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ABSTRACT
Popular video streaming platforms attract a large number of global
marketers who use the platform to advertise their services. While
benefiting platforms and advertisers, users are burdened with the
costs of advertisements. Users not only pay for these ads with their
invested time and personal information, but also through a sub-
stantial amount of data translating into direct financial cost. The
financial cost becomes even more pronounced in developing coun-
tries, where the cost of mobile broadband can be disproportionately
high relative to average income levels. In this paper, we perform the
first independent and empirical analysis of the data costs of mobile
video ads on YouTube, the most popular video platform, from the
users’ perspective. To do so, we collect and analyze a data set of over
46,000 YouTube video ads. We find that streaming video ads have
multiple latent and avoidable sources of data wastage, which can
lead to excessive data consumption by users. We also conduct an
affordability analysis to quantify the overall impact of data wastage
and reveal the specific data costs per country associated with these
losses. Our findings highlight the need for video platform providers,
such as YouTube, to minimize data wastage linked to ads, to make
their services more affordable and inclusive.
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1 INTRODUCTION
Over 5 billion Internet users worldwide watch billions of hours
of online video every day—with three out of five video views
coming from mobile devices [8]. The growing popularity of on-
line video platforms has drawn many marketers. Marketers use
these platforms to advertise their services, whereas video platform
providers monetize their services via personalized advertisements;
e.g., YouTube had a global ad revenue of USD 29.2 billion in 2022
and had drawn more than 50% of the global marketers [16].

While advertisements have become a ubiquitous presence in
our online experiences, the hidden costs borne by users are of-
ten overlooked. First, users indirectly pay for these ads, not just
in terms of the time they invest but also through the sharing of
personal information. Such exchanges might be justifiable if they
resulted in a free and seamless Internet experience. However, the
reality is that these ads also consume a substantial amount of data,
translating into direct financial costs for the users. This issue be-
comes even more pronounced in developing countries, where the
primary mode of Internet access is through mobile devices [20].
Compared to developed countries, the cost of mobile broadband in
these countries can be disproportionately high relative to average
income levels [14]. This disparity means that for a vast majority,
every megabyte of data is a precious resource. A study by theWorld
Bank across 11 emerging countries found that nearly half of the
respondents had difficulty paying for their mobile data usage, and
42% had to impose self-restrictions on their data usage, which inad-
vertently limits their access to the vast resources and opportunities
the Internet offers [13].

The gravity of this issue is further underscored by the fact that, as
of 2021, 95 countries did not meet the UN Broadband Commission’s
affordability benchmark for broadband services. This target, set at
2% (or less) of the monthly Gross National Income (GNI) per capita,1
indicates the digital divide that continues to impact the global
community [10, 11]. Thus, it is crucial to recognize and address
the unintended economic burdens ads place on users, especially in
regions where access to the Internet is not a given but a luxury.

In this paper, we perform the first independent and empirical
analysis of the data costs of mobile video ads on YouTube from the
users’ perspective. We find that streaming video ads have multiple
latent and avoidable sources of data wastage, which can lead to
1This is for a 2GB data-only mobile broadband plan. Recently, the Alliance for Afford-
able Internet has revised these affordability targets and encourage governments across
the world to set targets such that the cost of 5GB of broadband, both mobile and fixed,
should not be more than 2% of the average monthly income by 2026 [12].
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excessive data consumption by users. Our findings highlight the
need for video platform providers like YouTube to reduce data
wastage associated with ads to make their services more affordable
and inclusive.

We focus our study on YouTube as it is the most popular on-
line video platform with approximately 2.1 billion users world-
wide [16]. We devise a methodology to systematically collect, clean,
and analyze a large video dataset of a cumulative total of 17,600
YouTube videos (referred to as main-videos) and over 46,000 video
ads. The aggregate duration of all videos (including ads) in our
dataset amounts to 8,225 hours. To understand and analyze cross-
country variations, we conduct this study across eight sampled
countries, including four developing and four developed countries
(for our sampling strategy, refer to §2.2).

Using the streaming data collected for YouTube videos, we first
analyze the proportion of overall data consumption attributed to
video ads. We then perform a deeper analysis based on the client’s
video buffer states and ad placement policies to uncover the hidden
costs arising from instances when video data is wasted as a direct
consequence of these ads. Our findings reveal that users on YouTube
are paying (in terms of data) for 80-100% of a skippable ad 31%
times in developing regions and 52.6% times in developed regions
despite having skipped the ad. Additionally, we also highlight that
a mid-roll ad results in the unnecessary re-downloading of as much
as 71 secs of main-video on average within the first quarter of
the main-video. Finally, our affordability analysis underscores the
impact of these excessive data losses in terms of data plan costs in
developed and developing regions. We reveal that these excessive
losses amount to the consumption of a shocking 6.7% of a 2GB
data plan on average. Our findings have significant implications
for various stakeholders in the video-streaming ecosystem.

Altogether, we make the following key contributions.
• We devise an experimental methodology for systematically col-
lecting and cleaning a large corpus of video ad data. Our method-
ology allows for automatically crawling videos and extracting ad
video data. We stream 17,600 videos, and over 46,600 ad videos,
totaling approximately 8,225 hours. We have made our code and
data publicly available to the community.2

• We analyze video ad data consumption as well as conduct an
in-depth video buffer analysis. Our study reveals multiple hidden
data costs of viewing videos and highlights the need for video
platform providers to reduce data wastage associated with ads.

• We conduct a systematic affordability analysis to quantify the
affordability of video streaming with in-stream ads across all
countries in our dataset. Our analysis points to the need for
video platform providers to make video accesses more inclusive
and affordable.

• We discuss the implications of our study on different stakeholders.
In particular, we suggest solutions that can help reduce data
wastage due to pre-emptive downloading of ad video data.
The remainder of this paper is organized as follows. First, we

provide an overview of YouTube ads and describe our measurement
methodology (§2). We then analyze video ad data (§3). We quantify
the affordability of video streaming with in-stream ads across eight
2Code and data: https://github.com/nsgLUMS/videoads-affordability-www24,
https://doi.org/10.5281/zenodo.10680861

countries in (§4). This is followed by a discussion on the implica-
tions of our study (§5). We discuss related work in (§6) and finally
conclude (§7).

2 MEASUREMENT METHODOLOGY
In this section, we provide an overview of video ads on YouTube
and detail the methodology used to construct the YouTube dataset
for our study.

2.1 Overview of YouTube Ads
YouTube provides marketers with different ad formats, including
video and non-video options. This paper focuses on video ads that
appear before, during, or after a YouTube video within the player
(in-stream ads) to analyze the data cost of ads and particularly
look into video buffer states. These ads are categorized into two
types based on their format: skippable ads and non-skippable ads.
Skippable ads allow viewers to skip them after a designated time-
to-skip duration, while non-skippable ads must be watched entirely.
Furthermore, ads can be classified based on their placement (i.e.,
when an ad appears within the video stream): (1) pre-roll ads appear
before the video starts, (2) mid-roll ads appear during the video
playback, and (3) post-roll ads appear after the video has finished
streaming. Consecutive ads shown back-to-back are referred to as
double ads.

2.2 Sampling Methodology
Our study focuses on a sample of four developing and four devel-
oped countries, as categorized by the UN Human Development
Report 2021-22 [21]. We included these countries in our dataset to
ensure the representation of a significant proportion of YouTube
users. We selected countries based on their ranking among the top
20 countries in terms of YouTube audience size [6]. Out of these
20 countries, we chose a convenience sample of four developing
countries (Indonesia, Brazil, Mexico, and Pakistan) and four devel-
oped countries (USA, Canada, Germany, and Japan). This selection
covers a total of 862.9 million YouTube users. Our dataset comprises
17,600 YouTube videos, referred to as the main-video in this paper.
For each country, there are two categories of main-videos collected:
• Trending Videos: Videos on the YouTube Trending page are
categorized based on their high view count and temperature.3
Trending videos represent the most watched videos in a country.

• Non-Trending Videos: Videos present on the YouTube home-
page, but not on the Trending page.

2.3 Video Streaming and Data Collection
For each country, the data collection process was divided into two
phases. In Phase 1, a Selenium-based web scraper (henceforth, 𝑆1)
was used to scrape the URLs of trending and non-trending main-
videos. In Phase 2, another Selenium script (henceforth, 𝑆2) was
used to stream the URLs and collect data of interest. Both phases
of data collection were repeated daily over a period of two months
from 2023-03-01 to 2023-05-01, resulting in a dataset consisting
of 1,100 trending and 1,100 non-trending main-videos for each
country. When crawling the web scraper to collect the video URLs,
3The rate at which a video generates views [25].
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Figure 1: Proportion of data consumed by ads considering only watch time. Ads watched entirely
(left) and skippable ads skipped (right).

we automated the pipeline using CRON [2] to ensure that the videos
being streamed were scraped at the same local time of day. In total,
our dataset comprises 17,600 main-videos and 46,613 video ads,
with a combined duration of 8,225 hours.
Video Streaming. To replicate the network conditions for each
country, 𝑆2 was throttled to the Average Mobile Bandwidth (AMB)
for that country, obtained from Open Signal [15]. It also ran in mo-
bile emulation mode, emulating Nexus 5 Build/JOP40D, to stream
the URLs on YouTube Mobile Web (m.youtube.com). We emulate
a mobile device by altering the User-Agent string in Chrome De-
veloper Tools; a common approach for simulating the browsing
environment for a mobile device [7, 22]. It is important to note
that using YouTube Mobile Web ensured that each streamed URL
was provided with the same environment, Chrome version, and
set up, eliminating variations caused by different mobile operating
systems, YouTube application versions, and versions of the same
mobile OS. This standardization was crucial for fair and unbiased
cross-country comparisons, especially considering the additional
variance introduced by different device types, OS preferences, and
mobile OS versions across countries. Similarly, to ensure the videos
are streamed in a clean-slate environment, we spawn a new Google
Chrome instance (version 111.0.5563.64) for each streaming session.
This guarantees that there is no carryover of cache or cookies from
any previous streaming. Additionally, all videos were streamed
at the default resolution of 360p to ensure consistency across the
dataset. Consequently, all ads were also streamed at the automatic
360p resolution chosen by the player. Lastly, 𝑆1 and 𝑆2 were run
on 8 Ubuntu 22.04 LTS-powered machines, and each machine was
connected to one of the 8 countries in our sample using a commer-
cially available Virtual Private Network (VPN) service. All VPN
endpoints were manually geolocated and verified to ensure that
main-videos and ads reflected the actual YouTube content of the
country.
Data Collection. Within each main-video, ads were identified
by monitoring changes to the HTML5 video player and relevant
ad-data such as the type (skippable/ non-skippable), time-to-skip
duration, and timestamp (i.e., the streamed duration of the main-
video at which an ad appears) were collected using the HTML5
video player. Metadata for the videos, such as the video ID, resolu-
tion, and buffer (the additional prefetched seconds of video content),
was obtained by enabling the YouTube ‘Stats for Nerds’ interface,
an approach commonly used by several past works [9, 17, 23].

3 ANALYSIS AND RESULTS
We include a general overview of the dataset and summary statis-
tics in the Appendix A.1. In this section, we first investigate the
data consumption of watching all video ads within a main-video.
We then reveal two hidden buffer losses directly associated with
YouTube ads and shed light on the data consumed by YouTube ads.
Moreover, we examine the impact of streaming resolution on the
data consumed by ads. To quantify ad consumption, we express the
data associated with ads relative to the total data consumed during
the streaming of the main-video. This measure is referred to as the
ad data proportion.

3.1 Ad Data Consumption Based on Watch Time
We begin our analysis by examining the primary variable of interest:
ad data proportion. In this section, we consider a scenario where
users are only charged for the content they watch, with no inclusion
of any potential hidden costs associated with the ads. Analyzing
the 17,600 videos in our dataset, we consider both scenarios: one
in which a skippable ad is skipped and another in which the user
watches the entire duration of the skippable ad. The visualization
of these results is presented in Figure 1.

As expected, we observe a significant decrease in the data con-
sumed by ads when users choose to skip the skippable ad. This
reduction can be substantial, with a maximum decrease of 90.8%
for non-trending videos in developing regions, and a minimum
reduction of 82.3% for non-trending videos in developed regions.
Ad Proportion on Trending vs Non-Trending Videos.Our anal-
ysis reveals a notably higher ad data proportion associated with
trending main-videos in comparison to non-trending main-videos.
When users watch the complete skippable ad, ads on trending
main-videos constitute a median of 22.9% of the data consump-
tion, whereas non-trending videos in the same scenario account
for a median of 15% of the data. Similarly, when skippable ads are
skipped, ads on trending videos result in a median of 2.7%, com-
pared to 2% for non-trending videos. The higher proportions of
ad data in trending videos are unexpected, especially given that
our dataset indicates fewer ads (19,445) in trending main-videos
compared to non-trending main-videos (27,168). However, we at-
tribute this difference to the significantly shorter median duration
of trending main-videos (315 secs) compared to non-trending main-
videos (1,081 secs). Hence, the ad data proportion is greater due to
the increased number of ads per unit time of main-video.
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Figure 2: Proportion of skippable ad
downloaded at time-to-skip.
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Figure 3: Proportion of data
consumed by skip-loss.
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Differences in Ad Gaps. Next, in our exploration of ad frequency
and distribution, we introduce a novel metric termed the "Ad Gap,"
representing the time elapsed before an ad is displayed during a
main-video. A smaller Ad Gap value signifies a higher frequency
of ads shown on a main-video per unit of time. Our analysis un-
covers that, on average, an ad appears after 4.6mins on trending
main-videos and every 6.1mins on non-trending main-videos. Ad-
ditionally, users in developing regions encounter an ad after around
4.9mins of content streamed, while those in developed regions see
an ad after approximately 6mins. Based on these findings, we can
conclude that when watching main-videos of equivalent durations,
YouTube users are more likely to encounter more ads when watch-
ing trending videos than non-trending videos or when streaming
main-videos in a developing region than a developed region within
the scope of our dataset.

3.2 The Hidden Cost of Skippable Ads
In this section, we unveil a hidden cost linked to skippable ads,
which has significant implications for the affordability of video
streaming. Among the 46,613 video ads in our dataset, 74.6% are
skippable ads, while the remaining 25.4% are non-skippable ads.
Additionally, we examine ad placements to gain further insights
into these ad formats.
Skip Loss. In an ideal scenario, users should only pay for the
portion of the skippable ad they actually watch in terms of data
consumption costs. However, we observe the contrary. Excessive
buffering of ads, beyond time to skip (5 secs), results in buffer
loss when the user skips the ad. Figure 2 reveals the extent of this
buffering at time-to-skip for an equal number (17,000) of skippable
ads from the developed and the developing regions. Within the first
5 secs, 80%-100% of the ad is downloaded for a surprising 52.6%
of all skippable ads in developed regions and 31% in developing
regions. Once a user skips the ad, all the excess buffer downloaded
beyond the skippable time, for the unwatched content goes to waste.
We term this avoidable buffering and subsequent loss as skip-loss.
The implications of skip-loss are significant since most users skip
ads [1] but are still being charged for content they did not watch.
Impact of Skip-Loss.Next, we quantify the impact of skip-loss.We
find that skip-loss consumes 5.9% of the total data consumption of
the main-video for trending main-videos and 3.9% for non-trending
main-videos; see Figure 3. Similarly, for the developed and develop-
ing regions, the proportion of data consumed by skip-loss is 5.1%
and 4.3% respectively. The mean difference in skip-loss between

trending and non-trending groups (0.8%) was statistically signifi-
cant (𝑝 < .001). Moreover, the mean difference in skip-loss between
developing and developed regions was also statistically significant
at the 5 percent level (𝑝 = .0164). For this analysis, the size of
the skippable portion of the ad (to calculate ad data proportion)
is modeled as follows: (1) the size of the portion of the ad that is
watched by the user until time-to-skip and (2) the size of additional
ad content that is downloaded beyond the time-to-skip and stored
in the buffer. It is interesting to note that the proportion of data
consumed by skip-losses (Figure 6) is higher than the proportion of
data consumed by the watched content of all ads (Figure 1) given
the user always skips the ad.
Skippable Ad Location. Lastly, we make an interesting observa-
tion about the placement of different formats of video ads within a
main-video. To analyze this, we define "Ad Location" as the ratio
of the ad timestamp to the duration of the main-video. Figure 4
shows the kernel density plot for the Ad Location of skippable and
non-skippable ads in the dataset. We observe that a large proportion
of skippable ads are positioned at the beginning of the main-video.
Conversely, non-skippable ads have a relatively even distribution
across the duration of the main-video. More specifically, 69.1% of
the skippable ads lie between the Ad Location 0.0 and 0.2, whereas
only 17.3% of non-skippable ads lie within this Ad Location. Given
the high concentration of skippable ads at the start of the video, we
can presume that even users who decide to quit before watching
the entire main-video encounter a greater number of skippable ads
than non-skippable ads.

In conclusion, we gather two key takeaways from the analysis
of skippable ads. First, excessive buffering and pre-fetching of the
ad content beyond time-to-skip leads to significant data loss when
the user decides to skip the ad. Secondly, given the ad counts and
location, users are more likely to encounter skippable ads compared
to non-skippable ads, resulting in a higher frequency of incurring
the overhead cost associated with skip-loss.

3.3 The Hidden Cost of Mid-Roll Ads
In this section, we present the analysis of mid-roll ads. We highlight
an avoidable buffer loss associated with mid-roll ads and quantify
its impact on the ad data proportion. Additionally, we examine the
influence of mid-roll ad placement on this buffer loss.
Mid-Roll Buffer Loss. Analysis of the main-video buffer states
unveils another hidden and unnecessary cost borne by YouTube
users. We examine the main-video buffer right before and after a
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mid-roll ad appears and observe how any buffered content drops to
zero as soon as a mid-roll ad begins playing. This implies that the
additional seconds of the main-video content that the user has yet to
watch, but has already paid for in terms of data costs, are effectively
wasted when the mid-roll ad is encountered. Consequently, once
the ad concludes, the buffer needs to be re-downloaded, leading to
redundant data consumption. We term the loss of the main-video
buffer, and the consequent re-downloading, as mid-roll buffer
loss.

To quantify mid-roll buffer loss, in Figure 5 we plot the per-
centage of the main-video lost due to this issue. This percentage
represents the cumulative mid-roll buffer losses on a main-video,
relative to its duration. On average, in developing regions, 4.2%
of the main-video is lost due to mid-roll ads, while in developed
regions, this number increases to 5.8% of the main-video. The ob-
served difference (1.6%) is statistically significant at conventional
significance levels (𝑝 < .001). Similarly, 4.9% of main-video is lost
due to mid-roll ads on trending videos, and 5.1% is lost for non-
trending videos. The difference between trending and non-trending
groups is also statistically significant (𝑝 < .001). The higher pro-
portion for developed regions can be attributed to the relatively
greater bandwidth availability in these countries. This results in a
larger buffer state of prefetched video content, which ultimately
gets lost when a mid-roll ad plays.
Impact of Mid-Roll Buffer Loss. To analyze the impact of mid-
roll buffer loss, we calculate its ad data proportion in Figure 6.
We observe that in the developed region, mid-roll loss accounts
for 5.5% of the total data consumption for a main-video, while
in the developing region, it contributes to 4%. Similarly, mid-roll
buffer loss for trending videos contributes approximately 4.7% to the
total data consumption of the main-video, while for non-trending

videos, it amounts to around 4.9%. The difference between the
proportion of data consumption for trending and non-trending
videos is statistically significant at conventional levels (𝑝 < .001).
Mid-Roll Ad Placement. We also examine the relationship be-
tween the placement of mid-roll ads and the resulting main-video
buffer loss. We categorize mid-roll ads based on their placement and
highlight the main-video buffer lost for each category of mid-roll
ads in Figure 7. Note that Ad Placement is slightly different than
Ad Location defined in Section 3.2 (which is a continuous metric
as a function of main-video length ranging from 0-1). Our analy-
sis reveals that ads positioned in the first half of the main-video
result in a significantly higher mid-roll buffer loss compared to
those appearing in the second half. Specifically, mid-roll ads in
the first quarter result in a loss and subsequent re-downloading
of approximately 71 secs of the main-video content, while ads in
the second quarter contribute to a loss of about 58 secs. For the
third and fourth quarters, the loss decreases further to 43 secs and
34 secs, respectively. The observed differences across each quar-
ter were statistically significant (𝑝 < .001). Considering that an
equal number (n = 1800) of mid-roll ads are randomly sampled
for each placement category, the variation in main-video buffer
loss can be attributed to the extent of buffering of video chunks in
each placement category. These findings highlight the importance
of considering ad placement in monetization policies to minimize
unnecessary buffer loss and data wastage.

In summary, we quantified mid-roll buffer loss in this section.
We also observed variations in the proportion of mid-roll buffer
loss based on their placement within the main-video. Specifically,
in-stream ads in the first half of the main-video result in higher
buffer loss and data wastage compared to those appearing in the
second half.
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3.4 Impact of the Hidden Losses
Finally, we quantify the ad data proportion, taking into account
not only the data consumed when streaming all ads (as in Figure
1) but also the data consumed by skip-loss and mid-roll buffer loss.
This proportion is represented in Figure 8. We assume that all skip-
pable ads are skipped at the 5 sec time-to-skip instance, hence our
results represent a conservative estimate for the ad data consump-
tion. Comparing Figure 8 to Figure 1, we observe that excessive
and unnecessary buffer losses, which are directly associated with
ads, account for a significant portion of the data consumed by ads
in each main-video. When taking into account these losses, the
median ad data proportion for trending videos increases from 2.7%
to 11.9%, while for non-trending videos it increases from 2.0% to
9.6%. Similarly, data consumption for ads in developing regions
increases from 2.1% to 9.4%, and data consumption for ads in devel-
oped regions increases from 2.4% to 11.7%. On average, we observe
a surprising increase of 4.7× in the ad data proportion if we take
into account unnecessary buffer losses. Therefore, by uncovering
the hidden buffer losses and their additional data costs, we provide
a more comprehensive understanding of the true impact of video
ads on users’ data consumption.

3.5 Hidden Buffer Losses Across Platforms
While m.youtube.com provides an environment that is indepen-
dent of platform and OS differences, we extend our results to the
YouTube mobile app (version 18.39) on Android (across editions
11 and 13) to validate our m.youtube.com findings across different
platforms. We use Android phones because of their popularity; over
3 billion active devices use Android worldwide [4].

We conduct an analysis of 50 mid-roll ads and 50 skippable
ads. Data for mid-roll and skippable ads is collected by manually
screen-recording the video playback for each URL and retaining ad
instances within each video. The results reveal that the Android
YouTube app also experiences both skip-loss and mid-roll loss. Sum-
mary statistics for the manually analyzed videos are provided in
the Appendix A.2. Thus, the mid-roll buffer loss and skip-loss is
a concern not just for m.youtube.com streaming, but also for the
Android YouTube app. We leave a more detailed analysis for future
work.

3.6 Comparison across Video Resolutions
In this section, we examine the influence of streaming resolution
and video content quality on data consumption. We create two
datasets that comprise streaming data collected under identical
network conditions and streaming environments for the same ∼500
trending main-videos in Pakistan. In dataset 1, the main-videos are
streamed at 360p, while in dataset 2, the main-videos are streamed
at 720p. The ad resolution stays consistent at 360p. Our objective
in this analysis is to uncover any differences in data consumption
patterns by video ads (if any) on YouTube across different streaming
resolutions. We compute the data consumed by video ads and the
accompanying hidden buffer losses for each main-video in the
two datasets and observed that in the 360p dataset, the average
data consumed by ads and hidden losses per streamed main-video
amounts to 13.5 MB. However, for videos streamed at 720p, there

is a significant increase in ad data consumption, reaching 22.3 MB.
The results are visualized in Figure 9.

Further analysis reveals that the disparity in the data consumed
by ads between the two streaming resolutions can be attributed to
the substantial difference in mid-roll buffer loss across the datasets.
When main-videos are streamed at 360p, an average of 3.4MB of
data is lost to mid-roll buffer loss per video. Conversely, when
streamed at 720p, the average data lost to mid-roll buffer loss in-
creases to 10.1MB. The variation in data lost to mid-roll buffer
loss can be attributed to the higher bitrate requirements for videos
streamed at higher resolutions. Typically, 720p videos have a higher
bitrate compared to 360p videos. Consequently, heavier video data
chunks are usually buffered and prefetched in the same unit of
time, thereby increasing the likelihood of greater buffer loss due
to mid-roll ad interruptions. We observed significant differences in
the bitrates of the main-videos in our dataset. The distribution of
bitrate in our dataset is depicted in Figure 10.

4 AFFORDABILITY ANALYSIS
In this section, we conduct a fine-grained country-wise analysis
of the cumulative buffer loss and its implications for cost and af-
fordability. We explore cost through a data plan lens representing
cost as a proportion of a base data plan. Next, we present a poten-
tial solution to minimize mid-roll buffer losses. We conclude with
a what-if analysis, which analyzes data consumption savings for
different versions of video streaming.

4.1 The Real Cost of Ads
Section 3.4 quantified the proportion of data consumed by ads
while taking into account all associated buffer losses. In this section,
our objective is to understand the cost associated with ads and its
country-wise implications for affordability. We adopt a data plan
perspective to quantify the cost which represents the percentage
of data consumed for a fixed data plan. To calculate data plan cost,
we assume a base 2GB data plan subscription.

To understand the impact of ads and excessive buffer losses over
a period of one month, we model a user that utilizes the entire
data plan for video streaming on YouTube. In that case, we define
video accesses for each country as the number of videos that can
be streamed with a 2GB data plan, considering the average data
consumed when streaming a main-video (including the data cost
of streaming the ads and the hidden losses) in each country. Next,
we compute the monthly data consumption associated with ads
and the corresponding data plan cost using video accesses. Figure
11 represents this data plan costs for different cases of ad data
consumption. ‘No Loss’ corresponds to the scenario where there is
no mid-roll buffer loss and skip-loss associated with the ads, and all
skippable ads are skipped. Therefore, the only cost that is incurred
is for watching the ad content. ‘All Losses + Skipped’ represents the
case where ads incur both skip-loss and mid-roll buffer loss, and all
skippable ads are skipped. ‘All Losses + Not Skipped’ refers to the
case where skippable ads are not skipped. In this case, skip-loss is
not incurred, but the mid-roll buffer is.

Figure 11, shows a significant difference in data plan cost between
the ‘No Loss’ and ‘All Losses + Skipped’ scenarios. On average,
the data plan cost increases from 2.4% of the base 2GB data for
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Figure 12: Data consumed by ads across different types of video streams for the
developed regions (left) and developing regions (right).

Table 1: Percentage of monthly data plan costs incurred due
to average monthly buffer loss.

Country Average Buffer Lost (MB) Data Plan Cost (%)
United States 165.4 8.1
Germany 149.8 7.3
Canada 162.7 7.9
Japan 172.0 8.4

Pakistan 129.6 6.3
Mexico 121.2 5.9
Brazil 62.1 3.0

Indonesia 137.8 6.7

‘No Loss’ to 9.2% for ‘All Losses + Skipped.’ This indicates that
nearly 7% of the 2GB data plan is consumed by excessive buffer
losses. Table 1 provides more detailed information on the data plan
costs associated with these losses. A monetary analysis of data
plan cost is included in the Appendix A.3. Furthermore, there is
an even more significant increase from the ‘All Losses + Skipped’
scenario to the ‘All Losses + Not Skipped’ scenario. Specifically,
the data plan cost rises to 23.5% from 9.2%. This increase is due
to the higher data consumption when watching entire skippable
ads and streaming the much longer skippable portions beyond the
time-to-skip instance. In Table 1, Brazil exhibits a curiously low
data plan cost. Upon a more in-depth investigation, we find that
Brazil has the fewest number of skippable and mid-roll ads within
the dataset, explaining the minimal skip-loss and mid-roll buffer
loss, leading to a comparatively lower data plan cost.

4.2 Alternative Video Streams
We now present a potential solution to mitigate the impact of mid-
roll buffer loss on the cost of ads. Next, we analyze how ad data
consumption varies across different versions of video streaming on
YouTube, including in the case of the proposed solution.
A Simple Solution. Building upon the insights from Section 3.3,
we demonstrate a straightforward solution tominimize buffer losses
attributed to mid-roll ads. The goal is to emphasize the types of
savings that can be realized through a straightforward approach.
More sophisticated and feasible solutions, that might require ar-
chitectural changes, are discussed in Section 5.1. The root cause
of the mid-roll buffer loss is the interruption of main-video by ads.
The frequency of these interruptions directly impacts the extent
of total mid-roll buffer loss for a main-video. Our proposal centers
around reducing the total number of main-video interruptions by

ads while maintaining the same number of ads. To achieve this, we
utilize double ads.

We evaluate the impact of this solution below as part of the
Improved Stream. However, it is important to consider that the
proposed solution solely aims to reduce the impact of excessive mid-
roll buffer loss without taking into account any influence of double
ads on user engagement and experience. Repeatedly encountering
two consecutive ads (instead of single ads at different timestamps)
during a video stream may negatively impact the user experience
and cause early departure from videos due to increased waiting
times before watching the desired content.
What-If Analysis. To understand the impact of the proposed
solution, we conduct a what-if analysis across three different types
of video streams: (1) Original stream: The current YouTube stream
which suffers from mid-roll buffer loss and skip-loss, (2) Optimal
stream: The counterfactual stream where there is no mid-roll buffer
loss and no-skip loss, and (3) Improved stream: The stream incor-
porating double ads to minimize mid-roll buffer loss. Note that the
improved stream will still incur all skip-losses.

Figure 12 depicts the distribution of total data (including the
cost of ads and buffer losses) consumed by ads per main-video
for both the developed and developing countries. We observe an
improvement in data consumed by ads for both regions with the
improved stream, as compared to the original stream. The average
buffer loss for the original stream in developing countries is 7.9MB,
which is improved to 7MB with the improved stream. Similarly,
the average data consumed by ads in developed countries for the
original stream is 8.2MB, which improves to 6.8MB with the im-
proved stream. For comparison, the optimal stream leads to an
average data consumption of 1.5MB in the developed countries,
and 2.8MB in the developing countries. The difference in the data
consumed between developed and developing countries was statis-
tically insignificant at the 5 percent level (𝑝 = 0.071). However, the
difference between the improved stream and the optimal stream had
a 𝑝-value less than .001. Finally, we highlight the video savings that
can be realized across different streams. On average, the improved
stream results in 422.5 secs (7mins) more video playback per month
as compared to the original stream. Similarly, the optimal stream
results in 2257.7 secs (38mins) more video playback for a month,
as compared to the original stream.
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5 DISCUSSION
5.1 Recommendations for Platform Providers
In order to make video streaming platforms such as YouTube more
affordable and inclusive, it is important to address the issue of data
costs associated with watching video ads. Our study highlights the
need for platform providers to take action to reduce these costs. To
this end, we propose a set of recommendations aimed at reducing
the amount of data required to watch video ads and improving the
overall user experience on the platform.

Firstly, our findings call for video-streaming platform providers
to develop more intelligent and user-friendly media player applica-
tions that can differentiate between the type of video being rendered
(e.g., ad video vs. main-video) and adapt video buffering to make
the video accesses more affordable. There are multiple possible
solutions: (i) client can stop main-video buffering before a mid-roll
ad appears to prevent the loss of the already downloaded bytes due
to ad interventions, (ii) a client-side player can maintain two sepa-
rate video buffers (one for main-video, and the other for ad-video)
so that the buffered main-video is not lost, and the user does not
incur a startup delay after the mid-roll ad. However, this solution
can increase the memory overheads on the client device, and (iii)
the client player can be modified such that it does not pre-fetch
skippable portion of ads to avoid skip-loss.

Our analysis also shows that ad placement has a significant
impact on data wasted due to ads. YouTube and other video platform
providers can incorporate data wastage constraints in their Ad
Systems. For example, ad systems can make more strategic policies
for the placement ofmid-roll ads such that the buffer lost due to their
intervention can be minimized. We quantify in the affordability
analysis that one way to minimize the mid-roll buffer loss is to
introduce more spread-out double ads instead of single ads. As
discussed in the section 4.2, this refinement would cut down on the
overall data consumption by 1.2×. Provided that skippable ads are
more concentrated in the early quarters of the video as discussed in
section 3.2 and they result in greater data loss than non-skippable
ads due to the data consumption incurred by skip-loss, we call for
dynamic skippable ad placement so they’re evenly spread out across
the entire video. Incorporating such affordability constraints in ad
systems can help make video streaming inclusive.

5.2 Limitations and Future Work
Our methodology focuses on streaming videos in a sterile envi-
ronment, neglecting the effect of user personalization and specific
usage behavior. While this setup allows us to conduct a large-scale
study, we acknowledge that valuable insights can be had through
the exploration of specific ecological user viewing behaviors (e.g.
watching only recommended videos). We leave such analysis for
future work.

6 RELATEDWORK
In this section we highlight past works that are related to our study.
We discuss related works in the following domains: data wastage,
affordability, and YouTube ads.

Data Wastage. Recent efforts [24, 26, 27] revolve around data
wastage in Adaptive Bitrate (ABR) streaming in the context of user-
perceived QoE. While data wastage serves as a common motivator
between these efforts and our work, there is an important distinc-
tion to be made between the nature of data wastage that is under
investigation. Prior work focuses on main-video buffer lost due to
the frequent occurrences of early departures by mobile users while
streaming video. On the other hand, our work analyzes the cost of
video ads and their associated hidden buffer losses. Any buffer loss
resulting from user early departures would be in addition to the
buffer losses we quantify. Moreover, our work emphasizes the data
plan cost associated with buffer wastage and its implications for
users with fixed cellular-data plans. To the best of our knowledge,
our work is the first to explore such costs.

Affordability. While previous research has aimed to minimize
data consumption in ABR video streaming and proposed cost-aware
buffer management techniques [19], the motivation of these efforts
has not been on understanding the affordability of the video stream-
ing ecosystem. While some studies have touched upon web afford-
ability [5, 18], the specific challenge of making video streaming
more affordable has not been explored earliar. Given the drastic
growth of video streaming over the internet, we believe such ad-
vances for video are equally important in the context of affordability
and accessibility of the internet. Our work takes the first step in an-
alyzing YouTube video streaming through an affordability lens and
providing recommendations in making YouTube more affordable.

YouTube Ads. Prior work on YouTube ads primarily focused
on user perception and engagement with video ads [1, 3]. How-
ever, unlike prior studies that mainly focus on the psychological
perception of users towards YouTube video ads, our work repre-
sents a pioneering effort to conduct a comprehensive cost analysis
from the user’s perspective of these ads. Specifically, we evaluate
the platform’s ad strategies across various formats and placement
policies to better understand the cumulative implications of these
costs on the platform’s affordability and inclusivity.

7 CONCLUSION
In this work, we conducted the first large-scale empirical analysis
of YouTube with the goal of understanding the data costs of video
ads through an affordability lens. We collect and analyze a dataset
of over 17,000 videos and 46,000 ads across 8 countries. Our find-
ings showed that on average 13-28% of the data is consumed by
YouTube video ads, and surprisingly a significant amount of data
is wasted because of (i) aggressive ad buffering of skippable ads
and (ii) interplay between the main-video and mid-roll ad video
media. We further conduct a country-specific affordability analysis,
revealing the implications of buffer wastages and highlighting po-
tential monthly data savings for users if these hidden buffer costs
are avoided. We discuss solutions and recommendations for video
platform providers to reduce data wastage.

ACKNOWLEDGMENTS
We thankHaseebAhmed for his help in scripting and data collection.
We also thank the anonymous reviewers for their valuable feedback.

1145



Uncovering the Hidden Data Costs of Mobile YouTube Video Ads WWW ’24, May 13–17, 2024, Singapore, Singapore

REFERENCES
[1] Mariana Arantes, Flavio Figueiredo, and JussaraM. Almeida. 2016. Understanding

Video-Ad Consumption on YouTube: A Measurement Study on User Behavior,
Popularity, and Content Properties. In Proceedings of the 8th ACM Conference
on Web Science (Hannover, Germany) (WebSci ’16). Association for Computing
Machinery, New York, NY, USA, 25–34. https://doi.org/10.1145/2908131.2908159

[2] ArchWiki. 2023. cron. Retrieved 2023 from https://wiki.archlinux.org/title/cron
[3] Snehasish Banerjee and Anjan Pal. 2021. Skipping Skippable Ads on YouTube:

How, When, Why and Why Not?. In 2021 15th International Conference on Ubiq-
uitous Information Management and Communication (IMCOM). 1–5. https:
//doi.org/10.1109/IMCOM51814.2021.9377378

[4] Cranz, A. 2022. The Verge. There are over 3 billion active Android de-
vices. https://www.theverge.com/2021/5/18/22440813/android-devices-active-
numbersmartphones-google-2021.

[5] Rumaisa Habib, Aimen Inam, Ayesha Ali, Ihsan Ayyub Qazi, and Zafar Ayyub
Qazi. 2023. A First Look at Public Service Websites from the Affordability Lens.
In Proceedings of the ACM Web Conference 2023 (Austin, TX, USA) (WWW ’23).
Association for Computing Machinery, New York, NY, USA, 2731–2741. https:
//doi.org/10.1145/3543507.3583415

[6] J. Clement. 2022. Most popular websites worldwide as of November 2021, by total
visits. Retrieved 2022 from https://www.statista.com/statistics/1201880/most-
visited-websites-worldwide/

[7] Jeff Kline, Paul Barford, Aaron Cahn, and Joel Sommers. 2017. On the struc-
ture and characteristics of user agent string. In Proceedings of the 2017 Internet
Measurement Conference (London, United Kingdom) (IMC ’17). Association for
Computing Machinery, New York, NY, USA, 184–190. https://doi.org/10.1145/
3131365.3131406

[8] Frank Loh, Florian Wamser, Fabian Poignée, Stefan Geißler, and Tobias Hoßfeld.
2022. YouTube Dataset on Mobile Streaming for Internet Traffic Modeling and
Streaming Analysis. Scientific Data 9, 1 (2022), 293. https://doi.org/10.1038/
s41597-022-01418-y

[9] Frank Loh, Florian Wamser, Fabian Poignée, Stefan Geißler, and Tobias Hoßfeld.
2022. YouTube Dataset on Mobile Streaming for Internet Traffic Modeling and
Streaming Analysis. Scientific Data 9, 1 (2022), 293. https://doi.org/10.1038/
s41597-022-01418-y

[10] [n.d.]. 2018. UN Broadband Commission Adopts A4AI “1 for 2” Affordability Target.
Retrieved 2022 from https://a4ai.org/news/un-broadband-commission-adopts-
a4ai-1-for-2-affordability-target/

[11] [n.d.]. 2020. ITU Price Baskets. Retrieved 2022 from https://www.itu.int/en/ITU-
D/Statistics/Dashboards/Pages/Digital-Development.aspx

[12] [n.d.]. [2021]. Affordable Internet: Journey from 1 to 5. Retrieved 2023 from
https://a4ai.org/affordable-internet-journey-from-1-to-5/

[13] [n.d.]. 2021. World Bank Digital Development. Retrieved 2022 from https://www.
worldbank.org/topic/digitaldevelopment

[14] [n.d.]. [2022]. Mobile internet usage worldwide - statistics and facts. Retrieved 2022
from https://www.statista.com/topics/779/mobile-internet/#dossierKeyfigure

[15] [n.d.]. 2022. Open Signal. Retrieved 2022 from https://www.opensignal.com/
[16] [n.d.]. 2022. YouTube: Statistics and Facts. Retrieved 2022 from https://www.

statista.com/topics/2019/youtube/#topicHeader__wrapper
[17] Irena Orsolic, Mirko Suznjevic, and Lea Skorin–Kapov. 2018. YouTube QoE Esti-

mation from Encrypted Traffic: Comparison of Test Methodologies and Machine
Learning Based Models. In 2018 Tenth International Conference on Quality of Mul-
timedia Experience (QoMEX). 1–6. https://doi.org/10.1109/QoMEX.2018.8463379

[18] Ihsan Ayyub Qazi, Zafar Ayyub Qazi, Ayesha Ali, Muhammad Abdullah, and
Rumaisa Habib. 2021. Rethinking Web for Affordability and Inclusion. In Proceed-
ings of the Twentieth ACM Workshop on Hot Topics in Networks (Virtual Event,
United Kingdom) (HotNets ’21). Association for Computing Machinery, New York,
NY, USA, 9–15. https://doi.org/10.1145/3484266.3487376

[19] Yanyuan Qin, Chinmaey Shende, Cheonjin Park, Subhabrata Sen, and Bing Wang.
2021. DataPlanner: Data-Budget Driven Approach to Resource-Efficient ABR
Streaming. In Proceedings of the 12th ACM Multimedia Systems Conference (Istan-
bul, Turkey) (MMSys ’21). Association for Computing Machinery, New York, NY,
USA, 94–107. https://doi.org/10.1145/3458305.3459596

[20] Statista. 2022. Percentage of mobile device website traffic worldwide from 1st quarter
2015 to 4th quarter 2021. Retrieved 2022 from https://www.statista.com/statistics/
277125/share-of-website-traffic-coming-from-mobile-devices/

[21] United Nations. 2022. Human Development Report (2021-22). Retrieved 2022 from
https://hdr.undp.org/content/human-development-report-2021-22

[22] Santiago Vargas, Utkarsh Goel, Moritz Steiner, and Aruna Balasubramanian. 2019.
Characterizing JSON Traffic Patterns on a CDN. In Proceedings of the Internet
Measurement Conference (Amsterdam, Netherlands) (IMC ’19). Association for
Computing Machinery, New York, NY, USA, 195–201. https://doi.org/10.1145/
3355369.3355594

[23] Shichang Xu. 1970. Improving ABR video streaming design with systematic QoE
measurement and cross layer analysis. https://deepblue.lib.umich.edu/handle/
2027.42/155039

[24] Hema Kumar Yarnagula, Parikshit Juluri, Sheyda Kiani Mehr, Venkatesh Tama-
rapalli, and Deep Medhi. 2019. QoE for Mobile Clients with Segment-Aware
Rate Adaptation Algorithm (SARA) for DASH Video Streaming. ACM Trans.
Multimedia Comput. Commun. Appl. 15, 2, Article 36 (jun 2019), 23 pages.
https://doi.org/10.1145/3311749

[25] YouTube Help. [n.d.]. YouTube Trending. Retrieved 2022 from https://support.
google.com/youtube/answer/7239739

[26] Guanghui Zhang, Ke Liu, Haibo Hu, Vaneet Aggarwal, and Jack Y. B. Lee. 2023.
Post-StreamingWastage Analysis – A DataWastage Aware Framework in Mobile
Video Streaming. IEEE Transactions on Mobile Computing 22, 1 (2023), 389–401.
https://doi.org/10.1109/TMC.2021.3069764

[27] Guanghui Zhang, Ke Liu, Haibo Hu, and Jing Guo. 2021. Short Video Streaming
With Data Wastage Awareness. In 2021 IEEE International Conference on Multi-
media and Expo (ICME). 1–6. https://doi.org/10.1109/ICME51207.2021.9428379

1146

https://doi.org/10.1145/2908131.2908159
https://wiki.archlinux.org/title/cron
https://doi.org/10.1109/IMCOM51814.2021.9377378
https://doi.org/10.1109/IMCOM51814.2021.9377378
https://www.theverge.com/2021/5/18/22440813/android-devices-active-numbersmartphones-google-2021.
https://www.theverge.com/2021/5/18/22440813/android-devices-active-numbersmartphones-google-2021.
https://doi.org/10.1145/3543507.3583415
https://doi.org/10.1145/3543507.3583415
https://www.statista.com/statistics/1201880/most-visited-websites-worldwide/
https://www.statista.com/statistics/1201880/most-visited-websites-worldwide/
https://doi.org/10.1145/3131365.3131406
https://doi.org/10.1145/3131365.3131406
https://doi.org/10.1038/s41597-022-01418-y
https://doi.org/10.1038/s41597-022-01418-y
https://doi.org/10.1038/s41597-022-01418-y
https://doi.org/10.1038/s41597-022-01418-y
https://a4ai.org/news/un-broadband-commission-adopts-a4ai-1-for-2-affordability-target/
https://a4ai.org/news/un-broadband-commission-adopts-a4ai-1-for-2-affordability-target/
https://www.itu.int/en/ITU-D/Statistics/Dashboards/Pages/Digital-Development.aspx
https://www.itu.int/en/ITU-D/Statistics/Dashboards/Pages/Digital-Development.aspx
https://a4ai.org/affordable-internet-journey-from-1-to-5/
https://www.worldbank.org/topic/digitaldevelopment
https://www.worldbank.org/topic/digitaldevelopment
https://www.statista.com/topics/779/mobile-internet/#dossierKeyfigure
https://www.opensignal.com/
https://www.statista.com/topics/2019/youtube/#topicHeader__wrapper
https://www.statista.com/topics/2019/youtube/#topicHeader__wrapper
https://doi.org/10.1109/QoMEX.2018.8463379
https://doi.org/10.1145/3484266.3487376
https://doi.org/10.1145/3458305.3459596
https://www.statista.com/statistics/277125/share-of-website-traffic-coming-from-mobile-devices/
https://www.statista.com/statistics/277125/share-of-website-traffic-coming-from-mobile-devices/
https://hdr.undp.org/content/human-development-report-2021-22
https://doi.org/10.1145/3355369.3355594
https://doi.org/10.1145/3355369.3355594
https://deepblue.lib.umich.edu/handle/2027.42/155039
https://deepblue.lib.umich.edu/handle/2027.42/155039
https://doi.org/10.1145/3311749
https://support.google.com/youtube/answer/7239739
https://support.google.com/youtube/answer/7239739
https://doi.org/10.1109/TMC.2021.3069764
https://doi.org/10.1109/ICME51207.2021.9428379


WWW ’24, May 13–17, 2024, Singapore, Singapore Emaan Atique*, Saad Sher Alam*, Harris Ahmad, Ihsan Ayyub Qazi, and Zafar Ayyub Qazi

A APPENDIX
Appendices contain supporting material for the main content of
the paper. The content of appendices has not been peer reviewed.

A.1 Main Dataset Overview
For an overview of our dataset, we provide important summary
statistics in Table 2 and Table 3. These summary statistics are a
useful supplement in understanding the causes of main findings
observed in the paper.

A.2 Android App Dataset
While the goal of Section 3.5 is to purely validate our findings
across Android, we provide summary statistics observed for the
manual analysis of 50 mid-roll and 50 skippable ads. These stats are
presented in Table 4. We leave a more thorough analysis of different
YouTube platforms for future work. Nevertheless, we validate the
generalizability of our insights to the Android YouTube app.

A.3 Monetary Costs of Youtube Video Ads
To better contextualize our data-plan costs from Section 4.1, we
provide a monetary perspective for the cost of excessive data loss.
Table 5 shows the monetary cost incurred due to average monthly
buffer loss for each country. To convert data plan cost into monetary
cost, we use the data-plan prices provided by the ITU dataset [11].
While the cost is presented in US Dollars, it is important to note

that the impact of this cost will vary for each country based on the
exchange rates and per-capita income for the country. Therefore, a
seemingly insignificant dollar amount can have a significant effect
for developing countries.

B ETHICS
Our analysis suggests that the total number of ads streamed in our
study, 46,613, represents a negligible fraction of the total ads that
YouTube’s vast user base, comprising approximately 862.9 million
users across eight countries [6], is likely to encounter over a two-
month period (our data was collected over a period of two months).
Moreover, YouTube provides users with different paying metrics,
which include cost-per-click (CPC), cost-per-action (CPA), cost-per-
view (CPV) and cost-per-1000-impressions (CPM) [2]. The ads in
our study did not impact ad companies relying on CPC or CPA, and
any impact on companies paying per view or per 1000 impressions
is negligible. To illustrate, our dataset included 14,604 unique ads.
Among these, the maximum number of views for a single ad across
various main videos was only 121. This figure is significantly lower
than the threshold of 1000 impressions, emphasizing the limited
scope of our study’s influence on advertising metrics. Therefore,
our study doesn’t have any significant effect on the ad ecosystem
or on ad budgets. Overall, our research findings are based on a
rigorous analysis conducted with integrity and responsibility, in
full compliance with ethical research practices.
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Table 2: Number of Skippable and Non-skippable Ads

Developed Developing
Trending Non-Trending Trending Non-Trending

Skippable Non-Skippable Skippable Non-Skippable Skippable Non-Skippable Skippable Non-Skippable
7390 2748 9706 4728 7758 1549 9906 2828

Table 3: Number of Pre-Roll, Mid-Roll and Post-Roll Ads

Developed - Trending
Pre-Roll Mid-Roll Post-Roll
3695 5460 983
Developed - Non-Trending
Pre-Roll Mid-Roll Post-Roll
4977 8753 704
Developing - Trending

Pre-Roll Mid-Roll Post-Roll
5514 3277 516

Developing - Non-Trending
Pre-Roll Mid-Roll Post-Roll
6470 6001 263

Table 4: Skip Loss and Mid Roll Loss on the Android App

Loss Average Median 25th Percentile 75th Percentile
Proportion of Skippable Ad Downloaded at Time-to-Skip (%) 77.4 92.2 64.7 93.6

Main-Video Lost due to Mid-Roll Ads (secs) 97.2 100.5 93.4 102.9

Table 5: Monetary Cost Incurred due to Average Monthly Buffer Loss

Country 2GB Mobile Broadband PPP ($) Monetary Cost ($)
United States 43.52 3.51
Germany 12.80 0.936
Canada 34.70 2.76
Japan 40.79 3.42

Pakistan 2.36 0.149
Mexico 18.04 1.07
Brazil 7.11 0.215

Indonesia 10.85 0.73
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