Dynamic Pricing & Revenue Management
in Service Industries

Kannapha Amaruchkul

3"d Business Analytics and Data Science Conference
Bangkok, Thailand

October 30, 2018



RM: Complement of SCM

RM concerned with demand-management decisions.  SCM concerned with supply decisions.
“Interface with the market” Logistics of the firm

Objective: Maximize total profit Objective: Minimize total cost

Value Chain

Supply Chain Demand Chawm

Marketing

Credit: http://en.wikibedia.org/wiki/Demand_chain

Synonymous hames:
Yield management. Pricing and revenue optimization. Demand-chain management :
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RM in Airline

Market Segmentation in Airline Industry

Sensitivity to
duration/flexibility

High 2 1

Low 3 4

Leisure Low High Sensitivity
Business to price

Source: Simchi-Levi, D., & Kaminsky, P., & Simchi-Levi, E. (2007). Designing and Managing the Supply Chain: Concepts, Strategies and Case Studies. Boston: McGraw-Hill.



RM in Airline

Market Segmentation in Airline Industry
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RM in Airline

Market Segmentation in Airline Industry
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How The Prices Change
How the average cost of a domestic and international flight changes by the day: $1.061
$2/OOO ........................................................................................................................................................................... ’ o

Lowest price: $1,004
(171 days before departure)

Lowest price: $402
(57 days before departure)
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Source: Airlines Reporting Corp The Wall Street Journal



What is capacity allocation problem?

Sell more seats at
cheaper prices

Sell less seats
at higher prices
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RM in Airline

Seat Inventory Control
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RM algorithm recommends opening and closing pre-existing classes (Modified from Weatherford (1998)) 5



RM in Airline

Seat Inventory Control
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RM algorithm recommends opening and closing pre-existing classes (Modified from Weatherford (1998)) .



RM in Airline

Seat Inventory Control
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RM in Airline

Seat Inventory Control
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Network RM in Hotel

Network management

Industry

Passenger
airline

Hotel
Rental car

Passenger
train

Container
shipping

Resource unit

Seat on leg

Room night
Rental day

Seaton aleg

Cargo space on
leg

Multi-resource
product

Multi-leg
itinerary

Multi-night stay
Multi-day rental

Multi-leg trip

Multi-leg
routing

Airline.

Container shipping
Cap1=250

Cap2=300

Hotel.  Rental car
Description a; j Resource (i)

Armival Length of stay | ODF (j) | Sun Mon Tue Wed Thu Fri Sat
Sun 1 1 1 0 0 0 0 0 0
Sun 2 2 1 1 0 0 0 0 0
Sun 3 3 1 1 1 0 0 0 0
Mon 1 4 0 1 0 0 0 0 0
Mon 2 5 0 1 1 0 0 0 0
Mon 3 6 0 1 1 1 0 0 0
Tue 1 7 0 0 1 0 0 0 0
Tue 2 8 0 0 1 1 0 0 0
Tue 3 9 0 0 1 1 1 0 0
Wed 1 10 0 0 0 1 0 0 0
Wed 2 11 0 0 0 1 1 0 0
Wed 3 12 0 0 0 1 1 1 0
Thu 1 13 0 0 0 0 1 0 0
Thu 2 14 0 0 0 0 1 1 0
Thu 3 15 0 0 0 0 1 1 1

Fri 1 16 0 0 0 0 0 1 0
Fri 2 17 0 0 0 0 0 1 1
Sat 1 18 0 0 0 0 0 0 1




Network RM in Hotel

Why network RM difficult?

Hotel RM Airline RM

* Needs to consider both room rate and length . Needs to consider both OD and fare (ODF)
of stay
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& _ 1 41,000 16,000 12,000 48,000 19,000
= 2 15,000 14,000 9,700 17,000 16,000

Sun Mon Tue Wed Thurs Fri Sat 4 o200 13000 6700 8300 8400




Bid pric

Network RM in Hotel

June
Maon Tue Wed Thurs Fri Gat Sun
30 31 1 3 4 5
demand gD o0 113 105 103 £E 79
|bid price 3206 3502 5824 42774 3518 2065 2369
& 7 B 10 11 12
demand g7 104 136 115 B 48 48
|bid price 3361 4534 6542 5410 3637 1604 1232
13 14 15 17 18 19
demand 64 g8 109 100 ag 74 64
|bid price 2067 2750 4553 3803 3514 2100 2070
20 2] 22 24 25 26
demand BE 100 157 137 120 93 g8
|bid price 33EE 4544 7596 6549 4643 3824 3233
27 28 23 1 2 3
demand ES 91 110 99 B0 58 72
[bid price 3200 3555 5916 3843 2006 2050 2382
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Network RM in Hotel

Bid price calculation

Deterministic linear programming

For each resource i
bid price = shadow price

Maximize 1=1DjX]
Subject to:
?=1 a;jxj < b; foreachi=1,2,...,m

0 <x; <d; foreachj =1,2,..,n



Network RM in Hotel

Bid price calculation

e Deterministic linear programming

* Randomized linear programming

* Probabilistic nonlinear programming
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Network RM in Hotel

Reservation system

!

Transaction data
Bookings

1

Unconstraining/

Untruncation < Forecasting
No-shows
1 Cancellations
Group utilization
Demand forecasting
Season assighment >

| |

User interface/influence

A 4

Optimization module
Overbooking levels
Allocations
Bid prices




B2B Pricing Analytics

B2B pricing analytics




d3$Result
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B2B Pricing Analytics

Historical record: Palletizer bidding result

0 =Win 1= Lose
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B2B Pricing Analytics

Logistic regression (binary classification)
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d3$Result

04

O

Let p = P(Y = 1) prob of losing.

logit(p) = log <1P%p> =0, + 0,1

1
1+ exp(—(6y + 6;,x))

P

o~
C’ where x is the quotation (in 10K).
= a7 oo o > exp (mylogit3Scoefficient([2])
! I I I ! QuotationlOK
50 100 150 200 250 1.079593
d3%$Quotation10K
> mylogit3 <- glm(Result~QuotationlOK, data=d3, family = "binomial")
Coefficients:
Estimate Std. Error z value Pr(>|z])
(Intercept) -6.79908 3.51682 -1.933 0.0532
QuotationlOK 0.07658 0.04090 1.873 0.0611
Signif. codes: 0 Yx**’ (0.001 ‘**’ 0.01 > 0.05 Y.’ 0.1 Y " 1



B2B Pricing Analytics

Optimal bid price

3 Input
 Cost=78,291 THB (installation & maintenance)
S * Logistic regression
é ] Output
8 o |  Optimal bid price =710,000 THB.

* Probability of winning = 1-0.2040 =0.7960.
i * Optimal expected profit = 502,855 THB.

10

| | | |
20 100 150 200

Quotation (10,000 THB)

profit <- function (x) {
cost <- 7.8291 #78,291 THB
probl <- predict (mylogit3, data.frame (QuotationlOK=x), type="response")
myprofit <- (l-problL) * (x-cost)
return (myprofit)

}



VALUE

What

- - ‘es
Diagnostic ?O
happened? Anaypss

Descriptive
Analytics

How can we
make it happen?

_ Prescriptive
What will Analytics
happen?
'1-'3(\0“
Why did it ' o
happen? Analytics OQ\\(“ ,g\\\.

DIFFICULTY
Gartner
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RM in Airline

Pricing Analytics

Prescriptive

Quotation (10,000 THB)

d3$Quotation10K
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