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Motivation for a Competitor-Aware RMS (CARMS)

Proof of concept for a new vision for RMS

Modelling of customer behavior
— Choice model that reflects the actual customer’s choice behavior
— Allow the full customer choice set

Modelling of other airline (OAL) prices

— More comprehensive data obtained by collecting OAL historical prices
— Forecast of OAL prices and price reactions

Modelling of our airline’s optimal policies
— Optimization incorporates OAL price reaction functions
— Allows enhancement with Dynamic Pricing

New user roles
— Users can set pricing strategies separately by market and OAL

Literature
— Correcting RMS by an overlay logic: OAL matching; Forecast adjustments; Dynamic Pricing
— Game theory: Proof of equilibrium properties in theoretical models
— CARMS: Zhang, D. and Kallesen, R. (2007) simplified approach (non-reactive OAL, no real data)
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Review of the RMS View of the World

RMS assumes monopoly. Explanatory variables are:

Departure date, days to departure, and AL price
Dep. Date Days to Departure

. ‘ —> Observed by AL
----> Unobserved by AL
\ / AL Demand AL Price f,;

‘0—@
4 ) " A
/\ Var = Bo — B1 X faL

Alternative: AL NO-GO+0OAL eVaL

. P = —
\ Utility: Vy; 0 ) (Jar) eVaL 4+ 1

Purch. Prob P(f4;)

Price vs. Prob. Relationship

AL Price f,;

RMS
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RMS’s Simplified View Gives Rise to Bias

Price endogeneity due to omitted variables (OAL prices fpaz)

Price vs. Prob. Relationship

Actual
Dep Date Days to Departure

‘ —> Observed by AL

----> Unobserved by AL
\ / . e 1 AL Price f,;

> ‘h . AL Price vs. OAL Price

Purch. Prob P(f4;)

OAL Price foa;,

OAL Demand OAL Price four

AL Price f4;
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Actual Choice Probability Depends on Both AL and OAL Prices

RMS assumes the historical relationship with OAL prices is causal

AL Purchase Probability Surface P(fa1, foaL)
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OAL’s Price Reaction Behaviors Depend on Market and OAL Strategy

RMS bias results from its assumption that OAL’s prices will always follow AL's

AL Purchase Probability Surface P(fa1, foaL)
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Evolution from RMS to CARMS P.(fa,)

Choice-Based RMS 0 . g
_ = A TR — BP.(x)P i 1 1
é Je-1(x) = Je(x) + 4 r?j‘f[ ¢ (far) t () Pe(far)] T t0-7  eee 1 0 Time Slices
‘ Pi(far, foar) Pe(far)
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a LLl OAL-
@) _ 111 | |
+ max|TR;(far) — BP(X)P:(far, foar)l Ob d
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Competitor-Aware RMS (CARMS) ‘ RS
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Modelling and Forecasting
OAL Prices
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Prices are Generally Correlated Between Airlines in the Same Market

3000 .
y=0,3102x+ 841,18
ALl AL2 AL3 Al4
2500
s ALl 100%
5 AL2 67% 100%
1500 AL3 36% 35% 100%
1000 AL4  36% 57% 20% 100%
1000 1500 2000 2500 3000
AL1 Price
3000 3000 : - Long-Haul Market (Europe-Asia)
y=0,2152x+958,3 y = 0,4501x + 687,2 : :
e : served by 4 AL with non-stop service.
2500 =~ seeee sl . 2500
Y ' Y - Pricing Intelligence data from
& 2000 & 2000 INFARE. Market prices (by AL, dep.
= = date, dtd) recorded daily.
1500 1500
1000 1000
1000 1500 2000 2500 3000 1000 1500 2000 2500 3000
AL1 Price AL2 Price
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Correlation Driven Largely By Seasonality and Days to Departure

Prices versus Departure Date (doy) Prices versus Days to Departure (dtd)
3500 3000
3000 2500
2500
2000
2000
1500 - I'S 1200
1000 1000
O M0 M~ WUwWwmws MmN O O M~OUWmS MmN O M~ W wn <
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Model of OAL prices Hypotheses

. gq; (doy, dtd) ~ N(0,c2)
foar(doy, dtd) = ppar(doy,dtd) + o4 (doy, dtd) Al

A A Corr(eALi,eALj) ~0,i #]j

Systematic component Random noise
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Decomposing the Systematic Component of the OAL Price Forecast
Forecast model decomposed into: WTP(dtd) and BasePrice(doy)

dtd foa.(doy,dtd) = WTP(dtd) X BasePrice(doy)

Historical OAL Price Data

OAL
: Price
: Forecast

-----------------------------------

. >doy
Today Future Departure

WTP(dtd) = 1 + agy,, e Paow>dtd qop =1,..,7

5
1+z in| 2 ,Xdoy + b 2 ,xdoy
. a; sin | 2mi X oo i cos | 2mi X o=

=1

BasePrice(doy) = RefPrice X SP

!

Normal, Easter, Summer, New Year aMaDEuUs u
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Forecasting OAL Prices
Systematic component of OAL prices by departure date and days to departure

o (doy, dtd) 3500
0y,

..... HoaL\aoy 3000 .g

| 2500 &

N | 2000 &

7

©

(8}

o

o]

Ll

Easter

% -
J
® Summer o 93
o) o 9 o
20) a0 232389
s New Year n 23RNV :
2 o Q483088 LT ANG O
7 o D 43 O N Y MaeOT 4
Yo o D a0 AP LTSI HNS ~
c O g do0oQ af¥sgwl8o 4T o0 :
%, o 3SBRNIAL8823I3IR :
Y 2 a9 5 2 AV G XSO T AN e
&N D O T Hh L g™ <
VY Od = T 59 a° ) §
o B B (- - aT\doY 5
"T'd\"’g‘_‘ Dayof\le 3
I\ON E
N o

dMaDEUsS ©»



Forecast Model Validation
Frequency plots of residuals
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CONFIDENTIAL & RESTRICTED

foa(doy, dtd) = fioaL(doy, dtd)

MAPE*)

Market Airline (Test data)
M1 ALl 8.3%
AL2 8.6%

AL3 11.2%

AL4 8.1%

M2 ALl 9.8%
AL5 9.6%

AL6 9.7%

M3 ALl 10.0%
AL5 7.9%

AL7 24.0%

Note: TEST data made overall unbiased for MAPE
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Our Modeling Hypotheses are Confirmed

Price residuals are approx. normally distributed and show little inter-AL correlation

0,6

.y =0,1611x + 0,0033 Price Correlations Price Residuals Correlations
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Simulating the Effects of
Competitor-Aware RMS
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Simulation Set-Up: Network, Scenarios, and Customer Choice Behavior

~Network Structure: AL

* Single market served by two airlines with one flight each AAA . OAL ;. BBB

_Customer Choice Behavior:

* Multinomial logit with time-dependent price sensitivity /T\
Vi=PBo — Bt X fi

eVAL Alternative: AL OAL NO-GO
P ) = .
By, = N(,ut, O'tz) t (far foar) eVaL 4+ eVoaL 4+ 1 Utility: V4, Vour O
~Scenarios Tested: AL: RMS AL: RMS
* AL: RMS or CARMS OAL: Non-Reactive | OAL: Reactive
* OAL: Non-reactive or reactive to AL's prices AL: CARMS AL: CARMS
OAL: Non-Reactive | OAL: Reactive

dMaDEUS 16



CONFIDENTIAL & RESTRICTED

Simulation Set-Up: RMS and CARMS

RMS CARMS
AL Fare Structure FCL FC2 FC3 FC4 FC5 FC6 FC7 FC8 FC9 FC10
(Unrestricted) 500 400 350 300 250 200 175 150 125 100
Assumed Customer A /T\
Choice Behavior
AL  NO-GO/OAL AL OAL NO-GO
Data Used in Forecast Historic AL prices and Historic AL and OAL prices and
Parameter Estimation | AL bookings (prev. 200 dep. days) AL bookings (prev. 200 dep. days)
Estimated e(ﬁo_ﬁl,tf aLt) e(ﬁ’o—ﬁ’uf ALL)
. A— A— —
Demand Function e(ﬁo_BLthL,t) 41 e(ﬁo—ﬁmfAL,t) + e(ﬁo—ﬁl,thAL,t(fAL,t)) +1
Optimizer Dynamic Programming
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Simulation Set-Up: OAL Price Reaction Behaviors

~Non-Reactive OAL:

OAL Price fOAL

500
450
400
350
300
250
200
150
100

OAL follows a given price curve (with noise)
CARMS is aware of average OAL prices

Non-Reactive OAL Price Function f,,;

AVE. foar

Noise 7n;

—\—

100 950 80 70 60 50 40 30 20 10 O
dtd

~Reactive OAL:

~]
<
| g

OAL Price

* OAL matches ALl’s price if it attempts to undercut
* CARMS is aware of OAL'’s price tolerance

500 Reactive OAL Price Function fp4; (fa1)

450

400
Non-Reactive
350 __________ — =

300 €>| Tolerance (fpa;, — 10%)
250
200
150
100

< foar = faL

100 150 200 250 300 350 400 450 500
AL Price f4;
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Results: RMS Underestimates Price Sensitivity Compared to CARMS
RMS tends to produce optimal prices that are too high
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RMS vs. CARMS Pricing (Non-Reactive OAL) (far — foar) / fou

CARMS prices are more aligned with market prices

2 AL Less Expensive AL More Expensive
500 Average AL Prices by dtd 2 Than OAL Than OAL
3
450 5
o
o RMS
400 f’ Average: +13.2%
S 5 : +13.
=350 **
Z -100% -50% 0% 50% 100%
& 300 "
© C
- RS,
Z 250 CARMS 2
(Non-Reactive
200 OAL) 3
o £
2 E
150 )
o CARMS
100 +* Average: +1.7%
100 90 8 70 60 50 40 30 20 10 O -100% 50% 0% 50% 100%
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Performance of RMS vs. CARMS (Non-Reactive OAL)
CARMS leads to a 4.6% increase in AL revenue through higher load factors

110 Average AL Revenue 90% Load Factor
86.4%
108 85%
106 80% ]
+4.6% 75.8%
X 75%
%5 104
©
£ 70%
> 102 RMS CARMS
> 250 Average Price
& 100
230 219.8
98 210 201.7
96 190
170
94
150

RMS CARMS (Non-Reactive OAL)

RMS CARMS
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RMS vs. CARMS Pricing ( )

CARMS is more conservative if it anticipates OAL will react to being undercut
500 Average AL Prices by dtd

450

400
O
= 350 _ CARMS produces lower prices than
= | RMS with either OAL price reaction.
o 300 ‘ . ..
o j _CARMS is more conservative if it
v 550 ) knows OAL will match low prices.
< CARMS . .

, ~With a reactive OAL, CARMS shows
(Non-Reactive OAL) ‘e ” :

200 a “staircase” pattern in later dtd.

150 r‘

100

100 90 8 70 60 50 40 30 20 10 O
dtd aMaDEus »
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Performance of RMS vs. CARMS ( )

CARMS produces lower revenue gains with a reactive OAL than a non-reactive OAL

110 Average AL Revenue 90% Load Factor
108 85% 82.0%
80%
106 76.3%
75%
x
_
° +2.0% 70%
2 102 RMS CARMS
% 250 Average Price
e 100 :
230 218.3
98 210 207.3
96 190 1
170 5
94
. 150
RMS CARMS (Reactive OAL
10% Tolerance) RMS CARMS,vapeus
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CARMS is More Effective if OAL is More Tolerant to Being Undercut

Increasing OAL’s price tolerance approaches the non-reactive case
6% Percent Change in Revenue from RMS when AL Uses CARMS

% _ CARMS increases revenue
even if OAL is highly reactive. 4.6%

(V)

=

oE: 4.3%

S 49 _Revenue gains increase as

v OAL becomes more tolerant.

> 3% 2.8%

(a'ed

= 2.09

) % 2.0%

&0 2% :

© s

S E

O

- I
0%

0% 10% 20% 30% Non-Reactive Z

OAL Price Tolerance Before Matching AL
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RMS/CARMS and Dynamic Pricing are Complementary

Dynamic Pricing computes adjustments to RMS/CARMS prices at the session-specific level

RMS/CARMS with Dynamic Pricing Pe(far, foar) Py EfAL)
max{TR, () = BPe (P fus foun ) o

L
I
T [N N} tt‘l [N N} 1 0

A . .
CARMS Price _CARMS corrects RMS'’s p.rlce s'en5|t|V|ty bias,
but does not have a session view

_DP fine-tunes CARMS using session-specific

OAL prices and customer segmentation
RMS Price

~ DP alone can also correct RMS’s inherent
bias, as seen in past work

# of Shopping Sessions

> e RMS + DP: +6.0% revenue over RMS alone
fcarms frRms Optimal Price
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Revenue Index
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CARMS with Dynamic Pricing

DP provides additional revenue benefits over CARMS (far RMOFPP — fARNSY / fHARMS
110 Average AL Revenue .
-8 DP Discounts DP Increments
108 0
(Va)]
+6.2% ao
106 a
+4.6% ) Average DP price
104 73 adjustment: +1.8%
o
I+
102 |
-50% -25% 0% 25% 50%
100 5
_DP increases revenue by about 1.6% over
8 CARMS alone.
96 _DP adjusts CARMS prices based on DP’s
view of actual OAL prices and customer
94 price sensitivity.

RMS CARMS CARMS + DP
aMaDEus



Conclusions

# of Shopping Sessions

*CARMS Price

>

# of Shopping Sessions

= >
fcarms frus  Optimal Price
A
CARMS Price
RMS Price
A, — >
0 fcarms frus ~ Optimal Price

- CARMS corrects RMS’s world view

* RMS has no visibility of OAL prices or reactions
* CARMS provides revenue gain of 2% — 5% over RMS

_Future OAL prices can be forecasted

* Assumed impossible, but can actually be done with
high accuracy using available data

* Anticipated OAL price reactions can be integrated
into RM for the first time
_Dynamic Pricing provides further value

* DP injects session-specific data into RMS or CARMS

* DP provides additional revenue gains of 1% — 2%
over CARMS alone

dMaDEUS
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