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Motivation

Capacity providers have more than enough capacity to satisfy high fare demand.
Capacity providers use a low-to-high fare structure to induce early bookings.
Revenue management allocates capacity among low and high fare bookings.

Traditional assumption: Low-fare bookings are final.

© o o o 0

Huge profit potential: Option to recall and resell low-fare bookings at higher-fares.
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® Bumping strategy: Overbook and bump low-fare customers at airport.
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Overbooking costs must be smaller than fare difference.
llI-will from involuntary denied boardings.

® Re-plane: Call and bribe passengers before departure.
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Less crude than bumping strategy.
Many customers need to be called (some may be annoyed by calls).
Requires outsourcing or call center.

® Callable Revenue Management : Capacity providers request low fare customers to
freely grant them the option to recall bookings at a given recall price.
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Customers self-select to grant call option if they nd the recall price attractive.
Options exercised only if high-fare demand exceeds residual capacity.

If calls are exercised, low-fare customers are e-mailed and the recall price
credited to their accounts.

Callable products may induce additional low-fare demand.

Callable products can reduce overbooking costs.
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Notation:

® p : low-fare (rst period); py : high-fare (second period)

® p: recall price

® W: random customer's valuation (resolved in second period)
Risk Neutral:

® Customer selects low fare ifEW  p.  E(W py)”

® Customer grants option if recall pricep EW
Risk Averse:

® Seclectlowfareif EU(W p.) EU(W px)*)

® Grantoption if recall priceisp p. + U Y(EUMW pL))



Example

Capacity: c= 1

Fares: Low fare p_. = $300; high fare py = $1; 000
Demand: P(D, 1)= 1, P(Dy 1) = 1=4
Optimal booking limit: a = 1
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Example

Capacity: c= 1

Fares: Low fare p_. = $300; high fare py = $1; 000
Demand: P(D, 1)=1,P(Dy 1)= 14
Optimal booking limit: a = 1

Expected revenue: $300

Low fare customer expected valuation: EW ' U[300; 500]

Low fare customer grants call w.p.1 when the recall price is $500

If Dy = O, revenue is $300,if Dy 1, revenue is $800= $300+ $1;000 $500
Expected revenue increases by $125.
Expected surplus for low fare customer increases by $25

Expected surplus for high fare customer is now positive.



Main Results
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Dy : high-fare demand
S, (a): sales at low-fare
C. capacity
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Main Results

Theorem:R(a;jp) = R(@) + (pu  PW(a;p) R(a)
R(a; p): revenue with callable feature
a: low-fare booking limit
p: recall price
R(a): revenue under traditional revenue management model
py : high-fare

n (0]
W(a;p) = min (S.(a)+ Dy ©)*;bino(S. (a); a(p))

Dy : high-fare demand
S, (a): sales at low-fare
C. capacity

g(p): probability of granting call at recall price p

Arbitrage: If p < py revenue is at least as large with probability one!



Main Result§Continued)

Algorithm to maximize ER(a; p).

Higher low-fare booking limita  ar allows more
aggressive low fare bookings.

a(l qg(p) ar leads to higher available capacity,
on average, for high-fare demands.
Win-win-win

Higher consumer surplus for low fare customers.

Higher consumer surplus for high fare customers.

Higher expected revenue for capacity provider.



Summaryof NumericalResults

Small increases in expected revenues when:
Expected demand is signi cantly lower than capacity.

Expected demand is signi cantly higher than capacity.

Signi cant impact (> .5% revenue increase) when total
expected demand is [:9c; 2:2¢]

High impact (1% to 2%) when expected total demand
at optimal fares is [:85c; c].

Highest impact (1% to 2.5%) when demand and
capacity are well matched [:95c; 1:5¢]

Higher impact when demand induction and network
effects are considered.



NumericalResultsfor Optimal Prices

Optimal Booking Revenue
Limit Increase
Trad. Call. P q
pL = 150 = 44 /8 81 164:95 0:095 0:00%
py = 300 = 22
p. = 150 = 59 71 75 172:48 0:139 2:00%
py = 300 = 29
p. = 168 = 65 66 70 191:88 0:147 1:92%
py = 318 = 35
pL = 243 = 59 62 65 267:20 0:149 1:67%
py = 393 = 41

Willingness to pay distributions with means 150 and 300; capacity equal to 100
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Extensionf SinglelLeg Model

Multiple-fare models:
Optimal booking limits.
EMSR type heuristics.

Continuous-time, intensity control formulation
Can market low fare product with and without callable feature.
Threshold policy is optimal.

Optimal to open low-fare product only if low-fare product with callable feature
is also open.

Cancellation Management

Green light in web-site, when needed, allows for no penalty cancellations (free
recalls).



OtherApplications

Sales of Tickets to Consolidators

Allows providers to recall capacity and resell it at a higher price.

Sales of Tickets for Events

Increases revenues and reduces scalping.

Peak Load Energy Pricing

Consumers may give option to provider to remotely interrupt AC service.

Manufacturing

Allows manufacturer to resell capacity to higher-margin OEMs.

Advertising

Allows media managers to resell space to higher-margin advertisers.

Real Estate Developments

Allows more aggressive sales at pre-construction price and recall if needed.
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Network Formulation

Customers may prefer an alternative product ( ight)
and compensation instead of cash only.

Capacity providers may prefer to offer alternative
capacity than paying cash compensations.

Callable product: Upfront discount for e xibility and
additional payment if recalled and rescheduled.

Special cases:

Pure e xible: Upfront compensation to self-selected customers. No additional
compensation if rescheduled.

Pure callable: Monetary compensation given to self-selected customers only
if they are rescheduled.



Fluid Model Formulation

m resources: capacity vectorc 2 R

Speci ¢ products de ned by utilization vectora 2 R
n speci ¢ products: utilization matrix A 2 R™ "
Revenue vector p 2 R

Callable productsf1;:::;fg(f n)

Callable k may be rescheduled to alternatives in set Fy
Contribution vector g 2 R, g px 8k

Rescheduling compensation: r, 2 R, 8k



Formulationwith Independenbemands

Linear programming formulation

max pXx + g% rz
subjectto Ax + Ay + (B AfU)z C;
y + Uz 0;
X ;
y ;
X, Y, V4 O:

. demand for speci cs
: demand for callables
B : utilization matrix for the alternatives
r=(r1;::i;rp) U= diag(e);:::;e?)
Formulation includes costs to reschedule callable products, if needed, and
speci es how to reschedule them.
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A + k k Ok ; 8k
(Bk  exAg)° + ke re. 8k



Formulationwith Independenbemands

Linear programming formulation

Formulation includes costs to reschedule callable products, if needed, and
speci es how to reschedule them.

Bid-price heuristic based on dual formulation

If e 0, accept a request for the | -th speci ¢ product; otherwise reject.

If , > 0, accept a request for the k-th callable product; otherwise reject.
If > 0, assign callable to any alternative in optimal subset F,  Fy.

Requires payment of rescheduling cost
If , = 0 assign the request to the k-th speci ¢ product.
No rescheduling needed.



ConsumerChoiceModel

Arrival rate depends on the set S of products offered.

Arrival rates are (S) 2 R" and (S)2 R'.

The revenue manager needs to select
Subsets of products to offer at different times during horizon.

Time intervals over which to offer subsets.



ChoiceModel (Continued)

Linear program has exponentially many variables.

The variables are the times over which the 2" subsets are offered.

Theorem : Optimal solution with at most m + 1 active
subsets exists.

Recall m is the number of resources

Linear program can be solved by column generation.
At each step nd a subset that violates the dual constraint.

Ef ciency of the algorithm depends on the choice
model used.



Speci cationof ConsumerChoiceModel

Ef ciently solvable class of choice models

8

< 0 . _
[(8) = . eSS ] 2S;

Y otherwise;

8

< hk Y ] G\ T 1~
K(S) = sy nsyL ¢ K2S\VilLuntg

0 otherwise;

g2 R" andh 2 R
S denotes the compllgment of the set S,

the notation a(S) = ;,5a;.

(1)

(2)



Speci cationof ConsumerChoiceModel

Ef ciently solvable class of choice models

8

< 0 . _
[(8) = . eSS ] 2S;

Y otherwise;

8

< hk Y ] G\ T 1~
K(S) = sy nsyL ¢ K2S\VilLuntg

0 otherwise;

Special cases
Independent demand model
Multinomial Logit (MNL)
Attraction models

(2)

(2)



Speci cationof ConsumerChoiceModel

Ef ciently solvable class of choice models

8
j (S) — _ g(S)+ h(S)+1 ’ J ’ | 1)
-0 otherwise;
8
< hi k2 S\ fl::::f
(S) = 6(S)+ N(S)+1 | J M
0; otherwise;

Column generation:

Finding most violated dual constraint  piecewise linear convex program in
one variable
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Numericalresults

1. LGA -> ORD
. LGA -> ORD
. LGA -> ORD
ORD -> SFO
ORD -> SFO
ORD -> SFO

7. JFK -> SFO

8. JFK -> SFO

9. LGA -> STL
10. LGA -> STL
11. JFK -> STL
12. STL -> SFO
13. STL -> SFO
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6:00am-8:17am
7:00am-9:32am
8:30am-11:00am
9:33am-2:16pm
11:51am-4:25pm
1:47pm-6:18pm
7:30am-1:49pm
3:45pm-5:12pm
6:10 am-8:50am
7:50am-10:40am
9:20am-12:11am
4:08pm-8:29pm
7:40pm-12:13am

cap =172
cap =172
cap=172
cap =134
cap =134
cap =134
cap = 160
cap = 160
cap=176
cap=172
cap =172
cap =176
cap =176

Network: American Airlines flights from JFK, LGA, STL, ORD -> SFO

rev =194
rev =194
rev =194
rev = 287
rev =567
rev =567
rev = 567
rev =567
rev=121
rev=121
rev =121
rev =278
rev =278
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Numericalresults

Network: American Airlines flights from JFK, LGA, STL, ORD -> SFO
Specific products: N = 26

All 1-hop flights

All 2-hop flights from NYC->SFO satisfying time constraints
Callable products: F = 5

NYC->SFO, NYC->STL, NYC->ORD, ORD->SFO, STL->SFO
Demand model:

u: utility for a certain journey
Specific products: ( = 0:004, = 0:05)

pPi = given @i = exp Ui P i ti ; 1=1,:::;N
Flexible products: = 0:9
rj = 0:75 min p; hj = exp min u; P i ti o j= 10

iZFj i2Fj
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Numericalresults

Revenue enhancement due to flexibles
10 T T T T T

% increase in revenue

1 1 1 1 1 1 1 1 1
0 100 200 300 400 500 600 700 800 900

time horizon (T)

revenue #as u "
Two different confounded effects: demand induction & capacity utilization

Optimal collection of products is a piecewise constant function of time



Conclusions

RM applicable when booking processes culminates with product delivery.
Inter-temporal decisions lead to low-to-high fare structure booking limits.

Callable and e xible revenue management enables
More aggressive low fare sales.
Higher expected surplus for low fare customers.
Higher expected revenues for capacity provider.
Higher expected surplus (service) for high fare customers.
Demand induction from callable and e xible products.

Customer segmentation by valuations
Customers with highly uncertain valuations postpone purchasing decisions.

Customers with near certain valuations buy at low fare.
Those with low valuations will grant call option.

Customers with moderately uncertain valuations may buy early.
They are good candidates for travel insurance.



Implicationsto Otherindustries

Segment customers by demand predictability and expected valuations.

Low margin customers tend to have more predictable demands.
Low price is important for them.
They can be induced to book early and be e xible.

High-margin customers tend to have less predictable demands.
They are willing to pay a premium for late bookings and timely deliveries.

Callable and e xible features provider to book low margin customers more
aggressively.

Improving pro ts, capacity utilization and customer services.
Reduces overtime and backlogging costs.

Callable and e xible products work even better over a network of resources.
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