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Abstract—Ad networks use the behaviors of online users to
associate them with preferences (features), and market these
features to enable advertisers to target online users. Typical
features associated with users include location, interests,
gender, age, and etc. Furthemore, ad networks provide
their clients with campaing creation tools to help to them
to configure and run campains. In this paper, we study
the pricing of ads using the ad campaing planning tools
of ad networks. We develop tools to collect the suggested
bid prices from two platforms: YouTube and Facebook.
Analyzing these prices we find that United States is the most
expensive country in both platforms. We also find that the
most expensive preferences are different in YouTube and
Facebook. In YouTube, the top preferences are related to
QOil & Gas, while in Facebook are devices, ethnics or politics
depending on the type of bidding. Finally, we do not find
any price difference genders in Facebook.
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I. INTRODUCTION

Online advertising plays a vital role in today’s Internet
ecosystem, sustaining large service providers such as
Facebook and Google to small user run websites. The
Interactive Advertising Bureau (IAB) has recently reported
that advertising generated $59.6 billion in 2015 in the US
alone [1].

In contrast to traditional advertising such as newspapers
or TV, online advertising gives advertisers more flexibility
in selecting and targeting audience segments. Online ad-
vertising enables advertisers to define fine-grained profiles
of target audiences. These profiles include features such as
the location, age, gender, and interests of users. Further-
more unlike traditional media advertising, because the ad
location is flexible, online advertising enables advertisers
to re-target users as they go from website to website. For
example, a user who has searched for flights, sees ads
related to flights while reading the news across different
sites. This practice is called Online Behavioral Advertising
(OBA).

In order to infer user interests, ad networks track users
while they browse the web and try to decipher the topics
of the sites visited by users, as well as their interests.
This information is then used to build user profiles that
associate users with feature sets, such as their demographic
and personal information, and their preferences. Finally,
advertisers target users using these preferences and, users
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see ads that are judged to be ‘relevant’ to them (accord-
ing to their profile). Since different user-segments define
different interests/behaviors, they are priced based on the
demand from advertisers. Prices are typically determined
using auctions (see [2, 3] and references therein) and as
such the price of any given user segment typically varies
with the market (advertiser) demand for the segment [4].

Because user behaviors and the demand for audience
segments change over time, the preferences assigned to
users and the their value to the ad networks also changes.
However, little is known about the pricing of the prefer-
ences assigned to users or how their prices change over
time.

Understanding this would enable us to better understand
how users are valuated by online systems. For example,
YouTube recently released an ad-free subscription for 10$
per month in the US [5]. This leads us to believe that 10$ is
approximately the revenue an average user would generate
for YouTube, however there is no easy way to evaluate
whether or not this is the case today. To the authors best
knowledge, the only report available that ranks the values
of the preferences assigned to users by ad networks is
from the IAB advertising revenue report [1]. According to
the report, “Retail”, “Financial Services” and “Auto” are
the preferences for which advertisers spent most money in
2015. But this report only gives aggregated numbers for
the whole year.

The purpose of this paper is to shed light on the pricing
of user preferences in ad networks. In order to collect
prices, we take advantage of the “Creation Campaign”
tools of different platforms. These webpages show an
estimated bid price (using a range) of the price the
advertiser would pay, depending on the targeting options
selected. According to [4], in Facebook, these prices are
sampled from the prices that advertisers pay.

We study the pricing of ads of two different platforms:
YouTube and Facebook. We develop price collection tools
that retrieve the estimated bid prices for different countries
and preferences (for both platforms), and gender and
type of bidding (for Facebook). Then, we analyze the
prices collected by country, preference, gender and type
of bidding. Our findings can be summarized as follows:

o Analyzing prices per country, on average the United

States is the most expensive top country in both
platforms. Among the most expensive 20 countries,



we find that while most are developed countries, few
are developing countries.

« In Facebook, prices vary aggressively depending on
the type of bidding selected: Cost per Mile (CPM),
Cost per Action (CPA) or Cost per Click (CPC).

o Ranking of top preferences is different for each
platform. In YouTube, the top ranking preferences are
related to Oil & Gas, while in Facebook, the ranking
is different depending on the type of bidding.

« In Facebook, the top tanking preferences are related
to mobile devices and browser for CPM, while for
CPA and CPC, the top ranking preferences are related
to ethics and politics.

« We do not find any price difference between genders
in Facebook.

The remainder of this paper is organized as follows:
Section II describes the related work, Section III describes
the collection tools used and the datasets we collect, Sec-
tion IV analyses the YouTube dataset, Section V analyses
the prices in Facebook, and Section VI concludes the

paper.
II. RELATED WORK

The research community has paid particular attention to
the online advertising industry and its tracking techniques
over the last few years. Numerous works such as [6—
9] haved performed crawls in order to understand the
personalization of online ads. It has been shown that,
from personalized ads, it is possible to guess users’
preferences [10].

Ad networks use different technologies to identify
and track users among webpages. The most common is
HTTP cookies [11, 12] which usually includes unique
user identifiers. In order to have more complete pro-
files, ad networks have created methods to allow them
to share these identifiers. The most common is Cookie
Matching [13, 14] in which different entities share cookie
values between domains. HTTP Cookies can be deleted
very easily from the browser, therefore, more complex
technologies like evercookies (cookies using the HTMLS
storage) [14] and browser fingerprinting [15] have ap-
peared. These technologies are more persistent as they are
more difficult to delete (evercookies) or more difficult to
bypass (fingerprinting).

Fraud is also a problem of advertising [16—18]. It has
been shown that fraudsters could take advantage about
profiling users of ad networks, by adding high-valued
user preferences [19] to profiles. Authors claimed that
fraudsters could increase their benefit by 33%.

Related to value of users online, Saez-Trumper et
al. [20] propose a model in which the value of users
is defined by actions they make in an Online Social
Network. In [21], authors make a survey to real users,
asking them about the price they think they should receive
to reveal information about their actions while browsing.
More closely related to our work, authors in [13] study the
prices of Real Time Bidding (RTB). RTB is a advertising
system to sell ads in auctions. They find that prices change
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YouTube Facebook
Measurement 10/Jun/15 - | T37Aug/15 -
Period 18/Aug/15 25/Sept/15
# Categories 2043 584
# Countries 50 50
# Genders 1 3
# Entries 476K 18M

Table I: Description of our datasets for YouTube and
Facebook

according to user’s profile and time of the day. Finally,
Liu et al. [4] study the pricing of ads in Facebook. They
reverse engineer Facebook’s pricing system, concluding
that the estimated price shown is sampled from the last
prices paid by advertisers.

III. PRICE COLLECTION TOOLS AND DATASETS

In this section we describe the different tools to collect
the prices (suggested bids) from YouTube and Facebook.
We also make a short description of the advertisement
system of each of the platforms. Finally, we present the
characteristics of our datasets.

A. YouTube Price Collector

In order to promote a product in YouTube, advertisers
have to create a campaign in Google Adwords [22],
the service to publish advertisements of Google. Google
Adwords offers different options to target users such as
geographical information (country, city, etc.), language,
topics, preferences, gender, age range, parental status, etc.

When an advertiser creates a campaign, Google Ad-
words shows a suggested bid (price) that the advertiser
will pay for one view of his ad in YouTube in Cost-per-
View (CPV) [23]. The suggested bid is given as an interval
(a maximum and a minimum value in the local currency).
When the advertiser changes the targeting options, the
suggested bid is updated in real time.

In order to collect these prices (suggested bids), we
develop a webcrawler using Selenium Webdriver [24].
Selenium Webdriver is a library to automate testing on
webpages, allowing actions like loading webpages, click-
ing on links or filling up forms. Our webcrawler is
able to login into Google Adwords, change the targeting
options in campaigns and collect the estimated bids for the
configured options. All those bids are stored in a MySQL
database. Our crawler collects prices using the country
and the preference as targeting options. The preference is
selected from the list of topics of Google [25].

B. Facebook Price Collector

Facebook has a similar tool for advertisers to promote a
product. Advertisers have to create a campaign and, while
they configure their targeting options, the suggested bids
are updated. The targeting options are similar as YouTube:
country, language, preferences, gender, age, etc.

Facebook has also different kinds of bidding: (¢) Cost
per click (CPC), (#7) Cost per Action (CPA), and (7i:) Cost
per Mile (CPM). In CPC, the advertiser only pays when



the user has clicked on his ads. In CPA, the advertiser pays
when the user has performed an action (like Page likes,
installing an app, etc.). Finally, in CPM, the advertiser
pays per 1K impressions of his ad.

Like YouTube, Facebook shows the suggested bids
using a range for any of the kinds of bidding explained
before. In this case, Facebook shows three values: maxi-
mum, minimum and median, and these values are given
in the local currency.

In order to collect the prices of Facebook, we follow the
methodology described in [4]. We send HTTP requests
to the API of Facebook, setting the following targeting
options: gender, maximum and minimum age, interests
and country. Facebook API replies with the estimated
prices (maximum, minimum, median) for those targeting
options and for all the kinds of bidding described before.
We store those prices in a MySQL database.

C. Datasets

Using the price collections tools explained in this Sec-
tion, we collect two different datasets: one from YouTube
and one from Facebook. The details of these datasets are
described in Table 1.

While we collected data (topics, interests and etc) for
all the countries listed by both platforms, we restrict our
analysis to 50 countries for which we were able to collect
statistically significant quantity of data. These countries
are distributed around the world: America (12), Europe
(28), Asia (1), Africa (7) and Oceania (2). Moreover,
we collect prices for different genders in Facebook (all,
male and female). In the case of YouTube, there is only
one gender (undetermined). In both platforms, we did not
target any age, therefore we select all the age ranges.

In our datasets, an entry is defined as: date of the
measurement, country, preference, gender, bidding type
and value range. In total, the datasets have 476K and
18M entries for YouTube and Facebook, respectively. The
difference in the number of entries is due to the collection
method: YouTube is slower, since we use webcrawler,
with Facebook we send hand-crafted HTTP requests.
Furthemore for many categories, Google Adwords returns
empty results, i.e. there is no interest in the category,
and therefore we do not have any entries for those cases.
Finally, in Facebook, we collect the prices for three
genders while, in YouTube, their is only one.

As explained in Section III-A and III-B, YouTube
gives the suggested bids as a range with a maximum
and a minimum, while Facebook returns three values:
maximum, median and minimum. For our analysis, we
use the maximum value, since it is the common value for
both platforms and, according to our measurements, shows
more price variation.

IV. STUDY OF YOUTUBE PRICES

In this section, we study the pricing of ads in YouTube
and look at how it varies depending on users’ profile:
country and category.
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Figure 1: Comparison of YouTube prices among the top
20 countries.

A. Pricing of Countries

Geographical targeting is a common option used by ad-
vertisers, as they can create campaigns targeting a certain
region, state or country. This feature is very important, for
example, for small retailers, targeting users living in the
same city; or big companies, creating a campaign to target
a whole country (fixing also the language).

Google Adwords offers the option of targeting users
depending on their location. The geographical options
go from city to worldwide, listing options such as re-
gion/state, country or continent.

We analyze the data described in Table I, grouping all
the prices by country. Figure 1 shows a boxplot with the
ranking of top 20 countries analyzed. The whiskers of the
boxplots are the 9th and 91st percentile.

The figure shows that 17 of the 20 top countries are
countries with “Very High Human Development”, accord-
ing to the report of United Nations [26]. Only South
Africa, Nigeria and Uruguay do not belong to this cate-
gory, belonging to “Medium Human Development”, “Low
Human Development” and “High Human Development”,
respectively. This means that advertisers are also interested
in paying a considerable amount of money for users of
those countries, despite the fact that those countries are
not listed as having good Internet connections or a large
pool of net-citizens [26].

B. Pricing of Categories

Google Adwords enables advertisers to target users
depending on their likes and preferences. This is done by
tracking users while they are visiting websites, which are
later mapped to the list of categories of Google [25].

The list of categories of Google Adwords [25] has a
total 2043 categories and they are organized as a tree, con-
taining 26 root categories. The categories include: Sports,
Beauty, Computers, etc. Out of the 2013 categories, 847
are world locations, like countries or cities.

As in Section IV-A, we analyze the data grouping all
the prices by category, not taking into account the country.

Table II shows the top 10 ranking categories, ordered
by the median price. We see that there is a variety of
categories and that belong to different branches of the



Rank Category Median Price (€)

1 Oil & Gas 2.57
Fuel Economy &

2 Gas Prices 241
Asset & Portfolio

3 Management 1.64

Customer Relationship
4 Management 1.46
Web Hosting &

5 Domain Registration 1.26
Electromechanical

6 Devices 1.05
Debit & Checking

7 Services 1.02

8 Murcia 0.92

9 Foreign Language Study 0.87

10 Telemarketing 0.86

Table II: Ranking of category prices
median value.

order by highest
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Figure 2: Comparison of Facebook prices for the different
bidding types.

tree. It is surprising that the top 2 categories are related to
Energy and Gas. These categories are almost 0.80€ more
expensive than the third one, which suggests that adver-
tisers pay at least that amount for a view of a user having
those categories. Also, these similar categories belong to
different branches of the tree, which could suggest that
advertisers target both categories at the same time. We also
see that the third and the fourth categories are related to
management, however their price difference with respect
to preferences ranked below them is smaller than with
respect to the preferences ranked above.

V. STUDY OF FACEBOOK PRICES

In this section, we analyze the prices of ads for Face-
book. For this platform, we have more variables to analyze
and, therefore, we can make a deeper analysis and look
for differences between the types of bidding, countries,
categories and genders.

A. Pricing of type of bidding

As discussed in Section III-B, Facebook has three dif-
ferent types of bidding (CPC, CPA and CPM), in contrast
to YouTube that has only one (CPV). With these auctions,
advertisers decide what action users have to perform in
order to pay. For example, in CPC, advertisers pay when
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Figure 3: Comparison of Facebook prices among the top
20 countries for different bid types.

a user clicks on an ad; in CPA, advertisers define the action
the user has to do (i.e. like) and they pay according to it;
and in CPM, advertisers pay per 1K ads.

Figure 2 shows the boxplot of the distribution of prices
according to the type of bidding. Again the whiskers are
the 9th and 91st percentiles. The results show that CPM
is the most expensive type of bidding. This is reasonable
since, using this type of bidding, advertisers reach 1000
users, while in CPA and CPC advertisers reach only 1.
Therefore, the price per user in CPM is much lower than
CPA and CPC.

We can also see that CPA is more expensive than CPC,
which means that advertisers pay more for other actions
than a user’s click.
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Figure 4: Comparison of Facebook prices among genders
for different biddings.

B. Pricing of countries

Like YouTube, Facebook offers advertisers the possibil-
ity to target users depending on their location, using the
country, state/region or city. But also, it gives more fined-
grained options such as postal code, address, designated
market area or congressional district.

In order to keep the statistics simple and be able to
compare to YouTube, we collect and analyze data per
country. Also, for the analysis of this subsection, we only
use the gender “All”.

Figure 3 shows the boxplot of the top 20 countries
according to the type of bidding. Again, the whiskers are
the 9th and 91st percentiles.

As with YouTube, the top country independently of
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type of bidding is United States. Besides, most of the
countries belong to “Very High Human Development”
ranking of the United Nations [26]. The only exceptions
are Russia, that is considered to be a country with “High
Human Development”, and South Africa (only in CPM),
considered a “Medium Human Development” country.

Comparing the ranking of the three types of bidding, we
see that the list of countries and the order of them does
not vary much. Considering the set of 20 top countries
in each of the biddings, we have a total of 22 countries.
Furthermore, in the top 3 of all types of biddings, there are
only four countries (United States, Australia, Norway and
Germany). Therefore, we can conclude that the ranking of
countries is independent of the type of bidding.

C. Pricing of categories

Facebook also offers the possibility to target users based
on their preferences (a pre-defined set of categories).

Unlike YouTube, Facebook does not provide a public
list of all the categories. In order to get the full list
of categories, we analyze the traffic from a browser to
Facebook, while creating a campaign. We discover that
the browser downloaded 5 JSONs with targeting options.
Two of these JSONSs include information like the countries
or languages available to target. The other three, include
information to target users according to their preferences.

These three JSONs are organized in Demographics,
including information about ethnics, relationship status or
birthdays; Behaviors, including information like operating
systems, devices, browsers or playing habits; and Prefer-
ences, that describes likes (i.e. Travel, Computers, etc.),
more similar to the list of YouTube. In total, there are 595
categories, organized like a tree.

We analyze the data described in Section III-C for only
the gender “All”, grouping by preferences. Note that our
dataset has 584 categories, when actually there are 595.
This means that our collection tool was not able to retrieve
information on 11 categories.

Table III shows the ranking of the top preferences
ordered by the median for the different types of bidding.
The first detail to notice is that the categories are totally
different for CPM than for CPA and CPC. In CPM,
the categories are mainly Behaviors (like browser and
devices), while in CPA and CPC, the categories belong to
Demographics (ethics and politics). The only common cat-
egories in the three biddings is “E-book readers”, ranked
Ist, 9th and 9th for CPM, CPA and CPC, respectively.

This fact could be explained because of the nature of the
bidding: in CPM, advertisers are not able to collect any
information about the user, as they pay per impression;
while in CPC and CPA, they do. In CPC and CPA, users
have to click or make an action in their webpage, giving
the possibility to advertisers to collect information of the
user. Therefore, advertisers are able to attach categories to
users, that they would not be able to do in other case.

We also see that the top 9 categories are the same for
CPA and CPC. This means that advertisers target the same
category independently of the action the user has to make
(although the user has to make an action).



CPM

CPA

CPC

Rank Category Median Price (€) Category Median Price (€) Category Median Price (€)
1 E-book readers 2.04 Asian American (US) 0.73 Asian American (US) 0.25
Primary Browser: FB Payments (Higher FB Payments (Higher
2 Safari 0.88 than average spend) 0.58 than average spend) 0.20
US Politics US Politics
3 iPhone 6 Plus 0.87 (Conservative) 0.57 (Conservative) 0.17
US Politics
4 Parenting 0.85 (Very Conservative) 0.48 African American (US) 0.17
5 Children’s clothing 0.83 African American (US) 0.47 FB Payments (Recent) 0.17
6 Currently traveling 0.83 Baby boomers (US) 0.47 Baby boomers (US) 0.16
Hispanic (US - US Politics
7 Cruises 0.82 English dominant) 0.46 (Very Conservative) 0.16
Hispanic (US -
8 Galaxy Note 3 0.82 FB Payments (Recent) 0.44 English dominant) 0.16
9 Apple Email Addresses 0.82 E-book readers 0.41 E-book readers 0.16
10 iPad Mini 3 0.82 Used travel app (1 month) 0.41 Played game yesterday 0.15

Table III: Ranking of categories order by highest median value for the different biddings CPM, CPA and CPC.

Analyzing deeper in each of the bidding, we see that
in CPM the median price of the top category is more
than double than the second category in the ranking. The
difference between the 2nd and the 10th category of the
rank is not very high (0.06€). In the case of CPA and
CPC, the difference among the top preference and the last
in the ranking is not so pronounced (0.32€ for CPA and
0.10€ in CPC).

D. Pricing of genders

Finally, we analyze the impact of the gender on the
pricing of ads. Facebook offers three different genders to
target: all, male and female.

In this case we analyze the whole dataset and, as we did
before, we group the entries by the gender. Figure 4 shows
the boxplots for CPM, CPA and CPC for the different
genders. From the figure, we can see that the top gender
is different is each of the biddings (female for CPM, male
for CPA and all for CPC). But the difference is very small:
the highest price difference between the first and the third
gender in the ranking is 0.08 € for the CPM bidding. We
can also see that the distribution is very similar among
genders for any type of bidding.

Therefore, we can conclude that advertisers do not show
a strong preference for a gender, meaning that there is no
statistically significant price difference between genders.

VI. CONCLUSIONS

In this paper, we have studied the suggested bid prices
for placing ads in two platforms: YouTube and Facebook.
We developed two different tools to collect the prices
shown on the web. We analyze the data finding that United
States is the most expensive country in both platforms. In
the top 20 countries we mainly found countries labeled
as “Very High Human Development” according to the
report of United Nations, but we also found countries not
belonging to this category.

Studying the different prices among preferences, we
found that YouTube and Facebook had totally different
rankings. In YouTube, the top preferences are Oil & Gas.
In Facebook, the ranking of preferences changes according
to the type of bidding. For CPM, the top preferences are

699

browsers and devices, while for CPA and CPC, are ethnics
and politics related preferences.

Finally, we studied two other metrics in Facebook: type
of bidding and gender. For the former, we found that CPM
is at least two times for expensive in median that CPA
and CPC. For the latter, we did not observe any price
difference between genders.
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