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Abstract

Viewership of traditional television has decreased in the past decade, particularly
among younger viewers. This paper studies the impact of this decline on the U.S.
TV advertising industry using a two-sided model that explicitly considers viewers’ de-
mographics. The model incorporates viewers, who choose which channel to watch;
advertisers, who choose how many advertising views to purchase in each demographic
group; and channels, who choose how many advertisements to show during their pro-
grams. I use the model to evaluate how viewership declines affect demographic-specific
prices per ad view, advertisers from different industries, TV channels, and viewers.
I additionally analyze how accounting for demographic segmentation could affect the
evaluation of mergers between TV conglomerates.
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1 Introduction
Traditional television (TV) has been for many years the most important advertising medium
in the United States. However, due to the rising popularity of streaming services in the past
decade, TV has experienced a substantial viewership decline. Between 2010 and 2017, the
total number of hours spent viewing television dropped by 13% across all demographics,
and by 40% among viewers under the age of 35. This reduction in the supply of viewers
presumably raised prices paid by TV advertisers, especially those whose advertisements
primarily targeted the young. Due to the two-sided nature of the advertising market, the
declines also indirectly affected the incentives and payoffs to content providers and viewers.

This paper provides a modeling framework evaluating the impact of viewership declines
and anti-trust regulation on the U.S. advertising market. I build and estimate a model
of the U.S. TV advertising industry as a two-sided market, in which advertising views are
differentiated by viewers’ demographics and advertisers have heterogeneous preferences over
ad views of different demographics. Using this model I quantify the impact of the TV
viewership decline of the past decade on advertising prices, average returns to advertising
from advertisers of different industries, and revenues of TV channels. I also show that
mergers of TV channels whose viewers are concentrated in the same demographic could have
large anti-competitive effects that would be underestimated by a simpler model.

The model consists of three types of agents: viewers, advertisers, and TV channels.
Viewers choose which TV channel to watch or whether to not watch TV, and advertisers
decide how much to advertise and to which demographic groups. TV conglomerates own
TV channels which compete both for viewers and advertisers by setting advertising load
(ad load) , defined as the number of advertising minutes per hour of broadcasting. Thus,
advertisers demand advertising views, known as impressions, which is the traded good in
this market; viewers form the supply of impressions; TV channels provide content to viewers
in order to get payments from advertisers and could influence the supply through setting ad
load.

I estimate the model using detailed occurrence-level advertising data for the period from
2010 to 2017. Because advertising is sold per 30 seconds of commercial time, I first use a
hedonic model to project prices for commercial time into prices per impression and channel
fixed effects. I then estimate advertisers’ elasticity of demand and their preferences for
impressions of different demographics. Next, using the model of viewers and the model of
TV conglomerates, I find viewers’ disutility from ads. Then, I obtain an equilibrium in every
counterfactual by simulating the absence of the TV viewership decline of the recent decade
as well as hypothetical mergers between TV channels. Finally, I calculate and compare the
prices, surpluses of viewers, return of advertisers, and revenues of TV channels in the original
and the counterfactual equilibria.

Mergers of TV conglomerates are another source of potential changes for which the anal-
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ysis of demographic mix could be important. As competition with streaming platforms
intensifies, TV conglomerates view mergers as a way to pool their resources for better con-
tent production. For example, Disney and Fox Corporation proposed to merge their TV
assets in 2018, but it was not approved by the U.S. regulator, the Federal Communications
Commission (FCC). However, the FCC has recently considered repealing the ban on merg-
ers between the four large TV networks1 to promote their competition with streaming video
services.

While important for content production, the evaluation of a mergers’ impact on advertis-
ing market is intricate, with demographic specialization of the channels potentially playing
a significant role. First, the regulator should consider that such mergers may be shifting
the surplus from viewers to advertisers, as TV conglomerates tend to use market power over
viewers to increase ad load. Second, the demographic specialization of channels can be im-
portant, as merging two channels whose viewers are concentrated in a certain demographic
segment means a significantly higher market power over viewers and advertisers of that seg-
ment, so models that ignore demographics would understate the impact of a merger on ad
loads and prices.

This paper contributes to the literature on two-sided markets such as Rochet and Tirole
(2003) and Rochet and Tirole (2006) and two-sided advertising media markets, including
Rysman (2004), Wilbur (2008a), Chandra and Collard-Wexler (2009), and Jeziorski (2014).
In particular, because this paper studies TV advertising markets, it relates to the TV adver-
tising market literature, both theoretical and empirical. The theoretical literature includes
Anderson and Gabszewicz (2006), Anderson et al. (2012) which study determination of ad
loads set by platforms, the distribution of surplus between viewers and advertisers, and the
effect of mergers. In addition, Anderson and Peitz (2020) formulate the media see-saws
principle between viewers and advertisers: mergers between platforms, such as TV channels,
decrease the surplus of viewers and increase the surplus of advertisers via the increased ad
load of the merged TV channels.

The empirical literature that this paper directly relates to is Wilbur (2008a); Ivaldi and
Zhang (2018); Zhang (2018), which build and estimate equilibrium models of the TV ad-
vertising market. Similarly to my paper, they model viewers choosing TV channels while
disliking ads, advertisers that seek to buy ads, and TV channels that decide on their adver-
tising load.

My modeling approach differs from the aforementioned papers in a few important ways.
First, I explicitly include demographics of viewers in the model and estimate the demographic
specific prices per impression from the observed prices per commercial time. Second, I
assume that advertisers demand impressions while considering ad slots in the same month
as substitutes, instead of having separate demands for advertising on each show. Third, I

1Reuters, December 12, 2018. https://www.reuters.com/article/us-usa-media-regulation/
fcc-considers-ending-merger-ban-among-broadcast-networks-idUSKBN1OB2BV
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treat ad load not as a flat “cost” to viewers, but rather as time that displaces show time and
which viewers enjoy less than the show. This modeling assumption helps to match the fact
that smaller channels in the U.S. tend to have higher ad loads than the more popular ones.

Because what I consider as the good in this paper is an impression and not commercial
time, I define the markets for impressions of demographic groups using the model of Goettler
(1999, 2012), who uses a hedonic model to estimate the impact of demographic mix on the
price of commercial time of U.S. broadcast channels in 1999 and obtains the impression-
specific prices by demographic group. Because the prices for commercial time differ substan-
tially across channels, I enrich the model with multiplicative fixed effects, which allows me
to homogenize impressions across channels and define the demographic specific markets for
impressions.

I find substantial heterogeneity in prices per impression for demographic groups, which
matches industry reports. For example, male impressions cost more than female impressions,
and the impressions of middle-aged females are more expensive than those of old females.

I further confirm that advertisers are heterogeneous in their demographic preferences,
consistent with the good or the service they sell. For instance, producers of sugary breakfast
cereals value children and young adults the most, while manufacturers of prescription drugs
benefit most from advertising to older demographics. The estimates of preference parameters
show that on average males over 50 years old are valued the most, while children are valued
the least. I also find that the advertisers’ demand for impressions is elastic with an elasticity
of around −1.88.

The counterfactual simulations show that if viewers had watched as many hours of TV per
day in 2017 as in 2010, the average returns of advertisers would have increased differentially
by industry: advertisers in the Toys and Sports Equipment industry would have gained
9%, while the Drugs and Remedies industry would only add 2.8% of their returns to TV
advertising.

The merger simulation between Disney and Fox Corporation reveals that if it had been
approved in 2017, holding content quality fixed it would have had a small impact on prices
but would have led to an increase in ad load of the merged TV channels with a consequent
0.1%-0.8% decrease in viewers’ surplus.

The rest of the paper is organized as follows. Section 2 describes the U.S. TV advertising
industry background, Section 3 lists the data sources and shows data patterns, Section 4
introduces the model, Section 5 describes techniques used for its estimation and presents the
results, Section 6 displays the results of counterfactual simulations, and Section 7 concludes.
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2 Industry Background
The TV advertising market is two-sided: it consists of TV channels (the platforms) and two
market sides: the advertisers and TV viewers. Although a purchase in this market is an
amount of advertising time, the good in this market is an advertising impression2, which is
defined as one view of a 30-second ad. This is because advertisers value how many people
watched their ads rather than commercial time per se. The impressions are differentiated by
the demographics of the viewers, by the channel an ad was aired on, as well as by the time
that the impression occurred, such as the day of the week or hour.

Prices paid for advertising slots are discussed in terms of impressions and using CPM
(cost per mille, or cost per thousand of impressions). Because the demographic mix of
impressions matters for advertisers, demographic and other characteristics of impressions
influence CPM. For example, male impressions are more expensive than female ones for the
same age, and the middle-aged impressions tend to be more expensive than those of older
viewers.

There are two major types of TV channels in the U.S.: network and cable channels.
Network TV channels, such as ABC or NBC, are distributed over-the-air, but they are
usually also included in most TV cable bundles. Such network channels often have local
affiliate channels; for example NBC has NBC15 in Madison, Wisconsin, which broadcasts
programs such as local news during certain hours of the day for NBC viewers in Madison.
Cable channels like TNT or MTV are only available as a part of a paid cable package and
generally do not have local affiliates.

In the U.S., compared to many European countries, almost all TV channels are private
and commercial. Most of them are owned by one of several TV conglomerates: Disney,
Comcast/NBCUniversal, Viacom, Fox Corporation, CBS, Time Warner, Discovery together
account for about 90% of views on national TV. TV conglomerates decide on the production
of video content or purchasing rights and serve as a seller of impressions for the TV channels
they own.

The revenue of TV conglomerates comes from the sales of advertising time and from
affiliate fees charged to TV providers3 such as Spectrum and DIRECTV, while the costs
include the distribution costs and the costs for creating video content. The composition of
revenue of TV channels is reported to be roughly equal between advertising revenue and
affiliate fees, making advertising an important source of revenue.

TV conglomerates have substantial control of the advertising load of their channels,
which arises from their control over program production. TV conglomerates either produce

2More precisely, the good is an equivalized advertising impression. Here equivalized means that the im-
pressions of commercials with length different from 30 seconds are pro-rated accordingly. For example,
impressions from a 60-second commercial should be multiplied by 2 for the conversion to equivalized impres-
sions.

3Affiliate fees are only relevant for cable channels, for example, ESPN.
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the content for their TV channels themselves in the studios they own or by contracting with
another studio4, or by purchasing broadcasting right from another entity, which is common
for show reruns and sports. In the first case, conglomerates keep a full control over ad
load, while in the latter case this control is limited. The control can also be limited by the
nature of programming, for example, breaks in sports mostly do not depend on the will of
the broadcasters. Either at the filming or the editing stage, the video content can often
be changed to be either slightly longer or shorter to accommodate TV channels’ needs5.
The methods involved are cutting out some scenes from the shows, skipping credits or even
speeding up the program.

TV conglomerates acknowledge that higher ad load could deter some viewers, because
it provides an inferior viewing experience, and have been thinking of cutting them in order
to better compete for viewers with online media and streaming services6. On national TV,
channels broadcast the same video across all viewers7, leading to them seeing the same ad
load and the same ad messages. Thus, channels cannot display more or fewer ads to a certain
demographic within a given program. An additional concern TV conglomerates have regard-
ing ad load is that long ads could clutter the ad space leading to lower viewer memorability
of ad messages and thus to lower advertiser willingness to pay for such impressions. While
important in some cases, the effect is not of first order importance for the TV channels’
overall ad load strategy.

Advertisers buy advertising impressions in hopes of increasing sales or brand recognition
of their products or to convey a certain message. In addition to buying ad slots, advertisers
also need to produce a video clip to show in the purchased ad slots. This is done by
contracting with a creating agency and it is usually not directly connected to the decision
of purchasing ad slots, since one advertising video clip can be shown many times across ad
slots.

Advertisers’ preferences over impressions can be very heterogeneous in age, sex and other
dimensions: for example, arthritis drug sellers target older people, while makeup producers
advertise more heavily to female audiences. Finding a good combination of ads slots to
purchase is a complicated task, so advertisers work with advertising agencies to optimize the
profile of impressions and ad slots in terms of price, suitable demographic mix, timing, and
frequency. Modern day agencies use software to optimize spendings, greatly reducing the
inefficiency in impression purchasing decisions.

4For example, NBC produced televisions series “The Good Place” in Universal Studios, which Com-
cast/NBCUniversal owns.

5Because TV channels use a fixed predetermined schedule for most of their programming, the video
content is produced with the aim to last, together with ads and tune-ins, for a certain standard period of
time, for example, 30, 45 or 60 minutes.

6“TV networks vowed to cut back on commercials. Instead, they stuffed in more”
(Los Angeles Times, August 2019) https://www.latimes.com/business/story/2019-08-02/
tv-networks-vowed-to-cut-back-on-commercials-instead-they-stuffed-in-more

7Some programs are time shifted and are shown with a lag for pacific and mountain time zones
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Major TV conglomerates meet advertisers and their agents at the Upfronts held every
May. At this conference, TV conglomerates show their schedules for the upcoming “TV
year”, which starts in September and ends next August. After the line-ups are revealed,
advertisers assess the amount of advertising time they would like to purchase in the new
“TV year” and enter into negotiations with the TV conglomerates. About 60%-80% of
advertising inventory are sold during the Upfronts or shortly after8, while the unsold slots
are sold closer to airing date.

There are two major types of contracts in TV advertising. For prime-time and more
popular shows, these contracts specify the exact shows and the amount of impressions to be
delivered by TV channels to advertisers. The price per impression in such contracts could
vary significantly depending on the show. Contract for less popular shows and for other
parts of the day usually specify that TV channels sell only the advertising slots, without any
guarantees about the number of impression they would have. Moreover, such contracts often
do not specify the exact show or the day on which an ad will be aired on, but rather only
guarantee a certain daypart, for example, early morning 6A.M.-9A.M.. Since TV channels
do not differentiate ad slots within such blocks outside prime-time, the price per impression
within the block stays essentially the same.

Because impression-based contracts are signed before the programming is aired, there
is uncertainty about how many viewers each show will attract. To accommodate this un-
certainty, TV channels calculate the projected impressions their shows will have. If a show
underperforms, the TV channels devote additional commercial time to advertisers, often on
less popular programming. If a show performs better than expected, the advertisers usually
enjoy additional impressions free of charge. It is difficult to evaluate how large those expec-
tation mismatches are for the U.S. advertising industry. However, according to Crawford
et al. (2017) for the UK data, the mismatch between the expected and the observed TV
ratings is relatively small: typically within 3%.

TV viewers participate in the advertising market by “creating” impressions while watch-
ing programs with ads. Viewers like programs but dislike ads (Wilbur (2008a); Ivaldi and
Zhang (2018)) in the sense that watching ads is valued less than watching programming.
Different demographic groups have different interests and thus watch different programs;
however, it is never true that a certain program is exclusively watched by a certain demo-
graphic group. It is not difficult to find a show with 60% of male viewers, but it is extremely
difficult to find ones with 95%.

Compared to Internet, present day TV is also somewhat limited in terms of targeting
small groups, because on national TV, the same advertising message is broadcast to all
viewers watching the program. It is thus impossible for advertisers to buy impressions only
from a narrowly defined group of viewers, for example, dog owners aged over 55 who drink

8“Why the Upfronts Are Still Important (But Probably Won’t Be Forever)”, (Vulture, 2013) https:
//www.vulture.com/2013/05/why-the-upfronts-are-still-important-for-now.html
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coffee – in order to reach this group, the advertiser needs to inevitably buy impressions from
other groups, too. Because of that, targeting is often done on the basis of larger groups such
as sex, age, or sometimes income.

3 Data
In this paper, I use three data sources. The main dataset is the Nielsen AdIntel database
which contains disaggregate data both on the occurrences of TV advertising in the United
States and the viewership of those occurrences. The two supplementary sources of data are
the Annual Video Competition Reports published by the Federal Communications Commis-
sion, which reports data about the ownership of the TV channels, and the American Time
Use Survey, which contains information about the distribution of time by Americans, in-
cluding time devoted to leisure activities. Further in this section I describe each of the data
sources in detail, and provide their highlights and summary statistics.

Nielsen AdIntel

The Nielsen AdIntel dataset contains information about the universe of ads aired on national
and local TV in the United States and covers the period of time between 2010 and 2017. For
each occurrence of an advertisement on TV, the data contains the starting time, duration,
TV channel and program on which it was aired, product(s) advertised, the company which
purchased the ad slot, and the price paid for this slot. Moreover, these occurrences are linked
to impression measurements by sex and age bins. The AdIntel dataset additionally contains
the universe estimates, i.e. the total number of people with a TV in each demographic group,
which is a measure of the number of potential viewers.

The core demographic group impression data are on the sex-age combinations. While
Nielsen provides a very fine breakdown by sex and age, I aggregate demographic groups to
nine: children 2-17, female 18-34, female 35-49, female 50-64, female 65 and over, male 18-34,
male 35-49, male 50-64, male 65 and over. In principle, the methodology of this project can
be easily applied to a different set of groups in terms of demographic, income, or education.

The Nielsen dataset includes prices for advertising slots. For network TV, the price
data is provided by monitored networks themselves, and it is supplemented by industry
sources or derived from proprietary models. For cable TV, Nielsen derives it from SQAD,
Inc.’s NetCosts system. The price data may not reflect the actual transaction price that the
advertisers or advertising agencies pay or the TV channels receive, because contracts are
signed before the views are realized.

Using data on advertising slots, I construct two panels: the panel of advertising date-hour-
channel combinations, and the panel of advertisers which contains how many impressions
of each demographic group purchased each month. The first panel is useful both for under-
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Conglomerate Channel
Viacom Inc. Nickelodeon, MTV, TV Land, BET, Spike,

Nickelodeon Jr, NickAtNite, VH1
CBS Corporation CBS
Comcast/NBCUniversal NBC, USA, SYFY, MSNBC, Bravo, E!, Oxygen, TWC
Walt Disney Company* ABC, ESPN, History, A&E, ABC Family, Lifetime,

Lifetime Movie, ESPN2
News Corporation FOX, FOX News, FX, National Geographic
Time Warner TNT, TBS, Cartoon Network/Adult Swim, CNN, truTV
Discovery Discovery, TLC, Investigation Discovery, Animal Planet
E.W. Scripps Company HGTV, Food Network, Travel Channel
Other AMC, ION, Hallmark, WGN America

*Hearst Communications have a stake at some of Disney’s assets such as ESPN, A&E, some
Lifetime network channels

Table 1: Ownership of top channels in 2011

standing the factors influencing ad prices (hedonic model, see Section 4.1) and behavior of
viewers (model of viewers, Section 4.3, as well as for estimating TV channels’ competition
model, Section 4.4). The panel of advertisers reflects the decisions of advertisers about how
much to advertise and to which demographics (model of advertisers, Section 4.2).

Supplementary datasets

To obtain ownership of the TV channels by TV conglomerates I use the 14th-18th Annual
Video Competition Reports published by the Federal Communications Commission. They
provide annual9 information on ownership of TV channels for the period of 2010-2015. For
the remaining years in my Nielsen AdIntel sample, 2016 and 2017, I use 10-K reports of
TV conglomerates as well as news articles for tracking the ownership status. Table 1 lists
ownership of major channels in 2011.

Two or more conglomerates sometimes have stakes in one channel10. In those cases, I
categorize such channels as controlled by the conglomerate with higher ownership share, or
in case of ties, by the larger conglomerate.

One more dataset I am using is the American Time Use Survey (ATUS), which provides
micro data about how Americans spend their time during the day, including leisure activities
such as watching TV. The data is a reliable source widely used for studying time allocation.

I use the ATUS to obtain the share of time devoted to leisure in every hour of the day by
demographic group. This leisure data is used in the viewers’ choice model for standardizing

9Except for years 2011 and 2012, both of which were covered by the 15th Annual Video Competition
Report

10For example, ESPN is owned by the Walt Disney Company (80%) and Hearst Communication (20%)
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Figure 1: Trends in hours of TV watched by demographic group. Only viewership between
7A.M.-1A.M. is counted.

the outside option. Thus, the outside option of not watching TV becomes interpretable as
devoting time to leisure activities other than TV.

I additionally use the U.S. GDP deflator from the Federal Reserve Bank of St Louis
website11 to deflate prices to 2017 and the U.S. population numbers by demographic group
from Census12 for understanding the trends in population growth over the considered period.

Summary statistics and trends

Here I in turn present the summary statistics of the panel of advertising date-hour-channel
combinations, and the panel of advertisers. I then discuss the dynamics of the decline in
viewership between 2010 and 2017 as well as the market structure over the same period

The trends of viewership by different demographic group are summarized in Figure 1.
Overall, an average American watches about two and a half hours of TV in 2017, but this
number is 13% lower than in 2010. The graph reflects that people over 50 watch more than
three hours and a half of TV per day, with people over 65 watching as much as four hours of
TV on average in 2017. This is in contrast with the time spent watching TV by the younger
demographics—people under 34 watch less than one and a half hours of TV in 2017.

The dataset of date-hour-channel combinations features over 90 broadcast and cable
11https://fred.stlouisfed.org/series/GDPDEF
12https://www.census.gov/data/tables/time-series/demo/popest/2010s-national-detail.html
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Figure 2: Population aging trends: percentage changes relative to 2010

national TV channels, and covers every day between 2010 and 2017 for hours from 7A.M.
to 11P.M. and 12A.M.-2A.M.. The variables with perhaps the most interesting evolution
over the period are the prices per impressions on different channels, viewership, and the
advertising load of the channels. Of additional interest is the heterogeneity of those variables,
in particular with respect to demographics.

Figure 1 also shows the differential trends over time in TV viewing among people of
different ages. While people over 50 are watching the same hours or more over the period
of 2010-2017, the middle-aged 35-49 years old cohort decreased their time watching TV by
18%, and the under 35 demographics dramatically shrank that time by as much as 40%.
These statistics exhibit the diverging trends in how people of different generations spend
leisure time, and this could have considerable consequences for the advertising market, as
advertisers may find it harder to convey messages to certain demographics using the TV.

Another trend happening at the same time, but which is somewhat more modest in
magnitude, is the increase in the number of people over 65 years old, which is reported
in Figure 2. The graph indicates that the over 65 cohort has grown by 25% since 2010,
whereas other cohorts have experienced more modest growths of 5-7% or even a decline, as
did children 2-17, and the 35-49 year old cohort. The population aging trends additionally
influenced the demographic composition of impressions in the TV advertising market by
substantially increasing the share of older viewers. Figure 11 in the Appendix reflects these
compositional changes over the time period.
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Year Ad min/hr Imps (’000 bil) Revenue (2017 $ bil)
2010 15 8.8 57.7
2011 15.3 9.1 59.2
2012 15.6 9.2 62.3
2013 15.9 9.3 63.4
2014 16 9.2 63.1
2015 16.2 8.9 58.7
2016 16.1 8.9 61.9
2017 16.1 8.4 61.5
2017 to 2010 7% -3.7% 6.5%

Table 2: Summary statistics for main ad market indicators; the base for the percentage
change is year 2010. Dollars are 2017 dollars. Imps are impressions measured in trillions.
Local programming on network channels are excluded.

The viewership and aging trends had a substantial impact on the views of most channels.
Figure 3 reveals that most channels saw a precipitous decline in their viewership. Some
channels, however, experienced an increase over the period: those are the news channels,
which can be connected to the growing interest in political news over the period, and the
channels focusing on the older demographics, for example, HGTV.

Table 2 presents summary statistics on advertising load, impressions, and prices per
thousand of impressions (price per mille, CPM) for the period 2010-2017. Despite the view-
ership decline shown on the graphs above, the overall decline in impressions has virtually
only started in 2014. This is due to increased advertising loads, which rose by 7% over the
eight years. At the same time, the cost per thousand of impressions has been going up, too,
potentially suggesting a stronger demand from advertisers.

TV channels are owned by several TV conglomerates, each not exceeding 20% of the total
views on the market with the largest being Comcast/NBCU, Disney, Viacom, Fox Corp, CBS
Corp (see Figure 12 in Appendix for the shares of views dynamics of TV conglomerates).

TV channels differ substantially in both their ad load and the price per thousand of
impressions, CPM. Figure 4 represents the distribution of advertising load and CPM. The
figure shows that most cable channels have between 16.5 and 19 advertising minutes per hours
with their CPM being in the range of $2-$7 per thousand of impressions. The broadcast
channels, which are also the largest, such as FOX, NBC, CBS, ESPN have fewer ads than
most smaller cable channels, totaling under 14 minutes per hour. These channels also have
higher cost per thousand of impressions than many cable channels, although this connection
is weaker.

There is some additional differentiation in both ad load and CPM over the daypart among
different channels, which Figure 13 in Appendix reflects for several of the largest channels.
The graph suggests that prime-time (8P.M.-10P.M.) daypart is the most expensive part
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Figure 4: Advertising load and CPM of largest channels in 2017. FOX is left out from the
graph having ad load of 12.9 minutes per hour and CPM equal to $41.3.
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Figure 5: Distribution advertisers expenditures in 2017. Only shown advertisers with over
$10,000 of expenditures.

on most channels with daytime (10A.M-4P.M.) daypart being the cheapest, not counting
the overnight daypart. The difference in CPM over dayparts on the same channel could
sometimes achieve a factor of two (for example, on NBC), or can be generally constant such
as at the news channels. This is presumably connected to the type of content aired, and
whether the content differs by daypart.

Figure 13 also shows that prime-time and daytime dayparts have the largest advertising
load of about 14-20 minutes per hour on broadcast channels, while the ad load during other
dayparts is more modest: it is between 8 and 12.5 minutes. Again, the ad load at the news
channels is relatively constant around the day, because of the similarity of content they air.

The dynamics of advertising on the channels over time is another interesting phenomenon
to describe. Despite the viewership decline, most channels kept steadily increasing the ad
load as Figure 14 in Appendix shown, although some channels somewhat decreased it in
2016 and 2017.

Panel of advertisers contains more than 14,000 brands with expenditures more than
$10,000 in 2017. It is important to understand both the distribution of expenditures among
advertisers and to which demographic groups they tend to advertise. Figure 5 reflects the
distribution of expenditures among advertisers showing that only a few advertisers spend
more than $100 million on advertising, with the majority spending more modest amounts:
there are roughly 3,000 advertisers in the bins of $10,000–$100,000; $100,000–$1 million; $1
million–$10 million.

Figure 6 shows the distribution of views by demographics among advertisers. It plots the
distribution of the share of views by the younger and the older demographics, showing that
the median demographic combination is to have slightly over 50% of views from people of 50
and over years old, 20% of under 35 year olds, and 30% of the middle-aged 35-49 year olds.
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Figure 6: Distribution shares of views under 35 year old, 50 year old and over among
advertisers in 2017. Every dot is an advertiser. The “heat” of the heatmap reflect the mass.
The star shows the median values in each of the axes.

There is also a significant mass of advertisers aiming at older demographics having over 75%
of views from 50 year old and over demographics. There is additionally a cluster of brands in
the top left of the graph focusing on the under 35 demographics. Those could be supposedly
the advertisers targeting kids, as kids channels is a reliable way to only advertise to kids.

4 Model
The modeling framework embraces decisions of three kinds of economic agents: viewers,
advertisers, and TV channels. Viewers choose channels given quality of programming and
advertising load. Advertisers seek to buy impressions, having preferences over viewers’ de-
mographics. TV conglomerates maximize the joint profit of the TV channels they control
by setting advertising load, in which are formed with the revenues from impressions sold to
advertisers.

The model consists of the following pieces: the hedonic model, the model of advertisers,
the model of viewers, the model of TV conglomerates competition. The hedonic model helps
to project prices for many different ad slots into one price for each demographic group. The
model of advertisers describes the preferences of advertisers regarding how much to advertise
and to which demographic groups. The model of viewers reflects choices of viewers about
which channel to watch, if at all, in every hour of a day. The TV conglomerates competition
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model represents the TV channels’ decisions about their ad loads that they make maximize
the revenues of their TV conglomerate, while taking into account the demand of advertisers
and the decisions of viewers about choosing of a TV channel.

For convenience of presentation, here I list the notation used in the model:

• d ∈ {1, . . . , D} denotes a demographic group d out of D total demographic groups.
For example, d could be Females in ages 30-44.

• i is an index for a viewer; i(d) is an index for a viewer of demographic group d.

• j ∈ {0, 1, . . . , J} is an index for TV channel j out of J total TV channels. For example,
j could be ABC or Discovery Channel. The value of j = 0 denotes the outside option,
which I consider in this paper as engaging in leisure activities other than TV.

• k ∈ {1, . . . , K} is an index for advertiser k out of K total advertisers. For example, an
advertiser is Post Cocoa Pebbles Cereal or Walmart Store.

• τ is an index for ad slot time characterized by a date and an hour. For example, a slot
at October 3, 2015 at 8pm.

• ajτ denotes advertising load of channel j at time τ measured in the share of time
devoted to advertising in an hour. For example, 1

4 corresponds to 15 minutes of ads
per hour.

• qdjτ denotes impressions of demographic group d on channel j at slot time τ

I further in turn present the hedonic model of advertising slots, the model of advertisers, the
models of viewers, and the TV conglomerates competition model.

4.1 Hedonic model of advertising slots

Although an impression is a good in the advertising market, its prices are not directly
observed as advertisers have to buy commercial time rather than individual impressions.
Because commercial time is a bundle of impressions as many different viewers watch each ad,
I use a hedonic model to decompose prices for commercial time into prices per impression for
each demographic group. This decomposition is convenient as it allows to only have several
prices as an equilibrium outcome instead of thousands of slot level prices for commercial
time. Formulating equilibrium in terms of prices for commercial time not only would have
been cumbersome due to their large number, but also unrealistic as advertisers do not have
separate demands for each ad slot treating them as substitutes.

I consider the hedonic equation to be:
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log(Price per 30 sec)jτ = FEj + FEhour + FEDay_of_week + log
(

D∑
d=1

Pd · Viewersdjτ
)

+ ψjτ

(1)
where subscript τ is used to denote the date and hour of a slot, (Price per 30 sec)jτ is

the price per 30 seconds of advertising on channel j at data and hour τ , (Viewers)jτ is the
number of viewers of channel j at date and hour τ of demographic group d slot. Because
prices for advertising slots vary substantially across channels, hours of the day, and days of
the week, I include the respective fixed effects in the hedonic model which determine the
premium charged for those characteristics.

I assume that the prices for commercial time (for example, a price for 30 seconds on CBS
at 1 p.m. on October 2, 2012) can be decomposed into a set of marginal per impression
prices per demographic group, which characterize the whole market, and the slot “quality”
fixed effects. I believe this assumption is reasonable mainly because advertisers buy many
slots and thus can arbitrage if some components of the slot are priced at a price different
from market price. However, if bundling is important13, prices could be different across
the market; this situation is described in Heckman and Scheinkman (1987). Although it
is indeed not possible to completely unbundle some demographic groups (due to imperfect
targeting) on the TV ad market, for simplicity I assume that advertisers can buy any number
of impressions regardless constraints given by the demographic mix distribution in existing
ad slots.

I denote the “quality” of a slot as Ijτ = exp(FEj+FEhour+FEDay_of_week). According to
Equation (1), the marginal effect of one more viewer from demographic group d on the price
of a slot is Ijτ · Pd, given zero error. Thus, “quality” can be though of as the multiplicative
coefficient that scales the price per impression. Further in the model, tilde denotes quality-
adjusted impressions. For example, a slot with qdjτ impressions and quality Ijτ would yield
q̃djτ = Ijτ · qdjτ of quality-adjusted impressions.

This “quality” reflects the advertisers’ willingness to pay for a slot beyond the demo-
graphic mix factors and the fixed effects and thus can be interpreted as advertisers’ valu-
ation for the “quality” of the slot coming from characteristics such as channel, day of the
week, and hour. The hedonic model implies that all advertisers agree on the quality of all
slots, and thus it can be used to adjust the impressions bought by advertisers for the quality
index. Such a quality adjustment is important to upweigh the impressions of advertisers
who bought slots with high quality, thus spending more money compared to advertisers with
slots of lower quality but with the same number of impressions.

The part of the “quality” coming from the channel fixed effect represents the reach of the
13For example, slots with very large number of females could cost more per view, than the slots with equal

number of female and male viewers, because the slots with high gender ratios are relatively rare.

18



channel, i.e. the number of viewers, which allows to show ads to fewer duplicate viewers. The
additional interpretations for channel fixed effect include unobserved viewers’ characteristics,
and channel prestige. The day of the week fixed effect reflect that ads on some days of the
week could be more effective as they are closer to the time when people shop. For example,
ads on Fridays can be more expensive as they are closer to the weekend when people tend
to shop for retail products. The importance of the hourly fixed effects is connected to how
memorable an advertising message in different hours of the day.

4.2 Model of advertisers

Advertisers purchase commercial time to reach potential customers and thus increase sales
or gain wider brand recognition. The preferences are differentiated in their overall value of
advertising and across demographic groups. I assume that advertisers only perceive ad slots
through the lens of the hedonic model, considering them only as a source of quality-adjusted
impressions. This allows for modeling advertisers as having preferences over impressions and
not over individual slots. Thus, in the model advertisers buy quality-adjusted impressions
from TV channels for market price Pd per impression of demographic group d.

Compared to hedonic models, in which consumers choose only one good and choose its
quality as a characteristic, here advertisers choose multiple goods from the hedonic space
without directly choosing their quality. Because in the hedonic model in this paper quality
is a scaling multiplier to the effectiveness of an ad, advertisers are ready to pay more for
slots with higher quality. However, as quality is fully reflected in the price, advertisers do
not distinguish between one impression with a quality index of 2, and two impressions with a
quality index of 1. Thus, quality of the slots is not one of the variables that advertisers choose,
but it rather partakes in the formation of quality-adjusted impressions which advertisers
actually choose.

In modeling advertisers, I focus only on the impression purchasing decisions and abstract
away from investments into production of ad videos by assuming that those represent fixed
costs independent from other decisions. I also do not explicitly model that it is possible to
advertise on another media such as Internet, radio or newspapers.

I assume that advertisers make their ad purchasing decisions every month knowing the
the supply of impressions, the demand of impressions of all other brands, and thus also
knowing the prices. These assumptions are motivated by the fact that the Upfronts serve
as an annual marketplace for impressions, and the advertisers purchase commercial time
for the whole year in advance. However, distinct months can be considered as separate
markets in which advertisers could have distinct preferences for how much to advertise. For
example, advertisers tend to advertise more in November to promote their products before
Black Friday and Christmas, and those impressions are not substitutable with those on
January, thus making November and January different markets. Yearly repeated interactions
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of advertisers and TV conglomerates ensure their well-informed expectations about supply,
demand, and prices.

The net returns function of advertiser k in month t is:

Rkt(q̃d=1,kt, . . . , q̃d=D,kt) =
D∑
d=1

[
βktαdkt ·Ndt · V

(
q̃dkt
Ndt

)
− Pdt · q̃dkt

]
(2)

where Ndt is the number of people with a TV in demographic group d in month t; q̃dkt
Ndt

is
interpreted as the average number of quality-adjusted impressions per person of demographic
group d14, or quality-adjusted gross rating points (GRP) measured in hundreds of points.
Variable βkt is a parameter which measures the level of overall ad effectiveness for advertiser
k in month t and is responsible for the overall amount of investments in TV advertising;
αdkt are parameters determining the relative preference of advertiser k for impressions of
demographic group d with condition ∑D

d=1 αdkt = 1. The functional form of the returns
function is additively separable with respect to demographic groups, and thus does not
allow for the potential substitutability or complementarity between impressions from those
groups.

Expression βktαdktV (·) reflects the per person gross returns to advertising: the number
of dollars that one quality-adjusted impression of group d brings to advertiser k. I assume
further that the function is isoelastic: V (x) = x

1− 1
η−1

1− 1
η

for n > 0 and η 6= 1, and V (x) = ln(x)
for η = 1. This function has the well-behaved properties such as strict monotonicity and
concavity. Parameter η governs the elasticity of advertisers to price, and for simplicity, I
assume it to be the same across advertisers and demographic groups.

The isoelastic function is convenient and yields constant elasticity of demand; however,
this constant elasticity assumption could provide a poor approximation if instead the elas-
ticity changes with quantity demanded and the quantity demanded considered is far from
that observed in the data. The demographic group independence assumption implies zero
cross price elasticity of demand between groups; this is a substantial simplification, since, for
example, impressions of similar age groups of the same sex could be considered substitutes.
A possible way to incorporate substitutability is instead to use the constant elasticity of
substitution utility function, which, however, would complicate the analysis.

Another assumption is that the utility is quasilinear in spending; thus, advertiser’s “bud-
get”, the overall maximum potential ad spending, does not have an impact on impressions
purchasing decisions. I make this assumption because the brand’s total or advertising “bud-
get” is both unobserved and hard to define in this setting. The assumptions is additionally
reasonable because TV advertising usually takes a relatively small share of the costs of
consumer goods thus global funding constraints should not have a large impact on brands’

14In other words, the fraction is proportional to quality-adjusted gross rating points (GRP), or targeted
rating points if applied to a specific demographic group.
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advertising decisions.
The returns function provides a convenient framework to reflect advertisers’ heterogene-

ity in spendings and demographics preferences. Moreover, the model reflects the cost-benefit
tradeoff and provides advertisers’ demand functions that are simple to aggregate and con-
struct the value of the total net returns (surplus) that each advertiser obtains from adver-
tising.

The first order conditions of utility maximization problem 2 for every advertiser k for
demographic group d in month t are:

βktαdkt

(
q̃dkt
Ndt

)− 1
η

= Pdt (3)

Using the first order conditions, it is possible to calculate the total net returns of adver-
tisers and the aggregate demand for impressions by demographic group. Because the returns
function of advertisers is measured in dollars, the advertisers’ returns at the optimum is
equal to the difference of the indirect utility at the optimum point and the indirect utility
when no impressions are purchased. Thus, for η > 1,

Net Returnskt = Rkt(q̃∗kt(P t))−Rk(0) = 1
η − 1

D∑
d=1

Pdt·q̃∗dkt(Pdt) = 1
η − 1

D∑
d=1

Ndt·P 1−η
dt ·(βkt·αdkt)η

Notice that the resulting expression is proportional to the total expenditures on advertising∑D
d=1 Pdt · q̃∗dkt.
To calculate aggregate demand in each demographic segment in Equation 3, I simply

aggregate individual inverse demands of advertisers:

Q̃dt =
∑
k

q̃dkt = P−ηdt ·Ndt ·
∑
k

(βktαdkt)η (4)

Term ∑
k(βktαdkt)η does not depend on price, since it describes the aggregated preferences

of the advertisers. Thus, the aggregate demand exhibits a constant price elasticity, and the
elasticity of inverse demand is εPdt

Q̃dt
= − 1

η
.

4.3 Model of viewers

The utility function of viewer i of type d from watching channel j at date-hour τ is as follows:

ui(d)jτ = κj · ajτ + (1− ajτ ) · ξdjτ + εi(d)jτ

and the utility of viewer from the outside option is:

ui(d)0τ = ξd0τ + εi(d)0τ
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where εi(d)τ are distributed according to Type 1 extreme value distribution. In what
follows, I normalize ξd0τ = 0 for every d and τ .

Every date and hour τ , a viewer i of demographic type d chooses which TV channel
to watch or whether to engage in other leisure activities. Viewers’ valuation of channels’ j
programming in time slot τ is denoted as ξdjτ , the outside option of being involved in leisure
activities other than TV is valued at ξd0τ , and advertising load measured as a share of ad
minutes per hour ajτ . For simplicity I assume that viewers make a decision every hour and
stick to a channel or outside option for the whole hour.

Viewers of different demographics may have different values for ξ, however, for the sake
of simplicity I assume all demographics to have the same valuation for ads, but that it varies
by channel as κj. The values of κj only make sense relative to value of programming ξdjτ or
outside option ξd0τ , and viewers are expected to value ads less than content, i.e. κj < ξdjτ .

The utility function differs from the usual formulation of Berry (1994) in how it handles
unobserved heterogeneity ξ. TV advertising, compared to the price in standard choice mod-
els, does not just decrease the utility from watching, but it rather displaces content, since
programming and ads should add up to 60 minutes within an hour. Thus, viewers have to
devote ajτ share of time in an hour to advertising, and in order to watch content for 1− ajτ
share of an hour.

An important intuition following from such a utility specifications specification is that ads
on channels with better content are relatively more “costly” to watch, because ads displace
better content. Modeling of ads through a share of time rather than by treating it as a linear
characteristics as in Wilbur (2008a); Ivaldi and Zhang (2018) is thus important for reflecting
the phenomenon that more popular channels in the U.S. nowadays have lower ad loads than
the less popular channels.

I abstract away from the choice of a TV bundle by the viewers, which is the primary
focus of Crawford and Yurukoglu (2012), by assuming that every viewer has access to every
channel. Largest four over-the-air networks typically reach over 99% of households15 with
most popular cable channels reaching more than 70% of households in the TV universe16.
Thus, most viewers have access to popular channels, so the mismatch from assuming perfect
access to channels should only mildly distort the choices.

In line with Berry (1994), the choice model can be transformed to market shares using
the following equations:

ln sdjτ − ln sd0τ = κj · ajτ + (1− ajτ ) · ξdjτ

or equivalently,
15See, for example, FOX 10-k report for 2017
16Table with subscribers (link). The total number of TV homes in 2017 is close to 120 million.
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ξdjτ = κj ·
ajτ

1− ajτ
− ln sdjτ − ln sd0τ

1− ajτ
(5)

This equation is interpreted as ξdjt being a function of κj as in the estimation I obtain
ξdjτ from this equation given κj.

Note that in reality not all TV channels are broadcasting in every period of time. In
addition to some kids channels, which change to a different channel during evening hour
(for example, Nickelodeon switches to Nick at Nite), those are also the over-the-air channels,
which broadcast locally during some hours and thus do not air ads nationally then. If a
channel is offline in a given hour, then I assume than nobody watches them, i.e. ξdjτ = −∞.
For channels with local programming, I supplement the local viewership data of channels’
local affiliates to provide an adequate measure of choice utility, but I do not consider their
locally aired ads for my calculations.

For given advertising valuations κj and unobserved heterogeneity values ξdjτ , the model
is useful for generating the market shares for counterfactual scenarios of adjusted advertising
load. The model additionally yields several convenient features, such as a tractable expression
for elasticities and surpluses, which together with market shares equations are presented in
Appendix. A peculiarity of the model is that it does not contain the monetary cost that
viewers incur, thus it is not possible to measure viewers’ surplus in dollars and further
compare it to advertisers’ returns and TV conglomerates’ revenues.

4.4 Model of TV conglomerates competition

TV conglomerates own one or more TV channels and aim to maximize their revenue by
setting ad loads on their channels. They also take into account that their decisions affect not
only viewers’ utility derived from their show but also the price in the markets for impressions.

In the model I abstract away from the fact that a part of the revenues of TV channels
comes in the form of affiliate fees from cable distributors. Such an abstraction would be
completely justified if affiliate fees were independent from advertising decisions; in reality
they are not, since a channel with a lot of ads is less valuable to viewers which puts this a
channel in a weaker bargaining position against cable distributors. The interaction between
ad load and affiliate fees can be captured with an additional term to the TV channels revenue,
which multiplies the fee that cable distributors pay a channel if a viewer watches this channel
for an hour by the number of such hours watched. In the current model, however, I abstract
away from this.

In reality, TV channels not only choose the ad load, but also the quality of the programs
that they broadcast, for example, by choosing the amount of investments in their shows.
The shows of higher quality can attract more viewers but may also have higher costs of
production. Although these considerations are important, it is difficult to model them and
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thus they are beyond the scope of the current paper.
TV channels could in principle adjust advertising loads independently across their slots;

however, in practice they often do it by daypart as similar content is broadcasted within each
daypart. To simplify the model, I assume that each TV channel only chooses one strategy
denoted by mj, which is a multiplier to ad loads across all the slots of this channel. For
example, if the data indicates that two slots on the same channel had 10 and 15 minutes
per hour respectively, then a multiplier of 1.2 would bring those minutes to 12 and 18
respectively. In principle, the assumption can be easily relaxed to accommodate strategies
differing by daypart, which, however, would increase computational complexity. Note also
that because all demographic groups are watching the same slot at the same time, viewers
of all demographic groups are having the same ad load in each slot.

Up to a multiplicative constant, the profit of channel j can be written as:

πj(mj) =
∑
τ

D∑
d=1

πdjτ (mj) =
∑
τ

ajτ
D∑
d=1

q̃djτ (ajτ ; a−jτ ) · Pd(Q̃d(mj;m−j))

s.t. ajτ = mja
∗
jτ

where a∗jτ reflects the values of advertising load from the data, and Q̃d = ∑J
j=1

∑
τ q̃djτ =∑J

j=1
∑
τ Ijτ · sdjτ · ajτ . By definition of multiplier, mj = 1 when ad loads are equal to those

observed in the data. Note that this model does not assume that the TV channels have costs
associated with increased advertising as in Ivaldi and Zhang (2018) and Zhang (2018), thus
the profit fully consists only on the revenue as all other costs of TV channels are sunk by
the time the ad load decisions are made.

To reflect the fact that TV conglomerates may own multiple TV channels, I use a J-
by-J matrix Ω, which has 1 if the row channel and the column channel belong to the same
conglomerate. TV conglomerates maximize the joint profit of their TV channels by setting
their multipliers m, thus the first order conditions of channel j maximizing the joint profit
of channels from its conglomerate thus is:

∂πj
∂mj

+
∑
j′ 6=j

Ωjj′
∂πj′

∂mj

= 0 (6)

where Ωjj′ is the element at jth row and j′th column of ownership matrix Ω.
The full derivation of the first order conditions is relegated to Appendix. Here for the

purposes of understanding the driving forces behind the first order condition, consider the
one of an independent channel not affiliated with any conglomerates. Then its first order
condition ( ∂πj

∂mj
= 0) has the form:
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∑
τ

D∑
d=1

q̃djτ · Pd · [1 + εsdjτajτ
+ εPd

Q̃d︸︷︷︸
=− 1

η

·εQ̃dmj ] = 0 (7)

where the following elasticities are coming from the viewers’ model. Those are εsdj′τajτ =
−(κj−ξdjτ ) ·ajτ ·sdjτ , the elasticity of channel j′ with respect to advertising load of channel j,
which under assumption of logit are the same for all j′; εsdjτajτ = (κj−ξdjτ ) ·ajτ ·(1−sdjτ ) is the
own elasticity of the viewers’ market share to ad load; εQ̃dmj = ∑

τ

∑
j′

{
q̃djτ
Q̃d
· (1 + ε

sdjτ
ajτ ) +∑

j′ 6=j
q̃dj′τ
Q̃d
· εsdj′τajτ

}
is the impact that channel j has on the overall market quantity of impressions. Term q̃djτ

Q̃d

can be interpreted as the “market share” of slot djτ on the market for impressions for de-
mographic group d.

To better understand the first order condition, focus on the expressions in the square
brackets in Equation 7, as q̃djτ and Pd are just scaling slots by its contribution to the first order
condition. Expression 1 + ε

sdjτ
ajτ reflects that increasing ads by 1% increases your impressions

by 1%, because viewers watch 1% more ads, but simultaneously drives away |εsdjτajτ | percent of
viewers for which watching channel j stops being the best option, lowering the impressions
by the same percentage.

Expression εQ̃dmj in Equation 7 represents the impact of ad load changes on total impres-
sions on the market, which is passed through into the price with the factor |εPd

Q̃d
|. If ad load

of j increases by 1%, then impressions of the slot would change by 1 + ε
sdjτ
ajτ percent, and

subsequently adjust the total market impressions proportionally to slot’s impressions mar-
kets share, by q̃djτ

Q̃d
· (1 + ε

sdjτ
ajτ ) percent. However, marginal viewers who shifted from channel

j to j′ would still watch ads contributing to total impressions by ∑j′ 6=j
q̃dj′τ
Q̃d
· εsdj′τajτ percent.

The equilibrium in the model is a set of channels’ multipliers mj strategies, in which:

1. For every j, mj maximizes πj +∑
j′ 6=j Ωjj′πj′ , i.e. every channel j maximizes the profit

of a conglomerate it belongs to with respect to ad load multiplier.

2. For every d,∑J
j=1

∑
τ q̃djτ (Pd)

.= Q̃Supply
d (Pd) = Q̃Demand

d (Pd) .= ∑
k q̃dk(Pd), i.e. for every

demographic group d, prices Pd are such that they equate supply of quality-adjusted
impressions and the demand for quality-adjusted impressions.

The list of endogenous variables is: ad load multipliers {mj}Jj=1, prices {Pdt}Dd=1,t, adver-
tisers’ impression purchases {q̃kd}Dd=1

K
k=1, viewers market shares {sdjτ}Dd=1

J
j=1τ∈T for every

demographic group, channel and date-hour combination.

5 Estimation and Results
I estimate the models in the following order. First, I estimate the hedonic model and obtain
demographic specific prices Pdt and the slot quality estimates Ijτ . Second, I estimate the

25



Table 3: Estimated hedonic prices by demographic group ($) for April of each year

Demographic 2010 2011 2012 2013 2014 2015 2016 2017
Children 2-17 6.20 6.42 6.45 5.88 5.94 6.23 7.67 5.87
Female 18-34 6.82 7.14 7.90 6.54 6.08 5.41 5.27 7.88
Female 35-49 5.99 8.10 6.88 6.01 7.04 7.06 8.74 7.34
Female 50-64 6.52 7.57 8.57 6.84 7.32 7.26 7.03 8.87
Female 65+ 5.46 5.89 5.62 5.47 6.07 5.86 6.83 6.96
Male 18-34 6.40 8.24 9.01 7.13 8.77 8.70 8.66 12.50
Male 35-49 7.59 8.84 9.82 8.27 10.18 8.74 10.25 12.31
Male 50-64 8.27 9.47 10.57 8.88 8.48 9.45 10.89 11.97
Male 65+ 7.41 10.09 7.66 9.65 9.10 7.70 9.08 9.95

model of advertisers’ demand to get the estimates of η and to obtain associated advertisers’
parameters βkt and αdkt. Third, I estimate κj’s using the first order conditions of the TV
channels. This additionally yields the estimates for viewers valuations of programming from
the viewer’s model ξdjτ .

5.1 Hedonic model

An important feature which validates the hedonic model is how populated the space of
advertising slots is. This is ensured by the large number of advertising slots considered with
more than 20,000 per month.

I estimate the hedonic model separately for every month between January 2010 and De-
cember 2017 presented in Equation 1 using non-linear least squares. Because the regression
estimates log-log relationship the estimated hedonic prices exhibit only the relative relation-
ship, thus to obtain interpretable Pdt I standardize the initial estimates by the index which
equates the average price per impression in the data to that calculated with the estimated
hedonic price. The prices are identified through variation in demographic shares within ob-
servations with the same fixed effects. The fixed effects are identified by how much more or
less on average the prices per viewer differ across channels, days of the week, hours.

The results of estimation of Equation 1 are presented in Tables 3 (prices) and 4 (channel
fixed effects) as well as in Appendix in Tables 10 and 11 (day of week and hour fixed effects).

The hedonic prices Pdt in Table 3 suggest that female impressions generally cost less
then men; in addition, the middle-aged demographic group generally has a higher price than
the younger demographic groups, except for Males over 65 group—advertising to them is as
expensive as for the middle-aged men. The findings are overall consistent with the industry
knowledge, which also report a premium for men and some premium for middle-aged or
older men. While price change significantly over the months as reflected in Figure 15, the
standard errors are rather small as documented in 9.

Table 4 shows in estimates of channel fixed effects, i.e. impressions “quality”. They
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Table 4: 25 TV channels with largest estimated fixed effect multipliers in April 2017

Channel name FE multiplier Number obs
FOX 4.22 120
CW 2.24 85
ESPN 2.10 570
NBC 2.08 389
NBC Sports Network 1.86 552
CBS 1.58 410
Golf Channel 1.47 483
Bravo 1.33 567
E! 1.31 568
HGTV 1.27 570
ABC 1.26 340
TBS 1.25 570
ESPN2 1.25 569
History 1.24 550
TNT 1.16 570
beIN 1.12 172
Food Network 1.04 530
TLC 1.03 570
ABC Family 1.00 556
VH1 0.96 570
Comedy 0.94 520
USA Network 0.90 560
Nickelodeon 0.88 421
CNBC 0.87 461
MTV 0.86 529

Fixed effect multiplier is equal to the exponentiated
fixed effect from the hedonic regression. The fixed ef-
fects are normalized so that an average impression in
this month’s market has the fixed effect multiplier of 1.

indicate that more popular channels, in particular networks channels, and sports channels
such as ESPN and NBC Sports Networks, have higher quality fixed effects. This is consistent
with the distribution of CPM on different channels–larger channels are costlier to advertise
to due to their high reach and channel’s brand value. Sports channels supposedly have the
high “quality” because they broadcast live events, which viewers pay much attention to.

After estimating the fixed effects I transform impressions for each slot into quality ad-
justed impressions using index Ijτ = exp(FEj + FEhour + FEDay_of_week). The quality-
adjusted impressions for slot jτ are q̃djτ = qdjτ · Ijτ , where tilde denotes the adjustment for
slot quality. The slot impressions can later be aggregated into total quality-adjusted impres-
sions for each channel, a specific advertiser, or the whole market, which will be used in the
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models that follow.

5.2 Model of advertisers

The estimation of advertisers’ preferences is a substantial challenge as prices per impression
needed for identification of elasticity of demand η are not directly observed in the data; I
am using the hedonic prices for this purpose.

I first estimate parameter η using the monthly inverse aggregate demand formulation for
impressions of different demographic groups from Equation 4. For this, I regress prices on
the quantity demanded while controlling for demand seasonality as follows:

logPdt = −1
η

log
(
Q̃dt

Ndt

)
+ FEd + FEmonth + trendt + trend2

t + εdt (8)

where FEd is the fixed effect for demographic group d, FEmonth is the fixed effect for the
month which controls seasonality in demand and supply, trendt is the trend variable which
controls for trends in demand and supply. Estimating the inverse demand rather then the
direct demand allows to alleviate the measurement errors problem in prices, because those
contain measurement error as those are estimated in the hedonic model.

I argue that the estimate of − 1
η
represents the inverse elasticity of demand. To credibly

understand this, it is useful to clarify the potential sources of endogeneity of supply. One
endogeneity is the seasonality in supply of impressions: viewers tend to watch different
number of hours of TV in different months which could coincide with demand patterns;
this endogeneity is controlled by the month fixed effects. Another important endogeneity is
connected with factors coinciding with time trends: the supply shock of the viewership was
happening simultaneously with the rise of Internet, which was changing the demand. These
considerations are control for the trend variables.

I estimate regression 8 using monthly data between January 2010 and December 2017
using the prices from the respective hedonic models; I aggregate the quality-adjusted im-
pressions across all advertisers in each month. Coefficient − 1

η
is identified from the month

to month shifts of supply and associated changes in prices.
The results of the regression are presented in Table 12 in Appendix. The results imply the

estimate of η = 1.88, implying the elastic demand for impressions, with the standard error
of 0.28 calculated using the delta method from the estimates of − 1

η
. After η is estimated, it

is possible to back out βkt and αdkt from advertisers’ first order conditions in Equation 3.
Figure 7 plots preferences of several selected advertisers from different sectors. First,

the graphs indicate the preferences for demographic groups are relatively stable over time.
Walmart which has a diverse consumer base are relatively similar across demographic groups
with some preference towards older males. The brand of Toyota Camry focuses significantly
more on males than females.
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Figure 7: Preferences of advertisers over demographics (α); each line is a separate year.
The distance of points from the center represents the values of α. The figure headers are
advertiser names.
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Demographic Mean alpha SD alpha
Children 2-17 0.04 0.02
Female 18-34 0.07 0.02
Female 35-49 0.09 0.01
Female 50-64 0.13 0.02
Female 65+ 0.11 0.03
Male 18-34 0.11 0.03
Male 35-49 0.14 0.02
Male 50-64 0.17 0.02
Male 65+ 0.14 0.03

Table 5: Mean and standard deviations of advertisers’ preferences α

The preferences of specialized brands can be substantially skewed towards certain age
demographics. Yogurt for kids Go-Gurt predictably prefer to advertise to children as well as
young and middle-aged adults, who are potentially more likely to either consume themselves
or buy for their kids than older adults. Such a brand as Restasis eye drops is preferring to
advertise more to older adults who are more likely to use eye drops than younger adults.

Table 5 describes mean preferences for demographics αdk across advertisers and its stan-
dard deviations, both weighted by the size of advertisers represented by βk. The table shows
that males are on average more valued than females, and the 50-64 age groups is the most
values while kids are valued the least. It is worth noting a relatively higher standard devia-
tion in preferences for the 65+ demographic, which suggests the dispersion in preferences of
advertisers over this group. In addition to standard deviations, Figure 16 shows the correla-
tions in preferences between group reflecting the expected patterns that the preferences for
groups of the same gender and similar age are highly correlated, as well as preferences for
males and females of the same age group.

5.3 Model of TV conglomerate competition and model of viewers

I find parameters κj from the first order conditions of TV channels, similarly to how Nevo
(2000) obtins marginal costs. The first order condition for channel j is:

∑
τ

∂πjτ
∂mj

+
∑
j′ 6=j

Ωjj′
∂πj′τ
∂mj

= 0

where ∂πj′τ
∂mj

= ∑D
d=1 q̃djτ · Pd · [1 + ε

sdj′τ
ajτ − 1

η
· εQ̃dmj ], and where the elasticities are functions

of κj’s and ξ as presented in Section 4.4. In my case, as in Nevo (2000), the first order
conditions are linear in the variable of interest, κj: elasticities ε

sdj′τ
ajτ are linear in κj and ξdjτ ,

where ξdjt in turn is a linear function of κj according to Equation 5. Thus, I find κj’s as a
solution to the system of linear equations formed by the first order conditions. I then also
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obtain the values of ξdjt using Equation 5.
In principle, κ’s can be estimated from the data on TV viewership shares sdjτ and ad-

vertising data ajτ by regressing the difference in log market shares on advertising with fixed
effects for channels, hours, and months similarly to Zhang (2018). Such an approach, how-
ever, would identify κ’s from the variation in ad loads within the same hour on the same
channel over weeks; however, episodes of the same program have modest variation in the
ad load as they usually differ by only up 30 advertising seconds to per hour. Thus, the
estimates in this approach would reveal viewers’ reaction to those small changes in ad load.
These changes may not be perceived as meaningful by viewers and they may not react to
them immediately.

I thus choose to estimate viewers’ preferences for advertising using the first order condi-
tions of TV conglomerates because it uses TV channels’ perception of the balance between
how many viewers to attract and how many ads to run. The identifying variation for the
overall levels of κj is the variation in the levels of ad loads that the TV channels set: higher
advertising levels would suggest a relatively low tolerance for ads and lower values of κj.
In addition, because ads on more popular channels detract from more valuable content,
the same level of ad load would identify different κj on different channels depending on
the attractiveness, ξ, of content they air. In this paper, the modeling approach results in
own-advertising elasticities of market shares εsdjτajτ to be close to −1 reflecting that maximiz-
ing impressions is the main incentive that TV channels have, with the considerations that
increased ad load could reduce the price for impressions playing a secondary role.

In calculation of viewers’ market size, I assume that viewers’ outside option is to be
involved in leisure activities other than TV. I thus calculate the market size for demographic
group d for each hour by multiplying the universe estimate provided by Nielsen (number of
people with a TV) by a factor tied to the popularity of leisure activities. Using data from the
American Time Use Survey, in order to allow for sufficient market size, I calculate that factor
for group d in each hour as the ratio of the share of time spent on leisure activities for this
group d in this hour to the maximum share of time spent on leisure across all demographic
groups in this hour.

I select 69 most popular channels in each year17, and group the rest of the channels in one
more “Other” channel with ad load and quality in hour τ calculated as the average among
those channels weighted by their viewership.

I currently estimate the model of TV conglomerates for every month between 2010 to
2017 for hours 7A.M.-1A.M.. Table 13 presents the results of estimated κj, while Table 14
shows the respective own advertising elasticities εsdjτajτ = (κj−ξdjτ ) ·ajτ · (1−sdjτ ). The values
of κj are lower for the broadcast channels and tends to be overall lower for more popular
channels, as viewers on those could presumably be characterized by lower ad aversion.

Most average own elasticities of viewers’ market shares by advertising in Table 14 are
17Measured in aggregate hours of national TV watched in this year.
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close to 1, because the impact of each channel on the price per impression is modest, and thus
the channels tend to be maximizing their impressions which is achieved when the average
elasticity εsdjτajτ weighted by slot revenues is 1.

6 Counterfactuals
I simulate two sets of counterfactuals: counterfactual simulations related to the viewership
decline and demographic trends, and those for the mergers of TV conglomerates. Each of the
counterfactuals is done for the month of April of year 2017. The main outcomes of interest to
compare are the ad loads by channel, price per impression by demographic group, surpluses
of viewers of different demographics, the returns of advertisers by industry, and the revenues
of TV channels.

I calculate two counterfactuals for the demographic changes between 2010 and 2017: the
first one is presented further and denoted as C1 in the tables, while I denote the second
one as C2 and describe it in Appendix. I also simulate two counterfactual involving mergers
denoted by C3 and C4, with C4 presented in Appendix.

In counterfactual C1, I evaluate the effect of the viewership declines18 on TV advertising
industry by analyzing a situation in which the viewership decline had not happened. This
is achieved by setting the average number of hours spent watched TV by each demographic
in 2017 to be the same as the average hours in 2010. In particular, I achieve that by finding
such a value for the outside option for each demographic groups ξd0 across all slots19, which
makes the average hours spent watching TV equal to those in 2010. For example, these
values for Females 18-35 should be negative as this demographic watched fewer hours of TV
in 2017 compared to 2010. After the new values of ξd0 are obtained and applied to the model,
new equilibrium ad loads are found and the market outcomes of interest are calculated.

In counterfactual C3, I consider a hypothetical merger between Disney and Fox. The
motivation for this comes from Disney’s acquisition of Fox Corporation’s assets in 2018;
however, the regulator has blocked the merger of their TV assets. Using the 2017 data I
evaluate the impact of the merger on market outcomes if it had been approved in 2017. I
perform this counterfactual by changing the ownership matrix Ω to reflect that all channels
of Disney and Fox Corporation are owned by one company.

To facilitate the computation of the new equilibrium I only consider the top 25 channels
in each year as strategic in adjusting their ad load—I keep the ad load decisions of all other
channels as fixed. Table 16 presents ad loads in the original equilibrium and in counterfactu-
als. The results of counterfactual C1 show that advertising loads would generally be higher
in the absence of viewership decline, by up to 24 seconds per hour. In merger simulation C3

18See Table 1 for the trends in hours watched broken down by demographic group.
19In the model of viewers, ξd0τ are normalized to 0 for all slots.
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Demographic Eq C1 C3
Children 2-17 5.87 4.62 5.87
Female 18-34 7.88 6.07 7.87
Female 35-49 7.34 6.70 7.33
Female 50-64 8.87 8.83 8.86
Female 65+ 6.96 7.22 6.95
Male 18-34 12.50 10.05 12.49
Male 35-49 12.31 11.34 12.30
Male 50-64 11.97 12.54 11.95
Male 65+ 9.95 10.42 9.94

Table 6: Prices per thousands of impressions in derived from the hedonic model
in April 2017. These prices are connected to Pd as: Priced = 1000 · Pd ·
Average price of an impressions in the market in the original equilibrium and in counter-
factuals. Column “Eq” means the original equilibrium; “C1” is counterfactual holding the
number of hours watched by demographic groups as in 2010; “C3” is for the counterfactual
merger between Disney and Fox Corporation.

the channels from the merged TV conglomerates increase their ad load by up to a minute
per hour, while other channels do not exhibit meaningful changes in strategies.
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Figure 8: Changes (%) in prices per thousand of impressions in counterfactuals. See Table
6 for level numbers.

Table 6 and Figure 8 present the prices for each demographic group in the original
equilibrium and in the counterfactuals. Counterfactual C1 reflects that the prices for the
under 35 years old demographic would have been lower by more than 20% in the absence
of the viewership decline. However, the prices demographics that increased viewership, for
example, those over 65, would have increased. The impact of merger counterfactuals C3 on
the price is rather small: because the merged conglomerates do not account for a very large
part of the market and because their adjustments in ad loads are not large, the impact on
price is modest.
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Industry C1 C3
Airplns., Aviatn.acc.,Serv. & Equip 1.8 0.1
Apparel,Footwear, & Accessories 6.2 0.1
Auto.,Auto.access & Equip 4.7 0.1
Beer & Wine 6.1 0.1
Bldg. Mat. Equip. & Fixtures 4.2 0.1
Bus. Prop. & Employ. Recruit. 5.6 0.1
Business & Consumer Svcs 4.6 0.1
Computers, Off. Equip. & Stationery 4.8 0.1
Confect., Snacks & Soft Drinks 6.0 0.1
Direct Response Products 4.7 0.1
Drugs & Remedies 2.8 0.1
Elec. Entertnmt. Equip. & Suppl. 6.9 0.1
Entertainment & Amusements 6.2 0.1
Foods & Food Products 5.1 0.1
Freight, Indus. & Agri. Dev. 2.3 0.1
Gasoline, Lubricants & Fuels 4.3 0.1
Horticulture & Farming 4.6 0.1
Household Equipment & Supplies 4.9 0.1
Household Furn. Suppl. & Mat 4.4 0.1
Industrial Materials 2.3 0.1
Insurance & Real Estate 4.9 0.1
Jewelry, Optical Gds. & Cameras 4.5 0.1
Misc Not Elsewhere Classified 6.0 0.1
Pets, Pet Foods, Suppl & Organ. 3.1 0.1
Publishing & Media 5.1 0.1
Retail 4.6 0.1
Soaps, Cleansers & Polishes 4.8 0.1
Sporting Goods, Toys, & Games 9.0 0.1
Toiletries & Cosmetics 5.1 0.1
Travel,Hotels & Resorts 4.2 0.1
Tv Networks/Stations 6.5 0.1
Tv Programs 4.5 0.1

Table 7: Percentage changes in returns of advertisers by industry in 2017 Column “Eq”
means the original equilibrium; “C1” is counterfactual holding the number of hours watched
by demographic groups as in 2010; “C3” is for the counterfactual merger between Disney
and Fox Corporation.

Table 7 and Figure 9 and summarize the changes in returns of advertisers by their industry
for year 2017. This table is key in answering the central research question about industries
of advertisers which suffered the most from the viewership decline. Counterfactual C1 in the
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Figure 9: Changes (%) in returns of advertisers in counterfactuals. See Table 7 for level
numbers.

Demo C1 C3
Children 2-17 -0.1 -0.1
Female 18-34 -0.4 -0.1
Female 35-49 -0.7 -0.3
Female 50-64 -0.8 -0.4
Female 65+ -0.8 -0.5
Male 18-34 -0.4 -0.2
Male 35-49 -0.7 -0.4
Male 50-64 -0.7 -0.5
Male 65+ -0.8 -0.8

Table 8: The percentage changes in viewers’ surplus by demographic group obtained from
TV in 2017, in percent. Column “C1” is counterfactual holding the number of hours watched
by demographic groups as in 2010; “C3” is for the counterfactual merger between Disney
and Fox Corporation.

table suggests that those are Sporting Goods, Toys, and Games and Electronic Entertainment
Equipment industries, the returns of which would have been 9% and 6.9% higher respectively
in the absence of the viewership trends. The industries that were affected least include
Industrial Material, and Drugs and Remedies with their returns increasing by only 2.3% and
2.8% respectively.

Table 8 and Figure 10 show the impact of the counterfactuals on the viewers. Due
to increased ad loads in C1, the viewers are losing a substantial part of the surplus with
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Figure 10: Changes (%) in viewers’ surplus in counterfactuals. See Table 8 for level numbers.

most groups losing around 0.7% of the surplus. The similar effects are happening when in
counterfactual C3. These surplus changes are interpreted as changes in composite viewership
and leisure experience for a viewer whose outside option had not changed. The changes in
surpluses are calculated as the ratio of the sums of surpluses over all slots.

To put the results in the monetary perspective, assuming consumers’ valuation of a TV
cable bundle being $60 per month (average cost of a TV bundle in the U.S.), a 1% change
in the surplus of viewers is 1%×$60×12 month×120 million TV homes in the U.S. = $864
million. This makes even relatively small changes in viewers’ surplus economically important.

Table 21 in Appendix shows changes in revenues of TV channels in the counterfactual
scenarios. The results indicate that channels focusing on the young such as ESPN, Nick-
elodeon would have benefited the most from the absence of the viewership decline C1. At
the same time, channels with older viewers including MSNBC and Investigation Discovery
would have seen their revenues staying similar to original levels or even decreasing.

7 Conclusion
In this paper I develop a two-sided model of the U.S. TV advertising industry, in which
viewers are differentiated by demographics and advertisers have heterogeneous preferences
over those demographics. I estimate this model using detailed advertising data and analyze
the effects of recent viewership declines on the U.S. advertising market. In addition, I
evaluate merger simulations and demonstrate the importance of considering demographic
segmentation in merger analyses.

The findings of this paper confirm a significant heterogeneity in prices per impressions
and preferences of advertisers over demographic groups. This underlines the importance of
considering demographics for processes such demographic-specific processes as the viewership
decline.
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This paper contributes to the literature on the two-sided media advertising markets and
in particular TV advertising markets and provides a method for incorporating demographics
into the equilibrium models of advertising markets. I use the hedonic model for estimating
the demographic specific prices per impression which I treat as equilibrium objects. An
important distinction from the previous TV advertising literature is that advertisers have
demand over impressions rather than having separate demands for commercial time on each
program. The approach used in this paper allows to formulate the market clearing in each
demographic segment.

I introduce and estimate a model for advertisers using advertiser specific choice data,
which allows to evaluate their preferences for impressions of different demographic groups.
Access to advertiser specific data allows this paper to estimate their preferences on a dis-
aggregate level and provides opportunities for further studies of advertisers’ behavior on
advertising market.

In line with previous research, TV channels choose their advertising loads, which jointly
determine the price in each market segment. Differently from the literature, I use the varia-
tion in the first order conditions over channels to identify the degree to which viewers dislike
advertising. Compared to previous papers such as Zhang (2018), which estimates the median
own-advertising elasticity of market shares to be about −0.4, my model finds that elasticity
to be close to −1.

The equilibrium model allows to evaluate several counterfactual scenarios including one
that evaluates the impact of the viewership decline of the recent decade on the U.S. TV ad-
vertising market. I find that the decine in viewership among younger demographics affected
advertisers which target younger audiences, such as adverisers from the Sports Equimpent
and Toys industry, substantially more than those that target older audiences, and I quantify
those effects.

The model in this paper is best at capturing the short-run effects in the behavior of the
TV channels, because in the long-run TV channels can change their content to better appeal
to a certain audience, or adjust investments in content production. Studying such long-run
effects is a promising area for future research, especially as the time since detailed media ad-
vertising data has been available increases, which would improve researchers’ understanding
of advertising markets.
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Appendix

Summary statistics
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Figure 14: Dynamics of ad load for largest TV channels

Viewers’ model

Given estimates κj and ξdjt, the market share can be written as:

sdjτ = exp(κj · ajτ + (1− ajτ ) · ξdjτ )
1 +∑J

j′=1 exp(κj · aj′τ + (1− aj′τ ) · ξdjτ )

In logit the elasticities of the market shares with respect to characteristics are the fol-
lowing:

εsdjτajτ
= (κj − ξdjτ ) · ajτ · (1− sjdτ )

ε
sdj′τ
ajτ = −(κj − ξdjτ ) · ajτ · sjdτ

The expected consumer surplus of a viewer of demographic group d from time slot τ has
the following form (measured in unobserved heterogeneity units, such that ξd0τ = 0):

E(CSdτ ) = ln
 J∑
j=1

exp(κjajτ + (1− ajτ ) · ξdjτ
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TV conglomerates competition model: the first order conditions of
the full model

The profit of channel j setting the multiplier mj over all of its slots can be written as follows:

πj(mj) =
∑
τ

Ijτ · ajτ
D∑
d=1

sdjτ (ajτ , a−jτ ) · Pd(ajτ , a−jτ )

s.t. ajτ = mja
∗
jτ

where a∗jt reflects the values of advertising load from the data. By definition of the
multiplier, mj = 1 in the equilibrium from the data. The ownership is implemented in the
same way as in the simplified model, through matrix Ω.

Thus, the derivative of the profit function with respect to own ad multiplier mj is a
follows:

∂πj
∂mj′

=
∑
τ

D∑
d=1

Nd · Ijτ [I{j=j′}a∗jτsdjτPd + ajτ
sdjτ
mj′

εsdjτmj′
Pd + ajτsdjτ

Pd
mj′

εPdmj′ ] =

= 1
mj′

∑
τ

D∑
d=1

q̃djτ · Pd · [I{j=j′} + εsdjτaj′τ
+ εPd

Q̃d
· εQ̃dmj′ ]

For the elasticity εQ̃dmj :

εQ̃dmj′ = mj′

Q̃d

·
∑
τ

∑
j

∂q̃djτ
∂mj′

= mj′Nd

Q̃d

(
∑
τ

∑
j

∂ajτ
∂mj′

sdjτ + ajτ
∂sdjτ
∂mj′

) =

= mj′Nd

Q̃d

(
∑
τ

∑
j

Ijτ · [I{j=j′}a∗jτsdjτ + 1
mj′

ajτsdjτε
sdjτ
mj′

]) =

=
∑
τ

∑
j

q̃djτ

Q̃d

(I{j=j′} + εsdjτaj′τ
)

The inverse elasticity of demand, εPdQd = − 1
η
comes from the model of advertisers.
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Results: Hedonic model

Demo 2010 2011 2012 2013 2014 2015 2016 2017
Male 18-34 0.17 0.20 0.18 0.16 0.17 0.19 0.22 0.31
Female 18-34 0.16 0.18 0.18 0.16 0.18 0.18 0.21 0.30
Male 35-49 0.17 0.19 0.18 0.18 0.18 0.18 0.23 0.30
Female 35-49 0.17 0.19 0.19 0.17 0.19 0.18 0.23 0.31
Male 50-64 0.17 0.18 0.17 0.16 0.16 0.16 0.19 0.24
Female 50-64 0.17 0.18 0.18 0.15 0.17 0.16 0.20 0.26
Male 65+ 0.22 0.24 0.24 0.21 0.21 0.19 0.21 0.30
Female 65+ 0.19 0.20 0.21 0.18 0.19 0.17 0.21 0.26

Table 9: Standard errors of the prices are connected to Pd as: Priced = 1000 · Pd ·
Average price of an impressions in the market in the original equilibrium and in counter-
factuals. Column “Eq” means the original equilibrium; “C1” is counterfactual holding the
number of hours watched by demographic groups as in 2010; “C2” is for the absence of
demographic trends the total TV population of 2017 of each demographic is changed to that
of 2010; “C3” is for the counterfactual merger between Disney and Fox Corporation; “C4”
is for the counterfactual merger between Comcast/NBCU and CBS Corporation.

Table 10: Fixed effect multipliers (slot quality) by day of week in 2014

Day of week FE multiplier Number obs
Sunday 0.98 9010
Monday 0.83 6844
Tuesday 0.83 6746
Wednesday 0.83 6830
Thursday 0.84 6857
Friday 0.84 6905
Saturday 1.00 9165

Fixed effect multiplier is equal to the expo-
nentiated fixed effect from the hedonic regres-
sion. Tuesday is the base day.
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Table 11: Fixed effect multipliers (slot quality) by hour (in 24hr format) in 2014

Hour FE multiplier Number obs
12AM 0.80 2871
1AM 0.51 2731
7AM 0.60 1837
8AM 0.60 2156
9AM 0.59 2453
10AM 0.65 2610
11AM 0.65 2654
12PM 0.66 2674
1PM 0.70 2735
2PM 0.71 2779
3PM 0.74 2805
4PM 0.73 2853
5PM 0.72 2881
6PM 0.78 2995
7PM 0.81 3004
8PM 1.00 3137
9PM 0.99 3126
10PM 0.99 3067
11PM 0.83 2989

Fixed effect multiplier is equal to the
exponentiated fixed effect from the he-
donic regression. 8PM is the base hour.
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Figure 15: Estimated prices per thousand of impressions for demographic groups

46



0.7 −0.3 −0.6 0.5 −0.1 −0.8 −0.9 −0.6

0.1 −0.3 0.1 −0.2 −0.7 −0.8 −0.7

0.8 −0.8 −0.7 0 0.2 0.1

−0.9 −0.6 0.2 0.6 0.5

0.7 −0.1 −0.5 −0.5

0.5 0 −0.3

0.8 0.4

0.7

Male 65+

Male 50−64

Male 35−49

Male 18−34

Female 65+

Female 50−64

Female 35−49

Female 18−34

M
ale

 5
0−

64

M
ale

 3
5−

49

M
ale

 1
8−

34

Fe
m

ale
 6

5+

Fe
m

ale
 5

0−
64

Fe
m

ale
 3

5−
49

Fe
m

ale
 1

8−
34

Chil
dr

en
 2

−1
7

−1.0

−0.5

0.0

0.5

1.0
Corr

Figure 16: Correlation of views shares of different demographics among advertisers in 2017

Result: Advertisers’ model

Dependent variable:
log(‘Price Per Impression‘)

log(‘Impressions Quantity‘) −0.536∗∗∗
(0.080)

TimeTrend 3.900
(9.696)

TimeTrend_Sq −0.001
(0.002)

Observations 864
R2 0.712
Adjusted R2 0.704
Residual Std. Error 0.130 (df = 841)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 12: Regression for the inverse demand for impressions
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Result: Viewers’ model

Rank Channel Conglomerate 2010 2011 2012 2013 2014 2015 2016 2017
1 CBS CBS Corp -5.94 -6.10 -6.05 -5.90 -5.87 -5.83 -5.70 -5.86
2 ABC Disney -5.62 -5.54 -5.33 -5.30 -5.37 -5.24 -5.43 -5.63
3 NBC Comcast/NB -6.76 -6.81 -6.75 -6.44 -6.48 -6.40 -6.35 -6.53
4 Other chan Independen -8.20 -7.39 -6.87 -6.63 -6.69 -6.49 -6.32 -6.48
5 FOX Fox Corp -6.32 -5.71 -5.29 -5.62 -5.70 -6.74 -6.75 -7.32
6 Fox News C Fox Corp -6.53 -6.47 -6.49 -6.20 -6.44 -6.37 -6.29 -6.34
7 TNT Charter -6.69 -6.68 -6.76 -6.62 -6.63 -6.73 -6.82 -6.86
8 HGTV Scripps -7.16 -7.18 -7.21 -7.09 -7.19 -7.08 -7.03 -7.13
9 MSNBC Comcast/NB -7.92 -7.83 -7.86 -8.03 -8.06 -8.44 -7.91 -7.49
10 Investigat Discovery -8.48 -7.90 -7.64 -7.61 -7.58 -7.51 -7.31 -7.24
11 Nickelodeo Viacom -7.34 -7.25 -7.53 -7.10 -7.07 -7.38 -7.25 -7.55
12 CNN Charter -7.47 -7.66 -7.97 -7.50 -7.52 -7.57 -7.16 -7.10
13 CW Viacom -6.88 -7.20 -7.38 -7.61 -7.52 -7.37 -7.46 -7.87
14 ESPN Disney -7.72 -7.65 -7.44 -7.69 -7.59 -7.53 -7.34 -7.42
15 USA Networ Comcast/NB -6.52 -6.61 -6.72 -6.46 -6.76 -6.86 -6.95 -7.08
16 ION ION Media -7.47 -7.22 -7.30 -7.14 -7.30 -7.21 -7.06 -7.25
17 TBS Charter -6.94 -7.11 -6.76 -6.66 -6.70 -6.55 -6.46 -6.96
18 History Disney -7.33 -7.25 -7.24 -7.14 -7.06 -6.88 -7.01 -7.08
19 Discovery Discovery -7.30 -7.44 -7.21 -7.26 -7.09 -7.03 -7.02 -7.04
20 AMC AMC Networ -7.36 -6.98 -7.16 -7.08 -7.25 -7.41 -6.89 -7.13
21 Hallmark C Crown Medi -7.12 -7.12 -7.31 -7.28 -7.23 -7.05 -7.01 -7.01
22 MeTV Wiegel Bro -10.32 -8.38 -8.34 -8.25 -8.31
23 Food Netwo Scripps -7.23 -7.28 -7.15 -7.19 -7.36 -7.32 -7.33 -7.49
24 A&E Disney -7.50 -7.33 -7.10 -6.77 -7.24 -7.32 -7.33 -7.47
25 FX Fox Corp -7.57 -7.38 -7.28 -7.30 -7.32 -7.43 -7.53 -7.64

Table 13: Ad aversion parameter κ by channel in April of each year

48



Rank Channel Conglomerate 2010 2011 2012 2013 2014 2015 2016 2017
1 CBS CBS Corp -0.98 -0.98 -0.99 -0.99 -0.99 -0.98 -0.99 -0.99
2 ABC Disney -0.99 -0.99 -0.99 -1.01 -0.99 -1.00 -1.00 -0.99
3 NBC Comcast/NB -1.00 -1.00 -1.00 -1.02 -1.00 -1.00 -1.00 -1.01
4 Other ch Independen -0.99 -0.99 -0.99 -0.99 -0.99 -0.98 -0.98 -0.99
5 FOX Fox Corp -1.00 -0.97 -0.96 -0.97 -0.95 -0.97 -0.98 -1.00
6 Fox News Fox Corp -1.07 -1.07 -1.09 -1.05 -1.04 -1.04 -1.02 -1.01
7 TNT Charter -1.00 -0.99 -0.99 -1.00 -0.99 -0.99 -0.99 -0.98
8 HGTV Scripps -1.01 -1.01 -1.01 -1.02 -1.02 -1.01 -1.02 -1.02
9 MSNBC Comcast/NB -1.09 -1.06 -1.08 -1.08 -1.07 -1.16 -1.08 -1.11
10 Investig Discovery -1.03 -1.01 -1.02 -1.02 -1.02 -1.01 -1.02 -1.03
11 Nickelod Viacom -1.04 -1.05 -1.06 -1.06 -1.06 -1.04 -1.04 -1.08
12 CNN Charter -1.02 -1.01 -1.03 -1.02 -1.02 -1.01 -1.01 -1.01
13 CW Viacom -1.00 -1.01 -1.01 -1.01 -1.00 -0.99 -0.99 -0.99
14 ESPN Disney -1.02 -1.01 -1.00 -1.00 -0.99 -0.99 -0.98 -0.97
15 USA Netw Comcast/NB -1.04 -1.04 -1.05 -1.03 -1.04 -1.04 -1.04 -1.03
16 ION ION Media -1.01 -1.00 -1.00 -1.01 -1.01 -1.00 -1.01 -1.01
17 TBS Charter -1.01 -1.00 -0.99 -1.00 -1.00 -0.99 -0.98 -0.98
18 History Disney -1.04 -1.04 -1.03 -1.03 -1.02 -1.01 -1.00 -0.99
19 Discover Discovery -0.99 -0.99 -0.98 -0.98 -0.98 -0.98 -0.98 -0.97
20 AMC AMC Networ -0.98 -0.98 -0.98 -0.98 -0.98 -0.98 -0.98 -0.98
21 Hallmark Crown Medi -1.02 -1.03 -1.02 -1.03 -1.02 -1.02 -1.03 -1.04
22 MeTV Wiegel Bro -0.99 -1.00 -0.99 -1.00 -0.99
23 Food Net Scripps -1.01 -1.01 -1.00 -1.01 -1.02 -1.01 -1.02 -1.02
24 A&E Disney -1.06 -1.05 -1.03 -1.04 -1.04 -1.04 -1.03 -1.02
25 FX Fox Corp -1.02 -1.01 -1.01 -1.01 -1.00 -1.00 -1.00 -0.99

Table 14: Average own elasticity of viewers’ market share to advertising εsdjtajt by channel in
April of each year weighted by the revenue from each slot τ and each demographic group d

Appendix: Counterfactuals

The second counterfactual for the demographic trends (denoted as C2) addresses the im-
pact of population trends happening between 2010 and 201720, such as aging population. I
evaluate the impact by analyzing the case if the changes in size of each demographic group
between 2010 and 2017 had not happened. This counterfactual is simulated by changing the
universe estimate of 2017, which reflects the number of people with a TV by demographic
groups, and thus captures both the population changes and the changes in ownership of TV
set. I change the universe estimate in 2017 to ued,2017,cf = ued,2017 · popd,2017

popd,2010
, where ued,t is

the universe estimate of demographic group d in month-year t, and popd,t is the population
of the U.S. for group d in month-year t. Such a formula decreases the universe estimate if

20Population changes between 2010 and 2017 are shown in Figure 2.
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Demo X Demo Y Total
Channel A 40% 10% 25%
Channel B 40% 10% 25%
Channel C 20% 80% 50%

Table 15: Example of a market, in which channels A and B specialize in viewers of demo-
graphic group X. Percentages are market shares of each channel in the market segment of
each demographic. The number of people in demographic groups X and Y is equal.

the demographic group was increasing in size over the period, while preserving trends in TV
ownership.

The second merger counterfactual is a simulation of a merger between Comcast/NBCU
and CBS Corporation, both of which have a disproportionately large share of older viewers.
A merger between conglomerates focusing on the same demographic, could result in a larger
market power over this market segments than implied from the model where demographics
is ignored. The FCC does not currently have written guidelines about demographic specific
market shares requirements for merger approval. In addition, the research literature did
not consider demographics when evaluating mergers of the TV channels. This makes the
question of the role of demographics for merger analysis important for policy makers.

To illustrate the point using an example, consider a case when two channels A and B

would like to merge with the market shares specified in Table 15. A merger between them
means the creation of a conglomerate with the market share of 50%, while with demographic,
while it would control 80% of the market for demographic X. Such considerations could be
important for merger analysis for proper protection of viewership experience of demographic
group X.

I simulate this counterfactual by changing the ownership matrix Ω to reflect that channels
of Comcast/NBCU and CBS Corporation are owned by the same conglomerate, and compare
the results to both the original equilibrium as well as to the model without demographics
groups considered. For the latter, I do the same analysis as outlined in this paper, but
assuming that there is only one demographic group. In such a model, for example, hedonic
model will only have the fixed effects estimates, and advertisers would not have the taste
parameters for demographics. The version without demographic differentiation will be added
in the near future.

The results of all counterfactuals are presented in Tables 17, 18, 19, 20, and 21.

Appendix: Literature review

The viewers’ channel choice is formulated as a discrete choice model, in which advertis-
ing negatively affects viewers’ utility from watching TV channels. In order to identify the
advertising aversion of the viewers, the model uses variation in advertising minutes across
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Channel Conglomerate ViB Eq C1 C3
1 CBS CBS Corp 2.5 13.3 13.5 13.3
2 ABC Disney 2.0 15.6 15.9 16.0
3 NBC Comcast/NB 2.0 12.0 12.1 12.0
4 Other chan Independen 1.6 15.7 15.9 15.7
5 FOX Fox Corp 1.1 11.8 12.0 12.0
6 Fox News C Fox Corp 1.0 16.7 17.0 17.8
7 TNT Charter 0.5 17.0 17.2 17.0
8 HGTV Scripps 0.5 16.8 17.1 16.8
9 MSNBC Comcast/NB 0.5 15.5 15.7 15.5
10 Investigat Discovery 0.4 17.3 17.5 17.3
11 Nickelodeo Viacom 0.4 14.9 14.8 14.9
12 CNN Charter 0.4 17.4 17.7 17.3
13 CW Viacom 0.4 13.5 13.6 13.5
14 ESPN Disney 0.4 13.9 13.9 14.0
15 USA Networ Comcast/NB 0.4 17.9 18.2 17.9
16 ION ION Media 0.4 17.4 17.7 17.4
17 TBS Charter 0.3 18.8 19.1 18.8
18 History Disney 0.3 18.7 19.1 19.1
19 Discovery Discovery 0.3 18.5 18.9 18.5
20 AMC AMC Networ 0.3 16.9 17.3 16.9
21 Hallmark C Crown Medi 0.3 18.3 18.9 18.3
22 MeTV Wiegel Bro 0.3 13.8 14.0 13.8
23 Food Netwo Scripps 0.3 17.6 17.9 17.6
24 A and E Disney 0.3 17.8 18.2 18.3
25 FX Fox Corp 0.3 16.7 16.9 17.4

Table 16: Ad minutes per hour for selected channels. Estimated using April 2017 sample
for hours 7am-1am. ViB are views in billions. Column “Eq” means the original equilibrium;
“C1” is counterfactual holding the number of hours watched by demographic groups as in
2010; “C3” is for the counterfactual merger between Disney and Fox Corporation.

half-hours showing the same program. In the absence of advertiser-level data, Wilbur (2008a)
models advertisers’ demand as aggregate and being specific to a show in the spirit similar to
Rysman (2004): the demand is estimated by tracing how the amount of advertising within
a show is related to the its price, number of viewers and other show characteristics. In the
TV channels’ model, for each of their shows the channels decide on how much advertising
time to set and which how much of this time to devote to tune-ins21.

Both Ivaldi and Zhang (2018) and Zhang (2018) introduce the costs as a parameter in
their TV channels profit functions. They assume that an additional advertising minute is
associated with costs; these costs are interpreted as the quantity discounts that the TV

21Tune-ins are advertisements of future network programs.
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channels make to the advertisers.
The topic of influence of demographic composition on advertisement price is also touched

in Wilbur (2008a), in which demographics is approximated by the characteristics of the cast
such as race and marital status of the main character.

Another paper studying TV advertising market is Crawford et al. (2017), which used
data from the UK and focuses on advertising caps for public channels. The study provides a
demand system for determining the competition for impressions between the TV channels,
but does not model the viewer’s side of the market. The demand system in the paper,
however, does not explicitly consider decisions of advertisers as well as does not differentiate
impressions depending on demographic group, making their modeling approach less related
to my study.

It is useful to mention the cross-country differences in the TV advertising markets. Wilbur
(2008a) and my paper study the U.S. market, in which there are no major state-owned chan-
nels and advertising quantity regulations. Ivaldi and Zhang (2018); Zhang (2018) scrutinize
France and Crawford et al. (2017) focuses on the UK market, both of which have significantly
large state-owned TV channels and in which advertising caps exist. Further research on TV
advertising markets should reflect the country-specific regulations in the modeling approach.

Apart from the general models of TV advertising industry, there is a stream of papers
focusing on only one phenomenon or type of agents that my comprehensive model of adver-
tising industry covers.

The behavior of advertisers has also drawn the attention of the researchers. Advertisers
focusing on goods and services could derive their value from increased sales of their product.
The papers analyzing the various effects of advertising on sales include Ackerberg (2003);
Shapiro (2018). In general, the research shows that even just proving the effectiveness of ads
is difficult (Lodish et al. (1995); Lewis and Rao (2015)). In particular for TV advertising,
Shapiro et al. (2019) study the return to advertising for a large number of products from
different categories. They find lower advertising elasticities than reported in the previous
literature as well as a sizable share of insignificant and negative results regarding the effec-
tiveness of ads. While these findings are useful for the advertisers to assess, I take a revealed
preference stance on the value of advertising by assume that advertisers value ads because I
see in the data them buying those ads.

One more related research topic, is the impact of the use of digital video recorders (DVRs)
on the TV and ad viewing behavior. DVRs are used by TV viewers to record the programs in
order to watch them later; DVRs also provide the possibility of fast-forwarding ads. Papers
such as Wilbur (2008b) and Ghosh and Stock (2010) discuss the phenomenon noting that
though DVRs facilitate ad avoidance and could make it harder for advertisers to reach the
viewers, there could be conditions under which advertisers are better off from viewers’ use
of DVRs. In the data I use, I account for ads viewed on DVRs up to 7 days after live
broadcasting, but I treat those ad views being the same as live views for simplicity.
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For the context, it is useful to mention some important features of TV advertising industry
that I abstract away. The first one is the choice of TV cable bundle. Crawford and Yurukoglu
(2012) focus on the choice of TV bundles and TV conglomerates bargaining with content
provides for the share of revenues from those bundles. Although it is an important source of
revenue for the channels, I abstract away from the bargaining with cable providers treating
this process independent from the ad setting decisions. I also abstract away from the decisions
about scheduling of the shows considered by Goettler and Shachar (2001) and from the TV
channels’ choice of quality of the shows. In my paper, I do not incorporate such considerations
in order to keep my model simple.

Appendix: Industry background

The interests of advertisers are usually represented by advertising agencies, the professional
entities developing their advertising campaigns. These agencies bargain with TV conglom-
erates to reach the best prices and ensure that the advertising slots purchases match the
requirements regarding demographic mix and network diversity that their contracted adver-
tisers want. While little information is available about the details of agreements between
networks with advertising agencies and advertisers, the negotiations seem to take the form
of multilateral bargaining, in which the parties are relatively informed. The transparency
of price information is facilitated by the repeated year-to-year interaction of the agents, but
also by involvement in negotiations with many counterparties during every given Upfronts.
Not all ad slots are sold at the Upfronts, however. The remaining slots are sold during the
year, a quarter or sometimes even weeks before airing, sometimes using auctions.

Affiliate fees are the money the TV conglomerates receive from allowing the TV cable
distributors to include its channels in cable packages. The TV cable distributors subsequently
obtain money from viewers for cable subscriptions, and share a part of this money with
the TV conglomerates. The amounts of affiliate fees between TV conglomerates and TV
cable distributors are formed through through bargaining and is thoroughly described and
analyzed in Crawford and Yurukoglu (2012). Investments in interesting content allow TV
conglomerates to attract many viewers and sell their advertising impressions to advertisers,
as well as to strengthen their bargaining position, because many people would want its TV
channels in the subscription. While the bargaining process between the TV conglomerates
and cable distributors is important, this paper focuses on the advertising revenues, treating
cable subscription bargaining process as independent.

TV channels devote a part of their commercial breaks to tune-ins, the demonstration of
promotional videoclips of their future programming with the aim of gaining more viewers for
those programs. The share of such tune-ins is about 20% of the commercial time and indicates
another possible channel the TV channels could regulate the number of ad impression they
are selling. Tune-ins in many way are similar to ads in the sense that the viewers could
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perceive them as intrusive, but could potentially be more interesting than the ads because
they inform the viewers of potentially relevant future shows.

Because viewers are attracted to programming, and not to ads, it is not infrequent that
the viewers could pay very limited attention to ads, or even walk out of the room during
ads. In addition, DVRs (digital video recorders) allow viewers to record shows in order to
watch them later and to skip ads, but their use is not prevalent.

Appendix: Data

The Nielsen data cover advertising both on national and local level. National TV channels
are then also divided into network channels and cable channels. The air time on the network
channels is distributed between the national programming (for example, America’s Got Tal-
ent Show), and the local programming, such as local news. Cable channels sometimes also
have the local affiliates, but their broadcasting is predominantly national, so in my analysis
I abstract away from the local dimension of the cable channels. I only consider the ads aired
nationally on both network and cable channels

Nielsen employs the Nielsen Monitor-Plus service to measure advertising occurrences by
distinguishing commercials from programming based on the audio and video content with the
help of their proprietary “pattern recognition technology”22. Nielsen defines a commercial
as “any paid advertisement announcement, spot or message with duration of 10 to 120
seconds”. Note that Nielsen counts promotions of TV programs on the same TV channel as
commercials, too.

For measuring the number of viewers of each ad, Nielsen utilizes their People Meter
panel23. The People Meter device records the times that the panelist watches TV, and sends
it to Nielsen. After Nielsen receives these data from the panelists, it aggregates it to the
level of demographic groups and projects it to the US population. Nielsen mostly reports the
impressions on the show level, i.e. the ad impressions are specific to the show during which
it aired. In some cases, however, they report the impressions on more aggregated level, for
example, as an hour on a certain weekday averaged within a month.

On the local level, while 25 larger local markets (designated market areas in Nielsen
terminology) follow the same methodology for recording impressions, most of them use either
a combination of automated people meter with diaries, or just diaries. Using diaries is not
only connected with lower quality of the data, but is also only done during four “sweeps”
month of the year. Because I only use local viewership to supplement national, when the
latter data are not available for network broadcasters, I normalize the data to the markets
in which these local measurements are available for a given date.

22Nielsen’s AdViews Methodology by Medium manual.
23The number of panelists is reported to be close to 20,000 for 2015. https://clypd.com/

nielsens-panel-expansion-and-national-ratings-modeling-whats-happening/
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For each sex Nielsen has 15 non-overlapping age groups. Nielsen additionally provides
socio-demographic breakdowns by income and education, but I do not use this part of the
data focusing on the sex-age demographic groups only. In principle, the methodology of this
project can be easily applied to a different set of socio-demographic groups.

Nielsen provides several versions of impressions: live views, live + same day views, live +
within 7 days views, and C3 commercial average specially defined by Nielsen. I use the live +
within 7 days impressions data, because it is available for all types of media and it captures
the viewership numbers better. While viewers who use DVR to view shows within 7 days
may treat ads differently from those who watch live, it seems more plausible to still include
such viewers into consideration. In addition, the difference between live and live + 7 days
views is modest over the years in consideration. Nielsen additionally provides impressions
with Hispanic flag, and in this project, I only focus on non-Hispanic impressions.

The contracts between TV conglomerates and advertisers may also contain explicit guar-
antees of the TV channels about the impressions. Because the contracts between advertisers
and TV channels are signed before the shows are aired and the impressions are realized,
this is a good way for advertiser to take less risk by transferring it to TV channels. If ads
purchased by an advertiser underperform relative to the expected performance written in the
contract, the TV channel runs some additional ads, often during less popular programs, for
example, during daytime. While it is unclear how exactly Nielsen reflects this phenomenon
in the data, I ignore this issue by assuming that the price in the dataset correctly reflects
the transaction price of the advertising slots.

Due to the nature of the contracts signed between advertisers or their advertising agencies
and TV conglomerates, the price in the dataset does not reflect neither legacy discounts nor
possible quantity discounts Ivaldi and Zhang (2018); Zhang (2018). While being potentially
important, it is difficult to estimate their impact or magnitude, since the contracts are
typically not disclosed.

The panel of advertising hours has a date-hour-TV channel combination as an observa-
tion. It is constructed from the slot-level national data by collapsing it to the hourly level
for every TV channel. I take the average value of impressions by demographic group and
prices as the hourly values, while taking the sum of the all ad durations in this hour as
the aggregate hourly ad duration. While most commercials are 30-second long, I pro-rate
the impressions and prices when collapsing to reflect the number of impressions and prices
for a 30-second commercial during that hour. Because some network channels have local
programming during certain hours, I supplement the panel with the impressions information
of those channels obtained from the local TV part of AdIntel dataset. However, I do not
include the value of the price for such hours, because I only focus on national ad prices.

The panel of advertisers is constructed separately for every calendar year and has an
advertiser as an observation. For every advertiser, it features its total expenditures on
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advertising, aggregate number of impressions24 it has purchased. Again, the impressions are
pro-rated to reflect the impressions for a 30-second commercial.

Appendix: Limitations and Extensions

This paper has several important limitations. First, it does not consider the investments
of TV channels in the shows, which is an important market input that channels can adjust
in the middle and long run. Second, this paper abstracts away from TV viewers’ choices
of cable bundles and from the fact that channels obtain part of the revenue from selling
the right to show their channel to cable providers. Third, I assume perfect targeting for
advertisers implying their capability to advertise exclusively to certain demographic group,
whereas in reality no show is watched only by, for example, females or males.

The model estimated in this paper can be extended in several dimensions, if capturing
certain behavior of the agents is important. The hedonic model could be extended to account
for the reach of ad slots and the advertising congestion. Reach is defined as the number of
people who watched an ad of a particular advertiser during at least once during a certain
period of time. Compared to channels with smaller audiences, larger channels provide fewer
duplicate views given the same number of impressions thus having higher reach. Because
showing an ad five times to the same person is worse than showing an ad once to five people,
advertisers prefer channels with higher reach. Such considerations can be implemented in
the hedonic model by including a variable for total number of viewers of this slot. This
variable, however, could be endogenous to the price as channels with larger audiences could
also be receiving a premium for the brand name of the channel.

Advertising congestion could also influence the price for commercial time: an advertising
message on a channel with 20 minutes of ads is less memorable for a viewer than an ad when
there are only 4 minutes of commercial time. Thus, advertising time could be included in the
hedonic regression to reflect this. However, some unobservable slot characteristics could be
influencing both the price and the advertising decisions of TV channels, thus a simultaneity
problem arises which is account for.

Possible extensions to the model of viewers are mostly related to better measurement
of their aversion to ads. Some experimental evidence on how much viewers of different
demographics are averse to ads could provide alternative identification opportunities for
parameters κ in viewers model. Any exogenous experimentation of TV channels regarding
ad load could also yield similar identification power. The data about which channels are
available to viewers from their cable packages could also be used for reflecting the behavior
of the viewers more precisely.

The TV conglomerates competition model currently abstracts away from the fees that
24Here, the impressions calculated are quality-adjusted, i.e. weighted by the ad effectiveness level, which

is estimated within the model.
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TV channels obtain from cable distributor for its inclusion into cable bundles. These motives
can be introduced in the model of TV conglomerate competition as an additional term in
the profit function of cable channels. This term could be represented as the product of the
price per an hour-long view paid by a cable distributor to the channel multiplied by the
number of such views. Although the cable distributors’ fees are paid on the per subscriber
per month basis, such a term could provide a reasonable approximation. The levels of such
per subscriber fees are known, however, I do not have access to reliable data that would
allow for such calculations for different years.

One more way to extend the model of TV conglomerates competition is to allow the
channels to adjust the ad load differentially across time slots. For example, instead of one
multiplier per channel, it is possible to allow channels to have a separate multiplier, for
example, for each daypart. In this way, each channel will have a first order condition for
each daypart, and further analysis could be similar to what is presented in this paper. This,
however, would increase the computational complexity of the results.
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Channel Conglomerate ViB Eq C1 C2 C3 C4
1 CBS CBS Corp 2.5 13.3 13.5 13.4 13.3 14.0
2 ABC Disney 2.0 15.6 15.9 15.6 16.0 15.6
3 NBC Comcast/NB 2.0 12.0 12.1 12.0 12.0 12.4
4 Other chan Independen 1.6 15.7 15.9 15.7 15.7 15.7
5 FOX Fox Corp 1.1 11.8 12.0 11.8 12.0 11.8
6 Fox News C Fox Corp 1.0 16.7 17.0 16.9 17.8 16.7
7 TNT Charter 0.5 17.0 17.2 16.9 17.0 17.0
8 HGTV Scripps 0.5 16.8 17.1 16.8 16.8 16.8
9 MSNBC Comcast/NB 0.5 15.5 15.7 15.6 15.5 17.1
10 Investigat Discovery 0.4 17.3 17.5 17.2 17.3 17.3
11 Nickelodeo Viacom 0.4 14.9 14.8 14.8 14.9 14.9
12 CNN Charter 0.4 17.4 17.7 17.4 17.3 17.3
13 CW Viacom 0.4 13.5 13.6 13.4 13.5 13.5
14 ESPN Disney 0.4 13.9 13.9 13.8 14.0 13.9
15 USA Networ Comcast/NB 0.4 17.9 18.2 17.9 17.9 18.6
16 ION ION Media 0.4 17.4 17.7 17.5 17.4 17.4
17 TBS Charter 0.3 18.8 19.1 18.7 18.8 18.7
18 History Disney 0.3 18.7 19.1 18.7 19.1 18.6
19 Discovery Discovery 0.3 18.5 18.9 18.5 18.5 18.5
20 AMC AMC Networ 0.3 16.9 17.3 16.8 16.9 16.9
21 Hallmark C Crown Medi 0.3 18.3 18.9 18.5 18.3 18.3
22 MeTV Wiegel Bro 0.3 13.8 14.0 13.9 13.8 13.8
23 Food Netwo Scripps 0.3 17.6 17.9 17.6 17.6 17.6
24 A and E Disney 0.3 17.8 18.2 17.8 18.3 17.8
25 FX Fox Corp 0.3 16.7 16.9 16.7 17.4 16.7

Table 17: Ad minutes per hour for selected channels. Estimated using April 2017 sample
for hours 7am-1am. ViB are views in billions. Column “Eq” means the original equilibrium;
“C1” is counterfactual holding the number of hours watched by demographic groups as in
2010; “C2” is for the absence of demographic trends the total TV population of 2017 of
each demographic is changed to that of 2010; “C3” is for the counterfactual merger between
Disney and Fox Corporation; “C4” is for the counterfactual merger between Comcast/NBCU
and CBS Corporation.
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Demographic Eq C1 C2 C3 C4
Children 2-17 5.87 4.62 5.85 5.87 5.86
Female 18-34 7.88 6.07 8.07 7.87 7.87
Female 35-49 7.34 6.70 7.21 7.33 7.33
Female 50-64 8.87 8.83 9.19 8.86 8.86
Female 65+ 6.96 7.22 7.76 6.95 6.95
Male 18-34 12.50 10.05 12.89 12.49 12.48
Male 35-49 12.31 11.34 12.12 12.30 12.29
Male 50-64 11.97 12.54 12.40 11.95 11.95
Male 65+ 9.95 10.42 11.39 9.94 9.93

Table 18: Prices per thousands of impressions in derived from the hedonic model
in April 2017. These prices are connected to Pd as: Priced = 1000 · Pd ·
Average price of an impressions in the market in the original equilibrium and in counter-
factuals. Column “Eq” means the original equilibrium; “C1” is counterfactual holding the
number of hours watched by demographic groups as in 2010; “C2” is for the absence of
demographic trends the total TV population of 2017 of each demographic is changed to that
of 2010; “C3” is for the counterfactual merger between Disney and Fox Corporation; “C4”
is for the counterfactual merger between Comcast/NBCU and CBS Corporation.
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Industry C1 C2 C3 C4
Airplns., Aviatn.acc.,Serv. & Equip 1.8 -4.6 0.1 0.1
Apparel,Footwear, & Accessories 6.2 -3.2 0.1 0.1
Auto.,Auto.access & Equip 4.7 -3.4 0.1 0.1
Beer & Wine 6.1 -3.0 0.1 0.1
Bldg. Mat. Equip. & Fixtures 4.2 -3.6 0.1 0.1
Bus. Prop. & Employ. Recruit. 5.6 -3.4 0.1 0.1
Business & Consumer Svcs 4.6 -3.6 0.1 0.1
Computers, Off. Equip. & Stationery 4.8 -3.7 0.1 0.1
Confect., Snacks & Soft Drinks 6.0 -3.1 0.1 0.1
Direct Response Products 4.7 -3.9 0.1 0.1
Drugs & Remedies 2.8 -4.3 0.1 0.1
Elec. Entertnmt. Equip. & Suppl. 6.9 -2.8 0.1 0.1
Entertainment & Amusements 6.2 -3.1 0.1 0.1
Foods & Food Products 5.1 -3.4 0.1 0.1
Freight, Indus. & Agri. Dev. 2.3 -4.4 0.1 0.1
Gasoline, Lubricants & Fuels 4.3 -3.7 0.1 0.1
Horticulture & Farming 4.6 -3.5 0.1 0.1
Household Equipment & Supplies 4.9 -3.5 0.1 0.1
Household Furn. Suppl. & Mat 4.4 -3.7 0.1 0.1
Industrial Materials 2.3 -4.4 0.1 0.1
Insurance & Real Estate 4.9 -3.5 0.1 0.1
Jewelry, Optical Gds. & Cameras 4.5 -3.6 0.1 0.1
Misc Not Elsewhere Classified 6.0 -3.3 0.1 0.1
Pets, Pet Foods, Suppl & Organ. 3.1 -4.1 0.1 0.1
Publishing & Media 5.1 -3.4 0.1 0.1
Retail 4.6 -3.5 0.1 0.1
Soaps, Cleansers & Polishes 4.8 -3.5 0.1 0.1
Sporting Goods, Toys, & Games 9.0 -2.6 0.1 0.1
Toiletries & Cosmetics 5.1 -3.5 0.1 0.1
Travel,Hotels & Resorts 4.2 -3.7 0.1 0.1
Tv Networks/Stations 6.5 -3.2 0.1 0.1
Tv Programs 4.5 -3.6 0.1 0.1

Table 19: Percentage changes in returns of advertisers by industry in 2017 Column “Eq”
means the original equilibrium; “C1” is counterfactual holding the number of hours watched
by demographic groups as in 2010; “C2” is for the absence of demographic trends the total
TV population of 2017 of each demographic is changed to that of 2010; “C3” is for the
counterfactual merger between Disney and Fox Corporation; “C4” is for the counterfactual
merger between Comcast/NBCU and CBS Corporation.
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Demo C1 C2 C3 C4
Children 2-17 -0.1 0.1 -0.1 -0.1
Female 18-34 -0.4 0.0 -0.1 -0.2
Female 35-49 -0.7 -0.0 -0.3 -0.5
Female 50-64 -0.8 -0.1 -0.4 -0.7
Female 65+ -0.8 -0.2 -0.5 -1.0
Male 18-34 -0.4 0.0 -0.2 -0.2
Male 35-49 -0.7 -0.0 -0.4 -0.4
Male 50-64 -0.7 -0.1 -0.5 -0.6
Male 65+ -0.8 -0.2 -0.8 -0.9

Table 20: The changes in the surplus of the viewers by demographic group obtained from
TV in 2017 with respect to original equilibrium, in percent. Column “C1” is counterfactual
holding the number of hours watched by demographic groups as in 2010; “C2” is for the ab-
sence of demographic trends the total TV population of 2017 of each demographic is changed
to that of 2010; “C3” is for the counterfactual merger between Disney and Fox Corporation;
“C4” is for the counterfactual merger between Comcast/NBCU and CBS Corporation.
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TV Channel TV Conglomerate Eq C1 C2 C3 C4
CBS CBS Corp 577.7 586.4 550.0 578.5 578.0
NBC Comcast/NBCU 480.3 491.7 460.1 481.1 481.1
ABC Disney 339.3 348.8 325.3 339.5 340.5
FOX Fox Corp 280.3 291.2 271.0 280.6 281.1
ESPN Disney 185.0 200.7 180.0 185.1 185.1
TNT Charter 148.7 158.6 144.4 148.8 148.8
HGTV Scripps 137.4 142.3 131.9 137.5 137.7
TBS Charter 114.9 123.7 112.3 115.0 115.0
History Disney 108.0 111.1 103.8 108.0 108.2
Fox News Channel Fox Corp 95.5 94.8 89.7 95.3 95.7
USA Network Comcast/NBCU 90.2 95.3 87.3 90.3 90.1
Food Network Scripps 70.5 74.5 68.3 70.5 70.6
Discovery Discovery 67.5 70.5 65.5 67.6 67.7
AMC AMC Networks 58.6 60.7 56.6 58.6 58.6
Nickelodeon Viacom 56.2 66.2 55.7 56.2 56.2
Investigation Discovery Discovery 55.3 57.5 53.5 55.4 55.4
CNN Charter 54.7 55.6 52.2 54.7 54.8
FX Fox Corp 52.1 55.7 50.8 52.1 52.2
A&E Disney 48.7 51.2 47.2 48.7 48.8
MSNBC Comcast/NBCU 36.5 36.4 34.4 36.6 36.0
CW Viacom 35.1 36.9 34.2 35.2 35.2
Hallmark Channel Crown Media 33.3 34.2 31.9 33.4 33.4
MeTV Wiegel Broadc 30.7 30.6 29.2 30.8 30.8
ION ION Media 22.9 23.9 22.0 22.9 22.9

Table 21: Revenues of TV channels in April in millions ($)
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