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Computerized reservation systems were developed in the 1950s to keep track of airline seat booking and
fare information. Initially these were internal systems, but were soon made available to travel agents.
Deregulation of airline pricing in 1978 permitted much more extensive use of the systems for economic
activity, especially pricing. The initial development of dynamically adjusted pricing is often credited to
American Airlines’ Robert Crandall, as a response to the rise of discount airline People’s Express in the
early 1980s. The complexity and opaqueness of airline pricing has grown over time. As a result, the
“yield management” systems employed by airlines for pricing have become one of the most arcane and
complex information systems on the planet, and one with a very large economic component. Airline
pricing represents a great challenge for modern economic analysis because it is so distant from the “law
of one price” level of analysis. This paper surveys the theoretical literature, which is mostly found in
operations research journals, develops some new theory, assesses the holes in our knowledge, and
describes some results from a new database of airline prices.

Dynamic pricing, which is also known as yield management or revenue management, is a set of pricing
strategies aimed at increasing profits. The techniques are most useful when two product characteristics
co-exist. First, the product expires at a point in time, like hotel rooms, airline flights, generated
electricity, or time-dated (“sell before”) products. Second, capacity is fixed well in advance and can be
augmented only at a relatively high marginal cost. These characteristics create the potential for very large
swings in the opportunity cost of sale, because the opportunity cost of sale is a potential foregone
subsequent sale. The value of a unit in a shortage situation is the highest value of an unserved customer.
Forecasting this value given current sales and available capacity represents dynamic pricing.

Yield management techniques are reportedly quite valuable. One estimate suggests that American
Airlines made an extra $500 million per year based on its yield management techniques (Davis 1994).
This number may be inflated for several reasons. First, it includes sales of yield management strategy to
others, as opposed to American’s own use of the techniques, although the value of American’s internal
use is put at just slightly less. Second, it incorporates “damaged good” considerations in the form of
Saturday-night stayover restrictions, as well dynamic pricing. Such restrictions facilitate static price
discrimination, and are reasonably well-understood in other contexts (Deneckere and McAfee 1996).
Nevertheless, there is little doubt that dynamic price discrimination is economically important. The
pricing systems used by most major airlines are remarkably opaque to the consumer, which is not
surprising given one estimate that American Airlines changes half a million prices per day. The implied
frequency of price changes seems especially large given that American carries around 50,000 passengers
per day.

There is surprisingly little research in economics journals concerning yield management, given its
prominence in pricing in significant industries and the economic importance attached to it. This paper
contributes to our understanding of yield management in five ways. First, it provides an extensive survey
of yield management research in operations research journals. Second, we explore an existing model of
Gallego and van Ryzin (1994) that has a number of desirable properties, including closed form solutions
and sharp predictions, to address dynamic pricing considerations. Third, most of the literature assumes
demand takes a convenient but unlikely form. We consider the implications of constant elasticity of
demand and demonstrate some new inequalities concerning this more standard case. We examine this
case in the context of an efficient allocation, rather than the profit-maximizing allocation, and show that
many of the conclusions attributed to profit-maximization are actually consequences of the dynamic
efficiency. Fourth, we take a new look at dynamic pricing from the perspective of selling options. A
problem airlines face is that late arrivals may have significantly higher value than early arrivals,
suggesting the airline ought to sell two kinds of tickets: a guaranteed use ticket and a ticket that can be
delayed at the airline’s request. Fifth, we’ve collected airline pricing data and generated stylized facts
about the determinants of pricing, facilitating the evaluation of models.



1. Airline Pricing

Airline pricing in the United States is opaque. It is not uncommon for one-way fares to exceed round-trip
prices. The difference in price between refundable and non-refundable tickets is often a factor of four or
five. Prices change frequently, with low fares on a particular flight being available, then not, and then
available again. Average prices for round-trips between Phoenix and Los Angeles differ depending on
whether they originate in Los Angeles or in Phoenix. This is particularly mysterious in that the same
airlines fly these round-trips with the same set of offerings.

We collected data on fares for 1,260 flights from American Airlines, Orbitz and Travelocity. Initially we
collected data on each flight eight times daily, but when American Airlines objected to the volume of
searches, we stopped using American’s site and scaled back the other two sites to once per day per flight.
As we completed some of the searches, we scaled the frequency up. Nevertheless, this represents a more
intensive look at dynamic pricing than is available from any other source to our knowledge. We will take
up our findings after presenting the theory to put the findings in perspective.

We will use the following terminology. We will use price dispersion to refer to static randomization by
firms in pricing, in which each customer pays an identical price, but that price is determined by a random
process. We will use dynamic price discrimination to refer to charging different customers distinct
markups over marginal cost based on the time of purchase; when such pricing is efficient (maximizes the
expected present value of the gains of trade), we’ll call it dynamic pricing rather than dynamic price
discrimination. Restrictions like Saturday-night stayovers, that create less valuable products, involve
static price discrimination.

2. Existing Literature

Readers seeking a general discussion of yield management are referred to Williams (1999), Brooks and
Button (1994), and Kimes (1989).! Kimes (1989) discusses situations appropriate for yield management
solutions, particular issues involved such as demand forecasting and overbooking, solution techniques,
and managerial implications of yield management systems. Brooks and Button (1994) discuss the rise of
yield management during and after deregulation of the 1970°s and 1980’s, using the shipping industry as
a detailed example, and Williams (1999) discusses yield management in terms of the interactions between
the firm, resources, products, customers, and competitors. Talluri and van Ryzin (2004) have created a
thorough textbook for the student of yield management.

Yield management applications in the made-to-order (MTQO) manufacturing industry include Harris and
Pinder (1995), Sridharan (1998), and Barut and Sridharan (2004). Both MTO firms and service providers
such as airlines face the problem of effectively utilizing a fixed capacity under uncertain or high demand
in order to maximize revenue, and thus many yield management results are applicable to the MTO
manufacturing industry. However, MTO manufacturing is different on the key points of finite time
horizon and unchanging capacity. The horizon is infinite, since the factory never stops all operations at a
specific time or sets a common deadline for all activity, and the capacity is not fixed, in that as orders are
completed, capacity is replenished. Thus, the MTO problem is more of a “stock out” problem than a
yield management problem. Harris and Pinder (1995) discuss the applicability of traditional yield
management to MTO manufacturing and its managerial implications and develop a relevant theoretical
framework using price classes based on unit-capacity rates. Sridharan (1998) describes the use of yield
management in manufacturing situations with higher demand than capacity, discussing three methods of

! A thorough literature review is contained in McGill and Van Ryzin (1999), along with a complete glossary of
terms applicable to yield management, particularly in the airline industry. This literature review is largely distinct
from theirs and may be considered in tandem.



increasing efficiency and revenue: capacity rationing based on price classes, increased coordination
between marketing and manufacturing, and subcontracting. Barut and Sridharan (2004) further explore
capacity rationing by developing a dynamic capacity apportionment procedure based on discriminating in
favor of projects with a higher expected profit margin.

Rather than a continuous stream of one-time manufacturing requests, Carr and Lovejoy (2000) consider a
non-competitive firm that agrees to commitments of a normally distributed random annual demand. This
“inverse newsvendor problem” matches a known capacity with a desired aggregate demand distribution.
They also consider the effect of multiple price classes. Fen and Wang (1998) study a similar annual
capacity management problem: developing an optimal harvesting policy of a renewable resource. The
resource population is modeled as a time-dependent logistic equation with periodic coefficients, and the
maximum annual-sustainable yield is determined along with the corresponding harvesting policy.

The most common setting for yield management research is motivated by the airline and hotel industries.
The remainder of the literature review focuses on these applications, and the rest of the paper deals with
the airline industry exclusively.

Botimer (1996) and Belobaba and Wilson (1997) investigate effects of yield management external to the
firm using it. Botimer (1996) presents arguments for efficiency of yield management pricing in the airline
industry, and Belobaba and Wilson (1997) investigate the impacts of yield management introduction in
competitive airline markets.

Most yield management research, however, deals with how to actually maximize revenue. One approach
is to assume that customers arrive to request a flight, state the price they will pay, and then the firm
decides whether or not to serve them. Van Slyke and Young (2000) study this situation in terms of filling
a knapsack of fixed capacity with objects of known weights (or vector weights, to fill multi-dimensional
knapsacks) and value, each type which arrives as a time-dependent Poisson process. With the goal of
maximizing value, each object is accepted or rejected at the time of arrival. The case of equal weights is
applied to airline seat inventory control, since each customer uses one seat, and the multi-dimensional
knapsack is applied to the problem of allocating seats in a multiple origin and destination flight network.
Sawaki (2003) addresses a similar question: Customers arrive throughout the continuous time horizon and
state their price and demand size, and the firm decides whether to accept the request. A semi-Markov
decision process is used, and an optimal policy and its analytical properties are found when demand
arrives as a semi-Markov process.

A more realistic way to treat customer price preferences with respect to the airline industry, however, is to
assume that the customer’s willingness to pay is unknown when they request a ticket. Gallego and van
Ryzin (1994) use intensity control theory (controlling the demand intensity with price changes) to study
dynamic pricing under imperfect competition (i.e, demand is price-sensitive) and stochastic demand
modeled as a Poisson process. A closed-form solution is found for exponential demand functions and an
upper-bound on revenue under general demand functions is found using a deterministic heuristic. Also,
monotonicity of the optimal price policy is shown, as well as asymptotic optimality of a fixed-price
heuristic with market size. These results are then extended to allow compound Poisson demand, discrete
prices, time-dependent demand, overbooking, resupply and cancellations, holding costs and discounting,
and variable initial capacity.

Feng and Xiao (2000a) consider the problem from the perspective of switching between a predetermined
finite set of prices at calculated time thresholds depending on remaining time and stock. Demand is a
Poisson process at each price level, and they find the optimal continuous time switching policy of an
arbitrary number of either price mark-ups or mark-downs. Feng and Xiao (2000b) extend this to allow
reversible price changes. They show that any subset of prices in the optimal solution is part of the



maximum concave envelope contained in the full set of allowed prices. Feng and Gallego (2000) also
address the discrete price time-threshold problem, but allow demand to be Markovian, i.e. fares and
demand are not only dependent on remaining time but also on prior sales. Chatwin (2000) additionally
allows demand (Poisson) to be time sensitive and provides the option of re-stocking at a unit cost. Zhao
and Zheng (2000) find structural properties of the optimal price-switching policy (from a compact, but
not necessarily finite, price set) when demand is a nonhomogenous Poisson process and investigate
solution methods in the case of discrete prices. Badinelli (2000) considers product-differentiated market
segments, each of which is allowed one advertised price at a time, and formulates an efficiently computed
dynamic programming solution allowing general demand functions. In his model, customers request a
hotel room or flight with a particular set of attributes and they are given a price quote based on remaining
time and availability of all relevant commodities.

Rather than dynamically changing prices to maximize revenue, some authors ration capacity with price
classes to ensure that high-paying customers are served, effectively implementing a mark-up policy based
on remaining capacity and, if seat allocation between classes is dynamically controlled, remaining time.
Ladany (1996), assuming deterministic non-linear demand and a fixed cost for creating each price class,
develops a dynamic-programming solution for finding the optimal number of price classes, the optimal
number of capacity units (specifically, hotel rooms) allocated to each price class, and the optimal price at
each class. Bodily and Weatherford (1995) allow uncertain demand, and study when to curtail low-price
sales based on the probability of spoilage and expected marginal revenue. They don’t allow re-opening of
price classes, but do not assume that all low-fare customers will arrive before high-fare customers
(thereby forcing all high-fare customers to pay their full acceptable price). Li (2001) again considers
deterministic demand, and studies the use of sales restrictions (such as advance purchasing, or minimum
trip duration) for segmenting demand. He develops several key properties of the optimal restriction
policies, and applies his results to airline pricing, where leisure travelers’ relative price elasticity
compared to business travelers permits the efficient use of restrictions.

Dana (1999a,b) studies aspects of market segmentation other than methods of optimal allocation. Dana
(1999a) studies the phenomenon of equilibrium price dispersion, showing that the optimal pricing system
under uncertain demand is price dispersed in monopolistic, imperfectly and perfectly competitive
markets. He shows that the amount of price dispersion increases with the level of competition, using this
to explain the observation that routes served by more airlines exhibit more price dispersion. Dana (1999b)
demonstrates how setting multiple price levels on flights at different times can shift demand from the
higher-demand departure time to the alternate flight, even when it is unknown which time is the peak. He
addresses the competitive and monopoly cases and uses his model to show that high-fare customers may
benefit from price dispersion as well as low-fare customers.

Moving beyond single flight-leg analysis, several authors consider origin-destination networks. Feng and
Xiao (2001) consider a network of multiple origins, one hub, and one destination. Prices for each flight
leg are distinct, and demand at each origin is a Poisson process. They use a nested fare structure for
inventory control and find the optimal time thresholds for closing origin-hub flights. They then extend
their results to allow multiple fares on each origin-destination flight and time-dependent demand.
Kuyumecu and Garcia-Diaz (2000) and Garcia-Diaz and Kuyumcu (1997) use a graph-theory approach for
allocating seats in a flight network. Garcia-Diaz and Kuyumcu (1997) assumes a non-nested seat
allocation system, normally distributed random demand that is independent between price levels, and a
fixed number of fare classes. They develop an algorithm utilizing cutting-planes for allocating seats
throughout the origin-destination network and investigate computational times. Kuyumcu and Garcia-
Diaz (2000) use the same assumptions except that demand on each day of the week may be different, and
airline capacities are considered. They develop three models for the network pricing and seat allocation
problem, the third being a polyhedral graph theory approach, and a solution procedure that they test
computationally. The doctoral thesis of Williamson (1992) compares the use of several network-level seat



inventory control heuristics in simulation. She concludes that considering network-wide effects may
increase revenue by 2-4%, but only when the load factor is very high. de Boer, Freling and Piersma
(2002) extend her research by disputing the finding that deterministic approximation methods outperform
probabilistic heuristics which they claim is due to a difference in fare class structure in modeling and
simulation.

In these studies of dynamic price discrimination, there is a tension between the practical and the
insightful. Computation-based analyses in principle could be used to solve real-world problems of
optimal pricing, while simpler theories elucidate potential principles for understanding pricing generally.

A common assumption in the literature posits a discrete price grid, or even just two prices, which
simplifies the problem to one of deciding when to switch to another price (Feng and Xiao (2000a, 2000b),
Feng and Gallego (2000), Sawaki (2003)). The assumption of a discrete price grid doesn’t seem justified,
either on theoretical grounds, since there is no economy of using few prices, or on practical grounds,
since airlines and hotels in fact employ a large set of prices. Thus, the defense of the assumption relies on
the simplification of the mathematical problem. The main advantage of the assumption is that proving
existence of an optimal solution is trivial, but little else is gained. An exception is Chatwin (1999), which
exploits the finite grid to develop a nice intuition for when prices rise and fall.

The use of a specific functional form for demand is common. The most common assumption is
exponential demand, q(p) = ae™, for constants a, and b. This form of demand is useful to assume because

!
% is a constant, and thus marginal revenue is price minus a constant. As a result, a monopolist would

choose to charge a price which is marginal cost plus a constant. This feature of exponential demand
makes the solution to the monopoly problem reduce to the problem of calculating marginal cost, a simpler
though nontrivial problem. Gallego and van Ryzin (1994) is the best paper of the set of exponential
demand papers, and we discuss it extensively below and indeed ask some additional questions of this
theory.

A variety of mechanisms for bringing customers to the seller are considered in the literature. The most
common assumption is a constant Poisson process but possibly with time-varying arrival rates (Zhao and
Zheng 2000). An interesting variant on the arrival rate process is a markov switching model, which
involves a signal extraction problem: detecting from the behavior of buyers whether demand conditions
have changed (Feng and Gallego 2002). The connection between the classic peak-load pricing problem
and dynamic pricing is explored in Dana (1999b). This paper concludes that prices should be increasing
on average, because of a correlation between high demand and high prices. As in Dana’s analysis, several
authors posit multiple classes of customers, who may arrive via distinct processes.

While the most common objective function is to maximize expected revenue, Carr and Lovejoy (2000)
consider the alternate assumption of pricing to sell out. Pricing to sell out is a bad strategy for several
reasons. First, a profit maximizing firm would not price to sell out. However, more alarmingly, even the
efficient solution that maximizes the gains from trade doesn’t price to sell out.

Most of the literature focuses on the problem of a single flight, treating competition and alternate flights
as fixed, but several authors have made headway into the problem of multiple flights and routes. Feng
and Xiao (2001) examine a simple Y-shaped pattern through a hub. Network issues are also examined in
de Boer, Freling and Piersma (2002).

Dana (1999a) is the only author to develop a full theory of competition between dynamically pricing
sellers. The theory, involving two firms pricing over two periods, emphasizes that price dispersion may
result from such competition. This result is also available in static, one-period problems.



An important oversight of the literature is the absence of discounting. Virtually the entire literature
presumes no discounting. In the hotel context, zero discounting makes sense, because even if one books a
hotel in advance, generally payment isn’t made until the time one stays in the hotel, which implies the
same discount factor whether one books the room early or later. With airline tickets, however, generally
payment is made at the time of booking, not at the time of departure. This matters because the time
intervals are long enough for discounting to be significant, given the tickets may be booked six months in
advance.

3. Dynamic Price Discrimination with Price Commitment

The extent of price changes found in actual airline pricing is mysterious because a monopolist with
commitment ability, in a standard framework, doesn’t want to engage in it at all! To develop this
conclusion first proved by Stokey (1979), we start with a simplified version of her analysis. This analysis
was dramatically extended by Board (2004). The seller sells either a durable good or a one-time use good
like an airplane trip. Time is composed of discrete periods t =1, 2, ... and buyers and the seller have a
common discount factor 6. There are a continuum of potential buyers who have values represented by a
demand q, so that q(p) gives the measure of buyers willing to pay p. We assume that a consumer’s
demand persists until the consumer purchases. The monopolist chooses a price sequence py, p,, ... which
can be taken to be non-increasing without loss of generality. A consumer with a value v will prefer time t
to time t+1 if

V=pe>8(V—pi1) [1]

The equations producing indifference, v — p; = d(v — pw+1), define a sequence of critical values v; that make
the buyer indifferent between purchasing at t and purchasing at t+1. Note that the incentive constraint on
buyers shows that, if a buyer with value v chooses to buy before time t, then all buyers with values
exceeding v have also purchased by this time.

Vi =Pt = 0(Vi — Pr+1) [2]

This set of equations can be solved for p, in terms of the critical values:

p,=1=0)w,+6p,,, =1=-0)v, +o(1-9)v,,,+0p,.,) =.. [3]

- (1—5)Zafvt+j.
j=0

The monopolist sells q(v)-q(ve.;) in period t, where vy is defined so that q(vo)=0. The monopolist’s
profits are

T = ié‘t_lp,qt = ié‘t_l(l - 5)[?,5]"’”;](61(";) - q(vz—l)) [4]

t=1 j=0
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Thus, the optimum level of v, is constant at the one-shot profit maximizing level, which returns the profits
associated with a static monopoly. The ability to dynamically discriminate does not increase the ability of
the monopolist to extract rents from the buyers.

There is an important lesson to be drawn from Stokey’s theorem. If dynamic price discrimination is
playing a role, it is because of new customers arriving, rather than an attempt to extract more profits from
an existing set of customers by threatening low value customers with delayed purchases. That is,
dynamic price discrimination is driven by customer dynamics rather than price discrimination over an
existing set of customers.

4. Continuous Time Theory

Gallego and van Ryzin (1994) produced a closed form model of discrete time optimal pricing. This
model is very useful for its tractability, and we reproduce some of their analysis here, as well as extend it
by generating predictions about the average path of prices.

Let A be the arrival probability of customers per unit of time, assumed constant. A constant arrival can be
assumed without loss of generality by indexing time in terms of customer arrivals. Time will start at 0
and end at T. If not sold, the product perishes at T, which might occur because a flight takes off or the
product is time-dated like a hotel room or time-share condominium, where what is for sale is the use of
the product on date T. For technical reasons, no discounting is considered in this section. However, in
some applications, no discounting is the right assumption. For example, hotels generally do not charge
until the customer arrives, independently of the time the room is booked, a situation which corresponds to
no discounting based on late booking. The marginal cost of the product is c, a value which might include
normal marginal costs (cleaning a hotel room, a meal served on an airline) but could also include lost



business — the customer that takes a particular flight is less likely to take an alternative flight by the same
airline. Potential customers demand a single unit, and their willingness to pay is given by a cumulative
distribution function F.

The value of having n items for sale at time t is denoted by v,(t). Clearly having nothing to sell conveys
zero value. Moreover, if not sold by T, an inventory of items also has zero value, yielding:

vo(t) = vo(T) = 0. [5]

Consider a small increment of time, A, beyond a current time t. With probability 1-AA, no customer
arrives, so that the current value becomes v,(t+A). Alternatively, with probability AA, a customer arrives
and the firm either makes a sale or does not. For price p, the sale occurs with probability 1-F(p). When a
sale occurs, the value becomes p - ¢ + v,.1(t+A), because the inventory is decreased by one.

Summarizing:

v, (t)=max (1- AA)W, (t+ AA) + AA((1 = F(p))(p—c+ v, (t+ AA)) + F(p)v, (t + AA))
[6]

or

V() = Vo (t + AA) = 2amax (1 — F(P))(p — € + v,_1(t + AA)) — v, (t + AA)) [7]
p

Therefore, dividing by A and sending A to zero,

—Vh(t)=/1mgx (1 -F(P)(p -c+vy_1(t) —vu(t)) [8]

The expression for V() is composed of two terms. First, there are profits from a sale, p-c. Second,

there is the lost option of selling the unit in the future, an option that has value V , (t) — v,,_1 (t). Itis

not possible to solve this differential equation for an arbitrary demand function F. However, with a
convenient choice of F, it is possible to provide an explicit solution. Let

F(p)=1-e7°,. [9]

Note that (1-e*")(p-mc) is maximized at p* = % + mc.? Then

2 Let h(p)= (1-e™)(p-mc). h'(p) = e_ap(l —a(p - c)) h'(p) =0implies h"(p) < 0. Thus, every extreme
point is a maximum, and so if there is an extreme point, it is the global maximum. Moreover, p* is an extreme
point.



* 1
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and
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a

vi(t) = —de 1 [11]
a

The multiplicative constant £ = Je~t-ac represents the arrival rate of buyers willing to pay the static
monopoly price % + C. Thus, at time t, the expected number of buyers willing to pay the monopoly

price is B(T-t). This observation helps explain why

B_(t) - g(ﬂ(r £)!

- JI [12]

will appear in the solution. The first result characterizes the value function and prices in a closed-form
manner.

Lemma 1 (Gallego & van Ryzin 1994): v, (t) = %Log(Bn (t)) and p; (t) = %Log( 4B, (L) j

ﬁBn—l(t) .

At time zero, suppose there is an initial capacity k. Let gi(t) be the probability that there are i units left for
sale at time t.

()" B, (t)

Theorem 2: g, (t) = (k—)1B, (0)° The expected number of seats sold is
k
Bt By 1(0)
E(k —n) = k - t)=———""-
(k=m) =D (k= maq(t) = ==
n=0 k

Lemma 1 and Theorem 2 give a complete, closed form description of profits, prices and sales for the
dynamic monopolist practicing yield management. For example, the probability that there is no available
capacity at time T is

(BT) /

ko (pTy

j=0 J!

qo(T) = [13]



This formula insures that, with sufficient time and a given capacity k, the flight sells out, because

lim qo(T)=1. [14]
T—o

How does a thick market affect the outcome? To model this, consider increasing both the capacity k and
the arrival rate of customers, A, proportionally. Let y=pT/k, so that

7=l e

€KY (s keIRY T
qO(T):[Zj:o—-.} Z(Zj:o—-.J hud [15]
I 7 0 ify<i

What is interesting about this expression is that the probability of selling all the capacity, qo(T), converges

to the same level as would arise if the price was just constant at the monopoly price % + C. Since the

price exceeds this level always, because the option value is positive, the price must get very close to the
static monopoly price most of the time in order for the limiting probabilities to coincide. Per unit profits
of the dynamically discriminating firm are

1
- = [16]

k—o a

vk (0) = 1 Log(B,< (0)) = aik Log[zk L)J

y if v <1
k ak j=0 j! ]

1+Log(y) if y>1

As an alternative to yield management and dynamic price discrimination, consider a firm that sets a price
and leaves it fixed. Such a firm, a one-price monopolist, will earn lower profits than the yield-
management firm. Is the profit reduction significant?

A monopolist who only offers one price p will have a flow-rate of sales of u=A(1-F(p)). If ni(t) is the
number of future sales given capacity i at time t, then no(t)=0 and

T

75(0) = [ ue D (L 1 (s))ds. [17)
t

k-1 PNY,
Lemma 3: 77j(t) =k —e_”(T_t)Z(k — ])('U(TTI‘:))
i=0 '

The profits associated with a single price can be numerically maximized.
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Figure 1 provides an example of dynamic price discrimination, starting with ten units for sale. The
parameters include zero marginal cost, a 365 day period with an average of one customer every other day,
and demand in the form 1 — F(p) = ™. The prices associated with various numbers of units to be sold are
illustrated, for example, p; shows the optimal price associated with three units to be sold. The average
price, conditional on units remaining for sale, is denoted by Ep; this represents the average of posted
prices. Note that units may not be available for sale, so that the expected price is a bit of a fiction,
although the comparison to the “one price monopolist” is sensible since that price may also not be
offered. The optimal constant price is denoted in p'. Profits are 5.45% higher under dynamic price
discrimination than they are with a constant price. In this figure, the monopoly price is the horizontal
axis, at 1, and either scheme improves substantially on the static monopoly price.

p1 (t)

[

50 100 150 200 250 300 350

Figure 1: Prices, and expected price, k=10, A="5, a=1, ¢=0, 7=365.

Figure 1 illustrates a common feature of simulations: the expected price rises, then falls. The forces
involved are as follows. First, prices must eventually fall because there is a positive option value prior to
time T, and this option value is zero at time T. Thus, prior to T, prices are strictly larger than the static
monopoly price and converge to the static monopoly price at T. While it is possible that prices fall for the
entire time interval, they may initially rise because early sales, by reducing available capacity, drive up
the prices.

Figure 2 illustrates the probability that all units sell under dynamic price discrimination. This converges
to slightly over 85.35% by the end of the period.
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Figure 2: The Probability of Zero Capacity

Is dynamic price discrimination profitable when k and A are both very large? Let 0 represent A/k. In this
case, the solution for demand is

n;(t)
k k—o

> min{@e‘apT, 1} [18]

This is maximized at the static monopoly price, % +c, provided y=0¢“T <1. Otherwise, the optimal

| y ify<l

price satisfies 0e™T = 1. It follows that profits are — and agree with

1+ Log(y) if y=>1
discriminatory profits in the limit for large k. That is, per unit gain in profits of dynamic price
discrimination over an optimally chosen constant price converges to zero, although the total gain will still
be positive. This happens because most sales take place at an approximately constant price; dynamic
price discrimination is advantageous only as the probability of actually selling out changes, for a
relatively small portion of the very large number of sales. One can reasonably interpret these results to
say that dynamic price discrimination only matters on the last twenty or so sales, so when a large number
of units are sold, dynamic price discrimination doesn’t matter very much.

Dynamic price discrimination has a relatively modest effect when there are 100 or more seats available.
The kinds of profits predicted, for reasonable parameter values, under dynamic price discrimination are
not very large, less than 1%, when compared to an appropriately set constant price. An important aspect
of this conclusion is that dynamic price discrimination does not appear to account for the kinds of value
claimed for American Airlines’ use of yield management.

5. Efficiency in the Gallego & van Ryzin Model

An efficient solution in this model has the property that the value function maximizes the gains from trade
rather than the profit. The value function, then, satisfies

12



V,(t) = max (1 — AAW,(t + AA) + AA((1 = F(P))(C(P) + vp_1(t + AA)) + F(P)v,(t + AA))
p
[19]

where C(p) is the consumer’s value, plus seller profit, conditional on the consumer’s value exceeding p.
In this model,

(1-F(p))C(p) = Il—F(X)dX+(P—C)(1—F(P)) [20]
p
= Ie_axdx +(p-cle P =(p+ % —c)e P,
p

Thus the efficient solution is the solution a monopoly whose costs are reduced by 1/a, the static monopoly
profit, would choose. The assumed structure of demand insures that all the qualitative conclusions drawn
apply equally to efficiency as to monopoly. In particular, the shape of the time path of prices and the
conclusion that for large problems the gains of dynamic price discrimination are small apply equally to
efficient solutions as they do to monopoly solutions.

In our view, the Gallego & van Ryzin model is not a very useful instrument for examining efficiency,
because of the similarity of the monopoly price and efficient price. Reducing a monopolist’s marginal
costs by the monopolist’s markup does not produce the efficient price, but a higher price under the
standard regularity conditions like log concavity. However, it is worth emphasizing that the efficient
solution and the monopoly solution lead to the same set of price paths, so that if costs are unobservable,
the two models are observationally equivalent.

6. Efficiently Allocating Limited Capacity under Uncertainty

The closed form of Gallego — van Ryzin facilitates computation but obscures economic considerations
because of the nature of the demand. In this section, we consider efficiently solving the allocation
problem, rather than maximizing profit. Efficiency is not unreasonable, since airlines face competition
and a perfectly competitive model would suggest the efficient allocation of the available quantity. It
seems likely that neither the monopoly nor the fully efficient solution accurately represent the real world,
which probably falls somewhere in between the two extremes. Borenstein and Rose (1994) is perhaps the
foremost example of an attempt to assess airline price competition, but at the level of average fares.
Developing a theory that permits assessing the degree of competition at the detailed level of the price
path, in contrast, presents a formidable challenge. Observations of quantities are going to be central to
the assessment of the degree of competition, because price observations alone are not sufficient to
identify the model.

This kind of efficient allocation problem was first studied in the context of electricity generation. Costs
of capacity induce a peak load problem (Boiteaux 1949, Williamson 1966), so named because the
marginal cost of electricity generation is much higher when the plant capacity is reached than below that
level, so that the peak load matters a lot to the economics of electricity generation. The standard
assumption in peak load problems is that demands in each period are independent, and that the full supply
is available in each period. The peak-load problem is really a capacity planning problem, where the
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needed capacity depends on prices. For a two period model, let g; be the demand in period i. The firm’s
profits are given by

T =Pp1g1 + P2qz — f max{qy,q2} - mc(qy +q2), [21]

where B is the marginal cost of capacity and mc is the marginal cost of production.

In the airline and hotel context, the standard peak load model is poorly suited, because capacity sold in
one period isn’t available in the subsequent period. Thus, the standard model of the peak load problem
asks how large a plane that flies round-trips between Dallas and Chicago should be, given variation in
total demand from day to day or from week to week. While this problem represents an important
logistical problem, it has little or nothing to do with dynamic pricing. In contrast, airlines also face the
problem that seats on a particular flight can’t be occupied by two passengers, and this problem of
allocating limited capacity suggests a quite distinct peak load model. Moreover, the fact that future
demand isn’t known at the time of contracting in the first period is a crucial aspect of the peak load
problem facing airlines and hotels. That is, airlines and hotels contract for initial sales, not knowing the
realization of overall demand.

We introduce a new model of random arrival that has some attractive properties. The randomness comes
in the form of random variables n, in period t, with period t demand being, then, n, q(p) for price p. We
also assume that n, is observable at the beginning of period t, so that the firm can either set price or
quantity in that period; what is uncertain is the future demand, not the current demand.> We will focus on
the constant elasticity of demand case, q(p)=op ™, because this is a standard empirical model and assists in
tractability. We will refer to q(p) as per capita sales, and n; q(p) as total sales, but this interpretation isn’t
exact in the airline context. In the airline context, if n is the number of customers, q(p) would have to be
the probability of sale, in which case it should be no greater than one, which is inconsistent with the
constant elasticity assumption. At best, the model represents an approximation for the airline context.

This section considers only the efficient allocation. The efficient allocation is interesting for several
reasons. First, competition with other providers will generally push firms’ product offerings toward
efficiency and away from monopoly, so with vigorous competition, efficiency maximization is probably a
better model than monopoly profit maximization. Second, the monopoly model has been better studied
than the competitive, efficient model. Third, some of the interesting behavior in the monopoly model
does not arise from price discrimination but because of the dictates of efficiency. The source of the
behavior is challenging to see without studying the efficient allocation. That is, what appeared to be price
discrimination is merely variations in marginal cost.

The seller has a capacity K. We will focus on the two-period case throughout this section, although this
readily generalizes to more periods.

If per capita sales are s; of the n; first period demand, the number of seats available for sale in the second
period is K — syn;. These are valued by consumers at a price p, satisfying

K —s;n;=n,q(p,) [22]

3 Dana’s 1998 model is a special case, with q taking on two positive values, interpreted as a willingness to pay for
leisure and business travelers.
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or

_1( K -581n
p> =g 1[—1 lJ [23]
n;

The cost of first period sales rises quite dramatically in the number of sales. Suppose q has constant
elasticity of demand, q(p)=ap™®. We assume &>1 so that the consumer surplus is finite. For any given ny,

Ve
J [24]

p _ (lnz

The price p; that clears the market in period 1 satisfies s; = q(p;). The customer’s value of quantity q is
e-1
s T .
1 g ¢ . Thus the overall gains from trade are
g p—

e-1
e-1 e-1 e-1 _ A
w = % (nlsl Ve s E{nz a(p,) /H _ 80“9 s, Ye v Eln, (—K Slnlj

e-1 -1 n2
[25]
e-1 1 -
= agl (nl(sl AJ + E{n?}(K —sim) %]
-
The gains from trade are maximized at
= K 26
Sy = e [26]
ny + (E{nzg}j
The per capita second period sales are
1Y 1Y
e | e
Es, = E{@} - E =5 F~———2 [27]
2
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Because p; = (S% ) , it is a rudimentary calculation to show that the expected price in the first

period and second period coincide. Equality of the prices is a necessary condition for maximizing the
gains from trade; otherwise it would increase the gains from trade to allocate more of the seats to the
high-priced time.

Some seats are misallocated, because contracting with the early customers occurs prior to knowing the
realization of number of later customers. Moreover, it is worth emphasizing that this misallocation is
efficient — maximizes the gains from trade — and not a consequence of monopoly pricing. In our
terminology, it is dynamic pricing but not dynamic price discrimination. How large is the effect? The
average reduction in the share of period two customers satisfies

51 n;

[28]

Theorem 4: The second period share is larger on average than the first period share, that is,

e D

51 ny

v
=

Proof in Appendix.

Theorem 4 shows that the share of customers served in the second period is at least as great as are served
in the first period. This is a consequence of the possibility of small denominators leading to large shares;

when few customers arrive, the price is set low enough to insure the plane sells out. The sales as a
fraction of the average value of n, are less than in period 1. That is,

com, (1]

= <1.
s1En, En,
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Insight into the magnitude of this efficient misallocation is given by the next result. Let

Var(n
CV = —(g) be the coefficient of variation of n,.
(Eny)

Theorem 5: 1 >

Proof in Appendix.

The share of seats allocated to the first period may deviate from the efficient equal share by as much as

1-¢
(1 +C V2) ; for the case of =2 and CV = 1, this could be 50%. The bound in Theorem 5 is exact, in

the sense that for a binomial random variable with one value equal to zero, the right inequality holds with
equality, and at € = 1, the left inequality holds with equality.

The gains from trade generated are

1
&

P G | Ay

N =

e¢—-1 K e—-1

The firm’s revenue is

N =

Thus, firm revenue is proportional to welfare under constant elasticity of demand, and the analysis of
revenue maximization (under efficiency, of course) analyzes welfare maximization. To perform this
analysis, we turn to the log normal case.

The inefficiency in this model arises because contracting with early customers occurs prior to the time
that period two demand is realized. How large is this inefficiency? To answer that question, we consider
the case where n; is log-normally distributed. In the log normal distribution case, the welfare losses
associated with the missing market can be very large.
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7. The Log Normal Case

If the distribution of n, is log-normal, so that the log(n,) is normally distributed with mean p and variance
o, many of the expressions have closed forms, greatly facilitating computation. In particular,

? vy //+Lzz uro
1
En, = e**"*°" and (E{nzfﬂ =le’f 27| =g 2 [29]

The coefficient of variation for n is

2 2 2 2u+20>
cV - Var(/;) _ \/En (Iin) :\/ En i 1o e—z_1 _ ecrz ~1.030]
\/ (En) (En) (En) (e#+720°)2

Thus,

1 &
G
= 22 =(1+CV?)2¢ and [31]
2
1 &
(E{n? H o’(1+e) 1+e
Bl ——t=e 22 =(1+CV?)2, [32]
2

The expected gains from trade are

1 1
e-1 - e-1 2\
£

asK ¢ y ¢ asK ¢ prl— |
W=2"" | ny+| Ednge =2 |Ipj+e 2 [33]
e—-1 | 1 2 1|1

How much does sequential contracting cost in terms of revenue or welfare? We treat n; at the expected
value of a lognormal with the same variance but different mean than n,. The proportion of the gains from

trade preserved through contracting over two periods is denoted %AW. It has the value
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y &
nq+ E{n2 g}
%AW = [34]

E{(n1 +ny )%}

We show by example that %AW can be as low as 64%, that is, the inability to contract in advance reduces
welfare by a third relative to simultaneous contracting.’

This example has a much larger future population of demand than first period demand. However, the
variance of demand is large too, and this causes the losses associated with uncertainty to be very large. In

1 &
particular, [E {HZA }] is a negligible fraction of E{N, } in this example, a difference which accounts

for most of the efficiency loss. Even for more reasonable parameters, losses can be 15% or more. An
example, with up to 20% losses, is illustrated in Figure 3. In these examples, the n; takes on the values
0.6, 20 and 1808, while the expected value of n, takes on the values 90, 2981 and 268337.

0.8

AW

Figure 3: Efficiency loss relative to simultaneous contracting. Parameters: p; = -5, g, = 0.

4 Specifically, one set of parameters is € = 3.474, o’ =11.651, nw=45.153, and n; = 1.28 x 10?® This set of
parameters gives the following expected values for n,. E{n,} = 1.22 x 10*°, and [E { y}jg 1201628
ns¢€ =1.24 x .
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The main conclusion is that the important effects in dynamic pricing arise not from an attempt to extract
more money from the consumer, but from incomplete markets, and in particular from impossibility of
simultaneous contracting with all potential buyers. Dynamic pricing is used primarily to mitigate the
costs of these missing markets. Moreover, welfare costs of the missing markets are potentially quite
large. This conclusion suggests that options, which create markets for advance contracting, are an
important aspect of both maximizing revenue and of efficiently allocating resources.

8. Options and Interruptible Sales

The welfare losses identified in the previous section arise because of incomplete markets. In particular, it
is not possible to contract with the period 2 agents at the time that the period 1 market clears. This lack of
contracting leads to inefficiency because sometimes too many seats are sold in the first period, when the
demand in the second period is unusually high, while sometimes too few are sold, because demand was
unexpectedly low. A solution to this problem generally is to sell contingent seats, that is, to sell an
option.

In this case, the main value of the option is to permit the seller to sell the seat to a higher value buyer in
the second period. This kind of option is little used in hotels and airlines, but is quite common in pipeline
transport where it goes by the name of interruptible transmission rights, as opposed to firm (guaranteed)
rights. Priceline.com sold a kind of interruptible service, where they sold the ticket well in advance but
didn’t specify the time of the flight until a day or so in advance.

To gain some insight into the sale of interruptible service, consider first selling two qualities of service, @,
> (,, where ; is the probability of service, and these are sold at prices p; > p,. A consumer with type v
values good i at @;V — p;. A type v consumer prefers type 1 if

PV — P12 @3V — Py, [35]

rv>PL= P2

0 [36]
P — P2
. . . . P1 p2
In addition, a consumer prefers good i to nothing at all if @;v — p; > 0. If — , then no
)
consumer ever buys good 2, so we impose the condition, without loss of generality, that — P1 Pz . Let
P P

P1 — P2

J and the demand
2 V)

F is the cumulative distribution of values. The demand for good 1is 1 — F (

for good 2 is ('Dl P2 ] ('D—Zj
P~ P2 »2

Let c; be the marginal cost of service type i. The seller’s profits are
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% = Max (p1 - ¢, >[1 _ F(u]] R {F[uj _ F[P_zD. -
pP1.P>2 P — P2 P — P2 (%)

It is helpful to introduce the notation R(X) = Max (p — x)(1 — F(p)), which is the profit
p
maximization associated with one good. Let p *(x)=arg Max (p— x)(1—F(p)) be the solution to
p
the one good maximization problem. Marginal revenue is decreasing if p* is an increasing function, so
that an increase in cost reduces the quantity and increases the price charged by the monopolist. This is a

standard assumption.

Theorem 6: Suppose marginal revenue is decreasing. A profit-maximizing monopolist sells the low

C C
quality good 2 if and only if =L —2, in which case

01 %)
T =(p1 -0 )R(ﬁ] + ¢2R[C—2],
) (%)
Cci —C c
p1=(p1 —2)P* (1—2J +@op * (—2]
(i %) %)
and py = pop * [C—z]
%]

Otherwise, 7 = golR(C—lJ and p; = o1 p * (C—lj
P1 P1

The proof is in the appendix. The interruptible good problem breaks up into two separate maximization
problems, one for the low quality good, and one for the difference of the low quality good and the high
quality good. This type of result is distinct from the usual result where a monopolist selling to two types
of consumers offers two qualities; here the monopolist is selling two goods to a continuum of consumers.
The present result is reminiscent of Mussa and Rosen’s 1978 analysis, however.

Consider a seller that didn’t sell good 2, and then begins selling good 2. Does that seller’s price rise, or
fall? The price falls if

(o1 — 2P * [ﬁJ + @b * [C—ZJ <pp* (C—lJ [38]
01— P2 %] %]

Thus, if p* is concave, the price falls when the second good is introduced, and the price rises when p* is
convex. In the case of uniform distributions of values, or exponential distributions, or constant elasticity,
p* is linear in cost, and thus introduction of the second good doesn’t change the price p;. More generally,
it may increase or decrease.
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In the airline context, the cost of a sale is generally a shadow cost — how much revenue is foregone
because the seat is taken? Consequently, the condition G > €2 is automatically satisfied. The cost of
P P2
a probability of service ¢; entails a loss in flexibility relative to the service level ¢,. That loss in
flexibility means not rescheduling the service in circumstances in which is would be desirable to do so.
Thus the cost ¢; should be an average of ¢, over the flights when the interruptible service is offered as
scheduled, plus the cost in circumstances where it was profitable to interrupt. Since the latter should
exceed the former given optimal interruptions, the cost of service for case 1 should exceed the cost in case
2, which means it is always optimal to offer the interruptible service.

As a practical matter, the “right” interruptible service is probably a ticket that lets the airline choose the
time the passenger flies, but sets the flight in a day. The need to coordinate air travel with hotels and
other destination activities restrict the ability of the most passengers to be flexible over multiple days.
Nevertheless, flexibility with respect to the time of travel potentially produces significant gains in the
expected value of air travel, both in the ability of the price system to identify and allocate seats to the high
value passengers, and the ability to utilize more capacity.

The gains from trading options are larger when the firm posts a price that is good for an appreciable
amount of time. This phenomenon was studied by Dana (1999a). Random demand will generally create
a misallocation, which we modeled by allocating first period seats without yet knowing second period
demand. However, under a posted price, seats will be misallocated because the posted price will
generally not be the correct price to clear the market, either creating a surplus or a shortage. Consider the
model developed in the previous section, with a random demand in the form nq(p) and constant elasticity
q(p)=ap™®. Let K be the capacity and suppose that when capacity binds, the customers are a random
selection of those willing to purchase. The gains from trade under a constant price are

-1
q(p) &
W = Min{K,nq(p)} | (Xj & s any 5
0 q(p) &-1p

This equation arises because, when K<nq(p), the capacity constraint binds, and the gains from trade are
the average of the value of seats over the set of consumers willing to buy those seats. One interesting
feature of this equation is that efficiency requires a positive probability of empty seats. If there is a zero
probability of empty seats, then the price is lower than the market clearing price. Low prices create
random assignments when demand is large, which entails a loss of efficiency; this loss is balanced against
the extra seats sold when demand is low. Indeed, the first order condition for maximizing W can be
expressed as:

2
——Kp® 'PrK < ng(p)} [40]

W:

Thus, the probability that capacity binds, K<nq(p), is positive at the price maximizing the gains from
trade.
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9. Actual Airline Pricing Patterns
In order to assess the extent of dynamic price discrimination, we collected data on four city pairs:

Los Angeles (LAX, BUR, SNA) to Las Vegas (LAS)
Bay Area (SFO, SJC, OAK) to Portland (PDX)
Dallas (DFW) to Oklahoma City (OKC)

Dallas (DFW) to Tulsa, OK (TUL)

We collected data on price offers from Orbitz, Travelocity and for part of the period, from AA.com.
Unfortunately, Southwest Airlines is not featured on any of these sources. Of these nine airport pairs,
four (LAX and BUR to LAS, SJC and OAK to PDX) are also served by Southwest. One would expect
Southwest to exert a moderating influence, given its relatively low variance in prices, although Southwest
has introduced a six fare structure which may result in more dispersion, rather than less.” In any case,
with the data available, the effects of Southwest’s presence will have to remain a topic for further
research. Purchasing an American Airlines ticket on AA.com is generally $5 cheaper, but showed no
other difference. The figures below only show fares quoted by Orbitz, which had the most extensive
offerings.

We collected data on flights, all in the year 2004, departing on 8/26, 8/28 8/29, 9/09, 9/11, 9/12, 9/23,
9/25,9/26, 10/7, 10/9, 10/10, 10/21 10/23 and 10/24. Six airlines represent over 99% of the data, with

the following proportions of the flights. Average prices and the frequency of airlines are presented in
Table 1.

Table 1: Average Prices in the Data

Airline AA Alaska | Delta | United | AmWest | USAir NwW
Proportion of Flights | 25.5% 22.7% 6.1% | 14.6% 8.9% 16.1% 6.1%
Average Price $108.05 | $126.59 | $79.03 | $44.06 | $66.17 | $239.01 | $191.48

There are five major propositions that can be tested with the data.

Prices fall as takeoff approaches
Prices are rising initially
Competition reduces variance of prices
Prices change with each seat sold
Prices of substitutes are correlated

a. Substitute times/days

b. Substitute airports

Nk W=

The first proposition is that prices are falling as takeoff approaches. This is a remarkably robust
prediction of theories that have identical customer types arriving over time. The robustness follows from
the following observation. The cost of selling a seat is composed of three components. First, there is the
cost of service. Second, there is the cost of not selling that seat on a substitute flight. This second
component includes any psychological effects on consumer expectations — consumers may reason that
current low prices are indicators of likely low future prices, which tends to make demand more elastic, to
the airline’s detriment. Third, there is the foregone option of selling the seat later on the same flight. The
first two costs are roughly constant over time, and certainly approximately constant as the flight

> The six classes, with sample fares (BUR to LAS) are Refundable Anytime ($94), Restricted ($86), Advance
Purchase ($72), Fun Fares ($49), Promotional ($39), and Internet One-way ($39).
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approaches. The third cost, however, goes to zero as the flight approaches. Thus, most theories will
suggest that prices fall in the last moments before a flight, not necessarily to zero but to some optimal
price reflecting the market power of the airline and the effect of low-price sales on sales of future flights.
But the price should still fall.

A more specialized prediction is that the average price rises initially. This is a feature of the Gallego-van
Ryzin model already discussed, and others. It is more intuitive in models in which consumers can search
than in the more common model where consumers who don’t purchase disappear; if prices are falling on
average, consumers will tend to wait to purchase. Late falling prices aren’t so obviously exploitable
because of the significant likelihood of the plane filling up. Thus, consumers must weigh the expected
gains from delay against the costs of failing to acquire a seat at all; the latter cost is negligible with a
sufficiently long time-horizon.

To assess these propositions, we ran the following regression to predict the price. We have dummy
variables for days with one, two, three and four weeks remaining, airline-specific dummies (American
omitted), hour of takeoff (overnight omitted), and city-pair identifiers (LAX to LAS omitted). We
omitted Burbank, Long Beach and SNA airports based on few flights over the period. We only examined
one-way economy fares, and have 138371 observations. The 38 variables account for 73.5% of the
variation.

Prices rise $50 in the week before takeoff, which is on top of a rise of $28.20 the previous week. The
penultimate fortnight before takeoff accounts for $16 in price increases. There is a slight, 1.9 cent per day
increase prior to that. Thus, the main time-path prediction of the standard theory appears to be
empirically false. These effects are quite significant, thanks to the size of the database. (We have not
attempted to control for correlation in observations, so that the t-statistics, which treat observations as
independent, likely overstate the significance.) The important conclusion is that changing demand is a
salient feature of the data, and models that assume that the shape of demand is constant over time are
empirically invalid.

A few other remarks follow from the regressions. Although American Airlines is a low priced airline in
the data, it is high-priced adjusting for fixed effects, though not as expensive as US Air. Prices are
highest mid-day and early evening. LAX is a relatively inexpensive airport, while San Francisco is high-
priced. This suggests that competition and thick markets do not provide a good account of pricing, since
San Francisco has a large number of flights. Southwest’s presence at LAX, OAK and SJC might help
explain the average pricing. Note, however, that airport dummies are also accounting for the length of
flights, so comparisons should only be made among distinct airport pairs for a given city-pair.
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Table 2: Price Regression

Estimate SE TStat PValue
Constant 54.1 0.9906 54.6 1.1 X 10%
Days 0.0192 0.0067 2.9 0.0042
WK1 50.0 0.6071 82.4 6.4 X 10"
WK2 28.2 0.6091 46.3 1.7 X 10%
WK3 10.6 0.6511 16.3 0.
WK4 5.8 0.6364 9.1 0.
Alaska -4.6 0.5006 -9.2 43X10%
Delta -24.1 0.6112 -394 6.4 X107
United -6.3 0.5894 -10.6 24X107%
Amwest 6.5 0.6725 9.6 0.
USAIr 86.8 0.5801 149.6 3.1 X 10*%
NwW -16.9 0.7070 -239 8.6X 10"
AMO6 -15.5 0.8189 -18.9 20X 107"
AM7 -6.3 0.8380 -7.5 55X 10"
AMS -37 0.8348 -4.4 0.
AM9 -14 0.8806 -1.6 0.1173
AMI0 9.9 0.9115 10.8 0.
AMI1 3.7 0.8221 4.5 6.1 X10°¢
Noon 5.9 0.8504 6.9 47X10"
PM1 -3.6 0.8696 -4.2 0.
PM2 -1.3 0.9844 -1.3 0.1932
PM3 2.6 0.7849 3.3 0.0009
PM4 -1.2 0.9832 -1.3 0.2044
PM5 7.4 0.8073 9.2 0.
PM6 -34 0.8424 -4.1 0.
PM7 3.5 0.8061 4.3 0.
PM8 -5.8 0.9118 -6.4 20X 10"
PM9 -2.0 1.0 -2.0 0.0496
TUL2DFW | 41.9 0.7870 53.2 47X 10°"
OKC2DFW | 41.9 0.8412 49.8 1.2X10°%
DFW2TUL | 41.5 0.8068 514 7.4 X 107"
DFW20AK | 31.8 0.8381 37.9 45X 107"
SFO2PDX | 149.6 0.5144 290.8 3.9 X 10"
SJIC2PDX | 44.6 0.8246 54.1 3.1 X 1052
OAK2PDX |49.4 0.7120 69.4 8.7 X 101!
PDX2SFO | 152.1 0.5264 288.9 6.4 X 10 "™
PDX2SJC 437 0.8253 53.0 1.3 X 10%
PDX20AK | 46.5 0.7352 63.2 1.8 X 10-**®
LAS2LLAX |-69 0.4877 -14.1 29X 10%

In another paper (Carbonneau, McAfee, Mialon & Mialon 2004), it is shown that the third proposition is
not supported in a large dataset of airline prices. Indeed, more competition was weakly correlated with
more dispersion, not less. This finding is consistent with Borenstein and Rose’s 1994 findings.

25



Some theories posit a “two price” structure, others permit prices to vary continuously. In the data, some
airlines clearly lean toward a two price structure. For example, American Airlines’ prices on OAK to
PDX show evidence of two main prices, with a third just prior to takeoff. This is illustrated in Figure 4.°
Most of Northwest’s fares show just two prices.

Average of Price
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Figure 4: American OAK to PDX, September 23.

However, other flights show evidence of almost continuous adjustment, and indeed sometimes American
appears almost to randomize its offers. Figure 5 shows an example of two American Airlines flights, AA
1038 on Sept 23 and Sept 25, with remarkable variation.

So the evidence in favor of this proposition — continuous adjustment of prices — is mixed. Why do
airlines use two prices? A standard economic explanation is that there is a value in price commitment to
assist in consumer planning. This is the reason given for restaurants, movies, and the like to maintain a
constant price, or two prices, in the face of predictably fluctuating demand. However, prices don’t seem
nearly predictable enough for predictability to be the reason for using only two prices. A more plausible
theory is that airlines use two prices because the theory is better developed for two price systems. This is
plausible for a consistent airline like Northwest, but implausible for American Airlines, which has
extraordinary price adjustments on other routes.

® The figures identify flights Airline_Flight Number Departure Date. All data in the figures comes from Orbitz’s
website.
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Figure 5: American 1038 prices plotted against days prior to 9/25

The final prediction of the theories is that the prices of substitutes should be correlated. This, again, is a
robust prediction and requires only consumer substitution as a hypothesis. To assess this, we looked at
the correlation between prices of flights from the bay area to Portland, and Portland to the bay area.
Based on travel times, it seems that SFO and SJC should be the closest substitutes, followed by SFO and
OAK, followed by SJC and OAK. In fact, however, the correlations are almost exactly the reverse.

Table 3: Correlation Coefficients

Flight Pair p Flight Pair p

SFO2PDX, SJC2PDX | 0.167 | PDX2SFO, PDX2SJC | 0.596

N | —

SFO2PDX, OAK2PDX | 0.190 | PDX2SFO, PDX20AK | 0.568

3 | SJC2PDX, OAK2PDX | 0.867 | PDX2SJC, PDX20AK | 0.954

Table 3 shows the correlation coefficient of average prices, with the correlation between mean price
offers on each route as a function of the number of days prior to departure. The prediction is that the first
row of the table should have the highest correlation, followed by the second, followed by the third.
However, approximately the opposite arises. The presence of Southwest at San Jose and Oakland, but not
at San Francisco, may be the explanatory factor, especially in light of the fact that the price level at SFO
is much higher than at the other two airports.

It is more challenging to assess whether there is strong correlation between substitute flights on the same
route. The following picture shows some correlation over time of the substitute flights between Portland
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and Oakland at 6PM, 7PM and 8PM (% /2 hour). These flights have an average correlation coefficient of

about 0.8 overall.
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Figure 6: PDX to OAK, return, at various times
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On the other hand, Figure 7 presents a similar examination of economy flights from LAX to LAS. No
such correlation is readily apparent and these flights are weakly correlated. Afternoon flights, presented

in Figure 8, are similar.
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Figure 7: LAX to LAS Economy class, 6AM to 9AM

Overall, the major predictions — including the most robust predictions — of the theories appear to be
violated in the data. Consequently, new theories, and probably a new approach to the analysis, are
needed.

10. Research Projects and Mysteries

There are many research projects that flow from the analysis of this paper. First, much of the existing
work is founded on a monopoly description. The analysis of this paper suggests that recasting the model
as a competitive model may increase the tractability of the model without sacrificing either empirical
relevance or complexity of behavior.

Second, the sale of options present the possibility of enhancing the efficiency of advance contracting, a
possibility that has been little explored. Continuous time techniques from the finance literature may play
an important role in developing a theory of options for perishable goods. This seems a fruitful approach,
because options themselves are perishable, and continuous time stochastic calculus techniques have
played an important role in simplifying similar problems.

The existing theory fared poorly when confronted with the data. In particular, the failure of prices to fall
as takeoff approaches is devastating to theories, leaving standing only those theories in which late
arriving potential passengers have a relatively high willingness-to-pay. While this is a reasonable
hypothesis, it nonetheless needs further development, and it is challenging to think of natural assumptions
to impose order on the problem, once demand can be almost anything.
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The data present a variety of mysteries. The gains to searching are occasionally enormous. While prices
rise as takeoff approaches, occasionally they bounce around considerably. This finding is mirrored in
Etzioni et al, which empirically examined the gains to searching for flights. They find an average savings
of 27% by using a search algorithm, relative to just booking the flight the first time it is checked.
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Figure 8: Afternoon LAX to LAS Flights by time of departure

What is perhaps even more mysterious, and illuminating, is an incident that occurred in mid-July on
Alaska 101, a flight from OAK to PDX. For approximately a week, the price of AL101 departing 9/23
nearly doubled, while the prices of the 9/25 and 9/26 departures were approximately unchanged. The
9/26 departure had been more expensive. In fact, the price of the 9/26 departure then fell briefly. This is
illustrated in Figure 9.
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Figure 9: Prices of AL101, departing 9/23, 9/25 and 9/26

Given its departure time, American Airlines 6825 is a major substitute for AL101. During this time, AA
6825’s flight experienced only a very modest increase in price, which is illustrated in Figure 10.

The price of AA6825 had been substantially higher than the price of AL 101, but when AL 101 went up,
the price of AL 101 was much higher. The price of the AA 6825 went up slightly, then came back down
to the previously prevailing levels. What makes this so mysterious is that AA 6825 and AL 101 represent
the same airplane — AA 6825 is a code-share flight operated by Alaska airlines. That is, the real mystery
is why these two identical fights are being marketed at such different prices, when the fact that the flights
are code-shared is clearly indicated on the websites.

To make matters even more mysterious, the blip in prices of AL 101 coincides with a slight increase in

the price of AA 6825 for flights departing on other days, but not the price of AL101 on other days. This
is illustrated in Figure 11.
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It seems likely that American reacted to the price of its rival. The facts that (i) the identical flight was
being offered for so much more when booked as a code-share on American rather than on Alaska, (ii)
Alaska’s price increase wasn’t reflected in the prices of alternate days, (iii) the price of American’s
identical flight only rose slightly and also rose on alternative days, suggest that (1) consumers bring a
substantial brand loyalty to the flights, (2) airlines use a fare program that reacts to pricing by others
across a set of substitute flights, and (3) the process is poorly understood by researchers.

The ease of collecting data for non-commercial use suggests that reverse-engineering the pricing
mechanisms of airlines is a feasible and potentially very interesting research project.

11.Conclusion

This paper has considered so many different theories and data that it is worth emphasizing a few
highlights.

Dynamic price discrimination is primarily driven by customer dynamics rather than price discrimination
over an existing set of customers.

With a large number of units to sell, the per unit gain in profits of dynamic price discrimination over a
constant price is small, although the total gain will still be positive. Most sales take place at an
approximately constant price; dynamic price discrimination is advantageous only as the probability of
actually selling out changes, for a relatively small portion of a large number of sales. One way to
summarize this conclusion is that dynamic price discrimination only matters significantly on the last
twenty or so sales.

Monopoly and efficient dynamic pricing may be observationally equivalent, and are in the important
model of Gallego and van Ryzin (1994). Directly solving for efficient solutions presents an alternative
approach with potential empirical merit and relative tractability.

The most important effects in dynamic price discrimination arise not from an attempt to extract more
money from the consumer, but from addressing incomplete markets, and in particular from the value and
costs of advance contracting. Options, which create markets for advance contracting, are an important
aspect of both maximizing revenue and of efficiently allocating resources.

The interruptible good problem breaks up into two separate maximization problems, one for the low
quality good, and one for the difference of the low quality good and the high quality good. In the airline
context, an interruptible good is one that provides the airline greater flexibility with respect to the time of
flight. The cost of delivering a seat reserving greater airline flexibility is automatically lower, and thus is
part of both profit maximization and efficient provision of services.

Efficiency requires a positive probability of empty seats. Pricing to sell out is inefficient.

Systematic changes in demand are a salient feature of the data, and models that assume that early and late
arrivals are identical are empirically invalid.
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Appendix

Proof of Theorem 2:

The evolution of the probability that there are exactly i unsold seats is governed by the probability of
selling a seat when there are i+1 unsold, and the probability of selling a seat when there are i unsold, so
that

4/(t) = A0 = F (0, ()4, (0) = 20 = F(p(0)g, (1)
= 2671 0g;. () - 267 Oq;(t)

Bj(t) Bj.1(t)
_ () —
B, (t) 9it) B;.1(t)

qi1(t)
Given a capacity k at time 0, qx(0)=1, qx+1(t)=0, and

B (t)

qi(t) = B (0)°

This is used as the base of an induction to establish the theorem. Suppose the theorem is true at n<k.
Then

Bp-1(t) Bn(t)

gn_1(t) = B, 1 (D) qn_1(t) - B (0) qn(t) [41]
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This linear differential equation, with the boundary condition q,_;(0)=0, gives
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The expected number of unsold items, k-n, satisfies

k k-1 kK—-n
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Let w(t) = teX(-1), If x<1, y(t) > 1 for t € [1,1/x], so

kxT te=x¢D ) at — >,
1

Now suppose x>1. For t>1, \ is decreasing. Locally, around 1, w(t) ~ 1 + (1 — x)(t — 1). Thus,
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The proof for x=1 can be handled by observing that Z f is non-increasing in X.
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For x>1, and large k, the term te™ inside the integral is decreasing in t and thus approximately equal to its
first order taylor expansion e (x+A-x)(y —x))= e (Q1-x)y + x?2 )) . Therefore, for
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For x<1, the proof is similar, applying Stirling’s formula and obtaining
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Justification for some assertions in the text:

If the price is constant at % + C, the probability of a sale given that a customer has

arrived is € 179C Thus, let pi(t) be the probability of making at least i sales in the period [t, T]. po(t)=1,

and p;(T)=0 for i>0.

)
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= Blp;(t) - p;_1(t)) = B - p;_1(t) - (1 - p;(t)))

This solves for
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Thus, the probability that the flight sells out is
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Proof of Lemma 3:
First note that if capacity k is zero, then sales are zero, verifying the base of an induction. Now suppose
Lemma 3 is true for k-1.
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Proof of Theorem 4: Let x be a nonnegative random variable, and
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or

>1 Q.E.D.

Proof of Theorem 5: Let x be a nonnegative random variable, and
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Proof of Theorem 6:
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We assume the standard condition that marginal revenue is decreasing, in which case there are sales of
good 2 if and only if
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