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Why does choice behavior matter?

 Traditional RM models: Independent demand
assumption

BUT

 Observed bookings are a function of product
availability and customers’ purchasing decisions

SO

« Likely that airline decisions could be dramatically
Improved by accounting explicitly for choice behavior
effects



Demand for products is the outcome of a
customer choice decision ...

Customer chooses among the
current set of alternatives

: 3 ff\mth JetBlue and Save
jetBlue Y

|
* travelocity

Customer Care | My Stuff
Filiii-M Hotels Cars/Rail Vacation Packages Cruises Last Minute Packages  Activities

Search Flightz Top Deals Web Fares Low Fare Alert  Last Minute Packages RSS

Your 5 days / 4 nights trip

New York, NY (JFK) to San Francisco, CA (SFO)
Departing Tue, Nov 28

Returning Sat, Dec 2

1 Adult

Modify vour search | Sawve to FareWatchers | "Total" for e-fickets incl. taxes & fees. Add'l fees for paper ticket.

Flights + 4 Nights Hotel

Your Search

| Depart Tue, Nov 28 Save with TotalTrip 5M
from $262 from
‘ US Airways W Lrit=d ‘ A Dslis AirLines |y American
Airlines
Nonstops Only $460 o $323 $413 $408
30 flights Totalsasy | Orensiops | Totslgaaa Total 5433 Total 5428 Tota
AI100Fights |+ $223 $233 $243 $263 $263 $263 $:
displayed below | Iotal 5262 Total $271 Total $284 Total 5293 Total 5293 Total $299 Tota

Featured Package @ Flights + 4 Nights Hotel fom $475

Wait, or not buy?



Choice among different alternatives affects revenue
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What does it take to implement
choice-based RM?

1. Models of customer choice behavior

2. Techniques for estimating choice models
from available data

3. Revenue optimization methods that can deal
with complex, choice-based models of
demand



1. Modeling choice behavior

o A wealth of scientific work exists on how customers
make choices

— Classical utility theory
— Behavioral economics
— Marketing science

* No need to “reinvent the wheel” In this area; the
guestion is how to apply this theory to RM

« Common practice: utility maximization model (e.g.,
Multinomial Logit model (MNL))



2. Estimating choice models from data

How do we estimate choice behavior using real-world
airline data?

Two components to consider:

1) Choice behavior estimation

How will individual customers choose based on the
avallable alternatives and their attributes?

Example: MNL model

2) Volume estimation
How many customers are making choices each day?
Example: Market share information, EM method



Choice behavior estimation

 Assume customers decide to purchase a flight based
on afttributes such as

— Day of departure

— Time of departure
— Price

— Departure airport
— Airline brand

« The MNL is a parametric model that could describe and
allow to estimate choice based on these attributes



Choice behavior estimation: Multinomial Logit (MNL) model

* Probability customer n purchases flight |
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where
X.. vector of observable attributes for alternative |

n
available to customer n at time of purchase
B vector of weights (to be computed from data)
C, choice set faced by customer n (major design
decision; in our case, “same day flights”)
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3. Revenue optimization
>
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Product

Information

How can we embed the
eStlmated ChOlce_behaVIOr Data Collection Layer
INn the optimization module
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Problem formulation

Set of products N = {1,2,..., n}, m resources
Network described by incidence matrix [A;], with
1, if product j uses resource
" {O, otherwise
Remaining capacities x =(xy,..., X,,), with initial capacities ¢
Revenues r =(ry,..., I,)

Discrete time horizon t=1,...,T, with probability 4 of having one
arrival in every small period

Problem: Which subset of products ScN to offer in every period t?

DP formulation:

Vi(x) = rsnaNX< Z/lpj (S)(r; +Vi (x=A))) + (AR, (S) +1- /1)Vt+1(x)}

= MaXy lej (S)(rj B (Vt+1(x) _Vt+1(x o Aj )))} +Vt+1(x)

SeN |es

Boundary conditions:V,(0) =0, Vt; V. ,(x)=0,VX
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Choice-based LP (Gallego et. al. (2004))

Define:

R(S): expected revenue generated from an arrival when set S is
offered; i.e. R(S) =D r,P,(S)

jes
Qi(S): probability of using a unit of capacity on leg i when S is offered
and a customer arrives; i.e. Q(S) = AP(S)

t(S): number of periods to offer set S (decision variables)

VPP =max Y AR(S)(S)  [Revenue]

ScN

S.t. ZEQ(S)t(S) < C [ Capacity availability, dual vble. 7t ]

ScN

Zt(S) <T [ Time availability, dual vble. G |
ScN

t(S)>0,vSc N
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Properties of the CDLP

« Asymptotically optimal (van Ryzin & Liu (2004))
* Problem: Exponential number of variables
Solution: Use column generation

Generic Column Generation Procedure

1. Select a restricted set of variables

2. Optimize the problem considering only this restricted set

3. Check if there exists a variable with positive reduced cost (COLGEN)
If so, add it to the set and go to Step 1.

* |In our case, COLGEN is given by:
max{iR(S) - 17'Q(S) |- o

ScN

15




Model of Market Segmentation

Customers belong to different segments | =1,..., L

Each segment is defined by one consideration set C,c N. A customer
belongs to segment | with probability p,, so that 4= 1p,, and

The probability that the airline sells a unit of product j when offering
set S, conditional on having an arrival, is :

L
Pj (5) = Z i szl.rs::'
=1

Limitations of the existing literature:

» Gallego et al. (2004): No market segmentation allowed, i.e. C;= N.

» van Ryzin and Liu (2004): Disjoint segments, i.e. CNC,=& for
| #h.

» Zhang and Adelman (2006): Approx. DP, disjoint segments
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Simple example

Product definitions

Product O-D Class Fare
Network
1 A C H 1200
2 A B, C H 800
3 A B H 500
4 B,C H 500
5 A C L 800
6 A B, C L 500
7 A, B L 300
o 8 B, C L 300
Segment definitions
Segment | 4, | Consideration set | Pref. vector Description
1 0.15 {1, 5} (5, 8, 2) Price sensit., nonstop A —»> C
2 0.15 {1, 2} (10, 6, 5) Price insensit.,, A > C
3 0.20 {5, 6} (8,5, 2) Price sensit., A > C
N . .
4 0.25 {3, 7} (4, 8, 2) Price sensit., A—> B
5 0.25 {4, 8} (6, 8, 2) Price sensit., B - C
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Column generation subproblem

« For our overlapping-segment case under the MNL model, the
COLGEN problem

max 4 ARS) — AT (S sy —
(AR O}

SCN

becomes

i1 L )'ri:"
max (r — _éT,.) Ui Z J — T
ye{01}" | = _ > icc, Vil + o

..il:

e |If its optimal function value is non-positive, then 7 and o are
dual feasible, and the current solution of the CDLP is optimal.
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Complexity of COLGEN

It is a particular case of the NP-Hard, hyperbolic binary
programming problem:

L
a + iy Qi

where
a,+> ay; 20 and b,+> by, >0
j=1 j=1

Theorem: The hyperbolic binary programming problem

n

L A
Z Z 1V
Iax Wity
ST —1 > icc, Vil + Ui

i=1 i€

where w;, v;>0, I=1,..., L, J=1,..., n, and C,c N, is NP-Hard.

Proof: Polynomial transformation from minimum vertex cover.
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Solving COLGEN

* Approach 1: Greedy Heuristic

Start from an empty set S, and add sequentially the element
that provides the maximum marginal increase to the current
solution.

« Approach 2: MIP (exact) formulation (Prokopyev et. al.
(2005)), based on a linearization procedure proposed by Wu
(1997).

e Our implementation:

— First try the Greedy Heuristic. If no entering column is
found, then try the MIP formulation.

20



Decomposition approximation algorithm

Phase 1. Assessing the value of capacity
Approximate the network value function at leg i by

Vi(z) = Vf (2 ) + E :Ti: Thes
k=i

where 1 (] is a dynamic (time dependent) approx. of the value of
capacity of leg i, and 7, x;. are static (time indep.) approx. of the
value of capacity of other legs

Averaging out these approximations, we get

1 i
i
i=1 i
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Decomposition approximation algorithm (cont’d)

« How difficult is the single leg problem?

Vi(e) = max {Zipﬂ‘g' (W ~ (AVi(e) —apn{ie 4}~ 3 w&'é) } e

jES kEA;

 The single leg RM problem under choice behavior was studied by Talluri
and van Ryzin (2004). They characterize sufficient and necessary
conditions for the strategy “nesting by fare order” (sequence of nested
offer sets, where the incremental elements follow the fare order) to be
optimal

* Proposition: The MNL choice model with overlapping segments over a
single leg does not admit “nesting by fare order” as optimal strategy.

* In fact, it shares the structure of COLGEN (i.e., it is NP-Hard)
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Decomposition approximation algorithm (cont’d)

 Phase 2: Computing the offer sets dynamically
Marginal value of capacity:

m—1
i

| 1 ..
AV x) = — AV (2) +

I m

Or more generally,
AVi(z) = AVi(z) := BAVE(z;) + (1 — B)n¥, for0< 8<1,

The firm must select a set S dynamically in each period t, by solving

N jes,j available

max { Z AP;(S) (r*j — ;ﬂﬂT{m]_ﬂlj) } (%)

23



Numerical experiments

Methods tested

DCOMP: Solve CDLP, and use £ =1 to compute the marginal value
of capacity

DCOMP-0.5: Solve CDLP, and use #=0.5 to compute the marginal
value of capacity

CDLP: Use the primal outcome of CDLP, and offer the sets following
the indices of the variables

RCDLP: Randomized CDLP; shuffle the indices of the variables.

ROPT-freq: Reoptimize CDLP with a predetermined frequency in
order to get updated values of the dual variables.

INDEP: Solve the DLP, for which the mean demand of product j is set
at A P;(N) T (I.e., all products are simultaneously offered).
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Example 1: Parallel Flights

Leg 1 (30)

Leg 2 (50)

Leg 3 [40)
Airline network

Product | Leg | Class | Fare
| 1 L 400
2 1 H 800
3 2 L 500
4 2 H 1000
5 3 L 300
6 3 H GO0

Product definition

Booking horizon: T=300 periods, with an average of 150 arrivals per stream

Sepment | Consideration set | Pref. vector Al Description
1 {2,4.6} (5,10.1) (.1 | Price insensitive, afternoon preference
2 {1.3.5} (5,1.10) 0.15 Price sensitive, evening preference
3 {1,2,3.4.5,6} (10,8,6.4.3,1) | 0.2 Early preference. price sensitive
4 {1,2,3.4,5,6} (8,10,4,6,1,3) | 0.05 Price insensitive, early preference

Table 4: Segment definitions for Parallel Flights instance
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Example 1. Revenue results

.: . . D0 WP DCORMP-0., COLP RCDLP ROP T-001 RO PT-0.1 [N P
Mmn | %LF | Moan | %LF || Mmn | %LF | Menn | %LF | Mmn | BLF | Mean | %LF || Mean | GLF
(LEAL) | maed || mss | oee0 | e | oree || ey | 660 | mivEs | a2 | slas | onsd | dndes | oads || 4o | ovdl
0.6 (100817 | besds || segs | osae | shoges | ovon | saonn | oddn | saato | odes | w1046 | oas1 | d0mod ) oo || dogss | sesy
| w05 | s || s | | s | s || spes | s | s | s || dsem | oras | a0 | e || 4606 | oo
(551 | ris || eEs | e | | s || s | sl | e el | el || eegs | sy | eldeo | e s || o | o
nE| (nnsty | v || e oo | esma | oem || avems | aess | esam | eeis | o | meo | ssm mm || semm | 4o
i5,30,10,5) | 61,868 | 60,147 | o048 | &0,292 | sode || seprs | oosn | ovooose | moss | ose o | wios | osesan | o || sapad | s
(55 1) | 70 1sk || w605 | anan | vr,086 | 0501 || 5796 | G005 | 7h 005 | 0480 || vT,008 | 0536 | w6156 | 0496 || G624 | 8538
Lo 0051 | eaes || e s | wmaw | ooy || sares | ooos | 000 | oue || g | onae | vpas | o | e | s
i an 1oy | ezans | sxes | oo | oaaren | owmas || eame | vear | easar | vean | szoan | voma | arsor | o | saaes | voad
Doy | osnan || sty | saos | veosis | saad || voges | saas | rooos | sadn | rosad | sans | worva | sams | esoro | vesd
La o1y | vspds || vese | veos | rvses | veos | snas | oo | oerasn | owean || vemae | vedn | omrawe | was | arem | sam
monto | eaos | saon | e | oeania | oavms || enam | emss | ewerr | emar | s2doe | rooo | soome | o || s | enss
CULERL) | EL06G || SO0 | TACE | EDETE | TRE3 || a2 | yatn | snma | vars || sndom | vaov | sndw | 2 || vidiE | roeo
L4 raop 1y | veste || veans | esse | veooor | esaa | repon | esod | ovsoen | esod | vease | essn | veaan | s || sondn | ever
w0 | e | man | e | e | e || e | e | eyes | e | eam | mas | e | e | eope | e

Table 5: Revarme manlts for the Paralle]l Flights example.
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Example 1. Revenue gaps with respect to DCOMP

i LT % DOOMP-05 | % CDLP % RCOLP | &= ROPTO.01 | % ROPTAL | % INDEP
r1h8.51) 13 + 0.18 216 £ 021 | 386 £ 031 [ T.71 = 0. 11.58 £ 0.28 | 10.06 &+ 0.23
& | (1,10.51) 032 4 0.20 207 £ 032 | 40 £ 032 [ TO4 x0T 1053 £ 0,20 | 11.14 + 0.23
05,1005, S.02 £ 030 | 247 4+ 041 | LGS £ 041 | 580 £ 0,38 OB £ 030 | DE0 £ DAY
148,51 43 + (.33 2.05 £ 0.5 | 128 £ 035 [ 4.50 = 030 TAL £ 032 | 1321 £ 033
& [ (110515 LB + 0.35 1.78 £ 034 | 062 £ 036 | 418 + 0.32 G066 £ 0.2 | 138+ 03
05, X 1005, £.12 £ 047 1.7 £ 044 | 142 £ 044 | 5460 £+ 042 T.A5 £ 041 | 1180 £ 46
148,51 SR £ 0.3 1580 £ 033 | L34 £ 033 | 40109 4+ 034 1.06 £ 0.3 | 13.0d £ 038

Lo | (1,10.%1) S.02 £ 042 | 244 &£ 035 | 200G £ 030 | 041 £ 023 1.3 £ 040 | 14.258 £ 041
05, 20 1005, L83 £ 0.8 | 011 + 00 | 037 + 0.5 117 + 0.5 1.51 £+ 0% | 1046 £ 0.52
r1h8.51) 0.0 =+ 0.46 018 £+ 0,45 | 0,14 £ 045 | 002 £ 020 0.05 £ 045 | 13.538 £ 043
L2 | (1,10.%1) [0 -+ (.48 000 £ 047 | 024 £ 047 [ 000 £ 4B 00s £ 04T | 1253 £ 045
05,1005, CLOED -+ OLAT 008 £+ 0,56 | 068 £+ 056 100 £ 0,57 1.20 £ 083 | 7.2+ D53
118,51 03 + (.48 005 £ 047 | 00 £ 047 | 00 £ G40 | 001 £ 040 | 1LLE & 045
L4 | (1,10.%1) 003 =+ 0.50 0.04 £ 0,50 | 0.0d £+ 050 [ 000 £ 0.0 000 £ 030 | 1046 £ 046
05,2105 0.0 4 056 1.04 £ 0,55 | LG8 £ 055 | 061 £+ 0,56 0vs £ 0.5 | 302+ 05

Tahle 6: 95% confidence intaryvals for the suboptimality gape with respact to DCOMP In the Parallal

Flights exampla. Simulation results based on 2,000 streams of demand per scenario.
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Example 2: Small Network

Product definitions

Product | Legs | Class | Foare || Product | Legs | Class | Fare
1 1 H L0 12 L L G LY
by 2 H 400 13 2 L s L1
3 3 H 400 14 3 L ax
d d H S0 15 1 L 130
Leg 2 (150; Noon) 3 & H 00 16 R L. 150
@) i i} H S0 17 i L Z30
Leg 3 (160, Afternoon)
T T H 00 18 T L Z30
& |qzar| H [@of 19 {24 | L | am
s |fEs| H [ @0 = [qmas| Lo | am
w  |{zer| H | moll = |{ze| L | a0
11 [qz7r| H | wolf =2 |qs7| L | a0
Booking horizon: T=1,000 periods, , with an average of 910 arrivals per stream
Segment | 0.0 | Consideration g2t | Prel vector Ay Cescription
1 A— B[ {1E}512192} [10.8.8844) | 0.0B Price insensitive, early pref.
2 4—B| [1Es121920) | (1,2281010) | 02 Price sensitive
3 A— H 12,3,15,14} (10,1055 | 0.03 Price insensitive
4 A— H [2,3,15,14} jz.2.1000] | o2 Price sensitive Segment
5 H—B| {451518} (10,1055 | 01 Price insensitive
A H—§& 14,5,15,18} j2,210,8 | 015 | Prioe sensitive, slight =arly peef. | definitions
T H—-C {8,7,17,18} [10,8,55) 0.02 | Price insensitive, slight early pref.
g H—C| {87178 izz108) | 003 Price sensitive
9 A—-C {10,11,21,22} [10.8,5,5) 0.02 | Price insensitive, slight early pref. 28
10 4—C | fwoa121,22) jz.21010] | 0.04 Price sengitive




Example 2. Revenue results

1. - [ COMP [ COMP-0.5 CoLP RCDLP ROP 10,01 ROPT-0.] ML EP
Menn | TLF || Mmn | %LF | Mean | %LF || Mmn | %LF | Mean | %LF | Menn | %LF | Mean | GLF

L | werm | o | s || mem | mm | o s | oo || amare | oo | owaad | mar || e [ e | 1rame | o
0.6 | 510y | a00s15 | 194145 | 03as || 100443 [ onoo | 10a303 [ oreo || 1ezass | orso | 1o ses | asov | 1882 | a4 | 1e3sos | uee
oy | rooar | e Es | e || e | wee | wiee | oas || e ol | wsow | wor || wssie | sear | sE0n | seas
i15 | ammpa | omem | s || omem [ sy | onom | s || owgmn | s | omos | ssmo || aeen | mson | o | e

0E| (l0 | 2miva | cmas | oods || cnoie | oos | assst | s || aros | s | o es | ooes || 2t | woas | e | oo
i10,90; | 18855 | 185,010 | ssoo || 1ssoee | snov | 1seise | sess || 1280 s10a | 1msgan | ssn || ess01 ) BE9E | 1vaae | s1oo
P15 | wsioar | ovenos | seat || wvesss | seas | ovrras | s || arvava | moes | ass s | siod || avsoia | mosa | wmepnn | sn

Lo s | mmos | mme | s || mea | s | oope | o || mime | s | o ss | s || onare | mss | oo | s
itnany | 192038 | 1on,ed6 | weao || 1e0gas | veoos | oran ass | vead | 1moges | read | oon ey | vese || 1eesey | s | issoss | v
U1 | warre | osarae | vrew || oearar | riss | asvsan | viss || asveos | visn | assose | vear || wmioas | veds | w43030 | B2
18| s 10 | 13esen | osskan | veas || wssmon | veas | oas oo | vops || oasaoo | rvos | ass s | voss || assses | vesa | avsgon | vves
oo | 1eears | e | ens || oes | ey | leesn | eses | lees ) oenss | 1o | esar || 1oeme | ey | 192416 | esen

D | oewoes | oomenda | eond || omsm | s2te | smany | e || ommma ) elos | omten | cood || oemvea | e | onogen | e
14| (50 | wassee | 938843 | 6180 || 238843 | 610 | 238sd3 | eeso || wsssds | enso | a3ssda | erao || asesas | enso | oaneay | esss
oy | g | s | s || mes | meas | e | mas || st mas | e | meas || est | seas | o | maan
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Example 2. Revenue gaps with respect to DCOMP

1 ' % DCOMP-0LA % CDLP % RCOLFP | % ROPT-0.01 | %% ROFT.0L]1 | % INDEP
[1.5) 00 4 0.16 580 +£ 018 | J5B0 £+ 015 | -L.TD £ 01Y 0.3+ 017 | 1252 +£ 015
a6 | (510 L3 £ 0T 0017 4+ 018 | 025 £ 018 .64 + 016 255 £ 01T | 1557 £ Q1S
(1030 | -0.02 + 018 2054+ 010 | 212 £ 0.18 0.5 £ 0T L%+ 017 | 94T £ 016
[1.5) -0.07 4+ 013 050 4+ 018 | 076 &+ 0.15 4.11 + 014 AT £ 0015 | 2216 + 013
0.8 | (4,10} 005 £ 015 254+ 015 | 1.7l £ 016 1.72 £ 015 .03 4+ 016 | 1350 £ 016
[10.20% 013 4 0.20 1.00 £ 010 | 108 £ 0010 | -0uoh £ 020 0.20 £+ 0.21 T.A) 4 020
[1.5) -0.01 + 0.14 063 £ 01h | 072 £ 016 041 + 0Uls LAO + 0015 | 1914 £+ 015
1.0 (5,10 001 + 0.16 1.3+ 016 | 1.10 £+ 0.17 0.3 4+ 019 066 + 017 | 1035 + Q.17
(10,20 001 4 0.22 071 +£ 022 | 065 £ 020 | 004 4 030 0.00 + 0.22 1 .Br 4022
1.5 Qo0 £ 0.16 066 £ 016 | 061 £ 017 T S L 0S8 4+ 016 | 14.33 £ 016

1.2 | (5.1 001 &+ 0.19 010 4+ 0U18 | 010 4 O.18 0.00 4+ 0010 000+ 0,10 | 588 £ 018
10,50 000 £ 0.22 000 + 023 | 000 4 023 0.00 £ 020 000 4+ 022 | 005 +£0.21

1.5} O o 01T 046 &£ 01 | 0,25 4+ 016 090 4+ 017 0,323+ 017 | 966 £ 016

14| 1519 000 + 0.19 000 + 010 | 0.0 4 610 0.00 + 0Ll 000 4+ 019 | 280 £ 0,15
[10.20% 000 4 0.22 0.00 + 022 | 0.0 4 0.22 0.00 + 022 0.000 + 0.22 | D03 £ 0.22

Simulation results based on 2,000 streams of demand per scenario.
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Example 2. Computational times (in seconds)

i g COLGEN ¥ Salution of §k&) [ ROPT.0.01 | ROPT-0.1 | INDEP

1,5 REH 171.81 0.01 i fid 075 0,50

0 | [5,10) 011 246,14 0.0z L 1.0 1.1Z .51

(10,20) 0.O07 ZAZ o2 0.02 B.03 .64 .5l

[ 1,5) 007 285,43 0.03 1.7l 0.83 0.42

0E | (5,10 N 7 204 0.0% 1041 1.03 0.42

(10,20) 005 408,95 0.0z 4.15 .41 .43

[1,5] 008 40559 0,08 T.43 0.7E .54

Lo| [5,10) 0,08 49E. T3 .04 .52 .44 a3

(10,30 REH alE. 30 0.02 274 0.27 .54

[1,5) 0048 o, T2 0.0 .09 0.74 .64

1.2 | [5,10) .04 ) [T 0.0z 274 0.27 (.64

(10,20) 0.0 Bith 4.3 0.01 Z 29 0.23 0.av

[ 1,5) 007 S 0.05 53 067 .75

1.4 | [5,10) 0.0 T20.83 0.02 Z 82 0.268 078

(10,20) 003 Tarly 0.01 239 022 0.7a

Note: Exact MIP formulation used for solving (%)
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Example 2: Iterations of COLGEN

30

25

20

# lterations
o

10

= v, =(1,5)
=V, =(5,10)
A Y, =(10,20)

Scale Factor o

1.4
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Example 3. Hub-and-Spoke Networ

K
O Market Legs Revenue
Y| M| B | Q
ATLROS/BOSATL g4 Sl0 | 290 | 95 | 69
ATLLAX / LAXATL 271 455 | 581 | 142 | 122
ATLMIAMIAATL Ti8 260 | 205 | 94 a9
ATLEAV /SAVATL a6 155 | 140 | &4 49
BOSLAX/LAXBOS || 4-2/1-3 || 575 | 380 | 153 | 139
BOSMIA/MIABOS || 4-7/8-3 || 405 | 514 | 124 | 39
BOSSAV/SAVBOS || 4-5/8-3 || 519 | 250 | 102 | &9
LAaXMIa/ MIALAX || 1-7/5-2 || 477 | 232 | 132 | 119
LAXKSAV/SAVLAX || 1-5/8-2 || 502 | 450 | 154 | 134
MIASAV/SAVMIA || B-5/6-T || 226 | 165 | 34 a9

Product definitions

Setting:

* 8legs

» 80 products

* 40 customer segments

* Booking horizon: T =2,000, with an average of 1,732 arrivals per stream of demand.
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Example 3. Segment d

efinitions

Sogment (i T, LT Semment (i LT LT
ATL/BOS H {1234} {67010} | 0.01% | BOS/MIA H | {41 424344} | {6.7.10,10} | D008
ATL/EBOS L {34} {B.10} 003 | BOS MM L {4344} {810} 0. gk
BOs/ATL H {54,758} {67910} | 0015 | MIAa/BOS H | {45 46,47 AB} | {6.7.10,10}F | 0.00G=
BOS/ATL L {78} {B.10} 0.035 | MIA/BOS L {47 48] {810} 0. gk
ATL/LAX H | [910,11.12} {56910} | 0.01 BOESAY H | [40.50.51 521 | [5.6.0,10) 0.01
ATL/LAX L {1112} {10,107} .04 BOE EAV L [451.52] {810} 0. [
LAX/ATLH | {1314, 1516) | {56910} | 001 | SAV/BOEH | [53 5455 561 | [5.6.010) 0.01
LAXATL L {15,168} {10,130} 004 | SAV/BEOE L {55.56] {810} 0. [
ATL/MIAH | JITAB1930) | (551010} | 0012 | LAX/MIA H | {57 585060} | [5.6.1010) | 0.012
ATL/MIA L {190,20} {B.10} 0035 | LAY /MIA L {50,680} {010} 0.02s
MIAATL H | {2122 2324} | 551010} | 0.012 | MIA/LAX H | {61,62.63 64} | {5.6.10 10} | 0.012
MIAJATL L 123,24} {810} 0035 | MIA/LAX L {6364} {0.10} 0.02=
ATL/SAV H | {25 D8 27.28] {45,510} .01 LAX /SAV H | {6566 6768} | [6.7.1010} | 0.016
ATL/SAV L {2728) {r.10} 0.02 | LAX/SAV L {67.65] {1010} 0.0g
MNATLH | {20,530 31 39) {45,510} 0l | SAV/LAX H | {815 | 6710100 | 0.016
SAV/ATL L 181,32} {r.10} 003 | S8AV/LAX L {7172} {1010} 0.0g
BOS/LAX H | [3 33538} | [&5710) [ 0.0 MIA/SAV H | {Fa 75 ) | {67810} 0.1
BOS/LAX L {34,36) {010} 0.032 | MIA/SAV L {74, 6} {0,100} 0. 025
LAX/BOSH | {37.3B 3040} | {35710} | 0.0 MIA/SAV H | {Tr fE TR0y | (67810} 0.01
LAX /BOS L {3040} {010} 0.032 | MIA/SAV L [ &0} {0,100} 0. 025
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Example 3. Revenue results

) DCOME DCOMP-D.A CDLP RCOLF WNOEP
* " vE Msan | WLF Mosn | BLF Moan | WLF Mean | BLF Moan | WLF
(15) | 163 BGT | 160624 | G710 || 160206 | Q5.0 || 156557 | G550 || 136410 | 95572 || 110471 | =64
a6 | 510y | 132467 | 130,571 | OF 6B || 130875 | 0720 || 136,435 | G485 || 136822 | 0535 || 104330 | G&.30
(I0ET) | 111,857 | 110314 | G761 (| 110200 | 96.0a || 106655 | G553 || 106 879 | D545 || 06,661 | OF.B5
(Ls) | ITTAE | 1VS E0E | O || 1TE 520 | D366 || 170,301 | G605 || 170562 | Q613 || 13054 | BETE
08 | (510 | 146 335 | 144500 | OFdd || 144 377 | D600 || 140557 | G500 (| 140 671 | 955G || 123300 | S9EaT
o030y | 122464 | 120062 | GED4 || 120085 | DEdd || 117621 | 603 || 117854 | D607 || 114,012 | OF 53
CLEy | 1BT2T0 | 1BS AR | G643 || 1A, TRE | 0500 || 1BLATE | DAY || 151,751 | DRG0 || 149246 | GEA3
1.0 | (510 | 156,243 | 154.715 | Q.52 (| 134508 | D421 || 151007 | G033 || 151,832 | DE.02 || 1400161 | SE03
(02D, | 12BGE6 | 127343 | D165 || 127,255 | 015 || 125,511 | ©2.2Y || 125,883 | D227 || 126,001 | G200
cls) | 195269 | 103,511 | GWLBB || 102,053 | D450 | 190000 | SR )| 190,245 | D370 || 165550 | GE.ID
1.2 | %10y | 160206 | 150 356 | 728 || 150 3%4 | BY.dT || 1487877 | &v a6 || 157,022 | B7.35 || 154.210 | Q&A%
(1020, | 128445 | 138336 | 7536 || 125336 | 7R.A6 || 12B33A | 7846 || 125 336 | Y36 || 125361 | 75 4R
(LS | 10%.113 | 106,556 | S50 || 156 860 | BATT || 196,630 | 670 || 106 640 | BTG || 1v0GE3 | G644
14 | (510) | 160453 | 160,350 | 7628 || 160 352 | .25 || 160350 | 7608 || 160350 | .25 || 150435 | 5554
(IOET) | 12B445 | 128336 | 63522 (| 135336 | GR.22 || 12B3036 | 6320 || 125,336 | 6822 || 125363 | 6524
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i LI @ DCOMP-0LS | % CDLFP % RCDLP % INDEP
[1,5] 0.6 + D42 253+ 038 | D62 4+ D37 | 31.22 + 0.33
06 | [5.10) 0.07 + 041 47 £ 040 | 316 £ 030 | 3034 £ 0.3
(10,240} 006 + 041 428 £ 040 | 311 £ 041 | 1237 = 037

(1,3 .15 + 0,38 &01 £ 036 | 136 £ 035 | 25,48 + 0.3

0.8 | (5,10 0.1% & 0T 258 £ 036 | .71 £ 0.36 | 14.606 £ 0.3]
(10,240} 0.06 & 037 28 £ 0308 | DAL £ 036 | 58D £ 0,33
(1,3 032 + 0,33 SO0 £ 032 | 1,06 £ 033 | 1940 = 0,27

10 | (510 013 + 0.3 L.B1 +£ 032 | 1.56 £ 0,32 | 940 £ 0,20
(10,240} 0.06 + 036 L3+ 035 | 1.14 £ 0,35 | 008 £ 035
(1,3 025 + 0.3 LB £ 0.20 | 1.658 £ 020 | 14.27 = 0,25

1.2 | (5.10; 0.02 + 0,32 Ll £ 031 | 001 £ 031 | 224 £0.28
(10,240} 0.0 4+ 0,30 00 £ 030 | 0.0+ 630 | 000 £ 040

[1,3] 000 + 0,31 L1l £ 0381 | 041 £ 031 | 357 £ 027

14 | 1510 .00 + 0.35 LN £ 035 | 000 £ O35 | 057 £ 0,32
(10,240} .00 + 0,30 LN £ 030 | 000 £ 0,20 | Q002+ 040

Simulation results based on 1,000 streams of demand per scenario.

Example 3: Revenue gaps with respect to DCOMP
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Example 3: Computational times

COLGEN S Sohaticn of (b | LCSOEP

. 11;. iseconds’ | (mimutes’ [saeonds | (seconds]
[1.5] Ta.31 L6&.08 LS 4.62

Q& | (5,10 .50 .11 CLE 4.66
(10 20 153 ot 0Ly 4.73
[1.5] LY 245.0 L a0 4.03

0.8 | (5,10 .75 205 AN CLCEy 4.09
(10 20 10.60 2.l LA .10
[1.5] 3184 22 241.30 L a0 G381

10 (5,10] a.01 2. LKA G.40
(10 20 0.25 422 22 LA G20
[1.5] 118820 44215 Gy T.B7

1.2 1 (5,100 1055 400 50 CLCEy v.67
[10_20 013 SL608 L8 7.G8
[1.5] 107,52 =521 0Ly 204

14 | (5,109 085 =621 CLCEy &.06
[10_20 013 5400 0Ly LS

Note: Greedy Heuristic used for solving (%)
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Example 3: Iterations of COLGEN
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Conclusions

Generalization of CDLP to the multiple, overlapping-segment case
Need to develop a column generation algorithm to solve CDLP

Even the column generation subproblem (COLGEN) is shown to be
NP-Hard

COLGEN: Simple, greedy heuristic is very effective to solve it

Decomposition approximation (DCOMP) scheme of van Ryzin & Liu
(2004) outperforms the other methods in terms of revenue

Computational times of CDLP, RCDLP and ROPT are an order of
magnitude shorter than DCOMP, while still leading to high quality
results, conforming promising approached to implement in real-sized
networks

All choice-based methods tested outperform the INDEP model by
more than 10%, suggesting that choice behavior is a first order
effect
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