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Abstract

Service Operations in the Presence of Strategic Consumer Behavior

by

Katherine Ashley

Doctor of Philosophy in Business Administration

University of California, Berkeley

Professor Pnina Feldman, Chair

This dissertation analyzes pricing and information provision in the presence of strategic
consumer behavior, with a focus on service industries. Using both analytical and empiri-
cal methods, I analyze two tools that firms may use to match supply with demand when
customers are strategic: reservation no-show fees and inventory announcements.

First, I study a common problem in the service sector: reservation no-shows. Many
firms allow customers to make reservations for service at a specified time in the future.
Reservations are valuable to consumers because they insure against the service not being
available, but are costly for the firm because valuable capacity may be held for customers
who fail to show up. No-show fees, payable only if a reservation-holder fails to show up in
the service period, are one tool that firms can use to mitigate the loss from wasted capacity.
I analyze the performance of a no-show fee pricing scheme for a capacity-constrained service
firm in a market with both forward-looking customers and a walk-in demand segment. I
characterize three types of optimal policies that emerge in equilibrium and examine the
social welfare implications of charging an optimal fee. In equilibrium, social welfare may
strictly increase under a no-show fee policy; that is, the utility gain from using a no-show fee
to allocate capacity more efficiently may be greater than the cost it imposes on consumers.

In the second half of the dissertation, I analyze the information content and sales impact
of inventory announcements, i.e. messages such as “3 seats left at this price.” I use an
expansive original dataset to study the impact of these announcements in the market for
airline tickets. My data include itinerary listing and seat map information for thousands of
flights on three major U.S. carriers, with travel dates in the winter and spring of 2015. I
measure the “informativeness” of announcements, which I define as their ability to improve
customer predictions of future price changes, and estimate the impact that these messages
have on ticket sales. I find that announcements contain significant information about future
price changes (both direction and magnitude), and are most informative early in the booking
horizon. To measure the customer response, I use an instrumental variables model to address
potential endogeneity between sales and announcements. My findings provide evidence that
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for at least some airlines, consumer ticket purchases increase immediately after new inventory
messages, a result that is consistent with rational consumer behavior.
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Chapter 1

Introduction

Briefly stated, operations management is the science of matching supply with demand. Eco-
nomic theory predicts that prices will naturally rise when demand outpaces supply and fall
when supply exceeds demand, but in practice, managers often need to intervene in the pro-
cess to avoid losing value and wasting resources. Even with macroeconomic forces working
to align supply and demand, costly mismatches can exist in the short term, and may be
exacerbated and perpetuated by constraints on capacity or price levels. Furthermore, some
of the mechanisms that emerge to correct imbalances, such as secondary markets, transfer
value to agents other than the firm that provides a good or service. For these reasons, effec-
tively matching supply with demand is a task that is both difficult and crucially important
for firms to master (Cachon and Terwiesch 2011).

In much of the existing operations management literature, customer arrivals are modeled
as exogenous processes, with each individual making a simple decision to buy if his valuation
exceeds the price and leave the market otherwise. While these assumptions are appropriate
in some settings, in other contexts they do not accurately capture reality. Consumers today
have access to an overwhelming amount of information. Before making a purchase, they
can read reviews from other customers, research alternative options, check for a lower price
from another seller, and perhaps even engage with the firm through social media channels.
In settings where such behavior is commonplace, it no longer makes sense to assume that
customers arrive according to an exogenous process, or that their purchase decisions are
determined by a simple comparison of price and instantaneous utility. There are myriad
opportunities for customers to be strategic in their interactions with firms, and previous
research in this area has shown that failing to account for strategic consumer behavior can
be disastrous for revenues (Shen and Su 2007).

In this dissertation, I analyze two different tools that firms may use to match supply and
demand when customers behave strategically: no-show fees and inventory announcements.
I frame my studies of operational decision-making in the service sector, an important and
growing segment of the world economy, and use both analytical and empirical techniques to
develop theory and validate theoretical predictions with data.

First, I analyze a monopolist service provider that may choose to offer reservations for
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service. Reservations play an important role in many service industries: when capacity
is limited and demand is uncertain, reservations are valuable to customers because they
provide insurance against the risk faced by customers who walk in during the service period:
a reservation eliminates or decreases the risk that a customer who desires service will be
unable to obtain it. Meanwhile, offering reservations can be costly for the firm: if customers
reserve capacity but fail to show up, the firm forfeits revenue that could have been earned
by selling that capacity to other customers.

I analyze the choice of a reservation no-show fee by a monopolist service provider facing
customers who act strategically, both in making reservations and in deciding whether to
keep them. I characterize the fee policy that emerges in equilibrium and show that despite
consumers’ aversion to fee-based reservation policies, both customers and firms can benefit
when the firm uses a no-show fee pricing scheme. The no-show fee policy results in a more
efficient allocation of scarce capacity, and serves as a partial antidote to strategic behavior.

Next, I present an empirical study of inventory announcements–messages such as “3 seats
left at this price”–in the market for airline tickets. Although inventory announcements have
become increasingly prevalent in both retail and service settings, there is little empirical
evidence of their informational value to customers, nor of the impact they have on sales.
Messages of this type suggest scarcity, but it is not clear how much information they contain,
as their content is not directly verifiable by consumers.

I use an expansive original dataset with data from three different airlines to answer
two central questions related to airline inventory announcements. First, how informative
are airline inventory announcements about future price changes? I define “informativeness”
as the ability of inventory announcements to improve customer predictions of future price
changes: both direction and magnitude. Using a multinomial logit regression model, I find
that itineraries displaying announcements are much more likely to change price than are
comparable itineraries without announcements. Both price increases and price decreases
are more likely after an inventory announcement, and although the relative probability of
increase is higher after an announcement in most cases, there are times in the booking
horizon (close to departure) when an announcement can signal a higher likelihood of price
decrease. Inventory announcements also predict price changes that are larger in magnitude,
compared to price changes that occur when no announcement is shown.

My results imply that the implications of an announcement will depend on customer
preferences. For a risk-averse or risk-neutral customer who is certain she will travel, buying
now becomes more attractive relative to waiting if an inventory message is shown. However,
for a customer who has other options, or wants to travel only if he can find a good deal, an
announcement could signal that it is worth waiting to see if the price drops–at significant
risk of a price increase, of course. Furthermore, we find that the informativeness of inventory
messages varies over the booking horizon, with the highest information content further from
the travel date.

The final question I analyze is how announcements affect customer purchase decisions.
To correct for bias resulting from the potential endogeneity of announcements and sales, I use
an instrumental variables two-stage least squares (2SLS) model. I find a positive immediate
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sales response to announcements for two out of the three carriers in my study, consistent with
rational consumer behavior given the information content of announcements. This result is
robust to the inclusion of various market- and itinerary-level explanatory variables.

My dissertation research analyzes two methods that service-sector firms use to influence
the behavior and purchase decisions of strategic customers: charging no-show fees and mak-
ing announcements about inventory levels. My analysis provides managerial insights for
firms that may consider using these tools in their practice of revenue management.
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Chapter 2

Reservation No-Show Fees

2.1 Introduction
Reservations play an important role in many service industries. Restaurants, healthcare
providers, and fitness studios are just a few examples of firms that may offer reservations
for service at a fixed time in the future. When capacity is limited and demand is uncertain,
reservations are valuable to customers because they provide insurance against the risk faced
by customers who walk in during the service period: a reservation eliminates or decreases
the risk that a customer who desires service will be unable to obtain it. Meanwhile, offering
reservations can be costly for the firm. While there are some operational benefits associated
with offering reservations, there is also a significant cost: if customers reserve capacity but
fail to show up, the firm loses out on revenue that could have been earned by selling that
capacity to other customers. This is because reservations confer a right to purchase service,
but not an obligation: like the owner of a financial call option, a reservation holder may
choose not to exercise his right to buy. For a traditional free reservation, there is no penalty
for deciding not to show up in the service period. This is especially problematic because
in many service industries, many costs for a given service period are incurred before no-
shows take place. For example, restaurants purchase perishable ingredients and set staffing
levels ahead of time, so the revenue loss from a no-show party is not offset by a comparable
reduction in costs. As a result, the no-show problem is a serious concern for firms that offer
reservations.

The fact that reservations are valuable to customers and costly for firms suggests that
a possible solution lies in charging for reservations. However, attempts to implement reser-
vation pricing schemes have a spotty history in hospitality industries. A recent New York
Times article reports that while reservation charges have become more common in recent
years, they are still met with resistance from many customers. Even firms are often not
enthusiastic about charging no-show fees, which can make the reservation feel more like an
obligation than an enjoyable experience (Wells 2015). Some service firms have implemented
reservation fee policies only to modify or abolish them soon after. Volver, a high-end tapas
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restaurant in Philadelphia, used a ticketing policy (collecting the entire price of its prix fixe
menu in a nonrefundable payment at the time of reservation) when it first opened in 2014,
but has since scaled back to a more modest no-show fee with free cancellation up to 48 hours
in advance (Szkaradnik 2014).

In this paper, we analyze the optimal no-show fee policy for a firm that serves both a
population of consumers who consider reserving in advance and a walk-in demand segment.
We identify two distinct mechanisms through which no-show fees can benefit the firm: be-
havioral influence and revenue generation. We characterize the market conditions under
which various types of equilibrium emerge and quantify the impact on customer welfare in
each case. We show that no-show fees can strictly increase consumer surplus when they
produce a better allocation of scarce capacity than would occur without fees, reducing the
deadweight loss that results from wasted capacity saved for no-shows.

The rest of the paper is structured as follows. Section 2.2 reviews relevant literature.
Section 2.3 describes the model fundamentals in greater detail. Section 2.4 analyzes the
free reservations policy that we use as a baseline for comparison. Section 2.5 analyzes the
primary no-show fee model, describes possible equilibrium outcomes, and characterizes the
impact of an optimally designed no-show fee policy on firm revenues and consumer surplus.
Section 2.6 concludes with a summary of our results and contributions.

2.2 Related Literature
Our paper relates to several branches of existing research. Broadly speaking, our research
fits into the revenue management literature, of which Talluri and van Ryzin (2004) provide
a comprehensive review. More recently, Guillet and Mohammed (2015) review revenue man-
agement research in the hospitality and tourism industries. Within revenue management,
there are a number of papers that directly address aspects of the reservations problem. Png
(1989) studies a joint pricing and capacity choice problem for a monopolist firm selling to
customers who are initially uncertain about their valuations for service. The optimal pricing
policy is a reservation scheme which specifies payment amounts that differ with respect to
when the customer uses the reservation and is able to obtain a unit of capacity, uses the
reservation and is unable to obtain a unit of capacity, and does not use the reservation. In a
key difference from our paper, the optimal policy in Png’s setting is to charge nothing when
a customer does not keep the reservation. Çil and Lariviere (2013) consider reservations
in a market with two segments: one segment makes reservations in advance (and will not
patronize the firm without one), the other walks in at the time of service. They find that
contrary to the result from Littlewood (1972), it may not be optimal to save capacity for
late-arriving customers even when that segment is more valuable. In our paper, advance
consumers may visit the firm with or without a reservation, and we consider the use of
no-show fees to influence their reservation and purchase decisions.

In Georgiadis and Tang (2014), customers are differentiated along two dimentions, valu-
ation and probability of showing up. The optimal no-show fee reservation policy may target
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some of the segments and price out others. Our model also features consumer heterogene-
ity, but only in the second period after reservation decisions have been made. Osadchiy
and Vulcano (2010) model a firm that sells a good on a spot market at full price, and also
accepts binding reservations to purchase the item at a discount at the end of the selling
season (if there are units available). Their model is based on a continuous time setting in
which customers know their valuations ahead of time. The authors show that an equilibrium
exists and that the seller can increase revenues by using a binding reservation scheme. The
reservations with no-show fees in our paper have some similarities to binding reservations,
in that they may cause customers to purchase service when they would not have otherwise.
However, valuation uncertainty in the advance period is integral to our analysis because it
drives the endogenous no-show behavior that is central to our model.

Within the literature on reservations, several papers specifically address hospitality in-
dustries that fit our setting. Kimes et al. (1998) apply revenue management principles to the
restaurant industry and present a unified framework of strategies that restaurants can use to
manage demand. Reservations are discussed as one method of reducing arrival uncertainty,
though they do not completely eliminate the uncertainty due to customer no-shows and late
arrivals. The authors mention deposits and credit card-guaranteed reservations as ways to
further reduce arrival uncertainty, but do not analyze these fees. Bertsimas and Shioda
(2003) study restaurant revenue management in a queueing framework, in which arriving
parties may be of different sizes and have different service times. In their paper, the firm
optimizes the number of reservations to accept and the seating decisions for walk-in parties;
they do not study the firm’s pricing decisions or model strategic customer behavior. Oh and
Su (2012) also model restaurant reservations in a queueing framework, in which the benefit
of holding a reservation is a reduction in waiting time for service. Their results indicate that
the firm should always charge a no-show fee equal to the service price, while also offering a
discount to reservation customers compared to walk-ins. By contrast, we consider a setting
with limited capacity and find that a range of equilibrium no-show fees are possible.

Alexandrov and Lariviere (2012) also study the reservations problem in a restaurant set-
ting, and characterize the conditions under which offering free reservations is more profitable
for the firm than not offering reservations. In their model, offering reservations stimulates
demand when the realized market size is small, but hurts the firm when market size is large
because some capacity is allocated to customers who fail to keep their reservations. This oc-
curs because customers face positive travel and denial costs, and having a reservation makes
the trip to the restaurant worth it by guaranteeing that capacity will be available. In our
model, reservations themselves do not have a demand stimulating effect because customers
do not face travel or denial costs. Instead, we focus on the behavioral changes incentivized by
no-show fees, which can reduce wasted capacity by both stimulating demand and encouraging
early cancellation instead of simply not showing up.

Our paper also relates to the broad literature on advance selling. Two key features of
advance selling models are (1) purchase and consumption of a good or service occur at
distinct points in time, and (2) customers are more homogeneous in advance than they are
in the period when the delivery of goods or services takes place. In particular, a seller can get



CHAPTER 2. RESERVATION NO-SHOW FEES 7

customers to make a payment in advance, while they are still uncertain about their valuations
for the good or service being sold. Gale and Holmes (1993) show that a monopolist seller
can use advance purchase discounts to segment a market in which some consumers are more
certain about their future valuation for a service than are others. DeGraba (1995) shows how
a monopolist seller can induce consumers to purchase early, while they are still uninformed
about their valuations, by making fewer units available than there are customers in the
market. Our paper also considers a monopolist with limited capacity, but our primary model
focuses on the firm’s use of fees to allocate scarce capacity between two customer populations,
rather than market segmentation or capacity choice. Xie and Shugan (2001) and Shugan
and Xie (2000) study the marketing implications of advance selling in a service context;
they show that when customers are uncertain about their future valuations, a monopolist
service provider can do substantially better (under a wide variety of market conditions) by
selling services in the advance period. In our model, a form of advance selling may arise in
equilibrium (in the sense that the firm may get advance customers to commit to a no-show
fee ‘deposit’), but under some market conditions the firm chooses not to sell in advance.
Cachon and Feldman (2011) compare offering subscriptions and charging on a per use basis
in a service system. Viewing subscriptions as a form of advance selling, they find that the firm
may benefit from selling subscriptions despite their limited ability in controlling congestion.
Their model applies to repeated-purchase contexts, rather than the single-purchase setting
that we study in our paper. Cachon and Feldman (2016) study advance selling under two
forms of competition. They show that when firms compete, advance selling always arises in
equilibrium but lowers profits relative to selling only in the spot period. However, when a firm
competes against customers who purchase in advance and then resell, the benefit of advance
selling is restored; resale can be beneficial for competitive firms but not for monopolists. Our
analysis provides some of the same intuition as these papers: the firm can take advantage of
the fact that customers are homogeneous in the advance period to get them to commit to
making a payment before they learn their valuations. However, the consideration of no-show
fee policies and the fact that payment may occur in both periods make our paper distinct
from the pure advance selling literature.

Finally, in our model, reservations give customers the opportunity (but not the obligation)
to purchase the firm’s service at a specified price. In this way they are equivalent to real
options on the firm’s capacity. In the operations literature, Gallego and Sahin (2010) study
the use of real options as a revenue management tool for a firm that faces strategic customers
whose valuations become more certain over time. The authors show that selling options
on capacity (equivalent to charging a non-refundable deposit, assuming the time value of
money can be ignored) allows the firm to do strictly better than charging a lower fare in the
advance period and a higher fare in the spot period (a practice frequently used by airlines
to price discriminate between leisure and business travelers). In fact, selling real options
is socially optimal and efficient. In our paper, the no-show fee scheme is equivalent to
choosing how much of the service price should be taken as a nonrefundable deposit; it does
not allow the firm to adjust the total amount paid by customers who purchase service. Our
paper contributes to the existing literature by focusing directly on the problem of mitigating
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no-show behavior in a setting with capacity constraints, stochastic market size, valuation
uncertainty, and strategic consumer behavior. We identify two distinct mechanisms through
which no-show fees create value for the firm–behavioral influence and revenue generation–
and characterize when each one is in effect. We also analyze the impact of no-show fees on
customer and social welfare and show that no-show fees are not always bad for the consumer.
This is a useful finding for service firms that face backlash against no-show fee policies; in
some cases, simply communicating the broader implications of no-show fees can help to allay
customer concerns.

2.3 Model Description
A single firm with fixed capacity κ offers a service to consumers. There are two periods: an
advance period, in which customers can make reservations for future service, and a service
period in which customers purchase and consume the service. The service has a price p,
which is exogenous in our model. Under some reservation policies that we consider, the
firm may also charge a no-show fee. When the firm charges a no-show fee, customers who
reserve agree to pay a fixed amount η if they do not show up to purchase service in the
second period. A customer who reseserves and keeps his reservation (i.e., visits the firm and
pays p for service) does not have to pay the no-show fee. The no-show fee is fixed before
reservations take place and cannot be changed.

There are two distinct customer populations, which arrive at different points in time. At
the beginning of the first period, A < κ customers arrive to the market; we refer to this
segment as the advance population. Advance customers are strategic (forward-looking), so
although they are present in time to make reservations, they may decide to wait until the
service period if doing so offers higher expected utility than making a reservation. We assume
that the firm knows the size of this population ex ante, e.g. from market research and/or
data from its website and reservation systems.1 At the beginning of the second period, an
uncertain number of new customers arrive to the market; we refer to these consumers as
the walk-in population. The number of walk-ins is a random variable X with cumulative
distribution function F (·) on [0,∞). These consumers may not have been aware of the firm
in advance, but they are nearby during the second period and desire service. The size of the
walk-in population is influenced by short-term factors that are uncertain until the day of
service, such as weather, traffic conditions, and unpredictable events in the surrounding area.
In both segments, each consumer who visits the firm demands exactly one unit of capacity.
We assume that both segments have the same outside option value, which is normalized to
zero.

1In some service settings, a customer may need to create an account online before making a reservation;
the firm can infer the advance population size from the number of registered users in its systems. Even if
the firm does not know the size of the advance market perfectly, the number of customers in this population
is not influenced by idiosyncratic events on the day of service (because reservations happen in advance),
making it easier to predict than the number of walk-ins.
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Advance customers are uncertain about how much they will value the service in the second
period. Specifically, each advance customer knows that he will have value V for service, where
V can take on one of two values, vl or vh, where vh > p > vl.2 For vl and vh satisfying these
criteria, we can think of the advance population as ‘potential customers’ who may or may not
want the service at the time it takes place, depending on whether their realized valuations
are above or below the service price. A known fraction α ∈ [0, 1] of the advance population
will end up being high types, and each customer attaches a prior probability α to being a
high type, and 1−α to being a low type. The advance customer population is homogeneous
in advance, but heterogeneous in the second period once valuations are realized. By contrast,
the walk-in customers who arrive in the second period all have high valuation vh for service.
However, the firm does not know in advance how many of these customers will be in the
market: capacity allocated to reservation-holders may go unused if some customers are no-
shows, but saving capacity for walk-ins is risky because the realized population size could
be small.3

In our primary model, capacity that is held for reservation-holders who don’t show up
cannot be reoffered to walk-ins; the no-shows become known too late for the firm to offer
the capacity to other customers. Our main results are qualitatively unchanged under partial
reoffering, i.e., some fraction of unused reservation capacity can be made available to walk-
in customers. The higher the reoffering percentage, the less costly no-shows are for the
firm; in the limit, with perfect reoffering, no-shows have no impact on firm revenues at all.
The attention that no-shows have received from firms in recent years indicates that wasted
reservation capacity is an issue, so an assumption of imperfect reoffering is appropriate
for most service settings. The no-reoffering case isolates the impact of customer no-shows,
independent of firm reoffering policies, and focuses attention on the underlying mechanics of
this setting.

The timeline of firm and customer actions in our primary model is as follows. First, the
firm announces the pricing and reservation policy, {p, η, k}, where p is the service price, η
is the no-show fee, and k is the quantity of reservations offered. For our main analysis in
Sections 2.4 and 2.5, we consider the case where all capacity is offered through reservations
(i.e. k = κ). We assume that the firm knows the consumer valuation and population size
parameters when setting the reservation fee. After observing prices and the firm’s reservation
policy, advance customers decide whether to request a reservation or wait until the service
period. The full timeline of events is illustrated in Figure 2.1.

2Although we do not impose an explicit lower bound on the low valuation here, for advance customers to
find it worthwhile to be in the market, a reasonable assumption is that their expected valuation for service
is at least the service price, i.e. αvh+(1−α)vl ≥ p. This corresponds to a lower bound on the low valuation
of vl ≥ p−αvh

(1−α) . However, this assumption is not required for the proceeding analysis.
3Equivalently, one could think of an overall walk-in population that includes both high and low types,

but low types choose to stay home in the service period and therefore are not visible to the firm. This would
simply scale the entire distribution of market size by the fraction of high-types in the walk-in population.
Since low-type walk-ins would never visit the firm under any pricing and reservation policy, we do not
explicitly include such a segment in our model.
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Customers face a tradeoff because there may be a cost to making a reservation, but
a customer who waits may be unable to get service. In order to evaluate the expected
surplus from waiting until the service period, customers form expectations of the probability
of getting service as a walk-in, φ̂. Following Tereyağoğlu and Veeraraghavan (2012) and
Su and Zhang (2008), the advance customer expects to be served if and only if there are
fewer customers requesting service than there are units of capacity. For each model, we
characterize the subgame perfect Nash equilibria in pure strategies of the game between the
firm and consumers. An equilibrium consists of the actions taken by the forward-looking
firm and consumers, given their expectations of the actions chosen by the other agents. The
beliefs of all agents are consistent with the equilbrium outcome, so that no player has a
profitable deviation from his chosen strategy.

2.4 Free Reservations
As a baseline for comparison, we first analyze the case in which the firm offers free reserva-
tions. There is no decision for the firm in this case. With no fees, a reservation holder will
use the reservation if and only if he ends up being a high-type, since it gives him net utility
vh − p > 0 in that case. For notational convenience, define v := vh − p as the net value
gained by a high type who purchases service. If a reservation-holder ends up being a low
type, his value for keeping the reservation is vl − p < 0, so he prefers to become a no-show,
getting value 0, rather than using the reservation and getting a negative surplus. Given that
low types will become no-shows, the expected utility from reserving is αv. A customer who
does not reserve will attempt to walk in if and only if he is a high type, so the expected
utility from not reserving is φ̂αv, where φ̂ is expected fill rate, i.e. the expected probability
of getting a unit of service as a walk-in. Because the maximum possible fill rate is 1, all
customers choose to reserve when reservations are free.

In the first period, the firm gives out A reservations to advance customers. In the second
period, there are κ−A seats remaining for walk-in customers. The expected number of walk-
in sales is

∫ κ−A
0

xdF (x) + (κ−A)F (κ−A). Letting SD(z) denote the general sales function
expression ED[min {D, z}] for the minimum of a random variable D and some z ≥ 0, the
number of walk-in sales can be written more compactly as SX(κ − A). In addition to the
walk-in sales, there are αA high-type reservation holders who visit the firm and pay p for
service. The remaining (1−α)A reservation holders who have low realized valuations become
no-shows, and do not make any payment to the firm. The firm earns expected revenue:

Π0 = (αA+ SX(κ− A))p (2.1)

Total customer surplus is:

CS0 = (αA+ SX(κ− A)) v (2.2)

We will use customer and firm welfare levels under free reservations as a basis for com-
parison in the next section.
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2.5 No-show Fee
We now analyze the firm’s choice of a no-show fee when service price is fixed and all capacity
is offered through reservations, i.e. k = κ. Note that because consumers are homogeneous in
the reservation period, in a pure strategy equilibrium, all advance customers make the same
decision about whether to request reservations.

Consumer Behavior

When the firm charges a strictly positive no-show fee η, a customer who reserves and ends
up having a low valuation for service faces a different decision than in the free reservations
case. He can keep the reservation and get net utility vl−p < 0, or become a no-show, pay the
fee, and get utility −η. Both options yield negative net utility; the best he can do is choose
the action that leads to the less negative outcome. To simplify notation, define c := p − vl
as the cost to a low-type customer of keeping the reservation. Low-type customers will keep
their reservations if η ≥ c; otherwise, they will become no-shows and pay the associated fee
η. In effect, customers commit to pay the firm at least η when making a reservation. Note
that a no-show fee strictly greater than the low type’s cost c has exactly the same effect as
a fee equal to this cost: if η > c, then all reservation-holding customers will visit the firm
(regardless of realized valuation v) to avoid paying the no-show fee. Therefore, without loss
of generality, we restrict η ≤ c. A customer would never pay the firm a no-show fee higher
than c, and a fee higher than c would have no incremental impact on customer no-show
behavior.

For any no-show fee η ∈ [0, c], an advance customer’s expected utility from reserving is
αv − (1 − α)η. With probability α, the advance customer has a high valuation, visits the
firm to purchase service, and gets a surplus of v. With probability 1 − α , the advance
customer has a low realized valuation for service, and he either pays η as a no-show, or, if
η = c, he gets utility of −c = −η by purchasing service at a price higher than his valuation.
Meanwhile, expected utility from waiting to walk in during the second period is φ̂αv, where
φ̂ is the customer’s expectation of the probability of obtaining a unit of capacity if he waits.
The scalar α reflects the fact that if an advance customer waits, he will only attempt to walk
in if his valuation for service is high.

Because the advance population is homogeneous in the first period, all advance customers
make the same buy-or-wait decision in equilibrium. Thus, there are two possible equilibrium
strategies for the advance population: everyone reserves, or everyone waits. We will refer to
these two categories of optimal advance consumer behavior as “reservations equilibria” and
“waiting equilibria,” respectively.

If the advance population reserves, then there are κ − A units of unreserved capacity
in the service period, and an advance customer who deviates by waiting will expect to get
a unit if and only if realized walk-in demand is below κ − A. Therefore, the expected fill
rate for advance customers in a reservations equilibrium is φ̂r = F (κ − A). Meanwhile,
if the advance population does not reserve, then all κ units of capacity are still available
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in the second period. There will be αA high-type advance consumers present and desiring
service in the second period, in addition to walk-in demand, so the expected fill rate for an
advance customer who waits is the probability that there are fewer than κ−αA walk-ins, or
φ̂w = F (κ − αA). As expected, the fill rate is lower when the advance population reserves,
i.e. φ̂r < φ̂w.4

Lemma 1. For any possible no-show fee η, there is an equilibrium customer response. There
exists a threshold η1 such that for any no-show fee η ≤ η1, the unique equilibrium is for
advance customers to reserve.

Proof. From the consumer indifference equation, all advance customers prefer to reserve if
αv− (1−α)η ≥ φ̂rαv. Defining η2 = α(1−φ̂r)v

1−α , advance customers reserving is an equilibrium
if η ≤ η2. Similarly, advance customers prefer to wait if αv − (1 − α)η < φ̂wαv. Defining
η1 = α(1−φ̂w)v

1−α , advance customers waiting is an equilibrium if η > η1. Note that φ̂w > φ̂r,
therefore, η1 < η2. Every possible fee η satisfies at least one of the equilibrium conditions.

For η ≤ η1, the unique equilibrium is for all advance customers to reserve. For η ∈ (η1, η2],
both equilibrium conditions are satisfied, so either an all-wait or an all-reserve equilibrium
is possible. For η > η2, all advance customers waiting is the unique equilibrium customer
response.

Lemma 1 shows that there is a threshold no-show fee, η1, up to which the unique equilib-
rium is for all customers to reserve. This threshold fee is a function of market parameters:
the fraction of high valuation customers in the market; the amount of surplus that high types
gain from purchasing service; the size of the advance population relative to capacity; and
the distribution of walk-in demand.

Corollary 1. If η1 ≥ c, then advance customers always reserve in equilibrium.

An immediate corollary to Lemma 1 is that if the threshold fee η1 in a given market is
weakly higher than the loss to low-type consumers from purchasing service, then advance
customers will reserve under any possible fee that the firm can charge.5 Lemma 1 also shows
that there may be a non-empty range of fees for which there are two different customer
best responses, i.e. fees for which both all-reserve and all-wait are equilibria for the advance
population.

Corollary 2. For the range of fees for which the consumer equilibrium is not unique, the
all-wait equilibrium makes advance customers better off than the all-reserve equilibrium.

4In pure strategy equilibrium, all advance customers make the same buy-or-reserve decision, so the
equilibrium fill rate will be either φ̂r or φ̂w. However, the fill rate can be defined similarly off the equilibrium
path: if a fraction γ of the advance population waits, then the expected fill rate will be φ̂γ = F (κ − αA −
(1− α)γA), and φ̂r < φ̂γ < φ̂w for γ ∈ (0, 1).

5This is not dependent on the assumption η ≤ c, since any fee strictly above c is exactly the same as
η = c from an advance customer’s perspective.
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Proof. From the definition of η1, an advance customer’s expected utility in an all-reserve
equilibrium with a fee greater than η1 is strictly less than αv − (1 − α)η1 = αv − (1 −
α)
(
α(1−φ̂w)v

1−α

)
= φ̂wαv , which is the expected utility of an advance customer in an all-wait

equilibrium.

For fees in the range (η1, η2], either a reservations equilibrium or a waiting equilibrium
is possible, but advance customers are strictly better off under the waiting equilibrium.
In the proceeding analysis, we will focus on the conditions under which all-reserve is the
unique consumer equilibrium, and assume that advance consumers play the higher-utility
equilibrium strategy in the case where both types of equilibria exist simultaneously.

In the next section, we finish the characterization of equilibrium by solving for the optimal
no-show fee in the firm’s profit maximization problem.

Firm’s Profit and Consumers’ Surplus

The firm’s profit function depends on customers’ reservation request and service request
decisions. In the previous section, we showed that the set of possible no-show fees can be
partitioned into those that will induce a reservations equilibrium and those that will induce a
waiting equilibrium. Corollary 1 shows that the second set may be empty under some market
conditions. To determine the optimal no-show fee, we first find the best fee in the range
[0, η1] (i.e., the best fee such that advance customers reserve), which we denote by η∗r . We
then compare the firm’s profit with a fee of η∗r to the profit when all advance customers wait,
if waiting is a possible equilibrium response, to determine the firm’s equilibrium strategy.
We use η∗ to denote the equilibrium no-show fee across the full range of possible fees that
make customers either wait or reserve.

In a reservations equilibrium, the firm earns revenue p from each customer who purchases
service (either with or without a reservation), and η from any advance customers who make
reservations but fail to show up. There are two cases for the firm’s revenue function when
advance customers reserve. In a reservations equilibrium where η < c, only high-type reser-
vation holders show up to purchase service in the second period; low types become no-shows
and pay the fee. In a reservations equilibrium where η = c, all advance customers show up
and pay the service price. Expected profit as a function of the no-show fee is:

Πr(η) =

{
(αA+ SX(κ− A)) p+ (1− α)Aη η < c

(A+ SX(κ− A)) p η = c
(2.3)

Over the full range of possible fees η ∈ [0, c], customer surplus can be written as:

CS(η) = (αA+ SX(κ− A)) v − (1− α)Aη (2.4)

Lemma 2. If vl ≥ 0, then the best possible reservations equilibrium for the firm is to charge
the highest fee that will make all customers reserve. That is, η∗r = min{η1, c}.



CHAPTER 2. RESERVATION NO-SHOW FEES 14

Proof. Firm profit is increasing in η for all possible no-show fees η ∈ [0, c].

Case 1. η < c. For no-show fees in this range, the firm earns the fee η < c from low-
valuation advance customers who reserved, and dΠr

dη
= (1− α)A > 0.

Case 2. η = c. Conditional on the advance population being willing to reserve, the same
(1 − α)A low-valuation advance customers purchase service, paying p, instead of becoming
no-shows and paying η. Any no-show fee that customers actually pay to the firm must be
strictly less than c, and if vl ≥ 0, then η < c⇒ η < p . Therefore, the firm’s expected profit
increases over the entire range of possible no-show fees, up to and including η = c.

If vl < 0, i.e. the low valuation is below the outside option value, then the maximum
possible no-show fee c = p − vl is greater than p. Thus, there is a non-empty range of
possible fees (p, c) that will result in no-shows making a payment of more than the service
price, conditional on advance customers reserving when such a fee is charged. For all-reserve
to be the unique equilibrium strategy at a fee higher than p, it must be the case that η1 > p,
or equivalently, vh > (1−αF (κ−αA))p

αF (κ−αA)
. Qualitatively speaking, this condition is satisfied when

the high valuation multiplied by the probability of wanting service is high relative to the
service price, and the chances of getting service without a reservation are relatively low.
This corresponds to a popular firm (small capacity relative to expected demand) and a large
variance of the advance customer service valuation: the low-type value is very low (below
the outside option value, so customers would not want the service even if it were free), while
the high-type value is very high. Valuation is realized before customers consume the service
in our model, so a high variance does not reflect a polarizing service experience (i.e. “love-it-
or-hate-it”), but rather a large disparity in how much customers end up wanting to visit the
firm a priori. For the remainder of this paper, we focus on markets in which vl is at least as
high as the outside option value. This captures a setting where advance customers do not
always value the service at more than its price but would always want service if it were free,
which best describes the service settings we are interested in analyzing.

In a waiting equilibrium (i.e. if no advance customers reserve), in the second period there
are κ seats available and αA+X total customers interested in those seats: αA advance high
types and a random number X high-valuation walk-in customers. The firm’s expected profit
is:

Πw = (αA+ SX(κ− αA)) p (2.5)

Total customer surplus in a waiting equilibrium is:

CSw = (αA+ SX(κ− αA)) v (2.6)

Theorem 1. Three types of equilibria are possible.

1. If η1 ≥ c, then η∗ = c. All advance customers reserve and purchase service.
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2. If c > η1 ≥ θ, where θ = (SX(κ−αA)−SX(κ−A))p
(1−α)A

, then η∗ = η1. Advance customers reserve,
but only high-type reservation holders purchase service.

3. If η1 < θ, then η∗ > η1, i.e., any fee strictly above η1 is optimal and yields the same
outcomes for the firm and consumers. Advance customers do not make reservations.

Proof. Lemma 2 shows that if advance customers reserve in equilibrium, the firm will choose
the highest fee such that they are willing to reserve. In case (1), a waiting equilibrium is not
possible, since advance customers reserve for any fee the firm charges. It follows immediately
that η∗ = c is optimal in this case. In cases (2) and (3), the highest fee such that customers
will reserve is some η1 < c. The firm can induce customers to wait by charging η > η1, which
yields higher revenue if and only if (αA+ SX(κ− αA)) p > (αA+ SX(κ− A)) p+(1−α)Aη1,
i.e. if η1 <

(SX(κ−αA)−SX(κ−A))p
(1−α)A

= θ.

Equilibrium Analysis

Theorem 1 shows that there are three types of equilibria possible in the game between the
firm and consumers. The first type of equilibrium occurs when service price p is low, the
value of a reservation is high (as indicated by a high α and/or vh), and capacity is low
relative to demand (measured by A and the distribution of X). When the condition in
Theorem 1 Part 1 is satisfied, reservations are so valuable to advance customers that they
will reserve at any fee level; as a result, the firm chooses a fee that makes even low-types
keep their reservations, and the equilibrium outcome has all advance customers reserving
and showing up to purchase service. In the second type of equilibrium, advance customers
aren’t willing to reserve at the maximum fee level η = c, but the highest fee they will accept
is large enough to compensate the firm for the capacity that will be wasted due to no-shows.
Thus, the firm chooses to charge a fee that will make advance customers reserve, advance
high-types purchase service, and advance low-types pay the no-show fee. In the third type
of equilibrium, the maximum fee that could be collected from no-shows is too low to make
it worthwhile to allocate capacity to advance customers who may not show up. This type
of equilibrium occurs when service price p is high (resulting in a large loss from wasted
capacity) and α is low (advance customers are likely to be no-shows).

In the first and third types of equilibria, the no-show fee influences the behavior of
strategic advance consumers. In Case 3, the no-show fee is not directly generating revenue
at all; its purpose is to make customers not reserve (which they always would do in a free
reservations scenario) in cases where the wasted capacity from giving out reservations is too
high to be justified by the fee revenue that could be collected. In Case 1, the no-show fee
impacts customer behavior in a different way, by incentivizing low types to show up when
they would not have done so without a fee. These customers do make a payment to the firm,
so the no-show fee increases revenue, but the incremental revenue comes from customers
consuming the service, not from the firm collecting on the no-show fee. In the second type of
equilibrium, Case 2, advance customer actions are exactly the same as in a free reservations
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setting: everyone reserves; high types show up to purchase service; low types become no-
shows. The difference is that low-types pay a fee to the firm, so in this type of equilibrium the
no-show fee’s purpose is revenue generation. Figure 2.2 illustrates conditions under which
the different types of equilibria occur, as a function of model parameters.

When advance-segment consumers place a sufficiently high probability on having a high
valuation, the firm can charge the maximum no-show fee and customers will still reserve.

Lemma 3. For any advance market size A, there is a threshold αA < 1 such that the Type 1
fee policy emerges in equilibrium. The larger is the advance market size relative to capacity,
the lower is the threshold high-valuation probability αA.

Proof. The maximum fee such that customers will reserve is given by η1 = αF (κ−αA)v
1−α . Type

1 equilibrium occurs when η1 ≥ c. Note that as α→ 1−, the numerator approaches the finite
value F (κ − A)v while the denominator approaches 0. Therefore, limα→1−η1 = +∞. For
any finite c there exists an α < 1 such that η1 > c. Additionally, we have η1 increasing in
both A and α. To show this for A we check the partial derivative: ∂η1

∂A
= α2f(κ−αA)v

1−α > 0. For
α, we see that the numerator of the η1 expression, αF (κ− αA)v has partial derivative with
respect to ∂

∂α
= F (κ− αA) + αAf(κ− αA) > 0. The denominator 1− α is decreasing in α;

therefore, η1 in increasing in α. The higher is α, the lower is the A such that the condition
η1 ≥ c is satisfied.

Theorem 2. A no-show fee policy results in higher customer surplus, compared to free
reservations policy, if and only if η∗ > η1.

Proof. From equation (2.2), total customer surplus in the free reservations case is
(αA+ SX(κ− A)) v. In equilibria of types (1) and (2), where advance customers reserve,
total customer surplus is given by (αA+ SX(κ− A)) v − (1 − α)Aη, which is the previ-
ous expression less some non-zero no-show fee payments (or utility losses from low-types
purchasing service). Consumers are not better off under a positive no-show fee if they
reserve in the resulting equilibrium. In a type (3) equilibrium, total customer surplus is
(αA+ SX(κ− αA)) v, which is higher than the free reservations utility because SX(·) is an
increasing function. Thus, consumers are better off under a positive no-show fee if and only
if a type (3) equilibrium emerges, i.e. if η∗ > η1. The total increase in customer surplus is
equal to (SX(κ− αA)− SX(κ− A)) v.

Theorem 2 shows that in our base model, a positive no-show fee can increase total cus-
tomer surplus, but only in cases where the fee discourages advance customers from reserving.
Under free reservations, advance customers always reserve (they have no incentive not to),
and low type reservation-holders always become no-shows. However, the deadweight loss
that results from unused capacity lowers the total customer surplus across the advance and
walk-in populations, relative to the free reservations case. In this model, customers are al-
ways better off on the aggregate when advance customers do not reserve, and a no-show fee
policy is able to incentivize that behavior in markets where the optimal fee induces a type
(3) equilibrium.
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Corollary 3. In markets where Case 3 of Theorem 1 emerges, i.e. where η∗ > η1, the
no-show fee pricing policy leads to higher social welfare than a free-reservations policy.

Corollary 3 follows directly from the characterization of total customer surplus in The-
orem 2. The firm must be at least weakly better off with a no-show fee, since it chooses
the optimal fee level from a set that includes zero (free reservations). Therefore, if customer
surplus is higher under a given equilibrium, then total social welfare (the sum of firm profits
and customer surplus) is also higher.

This section characterizes equilibrium no-show fee policies without opportunities for can-
cellation or reoffering. Depending on market conditions, the firm may (1) charge a high fee
that makes all advance customers reserve, but eliminates no-shows; (2) charge a somewhat
lower fee that does not eliminate no-shows, but recovers some revenue from no-show cus-
tomers; or (3) charge such a high fee that advance customers don’t reserve at all, thereby
eliminating no-shows through a different mechanism. We show that the no-show fee policy
can make customers better off, in addition to benefiting the firm, although only in the case
where the fee discourages advance customers from reserving.

2.6 Conclusion
This paper analyzes the no-show fee decision of a monopolist service firm that offers reser-
vations to strategic advance customers. We show that there are three different categories
for the optimal no-show fee, based on the market outcome it produces, and in equilibrium
the firm may use the no-show fee to influence behavior of strategic customers or to gener-
ate revenue. Furthermore, no-show fees can make both customers and the firm better off,
by allowing the firm to implement a better allocation of capacity across different consumer
populations. Our analysis helps to explain why no-show fees are becoming more and more
common in service industries, and shows that customer backlash against no-show fee policies
is unfounded in some cases. From a managerial perspective, firms may be able to overcome
the negative perception of fees by communicating their societal benefit to consumers.
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Figure 2.1: Sequence of Events
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Figure 2.2: Types of Equilibria as a Function of Model Parameters

vh = 2, p = 1, vl = 0.5, X ∼ U [0, 1.5κ]
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Chapter 3

Inventory Announcements Setting

3.1 Introduction
In recent years, online retailers and service providers have increasingly chosen to provide
information about future price and inventory levels to their customers, using messages such
as “Only 1 left in stock” or “2 units left at this price.” Just as a nearly empty shelf in a
brick-and-mortar store suggests that inventory is limited, these announcements convey a
sense of scarcity. In the latter example, the inventory message is specific to the current price
level, suggesting that more units may be available, but at a different or uncertain price.

How informative are the inventory announcements made by firms, and how do they af-
fect customer decisions? In this paper, we analyze these questions in the context of the air
travel industry. If customers are rational and forward-looking, then we would expect them
to interpret messages from the firm strategically, and to incorporate any credible information
into their purchase timing decisions. However, it is not clear how much information these
messages contain. Their content is not directly verifiable, and if the firm prefers that cus-
tomers buy early, it has an incentive to encourage purchases by creating a feeling of scarcity.
On the other hand, repeated interactions with a firm could reveal “untruthful” or mislead-
ing announcement patterns to customers, who might subsequently punish firms that do not
announce truthfully. Thus, long-term reputational concerns create a plausible incentive for
firms to report accurate inventory information.

Evidence from the online frequent flyer community FlyerTalk supports a lack of agree-
ment among consumers about the informational value of airline inventory announcements.
Travelers questioning the veracity of an inventory message appear repeatedly in the FlyerTalk
forums, and responses range from unequivocally dismissive (“It’s a classic case of buy-or-die
marketing...I would just ignore it”) to essentially trusting (“It will generally reflect what
is available at that moment at that price”) (FlyerTalk 2015). Given that the information
content of these messages is unclear, the response we would expect to see from rational cus-
tomers is ambiguous. Furthermore, even if consumers believe a firm’s announcements, the
signaling effect can work in both directions. If customers know that an airline uses inventory
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announcements, but no announcement is shown for a particular itinerary, it may signal that
there is no rush to buy, as the price is unlikely to increase in the near future. Similarly, if
the announced quantity remaining is high enough, it may incentivize waiting rather than
immediate purchase. In light of the uncertain customer response to announcements, it is not
obvious how implementing an inventory messaging policy will affect firm revenues.

Several modeling papers have examined the credibility of cheap-talk announcements in
both inventory and queueing settings (Allon and Bassamboo 2011; Allon, Bassamboo, and
Gurvich 2012). However, there is scant empirical evidence of how firms use these messages
in practice (i.e., how accurately they communicate the amount of inventory available at a
given price), and of how consumers actually respond to them. In one recent paper, Yu
et al. (2016) use data from a call center to measure the impact of delay announcements on
customers’ decisions about whether to abandon the queue. To the best of our knowledge,
there has been no similar empirical investigation in an inventory setting, where the messages
relate to the number of units remaining at the current price. Inventory announcements are
qualitatively different than wait-time announcements in terms of the customer’s ability to
verify the message. A service customer who decides to wait in a queue will eventually learn
the actual waiting time, but customers who are in the market for airline tickets or other
goods are unable to observe true the inventory level at the current price. We contribute to
the literature by analyzing the use of inventory announcements in the air travel industry.

The market for air travel is a particularly interesting setting for this research question, for
several reasons. First, the airline industry as a whole operates under wafer-thin margins of
less than 3%, with even lower margins for the U.S. legacy carriers (PWC 2015). Therefore,
any decisions that influence demand patterns are particularly consequential. A thorough
understanding of consumer response to inventory announcements could yield millions of
dollars’ worth of value for an airline by allowing for even finer control of revenue management
practices than is currently standard in the industry. Second, although inventory messages are
common enough to influence millions of purchase decisions, there is considerable variation in
announcement practices across firms. For example, a customer searching for airline tickets
on United.com may see an itinerary with the announcement “8 seats left at this price”; on
Delta and American, messages are shown only when the announced number of seats is 3
or fewer. Meanwhile, the booking website for the now-defunct US Airways did not show
inventory announcements for any flights. The disparity in policies both provides fertile
ground for empirical research and suggests a possible lack of consensus about the optimal
announcement strategy. Third, inventory announcements could be particularly valuable to
customers due to the volatile nature of air-ticket prices. Because price changes for airline
tickets are frequent and often large in magnitude, the problem of correctly timing the ticket
purchase is an important one for consumers. Li et al. (2014) show that there is evidence of
strategic consumer behavior in the market for airline tickets; if the messages provided by the
firm are informative, then the strategic customer segment will take them into account when
deciding when to buy. In such an uncertain environment, any information that enables better
purchase timing decisions is highly valuable to customers, if they can interpret it correctly.

This research answers two central questions. First, how informative are airline inventory
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announcements about future price changes? We define ‘informativeness’ as the ability of
inventory announcements to improve customer predictions of future price changes: both di-
rection and magnitude. Second, how do announcements affect customer purchase decisions?
Using multinomial logit regression to model the log-odds of directional price changes, we
find that itineraries displaying announcements are much more likely to change price than
are comparable itineraries without announcements. Both price increases and price decreases
are more likely after an inventory announcement, and although the relative probability of
increase increases in most cases, there are times in the booking horizon (close to departure)
when an announcement can signal a higher likelihood of price decrease. Inventory announce-
ments also predict price changes that are larger in magnitude, compared to price changes
that occur when no announcement is shown. While the implications of announcement for
price changes are qualitatively the same for the three airlines in our study, we find differ-
ences in the estimated sales impact across carriers. For United Airlines, our analysis shows
a significant positive impact of announcement changes on immediate sales. This result is
robust to the inclusion of various market- and itinerary-level controls, and persists when
we control for potential endogeneity using instrumental variables. After correcting for bias
from endogeneity, we also estimate a positive sales impact of announcements for American
Airlines, while Delta’s announcements have a null effect in our sample. The specific sales
impact findings are explored in more detail in the results section.

The rest of the paper is organized as follows. Section 3.2 reviews related literature.
Section 3.3 discusses our data collection, preparation, and validation processes. Section 4.1
develops a model for quantifying the informational value of announcements, and discusses
results. Section 4.2 describes the empirical approach for measuring the sales impact of
inventory announcements, and discusses results and implications for the airlines. Section 4.3
concludes the paper and highlights opportunities for future research.

3.2 Related Literature
We seek to identify the impact of inventory announcements on customer purchase timing; as
such, our research relates to the substantial theoretical literature on operations management
with strategic consumer behavior. Previous research has examined many different aspects of
strategic customer behavior, including its implications for optimal pricing decisions (Besanko
and Winston 1990, Jerath et al. 2010, Cachon and Feldman 2015); procurement strategies
(Cachon and Swinney 2009, Swinney 2011); and capacity rationing (Liu and van Ryzin
2008). Papers in this area show that the presence of strategic customers can decrease firm
revenues in some cases (Aviv and Pazgal 2008, Levin et al. 2009), but also benefits firms
under certain conditions (Su 2007). However, any potential benefits are contingent upon the
firm recognizing and accounting for the existence of strategic customers: a common theme in
much of this work is that neglecting strategic customer behavior can decrease firm revenues
substantially.

On the empirical side, most of the relevant work comes from economics and marketing.
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In the economics literature, Hendel and Nevo (2006) and Hendel and Nevo (2013) analyze
consumer stockpiling behavior for storable goods that are subject to price promotions. They
show that the firm’s optimal pricing policy includes temporary price reductions to discrimi-
nate between consumers who are more price-sensitive and those who are less price-sensitive.
Erdem and Keane (1996) model dynamic brand choice when brand attributes are uncertain,
and forward-looking consumers maximize expected utility over a planning horizon. Nair
(2007) analyzes purchase timing decisions of rational customers in the market for console
video games, when the firm uses intertemporal price discrimination to segment consumers.
An underlying assumption in these papers is that customers behave strategically, in the sense
that they consider future prices and availability when making the current-period purchase
decision. Li et al. (2014) were the first to test empirically for evidence of strategic consumer
behavior; like our paper, they consider the air travel setting. They estimate that between
5.2% and 19.2% of air-travel customers are strategic, and find that evidence of strategic
behavior is robust to a variety of modeling assumptions. Osadchiy and Bendoly (2010) also
test for the presence of strategic behavior, but in a lab experiment rather than with field
data.

Within the marketing and psychology literatures, a number of papers analyze the impact
of perceived limited availability on purchases or intent to purchase. A common theme in this
area of work is that products are viewed more positively when they are in limited supply,
a theory that is discussed in Lynn (1992). Aggarwal et al. (2011) measure the impact of
two types of ‘scarcity messages,’ which indicate either a limited quantity available at a
promotional price or limited time to take advantage of a promotion, on consumer intent to
purchase. Using data from lab experiments, they find that limited-quantity scarcity messages
have a larger impact on customer purchase intention than limited-time messages, although
both message types have a positive and significant effect. Byun and Sternquist (2012) study
the effects of perceived limited availability using survey data collected from fast fashion retail
shoppers. In a key difference from our paper, there are no inventory announcements in the
setting they consider; customers perceive availability to be limited because they know that
the retailer’s inventory renewal cycles are short. Therefore, the perception of scarcity does
not influence buying decisions at an item level, but rather through an overall acceleration of
purchases. Our research differs from these papers in our use of a large-scale real-world dataset
and our focus on measuring the information content of messages claiming low inventory at
a given price.

The emphasis of our paper differs from the aforementioned empirical literature in that
our analysis focuses specifically on the impact of inventory announcements on purchases.
The question of how much information announcements contain relates to the classical cheap
talk literature that began with Crawford and Sobel (1982), and to more recent papers in the
operations literature that look at the abliity of cheap talk messages to convey information in
both retail and queueing settings (e.g., Allon and Bassamboo 2011; Allon, Bassamboo, and
Gurvich 2012). These papers develop an analytical framework to understand the dynamics
of a cheap-talk messaging game between a firm and customers: specifically, the conditions
under which messages convey information (are “informative,” in the language of our paper),
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and the equilibrium consumer response to the firm’s announcements. We complement and
expand this literature with an empirical study of these research questions, focusing on the
market for airline tickets.

3.3 Data
Empirical analyses of strategic customer behavior are scarce in the existing literature, in large
part due to the difficulty of obtaining the data to facilitate such a study. For our paper,
we use a unique original dataset consisting of itinerary listing and seat map data for three
airlines. This section provides a description of the data we collected, high-level summary
statistics and variable definitions, and an overview of the data preparation process.

Data Description

To answer our research questions, we use data on inventory announcements and ticket sales
for a large sample of domestic flights on U.S. airlines. With the assistance of a third-party
data collection company, we constructed the original dataset for this research by extracting
itinerary listing and seat map data from the booking websites of three major U.S. carriers that
make inventory announcements: American Airlines, Delta Air Lines, and United Airlines.
For each carrier in our study, we used data from the Bureau of Transportation Statistics’
(BTS) Airline Origin and Destination Survey to identify near-monopoly markets, i.e., origin-
destination pairs where at least 80% of itineraries between the two cities are operated by
the relevant carrier.1 Of the routes meeting this criterion, we selected markets with enough
records in the BTS sample to imply an average of at least 20 ticket sales per day across
all available flights. Because a single airline accounts for almost all traffic on these near-
monopoly routes, the search results shown on the operating airline’s website are a good
representation of the choice set customers face when booking a trip in that market. Across
the three airlines, we identified a total of 64 near-monopoly markets for inclusion in this
study. A full list of these origin-destination pairs is provided in Table 3.1.

For each selected market, we collected itinerary and seat map data for roundtrip flights
with daily departure dates from January 15, 2015 through April 15, 2015. For each departure
date, we collected data for round-trip itineraries with return dates both three and seven days
later, giving us 182 departure/return date combinations. Data collection took place daily,
beginning two months in advance of each departure date and continuing until the travel date
(see Table 3.2). In our analyses, we exclude observations captured less than 48 hours prior
to a flight’s departure, as strategic waiting is not a factor at that time.

Each observation in the itinerary listing dataset is a fare record that contains origin and
destination airports; carrier; inventory class; ticket price; travel date and time; observation
date; inventory announcement; and itinerary information such as number of stops, connecting

1On average, the markets in our study are even closer to true monopoly, with 90% of itineraries operated
by the target airline.
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city, and travel duration. This information is collected from the list of itineraries shown after
searching for tickets between a given origin and destination on a given set of travel dates.
We limit our data collection to itineraries with at most one connection.

Across all of the markets included in our analysis, we have between 1.6 and 3.3 mil-
lion departure-leg itinerary listing observations for each airline.2 For the three announcing
airlines, the percent of itineraries showing inventory messages are 15.9% (Delta), 21.4%
(American), and 32.0% (United). There is a strong time trend of more frequent announce-
ment later in the booking horizon, as shown in Table 3.3. There is signficant price variation
in our data, as shown in Table 3.4, and price volatility increases closer to the departure date.

Seat Map Data

We cannot directly observe ticket purchases for the flights in our study; instead, we use
changes in seat availability over time as a proxy for sales. Within each itinerary option listed
on a search results page, the airlines in our study include a link to view available seats on the
aircraft serving the flight(s). From the seat maps, we collect the number of economy-cabin
seats that are available and unavailable.3 Occasionally, seat maps cannot be displayed due to
an error loading the page or the inavailability of seat information from an operating partner.4
However, more than 85% of the itineraries in our sample have seat map data available for
all flights.

Previous research, such as Williams (2013), has shown that airline seat map changes
are a useful proxy for bookings, although they overstate the load factor by an average of
roughly 10% due to blocked seats (i.e., seats that are not filled by travelers, but which appear
unavailable due to various booking restrictions). Because we are interested in availability
changes rather than absolute levels of availability, overstating unavailable seats by a constant
amount or factor is not particularly troublesome.5 What is potentially more problematic is if
there are seat map changes that result from opening and closing fare classes; traveler upgrades
from economy to premium cabins; or other events besides actual ticket sales. Although we
cannot perfectly control for false implied sales, we perform a number of robustness checks to
test whether they are likely to bias our results. As a first step, we identify observations that
are clear outliers or suggest an error in collection (roughly 2% of observations), and exclude
them from our analysis. We also check whether the distribution of seat map changes shifts

2American: 1.6 million observations; Delta: 3.3 million; United: 1.9 million.
3For flights that have more than one type of economy cabin seat (e.g. regular economy and “Economy

Plus”), we collected availability at the seat-category level, although our analysis in this paper does not
distinguish between different types of open seats.

4In most cases, even flights that are not operated by the main airline have seat maps available.
5If load factors are indeed inflated by a constant factor, such as 10%, then seat map changes will overstate

the number of actual sales, because the difference between actual tickets sold and seats shown as unavailable
will be increasing in load factor. However, if we know that overstatement of unavailable seats takes this
form, we can easily correct for the disparity through a simple transformation of our implied sales variable.
We verify that our central results are qualitatively unchanged if load factors are overstated in the manner
described in Williams (2013).



CHAPTER 3. INVENTORY ANNOUNCEMENTS SETTING 26

in suspicious ways at different points in the booking horizon (i.e., if there are discontinuities
at points in time when fare classes might be more likely to open and close, or when airlines
would be processing upgrades to premium cabins), and do not find any concerning patterns
in implied sales. In particular, after cleaning the data and controlling for outliers, the mean
of our sales variable is a smooth function of advance booking days, with the coefficient of
variation of sales trending down as the time to departure approaches.

A second limitation of seat map data is that any given flight can be used in many different
itineraries, and when a seat fills we are unable to observe which specific itinerary containing
that flight was purchased by a customer. The network structure of airline operations means
that there are hundreds of itineraries that contain a given leg, with many different desti-
nations and travel date combinations. However, for our purposes, we only need seat map
changes to have sufficient correlation with actual sales on the route in question. If announce-
ments across different itineraries that contain the same leg are highly correlated–both for
itineraries with the same origin and destination but different dates for either departure or
return, and for itineraries that share a leg but connect to different origins or destinations–
then even if observed seat map changes result from sales on a different itinerary than the one
in our study, the announcement status of the trip that was purchased is consistent with the
announcement status of the corresponding observation in our dataset. That is, we will still
correctly link sales to either an ‘announcement itinerary’ or a ‘no-announcement itinerary.’
Our data allows us to test whether this condition is satisfied.

The two lengths of stay for which we collect data for each departure date make it easy
to test the correlation of announcements across itineraries that differ only in their return
date, e.g. the same flight from Houston to Cleveland on March 1, with either a March 4
or March 8 return date. Both itineraries use the same departing flight; observing the same
announcements on both supports the hypothesis that even if sales on the March 1 flight
came from itineraries with different return dates, those sales likely took place with the same
announcement status as the one used in our dataset. The results are very encouraging: over
98% of the time, if a given departing flight shows an announcement for the trip returning
3 days later, it also shows an announcement for the trip returning 7 days later (and vice
versa). Additional details of our empirical methodology and identification strategy for the
sales impact of announcements are provided in Section 4.2.

Variable Definitions

Throughout this paper, we use itinerary-observation day as the unit of analysis. In section
4.1, we have two different dependent variables. The first is one-period directional price
change, a categorical variable equal to ‘increase,’ ‘decrease,’ or ‘no change,’ according to the
type of price change observed for itinerary i from day t to day t + 1. The second is price
change magnitude, the amount of the price change over the same time frame. In section
4.2, the outcome variable is our seat-map change proxy for sales, which we calculate using
single-period changes in available seats. A more detailed discussion of various ways to define
this variable, and the intuition and implications of each, is presented in that section.
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Our independent variable of interest is announcement status, which takes on several
different definitions. In analyzing the predictive power of announcements, we use a simple
binary indicator announce for most of our analyses, which is equal to 1 if any announcement
is shown and 0 otherwise. When we are interested in measuring the differences in information
content across specific announcements, we use individual indicator variables for each level
(1 seat, 2 seats, etc). For United Airlines, we perform some regressions with an indicator
for an announcement of 3 or fewer seats remaining, to facilitate comparison with the other
carriers. In Section 4.2, our variable of interest is announceDecrease, an indicator for a
new or decreased inventory message. This variable is equal to 1 when there is a change
from no announcement to any announcement level, or when there is a change from some
announcement level x to announcement level x− y, y ∈ {1, ..., x− 1}. We use this variable
instead of the binary indicator for whether any announcement is shown because the latter
could lead us to underestimate the impact of announcement information. If the same message
is shown for multiple days, periods beyond the initial announcement day will not show the
full impact of announcement, because much of the effect will have been realized when the
new information was first revealed. At the same time, if the effect of a new message does
span multiple days, then the 1-day sales response to our announcement variable will be a
conservative measure of the true effect.

The explanatory variables in our regression analyses include the natural logarithm of
itinerary price; origin-destination pair, day-of-week, and length-of-stay indicators; load fac-
tor (measured as the percent of seats on the flight that are full); the number of itinerary
options available for a given origin-destination pair and travel date, which is a measure of the
availability of flight substitutes; market-level announcement intensity (measured as the per-
centage of itinerary options showing an announcement); and market price level (measured as
median price, average price, or minimum price across all itinerary options). We also include
advweek, the number of weeks in advance of the departure date that a given observation is
recorded, as well as the square and cube of this variable. We include the squared and cubic
terms because we believe there is a nonlinear relationship between sales and time to depar-
ture. Because we do not know the precise functional form of this relationship, we follow the
standard practice of approximating the function with a polynomial. Our final specification
uses a cubic function because the incremental explanatory power from adding higher-order
polynomial terms to the regression is essentially zero. A common practice in constructing
fare classes is to require 7-, 14-, or 21-day advance purchase, so we also include indicators
corresponding to those points in the booking horizon, 7days, 14days, and 21days. The cubic
time trend and threshold day indicators allow us to flexibly estimate the underlying demand
pattern for airline tickets, while the market and departure date indicators allow the regres-
sion intercept to vary with market- and date-specific factors. For reference, definitions of the
independent and explanatory variables are given in Table 3.5.



TABLES 28



TABLES 29

Ta
bl
e
3.
1:

O
ri
gi
n-
D
es
ti
na

ti
on

P
ai
rs

In
cl
ud

ed
in

th
e
A
na

ly
si
s

(w
ith

bo
th

di
re
ct
io
ns

of
tr
av
el
)

A
ir
li
n
e

A
ir
p
or
ts

O
ri
gi
n
&

D
es
ti
n
at
io
n

A
ir
li
n
e

A
ir
p
or
ts

O
ri
gi
n
&

D
es
ti
n
at
io
n

A
m
er
ic
an

B
T
R
-D

F
W

B
at
on

R
ou

ge
,L

A
-
D
al
la
s,

T
X

D
el
ta
,
co
nt
.

A
T
L-
M
E
M

A
tl
an

ta
,G

A
-
M
em

ph
is
,T

N
C
O
S-
D
F
W

C
ol
or
ad

o
Sp

ri
ng

s,
C
O

-
D
al
la
s,

T
X

A
T
L-
SR

Q
A
tl
an

ta
,G

A
-
Sy

ra
cu
se
,N

Y
C
R
P
-D

F
W

C
or
pu

s
C
hr
is
ti
,T

X
-
D
al
la
s,

T
X

B
O
I-
SL

C
B
oi
se
,I
D

-
Sa

lt
La

ke
C
it
y,

U
T

D
F
W

-D
SM

D
al
la
s,

T
X

-
D
es

M
oi
ne
s,

IA
D
T
W

-I
N
D

D
et
ro
it
,M

I
-
In
di
an

ap
ol
is
,I
N

D
F
W

-M
F
E

D
al
la
s,

T
X

-
M
cA

lle
n,

T
X

G
R
R
-M

SP
G
ra
nd

R
ap

id
s,

M
I
-
M
in
ne
ap

ol
is
,M

N
D
F
W

-O
M
A

D
al
la
s,

T
X

-
O
m
ah

a,
N
E

M
K
E
-M

SP
M
ilw

au
ke
e,

W
I
-
M
in
ne
ap

ol
is
,M

N
D
F
W

-T
U
S

D
al
la
s,

T
X

-
T
uc

so
n,

A
Z

M
SP

-O
M
A

M
in
ne
ap

ol
is
,M

N
-
O
m
ah

a,
N
E

D
F
W

-X
N
A

D
al
la
s,

T
X

-
N
or
th
w
es
t
A
rk
an

sa
s

U
n
it
ed

A
LB

-O
R
D

A
lb
an

y,
N
Y

-
C
hi
ca
go
,I
L

E
G
E
-M

IA
V
ai
l,
C
O

-
M
ia
m
i,
F
L

A
U
S-
IA

H
A
us
ti
n,

T
X

-
H
ou

st
on

,T
X

M
C
O
-M

IA
O
rl
an

do
,F

L
-
M
ia
m
i,
F
L

B
IL
-D

E
N

B
ill
in
gs
,M

T
-
D
en
ve
r,

C
O

D
el
ta

A
T
L-
B
N
A

A
tl
an

ta
,G

A
-
N
as
hv

ill
e,

T
N

C
LE

-I
A
H

C
le
ve
la
nd

,O
H

-
H
ou

st
on

,T
X

A
T
L-
C
V
G

A
tl
an

ta
,G

A
-
C
in
ci
nn

at
i,
O
H

C
LE

-M
K
E

C
le
ve
la
nd

,O
H

-
M
ilw

au
ke
e,

W
I

A
T
L-
F
N
T

A
tl
an

ta
,G

A
-
F
lin

t,
M
I

FA
T
-L
A
S

Fr
es
no

,C
A

-
La

s
V
eg
as
,N

V
A
T
L-
G
SO

A
tl
an

ta
,G

A
-
G
re
en
sb
or
o,

N
C

H
N
L-
IA

H
H
on

ol
ul
u,

H
I
-
H
ou

st
on

,T
X

A
T
L-
JA

N
A
tl
an

ta
,G

A
-
Ja

ck
so
n,

M
S

IA
H
-O

M
A

H
ou

st
on

,T
X

-
O
m
ah

a,
N
E

A
T
L-
LI
T

A
tl
an

ta
,G

A
-
Li
tt
le

R
oc
k,

A
R

IA
H
-S
A
T

H
ou

st
on

,T
X

-
Sa

n
A
nt
on

io
,T

X



TABLES 30

Table 3.2: Travel Dates and Data Collection Dates

DateID Departure Date Return Date Data Collection Start Date
1 Jan. 15, 2015 Jan. 18, 2015 Nov. 15, 2014
2 Jan. 15, 2015 Jan. 22, 2015 Nov. 15, 2014
3 Jan. 16, 2015 Jan. 19, 2015 Nov. 16, 2014
4 Jan. 16, 2015 Jan. 23, 2015 Nov. 16, 2014
... ... ... ...
181 Apr. 15, 2015 Apr. 18, 2015 Feb. 15, 2015
182 Apr. 15, 2015 Apr. 22, 2015 Feb. 15, 2015

Table 3.3: Average Announcement Frequency by Time to Departure Date

Weeks to Departure Overall
Airline 9 8 7 6 5 4 3 2 1 average

American 14.5% 14.5% 16.3% 18.3% 19.6% 21.8% 22.5% 24.2% 27.4% 21.4%
Delta 9.8% 9.8% 10.7% 12.2% 13.6% 17.1% 17.6% 18.5% 26.1% 15.9%
United 23.9% 25.2% 27.1% 27.7% 29.0% 33.6% 33.2% 35.8% 44.3% 32.0%
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Chapter 4

Inventory Announcements Results

4.1 Announcement and Price Changes
The first question that we answer related to inventory announcements is the “informative-
ness” of these messages. Conceptually, we want to understand how much information is
contained in airline inventory announcements, and the extent to which customers can use
this information to make better purchase timing decisions. A comprehensive answer to this
question is a necessary precursor to the next section, in which we evaluate whether the sales
response we see after inventory announcements is consistent with strategic consumer behav-
ior: the rational response to an announcement will depend on the information it contains.

Because carriers use sophisticated pricing algorithms that result in the constant opening,
closing, and reopening of more than two dozen fare classes, measuring the informational
value of inventory announcements is not as straightforward as it may seem on the surface.
The inventory messages shown by airlines make a claim about the number of seats left at
the current price, not about the total number of units remaining, and they say nothing
about what the next price level will be. Carriers establish an initial set of ‘fare buckets’ or
‘booking classes’ for each itinerary, with some number of tickets assigned to each one, but
these buckets and their capacities change over time in response to realized demand on the
route. Furthermore, industry conventions such as fare class advance booking requirements
introduce another level of nuance to the interpretation of inventory messages. Eight days
before the departure of Flight 200 from Atlanta to Nashville, the airline may have three seats
left in a certain booking class priced at $400. But the price of that fare bucket may increase
tomorrow, regardless of how many tickets are sold today.

Given the complex pricing dynamics of the air travel industry, it is clear that we cannot
merely evaluate whether an announcement is truthful. Instead, we seek to understand the
marginal information provided by an inventory announcement, conditional on all relevant
market conditions (e.g. time to departure; itinerary characteristics; availability of substi-
tutes). We define ‘informativeness’ as the ability of inventory announcements to improve
customer predictions of future price changes: both direction and magnitude. The incre-
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mental value of incorporating announcements into the information set is the difference in
expected price paid by a strategic customer when inventory messages are used to predict
future price changes, compared to the expected price paid without announcements to aid in
purchase timing. Because we are interested in predictive power in this section, we do not
seek to establish a causal relationship between announcements and price changes.

In the rest of this section, we develop a model to compare the expected direction and
magnitude of price changes after an announcement to price changes when there is no an-
nouncement, and conclude with a simple model for quantifying the value of inventory mes-
sages to a rational consumer who times his ticket purchase optimally conditional on available
information.

Directional Price Changes

When a customer is deciding whether to purchase an airline ticket or wait until the next
period, his overarching consideration is whether the price of the ticket is likely to increase,
decrease, or stay the same. Therefore, we begin by modeling the impact of an announce-
ment on expected directional price changes from one observation period to the next. As
background for this section, it is helpful to understand the prevailing price trends in the
industry and for our markets in particular.

Price Change Trends

In general, airline ticket prices trend upward as the time remaining until departure decreases;
however, the typical price path is non-monotonic. The prices of the flights in our sample
change price an average of 11 times in the final month of the booking horizon, with price
increases representing two-thirds of those changes. Across all observations for the near-
monopoly markets in our data, prices increase from one period to the next approximately
22-28% of the time (depending on the airline), decrease 11-16% of the time, and remain
unchanged 56-67% of the time. As expected, price change probabilities display a strong
time trend, with increases being more likely closer to departure. Price decreases display a
non-monotonic time trend, occuring most frequently 4-5 weeks before departure. At a high
level, this pattern is consistent with airlines observing early market signals and adjusting
prices in response to realized demand. Plotting daily price change probabilities for United
(see Figure 4.1), we see that price increase probabilities are markedly higher on days that
correspond to industry advance booking requirements (including 21 days, 14 days, and 7
days before departure).

Looking at the raw directional price changes with and without announcement, a clear
pattern emerges. For example, on United’s website, if any announcement is shown, there is
a 33% chance that the price of that flight will be higher the next day, compared to a 20%
chance of price increase if no announcement is shown. If United announces that 3 or fewer
seats are left at the current price, the probability of a price increase tomorrow jumps to
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41% across all markets in our sample,1 and as high as 55% for some origin-destination pairs.
Price change summary statistics by announcement status for all three airlines in our study
are shown in Table 4.1.

The high-level summary statistics suggest a correlation between announcements and price
increases, but do not tell us about the marginal information provided by inventory announce-
ments, conditional on other factors that are correlated with prices (such as time to departure).
For this, we use a multinomial logistic regression of price change category (increase, decrease,
or no change) on our announcement variable and a vector of explanatory variables. Under
the multinomial logit model, the logarithm of the probability (log-odds) of observing price
change category k for itinerary i (relative to baseline category K) follows a linear model,
i.e.,

ηik =
πik
πiK

= α + βkannouncei + x′iγk

We use ‘no change’ as our baseline category, and estimate the log-odds of price increase
and decrease as functions of announcements and a set of controls. In our primary specifica-
tion, the vector of explanatory variables x includes fixed effects for origin-destination pair,
departure date, and length-of-stay, as well as a cubic time trend for days until the travel
date and indicators for the days commonly used in fare class advance booking requirements
(21/14/7 days before departure).

Results

For all three announcing airlines, we obtain consistent results: positive and highly significant
coefficients on announcement for both price increase and price decrease. That is, conditional
on trip characteristics and time to departure, a given flight is more likely to increase in price
tomorrow if an announcement is shown today. However, that flight is also more likely to
decrease in price than if there had been no announcement. The coefficient magnitudes for
the two categories indicate a larger effect for price increases: after announcement, both price
increases and price decreases are nominally more likely, but a price increase also becomes
more likely relative to a decrease. For example, on United flights, a price increase is on
average 77% more likely after announcement compared to after no announcement, while a
price decrease is 29% more likely. The relative odds of seeing a price increase vs. a price
decrease are 37% higher after announcement, after controlling for market factors and time
to departure. Full regression results are shown in Table 4.2.

The multinomial logit model’s linear prediction function allows us to control for variables
that are correlated with both price change direction and announcement, but does not reveal
how the effect of announcements changes with the explanatory variable values. Of particu-
lar interest is the relationship between announcement informativeness and advance booking:

1Recall that United’s announcements can be as high as “8 seats left at this price”; statistics for 3 or
fewer are reported to facilitate comparison with American and Delta, which both use 3 as their maximum
announcement number.
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does an announcement two months before the travel date provide the same amount of in-
formation as an announcement close to departure, or does the marginal predictive power of
inventory messages change over the booking horizon? To answer this question, we perform
separate multinomial logistic regressions for each advance booking week from one to nine
weeks before the departure date. Weekly results for the change in the odds of a price increase
and a price decrease after announcement (a transformation of the MNL coefficient estimates)
are plotted in Figure 4.2.2 Performing separate regressions by week allows us to model a
nonlinear relationship between announcements and days-to-departure. This estimation pro-
cedure is more flexible than including announcement-advance week interaction terms in a
combined regression, because the coefficients of the explanatory variables in our regressions
are allowed to vary with advance booking week as well.

We find a strong time trend in the implications of announcement for the price decrease
probability. Eight weeks prior to travel, if an announcement is shown, then the price of
that itinerary is 5% more likely to decrease in the next period than if there is no announce-
ment. Meanwhile, in the final week before departure, the probability of a price decrease
nearly doubles if an announcement is shown. The change in price increase probability after
announcement also exhibits variability over the booking horizon, but does not display the
same upward trend. The results in Figure 4.2 imply that announcements have different in-
terpretations at different points in time. Early in the booking horizon, announcement signals
that a price increase is much more likely relative to decrease, compared to the case where no
announcement is shown. Close to the departure date, seeing an announcement can actually
signal that a price decrease is relatively more likely than if no announcement was shown.
Table 4.3 shows how much the likelihood of price increase vs. price decrease changes after
announcement, by booking week.

For customers, our directional price change results suggest that announcements are in-
dicative of higher short-term price volatility. While price increases become relatively more
likely post-announcement over most of the booking horizon, the fact that both directions
have positive coefficients means that the implications of an announcement will depend on
customer preferences. For a risk-averse or risk-neutral customer who is certain she will travel,
buying now becomes more attractive relative to waiting if an inventory message is shown.
However, for a customer who has other options, or wants to travel only if he can find a good
deal, an announcement could signal that it is worth waiting to see if the price drops–at sig-
nificant risk of a price increase, of course. Furthermore, an announcement two months prior
to travel is not the same as an announcement two weeks prior to travel. The relative risk
ratios for directional price change show that announcements are more informative further
from the travel date, in the sense that they provide a less noisy signal of future price change
direction. One interpretation is that there are more factors influencing price changes close
to the departure date, and the baseline probability of a price change is higher than it is early

2These results use the same set of explanatory variables as our main directional price change regressions;
variations that include booking day indicators (both for all days, and for just for the 7/14/21 day milestones,
as applicable), yield consistent results.
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in the booking horizon. Therefore, an announcement provides less marginal information
to consumers when the travel date is near. Another interpretation is that scarcity is not
expected early in the booking horizon, and any announcement implies that scarcity exists.

In this section we have shown that announcements improve prediction of price change
direction, to a degree that varies over time. To quantify the expected utility impact of this
predictive power more precisely, it is necessary to understand the relationship of announce-
ments not just to price change directions but also to price change magnitudes. We turn to
this question in the next section.

Magnitude of Price Changes

In the previous section we showed how the expected direction of price changes is affected by
inventory announcements; we now test whether customers can also infer something about
the expected magnitude of price changes.

Model and Results

To measure the impact of announcements on expected price change magnitudes, we use
ordinary least-squares regression to determine the best fit of the dollar-amount or percentage
price changes upon a new or updated announcement and the explanatory variables discussed
in the previous section. The regression model is:

priceChangei = β0 + β1announceDecreasei + x′γ + εt (4.1)

The explanatory variables that we include in our primary specifications are price; fixed
effects for origin-destination pair, departure date, and length-of-stay; a cubic time trend in
advance booking week; and indicators for 7, 14, and 21 days before departure. We also
performed regressions including market-level announcement intensity and load factor, but
found that they were not significant predictors of price change magnitude. Our objective in
this section is to establish the main effect of announcements on price change magnitude, so
we do not include interaction terms in these regressions.3

To check whether the coefficient estimates could be biased by multicollinearity among
our explanatory variables, we calculate the variance inflation factor (VIF) of each variable
after performing the regression. A VIF equal to 1 indicates no multicollinearity; as a rule of
thumb, a variable with a VIF greater than 10 merits further investigation. In our primary
regression model, the only variables with VIF greater than 10 (or, in fact, greater than 5)
are the advance booking week terms, which have very high values (>100). However, this
is not a concern in our setting, for two reasons. First, we expect to have high VIF values
when we include powers of an explanatory variable, which are likely to have high correlation

3As an input to our calculations in Section 4.5, we perform the regression in specification (1) separately
for each advance booking week. This procedure allows us to estimate the trend in announcement impact over
the booking horizon and is more flexible than including announce/advweek interactions in a single regression.
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with the variable itself (indeed, the correlations of advweek with its square and cube are
0.97 and 0.92, respectively). If we center advweek at 0 by subtracting its mean from each
observation, the VIF values fall to reasonable levels4 with no change in the point estimates
of the other coefficients. Additionally, multicollinearity is only problematic for the variables
that are collinear. Most important for our analysis, the announcement variable of interest
has a very low VIF of 1.13, indicating that its coefficient estimate is not unreliable due to
multicollinearity.

Across the seven specifications for which we report results in Table 4.4, we find that
expected price changes are larger in magnitude after announcement, both across all obser-
vations and conditional on price increase. Specifications (1)-(5) use the natural logarithm of
price as an explanatory variable; specifications (6) and (7) use absolute price. Our results are
consistent for both definitions of the price level explanatory variable. In our United markets,
the average price change is $10.50-$11.20 larger after any announcement compared to no
announcement; the difference grows to $12.97-$16.37 if we consider just announcements of
3 or fewer seats left. The specific announcement level also matters at a more granular level:
using indicators for each distinct announced inventory level as our announcement variables,
we see that after a message of “1 seat left at this price,” the expected price change increases
by nearly $25. Meanwhile, after a message of “8 seats left,” the expected price change is
just $4 larger than with no announcement. The coefficient estimates for announcements
of 1-5 seats have non-overlapping 95% confidence intervals; messages of 6-8 seats left have
coefficient estimates that are not statistically different from one another.

We obtain qualitatively similar results if the price change magnitude variable is expressed
as a percentage instead of a nominal amount. Our estimates suggest different trends in the
contribution of the advance-booking-week cubic between the two variable definitions: the
fitted function is flat for high values of advweek using absolute price changes, but continues
to decline for the percentage price change definition. However, both price change variables
follow similar patterns over time (see Figure 4.3), so the difference can be attributed to
imperfect curve fitting of the cubic.

The same pattern holds if we condition on a price increase: lower announcement levels
consistently predict larger (i.e. more positive) price changes in the next period. However,
conditional on price decrease, an announcement of 1 seat left or 2 seats left actually predicts
a more negative price change, i.e. a larger decrease. Meanwhile, higher announced quanti-
ties predict a decrease smaller in magnitude. One possible interpretation is that while all
announcements levels predict higher probability of price change, the change is more likely to
be a jump from one fare bucket to another after a very low quantity is announced–because
it is more likely that 1 or 2 seats sell from one day to the next, compared to 7 or 8 seats.
Other price changes (which are still more likely to occur after an announcement, based on
our results) could reflect adjustments to the specific price level of the current fare bucket,
which might be plausibly smaller in magnitude (in either direction) than movements from one
bucket to the next. Although we cannot be certain that this is the explanation, our results

4VIF = 5.51, 1.61, and 6.02 for advweek, advweek2 and advweek3, respectively.
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provide strong evidence that price change magnitudes are largest–in both directions–after
an announcement of just 1 or 2 seats left.

For the regressions here and in the previous section, our results could overstate the
marginal information content of announcements if there are unobserved factors that are pos-
itively correlated with both price changes and probability of announcement (conditional on
the explanatory variables), and are known to consumers. Certain types of demand fluctua-
tions, such as those caused by holidays or special events in a destination city, could fall into
this category. However, it is not immediately obvious how such variation in demand would
affect announcement probability. If the airline uses finer revenue management techniques
(e.g. smaller fare class buckets) when it expects higher-than-average demand, then we might
see both more announcements and more (or larger) price increases than usual. But there
could also be fewer (or smaller) price movements when demand is known to be higher, e.g.
if the airline sets a higher initial price or offers fewer discount fares. Additionally, customers
are unlikely to have full visibility into such demand shocks and their impact on prices and
announcements, so any overstatement of the predictive value of announcements is likely to
be small.

Value of Announcement Information

To quantify the informational value of inventory announcements to a rational customer,
we require a model of the customer decision process. For the purposes of illustration, we
consider a simple case in which consumers wait for at most one period, and we treat an-
nouncement as a binary indicator (i.e., we ignore the differential information content of
different announcement levels).

Suppose a customer arrives in the market and observes the current price pt of his preferred
itinerary. His objective is to maximize expected utility, which in this case will be equivalent
to minimizing the expected present value of price paid for the ticket. We assume he must
buy in either the first or second period, so the problem can be distilled to a single decision:
buy or wait in the first period.

First suppose that inventory messages are never available, and that on average (condi-
tional on market characteristics and time to departure), ticket prices in this market increase
πi percent of the time and decrease πd percent of the time, with average sizes of ηi and ηd,
respectively. The expected next-period price is p̂t+1 = pt + πiηi − πdηd, and the customer
applies some discount factor δ to purchases made in the second period, which reflects the
strength of his preference for delaying the purchase decision. Thus, the customer will buy if
pt ≤ δp̂t+1 and wait otherwise.

Now suppose the carrier has a policy of making inventory announcements, and the cus-
tomer is aware of the impact of inventory information (either announcement or lack thereof)
on expected price changes. If the customer sees no announcement, then he will expect the
price to increase in the next period with probability π0

i and decrease with probability π0
d.

If it increases, let η0
i denote the expected amount of the increase, given that there is no

announcement. Similarly, let η0
d denote the expected amount of a decrease, so expected next
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period price is p̂0
t+1 = pt + π0

i η
0
i − π0

dη
0
d. Meanwhile, if an inventory announcement is shown,

then the customer expects the next period price to increase with probability πai (by expected
amount ηai ), and to decrease with probability πad (by expected amount ηad), yielding expected
next-period price p̂at+1 = pt + πai η

a
i − πadηad .

Announcements add value for the customer when the decision made under the announce-
ment policy is different than the decision made using the unconditional price change prob-
abilities; that is, if an announcement is shown and pt falls strictly between δp̂t+1 and δp̂at+1,
or if no announcement is shown and pt falls strictly between δp̂t+1 and δp̂0

t+1. In Table
4.5, we first calculate the unconditional (on announcement status) expected price change
by advance booking week. We then combine our results on price change directions and
price change magnitudes (performing separate regressions for each advance booking week)
to estimate the expected price change after announcement and after no announcement.5

Without any further assumptions, the expected price change calculations indicate that
even without discounting (i.e. if δ = 1), the existence of inventory information has a posi-
tive impact on customer utility over most of the booking horizon. Wherever the expected
price change direction differs between the unconditional case and announcement, or between
the unconditional case and no announcement, the customer will make a different buy/wait
decision as a result of the firm’s policy of sending inventory messages. Note that because
the optimal decision with no information is usually to buy (due to prices trending up over
time), the value of the announcement policy often comes from the absence of a message. The
estimated impacts of announcements on price-change expectations reported in Table 4.5 are
small, but represent high-level averages across all flights at the relevant point in the booking
horizon. The value of announcements can be calculated at a more granular level (e.g., the
informational value of a message of “3 seats left” on a 7-day trip from Houston to Cleveland)
by using only the data for flights meeting specific criteria. Furthermore, if customers have
either a multiplicative discount factor or an additive waiting cost/benefit, this will lead to
more cases where announcement impacts the customer’s decision.

There are a number of simplifying assumptions underlying this example, including the
assumption that the customer knows for certain which itinerary he wants to purchase. In
reality, customers may wait because they have uncertainty about their travel plans, which
makes the optimal itinerary uncertain. This model can be generalized to capture the case in
which customers form price change expectations for multiple flights, and maximize expected
utility across the different options. The underlying intuition is the same as in the single-
itinerary setting, but with higher computational burden for the consumer. The calculation
in this section provides a “back-of-the-envelope” method of evaluating announcement utility;

5The new increase and decrease probabilities after announcement, πai and πad , are obtained by multiplying
the relative risk ratios (from the multinomial logit directional price change regression) by the unconditional
directional price change probabilities. The expected price change amounts ηai and ηad are obtained by sum-
ming the unconditional expected price change amounts with the announcement coefficient estimates from
weekly regressions of price change amount on announcement + controls. π0

i , π0
d, η

0
i , and η0d are backed out

using the post-announcement parameters, announcement frequencies, and the unconditional price change
probabilities and magnitudes.
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in particular, we use the observed price change probabilities across the whole sample as
the ‘unconditional’ probabilities πi and πd. In reality, the airline’s policy decision to make
announcements could affect the overall price change frequencies; a full counterfactual analysis
would require a structural model.

4.2 Announcements and Customer Purchases
In this section, we shift our focus from the predictive power of announcements to their ef-
fect on customer purchase behavior, and resulting implications for the firm. We begin by
discussing the specific definition of the sales variable used in this section, and the impli-
cations of various alternative definitions. Next, we develop hypotheses for how inventory
announcements could affect short-term sales. Using the sales variable that we derive from
observed seat map changes, we use multiple linear regression for a preliminary analysis of
announcement impact. To conclude the section, we use an instrumental variables approach
to control for potential endogeneity issues with the OLS model. We interpret the results of
the estimated regression coefficients, and perform robustness checks for our main results.

Sales Variable Definition

To prepare our data for the analysis in this section, we first need to calculate the implied
sales values by taking the difference between the number of available seats on each flight from
one period to the next.6 Implied sales should reflect as closely as possible the number of
sales that took place while the announcement associated with a given observation was shown
on the airline’s website. We observe a snapshot of announcements and seat map availability
once per day, typically in the late morning or early afternoon hours in the departure airport’s
time zone.7 Depending on when the announcement for a given flight first appeared on the
airline’s website, we could observe the flight’s seat map after some sales have already taken
place with that announcement showing. Additionally, there may be sales that coincide with
the current announcement after we observe the seat map and before the announcement
is next updated. Therefore, when deciding which seat map changes to link with a given
announcement observed at time t, there are two different measures to consider: the change
in available seats from time t− 1 to t, and the change in available seats from time t to t+ 1.

In preliminary analysis, we explored three potential sales variables: one defining sales as
availableSeatst−1−availableSeatst, one defining sales as availableSeatst−availableSeatst+1,
and one defining sales as the average of these two values. There are advantages and draw-
backs to each of these definitions. For the backward-looking definition, the primary concern

6All results discussed in this paper define a period as one day, but we replicate our main analyses using
a two-day period length, with consistent results.

7Our data daily collection began shortly before noon Eastern Standard Time. Collection for the travel
dates we include in our study typically required only a few hours per day.
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is reverse causality: it might be the case that sales over this time horizon cause an an-
nouncement change, rather than the other way around. However, using the forward-looking
definition may systematically underestimate the impact of announcements by failing to in-
clude sales that occur shortly after an inventory message is first shown (before we take our
snapshot of seat maps and announcement status). Indeed, if announcements shift demand
earlier in time (resulting in an immediate increase followed by an offsetting decrease), then
using the forward-looking sales definition could yield a negative estimated sales impact, even
if the true impact is positive.

We find that announcements have the most explanatory power when we use a sales
variable that defines period t sales as the average of seats filled from time t− 1 to time t and
seats filled from t to t+1. This corresponds to an assumption that we observe announcements
and seat availability in the middle of the horizon between announcement changes, and that
sales over this horizon are evenly distributed in the periods before and after observation.
In our final analysis, we use an instrumental variables approach to address the potential
simultaneity bias issue caused by the inclusion of a backward-looking sales measure. Since
we expect any bias introduced by the forward-looking sales measure to be positive, after
addressing the endogeneity issue we can interpret the announcement coefficient estimates as
a lower bound on the true sales impact.

A limitation of our analysis is that we collect data once per day; however, an airline
may change the announcement for a given flight multiple times in a day as sales take place.
Especially for collection dates close to departure, we are likely to miss some announcement
changes between one observation day and the next if multiple sales occur. As a result, we
are inherently limited in our ability to detect a differential impact on sales between rapid
changes in announcement status and a single change from one day to the next. However,
announcement changes can only influence customer purchases if the customer observes them.
If a strategic consumers who is watching an airline ticket checks its price roughly once per
day, then our data is a good approximation of the information that the customer collects
and uses to make his purchase decision.

Linear regression model for sales

For our preliminary analysis, we specify a linear regression model that includes our an-
nounceDecrease variable and the controls discussed in Section 3.3. The regressions in this
section have the form:

salesi = β0 + β1announceDecreasei + x′γ + εt (4.2)

where the vector of covariates x consists of the logarithm of itinerary price; a cubic trend
in weeks-to-departure; 7-, 14-, and 21-day indicators; and indicators for origin-destination
pair and departure date.8 Table 4.6 shows the results for regression equation (4.2), as well
as variations that add market-level announcement intensity and load factor. Standard errors

8We performed regressions with additional explanatory variables described in Section 3.3, including load



CHAPTER 4. INVENTORY ANNOUNCEMENTS RESULTS 43

for the announceDecrease coefficient estimates are reported in parentheses. We cluster the
standard errors by marketID to allow for correlation in the error terms within markets.

The OLS estimates are inconsistent across airlines. In the United sample, the OLS coef-
ficient on our announcement variable is positive and highly significant, indicating a positive
relationship between announcement and same-period sales. For American, the OLS model
fit is very poor (R2 ≈ 0.01), and the coefficients on announcement and our additional ex-
planatory variables are not significant. For Delta, the estimated coefficient is significant and
negative, although small in magnitude.

Although these regressions are useful for preliminary estimation, there are two potential
sources of endogeneity that could be biasing the estimates of announcement impact. First,
omitted variable bias will occur if we exclude from our regression variables that are correlated
with both announcements and sales. The main concern in our setting is that there could be
unobserved factors, such as special events in a destination city, that cause higher demand in
that market and are also correlated with announcement changes. In this case, the error term
in the OLS model will be correlated with at least one regressor, violating the strict exogeneity
assumption E[ε|X] = 0. While we cannot explicitly test for or measure bias from omitted
variables that are not observed, we can comment on the expected direction and magnitude
of the bias. For an omitted variable w, the amount of bias is given by ρAwβwsw

sA
, where ρAw

is the correlation between the announcement variable (denoted here by A) and the omitted
variable w, βw is the partial effect of the omitted variable on sales, and sA and sw are the
deviations of announcements and the omitted variable, respectively. The direction of bias
could be positive if the excluded variables have a nontrivial impact on sales (βw > 0) and
a positive correlation with announcements (ρAw > 0). However, if above-average demand
causes multiple purchases in quick succession, then we could observe fewer announcement
changes relative to purchases when sales are high. This would result in a negative omitted
variable bias on the announcement coefficient. The second possible source of endogenity is
simultaneity bias, or reverse causality. We are interested in measuring the partial effect of
announcements on same-period sales, but sales may also cause more announcements. Thus,
the positive relationship between announcements and sales may overstate the true effect of
announcements. To address both of these issues and isolate the effect that we are interested
in measuring, we use an instrumental variables (IV) two-stage least squares (2SLS) model (cf.
Angrist and Krueger (1991)), as outlined in the next section. We return to the interpretation
of the differing results across airlines after the IV analysis.

2SLS model

The instrumental variables approach can be used when we observe one or more variables
that are correlated with an endogenous regressor but have no relationship with the outcome

factor, market-level price measures, and number of alternate flights available in the market. These additional
variables are excluded from the results we report here because they did not increase the explanatory power
of the regression model.
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variable except through that regressor. That is, the new variables (the ‘instruments’) sat-
isfy relevance and exclusion restriction assumptions: they are sufficiently correlated with
the endogenous variable in question, but uncorrelated with the error term in the original
OLS regression, making it valid to exclude them from that model. The intuition behind
this approach is that even when a dependent variable is endogenous, some portion of its
variation will be uncorrelated with the independent variable, and can be used to identify
the endogenous variable’s partial effect on the outcome. With a single endogenous variable
and a single instrument, IV and 2SLS are equivalent, so we use the terms interchangeably
throughout this section.

As an instrument for an itinerary’s announcement status, we use the announcement
status of the same itinerary, but with a travel date two weeks in the future, observed the same
number of days before departure. For example, for an observation of flight UA 100 departing
on March 1, captured 12 days before departure, the value of the instrumental variable will
be equal to the announcement variable for flight UA 100 departing on March 15, captured
12 days before departure.9 The relevance of this instrument derives from the carrier’s use of
the same high-level pricing strategy across the paired flights: for the same itinerary within
a short time horizon, the airline is likely to use the same fare bucket structure, resulting in
a similar pattern of announcements. Note that we do not need to assume that individual
announcement statuses are the same across flights, or even that the fare buckets themselves
are the same–all we need is a nontrivial level of correlation between the two variables. It
is straightforward to check the relevance assumption by measuring the correlation between
the endogenous announcement variable and the instrument, which we denote by z. In our
samples the correlations are 0.09 (American), 0.12 (Delta), and 0.15 (United), and in all
three cases a standard test of the first stage regression rejects the null hypothesis of weak
instruments. The exclusion restriction cannot be tested directly, but there is no plausible
mechanism for the instrument to influence sales on the itinerary in question. We choose a
travel date far enough away that the instrument itinerary would rarely be a substitute for
travelers, so we can be confident that both IV assumptions are satisfied.

The first stage of the 2SLS approach regresses the instrumental variable, and the vector
of covariates, on announcement status, i.e.,

announceDecreasei = γ1zi + x′γ2 + ui (4.3)

In the second stage, the predicted values of announcement decrease are regressed on
sales, along with the same set of covariates included in the first stage regression. Although
we have a binary dependent variable in the first stage, we follow the recommendation of
Angrist and Pischke (2009) and use the standard 2SLS procedure with linear fitted values,

9We use a two-week gap to maximize the number of itineraries we are able to match with an instrument.
For longer gaps (such as three or four weeks), there will be more travel dates for which we do not have the
data required to construct an instrument. Furthermore, while flight numbers are generally stable in the short
term, the longer is the gap, the greater is the chance that some flight numbers will change, complicating
the itinerary matching process. Aside from these concerns, our analysis is robust to instrument definitions
based on three- or four-week gaps.
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which is preferred over instrumenting with nonlinear fitted values. The regression equation
is:

salesi = β0 + β1
ˆannounceDecreasei + x′β2 + εi (4.4)

To obtain the correct standard errors, we use Stata’s ivregress command to implement
2SLS directly, with standard errors clustered by market. Results of the IV model, using the
set of regressors from OLS model (1), are presented in Table 4.7, with standard errors shown
in parentheses.

For all three airlines, the 2SLS coefficient estimates move in the positive direction com-
pared to OLS. For United, the positive effect size increases from 0.208 to 0.495 after correcting
the endogeneity; for American, we obtain a positive coefficient of 0.313 that is significant at
the p = 0.05 level. For Delta, the coefficient estimate is directionally more negative, but no
longer significant due to the lower efficiency of 2SLS relative to OLS. Tests of endogeneity
for United and American reject the null hypotheses that announcements are exogenous at
the 5% signifiance level (p = 0.043 and p = 0.021, respectively). However, for Delta, the null
hypothesis of exogeneity is not rejected (p = 0.60).

The direction of the shift in coefficients from OLS to 2SLS suggests that reverse causality
is not driving the positive results; if it were, then the 2SLS estimates would be lower than
those from OLS. Rather, the more rigorous analysis provides additional evidence than con-
sumers do respond to announcements, at least on some carriers. For United (American), we
can interpret the coefficients as predicting an average of about 0.5 (0.3) more sales after an
announcement is shown, compared to the same market conditions with no announcement.
For reference, the average of our sales measure across the entire sample is roughly 1.4 for
United, and just over 1.0 for American. Given our findings about price change probabilities
after announcement, the positive impact of announcements on immediate sales for these
two carriers is broadly consistent with rational consumer behavior. Our results suggest that
consumer response to announcements varies across carriers, inviting further exploration of
the differential impacts of announcement policies. We observe carrier differences in both
announcement threshold (eight for United, vs. three for Delta and American), and in fre-
quency of announcement across airlines with the same threshold (21.4% of itineraries show
announcements for American, vs. 15.9% for Delta). These disparities in how the airlines use
inventory messaging may explain some of the differences we see in consumer response.

4.3 Conclusion
In this paper, we evaluate the information content of airline inventory announcements, and
estimate their effect on customer purchases. We show that announcements contain signif-
icant information about the direction and magnitude of future price changes, which can
increase a rational customer’s expected utility by improving his ability to time the ticket
purchase to minimize the paid. We present a rigorous empirical approach for evaluating
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the impact of announcements on customer purchases, which allows us to control for poten-
tial endogeneity of announcement changes and sales. We identify a novel instrument for
inventory announcements, and use a 2SLS model to correct for endogeneity in our regression
analysis. We find a positive immediate sales response to announcements for two out of our
three carriers, consistent with rational consumer behavior given the information content of
announcements.

There are a number of questions related to this topic that remain unexplored here. We
have not yet addressed the central inventory announcement question faced by the firm:
namely, what is the optimal announcement policy? Our results here show that inventory
announcements can benefit customers by reducing the expected price paid for a flight, which
implies that the firm earns less on some ticket sales as a result of announcements. On the
other hand, if announcements encourage purchases by customers who would not have patron-
ized the firm otherwise, or if they can also shift demand from lower to higher prices, then the
revenue impact could be positive. The overall impact of announcements will depend on the
fraction of the market that is strategic, and in non-monopoly markets, on the competitive
implications of revealing this information. An analysis of the firm’s announcement policy
decision, using a structural model to allow for evaluation of counterfactual messaging poli-
cies, is a natural next step for this research. There are many promising avenues for future
empirical work in this area, which have the potential to yield valuable insights for many
different industries.
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Figure 4.1: Price Change Probabilities by Days-to-Departure, United Airlines
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Figure 4.2: Change in Odds of Price Increase and Price Decrease, After Announcement
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Figure 4.3: Average Price Change Amount and Percentage,

by Advance Booking Week
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Figure 4.4: OLS Coefficient Estimates: Regression of Price Change Amount

on Announcement-Level Indicators and Covariates Listed in Table 4.4,
with 95% Confidence Intervals

Conditional on Price Increase

Conditional on Price Decrease
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Table 4.1: Summary Statistics: Price Changes by Airline

1-period directional price change probabilities, by announcement status

American Delta United
No

announce Announce

No

announce Announce

No

announce Announce

Announce

≤3

Increase 20.3% 40.0% 14.8% 40.3% 21.6% 32.9% 40.5%

Decrease 12.6% 20.6% 8.9% 14.3% 15.3% 16.6% 16.2%

No change 67.2% 39.3% 76.2% 45.4% 63.1% 50.4% 43.3%

Average 1-period price change magnitudes, by itinerary announcement status

American Delta United
No

announce Announce

No

announce Announce

No

announce Announce

Announce

≤3

All $5.20 $14.95 $5.91 $27.07 $5.86 $14.38 $19.96

Increases $52.54 $73.66 $71.75 $88.96 $60.46 $70.29 $73.91

Decreases -$43.86 -$73.54 -$53.19 -$62.00 -$46.88 -$52.77 -$61.56
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Table 4.2: Multinomial Logit Results:

Regression of Directional Price Change on Announcement

United
any announce announce≤3

No change (base outcome)
Price decrease

announce coeff. 0.256*** 0.314***
(.005) (.007)

announce RRR 1.293 1.369
Price increase

announce coeff. 0.573*** 0.855***
(.004) (.005)

announce RRR 1.774 2.360
Increase v. decrease

RRR 1.372 1.724
Pseudo R-squared 0.050 0.055

n 1,719,100 1,719,100

RRR = Relative Risk Ratio

Additional regressors: cubic time trend; 7-, 14-, and 21-day indicators; market, departure date, and
length-of-stay fixed effects

Regression results for American Airlines and Delta Air Lines are qualitatively similar, and are available
from the authors.

∗p < 0.05 ∗∗p < 0.01 ∗∗∗p < 0.001
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Table 4.3: Change in Relative Odds of Price Increase vs. Price Decrease,

After Announcement

United
Weeks Fractional change in odds
until of increase vs. decrease,

departure after announcement
1 -18%
2 14%
3 56%
4 52%
5 61%
6 51%
7 58%
8 62%
9 67%
10 55%
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Table 4.5: Expected Price Changes, by Advance Booking Week

and Announcement Status

Weeks in advance Expected price change (pt to pt+1)
of flight Unconditional After announce After no announce

9 -2.32 3.85 -3.47
8 0.60 6.84 -0.98
7 0.63 8.19 -1.33
6 1.66 9.36 -0.64
5 2.19 1.86 2.63
4 3.04 14.61 -0.66
3 3.99 17.77 -1.39
2 13.25 37.08 3.58
1 22.07 45.14 11.78
0 19.96 33.75 11.56

Bold text indicates that the customer’s optimal decision differs under the announcement policy (for the relevant
message status, either announcement or no announcement), compared to the case where no inventory information is

provided.
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Table 4.7: 2SLS Regression Results

United American Delta
announceDecrease 0.495*** 0.313* -0.264

(0.184) (0.149) (0.354)
lnprice -0.507*** -0.396*** -0.599***

R-squared 0.034 0.0146 0.135
n 508,840 709,684 1,095,031

Additional regressors: cubic time trend; 7-, 14-, and 21-day indicators; market, departure date, and
length-of-stay fixed effects.

∗p < 0.05 ∗∗p < 0.01 ∗∗∗p < 0.001
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Chapter 5

Conclusion

In this dissertation, I study two revenue management tools that are widely used by service-
industry firms: reservation no-show fees and inventory announcements. I use both analytical
and empirical techniques to develop managerial insights for firms that may consider using
these mechanisms in their practice of revenue management.

In my analysis of no-show fees, I characterize the fee policy that emerges in equilibrium
and show that despite consumers’ aversion to fee-based reservation policies, both customers
and firms can benefit when the firm uses a no-show fee pricing scheme. The no-show fee
policy results in a more efficient allocation of scarce capacity, and serves as a partial antidote
to strategic behavior.

In my analysis of inventory announcements, I show that inventory announcements in the
airline industry contain significant information about price changes, and have an impact on
customer purchases. I find that both price increases and price decreases are more likely after
an inventory announcement, and although the relative probability of increase is higher after
an announcement in most cases, there are times in the booking horizon (close to departure)
when an announcement can signal a higher likelihood of price decrease. Additionally, I
find a positive immediate sales response to announcements for two out of the three carriers
in my study, consistent with rational consumer behavior given the information content of
announcements.
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