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Abstract

Television viewership remains today as one of the
important shared media experiences. The genre
and content of television programs naturally
appears to be intimately tied to the character of
the aired commercial messages. In this paper, we
explore the relationship between television
programs and their commercial messages by
adopting a network approach. Furthermore, we

explore the relationships between the shows
themselves (and the commercial messages
themselves) and draw some interesting

conclusions about, for example, what inferences
advertisers seemed to be making about their
customers.

Methodology

Initially, we collected data on eleven programs—
representing eleven and a half hours of
programming—and an accompanying advertising
profile of 170 distinct television commercial
messages—distinct in the sense that, if the same
commercial were aired several times, we only
counted it once.

We created a collection sheet (see Appendix for
sample) for each television program. The
collection sheet had data for the viewer, the name
of the television program, the time and date
viewed, the channel on which the program was
aired, and user-supplied genre tages. Each time a
commercial message was aired, we recorded the

message or brand in thmessage/brand/product
category. If the vendor was unclear from
message/brand/prodycive recoded the vendor in
the vendor field (sometimes this required some
research). We also recorded a general product
type—assigned by us—for each message. Finally,
we had tags and description fields for each
message. We didn’t end up using these last two
fields.

Each message was recorded in order. For intervals
when the programming returned to the actual show,
we have marked with an ellipsis.

Network constructions was straightforward. The
network consisted of a bipartite graph in which
one partition represented the television shows and
the other the commercial messages. If a
commercial message occurred during a show, we
drew an undirected edge with weigirte from the
show to the message. If the edge already existed,
we incremented the weightFigure 1 shows the
initial bipartite network.

The next operation we performed was the one-
mode projection onto the showSigure 2). This
turned out to be a denser-than-expected graph
(despite the small number of shows). We
suspected already that we needed more data, and
this result confirmed that intuition. Our projection
onto the products, on the other hand, while
interesting, was also extremely der{gure 3).

We knew we were going to need more data, and
we already had about 170 different commercial
messages. To keep things simple and manageable,
we knew that if we were going to get some good
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Figure 1. Initial Bipartite Network from Shows to Message/Products/Brands
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Figure 3: 1-mode projection of the network from figure 1 onto the products

results, we were going to have to coalesce the
products into more generic product categories.

We needed some revisions. The highest priority
was the collection of more data. We collected data
on thirty-five more shows, increasing the total to

forty-six shows, spanning across twenty different

television channels (see Appendix) and

representing 34.5 hours of a fairly wide variety of

program genres and airtimes. All told, we

recorded 1,500 base commercial message
instances.

From this set of base commercial messages, we
fitered out all television-program related
messages, as we believe they biased towards
channel self-selection too heavily. For example, a
television program on NBC30 Rock might plug

the programavly Name is Earl, The Office, The
Tonight Show, Thank God You're Herand

Scrubs- all properties belonging t8BC (and not
any other channel, disregarding syndication).
Furthermore, we chose to remove all messages
related to television delivery—for example,
Comcast—our cable television provider—
advertised heavily on every channel we viewed.
We reasoned that probably Comcast must have
had been able to insert their own content by
agreement into the ad stream. We also
disregarded some of Comcast's competitors in the
television delivery market, including, for example,
DirecTV. After this filtering, we were able to boll
our number of commercial message instances to
just over 1,000.

The Message/Brand/Producissue remained a
problem. We decided to project this category into
a new category called tteommercial Category

of which we defined sixty different types (see
Appendix). The assignment of these categories



was rather arbitrary and highly subjective.

Furthermore, the distribution of messages in

category buckets was nowhere near uniform.
Nevertheless, we pursued this strategy because we
thought it might yield us good results.

Finally, our show profile consisted entirely of
hour- and half-hour-long shows. We didn’'t want
to introduce a preference for longer shows based
strictly on their show length, so we scaled each of
the weights up for the half-hour-long shows by
two, making them essentially equivalent to hour-
long shows.

We created the new bipartite network with our
expanded dataF{gure 4). That still seemed a
little hairy, so we did away with edges in the
network with an edge weight of less than three.
This meant that, if any commercial message
category aired only once or twice during a given
show, it wasn’t important enough to warrant
further scrutiny. We chose three as our threshold
because a commercial that aired during a half-hour
show would scale up to 2 when we rescaled it, so
if our threshold were 2, no commercials for these
shows would be filtered out; thus, we chose a
slightly higher threshold (3). The refined model is
shown inFigure 5.

Show-to-show one-mode network

Next we projected the network into a 1-mode
context consisting of the showFigure 6). We
then computed centrality statistics on the network.
Interestingly, it appears that the closeness
centrality was somewhat related to program genre.
For example, comedy and variety programs such
asLate Night with Conan O’brian, Still Standing,
Gilmore Girls,and Desperate Housewivesl had
very high closeness centralities, whereas television
news programs and lower-end talk shows such as
Maury and The Jerry Springer Showhad
comparatively low closeness centrality. The
commercial interpretation is that shows with high
centrality shared a lot of products with a lot of
other shows. Shows with low closeness centrality
either aired fewer commercials (which was not the
case for all but a couple afl the shows), or their
product profile was significantly different and

more concentrated (e.g. mapecifig than that of
the higher closeness centrality shows. The data
bore this out:Springeraired fifteen commercials,
or about 47%, foattorney services Maury aired
15% attorney servicesand 21% educational
services(e.g. ads for trade schools and online
universities). CBS Evening Newaired 25%over

the counter drugs and 33% prescription
medicationscommercials. We would argue that
all of these products have a comparatively limited
mass appeal. In contrasate Night with Conan
O’brian aired 14%automobile-car(a product with
mass appeal)whereas its next highest category
was a four-way tie, each representing about 8% of
the commercial airtimefood, travel, movie-DVD,
and personal hygiene/care/cosmeticesperate
Housewives aired 15% automobile-car and
another 15% forrestaurant-fast food. These
products and services, we believe, enjoy much
wider mass appeal.

We also computed a closeness centrality on the
shows. This didn't yield us that much more
insight into the network, though we noticed that
the game showleopardy which aired on NBC
weeknights at 7:30, had a remarkably high
betweenness centrality of 0.@Bigure 7). The
interpretation of this might be as follows:
Jeopardyadvertisers believe that viewers of the
show are comparatively disparate, and thus
targeting a variety of relatively specialized
products and services will yield the highest benefit.
Either that, or the advertisers don’t know what to
do about a show likdeopardy We looked at the

ad profile for Jeopardy, and we noticed that only
12% each was allocated for the most frequently-
aired messages, and that these messages mixed

messages of mass appeal with those of
comparatively targeted appeal, including:
automotive, food, furniture, prescription

medicationsandrestaurants-fast food.

Our next step was to construct the blockmodel for
each show. We partitioned each show into a
partition of eight different sets (see Appendix) and
generated the block model Figure 8. Notice
that the shows in some genres appear to form
communities. For example, all of the sitcoms and
dramas have a high degree of similarity in their
product profiles. Conversely, the news/talk shows
generally have edge weights between themselves.



We had was some debate about how we should common with its blockmodel neighbors and thus it
categorize a show likeThe Soup which we appears as if our categorization is incorrect. This
categorized as a comedy, but also could be got us excited about the possibilities of using
considered a talk show or even a news show (or blockmodels to programmatically induce the show
perhaps a new genre altogether?). As it turns out, genres.

The Soupdoes not appear to have much in
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Figure 4: Revised and expanded show-to-commercial category bipartite network
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Figure 5. Bipartite network fronfigure 4, disregarding edge weights less than 3
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Figure 8 Show-show edge weights blockmodel

Product-to-product 1-mode network

Next, we took a look at the product$iigure 9

shows the results of our computation of the
closeness centrality for the products, and it turns
out that food, personal hygiene/care/cosmetics,
movie-cinema, restaurant-fast food, automobile-
car andmedical-over the counter drugl figured

prominently, with closeness centralities above 0.6.

Less general products such gets, jewelry,
medical-herbal and education all exhibited
markedly smaller centralities. This shouldn’t
surprise us; more general products match with
other more general products more often, so we
would expect greater closeness centrality there.

The betweenness centrality didn't really tell us
that much more. Instead, we decided to iteratively



remove edges with weights lower than an
increasing thresholds Figure 10 shows the
network after removing all edges of weight fewer
than 9. This gives us a better indication of the
core of the network, but doesn’t say much more
that we already didn’t know.

Another technique that we tried was to construct
an inhibition network. That is, for a given
network N, add an edge to the initially empty
network N' if and only if there is no edge
connecting the two vertices iN. Figure 11
shows our inhibition network faall our products
this time, and there are some very interesting
observations we can make. Observe thatlical-
over the counter drugas no connections with any
other product type, indicating that do-occurs
with every other product type at least onclot
even our most centrébod attained this (though in
that network, again, we removed all edges less
than three)food s inhibited withmotorcyclesand

medical: herbal supplements Apparently
motorcyclists also eschew prescription
medications and cell phonesFinancial: credit
card at the bottom is pretty revealing. Observe
that advertisers must believe that people that are
good targets for credit cards do not donate a lot to
charity. Nor are they interested in investing in the
oil industry, though they apparently are interested
in eating out. Thearmed forcesare apparently a
bad co-occurrence withreal estate and home
improvement which is interesting (and perhaps
sad). There is inhibition betweeutomobile-car
and attorney servicesperhaps suggesting that
people in need of personal injury lawyers have no
need (or perhaps cannot afford) a car. There are
no inhibitions betweenrestaurant-pizza and
movie-DVD suggesting a possible perceived
product complementarity. There is a lot of
interesting data here, though it must be reiterated
that this data is the same as the previous
network, just looked at in a different way.

Figure 9: Product category closeness centrality



Figure 10 Product-product network, edges with weights less than 9 removed

Figure 11 Product-product inhibition network

10



Conclusions

We gained some interesting insights by
formulating a network relating television shows
and commercial messages. Centrality for the
shows seems to be somehow correlated with the
shows’ genres. Shows with the highest centrality
seem to be ones that offer products and services of
a more general nature to consumers. We saw
some interesting patterns in the blockmodel of the
shows. We also suggested that we might be able
to reclassify the shows into better genres based on
the rows in the block model. For the products, we
were able to identify the most central products and
services, and most of them came as no surprise.
Food, personal hygiene/care/cosmeticand
moviesall rated pretty highly, but there were also
some things we hadn’t expected to be as central,
such as prescription medications Iterative
removal of low-weighted edges better revealed to
us thecore of the network. Finally, when we
constructed our inhibition network, we were able
to demonstrate relationships (or a lack thereof)
between products, such as the lack of a connection
betweercredit card serviceandcharity.

Future Work

Certainly the biggest chunk of time for this project
was in the data collection itself. Rather than sit in
front of a TV in the future, we want to explore the
possibility of collecting the closed-caption logs of
programs via something likeMythTV. In
particular, we believe that we could at least
partially automate the commercial collection
process by having the collection program perform
a statistical analysis and then classification on the
text of the CC logs.

We received several suggestions during
presentation that it might be a good idea to
identify communities. We eschewed the
traditional community algorithms since they didn't
seem to regard edge weights properly. We tried to
construct our own community-detection algorithm
by performing a hierarchical clustering over the
block model data. That is to say, we regarded
each program as a vector with components,
whereN = 46, the total number of shows. We
used Euclidean distance as our similarity measure,
but we ended up getting one gigantic cluster and
several other singleton clusters — not useful.
Though it seems that our algorithm is clustering
correctly at the beginning, we suspect a bug
somewhere. Unfortunately we’ve run out of time
to try to implement this correctly, so we’re going
to have to defer it until the future.
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Appendix 1: Collection Sheet Sample

CSCS 535/SI 708 Television Advertisement Data Sheet

Joe Golden and John Umbaugh, The University of Michigan
For instructions and more information, visit http://citym.org/blog/archives/2007/02/networks_projec.html

Viewer: John Umbaugh
Television Program: Late Night with Conan O'brian
Date viewed: 3/13/2007
Begin time: 12:35 AM
End time: 1:35 AM
Network: NBC
Genre: Comedy, Talk, Variety
Message/Brand/Product Vendor Product Type Tags Description
The Hills Have Eyes 2 Fox Movie: Cinema Horror
DirecTV sports
Hotels.com virtual tour
drug: birth control woman
Loestrin 24 pill www.shortperiod.com
Fibersure _
Blockbuster Total Access Movie rental comparison with NetFlix
Last Call with Carson Daly NBC Television Program
Retinol Night
ROC Cream Woman
Nissan National Sales Race Nissan Automobile: Car
Oral-B Vitality Sonic Oral-B Tooth Brush
Budweiser Alcohol: Beer
007: Casino Royale Sony Movie: DVD
Minwax wood stain Wood stain
Sprint Motorola/Red Motorazr Sprint Cell Phone Access
Lincoln Signature Event Lincoln Automobile: various Luxury?
Dead Silence Universal Movie: Cinema Horror
DQ Chicken Sandwich Dairy Queen
Expedia.com Service demo
2008 Lexus RS Lexus Automobile: Car
Gold Bond Anti-itch cream Drug
Vcast phone Verizon Wireless music playing-phone
Andy Barker PI NBC Television Program
Digital voice phone
Comcast service
Toyota Corolla Automobile: Car
Blue Man Group Entertainment: Live
South Beach Diet food Kraft Food
ClickOnDetroit.com Health Page
Ellen NBC Television Program
Education -
University of Phoenix University Online
Olive Garden
Propel Fitness Water
Dukes of Hazard: The Beginning Warner Brothers Movie: DVD
Carnival Cruise Travel - Cruise
Raines NBC Television Program Crime solving; psychic
Breakstone's Cottage Cheese Kraft Food
Spring Boating Expo Boats
Empire Carpet
Volvo S80 Volvo Automobile - Car
Workout: Season 2 / Real Housewives of Orange
County Bravo Television Program
Toyota Tundra Automobile - Truck "All New Built in America"
Gardner-White Furniture Sale
Grondin's Hair Center Haircuts
Post Shredded Wheat Post Food: Cereal Woman "I'm hungry"
Contacts &
America's Best Eyeglasses Woman

12




Appendix 2: Targeted Television

Channels

Network Show Count
ABC

BET

Cartoon Network

CBS

CNN

Comedy Central

CW50

Discovery
Channel
E!

Fox

Fox News
Channel
HGTV
Lifetime
MSNBC
MTV
MyTV 20
NBC 1
PBS
SCIFI
Spike

NWEFE WEFENO

R w

ORNRPRLPNNER

S

Appendix 3: Targeted Television

Shows

ShowID  Television Show

30 Rock

60 Minutes

700 Club

ABC World News Tonight
Apprentice LA

Beauty and the Geek
CBS Evening News
Cheaters

Colbert Report

College Hill

CSI: Crime Scene Investigation
Daily Show

Designed to Sell

Desperate Housewives
Extreme Makeover: Home
15 Edition

16 Futurama

17  Gilmore Girls
18 Golden Girls
19 House

20 How it's Made

© 0 NO O~ WNDN PP

N
A wNPRPRO

21 In Living Color
22 Jeopardy

23  Jerry Springer
24 Judge Joe Brown
25 Larry King Live

26 Late Night with Conan O'Brian

27 Lost

28 Maury

29 Meet the Press
30 Mythbusters

31 NBC Nightly News

32 Office
33 Oprah
34  O'reilly Factor

35 Planet Earth Documentary

36 Rachel Ray
37 Room By Room
38 Scrubs

39 Secrets of the Sexes

40 Simpsons
41 South Park

42  Star Trek: Enterprise

43  Still Standing

44  The Soup

45  Tonight Show

46  Wheel of Fortune

Appendix 4: Commercial Categories

Alcohol

Armed Forces
Attorney Services
Automobile-Car
Automobile-Crossover
Automobile-Motorcycle
Automobile-SUV
Automobile-Truck
Automotive

Career

Cell Phone

Charity

Cleaning Service
Clothing

Computer

Dating

Department Store
Diapers

Education
Entertainment Event
Eyewear
Financial-Credit Card
Financial-Investment

13



Financial-Other

Food

Food Storage

Furniture

Gambling

Goodwill

Grocery

Hobby

Home Improvement
Horticultural

Household Appliance/Cleaning
Insurance

Jewelry

Medical-Device
Medical-Dietary
Medical-Herbal Supplement
Medical-OTC Drug
Medical-Prescription Drug
Medical-Services

Movie-Cinema
Movie-DVD

Music

Non-alcoholic Beverage
Qil

Party Supplies Store
Personal Consumer
Electronics

Personal
Hygiene/Care/Cosmetics

Pet

Phone

PSA

Real Estate
Restaurant-Fast food
Restaurant-Pizza
Restaurant-Sit-down
Shipping

Shoes

Travel
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