This article was downloaded by: [132.207.4.76] On: 18 October 2021, At: 08:21
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

INFORMS Journal on Applied Analytics
INFORMS JOURNALON
APPLIED ANALYTICS

ey M Publication details, including instructions for authors and subscription information:

http://pubsonline.informs.org

Carnival Optimizes Revenue and Inventory Across
Heterogenous Cruise Line Brands

Justin Beck, John Harvey, Kristina Kaylen, Corrado Sala, Melinda Urban, Peter Vermeulen,
Norman Wilken, Wei Xie, Dan lliescu, Pratik Mital

To cite this article:

Justin Beck, John Harvey, Kristina Kaylen, Corrado Sala, Melinda Urban, Peter Vermeulen, Norman Wilken, Wei Xie, Dan
Iliescu, Pratik Mital (2021) Carnival Optimizes Revenue and Inventory Across Heterogenous Cruise Line Brands. INFORMS
Journal on Applied Analytics 51(1):26-41. https://doi.org/10.1287/inte.2020.1062

Full terms and conditions of use: https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-
Conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use
or systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher
approval, unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or
support of claims made of that product, publication, or service.

Copyright © 2021, INFORMS

Please scroll down for article—it is on subsequent pages

informs.

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations research (O.R.)
and analytics professionals and students. INFORMS provides unique networking and learning opportunities for individual
professionals, and organizations of all types and sizes, to better understand and use O.R. and analytics tools and methods to
transform strategic visions and achieve better outcomes.

For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org



http://pubsonline.informs.org
https://doi.org/10.1287/inte.2020.1062
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
http://www.informs.org

e INFORMS JOURNAL ON APPLIED ANALYTICS
s@ Vol. 51, No. 1, January-February 2021, pp. 26-41
http://pubsonline.informs.org/journal/inte ISSN 0092-2102 (print), ISSN 1526-551X (online)

THE FRANZ EDELMAN AWARD
Achievement in Operations Research

Carnival Optimizes Revenue and Inventory Across Heterogenous
Cruise Line Brands

Justin Beck,? John Harvey,? Kristina Kaylen,® Corrado Sala,® Melinda Urban,® Peter Vermeulen,? Norman Wilken,? Wei Xie,?
Dan lliescu,? Pratik Mital®

3 Carnival Corporation & plc, Miami, Florida 33178; ® Revenue Analytics Inc., Atlanta, Georgia 30339

Contact: justin.beck@pocruises.com.au (JB); jharvey@hollandamerica.com, (&) https://orcid.org/0000-0002-3218-2190 (JH);
kkaylen@carnival.com (KK); csala@carnival.com (CS); melinda.urban@carnivalaustralia.com (MU);
peter.vermeulen@carnivalukgroup.com (PV); norman.wilken@aida.de (NW); wxie@princesscruises.com (WX);
diliescu@revenueanalytics.com (DI); pmital@revenueanalytics.com (PM)

Received: October 5, 2020 Abstract. Carnival Corporation & plc identified the need for a cutting-edge revenue
Accepted: October 5, 2020 management system; however, existing solutions from the airline and hospitality industries
https://doi.org/10.1287/inte.2020.1062 were not compatible with the idiosyncrasies of the cruise domain. As such, the company

partnered with revenue analytics to build a complete revenue and inventory management
system to meet its requirements. Yield optimization and demand analytics (YODA) is a
system that leverages a unique quadratic programming model to jointly determine cruise
prices and allocate cabin inventory to multiple cruises (e.g., 14-day and 7-day lengths) offered
simultaneously on a given ship. The optimization inputs come from several machine
learning algorithms that predict demand. YODA combines these algorithms with an elas-
ticity model derived from an exponential curve to represent the unique price-sensitivity
behavior observed in the cruise industry. The system generates millions of price recom-
mendations each day and has been used to price voyages on 65 Carnival ships, approxi-
mately one quarter of the ships in the entire cruise industry, since December 2017. During
A/B testing, YODA generated a 1.5%—2.5% incremental uplift in net ticket revenue, which
is a significant revenue increase because Carnival was a Fortune 300 company in 2019.

Copyright: © 2021 INFORMS
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Introduction The first six Carnival brands listed in Table 1 joined
Overview of the Industry and Carnival Corporation the corporation through acquisitions at different points
In 2019, more than 30 million people, including 13 million ~ in time; before yield optimization and demand analytics
from North America, 6 million from Europe, and 4 million (YODA'’s) implementation, each operated largely in-
from Australasia, cruised on more than 270 ships (Cruise =~ dependently and differed significantly on all opera-
Lines International Association 2019). Of those passengers,  tional aspects from information technology (IT) sys-

nearly 50% sailed on Carnival Corporation ships. tems to organizational structures. In particular, they

Carnival Corporation is the world’s largest leisure ~ had separate revenue management (RM) teams that
travel company, providing guests worldwide with ex-  reported up to separate chief commercial officers.
traordinary holiday experiences at exceptional value.  Project collaboration was limited to occasional con-

With operations in North America, Australia, Europe, ~ ferences. The Carnival Corporation had never pre-
and Asia, its portfolio features Carnival Cruise Line,  viously attempted a major cross-brand project.
Princess, Holland America Line, Seabourn, P&O

Cruises (Australia), Costa, AIDA, P&O Cruises (UK), Revenue Management in the Cruise Industry

and Cunard. Together, the corporation’s cruise lines ~ Revenue management models and techniques were first
operate 105 ships visiting more than 700 ports around  developed and used by American Airlines (Belobaba
the world. Each year, more than 265,000 daily cruise 1987, Smith et al. 1992) to help it address increased
guests spend approximately 93 million days sailing  competition and changing market conditions, after the
aboard the Carnival fleet, which includes a staff of = United States enacted its Airline Deregulation Act in
100,000 shipboard employees. Throughout the paper, 1978, through a combination of purchase restrictions and
we use the terms voyages and cruises interchangeably.  capacity-control fares (Talluri and van Ryzin 2004).
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Table 1. Each of the Six Carnival Brands that Were Part of the Original YODA Project Represents Different Markets and Has

Unique Business Challenges

Brand (year originated)

Markets

Ships (capacity)

Princess Cruises (1965)

Serves a global market on ships that sail throughout the world, including

20 ships (686-3,700 guests)

North America, Europe, Asia, and Australia

Holland America Line (1873)

Serves largely North American guests, who are looking to explore and

15 ships (1,260-2,670 guests)

adventure, particularly specialist tours and experiences in Alaska

P&O Cruises UK (1837)
inclusive products
P&O Australia (1932)
Oceania
Cunard (1840)
Seabourn (1987)

Serves the UK market on ships that sail throughout the world, with many air-
Serves the Australian and New Zealand market on ships that sail throughout

Primarily serves UK and U.S. markets on ships sailing throughout the world
Serves ultra-luxury guests on small suite-only ships that sail to unique

8 ships (1,880-5,200 guests)
6 ships (680-1,450 guests)

3 ships (2,000-2,700 guests)
6 ships (270-600 guests)

locations and provide specialized itineraries

AIDA Cruises (1996)

Serves primarily the German market on ships sailing throughout the world

14 ships (1,300-6,600 guests)

Note. AIDA adopted the YODA system in 2019 after the system was deployed successfully for the first six brands.

The RM concept was to optimize the setting of prices
over time to maximize revenue (yield) from selling
perishable services (e.g., seats on a flight). The success
of RM in the airline industry was replicated in hotels
with Marriott International’s implementation of
fenced rate discounts (i.e., discounted rates for
meeting specified conditions) and availability con-
trols, leading to widespread adoption of yield strat-
egies across all major North American hotel chains
(Cross et al. 2010). Applications such as Holiday
Retirement’s use of RM to determine rents for senior
living communities (Kuyumcu et al. 2018), airline
inventory control across a variety of fare structures
(Fiig et al. 2009), Marriot International’s competi-
tive bid-response pricing (Hormby et al. 2010), and
Europcar’s setting of prices for vehicle rentals (Guillen
et al. 2019) enhanced traditional RM models with
customer-centric pricing models and techniques that
allowed RM proliferation to cruise lines, areas of
travel such as rail and rental cars, and entertainment.

Although the cruise industry is one of the most dy-
namic parts of the travel and hospitality sector, it did not
receive much attention in the field of revenue manage-
ment until recently (Ayvaz-Cavdaroglu et al. 2019).
Even then, it was not in the context of jointly allocating
inventory and determining price, a unique facet of YODA.

RM in the cruise industry is similar to that of other
industries but faces unique challenges. Similar to
hotel room types, Carnival offers many cruise cabin
categories at different price points. To avoid pricing
volatility because of the small numbers of cabins in
some categories, similar cabin categories on a ship are
grouped based on their features; these include metas,
such as inside cabins, oceanview cabins (window),
verandahs (cabins with private sea-view balconies),
and suites (luxurious cabins with larger private bal-
conies). Booking-curve similarity analysis is used to
split metas into submetas, where specific cabin cat-
egories exhibit different behaviors. For example, the

oceanview meta may be split into obstructed ocean-
views (e.g., the cabin has a window, but a lifeboat
blocks the view) and standard oceanviews. Other
similarities include determining the right level of pro-
motional investment, handling overbooking and up-
grades (similar to airlines), guest sourcing and market
mix, and airline sourcing (similar to package holiday
operators in Europe).

However, cruise revenue management has addi-
tional considerations. Cruising has a long booking
cycle, where bookings can be taken more than two
years before sailing, and last-minute purchases can
occur the week of departure. Prices can fluctuate up
and down throughout this booking horizon. Incen-
tives are often offered exclusively to guests who book
early, but some still wish to hold out for the possibility
of a lower fare. This behavior is driven by historically
high-to-low prices (i.e., large fare differences) in the
cruise sector. However, these fare differences can
over time result in unsatisfied guests; the price paid
for the cruise is a frequent dinner conversation topic
on cruises. To mitigate against this risk and that of
cancellations, cruise lines also allow guests to book
cruises using an initial deposit, with additional and/
or final payments due two to three months before
sailing, to encourage guests to book early at higher
prices; however, a number of bookings will be can-
celled for various reasons before sailing.

Another unique aspect of cruising is the ability to
offer a variety of destinations and experiences bun-
dled into one holiday package. This includes expe-
riences at ports, spa treatments, casinos, a myriad of
different dining options and bars, live music, and
entertainment. This onboard revenue can represent
up to 30% of a brand’s overall revenue, highlighting
the strong positive correlation between revenue op-
timality and occupancy. However, this is complicated
by the unique occupancy constraints that exist in the
cruise industry; ship capacity is constrained by both
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the number of cabins and the total number of pas-
sengers on the ship, because many cabins can be
occupied by up to four guests.

On the ticket RM side, which is YODA’s primary
focus, selling the right product (i.e., voyage ticket) to
the right guest at the right time for the right price
(Cross 1997) is as important in cruising as it is in the
RM function in any other industry. However, many
cruise itineraries are unique, and multiple itineraries
may be booked on a ship at any one time; for example,
some passengers may be on a ship for 7 days and
others may stay on for 14 days. These networked
voyages may have different demand curves and price
points. This requires precise identification of the rel-
evant history from previous cruises, careful price
management, and the implementation of appropriate
duration controls to ensure that the allocated capacity
on each subset of the cruise network aligns with
contracted seats on flights to transport guests to the
ship. For example, a guest who was looking for a two-
to three-week cruise holiday to the Mediterranean
during the summer of 2019 would have had 32 cruise
choices sailing from Southampton on P&O Cruises UK
alone, and would have been able to visit 19 ports.

When a ship supports multiple cruises on a same
day of travel, it is necessary to allocate that ship’s
cabin inventory to those multiple cruises. The in-
ventory allocation is managed at a submeta level of
detail. These inventory allocations are then used to
support planning; for example, for the UK brands,
allocation might include the number of air seats re-
quired to transport guests to/from each cruise, as well
as cabins in the reservation system, so Carnival can
achieve the optimal demand across each of those cruises.

Unlike airlines and hotels where inventory is pro-
tected for high-yield business customers, last-minute
bookings in the cruise industry often require deep dis-
counting. Additionally, overbooking practices pose
a much higher risk. Airlines frequently use point-of-
departure buy-offs (i.e., incentives as compensation
for booking alternative flights/travel) because pas-
senger flights are shifted only a few hours. For cruises,
a buy-off may require a passenger to wait weeks for a
comparable offering.

Revenue Management Practice at Carnival

Before YODA

Before the implementation of YODA, each Carnival
brand managed revenue and made RM decisions
using its own tools and processes. Although similar
tools existed across the brands, they varied signifi-
cantly from simplified forecasting and cancellation
predictions to decisions made by analysts who used
Excel tools to compare a cruise with a similar cruise
based on historical data. These tools were capable
of detecting large, sudden deviances from expected

behavior. They were less adept at detecting slowly
developing patterns or handling any quick incremental
adjustments needed to maximize revenue.

A typical voyage may be on sale in two core markets
and additional secondary markets, with four to seven
submeta prices. The submetas could include 15 to 40
categories, which have varying locations and/or sizes.
Prices also need to be managed for bookings in which
different numbers of guests occupy a cabin. One voy-
age could require managing more than 2,000 different
price points. This complexity meant that analysts had
to choose where to focus their attention. Analysts
had to limit regular monitoring to voyages close to
departure and only in core markets and expend sig-
nificantly less effort on voyages further from depar-
ture. Voyages would often show a significant differ-
ence in the prices at the time a cruise is first made
available for booking compared with the prices offered
during the last few weeks before sailing. Early analysis
in the project showed that this approach did not result
in maximizing revenue. To add to the complexities,
analysts were responsible for publishing prices, a
manual process that included a number of time-
consuming quality checks. Inventory allocations would
often be subjectively determined across overlapping
cruises of different durations (e.g., 7 versus 14 nights),
and these were rarely reviewed.

To address the strategic requirements and bring
both consistency and science to RM across these brands,
while handling all the previously listed complexities,
the concept of a Carnival RM system was conceived.
The YODA system would enable each brand to manage
its own nuances while maintaining a consistent ap-
proach with its sister brands within the corporation.
Because a viable off-the-shelf solution did not exist for
the cruise industry, Carnival Corporation partnered
with Revenue Analytics, a software and consulting
company, to design and build its own system.

Brand Nuances

Each brand has unique aspects because each sells to
different markets with distinct legal constraints and
with customers who have unique needs and wants.
Additionally, past behavior and the presence of multiple
cruise lines create different market conditions, as we
list here.

¢ P&O Cruises UK: Offers adult-only ships and fly-
cruise packages, where the brand prepurchases air-
line seats and includes them in the overall price.

* P&O Australia: Frequently reaches the safety
limit for total passengers so the upper-berth capacity
must be carefully managed; its passengers typically
include a number of families with children. In the
remainder of this paper, lower berth refers to the first
two beds in a cabin; upper berth refers to a bed other
than a lower berth.
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® Seabourn: Provides ultra-luxury experiences be-
cause it is a luxury brand with smaller ships that
contain only suite cabins, which can frequently com-
mand much higher prices.

¢ Holland America and Princess Cruises: Provide a
unique cruise and land experience in Alaska; their
pricing among all their cruise and land options must
be consistent.

e AIDA: Cannot raise prices above rates published
in brochures because of German laws.

* Cunard World Cruises: Full-world cruises visit a
number of ports over 100 or more days; these world
cruises are sold as a package but can also be broken
down into a number of sellable sectors, creating a
complex network inventory-allocation problem.

In addition, the published prices in various markets
and in multiple currencies differ because of regula-
tions about including taxes, fees, and port expenses in
the published price.

Developing Common Terminology and Rules

The YODA project was conducted by a cross-brand
team of analysts, business leaders, and data scientists
across Europe, Australia, and the United States, who
were dedicated full time to the project and had de-
fined roles and responsibilities. These individuals
became the champions of YODA when they returned
to their roles within their particular brands. Geo-
graphical diversity was one of the biggest barriers
they had to overcome initially. Time zones are bar-
riers to working across brands within Carnival. There
was no hour of the day when the entire team was
working concurrently.

Another challenge was reaching consensus across
the brands because each brand’s history and orga-
nizational structure differed. Overall, the team iden-
tified 80 categories of different business processes and
data definitions to resolve before it could design and
build a single system that Carnival could use consis-
tently across all brands. These categories and ultimate
decisions were all consolidated into a brand alignment
matrix that showed how each brand’s process and
definition differed from those of the other brands
and highlighted key elements that each brand re-
quired, so that no brand lost any key preexisting
capability. The project team representing each brand
worked closely with the teams from the other brands
and with its respective brand’s RM, finance, opera-
tions, legal, and IT teams to build consensus on items
such as the following;:

* Geographical classification: For example, should
a cruise ship that sails from Sydney to Hawaii to Los
Angeles and ends at Seattle be classified as an Aus-
tralian, Hawaiian, Pacific, or U.S. West Coast cruise?

¢ The first day of the week: Should it be Sunday
or Monday?

e The definition of net price: Should revenue gen-
erated be based on the fare paid minus expenses and
the cost of add-ons?

¢ The legal requirements in different jurisdictions:
For example, Germany and Japan have strict con-
sumer protection laws, and many countries require
the inclusion of taxes and fees as part of the adver-
tised prices.

This process took two to three months, and the
changes required ranged from data definitions to web-
site layouts.

Design, Development, and Deployment

of YODA

After converging on these issues, the YODA project
planning began. It was divided into three phases.

Phase 1: Initial Exploratory Phase, Design, and
Proof of Concept (August 2015 to November 2015)
The objectives of phase 1 were to solidify the un-
derstanding of the technology, data, analytics, and
pricing architecture by brand and region and to
converge on a vision of a solution and a roadmap to
address all brand requirements. In addition, the team
identified opportunities to quickly implement some
changes (i.e., quick hits) to generate initial revenue
gains. In a project planning workshop, team members
built a detailed plan and took part in a data discovery
exercise in which, for each brand, they assessed the
data and systems that were readily available and
identified the functions that needed to be built.

To identify quick hits, the team built an exploratory
model to provide insights into process and strategy
changes that would drive immediate revenue im-
provement. This model unconstrained booking curves
(i.e., the cumulative materialization of when bookings
have historically been made over time) to impute latent
demand. This unconstraining was done by looking at
similar historical cruises and identifying the cruises for
which inventory had been sold out (i.e., there was
unmet demand), or there was little booking activity in
certain periods because inventory had been priced
too high.

The team ran an optimization model on these un-
constrained booking curves to understand which
demand the optimization would choose, retrospec-
tively, to maximize revenue. The resulting insights
ranged from reducing overbooking on lower, less-
expensive categories, to the revenue-optimal number
of bookings allowed from different markets. The
initial insights derived from identifying the quick hits
allowed the YODA system to deliver an incremental
revenue uplift of approximately 0.3%.

One of the key opportunities identified in the ex-
ploratory phase was the introduction of multiple fares
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available to the public at the same time. By offering a
second, publicly available, discounted fare with fewer
inclusions (e.g., premium beverages, Wi-Fi) and stricter
terms and conditions compared with the preexisting
(i.e., standard) fare, demand could be captured from
guests with different personal preferences. This is a win-
win situation because customers can choose the options
that best suit their needs, and Carnival can maintain
its revenue (Figure 1).

Phase 2: Build and Market Test Prototype Solution
(November 2015 to September 2016)
The objectives of phase 2 were threefold:

1. Develop, test, and deploy the first version of
YODA, including price and inventory optimization.

2. Gather feedback and identify analytics, user
interface (UI), and business changes required for suc-
cessful enterprise development and implementation.

3. Finalize enterprise YODA design and develop-
ment plans, deploy the system, undertake user training,
and develop associated change management processes.

Interactive development through weekly meetings
and peer reviews ensured designs were not only
scientifically sound but also validated them against
real-world user expectations and experiences. This
development took place in a series of iterations, which
were focused on collaboratively designing and de-
veloping a subset of capabilities (demand forecast,
market response models, price and inventory opti-
mization, and UI), as shown in the arrows in Figure 2.

Approximately 15 data scientists from the six brands
and Revenue Analytics, and approximately 20 data
experts, business leaders, and project managers, reg-
ularly flew around the world to meet, review prog-
ress, and resolve any issues. Physically being together
allowed them to establish the purpose of each part of
YODA, the variables it should consider, and possible
approaches for satisfying the requirements. Where
multiple valid options existed, each was evaluated on
its merits and by using prototypes, and the model that
worked best was selected.

A pilot study and a Tableau Ul were deployed to
enable users to test a prototype system. At this stage,
YODA was generating price recommendations for all
voyages nightly. Analysts provided overwhelmingly
positive feedback. Most importantly, this pilot helped
the team to understand which areas were most im-
portant in driving price recommendations and which
areas needed improvement.

This period was structured to facilitate A /B testing.
Brands typically entered around 30%—40% of their
inventory into the prototype to allow YODA to manage
their prices, and each brand carefully selected its in-
cluded cruises to fulfil two criteria. They must include
the following:

1. A representative sample of the overall product
that the brand offers with respect to different geo-
graphical groupings of cruises, a mix of air-inclusive
and cruise products versus cruise only, and a rep-
resentative mix of markets, ship types, and dura-
tions; and

2. A control group sample of equivalent products
that would not be managed using YODA for the du-
ration of the market test.

Although the team made every effort to conduct a
pure A/B test, the realities of developing a real-world
system presented complications. For example, if a
brand wanted to test YODA's ability to manage the
pricing of Caribbean cruises, and two ships were po-
sitioned in the area for a specific period, an analyst could
manage one ship using YODA and another analyst
could manage the second ship using legacy tools.
However, these analysts were members of the same
RM team and may have attended many of the same
meetings at which pricing was discussed. Thus, they
could have been influenced by these discussions. As
soon as the analysts were confident that YODA was
making better decisions, they sought to have it manage
all their products as soon as possible. Although this
was a great vote of confidence for YODA, it invalidated
the A/B tests in some circumstances.

Figure 1. (Color online) Optimization by Multiple Segments Allows Guests to Make Trade-offs and Purchase Cruise Packages

at the Price Point They Wish to Pay

Optimizing a Single Price Restricts
Market Coverage

Cruise Fare

Demand

Price

Simultaneously Optimizing Multiple
Segments Maximizes Revenue

Sum of the combined
revenues is greater
than the revenue from
a single price point

Discounted Fare

Demand

Standard Fare

Price

Note. The area under the curve (revenue) is greater when the two price points are available.
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Figure 2. (Color online) Phase 2 Project Plan Was Divided into Four Phases with Different Lead Areas of Focus, Each
Comprising a Number of Two-Week Development Iterations with Different Areas of Focus, Plus a Testing Phase and a Market

Test Phase

Month 1 Month 2 | Month 3

Demand Forecast
/‘" Design and Prototype |/

Address Iteration
Feedback

Address Iteration
Feedback

| Market Response
N Models /
|/ Design and Prototype |
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Feedback

T uonesay]
Z uonesy|

Pricing Ul
Design and
Prototype

/

/

| Month 4 | Month 5 | Month 6 | Month 7 | Month 8 | Month 9

€ uonesay|

Price & Inventory Optimization
Design and Prototype

Month 10 | Month 11

Address Iteration
Feedback

Address Iteration
Feedback

Inventory Ul
| Designand ”,
/ Prototype |

The selection was harder for smaller brands. For
example, Cunard has only three ships, and they all
tend to offer different itineraries. Therefore, Cunard
required a solution tailored to its needs. The team
decided to develop six alternative A/B testing sys-
tems to measure uplift over a three-month period and
designed them such that they handled the nuances of
the different brands while adjusting for confounding
variables that could not be excluded.

In addition to the A/B testing results, several
measures were used to determine the success of the
YODA prototype. These included use and adoption
from the analysts and key performance indicators
(KPIs) relating to the component modules. The KPIs
for several modules, including demand and retention
forecast models, used standard backcasting approaches
to evaluate accuracy using weighted mean average
percentage error (WMAPE). Backcasting approaches
included running 2019 cruises through YODA using
data available as of December 2018 and then com-
paring YODA'’s expectations with actual occurrences
in 2019. This involved running the models with all
data as of one year earlier, predicting the events of the
next year, and then comparing these results with the
actual results that materialized in that period.

Phase 3: Enterprise Solution, Design, Beta Testing,
and Rollout (October 2016 to May 2018)

Although some peripheral components were devel-
oped during phase 3, the focus in this phase moved to
fine-tuning and building configurations. The project
team monitored the impact these changes had on
the KPIs and then turned its efforts to dealing with
special cases. In particular, a key component of this
phase was the parameterization of the models within
YODA. YODA is highly configurable, with thousands

of parameters available to guide the analytics toward
specific outcomes based on business knowledge. We
conducted a market test to find the parameters that
worked best for the overall set of products being
tested. In this phase, parameters were fine-tuned,
especially in situations where data scarcity prevented
the effective use of data-intensive machine learn-
ing techniques.

Improving these parameter settings and determin-
ing where they should be applied became an iterative
process that looked at the worst-performing voyages
or trades (e.g., voyages in a similar location such as
Alaska or the Caribbean) in a given KPI, investigating
its key drivers, and solving for the best choice of pa-
rameters. With the backcasting approach used in fore-
casting, this exercise was straightforward to execute.

Other changes and opportunities for refinement
resulted from a science health check report (HCR). The
HCR gave additional confidence to scientists and an-
alysts that a YODA recommendation was sound via a
series of self-diagnostic tests. Each recommendation
received an automated quality classification of high,
medium, or low, depending on its reliability and the
confidence the scientists and analysts had in the rec-
ommendation. For example, because of the changing
nature of cruises (e.g., a ship might be new or it could
be in a different geographic location every year), some
voyages have a less reliable history and will always
need more oversight by analysts. As another example,
if the recommended price changes significantly due
to either elasticity values or capacity constraints, the
change requires an analyst review prior to being pub-
lished online.

The HCR looks at each of YODA'’s separate model
inputs and outputs for business reasonability (e.g., his-
tory of reliability, price changes within specified bounds,
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forecasts within specified percentages of capacity) and
evaluates their impacts on the overall recommenda-
tions. These checks are extensive and range from
having enough historical voyages to having a forecast
for each submeta and market to having business-
reasonable elasticities. The HCR provided a useful
diagnostic tool to support scientific testing and even-
tually became so popular that it was added to the Ul
and automated within YODA.

The team placed a significant focus on the UI de-
velopment. A number of interactive design sessions
took place involving experts from the analyst com-
munity and the development team to ensure that the
interface satisfied the needs and wants of all the end
users. The YODA design also included a scenario
modeler capability—a Ul that allows users to evaluate
the effects of input changes on YODA'’s recommen-
dations. YODA's core engine and Ul features went
into production for the six YODA brands in December
2017, and all six brands have since used it continually.
Additional features of the Ul were designed and
deployed up to May 2018.

Significant design features of the Ul include ease
of use for multiple users in different countries, time
zones, and business organizations; compliance with
regulations; clarification of assumptions and inputs

to the optimization model; and the ability to effi-
ciently send price updates to POLAR, the YODA
brands reservation system, thus saving thousands
of people-hours annually.

After the implementation for the six brands was
complete, Carnival Corporation decided to bring AIDA,
Carnival’s fastest-growing brand, onto YODA (Ta-
ble 1). AIDA brought unique problems to solve be-
cause its cruises can be sold to the German market
either as cruise-only voyages or as packages bundled
with air fares. AIDA’s 14 ships also frequently carry
large numbers of children in upper berths. Testing
AIDA validated YODA’s transportability to other
cruise lines, and within five months, in December
2019, AIDA was successfully integrated into YODA.
The integration activities included loading of any
additional data sources, transformation of data into
existing staging tables that are data-source agnostic,
and the configuration of existing analytical modules
to handle AIDA’s unique business needs.

Data and Infrastructure

The flow diagram in Figure 3 summarizes YODA's
data infrastructure. POLAR is its primary data source;
however, the YODA data warehouse (DWH) also takes
supplementary data feeds from other data warehouses

Figure 3. (Color online) YODA's Infrastructure Combines a Wide Variety of Data Sources into a Single Source of Truth
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that include data not held in the reservations system.
The data feeds coincide with the end of the business
day in the home locations of each brand that uses
YODA. For each brand, the batch process runs dur-
ing that brand’s night hours; this process includes
updating the Ul and generating reports containing
the most current information by the start of the fol-
lowing business day.

YODA runs different models with varying frequen-
cies. Macro-level models (e.g., segmentations and price-
elasticity derivations) execute quarterly. In contrast,
models that change from week to week (e.g., retention
forecasts, developing trends, price normalization, and
booking-curve updates) run weekly. Updating the
capacity with the latest booking position and gener-
ating updated price recommendations and inventory
controls is done nightly. This reduces the run time of
the daily batch process and brings stability to some
of the components. YODA is comprised of 29 modules,
containing 165,000 lines of code, which generate more
than five million price recommendations daily. These
modules process 111 billion rows of data contained
in 2,200 tables, including source data and transforma-
tion tables. The source data are cleaned and checked
and merged with other source and reference data sets to
create a final set of data ready to be integrated, or
staged, into YODA. These final data sets are loaded into
the staging tables in YODA and are collected at
the start of each batch. These recommendations are
accessed routinely and reviewed by more than 200
users across the business and IT teams, in addition to
the 15 data scientists across the six brands’” opera-
tions research teams.

At the core of YODA are the database servers and
application servers. Database servers process the
raw data into inputs that the application servers need
and store user changes and price recommendations
to be submitted to POLAR. Application servers consist
of R programs, CPLEX solvers, Python programs, and
shell scripts to execute the models. The UI layer con-
tains the YODA website and reporting portal based
on Tableau.

The YODA architecture is source-system agnostic
and can handle multiple reservation systems and
data structures within the cruise industry. This allows
the integration of other cruise lines into existing
functionality subject to preprocessing raw data into
staging tables.

Key Analytics Components of YODA
Demand Forecast

YODA forecasts the number of customers who will
buy a product, at what time, and at what price. With
this information, the optimization model can estimate
demand for each product and adjust prices to maxi-
mize the revenue generated across those products.

YODA generates a booking curve per week for public
fare types for all available products. YODA then
aggregates demand to ensure it is at the level of
granularity that the optimization model requires (i.e.,
by submeta, source market, time interval, and product
type). The demand that YODA addresses constitutes
most of the individual bookings that Carnival takes for
its cruises and represents the audience that will want
this product at a given price.

YODA forecasts assume passengers are in lower
berths. An upper berth might be an upper bunk in a
cabin, ababy crib, or a foldaway double bed. A typical
cabin accommodates two adults; however, some cabins
accommodate up to four guests (e.g., a family traveling
with children). A ship can also include a small number
of dedicated single cabins and two-bed cabins with
single occupancy. Because guests must always book all
lower berths in a cabin, YODA relates the bookings to
the lower-berth capacity.

YODA'’s demand forecast process identifies the
relevant history, which forms the basis of the initial
forecast. Further adjustments to the forecast take into
account differences in the attributes of historical and
current voyages, as well as differences in year-over-
year market performance.

Identification of Relevant History

Given the complexity of the cruise product (e.g.,
multiple itineraries, durations, trades, ships, cabins,
and fares), YODA examines historical booking data to
identify history that is relevant to forecasting demand.

YODA uses classification and regression trees (CART)
at a brand and trade level, as well as business rules
to identify the voyage attributes (e.g., subtrade, du-
ration, time of year, and ship class) that best predict
the booking-curve behavior on cruises in that trade,
based on the historical booking data. CART is a sim-
ple but powerful machine learning method used in
constructing predictions from data (Krzywinski and
Altman 2017). The CART models recursively parti-
tion voyage history into subsets based on similarity
of behavior and provide relative weights across dif-
ferent voyage attributes. The output is used to find
a weighted set of like cruises to use as history for
forecasting future cruises.

YODA removes outlier historical voyages by cal-
culating median booking-curve confidence intervals
and identifying voyages whose booking curves fall
outside the confidence intervals for more than a speci-
fied amount of time. These historical sailing matches
are then reviewed in conjunction with the RM teams
who are ultimately responsible for reviewing and
accepting price changes. In some cases, the RM teams
override the selected historical voyages, for example,
if the number of passengers and/or revenue had been
affected by a significant event like an onboard celebrity.
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This combination of impartial data science rigor and key
insights from the business allow the demand forecast
to reach a level of accuracy unattainable with either
method alone.

Unconstraining Booking Curves and Making
Adjustments Based on Future Voyage Attributes
Once YODA identifies valid history for a future voy-
age, it makes an adjustment to account for the dif-
ferences between historical and future voyages. YODA
first unconstrains the historical booking curves by
estimating latent demand, as we describe in the
phase 1 overview.

Because of changes to yearly deployment of cruise
ships by Carnival and other cruise lines (OCLs), de-
mand for a product within trades will shift in relation
to industry capacity. If any cruise line changes its
itineraries or releases a new ship into a trade, then the
capacity of available lower berth-days (ALBDs) will
change, impacting demand for Carnival’s products.

YODA calculates average Carnival and OCL ALBDs
and uses regression techniques to determine capac-
ity normalization factors between ALBDs and prices
paid for different cabin types and products at various
times of the year. These factors are then applied against
historical booking curves for like cruises to generate
a set of unconstrained historical booking curves at
capacity-agnostic prices. These unconstrained and
capacity-adjusted historical curves are combined
into a weighted-average booking curve at a reference
price (i.e., historical average price) and smoothed using
exponential smoothing to control for variabilities cre-
ated by historical behavior.

Since 2018, these capacity normalization factors
generated in YODA have also been used continuously
as key components in determining the optimal ship
deployments within the Carnival deployment opti-
mizer. The Carnival deployment optimizer is a system
independent of YODA, which was created to assist
with the yearly deployment of Carnival cruises.

Adjusting Voyage Forecasts Based on Performance
and Market Dynamics

A normalization process tunes the demand forecast
by reconciling current voyage and market perfor-
mance with historical performance. A year-over-year
market module determines the amount of Carnival’s
additional (or reduced) demand in real terms—each
historical cruise will have its own demand curve with
bookings taken at different prices, often where dif-
ferent pricing and promotion strategies have been
used from year to year. The module uses price elas-
ticities of demand to adjust for the differences in
demand due to variations in pricing and applies the
same price normalization effect to the bookings we
have taken so far on a future cruise.

YODA then incorporates recent trend models into
the forecast. The recent-trend model dynamically
determines the number of past weeks to use in com-
paring forecasts with actuals and computes a differ-
ence factor at the appropriate level, which it then
applies to a number of future weeks (again dynami-
cally determined). Because cruises can be on sale two
years before departure, the like-cruises model can
select, for example, a cruise departing one year from
now as a like cruise to represent a cruise departing two
years from departure. In this case, we use the history
we have gathered so far from next year’s cruise to
update our forecast for the cruise that departs the
following year. To ensure that the history remains as
up-to-date as possible, YODA then makes a second
pass to reapply the trend adjustment from the earlier
future cruise to the later future cruise.

Booking Retention

Some passengers who book a cruise will not travel on
that cruise. The reasons vary from financial limita-
tions, unavoidable changes in plans (e.g., because of
family health reasons), or just changing one’s mind.
The conditions and age of a booking will dictate the
penalties that apply for a cancellation. YODA uses
CART models to determine the attributes that are
important in predicting retention. A booking-level
survival forecast from the booking date to the cruise
date updates that probability as any detail about the
booking changes (e.g., deposit payments, upgrades,
additional purchases). These retention probabilities
are computed for each booking to enable Carnival to
identify high-value bookings and guests with a higher
risk of cancellation so that it can take actions to increase
the probability of retaining those bookings.

YODA needs to determine the number of bookings
to take during the remaining booking window to
ensure that when the cruises sail, they are as full as
possible, because more highly occupied ships drive
additional onboard revenue. As a result, YODA op-
timizes using a net-net forecast; that is, it applies the
retention probability to the bookings already on the
books at that point in time. It also applies the fore-
casted retention probability to the bookings yet to
be made.

Time Intervals

One of the fundamental requirements of YODA is to
produce a recommended price strategy, generating
an optimal price both now and at strategic points in
the future. These points, such as the final-payment
due date (for passengers who paid an initial deposit
on their bookings, this is the date on which the balance
is due), are used to split the booking horizon into time
intervals. The intervals are derived by dividing the
historical booking curve before the final-payment due
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date into equal proportions of demand using the num-
ber of time intervals defined by each brand.

These time intervals are applied to each voyage,
base market, fare type, and meta so that each book-
able product has multiple price points. Demand is
aggregated for optimization into these time intervals
so that YODA can set a recommended price for each
time period and hence give an optimal price profile
across the life of the cruise.

Market Response Modeling

YODA uses an exponential market response model
(MRM) to estimate price elasticities. This allows the
optimization model to use how demand reacts to
changes in price and then adjust prices to set the
optimal price and demand for each product across
the time intervals. By taking multiple fare types into
consideration, YODA ensures that more passengers
are given a price that best meets their needs and
elasticity to price.

YODA's fare types integrate with pricing structures
and relationships (including benchmarks) that facil-
itate the RM system’s interaction with price code
structures (promos) within POLAR. Each booking is
associated with a fare type depending on the promos
attached to it. Within each fare type, there is one
benchmark fare on which other fares depend, based
on a set relationship (e.g., a price for loyalty guests
may always be 10% less than the benchmark fare).

All historical prices paid are translated back to their
benchmarks. The benchmark fares are used in the MRM
model to avoid creating bias on the price-change effect
by different promos.

Many RM applications use a linear market response
model. However, phase 1 exploratory work showed
that an exponential curve best represented cruise
customers’ behavior. An exponential curve captures
the extreme cases (e.g., extremely high or low prices)
much better than a linear curve does. YODA uses
CART models to cluster together similar bookings in
terms of their response to price and fits an exponential
curve (Figure 4).

Demand for Groups of Guests

Some Carnival brands sell significant portions of cruises
(up to 100%) at fixed rates that they prenegotiate with
travel agents, with limits set on the number of book-
ings sold at a given rate. Travel agents are likely to be
optimistic about the number of bookings they think
they can sell at that rate, and they often request a
contract for a set number of cabins with the knowledge
that they may not sell all the cabins.

The groups arranged by travel agents are generally
not as responsive to prices as are passengers for
regular bookings; consequently, Carnival treats this
demand stream differently. Group bookings are ex-
cluded from historical demand, and for groups on
current voyages, YODA calculates their net-net forecasts

Figure 4. (Color online) MRM Curve Shows the Exponential Curve Fit of Capacity-Normalized Demand Against Price per
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based on historical group behavior. Group bookings,
however, can be cancelled in the same way that regular
bookings can. For most groups, YODA uses a CART
model to estimate the conversion rate from that group
based on the group’s contracted size. Conversion rate
captures the proportion of the group size, sold to
agents, that is booked and results in a booking that
specifies the cruise being taken. YODA includes factors
such as group type, market, and travel agency details,
as well as the size of the group allocation request and
cruise duration.

Optimization

We successfully implemented a joint pricing and
inventory optimization process, a novel approach in
RM, which can handle multiple cabin occupancies
and multiple capacity-constraint definitions—a prob-
lem unique to the cruise industry. The objective is to
maximize net ticket and ancillary passenger revenue
minus costs subject to inventory availability and
pricing constraints, while incorporating the risk of
guests cancelling and rebooking at a lower rate if
the price decreases, as well as any additional con-
tribution from onboard revenue (Figure 5). The ob-
jective function is a quadratic concave function rep-
resenting the contribution of the network of voyages
in the form of revenue minus cost in the currency in
which that brand operates (e.g., British pound ster-
ling for P&O UK or U.S. dollars for Princess Cruises).
Factors included are commission cost (i.e., a per-
centage of revenue that is paid to a travel agent on
securing a booking), onboard cost, air cost, cruise tour
cost (e.g., Denali National Park tours in Alaska) for all
cruises, fare types, submetas, berth types, products,
base markets, and time intervals. YODA achieves this
using a quadratic program (QP), which leverages

Figure 5. (Color online) YODA's Joint Price and Inventory
Optimization Model Takes Multiple Inputs and Makes
Trade-offs Across Multiple Voyages
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price elasticity of demand, demand forecast (based on
reference prices), and projected availability as pri-
mary inputs. The objective is to simultaneously op-
timize pricing plans and inventory allocations (in-
cluding upgrades) throughout the booking window
across all overlapping bookable cruises on a ship and
meta by setting duration controls at a meta/sailing
level. YODA’s QP model also factors in the risk from
retro-dilution or retro, which is the risk of guests
cancelling their earlier booking and rebooking the
same voyage at a lower fare. We only partially de-
scribe the formulation of the optimization model in
the appendix because the full formulation is proprietary.

YODA’s QP optimization engine runs indepen-
dently for all six original brands, plus any new brands
joining YODA (e.g., AIDA), regardless of their net-
work configurations, time intervals, products, berths,
fares, and base-market configurations.

A ship can have various embarkation ports leading
to a variety of possible cruises; modeling network
configurations allows the optimal allocation of in-
ventory across these cruises. We list key aspects of
YODA here.

* Aninnovative feature of YODA is that it divides
the booking horizon into multiple time intervals. The
model then simultaneously recommends inventory
allocations and prices across these time intervals
rather than recommending only the current price. It
also incorporates constraints linking the pricing across
these time intervals if the business wants to enforce
constraints such as increasing prices only as the voy-
age’s sailing date gets closer.

¢ Inventory allocations, based upon the recom-
mendations of the optimization model, are adjusted
throughout the booking horizon. As customer de-
mand materializes and the demand forecast changes,
the inventory allocation recommendations also change.
The analysts have the ability to freeze inventory allo-
cations for a specified period of time during the booking
horizon such that only price is being optimized.

* Options are available for guests to buy cruise
tours or book air flights with the cruise; the optimi-
zation model recommends a bundled price across
these products and can simultaneously generate price
recommendations for both unbundled and bun-
dled products.

e The optimization model recommends pricing
across the multiple fare types and upper/lower berths,
and forces minimum and maximum price differentials
between them.

* YODA forecasts demand and estimates price
elasticities across different base markets, allowing
the optimization model to recommend prices that
can differ across these base markets after consider-
ing exchange rates. This strategy of optimizing price
based upon the characteristics of the market segments
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was introduced by Agrawal and Ferguson (2007) in
the context of bid prices, which we have extended to
our application.

* YODA can use the outputs of the exponential
elasticity model by finding the tangent line at the
reference price as the linear approximation to the
fitted exponential curve.

Through network optimization, YODA recommends
the number of cabins to be allocated to each bookable
voyage within the network. Additionally, YODA has
nested capacity constraints that allow for overbooking
across the categories of cabins.

YODA'’s QP incorporates advanced RM strategies
beyond elasticity-driven price recommendations.
For example, YODA avoids the booking of high-
occupancy (i.e., four-berth) cabins by a lesser num-
ber (i.e., one or two) of guests, thereby enabling up-
grades to more premium cabins. To ensure the price
integrity and business reasonability of price recom-
mendations and to address specific brand nuances,
the price constraints, additional revenues, some fixed
and variable costs, and associated business rules are
incorporated into the optimization model using a
complex setup that accounts for cabin type, cruise
tour bundling, and air flight bundling. YODA can also
optimize, based on optional minimum price con-
straints, to represent the tradeoffs between selling
cabins publicly and holding space for groups, as
negotiated with travel agents.

YODA also must ensure that our solution satisfies
both our lower-berth capacity constraints (i.e., the
number of physical cabins on the ship) and the pas-
senger safety-limit constraint (i.e., number of guests
permitted onboard) while maximizing revenue. YODA
accomplishes this by using an average occupancy
rate, which allows it to optimize for both upper and
lower berths.

Notable constraints of the optimization model for-
mulation are as follows.

® The model allows elastic inventory allocations
across submetas of a cruise (e.g., overbooking) or
across cruises of a network while considering the
retention effects of existing bookings and a ship’s to-
tal passenger safety limit. Similar to the artificial in-
telligence (AI) Tetris game, YODA selects and allo-
cates blocks of inventory that best accommodate
its forecasted demand patterns within a voyage and
across overlapping voyages, thus enabling dynamic
inventory reallocation of ship capacity.

e [t integrates complex pricing architecture re-
quirements to support the implementation of brand-
specific pricing strategies across time intervals, metas,
fare types, product types, and cruises.

Impacts of Solutions

Revenue Uplift

At the conclusion of the testing period that we de-
scribe in Phase 2: Build and Market Test Prototype So-
lution, estimates of annual revenue uplift ranged from
(+1.5% to +2.5%), with results varying based on the
comparison methodology used and by brand. Be-
cause the test period did not cover an entire booking
curve, we needed to make an assumption on how the
remaining demand would materialize. To make a fair
comparison between the test and control voyages,
YODA used the optimal prices and the expected
demand at optimal prices for both the test and control
voyages. This means that the revenue uplift range we
show above is a conservative estimate because the
testing approach benefited the control voyages as
much as the test voyages. Because of the positive
results of the test, more voyages were continually
moved to YOGA management, thus preventing an
ongoing measurement of uplift.

YODA has generated price and inventory alloca-
tion recommendations for all on-sale cruises of the six
brands since December 2017, and each brand uses its
recommendations. The efficiency of the price update
process has resulted in saving thousands of people-
hours since that time. In addition, based on a con-
trolled trial, we estimated that retention increased by
approximately 1.5% as a result of improved customer
communications.

Change Management

YODA ushered in a new mindset about revenue and
inventory management at Carnival. A user guide, the
playbook, is comprehensive in that it describes all
aspects of the system from how often prices should
be reviewed to the screens the analyst accesses to
complete a review.

The playbook emphasizes that YODA is designed
to recommend a price change in response to changes
in demand or some external factors. When YODA
recommends a price increase, analysts can quickly
take that action. However, when YODA recommends
a price decrease, analysts should also consider other
actions. Instead of driving demand through price,
they can work with other commercial teams to offer
sales incentives, increase marketing, or create pro-
motions. This shift in thinking resulted in a major
change in managing voyages.

Challenging Legacy Processes
In addition to the revenue benefits highlighted previ-
ously, YODA has driven renewed strategic conversations
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within the RM teams in each of the six brands by giving
the data science teams and analysts the ability to
challenge long-standing principles of cruise RM using
YODA outputs and associated models. For example,
they rigorously challenged the high-to-low nature of
pricing in some markets and thus enabled further
conversations on marketing and price positioning.

Recognition and Encouraging Collaboration
YODA has setanew standard for cross-brand projects
in Carnival Corporation. Not only did the project
complete on time and below budget, but it also
fostered a level of collaboration never seen previ-
ously among the brands. Teams now regularly reach
out to each other to discuss how to create promotions
within the reservations system, how to efficiently load
pricing and planned changes to the pricing strategy,
and how to share learnings and successes on how
particular promotions and strategic decisions have
impacted a particular market. In addition, many of
the early champions of the YODA system and project
within the brands have been promoted into higher
roles within the business.

Fostering Analyst Development and

Job Satisfaction

Greater responsibility and authority are owned at the
analyst level now, allowing the analysts to have
greater control of their day-to-day work. This not
only heightens analysts’ abilities to identify and in-
terpret insights, but it also improves their job satis-
faction and provides better career progression. Tac-
tical decision making has improved because analysts
have the time to look at details and make crucial
decisions. Previously, senior-level executives made
many pricing decisions based on their intuition and
experience. Company confidence in the combination
of YODA and the analysts means that many senior
decision makers no longer feel that they must attend
pricing meetings, thus allowing them to focus on
more strategic issues.

Improving and Simplifying Product

Offerings for Guests

Internal conversations about the value and use of
value-adds, such as drink packages and free onboard
spending money (i.e., onboard credit), have matured.
For some of our brands, decisions about price dis-
counts previously fell outside of the RM processes.
YODA benchmarks now control these discounts, and
other fares are priced relative to this benchmark fare;
this in turn provides greater pricing consistency to
our guests. Additional payment and package options
are now available to consumers, allowing them to
better customize their holidays and pay only for the
services they value.

Using YODA Science Across the Business
Both P&O Australia and Princess Cruises have used
retention models from YODA. In some cases, the
brands have modified the models slightly to include
additional variables. For example, to satisfy the Eu-
ropean Union’s General Data Protection Regulation
(GDPR), YODA contains no personally identifiable
information. These models are used to identify booking-
level retention probabilities at a very granular level
and to identify bookings that have a low probability
of retention; brands can proactively take steps to
encourage these guests to honor their bookings. The
brands may contact guests by various means, depending
on their risk of cancellation. As we highlighted previ-
ously, in addition to the 1.5%-2.5% revenue uplift, A/B
tests of bookings of contacted versus noncontacted
guests demonstrated an increased retention of ap-
proximately 1.5% in a controlled trial.

Growth and Integration of the Operations
Research Teams

At the beginning of the project, only four data scien-
tists were employed by the six brands in their opera-
tions research teams. These teams now include at
least 15 data scientists plus other associated roles,
with involvement in areas such as RM, marketing,
onboard revenue, website optimization, guest sourc-
ing, and deployment.

Single Source of Truth for Analytics

YODA represents an essential consolidated database
for ongoing and in-depth data analytics and a com-
mon data set and framework for RM reporting. Its
insights are used to support onboard revenue deci-
sions. Daily snapshots provide a depth of history not
available previously, common definitions and plat-
forms allow the transfer of analysis across brands,
and reports to key industry groups are now based on
the YODA database. This facilitates rapid cross-brand
information sharing and fosters a culture of iterative
development and peer review.

Cross-Industry Impact

In addition to being easily portable to other cruise
lines, as highlighted in Phase 3: Enterprise Solution,
Design, Beta Testing, and Rollout, models developed
in YODA are valuable and applicable for other in-
dustries. The joint price and inventory optimization
model is portable across the travel and hospitality
industries. The demand forecast learning algorithms
we developed are applicable across any industry that
uses RM, specifically casinos and resorts where de-
mand is special-event driven and does not follow a
typical time-series pattern. The exponential market
response model is relevant in industries where the
relationship between price and demand is nonlinear.
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Table A.1. Definitions

Appendix. Formulation of Optimization Model

This appendix describes some of the essential elements of a
quadratic programming model, which recommends prices
for cruises within a brand’s network of sailings (i.e., cruises)
to maximize net ticket and ancillary net passenger revenue.
Furthermore, when a ship may be used by multiple cruises
on a same day, the model determines the optimal allocation
of the ship’s cabin inventory to cruises. Definitions are
presented in Table A.1.

We can then formulate the model as follows:

Maximize Z (qusfcbkmf - asfchkmt) . xsfcbkmt (Al)
s,f.ebkmt
subject to
Xsfcbkmt
qusfcbkmt = dfsfcbkmt (1 + esfcbkmt( febkmt _ 1))/ (A.2)
psfcbkmt
Z (”Cdsfc' bkmt ~ asfcbkmt) < Zrclc’h/ (A.3)
¢ <c,s€S(l) f,mt c'<c

qusfcbkmt =0, Xsfcbkmt =0, Asfebkmy =0.

Objective function (A.1) maximizes net revenue as the
product of net price x and constrained expected demand,
which is defined as the difference between unconstrained
expected demand ucd and excess demand a. Constraint (A.2)
uses the elasticity equation to link net price and uncon-
strained demand. Constraint (A.3) ensures nested constrained
demand does not exceed capacity for each combination (i.e., leg,
submeta, berth). For each submeta, the model explicitly allo-
cates the berth inventory to the voyages that use them, and
these allocations are among the model outputs reviewed
(and updated) by the brand’s pricing analysts.

Panel A: Sets and indices

L All sailing legs of a network: /€L

S All sailings of a network: s€ S

S() Subset of sailings that includes leg I: [€ L

F Set of fare types, {1,2,---,np(s)}, ordered with 1 as the highest fare type: f €F

C Set of submetas, {1,2, -+, nc(s)}, with 1 as the highest category group: ce C

B Set of berth types (i.e., {Lower, Upper}): be B

M Base market: meM

T(s) Time intervals of booking window for sailing t € T(s)

K Set of offered inventory products, {CruiseOnly}, {Cruise + Cruise Tour}, {Cruise + Air Travel}: k € K
S(k) Set of sailings that use product k: s € S(k)

Panel B: Key terms

Price elasticity
reference price
Remaining demand

Change in demand expected for a given change in price, taken as the slope of the tangent line to the MRM curve at the

Expected demand at the current price (reference price for future time intervals)
The set of different bookable options for a cruise; for example, a cruise can be booked including/excluding air travel

and including/excluding land tours (Alaska only); each is priced individually

Products
Sailing leg
on a particular sailing day
Capacity Physical lower-berth capacity of the ship

Available capacity

Collection of voyages into a ship day; captures all bookable voyages that, if booked, would be available on a given ship

Lower-berth capacity of the ship still available for booking, after factoring in retention of existing booking
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Table A.1. Definitions. (Continued)

Optimizable capacity

Excess demand
Unconstrained
expected demand

Nested constrained
demand

Lower of (1) the ship’s available capacity, or (2) the remaining number of passengers the ship is allowed to
accommodate before reaching its passenger safety limit (often determined by lifeboat capacity)

Amount by which demand exceeds optimizable capacity

Expected demand at the optimal price recommended by YODA; this is unconstrained to allow for price rules to be
satisfied and for demand to be in excess of capacity at the submeta level, to allow for upgrades, and for reallocation of
capacity allocated to each bookable voyage

Unconstrained expected demand constrained by capacity, summed over all submetas up to and including the current
submeta, ordered by the submeta hierarchy; this permits the optimization to recommend overbooking and upgrades
upward only on the ship.

Panel C: Input parameters

Dsfebkmt Net current price (ticketed fare less value adds and onboard credits) for sailing s, fare type f, submeta c, berth b,
product k, base market 1, and time interval ¢ (for future time intervals, we use the reference price instead of current
price)

Csfcblmt Price elasticity at price psspi for sailing s, fare type f, submeta c, berth b, product k, base market 1, and time interval ¢

Clep Remaining available capacity of sailing leg ?, submeta ¢, and berth b

Afsfetkme Remaining demand forecast (not yet materialized) for sailing s, fare type f, submeta ¢, berth b, product k, base market 1,
and time interval ¢
Panel D: Decision variables

Xefebkmt Optimal net fare (ticketed fare less value adds and onboard credits) for sailing s, fare type f, submeta ¢, berth b, product
k, base market m, and time interval f (nonnegative)

Asfebkmt Excess demand above optimizable capacity for sailing s, fare type f, submeta ¢, berth b, product k, base market m, and
time interval ¢ (nonnegative)

UCsfepkomt Expected demand at optimal net fare for sailing s, fare type f, submeta ¢, berth b, product k, base market 7, and time

interval t (nonnegative and can exceed remaining available capacity; hence, it is unconstrained)

The model includes many other objective function com-
ponents, decision variables, and constraints to ensure
business-reasonable pricing across time intervals, fare types,
submetas, berth types, and product types (as we describe
in the main body of the paper). Examples of these are
as follows:

¢ Risk associated with guests cancelling and rebooking
at a lower rate if the price decreases;

e Additional contribution from on-board revenue;

¢ Estimated commission costs (i.e., a percentage of reve-
nue that is paid to a travel agent on securing a booking);

* Air costs (and associated capacity constraints by airport)
for cruises in which airline seats are chartered to transport the
guests to the ship; and

e Cruise tour costs (and associated individual tour ca-
pacity constraints) for all Alaska cruises that offer the option
of a combined cruise and tour of Denali National Park.

Not all components of the model are depicted in the
previous formulation because the full optimization is con-
sidered proprietary. This problem is formulated in such a
way that CPLEX can always find a unique solution.
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