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ABSTRACT

For several years, Google has been analyzing television set-
top box data to measure audience response to specific TV
ads. This paper presents how similar techniques can be ap-
plied to online video advertising on YouTube. As more and
more video programming is made available online, it will be-
come increasingly important to understand how to engage
with online viewers through video advertising. Furthermore,
we find that viewing behavior is even more effected by spe-
cific video ad creatives online than it is on TV. This suggests
that online viewing can become a valuable source data on
viewer response to video ad creatives more generally.

1. INTRODUCTION

Google analyzes anonymized television set-top box data
for thousands of TV ads aired each day [5] and uses this
data to measure how these ads affect viewing behavior [2,
4]. Although many factors lead viewers do tune away from
TV ads, we find that a significant portion of the variance in
tune-away rates can be attributed to the ad creative itself.
Using statistical models to isolate this creative effect and to
score ads based on how likely they seem to be to retain their
initial viewing audience.

In the summer of 2009, we began applying similar tech-
niques to viewing logs from YouTube, the online video shar-
ing site founded in 2005 and acquired by Google in 2006.
Users worldwide watch over a billion videos a day on YouTube,
and upload hundreds of thousands of videos daily. YouTube
incorporates several ad formats and generates over a billion
ad impressions each week. Since 2008, some YouTube videos
have included in-stream ads, video ads interspersed into the
online videos. Because of their similarity to TV ads, these
in-stream ads are the focus on the work described here.

In addition, we introduced an experiment on YouTube at
the end of 2009 to test skippable in-stream ads. The ex-
periment allowed users to skip in-stream ads at 0, 5, 10,
and 15 seconds, and also included a control, which did not
allow skipping. The goal of this experiment was to deter-
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mine if allowing a user to skip an ad would decrease video
abandonment.

In this paper, we discuss how users interact with in-stream
video ads on YouTube. Section 2 introduces the metric by
which we measure ad abandonment. Section 3 describes
methods we use to measure the effects due to partner (or
network) and creative. Section 4 compares the effects across
different data sources.

2. MEASURING AUDIENCE RESPONSE ON-
LINE

Although online viewers do not “tune away” in the same
way that TV viewers do, they do sometimes abandon ads by
closing the viewing window or otherwise ending their online
session. This online ad abandonment can be modeled using
the same statistical techniques we have previously applied
to TV tune-away rates.

In [1], we defined TAR, or initial audience retained, as

IAR — Audlencej that viewed th.e W.hole ad. (1)
Audience at the beginning

Using IAR as the response in a logistic regression model,
we are able to account for certain known features, such as ad
length, that effect the probability a viewer will tune away.
However, two features we would like to understand better
are the effect due to the creator of the underlying video
programming (the programmer on TV or partner online)
and the creative effect. While the partner effect shows that
some channels are better for showing ads than others, the
creative effect shows that some ads are consistently better
than others.

3. MEASURING THE PARTNER AND CRE-
ATIVE EFFECTS

To measure both the partner and creative effects, we fit a
series of sequential logistic regression models of the form:

log (%) (Intercept) (2)
~ Mo (3)
~ My + partner_id (4)
~ My + partner_id + creative_id, (5)

where each model in (2)-(5) differs from the previous model
by only one term, and M is a set of known features defined



in Table 1. The “partner_id” contains a unique id for every
partner and the “creative_id” contains a unique if for every
creative. The null model (or intercept-only) model given by
(2) provides a baseline model from which we will make all
subsquent comparisons.

YouTube In-Stream weekday
pre-/mid-/postroll
country

ad length

video length

ad length x video length

YouTube Skippable In-Stream | ad length

video length

skip time

skip time x ad length

TV daypart
weekend
ad duration

Table 1: The sets of known features used to de-
scribe YouTube in-stream ads, YouTube skippable
in-stream ads, and TV ads. Coefficients for each
feature are fit using logistic regression with IAR as
a response.

From each model in (2)-(5) we calculate the model de-
viance given by

D(y,p) x —2) yilog
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where y is a length n vector of observed IAR and p is a
vector of the expected IAR from one of the models in (2)-(5)
[3]. For logistic regression, (6) may be thought of as the vari-
ance of y described by p. This implies that relative changes
in deviance from one model to the next may be interpreted
as the additional percentage of variance explained by adding
a new feature.

The null deviance Dy, which is determined from (2), rep-
resents the total variance in the data. Then to measure
the partner and creative effect, we determine the deviances
Dy, Dy, and D. using models (3), (4), and (5), respec-
tively. The percentages of variance explained by the partner
and creative are given by

Dy — D % 100%

% deviance explained by partner
o
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% deviance explained by creative = )
o

4. COMPARING CREATIVE EFFECTS

We found that the creative’s impact on audience retention
appears higher on YouTube than on TV, with creatives ex-
plaining about 24% of the variance on YouTube compared
with just 8% on TV, as shown in Figure 1 below. Moreover,
when users were allowed to skip ads, we found that the cre-
ative effect decreased to 10%. This result is not surprising
since users who skip ads do not usually stick around long
enough to figure out whether the ad is appealing or not.

Conversely, the creator of the underlying video program-
ming (the programmer on TV or partner online) impact ap-
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Figure 1: The percentage of variance explained by
the creative effect (left) and partner effect (right)
for YouTube in-stream ads, YouTube skippable in-
stream ads, and TV ads. The creative effect is
greatly diminished when ads become skippable on
YouTube implying that creative differences among
ads are less discernible if you a user is allowed to
skip it.

pears smaller online than on TV. This suggests that online
viewers may be less creatures of habit than TV viewers.

YouTube allows a variety of in-stream ad placements, in-
cluding pre-roll ads (played before the video begins), mid-
roll ads (interspersed during the video), and post-roll ads
(added at the end). For each ad, we calculated the audience
retention as a percentage of the initial audience retained
(IAR), and Figure 2 shows the distribution of IAR value of
each of these three categories of ad placement. Unsurpris-
ingly, we found that viewers were much more likely to watch
pre-roll ads than mid-roll or post-roll, as shown in Figure 2.

Across all three placements, however, YouTube viewers
were much more active in their viewing than most TV view-
ers. Where audience retention remained above 90% for vir-
tually all TV ads considered, YouTube ads showed much
greater variety, with more than 40 percentage points differ-
ence between the best- and worst-performing ad creatives.
This further confirms the results shown in Figure 1 that
viewers are more responsive to specific ad creatives in their
online viewing behavior than they are when watching TV.

Because many online viewers seem to prefer shorter videos,
we looked specifically at ad abandonment rates for YouTube
pre-roll ads on videos less than 22 minutes. The distribu-
tion of IAR values for both 15- and 30-second ads for these
shorter videos is shown in Figure 3, with shorter videos in
light gray and longer videos in black.

We found no significant difference in overall audience re-
tention rates for 15-second ads to 30-second ads on these
shorter videos, suggesting that viewers were equally accept-
ing of both. However, we found that for the shorter (15-
second) ads, abandonment rates were relatively constant
regardless of the length of the video, while for 30-second
ads there was a clear decrease in abandonment as the video
length increased. In other words, it seems users are will-
ing to tolerate longer pre-roll ads for longer videos, but not
for shorter video, but that 15-second ads are well tolerated
regardless.
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Figure 2: The IAR for pre-roll, mid-roll, and post-roll in-stream ads along with skippable ads and TV ads.
TV ads (¢) have a fairly high IAR since most TV viewers are very passive. Post-roll in-stream ads (+) have
the worst IAR since most viewers would rather not sit through an ad after the video has finished. Skippable
ads (x), however, have an IAR worse than a mid-roll in-stream ads.

S.  CONCLUSIONS AND FUTURE WORK

The work presented in this paper is preliminary and con-
siderably more can be done to shown causality between an
ad’s creative effect and abandonment. We currently have
better models in place to help predict tune away both on
TV and YouTube using more sophisticated machine learn-
ing algorithms. We hope to update our work in this area in
the future.

With so much video programming now available online,
the advertising industry needs ways of measuring the re-
sponse rate of users to online video advertising. Advertisers
are still exploring what sorts of advertising works online and
whether lessons learned from video ads on TV can be applied
to this new medium. Traditional online metrics like click-
through rates offer one approach, but in many cases this will
not be applicable to video ads that are not intended to so-
licit an immediate response. Audience retention rates, which

Google has applied to TV advertising for several years, offer
an alternative approach.
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Figure 3: The IAR of ads that appear on videos under 22 minutes long. The lighter shades represent shorter
videos, while the darker shades represent longer videos. For 30-second ads, we can see a fairly steady decline
in IAR as the videos get shorter suggesting users are more tolerant of in-stream ads on longer videos.
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