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Abstract. The novel concept of audience targeting on television poses business and technical
challenges that involve disrupting decades-old paradigms about transacting and executing
television advertisement deals. Turner Broadcasting System, Inc., has leveraged operations
research and advanced analytics to take the lead in designing and implementing innovative
and integrated forecasting and optimization models that forecast (granular) targeted and
(traditional) demographic audiences in the 24/7 programming schedule, generate media
deals across all of Turner’s networks, and holistically schedule commercials, balancing the
objectives of all of the different types of advertising spots. These scalable and data-source-
agnostic methods power Turner’s audience-targeting solutions: TargetingNOW and Audi-
enceNOW. To date, Turner has completed more than 175 targetedmedia deals and is on track
to sell 50% of its inventory through audience targeting by 2020, representing billions in ad
revenue for the company. Every TargetingNOWdeal has delivered a lift in target audience for
advertisers, with a 27% average lift. AudienceNOWhas delivered a decrease of at least 20% in
target cost per impression for advertisers.

Keywords: audience targeting • TV advertising • forecasting • optimization • multilevel regression • mixed-integer programming

Introduction
Turner’s corporate history is shaped by no one more than
Ted Turner, its brash, enigmatic, and innovative founder.
Ted Turner started out in the media business after his
father’s death, when he took over his father’s billboard
business,whichwasworth about $1million in 1961. Turner
quickly grew this advertising business and expanded his
media empire by purchasing a local ultra-high-frequency
(UHF) broadcasting station and the Atlanta Braves in
the 1970s. Thus, began the Turner Broadcasting System,
with its flagship network branded SuperStation WTBS.

Turner quickly grew the distribution of WTBS by of-
fering Atlanta Braves baseball games, and by helping to
revive interest in professional wrestling by buying and
televising World Championship Wrestling (WCW).
Turner managed to expand WTBS, the local station that
later became the TBS Superstation, by offering the net-
work as a satellite transmission to cable operators, en-
abling a national cable presence. Turner’s achievements
also include creating the first 24/7 cable TV news net-
work, CNN, which revolutionized news media through
coverage of the Space Shuttle Challenger disaster in 1986
and the Persian Gulf War in 1991.

Turner has become a global entertainment, sports,
and news company that creates premium content and
delivers exceptional experiences to fans whenever and
wherever they consume content. These efforts are fueled
by data-driven insights and industry-leading technol-
ogy. Turner owns and operates some of themost valuable
brands in the world, including Adult Swim, Bleacher
Report, Boomerang, CartoonNetwork, CNN, ELEAGUE,
FilmStruck, Great Big Story, HLN, iStreamPlanet, Su-
per Deluxe, TBS, Turner Classic Movies (TCM), TNT,
truTV, and Turner Sports. Turner’s domestic business
generated $11.3 billion in revenue in 2016, of which
approximately half is from advertising revenue. Al-
though Turner’s portfolio spans a multitude of platforms
and includes several digital and mobile properties, this
paper addresses only the television side of the business.
Most broadcasting and cable television networks in

the United States sell advertisements and deliver im-
pressions (audience exposures) to advertisers. For de-
cades, television advertisement deals were guaranteed
on a number of impressions with demographic char-
acteristics specified only by gender and an age bracket,
such as 25- to 54-year-old people of either gender
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(P25-54). In the past few years, data fusion has allowed
viewership data to be fused with frequent-shopper
card data, credit card data, or even custom survey
information to construct targeted audience segments
such as “cereal buyers” or “automobile intenders.” These
new, more granular audience segments have challenged
the traditional ways of forecasting audience impres-
sions, creating media deals, and scheduling commer-
cials within the media industry. Turner has leveraged
operations research and advanced analytics to take the
lead in establishing the rules of engagement in this
new business paradigm. To understand the relevance
of this breakthrough, we will briefly describe the evo-
lution of advertising in television.

Brief Chronology of Advertising in Television
It is hard to imagine a time when television did not air
advertisements. Once television was perceived as an in-
strument ofmassive reach, it became thepreferredmedium
for advertisers to use to send their brandingmessages. The
first TV ad was aired on July 1, 1941, at 2:29 p.m., during
a baseball game on a local New York channel, WNBT-TV
(nowWNBC). It advertised Bulovawatches during a 10-
second commercial, cost $9, and marked the beginning
of commercialized television (Colman 2013) (Figure 1).

After the secondWorldWar, advances in technology
made television a desirable entertainment method. By
1952, nearly one-third of all households in the United
States owned a television set, and by 1955, half of all
U.S. homes had one (Stephens 2018, Quality Logo
Products 2018). With the explosion in TV popularity,
advertisements seemed a natural way for the broad-
casters to monetize on the new medium.

In the 1950s, sponsorships (e.g., “this program is
brought to you by. . .”) were the main form of adver-
tisement; an advertiser would sponsor an entire pro-
gram that directly or indirectly showcased its brands.
However, both broadcasters and advertisers soon re-
alized the drawbacks of this advertising option: on

the one hand, advertisers wanted more flexibility than
having to produce an entire show to get their message
across; on the other hand, broadcasters wanted to ex-
ploit opportunities for additional revenue streams by
having multiple advertisers in one program.
In the 1960s, NBC executive Sylvester “Pat” Weaver

devised a novel solution: NBC would produce its own
programs and sell brief time slots airing commercials, also
known as advertisement spots or simply spots, within
program breaks to multiple advertisers. It was a win–win
solution, much more cost-effective for advertisers and
more efficient for monetizing airtime at scale for broad-
casters. Scale brought up a new need in the industry,
the need to develop a trade currency. Advertisers were
seeking a count of viewers exposed to their ads, and
broadcasters were trying to produce content that attracted
as large an audience as possible; however, no measure-
ment was in place to gauge the popularity of a show.
Nielsen Media Research was founded by Arthur

Nielsen in the 1920s to analyze brand advertising. It
expanded into radio market analysis during the 1930s,
culminating in Nielsen ratings of radio programming,
which became the authority in radio-audience mea-
surement by the 1950s. When the need for television-
audience measurement arose, Nielsen developed a
ratings system using the methods developed for radio.
The rating system was based on a sampling of more
than 1,000 television homes scattered around the country.
Each household in the sample had a small box, called an
audimeter, which was attached to the television set and
recorded when the set was on and the channel to which
it was tuned. The data from the audimeters and diaries
in sample households were centralized in a computer
center. Using all of this information, Nielsen raters pro-
jected a total audience for each program, as well as the
age and gender of the viewers (Britannica 2018). ANielsen
rating point is defined as the percentage of all house-
holds owning a TV set that is tuned into a program; for
example, a Nielsen rating of 10 for a specific program
denotes that 10% of the total U.S. households owning
a TV set are tuned into that program.
Also in the 1960s, ABC executive Oliver Treyz was

looking for ways to compete with far-more-established
rivals CBS and NBC. He came up with the idea of
selling airtime for advertisements, which would be
measured in exposures to age segments of the pop-
ulation. He realized that it would be attractive for ad-
vertisers to home in on more suitable buyers according
to the brands advertised—for example, men between
the ages of 18 and 24would bemore likely to respond to
a Corvette ad than their older counterparts, who might
be more inclined to respond to Buick and Cadillac ads.
So, from a sales strategy, the Nielsen demographic rat-
ings, and later impressions (i.e., individual audience
exposures), became the standard measurement used in
television advertising transactions.

Figure 1. The First Televised Commercial Was a Bulova
Watch Advertisement
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More than half a century later, broad demographic-
basedmetrics, defined solely on the basis of gender and
age brackets, remained the currency of trade between
advertisers and media broadcasting companies. In the
age of great technological advances, such as the in-
ternet, smartphones, streaming services, smart TVs,
and self-driving cars, little progress had been achieved
in audience measurement for television advertisement
deals, and the numbers of people in the P18-49 or P25-54
demographics exposed to the advertisements were
typically the metrics chosen to evaluate deal perfor-
mance. To quote Dan Aversano, the senior vice pres-
ident of ad innovation and programmatic solutions at
Turner: “I’ve tried explaining this to people outside of
our industry—that the fate of billions of dollars rests on
the notion of age- and gender-based metrics. For ex-
ample: What do Ted Cruz and Justin Timberlake have
in common? They are both men, aged 25–54. Time and
time again, these ad land outsiders are perplexed bywhy
they are treated as one and the same” (Aversano 2017).

Turner Breaks the Mold
Turner has disrupted the status quo, decades-old par-
adigms of transacting and executing on demographic
metrics only, by introducing to the market advertising
products that capitalize on more granular audience
segments constructed by fusing viewership data with
frequent-shopper card data, credit card data, or even
custom survey information. Through this data fusion,
the resulting audience segments, such as “yogurt buyers”
or “exotic-vacation seekers,” provide advertisers with the
capability of concentrating their marketing efforts, with-
out the restraints of gender or age brackets, on the au-
diences identified as most likely to consume their
products or services. This capability is refereed to as
audience targeting, and the granular audience seg-
ments are called targeted audiences or simply targets.
Turner is blazing a trail with these breakthroughs
in television campaign measurement and execution,
moving the industry forward, and changing its overall
perception as a data-driven organization.

Turner has developed two main television audience-
targeting solutions: TargetingNOW and Audience-
NOW. TargetingNOW enables an advertiser to take an
existing media deal, guaranteed on a primary demo-
graphic, and optimize its spot placements to increase
the delivery of a secondary targeted segment. The deal
is still guaranteed on demographic impressions and
maintains its original media mix (i.e., the proportion of
impressions on the different networks and shows); in
addition, an agreed-on benchmark reflecting the ex-
pected targeted impressions that the deal would re-
ceive without optimization is used to measure the lift
(i.e., additional delivery) in targeted-segment viewer-
ship. AudienceNOW revolutionizes audience targeting
by relaxing many of the traditional mix constraints to

produce fully optimized deals and spot placements
that maximize targeted audience delivery across the
entire portfolio of Turner’s networks (TBS, TNT, CNN,
HLN, Cartoon Network, Boomerang, NBA TV, Adult
Swim, and truTV). AudienceNOW deals are guaran-
teed and priced based on targeted segments, a major
change from the traditional approach of pricing and
guaranteeing deals based solely on demographics. For
both solutions, Turner enables clients to choose vir-
tually any data set to define their targeted segment. The
data can originate from syndicated marketing research
suppliers or can be custom fused or matched to tele-
vision data (from panel or set-top-box sources).
The main methodological contributions of this paper

are a series of integrated forecasting and optimization
methods that Turner designed and implemented to
allow it to operationalize its advanced targeting prod-
ucts. On the forecasting side, a scalable, accurate, and
data-source agnostic forecasting method called com-
petitive audience estimation (CAE) was created to fore-
cast targeted and demographic audiences across Turner’s
properties. CAE is inspired by consumer-choice model-
ing and uses a generalized linear mixed-effects model
that builds audience estimates for television based on
several factors, including time-dependent attributes,
program attributes, and competitors’ program attributes
for shows being aired on other networks. CAE can build
estimates for virtually any audience segment based on
any data set. These estimates are computed at the most
granular level in the industry today, 30-minute blocks
by day. For the short-term forecasting needed in op-
erational decision making, an ensemble framework was
developed to combine CAE estimates with smoothing
methods that use additional data that become available
close to airing. On the optimization side, large-scale
mathematical programming models were created to
optimize deal proposals and spot placements. A mixed-
integer programming (MIP) sales-proposal builder using
CAE estimates was designed to generate proposals and
price them based on remaining available commercial in-
ventory (i.e., commercial airtime measured in 30-second
slots) across all of Turner’s networks, honoring agreed-
on restrictions and parameters. A multistage, MIP spot
scheduler using short-term audience forecasts was also
designed to optimize the placement of tens of thousands of
commercial spots across all domestic networks, including
TargetingNOW spots, AudienceNOW spots, traditional
demographic-guaranteed spots, and any other type of spot
that needs to be scheduled, subject to several constraints.

Television Ad Sales: Markets, Deals, and
Revenue Management
Commercial airtime is typically sold in 30-second slots
through media deals (also referred to as plans or sched-
ules), which start as proposals that are discussed,

Carbajal et al.: Turner Blazes a Trail for Audience Targeting on Television
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negotiated, and revised between networks and ad-
vertisers, who are usually represented by advertiser
agencies. A selling title is an interval of programming
that networks use to sell their commercial airtime, and
it can refer to a specific program—for example, The
Detour on TBS or Animal Kingdom on TNT—or it can
refer to a block of time, such as Comedy Block 1–
Monday through Saturday, 3:00 p.m. to 5:30 p.m. on
TBS or Latenight Dramas–Monday through Thursday,
midnight to 3:00 a.m. on TNT. The term daypart is typ-
ically used to describe an aggregation of selling titles.
Each network defines its own dayparts for its internal
inventory management, but media rating agencies such
as Nielsen provide guidelines on generic, time-based
dayparts that can be used to compare media plans
across networks.

Television networks operate under the so-called
broadcast year, which typically spans the fourth quarter
of a current calendar year through the third quarter
of the following year. The TV ad sales market starts
around May or June when networks announce their
programming for the upcoming broadcast year. These
announcements are followed by an intensive sales pe-
riod, called the upfront market, in which networks sell
60%–80% of their commercial airtime. The remaining
capacity not sold during the upfront market is sold in
the scatter market through the remainder of the broad-
cast year.

In addition to upfront and scatter markets whose
deals provide audience guarantees to advertisers, a
third type of market, known as filler sales, also occurs
throughout the broadcast year. Filler sales refer to the
selling of distressed inventory close to airing, and filler
deals usually specify a maximum number of com-
mercials to be aired within a particular selling title in
specific weeks, but provide no audience guarantees.

The Components of an Audience-Guaranteed
Media Deal
Figure 2 shows a simplified upfront deal that illustrates
some elements common to all upfront and scatter deals:
• The deal’s budget is the total advertisement ex-

penditure in the deal.
• The deal’s flight is an industry term used to de-

scribe the range of dates in the deal.
• The ratecard type determines the components that

constitute a valid audience for the deal. Examples of
ratecard types include live (average number of people
watching a particular show when it airs, including
both programming and commercial airtime), ACM + 3
(average audience watching only commercial airtime
either live or within three days of airing via digital
video recording devices), and ACM + 7 (the same as
ACM + 3 but with seven days of delayed viewing).
• The primary demographic, specified by gender and

an age bracket, reflects the audience that an advertiser
is trying to reach and is typically correlated with the
consumers of interest—that is, the population segment
most likely to purchase its products or services.
• The gross impressions are the guaranteed audi-

ence exposures, in thousands, within the primary de-
mographic that the deal is committed to deliver.
• The cost per thousand impressions (CPM) is equal

to the budget divided by the total number of guaran-
teed impressions, in thousands. Media plans are usually
evaluated in terms of their CPMs.
• The brand of the deal specifies the brand or group

of brands to be advertised in the deal. A various brand
indicates that a multibrand advertiser, such as Unilever
or General Motors, will later specify the distribution of
its spots across its different brands.
• The conflict indicates the industry category of the

advertiser (e.g., automotive, financial and business

Figure 2. (Color online) Audience-Guaranteed Media Deal Between a Network and an Advertiser
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services, toiletries, and cosmetics) and is used to en-
force competition-avoidance requirements such that
two spots sharing the same conflict do not air in the
same commercial break.

• The number of spots that will air on different
selling titles across the deal’s flight is usually expressed
in equivalized 30-second units (EQ30s). When spots are
equivalized, spots of a length other than 30 seconds
have their impressions and rates adjusted upward or
downward in proportion to the ratio of their length to
30 seconds. EQ30s are often referred to as units.

A broadcast quarter typically spans 13 weeks. Al-
though Figure 2 presents an aggregation of units at
the selling title-quarter level, media deals are usually
specified more granularly at the selling title-week level
because advertisers typically have requests about the
distribution of their spots, impressions, or budgetwithin
a quarter; for example, an advertiser might specify that
30% of its budget should be consumed during the first
3 weeks of the flight, and the remaining 70% should be
distributed equitably across the other 10 weeks in the
quarter. The units are also expected to follow a certain
mix across selling titles; for example, an advertisermight
specify that its deals should contain at least 30% of their
units or impressions from prime selling titles, or at most
20% from overnight selling titles. Finally, although not
shown in Figure 2, units have different rates (i.e., prices
per EQ30) for deals with different primary demographics.
A unit in the same selling title commands higher rates for
deals with primary demographics associated with smaller
audiences.

Figure 3 illustrates the life cycle of an upfront or
scatter TV media deal, which comprises three main
stages: planning, execution, and posting. During the
planning stage, media deals are created and specify
a commitment to air a number of commercial spots at

an aggregate level, typically selling title week. This is
performed months in advance of the date when the
spots will air. During the execution stage, the specific
placements of spots are determined—that is, the exact
moments in time when the spots will air. This is de-
termined shortly before airing, at most a few days in
advance. Furthermore, another part of the execution
stage performed throughout the deal’s flight is deal
stewardship, which involves monitoring the deal’s per-
formance to evaluate whether it is on track to deliver its
guaranteed audience, and if not, allocating additional
units called audience-deficiency units to decrease im-
pression shortfall. Finally, during the posting stage, the
actual audiences delivered with the plan are reported
to the advertiser. This occurs after all spots have aired
(although partial quarterly reports and invoicing are
customary for multiquarter deals), based on actual
audiences that are reported by media rating agencies.
Subsequently, the cycle begins anew and the posted
results from past deals are used to inform the creation
and negotiation of new deal proposals.

Related Literature and Positioning of This Work
Television networks face a challenging revenue man-
agement process that involves several interconnected
planning and control problems, but is usually addressed
in practice in a hierarchical fashion that involves stra-
tegic, tactical, and operational decisions. Carbajal and
Chaar (2017) provide an overview of this process.
Table 1 summarizes the process components. Our work
relates mostly to audience forecasting, proposal creation
on both upfront and scatter sales, and spot scheduling.
All previous works have addressed forecasting and
planning as disparate problems as opposed to using our
integrated approach. Our work also differs from pre-
vious literature in the following ways. (1) All published

Figure 3. (Color online) The Life Cycle of an Audience-Guaranteed Deal Comprises Planning, Execution, and Posting
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works on forecasting have been theoretical in nature
and lack practical validation (i.e., no implementation has
been reported), address only demographic audiences,
have a limited scope (i.e., they typically focus on pro-
grams airing between 6 p.m. and 11 p.m.), and do not
address short-term, granular estimates, which are needed
in operational decision making. We report on imple-
mented forecasting models that address both demo-
graphic and (granular) targeted audiences, cover the
entire 24/7 programming schedule, and generate gran-
ular and (or) aggregated estimates depending on the level
of decision making. (2) Previous works on proposal
creation report on models that handle single-network,
demographic-based proposals with no pricing compo-
nent. Our proposal-creationmodels allocate units and set
price rates across an entire portfolio of networks, con-
sidering demographic and targeted audiences, and can
also accommodate metrics other than gross impressions
(total impressions regardless of duplication), such as
reach (unduplicated audiences), composition (ratio of
target impressions to demographic impressions), and
response (consumer actions attributed to aired spots;
for example, the numbers of visits to a web page that

result from a TV spot). (3) Previous works on spot
scheduling have addressed mostly feasibility problems
focusing particularly on product conflict and (or) spot-
separation restrictions and ignoring the impact of audi-
ences on the schedule. Our spot-scheduling models
consider estimated impressions for both demograph-
ics and targets, honor all constraints that appear in
practice, and balance the goals of all of the different
types of spots that include demographic-guaranteed,
targeted (both TargetingNOW and AudienceNOW),
audience-deficiency, and filler spots.

Audience-Targeting Solutions:
TargetingNOW and AudienceNOW
NielsenMedia Research is the primary data provider of
television viewership behavior in the United States.
Nielsen maintains a balanced, cross-sectional, and
representative sample of over 40,000 households in the
United States, and uses electronic meters installed in
these house-holds to make projections about what is
viewed, and when and by whom it is viewed, based on
actual, individual tuning behavior (Nielsen 2017).
The audience impressions reported by Nielsen serve as

Table 1. Components of the Media Revenue Management Process and Relevant Literature

Hierarchy Planning and control problems Related literature

Strategic Programming decisions: multiyear impact decisions, such as
content acquisitions and original series development, program
scheduling for the upcoming broadcast year

Horen (1980), Reddy et al. (1998), and Danaher and
Mawhinney (2001)

Yearly capacity management: allocation of commercial airtime
between upfront and scatter markets

Bollapragada and Mallik (2007) and Araman and
Popescu (2010)

Upfront sales: creation of proposals (unit allocation and pricing)
during the upfront market

Bollapragada et al. (2002) and Popescu and Seshadri
(2016)

Tactical Inventory-mix distribution: allocation of nonprogramming
capacity into scatter sales, promotional (promo) campaigns, and
audience-deficiency units

—

Scatter sales: creation of proposals (unit allocation and pricing)
during the scatter market

Bollapragada et al. (2002) and Popescu and Seshadri
(2016)

Promotional planning: allocation of units across promotional
campaigns in the same or other sister networks (i.e., networks
owned and operated by the same company), and purchasing of
off-channel units on outside networks

Pereira et al. (2008)

Allocation of audience-deficiency units: allocation of zero-rate
units across deals to decrease their expected impression
shortfall

Carbajal and Chaar (2017)

Brand allocation: distribution of units across brands for
multibrand advertisers

—

Operational Commercial spot scheduling: determination of the placements of
spots that advertise products, services, or events

Bollapragada and Garbiras (2004), Bollapragada et al.
(2004), Bai and Xie (2006), Zhang (2006), Kimms and
Muller-Bungart (2007), Brusco (2008), Gaur et al.
(2009), Popescu and Crama (2015), andGiallombardo
et al. (2016)

Promo scheduling: determination of the placements of spots that
promote network content

—

Filler sales: management of demand of filler spots and their
pricing

—

All levels Audience forecasting: estimation of viewership of different
audience segments across all programming content at different
granularities

Gensch and Shaman (1980), Meyer and Hyndman
(2006), Danaher et al. (2011), and Danaher and
Dagger (2012).
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the primary currency of most television media
transactions.

Collecting such granular, representative data are very
expensive, and the underlying household panel re-
quires ongoing balancing and maintenance. Directly
enriching this individual data with information such as
purchasing behaviors is prohibitive because of costs,
complexity, and privacy concerns. Nevertheless, these
challenges have been successfully addressed in recent
years through data fusion, which enables the integra-
tion of viewership data with consumer purchasing data
from other sources, such as frequent-shopper card data,
credit card purchasing records, and surveys conducted
by marketers (Nielsen 2009).

Data fusion matches disparate individuals from two
distinct data sources that share the same target pop-
ulation, such as U.S. consumers. It uses characteristics
that are common to both data sources as a basis to
impute the values of variables measured in the second
source onto the first source (D’Orazio et al. 2018). For
example, the first data source may be a television
viewership data set, such as Nielsen, which contains
information about the TV viewing habits of a panel,
whereas the second data source may be frequent-
shopper card data that contain purchasing informa-
tion of individuals who have signed up for a frequent-
shopper discount card. The specific individuals in each
data set are different; therefore, a deterministicmatching
(i.e., identifying the exact individual with a frequent-
shopper card who corresponds to an individual from
the viewing panel) is not possible. Nevertheless, the
individuals in both data sources have characteristics that
both data sources track, such as age, gender, and so-
cioeconomic status. These common characteristics are

used as a basis to perform a probabilistic matching
(i.e., identifying the individual with a frequent-shopper
card who is most likely to match an individual from the
viewership panel). After this process is performed, the
purchasing behavior of each matched frequent-card
shopper is imputed onto its matched individual from
the viewership panel. Figure 4 illustrates this process.
Fusing viewership data with consumer purchasing

data has been a catalyst for the creation of audience
segments, which enable advertisers to transition from
coarser, demographic-based advertising transactions
toward more relevant (granular) targeted audiences.
Turner’s TV audience-targeting solutions rely exten-
sively on this capability to leverage granular targeted
audience data and improve the planning and execution
of media plans. The makeup of targeted audiences
varies across networks, across selling titles of a net-
work, and across airings of a selling title. Currently,
targeted audience data can be produced at a 30-minute
granularity, and audience differences can be exploited
to create more efficient and effective media plans.
Figure 5 illustrates how two target audiences—“heavy
purchasing of diapers” and “typically have wine with
dinner”—vary within the selling title Daytime on TBS.
Using this type of information, proposals that yield
lower target CPMs (i.e., cost per thousand impressions
in the target market) can be built, and spots can be
scheduled in time slots with higher concentrations of
target impressions.

TargetingNOW
TargetingNOW affects the execution stage, but not the
planning stage, because it involves previously agreed-
on demographic deals. TargetingNOW is designed as

Figure 4. (Color online) Process of Fusing Consumer Purchasing Behavior onto Viewing Behavior

Note. This figure was inspired by an image included in van der Putten et al. (2002).
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a first step that advertisers can take to experiment with
targeted audiences because it allows them to maintain
their traditional media mix and guaranteed demo-
graphic impressions. The value proposition of Targe-
tingNOW consists in taking an existing deal and, in
addition to meeting its guaranteed demographic
audience, optimizing its spot placements (during the
execution phase) to increase impressions in a targeted
audience segment (i.e., achieve a delivery lift). The
delivery lift is measured against a baseline that re-
flects the expected impressions the deal would receive
without optimization. Different options, such as an
average schedule or a median schedule, can be used
to estimate a baseline delivery. An average schedule
assumes all units in a selling title week receive the
average delivery, whereas a median schedule assumes
all units in a selling title week receive the median
delivery. The market has leaned toward the median
schedule because it is more robust to outliers in au-
dience delivery.

Figure 6 illustrates the TargetingNOW process. The
inputs to TargetingNOW are (1) a series of demographic-
guaranteed deals, each with its own primary demo-
graphic, targeted segment, and target-delivery lift goal;
(2) short-term audience estimates for both demographics
and targeted segments; and (3) specific commercial air-
time inventory buckets in which spots can be scheduled.
During the spot-scheduling process, a baseline delivery is
calculated and an attainable lift goal is determined for
each deal. The attainable lift goal is less than or equal
to the original deal lift goal depending on the audience

variability across eligible time-slot assignments. For
example, although the lift goal of a deal may be 15%,
the audience variability of time slots may allow only
a 5% lift.

AudienceNOW
AudienceNOW affects both the planning and the ex-
ecution stages of a media deal. AudienceNOW takes
audience targeting further by removing several of the
traditional media-mix limitations. The value proposi-
tion of AudienceNOW is that the advertiser can choose
any data and audience, and Turner guarantees the
targeted delivery across all of its networks. This allows
advertisers to use virtually any audience-defining data
set and target and negotiate deals directly in terms of
targeted segments and target CPMs.
Figure 7 depicts the overall AudienceNOW process.

During the planning stage, proposals are created to
determine the allocation and pricing of units across the
entire portfolio of networks. The goal of Audience-
NOW at this stage is to create a proposal that is more
efficient for an advertiser in terms of the targeted au-
dience segment that it wants to reach. As such, an
AudienceNOW proposal is built so that it produces
a higher number of targeted impressions, which re-
duces the target CPM. Although demographic im-
pressions are not guaranteed under the AudienceNOW
paradigm, an advertiser uses historical proposals as
benchmarks to evaluate new deals; as such, the ad-
vertiser is willing to receive a proposal that increases its
demographic CPM, but only up to an agreed-on

Figure 5. (Color online) The Average Impressions (in Thousands) Vary Across Targeted Segments and Times of the Day

Notes. Impressions represent an estimate of the in-target average viewers during the specified times. Dark gray cells represent the top 10
percentile of in-target average audience, while light gray cells represent the bottom 10 percentile.
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percentage. The inputs during this stage include
(1) advertiser inputs (deliverymetric to optimize, budget,
overall daypart mix, network and selling title exclu-
sions), sales inputs (target CPM reduction goals, de-
mographic CPM increase caps, rate-increase caps),
and strategic planning inputs (packaging guidelines,
minimum rates to be charged for 30-second spots on
the different selling titles, inventory of available com-
mercial airtime); (2) long-term audience estimates; and
(3) aggregate capacities for commercial airtime. The
outputs of this stage are the number of units at the
network selling title-week level and their correspond-
ing rates.

Later, during the execution stage, the specific place-
ments of AudienceNOWspots must be determined. The
inputs for this stage include (1) the aggregate units from
the AudienceNOW proposals, (2) short-term audience
estimates, and (3) specific commercial airtime inventory
buckets. Aswe can see, the inputs to the spot-scheduling
stage are the same as the ones we show above for the
TargetingNOWspot-scheduling stage. The spot-scheduling
process for all advertising products, such as traditional
demographic-guaranteed spots, TargetingNOW spots,
and AudienceNOW spots, is performed concurrently
because all spots are competing for the same com-
mercial airtime.

Figure 6. (Color online) The TargetingNOW Process Schedules Commercial Spots to Produce a Lift in Targeted Audience
Delivery

Figure 7. (Color online) AudienceNOW Allocates Aggregate Commercial Airtime to Create Media Proposals in the Planning
Stage and Follows with the Scheduling of Individual Commercial Spots in the Execution Stage
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The Planning Stage: Long-Term
Forecasting and Proposal Creation
During the planning stage, proposals are created, ne-
gotiated, and revised between Turner and the adver-
tisers. The main problem addressed during this stage is
to determine for a deal the number of units to allocate
to each selling title-week combination during the deal’s
flight across all Turner networks and the prices that
should be charged for each unit. Figure 8 shows an
excerpt of a grid associated with the proposal-creation
problem for a single quarter (although the multiple-
quarter extension is straightforward). Each cell in this
grid is associated with a selling title week for which
estimates on demographic audiences, targeted audi-
ences, and floor rates are available. The floor rates are
the prices that would be charged to the advertiser
under the traditional demographic paradigm and
constitute the lowest rates to charge in an Audience-
NOW deal for a unit in that selling title week. There-
fore, the proposal-creation process can be regarded as

filling out this grid with units such that the advertiser
objective is maximized subject to several requirements.
Figure 9 depicts the overall flow of the proposal-

creation process, which is a time-sensitive, iterative pro-
cess that is performed up to several months in advance
of the airing of spots. Once the target audience has been
defined, historical information is gathered and CAE
forecasts are created and aggregated at the selling title-
week level. A proposal-building engine is used to create
alternative proposals using different parameters, based
on negotiations occurring across the advertiser and
Turner’s organizations responsible for sales and stra-
tegic planning. Additional runs of the engine are used
to refine the proposal until an agreement is reached, at
which point the proposal becomes a deal. Throughout
its flight, the deal is broken into spot orders, which
include additional information about the spots, such
as spot-length distribution, eligible airing days and
times, and specific commercials to be aired. The in-
formation in these orders is then transferred to a

Figure 8. (Color online) Using Inputs, Including Estimates of Demographic and Targeted Audience Impressions and Floor
Rates, AudienceNOW Generates Deal Proposals for Aggregate Units of Airtime by Selling Title and Week

Figure 9. (Color online) AudienceNOW Proposals Are Built Using an Iterative Process Until All Parties Agree
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spot-scheduling system to determine the specific times
when spots will air.

Competitive Audience Estimation
Program announcements for an upcoming broadcast
year are made before the upfront market, and program
scheduling decisions are often made long in advance of
airing. The lengths and types of programs (e.g., sports,
series, and movies) dictate how much commercial
airtime inventory will be available. Therefore, to sup-
port the proposal-creation process, audience forecasts
are needed over a long-term horizon, often three months
to over a year in the future. Various business groups
support the audience forecasting task by providing in-
formation aboutwhich television programs the television
networks will schedule at which times. An effective long-
term forecasting approach should accommodate a num-
ber of business needs that include the following.

• The model should include explicit characteristics
of a television programming schedule and be adaptable
to programming schedule changes. The modeling ap-
proach should also provide business users with in-
sights on the potential impact to audience impression
capacity given programming schedule changes.

• Themodeling approach should be versatile enough
to produce forecasts across different audience segments,
and at different levels of granularity, depending on
planning needs.

• The model should consider the impact of the pro-
grams available on other cable, premium, and broadcast
networks, and estimate the effect of concurrent competing
programming on Turner’s audiences.

To address these various business needs, we de-
veloped a scalable, long-term forecasting approach that
we called competitive audience estimation (CAE); the
term “competitive” refers to the use of variables that
measure historical competitive programming at the
genre level across our networks and competing net-
works. CAE forecasts targeted and demographic au-
diences at the network, date, and half-hour level across
all Turner networks. CAE models the expected audi-
ence in a half hour using a mixed-effects regression
model; see Gelman and Hill (2006) for a discussion of
mixed-effects models, which are also referred to as

multilevel models or hierarchical models. Some effects
are estimated at the observation level (i.e., fixed effects)
and others at the program level (i.e., random or grouping
effects). Table 2 shows a high-level description of the
factors considered in the model; these include program
factors, time-dependent factors, and competing program
factors.
Including program-level effects is necessary because,

in practice, changes to future program schedules are
a constant part of internal business processes; therefore,
a good estimation method needs to quantify the impact
of programming changes. Furthermore, the business
users of these models typically have a good under-
standing of the relative audience sizes of different
programs; therefore, estimating program-level effects
helps with user acceptance because these effects can be
used to explain audience variations across programs.
Because cable networks extensively repeat airings of
programs, the audience rating data can often support
good audience estimates of programs when they also
change time periods. Additional effects associated with
programs, such as whether a program is a repeat or
live airing, are also critical, because repeat episodes are
usually viewed by fewer people, and live programming,
such as sports, typically draws larger audiences.
CAE also considers the cyclicality of television viewing

through time-dependent factors, such as time of day,
daypart, and day of week. In addition, seasonality is
a critical factor to consider because television viewing
levels can be affected by the outdoor temperature, the
weather, and whether children are in school. We ac-
count for this seasonality through trigonometric (har-
monic or Fourier) regression terms, which model the
daily periodicity of the data; Gensch and Shaman (1980)
include an example.
CAE overcomes the lack of readily available infor-

mation on competitors’ programming schedules by
considering genre telecast counts of competitors, lag-
ged by one year, which are a good proxy for current
competitor programming because a network’s pro-
gramming typically presents only small variations
during two consecutive years. These factors consist of
measurements by date and half hour, of how many
programs that fit a particular genre criteria were aired,
the top 25 cable networks (by average total audience),
and premium networks, such as HBO and Showtime.
To reduce the program genres considered, we include
only relevant genres based on the Turner network of
interest. For example, the CAE predictions for TNT,
which primarily airs dramatic series and movies, con-
sider the number of dramas that aired historically on
other networks.
CAE provides granular audience forecasts at a uni-

form resolution (e.g., half hour), which allows for easy
aggregation based on business needs. This allows the
generation of forecasts at coarser levels (e.g., a network

Table 2. Audience Viewing Is Estimated Using Several
Factors Including Program Attributes, Time-Dependent
Attributes, and Competitor’s Program Attributes

Effect category Factors

Program PUT (persons using television), genre, repeat,
live program

Seasonal and
time

Time of day, daypart, day of week, quarter
in year, Fourier terms (daily periodicity)

Competitive Historical genre telecast counts (broadcast, pay,
and cable)

Carbajal et al.: Turner Blazes a Trail for Audience Targeting on Television
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selling title-week level) to serve long-term sales and
financial planning. It also enables Turner to conduct
analysis at finer levels, such as computing the expected
lift over a median schedule that a number of units
slated to air in a selling title week can receive. Fur-
thermore, because CAE can accommodate any historical
average audience input, it is flexible and scalable across
different demographic and target audiences.We include
the model specification for CAE in the appendix.

Proposal Building
Long-term forecasts of audiences at the selling title-
week level are entered into a proposal-building engine
that uses a mathematical programming formulation in
which the main decision variables are the allocations of
units to allowable combinations of selling titles and
weeks (in integer EQ30s) and the rates to charge for
those units (in dollars). The objective is to maximize
the overall metric of interest (e.g., gross impressions,
composition, reach, response) delivered with the pro-
posal, while honoring constraints from the advertiser
and Turner’s marketing and strategic planning orga-
nizations. These constraints include requirements from
the advertiser and requirements from Turner’s organi-
zations in charge of strategic planning and sales.

Advertiser Requirements.
• The proposal dollar value cannot exceed the budget.
• The proposal budget distribution across Turner

networks should be between some lower and (or)
upper limits (e.g., at least 5% and at most 30% of the
budget should be assigned to TBS).

• The proposal should not include specific networks
and (or) selling titles that the advertiser wants to
exclude.

• The distribution of impressions in the proposal
across Nielsen dayparts should be between some
lower and (or) upper limits (e.g., at most 10% of the
target impressions should be in the overnight Nielsen
daypart).

• The units in the proposal across weeks should
follow a desired distribution. If no particular distri-
bution is defined, a uniform distribution is typically
expected.

Strategic Planning Requirements.
• The number of units in the proposal assigned to

a specific selling title week cannot exceed the remaining
capacity in terms of overall EQ30s and product-conflict
availability. Furthermore, it cannot exceed the maxi-
mum number of units that can air without violating
time-separation restrictions.

• The rates charged for the units in the proposal
should be greater than or equal to their corresponding
floor rates (i.e., baseline rates).

• The distribution of target impressions in the pro-
posal across the dayparts and (or) selling titles within
each network should be between some lower and (or)
upper limits (e.g., at most 10% of the impressions de-
livered on TBS should be in the selling title Full Frontal
with Samantha Bee).

Sales Requirements.
• The proposal target CPM (proposal dollar value

divided by the total target impressions, in thousands)
should be lower than a baseline target CPM by at least
a specified percentage.
• The proposal demographic CPM (proposal dollar

value divided by the total demographic impressions, in
thousands) cannot be increased by more than a specific
percentage over a baseline demographic CPM.
• The rates charged for the units in the proposal should

not exceed a maximum percentage increase over the floor
rates.
• The proposal should yield at least a minimum

profit margin (i.e., the difference between the proposal
value under the rates charged and the proposal value
under the floor rates).
In general, the resulting formulation is a nonlinear

programming problem (NLP) because both unit se-
lection and unit pricing are determined simultaneously.
The pricing decision can be thought of as determining
how much to increase the floor rate of each unit in the
proposal; for the case in which floor rates are con-
strained to be increased in the same proportion (i.e., all
proposal unit rates equal their corresponding floor rate
multiplied by a factor greater than one), the NLP can
be reformulated into an equivalent MIP problem. The
same-proportion floor-rate increase is the case used
most frequently in practice; however, the more gen-
eral case in which floor rates are allowed to increase
at different proportions can be solved heuristi-
cally starting with the solution to the reformulated
MIP.
The appendix shows a detailed mathematical for-

mulation of the NLP and the reformulated MIP that
is used to maximize the gross target impressions de-
livered in the proposal under the same-proportion
floor-rate increase assumption. As we indicate above,
some advertisersmay have alternative objectives for their
proposals, such as maximizing a response (i.e., actions
taken by consumers attributed to aired spots), maxi-
mizing the proposal composition (i.e., target impressions
divided by demographic impressions), or maximizing
reach (i.e., unduplicated audience). The specific objective
depends on what the advertiser considers to be the best
match for its marketing strategy for the media deal. The
metric response can be maximized using the same MIP
with a different interpretation of the parameters. The
metric composition can bemaximized using similar logic,
but with a more complex formulation that handles the
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ratio in the objective function. Williams (2013) provides
details on how to reformulate linear-fractional pro-
gramming models, such as the one arising with the
composition metric. The metric reach is currently op-
timized heuristically by building several proposals and
running extensive simulations of spot placements to
estimate their expected reach. However, analytical
approaches are being evaluated to incorporate reach as
a function that can be optimized directly in the math-
ematical programming framework.

The Execution Stage: Short-Term
Forecasting and Spot Scheduling
During the execution stage, spots in booked orders
from all agreed-on deals are scheduled to air at spe-
cific times in commercial breaks within selling title
weeks. Examples of the different types of spots include
demographic-guaranteed, TargetingNOW, Audience-
NOW, audience-deficiency, and filler spots. The spot-
scheduling process that considers audience estimates
is performed very close to the airing time using short-
horizon forecasts at the most granular level to differ-
entiate the value of spot placements across the entire
selling title-week landscape.

Figure 10 depicts the overallflow of the spot-scheduling
process. CAE forecasts are combined with recent au-
diences, such as the audiences during the past few
weeks, to refine 30-minute-level forecasts for the cur-
rent week and the next week. A spot-scheduling engine
determines the specific times when spots will air and
communicates them to the traffic system, which is a
system that generates the daily log of programming
elements (e.g., programming content, commercials, and
promos) and specifies when they are planned to be
aired. Subsequently, a few manual adjustments might
be performed in the traffic system to complete the
commercial schedule that airs on TV.

Ensemble Framework for Short-Term Forecasting
CAE estimates include time-based attributes, program
attributes, and competing program attributes, but can
be further refined with additional data that become
available shortly before airing. We use an ensemble

approach that blends CAE forecasts with estimates
produced with a single exponential smoothing model
to create the short-term, granular forecasts used in
the execution stage. The single exponential smoothing
model (SES) is implemented at the network, day-of-
week, and half-hour resolution on a time series of
historical audience data. For example, if we are fore-
casting the audience of the program Claws for next
Sunday between 9:00 p.m. and 9:30 p.m., we operate on
a time series of historical audience data points (also
called observations) on Sundays between 9:00 p.m. and
9:30 p.m. on TNT. Two important features of the SES
model are that it incorporates characteristics of the
specific show to forecast and it uses a capping mech-
anism to reduce the effects of atypically large or small
audiences.
Programming can vary from week to week because

of special events; therefore, when trying to forecast the
audience of a specific network, day, and half hour, not
all historical observations matching the same network,
day, and half hour may be relevant. SES uses the his-
torical observations that match the characteristics of the
show being forecast as much as possible. A minimum
number of observations is established and SES pro-
cesses historical observations that match the same
franchise (i.e., the specific show within a selling title); if
the minimum number of observations is not met, it
processes observations that match the same selling title,
and if the minimum number of observations is not
met again, it processes observations that match the
same network, day, and half hour. For example, on
May 12, 2017, when forecasting the average audience
that would tune in on the following Thursday from
8:00 a.m. to 8:30 a.m. on TBS, SES identified thatMarried
with Children was scheduled at that time. It analyzed
historical audiences on TBS on Thursdays between
8:00 a.m. and 8:30 a.m.; however, it did not process
the observation from Thursday May 4, 2017, because,
to commemorate Star Wars day, TBS had aired Star
Wars movies on that day instead of its regular pro-
gramming. If enough observations had not been found
for Married with Children, SES would have looked for
observations matching the selling title Daytime, and if

Figure 10. (Color online) Scheduling Commercials Involves Producing Short-Term Audience Forecasts, Assigning Spots to
Commercial Airtime Inventory Buckets, and Sequencing Spots Within the Assigned Buckets
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enough observations had not been found again, it
would have processed all available observations on TBS
on Thursdays between 8:00 a.m. and 8:30 a.m.

Even when the same program is scheduled on two
consecutive weeks, the audience for one airing might
be unusually large (e.g., because of breaking news on
CNN) or small (e.g., because of a sporting event on
a competing network). To decrease the effect of these
atypical observations on forecasts, SES uses a mecha-
nism that keeps the value of a processed audience
observation within 1.5 times an estimated absolute
deviation of the observations. It uses two time series
to implement this method, one for the audience ob-
servations and one for the estimated absolute deviation.
When a specific observation exceeds the smoothed value
of the series plus 1.5 times the corresponding absolute
deviation estimate, it is replaced with a value equal
to the smoothed value of the series plus 1.5 times the
corresponding absolute deviation estimate. Mirror logic
is used to replace the value of an observation smaller
than the smoothed value of the seriesminus 1.5 times the
corresponding absolute deviation estimate. We provide
additional details on SES in the appendix.

Actual demographic audience figures are produced
overnight; therefore, except for a processing lag of a few
days, the most recent demographic audience informa-
tion is available to be processed using SES. However,
actual target-audience figures have a longer production
lag of up to eight weeks because of the involved fusion
process. Nevertheless, we impute recent target actuals
with a linear regression model that uses the available
actual demographic figures and other time- and program-
based factors. SES is then applied on the combination of
actual and imputed values for target audiences. Finally,
our ensemble model uses a weighted average of the CAE

forecasts and the SES forecasts to generate the audience
estimates at the network, date, and half-hour level used
in spot scheduling.

Spot-Scheduling Engine
In cable networks, commercial breaks comprise dif-
ferent time intervals (called inventory buckets) over
which different types of spots can air. Examples of in-
ventory buckets include the following: national (airing
national commercial spots), promo (airing national
spots that promote TV shows), cable operator break
(COB; airing locally inserted commercials, but with
backupfiller commercials in case the cable operator does
not insert commercials), and billboard (airing billboard
spots, which are short spots that provide some infor-
mation about an advertiser relating it to the programming
content; for example, closed captioning sponsorship).
Figure 11 provides an example of a composition of
a commercial break.
A spot-scheduling engine is used to determine the

exact times when commercial spots air within the
commercial breaks. Promos are scheduled separately
under a different business process. Because of audience
variations across a selling title week (estimatedwith the
short-term ensemble framework), different placements
provide distinct values across spots. Furthermore,
different types of spots have diverse scheduling goals;
demographic-guaranteed spots seek to achieve a de-
mographic audience guarantee, AudienceNOW spots
seek to achieve a target-audience guarantee, Targe-
tingNOW spots try to attain a delivery lift, audience-
deficiency spots aim to reduce impression shortfalls,
and filler spots seek to maximize their monetary value.
Audience-related deals (i.e., all deals except for filler)
have an expected and an actual pacing—that is, the

Figure 11. (Color online) Commercial Breaks Are Divided into Several Types of Time Buckets that Air Different Types of Spots
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percentage of guaranteed impressions that should
have been delivered by now and the percentage that
has been delivered, respectively. Therefore, two im-
portant inputs to the engine are the expected impres-
sion delivery goal at the end of the scheduling period
for audience-related deals and the dollar values asso-
ciated with the impressions of audience-related deals
and with the spots of filler deals. These data enable the
impression values resulting from different placements
to be traded off, and the schedule of spots to be op-
timized holistically.

At Turner, thousands of commercial spots need to
be scheduled every week across all of the selling titles
in Turner’s networks. Scheduling all spots at once is
prohibitive; however, because deals specify a fixed num-
ber of units per selling title week, the spot-scheduling
task can be decomposed by selling title week within
each network. Furthermore, because the most granular
level of posting is typically 30 minutes and almost all
inventory buckets within commercial breaks fall into
a single half hour, the spot-scheduling task can be
further decomposed, without loss of optimality, into
an assignment phase that assigns spots to inventory
buckets and a sequencing phase that determines the
specific order of the spots within each bucket.

The assignment phase of the spot scheduler is solved
using a mathematical programming formulation in
which the main decision variables are binary variables
that represent whether a specific spot is assigned to a
particular inventory bucket. The objective is to maxi-
mize the overall weighted dollar value of the schedule
(i.e., the dollar value of the different types of orders is
weighted to reflect their relative business importance
and priority), while honoring the advertiser requirements
and operational restrictions that we list below.

• The total length of spots assigned to an inventory
bucket cannot exceed the bucket’s duration.

• Some spots have specific position requirements
within the commercial break. Typically only the first,
second, second-to-last, and last positions within a break
are distinguished, and each break can be assigned at
most one spot in each of those positions.

• For each product conflict, every commercial break
can air a maximum number of spots that share that
conflict. Although themaximumper-product conflict is
typically 1, there are exceptions, such as the product
conflict “Toys” in Cartoon Network.

• All spots from the same advertiser should honor
an agreed-on minimum time separation. The most
common time separation is 30 minutes; however,
other lengths, such as 15 minutes or 60 minutes, are
also possible.

• Franchise and title exclusions should be honored;
that is, spots should not be scheduled within specific
shows (franchises) or within specific episodes or movies
(titles), which an advertiser has requested to exclude.

• Spots should air within specified dates and times
within the selling title. For example, a spot advertising
a movie might be eligible to air only on Thursday,
Friday, and Saturday within a selling title that airs the
entire week, or a spot advertising breakfast options
may be limited to air before 11:00 a.m. within a selling
title that runs from 6:00 a.m. to 3:00 p.m.
• Spots should air in inventory buckets that match

their type. For example, national spots should not air
on COB buckets.
• Some spots have associative requirements; ex-

amples include piggyback (two spots that should air
back to back), bookend (two spots that should air in the
same break with at least one unrelated spot between
them), sandwich bookend (three spots that should air
in the same break with at least one unrelated spot
between pairs of them), and billboard (the billboard
should air immediately before a commercial spot from
that advertiser).
After preprocessing input data, the formulation for

the assignment phase is a mixed-integer programming
problem; we provide details in the appendix. Data
preprocessing includes determining eligible inven-
tory buckets for each spot based on days and times,
inventory-bucket types, and franchises and titles, and
consolidating spots with associative constraints so that
they can be treated as single spots during this phase. It
also involves building clusters of buckets to enforce
time-separation requirements without explicitly mod-
eling precedence relationships among spots from the
same order, and determining impression delivery goals
for all orders based on their type. The main idea behind
time-separation clusters is to create groups of inventory
buckets that can be assigned at most one spot from an
order without violating time-separation requirements.
The key point of the process of setting impression
delivery goals is to translate the objectives from the
different types of spots into impressions. For example,
for a TargetingNOW order, this process consists of
finding the selling title-week baseline delivery for the
order and multiplying this baseline delivery by the
order’s lift goal to obtain the impression delivery goal
for the order.
The sequencing phase of the spot scheduler de-

termines the order of the spots within their assigned
buckets, explicitly honoring constraints that are only
implicitly enforced during the assignment phase. These
include break-position requirements and relative po-
sitions of spots with associative constraints. This phase
is solved with another mixed-integer programming for-
mulation; we omit the explicit details of this formulation.
The spot-scheduling engine with audience consid-

erations is run in a shrinking rolling horizon. An en-
tire broadcast week, Monday through Sunday, is run;
however, only the placements onMonday are finalized.
The next day, Tuesday through Sunday is run (with
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visibility of the placements scheduled on Monday);
but only the placements on Tuesday are finalized.
This process repeats until the last two days, Saturday
and Sunday, are run together and their spot placements
are finalized.

The Need for Operations Research and
Advanced Analytics
A seemingly unattainable goal of any media broad-
casting company is to build a fully automated system
that automatically receives deals, pushes them into the
inventory system containing all available commercial
minutes across all networks, schedules every unit
according to its requirements (e.g., desired selling titles
across weeks, competition avoidance, desired time
separation, and equitable distribution of spots from
a deal across days and within days), performs deal
stewardship keeping track of the delivery on each deal,
proactively selects audience-deficiency units to reduce
impression shortfall, prepares deal postings at the end
of their flights, and invoices clients. Such a solution is
considered an unrealistic expectation because of the
practical limitations in which the industry operates;
nonetheless, its ideation provides an ultimate goal
toward which the industry should strive.

Imagine multiple disconnected systems under the
ownership of several distinct business units that handle
most of their communications through spreadsheets,
with a semiautomated way of placing commercial ad-
vertisements that can honor only simple constraints,
such as availability in terms of day and time, and cannot
move a commercial once its placement has been de-
cided. This was the status in 2005 when Turner started
its quest for a fully automated media broadcasting
system. The far-reaching initiative not only addressed
consolidation and automation across the board, but also
prepared Turner for adding analytics, data, and decision
sciences at the core of its business.

In 2006, Turner employed its first operations research
analyst to develop an intelligent spot-scheduling en-
gine as part of the larger effort that involved the cen-
tralization and automation of its entire traffic system
from order intake to commercial ad placement across
all Turner networks. The result, Crossroad, has been
praised as “the industry’s most advanced traffic sys-
tem” (CISION 2011), which “will transform the tech-
nology landscape of themedia industry” (Spangler 2010).
In addition to enabling Turner as a frontrunner among
its peers, Crossroad proved to be an additional revenue
stream. In 2010, Turner gave exclusive worldwide dis-
tribution rights to Invision, a well-established provider of
sales solutions to the media industry, whose goal was to
bring to the industry an "advanced, streamlined, and
modern solution that delivers a strategic advantage."

The success of Crossroad opened the door to more
analytical solutions within Turner. However, as in most

industries, adoption of these tools was slow. Decades-
long industry practices are not trivial to change, and
some of our tools had to be shelved to await a better
chance for acceptance. When the industry’s status quo
was shaken by allowing viewership data to be enriched
with consumer-purchasing information, the time was
ripe for Turner to expand its set of analytical tools,
because no established industry standard was in place.
Although the availability of targeted audience seg-

ments was a necessary condition for a breakthrough in
TV ad campaign measurement and execution, it was
not sufficient. Data that could be used to create targeted
audience segments had been available for years, and
some networks and advertisers may have reviewed
these data to gain an understanding beyond demo-
graphics of the audiences theywere reaching; however,
the systematic use of these data or the advertising
products leveraging them had not been put in place.
The development of advanced forecasting and opti-
mization models was the catalyst that enabled the
creation of audience-targeted solutions.
Broadcast and cable networks have typically focused

on content as their main competitive strategy to in-
crease the audiences that watch their programming.
Although content remains important, the other side
of the competitive equation, which had not received
enough attention, is improving the valuation of their
audiences with concomitant changes to the value of
their inventory across their programming landscape.
In the traditional television advertising world, units

in selling titles are priced based on their expected
demographic audiences. A unit will command a higher
price if the audience guarantee is expressed in terms of
a narrow demographic such as M18-34 as opposed to
a broad demographic such as P18+, because the former
demographic is scarcer than the latter. The state of the
practice in the industry is to produce demographic
audience forecasts at the selling title-quarter level
(called ratecards); that is, a single estimate is used to
measure the expected audience for any commercial
placed in any airing of a particular selling title across
the entire quarter. Under this limited view of audi-
ences, advertisers become biased toward not adver-
tising on certain networks and (or) dayparts because
they may not on average deliver larger audiences in the
advertiser’s demographic of interest.
The advent of targeted audiences resulted in a renewed

need to measure audiences beyond the coarse selling
title-quarter level, to be able to identify and exploit
audience variations across networks, selling titles of a
network, and airings of a selling title, and to thus create
more efficient and effective media plans. However,
traditional audience-estimation methods could not be
applied to yield these granular forecasts; in addition, the
simple approaches used by most vendors, including
(1) the use of indices (i.e., ratios) of targeted audiences to
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demographic audiences, and (2) the use of time-series-
based models, such as naive averages of prior-quarter
audiences or prior-year audiences, fail to recognize that
targeted audiences are not just a proportion of de-
mographic audiences and that they vary depending on
time attributes, programming attributes, and competi-
tors’ programming attributes. Therefore, the develop-
ment of advanced forecasting models that capture all of
these effects was a critical step.

Furthermore, the proposal-building task has typi-
cally been a largely manual process relying mostly on
the expertise of planners and their knowledge of
advertisers to produce single-network proposals that
vary little from year to year. The value proposition of
AudienceNOW is that the advertiser can choose any
data and audience, and Turner guarantees the targeted
delivery across all of its networks; therefore, Turner
saw a fundamental need to create cross-network pro-
posals with methods that can exploit audience varia-
tions and create campaigns that deliver simultaneous
value for the company, through the increase of unit
rates, and for its advertising partners, through the
reduction of their target CPMs. Therefore, developing
sophisticated mathematical programming models that
could ingest all of the different business and advertiser
requirements was also essential.

Thus, operations research and advanced analytics
have helped Turner take targeted audience segments
from concept to reality, from information that is nice
to know to the actual planning and execution of suc-
cessful media campaigns that benefit Turner and its
clients. They have broken paradigms, such as the
previous presumption that advertisers should stay
away from entire networks or selling titles because they
lack their audiences on average.

Change Now or Be Left Behind:
Impact and Challenges of Audience-
Targeting Solutions
The $68 billion TV ad marketplace is on the verge of
overturning traditional buying. By enabling audience-
based transactions in the TV advertising space and by
taking the lead in establishing the rules of engagement
for audience-targeting deals, Turner has moved the
industry forward and it has changed its overall per-
ception as a data-driven organization.

Turner’s audience-targeting solutions have been a
game changer for the advertising industry. Turner was
the first to market in offering end-to-end audience-
targeting solutions (from proposal creation to post-
ing) in the television advertising space. These solutions
represented a significant competitive advantage be-
cause this leadership status has given Turner enormous
leverage in determining the rules of engagement for
advertising sales under audience targeting. Turner

shifted the focus of the advertising proposal process
from being centered around an advertiser’s budget
and flight to being centered around defining the right
audience and targeting criteria, setting benchmarks,
and agreeing on key performance indicators for the
campaign.

Qualitative Benefits
In addition to revolutionizing traditional advertising
sales processes, audience targeting has changed the
executive perception of the value of data and analytics
in the business and has helped facilitate a positive
emphasis on being data driven within our corporate
culture. Further, targeting initiatives have facilitated
technological disruption in the company. Visibility into
how data are monetized is much greater in the tar-
geting space. Because so much of the data available in
the media space are delivered by third parties, the
granularity of targeting data helps our finance teams to
better understand the value of data initiatives, their
incremental revenue, and the cost savings targeting
brings. This has also lead to a cultural impact on the
business asmore internal communications focus on our
business as driven by data and technology.
Targeting has also facilitated technological disruption

across the company. To support audience-based adver-
tising transactions, operations research and advanced
analytics technologies that service the entire life cycle of
an advertising deal were needed. In addition to the tools
we present in this paper, new analytics tools were de-
veloped to support presale and sales-prospecting initia-
tives, deal pacing, and postsales reporting efforts. The
emphasis and use of data visualization and self-service
business intelligence technologies have grown signifi-
cantly with Turner’s use of audience targeting. The need
to support a growing number of practitioners who are
not knowledgeable about analytics, but who need to
interact with data in the business, has grown as the
analytic sales process has matured.
This adoption of analytic technologies for audience-

based selling has led to faster adoption of advanced
analytics in other business functions, such as content
scheduling, financial planning, and marketing, as we
explain below in the Transportability section.

Quantitative Benefits
Although we cannot disclose specific revenue num-
bers for confidentiality reasons, we can present some
numbers that quantify the large financial impact that
audience-targeting solutions have brought to Turner
and its advertising partners:
• Generation of advertiser demand for new prod-

ucts: Television has gradually become less attractive
to advertisers since the inception of the internet and
mobile telephony. Digital advertising is easy to cus-
tomize to reach the right person at the right moment on
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the right device. According to industry studies, digital
advertising revenue surpassed television advertising
revenue for the first time in 2017 (Slefo 2017). Never-
theless, Turner has been able to maintain a growing ad
revenue business despite these trends. This has been
possible only because of the customized targeting ca-
pabilities it has offered to advertisers. Two factors have
been instrumental in increasing revenue: (1) revenue
retention due to Turner’s targeting capabilities (i.e., the
revenue from advertisers that would have stopped ad-
vertisingwith Turner under the traditional demographic-
based paradigm), and (2) the premium Turner has been
able to charge for its new products. To date, more than
175 targeted deals have been executed, representing
hundreds of millions in new ad revenue, and the year-
over-year revenue growth rates for these deals has in-
creased from 80% in the first two years (2015 to 2017) to
186% in the period 2017 to 2018, based on advanced
bookings. Targeted deal volume has increased year over
year every quarter since the inception of TargetingNOW
in 2014 and AudienceNOW in 2015. This is reflective of
the industry’s desire to move away from demographic-
based guarantees.

• Advertiser return in media investment: Some ad-
vertisers using AudienceNOW and TargetingNOW
have engaged Nielsen to do a study to link their sales
data to their respective campaign spend. The study
considered a random panel of customers reflective of
the national population; the panel included people who
were exposed to the respective campaign and people
who were not. Nielsen then recorded the money spent
on the advertised good from the two categories of
people on the panel. It used statistics to project the
findings to the national population. These findings
showed:

—25% average lift in target audience across
hundreds of linear TV audience-targeting deals (in-
creased efficiency);

—$118 million in incremental sales, 4%–15% sales
lift, and 21% average lift in online sales behavior for
advertisers who requested this study.

• Simultaneous creation of advertiser and sales effi-
ciencies: optimized audience-targeted media schedules
generate value for advertisers by pairing commer-
cial inventory to audiences of interest, thus achieving
substantive cost-per-impression reductions. It also al-
lows Turner to use airtime inventory more efficiently
(i.e., generate more revenue) by considering its total
impression capacity and holistically prioritizing the
inventory it should pair with each advertising deal.
Of all of the TargetingNOW campaigns that have been
completed so far, each received a lift in target deliv-
ery across categories and sizes of targets; the average
lift was 27%, and the high was 51% in delivered tar-
geted impressions when compared with a bench-
mark. AudienceNOW has built on the success of

TargetingNOW; so far, the target CPM of all schedules
created has decreased by at least 20%; in most cases,
their demographic CPMs also decreased. Because these
products enable an advertiser to achieve both audi-
ence and pricing efficiencies, we also see evidence of
increased advertiser loyalty; for example, all adver-
tising partners that beta tested TargetingNOW and
AudienceNOW renewed their targeted deals, and
some increased their investments in the products in
subsequent quarters.

Implementation Challenges
In implementing audience-targeting solutions, we
had to overcome some business, data, and technology
challenges. From a business perspective, although some
forecasting and proposal-building models had been
presented in the literature prior to our work, the state
of the practice at Turner (and, to the best of our knowl-
edge, the current state for most media companies) in-
volved (1) producing demographic audience forecasts
at the selling title-quarter level (i.e., using a single esti-
mate to forecast the audience for all potential commercial
placements on a selling title throughout an entire quar-
ter), and (2) manually generating single-network pro-
posals. Turner’s research department dedicates groups
of individuals to generating demographic audience es-
timates at the selling title-quarter for each network. These
coarse forecasts are used in long-term planning, but are
unsuitable for tactical and operational planning because
they do not identify audience variations across weeks
and specific times of the day. The strategic lanning de-
partment, which relies mostly on the expertise of plan-
ners and their knowledge of advertisers, performed the
proposal-building task but generated proposals with
media mixes that changed very little from year to year.
Cross-network media plans were mostly created, nego-
tiated, and managed as independent, single-network
plans. Thus, developing and deploying our models
required major transformations in business processes
because the traditional approaches were unsuitable for
scaling under the targeting paradigm, which involves
an extremely large number of potential targeted au-
dience segments and proposals that cross the entire
portfolio of networks.
Many of the data and technology implementation

challenges we encountered when deploying and sup-
porting a robust forecasting system relate to data de-
velopment and business-specific use cases. Some of
these challenges included the following:
• Acquiring detailed programming information early

in the process: Previously, long-term programming
schedules were typically managed and shared among
internal business groups through emails and complex
spreadsheets. The need to collect standardized program
schedule information at the needed resolution, date, and
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half hour over a long horizon required substantial data
development.

• Enabling internal software systems to retrieve
forecasts as a service, on demand: this required de-
velopment of application program interfaces (APIs)
that allow internal software systems to request and
present forecasts to users by leveraging standard data
stores of previously produced estimates and by dy-
namically generating new audience forecasts, given
changes to programming schedules and (or) audience
target definitions.

• Customizing forecasting models for specific net-
works and special content: Although the application of
one general audience forecasting model across various
cable networks typically provided unbiased forecasts,
it generated estimates that sometimes did not suit the
intuition of business users. Leveraging alternative fea-
tures and (or) developing separate models for specific
networks or special programs served to improve fore-
cast accuracy, provide more granular, program-specific
forecasts, and facilitate user acceptance. This was es-
pecially apparent for news and sporting events, such as
telecasts of NBA and MLB games and NASCAR races.

Moreover, the data and technology implementation
challenges encountered when deploying and support-
ing our optimizationmodels relate mostly to a flexibility
to quickly accommodate audience-targeting business
rules that are continuously evolving based on feedback
from the market and internal business users. Some of
these challenges included the following:

• Developing rapid prototypes of optimization
models: The traditional process to develop and deploy
optimization-based decision support systems involved
creating a proof of concept (POC) to show the business
value and then integrating the models with the rest of
Turner’s systems. The need to respond quickly to the
market demands necessitated the acceleration of this
process, bypassing the POC stage. Thus,we had to quickly
demonstrate the value of our optimization models while
already operating on real media deals as they were being
negotiated with advertisers. This necessitated a high level
of communication with our business users such that we
could quickly iterate and made modifications to the
models as new requirements were identified during
the negotiation process.

• Refining suitable goals and requirements in flux: In
the past, proposals had specificmedia-mix requirements
and only addressed demographic audiences. With the
advent of targeted audiences, new goals and bench-
marks had to be incorporated in a flexible way that
would enable iterating with business users to experi-
ment and refine different types of objective functions
and constraints.

• Implementing spot-scheduling changes gradually:
The first implementation of TargetingNOW place-
ments was performed by time locking spots to specific

half hours, thus ensuring that these spotswould receive
preferential placements, which would guarantee that
they exceeded their desired impression lift; later, changes
were made to the spot scheduler such that these types
of spots attained only their desired impression lift.
The first implementation of AudienceNOW placements
leveraged the TargetingNOW logic as a proxy; later, a
reengineering of the entire spot-scheduler logic was
performed to trade off the value of all different types
of spots on a consistent basis.

Transportability
After successfully deploying its audience-targeting
solutions on the domestic commercial side, Turner is
exploring alternatives to leverage these methods in
different areas of its business. So far, we are trans-
porting the audience-targetingmethods to promotional
business processes, international markets, and addi-
tional components of the revenue management process
in the domestic business.
The promotional processes (i.e., the planning and

scheduling of spot-advertising network content) are
a natural additional application of our audience-
targeting methods because their business processes
parallel those of the commercial side, although they are
performed by different business units. Traditionally,
promotional plans, which are similar to proposals,
have been developed to reach a desired audience in the
P18-49 demographic. However, the use of targeted
audience segments, such as “fantasy and imaginative
drama lovers” or “reality competition enthusiasts,”
enables marketing to efficiently concentrate on its de-
sired audience for each promotional campaign. The
POC of audience-targeting solutions on the promotional
side has shown promise to reduce promotional in-
ventory needs by up to 50%. This reduction is possible
because the forecasting and optimization models allow
Turner to differentiate commercial airtime slots with the
same demographic audiences, which used to be con-
sidered equivalent under the demographic paradigm,
such that promos can be allocated to the slots with
higher concentrations of their desired targeted audi-
ences; therefore, audience goals for promotional plans
can be attained using fewer promos. Transporting our
models to the promotional side involved additional
challenges, the redesign of processes, and the imple-
mentation of change management. An entire process
redesign was not possible immediately; therefore, the
changes will be incorporated gradually into the pro-
motional planning. We first reengineered a promo-
scheduling engine so that it can accommodate CAE
estimates for both demographic and targeted audiences,
and we deployed this promo scheduler in production in
the fourth quarter of 2017. In parallel, we have been
running optimization models similar to the proposal-
creation model to evaluate the aggregate promotional
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inventory required for the promotional campaigns
slated to run during a planning period, and we have
been providing comparisons with the current manual
approaches.

Moreover, our audience-targeting methods have been
customized to conduct business in the international sales
arm of Turner, considering the nuances of local selling
and commercial guarantees. Turner Latin America was
first to market with audience-targeting capabilities in
the Latin American region, taking the lead in establishing
the sales rules under the targeting paradigm. In January
2018, Turner introduced its audience-targeting so-
lutions during its upfront-marketing event in Mexico.
The first targeted campaign in the Mexican market was
a huge success. First, the advertiser doubled its regular
advertising campaign investment, a sign of the ex-
citement in the market about the promise and value of
audience targeting. Second, the results produced pro-
vided a lift of 32% in demographic audience and 43% in
targeted-segment audience; that is, the advertiser re-
ceived 32% more viewers in its chosen demographic
and 43% more viewers in its targeted segment, which
translates to a significant reduction in cost per im-
pression for the advertiser. Furthermore, an additional
benefit to Turner is that audience targeting provides an
alternative to advertisers to induce them to advertise on
networks and (or) at times that they have been tradi-
tionally reluctant to try; thus, Turner can capitalize on
networks and times that have typically been undersold.
Turner plans to roll out its audience-targeting capa-
bilities to the other six Latin American countries in
which it operates.

Finally, as targeted audiences permeate the industry,
all other related revenue management processes need
to be redesigned under our audience-targeting frame-
work. Currently, Turner is developing proofs of concept
to transport our methods into other areas such as
programming optimization, the allocation of audience-
deficiency units, and the distribution of branded units
(breaking down spots purchased by large advertisers
into smaller branded deals). We will provide some
additional information for the programming optimiza-
tion application only.

In the TV industry, the business function of acquiring
and organizing television programs into a 24-hour
schedule, which is referred to as TV programming, has
significant challenges that affect the company’s financial
performance. These challenges include the following.

• The process of content scheduling is often tedious
and complex because of the detailed and burdensome
contractual obligations associated with licensing a syn-
dicated program.

• Internally, the sales, programming, and finance
organizations may have different views about content
scheduling; examples of these differences include the
following:

◦ How appealing or advertiser friendly is the
program?

◦ Which program will attract the largest audience?
◦ What are the tax and financial implications re-

lated to the licensing of a show?
The core forecasting models utilized for audience-

based selling have been modified for this specific
business task, and an optimization model that con-
siders licensing constraints, program airing commit-
ments, and program licensing costs, can be leveraged
using different objectives, such as maximizing the
expected audience or rating of a program schedule.
Beyond these proven transportability applications,

the core concepts behind our audience-targeting solu-
tions will be the cornerstone of additional applications
such as inventory-mix optimization (determining the
proportions of nonprogramming airtime that should
be devoted to sales, promotional efforts, and alloca-
tions of audience-deficiency units), cross-platform
advertising solutions that offer advertisers holistic
deals across our cable networks and digital and mobile
properties, and the deployment of these solutions
to the other international regions in which Turner
operates: Europe, Middle East, Africa (EMEA) and the
Asia Pacific.
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Appendix: Forecasting Model Specifications and
Mathematical Programming Formulations
This appendix contains the specifications of the forecasting
models and themathematical programming formulations of the
optimizationmodels we describe above in the sections titled The
Planning Stage: Long-term Forecasting and Proposal Creation and
The Execution Stage: Short-term Forecasting and Spot Scheduling.

Competitive Audience Estimation
The CAE model is used to produce audience estimates across
all of Turner’s networks. CAE is a multilevel or mixed-effects
regression in which observations are represented at a net-
work, date, and half-hour level, indexed i � 1, 2, . . . , n. The
response of interest is the average audience, which is esti-
mated via a logarithmic transformation yi � log(AAi + 1),
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where AAi represents the average audience or impressions at
the observation level. This choice of transformation is informed
by the occurrence of natural zeroes—that is, observations with
no impressions delivered.

The general form of the model used to estimate the trans-
formed average audience is written below. The model has
predictors that vary at the TV program level, indexed j �
1, . . . , J, and predictors that are common across all observations
i � 1, . . . , n.

yi � X0
i β

0 + XiBj[i] + εi, for i � 1, . . . , n with,

yi ~N(X0
i β

0 + XiBj[i], σ2y), and,

Bj ~N(UjG,ΣB), for j � 1, . . . , J,

(A.1)

where
• X is a J × 2 matrix of program-level predictors, and B

is a 2× J matrix of program-level coefficients. This enables
a program-level intercept and slope on the PUT factor, where
j[i] represents the program associated with observation i that
represents a half-hour program airing specific to a date and
time.

• U is a J × 2 matrix of program level predictors and G is
a 2× 2 matrix of coefficients at the program level. Their
product is a vector of length 2 that is modeled as a bivariate
normal, with covariance matrix ΣB.

• X0 is an n×Lmatrix of predictors and β0 is an L× 1 vector
of regression coefficients that are common to all observa-
tions. These predictors include binary or dummy variables
that identify whether an individual observation represents
a repeat or new telecast of a TV program episode, a variable
that measures the historical counts of programs of the same
genre, and a combination of trigonometric functions to capture
seasonality in television; see Danaher and Dagger (2012) and
Gensch and Shaman (1980) for additional details on multilevel
models and trigonometric regressions.

To estimate model parameters, the restricted maximum
likelihood criterion is used; see Bates et al. (2015) for more
details.

Proposal-Building Optimization Model
The goal of the proposal-building optimization model is to
determine for a deal the number of units to allocate to each
selling title-week combination during the deal’s flight across
all Turner networks and the prices that should be charged for
each unit. First, we present a nonlinear programming model
we designed for unit selection and pricing, and we then show
an implemented MIP reformulation that is equivalent for the
case in which rates are increased in the same proportion. For
simplicity, we present the formulations that build a single
proposal; however, we can extend these models to build mul-
tiple proposals for several advertisers at once. Regarding no-
tation, we use uppercase letters to represent sets and parameters
and lowercase letters to represent variables and set indices.

• Sets
1 = the set of networks to be included in the proposal,

indexed by n.
& = the set of time-based Nielsen dayparts, indexed by g.
* = the set of all Turner dayparts, indexed by h.
6 = the set of all selling titles across all included net-

works, indexed by s.

6n,6g,6h = the subset of selling titles associated with
network n, Nielsen daypart g, and Turner daypart h,
respectively.

0 = the set of in-flight weeks for the proposal, indexed
by w.

• Parameters
B = Proposal budget.
OT = Baseline for target CPM.
OD = Baseline for demographic CPM.
Δ
T = Minimum proportion reduction in target CPM.

Δ
D =Maximumproportion increase in demographicCPM.

RF
sw = Floor rate for units of selling title s in week w.

Π = Maximum allowable rate-increase proportion over
each floor rate.

AT
sw = Estimated target impressions (in thousands) on

selling title s in week w.
AD

sw = Estimated demographic impressions (in thou-
sands) on selling title s in week w.

Iesw = Remaining number of EQ30s available on selling
title s in week w.

Icsw = Remaining number of units with the same product
conflict that can still be scheduled for selling title s in week w
(i.e., number of commercial breaks on selling title s in week w
minus the number of units with the same product conflict,
which are already booked in other deals).

Itsw = Maximum number of units that can air on selling
title s in week wwithout violating time-separation constraints.

Nh,Ns = The Turner network associated with Turner
daypart h and selling title s, respectively.

Gs = The Nielsen daypart associated with selling title s.
Hs = The Turner daypart associated with selling title s.
PB
n(min),PB

n(max) = Minimum and maximum propor-
tions of the total proposal budget to be assigned to net-
work n.

PA
g (min),PA

g (max) = Minimum and maximum propor-
tions of the total proposal target impressions to be assigned to
Nielsen daypart g.

PA
h (min),PA

h (max) =Minimum andmaximumproportions
of the target impressions on networkNh to be assigned to Turner
daypart h.

PA
s (min),PA

s (max) =Minimum andmaximumproportions
of the target impressions on networkNs to be assigned to selling
title s.

Fw =Desired proportion of the total units in the proposal
to be aired in week w.

L = Penalty per unit for deviations from the weekly goals.
M = Minimum relative profit margin that the proposal

should yield.
• Decision Variables

xsw = Number of units (EQ30s) in the proposal assigned
to selling title s in week w.

rsw = Rate (i.e., price) to be charged in the proposal for an
EQ30 on selling title s in week w.

δw = Deviation from the goal on the number of units to
be aired in week w.

δ+w, δ−w = Positive and negative deviations from the goal
on the number of units to be aired in week w.

• Auxiliary Variables
b = Total dollar value of the proposal.
bn = Dollar value of the proposal that is assigned to

network n.
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β = Total floor-rate dollar value of the proposal.
βn = Total floor-rate dollar value of the proposal that is

assigned to network n.
µ = Profit margin of the proposal (in dollars).
aT = Total target impressions in the proposal.
aD = Total demographic impressions in the proposal.
aTn , a

T
g , a

T
h , a

T
s = Target impressions in the proposal that are

assigned to network n, Nielsen daypart g, Turner daypart h,
and selling title s, respectively.

• NLP Formulation
Maximize

aT − L
∑
w∈0

| δw | (A.O1)

Subject to

b � ∑
s∈6,w∈0

rsw xsw (A.2)

bn � ∑
s∈6n ,w∈0

rsw xsw (A.3)

β � ∑
s∈6,w∈0

RF
sw xsw (A.4)

b≤B (A.5)

RF
sw ≤ rsw ≤ (1 +Π)RF

sw,∀s∈6, w∈0 (A.6)

µ � b − β (A.7)

µ

β
≥M (A.8)

aT � ∑
s∈6,w∈0

AT
sw xsw (A.9)

aD � ∑
s∈6,w∈0

AD
sw xsw (A.10)

aTi � ∑
s∈6i ,w∈0

AT
sw xsw,∀i∈ {1,&,*} (A.11)

aTs � ∑
w∈0

AT
sw xsw,∀s∈6 (A.12)

b
aT

≤ (
1 − Δ

T)OT (A.13)

b
aD

≤ (
1 + Δ

D)OD (A.14)

xsw ≤min{Iesw, Icsw, Itsw},∀s ∈6, w∈0 (A.15)

PB
n(min) ≤ bn

b
≤PB

n(max),∀n ∈1 (A.16)

PA
g (min) ≤ aTg

aT
≤PA

g (max),∀g ∈& (A.17)

PA
h (min) ≤ aTh

aTNh

≤PA
h (max),∀h∈* (A.18)

PA
s (min) ≤ aTs

aTNs

≤PA
s (max),∀s ∈6 (A.19)

δw � Fw
∑

s∈6,w2∈0
xsw2 −

∑
s∈6

xsw,∀w∈0 (A.20)

xsw ∈Z+, rsw ∈R+, δw ∈R.

The objective function (A.O1) maximizes the total target
impressions in the proposal minus a penalty for the total
deviations fromweekly unit goals. The absolute value reflects
that both positive and negative deviations are penalized.

Constraints (A.2)–(A.4) enforce dollar-value definitions.
Constraint (A.2) is a quadratic expression, which states that
the total dollar value of the proposal equals the sum across all
selling titles and weeks of the products of the units selected in
that selling title week times the rate to be charged for units in
that selling title week, both of which are decision variables.
Constraint (A.3) is similar to Constraint (A.2), but is limited to
the dollar value of the proposal that is assigned to a particular
network. Constraint (A.4) is a linear expression similar to
Constraint (A.2) and defines the value of the proposal in terms
of the floor rates (i.e., the baseline rates).

Constraints (A.5)–(A.8) are related to dollar value, rates,
and margins. Constraint (A.5) states that the proposal value
should not exceed the budget. Constraint (A.6) stipulates that
the rates charged for units on a given selling title week should
be greater than or equal to the corresponding floor rates.
Constraint (A.7) defines the proposal margin (in dollars) as
the difference between the charged-rate proposal value and
the floor-rate proposal value. Constraint (A.8) enforces the
lower bound on the relative proposal margin as a proportion
of the floor-rate proposal value.

Constraints (A.9)–(A.12) enforce target and demographic
impression aggregations at different levels of granularity.
Constraint (A.9) states that the total target impressions in the
proposal equal the sum across all selling titles and weeks of
the products of the units selected in that selling title week
times the corresponding target audience. Constraint (A.10)
states that the total demographic impressions in the proposal
equal the sum across all selling titles and weeks of the prod-
ucts of the units selected in that selling title week times
the corresponding demographic audience. Constraint (A.11)
aggregates the target impressions in the proposal assigned to
specific networks, Nielsen dayparts, and Turner dayparts.
Constraint (A.12) aggregates the target impressions by selling
title.

Constraints (A.13) and (A.14) relate the proposal dollar
value and impressions. Constraint (A.13) states that the target
CPM (i.e., proposal dollar value divided by the total target
impressions, in thousands) should be reduced by at least
a desired proportion of the baseline target CPM. Constraint
(A.14) states that the demographic CPM (i.e., proposal dollar
value divided by the total demographic impressions, in
thousands) should not increase beyond a specific proportion
of the baseline demographic CPM.

Constraint (A.15) establishes that the number of units in the
proposal assigned to a particular selling title week cannot
exceed the remaining EQ30s available, the remaining units
with the same product conflict that can still be scheduled, or
the maximum number of units that can air without violating
time-separation restrictions.

Constraints (A.16)–(A.19) define mix restrictions on the
units selected. Constraint (A.16) specifies lower and upper
bounds on the proportion of dollar value assigned to each
network. Constraints (A.17), (A.18), and (A.19) enforce lower
and upper bounds on the proportions of impressions that
are assigned to specific Nielsen dayparts, Turner dayparts,
and selling titles, respectively.
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Finally, Constraint (A.20) establishes that the deviation
from a weekly unit goal equals the difference of the desired
weekly goal (i.e., desired weekly proportion times the total
number of units in the proposal) minus the units that are
scheduled in the corresponding week.

• MIP Reformulation
As we indicate earlier, the pricing decision can be viewed as

determining how much to increase the floor rate of each unit in
the proposal. For the case in which floor rates are constrained to
increase in the same proportion (i.e., rsw � (1 + α)RF

sw,∀s∈6,
∀w∈0, for some α≥ 0), the NLP can be reformulated as the
MIP shown below, inwhich Constraints (A.4), (A.8)–(A.12), and
(A.15) are still valid and have the same interpretations as above.

Note that under proportional rate increase, from Con-
straint (A.2), b � ∑

s∈6,w∈0rsw xsw � ∑
s∈6,w∈0(1 + α)RF

sw xsw.
Using Constraint (A.4), it follows that b � β + αβ, and we can
combine this with Constraint (A.7) to solve for α as α � µ

β.
Thus, once the MIP is solved, the values of rsw can be cal-
culated as rsw � 1 + µ

β

( )
RF
sw,∀s ∈6,∀w∈0.

Maximize

aT − L
∑
w∈0

(δ+w + δ−w) (A.O2)

subject to
(A.4), (A.8)–(A.12), (A.15)

βn � ∑
s∈6n ,w∈0

RF
sw xsw (A.21)

β + µ � B (A.22)
µ

β
≤Π (A.23)

β + µ≤ (
1 − Δ

T)OT aT (A.24)

β + µ≤ (
1 + Δ

D)OD aD (A.25)

PB
n(min) β≤ βn ≤PB

n(max) β,∀n∈1 (A.26)

PA
g (min) aT ≤ aTg ≤PA

g (max) aT ,∀g∈& (A.27)

PA
h (min) aTNh

≤ aTh ≤PA
h (max) aTNh

,∀h∈* (A.28)

PA
s (min) aTNs

≤ aTs ≤PA
s (max) aTNs

,∀s ∈6 (A.29)

δ+w − δ−w � Fw
∑

s∈6,w2∈0
xsw2 −

∑
s∈6

xsw,∀w∈0 (A.30)

xsw ∈Z+, µ, δ+w, δ
−
w, ∈R+.

The objective function (A.O2) is equivalent to (A.O1), but the
absolute value of the deviations from weekly unit goals are
linearized in two steps: First, each of the original unrestricted
in sign variables δw are modeled as the difference of two
nonnegative variables, δ+w and δ−w. This is enforced by Con-
straint (A.30). Second, under this definition, |δw| � δ+w + δ−w,
which are the terms that appear in (A.O2).

Constraint (A.21) defines the dollar value of the proposal that
is assigned to a particular network in terms of the floor rates.
Constraint (A.22) exploits the fact that the entire budget will
be exhausted to substituteConstraints (A.5) and (A.7) in defining
the proposal margin. Constraint (A.23), together with the
nonnegativity restriction on µ, substitutes Constraint (A.6)
in establishing bounds on rate increases. Constraints (A.24)

and (A.25) and Constraints (A.26)–(A.29) are linearized
reexpressions of Constraints (A.13) and (A.14) and Con-
straints (A.16)–(A.19), respectively. Note that βn/bn,∀n∈1
is constant under proportional floor-rate increase.

Short-Term Audience Forecasts
Short-term forecasts of audiences are generated through
averaging forecasts from our long-term forecasting model
and forecasts from the SES model. The SES model is
implemented at the network, day-of-week, and half-hour
level. As we note earlier, the historical data that are repre-
sented in each time series consist of observations matched at
the franchise, or selling title level to ensure forecasts are
relevant. For each network, there are thus 7× 48 time series
with historical audience data indexed by time t. We denote
the actual historical time series of audience observations s,
representing the audience for each network, half hour, and
day of week.

To decrease the effect of atypical observations on themodel
in practice, the time series s′ is employed in place of the actual
observations s. s′ represents a series of “capped observations”
that are generated below based on an estimate of model
deviation.

The time series dt � |st − ŝt | tracks the absolute deviation
between the observations and their fitted values, and is
smoothed with the following specification:

d̂t � β|st−1 − ŝt−1 | + (1 − β)d̂t−1
� βdt−1 + (1 − β)d̂t−1 (A.31)

The time series of audience observations is smoothed with
the following specification:

ŝt+1 � αs′t + (1 − α)ŝt
� αs′t + (1 − α)[α(s′t−1) + (1 − α)ŝt−1] (A.32)

As is done typically with exponential smoothing, thesemodels
are initialized with the first observed values. The series s′

represents the capped observations of s based on the fol-
lowing rule:

s′t �
st, if Lt ≤ st ≤Ut

Ut, for st >Ut,
Lt, for st <Lt

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩ (A.33)

where Ut and Lt represent upper and lower bounds for an
observation inclusion in the model and are defined as

Ut � ŝt−1 + 1.5 d̂t,
Lt � ŝt−1 − 1.5 d̂t.

(A.34)

Both model parameters 0≤α, β≤ 1 are specific to each net-
work, date, and half hour, and tuned to minimize the sum of
squared errors (SSE) between the observed audience data and
the audience smoothed values:

SSE �
∑T

t�0(st − ŝt)2
T

. (A.35)

The long-term and smoothing model forecasts may be com-
bined as an ensemble that generates the final short-term au-
dience estimates. Each long-term forecast ŷi is mapped to its
corresponding smoothing-model forecast ŝt+1, because the
output of both models can be mapped to the same resolution
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(i.e., network, day, half hour). This ensemble is computed as
a weighted average of predictions from both models:

audiênce t+1 � λ ŷi�t+1 + (1 − λ)ŝt+1, where, 0≤λ≤ 1. (A.36)

Spot-Scheduling Optimization Model
The spot-scheduling engine is used to determine the exact
times when commercial spots air within the commercial
breaks. We present the MIP formulation solved during the
assignment phase of spot scheduling, which assigns spots to
inventory time buckets. The assignment phase is followed by
a second MIP (not shown) that determines the specific times
that spots air within the assigned inventory buckets. Re-
garding notation, we use uppercase letters to represent sets
and parameters and lowercase letters to represent variables
and set indices.

• Sets
@ = the set of commercial breaks, indexed by b.
(b = the set of airtime inventory buckets within com-

mercial break b, indexed by i.
( = the set of all inventory buckets, indexed by i.
(s = the subset of inventory buckets in which spot s can

be scheduled, indexed by i. This subset already accounts for
constraints on eligible days, eligible times, inventory-bucket
type matching, and franchise and title exclusions for spot s.

2 = the set of orders with spots to be scheduled, indexed
by o.

2D,2T ,2A,2U,2F = the subset of demographic-guaranteed,
TargetingNOW, AudienceNOW, audience-deficiency, and filler
orders with spots to be scheduled, respectively, all indexed by o.

6 = the set of spots to be scheduled, indexed by s.
6o = the set of spots in order o, indexed by s.
6D,6T ,6A,6U ,6F = the subset of demographic-

guaranteed, TargetingNOW, AudienceNOW, audience-
deficiency, and filler spots to be scheduled, respectively,
all indexed by s.

6i = the subset of spots that are eligible to be scheduled
in inventory bucket i, indexed by s.

3 = {a, b, y, z} = the set of break positions, indexed by p,
where a � first in break, b = second in break, y = second-to-
last in break, and z � last in break.

# = the set of product-conflict codes, indexed by c.
* = the set of days in the scheduling period, indexed by h.
(h = the set of all inventory buckets that are scheduled

on day h, indexed by i.
1f = the set of f -minute separation clusters, indexed by n.
(n = the set of inventory buckets included in time-

separation cluster n, indexed by i.
• Parameters

Δs = Primary demographic associatedwith demographic-
guaranteed or audience-deficiency spot s.

7s = Audience segment (target) associated with Tar-
getingNOW or AudienceNOW spot s.

GD
o ,G

T
o ,G

A
o ,G

U
o = Impressiondeliverygoal fordemographic-

guaranteed, TargetingNOW, AudienceNOW, and audience-
deficiency order o, respectively.

Ls,Rs,Cs,Ps = Length, rate, product conflict, and break
position, associated with spot s, respectively.

Vo = Deal CPM associated with order o.
fo = the time separation required among spots from

order o.

Λi,AD
di,A

T
ti = Length, estimated demographic-d impres-

sions, and estimated target-t impressions associated with
inventory bucket i, respectively.

Mc = Maximum number of spots of product conflict c
that can air in a single break.

Foh = Desired proportion of the total spots in order o to
be aired on day h.

Π = Penalty per unit for deviations from the daily goals
of spots.

Ω
D,ΩT ,ΩA,ΩU,ΩF = Weights to trade off the dollar

value of spots in demographic-guaranteed, TargetingNOW,
AudienceNOW, audience-deficiency, and filler orders,
respectively.

• Decision Variables
xsi = Boolean variable, which equals 1 if spot s is

scheduled in inventory bucket i and equals 0 otherwise.
zs =Boolean variable, which equals 1 if spot s is infeasible

to be scheduled and equals 0 otherwise.
δ+oh, δ

−
oh = Positive and negative deviations from the goal

of the number of EQ30s in order o to be aired on day h.
• Auxiliary Variables

aDo = Total scheduled demographic impressions on spots
in demographic-guaranteed or audience-deficiency order o.

aTo = Total scheduled target impressions on spots in
TargetingNOW or AudienceNOW order o.

σo = Dollar value of scheduled spots in order o.
eo = Number of scheduled EQ30s in order o.
eoh = Number of EQ30s in order o scheduled on day h.

• Formulation
Maximize

Ω
D
∑
o∈2D

σo +Ω
T
∑
o∈2T

σo +Ω
A
∑
o∈2A

σo +Ω
U
∑
o∈2U

σo

+Ω
F
∑
o∈2F

σo −Π
∑

o∈2, h∈*
(δ+oh + δ−oh)

(A.O3)

Subject to

aDo � ∑
s∈6o ,i∈(s

Ls
30

( )
AD

Δsi xsi,∀o∈2D ∪2U (A.37)

aTo � ∑
s∈6o ,i∈(s

Ls
30

( )
AT

7s i xsi,∀o∈2T ∪2A (A.38)

σo ≤Vo aDo ,∀o∈2D ∪2U (A.39)

σo ≤Vo GD
o ,∀o ∈2D (A.40)

σo ≤Vo GU
o ,∀o ∈2U (A.41)

σo ≤Vo aTo ,∀o ∈2T ∪2A (A.42)

σo ≤Vo GT
o ,∀o ∈2T (A.43)

σo ≤Vo GA
o ,∀o ∈2A (A.44)

σo �
∑

s∈6o ,i∈(s

Rs xsi,∀o∈2F (A.45)

eo �
∑

s∈6o ,i∈(s

Ls
30

( )
xsi,∀o∈2 (A.46)

eoh �
∑

s∈6o ,i∈(s∩(h

Ls
30

( )
xsi,∀o ∈2, ∀h ∈* (A.47)
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zs +
∑
i∈(s

xsi � 1,∀s ∈6 (A.48)

∑
s∈6i

Ls xsi ≤Λi,∀i ∈( (A.49)

∑
i∈(b ,s∈6i :Ps�j

xsi ≤ 1,∀b∈@, ∀j∈3 (A.50)

∑
i∈(b ,s∈6i :Cs�c

xsi ≤Mc,∀b∈@, ∀c∈# (A.51)

∑
s∈6o ,i∈(s∩(n

xsi ≤ 1,∀o∈2, ∀n ∈1fo (A.52)

δ+oh − δ−oh � Foh eo − eoh,∀o∈2, ∀h∈* (A.53)

xsi, zs ∈ {0, 1}, δ+oh, δ
−
oh ∈R

The objective function (A.O3) maximizes the total weighted
value of the spots scheduled minus a penalty for the total
deviations from the daily unit goals by order. The weights on
the value of each type of spot (i.e., demographic-guaranteed,
TargetingNOW, AudienceNOW, audience deficiency, and
filler) reflect the relative business importance of these classes
of spots.

Constraint (A.37) quantifies the total scheduleddemographic
impressions from a demographic-guaranteed or audience-
deficiency order by adding the corresponding demographic
equivalized audiences of all its scheduled spots, whereas
Constraint (A.38) quantifies the total scheduled target im-
pressions from a TargetingNOW or AudienceNOW order by
adding the corresponding targeted equivalized audiences of
all its scheduled spots.

Constraints (A.39)–(A.45) quantify the total dollar value of
the spots scheduled from different order types. The dollar value
of the spots scheduled from a demographic-guaranteed or
audience-deficiency order is the minimum of the gross value
of the scheduled demographic impressions (i.e., total demo-
graphic impressions, in thousands, times deal CPM) and
the gross value of the impression delivery goal for the order.
That is, σo � min{Vo aDo , Vo GD

o } or σo � min{Vo aDo , Vo GU
o },

depending on the order type. Constraints (A.39)–(A.41) line-
arize these expressions. Although this linearization expands
the feasible region, because of the maximization objective, at
optimality σo will equal the minimum of the correspond-
ing two quantities. Similarly, the dollar value of the spots
scheduled from a TargetingNOW or AudienceNOW order
is the minimum of the gross value of the scheduled target
impressions (i.e., total target impressions, in thousands, times
deal CPM) and the gross value of the impression delivery
goal for the order. That is, σo � min{Vo aTo , Vo GT

o } or σo �
min{Vo aTo , Vo GA

o }. Constraints (A.42)–(A.44) linearize these
expressions. Constraint (A.45) quantifies the total dollar value
of the spots scheduled from a filler order as the sum of the
rates charged for the spots scheduled.

Constraints (A.46) and (A.47) count the number of EQ30s
scheduled from a given order across all days and by day,
respectively. In addition, 30-second spots count as 1 unit,
15-second spots count as 0.5 units, etc. Constraint (A.48) es-
tablishes that a spot is either infeasible to be scheduled or it is
scheduled in one of its eligible inventory buckets.

Constraints (A.49)–(A.52) honor capacity limitations in the
schedule. Constraint (A.49) states that the total duration of all

of the spots scheduled in an inventory bucket cannot exceed
the bucket length. Constraint (A.50) establishes that for every
commercial break, at most one spot per position can be
scheduled in the first, second, second-to-last, and last posi-
tions. Constraint (A.51) enforces that the total number of
same-product-conflict spots scheduled in a commercial break
cannot exceed the maximum per break for that product
conflict. Constraint (A.52) enforces time-separation restric-
tions among spots from the same order.

Finally, Constraint (A.53) quantifies the positive and
negative deviations from the daily EQ30 goals by order. As
we explain in the proposal-building reformulation, this
constraint plus the objective function terms δ+oh + δ−oh line-
arize the absolute value of the quantified deviations. Further
details on absolute-value linearizations can be found in
Bertsimas and Tsitsiklis (1997).
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