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Abstract

Online search platforms influence product demand through their choices of how to
order search results in response to their users’ queries. I study the identification of
consumer-welfare changes in response to exogenous changes in these choices. I focus
on the case of consumers engaging in costly searches for a single, indivisible (dis-
crete) product among a collection of substitutes. I show that exact consumer-welfare
changes—that is, compensating variation and equivalent variation—can be calculated
with the use of straightforward integrals of the aggregate demand. I apply my results
to shopping data provided by an online travel agency (OTA).
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1 Introduction

Online, consumers often rely on search tools to help them find relevant products to buy. Typ-
ically, consumers type keywords into the query box of a search platform, and the platform
delivers a list of products; I call this delivered list of products a consumer’s “search-result
list.” The number of substitutes available online is often substantial, and an exhaustive
search over all substitutes is impractical. Consumers often start their search from the be-
ginning of the search-result list and stop well before the end. Thus, the order products
appear in consumers’ search-result lists affects the products consumers discover and ulti-
mately purchase. When search platforms change the order of products that appear in their
lists of search results, aggregate demand and consumer welfare are also changed. I study the
identification of consumer-welfare changes in response to exogenous changes in search-result
lists. I focus on the case of consumers shopping for a single, indivisible product. I show that,
in this environment, exact consumer-welfare changes—that is, compensating variation and
equivalent variation—can be calculated using straightforward integrals of aggregate demand.

I model consumers as having product knowledge limited to “consideration sets.” Each
consumer forms her consideration set as a function of her own characteristics and the search-
result lists that are returned to her queries. Each consumer’s demand is limited to the
products that are in her consideration sets: consideration sets censor demand. Aggregate
demand is a function of all prices and individual consideration sets. Changes in search-
result lists cause discontinuous shifts in demand through their actions on consideration sets.
I determine formulas that recover average welfare changes from these shifts in aggregate
demand. My results do not require consideration sets to be observed. My model places
minimal restrictions on how consumers form their consideration sets. The key restriction is
that consideration sets do not depend directly on price. (They are allowed to depend on
past prices or price beliefs.) This assumption ensures that demand lines reflect the tradeoffs
between goods and their prices. I show that without this assumption, areas under demand
curves and even simple utility differences across A/B settings need not reflect meaningful
welfare measures. My context of an A/B experiment allows for rich welfare inferences under
relatively weak restrictions on consumer primitives.

I consider two applications. In both, I use data from an online travel agency (OTA).
For the first application, I measure the welfare consequences of the OTA’s changing search-
result rules (or algorithms). I take advantage of an experiment that the OTA ran listing hotel
bookings for treated consumers in random order and hotel bookings for untreated consumers
in a proprietary order. I find that the OTA’s proprietary ordering improves average welfare

by $8.11 per user over the random ordering. In the second application, I estimate the welfare



loss that would result if the OTA were to remove the five most popular products from all
search-result lists. I estimate this would lower average welfare by $23.87 per person.

My welfare formulas focus on the utility consumers receive from their final product pur-
chases under different search-result lists. That is, my welfare measures do not explicitly
account for the psychic and time costs that arise from changes in search-result lists. My
welfare measures account for these costs implicitly through their impact on consideration
sets and ultimate product choice. This allows me to leave the consumer’s search behavior
relatively unrestricted.! My demand model makes minimal assumptions about consumer
preferences. My most general results require that utility be linear in money but allow the
remaining terms to be nonparametric and (potentially) nonseparable in the unobservables.
For the special case of a change in search-result lists that causes the (probabilistic) removal
or addition of a collection of products from consideration sets, I show that the weaker as-
sumption of a utility that is monotonic in money (and otherwise unrestricted) is sufficient
for bounding the resulting welfare changes.

My research is motivated by recent antitrust concerns over the growing concentration of
online platforms.? Online, most consumers and sellers find each other through the services
of these platforms. Without these platforms, consumers and sellers would have a hard time
making new connections. Thus, a concentrated platform may have great influence over
who buys what from whom online and at what price. This gives rise to several antitrust
concerns over search-platform conduct. For example, a search platform that also sells its
own products, such as Amazon, may be tempted to flex its influence over consumers’ search
results in negotiations with sellers in order to extract high proportions of seller revenue on
their site and limit seller behavior off their site.> Alternatively, a search platform may be
tempted to hide the search results that would lead consumers to other search platforms,
in order to protect its own market share. This is especially concerning when the search
platform represents its organic* search results as unbiased. European antitrust authorities
fined Google $2.7 billion for this type of conduct.® To the extent that this platform conduct
influences the distribution of sellers and the ultimate product choice of consumers, it may

also have strong consumer-welfare implications. My model framework allows for a rigorous,

!To be clear, consumer search is allowed to be costly in my model. Consumers will take their own psychic
and time costs into account when deciding how much of the product space to explore. The welfare effects of
these costs will then be captured by how they change their final product choice.

2For example, the Federal Trade Commission (FTC) is holding ongoing hearings on competition
and consumer protection in the 2Ist century that address this topic: https://www.ftc.gov/policy/
hearings-competition-consumer-protection.

3See Khan (2017) for more discussion on evidence of this behavior.

4An organic search result is one whose position is not chosen through a payment to the search platform,
but rather by the search platform’s own algorithm.

Shttp://money.cnn.com/2017/06/27 /technology /business/google-eu-antitrust-fine/index.html
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minimally restricted study of these consumer-welfare consequences.

My research also highlights the important role A /B tests can play in online search settings.
Economists are long familiar with the importance of exogenous variation in price for demand
and welfare estimation in classic economic environments. Analogously, exogenous variation
in platform listings (in the context of an A /B test or policy intervention) can be essential for
accurately measuring welfare changes in search settings. Consider a platform that may choose
to list products according to the strategy list_exploit or the strategy list_encourage.
When the platform uses the strategy list_exploit, it places the products with the largest
markup on the first page. When the platform uses the strategy list_encourage, it puts
products that generate the most consumer surplus on the first page. Further suppose that
consumers may be one of two types: lazy or determined. Lazy consumers only search the
first page of results, while determined consumers know their surplus-maximizing product
and will search all pages, if necessary, starting from the first and continuing until they find
it. If the data show consumers only searching the first page of results, then this could be
explained equally well by either lazy consumers and a 1ist_exploit strategy or determined
consumers and a list_encourage strategy. An A/B test lets us separate these two cases
and draw welfare conclusions in ways data under one search-result-list algorithm cannot.

To the best of my knowledge, this paper is the first to identify compensating variation and
equivalent variation from search-result listings as a function of changes in aggregate demand
in a general search environment. However, this paper does draw insights and inspiration
from several existing strands of literature.

First, this paper is related to that of Bhattacharya (2015). In particular, both his pa-
per and my paper identify the compensating and equivalent variations in a discrete-choice
environment where utility is monotonic in money but otherwise unrestricted. While Bhat-
tacharya (2015) examines the welfare consequences of a single price increase, I focus on the
welfare consequences of changing the search-result lists. In Bhattacharya (2015), consumer
knowledge is perfect and there is no search; the demand and welfare consequences of consid-
eration sets and limited consumer knowledge are not modeled. I show that the additional
complications of the search environment require strengthening the utility assumptions to a
utility that is linear in money in order to measure generic consumer welfare changes from
changes in search-result lists. Further, while my environment is more complex, I find novel
and relatively elegant proofs to achieve nonparametric results analogous to his.

Second, my results are related to the literature on the consumer welfare changes that oc-
cur from the introduction of new goods. This econometric literature goes back to Hausman
(1981, 1996). The above papers and their extensions focus on identifying and estimating

the exact consumer-welfare changes that result from the introduction of a single product



or product category. All consumers are assumed to have perfect knowledge of all available
products. The newness of the product is modeled as the consequence of technological in-
novation or regulatory decisions and is assumed to be exogenous to the consumer’s final
purchase decision. In contrast, my paper focuses on the role that search-result lists have
in shaping product knowledge and welfare. Individual search behavior is heterogeneous and
the consequences of a changing search-result list may be heterogeneous and unpredictable
across consumers in my environment.

This paper is also related to Small and Rosen (1981), who developed tools to estimate
consumer welfare changes in discrete-choice environments. Small and Rosen (1981) provide
tools to estimate the consumer welfare changes that occur in response to a change in price,
quality or any variable that varies continuously with indirect utility. In contrast, my paper
focuses on changes in consideration sets that, by their very nature, provide discontinuous
shifts to indirect utility functions. Thus, the results of this paper represent a significant
extension of those of Small and Rosen (1981). Indeed, no simple adaption of the techniques
used in their research will lead to correct welfare measures in an environment with changing,
heterogeneous consideration sets.

Some recent situation-specific methods have been developed to estimate welfare changes
that result from non-idiosyncratic product removal or exit. These include Nevo (2003),
Gentzkow (2007), Quan and Williams (2018), and Petrin (2002). My paper provides a gener-
alization of their results, allowing for simultaneous product entry and exit in a flexible utility
environment. My results are also shown to be exactly equal to compensating variation or
equivalent variation, rather than just being approximations. Finally, my methodology allows
for recovery of the welfare changes that were caused by unobservable preference matching
rather than just recovering the average welfare components.

In addition, a number of empirical and game-theoretic papers have studied consumer
welfare in search markets. The topics studied include welfare changes as a result of search-
ranking changes (e.g., Ursu (2018) and Athey and Ellison (2011)), the welfare effects of
platform changes (e.g., Lewis and Wang (2013), Dinerstein et al. (2018), Fradkin (2018)),
the welfare effects of advertising and search (e.g., Honka, Hortagsu, and Vitorino (2017) and
Seiler and Yao (2017)), and the welfare effects of changing search costs (e.g., Honka (2014),
Ershov (2016) and Moraga-Gonzalez, Séndor, and Wildenbeest (2017)). These papers rely on
strong modeling assumptions of the search process, parametric utility, and situation-specific
measures of consumer welfare. My paper allows for less-restricted search behavior, less-
restricted preferences, and welfare measures equivalent to the readily interpretable classical
measures of compensating variation and equivalent variation.

This paper also relates to several papers within the growing literature on inattentive con-



sumers. The literature on inattentive consumers goes back at least as far as Manski (1975).
Papers in this literature classically study the economic consequences of having products
missing at random from unobservable consideration sets.® This assumption is antithetical
to consideration set formation in a search environment. However, recent advances in the
literature on inattentive consumers have explored weaker restrictions on consideration set
formation, making their results relevant to the results of this paper. In particular, recent ad-
vances in Barseghyan, Molinari, and Thirkettle (2019), Barseghyan, Coughlin, et al. (2019),
Abaluck and Adams (2018), and Iaria, Crawford, and Griffith (2020) have weakened assump-
tions on how inattentive consumers form their consideration sets. Barseghyan, Coughlin, et
al. (2019) find partial identification results for preferences and the distribution of considera-
tion sets in an environment where consideration sets are essentially unrestricted. The other
papers focus on the point identification of preferences and consideration set distributions,
but with the additional assumption that consideration sets are independent of preferences
conditional on observables.” Importantly, all these papers focus on identifying and esti-
mating consumer preferences. Welfare measures in these papers, if explored, are based on
differences in before-and-after-average utility and are not tied to compensating variation or
equivalent variation. In contrast, this paper is—to the best of my knowledge—the first to
study the identification of classically interpretable welfare measures in a setting with minimal
assumptions on consideration sets.

Moreover, I provide examples in this paper that illustrate how before-and-after utility
differences need not coincide with compensating variation or equivalent variation in a search
environment, even when utility is linear in money. In order to identify compensating variation
and equivalent variation, I assume that consideration sets are independent of prices. This
restriction on consideration sets is, in general, stronger than those of Barseghyan, Coughlin,
et al. (2019). While my modeling assumptions allow for a wide variety of search behavior
that the other papers mentioned above cannot accommodate, the papers above generally
allow consideration sets to depend on prices. Like the papers above, I do not require that
consideration sets are observable for my main identification results. However, I do assume
that demand is known to the researcher in my identification results and my empirical results
leverage consideration set information to better estimate demand.

Finally, there is a growing body of research that is interested in assessing the value of

6The literature on inattentive consumers often refers to consideration sets as “choice sets.” The differ-
ence between consideration sets and choice sets is only the standard assumptions under which consumers
respectively form them.

"Abaluck and Adams (2018) explores a second environment in which consumers only shop a default
product or shop all products. A thorough discussion comparing and contrasting Abaluck and Adams (2018),
Barseghyan, Coughlin, et al. (2019) and other recent papers in the literature on inattentive consumers can
be found at the end of Barseghyan, Coughlin, et al. (2019).



technology, the internet, and free (digital) goods and services in terms of their contributions
to GDP. See, for example, Brynjolfsson, Collis, et al. (2019), Diewert and Feenstra (2017),
Diewert, Fox, and Schreyer (2018), Feldstein (2017), Groshen et al. (2017), Syverson (2017),
Brynjolfsson and Oh (2012) and Greenstein and McDevitt (2011). These studies use the
welfare-analysis tools of Hausman (1996) or Small and Rosen (1981). Their models do not
account for searching consumers. Instead, their focus is on measuring the aggregate welfare
consequences of products that are available in the digital economy. In contrast, my paper
allows for average welfare changes that occur as a result of idiosyncratic changes in shopping
behavior.

The rest of this paper is organized as follows. In Section 2, I develop the notation and
discuss the unique characteristics of welfare measures in search environments. The discussion
provides an example, detailed in the appendix, where utility differences do not coincide with
compensating variation or equivalent variation despite utility being linear in money. In
Section 3, I present the results under a monotonicity constraint on preferences. In Section 4,
I strengthen my assumptions on consumer preferences to quasi-linearity and obtain a general
formula to measure the average welfare changes that occur from arbitrary search-result-list
changes. I also present a simple example that illustrates the key ideas captured in the
formula. In Section 5, I apply my main results to several simple search-result-list changes
of practical and empirical interest. In Section 6, I apply my results to data provided by an

OTA. Finally, in Section 7, I conclude. All proofs are left to the appendix.

2 Notation

In this section, I develop the notation required for the rest of the paper. I start by discussing
the role of search platforms in Section 2.1. In Section 2.2, I discuss product and consumer
preference notation. I develop notation and assumptions for consideration sets in Section 2.3.

I define and develop notation for welfare measures in Section 2.4.

2.1 Search-Result Lists

A consumer searching for a product online will type keywords into a search platform’s query
box. From there, the search platform has a listing rule « that determines the order (or
layout) in which the relevant products are listed for the consumer to review. The focus
of this paper is not on how platforms determine this listing rule; the listing rule is free to
depend on observable consumer characteristics and advertising concerns in addition to the

consumer’s keywords. Rather, this paper focuses on measuring consumer-welfare changes



that are a response to changes in the listing rule, say from a = A to a = B.

2.2 Preferences

My setup for products and preferences follows the multinomial choice framework with non-
separable utility laid out in Bhattacharya (2015). There is an observable® set of products
J ={0,1,...,J}.2 T denote the observable vector of market prices p = (0,p},--- ,p}).
The price of the outside product is normalized to 0. When discussing product prices that
may differ from their market-values, I drop the superscript m.

Consumer utility is affected by income y and observable attributes ¥. Both y and ¥ are
fixed for each individual. For readability, I suppress the notation for ¥ from utility. All
identification results should be interpreted as conditional on V.

Consumers have unobservable preferences 1. 1 do not restrict the dimension of these

unobservable preferences.!® However, I restrict utility using the following assumptions:

Assumption 1.A (Monotonicity). Utility for product j, uw;(y — p;,n) € R, is strictly in-

creasing and continuous in its first argument for all products 7 € J.

Assumption 1.B (Quasi-linearity). Utility for product j is linear in its first argument. That

18,
wi(y —pjsm) =y —p; + Ui(n), (1)
where Uj (n) € R for all products j € J.

Monotonicity is a weak and intuitively appealing assumption. It rules out consumers re-
maining indifferent between two goods over any price interval and requires consumers to
like a good less as its price increases. Quasi-Linearity is stronger but standard in empirical
applications.!!

I maintain monotonicity for the rest of the paper. Under monotonicity, income is assumed

observable. Under quasi-linearity, income need not be observable.!?

8The term “observable” is always used to mean observable to the researcher, not the consumer.

9Tt is without loss of generality (WLOG) to have the products invariant over the listing rules. For example,
if product M becomes available after a change in the listing rule, then we can just disallow M from being in
the consideration sets under the initial listing rule.

10See Bhattacharya (2015) for a discussion on the importance of leaving the heterogeneity dimension
unrestricted in discrete-choice preferences.

I1A]l formulas in this paper that hold under quasi-linearity also hold with the addition of a consumer-
specific coefficient to money, a,. That is, for my results, it is WLOG to normalize utility to the form in
Equation (1) from a form where w;(y — p;,n) = a,(y — p;) + U;(n).

12A vector of observable product characteristics (0, X1,..., X ) can also be available to the researcher.



2.3 Consideration Sets

I assume that search is costly and thus consumers do not, in general, view all of the products
returned to them in platform search lists. Instead, each consumer’s product knowledge—and
therefore demand—is limited to a sub-collection of 7, which is referred to as her considera-
tion set.

Consideration sets are determined through a consideration function C. The consideration
function takes the following arguments: (1) a listing rule «; (2) observable consumer charac-
teristics ¥; (3) unobservable consumer preferences 7; and (4) an unobservable non-preference

characteristic vector (. For readability, I suppress ¥ from the consideration-set notation.

Definition 1 (Consideration Sets). A consumer with characteristics (y,n,() has consider-
ation set {0} C C(n, ¢, o) € J under listing rule c.

When discussing a fixed consumer (y,n, (), I abbreviate her consideration set under listing
rules A and B by C4 and Cp, respectively.

For a consumer (y, 7, (), the components of { capture the unobservable factors that affect
her consideration set but that do not enter her utility function. For example, a component
of ¢ captures a consumer’s preference for the act of shopping, itself. Consumers who like to
shop will likely have larger consideration sets than consumers who do not like to shop, even
when their product preferences are identical. { may also capture product and price beliefs
that guide the search over different keywords.

As an example, consider a consumer searching for a face moisturizer on Amazon.com.
Suppose she does not like shopping for very long and chooses to either buy a product from
the first page of search results that comes up after her keyword search or not buy anything
(captured in (). She has a preference for branded products (captured in 7) and thinks that
“Biore” is likely to be a relatively inexpensive branded product (captured in ). Thus, she
types “Biore face moisturizer” into the search box and hits the return key. Some of the
products in the resulting list are organic and some are sponsored links. Her consideration
set is exactly the products listed on this first page of search results, as well as the outside
product.

To derive my main results, I rely on the following assumption:

Assumption 2 (Price Independence). For all products j € J, the consideration function C

does not depend on prices p; or income minus prices Yy — p;.

This information can be treated as being suppressed from utility for readability. If we were to suppress the
product characteristics and observable individual characters from utility, we would write u;(y —p;, X;, ¥, n)

under monotonicity and y — p; + ﬁj (n; X;, ¥) under quasi-linearity.



Note that price independence does not preclude a consumer from considering products ac-
cording to her beliefs about prices. It only requires that the prices she observes do not cause
her to change her shopping behavior.!3

Price independence rules out the possibility of a platform removing a product from its
lists due to a change in its price. It also rules out certain consumer behaviors, such as
a consumer expanding her consideration set after discovering that all the products in her
initial consideration set are unexpectedly expensive. In practice, some price dependence
can be tolerated: the key behavior needed is that, as a good’s price increases, a consumer’s
demand for that good falls to 0 for preference reasons before the price increases causes
the good to exit (or another good to enter) her consideration set. That is, as long as the
consumer’s preferences are more sensitive than the search listing rule, the main results should

still hold.'4
A consumer (y,n, () purchases product j in C(«, (,n) if

ui(y —pj',m) > u(y —pi'n) for all k € Cla, ¢, n) \ {m }.

Her individual demand is defined by

1if j = argmaxyec(an,e) we(y — pe,n)

4;(y,pj, p—j, a,m,C) = (2)

0 otherwise.

If the price of all products except good j are fixed at their market level, then I denote her

individual demand for product j at market prices by

4" (y,p5,m, ¢ ) = q;(y, pj, P75, m, Q). (3)

I will denote the joint distribution of n and ¢ by F. Thus, the average demand for product
7 1is

Qj<y7p]7p—]7a):/QJ<y7pj7p—]7a7n7C)dF (4)

13 Although not modeled explicitly, it is perfectly fine for a product’s non-price characteristics X to affect
consideration sets. In addition, it is perfectly fine for a consumer’s consideration set to depend on her
perceptions of her own income level or wealth level, as a part of ¥. The only complication that might arise
here is if a consumer’s final product choice changes her perception of her own wealth level. By assumption,
this is not allowed.

M Mathematically, if individual i = (y,7,¢) no longer includes good j in her consideration set for prices
above f);- and would not purchase good j at prices above ﬁ; even if good j were in her consideration set, then
1’)2- > ﬁ; is sufficient for the identification results to hold for consumer ¢ in the case of the platform removing
good 7 in an A/B test.



for all consumers with income y. Similarly, the average demand for product j at market prices

is,
Q;‘n(yvpﬁa/) :/qj(yvpjaijaavna C)dF (5)

for all consumers with income y.
For my identification results, I assume demand is known to the researcher. That is, I

follow Bhattacharya (2015) in making the following assumption:

Assumption 3 (Known Demand). The researcher observes Equation (4), and therefore also

observes Equation (5), over all prices and incomes.

This assumption requires that the researcher observe demand for each good over all prices
and incomes. It does not require that the researcher know individual’s consideration sets.

This is a substantial assumption. Nonparametric demand identification is itself a chal-
lenging problem, particularly due to the problem of price endogeneity. See the correspond-
ing discussion of nonparametric identification in Bhattacharya (2015), in Matzkin (2013), or
Matzkin (2007) for the challenges of nonparametrically identifying demand in settings with-
out consideration sets. See Koulayev (2014) and Abaluck and Adams (2018) for recent work
on the nonparametric identification of demand in a setting with restricted consideration sets.

For the empirical application of my identification results, I drop the assumption of known
demand and estimate a parametric demand function with separable errors. I take advantage
of information on individual consideration sets in my demand estimation strategy, but the

researcher need not observe consideration sets to apply the identification results in general.

2.4 Welfare Measures

Suppose a platform changes its search listing rule from A to B. The following definitions
adapt the classic measures of welfare changes, compensating variation and equivalent varia-
tion, to this situation. For an individual consumer (y,7,¢), her equivalent variation SZV is

the solution in S to

maxu;(y — 5 —py'n) = waxu;(y —pf,m), (6)

while her compensating variation SV is the solution in S to

maxu;(y — pi,n) = maxu;(y + 5 — py, 7). (7)

10



SEV is the income loss under the initial listing rule that would harm this consumer as

SCV

much as the damage done by the new listing rule. is the increase in income under the

new listing rule that would return a consumer to the utility level she would have had under
the original listing rule. SFV and S¢V are both positive if the consumer is harmed by the
new listing rule, relative to the older rule, and negative otherwise.

Both S*Y and S®V depend on market prices and both listing rules, as well as the indi-
vidual’s unobservable characteristics 7 and (. In the case of monotonicity, both SV and
SEV also depend on individual income. Thus, I denote the functions for equivalent varia-
tion and compensating variation by S¥V(y,n,(, A, B,p%) and SV (y,n, ¢, A, B, p'), respec-
tively. Similarly, average compensating variation and average equivalent variation over all
consumers are denoted by Y and p®V. As functions, I write these as u“V(y, A, B, p’) and
Y (y, A, B, p%); the average is taken over unobservables n and ¢, while income is fixed."?
When it is clear from the context, I suppress the arguments for the listing rules and prices
from these welfare functions.

Under quasi-linearity and price independence, each individual (y,n, () has SV = SFV.
In this case, I use S to represent both S¢V and S¥V. SW is simply the difference between
utility under the initial listing rule and utility under the final listing rule.

Importantly, quasi-linearity is not sufficient for differences in utility to be equal to com-
pensating variation or equivalent variation. That is, for a generic search model where price

independence does not hold,

SCV SEV

# grégfuj(y —pjm) — gggguj(y —pjm) #
in general.

When consideration sets depend on prices, traditional intuition about welfare and utility
breaks down. For example, when consideration sets depend on prices, a small increase in a
price could send the consumer searching for new products and, ultimately, finding a product
that gives her higher utility than those in her original consideration set. That is, a consumer
who experiences a small price increase may experience a welfare increase that would require
a compensating income reduction to return her to her original utility level. A more detailed
example is provided in Section B of the Appendix. This example, along with the other
discussions in this paper, demonstrates the importance of reevaluating traditional welfare

measures in search environments.

15 Averages would still be functions of consumer observables ¥, although the researcher could, of course,
average over ¥ (and y) if she desired. Switching the integral order to accommodate earlier averaging is never
a problem, either, since demand is nonnegative.

11



3 Measuring Welfare Under Monotonicity

This section considers welfare identification under monotonicity. Below, I present the bounds
on compensating variation that result from a search-listing change that makes a collection
of goods more likely to be considered.!® To ease notation in the statement of the theorem, I

introduce the following notation. Fix A and B and define operator A as follows:

AQ(y,pT) = Q;(y, 07T, A) — Q;(y, v, B), (8)

Theorem 1 (Probable Addition of Goods). Suppose the listing rule changes exogenously
from A to B causing a collection of goods R to be more likley to enter consideration sets.*”

Then, the average compensating variation of this change in listing rule is such that

0> puv > 1i AO: (. 1 0 V.. 9
=h _;pww\fgn\{j}/p;ﬂ Qi (Y, pj, (PR\(5}, P %)) dp; (9)

The appendix contains the proof, as well as the analogous bounds for equivalent variation
under an exogenous search-result list change that causes a decrease in the probability that
a collection of goods enters consideration sets.

Intuition for the bounds in Theorem 1 can be developed from the following observations.
First, a consumer’s preference for a good depends on which other goods are in her consider-
ation set. To fix ideas, I focus on a consumer’s demand for good 1. I will assume good 1 is
initially her favorite among those in her consideration set. However, as the number of goods
in her consideration set grows, her willingness to pay for good 1 falls weakly. In particular,
if a new good 2 enters her consideration set and she prefers 2 to 1 or her next best choice
after 1, her demand line for good 1 will shift downward. Otherwise, no change will occur.
The same is true for each additional new good that enters her consideration set.

Second, as the price of a good goes to infinity, it becomes so undesirable that it is “as

6Bhattacharya (2018), which extends several results from Bhattacharya (2015), finds the distribution
of welfare when a collection of goods have price increases or decreases. Sending price to infinity for a
collection of goods in his setting finds the welfare consequences of removing this collection of products for
all consumers. (His setting is not a search setting.) In constrast, Theorem 1 and Theorem 4 below allow an
arbitrary collection of consumers to continue shopping the good while another collection of consumers has
the good removed. That is, the results below are more general in that they allow for some some consumers
to discover the new product and some consumers to fail to discover the new product, rather than have all
consumers discover the new product. Improving the inequalities in Theorem 1 to equalities can be achieved
if we increase the econometrician’s knowledge to a level effectively the same as Bhattacharya (2018) in a
search setting: if we assume all consumers’ consideration sets are observable and demand conditional on
these consideration sets is observable over all prices, in addition to maintaining my above assumptions on
consideration sets and monotonicity of preferences in money.

17Specifically, I mean for every (y,1,¢), Ca CCp C C4 UR.
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if” the good were not even included in the consumer’s consideration se. Thus, we can
simulate the removal of several goods from a consumer’s consideration set by examining how
her demand changes as the price of these goods goes to infinity. For more intuition in the
simpler case of quasi-linearity, see the example in Section 4.

Collectively, the two intuitions above give us an interpretation of the lower bound of
average compensating variation as follows. Fix a good j among those being summed over in
the rightmost expression of Equation (9). The terms to the right of the sum for that good
7 then find the total value of increasing the probability of shopping that good j when all
of the other goods from R are not considered. Thus, the sum over all goods in R in the
right-most expression of Equation (9) sums the total welfare contribution of increasing the
probability that each good in R is individually considered. Since the collection of goods in
R are all substitutes, the value of each good added individually is less than the making the
collection available.

When R is a singleton, the above bounds can be refined to a single point. In this case

we have the following corollary:

Corollary 1 (Probable Addition of a Single Good). Suppose the listing rule changes exoge-
nously from A to B in a way that makes each consumer more likely to shop for product M .'8

Then, the average compensating variation of this change in listing rule is

1 = [ AQulwpss (10)
Pm
The proof of Corollary 1 is in the appendix. However, the results are intuitively appealing.
They are similar to classic results on the welfare of a new good. In the appendix, I include
analogous results that relate the average equivalent variation in the case of a probable removal
of a good.
Note that the results of Theorem 1 and Corollary 1 hold regardless of how many con-

sumers’ consideration sets hold good from R or M respectively under listing rule A.

4 Measuring Welfare Under Quasi-linearity

In this section, I determine how to measure welfare changes as a response to search-listing
changes. I start with my most general result: a formula that measures welfare changes from
aggregate demand lines under quasi-linearity. I leave the proof for the appendix, but follow

up with an example that shows the key ideas. I then present some simpler formulas that

18Specifically, I mean for every (y,n,¢), Cp is equal to C4 or CA U{M } .
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can be applied to specific cases of welfare changes.
For succinctness, I first denote total consumer welfare under listing rule o by €2, and

define it with the following formula:

Q, = lim /Ql(ym,p_l,a)der (11)
pln

P2;--spJg—00 7

[e.9]

0
o /pm Q2(y. p, (P P-q2))s @)dp + -+ [ Quly, p, P, ) dp.
2 Py

Total consumer welfare under listing rule a—hereafter abbreviated as total welfare—captures
the total value to consumers of the products in their (heterogeneous) consideration sets under
listing rule a. This total value is relative to the outside good—mno purchase. More precisely,
the first term in the sum that defines €2, calculates the average value of allowing product
1 to enter all consumers’ consideration sets; if a consumer does not have product 1 in her
consideration set under listing rule «, then this consumer’s contribution to the average is 0.
This added value is relative to consideration sets that only contain the outside product. The
second term in the sum that defines 2, adds the average value consumers gain by having
product 2 in their consideration sets, relative to consideration sets that contain (at most)
product 0 and product 1; consumers without product 2 in their consideration set contribute
nothing to this value. Consumers with product 2 but not product 1 in their consideration
set will contribute average values to the 2nd term that reflect product 2’s value relative to
the outside product alone. This process of adding in the average value of one more product
is continued from the third term until the Jth term in the sum. By the Jth term, all of
the consideration sets will have reached their full size under listing rule «. All the terms
together give ), the total value of sequentially allowing products 1 to J to enter all of the
consideration sets.

Lemma 1 below provides some deeper intuition. Fix a consumer (y,7,() and let w,

denote her “total welfare.” That is,

wol(y,n,¢) == lim /ql(y,p,pl,oa,n,é)dp+ (12)
p

p27“"pJ_)OO ’in

lim /qz(y,p,(pT,p_(1,2)),a,n,C)dp + -+
p

P3,.--,PJ—00 m

/qJ(y,p,pmJ,ozm,n,C)dp
p

m
J

Then we have the following result:
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Lemma 1. Under quasi-linearity,
Waly, 1, ¢) = maxu;(y — pj',n) — to(y,n).

This result is proved in the appendix as part of my proof of Theorem 2. Theorem 2
is stated below. Mathematically, Equation (12) becomes a telescoping sum of the utility
differences from the utility of the outside good up to the utility of the good the consumer
most prefers in her consideration set. The utilities for all goods between the outside good
and her most preferred good will difference out. Aggregating Lemma 1 into a statement

about average demand lines is straightforward and yields the following conclusion.

Theorem 2. Under quasi-linearity, the average welfare change 'V that occurs as a result

of a change in the platform listing rule from A to B is
IUW = QA — QB-

In words, by looking at the difference in the total welfare created by a change in the
listing rule, we can recover the exact average compensating variation. (The exact average
compensating variation is also the exact average equivalent variation, since the terms coincide
under quasi-linearity.) Of course, under quasi-linearity, the numbering of products 1 to J
can be arbitrarily rearranged and the formula still holds.

Theorem 2 captures several key ideas about welfare analysis in a search environment. The
first key is the use of prices. By raising a product’s price high enough—beyond consumers’
reservation prices—we can effectively turn off the value consumers gain from considering
that product. The second key is that, under quasi-linearity, the total value consumers gain
from their purchases under a given listing rule can be calculated by a sum across all demand
lines. Thus, it is not necessary to know each consumer’s idiosyncratic consideration set; it
suffices to know the aggregate demand curves.

The final key is the importance of the reference product, product 0. Theorem 2 works
by building up the utility around the outside product under the different listing rules. If
the utility of the outside product is not comparable across listing rules, then we cannot
hope to make meaningful welfare comparisons between the two outcomes. If there is greater
homogeneity in the content of the consideration set across the listing rules, then a larger
reference collection of products can be used and the welfare formula can be simplified, as
illustrated in Section 5.

The proof of Theorem 2 can be found in the appendix. However, the following example

captures many of the key ideas at work.

15



Example: Consider a market with a single consumer (y, 1, () who considers a single product,
product 1, along with the outside product under listing rule A. That is, this consumer
has consideration set { 0,1} under listing rule A. Under listing rule B, her consideration
set grows to {0,1,2,3}; she gains two additional products in her consideration set. For

simplicity, assume all market prices are 0 and that utility has the following form:

uo(y,m) =y

u(y,n) =y+a
uz(y,m) =y + 10a
uz(y,n) =y + 10a + e,

where a and € are positive.
Then, we see that the consumer’s product choice under listing rule A is 1 and her product
choice under listing rule B is 3. Her change in utility is S = u;(y,n) — us(y,n) = —9a — €.

Similarly, since Q1(y,p,p™, A) = limy, p, 00 Q1(y, P, p—1, B) and Qa(y,p,p—2,A) =0 =
Qs(y, p, p—3, A) for all price vectors,

QA - QB = _pli—r>noo QZ(yap7 (0,]73), B)dp - QS(yap7pT37 B)dp (13)
24 Py’
:—/ 1(9a>p)dp—/ 1(e > p)dp
0 0

= —9a — ¢,

as claimed in Theorem 2.

In the first integral of Equation (13) above, taking the price of product 3 to infinity
makes the consumer behave as if product 3 were not in her consideration set. This allows
us to measure the value of product 2’s addition to her initial consideration set of { 0,1 }.
The second integral of Equation (13) then takes account of the value of adding product 3 to

a consideration set of {0,1,2}. For more intuition, consider Figure 1 and Figure 2.1

YNote, if the pricing limit is not included, then we have [ Q2(y,p,0,B)dp = 0 <
limp, 00 fooo Q2(y,p, (0,p3), B)dp = 9a. That is, the pricing limits are essential for obtaining the correct
welfare conclusions.
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P2

As p3 — o0, the demand for Good 2 with
C, = {0,1,2,3} shifts upward to overlap
with the demand for good 2 with C, =
{0,1,2}

The outer curve is demand for Good 2 when
Cy, ={0,1,2} and other prices are p™,

The inner curve is demand for Good 2 when
Co = {0,1,2,3} and other prices are p™,

Q2

Figure 1: As the Price of Good 3 Increases, the Demand Curve for Good 2 Shifts Outward
Until it is as if no Consumer Considers Good 3. Both the dotted, blue and solid, black lines
show the relation between the average quantity demanded of product 2, ()5, against the price
of product 2, po, when the prices of all other products are at market prices. The blue line
captures demand under search listing rule B, when the consideration sets are all {0, 1,2,3 },
whereas the black line captures the counterfactual demand such that consideration sets are
all {0,1,2}. Necessarily, the blue line is (weakly) below the black line at all quantities. If
the market price of good 3 went to infinity, then the blue line would shift up to become
exactly equal to the black line, as pictured. This figure is the author’s own diagram.

17



P2

The outer curve is demand for Good 2 when
Co ={0,1,2} and other prices are p™,

The inner curve is demand for Good 2 when
Co = {0,1,2,3} and other prices are p™,

\ py’
Q2

Figure 2: Calculating the Welfare Benefit of Considering Good 2 and Good 3 Requires A
Pricing Limit for Good 3. The northeast, navy lines indicate the area between the market
price for good 2 and the average demand curve for good 2 when all goods are at their market
prices. The dotted, blue line is the demand curve for Good 2 when the platform listing rule
B is in effect. Under search listing rule B, each consumer’s consideration set is {0, 1,2,3 }.
The solid, black line is the counterfactual average demand for good 2 when all consumers
consider {0,1,2}. Under listing rule A, all consumers consider {0,1}. The average value
that consumers gain in going from listing rule A to B would include the area indicated by
the northeast, navy lines and the area indicated by the pink dots. The sum of these areas
captures the average welfare gained by consumers who can now consider good 2; that is, the
sum captures the gain in going from {0,1} — {0,1,2}. To add the welfare gained from
going from {0,1,2} to {0,1,2,3}, the researcher would add the area under the average
demand curve for good 3 when all other goods are constrained to their market prices (not
pictured). This figure is the author’s own diagram.
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5 Welfare Results Under Simple Listing Rule
Changes

In this section, I look at formulas for measuring the changes in welfare that result from simple
changes in the listing rules. I demonstrate that the calculations required in Theorem 2 can
be simplified in many situations of practical and counterfactual interest. I consider listing
rules that (1) swap a single product in a search-result list with a new product and (2) add
or remove a collection of products from a search-result list. While case (2) was already
considered in Section 3, the stronger assumption of quasi-linearity allows me to strengthen

the bounds of Theorem 1 into equalities.

5.1 Single Product Swap

In this section, I present measures for the welfare change that results from swapping two
goods in the search-result list. That is, if good 1 is being swapped for good M, good M is
not included in search-result lists under rule A while good 1 is not included in search-result

lists under rule B.

Theorem 3 (Probable Product Swap). Under quasi-linearity, when the listing rule changes
from A to B such that good 1 is swapped for good M, then the average welfare change is

p' = Quyp.pT A)dp = | Quily pu, o7, B)dpa
4 Pym

In Theorem 3, good 1 and good M are not contemporaneously present in any individual’s
consideration set. The welfare comparison can still be made with the C4 \ {1,M } = Cp \
{1, M} being the reference collection for each consumer. This is why quasi-linearity is
essential for Theorem 3 or any time a change in the search-result list simultaneously increases
some products’ probability of being shopped while decreasing other products’ probability of
being shopped. The proof is provided in Section B.5.

5.2 Adding a Collection of Goods to Search-Result Lists

I conclude this section with a formula for measuring welfare changes that result when a
collection of goods is added to search-result lists. These results are also applicable when
the cost of searching products (weakly) decreases for each consumer. The results for the
removal of a collection of goods from the search-result lists are analogous and included in

the appendix.
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First, for a collection of products R = {ry,...,rg}, define the total consumer value of

products in R by

Fa (R) = lim / Aer (ya D, D—ry, a)dp +
DrogssPrg —>00 i
lim Qro (Y, 0, (D) P—(r1r))» )dD 4+ - - + Qry(y, 0, ", > )dp.

pT‘3 ’ 7er p;rpz, p;nR

Note that [',(J) = Q.
Then, the following formula can be used to calculate the exact welfare changes that result
from changes in the search-result list that weakly increase the probability that each good in

R enters the consideration sets.20

Corollary 2. Let R = {ry,...,rr}. Suppose that a change in the listing rule from A
to B increases the probability that each of the products in R is considered. Then, under

quasi-linearity,
W =T4(R)-Ts(R).

The proof is provided in the appendix.

6 Data Application

6.1 Data Overview

In this section, I estimate welfare changes from listing rule changes for a data set that details
the click and purchase behavior of a collection of consumers booking hotels using an online
travel agent (OTA). The data is from the 2013 data challenge for the IEEE’s International
Conference on Data Mining (ICDM).?! The competition was open to the public through the
online data science community Kaggle. Data for the contest was provided by Expedia.

The data is centered on a collection of search impressions that OTA users interacted
with, primarily on Ezpedia.com. To understand the term search impression, first consider a
consumer searching on Ezpedia.com for vacation accommodations in 2013. This consumer
would initially face a page as pictured in Figure 5. Here, the consumer would enter her
vacation destination, the days she planned to spend at her vacation destination, the number

of rooms she wanted to book and the number of adults and children that she will be traveling

20This result does not allow for the displacement of other goods.
21IEEE is the Institute of Electrical and Electronics Engineers. The ICDM is considered the world’s
premier research conference in data mining. Data challenges are typically held annually.
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with. All this information, pictured in the blue boxes in Figure 5, is collected by Expedia
and used to produce a sequence of listings of available hotel rooms. The user is promptly
directed to this listing sequence upon entering her information and clicking the button that
says “Search for Hotels.”

An example of a single hotel listing is given in Figure 6a. The blue boxes identify the
information that Expedia collects and that is included in the data set for each hotel listing.
Each search is likely to produce several listings. The number of individual listings will vary,
depending upon the destination city, the availability of hotel rooms on the given date, and
the presence of advertising. In the data, the number of listings on the first page of results
varies between 1 and 34. A search impression is then defined to be the first page of search
results for a given user query. For a large fraction of searches, the number of relevant listings
is greater than the length of the search impression. This fact is suggested by the high
frequency of long search distributions; see Figure 3.

When a consumer clicks on a listing, a new page opens and provides more details about
the property’s available rooms. In particular, when a user clicks on a hotel listing, she
receives information on the available hotel such as the size of the beds, the parking fees,
some pictures of the room interiors, the availability of free breakfast, the room amenities
and any hidden fees. An example of this final page is shown in Figure 6b. From here, the
consumer may choose to book with the hotel.

The data provides information on the entire first page of the search results each consumer
faces. It also tells us the listings each consumer clicked on as well as the listing the consumer
eventually booked (if any). Thus, if we assume the products that enter a consumer’s consid-
eration set are exactly the products in a consumer’s search impression, then we can readily
estimate demand. Moreover, Expedia provides us with data from one of their experiments:
this data set includes search impressions where the hotel-listing order was determined by
Expedia’s proprietary ranking algorithm as well as search impressions that resulted in list-
ings being ordered randomly over the pages of results. This provides us with an excellent
opportunity to study the welfare consequences of moving from random rankings to Expedia’s
proprietary ranking system.

While the data set provides an excellent opportunity to study the relationship between
listing rules and consumer welfare, a few important caveats should be pointed out. First,
search impressions only list the first page of results for each user query. Thus, a consumer
who searches beyond the first page of listing results (should there be additional listings) will

not have her full consideration set observed in this study.?? Her behavior on the second

220f course, Expedia would have been able to tell this in their own data. This information had simply
been left out of the competition data.
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page of results would be treated as a separate (unassociated) search impression, if included
at all. The same would be true for a consumer who searched over multiple start and end
dates. Thus, to the extent that these consumers viewed multiple search-result pages or
considered alternative booking dates, the results of this study will underestimate the size
of the individual OTA user’s consideration sets. Ursu (2018) provides some evidence from
a companion data set?® where more than 40% of Ezpedia.com users only look at the first
page of results. Thus, for a large fraction of Fxpedia.com users, it would be reasonable
to assume that each consumer has a consideration set that is exactly equal to her search
impression. Second, for competitive reasons, Expedia would not verify how representative
the sample was. However, Ursu (2018) was able to verify that the Expedia data set was
representative of the largest shopping groups on Expedia, except for transactions that lead
to sales being oversampled. Thus, the results should be interpreted as averages for this
collection of typical consumers with more serious intent to purchase rather than averages
over all consumers. Ursu (2018) provides extensive justification for studying and comparing

the two groups; see the discussion therein for more details.

Distribution of Search Impression Length

count

Search Impression Length
Figure 3: The Distribution of Search Impression Length After Data Cleaning. This figure
shows the distribution of the length of search impressions over all users and listings in the
data provided by Expedia after the author’s data cleaning. The data contains a sampling
of search impressions of OTA users from 2012 and 2013. The uncleaned data is available to
the public on Kaggle.com. The author generated this figure using R.

23The companion data set is from the Wharton Customer Analytics Initiative and contains several statistics
on Ezxpedia.com users.
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6.2 Demand Estimation Strategy

I fit a model of product choice where, for product j in consumer 4’s consideration set at time
t,

uijr = a(y — pije) + B/ X5 4+ nije

Ujor = QY + Niot

Here, 7;;; is a standard Type I extreme value distributed random variable that is independent
over j and ¢, given 4’s consideration set. The vector X; contains the product characteristics
of good j. Income y is not observed but is not needed since it differences out of product
decisions. I assumed that each search impression was a unique user and that consideration
sets were exactly the products listed in the search impression.?* For simplicity of analysis,
I assumed that the prices and product characteristics are independent of 7;;.>> In order
to ensure my demand parameters could be estimated, I dropped all of the properties that
were chosen fewer than 50 times and all search impressions where these infrequently booked
properties were chosen. As there were a small number of observations where the recorded
prices were much higher than the actual prices consumers observed (as discussed in Ursu
(2018)), T also drop all bookings with a listed nightly price above $1500USD and all search
ids that choose a booking with a recorded price over this amount; there are only four of
the latter and a handful of the former. In the end, 90,474 rows containing 4,694 search
impressions remained; 1,775 impressions are from the random listing rule and the remaining
2,919 impressions are from the proprietary listing rule. Consideration sets, not including the
outside product, have an average length of 19.27 listings and a median length of 21 listings;
see Figure 3. The outside product was chosen 38.6% of the time. The average price of a
room is $129.29 per night.

I chose components of X; with the aid of previous studies that looked into the covariates
of hotel booking choice in this data set. Following the results of Liu et al. (2013), I included

2

property star ratings, property branding information, a property-location score?® and an

24This is justified in the previous subsection.

25 Alternatively, this assumption was justified in Ursu (2018) by including product fixed-effects and check-
in-time fixed effects in the regression and appealing to standard pricing practices in the OTA industry. When
I run a more highly-specified regression, with check-in-week-fixed effects and product-fixed effects (including
the latter necessitates the removal of star rating due to collinearity), I obtain a price coefficient of -.012. This
is very similar to the price coefficient from my simpler regression. For ease of interpretation, I proceed with
the simpler regression for the rest of the paper’s results. Full results under the alternative fixed-effects-rich
model are computed in the R code accompanying this paper.

26This is calculated by Expedia, using information about the user’s query and the property’s locations.
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indicator variable for promotions. I ran the regression in R (R Core Team 2017), using the
mlogit package (Croissant 2019). The results are shown in Table 1. T find that all of the
included coefficients are highly significant. As expected for demand, the coefficient on price
is negative and highly significant.?” A picture of the demand for the most popular booking
under a variety of deviations in the price of the second most popular booking is shown in
Figure 4. Figure 4 shows that there is little difference between the demand for the top
booking when the price of the second most popular booking is $166 above its market price
and the demand for the top booking when the price of the second most popular booking is

infinity.

Table 1: Demand Parameter Estimates and Standard Errors for Online Searches and Book-
ings of Hotel Rooms in Ezpedia data set (2012-2013). This table includes demand parameter
estimates for the regression outlined in Section 6.2. Standard errors are listed in parenthesis,
below coefficient estimates. All coefficient estimates are, statistically, highly significant.

Dependent variable:
Hotel Booked

property star rating 0.513
(0.048)
property brand boolean 0.418
(0.053)
property location score 1 —0.922
(0.043)
price in USD —0.010
(0.001)
promotion flag 0.266
(0.047)
Observations 4,694

27] performed an alternative regression, with product fixed effects, the promotion flag, check-in-week fixed
effects, price and price interacted with property star ratings. I find the price and property star rating
interaction term does not have a highly significant coefficient, which supports the assumption that utility
is linear in money. Details of this regression and its output are included in the R code accompanying this

paper.
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Figure 4: Demand for the Top Booking Under Variation in the Price of the Second Most
Popular Booking. These figures show the demand for the most popular booking in the data.
Each line is drawn given a price deviation of the second most popular booking. The standard
deviation of the second most popular booking, denoted in the figures by o, is 33.14. (More
summary statistics are available in Table 2.) Deviations in prices are from their observed
market prices. The y-axis for both figures denotes the price increase in the most popular
product above it’s market price.

Demand For Top Product Under Variation in Second Product's Price
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Price Change of Top Product
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(a) Demand for the Top Booking Under Variation in the Price of Second Most Popular Booking.

Demand For Top Product Under Variation in Second Product's Price
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(b) Zoomed View of the Demand for the Top Booking Under Variation in the Price of the Second
Most Popular Booking. This figure zooms in on the figure in panel a.
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6.3 Welfare Change from Random Rankings to Purchase Rank-
ings

As discussed in the data overview, the data contains information over two different listing
rules. The first listing rule is a “random” listing rule. Under the random listing rule, the
list order is filled in using an almost random ordering of products matching consumers’ first
page selections. It is almost random because some of these listing positions are reserved for
sponsored search impressions.?® The second listing rule ranks products using a proprietary
algorithm known to Expedia. The rule ranks products (at least in part) by their relevance (or
probability of purchase). Indeed, the goal of the data challenge was to produce an algorithm
that could learn to rank the products in order of their purchase-and-click likelihood.?

In order to estimate the change in welfare between the two listing rules, I used demand
estimates from the previous section. Given the search impressions observed over the two
listing rules, I predicted average demand for each good under each listing rule and over all
prices. Using Equation (11) and Theorem 2, I found the total welfare under the random-
listing rule to be $96.77 and the total welfare under the proprietary-ranking rule to be
$104.88.3° Thus, I conclude that welfare was improved by an average of $8.11 per person
when the listings were ordered by the proprietary-ranking rule. Intuitively, this is appealing.
While there are valid reasons for concern about the welfare harm that could come from
manipulating search-result lists, it is also true that a well-ordered list can improve welfare
over a randomly ordered one.

In order to estimate a confidence interval for the welfare change, I performed 500 boot-
strap resamples of the data. Each bootstrap resampling drew 4,694 impressions—the same
number as total in the data—randomly and with replacement. For each bootstrap resam-
pling, I recalculated demand and then re-estimated the total change in welfare. I then use
the .025 and .975 quantile estimates of the bootstrapped estimates as the bounds of a 95%
confidence interval on the welfare benefits of the proprietary listing rule. These bounds are
from $6.11 to $9.74; $8.11 is a statistically significant estimate.

Given my assumption that consumers only look at the first page of search results, price
independence will hold reasonably well if, as the price of a good increases, the OTA’s listing

rule does not remove this good from the first page of search results before most consumers

28For this paper’s study, it is not essential the ranking be perfectly random. The key is that this (im-
perfectly) random listing rule has welfare consequences that are measurably different from the alternative
listing rule.

29These algorithms are called LeToR algorithms and the data science community has a literature around
them.

30Note that Theorem 2 holds when there is a coefficient on money. This is clear as it is a simple change
of variables in the integrals.
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no longer prefer to purchase it. Since the dataset includes ranking information, a simple
regression of product ranking on booking price and the other covariates from the earlier
demand regression is informative of this relationship.®' I ran this regression on the bookings
that were ordered by the random-ranking rule and then again, separately, on the bookings
that were ordered by the proprietary-ranking rule. As expected, the price coefficient in the
former case is a weak predictor of ranking. In the latter case, while the price coefficient is
statistically significant large changes in price are predicted to have small changes in ranking.
For example, in the latter case and for each of the five most popular bookings, I estimate
that a three-standard-deviation increase in a good’s price increases a product’s ranking by
less than three positions.®? This is a small amount, given the first page of search results has
space for more than 30 positions. At the same time, the previous section’s demand regression
predicts that a three-standard-deviation increase in price lowers the quantity demanded for
each of the top five products by more than 50%. (See Table 2 for details.) Thus, as the price

of a good increases, it is likely to become undesirable before it is removed from the first page

of search results, and price independence approximately holds in this environment.3?
Product | Average Price Estimated Estimated
(Standard Deviation) | Ranking Change | Demand Change
A $61.63 ($36.27) .735 positions -65.7%
B $53.90 ($33.14) 672 -62.6%
C $89.55 ($46.92) 951 -75.4%
D $167.37 ($82.55) 1.67 -91.7%
E $107.31 ($52.04) 1.05 -79.2%

Table 2: Comparing the Effects of a Price Increase on Predicted Ranking and Predicted
Market Share. This table shows my estimates of the effects of a good’s price increase on its
own rankings. The values are estimated for a three-standard-deviation price increase from
their observed levels. Products A through E above are the same A through E in Table 3
below. That is, these are the five most popular bookings in the Expedia data set. This table
also includes my estimates of the effects of a good’s three-standard-deviation price increase
on its quantity demanded. I estimate that this sharp price increase will only mildly increase
its ranking but will decrease its quantity demanded sharply. Thus, price independence is
tenable. Only data from the search impressions that were ranked by the proprietary listing
rule were included in this analysis. The data was from 2012 to 2013 and was provided by
Expedia.

31That is, for each search impression, I regressed the products ranking on price, property star rating,
property brand boolean, property location score 1 and the promotion flag.

32Tf a hotel’s ranking increases, it is found farther down the page. A ranking of 1 is the closest to the top
of the page and is the first among the search results to be seen by the consumer.

33Repeating the regression with a richer-specification of product-fixed effects and check-in-week-fixed ef-
fects further reduces the average predicted change in ranking to less than 2 positions for 3 standard deviations
of price change. The code for analysis under this richer-specification is also included with the paper.
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6.4 Welfare Changes from Removing the Top 5 Products

In this section, I provide estimates of the welfare loss that results from a new listing rule
that hides the top five products from the consideration sets. This analysis allowed me to
simulate the welfare harm a search platform could cause by suddenly removing certain third-
party listings from its search-result lists.** The top five products are the products with the
largest estimated market share in the sample data. These market share estimates are listed
in Table 3. Together, these firms account for about 20% of the observed bookings. The
market is not dominated by any one hotel: even the hotel with the largest market share
accounted for less than 6% of total sales in the observed data.

Given my demand estimates from earlier in this section, I calculated welfare using Corol-
lary 2. This calculation amounted to removing product A, then B, then C, et cetera. The
results are shown in Table 3. The average welfare lost from the combined removal of all five
products is $23.87 per person. The marginal removal of each additional product reduced
consumer welfare by around $5. Bootstrap confidence intervals were calculated with 500
bootstrap resamples of the 4,694 search impressions. With each resample, I re-estimated
demand and then re-estimated the welfare losses. The .025 and .975 quantiles of the boot-

strapped estimates are the boundaries of the 95% confidence intervals.

Product | Estimated Estimated Bootstrap
Market Share | Marginal Welfare Loss | 95% Confidence Interval

A .0530 $5.35 [$4.75, $5.96]

B .0454 $4.88 [$4.36,$5.39]

C .0432 $4.92 [$4.59, $5.28]

D .0382 $4.49 [$3.97, $5.09]

E .0344 $4.23 [$3.86,$4.62]

Total 214 $23.87 [$21.85, $26.06]

Table 3: Counterfactual Marginal and Cumulative Welfare Losses from Removing the Top
Five Products from the Search-Result Lists. This table shows my estimates of the marginal
welfare loss from removing product A, then B, then C, etc. until E is removed last. Products
A through E are the products estimated to be most frequently purchased in the data set.
I performed 500 bootstrap resamples of the data to calculate the 95% confidence intervals.
The table also indicates each product’s estimated market share in the data provided by
Expedia.

34This was a concern that drove the EU Antitrust authorities to fine Alphabet $2.7 billion in 2017 and
there is evidence that Amazon also does this.
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7 Conclusion

I have presented several formulas for measuring the changes in consumer welfare that result
from an online shopping platform changing the way it lists its search results. Under mono-
tonicity, compensating variation and equivalent variation can be bound with straightforward
integrals of aggregate demand. Under quasi-linearity, the exact compensating variation and
equivalent variation can be recovered. I have also provided formulas for estimating the coun-
terfactual welfare changes that occur under certain simple listing rule changes. Applications
to data that features an OTA’s search-result experiment show that ordered listings improve
welfare over random listings by an average of $8.11 per user. They also show that the re-
moval of the five most popular products from search-result lists would lower welfare by an

average of $23.87 per user.

Appendix A Welfare When Consideration Sets Depend
on Prices

In this section, I show equivalent variation need not equal the difference between initial
and final utility when price independence fails, despite utility being linear in money. In
particular, suppose consideration sets depend on the difference between income and good
prices. That is, a consumer (y,7,() has consideration set under listing rule a denoted
C({ Y = pr }pes M ¢ ). Equivalent variation SEV can be adapted to this setting in the case

of a welfare-improving change in listing rule as follows:3?

SEV —gup{S eR: max u;i(y—p; —S,n) >
Pt JECHy—pi—5 bpegmGA) =p; ) =

max ui(y —pj,m)} (14)

a
J€CH{y=pk }resmC.B)

For simplicity, this market has a single consumer (y,7, (). This market has two plat-
forms, Affordable Store and Big Mart. This market has two goods for sale; J = {0,1,2}.
Affordable Store sells good 1 on its platform and Big Mart sells good 2 on its platform. The
consumer forms her consideration set using the following rule: she considers goods exclu-
sively from Affordable Store if good 1 is available on Affordable Store and has price no lower
than $20. Otherwise, she considers all goods on each platform.?® The consumer’s utility for
each good is as follows:

uo(y,n) =y
u(y—pi,m) =y —p1+7
Us(y —pa.m) =y —p2+7+6

35In the case of a welfare-decreasing change in listing rule, the supremum would be replaced by an infimum.
36To motivate this, suppose a price lower than $20 may make her believe both stores are having a sale and
that she could get an even better deal deal at Big Mart.
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where § > 3 and v > 20. Suppose that under listing rule A, good 1 is available for $22
on Affordable Mart and good 2 is available for the same price, $22, at Big Mart. Thus,
under listing rule A, the consumer’s consideration set is { 0,1}, she purchases good 1 and
her utility is y — $22 + 7.

Next, suppose that under listing rule B, Affordable Store removes good 1 from its plat-
form.>” Thus, the consumer expands her consideration set to include good 2 and receives
utility y — 22 4+ v + 4.

The consumer’s utility differs by —0 from case A to case B. However, inspection of
Equation (14) shows that when S < —2, the consumer searches all goods and the left-hand
side of the inequality in Equation (14) is equal to y — 22 + |S| + v + ¢ and the inequality
holds. Thus, S¥V > —2 > —3 > —§ and therefore equivalent variation is closer to 0 than
the change in utility. Intuitively, a small increase in the price of good 1 encourages her to
expand her search and ultimately benefits her just as much as the change in listing rule from
A to B. In this case, the difference in utility overestimates the price decrease (or income
increase) that would compensate her for the change in listing rule.

It is straightforward to devise a similar example showing utility differences need not
equal compensating variation, either. Thus, welfare measures in search settings require
some scrutiny. Simple differences in utility should be interpreted based on the entire search
model, and need not coincide with the classical welfare measures of compensating variation
or equivalent variation, even when utility is linear in money, without additional modeling
assumptions.

Appendix B Proofs

B.1 Proof of Theorem 1

To prove Equation (9) in Theorem 4, I first show that the individual inequalities in Equa-
tion (15) below hold for an arbitrary consumer. That is,

0> 8% > ] /A» : AP dp; 15
Zpk%o\}ggm{]} (Y, v, (PR\(5}> P (R j))> 1 C)dpy, (15)

where

Aq;(y, pi> (Pr\( PR 1, C) = (16)
(Y, pw(pvz\{g} P ray)s A, Q) — 4 (Y, pis (PR\(G > P (R j))» B )

[ start by proving the left-hand inequality in Equation (15). To that end, fix an arbitrary
consumer (y,7,() and fix consumer-listing rules A and B. For ease of notation, I define the

37To motivate this, Affordable Store could be removing good 1 to try to push a 3rd good onto the consumer
that gives Affordable Store better margins. However, the consumer values this third good at its offered price
less than the outside good and still expands her consideration set to include Big Mart’s goods.
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following terms. Let
J5(C) = arg max ui(y — pj'n),

for an aribitrary consideration set C O {0 }. For further ease, I abbreviate j*(C4) as j% and
Jj*(Cp) as jj. Next, note that by monotonicity for any consideration set C O {0} there is
some real number pj;« (C) defined such that

r?&xuj(y —pj"m) = uj(y — Py (C),n)-

Note that if C C D then p;: (C) > p; (D) by monotonicity and since,

maxu;(y — P, n) = g (y — Py, (C),n) < maxu;(y —pj* ) = ugy (y — Py (D), ).

Moreover, note that when C = Cy4,
m m C —
win (y = ik om) = wiy (y = Pt + S m) = wy (y — Py (Ca)ym).
Therefore, we can conclude that pj: (Ca) = pj: — S €V Thus,

: (17)

SV = 0if j = j4
SV < 0if 55 # j4

which proves the left-hand inequality of Equation (15). The second part of Equation (17)
follows from the assumption in Theorem 1 that C4 C Cp.

To see the right-hand inequality in Equation (15), I prove two claims for our arbitrary
consumer: (1) that

li Ag;i(y, p; S op e ), O dps <0,
pﬁoo\}ggm{j}/pyl (Y, v, (PrR\{5}> P (R j))> M C)dpj <

for every j € R; and (2) there is some j € R such that

SCV> lim /A-7., ‘,m-,,d-.
_pk*)OOVlkGR\{j} P 4i(y: 2j> (Pr\(5) p*(RJ)) 1, C)dp;

It is clear that these two claims together are sufficient for the right-hand inequality to hold.
For the first claim, fix 5 € R arbitrarily. It sufficies to show that

I (4. Cm N A<
pk_movlggn\{j}qy(yapja (pR\{j}ap_(R,]))a > 1, g) >~

I (D o g
pkﬁoov}lzgR\{]}qj <y’p]’ <pR\{J }’p*(R,]))7 1, C)a

for all p; € [p}", 00). Note that for a fixed p; € [p]*, 00),

li (Y, p; o™ ) A —1onlyif j = 7*(Ca \ (R\ 7).
pw%\;ggm{j}q](y,pj,(pn\{g},p_(g,])), ,1,¢) =1onlyif j =7°(Ca\ (R\J))
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But if j = j*(Ca \ (R \ 7)) then it must be the case that j = j*(Cg \ (R \ j)) and moreover
Ca\(R\j)=Cg\ (R\j) since C4 and Cp can differ by at most R. Thus, it must be that
for a fixed p; € [p}*, 00),

pk%mvllign\{j}%(y’p]’(pR\{J}’p—(R,j))a 1, ¢)

only if pkeoolvilng\{j}qJ(y’pj’ (pR\{j}’pT(R,j))v B,n, C) =1,
and 0 otherwise. Since limy, ,ooveer\{;} 4 (Y, Pj (pR\{j},pT(RJ)), B,n,¢) > 0, this completes
the proof of the first claim.
For the second claim, note that if SV = 0, then the second claim holds true for all
7 € R trivially as a result of the first claim. Thus, it just remains to show that the second
claim holds in the case that SV < 0. In this case, it must be that j3 # j4 and that
Jj5 € C\ Ca € R. Thus, fix j = j5 and note,

lim / Ag; s Mis i}y Cn AVERIE] dmn.:
pr—rooVkeR\{j } P q](y bj (pR\{]} p (R,])) n C) Dj

—— lim / 053, (rv(3) P )s B, )l (j & Ca)

pr—ooVEER\{J } pr

= — hm (Y, i, i, T:L . 7B’ ) d X
/p;_n pk%kaER\{j}q](y Pi» (Pr\(5}, P2 (r.3))> By 1, O)dlp;

(Monotone Convergence Theorem )

=i = Dj(Ca\R) (€ \R=Ca\R)
< i, — P (Ca) (Ca\R CCa)
SCV

This completes the proof of the second claim and the proof that Equation (15) holds for
an arbitrary consumer.

Finally, to get Equation (9) from Equation (15), all we need to do is integrate each
part over n and (, pass the limit through the integral by the monotone convergence theorem
(which is possible by monotonicity) and finally switch the integral order by Tonnelli’s theorem
(which is possible since we showed the integrand is non-positive).

B.2 Welfare Theorems Under Monotonicity in the Case of the
Removal of Listings from Search Results

The following theorem bounds the equivalent variation in the case of the removal of a col-
lection of goods from the search-result list.

Theorem 4 (Probable Removal of Goods). Suppose the listing rule changes exogenously
from A to B in a way that makes each consumer unable to consider goods in the collection
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R.3® Then, the average equivalent variation of this change in listing rule is such that

EV < Z lim / QJ Y,Dj, (p'R\{]} p_ R))dp] (18)

pk —ooVkeR\{j }

The proof of this result is analogous to the proof of Theorem 1 above.

B.3 Proof of Corollary 1 and Corollary 3

In the case of the addition of a single product that was previously unconsidered or the
complete removal of a single product from the search-result lists, the non-zero bounds in
Theorem 1 and Theorem 4, respectively collapse into an equality. The results of Corollary 1
and Corollary 3 build on this result.

First, I state Corollary 3 and then I prove both.

Corollary 3 (Probable Removal of a Single Good). Suppose the listing rule changes exoge-
nously from A to B in a way that makes each consumer less likely to consider product 1.3
Then, the average equivalent variation of this change in listing rule is

pY = /OO AQT(y, p1, p™ )dp. (19)

Y

B.3.1 Proof of Corollary 3

Fix a consumer (y,n, (). There are two cases. In case 1, the consumer makes the same good
choice under A as under B. In case 2, her choice changes. In case 1, S¥V
we see

must be zero, and

/qin(y,pm,(,fl)dp—/ q"(y,p,n, ¢, B)dp =0

pT" T

since if 1 is her choice then it must be that 1 € C4,Cp and if 1 is not her choice under A,
then it mustn’t be under B as well and both integrals are 0. This finishes the proof for case
1.

In case 2, our fixed consumer must have purchased good 1 at time ¢ = 0. We know from
Theorem 4 that

S = / a1 (y, 0,1, ¢, A)dp
Py’
Moreover, for this consumer, since 1 ¢ Cp (otherwise she would have purchased it),

0=/ qt*(y,p,n, ¢, B)dp

28

38Gpecifically, Cg CCq CCp UR.
398pecifically, I mean for every (y,n,(), Cp is either equal to C4 or Ca \ {1}.
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Thus, for this case as well,

SEV - / QT(yapJ?a <7A>dp _/ qT(y’p’n’C’B)dp
p

m s
1 b1

Aggregating over consumers and cases and then switching the integration order by Tonelli’s
theorem yields the desired result.

B.3.2 Proof of Corollary 1

This proof is very similar to the proof for Corollary 3 above and is therefore omitted.

B.4 Proof of Theorem 2

Fix an arbitrary consumer (y,7,() and let w, be defined by

W = hmm / ql(y,p,pTl,n,C,Oz)dp—i— m hmm / 92(yap7pT27U>C>@)dP
Py, D' =00 P P3Py 00 P
+---+/ ¢1(y,p,p" 5,1, ¢, ) dp. (20)
Py

By Quasi-linearity and Tonelli’s Theorem, it suffices to prove that

Wa = max {y -+ Uj(n)‘| —uo(y,n) (21)

because then
— = — ’IT'L J ; — — m J - fr— w
wa —wp = max {y Py +Uj (77)] max [y P+ U (?7)] S

and
Qu—Qp = /wAdF— /deF = .

Thus, to show Equation (21), first note that
_lim / a1 (y,p, p™1,m, ¢ )dp
Py, D —+00 P
= i 1(1€C,) - 1|—pi +Ui(n) > —p; +U;(n)|d
pp /p;" ( ) { pr+Ui(n) > max, —p;+Uj(n)| dps
=1(1€C,)- / 1 [—pl + Uy (n) > Uo(n)] dp;  (Monotone Convergence Thm)
p

m
1

e+ Tin) = Toln) i Ti(n) = pi > To(n) and 1 € Cq
0 otherwise.
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Similarly,

lim /Q2(y,p,pm2,n,é,a)dp
p

—p5 + (72(77) — (fflaxjecam{ 01} —Pj + Uj (1)) .
= if —p5'+ Us(n) > maxjec,nfo1y —pj + Us(n) and 2 € C,
0 otherwise.

Continuing this pattern and putting this all together, we see

Wa = lim / q1(y7p7pTlan7C7a)dp + h;I;I’%ﬁoo/' Q2(y>p7p7—n277]7<705>dp (22>
P p

+~~~+/ @ (y,p, "5, m, ¢, )dp
Py
—1(1= Uj(n) =" ) %

{ max Uj(n)—p}”—( max 0]'(77)—]9?)}

j€Can{0,1}

1(92 = U:(n) —p™ | x
+ ( M8 0.2} (1) p])

{ max Uj(n)—pgn—( masx Uj(m—p;ﬁ)]

jeCan{0,1,2} JECaN{0,1}

L4 1 (J:argnéaxl?j(ﬁ)—pgn) X

{maxffj(n)—pT—( max Uj(n)—p?l)]’

j€Ca JE€C\{J }

I now conclude the proof of Equation (21) using Equation (22) with induction on J € N.
Note that for J =1, C, C {0,1} and

wa = 1(1 = argmax) Ui (n) — 7" — Oo(n)|

= max [Uj(n) — pﬂ — Us(n),

Jj€Ca

which proves the base case. Now suppose this holds for the collection of goods {0,1,..., K }.
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Then, for J = K + 1,

We = [jelcg%f%} U;(n) — p;”} — Us(n) (by inductive hypothesis)

1 (J: al"gHéiXUj(n) _pg'l) |:maXﬁj(77) —p' - ( max_ U;(n) —p?l)]

j€Ca jeCa\{J }
= max [Uj (n) — pT] — Us(n),

which concludes the proof.

B.5 Proof of Theorem 3

Fix a consumer (y,7,(). I start by showing

o0

SW:/ qi"(y,p,n,C,A)dp—/ avi(y,p,n, ¢, B)dp
p

77 7
1 P

In the cases where only good 1 exits this consumer’s consideration set, or only good
M enters this consumer’s consideration set, or her purchase behavior does not change, the
result is clear from Corollary 1 and Corollary 3. This leaves only the case where the consumer
purchases good 1 under A and purchases good M under B. In this case, CA\{1} =Cp\{ M }
Thus,

/ql(y,p,pTl,n,QA)dp—/ a(y, 0, 0", m, ¢, B)dp
p

m (0]
1 Py

=ui(y — pi"s 1) —jegi&\\ﬁ}uj(y —pi',n)

— |u —ph,n) — max  u;(y — pj,
{M(@/ P ) = x| iy = pi, )
(Corollary 1, Corollary 3 and Quasi-linearity)
=ui(y — pi",m) — un(y — Pi, )
= sV,

Extending the results from SV to u"' proceeds exactly as in the rest of the proofs.

B.6 Proof of Corollary 2 and Analogous Result for Multiple Prod-
uct Removal from Search-Result Lists

B.6.1 Proof of Corollary 2

This is a corollary of Theorem 2. As discussed in Section B.4, the ordering of the goods
does not matter. So, let the goods 1,...,J=1,2...,r,...,rg. That is, good J = rg, good
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J—1=rg_,...,J—R+1=ry. Then

2, = lim /Ql(y,p,p_l,a)der---Jr
Py

P2;.-sPJ >0 m

[o¢]
lim Qri—1(Y: 0 (P15 -+ D]} 05 Prys -+ s Prg)s @)dp + Do (R).
DryyeesPrg —00 p?i—l
Since
o0
Ag = lim / Q1(y,p,p—1,a)dp+ -+
P2;--pJ —00 p;rln
o0
lim Qri—1(Y, 0, (P1"s - - P —2s Prys - - - Pr), @) dp
Dry e sPrg —+00 p;y{_l
is invariant to the inclusion of products {ry,...,rg } in consideration sets or not—the price

limits make A, independent of them—we see Ay = Ap and, thus
Qa—Qp =T4(R)-Tp(R),

which completes the proof.

B.6.2 Multiple Product Removal

Suppose now that the collection of products R is removed from search-result listings. Under
Quasi-linearity, this simply requires reversing the sign on the results in Corollary 2. The
only difference is that the roles of A and B are switched.? For completeness, I state the
results below.

Corollary 4. Let R = {ry,...,rg}. Suppose that a change in the listing rule from A
to B increases the probability that each of the products in R is considered. Then, under
Quasi-linearity

pV =T4(R) - Tp(R).

40Indeed, renaming A and B above for their reversed roles gives the proof for Corollary 4.
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Appendix C

Figure 5: 2012 and 2013 Home Page of Fxpedia.com. This is the first page encountered by
users of Ezpedia.com. Users select their travel destination, the number of rooms they wish
to book, the number of days they wish to spend at the destination, and the number of adults
and children who will be staying in the room. All of this information, highlighted by the
blue boxes, was collected by Expedia and included in the data set they provided. This figure
was provided by Expedia.
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Figure 6: A Search Listing and the Final Booking Page on Expedia.com in 2012 and 2013.

promotion_flag

prop_starrating

Pod 39

s 4.3 outof § OSkhr S ooms ot 8235
Shaee prop_review_score o e i
Bl —= NewYork - X

AR Map @ (roundedto 0.5) price_usd

& 1-866-267-9053

2s Most Popular! 296 people booked this hotel in the |ast 48 hours

(a) A Typical Search Listing on Ezpedia.com in 2012 and 2013. This picture shows a typical listing
Ezpedia.com users would have observed during the period in which the data was collected. Each
search impression contains between 1 and 34 of these listings. This figure was provided by Expedia.
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Trip Total: $638.14

(b) A Typical Booking Page on Ezpedia.com in 2012 and 2013. This is an example of the page
a consumer would encounter when finalizing her booking on Ezpedia.com between 2012 and 2013.
The consumer would have encountered this page after she clicked on a listing, such as the one
shown above in Figure 6a. This figure was provided by Expedia.
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