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Cost vs revenue
• Standard management practice: 

cut costs to improve profitability
• Revenue management: influence 

price to change demand as to 
match supply and maximize 
revenue 



Pricing

• price p, demand D(p)
• revenue = pD(p)
• price elasticity = E(p) = pD’(p)/D(p), rel diff 

in demand under rel changes in demand
• E(p)<0
• revenue maximal if E(p) = -1 

⇔
 
d/dp pD(p)=0



Demand curve
• Maximizing revenue ⇔ d/dp pD(p) = 0

• difficulty: obtaining form demand curve 
D(p)

demand D(p)

revenue = price x demand = pD(p)

p

elasticity = -1



Insufficient capacity
• What if capacity fixed & insufficient?
• Take price as to meet capacity exactly
• But: demand is random

price

demand

revenue = price x demand

capacity

optimal price



Market segmentation
• “Micromarkets”

– business/leisure
– different sales channels

• Assigning capacity to different market segments/ 
customer classes: revenue management



Revenue management

Conditions:
• Fixed capacity
• Service (no delayed consumption)
• Customer segmentation
Often:
• Low variable costs
• Random demand
• High-paying customers “arrive” late



“Success” story

• People Express was low-cost carrier
• AA introduced supersaver tariff
• lower than PE tariffs, only when capacity 

available
• CEO: reason bankrupty PE (1987)
• Essentiel: good forecast   (+ …)

vs.



Another success story (Interfaces 97)



Industries

• Airlines
• Car rental
• Hospitality
• Cinema
• Advertising (on tv and online)
• Parking
• …



Crucial steps in RM
• Characterizing customer behavior

– Forecast
– Diversion to other products/times

• Optimization module
– determines prices/booking limits



Littlewood’s model

• Simplest stochastic RM model
• 2 classes
• Parameters

– demand D1 , D2

– revenue y1 , y2 , y1 >y2

– capacity C
– class 1 books after class 2

• How much capacity to reserve for class 1?



Littlewood’s model

• Sell “seats” one by one to class 2
• When is it optimal to stop?
• Suppose s seats remaining

s remainingC-s seats sold to class 2



Littlewood’s model

• Is it optimal to sell the sth seat to class 2?
• Revenue selling it to class 2: y2

• Expected revenue selling it to class 1:
y1 P(D1 ≥s)

s remainingC-s seats sold to class 2



Littlewood’s model

• Optimal booking limit s*: y2 ≈
 

y1 P(D1 ≥s*)
• P(D1 ≥s) = 1 - F(s)
• F(s*) = (y1 -y2 ) / y1 ⇒ s* = F-1((y1 -y2 )/y1 )
• special case of newsvendor problem

• Example: y1 =500, y2 =200, D1 ∼Poisson(10)
• P(D1 ≥12)=0.3, P(D1 ≥11)=0.42, P(D1 ≥10)=0.54
• Reserve 11 seats for class 1



Disadvantages Littlewood

• Reality: booking period overlap
• Class-1 customers show buy-down effect 

if class 2 still open
• Result:

– Less revenue from class 1
– Class-1 demand partially observed as type-2 

bookings



Improving Littlewood

• Two issues:
– optimal policy
– demand estimation 
(taking into account the constrained nature of 

the observations)



Booking policy

• The optimal policy:
– depends on current demand, remaining 

demand, remaining capacity
– closes (and opens) class 1
– computed by dp
– or: rules of thumb

• Other aspects: multiple classes, multiple 
legs, diversion to other flights, 
overbooking, overselling,…



Demand forecasting

• Problem: Some class-1 demand is 
observed as type-2 sales

• Can be misinterpreted as class-2 demand
• Leads to an underestimation of class-1 

demand
• Sales go up, revenue goed down
• Spiral-down effect 
Cooper, Homem-de-Mello, Kleywegt, OR 2006



Demand forecasting

• Unconstraining essential
• Model for customer buy-down behavior: 

customer choice sets
• CCS: a number of booking classes

– a customer chooses from its CCS the lowest 
open class

• Examples: {2} (leisure: only class 2),
{1,2} (willing to pay high price, chooses 
lowest)



Demand forecasting

• Research project with KLM data
• joint work with Alwin Haensel (MSc Berlin)
• start with lab environment
• demand follows inhomogeneous Poisson 

process with rate (inspired by the data):



Demand rate



Experiment
• Simulate with 

given booking 
policy

• Estimate using 
MLE (including 
buy-down 
behavior)

• Results (for 
different booking 
policies):



Next steps

• Compute optimal policy and rules of thumb
• Compute revenue for rules based on 

estimated demand function
• Compute revenue loss
• Validate with real data

Ongoing work
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