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ABSTRACT

New Technologies and the Value of Information Systems

Hossein Ghasemkhani

Chair of the Supervisory Committee:
Professor Yong Tan
Foster School of Business

Department of Information Systems and Operations Management

As new forms of information systems emerge, they affect organizations in new ways.
Technologies such as cloud computing, virtualization and mobile computing are revolutionizing
the way businesses work. So many aspects of the value that is created by these new technologies
are not explicitly observable, and capturing them calls for approaches beyond measuring firms’
financial outcomes. In this dissertation, I conduct three studies to examine how technologies
create tangible and intangible value.

In the first study, we study the intangible value created through availability of
information in the context of online peer-to-peer lending. Technological advancements in web-
based information systems have given rise to Web 2.0 market mechanisms in which consumers
act as buyers, sellers and experts. Participants act based on their perception of trustworthiness of

other parties and the risks involved in the associated transactions. We use data from a peer-to-
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peer lending community to empirically investigate the role of information systems in alleviating
adverse selection. We posit that due to the repeated nature of transactions, borrowers develop a
reputation which is the collective perception of the lenders about the borrower. We propose a
simultaneous-equation model of outcomes and a dynamic latent class model of reputation, and
use the novel approach of latent instrumental variable modeling to deal with endogeneity. We
show that accounting for reputation improves the explanatory power of the model, and provide a
way to empirically model the evolution and impact of reputation in online platforms where
repeated transactions are performed.

Retailers are increasingly exploiting online auctions as an effective and low cost
distribution channel for disposing large quantities of inventory. To clear large inventories, these
sellers conduct many auctions of identical items one after another, termed as sequential online
auctions. In such auction environments, bidders have opportunity to participate in many auctions
to find good bargains. There has been a host of studies to explore bidder behavior in this
environment, but none has ever addressed the underlying reasons of a bidder’s decision to stop
participating before winning the item. In the second study, we use survival analysis to investigate
this phenomenon which we call bidder’s attrition.

In the third study, we analyze the competition dynamics of cloud computing providers
using two different analytical models. We first use a two-period model of duopoly competition
of cloud providers with differentiated products. We show that when capacity is perceived as a
quality signal and economies of scale are present, the two markets will be separated such that
each firm only serves the customers that have a preference for its product. We then develop a
differential game model of duopoly competition, derive the long-run stationary equilibrium, and

analyze the short-run dynamic decision making of the firms in the transition period. We observe
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that although initial market shares do not affect the steady-state market sizes, initial capacities,
maximum budget, cost of capacity provision and market switching parameters are all important

in determining the steady-state market structure and long-run profit streams of the firms.
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Chapter 1 Introduction

1.1. Background

There are several papers by information systems researchers on the value of information systems.
Many empirical studies try to find a causal relationship between different information technology
and information systems variables such as IT investment and IT labor with firms’ performance
variables such as income and profit. However as new forms of information systems emerge, they
affect organizations in new ways. Technologies such as cloud computing, virtualization and
mobile computing are revolutionizing the way businesses work, in a way that it is nearly
impossible to draw comparisons. So many aspects of the value that is created by these new
technologies are not explicitly observable, and capturing them calls for approaches beyond
measuring firms’ financial outcomes.

Looking at Web 2.0 and mobile technologies, and opportunities for digital business that
have been made possible through these technologies, examples of the value created by these new
technologies can be clearly seen They are thoroughly reshaping many aspects of businesses’
operations and people’s lives. They have enabled the creation of social networking websites such
as Facebook and Twitter and have resulted in omnipresence of internet connectivity through
smartphones, tablets and ultraportable laptops. It is oftentimes hard, if not impossible, to measure
the financial impacts of IT/IS investments, due to the fact that they don’t simply improve
productivity, they change the game. They create possibilities that were otherwise nonexistent,

such as the kind of portability and scalability afforded by cloud computing. It was from this



perspective that I decided to investigate the indirect and sometimes intangible ways through
which information systems create value.

The essence of this dissertation could be captured by the following three sentences. I
want to in investigate how information systems create tangible and intangible value for
organizations and people. I want to study how information systems, information technology and
increasing access to information impact business operations and people's lives, and how they can
take advantage of these changes.

In my dissertation, I intend to study three of these new technologies and the ways they
create value from different perspectives. In the first essay, I look at peer-to-peer lending markets
and perform an empirical analysis of reputation formation and the value created through the
information availability. In the second essay, I perform an empirical study of a series of
sequential online auctions, and in particular, investigate the reasons bidders stop participating in
the auctions before having their demand satisfied. Finally in the third essay, I study cloud
computing and use a game-theoretic analytical approach to study the dynamics of competition

between the cloud providers.

1.2. Reputation Building in an Online P2P Lending System

Peer-to-peer (P2P) systems facilitate direct communication and resource sharing among peers
and are characterized as decentralized, self-organizing distributed systems that exploit and
efficiently make use of the untapped resources of the heterogeneous hosts in the P2P networks
(Boutaba and Marshall 2006). Traditional online peer-to-peer systems are designed for the
sharing of computer resources like content, storage and CPU cycles by direct exchange, rather
than requiring the intermediation or support of a centralized server or authority (Androutsellis-

Theotokis and Spinellis 2004). These systems are essentially communities of self-governing



interconnected individuals with great potential for collaboration. Online peer-to-peer lending
systems provide a platform for borrowers to directly communicate with lenders, get loans from
them and pay them back. In doing so, online P2P lending communities effectively eliminate
financial intermediaries such as banks.

Microfinance as a means to provide funding and financial support to people in need has
received considerable attention across the world in the past few decades. The original idea of
microfinance is simple; small loans are provided to poor people to start or improve their
businesses and help lift them out of poverty (Bruett 2007). Mohammed Yunus, an economics
professor at a Bangladesh university, who started making small loans to poor local people in
1970s, is the pioneer of the modern day microfinance (Armendériz and Morduch 2010). The
Grameen Bank, the financial institution founded by Yunus in Bangladesh for the same purpose,
and similar microfinance institutions, provide small loans without collateral to customers who
have been written off by commercial banks as unprofitable (Armendariz and Morduch 2010).
Yunus believes that credit is a fundamental human right and has advocated micro-lending as an
approach to eradicate poverty (Coleman 2007). Some of these institutions use innovative
approaches such as group-lending contracts which effectively make a borrower's neighbors co-
signers to loans, mitigating problems created by informational asymmetries between lenders and
borrowers (Morduch 1999).

Building on the same idea, Prosper.com started the first commercial online P2P lending
market in the US, soon followed by Lending Club and other lending platforms (Renton 2012).
Prosper started its business with the goal to combine the notion of a marketplace such as Amazon
or eBay for money with the idea of microfinance that was already present in developing

countries (Prosper.com 2010). In 2012, Lending Club and Prosper are both thriving as the



leaders in an industry that is gaining widespread attention from borrowers and investors. With
greater than 100% year over year growth, P2P lending is a fast-growing investment platform
(Renton 2012). Even some of the large traditional financial institutions have begun to consider
peer-to-peer lending, as offering loans through these websites could be a way to bring in more
deposits and reach more consumers (Kim 2008). In 2012, the Industry volume is over $50
million in new loans per month and over the 2012 Memorial Day long weekend, total loan
volume passed the $1 billion mark since the industry began back in 2006 (Renton 2012).
Borrowers are usually able to get loans more quickly and with less paperwork through online
P2P lending systems compared to a bank. People with good credit are able to lock in lower rates
than they would otherwise have to pay on credit cards or unsecured bank loans, and people with
bad credit also get a second chance (Kim 2008).

The lean nature of electronic markets as compared to the traditional markets could lead to
transaction risks for reasons such as lack of information on the quality of the services and
products, or the identity of online trading parties, as online trading parties can often remain
anonymous or change their identities (Ba and Pavlou 2002a). For instance on consumer-to-
consumer (C2C) auction platforms such as eBay, individuals could have multiple e-stores or
accounts. Neumann (1997) argues that when there is the risk of identity misuse, proper and
strong user authentication measures must be put in place to mitigate the risk. These problems are
mitigated in online P2P lending communities, as the users are uniquely identified. These
communities are very strict in verifying user identities. Users are required to provide key
information such as their social security numbers when they register to become borrowers and
request a loan or even to become lenders. The provided data will then be verified by the P2P

platform, before the users can join. So in contrast to many other e-commerce platforms, users



cannot fake their identity and are held responsible for their actions as their actions are directly
traced back to the users. P2P lending platforms provide a wealth of information on virtually all
of the activities of the borrowers on these platforms since the time of joining in addition to the
hard credit information such as credit score, debt to income ratio and number of delinquencies.
Credit bureaus use statistical analysis of people’s credit information to build credit scores
that are supposed to represent people’s credit worthiness. Online P2P lending communities
effectively provide platforms on which every lender can individually analyze not only the current
state and the evolution of borrowers’ credit score and other standard credit information, but also
the history of borrowers’ activities in the online lending context. Especially that as time goes on
and the amount of information available on members’ transactions and decisions increases,
members of the community could establish themselves as trustworthy, or as having the
reputation to behave in certain ways. We posit that this virtual repository of data on money-
related activities of the borrowers in the P2P lending community results in the accumulation of a
form of social capital that we refer to as a borrowers’ reputation in the P2P lending community.
Following the literature in economics and finance on repeated games, we define
reputation of a given agent as a form of identity that other agents shape, from learning from
observed behavior about some exogenous characteristics of the agent over time (Kreps and
Wilson 1982a; Milgrom and Roberts 1982). An issue inherent to P2P lending systems is adverse
selection due to the information asymmetry between borrowers and lenders. Borrowers’ types
and their intention to default are private information of the borrowers. Incentive problems can be
most severe for borrowers with very short track records and become less severe for borrowers

who manage to acquire a good reputation (Diamond 1989).



Drawing on the idea of wisdom of crowds, we posit that the additional information
generated and kept by the online systems could be used as signals to alleviate information
asymmetry, and result in collective decisions by lenders that could be potentially more efficient
than those driven by algorithmic procedures of financial institutions (Brabham 2008; Surowiecki
2005; Kittur et al. 2007). Therefore we conjecture that for the loans of a similar structure, online
P2P lending systems might even be more efficient than the traditional financial intermediaries
such as banks. We will not formally investigate this conjecture, as this task will require having
access to data to construct comparable measures of efficiency on both markets. We will,
however, show that the historical information on borrowers’ activities within the community is
used by lenders when making decisions, and that this information is helpful in predicting a
borrower’s risk of defaulting on a loan.

We propose two approaches to model the evolution of reputation, a hidden Markov
model and a dynamic latent class model of reputation. In both models, it is assumed that there
are a finite number of reputation states, and at a given time, a given borrower resides in one of
these states. The impact of reputation is measured via three outcomes; the success of a loan
request, the ability to secure a lower interest rate, and the probability of defaulting on a loan. We
use a hierarchical Bayesian approach to estimate the models and compare the models with each
other. We also estimate a benchmark model with no explicit reputation component. We provide
model estimates for each reputation state, and show that the dynamic latent class model performs
best among the three.

In Chapter 2, we will first study the existing body of related literature. Then in Section
2.2, we will discuss the conceptual model and elaborate our research question. In Section 2.3, we

discuss our empirical model and the equations and parameters that need to be estimated. In



Section 2.4, we will discuss our different approaches to model the evolution and impact of
reputation, and in Sections 2.5 and 2.6, we look at the data, variables and measures, and discuss
the estimation approach. We provide the results and discussion in Section 2.7, and finally

conclude the study in Section 2.8.

1.3. Bidders Attrition in Sequential Online Auctions

Over the last decade as electronic markets have matured, online auctions have emerged as a key
component of these markets. Buyers prefer auctions because this market mechanism allows them
to collectively determine the price, and creating opportunities for big bargains. Bidder
competition and their desire to win help sellers as they can sell an item to highest paying bidder.
Overall, online auctions help increase allocation efficiency by matching products to buyers who
value them most.

In the beginning, the majority of the auctions were C2C but online auctions have evolved
since businesses have developed strategies to use auctions and sell items via multiple channels.
While Internet auction houses like eBay facilitate auction platform to sellers of any size, the
large retailers, in particular, have benefited by integrating online auctions into their overall
selling strategy. First of all, these retailers intend to sell large inventories through auction
channel and so they desire to create an auction market that can clear their inventories and fulfill
buyers’ needs. Further, creating their own auction market allows them to choose from a variety
of auction mechanism and allows them more control on the structure of this auction market.
Retailers like Dell and Sam’s Club who have always dealt with surplus inventories and ensuing
revenue losses have now created their own auction markets to clear off their sizable inventories
of various items. To clear large inventories, these sellers conduct many auctions selling identical

items, one after another, termed as sequential online auctions. These sequences of identical item



auctions create a market dynamics where both sellers and buyers have information about market
supply/demand, and hence, can derive optimal strategies to maximize their payoffs.
Nevertheless, this sequential auction environment brings design and operational challenges for
the sellers. For example, a few recent studies (Pinker, Seidmann, & Vakrat, 2010; Tripathi, et al.,
2009) have examined sellers’ problem of determining number of auctions and number of items
(lot-size) in each auction, given an initial inventory of items. This decision making becomes even
more challenging with product obsolescence, stochastic demand (Chen, et al., 2011) and strategic
bidders (Zeithammer, 2007). Other studies have investigated evolution of bidder behavior in
these auctions (Goes, et al., 2010).

This research focuses on the interesting but largely overlooked phenomenon of bidders’
attrition in sequential online auctions. In sequential auctions where identical items are sold in
successive auctions, it is logical to assume that bidders who didn’t win in the previous auctions
will avail the opportunity to participate in the future ones to secure a win. However, empirical
studies have shown that more than fifty percent unsuccessful bidders do not come back to
participate in auctions selling identical items. Figure 1 shows the percentage of bidders who
participate in more than one auction (called repeat bidders) of an auction sequence selling
identical items. Although, these repeat bidders strive to win by participating in many auctions of
an auction sequence, not all of them become successful and many of them leave without

winning.
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Figure 1: Fraction of Repeat Bidders in Sequential Auctions

Just like online retailers, online auction houses also face stiff competition from other auction
platforms. Since the success of online auctions thrives on number of participants, attracting new
and retaining existing participants is crucial for the success of online auctions. Online auction
platforms, similar to other online retail websites, spend a considerable amount of resources to
attract new customers and retain the existing ones. Successful bidder retention lowers the cost of
attracting new bidders and further, the increase in the number of bidders brings in more
competition among bidders, which eventually leads to higher clearing prices (Pinker et al. 2003).
Hence, it is important for the auctioneers to understand the factors that affect bidders’ attrition in
sequential auctions. We define bidders’ attrition as the situation where bidders stop participating
in a sequence of consecutive auctions selling identical items (auction sequence), before
completely satisfying their demand. Note that bidders are heterogeneous in their demand, such
that, some bidders participate to win only one item whereas others may participate to win
multiple items (Vincent Lyk-Jensen and Chanel 2007; Goes et al. 2010). Estimation of the

bidders’ demand is made based on bidders’ behavior in sequential auctions.



There is a very rich literature in marketing and economics on customer retention/attrition.
For example, Srinivasan, Anderson, & Ponnavolu (2002) investigate the antecedents and
consequences of customer loyalty in an online B2C context. Li, Browne, & Wetherbe (2007)
study the reasons for internet users to stick with a web site. However to the best of our
knowledge, prior research has not examined the factors affecting bidders’ attrition in online
auction environment. We aim to fill this gap and investigate factors that affect bidders’ attrition
in sequential auctions using a discrete time hazard model.

In section 3.1 we will summarize the relevant literature. Section 3.2 presents a conceptual
model and derives testable hypotheses. Section 3.3 overviews our data collection effort from a
popular online auction site. Section 3.4 presents results and discussions while section 3.5

concludes with directions for future research.

1.4. Competition in Cloud Computing Market

Since 2008, cloud computing has appeared among the Gartner’s Top 10 Strategic Technologies
and Gartner’s Hype Cycle due to its disruptive force and potential for broad long-term impact in
most industries (Fenn 2012; Gartner 2011). Some analysts and vendors define cloud computing
narrowly as an updated version of utility computing. Others say anything you consume outside
the firewall is "in the cloud," even including conventional outsourcing (Knorr and Gruman
2008). Based on a recent survey of 1,650 IT and security decision-makers, more than a third of
the current IT budgets is being allocated to cloud computing solutions. Also more than half of
the respondents expect to increase spending in the next 12 months, such that on average, the
organizations will increase spending on cloud computing by 16% (IDG-Enterprise 2012).
Proponents of cloud computing argue that cloud providers are able to provide computing

services more efficiently resulting in higher quality services at lower costs, due to specialization
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and economies of scale. Amazon.com’s vice president argues that servers, networking and
administration costs for an average enterprise is five to seven times that of a large provider
(Hamilton 2010). Other benefits of cloud computing are scalability and flexibility which are
especially important for small firms with more demand uncertainty. Taking advantage of this
scalability enables firms to quickly scale their computing power up and down to deal with peaks
and valleys in their demand for computing. There are several cases of start-up companies that
have been able to cope with unexpectedly high surges in demand using the services offered by
cloud providers. Even large firms such as Netflix use cloud computing services to satisfy their
computing needs. In a business environment characterized by rapid changes in trends and
customer expectations, cloud computing enables firms to be more agile in dealing with these
changes which in turn fosters innovation and makes even more rapid changes possible.

Forrester Research predicts that the global cloud computing market will grow from $40.7
in 2010 to more than $240 billion in 2020 (Ried and Kisker 2011). Oracle, IBM and SAP all
have major initiatives to deliver a broader range of cloud services and even companies such as
LG and Samsung are offering cloud services (Fingas 2012). As the current players continue to
expand their offerings, and traditional players enter the market, users will see competition heat
up (Gartner 2011). Thus it is interesting to study the competition of the small and big players in
this market. It is perceivable that given the capital intensive nature of cloud computing and the
economies of scale, in the long-run, there will only be a handful of large providers remaining and
the other companies will either crash out of the competition, be bought out by larger players or

find a niche market to focus on.
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Service offered by the cloud providers could be categorized into three broad service
models: Infrastructure as a Service (IaaS), Platform as a Service (PaaS) and Software as a
Service (SaaS) (Mell and Grance 2011).

Infrastructure as a Service is the capability provided to the customers to provision
processing, storage, networks and other fundamental computing resources where the consumer is
able to deploy and run arbitrary software (Mell et al. September 2011). In this offering, the users
have the greatest level of control as they get to manage and control the operating systems,
storage and the deployed applications and even some networking components such as load
balancers and the host firewalls. They however still don’t manage the underlying cloud
infrastructure. The most prominent example for an IaaS provider is probably Amazon.com’s
AWS (Amazon Web Services) whose most notable offerings are Elastic Compute Cloud (EC2)
and Simple Storage Service (S3).

The NIST defines Platform as a Service as the capability provided to the consumers to
deploy onto the cloud infrastructure consumer-created or acquired applications (Mell et al.
September 2011). These applications are created using programming languages, libraries,
services, and tools supported by the cloud computing provider on a hosted infrastructure
delivered as a service. Typical examples of PaaS include middleware, databases and
development tools delivered as a service through the internet. In this type of cloud offering,
consumers have control over the deployed applications and possibly configuration settings of the
application-hosting environment. However they still do not manage or control the underlying
infrastructure such as the network, servers and operating systems. Microsoft, Google and
Salesforce.com are among the pioneers of PaaS with their respective offerings, Microsoft Azure,

Google Apps Engine and Force.com.
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SaaS providers offer to the consumers the capability to use the provider’s applications
running on a cloud infrastructure (Mell and Grance 2011). The applications are accessed either
through a thin client such as a web browser or through a program interface. In this type of cloud
offering, the wusers are only allowed to make limited user-specific application-level
configurations, and they do not manage or control the underlying cloud infrastructure such as
servers and networking. There are a lot of examples for SaaS such as Google’s email and
productivity services, Gmail and Google Docs, QuickBooks online and online services offered
by Photoshop.com.

One can also categorize and classify cloud computing services based upon the
deployment models utilized. This can also be considered as the degree to which cloud computing
is externalized from the organizations taking advantage of the services. There are four types of
cloud offerings based on deployment models, i.e. private cloud, community cloud, public cloud
and hybrid cloud (Mell et al. September 2011). Private cloud is the cloud computing service that
is intended for exclusive use by a single organization. This type of cloud could be owned and
managed by the organization or a third party or a combination of these two. In terms of location,
private cloud may be on or off the organization’s premises.

There are extensive studies by computer scientists on issues related to cloud computing,
such as distributed systems and virtualization, but to the best of our knowledge, there is no work
done on the economics of cloud computing and competition dynamics by information systems
researchers and economists. We try to address this gap using two different game-theoretic
models. A two-period model and a differential game model of duopoly competition. The
research agenda that we are trying to address is two-fold. We intend to build a model which

enables us to study the dynamics of decision-making by cloud computing providers, given the
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unique characteristics of this market. We also try to investigate the short-term and long-term
outcomes of the competition in this market using our models. In this study, we have presented
models through which we try to investigate the forward-looking capacity and pricing decisions
of competing cloud providers. We derive the symmetric subgame perfect Nash equilibrium of the
two-period game and characterize the open-loop symmetric Markovian Nash equilibrium of the
differential game and briefly discuss its properties.

We use the two-period game because it allows us to build a more comprehensive and
realistic model and investigate the effects of more parameters of interest. However, due to the
fast-paced and dynamic nature of the market and the cloud computing providers’ decision
making, a differential game model is an appropriate approach to study competition in a cloud
computing market. An executive at Amazon.com claims that “every day Amazon Web Services
adds enough new capacity to support all of Amazon.com’s global infrastructure through the
company’s first 5 years, when it was a $2.76 billion annual revenue enterprise.” (Miller June
2011)

We will see that based on our two-period model, if it is profitable for both firms to
produce, each firm will completely capture the market segment which prefers that firm’s
product, so the market will be separated. This is true as long as there are economies of scale.
Through the differential game model, we show that the market will stabilize in the long-run after
which the market sizes of the two competitors will stay the same. The sizes of the market shares
depend on the initial capacities, the customers’ tendency to switch providers, and the firms’
budget and capital investment in the short-run, while they are independent of the initial market
shares. We also briefly investigate the short-run competition dynamics. In chapter 4, we first

review the related literature. In sections 4.2, we will explain and analyze the two-period model
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and in sections 4.3 and 4.4, we will study the differential game model of competition
respectively. Finally we will provide the concluding remarks, and potential areas for future

research in section 4.5.
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Chapter 2 The Invisible Value of Information Systems: Reputation

Building in an Online P2P Lending System

2.1. Literature Review

Webster's Revised Unabridged Dictionary (1913) defines reputation as “the estimation in which
one is held; character in public opinion; the character attributed to a person, thing, or action” and
“the character imputed to a person in the community in which he lives.” The concept of
reputation has been widely studied by researchers in various academic disciplines, such as
strategic management, organizational theory, economics, marketing, communications,
accounting and finance (Fombrun and van Riel 1997).

From a game-theoretic standpoint, strategies of the agents in repeated games could be
significantly different from those of a single game, as the repeated game strategies are a
sequence of rules that might depend upon the preceding outcomes (Rubinstein 1979). Because of
the repeated plays, the agents are able to respond to each other’s actions, so they must consider
this and other players’ reactions before choosing their action (Fudenberg and Maskin 1986). In
repeated game settings where information asymmetry is present, role of reputation and reputation
building is especially important. In these settings, assuming the agents are heterogeneous in
some respect, reputation works as a means for agents to signal their type (Weigelt and Camerer
1988).

The adverse selection approach to modeling reputation is the cornerstone of game-
theoretic study of reputation. An agent’s type is private information of the agent which gives rise
to the information asymmetry issue. Other agents observe the actions of a given agent, agent A,

over time and update their perception of the agent’s type using the Bayes’ rule. The agents’
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perception of agent A’s type is usually modeled as a probability distribution which changes over
time. A way to study the equilibrium outcomes and strategies in these settings is to use Kreps
and Wilson’s notion of sequential equilibria for games in extensive form (Kreps and Wilson
1982b). Sequential equilibria are further refinements of Nash equilbiria and subgame-perfect
Nash equilbria in which the players’ strategies are required to be sequentially rational. In order
for that, players’ beliefs must be considered in addition to their actions. It must be done in such a
way that given a certain belief, a certain course of action will be optimal. A player decides on his
or her future actions based on prior actions of the other players and his or her beliefs about the
possible actions of them in the future.

As long as the long-run player with private type in a sequential game, in our case the
borrower, is sufficiently patient, he or she can leverage other players’ uncertainty about his or
her type and use reputation effects to secure higher payoffs (Atakan and Ekmekci 2012;
Fudenberg and Levine 1989, 1992). An agent’s patience is defined as the case where the long-
run benefits of reputation building outweigh the costs that agent has to incur in the short run. In
infinitely repeated games, and under some conditions, the reputation effect disappears over time
and the agents’ types are eventually revealed (Cripps et al. 2004, 2007). Many of the reputation
effect studies assume a setting in which the player with private information plays the game
infinitely, while others are short-lived. The short-lived players are, however, aware of all the
prior plays. In these settings, results similar to folk theorem are obtained, i.e., each individually
rational payoff is obtainable by an equilibrium if the players’ discount factor is sufficiently close
to one (Fudenberg et al. 1990). In our study, the borrowers could be modeled as potentially long-
run players. While at least some of the lenders might be short-lived players, they are nevertheless

informed about all prior actions of the borrowers.

17



Another discipline that has extensively studied firm, brand and product reputation is
marketing. Marconi (2002) argues that an agent’s target audience act upon what they have seen,
heard, and learned. A name, or a single word, can suggest an image, and can speak volumes in
terms of the agents’ beliefs and perceptions. Gotsi and Wilson (2001) provide a survey on the
concept of corporate reputation and its relationship with corporate image in marketing. They
categorize the definitions offered for the term corporate reputation by marketing researchers into
two schools of thought; the analogous school of thought, which views corporate reputation as
synonymous with corporate image, and the differentiated school of thought, which considers
them to be different, but interrelated. Dawar and Parker (1994) empirically evaluate the use of
seller reputation by customers as a signal of quality along with other marketing variables such as
price and physical product characteristics in different cultures. Herbig and Milewicz (1993)
study the importance of a firms' reputation in successful performance of its brands, the impact of
a firm’s reputation decay on the firm's brands and how a brand's reputation can be transferred to
other products.

Researchers from management, strategy and organizational behavior have also studied
reputation, particularly corporate reputation. They consider corporate reputation to be an
intangible organizational asset derived from internal features of a firm (Roberts and Dowling
2002). Weigelt and Camerer (1988) define reputation as a set of attributes ascribed to a firm by
its stakeholders that are inferred from the firm’s past actions. Some studies argue that the
existing measures of firms’ performance such as profitability and other financial measures are
inadequate and further measures must be developed that value intangible assets like reputation

(Chakravarthy 1986; Rindova and Fombrun 1999). Organizational reputation is said to be
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interconnected with a firm’s culture and the attitude of the employees toward stakeholders
(Barney 1986; Dutton and Dukerich 1991).

Our study is directly related to the area of reputation building in the context of consumer-
to-consumer online systems and social capital accumulation. Peer-to-peer lending, like most
other instances of electronic commerce, is a form of online exchange in which most transactions
occur among entities that have never met (Ba and Pavlou 2002a). The existence of information
asymmetry means that there is potential for opportunistic behavior, which could lead to loss of
trust or even market failure due to the lemons problem (Akerlof 1970). Trust consumers have for
an online retailer and the associated value of branding is an important factor in an online
retailer’s success and its market power much similar to traditional market settings (Ba et al.
1999; Brynjolfsson and Smith 2000). Several information systems researchers have examined the
role of trust in e-commerce transactions. Much of this research has looked at the nature of
consumer trust placed in institutions supporting e-commerce (Vance et al. 2008). Trust and trust-
building mechanisms are important in electronic commerce, as they can reduce the perceived
uncertainty and risk associated with online transactions and help consumers get more actively
involved in online activities like exchanging personal information and purchasing goods and
services (Greiner and Wang 2010; Gefen et al. 2003; McKnight et al. 2002).

A concept that is closely related to reputation is trust. Trust has been studied from
different perspectives and modeled in different ways, both theoretically and operationally, and
academics have long acknowledged the confusion surrounding the topic (Gefen et al. 2003;
Shapiro 1987). Some define trust as a set of specific beliefs that agents have toward a given
agent, mainly about the agent’s integrity, benevolence, and abilities (Doney and Cannon 1997;

Sganesan 1994). Others define it as a general belief instead of a specific one that another party

19



can be trusted (Zucker 1986). This is referred to by Mayer et al. as the “willingness of a party to
be vulnerable to the actions of another, based on the expectation that the other party will perform
a particular action which is important to the trustor, irrespective of the ability to monitor or
control that other party” (Mayer et al. 1995). This definition emphasizes that despite the
uncertainty surrounding the transaction, one party is willing to take the risk and potentially lose
something important by depending on the other party, and this willingness is dependent upon
certain expectations or beliefs about the other party (Greiner and Wang 2010).

Most of the existing C2C reputation and trust literature focuses on institution-based trust,
reputation systems, or the evolution of reputation and trust in the population of sellers in general
(e.g. Ba and Pavlou 2002a; Greiner and Wang 2010; Ba et al. 1999). Xiong and Liu (2003) argue
that P2P electronic commerce communities could offer both opportunities and threats, and that a
way to minimize threats in such environments is to use community-based reputation mechanisms
to help the peers evaluate the trustworthiness of other peers and predict their future behavior.
Gefen et al. (2003) find that online trust in the context of e-commerce is built through a belief
that the party has nothing to gain by cheating, a belief that there are safety mechanisms built into
the system, or by having an intuitive and easy-to-use interface. Vance et al. use an empirical
model to study the topic of trust in information technology artifacts and find that system quality
constructs significantly predict the extent to which users place trust in mobile commerce
technologies (Vance et al. 2008).

Many researchers, particularly in computer science, have studied reputation mechanisms
that help participants of online communities gain a better understanding of a given member’s
type and future actions, based on his or her previous activities (Despotovic and Aberer 2006;

Marti and Garcia-Molina 2006; Resnick et al. 2000). Some empirical studies have looked at the
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impact of reputation systems, and an agent’s reputation according to these systems, on the
agent’s decisions and performance in platforms such as eBay (Melnik and Alm 2002; Resnick
and Zeckhauser 2002; Houser and Wooders 2006). Ghose et al. (2005) argue that web-based
systems that establish reputation are central to the viability of many electronic markets. They
study different dimensions of online reputation and their influence on the pricing power of sellers
and provide evidence that existing numeric reputation scores conceal important seller-specific
dimensions of reputation. They instead propose a text mining technique that identifies and
quantitatively evaluates further dimensions of importance in reputation profiles (Ghose et al.
2005). Ba uses a game-theoretic prescriptive approach to building a community responsibility
system as a social structure, and show that under the community responsibility system for trust
building, online transactions that are impersonal can be supported (Ba 2001).

A number of researchers from different disciplines have studied P2P lending from
different points of view. Existing research on P2P lending can be categorized into three broad
areas (Greiner and Wang 2010). Some are qualitative case studies of P2P lending marketplaces,
such as Prosper.com and the UK-based company Zopa (Kupp and Anderson 2007; Bricefio
Ortega and Bell 2008). Second group of studies are in-depth investigations of the social aspects
and features of P2P lending systems, such as groups and loan performance, friendship and the
importance of the social network structure, intermediaries, and etc. (Berger and Gleisner 2009;
Jeong et al. 2012; Lin et al. 2009, 2011). Finally the third category of studies apply existing
economic theories to P2P lending, and develop new ones, and explore the effectiveness and
efficiency of P2P lending marketplaces for creating a more open and competitive credit market

(Garman et al. 2008; Zhang and Liu 2012; Herzenstein et al. 2011).
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Greiner and Wang (2010) study borrowers’ performance on one of the leading P2P
lending communities, based on the elaboration likelihood model to model trust-building. Their
results support the importance of the central route, economic status, as the major driver for
success and that of peripheral cues, social capital and listing quality, as trust-building
mechanisms that influence trust behavior (Greiner and Wang 2010). In our study, we focus on
two levels of information, the current information available through the loan request, and the
historical information that shapes the borrowers’ reputation, including the historical credit
information and the record of the borrowers’ activities. Greiner and Wang, in contrast, categorize
the available information into central and peripheral cues. Also as opposed to their study, we
model all of the outcomes of interest simultaneously, include the risk of defaulting, and consider
serial correlation and potential endogeneity.

Collier and Hampshire (2010) consider the community reputation system in an online
P2P lending service. They argue that by embedding individual reputations within a community
reputation, incentives become aligned for peers to select highly qualified borrowers and produce
information signals to reduce the information asymmetry issues of any principle-agent
relationship. They focus on groups and group membership in a P2P lending system, and utilize
agency theory to examine the signals that enhance community reputation. There are also
empirical studies on the effect of borrower attributes, such as the images posted by the
borrowers, on the outcomes (Duarte et al. 2012; Ravina 2008; Pope and Sydnor 2011). Some
studies focus on lenders’ behavior and find evidence of rational herding among them when
choosing what listings to invest in (Zhang and Liu 2012; Herzenstein et al. 2011).

Berger and Gleisner empirically analyze a P2P lending platform and argue that

designated group leaders could be instrumental in screening of potential borrowers and the
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monitoring of loan repayment and that they somewhat assume the role of intermediaries on
electronic markets. They find that these participants act as financial links between borrowers and
lenders and can significantly improve the efficiency of the lending market (Berger and Gleisner
2009). Some researchers have studied the role of social networking in online P2P lending
markets. Lin et al. analyze a sample of consummated and failed listings from Prosper.com to find
that the online friendships of borrowers act as signals of credit quality. They find evidence that
friendships increase the probability of successful funding, lower interest rates on funded loans,
and are associated with lower ex-post default rates. Also based on their findings, the economic
effects of friendships demonstrate a gradation based on the roles and identities of the friends (Lin

etal. 2011).

2.2. Conceptual Model

The main goal of this study is to investigate whether the availability of additional information
and collective evaluation of the borrowers by a large number of lenders create value. The online
P2P lending market provides a platform through which lenders and borrowers can communicate,
and provide personal information and descriptions of their needs and expectations. Furthermore
the history of borrowers’ activities such as their loan requests, their loan repayment records, late
payments and changes in their credit information is readily available. This wealth of information
could enable a rather personalized evaluation of the borrowers’ trustworthiness and
creditworthiness by the lenders. This is unprecedented as in the traditional financial markets, a
limited number of financial intermediaries perform the task of evaluating potential borrowers. In
an online P2P lending system, however, a loan is approved and given if several lenders are
willing to participate, and the market decides whether a borrower should get a loan with the

requested terms.
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Rational members of a community will naturally not trust a member who has had the
history of violating his or her agreements. Of course in order for the members to make decisions,
the community must be structured in such a way that all the members are informed about others’
identities and actions. In the context of infinitely repeated games, agents consider every action in
the context of a sequence of social interactions. Therefore, although an agent could enjoy
immediate gains by violating the agreements when others perform as expected, ruining one’s
reputation and losing the opportunity of future agreements with the community members might
outweigh the immediate gains from refusing to reciprocate when other agents have kept their end
of the deal (Vanderschraaf 2007). So the more transparent the community is and the better
informed the community members are, the better incentives for the members will be to consider
the long term implications of their actions.

We hypothesize that every borrower establishes some form of identity through
participation in the online lending community which works as a signal of trustworthiness.
Following the literature in economics, we refer to this directly unobservable identity as the
borrower’s reputation. This is possible because all of the users in the P2P lending market are
uniquely identified and tracked, and a borrower cannot reset his or her history of actions and start
afresh. So there are lasting consequences to any decisions made and any actions taken by the
members. From a modeling point of view, this unobservable reputation can be modeled as a
latent construct, the value of which changes over time as a result of the actions of the borrows.
From an empirical point of view, two levels of heterogeneity are relevant here. First, different
borrowers have different reputations which also change in time. Secondly a given borrower at a
given time might be viewed as having different levels of reputation in the eyes of different

lenders. In other words, different lenders might consider different criteria in evaluating a
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borrower’s reputation, and therefore have different evaluations of his or her level of reputation.
For example some lenders might place a greater weight on a borrower’s age and experience in
the lending community. Our model does not try to capture this heterogeneity of lenders in
defining and measuring reputation. Instead we consider the average reputation of the borrowers
within the lending community.

Information systems, in particular web 2.0, have enabled a virtual community with a
great deal of information on a large scale, such that every potential lender can gain access to the
borrowers’ past information and make informed decisions accordingly. So our main research
question is whether lenders consider the borrowers’ reputation, i.e. the available history of
actions of the borrowers, when they decide on whether to lend money and whether this
reputation helps the borrowers get more favorable outcomes such as better interest rates. We are
also interested to investigate whether borrowers’ reputation helps in predicting the risk of
defaulting on a loan. We show that borrowers’ reputation is significant in predicting the success
of loan requests and risk of defaulting in online P2P lending environments.

When registering to become members of this online community, members choose their
roles. They could be borrowers, lenders or both. Registered borrowers provide their personal
information including their social security number, employment status and income. All
borrowers are verified before being allowed to borrow money. In order to borrow money,
registered borrowers should list their loan requests. These loan requests are called listings. The
loans created through this platform and similar competing P2P lending communities are
unsecured, meaning that they are not backed by the borrowers’ personal assets. The loans have
fixed interest rates, and the payback period for all loans is 36 months. The borrowers, however,

can decide to pay the loan back in full earlier without incurring any penalties.
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At the time of creating the loan listing, the borrowers choose how much money they want
to ask for. A borrower cannot have more than $25,000 in loans outstanding within the
community at any time. Borrowers also must specify the maximum interest rate they are willing
to pay for the loan. They choose the duration for which the listing will be active which could
range from three days to ten days. The borrowers also provide additional information such as the
title of the listing, the loan category (such as business, debt consolidation, home improvement,
etc.) and a description for the listing. They can provide more details on why they need the
money, what their financial status is, and on their plan to pay the loan back.

Once the loan listing is created, it will be posted on the website among other listings.
Lenders can browse the available listings and decide whether they want to invest on a listing or
not. If a lender decides to invest on a listing, he or she should submit a bid on that listing. Bids
include an amount, and the minimum interest rate the lender is willing to receive (which cannot
be greater than the maximum interest rate posted by the borrower). By making a bid on a listing,
a lender effectively commits to invest on the loan. They use the financial and personal
information about the borrowers and the information available on borrowers’ prior activities on
the platform in making these decisions. To mitigate risk, most lenders choose to diversify their
investment portfolios and lend only small amounts to any single borrower.

If the aggregate amount of bids submitted by the lenders on a given listing reaches the
amount requested by the borrower, new lenders who want to invest in the loan have to compete
with the existing ones by lowering the minimum interest rate they submit. Therefore the final
interest rate of a loan could be lower than the borrower’s specified maximum rate. The final
interest rate and the winning lenders are decided through an auction mechanism. The auction

mechanism is very similar to a second-price Dutch auction in the sense that the bidders who have
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submitted the lowest interest rates are selected until the full amount is funded, and all the
winning bidders receive the same interest rate, which is the lowest losing interest rate.

When creating the listing, the borrowers have the option to let the listing be active until
the end of the selected duration, or have the auction clock stop once the total amount submitted
by the lenders reaches the amount requested by the borrower. This choice will be displayed on
the listing information page. When one of the conditions to end the listing auction is triggered,
i.e., either the listing is fully funded for those who have selected the option or the duration of the
listing ends, the listing expires. Then if the total amount requested is covered by the submitted
bids, the P2P platform owner will take the money from winning bidders and transfer the money
to the borrower after consolidating it. Then the borrower starts paying back the principal and

interest on the loan through monthly installments.

2.3. Empirical Model

2.3.1.  Listing to Loan Conversion Model

We utilize a binary logit model in order to investigate the probability of a listing being funded
and successfully converted to a loan. In the binary logit model, the likelihood of a successful
loan depends on the borrower’s reputation, borrower-level variables measured at the time of
listing, such as the borrower’s credit information, and listing-level variables such as the amount
of effort put into creating the listing. Each listing by a borrower is an occasion with a binary
outcome such that a fully funded listing is a successful listing. Integrating over the extreme value
distributed random shock of the logit model, we attain the following expression for the

probability of observing the successful conversion of a listing to a loan for borrower i in his or

her ;" listing:
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x; 1s a vector of n_ exogenous variables, whereas 4, the loan amount requested, and MR, , the

maximum interest rate, could be potentially endogenous. & ~ N (O, 0'52 ) is a borrower-specific

random effect which is included to account for potential unobserved borrower-level

heterogeneity (Wooldridge 2010). The model coefficients (ﬂ:' a, 7/:) have reputation state, r,

superscripts. This is because we are allowing the coefficients for borrowers at different levels of

reputation to be different. &’ ~ N (0, Gj) is an idiosyncratic random shock. As we will see later,

this unobserved part of the latent propensity to succeed is the part which is correlated with the
error terms in other models. Based on the logit model of equation (1), we can form the following

log likelihood function for this model that we will use to estimate the model.
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2.3.2. Interest Rate Model

In the online P2P lending community that we study, borrowers post listings in which they state
the amount of money they need, and the maximum interest rate they are willing to pay. Then the
lenders participate in an auction by submitting bids including the amount they intend to invest,
and the minimum interest rate they are willing to accept. If the listing is fully funded, and the
amount of bids submitted exceeds the amount of loan requested, the process of selecting lenders
to contribute to the loan boils down to a competition based on the minimum interest rate they

have submitted. Therefore the final interest rate of a successful listing, IR, , is ideally lower than
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the maximum rate posted by the borrower, MR, , and borrowers are naturally interested in larger

reductions in the interest rate of the loans. The interest rate model investigates the size of
decrease in the interest rate for a given listing, and we use a linear regression model for this

purpose. In order to make sure the normally distributed error term assumption is viable, we use
the monotonic logit transformation, y, = logit[(MRﬁ —IRﬁ) / max, ; (MR” — IR, )J , to extend the
range of the left-hand side variable to (—o0,).

Similar to the loan conversion model of (1), the reduction in interest rate is modeled as

depending on a vector of exogenous variables x, and two potentially endogenous variables, 4,

and MR,. & is a mean-zero borrower-specific effect included to account for potential

unobserved heterogeneity of borrowers, and &) ~N (O, of) is the idiosyncratic error term. Final

interest rate is only relevant for listings which are converted to a loan, so the interest rate

equation is modeled as conditional on the listing being successfully funded.

Yy =% B+ Ao + MRy + &+ e, i jlu, =1} (3)

y

2.3.3.  Defaulting Model

When making the decision on whether to invest on a loan or not, the lenders are interested in
evaluating the risk of defaulting for a given listing by a given borrower. This is especially
important in a P2P lending community as the loans are unsecured. So in order for the rational
lenders to evaluate the expected payoff from participating in a listing auction and eventually
investing in a loan, they have to form an expectation of the borrowers’ chance of defaulting on
the loan. Similar to the listing to loan conversion model, we use a binary logit to model the

borrowers’ propensity to default on a loan.
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Similar to the interest rate model, the choice to default is only relevant in the case of a listing
which is successfully converted to a loan. Therefore we model the defaulting decision

conditional on the listing being successfully funded. Covariates of the model are similar to (1)

r!

and (3), and the vector of coefficients, a, vh |, have r superscript implying that they could
e A Va g Y

be different for different borrowers at different times depending on their state of reputation.

Similar to the listing conversion and interest rate models, we have included a borrower-level
random effect term, &, to account for potential unobserved heterogeneity, and ¢/ is a mean-zero

normal random shock which is potentially correlated with the contemporaneous shocks in the
other two models. The log-likelihood function of the defaulting model is similar to that of the

loan conversion model in (2).

2.3.4.  Interdependence and Error Structure

It is reasonable to assume that the contemporaneous random shocks in the conversion model, the
interest rate model and the defaulting model could be correlated, as the unobserved factors
conducive to a listing’s success might also help a listing achieve a lower interest rate, and there
might both be related to the unobserved factors that drive a borrower to default on a loan. To
account for this potential interdependence, we assume the following covariance structure for the
normal idiosyncratic error terms in each model, and later estimate the parameters of the

covariance matrix along with other model parameters.
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2.3.5. Latent IV

The requested amount, 4, and the maximum interest rate the borrower is willing to pay, MR,

are decision variables of the borrowers when they create listings, and these two variables could
potentially be endogenous. One source of potential endogeneity is the omitted variable problem.
The decisions of the borrowers on the amount and the maximum interest rate of a listing could be
dynamically affected by their observations of the pool of active lenders and their level of activity
at the time. However we, as the researchers, do not observe that, and therefore do not control for
it. We also do not control for a listing’s rank as shown to the lenders among other available

listings. This rank could be correlated with 4, and MR, , and it is reasonable to assume that it

might also affect a listing’s performance.

Another piece of information which is observable by the borrowers at the time of posting,
but not to the researcher, is the current level of competition as measured by the status of other
available listings, their amounts and interest rates, their performance, and etc. These could both
affect a borrower’s choices of amount requested and the maximum interest rate, and the
outcomes of a listing. We also have not accounted for the semantic content of the listings’
description which could be correlated with these two decision variables and the outcomes. There
could also be potential endogeneity especially in the defaulting model as the decisions on the
requested amount, maximum rate and defaulting are all made by the borrower. Finally in our

interest rate model, we are calculating the left-hand side variable, y,, as a transformation of the
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difference between the final interest rate of a listing and MR, which could give rise to

endogeneity.

A common approach to deal with endogeneity is the instrumental variable estimation
approach. In this approach, we find variables that satisfy the inclusion and exclusion conditions,
i.e., are correlated with the endogenous variables but are uncorrelated with the error term.
Angrist and Krueger (2001) provide a good survey on instrumental variable (IV) estimation.
This, however, is a challenging task, which is in many situations very hard or impossible to do.
Oftentimes additional data is not available. Even if additional data is available, it is hard to find
instruments that satisty both conditions, especially that instruments that are not correlated with
the disturbances are usually only weakly correlated with the endogenous variable (Staiger and
Stock 1997). The use of weak instruments that explain little of the variation in the endogenous
variable lead to large inconsistencies in the IV parameter estimates, even if the instruments and
the error term are virtually uncorrelated. Also in finite samples, even with large sample sizes, IV
estimates are biased in the same direction as the OLS estimates, and the magnitude of this bias
could be even worse than that of the OLS as the R* between the instruments and the endogenous
variable approaches zero. (Bound et al. 1995; Stock et al. 2002).

In this study, we utilize the Latent Instrumental Variable (LIV) approach, an instrument-
free method proposed by Ebbes et al. (2005). Instrument-free or frugal approaches to dealing
with the endogeneity problem utilize statistical procedures that do not require observed
instruments. They therefore circumvent the instrument availability and validity issues. The LIV
approach is a likelihood-based method that assumes we can separate the endogenous variable
into two parts, an endogenous part and an exogenous part. The unobserved exogenous part is

approximated using a latent discrete variable with a finite number of levels (Ebbes et al. 2009).
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The LIV approach has been successfully applied by researchers to account for endogeneity in

marketing applications (e.g. Zhang et al. 2009; Rutz et al. 2012; Rutz and Trusov 2011).
Applying the LIV method, we can decompose each of the endogenous variables as following:

A=Z p,+¢&,, (6)

MR=Z7, ,0ur+Er- (7

Here A and MR are N x1 vectors, ¢, and ¢,, are C,x1 and C,, x1 vectors, and Z, and Z,,

are NxC, and NxC,, matrices respectively. Each of these equations is essentially a latent

variable model in which Z ¢ , se{4,MR} is the systematic part that is uncorrelated with the

error terms in our structural models. Conversely, ¢, could potentially be correlated with one or

more of the structural random shocks. The original model of Ebbes et al. (2005) was applied in a
linear regression setting. Rutz et al. (2012) extend the application of the model to choice models.
Building on these previous studies, we extend the application of the LIV approach to a system of

simultaneous equations which includes both discrete choice and linear regression models.
In (6) and (7), we are assuming a single unobserved discrete instrument, z', for each

observation. ¢, is a vector of category means which essentially works like the vector of

coefficients in a linear regression model that need to be estimated. The instrument, z’', is a
C, x1 vector such that one of the elements is 1 and the rest are 0. Each discrete instrument

should at least have two categories (C, >2) with different category means for the LIV model to

be identified (Ebbes et al. 2005). A C,-dimensional vector of category indicators, z'', is assumed

to have a multinomial distribution with parameters (n:l , 7Z=(7Z'1,...,7Z'C_)) where 7, is the
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probability that the ¢” latent instrument is 1 and the rest are 0, and Zil 7. =1. This means that

observation #j belongs to category ¢ in terms of the endogenous variable s .

The endogenous part, ¢, i1s assumed to be independent of the latent instrument, and
normally distributed with mean zero and variance o . The correlation between our potentially
endogenous variables and the random shocks of the structural models is captured through

covariance terms o, where pe{u,y,d} and se{4,MR}. This enables us to obtain unbiased

estimates of the impact of our covariates in each of the models. Utilizing the normality
assumption of the structural shocks and the endogenous LIV error terms, we can represent the

unobserved error structure of the model as following:

g 0\( o O., Cus Ous O
8;1 0 Gu,y Gyz‘ O-y,d G,V,A O-y,MR
gg ~N{|0,| 0,, O, O'j Oy Ousm || » Wwhere i=1,---,n, and Jj=1-n, ()
EZ 0 O,4 Oyu Ouu Gj O 4 mr
SLR 0)\Cysir Ovrr Casr T aur G]%/[R

The elements of this covariance matrix will be estimated along with other parameters through

our Bayesian MCMC procedure.

2.4. Modeling Reputation

In this section, we present our approach to model the dynamic reputation building of the
borrowers and the effect of reputation on the future performance of the borrowers’ listings and
the borrowers’ likelihood to default. We provide two approaches, a hidden Markov model in
which a borrower’s latent state of reputation in a period directly depends on his or her previous
reputation through a state-dependent transition probability matrix. Our second model is a

dynamic latent class model of reputation in which the current state of reputation does not directly
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depend on the previous states, and there is, rather, a single regime determining the borrowers’
reputation at any time. In each of these two models, the reputation model works as an underlying
model that sits underneath our structural models and determines the cross-sections of the data in
a two-level hierarchical model. The coefficients of each of the first level structural models
depend upon the reputation state. We also estimate a benchmark model in which we simply
include the variables of our reputation model as covariates in each of the three structural models.

We then estimate each of the three reputation models and compare them in terms of their fit.

2.4.1. The Hidden Markov Model

Hidden Markov models (HMMs) are stochastic models in which the distribution that generates
an observation depends on the state of an underlying Markov process which is not directly
observable (Zucchini and MacDonald 2009). In an HMM, each agent is in one of a set of R
distinct states at any time. Over time, the agents could move between states. Although the states
are not observable, there are observations which are probabilistic functions of the states (Rabiner
1989). Our main goal in this study is to characterize the evolution and impact of reputation
which is by definition a construct that is not directly observable. There might exist some
carryover effect in a borrower’s reputation over time, meaning that a borrower’s reputation at an
occasion is dependent on his or her reputation at the previous occasion. HMMs allow for the
probability distribution of each observation to depend on the hidden state of a Markov chain and
can accommodate serial dependence (Zucchini and MacDonald 2009). A byproduct of the
hidden Markov approach is a segmentation of the borrowers in terms of their state of reputation
(Singh et al. 2011). In other words, borrowers at different levels of reputation are hypothesized to

(i) behave differently in terms of defaulting, and (ii) be treated differently by the lenders.
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Furthermore, the HMM allows us to include more information in estimating the model with a
structured way of interpreting the results, and yet bypassing multicollinearity issues.
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Figure 2: The Hidden Markov Model of Reputation

In our hidden Markov model of reputation, the effects of the covariates on the endogenous
variables in structural models are moderated by the borrowers’ latent state of reputation in the
P2P lending community. The reputation is affected by the borrowers’ history of decisions and
actions within the community. Reputation is modeled as a dynamic latent discrete state, and there
are a total of R hidden states. The borrowers’ reputation level changes stochastically as a result
of the new actions they take. Reputation levels are not directly observable, and we only observe
their impact on the outcomes of interest. Superscripts 7 for the coefficients in (1), (3) and (4)
allow for different coefficients for different reputation levels. Our HMM captures the dynamic
evolution of reputation and the impact of reputation on the outcomes of interest. The outcomes at
any time period depend on the borrower’s reputation only through the borrower’s reputation at
that given period. A borrower’s reputation at any period depends on his or her reputation in the

past periods only through the borrower’s reputation at the previous period.
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An HMM has two main components: a finite set of states, and the observed outcomes. To
characterize and estimate an HMM, we have to determine (i) the number of states, (ii) the initial
state probability distribution, (iii) the state transition probability distribution, and (iv) the
probability distribution of the observed outcomes (Rabiner 1989). The number of states has to be
fixed before estimating the model, and we assume that all borrowers are at the lowest reputation
state (~=1) at their first participation. In other words, the probability of initially being at =1 is
1, and the probability of being at any other state is 0 for all the borrowers.

Reputation is an ordinal discrete variable, meaning that among the R reputation levels,
R represents the best reputation, while 1 is the lowest level of reputation. Therefore in order to
model the dynamic evolution of reputation as a function of variables of interest, we use an
ordered probit model. For the reasons of parsimony and simplicity, the evolution of reputation is
assumed to follow a random walk meaning that the reputation state could move at most one level

at a time. In other words, if borrower i has reputation level 1<r<R at occasion j—1, at

occasion j we will have:

™50, F=rr=1r+l;
Prob(Reputation, =r'| Reputation, ., =r) = Py
u 2y .
0, otherwise.

)

The random walk assumption can easily be relaxed by allowing the transition probabilities
to the non-adjacent states to be non-zero. Borrowers’ discrete state of reputation changes
dynamically as their underlying continuous stock of reputation changes. The continuous stock of
reputation is composed of two parts; an observable part which includes covariates representing a
borrower’s history of actions, and an unobservable mean-zero random part which is normally

distributed. The level and scale of the stock of reputation are not identified. Therefore, we do not

include a constant in the observable part, and fix the variance of the random part to 1. There are
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two thresholds governing the transition at each state of reputation. The discrete state of
reputation at an occasion is determined according to the size of the stock of reputation as

compared to the two thresholds, therefore we have:

f— !
r+l, g <wi A+

. . ! p—
Reputation,; | wl.].,{Re;mtatzoni’j_1 = r} =17, M <W, A+, <p; (10)

A
r=1, w,A +o,<p,.
We have @, ~N(0,1), w4 =—oo and g, =co as the reputation states are limited to {I,---,R}. w, is
an n, x1 vector of reputation covariates and 4 1is an n, A x1 vector of coefficients when the
borrower is at reputation level r. There are a total of 2(R—1) threshold parameters to be

estimated. Based on the threshold model in (10) and the normality assumption of the

unobservable random term, the transition probabilities for borrower i in reputation state » at his
or her (/- l)m listing to his or her ;" listing are:
P :1—@( i —w,.j'z,.);
Py =07 -w, 2 )= -, 2, ); (1)
py = q)(/i‘r - W;,"/L )
® is the cdf of the standard normal distribution. Therefore the transition probability matrix for

borrower i moving from his or her (j —l)th listing to j” listing is:

oo 00 0 ]
p Py 0 0
0 p.3.’2 E "
P = ! 12
ij 0 0 ;—Z,R—Z p;—Z,R—l 0 ( )
. . R-1,R—2 R-1,R—1 R-1,R
0 py Pj Py
R,R-1 R,R
o0 0 Pj Py
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If borrower i in his or her ;" listing is in reputation state r e {1,- . -,R} , we can characterize his or

her observed outcomes as following, based on (1), (3) and (4):

i u ij

exp(xl.j',Bu’ +A.a + MRy +& + g[j)

Pr(u, =1)= , —; (13)
' 1+exp(xij B +Aij05,: +MRU.7/; +& +5;’)
vy =%, B+ A+ MRy, + &) +e); (14)
exp(xij'ﬂ; + A0, + MRy, +& +gg)
Pr(d, =1|u, =1) = (15)

1+exp(xii'ﬂ; + A0, + MRy, + &, +gg)

2.4.2. The Dynamic Latent Class Model

Our dynamic latent class model of reputation is in spirit similar to our nonhomogeneous HMM
and is essentially a constrained HMM. In both models, there is a finite number of states of
reputation in which a borrower can reside at any point in time. In both models, the reputation
states are not directly observable, but they can be observed through their impact on a set of
observable outcomes. Both approaches effectively segment the borrowers at any time into R
distinct groups based on their reputation. The state of reputation in both models depends upon
the borrowers’ stock of reputation at the time, which is a function of the history of actions and
decisions made by them up to that time. The difference between the two models is that in our
dynamic latent class model, the current reputation state of a borrower depends on the previous
reputation states only indirectly through the cumulative effect of the history of the borrower’s
actions. In other words, as opposed to the HMM, here the transition probability of the states is

conditionally independent of the prior states:

Prob(ReputationU. =r'|w, {Reputationihif1 = r}) = Prob(Reputationl.j =r'| wl.j) . (16)
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To characterize the latent class model, we use an ordered probit model similar to our HMM.
The difference is that as opposed to the HMM for which we had R different ordered probit
models for each state, there is a single model with R—1 thresholds that governs the dynamic

evolution of reputation. Therefore, we have:

LC I'1LC .
R, Uy <W AT +ay;
. LC I'2LC LC,
Reputation; |w, =1r € {2,...,R —1} Lo <W AT o, < (17)
I'1LC LC
1, w, AT @, <y

It is worth noting that unlike the HMM, here the vector of coefficients of the underlying stock of
reputation, A°“, does not have an r subscript. This is because the coefficients of the ordered

probit model are not state-dependent anymore. Similar to our HMM, @, ~ N(0,1) are iid random

shocks. Given this specification, we can write the probability of borrower i being at reputation

th

state » in his or her j” occasion as:

2y = (1w, 21~ w2 (18)

We have re{l,--R}, 1" =—0 and ;" =+o. The moderating impact of the reputation states

on the observed outcomes is modeled similar to our HMM through a two-level hierarchical
model. Therefore equations (13), (14) and (15) are unchanged in this model. The dynamic latent

class model is more parsimonious compared to the HMM, as instead of estimating 2x(R—1)
thresholds and rxn, coefficients, we only estimate R—1 thresholds and n, coefficients. The

difference in the number of parameters to be estimated in HMM versus the dynamic latent class
model could particularly be large when we have a larger number of reputation states. The HMM
instead provides a richer specification and directly models the interdependence of the states. We

will later estimate both models and compare their goodness of fit.
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2.5. Data

The data used in this study was collected from one of the largest online peer-to-peer lending
websites in the United States. Starting its operations in 2000s, this P2P lending website provides
a platform on which borrowers can request to borrow money from lenders who are willing to
invest in personal loans. The community has more than one million members, and more than 350
million dollars in have been were issued within the community.

The P2P platform owner is in charge of receiving the money from the borrowers and
dividing it between the lenders. In the event of late payments or defaulting by the borrowers, the
P2P platform owner attempts to collect late payments on lenders’ behalf through various
collection practices (herzenstein et al. 2008). Serious delinquency could result in the account
being sent to collections. The platform owner reports the borrowers’ activities to major credit
bureaus, so late or missed payments may damage borrowers’ credit scores and make it more
difficult for them to get a loan in the future (Steinisch 2012). The P2P platform earns money
through charging a transaction fee on the listings that are fully funded and successfully
transformed into loans. The borrowers are charged a one-time origination fee as a percentage of
the amount of the loan when a loan is successfully initiated and the lenders pay an annual loan
servicing fee as a percentage of the outstanding principal balance of the corresponding loans.

On this P2P lending community, there is a good deal of information available to the
lenders when they want to make decisions on investing on a loan and submitting a bid. Other
than the listing information such as the amount, loan category and maximum interest rate,
lenders observe the borrower’s financial information such as credit grade and debt to income
ratio. Moreover the history of all of the prior activities of the borrowers including previous

listings, successful loans, and the borrowers’ financial data in each of those, and payment history
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are also available to the lenders to help them in decision making. The availability of this
information is what streamlines reputation formation.

Our data set includes complete data on all activities, i.e., the listings, bids, loans and
members, from the early 2006 to the end of April 2009. We also supplemented the data set with
payment data until September 2012 for the loans created in the 2006-2009 period. This provides
us with around 37 months of data on all the listings, loans created, and bids submitted by the
lenders.

For the purpose of this study, we only considered borrowers who have had at least three
of their listings successfully funded and converted into loans. This is done because the notion of
reputation building and being able to model and capture it heavily relies on having a reasonable
amount of prior activities and available information. So unless historical information is available,
reputation effect cannot be identified. Also the size of the data is very large making it
computationally prohibitive to conduct an analysis on the whole data set. This criterion narrowed
down our dataset to 3,201 listings from 365 unique borrowers. Table 1 shows the listing-level
variables and constructs studied in this research accompanied by a short description, and their
means and standard deviations for our selected data. The covariates included in our three
structural equations, 4, MR and the matrix X in equations (1), (3) and (4) are selected from
these variables. Table 2 provides the same information on our reputation level variables out of
which we have selected the covariates to be included in our underlying model of reputation

stock, W, in (11) and (18). Subscripts i for the borrower and j for the listing count number are

dropped to keep the table clean, but it is important to note that the values of the variables might

change across borrowers and time.
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Table 1: Description and Summary Statistics of the Listing Variables

Variable Name Description Mean SD
Amount (4) Amount requested by the borrower in the listing $6450 $5270
MR Maximum interest rate posted by the borrower in the listing 21% 9%
FundingOption A dummy which is 1 when the auction is open for the duration and 0 if it 0.79 0.41
is closed when fully funded.
CreditGrade Borrowers’ credit grade as an ordinal variable ranging from 0 for no credit 3.79 1.66
available to 7 for AA credit
ListCharacters Total number of characters in the description of the listing 1147 765
ListImage A dummy variable which is 1 if the borrower has at least one picture 0.63 0.48
posted in the listing
ListDuration Duration of the listing auction, ranging between 3 and 10 days 8.22 2.68
FriendsBids Number of bids by the borrower’s friends in a listing 0.07 0.26
NumQ&A Number of questions and answers in the listing 0.46 1.01
NumDelin Number of current delinquencies of the borrower 1.38 3.03
Home Owner A dummy variable which is 1 if the borrower is a home owner. 0.41 0.49
DebtTolncome Debt to income ratio 0.31 0.63
Table 2: Description and Summary Statistics of the Reputation Variables
Variable Name Description Mean SD
Lender Whether the borrower is also registered as a lender 0.56 0.49
GroupMember A dummy which is 1 if the borrower is a member of a group 0.41 0.49
MemberDescription Total number of characters in the member’s profile description 404 538
CumBids2ListRatio Ratio of cumulative number of bids to cumulative number of listings for ~ 31.85 53
a borrower
CumNumULists Cumulative number of listings that the borrower has posted before 6.55 8.70
CumLoans The cumulative number of loans that the borrower has had 1.13 92
CumWithdrawals The cumulative number of listings that the borrower has withdrawn 4.04 7.80
CumFriendsBids Cumulative number of bids by the borrower’s friends in prior listings 0.06 0.44
CumQ&A Cumulative number of questions and answers in a borrower’s prior 1.74 3.82
listings
TimeSinceJoin The logarithm of the number of days since joining the lending 450 398
community
DeltaCredit Change in the credit grading since last posting 0.08 0.63
Friends Total number of friends of the borrower 0.99 1.59
Endorsed Number of endorsements a borrower has received 0.29 0.73
Endorser Number of people a borrower has endorsed. 0.24 1.91
CumBorrowed Cumulative amount borrowed by the borrower $ 5231 4673
Outstanding The amount of principal outstanding owed by the borrower $ 1497 1986
Payments Total number of on-time payments by the borrower so far 12.44 13.72
LatePay Total number of late payments by the borrower so far 0.36 1.61
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2.6. Estimation

We utilize an empirical Bayesian approach and estimate the model using a Markov Chain Monte
Carlo (MCMC) estimator with multiple Gibbs and Metropolis steps. Both the LIV method and
the hidden Markov model are likelihood-based approaches, so they are amenable to MCMC
estimation. A benefit of the Bayesian approach is that it allows us to get draws of the parameters
of the model, whereas in the frequentist approach, only point estimates are attained. From the
practitioners’ point of view, the Bayesian approach allows the platform designers to estimate the
distribution of the parameters for each of the borrowers separately. This provides a flexible
random component specification that allows us to incorporate both observable and unobserved
borrower heterogeneity (Agarwal et al. 2011).

One of the challenges with the Bayesian analysis is deciding on the prior distribution of
the parameters, as in many applications, ours included, no useful prior information exists. This
issue is more highlighted in the context of hierarchical models when the number of parameters is
larger and their interpretation is more complex. One way to deal with this is using empirical
Bayes in which the existing dataset is used to get the prior distribution parameters. They are
made as uninformative as possible such that the weight of the prior is minimal in determining the
posterior distribution. In this study, as we shall see, we use empirical Bayes and in particular a
class of empirical Bayes priors that are called g-priors for our second-level coefficients (Hoff
2009).

Although the joint posterior distribution of the model is non-standard, we use an iterative
algorithm that constructs a dependent sequence of parameter values whose distribution

converges to the parameters’ joint posterior distribution (Hoff 2009). At each step, we form the

44



full conditional posterior distribution of a group of parameters by conditioning on the current
values of all other parameters that are being estimated.

Following are the steps used in estimating the dynamic latent class model. The MCMC
algorithms used to estimate the hidden Markov model and the benchmark model are
modifications of this algorithm.

1. Draw p;, where re{l,..,R} and pef{u,y,d}. B, is an n_ vector of coefficients of equation

p for a borrower who is at reputation state r .

1.1. We use a Gibbs step to generate f;. p, and X, are the second-level within-sample

mean and covariance of the coefficients.
, -1
’ 2 ~ - < _ -1 Xr Xr
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1.2. In order to generate S, and f;, We use a random walk Metropolis-Hastings step (Rossi
et al. 2005) with the log likelihood function of (2) combined with the second-level

between-sample mean and covariance of the coefficients.

B\ Yo X, psOotty 2 o (LL,)+log (8 ~ MVN(u, .3, ), Where re{l,..R} and pe{ud}
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2. Draw the first-level between-sample mean and covariance of the coefficients, x, and ¥, for

model p where pe{u,y,d}. We use a Gibbs step with diffuse conjugate normal priors for the

means and inverse Wishart priors for the covariances. For priors, we use the one-level model

estimates of means and covariances.

_ -l
ty | By BYZ, ~va(;zﬂp,iﬂp),where iﬁp {(Eoﬁ,,) ‘+R(Eﬁh) 1} |

'Zlﬁ,?’ = i/)’,, |:(22f,, )71 /ug’,) + R(Zﬁ,, )71 _p:l

5, - IW[m? +R{S§ 2 (B w, ) (B -1 )'j }

3. Generate the normal error terms, ¢ , where geiu,y,d,4,MR} in each of the three main
models and the two LIV equations.
3.1. The error terms for the interest rate reduction equation, &, is calculated as:
&' =y,~B x,— &, where ¢” is the /" element of the error vector and ref{l,...R},

jeil..n}
3.2. The endogenous error terms for the Amount LIV equation, &,, and the maximum

interest rate LIV equation, ¢, , are generated as follows:
g, =A-2,0, , Evg = MR —Z, 0

3.3. We use a random-walk Metropolis-Hastings step to generate ¢, and ¢, , based on the log

likelihoods as given in (2), and a multivariate normal sampling distribution which acts

like a prior:
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(8,~j|5yagAangA°C (LLM)+(LLd)+log[(5;/ gl & &) e;jR)'~MVN(O,A)},

1
&
where re{l,..,R}, je {1,...nf}

4. Draw the 5x5 model covariance matrix. We do this in two steps. We first draw the
covariance matrix of ¢,, ¢ , ¢, and ¢, for each of which we have N values. Then we draw
the variance of ¢, and its covariance with other variables, as we only have N, values of it.

We use a diffuse conjugate inverse Wishart prior. The draw for the second step is:
A|E~ IW[ng‘ + N, (S +E’E)’l} ,where E=(¢,.£,.6,.¢,.6,)

5. Draw Category memberships for each of the two endogenous variables. We generate an
N xC, matrix, Z,, for the amounts and an N xC,, matrix, Z,, , for the maximum interest

rates as two categorical variables with the posterior probability given below (Rutz et al.

2012):

Lo Ze)p.BA)er,

Pr(Z = =
(Z =c) > L(5:Zie).0 BA )<,

, Where i=1,...N, s€{4,MR}

Z!=c, and Z!(c,) for the i" observation mean that the element on the ¢,” column of row i

of Z is I and the rest are 0. 7z, is the sampling probability of membership in category c,
which acts like a prior and L(s,Zi(cAY),(/zY,E,A) is the likelihood of the whole LIV model

evaluated at Z' =c, .
6. Generate category membership probabilities for the two latent IVs, », and 7x,,, using a

Dirichlet draw as following (Rutz et al. 2012):
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7,12, ~ Dirichlet(1+X,,...1+K_. ), s € {4, MR}

K. denotes the number of observations for the latent IV s that belong to category ¢, i.e.,

K.=>"7 (zi=c).

7. Generate the discrete set of means for the two latent IV’s using a Gibbs step similar to (Rutz
et al. 2012) with a diffuse multivariate normal prior. These means are essentially the
coefficients in a linear regression of the endogenous variable on the category memberships.

We use the quantiles of the endogenous variables as the prior means.
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8. Draw the coefficients for the equation determining the underlying stock of reputation.
Conditioning on the previous draws of the latent continuous reputation stocks and using a
diffuse normal g-prior (Hoff 2009; Zellner 1986) with mean zero for the coefficients, we
draw the coefficients similar to a regular draw for a linear regression model. As the scale of

the reputation equation is not identified, we fix it to 1.

* - < = N - -~ — 1 *
B |W,Rep ~MV7V(/1ﬂR,ZﬂR), where X, =ﬁ(W’W) "and i, =%, WRep
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10.

11.

12.

Draw the latent continuous reputation stocks. We use a data augmentation approach to
generate the reputation stock of a given borrower at a given time, conditional on the current
draw of reputation state, the reputation equation coefficients, and the current values of the
thresholds. Given these draws, the reputation stock is truncated normally distributed.

1 as<w<bh

Rep, |w., fBr,1s~ N(ﬁR wl.,l) X5 (o) (Repl. ) , where [, (w)= {O hermise

Given . we know that Rep, must lie between &, () and &, (r).

Draw the thresholds of the reputation ordered probit model. Assuming a diffuse uniform
prior for the thresholds, we generate each threshold as a uniform draw in the range allowed

based on the current values of reputation stock and reputation state.
0, | Rep’,R ~ U(maX{Repi* |rn=k- 1},min{Repi* |r = k})

Draw the reputation states for each borrower at each listing occasion. We draw the state for
each observation as a categorical variable such that the posterior probability of belonging to
each category is calculated based on the posterior likelihood of each state. We are assuming a

discrete uniform prior for the states.

Pr(R =r|Rep", B,. ,. B,-6.:6.,0,,5,) =
L (B8 )L, (820,080 ) La(Brrein &0 )< (0(8,, — Rep, )~ ®(5, —Rep,"))
::lLu (/B:vgli»éi )Ly (ﬂf’a}z9§;)l’d (/B;vg;vfc;)x(q)(gkﬂ _Repi*) _q)(5k _Repi*))

where i=1,..,N, and @ is the CDF of the standard normal distribution.

Draw the random effects for each borrower in each of the models. Conditioning on the
current draws of the coefficients and the current values of the error terms, and using the

sampling distribution of the random effects’ variances that works similar to a prior, we
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generate the random effects. We use Metropolis-Hastings steps for loan conversion and
defaulting models. The draw for the interest rate model is done using a Gibbs step for the

within-sample coefficients of a two-level model.

&, |ﬂp,0';,Repi,g; o (LLP)log(fl’; ~ N(O, O';P ))

9

where pe{u,y,d}, and LL, is the log likelihood function calculated according to equation
).

_ ) o . .
&1 B,.0. . Rep, ~ N(,uép,aép), for i=1,..,n, and j=1,.,n,,

-1
~2 2 2 ~ =2 " - ) :
where G _(1/‘75,, +m, /ap) and fy =G Zj:l(y,.j Bx;), n, s the number of
observations for borrower i, p, is an element of p, x, is vector of covariates and S, is the

state-dependent vector of coefficients.
13. Draw the variance of the borrower-level random effects term. We generate the variance for

each model using a Gibbs step on the current draws of the random effects and a diffuse

conjugate inverse gamma prior.
1/0'511 &, ~gamma(£’p/2,17p&§p /2),
2 -1 n, i 2
where peiu,y,d} And v, =v, +n, and G, = (Vp) (%,,05,, + Zl_:](gp) ) ,

) Vv, V, ) . .
and 1/o. ~ gamma| -, | is the prior with v, =1 and o’ =1.
A 5 % p 0, 0,
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2.7. Results and Discussion

In order to get initial values for the parameters, we first drew 50,000 samples for each of the
three equations separately. Then we used the mean of the last 20,000 draws as initial values for
the coefficients in each of the models. In order to estimate models M1 (the benchmark model),
M2 (the HMM) and M3 (the dynamic latent class model), we implemented the MCMC code in R
and for each model, ran the code for 250,000 iterations. We only recorded every 10" draw to
mitigate the autocorrelation issue which is a common consequence of the MCMC simulation
(Hoff 2009). To insure that the effect of initial values has dissipated, out of the 25,000 resulting
samples, we discarded the first 5,000 as the burn-in samples and used the remaining 20,000
samples to draw inference. In order to reduce correlation, and also to make the comparison of the
estimated coefficients easier, all of the variables except for dummies and count variables are
mean-centered and scaled by dividing them by their standard deviation. As our data spans
several months, in order to control for the effects of the state of the economy, we include the
daily Dow Jones Industrial Average' data in our models.

We estimated a model with three simultaneous equations and no explicit reputation
component, an HMM and a dynamic latent class model. For each of these models, we calculated
DIC, the deviance information criteria (Spiegelhalter et al. 2002). DIC is a measure of fit for
Bayesian model estimation that values both fit and parsimony by penalizing models that have a
larger number of effective parameters. In each of the models, we use latent IVs with the same
number of categories to account for potential endogeneity. As we see in Table 3, our latent class
model, M3, with 3 states (the best latent class model in terms of fit) outperforms the benchmark

model and the HMM with 3 states (the best HMM).

" http://www.djaverages.com/
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The HMM has more effective parameters, so is naturally expected to provide a better fit.
The improvement in fit, however, is not sufficient to warrant the additional parameters. This
lends support to the notion that the lenders’ perception of a borrower’s reputation is determined
solely through the available information on the borrower, and the stochastic updating of the
reputation does not explicitly depend on the current state of reputation. This is reasonable, as
there are a large number of lenders in the community, each of which evaluates the given
borrower’s reputation at a given time using a fixed set of standards, regardless of the borrower’s

reputation in the prior period.

Table 3: Model Comparison

Model DIC
M1: The benchmark model with no explicit reputation component 67,460
M2: The hidden Markov model of reputation with 3 states 62,562

M3: The dynamic latent class model of reputation with 3 states 61,642

From now on, we focus on the dynamic latent class model of reputation, and report the
estimation results for this model. In order to estimate a latent class model, we need to determine
the number of states as an input to the model. Table 4 shows the deviance information criterion
for dynamic latent class models with 2, 3 and 4 reputation states. The model with 3 reputation
states provides the best comparative fit as it has the lowest DIC among the three models. The

three reputation states will hence be labeled as low, medium and high reputation levels.
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Table 4: Comparison of Latent Class Models for Different Number of States

R DIC
2 62,151
3 61,642
4 61,950

LIV approach is generally robust to the specification of the number of categories as long as there
are at least two categories (Ebbes et al. 2005; Rutz et al. 2012). However, in order to decide on
the number of categories for each of the latent instrumental variables, we estimated our three-
state dynamic latent class model with combinations of 2, 3 and 4 categories for each of the latent
IVs. As we can see in Table 5, the model with 3 categories for the listing amount LIV and 2

categories for the maximum interest rate LIV outperforms the other models.

Table 5: Comparison of LIV Latent Class Models for Different Number of Categories

C, Cir DIC
2 2 61,881
2 3 61,973
3 2 61,642
4 2 61,987
3 4 62,157

After deciding on the number of reputation states, and the number of latent categories for each of
the instruments, we estimate the model and provide the results in Tables 6 to 11. Table 6 shows
the posterior means of the coefficients of the logit model of loan conversion. Credible intervals
(Edwards et al. 1963) are calculated as the empirical quantiles of the drawn samples. Each
column represents the coefficients for each state of reputation. The coefficients have logit scale,

so a negative coefficient represents a lower chance of conversion as the variable increases, while
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a positive coefficient represents a higher chance. The signs of the estimated coefficients are in
general as expected and in accordance with prior research on P2P lending.

Careful inspection of the coefficients for each reputation state reveals some interesting
patterns. The intercept for low-reputation borrowers is negative and significant, while the
intercept for the high-reputation borrowers is positive and significant. It means that a low-
reputation borrower’s listing has a lower chance of getting funding, ceteris paribus. Also the
coefficient for amount for low-reputation borrowers is negative and significant meaning that the
listings that ask for a higher amount are less likely to be funded. However, interestingly, the

opposite is true for the medium and high reputation borrowers.

Table 6: Loan Conversion Model Estimates ( 3, )

Reputation State

@) (2) (3)
Intercept 27117 -0.084 0.607""
Amount -0.369"" 0.700"" 0.642°"
MR 0.233" 0.042°" -0.212
MR’ -1.100"" 0.116 -0.086
FundingOption 0.036 -1.396 -0.674"
CreditGrade 3390 -0.510 1.071°
ListCharacters -0.179 -0.973 1.078"
ListImage 1.103" 1.032 3.020
ListDuration 2.799° -2.106 -2.636
FriendsBids 0.890"" 0.102 0.024
NumQ&A -1.508"" 0.570" 0.197""
NumDelin -0.098™" -0.126 0.455
DJIA 0.890" 0.001 0.021

Notes: The numbers are the empirical means of the draws for each
coefficient. * significant at 0.1; ** significant at 0.05; *** significant at
0.01 (empirical credible intervals)

This could be because lenders are more comfortable trusting their money with a borrower with
higher reputation, and as they regard the listing as a good investment opportunity, they are even

more willing to invest if the amount requested is higher. Whilst insignificant for medium and
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high reputation borrowers, the coefficient for inclusion of images in listings is positive and

significant for low-reputation borrowers and improves their chances of getting a loan. One way

to explain this is that due to the lack of further useful information, images could serve as signal

that provides some information and creates a sense of trust toward the borrower (Duarte et al.

2012).

Table 7: Interest Rate Model Estimates ( 3, )

Reputation State

) (2) (3)
Intercept -6.938""" -0.195" 0.975™"
Amount -0.370""" 0.139 0.025
MR 0.023™ 0.06 -0.144
MR’ 0.235" 0.053 -0.025"
FundingOption 0.156"" -1.893 -0.810
CreditGrade 0.817" -0.681 -4.557
ListCharacters 0.851 -0.618 0.386
ListImage 1.327° 3.371 0.400
ListDuration 0.168" 0.521"" -1.141
FriendsBids 0.026 -0.041 0.122
NumQ&A -1.703™ -0.11°7 -0.041
NumDelin -0.118" 0.038 0.162
DJIA 0.004™" -0.014 -0.049"

Tables 7 and 8 present state-level posterior means of the coefficients for interest rate and

defaulting models respectively. Trends similar to what we discussed for the loan conversion

model could be spotted in these two tables. The intercepts in the interest rate model, for instance,

are all significant, such that low-reputation borrowers have the least reduction in the final interest

rate and the high-reputation borrowers have the highest. Also interestingly, credit grade and the

number of delinquencies of the borrowers are only significant in the interest rate model for the

low-reputation borrowers. Another surprising finding is the significant and negative sign of the

coefficients for the number of questions and answers for low and medium reputation borrowers.
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This could be because listings that receive more questions are listings that provide less

information, so fewer lenders are willing to invest in them, resulting in higher interest rates.

Table 8: Defaulting Model Estimates ( 5, )

Reputation State

) (2 (3)
Intercept 0.106" -0.262" -0.227
Amount 0.060""" 0.246 -0.478""
MR 0.203™ -0.606" -0.07
MR’ -1.304 -0.094 -0.383
FundingOption -0.064" -0.985" 1.884"
CreditGrade 76847 -6.049™" -24.65
ListCharacters -1.043™ -3.407 -9.733
Listlmage -1.108" 3.143 -8.295
ListDuration -11.28 -4.578 -0.731
FriendsBids 1.124™ -0.711° -0.218
NumQ&A 2.106™ -0.525" -0.528"
NumDelin 02817 0.077° -0.111
DJIA 0.896" 0.133 0.892

According to the estimates in Table 8, all else the same, low-reputation borrowers are more
likely to default as the intercept for them is positive and significant in the logit model of
defaulting. Higher amount loans with higher interest rates by the low-reputation borrowers are
more likely to default. Conversely, for high-reputation borrowers, a higher loan amount on
average has a negative impact on the chances of defaulting. As opposed to the interest rate
model, a greater number of questions and answers is associated with lower chances of defaulting
for borrowers at all reputation states. One explanation is that with more questions and answers,
the lenders manage to acquire better information about the borrower’s risk of defaulting on a
loan. As expected, credit grade and the number of delinquencies are both strong predictors of the

risk of defaulting.

56



Table 9 shows the posterior means and statistical significance of the ordered probit model
of reputation evolution. Some insignificant variables are also included to provide insight. Ratio
of cumulative number of bids to the number of listings, number of characters in the member’s
profile description, number of endorsements received by the borrower, borrower’s experience as
measured through the logarithm of the time since joining, the change in credit grade and the
number of on-time payments all have positive and significant estimated coefficients. This means
that a borrower with a larger value of these variables is likely to have a higher reputation. The
estimated coefficient for the total number of late payments is negative and highly significant,
meaning that late payments have a large adverse impact on borrowers’ reputation. The estimated

thresholds of the ordered probit model are also reported in Table 9.

Table 9: Reputation Model Estimates (ZLC)

Lender 0.004
GroupMember 0.013
MemberDescription 0.064"
CumBids2ListRatio 0.051
Endorsed 0.1107
TimeSinceJoin 0.1187
CumLoans 0.138"
CumWithdrawals 0.305
DeltaCredit 0.1137
CumFriendsBids 0.153"
CumQ&A -0.012
CumBorrowed 0.037"
Outstanding 0.017
Payments 0.1037"
LatePay -0.560"
1 02727
1y 0.088"

Table 10 reports the estimated covariance matrix for the joint distribution of the error terms of

each of the three structural models and the endogenous variables. The estimated error variances
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are much smaller as compared to the model with no reputation component (M1), as more of the
variation in data is explained by the dynamic latent class model. The significance of the
structural covariance terms lends support to the joint estimation of the models, while significance

of the covariance terms o,,, o,, and o,, provides support for the endogeneity of the two

u

variables and the virtues of using the LIV approach. The significant and well-separated estimates

of the LIV category means in Table 11 provide evidence that the LIV model is well-identified.

Table 10: Posterior Mean and Standard Deviation of the Error Covariance Matrix

g, g, &, &, Evr

: 0.90 (0.03)  -0.08 (0.06)  0.008 (0.003)  0.01(0.04)  -0.01 (0.002)
£, 1.92 (0.54)  -0.002 (0.03)  0.005 (0.006)  -0.03 (0.01)
g, 1.13(0.02)  0.004(0.002)  0.01 (0.003)
£, 0.561 (0.073)  0.05 (0.02)
Erm 0.31 (0.02)

Table 11: LIV Parameter Estimates

Amount Maximum Interest
LIV category means (@ ) -0.524 %% -0.629***
0.087%** 1.093***
0.410%**
LIV category probabilities ( 77 ) 0.284%** 0.615%**
0.444%*x* 0.385%**
0.261%**

2.8. Conclusion

Technological advancements in web-based information systems in the last decade has given rise
to Web 2.0 market mechanisms, where individuals take up active roles and their participation is
key to survival of these markets. Many of these markets lean heavily towards C2C transactions

where consumers act as buyers, sellers and even independent experts. Participants in these
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markets act based on their perception of trustworthiness or reputation of other parties and the
risks involved in the associated transactions. In the online peer-to-peer lending community under
study, borrowers are uniquely identified and the history of their activities within the lending
platform is available to all registered lenders. So in contrast with many other e-commerce
platforms, users cannot fake their identity and they are held accountable for their actions as these
actions are directly traced back to them.

P2P lending platforms provide the lenders with the borrowers’ hard credit information,
similar to what financial institutions look at when considering a loan application. There is also
additional information available as the borrowers’ activities within the P2P lending community is
recorded and is made available to the lenders to help them in decision making. This Information
includes the details of the borrowers’ prior loan requests, successful loans, loan payback
information, social networks and the progression of the borrowers’ hard credit information. In
this study, we focused on the value created by this information which is made possible through
the information systems deployed by the P2P lending platforms. In particular, we drew on the
repeated games literature in economics and posited that borrowers and lenders are engaged in
interactions that could be modeled as a repeated game. A borrower’s type, i.e., his or her
creditworthiness, is the private information of the borrower so information asymmetry is present.
In order to mitigate the information asymmetry issue, rational lenders use the available
information on the borrowers as a signal to infer the borrowers’ types.

Therefore over time, as a borrower performs actions, the lenders’ beliefs about him or her
are updated. We refer to this form of identity as a borrower’s reputation, and posit that a
borrower’s reputation affects his or her outcomes in the P2P community. In order to investigate

this, we set up a system of three simultaneous equations to model a listing’s conversion to loan,
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the final interest rate of a loan and the ex-ante probability of defaulting. We used the novel latent
instrumental variable approach to account for potential endogeneity in the amount requested and
the maximum interest rate posted by the borrowers. We propose two ways to model a borrower’s
reputation making, a hidden Markov model and a latent class model. The difference between the
two is that the probability of moving from a state in the HMM is directly dependent on the
current state.

We utilized a Markov chain Monte Carlo estimator with Gibbs and Metropolis steps and
estimated the two models using a pseudo-hierarchical Bayesian approach. We also estimated a
benchmark model with no explicit reputation component in which the reputation variables were
included in the structural equations as covariates. We used DIC, the deviance information
criterion (Spiegelhalter et al. 2002) to measure the goodness of fit of the models and found that
the latent class model of reputation with three states outperforms others in explaining the data.
We provided parameter estimates for each reputation state, and showed that our modeling
approach provides a means to tease out the varying effects of covariates on the outcomes of
interest for borrowers in different reputation states. One way to interpret the findings is to
assume that the estimated coefficients for each state represent a model through which the
outcomes for a borrower at that stage are decided. The lenders have a belief about a borrowers’
private state. As more information about the borrower becomes available, this belief is updated
and the borrower’s reputation evolves. The outcomes of the borrower are then essentially
determined by calculating expectations that are taken over the probability distribution of the
borrower’s type. These expectations are weighted averages of the outcomes for every state. Our
model is able to recover the distribution of each borrower’s perceived type at any time through

its Bayesian draws of the borrower’s type.
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In this study, we proposed a novel empirical approach to measure the evolution of
reputation and its impact on outcomes of interest in the peer-to-peer lending context. This
approach is readily extendable to any other environment in which repeated transactions are
performed and information signals are available resulting in reputation effects. Using this
approach, we investigated and provided evidence for the intangible value created by the
information systems in online P2P lending. Our approach could also be used to improve the
classification of borrowers in P2P lending platforms or agents in other similar platforms, and
therefore help users make better decisions. Furthermore, we adopt and extend the latent
instrumental approach, a new approach to deal with endogeneity. As there are usually numerous
issues with traditional IV estimation, LIV approach could provide a viable alternative to

investigate empirical questions in the presence of endogeneity.
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Chapter 3 Bidders Attrition in Sequential Online Auctions

3.1. Literature Review

Consumers spend significant amount of time and effort to search for information related to
product quality/service and prices before making purchase decisions. Understanding consumers’
desire and effort for information in any market is critical because it eventually affects the market
structure (Nelson, 1970). Unprecedented proliferation of electronic markets in last decade has
exponentially increased number of available options to consumers. These markets offer a variety
of market mechanisms and purchase options for a wide range of consumer demographics.
Electronic markets have also lowered the search cost and hence it is expected that cost to find
vendors offering lowest price is almost negligible or very low. Due to lower search costs in these
markets, it was predicted that consumers will switch to low cost providers which would lead to
almost zero price differential (Reibstein, (2002). However, results of empirical studies were
contrary to the popular belief. These studies found much wider price dispersions online
compared to traditional brick and mortar retailing (Brynjolfsson and Smith 2000). Explosive
growth in number of available options in online markets is one of the reasons that consumers are
not able to search for lowest price vendors without incurring a high search cost. We argue that,
instead of engaging in exhaustive and costly market search, consumers often focus on smaller
niche markets. In these markets, along with product quality and price information, consumers
also observe market supply and demand which can affect their purchase decisions.

Marketing literature is rich with studies on customer acquisition and retention. Most of
these studies look at the repeat purchasing behavior of a firm’s customers, the value that the

customers bring to the firm, and the costs to acquire and retain them. It is true that similar to

62



brick and mortar retailing, in online markets, a critical measure of success is businesses’ ability
to retain its customer base (Wang and Splegel 1994). In online markets where search costs are
low and customer switching is high, it is becoming increasingly essential for all online
businesses to understand the value of their repeat customers and develop efficient strategies to
retain them for a long period of time (Wang and Splegel 1994). One simple reason for business
to focus on retention is because it costs less than acquiring new customers. The general estimate
is that : “It costs five times more to acquire a new customer than to retain an existing one”
(Pfeifer 2005).

The current literature on customer acquisition and retention looks from a firm’s
perspective where the firm wants to attract more customers and keep them, especially customers
who create more value. Customer acquisition and retention policies are based on customers’
lifetime value (CLV) which is estimated based on their expected financial contribution over a
period of time (Kumar, 2008). In contrast, our study focuses on the issue of customer retention in
a sequential auction environment. We argue that in auction environment, CLV shouldn’t be
based only on their purchases because, even those customers who do not win, provide a value to
the auctioneer by sheer participation. A higher number of participating bidders in an auction
increases bidding competition. In auction environment, where final price is determined by
competing bidders, a higher completion leads to higher winning bids (Pinker et al., 2003) (Pinker
et al. 2003) (Pinker et al. 2003) (Pinker et al. 2003) (Pinker et al. 2003) (Pinker et al. 2003)
(Pinker et al. 2003) (Pinker et al. 2003) (Pinker et al. 2003) (Pinker et al. 2003) (Pinker et al.
2003) (Pinker et al. 2003) (Pinker et al. 2003) (Pinker et al. 2003). Hence, the auctioneer wants
the customers, i.e. bidders, to keep participating as long as they have not satisfied their demand

for the product. This research can help auctioneers estimate the retention and attrition
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probabilities of bidders which in turn enable them to estimate customers’ projected value and
make more informed decisions.

Customer loyalty plays an important role in the customers’ repeat purchase behavior.
Although most of the literature on loyalty has focused on frequency of purchased packaged
goods which measures brand loyalty, loyalty concept is critical to traditional and online retail
establishments (Dick et al., 1994) to retain their customer base. Consumers who are satisfied
with the service quality (and information quality in online markets) are more likely to be loyal.
These loyal customers create positive word of mouth (Hagel III and Armstrong, 1997) which
leads to higher profits. Loyal customers have lower price elasticity and are willing to pay higher
to reduce their search cost of shopping around (Reichheld and Sasser, 1990). Prior studies have
also validated that customer satisfaction, customer loyalty and profitability are positively related
(Hallowell, 1996).

Customer loyalty in electronic markets (called e-loyalty) is more challenging than its
counterpart in traditional markets because with lower switching cost, competition is just a few
clicks away. Srinivasan et al. (2002) identify eight factors- customization, contact interactivity,
convenience, cultivation, choice and character that can affect e-loyalty. Word of mouth by loyal
customers has much wider impact on Internet via blogs, social media and online communities.
Hence, customer loyalty and retention are highly desirable in electronic markets. In online
auction markets, auctioneers’ choice of auction market design can affect consumers’
convenience and ease of interactivity which affects their loyalty to the auction platform.

We extend the notion of consumer retention or consumer attrition to the online auction
environment. In the online auction environment, sellers don’t offer items at fixed prices, and

instead consumers compete with each other and determine the final prices. In this market, where
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price is not fixed, consumers have to balance the trade-off between the cost of participation and
expected payoff upon winning in current or the future auctions. Hence, auction design
parameters, consumers’ perception of market supply and demand, significantly affect their
decision to continue participating in auctions hosted on an auction platform. Further, consumers’
understanding of the final equilibrium prices in auctions and their own private values also play a

significant role on consumer attrition in online auction environment.

3.2. Conceptual Model and Hypothesis Development

It is important to understand consumer attrition in online markets, as competition is only a click
away in these markets. Consumers always search for higher quality and lower price; however
their search behavior varies and depends on market structure. Nelson (1970) in a seminal paper
argued that market information (price and quality of the product), or lack of it, affects consumer
behavior and eventually market structure. Consumers desire to obtain price and quality
information which affects their purchase decision and eventually the market structure. In
sequential auctions, the quality of the item auctioned doesn’t change from auction to auction, and
price is determined by the competing bidders. In this environment, prospective bidders focus on
market information that drives bidding competition. Hence, we argue that in online auction
markets, consumers’ perceived information on market supply and demand, irrespective of its
accuracy, plays a crucial role in their purchase decision and may eventually affect the market
structure.

In fact, market demand and supply information has always played a key role in sellers’
decision making, such as market mechanism design and estimation of prices (Engelbrecht-
Wiggans and Kahn, 1999), however, not so much in consumer decision making, partially

because of unavailability of mechanisms to estimate this information for consumers. We posit
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that many online market mechanisms, for example, online auctions, allow consumers to estimate
market supply and demand information. Since bidders consider “auction as a competition” (Lee
and Malmendier, 2006) and other bidders as their competitors (Ariely and Simonson, 2003),
market supply and demand information allows them to estimate their cost (participation) and
payoffs (winning) in sequential auctions environment. It is logical to argue that bidders’ future
participation depends on their perception of market supply and demand of the product of their
interest.

Prior work has argued that bidders’ perceived demand and supply information affects
their bidding strategies (Goes et al., 2012), we extend that line of research and argue that
perceived supply and demand information also impacts participation in these auctions. Research
studies investigating consumer attrition in online retailing markets found that consumer online
search, consideration and evaluation play a larger role in shopping cart abandonment (Kukar-
Kinney and Close, 2010). We extend that line of research for online auctions and argue that
bidders’ perception of market supply and demand affect their chance of winning in sequential

auctions and hence determine their decisions to continue or leave the auction sequence.

3.2.1.  Drivers of Bidders Attrition

3.2.1.1. Bidders’ Perception of Market Supply

Sellers conducting a sequence of auctions are generally endowed with a sizable inventory. These
sellers determine the number of items (lot size) to be sold in each auction to maximize their
expected payoff over the auction sequence. The primary reason of conducting auctions in a
sequence is to better manage the release of these items in the auction market while maintaining a

sustainable demand. There are various factors that affect sellers’ decision of lot size, such as
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product obsolescence, stochastic nature of demand, etc. to name a few. Hence, managing the
pace of inventory clearance in sequential auctions is anything but trivial (Tripathi et al. 2009;
Chen et al. 2011).

For strategic reasons, sellers don’t reveal the size of available inventory to participating
bidders. Bidders try to estimate the available inventory by observing sellers’ actions in sequential
auctions. We argue that bidders perceive a larger lot size in an auction as a signal for higher
available inventory. A higher lot size in an auction could signal the seller’s desire to clear the
inventory quickly for various reasons, such as decreasing demand or product obsolescence, and
has a positive and significant effect on auction entry (Bapna et al. 2003b). Hence, it might raise
bidders’ expectations of winning the product for a cheaper price in the future. Lower expected
prices translate into higher expected payoff (Bapna et al. 2003a) for the bidders. Vakrat and
Seidmann (1999a) also find that the consumer surplus is non-decreasing with the increase in the
lot size offered in a single auction. Therefore, we argue that an increase in perceived supply

should lead to lower risk of attrition. Formally, we hypothesize that:

HI:  Increase in perceived supply reduces the odds of bidders’ attrition.

The successive auctions in a sequence can begin before or after the first one ends. If the
successive auctions overlap, bidders in the first auction can see an upcoming auction for the
identical item whereas if successive auctions have a finite time gap between them (Time between
auctions), bidders in the first auction are uncertain about the upcoming auction for the identical
item. As the time gap between successive auctions increases, unsuccessful bidders from the
previous auction are more likely to drift away from that auction site because they don’t know
about upcoming auctions for identical items and start searching for the item at competing sites.

We argue that uncertainty about any more auctions selling identical items affects bidders’
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perception of market supply. Since bidders don’t know if there would be another auction, they
may perceive the previous auction as the end of the auction sequence. This perception about the
end of supply becomes stronger as time gap between successive auctions increases.

Longer time between auctions could result in an increase in bidders’ foraging behavior
outside the auction sequence. Similar to the way humans and other species look for food,
foraging behavior could be defined for the way customers browse and shop the goods they need
online or offline (DiClemente and Hantula 2003; Rajala and Hantula 2000). In this context, we
argue that bidders might find the product or an alternative for it outside the auction sequence and
quit participating. Longer time gap between auctions is akin to waiting cost for the bidders
(Vakrat et al., 1999) who stay around and expect another auction for the identical item. If
auctions overlap, auctioneers can attract bidders from previous auctions to the next auction.
Hence, we argue that the longer time between successive auctions increases uncertainty about

upcoming auctions and increases the odds of bidders’ attrition. Formally, we hypothesize that:

H2:  Longer time between successive auctions increases the odds of bidders’ attrition.

3.2.1.2. Bidders’ Perception of Market Demand

Consumers compare prices of product/services with an initial anchor or an internal reference
price that they estimate based on their prior experience (Winer 1986). Reference price affects
consumers’ willingness-to-pay and plays a critical role in consumers’ purchase decisions.
Drawing on Prospect Theory (Kahneman and Tversky 1979), transaction utility, the discrepancy
between reference and actual price, is considered by customers when evaluating potential
transactions and making decisions (Thaler 1985). However, there is no simple explanation of

how consumers determine reference prices of products/services.
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Consumer decision models have shown that consumers often struggle with the value
assessment of product and services (Simonson & Tversky, 1992) and refine their assessment
over time (Bettman, Luce & Payne, 1998). Along with these lines, we argue that consumers’
reference price for a product/service may depend on a variety of market cues they acquire over
time from multiple sources. In the context of sequential auctions, where bidders can estimate
market supply and demand by observing sellers’ and buyers’ behavior, they continuously refine
their reference prices as they acquire additional explicit and subjective information about the
product/services. Although the items sold in multiple auctions of a sequence are identical,
empirical evidences show that the final prices change over time, partially due to dynamic mix of
bidders and ensuing bidding competition. Hence, we argue that even in sequential auctions
where each auction sells identical items, consumers’ reference prices for these items may change
as they observe others’ bids (Kauffman and Wood 2006) over time. Similar to other online
shopping environments, bidders in online auctions prefer to bid closer to their reference prices.
In sequential auctions of identical items, there is a significant fluctuation in winning bids and
hence, bidders track many auctions in a sequence, and expect to win at prices closer to their
reference prices. A larger the gap between the price and the external reference price increases the
customers’ perception of value which in turn results in an enhanced willingness to buy (Urbany
et al. 1988), so bidders with higher reference prices see more opportunities compared to bidders
with lower reference prices. Therefore, we argue that bidders with higher reference prices are
likely to stay longer in the auction sequence compared to the ones with lower reference prices.

Formally, we hypothesize that:

H3: A higher reference price reduces the odds of bidders’ attrition.
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In sequential auctions where bidders expect to see many auctions for identical items, they shade
their bids and do not place their highest bid in their initial auctions. According to Assimilation
and Contrast Theory (Sherif 1963), consumers have ranges of acceptable prices for contemplated
purchases and they contrast observed prices with their acceptable range (Monroe 1971). Based
on their valuation for the product, and the auction sequence dynamics, bidders decide the
maximum they want to bid in each auction. A bidder’s maximum bid in any auction is also
termed as her final bid. This maximum or final bid often changes from one auction to another,
based on bidders’ demand, their experience (Goes et al., 2010) and market information. For
example, a bidder’s final bids may go from $80 in the first auction, to $120 in the second and
$140 in the third auction that she participated. Bidders follow a variety of bidding strategies in an
auction (Bapna, et al., 2004). Some bidders start with a lower bid and bid up to their final bid
whereas others place only one bid which is their final bid. Whatever strategy they follow, they
retire after they reach their maximum bid (final bid) for that auction.

Bidder’s final bid in an auction is their best effort to win an item in that auction.
Relatively speaking, a higher final bid (compared to some fixed value) implies that the bidder
has tried harder to win the item. If he or she still does not win in spite of submitting a relatively
higher bid, this could cause disappointment and frustration and results in a lower perceived
chance of winning. Bidders may attribute this lower expected winning probability to increase in
market demand estimated based on others’ bids among other market parameters. A lower
perceived chance of winning translates into lower expected returns from participating in the
auction sequence, so it may discourage the bidder from participating in the future auctions.
Therefore, we hypothesize that as bidders place higher bids and are still unsuccessful, they are

more likely to leave the auction sequence. Formally,
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H4:  Higher unsuccessful bids increase the odds of bidders’ attrition.

Number of bidders has a positive impact on bidding competition in any auction. Prior research
has shown that a higher number of bidders leads to a higher number of bids and eventually
higher winning bids. This increased market competition due to increase in number of bidders
influences all the participating bidders (Ariely and Simonson 2003) as they contemplate to
continue their participation in the current or future auctions. For an individual bidder, a higher
number of bidders in an auction could be a signal of higher market demand and higher
competition. Arora et al. (2004) argue that the number of bidders plays a critical role in bidders’
decision to continue participating in auctions. They argue that bidders compute an option value
for future auctions. This option value measures the expected payoff from future auctions and
depends on various factors including the number of competing bidders in future auctions. For
example, if bidders anticipate possible increase in number of bidders (market demand) over time,

they may decide to quit participating in auction sequence. Formally, we hypothesize that:

H5:  Higher number of bidders in an auction increases the odds of bidders’ attrition.

3.2.1.3. Bidders’ Participation Cost

Assuming bidders continuously arrive on auction platforms, auctions with a longer duration are
exposed to higher number of potential bidders. Partly due to this reason, we have observed that
many online auctions now run for longer durations. Since these auctions are in open ascending
price format, longer duration results in higher number of bidders and more competition because
it gives the bidders more time to place higher bids. In essence, longer auction duration has a
positive impact on prices (Bapna et al. 2003a). However, from an individual bidder’s

perspective, longer auction duration changes auction dynamics and expected payoffs. Longer
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duration results in bidding wars and higher prices which adversely affects bidder’s payoff.
Longer auction duration also increases the bidders’ participation costs, as they need to spend
more time monitoring the auction, and it also takes longer to receive the item if she actually wins
(Weinberg 2000; Davis and Maggard 1990). This in turn reduces the bidders’ expected return
from participating in the sequence. Hnece, longer auction duration is considered as a waiting cost
and because of that bidders prefer shorter auction durations (Vakrat and Seidmann 1999b).
Generally, in electronic markets, longer time to complete a transaction adversely affects buyers’
decision to continue with online shopping (Rajamma et al. 2009). We argue that longer auction
duration in online auctions will impose higher costs and reduce bidders’ expected payoffs,
therefore will adversely affect their decision to continue participating in an auction sequence.

Formally, we hypothesize that:

H6:  Longer Auction duration increases the odds of bidders’ attrition.

In sequential auctions, bidders observe/participate-in many auctions, to gain experience and
estimate market demand and supply of these items based on auction lot sizes, bidding
competition and other relevant market data. In this process, bidders trade their time for market
information and expect to use that market information to find better bargains, or in other words,
expect to win in auctions, when competition and winning bids are lower. However, bidders incur
participation cost to find bargains in these auctions. We argue that bidders’ participation cost
increases with the time they stay active in an auction sequence. Time already spent in the system
can be viewed either as a positive investment to attain the goal (a reward perspective) or as a
wasteful expense (a cost perspective or sunk cost attribution) (Meyer 1994). We hypothesize that

as time since becoming active (placing a bid) in an auction sequence for a bidder increases, her
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participation cost also increases. This increase in participation cost leads to decrease in bidders’

expected payoff from future participation. Therefore:

H7:  Longer duration of being active in an auction sequence increases the odds of

bidders’ attrition.

3.2.1.4. Winning Effect

Bidders in online auctions are heterogeneous in their demand (Goes et al. 2010). For example,
some of the bidders are traders, desiring multiple units of items for reselling, whereas others are
individual buyers looking for one unit for their own consumption. The payoff of these
resellers/traders comes from market arbitrage, buying items at bargain prices in auctions and
selling them in secondary markets for a higher price (reference). These bidders are referred to as
multi-unit demand (MU) bidders, as compared to single-unit demand bidders whose goal is to
just buy one unit of the auctioned item (Goes et al., 2010). In sequential auctions these resellers
are able to spread their demand over multiple auctions and they are generally likely to reduce
their bids to decrease their marginal cost. We posit that participating in the auctions is less costly
for MU bidders as they generally have clearer objectives, more experience and more knowledge
in bidding and purchasing through auctions (Goes et al. 2010; Vincent Lyk-Jensen and Chanel
2007). So they are more likely to continue participating in the auctions until their demand is
fulfilled, and they are at a lower risk of leaving the sequence of auctions at any time compared to

single-unit demand (SU) bidders who are probably ordinary buyers looking for a bargain.

HS:  The attrition risk for Multi-unit demand bidders is on average lower than that of

single-unit bidders.
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Multi-unit demand bidders who participate in multiple auctions of identical items do so in order
to find good bargains. These bidders might continue to participate in the auction sequence after
winning, and desire to win more items. However consumers’ utility of owning and consuming
the same product is often modeled in the literature as a concave function, using functional forms
such as quadratic or Cobb-Douglas function (Amir and Jin 2001; Damania et al. 2004; Héackner
2000; Singh and Vives 1984). This implies diminishing utility of consuming the same product.
We extend this concept to the context of sequential auctions, and argue that the odds of attrition
for the bidders who have previously won an item are higher compared to the ones who have

never won.

HY9:  Odds of bidders’ attrition increase after bidders win in a previous auction.

3.3. Data

3.3.1. Data Collection

The data used in this study was collected from a reputable online auctions website. To clear large
inventories, this auction house conducts many auctions for identical items, we term them as a
sequence of auctions. Number of auctions in any auction sequence depends on the total initial
inventory to be cleared. The auctioneer determines the number of units (lot size) to offer in each
auction of a sequence, which in itself is a challenging problem (Tripathi et al., 2009; Pinker et
al., 2010; Chen et al., 2011) and is not the focus of this research Since all the auctions hosted on
this auction site are from single seller, this dataset allows us to control for seller heterogeneity
and consequences of sellers’ reputation, thus removing the effect of trust in the seller (Ba and

Pavlou 2002b). Similar to most other reputable auction sites, bidders on this auction site need to
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register and which allows us to track every bidder and their bidding patterns across multiple
auctions.

This auction house uses the open ascending uniform price auction mechanism. In uniform
price auctions, multiple units of the same item might be offered in a single auction, and all the
winners pay the same price. This price is equal to the marginal bid, defined as the lowest
winning bid. For example, if an auction is selling three identical items and at the close of the
auction the top three bids are $200, $180, and $170 from three different bidders. In this case, all
the three winning bidders pay only $170 each. This type of auction is sometimes called a
“Dutch” auction in the online auctions context (Lucking-Reiley 2000; Parsons et al. 2011). In
this open auction format bids are observable and bidders can enter the auction at any stage

We collected data using an automated agent from the online auction website. The auction
house conducts multiple auctions for the same product one after another in what we define as an
auction sequence. The number of auctions in a sequence varies due to the number of units in
stock for each product. Our dataset set includes two groups of data. Auction-specific data
contains data on the description and quantity of the product offered, auction start and end time,
final price and minimum bid increment for every auction in the sequence. Bid-related data
includes data on the amount of bid, bid time, bidder ID, quantity bid and the quantity won for all
the bids in any auction.

For the purpose of this study, we selected an auction sequence conducted to sell an
electronic consumer product, a digital camera. This auction sequence was one of the largest
auction sequences providing rich data for our analysis. A total of 318 auctions were conducted in
this sequence and attracted more than 1000 unique bidders who submitted over 3300 bids across

all the auctions in this sequence. Table 12 shows the summary statistics of our dataset.
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Table 12: Overall Summary statistics of the data set

Statistic Value
Total Number of Auctions in the Sequence 318
Average Winning Bid 109.11
Total number of bids submitted 3330
Average number of bidders per auction 10.4
Average Lot Size per Auction 1.2
Total Number of Unique Bidders 1126
Average. Number. Of Auctions a Bidder Participated in 2.96

3.3.2. Variables and Measures

We collected data at the bidder level and for each bidder, we tracked all the auctions in a
sequence she has participated. Let a bidder i, i {l,2,...,1}, participates in a total of J, auctions.
For the j” auction in this bidder’s sequence, je{l,2,....J.}, we recorded the following
variables: time when bidder placed her final bid (BiddingTime,), the amount of final bid
(FinalBid!./.) , the duration of auction ; ( AuctionDuration, ), the lot size of auction ; (LotSize,; ),
total number of bidders in auction ;j (NB; ), and the auction ;’s winning bid which is the price
winners paid (F;). Some of these variables (like auction duration and lot size) are auction-

specific variables. However due to the fact that we are looking at the data from the bidders’
perspective and because of the way we have defined j, we have kept the bidder subscript for
these variables.

Table 13 shows the summary statistics of the measures used in this study. D, is a dummy

variable that is used to demonstrate the sequence of participation (waves of data in panel data
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terms), or the experience level of a bidder in the auction sequence. For bidder i, D; =1 if she

)

* auction and zero otherwise. We will see how we have used this set of dummy

participated in j
variables to capture the effect of time or participation experience on the risk of attrition.

WonDummy, is a dummy variable that is zero if bidder ; has not won any items in auctions

L2,..., j. If she wins an item in an auction it changes to 1 and will remain 1 in all of the

subsequent auctions for this bidder.

MU, is a dummy variable used to identify bidders based on their demand. Prior research
has shown that bidders in sequential auctions are heterogeneous in their demand-single-unit (SU)
demand bidders, who wish to win only one unit and multi-unit (MU) demand bidders, who are
likely to be resellers and desire to win multiple units to resell in secondary markets (Goes, et al.,
2010). Following prior research (Goes et al,(2010), we categorized bidders as SU or MU ex-post,
based on their revealed demand. Bidders who bid for at most one unit and drop out of the auction
sequence before or after winning are categorized as single-unit (SU) demand bidders. On the
other hand, bidders who either bid for more than one unit at least once or continued participating
in the sequence after winning, reveal their demand for multiple units, are categorized as multi-
unit (MU) demand bidders. Since this is an ex-post analysis, a bidder who participated in 20
auctions of a sequence, won in the 10th auction and continued to bid in subsequent auctions after
winning, is categorized as MU in all of these 20 auctions.

Following previous research, we assume that a bidder’s maximum bid in any auction
sequence represents her willingness-to-pay (WTP) and bidders’ WTP bounds their valuations

from below (Bapna, Goes, Gupta and Karuga, 2008; Jeitschko, 1998). WTP is constructed ex

post as the maximum bid submitted by a bidder in all of her participations in the sequence. It is

calculated as WTF, = Max(FinalBid,,, FinalBid,,,..., FinalBid,, ) .
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ReferencePrice; is calculated as the minimum winning price observed by the buyer

throughout the auctions in which he or she has participated. It can be interpreted as a proxy for a
bidder’s reference price for the item in the context of the auction sequence. We will use this

measure to investigate the impact of reference price on bidders’ risk of attrition. It is calculated
as ReferencePrice[j =]\/[in(El,Ez,...,Bj).
BidderDuration; is the time since a bidder started participation. It measures the number

of days a bidder has been involved with the auction sequence. It is calculated as

ActualCloseT imelj — BidTime, . ActualCloseTime is the time when an auction is closed and no

further bids are accepted. We use this variable as it is the last point in time a bidder can

participate in an auction.

Table 13: Summary Statistics of the Measures

Variable Mean SD Min Max
D, _ _ 0 1
BiddingTime, 84.26 22.17 0 129.52
FinalBid,; 69.83 37.54 1 196
AuctionDuration;, 0.57 0.41 0.083 2.5
LotSizeij 1.36 1.14 1 5
NB, 11.87 4.78 3 31

B 11092 2086  $62.00 $196.00
WonDummy; 0.17 0.38 0 1
MU, 0.30 0.46 0 1
WTP 81.51 38.19 $1.00  $196.00
ReferencePrice; 105.68 19.98 $62.00  $196.00
BidderDuration, 502 11.32 0 100.87
NormalizedLotSize; 0.89 0.27 0.2 1
TB4, 0.11 1.57 -1.20 18.79
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NormalizedLotSize; is a measure calculated by dividing the lot size offered in the bidder i ’s J"

auction by the maximum lot size, this bidder has observed in all of her participations, including

auction ;. It is calculated as:, NormalizedLotSizeij =LotSize:ij /MaxLotSizeij, where

MaxLotSize; = max(LotSize,, LotSize,,. .., LotSize;) . This variable ranges from zero to one and

il
represents the relative size of the current auction’s lot size for bidder i compared to the largest
lot size he or she has seen. This measure captures the effect of changes in market supply, as

perceived by the bidders compared to what they have observed before.

TB4; is the time gap between the end time of bidder i’s j" auction and the beginning

time of the next auction in the sequence, regardless of the bidder’s participation in the next
auction. Larger time gap between successive auctions increases uncertainty about available

supply of items.

34. Methodology

In order to study factors that influence bidders’ decision to leave an auction sequence before
completely satisfying their demand, we utilize survival analysis methodology. Survival analysis
or duration modeling is used in situations in which the time to occurrence of some event is of
interest for some population of individuals (Lawless 2002). We define a bidder’s decision to
leave the auction sequence before satisfying her demand as an event and we want to study the
variables affecting the occurrence of this event in time. A research question must have three
substantive features to make it a candidate for survival analysis. These features are: a well-
defined event whose occurrence is being explored, a clearly defined beginning of time, and a
substantively meaningful metric for clocking time (Singer and Willett 2003). In addition,

survival analysis provides the means to deal with the common problem of censoring in lifetime
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data. As we discuss in later sections, our data and research question satisfy all of the above-
mentioned characteristics that justify and call for the use of survival analysis.

In the previous section, we discussed two types of bidders- SU bidders who aspire to win
only one unit of an item and MU bidders who desire to win multiple units of an item. An
example of a bidder leaving before completely satisfying her demand is a SU bidder leaving the
sequence before a win. Similarly, when a MU bidder comes back to auction sequence after
securing a win but later leaves the auction sequence without winning again, we consider this as a
case of bidder leaving before completely satisfying her demand. We will elaborate bit more on

this in next section. A dummy variable (Event;) is used to denote whether a record of data

(which includes data on a bidder’s participation in an auction) represents an event or not.

We have the exact time the bids are submitted. However, we have used a discrete-time
hazard model. We argue that using a discrete-time model is not only preferred, using the
continuous-time model with exact bid times could be erroneous. The reason is that although bid
time is seemingly continuous, from the researcher’s perspective, it is actually discrete by nature.
First, often there is a time gap between the end of one auction and the beginning of next auction
in a sequence. So, there are some points in time during which bid submission is not possible.
Second, the occurrence of an event happens at the close of an auction because, a bidder, who is
not winning, has up until the close of the auction to bid or not bid and possibly leave the
sequence. The order of participation in a sequence by a bidder is used as a time metric. Based on
this time metric, the beginning of time in our study would be a bidder’s first auction participation

in the auction sequence.
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3.4.1.  Identification and Treatment of Censoring

A key characteristic that distinguishes survival analysis from other areas in statistics is that
survival data are usually censored (Leung et al. 1997). Individuals, who do not experience the
target event during the period of data collection, are tagged as individuals with unknown event
times, and are censored (Singer and Willett 2003). There are two major reasons for this: (1) some
individuals never experience the event, and (2) some experience the event, but do so after the end
of the data collection period (Singer and Willett 2003).In this research, we have collected data on
all the auctions in the sequence focused in this study which includes all the bids submitted in
these auctions. Therefore, censoring due to the second reason is irrelevant in this data set. Since,
we have the data from the beginning of the sequence; this is a case for right-censoring, because
bidders do not know the ending time of the auction sequence. For example, if an auction
sequence has 318 auctions and a bidder has participated in 316™ auction of the sequence. Let say
that this bidder might be interested to participate in more auctions, but when she comes back, the
sequence has ended. Since we observe all the bids of the bidders and particularly their last
participation in the sequence (316™ auction from the example discussed above), we can use that
data for censoring. Next we discuss our censoring approach in this study.

For the bidders whose last participation coincides with winning the item, we assume they
are censored at their last participation. They might have satisfied their demand and left, or they
wanted to come back for more (MU bidders) but the auction sequence has ended. In either case,
these observations ought to be censored (Singer and Willett 2003). As for the bidders who do not
win an item in their last participation, we have used the available data to statistically infer

whether a bidder has actually experienced an event or not. We argue that if the time gap between
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a bidder’s last participation and the end of the auction sequence is statistically large enough, one
can conclude that the bidder has experienced the target event in his last participation.

We call a bidder a n-time bidder if she has participated in a total of » auctions in the
auction sequence. Let say, a bidder i is a n-time bidder. The time gap between this bidder’s last

participation (Jauction) and the end of auction sequence can be calculated as:

O, = EndingTimeOfAuctionSequence — Biddingtime,, . We now look at (n+1)—time bidders and

calculate the time gaps between their n” and (n+1)" auction participation. We assume that these

time gaps are generated using the same underlying distribution ( F,,,), which can be estimated
using data from all (n+1)—time bidders. Following this argument, if the bidder i who is a
n-time bidder, actually wanted to participate one more time, she would become a (n+1)—time
bidder, and then the time gap between her »n” and (n+1)" participation would also come from

same underlying distribution (£,,). Our null-hypothesis is that a n-time bidder could have

+1
become a (n+1)—time bidder if the sequence had gone on long enough.

We have only considered 8 data series, namely 2—time bidders up to 9—time bidders.
This is because as n increases, the number of data points in a category decreases, therefore for
n>9, it is not possible to fit a distribution to these points. Therefore the bidders with more than
eight participations are censored at their 8th participation. Using this conservative approach, we
make sure the last participation by these bidders is not wrongly labeled as a target event, at the
expense of losing some information. We fitted several distributions to all of the eight data series
using maximum likelihood and for each distribution, we used three common tests of goodness of
fits of distributions, namely Kolmogorov-Smirnov test, Anderson-Darling test and Chi-squared

test (Snedecor and Cochran 1989; Lawless 2002) to assess and compare the fit of the
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distributions. The Weibull distribution proved to collectively provide the best fit across all eight
data series. Weibull is an extremely flexible distribution which can possess either positive or
negative skewness depending on the values of its shape and scale parameters (Pinder et al. 1978).
We fitted a Weibull distribution to each of the eight data series. We call these distributions

F, (k=1,2,..,8). In order to determine whether bidder i who is a J, —time bidder has experienced
an event, we calculated the variable O, = EndingTimeOfAuctionSequence— Biddingtime,, .

Adopting a conservative approach, our null hypothesis is that O, is not large enough, so the
bidder has not experienced the target event and has to be censored. To evaluate this hypothesis,
we need to calculate FM (0.)=1-F, ,(O,) and compare this probability to a defined threshold.
If it is small enough (smaller than the threshold), we can reject the null and claim that bidder i
has had enough time to come back, yet he or she decided not to and so has experienced an event.
If not, we cannot make such a claim due to lack of evidence and then bidder i is censored. We

have chosen the threshold to be 0.01, so we can claim with 99% probability that the bidder has

actually experienced an event.

3.4.2. Discrete Hazard Model

After defining time metric, events and censoring, we now discuss the rationale behind our choice
of the survival model. Since we are using a discrete time metric, we need to use a discrete-time
hazard model. We have chosen to use the logit link due to its interpretive convenience (Hosmer
and Lemeshow 2000). In section 6, we show the robustness of our approach. We show that
parameter estimates do not change significantly if we use other links like the complementary log-

log link. Using the logit link, the hazard rate for bidder i in his or her ;" auction participation,

given that she has not yet experienced an event, is defined as:
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In equation (19), we see two groups of variables: eight dummy variables, D, for each auction
participation and a set of explanatory variables, X . There is no constant term as we include a
dummy for each time period. As discussed earlier, in any auction, only one of the time dummies
is one and the rest of them are zero. This results in a completely general and flexible baseline

hazard model in which the effect of each period of time is captured by a different intercept ( ¢, to
a, ). The explanatory variables are chosen based on the conceptual model and their estimated

coefficients will be used to test the proposed research hypotheses.

Our goal is to estimate the parameters in equation (19) to evaluate the effect of the
variables of interest on the hazard rate. In order to estimate the parameters, we use the logit
transformation to transfer this equation into the linear regression model below:

Logith(tl.j ) = [Ole1

+ azDzl.j

+. 4Dy |+ BX, + B Xy 4 BX ] (20)

ij pij

Before proceeding with estimation and analysis, we discuss some of the potential challenges in

analysis and model estimation and propose ways to deal with them.

3.4.3.  Multicollinearity

Multicollinearity could result in inflated variance of the estimated coefficients and produce
implausible magnitudes or even wrong signs in small samples (Greene 2007). In order to reduce
correlation, we have standardized all the covariates except for the dummies (Marquardt 1980).
However mean centering it does not guarantee the elimination of multicollinearity in moderated

regressions (Dunlap and Kemery 1987).
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We have calculated the variance inflation factors (VIF) and tolerance for all the
covariates included in our full model. As we can see in Table 14, the greatest VIF is 5.4 and the
average VIF is 2.35. Researchers are not unanimous in determining the existence and severity of
multicollinearity. Some researchers consider values of VIF greater than 10 as a sign of
problematic multicollinearity (Marquardt 1970; Hair et al. 1998). According to this rule,
multicollinearity is not a serious issue with our data. Others suggest that VIF values of as low as
5 could also call for more investigation (Stine 1995; Menard 2001). In order to further
investigate the severity of multicollinearity among our covariates, we divided our sample into
two rather equal subsamples based on a randomization of bidders. Existence of multicollinearity
results in swings in parameter estimates. The estimates of our subsamples were qualitatively
similar to the full sample estimates, thus further assuring us that multicollinearity is not an issue

in our empirical analysis.

Table 14: Variance Inflation Factors

Variable VIF Tolerance
MU 2.3 0.4351
TBA 1.03 0.9679
NormalizedLotSize 1.05 0.9569
AuctionDuration 1.14 0.8742
BidderDuration 1.15 0.8676
ReferencePrice 1.38 0.7249
wTP 5.39 0.1855
WonDummy 3.27 0.3061
FinalBid 5.4 0.1853
FinalBid WonDummy 2.67 0.3739
NB 1.04 0.9577
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3.4.4. Unobserved Heterogeneity

In building equation (19), we have assumed that the bidders’ with the same values of the
included covariates are homogeneous and have the same attrition risk, i.e., all the differences
between the hazard rates in individuals are explained by the explanatory variables. However,
there could be some heterogeneity in bidders’ tendency to leave the auction sequence which is
unexplained by the model. Ignoring such heterogeneity and naive acceptance of the observed
population patterns may lead to drawing erroneous conclusions (Vaupel and Yashin 1985).
Greater unobserved heterogeneity across individuals makes it more likely to incorrectly estimate
a decreasing hazard rate (Follmann and Goldberg 1988). This is because individuals who are
inherently more likely to experience the event, do so in earlier stages, so the proportion of these
individuals goes down in time. Figure 2 shows the average hazard rate of bidders’ attrition as a
function of the time dummies controlling for other variables. Based on Figure 3, unobserved
heterogeneity does not seem to be a serious problem in our empirical model, as unobserved
heterogeneity always leads to hazard functions that appear to decline over time, an effect that is
not observed here (Singer and Willett 2003).
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Figure 3: Average Baseline Hazard Rate of Attrition over Time
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To further investigate the existence of unobserved heterogeneity in our model and to capture
such possible effects we used a random effects model. Adding bidder-specific fixed effects leads
to biased estimates as we are dealing with a survival model with non-repeated events (Iyengar et
al. 2011). Thus, we estimated the hazard model with the logit link and flexible baseline hazard
specification with normally distributed random effects on the intercept, as shown below in

equation (21) where u, ~ N(0,57):

Logith(ty.)z[alD]., +a,D,; +---+05st,;]+[,31)(1;; +B,Xy,; +---+:3po47}+”1~ (21)

i
To estimate this model, we used the NLMIXED procedure in SAS which tries to maximize the
likelihood function directly by numerical integration methods using adaptive Gaussian
quadrature (Pinheiro and Bates 1995). However, the results of the estimation show that the
variance of the random effect, S?, is very small and statistically very insignificant. This implies

that with the rich set of covariates included, the model is doing a satisfactory job in capturing the

existing heterogeneity in bidders and bidders’ behavior.

3.5. Empirical Analysis

3.5.1. Model Estimation and Discussion

Based on the research hypotheses, we considered different measures constructed using the
available data that could serve to measure the effects of interest. Model (1) in Table 15 shows the
full model with variables and measures that help us evaluate the research hypotheses. Whenever
there was more than one variable related to a research hypothesis, the one that captured the
impact better, both substantively and empirically, is chosen. All the variables except for dummy
variables are mean centered and standardized to have a variance of 1. So it is possible to compare

the size of the coefficients. Maximum likelihood method is used to estimate the coefficients.
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Table 15: Estimation Results for Discrete Hazard Model with Logit Link and Flexible Baseline

O] 2 3)
Full model with Full Model without Parsimonious
random effects Random Effects Model
DI -0.63** -0.63** -0.67**
(0.10) (0.10) (0.10)
D2 -1.84%* -1.84%* -1.83%*
(0.16) (0.16) (0.16)
D3 -1.43%* -1.44%* -1.40%**
(0.19) (0.19) (0.19)
D4 -0.93** -0.93%* -0.87%*
0.21) (0.21) (0.20)
D5 -1.70%** -1.70%** -1.63**
(0.28) (0.28) (0.28)
D6 -1.81%* -1.81%** -1.71%*
(0.347) (0.348) (0.34)
D7 -2.61%* -2.61%* -2.51%*
(0.50) (0.50) (0.49)
D§8 -0.81%* -0.81* -0.71*
(0.40) (0.40) (0.36)
MU -2.87** -2.87%* -2.86%*
(0.43) (0.43) (0.43)
TBA 0.15%%* 0.15%%* 0.15%%*
(0.051) (0.051) (0.05)
NormalizedLotSize -0.19%** -0.19%** -0.18**
(0.057) (0.057) (0.06)
AuctionDuration 0.43%* 0.43** 0.43**
(0.062) (0.062) (0.06)
BidderDuration 0.11 0.11
(0.08) (0.08)
ReferencePrice -0.48%* -0.48%** -0.49%**
(0.07) (0.07) (0.07)
WTP -1.81%** -1.80%** -1.78**
(0.22) (0.22) (0.22)
WonDummy 2.21%* 2.21%* 2.20%*
0.51) (0.51) (0.51)
FinalBid 1.64%* 1.64%%* 1.60%*
(0.22) (0.22) (0.22)
FinalBid*WonDummy -2.22%* -2.22%% -2.21%*
(0.38) (0.38) (0.38)
NB 0.059 0.059
(0.057) (0.057)
S, 0.006
(0.052)
LL -995.506 -995.507 -996.9093
AIC 2031.013 2029.013 2027.819
BIC 2302.21 2286.649 2258.335
Notes: The numbers in the parentheses are the standard errors for the estimated

parameters.
* Significant at 0.05; ** significant at 0.01
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Regarding the effect of time or in other words, the effect of auction participation on the attrition
risk, we see that the estimated coefficients for the time dummies, though significant, do not
suggest any specific pattern, and some of these changes in hazard rate could also be attributed to
sampling variation. Given that we have mean centered all the variables, the coefficient estimates
of these dummies represent the baseline logit hazard for an average SU bidder who has not won
an item yet. We have included the bidder-level variable WTP, as a control. WTP, represents a
bidder’s willingness to pay, or his or her valuation for the product. The coefficient for this
variable is significant and negative as expected, meaning that bidders with a greater willingness-
to-pay are less likely to leave compared to bidders with lower W7P. Table 16 summarizes our

empirical findings with regards to the research hypotheses.

Table 16: Summary of the Analysis of Hypotheses

Hypotheses Result

Hi: Increase in Perceived supply reduces the odds of bidders’ attrition. Supported

H2: Longer time between successive auctions increases the odds of bidders’ attrition. Supported

H3: A higher reference price reduces the odds of bidders’ attrition. Supported

H4: Higher unsuccessful bids increase the odds of bidders’ attrition. Supported
H5: Higher number of bidders in an auction increases the odds of bidders’ attrition. Not

supported

Heo: Longer Auction duration increases the odds of bidders’ attrition. Supported
7 Longer duration of being active in an auction sequence increases the odds of Not

’ bidders’ attrition. supported

1s: Tl ﬁe attrition risk for Multi-unit bidders is on average lower than that of single-unit Supported

bidders.
HY: Odds of bidders’ attrition increase after bidders win in a previous auction. Supported

The negative and significant coefficient of NormalizedLotSize, provides support for

hypothesis 1, that increase in perceived supply reduces the odds of attrition. This measure is
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calculated by dividing the lot size in an auction by the largest lot size the bidder has seen before.

An interesting issue to point out is that the variable LotSize; which is simply the number of items

offered in the ;” auction participation of bidder i was not significant on its own. This implies

that the history of lot sizes offered in previous auctions and the changes made, and not just the
current auction lot size, are considered by the bidders in forming their expected payoff from
participation.

We hypothesized that longer time between successive auctions increases the odds of

attrition. The variable 7BA4; measures the time gap between bidder i ‘s current auction and the

next auction in the sequence. The coefficient for this variable is positive and significant meaning
that our model provides support for hypothesis 2. Given the definition of this variable, it takes
negative values for overlapping auctions. It can thus be inferred that reducing the gap between
the auctions in the sequence and having overlapping auctions could help the auctioneer reduce
the attrition odds. In fact a 1 standard deviation (1.57 days from Table 13) increase in the time
between auctions is associated with a 16% ("' —1) increase in attrition risk ceteris paribus.

The estimated coefficient for ReferenePrice; is negative and significant. This variable is

time varying and is constructed as the minimum winning price seen by bidder i in his or her past
participations. Based on Helson's Adaptation-Level Theory (Helson 1964), reference price is an
internal standard against which observed prices are compared. Considerable theoretical
justification for consumers' use of psychological reference points exists and customers rely on
past prices as part of the reference price formation process (Kalyanaram and Winer 1995). It is
found that reference prices also impact customers’ decisions in auction settings (Kamins et al.

2004; Rosenkranz and Schmitz 2007), and our study provides evidence that reference prices also
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significantly affect the bidders’ risk of attrition, as a $20 increase in the bidders’ reference price
is on average associated with 39% decrease in the odds of attrition.

Hypothesis 4 posits that higher unsuccessful bids increase a bidder’s risk of attrition. Our
results in Table 15 lends strong support for this hypothesis, as the estimated coefficient for

FinalBid; is positive, statically significant and quite large. A $37 higher unsuccessful bid is

associated with an almost five times increase in a bidder’s attrition, everything else held
constant. This could be attributed to the bidders’ frustration which could significantly impact
their perceived chance of winning a future auction. Personal and psychological factors are among
the most important factors affecting customer behavior (Keisidou et al. 2011). It is important to
note that we are controlling for the bidders’ willingness to pay in the model. Interestingly, this
effect is reverse for the bidders who have won at least one item before. The estimated coefficient

of the interaction term between FinalBid, WonDummy,is negative and significant. Its absolute
value is also larger than that of the coefficient for FinalBid,; suggesting that when similar bidders

with winning experience submit a higher unsuccessful bid, they are actually less likely to leave.
This could possibly be due to the fact that higher bids represent a bidder’s stronger intent on
winning the item.

The fifth hypothesis was about the effect of the total number of bidders in an auction. The

results of model estimation in Table 15 however show that the coefficient for variable NB; is not

statistically significant. We tried various measures and different functional forms that could
reflect the effect of number of bidders on the attrition risk, but none of them was statistically
significant. So interestingly, based on our analysis, the total number of bidders is not an

important factor affecting the bidders’ risk of attrition when we control for other factors.
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In hypothesis 6, we posited that longer auction duration increase the attrition risk.

Looking at Table 15, we see that the estimated coefficient for the variable AuctionDuration, is

positive and highly significant. Controlling for the effect of other variables, the odds of attrition
for a bidder participating in an auction which is one standard deviation (9.8 hours) longer is 54%
more than the shorter auction. Longer auction durations could be interpreted as longer
correctional delays for bidders trying to achieve their goal of winning. There are two types of
delay for customers in attaining their goal, procedural delays and correctional delays.
Correctional delays are those that threaten the very purpose of the service encounter (Hui et al.
1998). This is the type of delay, the bidders are concerned with. Also time is a resource and
waiting time might be perceived by customers as a waste of time (Larson 1987). So customers
have to make decisions regarding the use of their time in shopping (Leclerc et al. 1995). Our
study provides support for the hypothesis that customers care about the auction duration in the
context of online sequential auctions, and it affects their decision to participate in the sequence or
leave. On the other hand, other studies, e.g. Lucking-Reiley et al. (2007), show that longer
auction durations result in an increase in the auction prices. Therefore, there is an interesting
tradeoff for the auctioneers that need to be taken into account. Vakrat and Seidmann (1999a)
indeed find that the auctioneer’s profit function is unimodal concave with respect to auction
duration.

In H7, we hypothesized that longer duration of activity in an auction sequence increases
the attrition risk. We were not however able to find support for this hypothesis. Being involved
in an auction sequence for a longer time means more experience and knowledge of the sequence
and also more sunk cost. This sunk cost could potentially have both positive and negative

impacts on a bidder’s risk of attrition. Longer time of being active might negatively impact a
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bidder’s perception of the expect payoff for future participation. On the other hand, longer
activity could be conceptualized as a typical entrapment situation in which people are committed
to an escalation process (Meyer 1994). The more time invested, the higher their motivation to
confirm their prior decision to join the line and the more difficult it becomes for them to leave it.
These effects could be counterbalanced by each other (Meyer 1994) and this could be the reason
no significant effect is observed.

Our findings also support H8 about the multi-unit bidders suggesting that multi-unit
bidders are at a lower risk of leaving the auction sequence as compared to the single unit bidders.
Finally in hypothesis 9, we considered the effect of winning experience in the auction sequence
on the chances of leaving and hypothesized that the multi-unit demand bidders who have already
won at least one item are at a greater risk of leaving the sequence when they are unsuccessful in
an auction, compared to the bidders who have never won. Very large and highly significant

estimated coefficient of WonDummy, supports our hypothesis.

3.5.2. Robustness Checks

In this section, we will evaluate the sensitivity of our model to some of the assumptions we made

before, and through this we will gauge the validity of our findings.

3.5.2.1. Continuous Time Metric

As we argued before, due our lack of information on the exact timing of the bidders’ decision to
leave, and also due to the nature of the timing of the auctions in the sequence, it is more
appropriate to use a discrete time hazard model. Nevertheless, in order to investigate the
robustness of our results to the choice of time metric, we run two continuous time hazard models

in this section. We define the beginning of time for a bidder as the opening time of the first
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auction a bidder participates in. So the length of time till event for a bidder is measured as the

duration between the last bidding time and the beginning of time for him or her.

Table 17: Continuous Time Hazard Models

©)) 2
Cox Proportional Hazard Model Weibull Hazard Model
DI 3.26%** 0.07
(0.36) (0.09)
D2 0.22 -3.30%*
(0.34) (0.16)
D3 0.08 -3.56%*
(0.34) (0.19)
D4 0.26 -3.45%*
(0.34) (0.19)
D5 -0.41 -4.14%*
(0.39) (0.26)
D6 -0.52 -4.26%*
(0.42) (0.31)
D7 -1.87%* -5.66%*
(0.65) (0.59)
D8 -3.65%*
(0.32)
MU 22,11 -2.08%**
(0.41) (0.41)
TBA 0.14%* 0.14%%*
(0.03) (0.03)
NormalizedLotSize -0.09* -0.09*
(0.04) (0.04)
AuctionDuration 0.12 0.08
(0.06) (0.05)
ReferencePrice -0.08 -0.11*
(0.06) (0.06)
WTP -1.67%* -1.69%**
(0.19) (0.19)
WonDummy 1.58%% 1.56%%*
(0.48) (0.48)
FinalBid 0.97%* 1.05%%*
(0.19) (0.19)
FinalBid*WonDummy -1.67%* -1.68**
(0.31) (0.31)
LL -3172.29 -1491.59

Notes: The numbers in the parentheses are the standard errors for the estimated parameters.
* Significant at 0.05; ** significant at 0.01

Two continuous time models are fit to the data, a Cox proportional hazard model and a Weibull

model. To be able to compare these models with the discrete time model, we have also included
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the time dummies. From Table 17, we can see that except for some of the time dummies, all
other coefficients have the same signs as in the discrete time model. In the proportional hazard

model, all the estimated coefficients except for those for AuctionDuration and ReferencePrice are

significant, while in the Weibull model only AuctionDuration is not significant (with a p-value of

0.15). This ensures that our results our quite robust to the specification of time metric.

3.5.2.2. Alternative Censoring Approaches

In this section, we set up the model using two alternative censoring approaches. In the first
approach, we only censor bidders who leave after winning, and assume that all bidders whose
last participation does not coincide with winning have experienced the target event. This is an
extreme approach that ignores the possibility of having some borrowers missing the opportunity
of participating again due to the end of auction sequence. In the second approach we choose a
different threshold for our statistical identification of censoring, i.e. instead of 0.01, we use 0.05
as the cutoff point. This is also a less conservative approach than the one we took before which
identifies more events.

Table 18 provides the estimation results for models set up using these two approaches.
Discrete time hazard models with a flexible baseline hazard are used. Most of the estimates are
qualitatively the same as our main censoring scheme, except for 7B4 which is insignificant in (1)

and (2) and AuctionDuration which is not significant in (1).
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Table 18: Alternative Censoring Approaches

6 P)
All non-winners~event Cutoff point=0.05
DI 0.01 -0.16
(0.09) (0.09)
D2 -0.08 -0.41%*
(0.12) (0.12)
D3 -0.54%* -0.76%*
(0.16) (0.17)
D4 -0.45%* -0.69%*
(0.20) (0.20)
D5 -0.90** -1.10%*
(0.25) (0.25)
D6 -1 -1.54%%*
(0.32) (0.33)
D7 -0.66* -1.77%*
(0.33) (0.41)
D8 -0.12 -0.43
(0.37) (0.37)
MU -3.20%* -3.09%*
(0.37) (0.37)
TBA 0.08 0.06
(0.05) (0.05)
NormalizedLotSize -0.21%** -0.18**
(0.05) (0.05)
AuctionDuration 0.01 0.27%%*
(0.06) (0.006)
ReferencePrice -0.14** -0.18**
(0.06) (0.06)
WTP -1.65%* -1.44%*
(0.17) (0.17)
WonDummy 2.65%%* 2.39%%*
(0.43) (0.43)
FinalBid 1.45%* 1.30%**
(0.17) (0.17)
FinalBid*WonDummy -2.50%* -2.42%%*
(0.29) (0.30)
LL -1148.18 -1161.99

Notes: The numbers in the parentheses are the standard errors for the estimated
parameters.
* Significant at 0.05; ** significant at 0.01

3.5.2.3. Alternative Link Functions

We used a discrete time hazard model with a logit link function in our main analysis. In this

section, we will investigate the sensitivity of our findings to this assumption, by estimating the
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hazard model using two other link functions, i.e. the complementary log-log link and the probit
link. Unlike the logit link, the complementary log-log link is asymmetric and has the advantage
that it has a proportional hazard assumption, as opposed to a proportional odds assumption of the

logit link (Singer and Willett 2003).

Table 19: Alternative specifications of the discrete hazard model

6 5
CLog-log Link Model Probit Link Model
DI -0.93%* -0.38%*
(0.08) (0.05)
D2 -1.95%* -1.01%*
(0.14) (0.08)
D3 -1.53%* -0.80%*
(0.16) (0.11)
D4 -1.15%* -0.47%*
(0.16) (0.12)
D5 -1.73%* -0.93%*
(0.24) (0.15)
D6 -1.82%%* -0.97%*
(0.30) (0.18)
D7 -3.12%* -1 71
(0.58) (0.29)
D8 -1.03%* -0.44*
(0.30) (0.21)
MU -2.59%* -1.55%*
(0.41) (0.20)
TBA 0.11%* 0.10%*
(0.03) (0.03)
NormalizedLotSize -0.15%* -0.10%**
(0.04) (0.03)
AuctionDuration 0.34%* 0.25%*
(0.05) (0.04)
ReferencePrice -0.41%* -0.27%*
(0.06) (0.04)
WTP -1.65%* -0.81%*
(0.20) (0.10)
WonDummy 2.02%%* 1.14%*
(0.48) (0.24)
FinalBid 1.49%* 0.71%*
(0.20) (0.10)
FinalBid*WonDummy -2.06** -0.91**
(0.33) (0.18)
LL -989.74 -1008.88

Notes: The numbers in the parentheses are the standard errors for the estimated
parameters.
* Significant at 0.05; ** significant at 0.01

97



Comparing the estimates in Tables 16 and 19, it is clear that the estimates are qualitatively
similar, even the significance levels and relative sizes of the estimated coefficients are similar.
Therefore we can safely conclude that our findings are robust to the specification of the discrete

time hazard model.

Table 20: Discrete Hazard Models with Logit Link and Polynomial Time

© @) 3) @)
Linear Time  Quadratic Time Cubic Time Quartic Time

Intercept -0.73%** -0.23 0.39 4.54%%*
(0.11) (0.18) (0.33) (0.76)

T -0.16%* -0.60** -1.40%* -8.27%*
(0.04) (0.13) (0.38) (1.19)

r 0.06%* 0.31%* 3.66%*
(0.02) (0.11) (0.56)

r -0.02* -0.63**
(0.01) (0.10)

T 0.04%%*
(0.01)

MU -2.81%** -2.80%** -2.80%** -2.86%*
(0.43) (0.43) (0.43) (0.43)

TBA 0.16%* 0.15%* 0.15%* 0.15%*
(0.05) (0.05) (0.05) (0.05)

NormalizedLotSize -0.17%* -0.17%* -0.17%* -0.18%*
(0.05) (0.06) (0.06) (0.06)

AuctionDuration 0.40%* 0.41%* 0.42%* 0.43%*
(0.06) (0.06) (0.06) (0.06)

ReferencePrice -0.42%* -0.46%** -0.47%* -0.49%*
(0.07) (0.07) (0.07) (0.07)

wWTP -1.83%* -1.74%* -1.71%* -1.76%*
(0.22) (0.22) (0.22) (0.22)

WonDummy 2.23%* 2.15%* 2.14%%* 2.19%*
(0.50) (0.50) (0.50) (0.51)

FinalBid 1.64%* 1.56%* 1.52%%* 1.58%%*
(0.22) (0.21) (0.21) (0.22)

FinalBid*WonDummy -2.22%% -2.15%* -2.14%* -2.20%*
(0.37) (0.37) (0.37) (0.38)

LL -1028.57 -1022.24 -1019.73 -999.18

AIC 2079.14 2068.48 2065.46 2026.36

BIC 2228.30 2231.20 2241.74 2216.20

Notes: The numbers in the parentheses are the standard errors for the estimated parameters.
* Significant at 0.05; ** significant at 0.01
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3.5.2.4. Polynomial Modeling of Time

In Table 20, we have provided the estimates for models in which the effect of discrete time is
captured through polynomial time functions instead of a flexible characterization. Comparing the
AIC and BIC information criteria of the four models, model (4) provides the best fit even
accounting for the additional number of parameters required. This was to be expected given the
form of the baseline hazard model in Figure 2. More importantly, the model estimates in all four
models are virtually the same as those of the flexible baseline hazard model confirming that our

findings are not affected by the specification of the time metric.

3.6. Conclusion

Our research is the first study to empirically detect and investigate the phenomenon of bidders
attrition in sequential online auctions. Although in sequential auctions, bidders who do not win in
an auction have the option to participate in future auctions for the item, only less than fifty
percent of unsuccessful bidders return to try again. Similar to other online retailers, there is a
fierce competition between online auctioneers, and their profitability depends upon the number
of participating bidders. Therefore attracting new bidders and retaining the existing ones is
critical for the success of online auction houses. Auction houses that do a better job in retaining
their current bidders save on the costs of the usually more expensive activity of brining in new
bidders.

In this research, we used survival analysis to investigate the impact of bidders’ perception
of market supply, bidders’ perception of market demand, bidders’ expected cost of participation
and the effect of winning on the risk of bidder attrition. We found support that all these

categories of factors could impact a bidder’s decision to leave the sequence of auctions before
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having his or her demand satisfied. The bidders’ perception of the environmental variables
shaped through their previous participations seems to be particularly important. Some of the
findings of our study can be generalized to the business-to-consumer sub-sector of the online

auction market.
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Chapter 4 An Analytical Study of Competition in Cloud Computing

Market

4.1. Literature Review

This study is related to the existing research on cloud computing, outsourcing of information
technology, oligopoly competition and differential games. Although cloud computing has
received a lot of attention from practitioners, to the best of our knowledge, the existing body of
literature is mostly created by computer scientists and not much has been done by information
systems and economics researchers. There are studies on the economics of cloud computing
(Hamilton 2010; IDG-Enterprise 2012; Harms and Yamartino 2010), but they are mostly surveys
or subjective views by practitioners.

Youseff et al (2008) propose a detailed ontology for the cloud and Armbrust et al (2009)
provide a holistic view of cloud computing and discuss various issues that are relevant such as
the history, definition, types and applications of cloud computing. Some computer scientists have
worked to provide the architecture for creating clouds and present a vision for the creation of
global Cloud exchange for trading services (Buyya et al. 2009). There has also been research on
comparing cloud computing with grid computing (Foster et al. 2008).

Cloud computing is essentially a new approach to technology outsourcing. In their
seminal paper, Loh and Venkatraman integrate business and IT perspectives and develop a
model of the determinants of IT outsourcing and they empirically test their model (Loh and
Venkatraman 1992a). In another study, they conduct an empirical analysis using diffusion
modeling to show that the most important motivator for the adoption of IT outsourcing is internal

influence (Loh and Venkatraman 1992b). Lacity and Willcocks (1998) conduct an extensive case
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study on 61 IT outsourcing projects and identify some best practices such as importance of
selective outsourcing decisions or the higher success rate of short-term contracts as opposed to
long-term ones.

Numerous economists and researchers in information systems and marketing have
studied various aspects of firms’ competition. Many of them are based on the seminal works of
Bertrand (Bertrand 1883), Cournot (Cournot 1897) and Hotelling (Hotelling 1929) among others.
Moorthy (1988) studies the role of consumer preferences and price competition in determining
the competitive strategies of firms and Barua et al utilize a duopoly model of quality competition
to analyze the strategic impact of IT investments (Barua et al. 1991).

Differential games belong to a subclass of dynamic games called state space games in
which the modeler introduces a set of variables to describe the state of a dynamic system at any
particular instant during play (Sethi and Thompson 2005). They originated as an extension of
optimal control and have been used in various areas such as economics and management science.
We use a dynamic model with two state variables, market share and capacity, an accumulative
state variable, similar to the goodwill accumulation model of Horsky (Horsky 1977). The
difference however is that in our model, capacity is not only a driver for market share, but also a
constraint for the amount of demand that each firm can satisfy. Our model is also similar to
capital accumulation games (Spence 1979; Fundenberg and Tirole 1991) in that we consider the
effect of accumulated capacity as a quality signal that has an impact on the competition for

market share.
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4.2. Two-Period Model of Competition

4.2.1.  Model Settings

In this benchmark model, we model the competition between two cloud computing providers,
firms 1 and 2. Each of the firms offers a differentiated product (service), which are imperfect
substitutes. There are two types of customers. Type 1 customers have an inherent preference for
firm 1’s product while type 2 customers prefer the product of firm 2. There are two stages to the
game. There is a market of size 1 at the first stage, supplemented by another market of size 1 at
the second stage. The percentage of type 1 customers in periods 1 and 2 are assumed to be j,
and p, respectively, so we have 0< 3,5, <1.

Customers perceive a provider’s capacity as a signal of quality, while different customers
value it differently. It is captured through a disutility term which is small for the product of a
firm with a large capacity. We assume that customers of each type in each period are uniformly
distributed on a scale between 0 and 1, in which 0 means they don’t value quality and 1
represents the greatest valuation for quality. Capacity is defined as the underlying cloud
infrastructure including networking, servers, server racks and storage, and the staff and
administration effort required to run and support the cloud computing services. Here we are not
taking into account the location of the data centers, as they are capital-intensive investments that
are best modeled as being made at discrete points in time. Our focus is on smaller investments
that could be captured as being done continuously over time.

Capacity directly affects the quality of service. As compared to organizational data
centers, cloud computing providers enjoy less variation in demand, thanks to the large number of

customers that they have which helps to smooth out the overall demand and reduce the
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uncertainty. Nevertheless, there is still considerable uncertainty in the demand for computational
power that they observe. In order to deal with this issue, cloud computing providers have to over-
provide capacity. A larger capacity means the providers are able to cope with unexpected peaks
in demand without having some of the services facing disruption or slowing down which is a
major concern of the customers. Having a larger capacity also means that the firms are able to
provide a reliable and consistently fast service. Although the customers might not care so much
about a provider’s capacity per se, they value the quality of service resulting from it. To simplify
the model, we don’t explicitly model the link between capacity and quality. Instead, we model
the customers’ valuation for quality through the valuation placed on capacity. So the cloud
computing providers face a trade-off between the cost of capacity building and the two benefits
of being able to serve more customers and also offering a higher quality of service that helps the
providers expand their market.

The evolution of the game is such that knowing the structure of the market in each
period, the firms first simultaneously deicide on their capacities. Next, each firm learns about the
other firm’s capacities, and then they simultaneously decide on prices for their products. Finally,
the customers observe the capacities and the prices, and select the product which provides them

with a higher net utility. The utility of a type i customer, i € {1,2}, acquiring the services of each

of the two firms is defined as:

i ax
U =u-——-p, 22
; K P (22)
i ' ax ; H
Uj:u—f—pj,l;t] (23)

J

We have u > u' meaning that a type i customer has an inherent preference for firm 7’s product.

K,and p,are respectively firm i’s price and capacity, and « is a scaling factor. 0<x <1
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models a customer’s valuation for quality. We assume that when a type i customer buys firm ;
’s product in period 1, her type changes to j for the second period. This is because of the

switching cost associated with buying the other firm’s product in period 2. The firms’ profits in
each period are calculated through multiplying their market size by their marginal profit net of

the cost of capacity. The first stage and second stage profit functions of firm 1 are:
my =Dy + Dy )(p =) — e, f(K)) (24)

7, = (D' + D, + Dy, + D )(p — ) =8¢, f(K,,) , 0<o<l (25)
D,-,-k is the market share of firm i from the segment of type k£ customers in period j. The

parameter O captures the well-known effect of Moore’s law (Moore 1965). According to
Moore’s law, hardware computing power almost doubles approximately every two years, an
observation that has been more or less holding since 1965 and is predicted to hold for the next
few years. A consequence of the Moore’s law is that the cost of computing capacity goes down
over time, which we capture using ¢ in our model. ¢ is assumed to be between 0 and 1 which

means that the cost of capacity provision decreases in the second period.

4.2.2.  Equilibrium and Analysis

There are three potential scenarios in the equilibrium at each period. The first scenario is a
situation in which one of the firms is dominant. Without loss of generality we assume that firm 1
is the dominant firm. In this scenario, which we call the domination scenario, firm 1 serves all of
the type 1 customers and also a fraction of the type 2 customers. Those are customers that have a
higher valuation for quality of service. In the second scenario, which we call the segmentation
scenario, firm 1 serves all of the type 1 customers and firm 2 serves all of the type 2 customers.

In other words, none of the firms manages to gain market share from the market that has an
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inherent preference for the other firm’s product. Finally in the last possible scenario, the total
domination scenario, one of the firms is pushed out of the market while the other firm captures
the whole market. It requires the dominant firm’s offering to be so attractive that customers in
both markets choose it. Since in this scenario, the model reduces to the trivial case of a
monopoly, we don’t consider it.

The derivation of the symmetric subgame Nash equilibrium is through the standard
backward induction procedure, i.e. we first consider the customers’ decision in period 2. Then
derive the firms’ pricing decision given the customers’ decision. Next, we derive the capacity
decisions of the firms in the second period and using the second period best responses, we repeat
the same procedure for the first period. Proposition 1 provides the main result of the analysis.
The proof which is omitted is a set of steps of algebraic analysis (the proof is available upon
request).

Proposition 1: In the presence of economies of scale, i.e. when we have non-increasing
marginal cost of capacity provision, even in the case when the cost of capacity provision f(K)
is linear in the size of capacity, the only viable duopoly equilibrium is the segmentation scenario
in which firm 1 serves all type 1 customers and all type 2 customers are served by firm 2. The
domination scenario, in which one of the firms manages to capture a part of the other firm’s
market, is only realized when the cost is a strictly convex function of the capacity implying

diseconomies of scale.
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4.3. Basic Differential Game Model of Competition

4.3.1.  Model Settings and Assumptions

In the previous section, we built a benchmark, two-period model of competition. In this section,
the competition between the two cloud computing providers is modeled as a dynamic game. The
firms are assumed to be forward-looking, in the sense that they not only consider the impact of
their decisions on the current-period payoff, but also take into account the long-term implications
of their decisions and the effect of these decisions on their future payoffs. We use differential
games to study the dynamic and forward-looking behavior of the two firms. In order to capture
the most salient features of the cloud computing market with a model that is also tractable, we
have made simplifications compared to the previous model, and focused on the most important
aspects. Therefore, we are assuming that the firms’ only decision variable is the rate at which
they acquire additional capacity.

We have used a model of duopoly competition in which the two firms, firm 1 and firm 2,
each offer cloud computing services that are horizontally differentiated. As an example, and in
order to help better understand the model, one can think of the firms as being Amazon.com and
Microsoft and the products as being an laaS offering of Amazon.com and a PaaS offering by
Microsoft. Prices of the cloud offerings are assumed to be exogenous and determined by the
market through competition. The model can to some extent be thought of as an extension of the
Cournot competition model (Singh and Vives 1984) in which firms decide on their capacity,
while prices are determined according to the demand and supply, so that the market would clear.
There are however fundamental differences between our model and the Cournot competition
model, as in our model, total demand does not depend on the suppliers’ capacity, rather capacity

is a constraint that the firms have to satisfy in order to be able to fulfill the market demand. We
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also assume that the marginal profit for each provider, m, which is calculated as price less the
marginal cost of service provision, is a constant.

There is a market for the cloud services, D(¢), which for now we assume is fixed and
normalized to one. We also assume that all of the customers subscribe to the cloud services, so

the whole market is served by the two firms. Over time, some customers switch to the competing

provider. The decision to switch is governed by a stochastic process and the probabilities are

affected by the quality of service (capacity) of each firm and two additional parameters «; and

a;; . The size of these two parameters is determined by factors such as switching costs for the

customers.

In a differential game, the state of the game at each time is determined through the values
of some variables referred to state variables. The state variables that represent the state of the our
model at each point in time, ¢, are capacity and market shares of each firm at . We use a
Lanchester model (Kimball 1957) for the market share competition similar to the one Horsky
uses to model competition and goodwill accumulation (Horsky 1977). The way to think about

market share changes in this model is that the changes in market shares are stochastic and the

transition probabilities depend on capacity and firm specific variables «; ande . The state
variables evolve over time according to the following two equations for firm i :

D, =a K, (1)D,(— o, K (ND,(t) > D, = a, K, (1) (1- D,()) — o, K ,(t) D,(t) (26)

K, =x,(1) 27)

We also have the following initial values for the state variables which are the market shares and

capacities for the two firms at time zero:

K(0)=K,, , D(0)=D, (28)
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4.3.2.  Model and Equilibrium Derivation

At each point in time, each of the two firms continuously makes a decision about the rate of
capacity provision. In other words according to the different games terminology, the capacity
provision rate is the control variable while capacity and market shares of each of the firms at that
time are the state variables. The control variable at each time is chosen to maximize the profit of
the firm at the current period and in future. The profit function for firm i is modeled using the
functional of equation (29). Each of the firms maximizes this function subject to constraints (30),

(31), (32) and (33).

I, = [ 0°° e (mDy(1) - cc(t))dt  for i=1,2 (29)
s.t.
C (Ox () <R (30)
K.(1)> oD,(f) (1)
K(1)=0 (32)
K()=0 (33)

We intend to determine the optimal trajectory of the capacity provision rate, Kj(l‘) , for each firm
in a way that it maximizes the profit functional (29) at any point in time subject to the
constraints, and is the best response to the other firm’s trajectory. In other words, if each of the
firms chooses K‘i*(l), none of them will have an incentive to deviate. These rates constitute what
is referred to as the open-loop Nash equilibrium of this game. An open-loop Nash equilibrium
means that the choice of the control variables at each point in time is only a function of time.

Intuitively this implies that the firms decide their capacity provision rates at the beginning of the

game and commit to the optimal control trajectory throughout the game. This type of equilibrium
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is especially suitable for games in which it is hard for the participants to measure the state
variables over time (Dockner et al. 2001).

An alternative equilibrium concept is the closed-loop Nash equilibrium or the Markov
perfect Nash equilibrium. In the Markov perfect Nash equilibrium, when making their decisions,
each player considers not only time, but also the values of the state variables in making the
optimal decisions. In this section, we focus on the class of symmetric open-loop equilibria and
use Pontryagin's maximum principle (Shell 1968; Dockner et al. 2001) to analyze the game. In
order to do so, we form the Hamiltonian function for firm 1 as following. The analysis for firm 2

is similar due to symmetry and is therefore omitted.

H(D,(1),K,(2), 5,(2), 4, (1), 4,(1), 1) =
mIDI (t) - ClKl(t) + j'| (t) [a21K1 (t)Dz(t) - alZKZ(t)Dl(t)] + ﬂ'z(t) [Kl(t)]

(34)
The necessary condition of optimality is satisfied when we maximize the Hamiltonian with
respect to the control variable, while the sufficient condition holds since the Hamiltonian is
concave in the control variable. We can maximize the Hamiltonian by taking the first-order
derivative of it with respect to the control variable. Therefore we will have the optimal rates of

capacity provision as characterized in Proposition 2.

Proposition 2: As the Hamiltonian in equation (34) is linear in x,(¢), the optimal

trajectory of the control variable is:

0 Lifd<q
> (=1 Kle Lifh>q (35)
Singular ,if A, = ¢,

A, could be interpreted as the shadow price of an extra unit of capacity, so if this shadow price is

greater than the cost of capacity, the firm builds as much capacity as possible, while it won’t

purchase any if the shadow price net of the capacity cost is negative. The optimal solution
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however has to also satisfy the constraints (30) to (33). We know that we have K,(0)=K,;>0.

Also the structure of the optimal solution in Proposition 2 guarantees that constraint (32) is
satisfied. These two coupled with each other guarantee that constraint (33) will be automatically
satisfied. However, to ensure that the other constraints are satisfied, we need to form the
Lagrangian (Sethi and Thompson 2005). Constraint (30) is the budget constraint which we can
directly include in the Lagrangian along with constraint (32). However as for constraint (31), the
capacity constraint, because it’s a pure constraint that does not include the control variable, we
have to make a transformation before we can include it in the Lagrangian function.

The parameter o (o >1) in the capacity constraint captures the fact that the firms have to
overprovision in order to deal with the uncertainty in demand. In other words, we are not
explicitly modeling the probabilistic nature of the demand uncertainty, but are using a scale
factor to account for it in a deterministic way. Consequently ¢ is a function of the standard
deviation of the demand, and the higher the demand uncertainty, the greater will o be. To make
sure that (31) always holds, we have to have Kl.(f)—GDl. (1)=z0 whenever K, (t)—oD,(t)=0
(Sethi and Thompson 2005).

Now we are ready to form the Lagrangian function as following:

L=H+ pug=mD(1)-cx (1) + 4 [a21K1(t)D2(t) - al2K2(t)Dl(t)] +4 [Kl(t)]

11, (&, — 1, (1)) + g, (1) + 115 (16, (1) — 0 (e, K, (1) D, (1) — o, K, () Dy (1)) (3¢)
s.t.

1 =0, (K —cx, (1)) =0 (37)

20, 41 (1) =0 (38)

1,2 0,1, (K (1)~ oD,(1)) = 0, 41, (i, (8) — o (a, K () D, (1) — 2, K, () Dy (1)) ) =0 (39)
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Based on the Lagrangian function above, we will define the following adjoint first-order

differential equations for the adjoint variables, A, and A, (Dockner et al. 2001):
ﬂ'l(t) = p A4 (8) —my + 4, (1) [alel(t) + alsz(t)] - /v%o-[alel(t) + alsz(t)] ) (40)

lim (1) =0

A (1) = p Ay (1) = (D), D, (2) + op0,, D, (2), (41)
limA,(#)=0
t—>00
The necessary condition of optimality dictates that the derivative of the Lagrangian with respect

to the control variables must be zero, so we have:

OL/OKk, =+, +A4 —c,—cp, =0 =, + 1, + A4, = ¢, +c 14, (42)

4.3.3.  Analysis and Discussion

The model presented in the previous section is an autonomous or stationary model, because none
of the state equations nor the profit function explicitly depend on time variable (Dockner et al.
2001). Therefore, there the two firms will eventually reach a steady state after which the market
shares and capacities will not change.

Proposition 3: Our model is autonomous and has the stationary property, meaning that
the system will enter a stationary state in the long-run and remain there. In other words, in the
long-run we will have:

ajiKi

D =aK,(1-D,)-aK D =0—>D=—>"——
a,K; +a;K,;

(43)

K, =x,()=0 (44)
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Figure 4: Capacity and Market Share Evolution Over Time

Once the system enters the steady state, it will remain there and as the market shares do not

change, all the problem constraints will also remain satisfied. It is important to note that in this

model we are assuming that the total market size is fixed, an assumption that is critical to have

an autonomous model. This can be further confirmed considering the optimal trajectory (35) and

the limiting condition (41). For values of ¢ large enough, we will eventually get to a point in

which 4, <c¢,, so the firms stop building capacity. Values of the Lagrange multipliers could also

be determined through equation (42). Next we provide the results of the analysis for the optimal
values of the state variables in the transient period. To do so, we use the structure of the optimal
rate of capacity provision and divide the transient period for each firm into provision periods and

non-provision periods.

Proposition 4: If we assume that we have «,"(£)=0 for all z! <¢<7] (the ;" period of

non-provision), and x,'({)=k, /¢, for 7' <t<z' (the j”period of maximum capacity

i+l

provision), we will have:

K,=0 K, (1) =K,(z) for 7; <t<7 (45)
K =5 SK'O=5m+k@)-87 forr<e<t! (46)
¢ ¢ e / o
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Due to symmetry, the same two equations hold for firm 2. Now if we want to derive the market
shares at a point in time for each firm, we need to plug (45) and (46) into the state equation (26).
Depending on the value of ¢, we have four different situations. These are the combinations of the
situations in which each of the firms is either building maximum capacity or not building
capacity at all. In the next two propositions, we have provided the solutions for the case in which
both firms are not provisioning and the case in which firm 1 is not provisioning while firm 2 is

provisioning at the maximum rate.

Proposition 5: For 7} <7<7) and z; <t <7/, the market size of firm 1 is:

1
aZIIKI (Z]) - i consle—(%lKl(ﬁ )+a12K2(Zl§))[ (47)
o, K, (z)) + K, (2)))

D\(1) = (
Proposition 6: For 7} <¢<7) and 7/ <t<17;,,, the market size of firm 1 is:

2
* Ky _
Cz[alel (Z}-)Jralz[*Kz (T,i )*C*ZTAI D
2

e S
D\(1) = 2_ (ZZ]KI(Z})e et * (48)
2 12K2
a, K () +a,| K *(fl)—ifl (% %
2T 12 2\ c. ¢ *[*ZHZ[‘ZZIKIQI/')M‘IZ[“(Z*(?;)_ifi]D
alz 5 2 [y oy

)+ consZ)e2

+
2¢, J2a,k, / ¢,

Where erf(x) is the error function defined as erf (x):2/x/;.|.;e”2dt. Now based on

propositions 1 to 5, we are in a position to propose the following observations.

Observation 1: Assuming that the initial capacities and the budget constraints are such
that the firms never have a problem satisfying the optimal demands, the initial market shares of
the firms are irrelevant in determining the steady-state market share structures and steady-state

capacities of the firms.
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Observation 2: Initial capacities of the firms, the budget constraint to capacity cost ratio
and market switching capacities are the factors that affect and determine the steady-state values
of the state variables.

Observation 3: Assuming that during the transient period, both firms have at least one
full-provision period, the end points of the last full-provision periods of the two firms coincide.
In other words, there is a point in time, 7, at which both firms stop provisioning. 7 is the
beginning of the steady-state for the market after which the market shares and capacities of the

two firms will not change.

4.4. Comprehensive Differential Game Model of Competition

In this section, we relax some of the restricting assumptions that we made in section 4.3 to build
a more realistic model of competition. In our basic model, we assumed that the total market size
is fixed and it is covered at all times by the two firms. So the firms just compete and try to grab
the other firm’s customers. In our comprehensive model, we relax this assumption and assume
that the total number of customers adopting cloud computing could change over time. We do it
in the same spirit as Fruchter (1999), such that we assume there is a saturation level of the
market which is the largest possible market size, which we normalize it to 1 without loss of
generality. A part of this market is covered by the two competing cloud computing providers,
D, +D,,and apartof itup, 1-(D, +D,), for grabs.

There are three ways for firm i's total demand to change. It changes when some of the
other firm’s customers switch to firm i's product, it changes when firm 7 loses customers to the
other firm, and it changes when firm i manages to sell its product to some customers who are not
using cloud computing services yet. Therefore we can rewrite the state equation for changes in

the market size of firm i as following:
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D. = o, (K,(t)— oD.(t))(1 - D,(t) - D.(0) +a,;K,()D,(t) — ;K (1) D,(?) (49)
Another change in this comprehensive model is that here, we assume that capacity of each firm
depreciates over time. This is an important assumption as it changes the structure of the model.
As capacity depreciates over time, the total capacity of the firms changes which means that the
model will no longer be stationary. It is however an essential assumption as in practice, the
hardware and equipment depreciate, and not modeling it may result in deriving naive and
unrealistic results. With this assumption, the state equation for capacity changes to the following
equation:

K, = x,(6) = K, (1) (50)

w /_//
5200

0 10 20 30 40 50 60 70 80

Figure 5: An Example of the Total Cost of Capacity at Time t

Another important change in our comprehensive model is that we relax the assumption that cost
of capacity provision is constant over time. To take in to account the consequences of Moore’s
law and accommodate this important feature of technology markets, we assume that the cost of
capacity provision falls over time. Moreover, we assume that the marginal cost of capacity
provision at any point in time decreases for up to some level of capacity, and then starts

increasing. In other words, there is a threshold below which, there exists economies of scale, and
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above it, we have diseconomies of scale. Figure 5 provides an example of such a cost function.
We assume the following cost function which incorporates both of these notions if all of the

parameters have non-negative values:
()= (6 + e ™ )((()-@) +)) (51)

Finally, we also allow the time horizon to be finite. Given these new assumptions, the profit

function of firm i needs to be updated as following:
T
IT, = IO e " (mD,(t) = C,(t))dt +e " (g(K(T)) +h(D(T))) (52)

The same four constraints that we had for our basic model still hold. We can derive the optimal
trajectory of the rate of capacity provision by forming the Hamiltonian function, similar to what
we did for the basic model. Doing this, we will have:
0 A <(0,+0.6" ),
K (O)=1 K/¢ if2,2(0,+0," ) (53)
Singular A, =c,

The optimal rate of provision depends on the values of the adjoint variables. However
given the more complicated structure of the problem, a closed-form solution for these variables
does not exist. So we have to resort to numerical analysis to get some insight. The algorithm
used to perform the numerical analysis is quite straightforward and has the following steps:

1. Set initial values for controls and calculate the states over time.

2. Using the transversality conditions and the current values of the states, calculate the

adjoint variables backward.

3. Using the values of the adjoint variables, calculate the new controls and states, and

calculate the profits.

4. Tterate 3 and 4, until the profits stop improving
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Figure 6: Firm 1 with More Initial Market Share

Using the above algorithm, we solved a sample problem numerically. Here, we will provide the
results using graphs, and briefly discuss them. Figure 6 depicts the optimal trajectory of the rate
of capacity provision and the evolution of market shares in a case that the two firms are similar

in every aspect, but firm 1 has a higher initial market share. As we can see, in this case, the final

market sizes will eventually converge and the initial difference in the market sized disappear.

600000

1200

500000 1000
400000 800
300000 600

—]1 —_—k1

D2 k2
200000 400
100000 200

0 T 1 0 T T T T | |
0 10 15 § 0 2 4 6 8 10 12

Figure 7: Firm 1 with More Initial Capacity
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Figure 7 shows the optimal capacity provision rates and market sizes of the two firms when firm
1 has a higher initial capacity compared to firm 2. In this scenario, firm 2 will have a slightly
higher capacity provision rate over time and the market sizes of the two firms will eventually
start converging. However the rate of convergence is slower than the case where firm 1 had a

higher initial market size.
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Figure 8: Firm 1 More efficient

In Figure 8, We have the results for the case in which firm 1 is more efficient, meaning that it has
a higher marginal profit compared to firm 2. In this case, firm 1 will have higher rates of capacity
provision and its market size gets larger. However after some time, the rates of capacity
provision begin to get closer to each other and the difference in market sizes seems to stabilize.
Therefore, when the whole market is saturated, the more efficient firm will end up having a
larger market size compared to the less efficient firm, and the two firms will reduce the amount
of capacity they purchase.

Finally in Figure 9, we see the situation in which it is more costly for the customers of

firm 1 to switch to firm 2’s product. This seems to have the largest impact as the difference in the
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market sizes steadily increases over time. Firm 1 provisions capacity more aggressively in the

early periods, but as time progresses, the rates of capacity provision get closer to each other.
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Figure 9: Switching More Costly for Firm 1 Customers

4.5. Conclusion

In this study, we used a two-period game of duopoly competition with price and capacity as
decision variables, and two differential game models with rate of capacity provision as the
control and market share and capacity as state variables to analyze the competition of forward-
looking cloud computing providers. For the two-period game, we formulated the model and
presented the equilibrium. We found that if economies of scale are present, the market will be
fully segmented, 1.e., each firm only serves its own customer type. This result holds even when
the cost is a linear function of capacity. This is an interesting finding and implies that as long as
it is beneficial for the firms to serve, they will build enough capacity to serve all the customers
who prefer the firm’s product. The domination scenario only occurs when there is diseconomies

of scale which is not a reasonable assumption given the nature of cloud computing.
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For the basic differential game model, we derived the steady-state characteristics of the
system and through propositions 2-6, we analyzed the way the system transitions toward this
steady state. We also discussed some observations based on the propositions. Most notably, the
initial market share structure does not affect the steady-state outcomes and both firms stop their
last cycle of provisioning at the same time.

In our comprehensive differential game model, we relaxed many of the restrictive
assumptions of the basic model to build a more realistic model which better reflects the salient
features of the competition in could computing market. We changed the cost function, assumed
decreasing capacity costs over time a la Moore’s law (Moore 1965), incorporated depreciation of
capacity over time and relaxed the fixed market size assumption. Since the comprehensive model
is not computationally tractable, we used numerical analysis to gain insight into the equilibrium
result. In different scenarios, we compared the outcomes of the two competing firms. We
observed that initial market sizes and initial capacities are not important determinants of the
long-term market sizes. However the firm that is more efficient, or manages to make it more
costly for its customers to switch to the other firm’s product has a clear advantage will have a

larger market size in the long run.
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