were searched (i.e. with

partition Sr(k) [ ¯Sr(k)), the (k + 1)

th product would be searched if its reservation utility exceeds

the highest utility revealed. Denote ⇢r(k+1) as the probability that r(k+ 1) (for k > 0) is searched:

⇢r(k+1) =Prob{r(k + 1) being searched}

=Prob{Rr(k+1) > maxj2Sr(k)[{0}uj}

=Prob{Rr(k+1) > maxj2Sr(k)[{0}(Vr(k) + ✏r(k))}

(3.6)

According to the optimal stopping rule, the probability that search stops after r(m) is searched

55



can be represented as follows:

sm =Prob{search stops after r(m) is searched}

=Prob{max⌧2Sr(m)[{0}u⌧ > maxJ
�=m+1Rr(�)}

=Prob{max⌧2Sr(m)[{0}(Vr(⌧) + ✏r(⌧)) > maxJ
�=m+1Rr(�)}

(3.7)

The purchase decision can be modeled with a discrete choice model conditional on the consid-

eration set determined by the search process. The conditional probability of choosing alternative j

given j 2 S(m) is:

!j|S(m) =Prob{alternative j has the highest utility in S(m) [ {0} }

=Prob{uij � uij0 , 8j0 6= j 2 Sm [ {0} }
(3.8)

Denote the final consideration set of consumer i’s �th search session as Si� = {r(1), r(2), ..., r(mi�)}.

The likelihood of the entire search-purchase session can be calculated in the following way:

Li� =Prob{Si� finalizes the consideration set and r(k) 2 Si� is chosen.}

=Lsearch
i� · Lpurchase

i�

=(

mi�Y

j=1

⇢r(j))smi�
·

Y

k2Smi�[{0}

(!k|Smi�
)

yik

(3.9)

where yik is an indicator that consumer i purchased product j in her �th search-purchase session

during the period.

Model Specifications

We consider Xij to include the movie-individual-time specific characteristics that a consumer know

prior to clicking into a specific movie page, for example number of likes on a movie (N likesij)

and number of rentals accomplished by friends (N FrdRentalij), etc. N likesij may be different

for different users at different time since it is accumulating and time sensitive. We control previous

searches using the number of previous search sessions involving a certain movie (but not pur-

chase) before the current search-purchase session, N SearchesBeforeij , to account for variation

in knowledge a consumer carries before searching a movie. N SearchesBeforeij was known

56



before search. Other movie characteristics we control in the utility function include IMDB rat-

ing score (IMDBratingj (out of ten), number of IMDB votes, IMDBvotesj , and age of movie

(Y earSinceReleasej), etc.

The vector of movie features zij contain knowledge that a consumer learned from searching the

movie by clicking into the movie landing page. In our context, the most important movie feature

that was revealed through information search is the price to rent a movie, i.e. Pricej .

With respect to search cost, we consider wj to contain an intercept to capture the baseline

search cost, a movie’s appearance frequency in different menus within the system (N pathij) and

the average sort order in menus it appeared (SortOrderij). We keep the subscript i in search

cost variables to account for the change of movie locations when different consumers browse the

system at different time.

The variables used in the model specifications above are summarized in Table 3.3.

We have the empirical model for utility of consumer i on movie j as follows:

uij =↵� �Pricej + µXj + �11log(N likesij) + �21N FrdRentalij

+�12log(N likesij)⇥ PostSearchij

+�22N FrdRentalij ⇥ PostSearchij

+�31log(N likesij)⇥ PostSearchij ⇥ Pricej

+�32N FrdRentalij ⇥ PostSearchij ⇥ Pricej

+✏ij

(3.10)

and the search cost model as follows:

cij = exp(⌘0 + ⌘1N pathij + ⌘2SortOrderij) (3.11)

We expect the price coefficient � to be negative because higher price reduces utility. All the

coefficients represented by � are related to the two channels of social signals. Because of the in-

formation updates happened through search, the values consumers had for different movie charac-

teristics were different before and after search ( recall in the previous section consumers substitute

the expected values for variables they need to reveal after search). Consumers may also adjust

the weights they assigned for movie characteristics (Branco et al., 2012). We estimate the weights
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adjustment by adding a dummy variable, PostSearchij , which equals 1 only when entering the

utility function after a movie was searched, and 0 when the utility function represents the expected

utility before search.

Table 3.3: Interpretations of Variables in Empirical Model

Variable Interpretation Revealed Transformation
Pricej Price to rent movie j when a movie was searched. After Normalized
Nlikesij Number of likes displayed for movie j when searched by i. Before Log-transformed
NFrdRentalij Number of friend rentals for movie j when searched by i. Before NA
IMDBratingj IMDB Rating displayed for movie j. After Normalized
IMDBvotesj Number of IMDB votes displayed for movie j. After Normalized
Y earSinceReleasej Movie j’s age as of December 2015. After NA

PostSearch
Dummy variable, =1 when enters utility function after
a movie is searched. After NA

N pathij
Number of appearance in different locations in the system
for movie j when searched by i

Before NA

SortOrderij Average sort order within a menu of movie j when searched by i Before Normalized

We expect �11 and �21 to estimate the average weights a consumer had for one unite change

of log(N likesij) and N FrdRentalij respectively before search. Correspondingly, coefficients

for the interaction terms with PostSearchij , �12 and �22 were designed to capture the weight

updates of N likesij and N FrdRentalij respectively after information revelation. Consequently,

�11+�12 represents the overall coefficient for log(N likesij) after search, and �21+�22 represents

the overall coefficient for N FrdRentalij after search.

�31 and �32 were used to estimate the moderating effect of movie price that a consumer reveals

after searching the movie. The interactions with price only enters the post-search utility function

as price information is only realized after searching and not included in the utility function above.

In the search cost function, we use ⌘1 to capture the average change to consumer’s search cost

when a movie was displayed one more time in a different location. We expect ⌘1 to be negative

because higher frequency of appearance makes users easier to search, reducing the search cost.

⌘2 was designed to capture the average change in search cost if a movie was displayed one more

position to the right within the same menu. Since consumers may need to move the cursor to click

movies that exist further to the right, which may be associated with higher cost of search, we expect

⌘2 to be positive.
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Estimation Strategy

The model parameters ⇥ = {�,�,⌘} were estimated using method of maximum simulated like-

lihood. We derive the overall likelihood function of consumers searching and purchasing movies

in the data from Equation 3.9 as follows:

Likelihood(⇥) =

NY

i=1

niY

�=1

Li� (3.12)

and the overall log-likelihood function is

LL(⇥) =

NX

i=1

niX

�=1

ln(Li�) (3.13)

We coded the estimator based on the likelihood function above. The overall log likelihood func-

tion was calculated in each update of parameters and then maximized through heuristic search3.

Deciding to search a movie can either because of high utility or low search cost. Our identification

strategy is based on the fact that consumer preferences enter both the search process and decision

making process, while the search cost enters only in the consideration set formation. The covariates

that enters only the search cost model but not the utility model serve as the exclusion restrictions

for identification (Chen and Yao, 2016). The coefficients of covariates were identified in a way

similar to the traditional discrete choice models, which depends on the variation in frequency of

products with various features being searched and purchased.

3.5 Results

3.5.1 Impact of Social Signals on Search vs Purchase Decisions

Table 3.4 shows the estimation results of the model specified in Eq.3.10 and Eq.3.11. The “Base-

line” model corresponds to the model without interaction terms. The “Search and Purchase” model
3Since the overall likelihood function in Equation(3.13) doesn’t have a closed form expression and is non-smooth,

we applied non-gradient based optimization methods, e.g. Nelder-Mead and also checked with other common opti-

mization methods including BFGS, BFGS with L1 regularization and NLM. In our case different methods provides

consistent results.

59



corresponds to the model that adds two interaction terms between the post search dummy and the

two channels of social signals to capture the effect before and after search. The “Interacting Price”

model corresponds to the model with additional three-way interaction terms to assess the moder-

ating effect of movie price after it is revealed. For each model, the left column displays the point

estimates and the right column shows the standard errors.

Table 3.4: Estimation results: Impact of social signals on search vs purchase decisions

The price coefficient is negative and statistically significant as utility decreases with cost. All

three models indicate that both positive signals from crowds (more number of likes) and from

friends (more friend rentals) were associated with a consumer’s higher evaluation on a movie. The

coefficient for N SearchesBefore, the number of times the movie was searched before by the

user, is positive and statistically significant, indicating that if the user searched a movie multiple

time probably she’s interested in the movie and may have higher expected utility on it.

The interaction terms between social signals and the PostSearch dummy variable shows

how consumers adjust their weights on the signals on average, after more information about the

movie is revealed through search. Interestingly, the results suggest that the popularity informa-
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tion, represented by the number of likes for a movie, becomes more relevant after search com-

paring to itself when before search (coefficient for Nlikes ⇥ PostSearch being positive and sta-

tistically significant). On the other hand, the friends rental signal does not seem to change its

relevance comparing to itself after more information is revealed through search, as coefficient for

N FrdRental ⇥ PostSearch being positive but statistically insignificant.

The post-search effect of the two channels of social information seems to be moderated by

the prices revealed through search. As the “Interacting Price” model shows, the coefficient for

NFrdRental⇥Price⇥PostSearch was positive and statistically significant, but the one for NFrdRental⇥

Price ⇥ PostSearch was negative and statistically significant. This indicates that when the re-

vealed price for a movie was higher, the friends signal was still more relevant when consumers

were making rental decisions, comparing to itself and comparing to the popularity signal, in cases

where average prices were revealed.

The ratio of these coefficients to the price coefficient allows us to interpret their effects in dollar

terms. The average movie price in this study was $4.6. In our context, one additional like increased

from the mean has a monetary value that worth 0.7 cents when deciding which movie to search,

but increased to 3.7 cents when making purchase decisions. On the contrary, the average value of

a friend rental doesn’t change much when moving from search to purchase, $2.6 when searching,

and $2.9 when purchasing.

Alternatively, we can understand the relative importance between the signals at different stages

by comparing how they substitute. We define the marginal rate of substitution of number of likes

for friend rental as MRSN FrdRental!Nlikes
= � �N FrdRental

�Nlikes
. Comparing the marginal rates of

substitution between signals, a friend rental would worth about 370 additional likes when making

search decisions, but this value reduces to 80 when deciding whether to buy.

The effect change of the two channels of social information before and after search as a function

of price can be visualized in Figure 3.4. The plots were based on estimation results from the

“Interacting Price” model of Table 2. The plots provide examples on four groups of movies with

representative prices from low to high, i.e. 1.49$, 2.99$, 4.99$, and 5.99$. In each quadrant, the y-

axis represents the percentage increase on the probability4 of choosing a movie relative to outside
4In the pre-search stage, it corresponds to the probability of searching the item, while in post-search stage it
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Figure 3.4: Impact of Social Signals as a Function of Price

option with one more friend rental (solid line) and 200 more likes (dashed line) from the mean,

respectively. The x-axis only contains two points which correspond to pre- and post-search stages.

The plot shows that in general the relevance of popularity signal assessed by the crowds in-

creases after search comparing to itself before search was conducted. The relevance of friends

rental signals remain on roughly the same level before and after search. However, when evaluating

a more expensive movie (e.g., bottom-right) after it was searched, a consumer would increase her

reliance on friend rental signals, and likely reduce her weights on popularity signals.

Figure 3.4 shows that when moving from pre-search to post-search stage, the MRSN FrdRental!Nlikes

increases as the crowd signal becomes more salient, while the increase is less obvious with more

expensive product. Figure 3.5 shows that how MRS decreases as product price increases.

Search cost

Our estimation results show that the average cost to search for one additional movie was 78 cents.

Search cost for a movie reduces with its frequency of appearances within the system. One more

display on VoDMedia reduces search cost by 46%. Horizontal location of a movie on the catalog

page also changes the corresponding search cost for it. One more slot to the right on the TV screen

corresponds to the probability of purchase.
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Figure 3.5: MRS as Function of Price

increases search cost by 0.13%.

3.5.2 Valence of Signals from Friends

We also evaluate how the impact of friend rental signals can differ with valence. Since we don’t

observe the conversation details between friends, we cannot obtain a very accurate measure on

the valence of WoM5. Nevertheless, we tried to approximate the valence of friends rental signals

by leveraging the time dimension of the data. Since we observed whether a friend who rented a

movie also watched it to the end, this information can be used as a proxy of whether the friend

enjoyed watching the movie. A customer who sat for hours in front of a movie was likely to enjoy

the content, therefore if the movie was ever involved in conversations with friends, the WoM was

more likely to be positive.

Empirically, we include two additional variables to interact with N FrdRentalij . We used the

friend’s cumulative streaming time for the movie divided by the runtime of the movie to obtain a

proportional measure of whether she watched it to the end. In our empirical analysis, if tij
runtimej



5Another possible approach was to observe whether the friend who purchased the content also clicked the like

button. However, voting a like for a movie involves another costly decision making process. In our data, the support

on such events was too sparse for estimation.
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50%, we consider the consumer didn’t watch the content long enough and she was more likely to

not enjoy it that much. tij
runtimej

� 85% is another criterion that we used to assume a consumer

also enjoyed watching the content. In our empirical case, around 83.8% of the purchases resulted

in 85% watching in the end.

Table 3.5 shows the estimation results when we distinguish the valence of friends rental signals

based on whether the friend also finished steaming the content. Column (1) and (3) correspond

to models where we used tij
runtimeij

 50% to suspect that the consumer didnt enjoy the content.

Column (2) and (4) are models where we assume tij
runtimeij

� 85% to articulate a consumer enjoyed

the content. These signal valence measures were interacted with friend rental variables.

Our analysis shows that the valence of friend rental signals can have different associations with

the focal consumer’s expected utility for a movie. The valence differences were likely to affect

consumer shopping decisions starting from their search decisions (coefficient for N FrdRental⇥

Watched < 50% being negative and statistically significant and coefficient for N FrdRental ⇥

Watched > 85% being positive and statistically significant). When a friend rented the movie and

enjoyed it, the signal was associated with an increase in the expected utility for the focal user.

However, when a friend who rented the movie but didn’t enjoy it, the signal can be associated with

a decrease in the expected utility. The level of relevances don’t seem to change before and after

search.

A visualization of the effect comparison between different valences of friends rental signals

can be find in Figure 3.6. Again, we give examples on four groups of movies with prices varying

among 1.49$, 2.99$, 4.99$, and 5.99$.

3.6 Discussions and Conclusions

In this paper, we study how consumers combine signals from different social channels as a function

of how close they are to the point of purchase. We developed a dynamic structural econometric

model that adapts the idea of optimal sequential search and discrete choices to estimate the social

deterrents of consideration set formation and conversion decision making. We find that positive

signals from the crowds and from the friends both positively predict consumers expected utility
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Table 3.5: Estimation results when distinguishing the valence of signals from friends

Figure 3.6: Impact of social signals as a function of price when distinguishing the valence of

signals from friends

on a product. More interestingly, the weights a consumer put on these social signals seem to

change after she reveals further information through search and when she reach the point to make
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purchase decision. The results show that previous rental information from friends is more relevant

than likes from the crowds when consumers are deciding which movies to browse in order to form

consideration sets. But when it comes to the point of purchase, the number of likes becomes more

relevant.

There can be several explanations on why the relevances of social signals may change at differ-

ent stages of the shopping process. Most likely, this phenomenon may result from the uncertainty

reduction due to the accumulation of information through information search and the difference

in the underlying mechanism of how the two sources of signals affect consumer decision mak-

ings. Previous researches suggest that information from socially closer others can be more reliable

when people make decisions under high uncertainty (Huang et al., 2014; Galaskiewicz and Shatin,

1981; Gu et al., 2014). For example, Huang et al. (2014) showed that consumers demonstrated a

tendency to seek support from “friends” and alleviate uncertainties during the early stage of task

pursuit; however, the closeness significantly reduced after they reach the advanced stage of task

completion and become less uncertain about how to reach the goal. Meanwhile, Gu et al. (2014)

find that investors’ tendency to seek information from others with similar status or values increases

with uncertainty (represented by stock volatility), but decreases with an investor’s experience and

the amount of information to digest in front of them.

Applying the general conclusions into our contexts, at the beginning of the search process,

consumers face higher uncertainty about their shopping goals and little knowledge about product

quality. At this moment, information from friends seems to be more diagnostic comparing to one

from unfamiliar others. However, when more detailed movie information is revealed through sev-

eral rounds of information search, uncertainty reduces and consumers start to evaluate the selection

of products they have narrowed down into their consideration set. Since the popularity information

generated by the crowds can be a valuable source of quality assessment reflecting the ”wisdom of

the crowds” (Lorenz et al., 2011), consumers may rely more on it to decide which movie to rent in

the end.

Understanding the relative importance of popularity information and friends information at dif-

ferent time points of consumer shopping journey has valuable implications for business practition-
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ers. Recent researches show that online vendors often strategically design the search environment

to guide consumers’ shopping footprints (Dukes and Liu, 2015). This can be done by directing con-

sumers limited attention to a specific information source by making it prominent (Zhu and Dukes,

2017). Foremost, our study helps online vendors to better understand consumer preferences in the

lifecycle so that they can more efficiently guide consumers through the massive logs of products.

Improving the shopping experiences for consumers may in return enhance the user engagement

and monetization value. It seems that a reasonable strategy suggested by our analyses is to high-

light friend signals earlier in a consumer’s shopping process to guide her through the catalog and

narrow down her selections; later when she is comparing the products given her consideration set,

highlight the popularity information in order to assist her quality assessments.

Moreover, if the platform aim to promote contents to consumers so that they are more aware

of their options, it may highlight the friend information to consumers as it is more relevant. If

the goal is to encourage transactions, the platform can make popularity information more salient.

Regardless of the stages, since both of the social signals have positive explanatory relationship in

the overall purchase propensity, it would be a good idea for vendors to explore more informative

popularity information to display, and on the other hand incentivize the creation of social network,

encourage conversations between friends, and make the friends generated signals more observable.

The current work has several limitations that may serve as avenues of future work. First,

we used observational data to study consumers decisions and the predictive relationship between

different sources of social signals. However, using merely observational data may induce identifi-

cation challenges if we aim to identify social influence from such signals. It would be interesting

for future works and marketing practitioners to design randomized field and lab experiments to in-

vestigate the causal influences of various social signals at different shopping stages. In particular,

in the next chapter we leverage a randomized online lab experiment to address this limitation.

Moreover, when constructing the structural model, we accounted for the sequential arrival of

information during different search stages and allow for consumers to update the expected product

utility. Nevertheless, our model, like in many other works in the sequential search literature (Kim

et al., 2010; Koulayev, 2014; Ghose et al., 2018; Chen and Yao, 2016; Ursu, 2018), assumes that
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prior to search the general distributions of product features are public knowledge. Assumptions on

these beliefs relates to consumers initial assessment on the attractiveness of search. Future work

may relax the assumptions by considering consumers dynamically update their beliefs on product

characteristics as more information gets in. Finally, signals can differ in their effect in expediting

or slowing down a search to purchase transition. It would be interesting to model how consumers

devote time in different search stages, especially in a social environment.
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Chapter 4

Value of Social Signals in Consumer Search and Purchase: An

Randomized Web Experiment

4.1 Introduction

In the last chapter, we studied the explanatory relationship of social signals from friends versus

the crowd with consumers’ search versus purchase decisions. We show that both popularity infor-

mation from the crowds, represented by the number of likes, and private information from friends,

proxied by the number of friends rentals, had positive explanatory power on consumer information

search and product purchase preferences. Interestingly, in the home-based movie context, we find

that consumers tend to rely more on the information from friends when deciding which movies

to search in order to form a consideration set, and then the popularity information becomes more

relevant when getting closer to the point of purchase.

However, using merely observational data may induce identification challenges if we aim to

identify social influence from other unobservable mechanisms. It has been well demonstrated in

the literature that several underlying mechanisms compete to explain the similar behaviors between

socially connected individuals (Manski, 1993; Aral and Walker, 2011b). The most frequently cited

explanations are social influence and homophily. When a friend’s behavior causes the focal in-

dividual to behave in a certain way, which leads to the correlation between the actions, we refer

the mechanism to social influence. Homophily, on the other hand, refers to the fact that an in-

dividual tends to befriend with another person with similar tastes (Bapna and Umyarov, 2015).
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Because of that, it is not surprising that the two individuals are observed with correlated behav-

iors even when they make independent decisions without any information exchange between each

other. Besides, there are also other unobserved stimuli that may confound their behaviors, such

as vendors’ promotions targeting a cluster of consumers utilizing their knowledge about the social

network (Godinho de Matos et al., 2018).

Disentangling social influence from alternative explanations is critical for policy implications

(Manski, 1993). If social influence is the driving force of the similar behaviors, companies may uti-

lize their knowledge on the existing social network by targeting the most influential individuals to

increase the probability that the induced behaviors propagate through social contagion (Godinho de

Matos et al., 2018). At the same time, businesses may incentivize the creation of social ties and

encourage interactions between certain nodes (Dewan et al., 2017). However, when homophily is

dominant, since individuals make decisions independently instead of through contagion, targeting

social influencers may not be as effective. A more reasonable marketing strategy would be to target

a well-defined user segments (Bapna and Umyarov, 2015).

In this study, we study the same research questions as in the last chapter with a randomized web

experiment to disentangle social influence from alternative explanations. We created an artificial

“movie market” by constructing and operating an online Video-on-Demand platform (hereafter

called “MoviePlatform”) where users can search and rent movies. The shopping experiences on

MoviePlatform were designed to be very similar to ones of VoDMedia users, whom we study in the

last chapter with observational data. To increase the validity of participants’ choices, we applied

an incentive aligned reward strategy so that they can potentially realize their movie choices (Ding,

2007).

On MoviePlatform, experiment participants were provided a selection of 48 movies that were

displayed in a similar way on the catalog page as that of the VoDMedia system. On the catalog

page, randomized artificial social information were displayed for each movie. Consistent with last

study, the social signals we study in this chapter include number of likes for a movie, which we

educated the participants to be cumulative like votes from previous participants, and number of

hypothetical rentals, where we introduce the concept of friends through an impression of social
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network before they enter MoviePlatform.

Consumer information search was again defined as the action of clicking through the movie

cover page. By doing so participants access the movie landing page, where they read more detailed

movie characteristics. On the landing page a user can also vote a “like” for the movie, which

would immediately change the number of likes displayed for this movie in the system but within

her observation only. Similar to the case of the observational study, price to rent a movie is only

shown after participants search the movie. The number of likes and friends rentals were displayed

both in the catalog pages and the movie landing pages.

In the experimental setting the value of social signals were both randomized. We also random-

ize the rental prices and movie display positions on the catalog page to partial out potential biases.

We adopted a between-subjects-between-alternatives randomization and applied randomize block

design strategy to potentially increase the estimation efficiency (Gerber and Green, 2012).

We recruited 483 experiment participants through Amazon Mechanical Turk in a ten-day pe-

riod starting from March 9th, 2018. Several post-experiment survey questions were asked to the

participants to perform transparency measure, understand the reasons why or why not certain social

signal affected their decision making, and collect subjects demographic informationThe footprints

of participants on MoviePlatform were completely recorded. The clickstream data with timestamps

and the concurrent environment data allow us to recover the entire shopping journeys experienced

by the participants. The sequential search framework developed in Chapter 3 was applied to esti-

mate the effect of social signals in the search-to-purchase process.

Our analyses show that consistent with the results we find in the observational study, consumers

seem to use the information of friends rentals to evaluate the set of movies for which they would

like to conduct information search. Popularity information of a movie becomes more relevant to

consumers when they are making purchase decisions, conditional on the consideration set formed

through information search. In our experimental setting, when deciding which movies to search,

one friend rental signal could ”worth” roughly 3600 ”likes”. However, when evaluating whether

to rent the movie after it was searched, this number reduced by more than 90%, as the popularity

information becomes more important. For MoviePlatform users, one additional like increased from
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the mean has a monetary value that worth 0.03 cents prior to search, but increased to 0.36 cents

when making purchase decisions. Consumers were willing to pay on average 68 cents more for a

movie with one more friend rental.

The results from the experimental study show very similar trends in terms of the relative sig-

nificance of the two channels of social information as a function of how close consumers are to

the point of purchase. While our experiment is clearly unlike real home-based movie markets in a

number of respects, it provides meaningful evidence in addition to our findings in the observational

study that the predictive relationship may potentially due to social influence. Our findings suggest

that the two channels of social signals can play different roles in consumer shopping stages. With

limited consumer attentions, displaying the right information at the right time can enhance con-

sumer online shopping experiences and potentially increase engagement in the long term. The

strategy suggested by our results is that online venders could highlight friends-related information

in earlier stage to stimulate active information search, and later offer popularity information to

assist quality assessments and expedite conversions.

4.2 Related Works

4.2.1 Identification of endogenous social effect

When studying the effect of social information through the social network on people’s decision

making, one major challenge is to address the reflection problem, namely to separate social influ-

ence from other unobservable endogenous factors (Manski, 1993). It has been well demonstrated

in the literature that several underlying mechanisms compete to explain the similar behaviors be-

tween socially connected individuals (Aral and Walker, 2011b; Bapna and Umyarov, 2015). Chief

among them is homophily, which refers to the fact that an individual tends to befriend with another

person with similar tastes, such that two individuals are observed with correlated behaviors even

when no communications or leaning ever happen.

Researchers have recently come up with several methods to overcome the identification chal-

lenge. Aral et al. (2009) and Dewan et al. (2017) applied propensity score matching method to
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alleviate the interference from unobservables. Godinho de Matos et al. (2014) and Tucker (2008),

leveraged instrumental variable methods to partial out homophily from peer influence. The idea is

to instrument friends generated signals with the signals from friends of friends that are not directly

connected to the ego.

Several works identified social influence through randomized field experiments (Aral and Walker,

2011a; Bapna and Umyarov, 2015). Aral and Walker (2011a) designed a randomized experiment

on Facebook with 1.4 million friends of around 10k experimental users to study the peer influence

on adoption of a third party application. The paper finds evidence that significant social contagion

can be created by embedding viral features into product design. Bapna and Umyarov (2015) con-

ducted a randomized field experiment on Last.fm to study the social influence from online friends

on consumers’ decisions to upgrade their subscriptions with monetary cost. The authors found

that friends adoptions to the premium account had positive impact on the probability that the focal

users also pay to upgrade their accounts. The impact reduces when the focal user had more friends

within the online social network.

Sometimes field experiments can become practically costly or infeasible. Several researchers

leverage online lab experiments to study how decision makings are affected by social signals (Sal-

ganik et al., 2006; Salganik and Watts, 2009; Centola, 2010). For example, Salganik et al. (2006)

created an online artificial music market where 14,341 participants can listen and download songs

to study the effect of observational learning. The participants were randomly assigned into groups

where they can either observe or not observe other participants’ choices. The study find that true

quality of songs can only partially predict consumption when observational learning takes place.

Later, in a follow up paper, the authors find that their results were replicable in a pool of par-

ticipants with rather different demographic features through a online web experiment with 2,930

participants (Salganik and Watts, 2009).

In another study, Centola (2010) designed an online lab experiment to study the diffusion of

health behaviors through an artificially constructed online communities. In the three versions of

the experiment (N = 98, N = 128, N = 144 respectively), each participant were assigned a few

hypothetical friends called “health buddies”, who had artificially closer relationship to the focal

73



participant than others. The participants can observe their health buddies’ adoption decisions to

register for a health-related forum website. The study find evidence of positive social influence

and compared the diffusion patterns of two different social network structures.

4.2.2 Incentive Design in Lab Experiment

We follow the literature in experimental economics to design the lab experiment in an incentive

compatible fashion. The motivation is to induce realism into hypothetical lab tasks so that truth-

telling be the dominant strategy in the Bayesian Nash Equilibrium (Smith, 1976; Smith and Walker,

1993; Ding, 2007; Miller et al., 2011).

Based on the induced value theory (Smith, 1976), three conditions need to be satisfied to solicit

incentive-compatible behavior: monotonicity, salience, and dominance. Monotonicity requires the

incentives received be monotonic with the hypothetical returns. Dominance requires that the value

of incentive provided in the experiments be large enough that exceeds other hidden incentives,

such as psychological costs (Smith and Walker, 1993). The most critical condition is salience,

which requires that the rewards be directly related to the decisions that a participant makes during

the experiment. Consequently, fixed payment to each respondent regardless of their decisions in

the experiment may lead to biased and untrustworthy results, because the participant is aware that

there is no relationship between his/her behaviors to the reward he or she receives.

To satisfy the above requirements researchers usually need to make the selections consequential

by reflecting it in the final rewards they are receiving from the study. In this study, we use a

randomizing mechanism similar to the concept of random lottery procedure (a certain percentage of

randomly selected participants realize their selections) as the choice realization strategy (Starmer

and Sugden, 1991; Ding et al., 2005). The benefits of such design is that it ensures experiment

choices consequential in expectation while limits financial costs. The validity of random lottery

procedure design has been verified in several empirical studies in the experimental economics

literature (Becker et al., 1964; Ding, 2007; Miller et al., 2011; Ding et al., 2005; Brynjolfsson

et al., 2017).
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4.3 Experiment Design

We create an artificial “movie market” by creating and operating an online Video-on-Demand plat-

form from where experiment participants can search and rent movies. The platform was designed

so that its users have very similar experiences to the ones of VoDMedia users described in Chapter

3.

4.3.1 MoviePlatform

The experiment was conducted through a VoD platform called MoviePlatform that we designed,

developed and operated exclusively for this study1. The platform had very similar features with

the VoD system we studied in Chapter 3. The entry screen of MoviePlatform contains a catalog

page filled with 48 different movies. Figure 4.1 shows an example of the catalog page. Movies are

organized into four menus by genres, with headers that clearly identifies the genres of movies it

contains, including ”Drama”, ”Action”, ”Comedy” and ”Family”. Twelve movies were included in

each menu, which are two horizontal lines of movies with six side-by-side in each line. Different

menus are stacked vertically. Users can also use the menu bar displayed on top of the screen to

get directed to a menu with one-click. Depending on screen size at least one menu fits the screen

at each time and users can scroll up and down to explore different menus. By design, users don’t

need to move the cursor left or right to see the movies in each menu, regardless of the browsers

they use2.

Each movie was represented by a rectangle, on top of which shows the movie title and in
1The MoviePlatform website is database-backed and created through a Python-based micro web framework called

Flask. The website was hosted by a WSGI-based web hosting service called PythonAnywhere which embed services

for Django, Flask, and web2py, etc. The web pages were coded using an open-source front-end web framework called

Bootstrap. The frameworks utilized in the website ensures stable website access and convenient experiment control

and data collections. Code to construct the website available at https://github.com/youngchrisyang/MoviePlatform-

Pythonanywhere.
2MoviePlatform is accessible for desktop/laptop users only and do not support mobile use, which we indicated

clearly through out the experiment. By construction the system display features are robust and adaptable to most of

the browsers and operating systems.
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Figure 4.1: Example of catalog page in MoviePlatform
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the middle the movie cover. Under the cover of a movie, the number of likes of the movie and

number of friends who rented the movie were displayed. Clicking on the cover of a movie leads to

the movie landing page. From the landing page users can read more detailed movie information,

including the cast, directors, the year of release, play length, synopsis, and the social information

consistent with what she observed in the catalog page. Consumers can also watch a trailer of

the movie within the system by click the trailer link. If a consumer like a movie, she can also

click the like button to vote (or cancel the vote) for the movie. The number of likes would update

immediately and remain consistent for the rest of her shopping experiences. The numbers observed

by other users would not be affected.

Finally, price to “rent” a movie is displayed on the landing page too. An example of the movie

landing page can be find in Figure 4.2. Users can explore movies at MovieP latform back and

forth between the catalog page and movie landing pages easily. The shopping journey terminates

with either a movie “rental” or abandon of market without “renting” anything.

Figure 4.2: Example of movie landing page in MoviePlatform.
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4.3.2 Randomization

Since our main research question is to understand how different channels of social signals affect

consumer decision makings throughout the search and purchase process, we regard the different

levels of “numbers of likes” and “numbers of friends rentals” displayed for movies as the treat-

ments. We applied a between subjects between alternatives randomization design. For each exper-

iment participant (MoviePlatform user), three dimensions of movie features were randomized for

each movie displayed on MoviePlatform: (a) levels of social signals, including the number of likes

and the number of friends rentals; (b) price to rent the movie on MoviePlatform; and (c) position of

the movie displayed on the catalog page. Other movie characteristics displayed on MoviePlatform,

including movie cover image, cast, directors, length of runtime, IMDB ratings, brief story, year of

release, and trailer, were not manipulated3.

To increase the efficiency and power of the experiment, we applied a blocked randomization

design. The main idea is to divide observations into homogeneous blocks and then randomly assign

the level of treatment within each block, in order to keep the experimental error within each block

as well as possible (Gerber and Green, 2012). The randomization procedure is formally defined as

follows.

Let i 2 {1, 2, ..., N} represent users and j 2 {1, 2, ...,M} represent movies (M = 48). Let

Xj represent a vector of movie characteristics including IMDB rating, year of release, genres, and

rental price charged on Amazon Video. Two movies j and j0 with most similar movie character-

istics (d(Xj, Xj0) ⇡ 0) were matched and form a block k 2 {1, 2, ..., K}. Within each block,

the two movies were randomly separated into a High-Likes (HL) group a Low-Likes (LL) group.

For a user i, if a movie was assigned to the HL group, the number of likes displayed for that

movie was a random draw from a lognormal distribution with mean 6 and standard deviation 1,

i.e., N likesij ⇠ lognorm(6, 1) if ji 2 HL. Movies assigned to the LL group has number of

likes drawn randomly from a lognormal distribution with mean 4 and standard deviation 1, i.e.,

N likesij ⇠ lognorm(4, 1) if ji 2 LL.

Independent to the ”likes” group assignments, the two movies within a block were randomly
3 We obtain these movie metadata from Amazon Video, IMDB, and YouTube.
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Table 4.1: Distributions for displayed randomized volume of social signals and prices for movie j

observed by user i

Description Groups Chance Distribution

N likesij

Number of likes displayed

on Movie j for User i

HL 50% Lognormal(6, 1)

LL 50% Lognormal(4, 1)

N friend rentalij

Number of friend rentals displayed

on Movie j for User i

HF 50% Uniform {0, 0, 1, 2}

LF 50% 0

Pij

Price charged on MoviePlatform

on Movie j for User i

HP 50% {2.49, 2.99, 3.49, 3.99, 4.49}

LP 50% {4.99, 5.49, 5.99, 6.49, 6.99}

assigned into a High-Friends (HF) group and a Low-Friends (LF) group. A user i would observe

no friend rentals for a movie assigned to the LF group. Instead if a movie was assigned to the

HF group, the number of friends rentals for that movie was drawn uniformly from set {0, 0, 1, 2}.

Therefore among the M = 48 movies, in expectation there were 12 movies with at least one friend

rental, which is consistent with the number we observed in Table 3.1 in Chapter 3.

Similarly, two movies in the same block were randomly assigned into a High-Price (HP) group

and a Low-Price (LP) group, independently from the ”Likes” and ”Friend rental” treatment group

assignments. Movies in HP and LP groups had rental prices uniformly randomly drawn from

{2.49, 2.99, 3.49, 3.99, 4.49} and {4.99, 5.49, 5.99, 6.49, 6.99} respectively. The combination of

treatment level group assignments for a movie was randomly determined across users. Table 4.1

shows a summary of distributions used for different treatment level groups.

Finally, the vertical position of menus and horizontal position of movies within a menu were

fully randomized. The pair of movies matched into the same block appeared in the same menu be-

cause menus were identified by movie genres, but their positions within a menu were randomized.

Despite the details in randomized block design, readers can consider the social signals (number

of likes and number of friend rentals), movie prices and positions in catalog for movies were all

randomized for a user and across users. Table 4.2 shows the correlation between movie character-

istics and three movie features that we randomize in the experiment (p-values in brackets). The
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fact that all correlations are small is an indicator of satisfactory randomization design.

Table 4.2: Correlations between movie characteristics with number of likes, number of friend

rentals, and price charged for movies on MoviePlatform. The brackets below the correlation esti-

mate show the P-Values the Pearson correlation coefficients

log(N likes) N frd rental Price

log(N likes) 1 -0.039 0.037
(NA) (0.89) (0.91)

N frd rental -0.009 1 0.023
(0.89) (NA) (0.72)

Price 0.008 0.023 1
(0.91) (0.72) (NA)

IMDB Rating -0.009 0.053 -0.009
(0.88) (0.42) (0.89)

Year of Release -0.062 -0.003 -0.018
(0.34) (0.97) (0.79)

Amazon Rating Count 0.003 0.040 0.013
(0.96) (0.54) (0.84)

Genre Drama -0.025 -0.056 0.003
(0.70) (0.39) (0.96)

Genre Comedy 0.096 0.014 0.022
(0.14) (0.84) (0.73)

Genre Action 0.000 -0.007 -0.014
(0.99) (0.91) (0.83)

Genre Family 0.010 0.020 0.020
(0.88) (0.76) (0.76)

4.3.3 Social Signals Impression

We introduce the social signals appeared on the platform to the experiments participants in the

beginning of the study. We tried to keep the instructions concise and abstract so that it would not

introduce conceptual biases. The number of likes for a movie was described as the cumulative

counts of like votes by previous MoviePlatform users. The participants can actually click the like

buttons to vote (or cancel the vote) for movies and observe the changes, which hopefully increased

the trustfulness of the likes signals.

The concept of friends was introduced through a social network impression page. Recall that

80



in the observational study in Chapter 3, we assumed VoDMedia users know what their friends

had rented before they enter the platform. We understand that it is a limitation that in the online

experiment setting we are not able to obtain information from participants’ real social networks.

Nevertheless, we try to resemble this by introducing an impression of friends by displaying a page

that describes the hypothetical social network that a participant embedded in (see an example in

Figure 4.3).

On the impression page, each subject was displayed a network of 12 anonymous friends

(with “minion” avatars) and herself at the center of the network (with “Gru” avatar). Participants

can click on the friends avatar to reveal a list of movies the corresponding friend has rented on

MoviePlatform. They can explore as many friends’ lists as they like and stay as long as they would

like to. The lists of friends rented movies were randomized but consistent with the numbers a par-

ticipant would observe on MoviePlatform. Participants can enter MoviePlatform from the social

network impression page, and come back to the social network impression page from the movie

market with one click.

4.3.4 Experiment Implementation

Recruiting platform and task structure

We use Amazon Mechanical Turk (in short MTurk) to recruit subjects. MTurk has been widely used

in behavioral economic studies due to its capability to collect responses from geographically and

ethnically diverse subjects in a short turnaround time with inexpensive cost4. Study participants

were workers registered on MTurk that were based in United States and each participant can only

complete the study once. Throughout the online lab experiments, participants were anonymous

and only identified by a unique anonymized ID provided by Amazon.

The core task for participants is to complete a movie shopping journey on MoviePlatform. The

shopping process starts with accessing the movie catalog page, and terminates after participants
4MTurk serves as an online crowdsourcing labor market where employees (called workers) are recruited by em-

ployers (called requesters) for the execution of tasks (called HITs, acronym for Human Intelligence Tasks) in exchange

for a wage (called a reward).
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Figure 4.3: Example of social network displayed to participants
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choosing to leave MoviePlatform after “renting” a movie or abandon the market without renting

anything. We use the survey software Qualtrics to embed the core experiment task.

After initially accessing the survey, participants were shown the consent form and the general

instructions about the study and reward calculations. Then they were shown the social network

impression page where they can explore the rental list from 12 hypothetical friends. Then the

participants were directed to MoviePlatform to complete the core shopping task. The numbers

of rentals for movies a participant observe were consistent with what they observe in the social

network impression page. Participants were allowed to refer back to the social network page any

time during their shopping process. The core shopping task can be completed with a participant

confirms ”renting” a movie, or chooses to not renting any movies from MoviePlatform (opt-out).

The “opt-out” option were made available and salient on all pages to participants to make sure they

understand the existence of such alternative. A notification page of task completion were displayed

to participants after either option above was confirmed.

After completion of the core experiment task, participants need to answer a few exit survey

questions in the Qualtrics survey from where we measure participants’ perceptions about the study

and collect demographic information. At the end of the survey, participants may collect the survey

completion code and return to the MTurk HIT page to redeem the rewards and complete they study.

The survey experience from a participant’s view point is illustrated in Figure 4.4.

Incentive Design

We follow the literature in experimental economics to design the lab experiment incentive com-

patible. The motivation is to induce realism into hypothetical lab tasks in order to increase the

truthfulness of participants choices (Smith, 1976; Smith and Walker, 1993). In particular, we ap-

plied a randomizing mechanism called random lottery procedure similar to Starmer and Sugden

(1991) and Ding (2007) as the choice realization strategy. The total reward a participant receives

in our study includes two parts: a guaranteed uniform participation fee and an individual-specific

lottery reward.

We leverage the lottery reward to realize the movie choices and create incentive-aligned bonus
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Figure 4.4: A participant’s experience in the HIT

to encourage participants to behave as closely as possible to their real-life decision makings. If

winning the lottery, the participant can be thought of as being granted a $10 voucher to spend

on renting movies from MoviePlatform. She would win an Amazon Video voucher (provided by

us) to actually watch the movie she has “rented” during the shopping process in the study, plus

keeping the unused portion of $10 ($10 minus the price of movie charged on MoviePlatform).

Consequently, the final reward if winning the lottery is determined by the movie she has chosen

and the price charged on MoviePlatform5.

The lottery reward calculation method was introduced prior to the core shopping task, but the

lottery results were only revealed at the end of the survey. This is critical to the validity of the

random lottery design in order to avoid potential impact of knowing the lottery results on the

shopping behaviors. Figure 4.5 shows the instruction on reward calculation we provided in the

beginning of the Qualtrics survey prior to starting the core shopping task. More details of the
5By choosing to abandon the market without any rental, a participant can obtain a lottery reward of $10 as the

corresponding “movie” price was zero.
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incentive design were discussed in Section C in Appendix.

Figure 4.5: Instructions on study reward calculation used in the Qualtrics survey

4.4 Data

The experiment subjects were recruited through Amazon Mechanical Turk in ten days starting from

March 9th, 2018. Surveys that embedded the core shopping task were distributed through batches

scheduled at different time periods of a day (including morning, early afternoon, late afternoon,

early night, and late night, in Eastern Standard Time.). Participants need to be currently located in

United States to access the study. We also require participants to use laptop/desktop to complete the

study to make sure the shopping experiences were comparable to ones of V oDMedia consumers.

In total, 500 participants were recruited for the study and 483 completed the survey. We provide

a detailed summary of participants reported sociodemographic and economic information in Sec-

tion C in Appendix. Among the 483 participants who have completed the survey, 95.9% searched

at least one movie by clicking into the movie landing page, and 93.1% ended up “renting” a movie
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on MoviePlatform. On average, they spent roughly 20 seconds on the social network page, ex-

plored the movie rental lists from 8 hypothetical friends out of 12 (Table 4.3). Participants spent

65.3 seconds on MoviePlatform and browsed for 2.4 different movies on average. This is fairly

similar to the number of distinct movies browsed in a search-purchase session by VoDMedia users

introduced in Section 3.1. It took averagely 8.3 minutes for experiment participants to complete

the entire survey. Around 6% participants clicked the like button for at least a movie.

Table 4.3: Descriptive statistics for user behaviors on MoviePlatform

N Mean Median Sd Min Max
Searched at least one movie

(1: Yes; 0: No)
483 0.959 1 0.199 0 1

Number of different movies searched
(Given searched at least one movie)

463 2.37 1 2.71 1 21

Number of movies purchased
(Given searched at least one movie)

463 0.931 1 0.254 0 1

Time spent to finish the survey (min) 483 8.31 6.98 5.35 1.55 48.52
Time spent on the social network page (sec) 483 21.73 18 20.10 0 59

Time spent on MoviePlatform (sec) 483 65.25 32 87.49 0 628
Number of different hypothetical friends

browsed on social network page
483 7.52 8 4.30 0 12
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Figure 4.6: Number of different movies and number of hypothetical friends browsed
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Figure 4.7: Time spent on different stages of the study

In the supplementary survey questions, we recorded several measures of study transparency

and clarity (see Table 4.4). We surveyed the subjects on the “overall clarity of the movie renting

task”, “transparency of the reward calculation”, and whether they agreed that “truthfully” selecting

a movie were of their best interests. The three measures all showed scores higher than 4.6 (out of 5),

indicating most of the subjects precept the study instructions and the shopping process transparent

and clear.

A quiz was then used to measure whether participants understand the reward calculation was

asked, and 85.1% participants gave the correct answer (See Figure C.3 in Appendix ).

We also asked whether the participants had ever noticed and combined the social information

during the core shopping task. We clearly referred the social information to the ”numbers of likes”

and ”numbers of friends rentals” displayed for movies on MoviePlatform. More than 54% of them

reportedly relied on at least one channel of social information during their shopping experiences

on MoviePlatform.

Movies provided on MoviePlatform

We included 48 movies on MoviePlatform. These movies were chosen from the ”Featured Movies”

list for ”rent or buy” on Amazon Video platform. The majority of these movies were recently

available to the video-on-demand market and selected by the Amazon Video editorial team. We
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Table 4.4: Measures of study transparency and clarity

Questions N Min Max Mean Median Sd
Was the movie renting process on MoviePlatform
clear to you? (0 - very unclear, 5 very clear) 483 1 5 4.648 5 0.729

Was the reward calculation
clear to you?(0 - very unclear, 5 very clear) 483 1 5 4.681 5 0.674

Was it clear to you that it was in your best interest
to choose the best movie for you given your interests
and price rather than choosing a random movie?
(0 - very unclear, 5 very clear)

483 1 5 4.665 5 0.702

selected these movies because they were expected to attract interests from general interests, and

more importantly we can realize participants’ movie choices through a widely accessible platform

(using Amazon Video vouchers). Table 4.5 shows the descriptive statistics for the 48 movies on

MoviePlatform.

Table 4.5: Characteristics for movies displayed on MoviePlatform

Statistic N Median Mean Min Max St. Dev.

Number of Likes 48 130.5 483.688 8 4,941 907.642

Number of Friends Rentals 48 0 0.458 0 2 0.771

IMDB Rating (out of 10) 48 6.600 6.642 5.100 8.200 0.792

Amazon Rating Counts 48 358.5 2,122.000 8 19,783 3,813.799

Price charged by Amazon Video 48 4.990 5.157 3.990 5.990 0.859

4.5 Model and Estimation

We applied the same estimation framework developed in Chapter 3 for data analyses. When a user

arrives at MoviePlatform with the intention to rent a movie, the website presents a list of movies

positioned at different slots on the catalog page. For a given movie, the user is aware of the number

of likes and number of friend rentals for the movie. However, she may be uncertain about some
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other product characteristics, for example, the price to rent the movie.

Consistently we define a search as the user clicking through the movie cover to browse the

movie landing page. The click-through resolves the uncertainty about her utility but is meantime

costly. To avoid redundancy, I briefly summarize the key expressions of the model and ask the

readers to refer to Section 3.4 for the full model development. In section 4.5.1 we first specify

the mathematical model of consumer utility and search cost, and in section 4.5.2 we specify the

empirical models we used to describe them respectively.

4.5.1 Model Revisit

We represent consumer i’s utility function of renting movie j as follows:

uij = Xij� + zj� + ✏ij (4.1)

where Xij represents a vector of movie characteristics the consumer knows prior to search the

movie and zj represents a vector of movie features that can only be learned after search. The

stochastic component ✏ij represents the unknown idiosyncratic stochastic error to researchers,

which we assume has Extreme Type I distribution (✏ij ⇠ TypeIEV (0, 1)).

Prior to search a consumer doesn’t observe the true values of zj but knows its distribution.

Therefore their utility estimates were calculated by substituting the expected value of zj in Eq

(4.1). The prior search utility function with superscript 0:

uij = Xij� + E(zj)� + ⇠zj + ✏ij (4.2)

where ⇠zj represents consumer’s uncertainty about variables zj .

The goal of search for a consumer is therefore to eliminate the uncertainty prior to search,

i.e. to reveal ⇠zj + ✏ij . We assume the search costs on MoviePlatform are known to consumers

as private knowledge. Applying the same strategy as Chapter 3 we model the individual-movie-

specific search cost has an exponential specification to ensure the switching cost is always non-

negative.(Kim et al., 2010):

cij = exp(wij⌘) (4.3)

where wij represents a vector of variables that affects the search cost of searching movie j
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4.5.2 Empirical Specifications

For MoviePlatform users, we consider Xij to include the publicly available movie information

about movie j, and the randomized social signals (number of likes and number of friends rentals)

displayed for movie j to user i. In particular, Xij includes

• N likesij . Number of likes for movie j displayed to user i. Normalized.;

• N FrdRentalij . Number of friends rentals for movie j displayed to user i. Centered;

• IMDBRatingj . The concurrent rating out of 10 for movie j on IMDB.com. Normalized;

• AmazonRatingCntj . The concurrent number of ratings for movie j on Amazon Video.

Centered;

• MovieAgej . Age of the movie as of the year of 2018. Centered.

• Genre dummies. Indictor variable of whether the movie belong to a Genre. We used four

genre dummies, including Action, Drama, Comedy, and Family

Similar to the VoDMedia system, the consumer reveal price information only after searching a

movie. In the empirical model, we define zij as the price charged by MoviePlatform for movie j

displayed to user i, denoted as Priceij .

The empirical model for utility of consumer i on movie j can be represented as follows:

uij =↵� �Priceij + �11log(N likesij) + �21N FrdRentalij

+�12log(N likesij)⇥ PostSearchij

+�22N FrdPurchaseij ⇥ PostSearchij

+µ1IMDBRatingj + µ2AmazonRatingCntj + µ3MovieAgej

+µ4:7

X

k=1:4

Genrek + ✏ij

(4.4)

We expect �11 and �21 to estimate the average weights a consumer has for one unite change of

log(N likesij) and N FrdRentalij respectively. Following the same development in Chapter 3,
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we define PostSearchij as a dummy variable that equals 1 only when entering the utility function

after a movie was searched, and 0 otherwise. The coefficients �12 and �22 capture the weight

changes of N likesij and N FrdPurchaseij respectively on the utility level after information

revelation through search. µ represents the vector of coefficients corresponding to other movie

characteristics controlled in the model.

Since users of MoviePlatform need to scroll down to access movies located in deeper menus,

search cost is expected to increase with the vertical order of menu it belongs to in the version

displayed to a consumer (menu order increases from top to bottom). In the meantime, consumers

do not have to move the screen horizontally to access movies. We model the search cost as the

baseline search cost plus the additional cost associated with scrolling down the screen to access

the movie.

cij = exp(⌘0 + ⌘1Menu Orderij) (4.5)

The estimation of ⌘0 was used to measure the average baseline cost to search an additional

movie. We expect ⌘1 to capture the additional search cost associated with scrolling down to access

one additional menu vertically. The ratio between estimated cij and the price coefficient in the

utility function � converts the search cost into monetary value.

4.6 Results

We estimate the structural model described in the section 3.4 on the search-purchase sessions from

463 experiment participants who searched at least one movie on MoviePlatform. We used the

same maximum likelihood estimator developed for Chapter 3 and estimated the empirical models

using the Maximum Simulated Likelihood method. For detailed estimation strategy please refer to

section 3.4.2.
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Table 4.6: Main Estimation Results Following the Sequential Search Framework

Model (1) Model (2)
Utility

Intercept -0.077*
(0.044)

0.001
(0.137)

Price -0.070***
(0.007)

-0.074***
(0.007)

N likes 0.001
(0.010)

0.003
(0.010)

N frd rental 0.069***
(0.013)

0.070***
(0.013)

IMDB Rating 0.013ˆ
(0.008)

0.023*
(0.011)

N likes ⇥ PostSearch 0.034*
(0.015)

0.036**
(0.015)

N frd rental ⇥ PostSearch -0.023ˆ
(0.018)

-0.021
(0.018)

Amazon Rating Count 0.091ˆ
(0.061)

Movie Age -0.001
(0.002)

Genre Dummies No Yes
Search Cost

Intercept -1.549***
(0.062)

-1.644***
(0.068)

Menu Order 0.028***
(0.007)

0.034***
(0.007)

Number of participants 463 463
Log Likelihood -4417.19 -4382.65
ˆ<0.10; * <0.05; ** <0.01; *** <0.001
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4.6.1 Estimation Results

Table 4.6 shows the estimation results for both the utility model and search cost model. We showed

two models in the table: Model (1) serves as the baseline model while Model (2) adds additional

movie characteristics controls. Both models used the same empirical expression for search cost as

Eq. 4.5.

The price coefficients were negative and statistically significant, indicating utility reduces with

price. Prior to a movie being searched, the number of friends rentals seems to positively impact a

consumer’s expected utility for the movie (�21 positive and statistically significant). The number

of likes displayed for a movie didn’t seem to change consumer’s expected utility for the movie, as

�21 being positive but statistically insignificant.

After a movie was searched and more information about a movie was revealed, consumers seem

to adjust their weights on the two social signals (number of likes and number of friends rentals) to

form the expected utility for a movie. �12 being positive and statistically significant indicates that

on average a consumer increased reliance on the popularity information (number of likes). The

results show that the popularity information still plays an important role (represented by �11+ �12)

in a consumer’s rental decision since it only depends on post-search utilities (and the utility of the

outside option).

�22 is negative but statistically insignificant. This indicates that consumers seemed to slightly

reduce their reliance on friend signals while making rental decisions, but the statistical support

was weak. Nevertheless, the overall impact of friend signals, represented by �21 + �22 were still

positive and statistically significant.

Another method to understand consumers’ adjustment of relative reliances on the two channels

of social signals before and after further information was collected through search is to calculate the

marginal rates of substitution between them. The results in Table 4.6 indicate that when forming

the expected utility for a movie before searching it, one friend rental signal could worth roughly 3.6

thousands “likes”. However, after the movie was searched the popularity information became more

important, the number of likes needed to substitute one friend rental signal reduced to roughly two

hundreds.
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We can also obtain the money value of social signals by calculating the ratio between the vari-

able coefficients and the price coefficients. For MoviePlatform users, one additional like increased

from the mean has a monetary value that worth 0.03 cents when setting the expected utility level

prior to search, but increased to 0.36 cents when making purchase decisions. Consumers were

willing to pay 68 cents more for a movie with one more friends rental.

The average cost for searching one additional movie located in the top menu6 was around $2.67.

If the movie locates in one more menu vertically deeper on the catalog page, the search cost for

that movie increased by roughly 3%.

4.6.2 Comparing With The Observational Study

When designing the online lab experiment, we aim to create movie shopping experiences similar

to ones of VoDMedia users so that results from both parts are comparable. Foremost, the proce-

dures to complete a shopping journey are the same for users in both platforms. Consumers started

the shopping process by accessing the catalog page, proceeded with rounds of active information

search by clicking into movie landing pages, and complete the journey with either a rental or not.

Table 4.7: Comparing the observational study and experiment study: Marginal rates of substitution

between signals and signal Dollar values

Observational Study Experimental Study
Before Search After Search Before Search After Search

Number of likes a friend rental signal worths ⇠340 ⇠80 ⇠3400 ⇠200
Dollar value of a friend rental signal ⇠2.6 dollars ⇠2.9 dollars ⇠0.95 dollars ⇠0.68 dollars
Dollar value of one additional like ⇠0.7 cents ⇠3.7 cents ⇠0.03 cents ⇠0.36 cents

The information revelation processes in both platforms were mostly identical. We assume

consumers had knowledge on only a subset of movie characteristics prior to clicking through the

movie landing page. Search, defined as the click through behavior, reveals further information
6The orders of the four menus take value from {0, 1, 2, 3}
7The estimated baseline search cost in the experimental setting was find larger than the estimated baseline search

cost in the observational setting introduced in last chapter (78 cents). This is potentially because users were more time

sensitive in the experimental setting.
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about a movie and resolves a consumer’s uncertainty about the movie. In particular, users in both

platform observed the number of likes and number of friends rentals before they click through the

movie landing page, but only gains knowledge on how much the movie costs after searching.

Figure 4.8: Marginal rates of substitutions between social signals in the observational study vs

experimental study

The most substantial difference is that in the experiment study, both the social information and

prices were randomized. Randomization provides better identification support by partial out the

influence of signals from other underlying explanations.

Nevertheless, the estimation results applying the sequential search framework show very simi-

lar trends in terms of the relative significance of the two channels of social information throughout

a consumer’s shopping journey. We find that in both contexts consumers seem to use the informa-

tion on friends rentals to evaluate whether to spend time to know more about a movie. Popularity

information of a movie, represented by the number of likes in our contexts, becomes more relevant

to consumers only when they are making purchase decisions after they have collected information

through search.

Table 4.7 shows a comparison between the two contexts in measures of marginal rates of sub-

stitution and dollar values. In the experiment context, the number of likes a friend rental signal
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substitutes reduced by 94% (from ⇠ 3400 to ⇠ 200) when moving from the search stage to the

purchase stage, comparing to a 76% decrease (from ⇠ 340 to ⇠ 80) as we estimated in the obser-

vational study context (See Figure 4.8). This similarity in trend can also be find in the monetary

value of signals (See Figure 4.9). While the value of friend rental signals changes only slightly

when moving from making search decisions to making purchase decisions in both contexts, the

dollar value of likes increased by 5x and 12x in the observational study and experimental study,

respectively.

Figure 4.9: Dollar values of social signals in the observational study vs experimental study

4.7 Discussion and Conclusion

In this study, we created an artificial movie market where users can search and rent movies. Lever-

aging an incentive-aligned randomized web experiment we extensively studied the social influence

of two sources of social signals on consumer product information search and purchase decisions.

The experiment was designed to further study and identify the relationships we observed in Chap-

ter 3. We find that consumers expressed the tendency to rely more on the friends signals when

deciding which movies to search, and the popularity signals becomes more relevant for consumer

purchase decisions.
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The results in the experimental context are consistent with the ones from the observational

study in terms of the relative importance of social signals as a function of how close consumers

are to the point of conversion. This further suggests that the relationship we observed earlier may

origin from social influence rather than homophily.

We eager to understand why consumers care about these social signals in the first place, and

in the movie market why the two channels of signals can potentially play different roles in the

conversion funnel. As part of the post-experiment survey questions, we asked the participants why

or why not they choose not to rely on the two sources of social information (the survey questions

can be find in Section C in the Appendix).

Around 41% participants reported that they have relied on the numbers of likes when shopping

on MoviePlatform. The most prevalent reported reason is that the cumulated like votes are “good

quality indicators for movies”. High number of likes “shows the how well accepted” the content

is, or at least shows it’s “not terrible”. A few others reported that they “regard them as ratings”,

and they “usually agree on the overall ratings and reviews”. These answers show that if consumers

care about the popularity signals, they would most likely use them for product quality assessment.

When we surveyed why consumers relied on the friends rental signals (slightly more than 30%

participants reported that they did combine these signals when choosing movies on MoviePlat-

form), the most popular answer was that they have similar “interests and preferences” with friends

and “if they (their friends) enjoyed a movie it is likely I (they) will too”. Meanwhile, more than

a few participants pointed out that sometimes if they don’t know what movies to watch, they

would “ask friends for recommendations”. This is because they “trust (their) friends on movie

selections”. Interestingly, some participants also reported that they ask their friends to help pick

movies, in order to “narrow down the selections”. This may explain why friends signals play a

role when consumers select which movies to search. A few others indicated that they find these

signals useful because these related movies add value to their conversations (e.g. “I see my friends

and I can than have something to chat about”). Several participants reported that they began to

trust these signals when they observe movies they like also rented by their hypothetical friends.

There were also 46% participants indicated that they didn’t rely on any of the these signals
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while shopping for movies on our platform. When asked about reasons, more than 90% of them

reported that they would “only trust (their) own tastes” when it came to movies such that oth-

ers’ opinions were irrelevant. A few participants even pointed out that they often have opposite

tastes than others, even friends. Some participants indicated that they know enough about movies

from various information sources so that when making selections they would simply ignore these

signals. The reasons seem to converge to the explanation that movies are hedonic goods and con-

sumers may have more outside information about the true quality of the products, as pointed out

by the authors in Godinho de Matos et al. (2016).

These answers suggest that the positive influences from these signals can due to a hybrid set of

reasons. For people who care about these signals, the number of likes are more relevant to product

quality assessment, just like other aggregated popularity signals such as ratings and reviews. On the

other hand, friends signals influence consumer decision makings in a more complex mechanism.

They may serve as recommendation signals from trustworthy sources, indicate the product can have

social value, or filter out more relevant alternatives for consumers to reduce their search costs. Our

discussion on why the relative importance of signals change at different shopping stages in the last

chapter, therefore, is still valid and further supported here. We conjecture that when facing more

uncertainty about the choices, consumers trust more on the information from credible connections.

But when measuring product quality, popularity signals are still relevant because they reflect the

wisdom from crowds.

Our findings have important managerial implications for online marketplace of digital experi-

ence goods such as online videos, books, and music where both popularity and friend influence

might be at play. First, like what we suggested in the last chapter, a reasonable strategy to enhance

consumers shopping experiences would be to highlight customized friends information from con-

sumers’ own social network earlier in their shopping process but later highlight the popularity

information to assist product quality assessments. Moreover, since the relationships we find be-

tween the social signals and consumer decision makings were likely due to social influence instead

of other underlying mechanisms such as homophily, business practitioners should encourage the

creation of consumer social networks and promote communications between socially connected
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consumers. For example, the platform can create features that allow consumers to recommend or

share their comments to friends directly. Finally, although the two sources of social information

exhibit different influences along the conversion funnel, both exert positive impact on the over-

all purchase intentions. Marketers shouldn’t be impeded to explore more valuable social signals

leveraging knowledge on both the entire population and the social graphs among consumers.

Turning to limitations, our experiment is clearly unlike real movie market in a number of

respects. For example, participants may not have the exact shopping intentions when the platform

first appear in front of them than real consumers sitting on the couch with zapper in hand. Although

only a small proportion of them reported in the survey, some experiment participants may have

questioned the authenticity of the social information displayed during their shopping journeys.

Although these differences limit the immediate relevance of our experiment to real market, our

findings nevertheless suggest that social influences from the two different sources exerts important

but different effects on search versus purchase decisions, especially when the trend of importance

changes were consistent with what we observed in a different real market. Overall, combining with

the observational analyses in the previous chapter, this study provides robust empirical regularities

to the discussion of social influence on consumer shopping behaviors and practical managerial

strategies.
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Chapter 5

Conclusions

Telecommunication service providers can leverage various types of managerial strategies to remain

profitable when facing competitions from innovative business models and technologies in the new

digital age. This thesis examines the impacts of some of the firm initiated managerial strategies on

consumers’ switching, searching, and purchase decision makings.

In Chapter 2, we study consumers’ subscription relationship with service providers by focusing

on the role of lock in contract, a ”loyalty program” created by the providers to keep consumers

subscribed for a long enough period. It has been fiercely discussed by policy makers whether

the status quo contracts (24-months) are outdated and need to be shortened to extensively protect

consumer well-being. Using data from a large telecommunication service provider, we estimated

a discrete choice model and conducted several policy simulations to study what may happen if

the lock in length was reduced from what they were nowadays. We find that the shortening of

lock in does make consumers more flexible in their choices. However, from a static point of view,

the welfare consumers gain from such policies may not overcome the profit loss for the providers

side, which to a great extent was caused by the increased acquisition costs on the providers side.

This fact may jeopardize the overall success of the regulations because firms may collaboratively

increase service prices and make consumers worse off.

The analyses show that merely reducing lock in periods may be insufficient to improve con-

sumer well-being. Regulators need to account for the additional costs that firms incur to set up the

consumers that churn. Although consumers can benefit from such policies to obtain more flexibil-

ity, firms are likely to increase prices to cover such costs, which are likely to pass on to consumers.
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This may end up hurting consumers more than benefiting them. Therefore, regulators need to

consider policies in tandem to achieve the desired objectives.

Given the several limitations our study experiences, we hope future studies can extend ours to

provide further evidences to policy makers. We studied the impact of lock in shortening policies

from a rather static perspective. Researchers can develop dynamic analytical models to study the

market effect in the short and long term, and empirically instantiate the models. Moreover, in our

study, although we obtained information about the local competition and best offers, we have to

make several assumptions about where consumers switched to. Future research works can consider

using data from multiple sources. For example, albeit difficult to realize, it can be extremely helpful

if researchers can simultaneously obtain household data from several major service providers in a

market, in order to understand where consumers actuarially switch to and why do they switch in

the first place.

In the later part of the thesis, we investigate the search and purchase decision makings of

consumers in a social environment by studying a specific service market where consumers rent

movies to watch at home. Our research questions focus on the understanding of whether and how

consumers combine social information from the crowds versus the friends at different stages of the

conversion funnel. We proposed a structural econometric model to describe consumers’ search and

purchase behaviors as well as to quantify consumer search costs. The model takes into account the

dynamic updating of information and consumer decision making under uncertainty. It combines an

optimal stopping framework with a discrete choice model to jointly measure the paths from search

to purchase.

To address the research questions, we applied the model to two connected yet distinct empirical

contexts. We first studied a VoD market created by a large telecommunication service provider

using large-scale household level clickstream and transactional data. Later, we created an artificial

VoD market and leveraged a randomized web experiment to further understand the mechanism

of social influences. We find that, in both contexts, consumers seem to rely on information from

their socially connected friends to determine which movies to conduct information search. But

later, when consumers are deciding which movies to rent among the movie they have searched, the
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popularity information becomes more relevant to consumers when they are determining whether

to purchase a content. We also find evidence that both signals contribute positively to the overall

chance that a movie is chosen.

Our findings implies that online platforms, where both sources of information may be at play,

can leverage their knowledge on consumer social connections to strategically display social infor-

mation to affect consumer decision makings. For example, understanding that friends information

plays a more important role in the search stage, platforms can highlight such information to help

consumers navigate through the complex catalog and narrow down selections quickly. This may

greatly improve consumers shopping experiences and prevent early termination of the shopping

process due to tedious information search. Meanwhile, consumers may value signals that are help-

ful for quality assessment in the later part of the shopping journey. The vendors, therefore, can

provide various forms of popularity information, such as the number of likes in our example, or

crowds ratings and reviews obtained from credible sources to help consumers reduce uncertainty.

Potentially, information from friends may still be quite valuable at this moment if it can be en-

riched so that consumers can infer product quality from it. For instance, consumers may not be

able to assess the movie quality by just observe their friends purchased it, but would be if they

know whether they enjoyed watching it, or whether their friends had purchased similar contents

before like them.

For future works, we suggest empirical works to investigate different formats or realizations of

social information from both the crowds and the social network. Previous research works showed

that the valence, volume and dispersion of social signals may have different influence on product

sales (Liu, 2006; Duan et al., 2008). We are more than eager to understand whether social signals

from the crowds and the friends, if appear in different formats, can have different impact on con-

sumer search and purchase decisions than what we have identified in this study. This will further

help us to extensively understand the underlying mechanisms of social influences on consumer

information search and product purchase. Moreover, research works can be devoted to develop-

ing alternative structural models on consumer information search that relax several assumptions

exerts in the traditional optimal search models. For example, consumers can be thought of with
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only bounded rationality (Simon, 1957), such that when they make search decisions, their deci-

sions are shaped by the cognitive limitations of minds, time, and information, which is especially

likely to happen when unlimited information competes for limited consumer attentions. Finally, as

shopping platforms are continuously transiting to the mobile ends, empirical works can investigate

how the two channels of social information can play different roles when information competes

attentions more fiercely on smaller screens.
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Chapter A

Appendix for Chapter 2

A.1 Simulation Details

A.1.1 Churn Rate Estimation

To determine how exogenous changes of the lockin period change the market outcomes in terms of

consumer surplus and firm profit we use the model presented in the previous section to determine

how consumer switching behavior changes as lockin changes.

Figure A.1 shows the simulated churn probabilities over time. These probabilities are obtained

by computing the market share of the churn alternative in our multinomial choice model. The plot

shows that the churn rates increase over time when the lock-in period is active. This is consistent

with the fact that the penalty that customers need to pay to churn reduces as the lockin period ends.

There is large discontinuous increase in the probability of churn near the end of the lockin period

after which the likelihood of churn decreases smoothly over time because customers who choose

to stay with the carrier become increasingly loyal over time.

The color gradient of the different lines depicted highlights the probability of churn for different

initial lengths of the lock-in period, which we obtain using simulation over the models estimated

in column (1) of Table 2.3.

For shorter contracts, the monthly probability of churn is higher because switching costs de-

cline. However, after the contract experies, shorter contracts are predicted to have less churn then

longer ones. As possible explanation is that the likely churners drop out earlier, thus the clients
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that remain are less prone to churn, and another possibility is that consumers that were locked into

longer contracts perceive differently the limitations associated to being in these contracts and be-

come more willing to churn. In our empirical case, the survival probability converges after around

five years.

The figure also shows how the probability of churn vary with different intensities market com-

petition intensity. In markets with higher number of firms (dashed lines), the baseline probability

of churn is higher because consumers experience smaller switching costs (�10 and �11 are positive

and statistically significant in Table 2.3).
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Figure A.1: Probability of churn (Top) and probability of survival (Bottom) when the length of

the lock-in period varies according to the estimation results in column (1) of Table 2.3. Two market

local competition scenarios were represented: solid curves correspond to market with one competi-

tors (two service providers market) and dashed curves correspond to one with three competitors

(four service providers market).
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A.2 Complementary Policy Simulations

A.2.1 Price changes to maintain Consumer Surplus

We also study what increase in price would render consumers indifferent. Consider the case when

the regulation allows firms to increase price in order to rescue part of their profit loss, but only to

some extent so that consumer welfare is not reduced from the original level. Figure A.2 shows

how the firm increases price to counter a reduction in the lock-in period to rescue part of profit

loss while keeping consumer surplus constant and how firm profit is affected. Since the changes

in consumer surplus substantially depends on their discount factors, the change in price needed

also varies accordingly. When consumers only slightly discount the future (curves with ”round”

dots), the firm can increase price by roughly 1% to counter a reduction in the lock-in period of 8

months in a three-competitor market. This price increase is more than half of the price increase

when firms react to maintain profit if without price regulation. For example, if the lock-in period is

reduced to 16 month and consumer discount rate is low (curves with ”round” dots), the firm would

lose $13, 0.4% of its original profit from a consumer’s lifetime if the lock-in period is 24 months.

This would still save the firm more than half of the profit loss comparing to a case where no price

increase is allowed (Figure 2.3). When consumer discount rate is high (curves with ”square” dots),

however, firms are only allowed to slightly increase price to make consumers indifferent (0.25%),

which limits firm’s ability to recover profit. Policy interventions are less needed in the first place if

consumers substantially discount future because their benefit from reduced switching cost is also

limited. These results are also qualitatively similar across the rates of return that we simulate. Our

analyses show how price regulation can pair with the lock-in period reduction to protect consumer

welfare while to some extent protect the firm from losing much profit. The effectiveness of this

policy may be sensitive to consumer discount rates.
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Figure A.2: Percentage change in price (left) and percentage change in firm profit (right) when

the lock-in period reduces and the firm reacts to increase price up to making consumers indiffer-

ent to the status quo of 24 months lock-in period. Two market local competition scenarios were

represented: red curves correspond to market with one competitors (two service providers market)

and blue curves correspond to one with three competitors (four service providers market). Plots

are based on simulations using estimation results in column (1) of Table2.3.

A.3 Additional Statistics
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Figure A.3: Boxplots of prices of same products for consumers before and after contract expiry.

The plots were broken down to each service products and the boxplots show the 5%, 50% and 95%

quantiles.
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Chapter B

Appendix for Chapter 3
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B.1 Distribution of Uncertainty

In this appendix we discuss the distribution of uncertainty prior to search, followed by how to

calculate reservation utilities theoretically and empirically.

Assume in Equation 3.1 zj is of dimension k, and z(n)j follows a distribution with p.d.f. f (n)
(·)

and c.d.f F (n)
(·), 1  n  k. For calculation simplicity and taking advantage of the additive

property of normal distribution, we assume that z(n)j ⇠ N(0, 1), 1  n  k. Empirically this can

be achieved by normalizing zj . Let ⌃z be the covariance matrix consisting of zjs. Then

zj� ⇠ N(0, �2
z)

, where

�2
z =

kX

n=1

(�2
(n)⌃nn) + 2

kX

m=2

m�1X

n=1

�(m)�(n)⌃mn

Specifically when zj’s are independently normally distributed, the variance of the search re-

vealed term can be simplified as (diag(��T
)

Tdiag(��T
))

2.
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B.2 Calculating Reservation Utility

The highest computational complexity is from the calculation of reservation utility especially when

the dimension of products is big. We use an interpolation based approach by solving them outside

the iterations similar with previous works in the literature (Kim et al., 2010; Chen and Yao, 2016;

Ghose et al., 2018). From Equation 3.4, given the distribution of utility uij and searching cost

cij , the corresponding reservation utility can be calculated by numerically solving the integral.

However, reservation utility needs to be calculated in each iteration of parameter value updates

during the optimization. It would be computational inefficient to conduct the calculations within

iterations.

We use a interpolation based approach by solving them outside the iterations in a flavor similar

to (Kim et al., 2010; Chen and Yao, 2016) but slightly different to account for information updates

observed by researchers. In particular, following Equation 3.4 and let Vij = Xij� + E(zj)� to

represent the determined part of utility prior to search and f(·) being the c.d.f of uncertain part of

utility:

cij =

Z 1

Rij

(Vij �Rij)f(Vij)d(Vij) (B.1)

From the above equation,

cij = (1� F (Rij))

Z 1

Rij

(Vij �Rij)
f(Vij)

1� F (Rij)
d(Vij) (B.2)

Specifically, when f(·) is normal, following the property of expectations of truncated normal

distribution, we obtain

cij = (1� �(⌘ij))(Vij �Rij +
�(⌘ij)

1� �(Rij)
) (B.3)

where ⌘ij = (Rij � Vij)/�ij follows a standard normal distribution (Kim et al., 2010).

Therefore, for a given pair {cij, Vij}, we can calculate the corresponding reservation utility

Rij by solving Equation B.3. We can simplify create this table outside of the estimation loop and

then construct a look-up grid of the triple {cij, Vij, Rij} to a substantially accurate level. When

given {cij, Vij} inside an iteration, we use method of polynomial interpolation to approximate the

reservation utilities.
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B.3 Estimation Algorithm

We coded our own estimator which uses maximum simulated likelihood to estimate the utility and

search cost parameters. Given a set of parameter estimates, the overall log likelihood for data can

be calculated according to Equation 3.13. The algorithm optimizes the set of parameters iteratively

through heuristic search. The maximization of the particular likelihood function, however, is a non-

smooth optimization problem (Honka et al., 2016). Traditional newton-method based optimizer

can result in local optimum and non-convergence. To solve similar problems, researchers either

used downhill simplex method such as Nelder-Mead (Ghose et al., 2018), or applied a kernel

smoother to approximate the original problem and solve it using Newton-based approach (Honka

et al., 2016). However, the Nelder-Mead technique is a heuristic search method that can converge to

non-stationary points (McKinnon, 1998). The kernel smoothing based optimizer requires finding

proper smoothing parameters which may be computational costly and limit the generalizability.

We approach the optimization by comparing the choices of algorithms on various support of

starting values. In our particular case, the best-performing algorithm is the Broyden-Fletcher-

Goldfarb-Shanno (BFGS) algorithm. BFGS is a quasi-Newton method that has proven to have

decent performance even for non-smooth optimizations (Lewis and Overton, 2013). With our data

BFGS converges faster to the global optimal and is more robust to different reasonable starting val-

ues. We also tested BFGS with L-1 regularization as robustness check to avoid potential overfitting

problem by minimizing

LL(⇥) + �|⇥|1 (B.4)

We vary � from 1 to 100 and didn’t observe significant change to the estimates.
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B.4 Model Performance and Alternative Models

To understand how the econometric model we have developed performs in describing consumer

decision making, we compare the estimation results to those from other alternative benchmark

models. In particular, since search decisions (which movies to search) and purchase decisions

(which movie to purchase given the consideration set) were discrete choices, we compare the

sequential search model with a set of logistic regression models. The logit model assumes binary

choices of whether to search or purchase a movie.

The prediction of search and purchase probabilities in the developed sequential search econo-

metric model can be achieved by substituting the model-estimated coefficients into Eq 3.9 and

calculate Lsearch
i� and Lpurchase

i� .

We use four metrics to measure the model predictive performances on the test samples: ”Rooted

Mean Squared Error” (RMSE), ”Mean Absolute Error” (MAE), ”ROC curve”, and ”the Area un-

der ROC curve” (AUC). We randomly partition our dataset into two subsets: one with observations

from 70% of the total search-purchase sessions as the training sample and the other with 30% of

the search-purchase sessions as the test (holdout) sample. We perform a 10-fold cross validation

to avoid potential biases from the partitions.

Table B.1 shows the estimation results using the benchmark logistic regression models. The

logit modes used exactly same predictors and transformations as used in the sequential search

estimation in Table 3.4. From left to right, the models correspond to the estimations for search

decisions among all movies, purchase decisions among all movies, and purchase decisions given

the consideration set, respectively.

The predictive performance comparisons are summarized in Table B.2. Overall, we find that

our sequential search model prediction has higher predictive power than the alternative logistic

regression model. The sequential search model outperforms the baseline models in out-of-sample

predictive performances with respect to RMSE, MAE, and AUC. For example, when predicting

which movies to search, the sequential search model represents a 20.5% decrease in RMSE, and

10.5% increase in AUC. When predicting which movies to purchase conditional on the considera-
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tion set, the sequential search model improves the predictive performance by reducing the RMSE

by 8.4% and increasing the AUC by 23.2%. Figure B.1 shows the corresponding ROC curves.
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Purchase Decision: Sequential Search Model
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Search Decision: Logistic Regression Model
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Purchase Decision: Logistic Regression Model
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Figure B.1: Comparison of the ROC curves
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Table B.1: Alternative Model: Logit

Dependent variable:

Search Purchase Purchase (conditional)

price �0.500⇤⇤⇤ �0.435⇤⇤⇤

(0.045) (0.066)
N likes 0.225⇤⇤⇤ 0.827⇤⇤⇤ 0.332⇤⇤⇤

(0.010) (0.035) (0.034)
N FrdRental 0.489⇤⇤⇤ 0.642⇤⇤⇤ 0.321⇤⇤⇤

(0.034) (0.067) (0.097)
IMDB Rating 0.018 0.260⇤⇤⇤ 0.149⇤⇤⇤

(0.011) (0.044) (0.043)
IMDB Votes 0.016 �0.207⇤⇤⇤ �0.097⇤⇤

(0.011) (0.045) (0.047)
Movie Age �0.144⇤⇤⇤ �1.105⇤⇤⇤ �0.074

(0.014) (0.092) (0.057)
N CumSearch 0.647⇤⇤⇤ 0.128⇤⇤⇤ �0.265⇤⇤⇤

(0.016) (0.015) (0.077)
Available Window on VoD �0.252⇤⇤⇤ �0.697⇤⇤⇤ �0.188⇤⇤⇤

(0.008) (0.033) (0.030)
Days Since Available VoD �0.210⇤⇤⇤ �0.745⇤⇤⇤ �0.056

(0.023) (0.113) (0.068)
Appearance Frequency 0.255⇤⇤⇤

(0.004)
Slot within menu �0.953⇤⇤⇤

(0.025)
Constant �6.076⇤⇤⇤ �5.504⇤⇤⇤ �1.473⇤⇤⇤

(0.065) (0.243) (0.207)
Menu Dummies Y es Y es Y es

No. of Sessions 5,160 5,160 5,160
Log Likelihood �90,918.000 �10,461.000 �3,890.000
Akaike Inf. Crit. 181,860.000 20,942.000 7,800.000

Note: ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01
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Table B.2: Comparison in predictive metrics: sequential search model versus logistic regression

model

metrics
Sequential Search Model

(Search Decision)
Logistic Regression Model

(Search Decision)
Sequential Search Model

(Purchase Decision)
Logistic Regression Model

(Search Decision)
RMSE 0.031 0.039 0.296 0.323
MAE 0.001 0.003 0.088 0.105
AUC 0.855 0.774 0.816 0.662

B.5 Additional Descriptive Statistics
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Figure B.2: Distribution of ”Number of Likes” for movies when in front of consumers. The x-axis

is in Log-scale.
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Figure B.3: Distribution of number of movies (among the 1771 available movies) that had at least

one friend rentals when search session begins for all the users studied.
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Figure B.4: Distribution of number of ”Friends Rental Signals” that consumers could observe at

the beginning of the search session. The histogram is quite similar to Figure B.3 as the friend rental

signals were dispersed among movies.
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Figure B.5: Cumulative Density Plot for the proportion of movie streamed by consumers who

rented. The dashed line corresponds to 85% of the movie runtime being streamed (cumulatively

after rentals).
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Chapter C

Appendix for Chapter 4
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C.1 Ethics Statement

The study introduced in this chapter was approved by the Carnegie Mellon University Institu-

tional Review Board (IRB) as Exempt in accordance with 45 CFR 46.101(b)(2) under IRB ID

”STUDY2018 00000122: Modeling consumer digital shopping journey”.

Prior to participating, all subjects were acknowledged the following Informed Consent State-

ment. The consent statement appears as the first page in the Qualtrics survey. Subjects can proceed

to the survey only when they read and agreed with the terms and conditions. The consent statement

reads as the following:

INTRODUCTION

Consumer online shopping journeys are likely guided by different sources of information. This

study examines consumer movie shopping behaviors in an online video-on-demand platform. The

study is led by Baojiang Yang from Department of Engineering and Public Policy at Carnegie

Mellon University. You are recruited as a participant via Amazons Mechanical Turk Service

(www.mturk.com).

PURPOSE

The purpose of the study is to examine consumer behaviors when they are shopping for movies in

an online video-on-demand platform.

COMPENSATION

For your complete participation, you will be paid with a task completion reward ($1.00). Addi-

tionally, we will automatically enter you into a lottery to actually obtain the movie you selected

on our platform. If the movie costs less than $10 on our platform, we will pay you for the unused

portion of $10 through HIT bonus. Note that in order to receive your lottery winnings (if you win),

you will need to provide us with your email address.
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PROCEDURE

If you agree to participate, you will first read an example telling you what you will do in this study.

In this study, you will be guided to a secured website and choose a movie you would like to rent.

This is a safe website that we constructed specifically for this research project. You will need to

answer a few survey questions after your movie choice. People typically take approximately 5 to

10 minutes to complete the session. Once you finish the survey, you will be given a code to confirm

your participation on Amazons Mechanical Turk.

VOLUNTARY NATURE

Your participation in our study is completely voluntary. If at any point during the experiment, you

do not wish to continue, you are free to leave without any penalty. Deciding to participate or not

will not affect your standing or relationship with Carnegie Mellon University.

ANONYMITY

All of your responses will be anonymous. Only the researchers for this study will have access to

your responses. However, please be aware that (a) do not leave survey open if using a public

computer or a computer others may have access to, (b) it is best to clear the browser cache and

page history (see your browser instructions) after you complete the study.

BENEFITS

There may be not personal benefit from your participation in the study but the knowledge received

may be of value to humanity.

RISKS

The risk of participation is no greater than that experienced in everyday life. This means that you

won’t be taking any risks by choosing to participate in this study.
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CONTACTS

If you have questions about the study, you may contact us at MovieStudyCMU@gmail.com. You

should direct any questions or concerns about your rights as a research participant to the IRB of

Carnegie Mellon University by email at irb-review@andrew.cmu.edu.

Please go to the next page ONLY if you consent to the procedures described above. In other

words, if you complete the session by going to the following pages, that means you consent to the

procedures described above.
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C.2 Experiment Implementation

C.2.1 Survey Structure

The randomized experiments are embedded in a Qualtrics survey. The survey consists two parts:

the core movie shopping task and post-task survey questions. The survey instructions were given in

the very beginning of the survey. It will tell participants the survey structure and reward calculation

rules.

When accessing the core movie shopping task, a link from Qualtrics directed the subjects to

the social network impression page, from where subjects click into MoviePlatform. After task

completion, the subjects were guided back to the Qualtrics survey to answer a few exit survey

questions. Successfully finishing the supplementary questions will lead the participant to the end of

the survey. A HIT completion page will show up, where a personalized HIT completion code will

be displayed. A participant would need to use the code in MTurk to be counted as accomplished

the HIT.
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C.2.2 Reward calculation

In the study, we follow the experimental economics literature to design the reward mechanism

so that it is incentive compatible. (Smith, 1976; Smith and Walker, 1993; Ding, 2007; Miller

et al., 2011). Particularly, we use a randomizing mechanism to determine which of the participants

choices were fulfilled. This process is called random lottery procedure and is used widely in

experimental economics (Starmer and Sugden, 1991; Becker et al., 1964; Ding, 2007).

In this section, we formally define the reward calculation method. The total reward a participant

receives consists two parts: a guaranteed participation fee and a lottery reward. We leverage the

latter to create incentives for subjects to behave close to real life.

Mathematically, let q be the final rewards, w be the participation fee, and M be the ”initial”

credit we give to the participants if winning the lottery. p stands for the price associated with

the movie he/she rented on MovieP latform. ⇢ being the probability winning the lottery. u

represents the monetary valuation the participant puts on the movie that he/she rented through

MovieP latform (can be thought of as her willingness-to-pay for the movie). The expected total

reward a participant i gets is the following (suppose he rented j on MoviePlatform):

(qij) = w + ⇢(M � pij + uij) (C.1)

or

qij =

8
>>>>><

>>>>>:

w +M � pij + uij, if won lottery and rented movie with price p

w +M, if won lottery but didn’t purchase any movie

w, otherwise

(C.2)

Lottery winners receive initial movie purchase funding/credits M , which can be considered

obtained by the subjects as ”movie rental budget”. Since the participants know whether they were

selected in the lottery only after they made their rental choices on MovieP latform, we expect

they are aware that their choices are consequential throughout the shopping process.
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Figure C.1: Left shows how lottery is embedded in Qualtrics survey. Right shows how final

payment is calculated.
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C.3 Alternative Models: Logistic regression
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Table C.1: Alternative Model: Logistic Regression

Dependent variable:

search purchase purchase (conditional)

Price �0.099⇤⇤⇤ �0.294⇤⇤⇤

(0.035) (0.052)
N likes 0.029 0.138⇤⇤ 0.185⇤⇤

(0.036) (0.054) (0.077)
N FrdRental 0.294⇤⇤⇤ 0.358⇤⇤⇤ 0.089

(0.044) (0.061) (0.086)
IMDB Rating 0.028 0.138⇤ 0.222⇤⇤

(0.054) (0.077) (0.101)
Genre Drama 0.667⇤⇤⇤ 0.856⇤⇤⇤ 0.481⇤⇤

(0.101) (0.147) (0.204)
Genre Comedy �0.307⇤⇤⇤ �0.142 �0.049

(0.100) (0.141) (0.204)
Genre Action �0.030 �0.150 �0.272

(0.119) (0.168) (0.249)
Genre Family �0.687⇤⇤⇤ �0.921⇤⇤⇤ �0.253

(0.153) (0.212) (0.319)
ratingAmazonCNT 1.344⇤⇤⇤ 2.421⇤⇤⇤ 2.354⇤⇤⇤

(0.282) (0.415) (0.642)
Movie Age 0.022⇤⇤⇤ 0.002 �0.027⇤

(0.008) (0.012) (0.015)
Menu Order �0.286⇤⇤⇤

(0.035)
Constant �0.082 0.985 4.863⇤⇤⇤

(0.602) (0.880) (1.365)

No. of Sessions 483 483 483
Log Likelihood �3,383.000 �1,896.000 �550.200
Akaike Inf. Crit. 6,787.000 3,815.000 1,122.000

Note: ⇤p<0.1; ⇤⇤p<0.05; ⇤⇤⇤p<0.01
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C.4 Supplementary survey questions

We complement the randomized lab experiment with a series of exit survey questions,. The ques-

tions were designed to measure the transparency of experiment requirements and validity of in-

centive design, understand mechanisms why people have combined or not combined social signals

during the shopping task, and collect demographic information. In addition to Fig. ?? we intro-

duced earlier to measure the study transparency, the following graphs in this section display two

other questions that we asked in the survey and the corresponding distribution of the participants’

answers.
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Figure C.2: Quiz to evaluate whether participants understood the reward calculations. The partici-

pants were asked ”Suppose you rent movie ”Life of Pi” priced at $6.00 at MoviePlatform, you win

the lottery and you complete your task. What would you get as a reward for your participation in

the study?”. Five options were provided in random order for participants to choose from (respec-

tive to the five options listed vertically in the graph). (1) I will just get the HIT task completion fee

of $0.50; (2) I will get HIT task completion fee of $0.50 plus $10.00. In total, I get $10.50; (3) I

will get HIT task completion fee of $0.50 plus a voucher to watch ”Life of Pi”. In the end, I get

$0.50 plus the movie voucher; (4) I will get HIT task completion fee of $0.50, a voucher to watch

”Life of Pi” and the balance to $10.00. In the end, I get $4.50 ($0.50 + $4) plus the movie voucher;

(5) I will get HIT task completion fee of $0.50, a voucher to watch ”Life of Pi” and $10.00. In

the end, I get $10.50 plus the movie voucher. Each participant can choose a single answer. Here

Option (4) here is the right answer. When a participant missed the right answer, we reaffirm the

calculation by giving the explanation of the right answer.
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Figure C.3: In this survey question we asked whether the participants had relied on any of the social

information displayed for a movie, including the number of likes and number of friends rentals.

We showed an example of where these signals appear on MoviePlatform to remind the participants

their shopping experiences and in particular direct them to the signals appeared specifically on the

platform. Then we asked ”While browsing movies at MoviePlatform, did you rely on information

about how many people liked a movie and how many of your friends have rented a movie?” Four

options were provided in randomized orders to each participant: (1) No, I didn’t rely on any of

them; (2) Yes, sometimes seeing the number of likes for a movie affected my decision to browse

or rent the movie; (3) Yes, sometimes seeing ¡strong¿a friend rented ¡/strong¿a movie affected my

decision to browse or rent the movie, and (4) Yes, I relied on both. The options are exclusive. The

plot shows the number of selections to each options respectively.
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C.5 Demographic Characteristics of Experiment Participants

Figure C.4: Distribution of participants’ educational background

Figure C.5: Distribution of participants genders
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Figure C.6: Distribution of participants household annual income in USD

Figure C.7: Distribution of participants races
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