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1
Letter from the Editor
Dear Reader,
Over three years ago, I came across a senior thesis written by recent Penn graduate, Eben
Lazarus, that studied the relationship between economic prosperity and society’s tolerance for immigration. Like the papers you will find below, it was the recipient of Penn’s Lawrence R. Klein
Prize, awarded for outstanding undergraduate research in economics. And, for an eager young matriculant, it offered a first glimpse into the academic life of an economics major and an example of
what such a degree entailed. The language seemed dense, at times, but consistent with four years
of training. There were many Greek symbols, and scattered formulas, although no detailed derivations. The topic and results were impressive, even if not entirely in line with my interests. In many
ways, it previewed the personal dilemmas I would face over the next year and a half while deciding on a major. Is economics a serious scientific discipline? Is its interaction with mathematics
fundamental or superfluous? Is its study limited to markets or more broadly applicable?
If you’re now a freshman with similar neuroses: it is my hope that the Penn Journal of Economics (PJE) will provide a vantage point into what may be the next phase of your life, that it will
play the same role for you that Lazarus’ paper and the blogosphere did for me. In the pages of this
and future issues, you will see exceptional undergraduate work across a variety of subfields - including financial economics, applied microeconomics, macroeconomics, development, and others
5

- and complementary fields, such as computer science. You will get a sense for what economic
research entails, and what it does not (yet). Through our website and our events at Penn, we will
try to provide resources that will help you navigate through the economics major and, potentially,
towards graduate study in the discipline.
If you are a bit older - like us - then perhaps you have already committed to this path, for better
or worse. You have been a part of various organizations and come across various undergraduate
journals. As with any new enterprise in an established domain, you may ask, what distinguishes
the PJE? To answer that, I can do no better than describe our founding philosophy. These are the
aspects of our work that we prioritize, and should we ever lapse, will do our best to correct.
• Thorough, high-quality, and specialized refereeing. There is a lot of field-specific expertise
spread among undergraduates, both within and across universities. We try to identify and
coordinate this expertise.
• Efficiency in production. We have and will continue to invest time upfront to make our journal
as easily-manufacturable as possible, our editorial process as smooth as possible, and our
accumulated knowledge as accessible as possible.
• A willingness to experiment with new initiatives. We will look for ways to better promote
the research that we receive and to solve coordination problems that hinder the potential of
our undergraduate economics community.
We publish what in our best academic judgment represents interesting and useful work that contributes to the field of economics. We publish as many or as few papers as meet our standards.
For papers that don’t - for whatever reason - we try our best to provide detailed feedback and help
authors overcome any perceived weaknesses in their work.
Without further ado, I am very proud to present the inaugural issue of our semi-annual publication. In this issue, we showcase some of the finest work done by Penn undergraduates over the
past three years. We drew submissions from a combination of a previous call for papers, issued in
2012, former winners of the aforementioned Lawrence R. Klein Prize, and students recommended
6

by Prof. Kenneth Wolpin. In future issues, we will solicit submissions through formal calls for papers, open to all English-speaking undergraduates across the world. As a part of the Undergraduate
Economics Society at Penn, we want to thank current and former Presidents Sonia Li, Aish Kumar,
and Pia Figuerola for their support in launching this publication. Enjoy!

Sincerely,
Modibo K. Camara
Editor, Penn Journal of Economics
Fall 2015
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The Role of Retail Investors in Book Built IPOs:
Evidence from India
Abstract
It is a widely observed phenomenon that IPOs tend to be oversubscribed with total bids greatly
exceeding the shares available for purchase; moreover, most investors acknowledge that they must
accordingly inflate their bids given the expectation of rationing. The current literature has not
considered the effects of inflated bids or overbidding in equilibrium of a book built IPO with both
informed and uninformed bidders, while then using the equilibrium to predict underpricing. This
paper proposes an IPO economic model in which Bayesian equilibrium can occur in a book built
IPO with both oversubscription of aggregate shares and overbidding of individual demand. The
paper also makes a conjecture about the potential link between subscription data and underpricing.
Empirically, this paper tests if the conclusions of the economic model are consistent with the Indian
IPO market for finding equilibrium and predicting underpricing. Finally, this paper will show that
retail investors are both vital for stability and secondary performance in a book built IPO.
C LASSIFICATION: D44, G11
K EYWORDS: IPO, Book Building, Underpricing, Retail Investors

Acknowledgments: Special thanks to Professor Hanming Fang for his help in leading the honors
seminar and Professor Luca Bossi for his assistance and encouragement.
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2.1

Introduction

During the summer of 2012, the social media giant Facebook went public. Despite extraordinary
levels of media coverage, reports of investor demand exceeding the number of shares available
by five-fold (Cowan, 2012), and claims of a “retail investor craze” (Alistair and Oran, 2013), the
stock drastically underperformed expectations. By the end of the first week, Facebook’s stock
had fallen nearly 20%, and bankers and investors were left questioning the IPO process. Was the
underperformance of the Facebook IPO inevitable despite the supposedly high level of investor
(notably retail) interest? Or was it simply an anomaly unique to Facebook’s high profile?
In order to better understand the mechanisms underlying the IPO process, this paper will seek
to combine auction theory with empirical observations related to the Indian IPO market in order to
challenge and improve upon the current literature. In particular, the current literature has shown that
given an expectation of rationing in fixed price auctions due to aggregate oversubscription of total
shares, bidders have an incentive to overbid, or overstate their individual demand for shares at the
final price (Parlour and Rajan, 2005; Grimm, Kovarik, and Ponti, 2007). However, the literature has
not considered the effects on Bayesian equilibrium in a book building setting with public bidding
and price discovery due to banker-investor interaction. Moreover, the literature has not analyzed
these potential side effects on predicting share underpricing - namely whether subscription data
matches these predictions. Lastly, the literature has failed to consider how bidders (institutional
and retail) with different degrees of private information could alter the equilibrium bidding outcome
and secondary performance.
Accordingly, this paper will attempt to reengineer the IPO model of rationing put forth by Parlour and Rajan (2005), with insight from the model of Grimm, Kovarik, and Ponti (2007). The new
model will attempt to show that oversubscription, an empirical trait of IPOs, and overbidding, a
commonly acknowledged bidding strategy, can both exist simultaneously in a bidding equilibrium.
This paper will then attempt to show that the conclusions of the theoretical model are consistent
with the broader literature on IPO mechanisms and IPO underpricing. Finally, this paper will show
that these conclusions also apply specifically for the Indian IPO market and then test for their pres10

ence with the given Indian IPO data, while looking for any possible predictions of underpricing.
In contrast to Khurshed, Pande, and Singh (2009), I will not treat all oversubscription as proof
of unmet demand. Rather, I will use the model to understand how and when subscription data can
predict secondary performance. Moreover, I will attempt to disprove Chiang, Qian, and Sherman’s
(2010) conjecture that return chasing and overbidding by retail bidders can lead to instability in
IPOs. Instead, I will show that retail investors are vital for both stability and secondary performance
in book built IPOs, and their access to IPOs should likely be expanded and not restricted as Chiang,
Qian, and Sherman contend.

2.2
2.2.1

Literature Review
Auction Theory

Auctions with fractional shares in which bidders demand multiple units were first considered by
Wilson (1979). In these auctions, bidders submit prices for different numbers of shares, and the
seller then sets the clearing price. Wilson compared the share auction to the traditional unit auction
with only one good available. Wilson famously concluded that “a share auction is subject to manipulation by bidders” (p. 676). Examining cases with and without proprietary information, Wilson
consistently found that in multi-unit share auctions, bidders were able to alter their strategies to
lower prices.
The literature continued to develop for these divisible good auctions with bidders competing
on both price and quantity. The topic became especially popular as the U.S. Treasury started experimenting with various auction styles in the 1980s and 1990s. The Treasury had sought to limit
the cornering of securities in the hands of a few large banks and investors by limiting bid sizes to
prevent overbidding; traditionally, securities were allocated on a pro rata basis at the stop-out or
clearing yield. Moreover, the Treasury switched to a uniform price auction in place of a discriminatory price auction (TreasuryDirect, 2013). Traditionally, there had been two arguments in favor
of the uniform price auction. First, Friedman (1960) argued that discriminatory pricing discour11

ages uniformed bidders because of the winner’s curse; this would allow for a few large bidders to
collude. Second, McAfee and McMillan (1987) demonstrated that a second price auction tends to
yield more revenue for risk neutral bidders because it helps lower the effect of the winner’s curse
and thus leads to more aggressive bidding. However, Back and Zender (1993) found that these
assumptions about the second price auction do not necessarily extend to multi-unit auctions. They
argue that in multi-unit auctions bidders consider marginal cost rather than price, so bidders actually submit steep demand curves. In effect, this leads to lower prices and collusive-like outcomes;
thus, the conclusions in favor of the second price auction over the discriminatory auction do not
generalize. Continuing upon this research, Wang and Zender (2002) examined from a game theory perspective the differences between a uniform price auction and a discriminatory auction for
a divisible good. They concluded that with symmetric bidders, the strategic bidding aspect of the
uniform price auction leads to lower expected revenue compared to the discriminatory auction.
However, if bidders are risk averse, then certain equilibrium can lead to higher expected revenue
in the uniform price auction. Although this literature never focused exclusively on IPOs, it laid the
groundwork for considering the effects of bid manipulation in all divisible good auctions.
In the case of a fixed price auction, there is the potential for rationing to occur if aggregate
demand exceeds aggregate supply. In a study of United Kingdom IPOs, Cornelli and Goldreich
(2001) found that bidders on average were allocated half of their bids, but this seems to violate
all theories of profit maximization by the book runners. Nevertheless, Parlour and Rajan (2005)
considered whether different allocation rules could potentially increase revenue in a one-shot book
building model. However, they actually found that rationing reduces the effect of the winner’s curse
and may in fact increase seller revenue. Parlour and Rajan concluded that “oversubscription and
rationing are not prima facie evidence that the issue price was sub-optimal, and the issuer could
have raised more revenue” (p. 34). Moreover, they determined that investor demand depends on
the investor’s anticipation of the allocation mechanism. Under a system of pro rata rationing, all
bidders, including low signal investors, bid higher than they would in the absence of rationing. As
the level of rationing increases, the seller must increasingly allocate shares to low signal investors,
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leading to a potential trade-off with the level of rationing. Building upon the model of Parlour
and Rajan, Grimm, Kovarik, and Ponti (2007) designed a model for repeated fixed price auctions.
Grimm, Kovarik, and Ponti concluded that in cases with uncertain demand, “in equilibrium bidders
overstate their true demand in order to alleviate the effects of being rationed” (p. 402). Most
importantly, they found that in cases where prices are low relative to the values of bidders, bidders
will overstate their demand relatively more than when prices are high.

2.2.2

IPO Process (Book Building vs. Auctions)

A decision for a company to go public represents the most important decision in its financial life.
Companies must decide how many shares to issue, how to price them, and then how to distribute
those shares. Accordingly, typically companies will hire an outside investment bank to initiate the
process and then they will consider two possible mechanisms to price and allocate the shares: auctions or book building. In an auction, the company hires a bank to help decide the number of shares,
share price, and allocation rules before information on investor demand is received. Bidders then
request a certain number of shares, which are then divided according to the allocation rules. Dutch
auctions can also be used in which the share price is incrementally lowered until investor demand
equals the supply of shares being offered. In the book building process, instead, the underwriting
bank goes on roadshows to present the company to investors. They collect individual levels of interest and then set the price accordingly. After receiving orders at the final price, the bank has the
ability to allocate a specific number of shares to any investors. Thus, unlike the pure fixed price
auction, a book built IPO includes both discretionary allocation and a dynamic process of price
setting between the bankers and the investors.
In recent years, book building has become the primary method of conducting an IPO in most
countries (with the notable exceptions of Israel and Taiwan). Even though many countries allow
both processes, book building still tends to be the most popular choice for several reasons. Sherman
(2000) argues that the flexibility to allocate shares allows underwriters to “lower the excess returns
of uniformed investors, thus lowering the required level of underpricing” (p. 698). Moreover, Sher13

man (2005) believes that the riskiness of the auction (the bank must sit back and wait for orders)
leads to the potential for undersubscription and overpricing. Finally, Sherman (2005) argues that
there may simply be an adverse selection issue. Companies that choose the auction avoid the thorough scrutiny of investors during the book building process. Thus, Sherman (2005) concludes that
when a small, relatively unknown company elects for the auction process, investors may interpret
it as a signal that the issuer wants to discourage the thorough scrutiny of the book building process.
Although most countries have switched entirely to the book building process as the most common
form of offering, the strategic aspects of bid manipulation in a fixed price auction still apply to book
building when allocation occurs on a pro rata basis.

2.2.3

IPO Underpricing and Oversubscription

It has been well documented that IPOs tend to exhibit abnormally high first day returns upon listing otherwise known as underpricing. There are several prominent theories for the causes of underpricing. According to the adverse selection theory, Rock (1986) argues that informed investors and the
investment bank know the true value of the stock and uniformed investors invest randomly. Banks
must then underprice IPOs to gain demand from uninformed bidders or risk having insufficient demand from uninformed investors. According to the principal-agent theory, Eisenbeis and McEnally
(1995) argue that firms must rely on investment banks to determine their true value. The issuing
firm must then “leave money on the table” for the investment bank to have an incentive to participate. A third theory from Benveniste and Spindt (1989) argues that allocation allows underwriters
to extract private information from investors. In turn, Hanley (1993) argues that underpricing allows banks to compensate informed investors for helping in the pricing process by revealing their
private information. A final potential explanation from Loughran and Ritter (2002) is that underwriters substitute underpricing for fees; they are able to capture rent from the issuers which can be
passed to favored clients.
According to Loughran, Ritter, and Rydqvist (1994), underpricing has occurred in all 25 countries in which IPO market data is available. However, Loughran, Ritter, and Rydqvist find that the
14

degree of underpricing varies based on the mechanism of the IPO and the country. Moreover, IPOs
in all countries have been associated with large levels of oversubscription such as in the study by
Brennan and Franks (1997) for the United Kingdom. To explain the oversubscription, Chowdhry
and Sherman (1996) have argued that information leakages occur between the setting of the offer
price and the issue closure. The information leakage can include rumors about market demand,
company performance, or investor sentiment. Chowdhry and Sherman believe this leads investors,
who may have been previously uniformed, “to realize that the offer price is ‘too low”’ (p. 361).
They conclude that information leakages should lead to two extremes: IPO failure if the price is
‘too high’ and high levels of oversubscription if the price is ‘too low.’
Additionally, the results have been mixed as to the relationship between the IPO mechanism
and underpricing. Theoretically, book building may allow for greater underpricing as banks can
dispense high profits to favored investors. Accordingly, studies by Hanley and Wilhelm (1995) and
Aggarwal, Prabhala, and Puri (2002) find that underpricing occurs more as a greater proportion of
shares are allocated to institutional investors. Similarly, Derrien and Womack (2003) find that auction procedures in France tend to lead to lower levels of underpricing. However, Sherman (2000)
argues that greater flexibility in allocation during book building should lead to lower underpricing.
Accordingly, Ljungqvist, Jenkinson, and Wilhelm (2003) find that book built issues do not show
any less underpricing than auctions. Moreover, Kutsuna and Smith (2003) find that book building reduces underpricing for well-established Japanese firms. Thus, despite many misconceptions
about book building as a tool of cronyism, book building may be a more efficient IPO mechanism
under certain conditions.

2.3

Economic Model

I will now build a game representing the book built IPO. The goal of the model is to determine
if a bidding equilibrium can exist with oversubscription of aggregate shares and overbidding of
individual demand. In the game, there are two sets of players: bankers and investors (or bidders).

15

Both are involved in an IPO with pro rata allocation of shares and publicly visible bidding activity
over a period of time. (It will be assumed that all bidders have time to submit all the bids they wish.)
These assumptions allow for empirical testing within the Indian IPO market. Given the literature
on the strengths of book building as a tool for price discovery and not cronyism, these assumptions
seem plausible for most countries. The bankers meet frequently with the investors during roadshows
leading up to the actual IPO in order to gauge investor interest. The bankers work to determine the
number of shares to be made available and then the price of the shares. They determine the range
of appropriate prices before the listing and then close in on the final price throughout the listing
process. The bankers’ main objective is to ensure that the IPO closes in equilibrium with at least
full subscription for all shares; anything less is considered a failure to effectively price the shares.
On the other side, investors are seeking to maximize their own utility, which depends on both
their demand for shares and their expectation of secondary share performance or underpricing.
Qualitatively, the bidders’ utility would be increasing in both aspects. Their individual demand
for shares (𝑑) is effectively set by the pricing of the bankers, so they will each attempt to receive
shares between 0 and 𝑑. The total number of shares to be issued will be normalized to one, so 𝑑
is a fraction of the total shares available. It will be assumed that the bankers would not want any
single investor to corner the market, so 𝑑 will be set as less than one by assumption.
The expectation of underpricing can be taken as either exogenous or endogenous. In the case
of the former, each bidder would then only choose to maximize the number of shares he receives
and thus seek to receive the number of shares equal to his demand. Moreover, assuming perfect
competition, no single investor can change the secondary performance of the shares. In the case
of the latter, the expectation of underpricing would likely never be decreasing on demand, so each
bidder’s maximum utility would still arise by receiving the number of shares equal to his demand.
Additionally, it is irrelevant for the qualitative existence of equilibrium whether the bidder is risk
adverse, risk neutral, or risk seeking; the shape of the utility curve will only affect the quantitative
levels of the equilibrium variables. Therefore, for simplicity a linear utility function will be used
such that the bidder will still seek to receive shares equal to his true demand. Finally, it will be
16

assumed that there are 𝑁 bidders each with the same demand for the shares. This is a plausible
condition considering all information about each company is publicly available and shared during
the road show process, so it would be expected that barring insider information all informed investors would have similar equity valuations. Lastly, it will be taken as a given that no bidder will
ever bid less than his true demand; with or without rationing, it would always increase utility to bid
up to his true demand.

2.3.1

Game I: No Overbidding

Player 𝑖 must determine the best response bid of 𝑏𝑖 to all other players bidding their true demand of
𝑑 in order to ensure that he actually is allocated his true demand of shares.

𝑑=

𝑏𝑖
(𝑁 − 1)𝑑 + 𝑏𝑖

(2.1)

The numerator of equation 2.1 represents the individual bid of player 𝑖, and the denominator represents the total amount of bids in the market. Thus, the ratio of the two represents the pro rata
allocation of shares to player 𝑖 for the total normalized share.
𝑏𝑖 (𝑁 − 1)𝑑
=
𝑑
1−𝑑

(2.2)

Assuming that the IPO is never undersubscribed, there are two cases according to equation 2.2 for
the player 𝑖’s bid and demand. First, if the IPO is perfectly subscribed, all bidders will bid their
true demand. Formally,
𝑁 ⋅ 𝑑 = 1 ⟹ 𝑏𝑖 = 𝑑
Second, if the IPO is oversubscribed, all bidders will bid higher than their true demand due to an
expectation of rationing. That is:

𝑁 ⋅ 𝑑 > 1 ⟹ 𝑏𝑖 > 𝑑

17

Therefore, the bidding strategies must be modified to include players scaling their bids above their
individual demand.

2.3.2

Game II: Overbidding

All players scale their demands by bidding their demand multiplied by some constant 𝑐 ≥ 1. Player
𝑖 must determine the best response bid to scale his own true demand of 𝑐𝑖 𝑑 to all other players
scaling their true demand by 𝑐.
𝑑=

𝑐𝑑
(𝑁 − 1)𝑐𝑑 + 𝑐𝑖 𝑑

(2.3)

The numerator of equation 2.3 represents the individual bid of player 𝑖, and the denominator represents the total amount of bids in the market. Thus, the ratio of the two represents the pro rata
allocation of shares to player 𝑖 for the total normalized share.
𝑐𝑖 (𝑁 − 1)𝑑
=
𝑐
1−𝑑

(2.4)

Assuming that the IPO is never undersubscribed, according to equation 2.4 there are two cases for
the relationship between player 𝑖’s level of bid scaling and the other bidders’ level of bid scaling.
First, if the IPO is perfectly subscribed, all bidders will bid their true demand. Formally,

𝑁 ⋅ 𝑑 = 1 ⟹ 𝑐𝑖 = 𝑐 = 1
Second, if the IPO is oversubscribed, all bidders will scale their true demand by a factor higher than
all other bidders. That is:
𝑁 ⋅ 𝑑 > 1 ⟹ 𝑐𝑖 > 𝑐
In this case, it would be expected that bidders would be incentivized to keep overbidding each
other, leading to the unstable outcome of all bidders bidding infinity. However, this is not observed
in practice. Oversubscription is observed ubiquitously, but even the highest level of subscription
observed in India since 2007 is 160.56 times oversubscribed for the total IPO. Thus, in a stable
18

oversubscribed IPO there must be some separate disincentive to overbid that counterbalances the
incentive to overbid from the expectation of rationing.

2.3.3

Game III: Overbidding and Retail Imitation

This game will introduce asymmetric information between two groups of bidders. The 𝑁 bidders
are the qualified institutional bidders that presumably have greater knowledge, experience, and
expertise in the IPO and equity industry. As shown by Khurshed, Pande, and Singh (2009) in their
study of the Indian IPO market, the early bids of institutional bidders are imitated by retail investors
during the final days of the book building period. This suggests a possible cost to overbidding,
which will now be included. The institutional bidders will still attempt to maximize utility and
receive their own true demand; accordingly, the banks will have to price shares to ensure that the
institutional bidders receive their true demand in order to reach a stable bidding equilibrium. This
potential accommodation of institutional bidders has been shown in the literature on underpricing.
Book built IPOs revolve around the relationships between the banks and large bidders. The banks
extract rent from the bidders via pricing and demand and thus need to keep large bidders happy.
From a platform perspective, the IPO system requires the presence of large bidders to maintain it,
so the banks have a second incentive to keep large bidders happy.
The 𝑁 bidders know that for the total amount that they bid, there will be a specific amount
of retail bidding that occurs in response. This bidding will come at their expense as the greater
level of total bidding will lead to greater rationing of their own bids. Retail bidders observe only
the amount of bidding by the institutional bidders, but they do not know the true demand of the
institutional bidders, which is the institutional bidders’ private information; this also implies that
the retail bidders cannot know the level of institutional bid scaling. These features are supported
by the findings of Chiang, Qian, and Sherman (2010) for Taiwan in which the bids of institutional
bidders are consistent with all assumptions of informed bidders and retail bidders “exhibit evidence
of return chasing” (p. 1202). The model will start with the most general case of equation 2.5 with
an exponential retail demand function. 𝑄𝐼𝐵 represents the total bids for the qualified institutional
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bidders. 𝑅𝐼𝐼 represents the total bids for the retail individual investors. Intuitively, 𝛼 and 𝛽 must
both be greater than zero for the retail bidding to be increasing on the total bidding from the institutional bidders. Depending on the value of 𝛽, the retail bidding will increase at an increasing,
constant, or decreasing rate. Formally:
𝑅𝐼𝐼 = 𝛼(𝑄𝐼𝐵)𝛽

(2.5)

𝑑𝑅𝐼𝐼
= 𝛼𝛽(𝑄𝐼𝐵)𝛽−1 > 0, for 𝛽 > 0, 𝛼 > 0
𝑑𝑄𝐼𝐵
𝑑 2 𝑅𝐼𝐼
= 𝛼𝛽(𝛽 − 1)(𝑄𝐼𝐵)𝛽−2
𝑑𝑄𝐼𝐵 2
In particular,
𝑑 2 𝑅𝐼𝐼
> 0, for 𝛽 > 1, 𝛼 > 0
𝑑𝑄𝐼𝐵 2
𝑑 2 𝑅𝐼𝐼
= 0, for 𝛽 = 1, 𝛼 > 0
𝑑𝑄𝐼𝐵 2
𝑑 2 𝑅𝐼𝐼
< 0, for 0 < 𝛽 < 1, 𝛼 > 0
𝑑𝑄𝐼𝐵 2
All players scale their demands by bidding their demand multiplied by some constant 𝑐 ≥ 1.
Player 𝑖 must determine the best response bid to scale his own true demand of 𝑐𝑖 𝑑 to all other players
scaling their true demand by 𝑐 and taking into account the imitation of retail investors.

𝑑=

𝑐𝑖 𝑑
(𝑁 − 1)𝑐𝑑 + 𝑐𝑖 𝑑 + 𝛼((𝑁 − 1)𝑐𝑑 + 𝑐𝑖 𝑑)𝛽

(2.6)

The numerator of equation 2.6 represents the individual bid of player 𝑖, and the denominator represents the total amount of bids (institutional and retail) in the market - including the expected
imitation of retail bidders. Equation 2.6 presents three possible cases for the equilibrium solution
given the possible values of 𝛽 and the constraints on 𝑐.

20

Case 1: 𝛽 = 1 and 𝑐 ≥ 1
𝑐𝑖 𝑁𝐷(1 + 𝛼) − 𝑑(1 + 𝛼)
=
𝑐
1 − 𝑑(1 + 𝛼)

(2.7)

Assuming that the IPO is never undersubscribed, according to equation 2.7 there are two cases for
the relationship between player 𝑖’s level of bid scaling and the other bidders’ level of bid scaling.
First, if the IPO is perfectly subscribed with the expectation of the entry by the retail bidders, all
institutional bidders will bid their true demand. Formally,

(1 + 𝛼)𝑁 ⋅ 𝐷 = 1 ⟹ 𝑐1 = 𝑐 = 1
Second, if the IPO is oversubscribed with the expectation of the entry by the retail bidders, all
institutional bidders will scale their true demand by a factor higher than all other institutional bidders
- leading to an unstable equilibrium. That is:

(1 + 𝛼)𝑁 ⋅ 𝐷 > 1 ⟹ 𝑐1 > 𝑐
Thus, for a linear imitation function, the only equilibrium is for the bankers to ensure perfect subscription. A linear retail demand function cannot provide an equilibrium with both oversubscription
and overbidding; the other option is for a non-linear retail demand function. Taking the natural log
of equation 2.6 yields the following:

ln 𝛼 + 𝛽 ln((𝑁 − 1)𝑐𝑑 + 𝑐𝑖 𝑑) = ln(𝑐𝑖 − (𝑁 − 1)𝑐𝑑 − 𝑐𝑖 𝑑)

(2.8)

It will be assumed for equilibrium that 𝑐𝑖∕𝑐 . This results in the following equilibrium condition:

ln 𝑐 =

ln(1 − 𝑁𝑑) − 𝛽 ln(𝑁𝑑) − ln 𝛼
𝛽−1

The final two cases of equilibrium are now examined.
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(2.9)

Case 2: 𝛽 > 1 and 𝑐 ≥ 1
In this case, the denominator of equation 2.9 must be greater than zero, and given the constraints on
𝑐, this yields the condition below that the numerator of equation 2.9 must be greater than or equal
to zero.
ln(1 − 𝑁𝑑) − 𝛽 ln(𝑁𝑑) − ln 𝛼 ≥ 0
1 − 𝑁𝑑 − 𝛼(𝑁𝑑)𝛽 ≥ 0
But the investment banks will always ensure that there is never any undersubscription. Therefore,
the total bids of both institutional and retail investors must equal the normalized total share count
of one.
1 − 𝑁𝑑 − 𝛼(𝑁𝑑)𝛽 = 0
This then implies that equation 2.9 is equal to zero, and thus:

𝑐=1
In this case, when 𝛽 > 1 and retail imitation increases at an increasing marginal rate, the only stable
equilibrium is for the IPO to be perfectly subscribed, including the expectation of the entry by the
retail bidders. This leads all institutional bidders to bid their true demand, and all bidders (both
institutional and retail) to be allocated their bids. The high level of imitation makes it impossible
for the institutional investors to ever receive their true demand in an oversubscribed IPO because
the cost of imitation is always greater than the benefit from overbidding; therefore, the banks must
simply ensure perfect subscription.
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Case 3: 𝛽 < 1 and 𝑐 ≥ 1
In this case, the denominator of equation 2.9 must be less than zero, and given the constraints on 𝑐,
this yields the condition below that the numerator of equation 2.9 must be less than zero.

ln(1 − 𝑁𝑑) − 𝛽 ln(𝑁𝑑) − ln 𝛼 < 0
Therefore, the total bids of both institutional and retail investors must be greater than the normalized
total share count of one.
1 − 𝑁𝑑 − 𝛼(𝑁𝑑)𝛽 < 0
This then implies that equation 2.9 is greater than zero, and thus:

𝑐>1
In this case, when 𝛽 < 1 and retail imitation increases at a decreasing marginal rate, the only
stable equilibrium is for the IPO to be oversubscribed, including the expectation of the entry by
the retail bidders. This allows for a stable equilibrium with overbidding of true demands. The low
level of imitation makes it possible for the institutional investors to still receive their true demand
in an oversubscribed IPO because the costs of imitation eventually equilibrate to the benefits of
overbidding.
In conclusion, the model shows that a bidding equilibrium can occur in oversubscribed IPOs if
there is a cost to overbidding (i.e., imitation by other bidders). If the imitation occurs at a constant
or increasing rate, then there can be no stable equilibrium with overbidding and oversubscription.
Bankers will then choose to price the shares to ensure perfect subscription including the expected
retail bidding. Institutional investors will bid their true demand and receive that many shares; retail
investors will get exactly as much as they bid. This suggests that in the case of increasing or constant
marginal rates, demand should vary very little above perfect subscription. Therefore, all investors
would be satisfied with their allocation, and most secondary performance would likely be due to
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external market conditions or information leakages (Chowdhry and Sherman, 1996).
If the imitation occurs at a decreasing marginal rate, then bankers will price the shares to ensure
oversubscription, including the expected retail bidding. Institutional investors will scale their bids
above their true demand and still receive their demanded shares; retail investors will be allocated
shares less than their bid. This suggests that in the case of diminishing marginal rates, bids by
institutional investors should have no relationship with secondary pricing; banks ensure that institutional investors receive as many shares as they really demand. However, it is unclear whether
retail bids will have a connection to secondary performance since retail investors do not know the
institutional investors’ private demand or level of bid scaling. To put it simply, retail investors may
or may not grasp that institutional investors are inflating their bids and by how much. If retail investors understand that the institutional investors have scaled their bids, then retail share rationing
should not be a surprise to the retail investors. Retail investors would understand that they were rationed at the same level as the institutional investors and that the high levels of institutional bids do
not translate exactly into high levels of institutional demand. On the other hand, if retail investors
do not understand that institutional investors have scaled their bids, then the high levels of institutional bids would be perceived as high levels of institutional demand; therefore, the high degree of
retail share rationing would come as a surprise to the retail investors leaving them to believe that
they have unmet demand. Thus, retail bidding would potentially predict secondary performance.
In the next section, I will test which of those outcomes are observed in practice using data from the
IPO Indian market.

2.4

Data

I will now attempt to bring the model’s prediction to the data. I will focus on the Indian IPO
market both because of the availability of subscription data and the unique regulations that are
comparable to the economic model. India represents an interesting and useful case study for IPOs.
Until 1992, Indian issuers and banks had little to no pricing or allocation flexibility; in 1999, pricing
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flexibility was allowed and, more importantly, discretionary allocation was allowed for certain types
of investors. Under these new regulations, retail investors, qualified institutional buyers, and noninstitutional buyers are each treated as three bidder pools and are given a fixed portion of all shares.
The proportion of shares allocated to each investor group is currently 50% for qualified institutional
bidders, 35% for retail bidders, and 15% for non-institutional high net worth bidders. Additionally,
the 1999 regulations allowed for a choice between fixed price auctions with pro rata allocation and
a hybrid book building process. In this hybrid process, a fixed price auction was used for retail
investors and a book building process with allocation for the qualified institutional bidders. Since
1999, book building has become the nearly unanimous choice for Indian IPOs. For example, book
building was used for 36 of 37 successful IPOs in 2011. Bubna and Prabhala (2008) discovered
that between 1999 and 2005, Indian book built IPOs demonstrated less underpricing compared to
fixed price auctions. They also highlighted the strange phenomena that despite lower underpricing,
book built IPOs demonstrated greater oversubscription and book built oversubscription was less
sensitive to underpricing. This confirms the theory that book built IPOs lead to greater information
discovery prior to offering.
In 2005, Indian regulation once again changed, and underwriters in the book building process
were no longer permitted to control allocation for qualified institutional buyers; all allocation was
done pro rata within each investor group. As Bubna and Prabhala (2008) eloquently note, “so what
the Indian IPO market calls a book built IPO after November 2005 is a dirty Dutch auction in the
parlance of the auction literature” (p. 9). Indian IPOs now combine the unique bidding strategies of
fixed price auctions (since there is no possibility of cronyism in allocation) with the positive price
discovery effects of book building.
The Indian IPO process is fully transparent. By regulation, all investors must submit public
bids throughout the book building process. This allows for observation of the cumulative bids
of each investor group as the book is built each day; on the other hand, IPO subscription data
and bids are privately held by the investment banks in the United States. Khurshed, Pande, and
Singh (2009) found that non-institutional bidders tend to follow the lead of institutional buyers
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during the book building process, likely due to the revealing of private information of large buyers.
They determined that institutional bids that occur on the first or second day are highly correlated
to retail bids in the final or penultimate day of the book building process. Moreover, they found
that in the aftermarket, IPO performance and underpricing is strongly determined by the level of
oversubscription by retail investors, which they take as a proxy for unmet demand. However, they
find no connection between institutional oversubscription and underpricing, which they can only
presume is due to institutional bidders being “satisfied.” On the other hand, Chiang, Qian, and
Sherman (2010) found in their study of Taiwanese IPO auctions that the entry of more informed
institutional bidders led to greater underpricing, and the entry of overbidding and return chasing
retail bidders led to lower underpricing. For this reason, they suggest that the presence of retail
bidders could lead to instability in IPO outcomes, and thus the access of retail bidders should
potentially be restricted. However, these results likely do not generalize for book built IPOs; their
study does not account for the consequences of price revealing and setting that arises from the
interaction between bankers and investors.
Between the beginning of 2007 and January 2013, 303 IPOs were filed with the Securities and
Exchange Board of India. 287 of these IPOs were successful, and the other 15 were withdrawn due
to poor investor interest. Of the successful IPOs, 32 were issued via the fixed price mechanism; the
other 255 were issued via the book building mechanism. Subscription and secondary performance
data is only available through the SEBI for 251 of the successful book built IPOs1 . Of these 251
IPOs, I excluded 9 of those from my analysis because they had zero qualified institutional bidder
interest, which would be inconsistent with the regression, which relies on the natural log of bidder
demand. Below is a table with the summary statistics for the 242 IPOs to be examined in the paper.
1 Data

not available for Veto Switchgears, Thejo Engineering, Spice Telecom, or Binani Cement.
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In the first column is the number of IPOs per year, which has varied dramatically depending on
the general conditions of the market. In the second column is the average size of each IPO in the
Indian currency. In the third column is the average total subscription (aggregate of all three investor
groups) for each year. The data suggests that certain years display significantly higher aggregate
oversubscription. Nevertheless, the fourth and fifth columns reveal that the minimum subscription
is almost always greater than one and the maximum can reach incredible highs (but never infinity as
game one and two of the model would suggest). In the sixth column is the average underpricing for
each year. In a similar fashion to the subscription, certain years display much higher underpricing;
this may be a result of the subscription level and/or market conditions. The final two columns show
the minimum and maximum levels of underpricing for each year, revealing that banks still fail on
many occasions to correctly price the shares; however, the upside risk appears to be much greater
than the downside risk.

2.5

Empirical Strategy

First, the theory of retail imitation is tested with the log-linear regression of equation ?? based on
the log of 2.10, which comes from the economic model.
(
)𝛽
𝛼 𝑄𝐼𝐵𝑠𝑢𝑏𝑖 ⋅ 𝐼𝑠𝑠𝑢𝑒 𝑆𝑖𝑧𝑒𝑖 ⋅ 50% = 𝑅𝐼𝐼𝑠𝑢𝑏𝑖 ⋅ 𝐼𝑠𝑠𝑢𝑒 𝑆𝑖𝑧𝑒𝑖 ⋅ 35%
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(2.10)

(
)
ln 𝛼 + 𝛽 ln 𝑄𝐼𝐵𝑠𝑢𝑏𝑖 ⋅ 𝐼𝑠𝑠𝑢𝑒 𝑆𝑖𝑧𝑒𝑖 ⋅ 50% + 𝜖𝑖
(
)
= ln 𝑅𝐼𝐼𝑠𝑢𝑏𝑖 ⋅ 𝐼𝑠𝑠𝑢𝑒 𝑆𝑖𝑧𝑒𝑖 ⋅ 35%

(2.11)

𝑄𝐼𝐵𝑠𝑢𝑏 represents the subscription level for the qualified institutional bidders. 𝑅𝐼𝐼𝑠𝑢𝑏 represents
the subscription level of the retail individual investors. The subscription level is then multiplied
by the size of the IPO and then by the respective portion of shares allocated to each investor class;
this then yields the total bid size of each investor group. Non-institutional high net worth bidders
(or NII) bidders were excluded as they represent a small portion of the IPO; moreover, it is less
obvious how they fit into the economic model of private information as a large client of the banks,
but still not as a large institution with research capacities.
The regression will first test whether the sign on 𝛼 is greater than zero as the economic model
predicts.
𝐻01 ∶ 𝛼 = 0
𝐻11 ∶ 𝛼 > 0
Second, the regression will test if the sign on 𝛽 is directionally correct as greater than zero.
𝐻02 ∶ 𝛽 = 0
𝐻12 ∶ 𝛽 > 0
Third, if 𝛽 is greater than zero, then the regression will test if 𝛽 falls in the range above one or
between one and zero.
𝐻03 ∶ 𝛽 > 0
𝐻13 ∶ 𝛽 > 1
The results of the regression of equation ?? are below:
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The regression has an adjusted 𝑅2 over 60%. Both ln 𝛼 and 𝛽 are statistically significant at a
𝑝-value of .01. The results imply an 𝛼 of 11.7032; the positive sign confirms the positive relationship between observed institutional bidding and the retail bidding response. Thus, the alternative
hypothesis of 𝐻11 that 𝛼 is greater than zero cannot be rejected at the 1% statistical significance
level. The fact that the regression suggests that 𝛼 is much larger than one seems to imply that retail
bidders simply represent a much larger source of demand compared to the institutional bidders.
The regression results also reveal that 𝛽 is both greater than zero and less than one with a 𝑝-value
of .01. Thus, the alternative hypothesis of 𝐻12 that 𝛽 is greater than zero cannot be rejected at the
1% significance level. Moreover, the alternate hypothesis of 𝐻13 cannot be accepted at any meaningful significance level; therefore, 𝛽 is positive and less than one. The empirical results strongly
indicate conditions of sign and range that would lead one to conclude that a stable equilibrium occurs with oversubscription and overbidding as shown by the third case of the third game of the IPO
model. This result is consistent with the empirical observations that oversubscription occurs and
the widespread belief that overbidding occurs.
The Indian IPO data was also used to recreate the results of Khurshed, Pande, and Singh (2009)
to see whether there is a connection between subscription and underpricing, or first day returns.
This is tested using the following regression, which is very similar to the model of Khurshed, Pande,
and Singh (but excludes company age since incorporation, NII bidding, and pre-listing underpricing
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since they have no economic significance given the scope of the model):
(
)
𝛽0 + 𝛽1 ⋅ 𝑀𝑎𝑟𝑘𝑒𝑡 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑖 + 𝛽2 𝑅𝐼𝐼𝑠𝑢𝑏𝑖 ⋅ 𝐼𝑠𝑠𝑢𝑒 𝑆𝑖𝑧𝑒𝑖 ⋅ 35%
(
)
+𝛽3 𝑄𝐼𝐵𝑠𝑢𝑏𝑖 ⋅ 𝐼𝑠𝑠𝑢𝑒 𝑆𝑖𝑧𝑒𝑖 ⋅ 50% + 𝜖𝑖 = 𝑈 𝑛𝑑𝑒𝑟𝑝𝑟𝑖𝑐𝑖𝑛𝑔𝑖

(2.12)

In a similar fashion to the regression in (11), total retail and institutional bids were backed into given
subscription level, issue size, and share allocation percentages. Market returns were determined as
the percentage change in the S&P CNX Nifty Index between the opening and the closing of the
bidding process on the IPO.
First, I test if market returns are significant predictors of underpricing, implying the sign on 𝛽1
is non-zero.
𝐻04 ∶ 𝛽1 = 0
𝐻14 ∶ 𝛽1 ≠ 0
Second, I test if retail bidding is a significant predictor of underpricing, implying the sign on 𝛽2 is
non-zero.
𝐻05 ∶ 𝛽2 = 0
𝐻15 ∶ 𝛽2 ≠ 0
Third, I test if institutional bidding is a significant predictor of underpricing, implying the sign on
𝛽3 is non-zero.
𝐻06 ∶ 𝛽3 = 0
𝐻16 ∶ 𝛽3 ≠ 0
The results of the regression of equation ?? are below:
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While the 𝑅2 may not be as high as the results of Khurshed, Pande, and Singh, this is likely
due to the exclusion of a few explanatory variables with little economic significance to my model
and different sample periods. Khurshed, Pande, and Singh focus on the period of 1999 to 2008;
however, this ignores many of the changes in Indian regulation mentioned in the previous section.
Thus, this paper likely presents a more consistent and economically meaningful range of variables
and time periods.
Nevertheless, the results for the independent variables are similar in terms of sign and significance. 𝛽1 is significant at a 𝑝-value of .01. Thus, the alternative hypothesis of 𝐻14 that 𝛽1 is non-zero
cannot be rejected at the 1% significance level. Market returns are a significant positive predictor
of IPO underpricing, which is to be expected considering it is an equity offering. An increase in
the markets of 1% during the bidding process, on average leads to an increase in underpricing by
2.3478%.
Most importantly, 𝛽2 is statistically significant at a 𝑝-value of .01, whereas 𝛽3 is not statistically significant at any meaningful 𝑝-value. Retail demand is a significant positive predictor of
underpricing. A 1% increase in retail demand is predicted to lead to an increase in underpricing by
.01 ⋅ 8.1793 or .081793%. On the other hand, the null hypothesis of 𝐻06 cannot be rejected at any
meaningful significance level; institutional demand has no predictive power for underpricing.
These results on the coefficients are identical in direction and significance to Khurshed, Pande,
and Singh. The authors can only explain the importance of retail oversubscription for predicting
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underpricing by calling it a proxy for unmet demand; they assert that for some unknown reason
institutional bidders are “satisfied.” However, this ignores the fact that by this explanation for the
predictive power of retail demand, institutional oversubscription would also count as unmet demand. The authors fail to provide a causal explanation for why one and not the other would predict
underpricing. On the other hand, the model presented in this paper presents a theoretical explanation of this question. In the equilibrium case for 𝛽 < 1 as found in the data, institutional bidders
overbid their true demand but in the end receive their true demand in shares. In contrast, retail bidders simply observed the institutional bids without knowing the institutional demand or the precise
level of bid scaling. The empirical results of all retail unmet demand leading to oversubscription
suggests that the retail bidders simply imitated the institutional bids but did not factor in the level of
bid scaling, and thus they perceived their rationing to be too high. This inability to fully understand
that the bidders they were emulating scaled their bids likely leads the retail bidders to overestimate
their own rationing. This final result is consistent with Chiang, Qian, and Sherman (2010), even
though their data focuses on IPO auctions and not book built IPO, that there is a great amount of
inexperience on the part of retail bidders.

2.6

Conclusion

This paper attempted to understand the phenomenon of oversubscription, overbidding, and underpricing in the IPO market. Removing the effects of subjectivity and cronyism in the book building
process (which are still likely unimportant based on the current literature), oversubscription and
underpricing were observed in the Indian IPO markets under the context of a model that incorporates overbidding. Given that banks have a clear goal to ensure full subscription at minimum to
their IPOs, overbidding can occur in a stable equilibrium, which is a commonly held assumption
by bankers and investors, if and only if there is a cost to overbidding - namely the presence of retail
imitation. Given the presence of two types of bidders, bankers must accommodate the presence
of institutional bidders by ensuring they receive their full demand in shares after rationing, while
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allowing retail bidders to copy the observed bidding of institutional bidders. This leads institutional bidders to be satisfied with their allotments, and thus contrary to economic intuition, their
oversubscription is no indicator of unmet demand and therefore secondary performance. On the
other hand, retail bidders are left guessing the level of demand and overbidding by the institutional
bidders; the Indian IPO market indicates that the retail bidders are systematically underestimating
or ignoring the overbidding. Accordingly, the retail bidders perceive their rationing as too high,
leading retail oversubscription to predict secondary performance.
In conclusion, the Facebook IPO likely revealed that much about subscription data is still not
understood on Wall Street, and many aspects have not been addressed thoroughly in the literature.
Several of these issues, namely oversubscription (or fixed price auctions with rationing), overbidding, and undersubscription have been addressed individually in the literature, but none have considered how all three potentially work together in a book building setting. As demonstrated in
this paper, subscription data can still have economic meaning, despite the ubiquitous presence of
overbidding, when conditions resemble the Indian book built IPO. However, this leads to a break
down in pure economic connection between demand and prices in the case of institutional bidders
but not in the case of retail bidders. Retail investors can and do alter the outcome of IPOs - and
not necessarily for the worse. The Facebook IPO may have left investors and bankers too jaded to
the fact that oversubscription can predict underpricing if certain conditions arise: specifically, an
efficient price discovery process, public knowledge of subscription levels, and pro rata rationing
(or as the literature suggests, a book building allocation not based on cronyism). The high level of
retail interest in the Facebook IPO and the relatively poor performance of the stock early on may
simply be an outlier case and not the norm. Perhaps bankers running book built IPOs need to better
appreciate the benefit of having retail investors participate in their IPOs since their presence may
ensure not only stability, but also positive returns for their coveted institutional investors.
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A Spatial Hedonic Analysis
Abstract
This paper analyzes the effect of wildfire risk on residential housing prices in Colorado Springs,
Colorado. As a recent hotbed for large-scale wildfires, the state of Colorado has suffered significant damage from uncontrolled burns in high-risk “red zone” development areas. At the same time,
the hedonic literature on natural disasters has focused primarily on flood and earthquake risk, with
little written about wildfires. I expand the literature by including additional locational attributes in
my regression analysis, utilizing GIS software that has only recently been used in conjunction with
hedonic research. Contrary to my initial hypothesis, wildfire risk does not appear to negatively impact residential housing prices. I propose two potential explanations, including positive amenities
in wildfire-prone areas and market participants underestimating the risk a property may face.
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3.1

Introduction

A hotbed for large-scale wildfires in recent years, the state of Colorado has suffered significant
damage from uncontrolled burns in high-risk “red zone” development areas. Highlighted by the
Waldo Canyon and Black Forest conflagrations, the 2012 through 2014 summers have marked the
most destructive wildfire seasons in Colorado’s history. As an increasing number of homes are
developed in the wildland-urban interface, the potential for property damage has risen dramatically.
The goal of this paper is to analyze the effect of wildfire risk on residential housing prices
in Colorado Springs, Colorado. How does the risk of wildfire impact transaction values, and do
buyers and sellers in the residential housing market accurately capitalize their perception of low
probability events such as wildfires into the price of a house? Working within the hedonic property
model framework, I conducted a spatial analysis of the Colorado Springs housing market. This
paper employs regression analysis to better understand how the spatial and structural characteristics
of a house, along with an objective wildfire risk rating, jointly determine market value.
I narrowed my research to the wildland-urban interface of Colorado Springs in El Paso County,
examining the geographical intersection between high-risk fire areas and significant residential development. According to a recent report by the U.S. Department of Agriculture and U.S. Forest
Service, 32% of U.S. homes are currently in the wildland-urban interface, and a Colorado State
University study projects that the state’s growth of development in this area will increase from
715,500 acres in 2000 to 2,161,400 acres by 2030 (van Heuven et al., 2013). Unfortunately, ongoing drought conditions and past suppression efforts have created areas highly vulnerable to wildfire
destruction in Colorado Springs. In fact, a 2013 wildfire report by data analytics firm, CoreLogic,
ranked Colorado first as the state with the largest number of “very high” risk property parcels.
The issue of wildfire risk and its effect on the housing market has not been extensively researched. The hedonic literature on natural disasters focuses primarily on flood and earthquake
risk, with little written about wildfires. I expand the literature by including additional locational
attributes in my regression analysis, utilizing GIS software that has only recently been used in conjunction with hedonic research.
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3.2

Literature Review

The modern hedonic literature begins with Frederick Waugh (1928) in the original application of
a hedonic model to the study of vegetable prices. Waugh worked to understand how the physical
characteristics of various vegetables such as asparagus, tomatoes, and cucumbers affect the price
of those vegetables. By estimating a hedonic price function, Waugh unbundled the quality factors that comprise a differentiated product, placing a marginal value on each vegetable attribute.
Following Waugh, A.T. Court (1939) coined the term “hedonics” in his application of the model
to automobiles. Court focused on qualities such as horsepower, breaking distance, window size,
and seat width to define a price index for different automobiles. Ridker and Henning (1967) further expanded hedonic theory to the real estate market in order to value non-market environmental
amenities. Backed by the Division of Air Pollution in the U.S. Public Health Service, Ridker analyzed the cost of air pollution to reveal the unobserved value that individuals place on clean air.
By 1974, labor economist Sherwin Rosen had formalized the theory of hedonic pricing, more
fully developing the hedonic property model. Rosen empirically demonstrated that differentiated
products could be valued based on their underlying characteristics; each good is a package of inherent attributes that provides utility for the consumer. The observed product prices and specific
amounts of certain attributes define a set of implicit, marginal “hedonic” prices (Rosen, 1974).
Rosen’s model has since been adapted to studies of noise pollution, air quality, and most importantly, natural disaster risk. The following literature review details the evolution of hedonic theory
as it has been used to value the impact of natural disaster risk on the residential housing market.
The hedonic literature first focuses on hurricane flooding, earthquakes, and finally, wildfires.
In 1976, Damianos and Shabman sought to evaluate the impact of government flood policies
by looking at housing prices. Location in a flood-prone area may result in future costs from flood
damage, which negatively affects the eventual sale value of the property. Building off of Rosen’s
framework, the authors considered each property as a “bundle of rights,” and worked to quantify
the utility that a homeowner gains due to the environmental risks and amenities of the property,
accessibility to economic activities, proximity to schools and places of worship, and the general
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neighborhood quality. They recognized that the price of a house is not determined solely by physical
characteristics, but also by the unobservable benefits that the owner receives from the location.
Because modern GIS software was not developed in 1976, the authors instead selectively sampled
transactions to enhance homogeneity among the housing observations on all dimensions except
flood risk. They then used regression analysis to compare the differences in transaction prices while
only having to control for the flood hazard disamenity and differences in structural characteristics.
Ultimately, Damianos and Shabman found it difficult to generate a strong explanatory regression
for housing market sales in the flood plain areas of Alexandria, VA, indicating a significant amount
of unexplained variation in sales prices which could result from home buyers’ ignorance of flood
risk.
Brookshire et al. (1985) expanded the hedonic literature on natural hazards to low-probability,
high-loss earthquakes in California. The authors developed an expected utility model of selfinsurance in which individuals can self-insure by buying homes in lower-risk areas. Incorporating
a hedonic price function into their analysis, Brookshire et al. found that earthquake zones demarcated by the 1974 Alquist-Priolo Act lowered market values of properties in the Los Angeles and
San Francisco areas.1 The 1974 California state act provided consumers with information to more
accurately assess the hazard risk, effectively creating a market for house safety in earthquake prone
locations. Beron (1997) also considered the effect of earthquake risk on the housing market. Beron
estimated the hedonic price of earthquake risk before and after the destructive Loma Prieta earthquake of 1989. Interestingly, the author found that the implicit price of the risk actually fell after the
earthquake; the differential in house prices due to location in an earthquake zone decreases from
4% before the Loma-Prieta earthquake to 3.4% after the disaster. Beron thus concluded that prior
to the earthquake individuals overestimated the potential damage from such a natural disaster, as
reflected in the small rise in average housing prices in the San Francisco Bay area 8 months after
the earthquake.
More recently, the hedonic literature has returned to focus on the impact of floodplain risk on
1 The Alquist-Priolo Earthquake Fault Zoning Act provides a means of reducing damage from surface faults by
prohibiting the construction of most structures across traces of active fault lines.
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the housing market. For example, Shultz (2002) analyzes the housing market in North Dakota
and Minnesota, empirically concluding that location in a 100-yr floodplain lowers home values by
$8,990. As well, required flood insurance premiums accounted for 81% of the price depreciation.
Similarly, Chivers and Flores (2002) use a HPM to find evidence of a decrease in sale prices only
in the years directly after the flood event in question (i.e. a diminishing effect exists). Chivers
and Flores also come to a similar conclusion as Damianos and Shabman (1976) in highlighting the
fact that a lack of information about the natural hazard risk can cause a difference in the perceived
versus objective risk assessment that results in a market failure.
Bin and Polasky (2004) attempt to overcome the problem of imperfect information in their hedonic flood analysis by observing a housing market that has experienced significant recent exposure
to flood damage. The authors study the effect of flood destruction on 8,000 single-family residential homes between 1992 and 2002 in Pitt County, NC. The target market experienced recent flood
damage from Hurricane Floyd in September of 1999, serving to increase the perceived risk of living
within a floodplain. Hurricane Floyd resulted in the largest peacetime evacuation in U.S. history,
according to Bin and Polasky, increasing awareness of the flood risk, decreasing home values, and
overall improving information in the housing market. While a house located in a floodplain had
a lower market value compared to a comparable house outside of the risk zone prior to Hurricane
Floyd, the price discount was even larger after Floyd. Bin and Landry (2011) re-examine Bin and
Polasky’s (2004) findings using a difference-in-difference framework for two major flooding events
(Hurricanes Fran and Floyd) to understand the variability in the flood risk premiums. Following
hedonic theory, risk factors are capitalized in a house’s transaction price, and lower risk properties
sell at a premium. Consistent with the earlier 2002 study, Bin and Landry find that the price differential is greater after each storm; the risk premium increase to 5.7% after Hurricane Fran and
8.8% after Hurricane Floyd. While Chivers and Flores (2002) find that the hazard effect decreased
quickly after only a few months, Bin and Landry (2011) conclude that the price differential effect
diminishes more slowly over 5-6 years as the disaster fades from the public’s recent memory.
In comparison to the previous research on hurricanes and flooding, the hedonic literature in
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the area of wildfire risk is relatively rare. Prior to Huggett (2003), discussed below, no study had
directly estimated the impact of wildfire risk on housing prices using a hedonic property model.
In 2001, following the Cerro Grande Fire of early June 2000 that burned 17,400 hectares and 230
structures near Los Alamos, New Mexico, the Office of Cerro Grande Fire Claims commissioned
a report by Price Waterhouse Coopers to determine if the fire had caused a decline in property
values not physically damaged by the fire. The authors use separate regressions to compare the Los
Alamos pre-fire price trend to its post-fire price trend and to compare Los Alamos’s post-fire sales
price trend to a community similar to Los Alamos. The report estimates that the countywide average
transaction price for single-family homes declined 3-11% after the fire. Although the study relies
on regression analysis without a foundation in hedonic theory, the Price Waterhouse Coopers report
lays the groundwork for more current hedonic studies and embodies some of the early literature on
understanding the impact of wildfire risk on real estate.
In his dissertation at North Carolina State, Huggett (2003) first applies the hedonic property
model to the study of wildfires and the housing market. Using residential housing sales data from
1992 to 1996 in Chelan County, Washington, Huggett seeks to observe how the market responds to
fires in the Wenatchee National Forest that burned over 180,000 acres. The author finds a decrease
in willingness to pay to live near a burned area for 6 months after the fires. As well, the hedonic
price for fire resistant roofs increases slowly for 18 months before dropping to pre-fire levels in the
second half of 1996. This drop reflects either a general lack of awareness of the fire risk, or an
increased risk threshold over time. In 2008, Huggett, Murphy, and Holmes further examine the
1994 Chelan County wildfires and find that the price reduction due to the wildfires amounts to a
13-14% drop in the mean price. They cite the fact that this result is between the upper bound of
11% in the Price Waterhouse Coopers (2001) report and the 15% decrease found in Loomis (2004).
Loomis (2004) similarly applies a HPM to the residential housing market. Loomis focuses on
how forest fires effect the demand for houses in high amenity, high hazard natural areas, and whether
people update their perception of risk after low probability events such as wildfires or floods actually occur. Loomis follows the previous natural disaster literature (including Damianos et al. 1976;
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Brookshire et al., 1985; Shultz, 2002; Bin and Polasky, 2004; Huggett, et al., 2008) in comparing
property values before and after a disaster event. Loomis studies the town of Pine, Colorado, which
is located 2 miles from Buffalo Creek and was a “near miss.” The town of Pine also has similar
vegetation and topography (and thus potential wildfire exposure) to Buffalo Creek. What happens
when the wildfire does not directly damage structures or property yet is close enough that it poses a
serious threat? Loomis’ approach helps control for value loss due to direct damage to the property.
Employing log and semi-log hedonic specifications, the author accounts for differences in house
characteristics and other exogenous trends during the period under review. As in Murdoch’s earthquake study and Shultz’s flood analysis, Loomis uses a pre-post fire dummy variable, yet he does
not follow Huggett (2008) in including environmental amenities in his model. Theoretically consistent with Bin and Polasky’s (2002) finding on hurricane flooding, Loomis reports that house prices
in the unburned town of Pine decreased 15% due to the increased perception of risk and the lower
net benefit to living in the forested area. Although the town of Pine was not directly damaged by the
wildfire, amenity levels may have been reduced by burning in areas that Pine residents commute
through or recreate in. Thus, both the increased risk perception and the reduced amenities may
have influenced the housing market. Overall, Loomis’ (2004) conclusion has government policy
implications; if housing prices decrease in unburned areas after a recent fire, then the market may
be efficient at signaling the presence of wildfire risk, making new government zoning or building
policy in the wildland-urban interface unnecessary.
An accurate perception of wildfire risk is necessary for the market to efficiently capitalize the
environmental disamenity in the value of a house. In past hedonic literature, authors have studied
the impact of the actual occurrence of wildfires, observing prices before and after the event. Donovan, Champ, and Butry (2007) take a different approach in validating the assumption of near perfect
market information. In their case study of Colorado Springs, Donovan et al. study the effect of a
wildfire education campaign on home prices. The authors seek to understand whether the public
release of risk assessment ratings for individual parcels improves the subjective perception of risk
and thus affect housing values. As Donovan et al. explain, it is unclear whether homeowners in the
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wildland-urban interface understand the true risk that they face. Wildfire risk ratings are often aggregated on a large geographic scale, making it difficult for homeowners to understand the specific
risk posed to their home. In response, the Colorado Springs Fire Department rated the wildfire risk
of 35,000 housing parcels in the wildland-urban interface, and made the information public online
in 2000. Twenty-five variables were used to evaluate the wildfire risk as low, medium, high, very
high, or extreme. The authors then conducted a spatially corrected hedonic analysis (four different
specifications) to compare the relationship between home prices and wildfire risk before and after
the risk assessment information was published online. The study finds that before the release, the
risk ratings were positively related to housing price, indicating that the positive amenity value from
living in high risk areas (more secluded wooded areas, ridge views, etc.) outweigh the increased
risk. Post-fire, however, risk ratings and home prices were not positively correlated, although the
effects of the online information release appear to diminish over time.
Champ, Donovan, and Barth (2010) attempt to validate the results of Donovan et al. (2007)
by comparing the results of a market level analysis and a household survey. As Donovan et al.
(2007) argue, homebuyers prefer to live near dangerous topography yet also in houses constructed
with less flammable materials (although most individuals are unaware of the wildfire risk when
they decided to purchase the house). Champ et al. find that only 27% of homebuyers in the study
realized the house was in an at-risk area before submitting their purchase offer. The authors note
that this percentage is significantly more than the 8% of homeowners in the Chivers and Flores
(2002) study, yet hardly indicates perfect information in the housing market. Individuals have a poor
understanding of the true objective risk of wildfires, and only 14% of respondents to the Champ et
al. survey had accessed the Colorado Springs Fire Department FireWise program website to view
the parcel risk ratings, the fundamental assumption for the Donovan et al. analysis.
Mueller, Loomis, and Gonzalez-Caban (2007) contribute to the hedonic literature by seeking to
answer whether first wildfires have a different effect than subsequent wildfires on the demand for
housing in a high-risk area. Rather than analyzing the effect of a one-time disaster event, Mueller
et al. (2007) consider repeat forest fires several years apart in a small geographic area. The authors
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test and reject the hypothesis that the price reduction from the first fire is equal to the reduction from
the second fire; the first fire results in a 10% decrease while the second fire causes a 23% decrease.
Theoretically, a second fire pushes individuals to reevaluate their perceived risk if the first fire is
not enough. After the first wildfire, house prices continue to decrease due to landscape damage,
while the second fire results in an initial decrease followed by an eventual increase. Mueller et al.
(2007) concludes that it could take between 5 and 7 years for prices to fully recover after the second
fire as vegetation regenerates and people forget about the immediate risk.
Mueller and Loomis (2008) further develop the hedonic property model by investigating the
impact of spatial dependence. British real estate tycoon Harold Samuel is credited with popularizing the common mantra “location, location, location,” highlighting the reality that the market value
of a house is significantly impacted by the price and quality of the houses surrounding it. Unfortunately, most of the previous hedonic literature utilizes OLS specifications that overlook spatial
dependence that may result in biased coefficient estimates. Thus, Muller and Loomis (2008) consider spatial error and spatial lag effects by using weighting matrices. The authors find, however,
that the spatially corrected estimates of the implicit hedonic prices are nearly the same as the OLS
estimates, indicating that the biased nature of the OLS estimates may not actually be economically
significant. Mueller and Loomis thus confirm the utility of non-spatial models. In a subsequent
study, Mueller and Loomis (2013) take a quantile regression approach to the effect of wildfire risk
on housing prices. The impact of wildfire risk has significant variation over the distribution of
housing prices (i.e. there is not a constant marginal price found with an OLS regression).
The majority of the hedonic literature has emerged from researchers located in and focused on
the state of Colorado. Stetler, Venn, and Calkin (2010), however, widen the geographical scope of
wildfire risk research to Montana. Stetler et al. examine 256 wildfires in 4 million hectare of the
northern Rockies in Montana between 1996 and 2007. Unsurprisingly, while proximity to lakes,
national forests, Glacier National Park, and golf courses has a positive effect on property values,
proximity to and view of burned areas depress values. However, if the burned area is not visible
to the homeowner, then there is no significant impact on prices as the risk is “out of sight, out of
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mind.” Furthermore, the distance from a wildfire significantly affects the homebuyer’s willingness
to pay, as does the size of the fire. Specifically, houses five kilometers from a burned area sold for
13.7% lower than equivalent homes at least twenty kilometers from the fire. The large, persistent,
and negative effect on property values in the study area is consistent with Loomis’ (2004) findings
in Colorado. Stetler et al. also echo Loomis (2004) in noting that it is difficult to determine the
relative magnitude of the price loss attributed to degradation in environmental amenities versus an
increase in perceived risk. Like Bin and Polasky (2004) found regarding floodplains, homebuyers
correlated a view of and closer proximity to a burned area with increased risk.

3.3

Economic Theory

Originally proposed by Rosen (1974), the hedonic framework is based on a theory of consumer behavior in markets for differentiated products. The hedonic property model has been used to estimate
the effect of environmental amenities on property prices, allowing econometricians to estimate the
marginal, implicit “prices” of the underlying attributes of a residential property. Consumers gain
utility from housing and all other goods, and each house is considered as a bundle of structural
and spatial characteristics. Homeowner utility is a function of the structural characteristics of the
house, the non-environmental characteristics of the neighborhood, and location specific amenities
and risks. The homeowner then maximizes his or her utility subject to a budget constraint, which
is defined over income and housing prices. Using a hedonic regression a price can be estimated
for each attribute, with the sum representing the total property value. After estimating the hedonic
price function, a prospective homebuyer’s willingness to pay is then found by taking first order
conditions for utility maximization subject to the budget constraint.
Following Donovan et al. (2007), household utility is thus expressed as

𝑈 = 𝑈 (𝑋, 𝑌 , 𝛼)
where utility is a function of 𝑋 (a vector of property characteristics), 𝑌 (a vector of neighbor48

hood characteristics), and 𝛼 (the wildfire risk). Utility is increasing in desirable characteristics and
decreasing in wildfire risk.
Housing attributes are classified into two main groups: structural characteristics and spatial
attributes. Structural characteristics include physical features such as floor square footage, age,
number of bedrooms, bathrooms, lot size, existence of basement, garage, patio, water heating system, and fireplaces. Not all of these items are significant drivers of value; however, and they are
often not recorded in public assessment records.2 Spatial attributes, meanwhile, consist of both the
quality of the surrounding neighborhood (e.g. median income, crime rate, traffic noise, quality of
schools) and location (e.g. distance to hospitals, airports, central business districts, golf courses,
etc.).
Additionally, the hedonic model requires a series of assumptions. For example, the sampled
houses are assumed to be drawn from a single market. The geographic sample space of the Colorado Springs wildland-urban interface has a sufficiently homogenous housing market that this
premise reasonably holds. Additional assumptions in applying the hedonic framework include perfect competition with lots of buyers and sellers, freedom to enter and exit the market, and perfect
information concerning the housing product and price. If individuals do not understand the danger
of wildfires and the potential for property loss, then the risk will not be reflected in the house price.
Further complicating the issue is the fact that proximity to dangerous topography can have both
negative and positive value. For example, homes that are located on ridges or surrounded by dense
vegetation face greater risk from fire. At the same time, however, living on a ridge provides better
views and people enjoy having trees and other vegetation around their houses. Thus, the problem
of perception bias - the divergence between the objective risk probability and an individual’s perception of the risk -may be exacerbated by the correlation between disaster risk and positive natural
amenities (Daniel, 2009).
2 In

this paper, structural characteristics are chosen based on availability of data, guidance from past hedonic literature, and a general understanding of the value drivers for real estate.
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3.4

Data

The hedonic regression analysis in this paper requires three distinct data sets: (1) housing price
data, (2) a wildfire risk metric, and (3) the structural characteristics and spatial attribute data for
each land parcel.

3.4.1

Geographic Sample and Transaction Prices

The dependant variable of interest is transaction price data for residential properties in Colorado
Springs, CO. Located 60 miles south of Denver in El Paso County, Colorado Springs has a residential population of 414,358 (Lacey, 2011). I sampled housing parcels from the wildland-urban
interface area in the western part of the city bordering the Pike National Forest and the United States
Air Force Academy to the north. Figure 1 below provides a visual representation of the sample area.
The wildland-urban interface (WUI) constitutes the geographical area where man-made developments intersect with wildland fuel and topography. The Colorado Springs wildland-urban interface
covers approximately 28,800 acres and nearly a quarter of the city’s population lives within this area
(Lacey, 2011). Due to factors such as dense vegetation and fuel, topographical slope and elevation,
as well as local weather and climate conditions, the wildland-urban interface area is a “red zone”
that is highly susceptible to large-scale wildfires.
As noted previously, the hedonic property model assumes that there is near perfect information
in the housing market. Homebuyers understand the objective risk of wildfires. Without near perfect
information, wildfire hazard is not capitalized in a property’s value. Thus, I selected the wildlandurban interface as the sample space where wildfires are most prevalent and homeowners are more
likely to be aware of the risk. It is important to note, however, that despite the historical geographic
clustering of wildfires in Colorado Springs, houses in the sample still exhibit sufficient variation in
risk ratings. Specifically, a property may be rated “low” risk, while an adjacent property may have
a “very high” rating.
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Figure 1 Colorado Springs wildland-urban interface map
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The housing price data set is cross sectional data from 2013 and includes all houses sold in the
Colorado Springs wildland-urban interface.3 I obtained the data from the El Paso County Assessor’s
Office.4 As Table 1 reports below, 1,205 houses were sold with transaction values ranging from
$25,000 to $1.8 million. The average transaction value for the sample is $308,481. As well, the
median sample sale price of $265,000 is very close to what is expected based on a 2011 median
property price for Colorado Springs of $275,000.5 The distribution of housing prices is positively
skewed, with few properties in the right tail greater than $750,000. Figure 2 presents the full
distribution of transaction values.
Table 1 Summary statistics of 2013 housing transactions in the Colorado Springs wildland-urban
interface

3 The

WUI is defined by the Colorado Springs Fire Department.
to El Paso County GIS analyst Steve Fischer for his help in compiling the data set.
5 Source: Realator.com
4 Thanks
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Figure 2 Histogram of 2013 transaction prices in Colorado Springs WUI

Broken down by risk rating category, the properties sold in 2013 demonstrate a consistent increase in average value from the “low” risk rating ($179,256) to “extreme” risk ($449,150). As
Table 2 below demonstrates, value increases with risk. The median price exhibits a similar trend.
While I hypothesize that higher risk has a negative impact on property value, those houses that have
highest risk from dangerous topography (e.g. location on an exposed ridge or surrounded by dense
vegetation) also benefit from the positive amenity values.
Table 2 Summary statistics of 2013 transaction values by wildfire risk category
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3.4.2

Wildfire Risk Rating

I next adjoined a wildfire risk rating to each housing parcel in the sample space. A wildfire risk map
with the geocoded houses is presented in Figure 4. The risk ratings are from the Colorado Springs
Fire Department Wildfire Mitigation program.6 In 2001, the Colorado Springs Fire Department
undertook a risk assessment project, rating the wildfire susceptibility of 35,000 property parcels in
the wildland-urban interface. Prior to the initiative, little public information existed on the parcellevel risk that each individual homeowner faced. Using 25 different variables to calculate the risk
rating, the Wildfire Hazard Information Extraction model categorizes parcel-level risk on a 5-tier
scale from “low” to “moderate,” “high,” “very high,” and “extreme.” The most significant factors
are the roof and siding construction material, the parcel’s proximity to dangerous topography, the
vegetation density surrounding the house, and the average land slope. Since the 2001 study, the
Colorado Springs Fire Department has worked to continually reassess the risk of all houses in the
WUI. Currently, 30,131 individual parcels are identified as at-risk. In the present sample, 3% houses
are rated as low risk, 52% moderate risk, 35% high risk, 9% very high risk, and 1% extreme risk.7
This distribution of risk across the 2013 housing sample very closely matches the risk distribution
for all rated properties. Table 3 compares the sample risk distribution with the population risk
distribution, revealing a maximum variation of 2%. The histogram in Figure 3 then presents a more
visual representation of the risk distribution.
Table 3 Summary statistics of wildfire risk ratings

6 Thanks to the Colorado Springs GIS Division and Senior Analyst Steve Vigil for providing me the wildfire hazard
rating data set.
7 The wildfire risk ratings used in this paper represent the most current assessments available from the Colorado
Springs Fire Department.
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Figure 3 Distribution of 2103 wildfire risk ratings in the Colorado Springs WUI

Figure 4 Geocoded houses overlaid on wildfire risk map
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3.4.3

Structural Attributes

Appended to the housing price data set are the structural characteristics for each house. These
are features that significantly drive a property’s value; for example, the number of bedrooms and
bathrooms, floor area square footage, age of the building, and whether or not it has a finished
basement.8 Table 1 details the complete set of summary statistics. The average residential house in
2013 is 31 years old, has 2,907 square feet of living space, 3.4 bedrooms, and 2.4 bathrooms. Sixty
percent of the transacted houses have a finished basement, while 40% do not.9 Based on estimates
from Realtor.com, the median number of bedrooms in the Colorado Springs housing market is 3,
and the median number of bathrooms is 2.5, nearly exactly matching our sample of 2013 housing
transactions. Spatial Attributes

3.4.4

Special Attributes

The value of a house is implicitly a function of its location. Consequently, locational and neighborhood attributes are commonly used in hedonic models. The spatial hedonic analysis in this paper
requires independent variables that help quantify the value stemming from proximity to entities
such as airports, schools, and hospitals. Additionally, a house’s value is related to such neighborhood characteristics as the median income of the residents in the immediate area. Thus, I used the
geographical information system vector data to create spatial attribute variables. The GIS data are
drawn from a variety of sources including the U.S. Census Bureau’s TIGER data files, the El Paso
County GIS data catalogue, the Baruch College Geoportal, the Colorado Web Development Center, SimplyMap, Natural Earth database, and the Colorado Department of Transportation Online
Transportation Information System.10
8 The finished basement variable is coded as a dummy variable due to the fact that the presence of a finished basement

is more important to the value of a house than the actual number of square feet.
9 All structural data was compiled by the El Paso County Assessor’s Office in conjunction with the transaction data.
10 See Table 4 in the appendix for specific data sources for each geographical feature.
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3.5

Empirical Analysis

3.5.1

Geocoding and Spatial Analysis

The first step in my analysis was to geocode each land parcel within the wildland-urban interface
sample.11 Geocoding is the process of converting street addresses to geographic coordinates (i.e.
latitude and longitude). The original housing parcel data set included all houses in El Paso County
sold in either 2011 or 2013. Once the properties were geocoded and mapped according to their street
addresses, I sampled only those houses located within the wildland-urban interface boundary.
I next conducted network analysis to generate the spatial attribute data for each house. This
entails calculating the distance from each property to landmarks such as schools, hospitals, libraries,
major highways, and airports.12 Theoretically, the closer a property is to services and amenities,
the higher the value. I next joined the wildfire risk rating data to the geocoded housing parcels. The
merged data set comprising the wildfire risk rating, transaction price, structural characteristics, and
spatial characteristics constitutes the complete data set.

3.5.2

Independent Variables

The structural variables that I chose to include are: 𝐵𝐸𝐷𝑅𝑂𝑂𝑀𝑆 for the number of bedrooms
in each house; 𝐵𝐴𝑇 𝐻𝑅𝑂𝑂𝑀𝑆 for the number of bathrooms; 𝐴𝐺𝐸 which equals the year the
house was built subtracted from 2013; 𝑆𝑄𝑈 𝐴𝑅𝐸𝐹 𝑂𝑂𝑇 𝐴𝐺𝐸 which is the total square footage
available for living; 𝐿𝑂𝑇 𝑆𝐼𝑍𝐸 for the total parcel square footage; and 𝐵𝐴𝑆𝐸𝑀𝐸𝑁𝑇 which
is a dummy variable representing whether or not the house has a finished basement. The other
categorical independent variables are also re-coded as dummy variables. 𝐺𝑂𝐿𝐹 𝐶𝑂𝑈 𝑅𝑆𝐸 is a
dummy variable for whether the property is located within a 30 mile buffer zone of a golf course,
and the excluded variable is the category designating that the parcel is located greater than 30 miles
from a golf course. There are four wildfire risk rating dummies: 𝐸𝑋𝑇 𝑅𝐸𝑀𝐸, 𝑉 𝐸𝑅𝑌 𝐻𝐼𝐺𝐻,
11 I

use ESRI ArcGIS mapping software for all geographic mapping and spatial data analysis.
distances are used rather than street distances due to limitations on software processing power.

12 Straight-line
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𝐻𝐼𝐺𝐻, 𝑀𝑂𝐷𝐸𝑅𝐴𝑇 𝐸, and “low” which I omit. 𝐼𝑁𝐶𝑂𝑀𝐸 denotes the median income of the
census block group in which the property falls. The remaining variables are spatial attributes that
represent the straight-line distance from each feature to the home. These variables are 𝐴𝐼𝑅𝑃 𝑂𝑅𝑇 ,
𝐻𝑂𝑆𝑃 𝐼𝑇 𝐴𝐿, 𝐿𝐼𝐵𝑅𝐴𝑅𝑌 , 𝑆𝐶𝐻𝑂𝑂𝐿, 𝐻𝐼𝐺𝐻𝑊 𝐴𝑌 𝑆, 𝐶𝐼𝑇 𝑌 𝐶𝐸𝑁𝑇 𝐸𝑅, and 𝐶𝐻𝑈 𝑅𝐶𝐻.
Table 5 fully describes the attribute data found for each house.
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Table 5 Definition of independent variables

3.5.3

Regression Specification

I regressed the log of housing prices on the wildfire risk rating in addition to the structural and spatial
characteristics of each house. Following the hedonic literature, I chose a log-linear specification,
although the results prove to be largely insensitive to functional form.13 After further analysis, I
also removed household income from the regression equation due to potential endogeneity.14
In my analysis I work to more accurately understand the interaction between wildfire risk and the
amenity value from living in a risky location. While wildfire risk should negatively affect the price
of a house, risk is also correlated with amenities that positively influence house value (Donovan
et al. 2007). The model that the Colorado Springs Fire Department used to determine parcel risk
ratings includes factors such as the density of vegetation around the house, the distance to dangerous
topography, the slope of the land that the house is situated on, and the roofing and siding material
used in construction.15 Each of these variables provides positive amenity value; homeowners gain
13 Linearity

cannot be assumed in the hedonic property model because parts of a house cannot be “unbundled” and
sold off individually.
14 Most people are only able to buy an expensive house if they have a high income.
15 Wildfires spread faster and with greater intensity as the slope of land increases, and houses with wooden shingles
and siding face a higher susceptibly to burning.
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utility from living in densely forested areas with trees and shrubs around their house, they enjoy
the views from living on ridges and land with steeper slopes, and wooden construction materials
are preferred to vinyl and plastic siding. Unfortunately, the data on these amenity characteristics
are either unavailable or unobservable. The amenity factors are potentially omitted variables that
both help determine the dependant variable and are correlated with independent variables (the risk
rating dummies). The result is a violation of OLS assumptions and potentially biased estimates.
The 𝐿𝑂𝑇 𝑆𝐼𝑍𝐸 variable may act as a proxy and help to control for the positive amenity variables. Based on an analysis of the Colorado Springs area, bigger houses and mansions on larger
land parcels tend to be closer to the western edge of the city in more secluded areas. They also tend
to be situated on or near hills with better views. Likewise, houses on smaller lots are often in more
densely developed urban areas with less surrounding vegetation and more level terrain. The goal
here is to determine what effect wildfire risk has on house value, and whether the counteracting
amenities influence how homeowners capitalize risk. Thus, I estimate a hedonic regression of the
following form:

ln 𝑆𝑎𝑙𝑒𝑃 𝑟𝑖𝑐𝑒 = 𝛼 + 𝛽0 𝐴𝐼𝑅𝑃 𝑂𝑅𝑇 + 𝛽1 𝐺𝑂𝐿𝐹 𝐶𝑂𝑈 𝑅𝑆𝐸 + 𝛽2 𝐻𝑂𝑆𝑃 𝐼𝑇 𝐴𝐿 + 𝛽3 𝐿𝐼𝐵𝑅𝐴𝑅𝑌
+𝛽4 𝑆𝐶𝐻𝑂𝑂𝐿 + 𝛽5 𝐶𝐼𝑇 𝑌 𝐶𝐸𝑁𝑇 𝐸𝑅 + 𝛽6 𝐶𝐻𝑈 𝑅𝐶𝐻 + 𝛽7 𝐻𝐼𝐺𝐻𝑊 𝐴𝑌 + 𝛽8 𝐴𝐺𝐸
+𝛽9 𝐵𝐴𝑆𝐸𝑀𝐸𝑁𝑇 + 𝛽10 𝑆𝑄𝑈 𝐴𝑅𝐸𝐹 𝑂𝑂𝑇 𝐴𝐺𝐸 + 𝛽11 𝐿𝑂𝑇 𝑆𝐼𝑍𝐸 + 𝛽12 𝐸𝑋𝑇 𝑅𝐸𝑀𝐸+
𝛽13 𝑉 𝐸𝑅𝑌 𝐻𝐼𝐺𝐻 + 𝛽14 𝐻𝐼𝐺𝐻 + 𝛽15 𝑀𝑂𝐷𝐸𝑅𝐴𝑇 𝐸 + 𝜖

3.5.4

Spatial Dependence

The hedonic specification must also account for spatial dependence. Spatial dependence indicates
that the dependent variable is spatially autocorrelated; essentially, the price of a home is partially a
function of the value of all other homes in the nearby area. Failing to account for spatial dependence
can result in underestimating standard errors. In order to account for this spatial clustering of similar
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values I use robust standard errors.16

16 Further analysis of spatial dependence might include conducting a Moran Test and observing the semi-variogram,
which plots the distance between two observations versus the semivariance between them.
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3.6

Results

Table 6 Regression outputs for log-linear specification

Based on visual inspection of the first specification, the dummy variables for “very high,”
“high,” and “moderate” risk appear to be very close. Thus, I conduct a Wald Test to test the linear
restriction that they are equal, with the results presented in Table 7. Based on a 𝑝-value of 0.874,
I fail to reject the null hypothesis that the dummies are equal. Consequently, I combine the three
dummy variables into a new 𝑂𝑇 𝐻𝐸𝑅𝑅𝐼𝑆𝐾 dummy, and run the regression a second time. The
results of the second regression are presented in the second specification in Table 6.
Table 7 Wald test for equality of variables

The coefficients in the regression output are semi-elasticities, representing the percentage in62

crease in sale price due to a unit increase in the independent variable. Additionally, the magnitude
and sign of the coefficients on the dummy risk variables are largely insensitive to which variables
are included in the regression, with the exception of the lot size variable. Overall, the specification
fits the data well, with an adjusted 𝑅2 of 0.70 and a 𝐹 -statistic 𝑝-value of 0.00, indicating that the
regressors jointly have strong explanatory power.
As anticipated, each of the structural attributes is statistically significant at the 5% level, with
the expected sign on the coefficient. The existence of a finished basement has a large impact on
house value, increasing value by 27%. House value also increases with the number of bedrooms
and bathrooms, albeit to a lesser extent. Each additional bedroom increases sale price by 2.9%
and each additional bathroom by 4.8%. Square footage also has a small, but significant effect. For
every marginal square foot, the sale price increases 0.04%. This is very close to the unconditional
sample average price of $161.72/square foot, which equates to a 0.05% increase per square foot.
Additionally, the lot size variable is significant but has almost no practical effect on the sale price.
I initially included a lot size squared variable in order to determine if there was a non-linear effect,
but the quadratic term was not significant and the specification had a higher AIC and SIC. Finally,
the age of a house has a negative effect on value with a significant p-value of 0.00. As a house
increase in age by one year, it loses 0.2% in value.
The statistical significance of the spatial characteristics is more mixed. 𝐴𝐼𝑅𝑃 𝑂𝑅𝑇 is statistically significant, but the coefficient has a negative sign. Upon initial inspection the negative
sign is somewhat counterintuitive; location closer to an airport should have a positive impact on
house price because of improved access. However, the positive coefficient may be due to the fact
that airports generate high levels of noise pollution. Few people want to live close to an airstrip
where planes are constantly landing and taking off. Similarly, the variable for distance from a major highway has a positive coefficient and is significant at the 5% level. Although proximity to a
highway allows for ease of travel and decreases commute time, the automobile traffic on highways
is a major source of air and noise pollution. Neighborhoods abutting highways are less attractive
and prospective homebuyers often shy away from areas that are directly off of major exits.
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The 𝐻𝑂𝑆𝑃 𝐼𝑇 𝐴𝐿 and 𝐶𝐼𝑇 𝑌 𝐶𝐸𝑁𝑇 𝐸𝑅 variables are significant and have the expected negative sign. The nearer one lives to the downtown district of a city the better the access to malls,
transportation hubs, grocery stores, shops, city hall, and public services such as fire stations, police
coverage, and postal offices. Living a shorter distance to the epicenter of the city often also decreases commute time to work and improves proximity to the central business district. Every mile
closer to the city center, increases sale price by 6.9%. While living in a less densely populated area
is certainly attractive, the development pattern in Colorado Springs is such that a house may be
located close to the center of a city yet simultaneously be in a secluded area. Similarly, the closer a
house is to a hospital, the higher the value. 𝐻𝑂𝑆𝑃 𝐼𝑇 𝐴𝐿 has a highly significant 𝑝-value of 0.00,
and a coefficient of −0.086. The marginal effect of living a mile farther from a hospital is an 8.6%
decrease in home value. This marginal effect seems high, although the coefficient may be biased if
proximity to hospitals is correlated with other omitted variables that account for similar amenities.
The only other spatial characteristic that has a significant regression coefficient is the distance to
the nearest golf course variable. However, this variable has a positive sign, the opposite from what
would be expected, with little plausible explanation.
Perhaps unsurprisingly, the variables denoting proximity to libraries and churches are not statistically significant (𝑝-values of 0.703 and 0.192 respectively). Libraries and churches are certainly
amenities that homeowners enjoy having easy access to, but they are not main value drivers of a
property’s sale price. Few buyers realistically factor the distance to the nearest church or library
into their calculation on how much to bid for a house. Furthermore, while proximity to a school
appears to increase a house’s value, the effect is not statistically significant.
Interestingly, none of the coefficients on the wildfire risk dummy variables are significant.
Higher risk should negatively impact price, yet the coefficients are positive. An extreme risk rating
actually causes a 13.4% increase in sale price, although the coefficient is not significant. This result
could be explained by the fact that houses rated as extremely risky have high positive amenities that
dominate the negative effect of the wildfire risk. If you remove lot size, which acts as a proxy for
some amenity variables, then the 𝐸𝑋𝑇 𝑅𝐸𝑀𝐸 variable becomes significant and larger. For the
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other three risk ratings (“very high,” “high,” and “moderate”) the positive amenity value may not
be as large, and thus would be counterbalanced by the wildfire risk, causing the coefficients to be
insignificant. The omitted amenity variables that are correlated with risk and help determine the
sale price cause the coefficient on the risk variables to be over-estimated.
Under-specification may cause biased coefficients. Thus, it is important to aim for parsimony,
yet to include all necessary variables. This has proved especially difficult in the present analysis due
to issues in obtaining and manipulating geospatial data accurately. The result is an omitted variable
bias if the lot size parameter is not included (the extreme risk dummy is over-weighted). Overall,
it has proven difficult to generate a strong explanatory regression equation for transaction prices
demonstrating that wildfire risk negatively and significantly impacts house values. As Damianos
and Shabman (1976) explain in their analysis of hurricane risk, the results may be due to the fact that
homebuyers are legitimately ignorant of the true risk of natural disasters. Previous research shows
that a lack of information on natural disasters can cause failures in the housing market. As Donovan
(2007) explains, it is not clear that homeowners in the wildland-urban interface understand the risk
that wildfire poses to their homes, although the Black Forest Fire (2013) and Waldo Canyon Fire
(2012) were the most destructive wildfires in state history and resulted in major “red zone” insurance
claims. Furthermore, because homeowners living in at-risk areas consider wildfires to be random
and inherently uncontrollable, they are less likely to make an effort to protect their own property
(Winter and Fried, 2000). This is the reality despite continual efforts by the Colorado Springs Fire
Department to educate the public.

3.7

Conclusion

Contrary to my initial hypothesis, wildfire risk cannot be shown to negatively impact residential
housing prices. This may be the result for two main reasons. First, living in dangerous, wildfireprone areas comes bundled with positive amenities that may dominate the negative risk effect.
Secondly, actors in the market often underestimate the objective wildfire risk attached to a house.
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Market information inefficiency coupled with positive amenity effects make it difficult to discern
what the true impact of risk is on the residential housing market. The market failure also has
important policy implications. If transaction values had been negatively correlated with risk after
the recent wildfire devastation in Colorado, then the housing market might have been efficient at
signaling risk, reducing the need for zoning policy changes. However, homebuyers clearly do not
understand the true extent of the risk.
Why has development in dangerous “red zones” continued if the objective risk is so high? One
issue is a misalignment of incentives. Local town governments and real estate developers enjoy
larger tax bases and increased business from expanding construction. However, the majority of
the costs of large-scale wildfires are borne by county, state, and federal emergency response teams.
Zoning laws and construction restrictions should thus be standardized and legislated at the county
or state level. Whether or not homebuyers become more aware of the objective wildfire risk, it
will become increasingly expensive to build structures in dangerous areas. Counties and local
municipalities will ultimately begin to regulate what building materials and methods may be used
in construction and where developers can build, all leading to higher building costs. Colorado
Springs has already started such initiatives. With a city ordinance passed in December 2012, the city
adopted wildfire mitigation measures for new construction in the high-risk “hillside overlay zone”
characterized by slope, vegetation, drainage, and rock outcroppings that require special attention
during development. The ordinance focuses on fuel management and creating a safety clearance
zone free of vegetation around each house. The Colorado Springs Fire Department has further
created a chipping program in over 100 neighborhoods to help residents remove and dispose of
branches, brush, and other vegetation that could fuel a wildfire. Thus, wildfire risk will become
inherently embedded in the opportunity cost of new development. On the whole, wildland-urban
interface development, climate change, and years of past suppression policies have set the table for
wildfire prevention and suppression to continue to grow as a major policy issue facing the United
States today.
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Quality Disclosure, Limited Attention, and the
Availability Heuristic: The Influence of College
Rankings on Student Demand
Abstract
We rank everything ranging from books (New York Times) to corporations (Fortune 500) to
basketball teams (NCAA) to dry cleaners (Yelp.com). According to one theory, rankings influence
consumer behavior because they serve as a type of quality disclosure that reduces risk in transactions. However, other mechanisms may also be at play. A growing body of literature suggests that
limited attention affects market outcomes. In other words, consumers do not use all available information in order to make decisions but rather focus on the most salient of the available information.
In addition, consumers may purchase goods at the top of a ranked list due to the availability heuristic, which suggests that what is more easily recalled is also perceived to be more important. In this
paper, I examine the effect of U.S. News and World Report’s annual college rankings on student
demand for national universities ranked in the top 50. More specifically, I examine the three previously discussed mechanisms through which rankings may influence consumer behavior - quality
disclosure, limited attention, and the availability heuristic.
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4.1

Introduction

We rank everything ranging from books (New York Times) to corporations (Fortune 500) to basketball teams (NCAA) to dry cleaners (Yelp.com). Not only can rankings influence quick transactions
such as choosing a restaurant for dinner (Zagat) or buying a textbook (Amazon.com), they can also
motivate long-term commitments such as enrolling in a university program (U.S. News and World
Report). Therefore, it is important to understand the mechanisms through which rankings influence
consumer behavior.1
One theory is that rankings influence consumer behavior because they serve as a type of quality disclosure that reduces risk in transactions (Roselius 1971). As Dranove and Jin (2010) state,
this type of disclosure serves several purposes. First, it disseminates information about product
quality when other measures of quality are not adequate. Additionally, since rankings are generally
produced by a third-party, they are seen to be less biased and more trustworthy than information
provided first-hand by manufacturers or service providers. Furthermore, rankings standardize information so that quality data can be easily compared across sellers.
However, other mechanisms may also be at play. A growing body of literature suggests that
limited attention affects market outcomes. In other words, consumers do not use all available information in order to make decisions but rather focus on the most salient of the available information
(DellaVigna and Pollet, 2009; Falkinger, 2008; Lacetera et al., 2011; Pope, 2009). In data with
rankings, the most salient indicator of quality is rank. As such, it may influence consumer behavior
even though other quality data is disclosed alongside it.
In addition, consumers may purchase goods at the top of a ranked list due to the availability
heuristic, which suggests that what is more easily recalled is also perceived to be more important.
For example, Einav and Yariv (2006) note that reference lists are generally alphabetized by authors’
last names and that attention may be focused on the citations at the top of the list. They then notice
that this phenomenon may drive an “alphabetical discrimination,” in which faculty with last names
1 For background on the general welfare effects of rankings, see Anderson and Renault (2009), Bouton et al. (2011),
Gavazza and Lizzeri (2007), and Morris and Shin (2002).
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starting with letters closer to the beginning of the alphabet are more likely to receive tenure at top
ten economics departments, more likely to become fellows of the Econometric Society, and even
more likely to receive the Clark Medal and the Nobel Prize. By contrast, they find that alphabetical
placement has no effect on success in the field of psychology, where authors’ names are generally
listed not alphabetically but rather in order of descending contribution. A similar mechanism may
cause consumers to purchase goods at the top of ranked lists more frequently.
In this paper, I examine the effect of U.S. News and World Report’s annual college rankings
on student demand for national universities ranked in the top 50. More specifically, I examine the
three previously discussed mechanisms through which rankings may influence consumer behavior:
quality disclosure, limited attention, and the availability heuristic. I begin with a review of current
literature in Section 2, followed by a brief economic analysis in Section 3 and a description of the
data in Section 4. I present two econometric models in Section 5, my results in Section 6, and a
discussion in Section 7.

4.2

Literature Review

The annual ranking of colleges released by U.S. News and World Report (USNWR), a special issue entitled America’s Best Colleges, is among the most influential of college rankings. Machung
(1998) cites that one-third of parents of high achieving college-bound seniors believe USNWR
rankings to be a reliable source and two-thirds found them to be “very helpful” in evaluating college quality. McDonough et al. (1998) uses data from 221,897 first-time, full-time freshmen from
432 four-year colleges and universities in the U.S. and found that 29.6% of students cite the rankings
as somewhat important and 10.5% rate them as very important in their college choices.
Despite the popularity of college rankings among prospective undergraduates, however, only a
few empirically rigorous studies have been conducted to estimate the impact of rankings on prospective student behavior.2 Monks and Ehrenberg (1999) conducts the first empirical study on the topic
2 There

has been, however, a sizable amount of literature regarding college rankings in general. Carrell, Fullerton,
and West (2009), and Marmaros and Sacerdote (2002) focus on the effects of college rankings on the quality of students’
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by examining a subset of universities from the membership of the Consortium on Financing Higher
Education. These institutions included 16 of the top 25 national universities and 13 of the top 25
national liberal arts colleges in the 1998 USNWR rankings and consist solely of private institutions.3 The panel included 300 observations from 30 institutions across 11 years. They found that a
one-rank improvement is associated with a 0.40 percentage point reduction in the acceptance rate,
a 0.17 percentage point improvement in the yield (i.e. the the percentage of admitted students who
choose to matriculate), and a 2.78 point increase in average SAT score the following year. However,
they do not account for the fact that a change in rank may in part reflect a change in quality and do
not distinguish between the effects of the two phenomena.
Meredith (2004) builds on the analysis from Monks and Ehrenberg (1999) by expanding the
panel to the entire sample of ranked colleges from 1991-2000. The paper finds results that are
consistent with the findings by Monks and Ehrenberg and uses methodology that lumps university
ranks into quality tiers and focuses on differential effects. Furthermore, the study finds that moving
off the first page of rankings has a disproportionately large impact on admissions outcomes and that
the effects of USNWR rankings are larger for public schools. Like Monks and Ehrenberg (1999),
however, Meredith does not account for the fact that changes in range may be in part due to changes
in school quality.
Griffith and Rask (2007) examines the impact of rankings on student-level data from 1995-2004
by using a conditional logit model to determine how attributes of the alternative college choices
available to a student impact that student’s probability of attending a particular college. They find
that for full-tuition students, rank differences in the top 20 colleges are related to a 0.45 percentage
point change in the probability of a student attending a college per rank. However, the external
educations. Bunzel (2007), Luca and Smith (2012), Martins (2005), and Stake (2006) discuss schools’ reactions to
USNWR rankings. Bastedo and Bowman (2010a), Bastedo and Bowman (2010b), Baughman and Goldman (1999),
Dearden and Lilien (2008), Elsbach and Kramer (1996), Jin and Whalley (2007), and Standifird (2005) examine longterm reputation effects of rankings on educational institutions. Hansmann (1998) and Sauder and Lancaster (2006)
look specifically at law school rankings. Sacerdote (2001) looks at peer effects as an explanation for why students pool
at top ranked schools.
3 Schools in the sample included Amherst, Barnard, Brown, Bryn Mawr, Carleton, Columbia, Cornell, Dartmouth,
Duke, Georgetown, Harvard, Johns Hopkins, MIT, Mount Holyoke, Northwestern, Oberlin, Pomona, Princeton, Smith,
Stanford, Swarthmore, Trinity (CT), University of Chicago, University of Pennsylvania, University of Rochester, Washington University, Wellesley, Wesleyan, Williams, and Yale.
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validity of their findings is questionable, as the study was only conducted on data from students
admitted to Colgate University.
By looking at data from the top 50 national universities from the 1991-2001 editions of USNWR
colleges rankings, Luca and Smith (2012) finds that merely having rankings does not have a causal
effect on application decisions. Rather, the rankings must be presented in a salient manner. Using a
differences-in-differences methodology, Luca and Smith exploit variations in USNWR’s bucketing
of its rankings and find that rankings do not have a statistically significant effect on student application decisions if the ranks are presented alphabetically rather than in rank order - even if other
data on college quality is present.4 Additionally, by using an instrumental variables approach to
control for the underlying quality of school, they find that a one-rank improvement leads to a 2.07%
increase in the number of applicants and a 3.44 percentage point decrease in the acceptance rate.
They find no statistically significant effect for a school’s yield, average SAT score, or percentage of
enrolled freshmen who graduated in the top 10% of their high school class.
However, none of these papers attempt to explain the mechanisms through which changes in
rank influence student application decisions. As such, in my paper I examine three mechanisms
through which rankings may influence student demand - quality disclosure, limited attention, and
the availability heuristic.

4.3

Economic Analysis

Assume that each high school senior who wishes to attend a university in the United States has an
application decision that is solely a function of the each school’s quality.5 One source that this high
school senior can utilize to make a judgment on school quality is the USNWR college rankings.
4 Before the 1996 edition, USNWR ranked only the top 25 universities (see Figure A2). The next 25 universities
were lumped into a single tier and published in alphabetical order (see Figure A3). Beginning with the 1996 edition,
USNWR explicitly ranked all top 50 universities (see Figure A4).
5 Presumably, students will also care about other factors such as the cost of attendance. However, for the purpose
of this analysis, I assume that these other factors do not enter during the student’s application decision but rather later
during the student’s matriculation decision. This is a reasonable assumption considering the uncertainty involved in
the financial aid process, where a student does not necessarily know how much he or she will pay for tuition at the time
of application.
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He or she can utilize the information provided by America’s Best Colleges to determine a school’s
quality in three ways:
1. Quality disclosure - The student uses the USNWR publication as an objective source of quality indicators. For this student, utilizing information from USNWR reduces the time spent
gathering quality indicators, but the actual ranks provided by USNWR do not contain any
additional information.
2. Limited attention - The student does not know how to combine the quality indicators published by USNWR, or there is a cost to processing the information. Therefore, the student
uses the rankings provided by USNWR as a shortcut in lieu of looking at the underlying
quality indicators to determine a school’s quality.
3. Availability heuristic - The student does not understand how to interpret the rankings or the
underlying quality indicators provided by USNWR. However, the student reads the publication, starting at the top of the page and ceasing to read when he or she is no longer interested.
For this student, the names at the top of the rankings become more familiar, and the student
internalizes more familiar schools to be of higher quality.
In this paper, I empirically measure the extent to which each of these three mechanisms affects
student demand for national universities ranked in the top 50 using changes in a school’s quality
score, rank, and row as provided by UNSWR. The quality score is a linear combination of various
quality indicators published as a score out of 100. The rank is an ordinal arrangement of schools by
quality score, where the school with the highest quality score is ranked one. The row is the row that
a school’s information is printed on. Row differs from rank when schools tie in rank. For example,
if two schools are ranked one, the schools will be ordered alphabetically and one school will be
printed on row one while the other school will be printed on row two. Rank and row differ for 42%
of the observations in my dataset. To estimate the effect of quality disclosure, I find the effect of
changes in a school’s quality score on student demand holding rank and row constant. To estimate
the effect of limited attention, I find the effect of changes in a school’s rank on student demand
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holding quality score and row constant. To estimate the effect of the availability heuristic, I find
the effect of changes in a school’s row on student demand holding quality score and rank constant.
To measure student demand, I use the number of applications a school receives in the application cycle following the publication of each edition of USNWR rankings. In addition, I also use
several alternative outcome variables: acceptance rate, average SAT score of enrolled freshmen,
the proportion of enrolled freshmen who graduated in the top 10 percent of their high school class,
and the yield.

4.4

Data

USNWR first published America’s Best Colleges in 1983 and has published an edition every year
with the exception of 1984.6 These rankings started as a simple reputation rank voted on by college presidents. Today, however, USNWR has expanded the rankings to factor in 15 indicators
of college quality: a peer assessment score, the six-year graduation rate, the freshman retention
rate, the proportion of classes with fewer than 20 students, the proportion of classes with 50 or
more students, faculty salary, the proportion of professors with the highest degree in their field, the
student-faculty ratio, the proportion of faculty who are full time, SAT and ACT scores of enrolled
freshmen, the proportion of enrolled freshmen who graduated in the top 10 percent of their high
school class, the acceptance rate, average spending per student on educational expenditures, the
difference between a school’s actual and predicted graduation rate, and the alumni giving rate.7
6 It is important to note that USNWR names its editions after the graduation year of the high school seniors applying
to colleges at the time of its publication. For example, in September 2011, USNWR published the 2012 edition of
America’s Best Colleges. Furthermore, each edition of America’s Best Colleges is computed using data from the
previous year. To illustrate, the 2012 edition of America’s Best Colleges used and published data from applicants that
graduated high school in 2010. For a time trend of rankings for universities with an average ranking in the top 10, see
Figure A1.
7 For the 2012 edition of America’s Best Colleges, USNWR surveyed 1,787 counselors at public high schools that
appeared in the 2010 USNWR Best High Schools rankings and an additional 600 college counselors at the largest
independent schools in nearly every state and the District of Columbia. Survey recipients were asked to rate schools’
academic programs on a 5-point scale from 1 (marginal) to 5 (distinguished) or to mark ”don’t know.” In some years,
the reported faculty salary included benefits. In other years, it did not. In April 1995, the College Board re-centered the
SAT so that the average score for each section was a 500 (the midpoint of the 200-800 scale). Educational expenditures
include spending on instruction, research, and student services and exclude spending on sports, dorms, and hospitals.
The predicted graduation rate is calculated by USNWR. The exact methodology is unpublished. For a more in depth
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This underlying raw data is self-reported by the colleges in an annual statistical survey conducted by USNWR and is combined to create an overall rank as well as six sub-rankings: a peer
assessment rank, a graduation and retention rank, a faculty resources rank, a student selectivity
rank, a financial resources rank, and an alumni giving rank.8 To calculate the final rank, USNWR
first calculates an overall quality score by weighting the individual quality indicators. As an example, the weights used to calculate the 2012 edition of America’s Best Colleges are listed in Table
A1 (located in the appendix). This score is normalized so that the top school each year receives an
overall quality score of 100. USNWR then computes the overall rankings by ordering the overall
quality score from highest to lowest and assigning the top school a ranking of one. In the case of
ties in the overall quality score, the tied schools receive the same ranking and the schools are listed
in alphabetical order. It is important to note that the weights used by USNWR to calculate overall
quality change periodically. Therefore, a school can change in quality score and thus ranks from
year to year without changing in its true quality.
Both the print and web versions of America’s Best Colleges contain the overall ranking, the
overall quality score, a selection of the underlying data used to compute it, and the weights used to
compute the rankings. However, since not all of the underlying data is published, the rankings are
not completely transparent. (Exactly which categories of underlying data are omitted varies from
year to year, but generally USNWR chooses to omit financial data such as spending per student
and average faculty salaries.) Furthermore, it is important to note that although the weights for
underlying data are published, the exact methodology used to convert the quality indicators into
a score is not clear since the underlying data is presented with not only different units but also
highly variable ranges. For example, it is unclear how USNWR combines acceptance rate, which
by definition is between 0% and 100%, and spending per student, which is measured in thousands
description of the ranking methodology used for the 2012 edition, see the article “How U.S. News Calculates the College
Rankings” available at http://www.usnews.com/education/best-colleges/articles/2011/09/12/how-us-news-calculatesthe-college-rankings-2012.
8 For schools that do not respond to the survey, USNWR uses the data reported to the U.S. Department of Education’s
National Center for Education Statistics, the American Association of University Professors, the National Collegiate
Athletic Association, and the Council for Aid to Education.
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of dollars. As such, these published weights can only be interpreted as general guidelines.9
In addition to changing its ranking methodology from time to time, USNWR also changes the
number of schools it ranks. Before the 1996 edition, USNWR ranked only the top 25 universities.
See Figure A2 for an illustration. The next 25 universities were lumped into a single tier and published in alphabetical order. Although only the top 25 schools were explicitly ranked, the underlying
data was published for all of the schools. See Figure A3 for an illustration. Beginning with the 1996
edition, USNWR explicitly ranked all top 50 universities. See Figure A4 for an illustration. For the
2008 edition, USNWR ranked the top 120 universities, and since then the number has continued to
expand.
My dataset contains USNWR rankings for the top 50 national universities in the United States
from the 1990 edition to the 2012 edition as well as the underlying data published during those years.
For a full list of schools included in my dataset, see Table A2. Additional college attributes used as
outcome variables such as the number of applicants per year, the number of enrolled students, and
yield were found in Peterson’s Guide to Competitive Colleges10 .
Some transformations of the data were made to its original format in preparation for analysis.
In some years, USNWR published an average SAT/ACT score. In other years, it only published a
25th and 75th score percentile. In these years, the average SAT/ACT was computed by taking the
average of the 25th and 75th percentile scores. (Depending on the distribution of scores, this may
or may not be the actual average score; however, it is sufficient for the purpose of this analysis.)
Furthermore, all ACT scores were converted to SAT scores, using the concordance tables made
available on the ACT website. In addition, in some years, the peer assessment score was reported
as a score out of 5.0, while in other years, the peer assessment score was reported as a score out
of 100. Peer assessment scores that were reported out of 5.0 were normalized to be out of 100
so that they could be compared to the rest of the dataset. For years where rank and quality score
for schools ranked 25-50 were not published explicitly, I calculated a rank and quality score for
9 Webster (2001) finds that despite the explicit weights that USNWR publishes for its rankings methodology, the
most significant ranking criterion is the average SAT score of enrolled students.
10 Yield can be calculated using the number of applicants, the acceptance rate, and the number of enrolled freshmen.
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these schools using the formula for schools ranked 1-25. To do this, I used the formula found by
regressing overall quality scores from schools ranked 1-25 on published underlying data in order
to predict the overall quality scores for schools ranked 25-50. I then ordered these overall quality
scores to compute rank.

4.5

Econometric Model

In order to measure the effect of row and rank on the outcome variables, I must make several assumptions about USNWR’s measure of quality. I remain agnostic about the validity of the assumptions and present econometric models for two opposing scenarios. In the first model, the quality
score presented by USNWR wholly and accurately represents true quality. For this model, changes
in USNWR’s weighting of underlying quality indicators reflect changes in the composition of true
quality. In the second model, USNWR changes the weights for the quality score in a manner such
that changes in methodology do not reflect changes in true quality. For both models I assume that
USNWR includes all the underlying data necessary to calculate true quality.
It’s important to note that because the continuous quality score is normalized so that the highest
quality school has a score of 100, a college’s quality score can change even without changes in
the methodology USNWR uses to calculate the quality score. If the highest quality school drops in
underlying quality from year to year, a lower ranked school’s quality score can increase without any
increases in underlying quality. In other words, a school’s quality score is not only a function of its
changes in quality from year to year but also a function of the quality of its peers. However, because
rank is explicitly ordinal, this type of normalization does not affect the ability to compare ranks
between years11 . Therefore, I also make assumptions about what dimensions of quality students
care about. In the first model, students only care about the relative quality of schools and therefore
it is possible to make meaningful comparisons among the quality scores published by USNWR. In
11 In

many ways, the quality score given by USNWR is also an ordinal measure. Nevertheless, it can be interpreted
as a more precise measure than rank since it attempts to quantify the relative magnitude of differences between schools
in addition to supplying information about which school is better.
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the second model, students care about absolute changes in the quality of schools. In this model, I
present an alternative methodology to measure quality.12

4.5.1

Model I

In the first model, the quality score presented by USNWR wholly and accurately represents true
quality as conceptualized by students. As such, the problem becomes econometrically simple and
can be represented by the fixed-effects regression in Equation 1, where 𝑅𝑎𝑛𝑘𝑖𝑡 is the USNWR rank
for a school 𝑖 during a year 𝑡, 𝑅𝑜𝑤𝑖𝑡 is the row the school’s information is printed on, 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 is the
quality score, 𝛼𝑖 is a school fixed effect, ∋Å𝑡 is a year fixed effect, 𝜇𝑖𝑡 is a school- and year-specific
stochastic error term, and 𝐷𝑒𝑚𝑎𝑛𝑑𝑖 𝑡 is the outcome variable for the following application cycle.13

𝐷𝑒𝑚𝑎𝑛𝑑𝑖𝑡 = 𝛽0 + 𝛽1 𝑅𝑎𝑛𝑘𝑖𝑡 + 𝛽2 𝑅𝑜𝑤𝑖𝑡 + 𝛽3 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 + 𝛼𝑖 + 𝑣𝑡 + 𝜇𝑖𝑡

(4.1)

This specification gives 𝛽1 as the effect of rank differences holding row and quality constant, 𝛽2
as the effect of row differences holding rank and quality constant, and 𝛽3 as the effect of quality
differences holding rank and row constant. To relate back to the economic model, if 𝛽1 is statistically
significant, then limited attention is a mechanism that affects the student application decision. If 𝛽2
is statistically significant, then the availability heuristic affects the student application decision. If 𝛽3
is statistically significant, then quality disclosure is a mechanism that affects the student application
decision.
12 The

best way to measure true quality would be to use the complete vector of underlying quality indicators that
students care about. Since this is only possible in theory, the next best method of measuring quality is to use the vector
of quality indicators used by USNWR. However, doing so uses up many degrees of freedom in the estimation and
causes the estimated coefficients to be imprecise. Therefore, in this section I explain how I use the published quality
score and the published underlying quality indicators to measure quality despite data limitations.
13 To measure student demand, I use the number of applications a school receives in the application cycle following
the publication of each edition of USNWR rankings. In addition, I also use several alternative outcome variables:
acceptance rate, average SAT score of enrolled freshmen, the proportion of enrolled freshmen who graduated in the top
10 percent of their high school class, and the yield. To illustrate the meaning of the year subscripts, I give an example
using the high school class of 2009: the high school class of 2009 will see 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 , 𝑅𝑎𝑛𝑘𝑖𝑡 , and 𝑅𝑜𝑤𝑖𝑡 for 𝑡 = 2009
published in USNWR. These high school seniors will then decide which schools to send applications to, which then
determines 𝐷𝑒𝑚𝑎𝑛𝑑𝑖𝑡 for 𝑡 = 2009.
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4.5.2

Model II

In the second model, students care about absolute changes in the quality of schools. Therefore, I
present an alternative methodology to measure quality so that it can be compared from year to year.
I use the same specification as in Model I, but I substitute 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 for 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 in Equation 1. I
define 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 as follows, where 𝑋1𝑖𝑡 , 𝑋2𝑖𝑡 , … , 𝑋𝑛𝑖𝑡 represent the 15 underlying quality indicators
that USNWR uses to calculate the quality score and 𝛾 0 , 𝛾 1 , … , 𝛾 𝑛 are the averages of the weights
used by USNWR to calculate the quality score.14

𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 = 𝛾 0 + 𝛾 1 𝑋1𝑖𝑡 + 𝛾 2 𝑋2𝑖𝑡 + + … + 𝛾 𝑛 𝑋𝑛𝑖𝑡

(4.2)

Since 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 is calculated using the same weights each year, changes in 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 are representative of changes in the underlying quality indicators.15 Additionally, in this model I assume that
𝛾 0 , 𝛾 1 , … , 𝛾 𝑛 are the weights that give true quality.

4.6

Results

Before interpreting the results of the econometric models, it is helpful to visualize what the signs of
the regression coefficients are expected to be assuming that schools of higher quality attract more
and better applicants. Such visualization is provided in Table 1.
Table 1 Intuitive signs for regression coefficients
14 Although the weights for underlying data are published, I find 𝛾

0 , 𝛾 1 , … , 𝛾 𝑛 by regressing the quality scores across
the entire sample on the corresponding quality indicators. I do this because the exact methodology used to convert
the quality indicators into a score is not clear since the underlying data is presented with not only different units but
also highly variable ranges. For example, it is unclear how USNWR combines acceptance rate, which by definition is
between 0% and 100%, and spending per student, which is measured in thousands of dollars. As such, these published
weights can only be interpreted as general guidelines. Furthermore, USNWR only publishes a subset of these 𝑋’s and
withholds other underlying data such as faculty salaries, which are likely correlated with published attributes.
15 Essentially, I eliminated the changes in quality score that are due to changes in the weighting of the underlying
quality indicators. Additionally, I do not normalize 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖𝑡 to be out of 100 so that it can be compared from year to
year. It has a minimum value of 52.1 and a maximum value of 96.6 across the sample.
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In addition, to aid in the interpretation of the magnitude of coefficients, I have also included
summary statistics for the outcome variables below in Table 2.
Table 2 Summary of outcome variables

First, I present the regression results for Model I and Model II for all schools in Table 3 and
Table 4. It is interesting to note that coefficients differ significantly between the models and that
the only result that is statistically significant in both models is the coefficient for row on the average
SAT score of enrolled freshmen. Despite the statistical significance of this result, however, it is not
very practically meaningful. A 10-row improvement is correlated with a 9 point increase in average
SAT score, which is only a 0.08-standard-deviation variation in average SAT score. Furthermore,
it is interesting to note that out of the additional statistically significant results from Model I, the
coefficient for rank on acceptance rate, the coefficient for rank on the percentage of freshmen in the
top 10% of their high school class, and the coefficient for quality on yield have the expected signs
as denoted in Table 1, while the coefficient for quality on the percentage of freshmen in the top 10%
of their high school class and the coefficient for row on yield are unexpected.
Table 3 Regression outputs for Model I (all schools)
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Table 4 Regression outputs for Model II (all schools)

Next, I present the results for Model I and Model II for schools with an average rank of 1-25 in
Table 5 and Table 6. For these schools, rank is statistically significantly correlated with all outcome
variables except yield in both models. In addition, these rank effects are all directionally consistent
with the expected results from Table 1. These results suggest that for every 10-rank improvement, a
school will experience a 0.18-0.22% increase in applications, a 9.1-10.9 percentage point decrease
in acceptance rate, a 2.0-4.0 point increase in average SAT score, and a 5.0-8.8 percentage point
increase in the percentage of freshmen in the top 10% of their high school class.16
Table 5 Regression outputs for Model I (schools with average rank 1-25)
16 It’s important to note that students may also respond to changes in rank because attending a higher ranked school
(independent of quality) may serve as a signal to future employers, etc.
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Table 6 Regression outputs for Model II (schools with average rank 1-25)

Finally, I present the results for Model I and Model II for schools with an average rank of
26-50 in Table 7 and Table 8. I find that for these schools, quality is statistically significantly
correlated with all outcome variables except yield in both models. In addition, these coefficients
are all directionally consistent with the expected results from Table 1. These results are particularly
interesting in light of the regression results for schools with an average rank of 1-25, which found
statistically significant relationships between rank and outcome variables. Although not definitive,
these results corroborate the findings from McDonough et al. (1998), which state that students with
higher SAT scores are more likely to place an emphasis on rankings.
Table 7 Regression outputs for Model I (schools with average rank 26-50)
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Table 8 Regression outputs for Model II (schools with average rank 26-50)

4.7

Conclusion

Throughout this paper, I remained agnostic about the validity of the assumptions underlying the
econometric models. Therefore, I cannot definitively conclude which of the three mechanisms
discussed in Section 2 - quality disclosure, limited attention, or the availability heuristic - is the
predominant mechanism through which college rankings influence student demand. Given the
results in Section 6, I do not exclude any of the mechanisms as possible drivers of student demand.
However, the results suggest that for higher ranked schools, limited attention may be the mechanism through which college rankings influence student demand.17 For lower ranked schools, quality
disclosure is likely the mechanism. Therefore, more research needs to be conducted in order to verify these findings and to investigate why the mechanisms through which college rankings influence
student demand differ depending on the quality of the school and/or student.
Nevertheless, it seems that even for decisions that can drastically alter the course of one’s life
(such as where to go to college), people do not use all the information available to them in order to
make the decision.

17 Perhaps this is because the practical differences in the quality of high-quality schools are small, and students are
ill equipped to discern these small differences by themselves.
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