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Prior work on dark patterns, or manipulative online interfaces, suggests they have potentially detrimental
effects on user autonomy. Dark pattern features, like those designed for attention capture, can potentially
extend platform sessions beyond what users would have otherwise intended. Existing research, however,
has not formally measured the quantitative effects of these features on user engagement in subscription
video-on-demand platforms (SVODs). In this work, we conducted an experimental study with 76 Netflix users
in the US to analyze the impact of a specific attention capture feature, autoplay, on key viewing metrics. We
found that disabling autoplay on Netflix significantly reduced key content consumption aggregates, including
average daily watching and average session length, partly filling the evidentiary gap regarding the empirical
effects of dark pattern interfaces. We paired the experimental analysis with users’ perceptions of autoplay
and their viewing behaviors, finding that participants were split on whether the effects of autoplay outweigh
its benefits, albeit without knowledge of the study findings. Our findings strengthen the broader argument
that manipulative interface designs can and do affect users in potentially damaging ways, highlighting the
continued need for considering user well-being and varied preferences in interface design.
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1 Introduction
The Human-Computer Interaction (HCI) community has seen growing interest in how online
platforms use manipulative interface designs, often termed dark patterns or deceptive designs [9],
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to steer users toward decisions they would not otherwise make. These patterns exploit cognitive
biases and behavioral tendencies, often to the detriment of users. As platform interactions continue
to play a central role in our daily lives, understanding the implications of dark patterns becomes
crucial for ensuring ethical and user-centric design practices.
In particular, “attention capture damaging patterns” (ACDPs) [51], a subset of dark patterns

designed to capture and retain user attention, have been the focus of several recent CHI studies [6,
12, 44, 45, 51, 61]. Employing such design elements to arrest user attention can contribute to
stress, reduced productivity, and addiction-like behaviors, affecting users’ mental well-being and
overall health [12, 14, 44, 51, 61] by leading users to engage with content they might not have
chosen willingly. Some researchers have specifically called out autoplay—a platform design feature
in which multimedia content, such as videos, is played one after another without explicit user
consent—as a ubiquitous and especially harmful ACDP [44, 51]. The captivating nature of autoplay
can undermine the agency of users’ experience and morph their consumption patterns in ways
they may regret [61].
The backlash against autoplaying content extends beyond the academic realm. Mainstream

journalism in the United States (US) has targeted the complications of autoplay, especially with
respect to parenting children’s device usage [13, 35, 43]. Recently, in the US, where large subscription
video-on-demand (SVOD) platforms like Netflix are headquartered and widely used [70], bipartisan
legislation has been drafted and introduced onmultiple accounts which, if passed, would prohibit the
use of autoplay (among other attention capture features) specifically for children (DETOURAct [75])
or social media platforms (SMART Act [34]). To date, the European Union (EU)’s General Data
Protection Regulation (GDPR) already prohibits subjecting users to automated decision-making
without explicit consent [21]. Moreover, autoplay has also been labeled as an accessibility issue by
independent accessibility organizations like the Bureau of Internet Accessibility due to the nature
of media playing without consent being potentially distressing for neurodiverse users [56, 72].
Yet, autoplay is extensively utilized by SVOD platforms (e.g., Netflix, Hulu, Disney+) who may

argue that this feature is simply a user convenience [3]. Many argue to the contrary, that the
platforms employ autoplay to benefit from the increased time that users spend on their platforms [12,
51, 61], but these arguments are void of quantitative evidence. That is, to the best of our knowledge,
the impact of autoplay on SVOD users has not been quantified. Qualitative studies, such as diary
studies [12] and interview studies [61], have shined a light on Netflix users’ perceptions of autoplay
but lack quantitative metrics. We expand upon these works by asking:

• RQ1: To what extent (if any) does autoplay quantitatively affect users’ video consumption?
• RQ2: What informs Netflix users’ decisions to disable autoplay or keep it enabled?

To this end, we employed a controlled experiment and systematic mixed-methods analysis, statisti-
cally analyzing quantitative effects of autoplay on users’ watching behaviors on Netflix. We focused
on Netflix, the original pioneer in the online TV streaming industry, because it remains the largest
SVOD platform to date [67]. In September of 2022, over three-quarters of surveyed households in
the US subscribed to Netflix [66].
Our controlled experiment included 76 moderate–heavy Netflix users in the US, split equally

into treatment and control groups. Participants in the treatment group turned off autoplay in their
Netflix settings, while participants in the control group kept autoplay on. All participants installed
a browser extension we developed to enable verification and monitoring of their study compliance
by systematically sending participant information to our server back-end, including consistent
logs of their autoplay settings. After a 10–17 day study period, we asked participants to exercise
their rights to request their Netflix data—enabled by regulations [1, 21]—to establish their extensive
and accurate Netflix usage for both a baseline period leading up to the study and throughout the
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Fig. 1. Illustration of how autoplay appears at the end of an episode on Netflix. Users may (1) return to the
menu, (2) opt to continue watching the credit sequence, stopping the next episode from automatically playing,
(3) opt to play the next episode right away, or (4) do nothing, for which the next episode will automatically
play after about 5 seconds. A color wipe across the Next Episode button operates as a visual countdown timer
for when the next episode will automatically begin.

study itself. Participants submitted their anonymized data requests to the research team via our
tailor-made web portal.

We analyzed the participants’ submitted data to look for differences in the participants’ watching
behaviors between the study’s intervention period and the six-month duration leading up to the
study, using the control group to account for confounding variables. We found that disabling
Netflix’s autoplay resulted in, on average, 21 fewer minutes watched per day and 17-minute shorter
sessions (consecutive viewings). We also found that disabling autoplay increased the time between
content viewings within a session by about 24 seconds on average but had no effect on the time
between sessions. Our findings suggest that by heightening the users’ active role in playing Netflix
content, more time is taken between episodes, users watch less overall, and sessions end sooner.

Furthermore, we paired the experiment with pre- and post-study surveys, which we analyzed to
further contextualize the experimental outcomes. We found that participants, prior to the study,
generally felt in control of their time on Netflix and that the potential benefits realized from
disabling autoplay may not outweigh its basic convenience for all participants.

In summary, the primary contributions of this work are:
• A first analysis of a dataset comprised of Netflix users’ data requests, which provides both
descriptive metrics of our participant population’s general Netflix use and a baseline for
statistical analysis.

• A controlled experimental study measuring the quantitative effects of autoplay use on Netflix
users’ watching behaviors, supported by user perceptions from throughout the study.

Our findings shed light on the substantial impact of autoplay on user engagement and the
nuanced considerations that users may have regarding their experiences with autoplay. In pursuit
of tailored user-centric controls to cater to personalized content consumption needs while fostering
a more empowering user experience, we recommend increased accessibility and control over
autoplay features on SVOD platforms such as Netflix.

2 Background and Related Work
In this section, we provide an overview of relevant work in the fields of dark patterns, attention
capture, and “binge-watching”. We then provide a brief history of Netflix and a description of its
current platform as the leading SVOD platform.
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2.1 Dark Patterns in Streaming Media Platforms
Many online services design user interfaces (UI) to manipulate and exploit user behaviors and activ-
ities. These dark patterns in UIs have been widely recognized in the context of online purchasing,
privacy-related decision-making, and navigating settings pages [30, 47, 52]. Previous works provide
comprehensive taxonomies of dark patterns, revealing how prevalent dark patterns are and how
they can compromise users’ interests from various perspectives [20, 29, 47, 48]. Bongard-Blanchy et
al. also suggest that users can struggle to navigate against effects brought upon by dark patterns [7].

Among the many types of existing dark patterns, some designs termed “attention capture dam-
aging patterns” (ACDPs) [6, 44, 45, 51] prolong user engagement by distracting users, undermining
their sense of agency, and inciting addictive behaviors. ACDPs can be detrimental to users’ physical
and mental health [12, 51, 61], increasing the chance of experiencing regret [12, 14] and undermin-
ing users’ trust in the platform [61]. Researchers have highlighted autoplay specifically as one of
the most common and harmful ACDPs in streaming media platforms [44, 51]. Moreover, in one of
the leading dark pattern taxonomies, Gray et al. place autoplay in a subcategory of “forced action”
dark patterns, specifically those utilizing “attention capture” mechanisms [28].

Moreover, autoplay is usually activated by default and can be hard to deactivate [49]. Autoplay is
believed to extend viewing sessions by seamlessly transitioning users from one piece of content to
the next [14], removing the need for any active decision-making by users [10, 44, 50], but without
quantitative evidence to support this assertion. There is an effort in modern platform design to
eliminate signals that suggest to users that it might be time to move onto a new activity (“stopping
cues”) [4]. The inertial nature of autoplay ices over stopping cues, resuming playback of new and
engaging content quickly as the previous one ends.

Dark patterns research has increasingly paid attention to autoplay’s adverse effects. For instance,
Chaudhary et al. report that autoplay use increases mindless behavior, especially as fatigue sets
in over prolonged sessions [12]. Lukoff et al. also suggest that autoplay is the dark pattern most
responsible for compromising users’ sense of agency [44]. Worse, Hiniker et al. found that au-
toplay can also have increased detrimental effects on minors by reducing their autonomy and
self-regulation, resulting in increased intervention from parents [36]. Further, autoplay’s preva-
lence accompanies—and, in part, enables—the rise in “binge-watching”, a well-studied behavioral
practice that carries its own range of adverse effects (e.g., addiction-like behaviors [19, 58, 60],
detriments to physical health [22, 62, 73], and decreased mental well-being [2, 18, 31]). While there
is academic consensus that autoplay encourages users to spend more time watching videos than
they expected [32, 44, 50, 51, 61], there is scarce evidence on how the use of autoplay quantitatively
changes watching behaviors. Our work fills this gap with a statistical analysis of the changes in
Netflix consumption when autoplay is disabled.

2.2 From DVDs-by-Mail to Autoplaying Content
Founded in 1997, Netflix is now one of the most used SVOD platforms in the world [67]. Netflix
was established in the US to provide DVD-selling and renting services [33]. They launched their
service website in 1998 [42], introduced their subscription model in 1999 [53], and delivered their
billionth DVD by mail in 2007 [54]. By 2010, Netflix had evolved into the dominant SVOD service we
recognize today, keeping an additional DVD subscription service on the side [57] and responding
to the market’s growing demand for predominately digital interactions.

By 2016, Netflix’s streaming service had expanded to almost every country worldwide. [71]. Today,
Netflix has around 238 million paid subscribers worldwide [68] and 75 million paid subscribers in
the US and Canada [69]. With the launch of Netflix Originals in 2013, the platform’s growth was
accompanied by a successful expansion into original content production, marking a shift from a
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Fig. 2. Structural components of the full study design, organized from left to right in the order that participants
completed them.

content distributor to a producer of original content [11, 39]. Matching societal trends of increased
normalization and socialization of “binge-watching”, Netflix’s service has grown rapidly in scale
and subscription. This company and its service are now well-known for their largest market share
of SVOD services worldwide [67], attractive exclusive programming [64], and refined content
quality [65]. We focus our study on Netflix due to its prominence in the industry.
A prominent feature of the contemporary Netflix experience is autoplay. For necessary study

context, we present how Netflix’s autoplay appears and functions in Figure 1. When a piece of
content playing on Netflix approaches its ending credits, a button appears in the bottom right, which
users may press to begin playing the next piece of content (typically the next episode in a series).
When autoplay is enabled—which is the default setting—the queued content will automatically
begin to play after five seconds of inactivity by the user. When autoplay is disabled in one’s Netflix
account settings, the Next Episode button still appears, but the next episode is not played until the
viewer chooses to do so. In 2020, Netflix added the ability for users to disable autoplay from their
account settings found only on the browser version of the platform [38], a feature which our study
implementation takes advantage of, as detailed in the following section.

Netflix’s use of autoplay is similar to those employed by other SVODs (Disney+, Amazon Prime
Video, etc.) [12]. Like autoplay on Netflix, when one piece of content ends, a subsequent piece of
content is automatically queued and starts playing if no user action is taken. Other short-form
online video platforms like YouTube and TikTok also feature autoplaying content. Autoplay on
YouTube operates much the same as on Netflix and other SVODs, and prior work found that
autoplay on this platform limits users’ sense of agency and causes them to feel less in control
of their time spent on YouTube [44]. On the other hand, social media platforms that feature the
automatic playing of video content, such as TikTok, employ a slightly different type of autoplay
where user swipes could be considered a form of active consent. Still, work has experimentally
determined that TikTok’s platform design can reduce users’ ability to think analytically, increasing
susceptibility to misinformation [40]. The reduction in agency and analytical thinking resulting
from platform designs that employ autoplay may lead to extended viewing sessions. In this paper,
we test whether specifically autoplay on Netflix increases viewing time.

3 Methodology
To investigate the extent to which the autoplay feature on Netflix influences user watching behavior,
we conducted a user study with the procedure illustrated in Figure 2 and detailed in this section.
We developed all survey materials in Qualtrics [77] and deployed all study components using
Prolific [59]. Our Institutional Review Board (IRB) approved the study, and all materials are available
in the Supplementary Materials. The study was conducted in ten separate, overlapping deployments
from June to August 2023 to manage resource constraints.
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Table 1. Survey participant demographics: age, gender, highest level of education, estimated annual income,
and timezone.

Age # % Gender # % Education # % Estimated Annual Income # % Timezone # %
18-24 3 4 Female Identifying 37 49 Less than High School 1 1 $0-$19,999 8 11 EDT 33 43
25-34 38 50 Male Identifying 39 51 High School 22 29 $20,000-$49,999 18 24 CDT 29 38
35-44 20 26 Non-binary 0 0 Associate’s Degree 6 8 $50,000-$99,999 25 33 MDT 6 8
45-55 10 13 Prefer not to answer 0 0 Bachelor’s Degree 32 42 $100,000+ 12 16 PDT 8 11
55 years or older 5 7 Prefer to self-describe 0 0 Prof. or Advanced Degree 15 20 NA 13 17

Table 2. Participants’ reported their typical means of watching Netflix (participants could select multiple
devices) and account ages, along with the number of other people using the same account and the percentage
of time that participants watch by themselves (rather than with others).

Device # % Account Age Years Number of Other People
Sharing the Same Account # Portion that Participants

Reported Watching Alone %

Desktop/Laptop 52 68 Median: 8.0 Median: 2.5 Median: 60.2
Mobile 50 66 Average: 7.8 Average: 2.2 Average: 54.0
Smart TV 70 92 Standard Dev. 4.3 Standard Dev. 1.9 Standard Dev. 32.5
Tablet 15 20 Min, Max: (0.5, 18.0) Min, Max: (0, 8) Min, Max: (0, 100)
Gaming Console 15 20

3.1 Participant Selection
In this section, we describe the process for recruiting, screening, and enlisting participants, as well
as the participant demographics.

3.1.1 Participant Recruitment We began by deploying a screening survey on Prolific to identify
suitable candidates. We sought consistent, average-to-heavy Netflix users, which we considered to
be individuals who reported watching Netflix at least three times a week, ranked it as their first
or second SVOD platform, and did not frequently change their primary streaming service. We
also required that participants had used Netflix on their current account for at least six months to
establish a sufficient baseline of watching behaviors. Practical constraints required us to filter for
US residents aged 18 or older who primarily used Google Chrome, which was necessary for the
study’s browser extension to monitor compliance. We also excluded individuals who had turned
off autoplay in the past, previously requested their data from Netflix1, or did not have access to the
email address associated with their Netflix account.

3.1.2 Participant Screening The screening survey was completed by 1,203 individuals, 262 of whom
met the criteria. These participants were compensated $2 for completing the screener. We then
invited 92 of these participants to the full study, with 78 completing all parts. After analyzing the
data, we excluded 2 participants for misrepresenting their Netflix account activation period, leaving
a final participant pool of 76. Each participant was compensated $35 for completing all parts of the
study, and those who dropped out were compensated for the components they completed, with
their data excluded from analysis.

3.1.3 Participant Demographics Table 1 shows the demographics of the 76 participants. While
they spanned all age ranges, half were aged 25–34. The group included 39 males and 37 females,
with 62% holding at least a bachelor’s degree. Most participants (81%) lived in eastern or central
US time zones. Additional characteristics, including Netflix usage patterns, are detailed in Table 2.
Notably, 92% of participants typically watched Netflix on a Smart TV, though they also used a
variety of other devices. Participants had Netflix accounts ranging from 6 months to 18 years, with
1Some platforms place restrictions on the amount and frequency for which its users can request personal data, and we did
not want such limits to complicate the study.
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an average of about 8 years. They reported sharing their accounts with 0–8 other users, averaging
about two users per account. Participants watched Netflix alone just over half the time on average,
with considerable variability in individual preferences.

3.1.4 Study Enrollment After screening participants and collecting their demographic information
(see Figure 2), they completed a pre-study questionnaire through Prolific, were randomly assigned
to either the control or treatment group, and received instructions for the study’s technical setup.
There were 38 participants in each group, with the control group keeping autoplay on and the
treatment group having autoplay disabled. The pre-study questionnaire provided qualitative context
for their quantitative viewing data we discuss in the following sections. For instance, the pre-
study questionnaire asked participants to rate their agreement with statements regarding their
sense of time management on Netflix and whether they liked to allow content on Netflix to play
automatically.2 Participants then installed a browser extension developed by the research team
to track study compliance and followed instructions for configuring the extension and setting up
their study conditions.

3.2 Study Design
This section describes the mechanics used for data collection. We outline how participant data
was collected, anonymized, and submitted to the research team, as well as how accompanying
qualitative data was collected with surveys.

3.2.1 Browser Extension We designed a Google Chrome extension to ensure participants followed
the study’s technical requirements. The extension verified the autoplay setting—off for the treatment
group and on for the control group—both at enrollment and throughout the study. It sent logs
tagged with each participant’s unique ID to our Google Cloud Storage Bucket, with a flask
backend running on Google Cloud Run [23, 26]. The timestamped logs included any changes to a
user’s account autoplay settings and whether the extension was disabled prematurely. Since the
Netflix account settings can only be accessed in the browser (and not in the app or on other devices
like Smart TVs), the extension captures user attempts (or refusals) to change playback settings on
the user’s primary means of doing so—their computer browser. Also, since autoplay settings were
configured in the users’ Netflix account settings, the autoplay setting persists across all devices the
users may watch on, not just the computer browser. For the sake of privacy, the extension was only
active on necessary Netflix domains and did not track any other browsing activity. Non-compliance
resulted in data exclusion and termination from the study.

3.2.2 Study Duration and Reflection Participants were instructed to watch Netflix as usual, with
the control group keeping autoplay on and the treatment group turning it off. After 10 days, we sent
a post-study survey through Prolific, including instructions for requesting account data from Netflix
and reflection questions on their study experience. For instance, we asked whether participants in
the treatment group, now having completed the study, planned to re-enable autoplay or keep it off
and to provide any reasoning. Since participants took a variable amount of time to complete the
post-study survey, the timeline that participants were enrolled in the study varied from 10–17 days.

3.2.3 Data Download We leveraged participants’ Data Subject Access Requests (DSARs) to collect
detailed Netflix usage data. This process is supported by privacy regulations like the EU’s General
Data Protection Regulation (GDPR)[21] and California Consumer PrivacyAct (CCPA)[1]. Individuals
can request access to their personal data by submitting a DSAR to the organizations (e.g., Netflix)
that collect it. Most platforms offer DSARs in the form of downloadable files, which are sent to the

2To minimize participant priming, we resisted using the word “autoplay” in the pre-study questionnaire.
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individual via email within some set timeline of the request. DSARs from Netflix include detailed
logs of all platform interactions, such as subscription history, device locations, and menu navigation.
The most relevant data included for our study is each user’s detailed watching history: titles of
content watched, viewing times, and viewing durations.

3.2.4 Data Submission For the final component of the study, we built a Node.js [24] form hosted
on Railway [16] to collect participants’ data requests. Since Netflix does not immediately process
data requests, it was necessary to build this form separately from the post-study survey. From
piloting, we found that two days was enough time for Netflix to process a data request, so we sent
participants the upload form about 48 hours after they requested their data.

Prior to the study, the research team had analyzed their own Netflix data requests and were made
aware of the potential privacy concerns that would come with sharing such data. For example,
the data requests notably include the users’ full names, email addresses, phone numbers, and
locations. They also include expansive interactive histories like devices used, languages used,
billing information, etc. Critically, this information would also be included for those not enrolled in
our study if they shared a Netflix account with someone who was enrolled; that is, data is included
at the account level rather than the profile level.
Consequently, to manage privacy concerns, our study’s data upload process is similar to those

used in other user studies involving DSARs [8, 76]. The web form walked participants through
downloading the archive sent from Netflix and uploading it to our submission portal, which locally
anonymized their data in-browser. Before sending the archive to the research team, the portal
allowed participants to view the anonymized data but did not provide editing functionality.

We collected the following data from only the enrolled participant’s profile: title of each piece of
content viewed, watching duration, the date and time they watched it, and the country they were
in when they watched it. We also recorded their Netflix subscription history to ensure baseline
feasibility and participant honesty.

3.3 Data Analysis
This section describes the methods for analyzing participants’ Netflix data and survey responses.

3.3.1 Data Preprocessing The participant DSARs include every video playback on the platform,
regardless of type. We categorized content from the Netflix data requests into actual (movies and
TV series) and promotional (trailers, clips, automatically playing menu content, bonus interviews,
etc.) categories. We noted that this information is typically embedded into the title of the content in
inconsistent forms (e.g., “Season 1 Plot Clip: Rough Diamonds” or “Black Mirror: Season 6 (Episode
Title Reveal)”). We used a combination of manual and automated methods to categorize titles as
either actual or promotional content and further categorized actual content into either TV series
or movies. We split the dataset into two parts based on the date of each participant’s enrollment
in the study (their baseline and study durations, respectively). Finally, we grouped participants’
viewing histories into sessions, defining a session as one or more consecutive viewings separated
by less than 10 minutes. We then calculated time-based metrics and used statistical methods to
compare the study’s results against baseline data.

3.3.2 Baseline Analysis We used six months of pre-study viewing history as the baseline. For
participants who had a break in Netflix usage, we extended the baseline period to ensure a full six
months of data.

We analyzed the baseline dataset for descriptive metrics to characterize the participants’ watching
behaviors prior to the study. We calculate key time-based metrics such as Average Session Length
to enable statistical analysis of the experimental effects as well as complementary metrics like the
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Table 3. The four metrics we used to describe participant watching behaviors for the experimental analysis.

Watching Metric Description
Average Daily Watching Average daily total watching time, in minutes.

Average Session Length
Average length of a Netflix viewing session, in minutes, where a session
includes subsequent viewings that begin within 10 minutes of the
previous content’s end. Time in between viewings is not included.

Average Interim Time The average time between viewings within the same session, in minutes.
Average Time Between
Sessions The average time between sessions, in minutes.

breakdown of time spent watching episodic TV content versus movies to provide context to the
experimental outcomes. To avoid skewing the data, we weighed each participant’s data equally
by first calculating the metrics for each participant’s full baseline and then aggregating across
participants. For numerical metrics (e.g., the number of unique movies watched), we report the
median. For ranking metrics (e.g., most watched movies or most popular time of day to start a
Netflix session), we report the result of a ranked vote (using the Borda count method [27]).
Pre-Study Survey Analysis Alongside the quantitative descriptions of the participants’ watching
behaviors, we also report the result of 5-point Likert-scale questions from the pre-study survey.
The responses are grouped by theme and reported as the percentage of participants that selected
each response (from Strongly and Somewhat Agree to Strongly and Somewhat Disagree).

3.3.3 Experimental Analysis For measuring the effects of disabling autoplay, we focused on four
key aggregates of participant watching behaviors, which are presented in Table 3. These four
metrics together describe an encapsulating mosaic of the time participants spend watching Netflix.
We compared these metrics for each group population between the study duration and baseline
with the following method.

To make a fair comparison between the long six-month baseline and the participants’ shorter
participation in the study, we first calculated the duration for which each participant was enrolled
in the study (10–17 days).3 Then, we split up each participant’s baseline into all possible contiguous
periods of the same length. For example, if a participant was in the study for 11 days, we split up
their 180-day baseline (six months) into 170 contiguous 11-day periods. We then constructed a
series of “baseline slices” by taking one period from each participant, starting with the periods
immediately prior to study enrollment and working backward until the baseline periods were
depleted, keeping the control and treatment groups separate. Since the participant with the longest
study timeline (17 days) resulted in the fewest number of baseline periods (164), we ended up with
164 feasible slices to use as the statistical baseline for the study. Constructing the “baseline slices”
in this way ensures that each slice has the same composition as the study duration and the data
used is as close in time to the study duration as possible.

For each baseline slice, we calculated the four metrics for both the control and treatment groups
by first calculating the metric for each participant and then taking the mean across participants
within each group. We then represent the aggregated metrics from each baseline slice as a normal
distribution so that one can locate where the respective metric from the study duration falls on
the baseline distributions for both the control and treatment groups. Each study metric can be
thought of as a Z-score [5], where the mean and standard deviation are calculated from the baseline
distributions. One would expect participation in the study to affect participant behavior (the

3Some participants were provided study components, like the post-study survey, but did not complete them for a few
days. If participants completed stages promptly, the shortest enrollment possible was 10 days, which was the case for most
participants. Over 90% of participants took just 10-12 days.
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Table 4. Baseline watching metrics aggregated across all participants. All four metrics are reported in minutes.

Watching Metric Baseline Aggregate

Average Daily Watching 𝑚𝑒𝑎𝑛 = 51.3
𝑆𝐷 = 5.87

Average Session Length 𝑚𝑒𝑎𝑛 = 55.9
𝑆𝐷 = 4.33

Average Interim Time 𝑚𝑒𝑎𝑛 = 0.959
𝑆𝐷 = 0.076

Average Time Between Sessions 𝑚𝑒𝑎𝑛 = 1100
𝑆𝐷 = 116

Hawthorne effect [55]). Thus, we must calculate the difference between the treatment and control
groups’ Z-scores to determine the effect of disabling autoplay while accounting for potential
confounding factors such as the participant knowingly participating in a study about Netflix
watching behavior.

Finally, we posture the difference in Z-scores on a distribution of differences between two
randomly sampled Z-scores (𝜇 = 0, 𝜎 =

√
2), resulting in itself, another final Z-score that represents

the probability that the difference between the two original Z-scores (from the treatment and
control groups) is due to chance (i.e., a p-value). Moreover, since each Z-score, prior to taking the
difference between the treatment and control groups, corresponds to a distance from the baseline
mean in the same units as the metrics (minutes), we calculate the effect sizes of disabling autoplay
by combining the difference between the control group and its baseline with the difference between
the treatment group and its baseline.
Post-Study Survey Analysis Participants reflected on their study participation with both multiple-
choice and open-ended responses in the post-study survey. We grouped participants by their
multiple-choice responses and then analyzed the open-ended responses for common themes par-
ticipants used to justify their multiple-choice responses. For example, we asked treatment group
participants, having completed the study, whether they planned to re-enable autoplay, keep it
disabled, or remain undecided. Then, we report percentage breakdowns for each choice, followed
by typifying anecdotes enumerating the various reasons given.

4 Findings
In this section, we first present the analysis of the participants’ baseline Netflix consumption
habits (§4.1), which includes the most recent six months of participant watching data prior to the
study along with pre-study survey responses. We then present the results of our experimental
intervention study (§4.2), uncovering the quantitative effects of disabling autoplay on participant
watching behavior.

4.1 Descriptions of Participants’ Baseline Netflix Use
We provide aggregate metrics and survey responses describing the participants’ Netflix watch-
ing behaviors with respect to their baseline. That is, the following subsections summarize the
participants watching behaviors and perceptions before participating in the experimental study.

4.1.1 How much were participants watching? Here we describe what our dataset of the participants’
baseline data indicates about how much the participants were watching in the time leading up to
the study, including the aggregate metrics serving as a statistical baseline for the experiment and
additional time-based descriptive analysis.
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Table 5. The top titles in our participants’ baseline viewing, resulting from ranking titles by total viewing
time and aggregating with Borda scoring. Since the top titles are all TV series, we also report the top movies
separately.

Top 10 Titles Top 10 Movies

1. Love is Blind 6. Shadow and Bone 1. You People 6. All Quiet on the Western Front
2. You 7. The Night Agent 2. Anna Nicole Smith:[...] 7. Luther: The Fallen Sun
3. Perfect Match 8. Ginny & Georgia 3. A Man Called Otto 8. The Hunger Games: [...]
4. Manifest 9. Black Mirror 4. Glass Onion:[...] 9. Missing
5. Wednesday 10. BEEF 5. Your Place or Mine 10. I See you

Participants’ Baseline Watching Behavior Leading up to the Study: Table 4 contains
descriptive metrics for the participants’ watching behaviors during the baseline period. On any
given day, participants watched an average of about 50 minutes. Continuous viewing sessions
lasted just under an hour on average (55.9 minutes). The time between consecutive viewings within
a session was about 1 minute. (If the “interim” time was 10 minutes or longer, we considered this
the start of a new session.) This is longer than the interim time provided by autoplay (about 5
seconds) because interim time can include time spent maneuvering the platform menus or taking
short breaks. Finally, the average time between consecutive sessions was about 1100 minutes
(18.3 hours). These metrics—the ones in Table 4—serve as reference points for the participant
population prior to the quantitative differences uncovered from statistical analysis resulting from
the experimental intervention (turning off autoplay). For additional context, the median participants
typically watched about 7,440 minutes (≈24 hours) of content across about 138 separate sessions
spanning their six-month baselines.

4.1.2 What kinds of content were participants watching? We describe what our dataset of the
participants’ baseline data indicates about what the participants were watching in the time leading
up to the study, including breakdowns of the types of content (TV series vs. movies), the relative
popularity of specific titles, and their relationships to promotional content. In addition to exploring
the types of Netflix content viewed in the participants’ baseline, we also looked for any connections
between autoplay and the content viewed by participants during the study.

Mostly Episodic Content: Participants watched TV series far more than movies. About 86% of
time spent viewing content on Netflix was for TV series. Moreover, TV series make up nearly 93%
of total viewing occurrences (rather than time spent), which is consistent with the fact that movie
viewings, while fewer in number, last longer on average than a single TV viewing. The dominance
of TV series provides an interesting baseline for the experimental intervention since autoplay is
especially applicable to the notion of consecutive episode viewings.

Convergence of Top Titles: While participants’ baseline together included a breadth of viewing
activity (about 26,000 viewing instances totaling about 682,000 viewing minutes), certain titles
clearly emerged as most popular. By median, each participant viewed about 23 unique TV series4
and 12 unique movies. We ranked each title by total time spent viewing and aggregated across
participants using Borda scoring. Table 5 shows our participants’ most watched titles. Notably,
all of the listed titles reached Netflix’s own reported Top 10 in the US at some point during the
study baseline, indicating a level of agreement between our dataset and the broader US Netflix
population [37, 74].

4We counted multiple seasons of the same series as viewings of the same unique TV series.
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0% 25% 50% 75% 100%

After I finish watching something on Netflix, I like to allow
the next Netflix content to automatically start playing.

After I finish watching something on Netflix, I like to take
time thinking about what I watched.

I keep track of the number of episodes I watch on Netflix.

When watching Netflix, I maintain a good sense of time.

I watch a reasonable amount of Netflix.

I feel in control over how long I spend on Netflix.

Autoplay
Sense of Tim

e

Strongly disagree Somewhat disagree Neither agree nor disagree Somewhat agree Strongly agree

Fig. 3. Likert responses regarding perceptions of watching time and autoplay.

Even though Netflix’s Top 10 titles emerged as the most popular across the six-month baseline,
the Top 10 titles represented quite a small portion of the baseline viewing.5 Consequently, we could
not conduct sufficiently powerful statistical tests to analyze any relationships between whether a
participant had autoplay on or off and their consumption of Netflix’s Top 10 content.

High Exposure to Promotional Content: In addition to the viewing of TV series and movies
discussed above, participants also viewed a high amount of promotional content. Recall from
§3.3.1 that we distinguish promotional content from actual TV series or movies to encompass
all other forms of viewing (trailers, autoplaying banners on the landing page, teasers played from
hovering over a selection, etc.). The relationships between actual and promotional content viewed
are meaningful. Promotional content made up less than 2% of a participant’s time spent on the
platform but almost half (46%) of all viewing instances. This means that platform users encounter a
high number of short-lasting promotional content throughout a Netflix session. Specifically, our
participants encountered about 2–3 instances of promotional content per session, each lasting
about 13 seconds on average.
Though making up just a small portion of overall time on the platform, the high amounts of

promotional content still serve as a major gateway to longer lasting actual content. Whenever
a participant started viewing a new unique title (i.e., started an entirely new show or watched a
differentmovie), in over half of such cases (60%), the participant had previously viewed promotional
content for that title. Autoplay on Netflix will frequently automatically play promotional content,
especially upon completing a movie or the last episode available for a TV series. The high exposure
to autoplayed promotional content paired with the high conversion rate of promotional content
leading to actual content work in tandem to prolong viewing sessions and increase time spent on
the platform.

4.1.3 Prior to the study, how did participants regard autoplay and their time on Netflix? We present
the following user perceptions to provide further context to the experimental results and enrich the
ensuing discussion. In particular, we present how participants responded to Likert-scale questions
in a pre-study questionnaire designed to uncover participants’ initial perceptions of their platform
usage.

Participants Hold a Sense of Control: Participants generally reported high rates of perceived
agency and control over their Netflix watching behaviors, as shown in Figure 3. The overwhelming
majority of participants felt in control of how long they spent on Netflix (95% Somewhat or Strongly
Agreed). Participants also felt that they watched a reasonable amount (84.2% Somewhat or Strongly

5The average Jaccard similarity coefficient between a participant’s baseline viewing and Netflix’s Top 10 titles throughout
the respective baseline period was about 0.017.
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Table 6. Results from analyzing the participants viewing metrics from the experimental study.

Metric Result Interpretation

Average Daily Watching p = 0.003**
effect size = (-)21.0 minute

Turning off autoplay resulted in about a 21 minute
decrease in average watching time per day.

Average Session Length p = 0.013*
effect size = (-)17.6 minutes

Turning off autoplay resulted in about an 18 minute
decrease in average session lengths.

Average Interim Time p = 0.0009**
effect size = (+)0.407 minutes

Turning off autoplay resulted in about a 24 second
increase in time between viewings within a session.

Average Time Between Sessions p = 0.697
effect size = N/A

Turning off autoplay had no significant effect on
the amount of time between consecutive sessions.

Agreed), with moderately fewer participants reporting that they maintained a good sense of time
when watching (68.4% Somewhat or Strongly Agreed). While participants generally felt in control
and content with their consumption amounts, only about 1 out of 6 participants kept track of the
number of episodes they watched (18.5% Somewhat or Strongly Agreed), potentially indicating
that participants do not feel that episode tracking is important for managing their time and that
they may employ other time-tracking strategies.
Autoplay May Counter Intentions: There is a relatively balanced split among participants

about whether they have a propensity for reflective thinking after viewing content on Netflix: 46%
Somewhat or Strongly Agreed, while 32% Somewhat or Strongly Disagreed. Participants showed
more agreement when considering the value of content playing automatically. A substantial
proportion (62% Strongly or Somewhat Disagreed) indicated a reluctance toward automatic content
continuation, even though they had autoplay enabled. Autoplay is enabled by default, and previous
work indicates that many Netflix users may not know that autoplay can be disabled at all [61].
Some participants’ latent dissatisfaction with autoplay may be warranted, as the following section
shows a reduction in overall consumption when autoplay is disabled.
Integration of Autoplay into Daily Lives: To garner additional insights about participants’

baseline Netflix usage prior to the study, we asked if there was anything else participants would
like us to know about their use of the platform in a free-response format. While most participants
(57/76) had nothing else to add, the remaining quarter reported a variety of use cases. From playing
Pup Academy for their dog (P39) and keeping a physical notebook to keep track of watched episodes
(P2) to spending time with family (P9, P12, P55, P67), SVODs like Netflix have become a tool that
accents the lives of users in a variety of ways. The respondents commonly reported using Netflix
for background noise while conducting other activities like gaming (P15) or crocheting (P61) as
well as relaxing and falling asleep (P3, P10, P14, P47, P52, P70). These observations highlight how
Netflix usage is seamlessly woven into users’ low-stakes daily routines, potentially amplifying the
effect of platform features like autoplay and increasing overall time spent on the platform.

4.2 Experimental Outcomes and Participant Reflections
Here we present the experimental outcomes. Notably, when participants in the treatment group
(N=38/76) disabled autoplay, they exhibited substantial reductions in Average Daily Watching
and Average Session Length, as well as substantial increases in Average Interim Time, compared
to the control group (N=38/76). However, Average Time Between Sessions remained statistically
inconclusive. We also present participants’ reflections on having autoplay disabled for the study
and how the effects of autoplay can be weighed against its convenience.

4.2.1 Turning off autoplay reduced overall watching. Analysis from our experimental study indicates
a notable reduction in total Netflix consumption from turning off autoplay when controlling for
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Control Group (Autoplay On)
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Average Daily Watching (min)

Treatment Group (Autoplay Off)

Fig. 4. The curves represent the distribution of the
Average Daily Watching metric across the six-month
baseline split by control and treatment group. The
vertical red line indicates the AverageDailyWatching
during the 10+-day study.
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Control Group (Autoplay On)

45 50 55 60 65 70 75 80

Average Session Length (min)

Treatment Group (Autoplay Off)

Fig. 5. The curves represent the distribution of the
Average Session Length metric across the six-month
baseline split by control and treatment group. The
vertical red line indicates the Average Session Length
during the 10+-day study.
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Control Group (Autoplay On)

0.8 0.9 1.0 1.1 1.2 1.3 1.4

Average Interim Time (min)

Treatment Group (Autoplay Off)

Fig. 6. The curves represent the distribution of the
Average Interim Time metric across the six-month
baseline split by control and treatment group. The
vertical red line indicates the Average Interim Time
during the 10+-day study.
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Control Group (Autoplay On)
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Average Time Between Sessions (min)

Treatment Group (Autoplay Off)

Fig. 7. The curves represent the distribution of the
Average Time Between Sessions metric across the
six-month baseline split by control and treatment
group. The vertical red line indicates the Average
Time Between Sessions during the 10+-day study.

study effects. The quantitative experimental results are summarized in Table 6 and expanded upon
below.

21.0 Minute Reduction in Average Daily Watching: As shown in Figure 4, the daily total
viewing increased for both the treatment and control groups compared to their respective baselines.
However, the treatment group’s average daily watching time increased by significantly less than
that of the control group. The fact that both the control and treatment group’s metrics for average
daily watching time increased can be explained by The Hawthorne Effect, where participant behavior
is modified under the awareness of being studied [55]. Not only could participants infer that we
were interested in their watching behavior, but they were also primed to think about Netflix more
often, leading to increased visits to the platform. This change would have been experienced similarly
for both the treatment and control groups, but the disabling of autoplay appears to have, in part,
counteracted the effect for the treatment group.
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Now that you have completed the study,
you may turn autoplay back on.

What do you plan to do?
55% 32% 13%

Turn autoplay back on. Keep autoplay off. I don't know.

Fig. 8. Participant responses from when we asked the treatment group (the 38/76 participants who disabled
autoplay) whether they plan to turn autoplay back on having completed the study.

17.6 Minute Reduction in Average Session Length: As shown in Figure 5, the control group’s
average session length during the study was approximately the same as their average session
length during the six-month baseline. However, the treatment group’s average session length
dropped significantly compared to their baseline, indicating that participants’ viewing sessions
were prolonged by autoplay. The p-value of 0.013 can be understood as the probability that one
would see a difference of this size or greater between the control and treatment groups when
randomly sampling one point from each of their respective baseline distributions.

24.4 Second Increase in Average Interim Time: Figure 6 shows how the participants in the
control group exhibited similar interim time as during their baseline. However, as one might expect,
the participants in the treatment group—who disabled autoplay—exhibited longer downtimes
between subsequent viewings within a session. Since autoplay did not automatically play the next
piece of content, the extra time is likely due to the additional action required for participants to
actively do so.

No Significant Change in Time Between Sessions: We also analyzed the effects of autoplay
on the average interim time between sessions. However, we found no evidence that time between
sessions was affected. As shown in Figure 7, the difference between how the control and treatment
groups placed within their respective baselines was statistically insignificant. That is, if one were
to randomly sample points from each group’s baseline distribution, their respective Z-scores would
exhibit a similar difference about 70% of the time. As such, while disabling autoplay can cut sessions
short and reduce overall watching, the effects may not be seen outside of sessions.

4.2.2 When reflecting on study participation, perceptions of autoplay diverged within the treatment
group. We asked the participants who disabled autoplay to reflect on their experience in the study
and whether they would turn autoplay back on or keep it disabled.

Participants Consider Autoplay’s Convenience: About half of the treatment group reported
that they plan to turn autoplay back on upon having completed the study (Figure 8). These
participants commonly referred to the feature’s convenience, as highlighted by these anecdotes:

“I like it automatically going to the next episode so I don’t have to move out of my
comfortable bed and from what I was doing to find the remote” (P49).
“I will end the episodes when I want to, even in the middle of one, so autoplay being on
just allows me to stay in a comfortable position if I am watching on my computer or
TV” (P20).

Other reasons for turning autoplay back in included a preference for returning to normalcy. To this
end, participants said they would re-enable autoplay because:

“I like putting things back like they were” (P53).
“It’s what I’ve had for awhile and I don’t see any reason to keep it off” (P50).

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 2, Article CSCW030. Publication date: April 2025.



CSCW030:16 Brennan Schaffner et al.

Netflix, by default, has autoplay enabled, and users are accustomed to its nature. If users do not feel
that autoplay affects them negatively, it is reasonable for them to default to the platform’s status
quo.

Participants Considered Autoplay’s Removal of Friction: About one-third of participants
reported that they plan to keep autoplay disabled. Their responses commonly referenced the added
“friction” required to continue watching Netflix once autoplay is disabled. P11 wrote to this end:

“It was interesting, I didnt think about it at first, but then I realized I had to grab my
[remote] in order to move to the next episode” (P11).

Some participants further connected the increased friction to creating additional space for actively
deciding whether to continue watching:

“It made me more conscientious of how many episodes I was watching and if I was
cleaning or up doing something, I would often not play the next episode” (P47).

Further, P11 noted how the increased involvement between episodes served as mental waypoints
when reflecting the length of the current viewing session:

“It did make me realize how many episodes I was watching more so then as before. I didnt
pay attention to it as much because it was automatic before. Now I was like...‘oh ok i
had to do this 3 times so this is the 3rd episode’ ” (P11).

Overall, the added friction and increased opportunity for ending viewing sessions earlier likely
explain the reductions in watching metrics.
The remaining 13% of the treatment group found themselves undecided on their autoplay

preferences moving forward, grappling with the dilemma of balancing convenience and autonomy.
A few participants encapsulated this struggle, remarking:

“On one hand, I felt it was annoying that it didn’t move on to the next episode if I was
doing something, but it also helped me to be in silence some and track my viewing
better” (P47).
“I’m not sure yet. I’ll give it a few more days and see” (P41).

This indecision mirrors the overarching quandary facing users, torn between the convenience
offered by autoplay and the desire for agency over their viewing.

4.3 Limitations
There are several limitations to our study design. First, we confined our study to include only
participants living in the US, restricting diversity in participants’ cultures and demographics. Future
work could investigate whether these findings are consistent in other regions. Second, we use the
participants’ systemized watching logs to calculate their watching metrics. However, there is no
way to distinguish whether users are actually watching the video content or if their attention is
elsewhere (e.g., if they left the room or fell asleep). Still, our method captures how much video
they played on Netflix, which is a reasonable proxy for participant viewing, especially as it is
implemented consistently across study duration and participation.

Third, relying on self-reported data comes with the possibility of deviations from true behavior.
We minimized this limitation by using the participants’ real data logs collected by Netflix. However,
participants were not monitored when downloading their Netflix data and uploading the data
requests to our submission portal. While unmonitored, participants could have, in theory, taken
extra steps to edit their data by unzipping the Netflix archive, editing the comma-separated values
(CSV) file, and then re-zipping the altered files before uploading to our submission portal. We view
this limitation as similar to issues in all studies that use self-reported data. For instance, users can
lie in interviews and surveys which is also difficult to detect.
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Fourth, 10–17 days is relatively short in relation to the lifetime of a Netflix account. While we
implemented a control group and statistical methods to account for sample variation, additional
studies would be needed to confirm effects lasting longer than the study duration.
Fifth, our method for classifying titles into TV series versus movies and promotional versus

actual content was imperfect. We verified a random sample of 800 participant viewings and
found 31 classification errors. Upon addressing the issues, we resampled another 800 viewings
and found just 4 errors. In some cases, the title identifier provided by Netflix in users’ data re-
quests was entirely resistant to categorization (e.g., 6𝑈𝑛𝑑𝑒𝑟𝑔𝑟𝑜𝑢𝑛𝑑_𝑉𝐴𝑅2𝑅𝐸𝐶𝐼𝑃𝐸3_𝐸𝐷𝐼𝑇𝑂𝑅2 and
𝑃𝑙𝑎𝑐𝑒ℎ𝑜𝑙𝑑𝑒𝑟_𝑆𝑢𝑚𝑚𝑒𝑟𝑆𝑡𝑟𝑒𝑎𝑚𝑖𝑛𝑔𝐿𝑀2023 ′23𝑇𝑟𝑎𝑖𝑙𝑒𝑟 ). While this was a negligible size of our dataset,
it points to a need for platforms to continue to whole-heartedly abide by privacy laws by making
data requests not only available but usable and clearly understandable.
Finally, our browser extension monitored participants’ autoplay status at the point where it is

typically accessed: their browser. Recall that autoplay cannot be changed from the Netflix app (on
Smart TVs, mobile devices, gaming consoles, etc.). However, participants could have, in theory,
disabled autoplay from their non-primary browser. We implemented several checks to minimize this
risk. For instance, we checked that participants used the same Chrome browser—the one with the
extension enabled—for all parts of the study even without us prompting them to do so. The browser
extensions also sent logs whenever participants disabled it during the study, which we confirmed
was never the case. We also ensured participants understood the study’s compliance requirements
as they both pledged in the pre-study (and confirmed in the post-study) that their Netflix account
playback settings would be (and were) unchanged during the study. We monitored the extension
logs closely for exceptions and had to discontinue some participants for not disabling autoplay in
the first place when we asked them to configure their playback settings in the pre-study.

5 Discussion
In this section, we explore the multifaceted implications of turning off autoplay on the use of SVOD
platforms, from fostering conscious decisions and potentially shorter sessions to revealing viewing
habits for insightful decision support. We also explore the state of relevant regulations surrounding
autoplay features.

5.1 Forcing Conscious Decisions
Recently, dark patterns researchers [28, 44, 51] have flagged autoplay as a potentially concerning
feature due to its ability to undermine users’ autonomy. For example, prior work has equated
autoplay to boarding a bus over which passengers have limited agency to determine where the stops
are or when to get off [61]. As users continue to rely on autoplay, they can lose their sense of time,
inadvertently extending viewing sessions due to the loss of stopping cues and interaction friction.
Our findings reveal that participants who watched content with autoplay enabled experienced
increased overall watching time and moved between pieces of content more quickly. In contrast,
the participants with autoplay disabled showed increased downtime between consecutive viewings,
allowing more time for making conscious decisions. Disabling autoplay allowed participants to take
advantage of their gained opportunities for reflection and make decisions that better aligned with
their viewing goals, rather than being sped to more content or promotional material that pushes
content. These findings corroborate the core arguments made by many dark patterns researchers
that ACDP interface designs capture and manipulate user attention. Further research could build
upon our work by continuing to pinpoint and quantify the influences of other ACDPs, such as
infinite scroll.
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5.2 A Cost for Convenience
Netflix advertises autoplay as a feature enabling convenience, which—while true—is not the whole
story. Our findings suggest that autoplay’s removal of friction can measurably contribute to the
adverse effects brought on by over-consumption, such as disrupted sleep and other adverse health
consequences [63]. SVODs need to more carefully weigh their responsibility in creating ethical
platform experiences to better align with user desires and societal health.
We contribute to the ongoing discussion regarding the ethical considerations of autoplaying

content. Beyond the dark patterns research that examines autoplay’s role in undermining users’
control over their time, researchers have targeted autoplay on other platforms—not SVODs—for its
role in user radicalization [25, 46] and forcing violent content on users without their consent [17, 41].
While some participants appreciated autoplay’s effects, the mentioned convenience may not be
free. Researchers have argued that autoplay increases platform marketability for advertisers, and
thus, ad revenue is the true driver of platforms incorporating autoplay, not user convenience [17].
Further, the innocuous integration of platforms like Netflix into users’ lives and the casual standard
at which users hold SVOD platforms may partially hide the effects of autoplay. By quantifying
the effects of Netflix’s autoplay in this work, we shine additional light on the hidden costs of
convenience and underscore the need to critically reevaluate how platforms design for (un)ethical
user engagement.

5.3 Revisiting and Reimagining Autoplay Controls
Netflix added autoplay to its platform in 2016 and then added the ability to turn it off in 2020 [38]. Still,
many users remain unaware of the ability to disable autoplay [61]. SVODs could commit to having
autoplay disabled by default, requiring users to make an active choice when opting into the feature.
While most of the treatment group participants informed us that they planned to turn autoplay
back on, about one-third opted to keep autoplay off after experiencing the benefits of disabling
autoplay during the study. Users exhibit bespoke behaviors and preferences—an HCI truism. To
accommodate all users, we recommend that Netflix and similar SVOD platforms implement more
accessible and heightened controls over autoplay settings. In doing so, platforms would allow users
to select their own autoplay-specific preferences rather than asserting difficult-to-access default
playback settings that become de facto standards of the user experience.

Custom alterations of autoplay across different users and between unique sessions for individual
users are necessary to match the variable nature of user agency and flexibility. For instance, users
could specify the number of episodes autoplay can queue before being disabled for the remainder
of that viewing session. The current implementation does not allow convenient customization
outside of toggling the feature on or off. Previous research has criticized the brevity of the five-
second autoplay countdown, arguing that it fails to provide adequate time for users to process
content [12]. To this end, the platform could allow users to configure the countdown duration.
Creating longer countdown options would let users simultaneously experience the benefits of
autoplay’s convenience while providing themselves adequate time to make conscious decisions.
SVODs could even guide users toward revisiting their current settings after some time. Paired with
heightened configurability, prompting users to reconsider autoplay settings could promote greater
self-regulation and well-being amongst users by periodically adapting their preferences to their
unique viewing habits.

5.4 Revealing Viewing Habits: Insights and Decision Support
Prior to study enrollment, there was a prevailing sentiment that participants were content with
their viewing habits (§ 4.1.3), raising questions about the significance of advocating for the disabling
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of autoplay. However, as the study unfolded, several participants’ reflective anecdotes highlighted
newly realized areas for enhancing their relationships with the Netflix platform, suggesting that
there might be untapped opportunities for platforms to better align with users’ evolving preferences
and needs. Moreover, participants may have been unaware of the influence of autoplay on viewing
behaviors; the outcomes of this research could serve as a potential catalyst for broader public
awareness. While respecting users’ autonomy in their choices, these findings offer quantitative
support that might inform and guide users’ viewing decisions. Looking ahead, future work could
build upon these results and delve deeper into discrepancies between users’ perceived and actual
viewing behaviors.

5.5 Autoplay Regulation
As our study shows, the impact of autoplay is palpable for adults in the US, raising concerns
about potential heightened susceptibility among children. There is initial regulatory support
targeting design features such as autoplay, with proposed laws in the US targeting autoplay features
for kids [75] and on social media platforms [34]. This work prompts a crucial consideration for
future research to examine whether ACDPs have exacerbated effects on children. The dynamics of
children watching autoplaying content become more complex when parents face conflicting roles,
balancing promoting autonomy with ensuring well-being. The Federal Trade Commission (FTC)’s
fair practice laws (Section 5 of the FTC Act) include prohibitions for unfair or deceptive practices
affecting commerce including harm to consumers [15]. The Commission evaluates conduct based
on various criteria, including the existence and avoidability of harm while also considering public
interest and awareness. Considering that platforms are designed for compulsive use, which is
linked to addiction-like behavior [4], and given that children watching Netflix may struggle to
avoid autoplay, it becomes imperative to explore ways to address this issue. Furthermore, the
European Union’s General Data Protection Regulation (GDPR) already mandates that users of any
age have the ability to opt out of automated decision-making processes [21]. This research aids
these ongoing regulatory discussions by providing previously missing quantitative evidence that
interfaces employing autoplay can and do affect users in measurable ways.

6 Conclusion
This research significantly enriches the ongoing discourse surrounding the tangible impact of
platform design features on user consumption behaviors. By investigating the dynamics between
platform design and user engagement patterns, this work serves as a compelling illustration of
how ACDPs can wield influence over user behavior. Specifically, we found that when participants
disabled autoplay on Netflix, their session lengths and total watching times were reduced and
their downtime between consecutive episodes increased. Our findings contribute to a growing
understanding of user interactions with entertainment platforms as potentially predatory agency
exchanges [61] and add quantitative evidence to the ongoing discussion surrounding dark patterns
and sovereignty over user decision-making.

References
[1] AB-375 (2017–2018 Session). Section 1798.100. 2018. The California Consumer Privacy Act of 2018. https://leginfo.

legislature.ca.gov/faces/billTextClient.xhtml?bill_id=201720180AB375
[2] Azza Abdel-Azim Mohamed Ahmed. 2017. New Era of TV-Watching Behavior: Binge Watching and its Psychological

Effects. Media Watch 8, 2 (2017), 192–207. https://doi.org/10.15655/mw/2017/v8i2/49006t
[3] Tashina Alavi. 2020. Gray Patterns in UX: where do we draw the line between helpful vs. harmful design? https:

//uxdesign.cc/gray-patterns-in-ux-where-do-we-draw-the-line-between-helpful-vs-harmful-design-ced7fbaa8ad5
[4] Adam Alter. 2017. Irresistible: The rise of addictive technology and the business of keeping us hooked. Penguin.

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 2, Article CSCW030. Publication date: April 2025.

https://leginfo.legislature.ca.gov/faces/billTextClient.xhtml?bill_id=201720180AB375
https://leginfo.legislature.ca.gov/faces/billTextClient.xhtml?bill_id=201720180AB375
https://doi.org/10.15655/mw/2017/v8i2/49006t
https://uxdesign.cc/gray-patterns-in-ux-where-do-we-draw-the-line-between-helpful-vs-harmful-design-ced7fbaa8ad5
https://uxdesign.cc/gray-patterns-in-ux-where-do-we-draw-the-line-between-helpful-vs-harmful-design-ced7fbaa8ad5


CSCW030:20 Brennan Schaffner et al.

[5] Chittaranjan Andrade. 2021. Z Scores, Standard Scores, and Composite Test Scores Explained. Indian Journal of
Psychological Medicine 43, 6 (2021), 555–557. https://doi.org/10.1177/02537176211046525

[6] Mohammed Bedjaoui, Nadia Elouali, and Sidi Mohamed Benslimane. 2018. User Time Spent Between Persuasiveness
and Usability of Social Networking Mobile Applications: A Case Study of Facebook and YouTube. In Proceedings of
the 16th International Conference on Advances in Mobile Computing and Multimedia. 15–24. https://doi.org/10.1145/
3282353.3282362

[7] Kerstin Bongard-Blanchy, Arianna Rossi, Salvador Rivas, Sophie Doublet, Vincent Koenig, and Gabriele Lenzini. 2021. “I
am Definitely Manipulated, Even When I am Aware of it. It’s Ridiculous!”-Dark Patterns from the End-User Perspective.
In Designing Interactive Systems Conference 2021. 763–776. https://dl.acm.org/doi/10.1145/3461778.3462086

[8] Arthur Borem, Elleen Pan, Olufunmilola Obielodan, Aurelie Roubinowitz, Luca Dovichi, Michelle L. Mazurek, and Blase
Ur. 2024. Data Subjects’ Reactions to Exercising Their Right of Access. In 33rd USENIX Security Symposium (USENIX
Security 24). USENIX Association, Philadelphia, PA, 2865–2882. https://www.usenix.org/conference/usenixsecurity24/
presentation/borem

[9] H Brignull, M Leiser, C Santos, and K Doshi. 2023. Deceptive patterns – user interfaces designed to trick you.
https://www.deceptive.design/

[10] Christopher Burr, Nello Cristianini, and James Ladyman. 2018. An Analysis of the Interaction Between Intelligent
Software Agents and Human Users. Minds and machines 28 (2018), 735–774. https://doi.org/10.1007/s11023-018-9479-0

[11] David Carr. 2013. TV Foresees Its Future. Netflix Is There. https://www.nytimes.com/2013/07/22/business/media/tv-
foresees-its-future-netflix-is-there.html

[12] Akash Chaudhary, Jaivrat Saroha, Kyzyl Monteiro, Angus G Forbes, and Aman Parnami. 2022. “Are You Still Watching?”:
Exploring Unintended User Behaviors and Dark Patterns on Video Streaming Platforms. (2022). https://dl.acm.org/
doi/10.1145/3532106.3533562

[13] Brian X. Chen. 2018. Autoplay Videos Are Not Going Away. Here’s How to Fight Them. https://www.nytimes.com/
2018/08/01/technology/personaltech/autoplay-video-fight-them.html

[14] Hyunsung Cho, DaEun Choi, Donghwi Kim, Wan Ju Kang, Eun Kyoung Choe, and Sung-Ju Lee. 2021. Reflect, not
Regret: Understanding Regretful Smartphone Use with App Feature-Level Analysis. Proceedings of the ACM on
human-computer interaction 5, CSCW2 (2021), 1–36. https://dl.acm.org/doi/10.1145/3479600

[15] Federal Trade Commission. 1980. FTC Policy Statement on Unfairness. https://www.ftc.gov/legal-library/browse/ftc-
policy-statement-unfairness

[16] Railway Corp. 2023. Railway. https://railway.app/
[17] Amber Davisson. 2017. Autoplaying Murder. Journal of Media Ethics 32, 2 (2017), 132–133. https://doi.org/10.1080/

23736992.2017.1294886
[18] Dimph De Feijter, Vassilis-Javed Khan, and Marnix van Gisbergen. 2016. Confessions of A ‘Guilty’ Couch Potato

Understanding and Using Context to Optimize Binge-watching Behavior. In Proceedings of the ACM International
conference on interactive experiences for TV and online video. 59–67. https://dl.acm.org/doi/10.1145/2932206.2932216

[19] Raj Devasagayam. 2014. Media bingeing: A qualitative study of psychological influences. In Once Retro Now novel
again: 2014 annual spring conference proceedings of the Marketing Management Association. MMA Chicago, IL, USA,
40–44.

[20] Linda Di Geronimo, Larissa Braz, Enrico Fregnan, Fabio Palomba, and Alberto Bacchelli. 2020. UI Dark Patterns and
Where to Find Them: A Study on Mobile Applications and User Perception. In Proceedings of the 2020 CHI conference
on human factors in computing systems. 1–14. https://dl.acm.org/doi/10.1145/3313831.3376600

[21] European Parliament and Council of the European Union. 2016. Regulation (EU) 2016/679 of the European Parliament
and of the Council | General Data Protection Regulation. https://eur-lex.europa.eu/eli/reg/2016/679/2016-05-04

[22] Liese Exelmans and Jan Van den Bulck. 2017. Binge Viewing, Sleep, and the Role of Pre-Sleep Arousal. Journal of
Clinical Sleep Medicine 13, 8 (2017), 1001–1008. https://jcsm.aasm.org/doi/10.5664/jcsm.6704

[23] Flask Documentation 2023. Welcome to Flask. https://flask.palletsprojects.com/
[24] OpenJS Foundation. 2023. Node.js. https://nodejs.org
[25] Noah Giansiracusa and Noah Giansiracusa. 2021. Autoplay the Autocrats: The Algorithm and Politics of YouTube

Recommendations. How Algorithms Create and Prevent Fake News: Exploring the Impacts of Social Media, Deepfakes,
GPT-3, and More (2021), 67–97. https://doi.org/10.1007/978-1-4842-7155-1_4

[26] Google Cloud 2023. Cloud Computing Services. https://cloud.google.com/
[27] Umberto Grandi, Andrea Loreggia, Francesca Rossi, and Vijay Saraswat. 2016. A Borda count for collective sentiment

analysis. Annals of Mathematics and Artificial Intelligence 77 (2016), 281–302. https://doi.org/10.1007/s10472-015-9488-0
[28] ColinMGray, Nataliia Bielova, Cristiana Santos, and ThomasMildner. 2024. AnOntology of Dark Patterns: Foundations,

Definitions, and a Structure for Transdisciplinary Action. (2024). https://dl.acm.org/doi/10.1145/3613904.3642436
[29] Colin M Gray, Yubo Kou, Bryan Battles, Joseph Hoggatt, and Austin L Toombs. 2018. The Dark (Patterns) Side of UX

Design. In Proceedings of the 2018 CHI conference on human factors in computing systems. 1–14. https://doi.org/10.1145/

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 2, Article CSCW030. Publication date: April 2025.

https://doi.org/10.1177/02537176211046525
https://doi.org/10.1145/3282353.3282362
https://doi.org/10.1145/3282353.3282362
https://dl.acm.org/doi/10.1145/3461778.3462086
https://www.usenix.org/conference/usenixsecurity24/presentation/borem
https://www.usenix.org/conference/usenixsecurity24/presentation/borem
https://www.deceptive.design/
https://doi.org/10.1007/s11023-018-9479-0
https://www.nytimes.com/2013/07/22/business/media/tv-foresees-its-future-netflix-is-there.html
https://www.nytimes.com/2013/07/22/business/media/tv-foresees-its-future-netflix-is-there.html
https://dl.acm.org/doi/10.1145/3532106.3533562
https://dl.acm.org/doi/10.1145/3532106.3533562
https://www.nytimes.com/2018/08/01/technology/personaltech/autoplay-video-fight-them.html
https://www.nytimes.com/2018/08/01/technology/personaltech/autoplay-video-fight-them.html
https://dl.acm.org/doi/10.1145/3479600
https://www.ftc.gov/legal-library/browse/ftc-policy-statement-unfairness
https://www.ftc.gov/legal-library/browse/ftc-policy-statement-unfairness
https://railway.app/
https://doi.org/10.1080/23736992.2017.1294886
https://doi.org/10.1080/23736992.2017.1294886
https://dl.acm.org/doi/10.1145/2932206.2932216
https://dl.acm.org/doi/10.1145/3313831.3376600
https://eur-lex.europa.eu/eli/reg/2016/679/2016-05-04
https://jcsm.aasm.org/doi/10.5664/jcsm.6704
https://flask.palletsprojects.com/
https://nodejs.org
https://doi.org/10.1007/978-1-4842-7155-1_4
https://cloud.google.com/
https://doi.org/10.1007/s10472-015-9488-0
https://dl.acm.org/doi/10.1145/3613904.3642436
https://doi.org/10.1145/3173574.3174108
https://doi.org/10.1145/3173574.3174108


CSCW030:21

3173574.3174108
[30] Colin M Gray, Cristiana Santos, Nataliia Bielova, Michael Toth, and Damian Clifford. 2021. Dark Patterns and the Legal

Requirements of Consent Banners: An Interaction Criticism Perspective. In Proceedings of the 2021 CHI Conference on
Human Factors in Computing Systems. 1–18. https://doi.org/10.1145/3411764.3445779

[31] Jacob Groshek, Sarah Krongard, and Yiyan Zhang. 2018. Netflix and Ill?: Emotional and Health Implications of
Binge Watching Streaming TV. In Proceedings of the 9th International Conference on Social Media and Society. 296–300.
https://doi.org/10.1145/3217804.3217932

[32] Paula Hanly. 2019. ‘Switching off’: A Diary Study Investigating the Effect of the Netflix Auto-Play Feature on
Binge-Watching and Mindful Attention Awareness. (2019). https://hdl.handle.net/10779/iadt.26191028.v1

[33] Reed Hastings. 2005. How I Did It: Reed Hastings, Netflix, Internet Business Models Article. https://www.inc.com/
magazine/20051201/qa-hastings.html

[34] Josh Hawley. 2019. S.2314 - 116th Congress (2019-2020). https://www.congress.gov/bill/116th-congress/senate-bill/2314
[35] Rebecca Heilweil. 2021. YouTube’s kids app has a rabbit hole problem. https://www.vox.com/recode/22412232/youtube-

kids-autoplay
[36] Alexis Hiniker, Sharon S Heung, Sungsoo Hong, and Julie A Kientz. 2018. Coco’s videos: an empirical investigation of

video-player design features and children’s media use. In Proceedings of the 2018 CHI conference on human factors in
computing systems. 1–13. https://dl.acm.org/doi/10.1145/3173574.3173828

[37] Historical Records of Netflix Top 10 2023. Top 10 Most Popular Movies/TV in the US. https://www.netflix.com/tudum/
top10/united-states

[38] Julia Jacobs. 2020. Netflix Users Rejoice: Goodbye, Autoplay. https://www.nytimes.com/2020/02/06/arts/television/
netflix-makes-autoplay-optional.html

[39] Mareike Jenner. 2016. Is this TVIV? On Netflix, TVIII and binge-watching. New media & society 18, 2 (2016), 257–273.
https://journals.sagepub.com/doi/10.1177/1461444814541523

[40] Qian Jiang and Liangying Ma. 2024. Swiping more, thinking less: Using TikTok hinders analytic thinking. Cyberpsy-
chology: Journal of Psychosocial Research on Cyberspace 18, 3 (2024). https://doi.org/10.5817/CP2024-3-1

[41] Hillary A Jones. 2017. From the Murder to the Medium: Displaced Ethical Engagement on Twitter. Journal of Media
Ethics 32, 2 (2017), 135–136. https://doi.org/10.1080/23736992.2017.1294889

[42] Gina Keating. 2012. Netflixed: The Epic Battle for America’s Eyeballs. Portfolio.
[43] Lyz Lenz. 2015. Why parents should challenge autoplay video. https://mashable.com/archive/autoplay-videos-kids
[44] Kai Lukoff, Ulrik Lyngs, Himanshu Zade, J Vera Liao, James Choi, Kaiyue Fan, Sean A Munson, and Alexis Hiniker.

2021. How the Design of YouTube Influences User Sense of Agency. In Proceedings of the 2021 CHI Conference on
Human Factors in Computing Systems. 1–17. https://dl.acm.org/doi/10.1145/3411764.3445467

[45] Kai Lukoff, Cissy Yu, Julie Kientz, and Alexis Hiniker. 2018. What Makes Smartphone Use Meaningful or Meaningless?
Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies 2, 1 (2018), 1–26. https://dl.acm.
org/doi/10.1145/3191754

[46] Simon Markmann and Christian Grimme. 2021. Is YouTube Still a Radicalizer? An Exploratory Study on Autoplay and
Recommendation. In Disinformation in Open Online Media: Third Multidisciplinary International Symposium, MISDOOM
2021, Virtual Event, September 21–22, 2021, Proceedings 3. Springer, 50–65. https://doi.org/10.1007/978-3-030-87031-7_4

[47] Arunesh Mathur, Gunes Acar, Michael J Friedman, Elena Lucherini, Jonathan Mayer, Marshini Chetty, and Arvind
Narayanan. 2019. Dark Patterns at Scale: Findings from a Crawl of 11K Shopping Websites. Proceedings of the ACM on
Human-Computer Interaction 3, CSCW (2019), 1–32. https://dl.acm.org/doi/10.1145/3359183

[48] Arunesh Mathur, Mihir Kshirsagar, and Jonathan Mayer. 2021. What Makes a Dark Pattern... Dark?: Design Attributes,
Normative Considerations, and Measurement Methods. In Proceedings of the 2021 CHI conference on human factors in
computing systems. 1–18. https://dl.acm.org/doi/10.1145/3411764.3445610

[49] Thomas Mildner and Gian-Luca Savino. 2021. Ethical User Interfaces: Exploring the Effects of Dark Patterns on
Facebook. In Extended Abstracts of the 2021 CHI Conference on Human Factors in Computing Systems. 1–7. https:
//dl.acm.org/doi/10.1145/3411763.3451659

[50] Alberto Monge Roffarello and Luigi De Russis. 2022. Towards Understanding the Dark Patterns That Steal Our
Attention. In CHI Conference on Human Factors in Computing Systems Extended Abstracts. 1–7. https://dl.acm.org/doi/
10.1145/3491101.3519829

[51] Alberto Monge Roffarello, Kai Lukoff, and Luigi De Russis. 2023. Defining and Identifying Attention Capture Deceptive
Designs in Digital Interfaces. In Proceedings of the 2023 CHI Conference on Human Factors in Computing Systems. 1–19.
https://dl.acm.org/doi/10.1145/3544548.3580729

[52] Arvind Narayanan, Arunesh Mathur, Marshini Chetty, and Mihir Kshirsagar. 2020. Dark Patterns: Past, Present, and
Future: The evolution of tricky user interfaces. Queue 18, 2 (2020), 67–92. https://dl.acm.org/doi/10.1145/3400899.
3400901

[53] Condé Nast. 2002. The Netflix Effect. https://www.wired.com/2002/12/netflix-6/

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 2, Article CSCW030. Publication date: April 2025.

https://doi.org/10.1145/3173574.3174108
https://doi.org/10.1145/3173574.3174108
https://doi.org/10.1145/3173574.3174108
https://doi.org/10.1145/3411764.3445779
https://doi.org/10.1145/3217804.3217932
https://hdl.handle.net/10779/iadt.26191028.v1
https://www.inc.com/magazine/20051201/qa-hastings.html
https://www.inc.com/magazine/20051201/qa-hastings.html
https://www.congress.gov/bill/116th-congress/senate-bill/2314
https://www.vox.com/recode/22412232/youtube-kids-autoplay
https://www.vox.com/recode/22412232/youtube-kids-autoplay
https://dl.acm.org/doi/10.1145/3173574.3173828
https://www.netflix.com/tudum/top10/united-states
https://www.netflix.com/tudum/top10/united-states
https://www.nytimes.com/2020/02/06/arts/television/netflix-makes-autoplay-optional.html
https://www.nytimes.com/2020/02/06/arts/television/netflix-makes-autoplay-optional.html
https://journals.sagepub.com/doi/10.1177/1461444814541523
https://doi.org/10.5817/CP2024-3-1
https://doi.org/10.1080/23736992.2017.1294889
https://mashable.com/archive/autoplay-videos-kids
https://dl.acm.org/doi/10.1145/3411764.3445467
https://dl.acm.org/doi/10.1145/3191754
https://dl.acm.org/doi/10.1145/3191754
https://doi.org/10.1007/978-3-030-87031-7_4
https://dl.acm.org/doi/10.1145/3359183
https://dl.acm.org/doi/10.1145/3411764.3445610
https://dl.acm.org/doi/10.1145/3411763.3451659
https://dl.acm.org/doi/10.1145/3411763.3451659
https://dl.acm.org/doi/10.1145/3491101.3519829
https://dl.acm.org/doi/10.1145/3491101.3519829
https://dl.acm.org/doi/10.1145/3544548.3580729
https://dl.acm.org/doi/10.1145/3400899.3400901
https://dl.acm.org/doi/10.1145/3400899.3400901
https://www.wired.com/2002/12/netflix-6/


CSCW030:22 Brennan Schaffner et al.

[54] NBC News — The Associated Press 2007. Netflix delivers 1 billionth DVD. https://www.nbcnews.com/id/wbna17331123
[55] Željko Obrenović. 2014. The Hawthorne studies and their relevance to HCI research. Interactions 21, 6 (2014), 46–51.

https://doi.org/10.1145/2674966
[56] Bureau of Internet Accessibility. 2020. Why Autoplay Is an Accessibility No-No. https://www.boia.org/blog/why-

autoplay-is-an-accessibility-no-no
[57] Roberta Pearson. 2011. Cult Television as Digital Television’s Cutting Edge. Television as digital media (2011), 105–131.

https://doi.org/10.1215/9780822393658-005
[58] Ri Pierce-Grove. 2016. Just one more: How journalists frame binge watching. First Monday 22, 1-2 (2016). https:

//doi.org/10.5210/fm.v22i1.7269
[59] Prolific 2023. Quickly find research participants you can trust. https://www.prolific.co/
[60] Karyn Riddle, Alanna Peebles, Catasha Davis, Fangxin Xu, and Elizabeth Schroeder. 2018. The addictive potential of

television binge watching: Comparing intentional and unintentional binges. Psychology of Popular Media Culture 7, 4
(2018), 589. https://psycnet.apa.org/doi/10.1037/ppm0000167

[61] Brennan Schaffner, Antonia Stefanescu, Olivia Campili, and Marshini Chetty. 2023. Don’t Let Netflix Drive the Bus:
User’s Sense of Agency Over Time and Content Choice on Netflix. Proceedings of the ACM on Human-Computer
Interaction 7, CSCW1 (2023), 1–32. https://doi.org/10.1145/3579604

[62] Lori Spruance, Monita Karmakar, Jessica Kruger, and J. Vaterlaus. 2017. “Are you still watching?” Correlations between
binge TV watching, diet, and physical activity. Journal of Obesity & Weight Management (2017), 1–8.

[63] Jolanta A Starosta and Bernadetta Izydorczyk. 2020. Understanding the Phenomenon of Binge-Watching—A Systematic
Review. International Journal of Environmental Research and Public Health 17, 12 (2020), 4469. https://doi.org/10.3390/
ijerph17124469

[64] Statista. 2022. Impact of VoD services’ announcements about new content on consumers’ decision signing up in
the United States in 2021. https://www.statista.com/statistics/1247127/impact-exclusive-content-announcement-
streaming-services-united-states/

[65] Statista. 2022. Quality of Netflix’s original shows and movies today and in the past in the United States in 2021.
https://www.statista.com/statistics/1247112/netflix-original-shows-and-movies-quality-united-states/

[66] Statista. 2022. Share of households subscribing to selected video streaming platforms in the United States as of
September 2022. https://www.statista.com/statistics/1277576/top-grossing-streaming-video-entertainment-apps-us/

[67] Statista. 2023. Estimated number of SVOD subscribers worldwide from 2020 to 2029, by service. https://www.statista.
com/statistics/1052770/global-svod-subscriber-count-by-platform/

[68] Statista. 2023. Number of Netflix paid subscribers worldwide from 1st quarter 2013 to 2nd quarter 2023. https:
//www.statista.com/statistics/250934/quarterly-number-of-netflix-streaming-subscribers-worldwide/

[69] Statista. 2023. Number of Netflix paying streaming subscribers in the United States and Canada from 1st quarter 2013
to 2nd quarter 2023. https://www.statista.com/statistics/250937/quarterly-number-of-netflix-streaming-subscribers-
in-the-us/

[70] Statista. 2023. Ranking of countries with the highest penetration rate of subscription video-on-demand (SVOD) services
worldwide in 2022. https://www.statista.com/statistics/813698/svod-reach-by-country/

[71] Emily Steel. 2016. At CES, Netflix Adds Over 130 Countries to Streaming Service. https://www.nytimes.com/2016/01/
07/business/media/netflix-expands-its-streaming-service-worldwide.html

[72] Techniques and Failures for Web Content Accessibility Guidelines 2.0. 2016. F93: Failure of Success Criterion 1.4.2
for absence of a way to pause or stop an HTML5 media element that autoplays. Technical Report. World Wide Web
Consortium. https://www.w3.org/TR/WCAG20-TECHS/F93.html

[73] Maricarmen Vizcaino, Matthew Buman, Tyler DesRoches, and Christopher Wharton. 2020. From TVs to tablets: the
relation between device-specific screen time and health-related behaviors and characteristics. BMC public health 20, 1
(2020), 1–10. https://doi.org/10.1186/s12889-020-09410-0

[74] Elizabeth Wagmeister. 2023. The most-watched movies and shows on Netflix may surprise you. https://www.cnn.
com/2023/12/12/entertainment/night-agent-ginny-georgia-netflix

[75] Mark Warner. 2023. S.2708 - 118th Congress (2023-2024). https://www.congress.gov/bill/118th-congress/senate-
bill/2708

[76] Miranda Wei, Madison Stamos, Sophie Veys, Nathan Reitinger, Justin Goodman, Margot Herman, Dorota Filipczuk, Ben
Weinshel, Michelle L Mazurek, and Blase Ur. 2020. What Twitter Knows: Characterizing Ad Targeting Practices, User
Perceptions, and Ad Explanations Through Users’ Own Twitter Data. In 29th USENIX Security Symposium (USENIX
Security 20). 145–162. https://www.usenix.org/conference/usenixsecurity20/presentation/wei

[77] Qualtrics XM. 2023. Qualtrics. https://www.qualtrics.com/

Received January 2024; revised July 2024; accepted October 2024

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 2, Article CSCW030. Publication date: April 2025.

https://www.nbcnews.com/id/wbna17331123
https://doi.org/10.1145/2674966
https://www.boia.org/blog/why-autoplay-is-an-accessibility-no-no
https://www.boia.org/blog/why-autoplay-is-an-accessibility-no-no
https://doi.org/10.1215/9780822393658-005
https://doi.org/10.5210/fm.v22i1.7269
https://doi.org/10.5210/fm.v22i1.7269
https://www.prolific.co/
https://psycnet.apa.org/doi/10.1037/ppm0000167
https://doi.org/10.1145/3579604
https://doi.org/10.3390/ijerph17124469
https://doi.org/10.3390/ijerph17124469
https://www.statista.com/statistics/1247127/impact-exclusive-content-announcement-streaming-services-united-states/
https://www.statista.com/statistics/1247127/impact-exclusive-content-announcement-streaming-services-united-states/
https://www.statista.com/statistics/1247112/netflix-original-shows-and-movies-quality-united-states/
https://www.statista.com/statistics/1277576/top-grossing-streaming-video-entertainment-apps-us/
https://www.statista.com/statistics/1052770/global-svod-subscriber-count-by-platform/
https://www.statista.com/statistics/1052770/global-svod-subscriber-count-by-platform/
https://www.statista.com/statistics/250934/quarterly-number-of-netflix-streaming-subscribers-worldwide/
https://www.statista.com/statistics/250934/quarterly-number-of-netflix-streaming-subscribers-worldwide/
https://www.statista.com/statistics/250937/quarterly-number-of-netflix-streaming-subscribers-in-the-us/
https://www.statista.com/statistics/250937/quarterly-number-of-netflix-streaming-subscribers-in-the-us/
https://www.statista.com/statistics/813698/svod-reach-by-country/
https://www.nytimes.com/2016/01/07/business/media/netflix-expands-its-streaming-service-worldwide.html
https://www.nytimes.com/2016/01/07/business/media/netflix-expands-its-streaming-service-worldwide.html
https://www.w3.org/TR/WCAG20-TECHS/F93.html
https://doi.org/10.1186/s12889-020-09410-0
https://www.cnn.com/2023/12/12/entertainment/night-agent-ginny-georgia-netflix
https://www.cnn.com/2023/12/12/entertainment/night-agent-ginny-georgia-netflix
https://www.congress.gov/bill/118th-congress/senate-bill/2708
https://www.congress.gov/bill/118th-congress/senate-bill/2708
https://www.usenix.org/conference/usenixsecurity20/presentation/wei
https://www.qualtrics.com/

	Abstract
	1 Introduction
	2 Background and Related Work
	2.1 Dark Patterns in Streaming Media Platforms
	2.2 From DVDs-by-Mail to Autoplaying Content

	3 Methodology
	3.1 Participant Selection
	3.2 Study Design
	3.3 Data Analysis

	4 Findings
	4.1 Descriptions of Participants' Baseline Netflix Use
	4.2 Experimental Outcomes and Participant Reflections
	4.3 Limitations

	5 Discussion
	5.1 Forcing Conscious Decisions
	5.2 A Cost for Convenience
	5.3 Revisiting and Reimagining Autoplay Controls
	5.4 Revealing Viewing Habits: Insights and Decision Support
	5.5 Autoplay Regulation

	6 Conclusion
	References

