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Abstract 
Recent work has catalogued a variety of “dark” design patterns, 
including deception, that undermine user intent. We focus on de-
ceptive “placebo” control settings for social media that do not work. 
While prior work reported that placebo controls increase feed sat-
isfaction, we add to this body of knowledge by addressing possible 
placebo mechanisms, and potential side effects and confounds from 
the original study. Knowledge of these placebo mechanisms can 
help predict potential harms to users and prioritize the most prob-
lematic cases for regulators to pursue. In an online experiment, 
participants (N=762) browsed a Twitter feed with no control set-
ting, a working control setting, or a placebo control setting. We 
found a placebo effect much smaller in magnitude than originally 
reported. This finding adds another objection to use of placebo 
controls in social media settings, while our methodology offers 
insights into finding confounds in placebo experiments in HCI. 
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1 Introduction 
Placebos, long studied in medicine, have emerged as a compelling 
area of inquiry in HCI. For instance, around 2014, the dating site 
OkCupid showed users high compatibility scores indicating a good 
match with a potential partner, regardless of the true scores [61]. 
Users informed of high compatibility were almost twice as likely to 
initiate and sustain communication compared to those informed of 
low compatibility. It appeared that a placebo effect of perceived com-
patibility, rather than computable facets of compatibility, played a 
key role in bringing users together. Kosch et al. define the placebo 
effect in HCI as changes in users’ behaviors and subjective evalu-
ations arising from their expectations of system functionality, as 
opposed to actual functionality [37]. 

OkCupid’s experiment with deceptive “placebo” scores and lack 
of informed consent raises ethical concerns. Intentional and un-
ethically deceptive interfaces are frequent enough that scholarship 
has named deception as one key characteristic of dark patterns 
[14, 24, 25, 42]. Literature in placebo interfaces has shown decep-
tion can be quite effective [15, 35, 37, 57, 59]. However, there is 
limited knowledge around the mechanisms of placebo effects and 
the consequences in HCI. A more nuanced understanding of the 
design elements and environmental factors underlying a system’s 
ability to fool users brings several benefits. First, it can guide de-
signers in designing placebo interfaces in the rare cases where they 
are ethically justified. Second, it can help experimenters control for 
placebo effects to avoid biased user evaluations. Third, we can gain 
clarity in which design elements are the most manipulative and 
harmful, which regulators in the US and EU use as key signals for 
taking action [41, 42, 49]. 

To that end, we examine mechanisms of placebo effects in HCI, 
specifically placebo control settings for social media content. Social 
media is widely used, with companies like Facebook often publi-
cizing new ways of controlling their systems [19, 27]. Yet, many 
social media settings have a vague, delayed, or unverifiable impact, 
e.g. “See fewer posts like this” or “Turn off personalized ads.” We 
build on prior work by Vaccaro et al. [59], who showed that a “pop-
ularity” slider increased user satisfaction towards a Twitter feed, 
even when it randomized the feed. This study addresses limitations 
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and confounds of the original study by modeling alternative expla-
nations for a placebo effect in a feed popularity slider, including 
participants’ expectations of a better feed (Expectations Mechanism), 
classically-conditioned boosts in satisfaction from clicking (Clicking 
Mechanism), users valuing the ability to take control even if they 
do not utilize the control (Sovereignty Mechanism), and randomiza-
tion from the placebo setting surfacing more novel and surprising 
content (Randomness Mechanism). 

To test these mechanisms we designed an experiment where 
each of our mechanisms made a distinct prediction of the outcome. 
A probability sample of the US population (N=762) browsed Twit-
ter feeds with or without placebo control settings, in combination 
with chronological or randomized feed sorting. Bayesian modeling 
revealed the placebo “popularity” slider increased feed satisfac-
tion only slightly. Follow-up experiments using only Twitter users 
(N=123) revealed the same small effect. Increases in feed satisfaction 
occurred only in participants who used our sliders, corresponding to 
the Expectations Mechanism’s prediction. The other mechanisms’ 
predictions, meanwhile, did not come true. With a better under-
standing of the placebo effect’s origin and size, we conclude with 
future directions for the research and design of controls for social 
media feeds. 

2 Related Work 
Our work with placebo control settings intersects multiple areas, in-
cluding control settings in social media, dark patterns, and placebo 
effects. In this section we situate our work in each of these areas, 
which will motivate our investigation of placebo controls. 

2.1 Controls in Social Media 
Many works in HCI tout the foundational goal of providing people 
control [3, 20, 55]. Control settings – widgets like sliders, buttons, 
and switches for configuration – often implement this advice. On 
social media, well-implemented settings can allow users to better 
personalize their feeds when algorithmic curation may not reflect 
their values [17, 52, 53]. Many platforms provide settings like “More 
like this” (Google1), “Not interested in this post” (Twitter), and “Hot” 
and “Best” (Reddit). However, platforms seldom document the exact 
functionality of such controls, nor provide ways to easily validate 
that the controls worked. To our knowledge, only Vaccaro et al. 
has explored how users react when social media settings do not 
meet their expectations, finding that even settings that do not work 
increase feed satisfaction [59]. We add to this body of knowledge by 
addressing what aspects of vague and unverifiable settings improve 
user experiences. 

2.2 Deceptive and Dark Patterns 
Brignull first coined the expression dark pattern in his 2010 website 
that taxonomized problematic design patterns [8]. The website 
now uses the name deceptive design, and curates “tricks used in 
websites and apps that make you do things that you didn’t mean to” 
[9]. Examples include fake messages about low stock to pressure 
consumers into purchases (Fake Scarcity), or disguising important 
information through Visual Interference. Dark patterns encompass 
more than deception [24, 25, 42, 45, 62]. For instance, the Forced 

1https://myadcenter.google.com/home 

Action pattern requires users to take some undesirable action to 
accomplish their goal, such needing to subscribe to a newsletter 
to access a site: this might subvert users’ intentions, but it does 
not rely on deception. More generally, definitions of dark patterns 
in academic and legal literature cover a wide variety of facets, 
including deceptive/misleading interfaces; undermining of user 
intent, preferences, and autonomy; designer intentions; benefits to 
the service; and harms to the user [42]. 

We examine control settings that mislead or outright lie, a pattern 
the Norwegian Consumer Council calls the Illusion of Control [21]. 
For example, Facebook deployed settings that could restrict data 
sharing to “Friends Only,” but still shared data with the third-party 
apps that friends used. A lawsuit and $5 billion dollar settlement 
followed [22]. In addition, platforms have deployed settings that 
users have trouble finding and understanding, especially privacy 
and ad settings [21, 28, 30]. For instance, Hsu et al. found that 
some Facebook users believed opting out of personalized ads also 
stopped online tracking [30]. Our study, in contrast, documents not 
misconceptions stemming from potentially deceptive settings, but 
how deceptive settings directly shape subjective feed experiences. 

2.3 Placebos in HCI 
Outside the dark patterns literature, another set of “placebo” litera-
ture discusses deceptive design. Placebos in medicine describe sham 
or inert treatments like sugar pills which nonetheless heal patients. 
HCI practitioners use placebo to indicate system descriptions or 
interfaces which imply functionality, while the system does not per-
form that function or behaves randomly. Given that expectations 
are a key driver of the placebo effect in medicine [50], Kosch et al. 
define the placebo effect in HCI as more positive user evaluations 
“due to heightened expectations in the system’s capabilities” [37]. 

HCI practitioners have evaluated many placebos. An “emotion 
meter” for writing worked randomly, yet people evaluated it as 
accurate [57]. Players’ subjective experiences of an online game 
improved with the display of a lower network latency, regardless 
of the actual latency [29]. Power-ups that did nothing increased 
players’ perceived immersion [16]. Informing participants that an 
AI adapted the difficulty of a game or anagram puzzles increased 
feelings of immersion [15] and perceived performance [35, 37], even 
when no such AI existed. These boosts happened even with the 
portrayal of an unreliable AI, possibly because prevailing positive 
preconceptions of AI [35]. 

2.4 Ethics and Applications of Placebos 
In medicine, placebos go against Kantian moral principles that 
reject deception, invite fears that patients will lose trust in doctors, 
and arguably infringe on patient autonomy [4]. Guidelines of the 
American Medical Association prohibit placebo treatments without 
the patient’s informed consent [5]. Open-label placebos, where 
patients are informed they will receive a placebo, sidestep ethical 
concerns while still having medical efficacy [50]. 

On the other hand, a patient may want to be deceived for the 
sake of achieving relief from a disease. 76% of participants in a 
2013 survey thought that a placebo treatment was acceptable if 
the doctor was certain it would help the patient, and around 21% 
thought that placebos were never acceptable [31]. 

https://1https://myadcenter.google.com/home
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In HCI, many of the same arguments for and against placebos 
apply. Adar et al. discuss the notion of the user wanting a system 
to deceive them, terming it “benevolent deception” [1]. Placebo 
interfaces already exist in fake crosswalk buttons and elevator close 
door buttons, justified by their relatively inconsequential nature 
and ability to provide people a sense of control [51]. For fake power-
ups [16], one could argue that players prioritize fun, and they would 
endorse deceiving placebo power-ups. Other practical concerns like 
reduction in players’ trust may arise, however. 

Our study examines placebo social media controls stated to ad-
just the information that a user consumes, but do something else. 
Such placebo controls are rarely ethical. Users have diverse goals 
on social media, such as entertainment, catching up with close ties, 
reading news, finding recommendations, learning, etc [17]. A one-
size-fits-all deceptive setting may not help fulfill everybody’s goals, 
decreasing the likelihood of benevolent deception. Furthermore, 
many people use social media as a news source [40]. Controls that 
mislead information-seekers about a source’s characteristics, such 
as its popularity, may undermine their ability to critically evaluate 
the source. However, benevolent deception or an overriding soci-
etal interest may justify placebo settings in rare cases. For instance, 
imagine a user with an eating disorder who frequently searches for 
dieting and exercise videos [26]. The platform might opt to ignore 
the user’s requests to “see more like this.” Or, imagine a platform 
has detected a user has spent an excessive amount of time brows-
ing their feed, especially with negative content (“doomscrolling”). 
The platform might temporarily have the refresh option display 
the deceptive message that there is no new relevant content. The 
argument for both these placebos is that the user would endorse 
these plans to protect their own health. 

2.5 Mechanisms of Placebo Effects 
The HCI placebo literature has sought primarily to quantify how 
user expectations bias system evaluations so that experimenters can 
control for expectations; and secondarily to identify how designers 
might exploit placebo effects to improve user experiences. Our 
investigation of placebo controls can benefit both these applications. 
In addition, given the danger of unethical deceptive controls, our 
research can complement dark pattern research, which seeks to 
identify deceptive designs and quantify their harms. While the US 
and EU already prohibit many forms of deceptive design [41, 42, 
49], regulators may not have the resources or mandate to pursue 
every instance of deception. The US’s FTC evaluates whether a 
design has caused “substantial injury” to consumers [41]. A better 
understanding of the harms of a particular design can help prioritize 
enforcement and argue the case for substantial injury. 

Much of the prior placebo work in HCI studies exposure to 
system descriptions, making it straightforward to conclude that 
user expectations or beliefs were responsible for the placebo effects. 
But certain placebo interventions cause side effects, making this 
conclusion not as straightforward. For instance, Denisova and Cook 
found that fake power-ups increased player immersion [16], but 
their study did not address whether players felt more immersed 
because they expected a boost in power (what we would term an 
expectation effect), or if they simply enjoyed collecting the flashy 
objects that represented the power-ups (an effect of the system’s 

objective behavior that does not rely on prior expectations). This 
concern about side effects, in addition to the importance of control 
settings in social media, motivates our revisiting of Vaccaro et al 
[59]. Below, we introduce several mechanisms that could explain 
their finding that controls intended to adjust content popularity 
in a news feed increased user satisfaction, even when the controls 
actually randomized the content of the feed. 

2.5.1 Expectations Mechanism. The Expectations Mechanism most 
closely aligns with the consensus understanding of placebo effects 
in the medical field [18, 50]. This mechanism predicts two specific 
outcomes of user expectations that a popularity slider will improve 
the quality of a feed. First, users with higher expectations will 
be more likely to use the setting. Second, the expectations cause 
users to feel that they have meaningfully controlled the feed to 
have better content, regardless of whether the setting worked as 
advertised. 

How higher expectations cause users to feel the feed has better 
content could happen via several avenues. Users might expect the 
popularity slider to improve the feed because they assume popular 
content is better, and preferentially filter the feed to contain more 
popular content. Recommender systems researchers have docu-
mented that displaying ratings of content causes users to rate the 
content in the same direction [2, 13]; in our context, the expecta-
tion that popular content is better might also positively bias user 
perceptions of the feed. 

Simultaneously, higher expectations could cause stronger con-
firmation bias [47] – a tendency to find, pay more attention to, 
and recall evidence that the feed contains desired content. This 
could explain how participants in Vaccaro et al. easily found ways 
to explain how even content that violated their expectations still 
fulfilled the setting’s intent. 

If expectations of a better feed play a strong role, then it sig-
nals that strong trust in the platform and its settings will increase 
the effectiveness of the settings. It would additionally invite more 
scrutiny towards platforms’ messaging around their settings, e.g. 
”We care about your privacy” or “Your ads, your choice”2 . This kind 
of messaging can invoke a greater scope of control than what the 
platforms actually provide [21]. 

2.5.2 Clicking Mechanism. Alternately, the act of clicking a setting 
and seeing a change might satisfy users, no matter the change, and 
regardless of whether they believe they have meaningfully con-
trolled anything. This mechanism borrows the idea of classical or 
Pavlovian conditioning, where an organism has learned to associate 
a stimulus with an outcome. Much clinical research has demon-
strated such effects [18, 50] – for instance, pairing immunosuppres-
sive drugs with an inert drink confers some immunosuppressive 
effects to the inert drink, even with patients informed of the drink’s 
inert nature [33]. In our case, the Clicking Mechanism posits that 
users have learned to subconsciously associate clicking with satis-
faction though their past experiences with on-screen interactive 
elements. 

Petrie and Rief argue that classical conditioning is a form of 
expectation, as it involves people learning to expect a result from a 

2From Google’s ad settings, https://myadcenter.google.com/home 
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stimulus, even if the learning happens subconsciously [50]. Nonethe-
less, we have separated the Clicking and Expectations Mechanisms 
due to the nature of expectation generation. The Clicking Mech-
anism not only implies that we should be wary of settings that 
encourage users to click on them, but also suggests that we should 
search for other stimuli that users have subconsciously associated 
with feed satisfaction. 

2.5.3 Sovereignty Mechanism. In contrast, it may be that users 
value having the ability to take control (sovereignty), so seeing 
a control setting on-screen produces feelings of control and sat-
isfaction, even if the user does not use the setting. At least one 
extension of the Technology Acceptance Model (TAM) suggests 
that the flexibility of information systems, which control settings 
would enhance, improve satisfaction [60]. Users might adopt the 
attitude that a setting might prove useful in the future, even if it is 
not needed now. Hsu et al.’s user evaluation of Facebook settings 
also inspired this hypothesis: Facebook users taken on a tour of 
control settings declined to change most settings but they still ap-
preciated learning about the settings [30]. If mere awareness of a 
control setting causes a strong effect, then we should be more wary 
when platforms add and advertise their controls, as even controls 
that consumers don’t use could manipulate them. 

2.5.4 Randomness Mechanism. Lastly, we propose that a randomly-
ordered Twitter feed might satisfy users more than the default 
chronological ordering. Randomization may surface more diverse 
or serendipitous content, and prior work suggests that diversity 
and serendipity of content improves user satisfaction [36, 38]. Put 
another way, we propose that a control setting that randomizes the 
feed is not an inert placebo; it improves the objective quality of 
the feed. If so, then feed designers should put more emphasis on 
improving content diversity/serendipity. 

2.6 Research Questions 
To recap, prior work found that a “placebo” slider that randomizes 
a feed increases user satisfaction towards the feed. But it did not 
address why, and left open the possibility of non-placebo-effects for 
increased user satisfaction. Disentangling the mechanisms by which 
a placebo setting satisfies users will guide experimenters, designers, 
and regulators working with feed control settings. To disentangle 
the available explanations, we must first observe placebo controls 
improving users’ subjective experiences (e.g. feelings of control, 
satisfaction), and then test our four mechanisms. Thus, we ask: 

• RQ1: How does a placebo control setting in a social 
media feed affect users’ subjective experiences of the 
feed? 

• RQ2: What explains the placebo effect? 

3 Methods 
We designed an experiment that could both demonstrate a placebo 
effect of settings (RQ1) and form a context in which our four pro-
posed mechanisms each made a distinct, falsifiable prediction (RQ2). 
Showing that a prediction did not come true provides strong ev-
idence for ruling out a mechanism. At a high level, participants 
browsed a Twitter feed alongside different control settings (or no 

Figure 1: The interface that participants saw during the study. 
The Popularity Slider appears near the upper left corner. 

setting), and then they rated their feelings of control over the feed 
and feed satisfaction. 

3.1 Participant Recruitment and Survey Context 
To improve generalizability we purchased a probability sample of 
the adult U.S. population to run our experiment on. 1464 people 
completed an online survey between March 17, 2023 and May 1, 
2023. We employed NORC AmeriSpeak, a panel consisting of US 
households randomly sampled from a national list of addresses 
derived from the USPS Delivery Sequence File, with augmentations 
by NORC to better cover rural areas [48]. NORC contacts sampled 
households by US mail, telephone, and field interviewers (face to 
face) if necessary. 

To increase the consistency of the feed interface, we restricted 
our recruitment from this panel to only include laptop/desktop 
computer users. Participants received a survey containing tasks and 
questions pertaining to several different research projects, including 
the current study, which occurred near the midpoint of the survey. 
Participants took a median of 29.5 minutes to complete the entire 
survey, with our study’s tasks expected to take about 5 minutes. 
The survey completion rate was 14.5% and panelists were offered 
the cash equivalent of $2 for completing this survey.3 

3.2 The Feed 
Participants browsed a Twitter feed on a custom-made web app 
for 60 seconds, a screenshot of which appears in Figure 1. Tweets 
displayed the same fundamental information as found on Twitter 
(author, threads, videos/photos, number of retweets and likes, etc.); 
however, the app did not support interactions such as liking or 
replying. Like on Twitter and many of today’s other feed systems, 
scrolling down loaded more tweets in an “infinite” fashion. 

3We recognize the problematic nature of compensation well below U.S. federal mini-
mum wage [56]. Unfortunately, we had no direct control over NORC’s compensation, 
nor was it disclosed to us until after the completion of the survey. 
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Participants were first asked if they had an active Twitter account 
and were willing to use it for the study. If so, the feed viewer web app 
used the Twitter API4 to pull up to 200 of participants’ most recent 
home timeline tweets to populate the feed. Otherwise, participants 
selected up to six topics for their feed. The topics were designed to 
have broad appeal: Entertainment/Celebrities, Technology, News, 
Funny/Interesting, Sports, and Cute/Beautiful Photos. Selecting a 
topic populated the feed with tweets sampled from accounts that 
we designated as relevant to that topic. Appendix A contains more 
details on the account curation and tweet sampling process. 

3.3 Experimental Treatments 
Participants were randomly assigned to one of five experimental 
treatments in between-subjects fashion, summarized in Table 1. 
Three control setting types were possible: no setting, Popularity 
Slider, or Swap Button. 

# Control 
Setting 

Default Feed 
Sort 

Associated RQs 
& Mechanisms 

Prob. 

1 No setting Chronological All, as it functions 
as a baseline 

10% 

2 No setting Random RQ2: Randomness 10% 
3 Popularity 

Slider 
Chronological RQ1, RQ2: 

Expectations, 
Sovereignty 

30% 

4 Placebo 
Slider 

Chronological RQ1, RQ2: 
Expectations, 
Sovereignty 

30% 

5 Swap But-
ton 

Chronological RQ2: Clicking 20% 

Table 1: Overview of experimental treatments. The Prob. col-
umn contains probability of assignment. Note experimental 
treatments with settings have increased probability of assign-
ment to balance the number of participants using and not 
using settings. 

3.3.1 The Popularity Slider (and Placebo Popularity Slider). Vacarro 
et al. designed a Popularity Slider that we partially replicated, shown 
in Figure 1. Vaccaro et al’s slider always actively filtered the feed – 
to avoid a potential confound, we added a switch labeled “Filter by 
popularity” that started in an inactive state. While inactive, tweets 
appeared chronologically. This meant that participants with no 
setting and participants that did not use the slider would both see 
the feed in a chronological order, enabling estimation of the effect 
of setting existence (Sovereignty Mechanism) under the constant 
condition of chronological sort. 

Turning the switch on or moving the slider activated the popu-
larity filter. Instead of operating on tweets, the filtering algorithms 
for the slider operated on threads, chains of tweets which reply to 
each other. This was to ensure that filtering would not break up a 
thread and render it incoherent. Each of the seven ticks of the slider 
filtered the feed to only show threads in one quantile of popularity. 

4https://developer.twitter.com/en/docs/twitter-api/tweets/timelines/api-
reference/get-users-id-reverse-chronological 

The popularity of a thread was defined as the number of likes in the 
first tweet of the thread. The placebo version of the slider instead 
shuffled the full feed (i.e. the set of all threads) and divided it into 
seven equally-sized partitions. Each tick of the slider showed one 
of the partitions. 

3.3.2 The Swap Button. Under the Clicking Mechanism, the mere 
act of clicking a button increases satisfaction, regardless of whether 
clicking leads to meaningful changes in the feed. To test this mech-
anism directly, we created a setting that afforded clicking but ar-
guably caused minimal changes to objective feed quality. The result 
was a blue button labeled “Swap first two threads” that caused the 
first two threads in the feed to swap positions. 

3.4 Measures 
Our primary outcome measures were feed satisfaction and feelings 
of control over the feed. For feed satisfaction participants rated their 
agreement with “I enjoyed browsing the feed” and “I was satisfied 
with the final feed I saw.” For feelings of control the statements were 
“I felt in control” and “The feed was the result of forces I couldn’t 
control” (reverse-coded). Agreement ratings were on 5-point Likert 
scales from Strongly Disagree to Strongly Agree, which were then 
coded as integers and summed. Spearman correlations of the items 
within these two constructs were 0.66 and 0.36, respectively. 

Besides these outcome measures we collected whether partici-
pants used a setting – crucial for testing the Clicking and Sovereignty 
Mechanisms. We deliberately avoided measuring user expectations 
for testing the Expectations Mechanism, as measurement can influ-
ence expectations [54]. 

Lastly, a process of reasoning, reflection, and literature review 
identified three potential confounds that could affect two or more 
of our primary measures simultaneously. We statistically controlled 
for these during analysis. 

Before feed browsing happened, we measured the covariate of 
Locus of control (LoC). LoC describes the degree to which people 
attribute events in their lives to themselves (“internal locus”) versus 
external causes (“external locus”) [23]. It is predictive of people’s 
tendency to seek and exert active control, as well as mental well-
being [46]. We hypothesized that LoC could jointly influence both 
setting usage and feelings of control, as well as moderate the effect 
of control setting use on feed satisfaction. The survey assessed LoC 
using three items selected from Levenson [39]. Levenson’s instru-
ment encompasses three sub-scales validated through confirmatory 
factor analysis. From each sub-scale, we selected the one item with 
the highest loading on its corresponding factor. 

Second among our covariates, we measured perceived feed qual-
ity prior to setting use (PFQ). People who expect a higher-quality 
feed might feel less need to improve the feed and thus use the 
setting less. At the same time, perceived feed quality likely causes 
feed satisfaction. The measurement of this variable depended on 
whether a participant expressed their willingness to use their Twit-
ter account. If they did, prior to feed browsing they completed two 
questions about their general satisfaction and enjoyment towards 
their Twitter feed. Responses were on 5-point Likert scales. If a 
participant did not use their personal Twitter account, we instead 
used two proxy variables for PFQ: the feed topics that they selected 
and the age of the sampled tweets at the time they viewed the feed. 

https://4https://developer.twitter.com/en/docs/twitter-api/tweets/timelines/api
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Lastly, after feed browsing, we measured the covariate of fa-
miliarity with social media. Prior work in recommender systems 
suggests that domain expertise, like knowledge of music when us-
ing a music recommender system, positively influences perceived 
recommendation quality [32, 36]. Therefore, social media or Twit-
ter familiarity could predict feed satisfaction. At the same time, 
we hypothesized that social media expertise could impact a user’s 
understanding of a setting and therefore their likelihood to use the 
setting. To report their familiarity with social media, participants 
rated their frequency of use of several popular social media ser-
vices, including Twitter, Facebook, YouTube, Snapchat, Instagram, 
Reddit, and more. Frequency ratings were on a 6-point Likert scales 
ranging from Never to Multiple Times Per Hour. 

3.5 Falsifiable Predictions 
Given our experimental setup, each proposed mechanism predicts 
a different outcome. The Expectations Mechanism proposes that 
users’ expectations positively bias their evaluations of the feed after 
a setting makes changes. It thus implies that using a setting will 
cause higher feelings of control, and subsequently feed satisfaction. 
The Sovereignty Mechanism predicts greater feelings of control and 
feed satisfaction in the presence of a setting, even when participants 
do not use it. The Clicking Mechanism predicts greater feed satis-
faction, but not feelings of control, among those that click a setting. 
This prediction should hold true especially for those assigned to 
the Swap Button condition. The Randomness Mechanism predicts 
greater feed satisfaction when the feed is randomized, compared to 
chronological sort. The first two experimental conditions in Table 1 
effectively model of the effect of random sorting under the constant 
condition of having no setting. 

Figure 2 illustrates these predicted relationships in the form of a 
Directed Acyclic Graph (DAG). Note that while the DAG suggests 
path analysis, we tested the DAG’s prediction using Bayesian linear 
regression (see Section 3.7). 

3.6 Data Cleaning 
First, we removed 203 participants who had experienced an older 
version of the Popularity Slider. Then, we removed participants 
showing evidence of low-quality responses considering behaviors 
across the entire survey, and not just the current study. Behav-
iors justifying removal included failing multiple attention checks, 
clear evidence of straightlining, completing fewer than 60% of the 
questions in the survey, failing to respond to our key outcome mea-
sures, or recalling a feed setting that the participant could not have 
experienced. This step removed 459 participants. 

Of the remaining 802 participants, 40 used their own Twitter 
feeds. So few respondents used their own Twitter feeds that we 
opted to exclude them from the Main Experiment’s dataset, and 
analyze them in the dataset for the Follow-Up Experiments which 
only contained people using their own Twitter feeds. This led to 
a final data set size of 762 participants for the main experiment. 
Tables 2 and 3 display various summary statistics of this dataset. 

3.7 Data Analysis 
Based on the DAG (Figure 2), we derived a series of Bayesian ordinal 
regressions, which Table 4 summarizes. Model 1 addresses RQ1 

Treatment Num. as-
signed 

Num. using 
setting 

(1) No Setting 66 0 
(2) No Setting, randomized 
feed 

66 0 

(3) Popularity Slider 254 80 (32%) 
(4) Placebo Slider 226 64 (28%) 
(5) Swap Button 150 43 (29%) 

Table 2: Number of participants assigned to each experimen-
tal treatment and setting usage statistics for the Main Exper-
iment, after data cleaning. 

Attribute Distribution 
Age Mean = 45 years, median = 42 years, standard 

deviation = 17 years. 
Gender 374 male, 376 female, 4 nonbinary, 5 no response 
Race 535 (70%) White, 82 (11%) Hispanic, 62 (8%) Black, 

46 (6%) multiracial, 22 (3%) Asian, 9 (1%) other, 4 
(1%) American Indian, 2 Middle Eastern 

Table 3: Participant demographics for the Main Experiment 
after data cleaning. 

(placebo effect strength) by estimating the effect of experimental 
treatment on feed satisfaction. Models 2 and 3 each test a subset 
of the DAG’s edges in a piecewise fashion, which addresses RQ2 
(explanation of the placebo effect). This piecewise approach shares 
conceptual similarity to Baron and Kenny’s method of using several 
regressions to test statistical mediation [6]. 

We used Gaussian priors for all regression coefficients, with 
means and variances encoding skepticism but not impossibility 
towards large effect sizes. For instance, before seeing any data, our 
models assigned under a 1% probability to setting use tripling the 
likelihood of the highest possible feed satisfaction score of 8 

Ordinal regressions predict how the likelihoods of each possible 
DV value change as the IVs change. To distill this into one summary 
statistic, we selected the DV value of 6 as a pivot point, as obtaining 
a 6 requires at least one rating of agreement (a 3 or a 4) among 
the two items that make up each scale. We thus summarize many 
effect sizes as an odds ratio expressing the predicted change in the 
likelihood of selecting a 6 or higher due to a one-unit change in an IV. 
For IVs modeled as categorical (feed randomization, using a setting, 
UI type), the unit of change is moving from one category to another 
category. For IVs modeled as continuous, the unit of change is one 
sample standard deviation.5 As an example, consider the effect 
of using a setting vs not using a setting on feed satisfaction. An 
effect size (odds ratio) of 2 indicates that using a setting doubled 
the likelihood of rating 6 or higher, 0.5 indicates a halving of the 
likelihood, etc. 

Bayesian analysis provides posterior distributions of the most 
likely effect sizes from changing an IV (or more precisely speaking, 
5Despite modeling feelings of control as an ordinal DV in Regression 2, we modeled 
it as a continuous IV in Regression 3. A desire to reduce the number of parameters 
in Regression 3 and observing a normally-shaped distribution for feelings of control 
justified this decision. 
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Control setting 
type* 

Feelings of control 

Setting usage 

Feed randomization 
(instead of chronological ordering) 

Feed satisfaction 

Randomness Hypothesis 

Clicking Hypothesis 

Expectations Hypothesis 

Sovereignty Hypothesis 

Downstream effect on satisfaction 
predicted by Expectations and 
Sovereignty Mechanisms 

Some participants assigned a 
randomized feed without a setting 

*Additionally interacts with 
setting usage effects 

PFQ, social 
media familiarity 

LoC 

Figure 2: Diagram of how settings improve feed satisfaction. This diagram contains pathways for all mechanisms under RQ2. 
Control setting type (leftmost node) refers to the control setting that a participant was assigned; see the Control Setting values 
in Table 1. Our mechanisms predict the existence of certain edges, which are annotated. The direct arrow from “Control setting 
type” to “Feed satisfaction” captures any remaining effect of control settings on feed satisfaction that our four mechanisms 
do not explain. Lastly, confounding variables appear in light bubbles, which include Locus of Control (LoC), perceived feed 
quality prior to setting use (PFQ), and social media familiarity. The arrow from LoC to the Setting usage → Feed satisfaction 
relationship indicates our hypothesis that LoC mediates this relationship. 

# Independent Variables DV Controlled Confounds 
1 Experimental treatment Feed 

satisfaction 
none 

2 Control setting type, Used setting, Control setting type x 
Used setting 

Feelings of 
control 

LoC, LoC x Used setting 

3 Control setting type, Used setting, Control setting type x 
Used setting, Feelings of control, Feed randomization 

Feed 
satisfaction 

LoC, LoC x Used setting, Perceived feed quality 
prior to setting use, Familiarity with social media 

Table 4: Piece-wise modeling of the causal diagram through a series of regression models. DV stands for Dependent Variable or 
the response variable of each regression. Controlled Confounds are added as additional predictors for each DV. 

the odds ratios most compatible with the parameters and assump-
tions of ordinal regression). We report several statistics regarding 
effect size distributions. First, we report the total posterior likeli-
hood of an odds ratio exceeding 1.1, which can be interpreted as 
the likelihood of a non-negligible positive effect. Second, we report 
the mean of the posterior distribution. And third, we report the 
boundaries of the 94% Highest Posterior Density Interval (HPDI) – 
the narrowest interval containing 94% of the posterior’s probability 
mass.6 

3.7.1 Original data and models. The supplementary materials in-
clude survey questions, formal model specifications, and code to 
run the models. We did not gain consent from participants to 

6We select 94% as a relatively strict yet arbitrary threshold, just like the relatively strict 
yet arbitrary convention of p=0.05. 

share our data in a public repository, but researchers may contact 
silash2@illinois.edu to request access to the anonymized dataset. 

4 Main Experiment Results 
4.1 Similar Average Satisfaction Across All 

Experimental Treatments 
We first examine Regression 1, which analyzed how assignment to 
each of our five experiment conditions affected satisfaction scores. 
Our regression model predicts largest difference in feed satisfaction 
occurs between the “No Setting, random” and the “Popularity Slider” 
treatments. Compared to the No Setting, random treatment, assign-
ment to the Popularity Slider treatment increases the likelihood 
of a 6-or-higher satisfaction rating by 2.7% on average, with a 96% 

mailto:silash2@illinois.edu
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Control setting 
type 

Feelings of control 

Setting usage 

Feed randomization 
(instead of chronological ordering) 

Feed satisfaction 

Pop. Slider use: 85% 
[0.94, 1.7], M=1.3 

Swap Button existence: 18% 
[0.64, 1.3], M=0.96 

Slider existence: 9% 
[0.68, 1.2], M=0.91 

Swap Button: 19% 
[0.73, 1.3], M=0.99 

Pop. Slider: 49% 
[0.85, 1.4], M=1.1 

Randomization: 11% 
[0.7, 1.2], M=0.96Pop. Slider use: 17% 

[0.76, 1.2], M=0.99 

+1 standard deviation: 100% 
[1.8, 2.2], M=2 

30% of participants assigned 
Pop./Placebo Slider used it 
29% of participants assigned 
Swap Button used it 

Randomness Hypothesis 
Clicking Hypothesis 

Expectations Hypothesis 

Sovereignty Hypothesis 

Placebo Slider use: 92% 
[0.98, 2.0], M=1.5 

Swap Button use: 63% 
[0.73, 1.6], M=1.2 

Placebo Slider: 37% 
[0.80, 1.4], M=1.1 

Placebo Slider use: 15% 
[0.69, 1.2], M=0.97 

Swap Button use: 25% 
[0.72, 1.3], M=1.0 

Figure 3: Causal diagram annotated with predicted effect sizes for the main experiment. Here, we define “effect size” as the odds 
ratio representing the change in the likelihood of a 6 or higher on an outcome scale, where the outcome scales are feelings 
of control and feed satisfaction. For each predicted effect size, we report three statistics. Percentages represent the posterior 
probability of an effect size greater than 1.1. The numbers in brackets represent the boundaries of the 94% HPDI (i.e. the range 
of the most plausible effect sizes). Finally, after the brackets, we report the mean of the posterior distribution. Green and amber 
backgrounds emphasize posterior probabilities of an effect size greater than 1.1 exceeding 80% and 60%, respectively. 
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Estimated probability of feed satisfaction scores (main experiment) 
'No Setting, random' vs 'Popularity Slider' 

No Setting, random 

Popularity Slider 

Figure 4: Estimated probabilities of each satisfaction score 
for the “No setting, random” and “Popularity slider” treat-
ments in the Main Experiment. This comparison has the 
largest effect size among all pairs of conditions. Each verti-
cal line indicates the 94% Highest Posterior Density Interval 
(HPDI) containing the most plausible estimates, with the 
center marker (x for No setting, filled circle for Slider) in-
dicating the mean of the posterior distribution. Takeaway: 
on average, assignment to the Popularity slider treatment 
very slightly increases the probability of a higher satisfaction 
score. However, since all the HPDIs overlap, a null effect is 
still very plausible. 

probability of an increase less than 8.5% (94% HPDI boundaries = 
[0.9, 1.5]). Figure 4 presents exact details on predicted differences 
in satisfaction ratings. 

Vaccaro et al. found that compared to no setting, a placebo slider 
increased satisfaction by an average of approximately 1 point on a 
7-point Likert scale [58]. If we rescale our model’s predictions to a 
7-point Likert scale, it estimates an increase of 0.13 Likert points on 
average, with a 96% probability of an increase less than 0.45 Likert 
points. In other words, providing a setting affected feed satisfaction 
ratings much less than expected. 

4.2 Support for Expectations Mechanism 
Despite Regression 1 not finding significant differences among the 
treatments, we still conducted the remaining regressions to test 
our proposed placebo effect mechanisms and to determine if the 
settings satisfied any subset of participants. Figure 3 summarizes 
the findings of these regressions. Our models collectively predict 
that participants who used a slider, working or placebo, felt slightly 
more feed satisfaction, with a probability of at least 85%. This hap-
pens through the route of Slider use → Feelings of control → Feed 
satisfaction, which aligns with the predictions of the Expectations 
Mechanism. Using the Placebo Slider increases the estimated proba-
bility of feeling in control from 8% to 12%, with downstream effects 
on feed satisfaction sharing the same magnitude. Meanwhile, a siz-
able proportion of participants did not use a setting. This explains 
why assignment to experience a setting had such a small total effect 
on satisfaction. Supplemental Figures 8 and 9 illustrate these effect 
sizes with the raw response distributions. 



Placebo Effect of Control Settings in Feeds Are Not Always Strong CHI ’25, April 26–May 01, 2025, Yokohama, Japan 

Treatment Num. in-
stances 

Num. instances 
w/ setting use 

(1) No Setting 49 0 
(2) No Setting, randomized 
feed 

5 0 

(3) Popularity Slider 59 38 (64%) 
(4) Placebo Slider 40 24 (60%) 
(5) Vague Popularity Slider 24 16 (67%) 

Table 5: Experimental treatment distribution and setting 
usage statistics in the follow-up experiments. This table 
compiles statistics of 177 feed interactions from 123 par-
ticipants. 27 participants from within-subjects Follow-Up W 
contributed three interactions each. 

Our models assigned probabilities of at most 25% and effect sizes 
of at most 1.3 to the predictions of the Clicking, Sovereignty, and 
Randomness Mechanisms (see Figure 3). Notably, higher proba-
bilities of positive effects are assigned to the Swap Button than 
the sliders. We attribute this to decreased model confidence from 
having fewer participants assigned to Swap Button. 

5 Follow-Up Experiments with Twitter Users 
Only 

We hypothesized that differences between our and Vaccaro et al’s 
experiments may have caused a smaller effect size. In response we 
conducted two follow-up experiments that replicated additional 
aspects of Vaccaro et al’s methodology: (1) a convenience sample 
of Twitter users, (2) a within-subjects design, and (3) a “Vague 
Popularity Slider” that omitted all explanation of functionality, 
leaving only a label that said “Popularity.” Moreover, it omitted the 
activation switch and always actively filtered the feed. 

All follow-up experiments occurred on the crowdsourcing plat-
form Prolific in July 2023. We screened for participants located in 
the U.S. who reported using Twitter at least once per month. We 
recruited as many participants as our Twitter API limits would 
allow – at the time of the experiments, Twitter had reduced these 
limits significantly. Participants received a flat payment to match 
the rate of $13 USD per hour. 

Follow-Up Experiment B compared the Vague Popularity Slider 
to No Setting and Popularity Slider in Between-subjects fashion. 
Follow-Up Experiment W exposed subjects to No Setting, Popular-
ity Slider, and Placebo Slider in counterbalanced Within-subjects 
fashion. Each participant completed feed browsing and responding 
to post-browsing measures three times in a row, once for each treat-
ment. 74 and 29 participants completed Follow-up Experiments B 
and W, respectively. 

5.1 Combining Datasets and Data Cleaning 
The follow-up experiments used the same measures and feed inter-
face as the Main Experiment, and many of the same experimental 
treatments. This justified combining the data from the follow-up 
and Main Experiment participants who used their own Twitter 
feeds. We start with 143 participants – 40, 74, and 29 from Main, 

Attribute Distribution 
Age Mean = 35 years, median = 32 years, standard 

deviation = 13 years. 
Gender 69 male, 52 female, 2 nonbinary 
Race 75 (61%) White, 16 (13%) multiracial, 15 (12%) 

Asian, 7 (6%) Black, 6 (5%) Hispanic, 2 (2%) Middle 
Eastern, 1 American Indian 

Table 6: Demographics of the 123 participants in the follow-
up experiments. 

Follow-Up B, and Follow-Up W respectively. We excluded 8 partici-
pants from the Main Experiment who experienced the Swap Button 
treatment because we wanted to avoid modeling a control setting 
type with only 8 people. We additionally removed 12 participants 
because the Twitter API fetched 20 or fewer tweets for their feeds 
(5, 5, and 2 removals in Main, Follow-Up B, and Follow-Up W re-
spectively). After removals 123 participants remained collectively 
providing 177 feed interactions. Tables 5 and 6 compile summary 
statistics for this dataset. Bayesian ordinal regression proceeded 
in the same way as the Main Experiment, except with additional 
ordering effect terms. 

6 Follow-Up Experiment Results 
6.1 Similar Average Satisfaction Across All 

Experimental Treatments 
Like the main experiment, the regressions indicate small effects 
across all conditions. Assignment to Popularity Slider produces 
the same satisfaction ratings on average as No Setting. The 94% 
probability upper bound of effect sizes for this comparison is 1.2, 
equivalent to an increase in probability of a 6-or-higher rating of at 
most 10%, or at most 0.43 Likert points on a 7-point scale. Figure 6 
presents exact details on predicted differences in satisfaction ratings; 
Supplemental Figure 10 presents raw response distributions. 

In addition we estimated ordering effects. Regression 3 predicts 
that compared to experiencing No Setting for the first time, ex-
periencing No Setting after Slider multiplies the probability of a 
6-or-higher satisfaction rating by 0.97 on average (94% HPDI bound-
aries = [0.79, 1.1]). We find a similar effect size for the other ordering 
of Slider after No Setting. That is, ordering effects do not explain 
the discrepancy between our findings and Vaccaro et al.’s. 

6.2 Support for Expectations Mechanism 
Again, we conducted further regressions to identify the mecha-
nism(s) of the placebo effect, the results of which Figure 5 sum-
marizes. The models predict that participants who used a slider, 
working or placebo, felt slightly more feed satisfaction with prob-
abilities of 90% or higher. Again, we found alignment with the 
predictions of the Expectations Mechanism through the route of 
Slider use → Feelings of control → Feed satisfaction. 

Due to the smaller sample size, the models indicate wider plau-
sible ranges of effect sizes, making it harder to rule out placebo 
mechanisms. Regression 3 assigns a 25% posterior probability to 
the prediction of the Randomness Mechanism, and probabilities 
between 33% and 60% to the prediction of the Clicking Mechanism. 
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Control setting 
type 

Feelings of control 

Setting usage 

Feed randomization 
(instead of chronological ordering) 

Feed satisfaction 

Pop. Slider use: 92% 
[0.9, 2.4], M=1.6 

Vague Slider use: 96% 
[0.80, 4.0], M=2.2 

Randomization: 25% 
[0.82, 1.3], M=1.0 

+1 standard deviation: 100% 
[1.2, 1.4], M=1.3 

63% of participants assigned 
Pop./Placebo Slider used it 
67% of participants assigned 
Vague Slider used it 

Randomness Hypothesis 
Clicking Hypothesis 

Expectations Hypothesis 

Sovereignty Hypothesis 

Placebo Slider use: 83% 
[0.77, 2.3], M=1.5 

Slider existence: 91% 
[0.89, 2.7], M=1.7 

Vague Slider existence: 52% 
[0.45, 2.0], M=1.2 

Pop. Slider use: 53% 
[0.87, 1.5], M=1.1 

Vague Slider use: 33% 
[0.75, 1.4], M=1.1 

Placebo Slider use: 60% 
[0.86, 1.6], M=1.2 

Vague Slider: 19% 
[0.73, 1.3], M=1.0 

Pop. Slider: 4% 
[0.67, 1.1], M=0.9 

Placebo Slider: 4% 
[0.64, 1.1], M=0.89 

Figure 5: DAG annotated with predicted effect sizes for the follow-up experiment. Here, we define “effect size” as the odds 
ratio representing the change in the likelihood of a 6 or higher on an outcome scale, where the outcome scales are feelings 
of control and feed satisfaction. For each predicted effect size, we report three statistics. Percentages represent the posterior 
probability of an effect size greater than 1.1. The numbers in brackets represent the boundaries of the 94% HPDI (i.e. the range 
of the most plausible effect sizes). Finally, after the brackets, we report the mean of the posterior distribution. Green and amber 
backgrounds emphasize posterior probabilities of an effect size greater than 1.1 exceeding 80% and 60%, respectively. 
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Figure 6: Estimated probabilities of each satisfaction score 
for the “No setting” and “Popularity slider” treatments in the 
follow-up experiments with Twitter users only. Each verti-
cal line indicates the 94% Highest Posterior Density Interval 
(HPDI) containing the most plausible estimates, with the 
center marker (x for No setting, filled circle for Slider) in-
dicating the mean of the posterior distribution. Takeaway: 
Our models estimated the No setting and Popularity slider 
treatments to have about the same level of feed satisfaction. 

Our models at first glance support the Sovereignty Mechanism, 
with confident predictions that slider existence increases feelings 
of control, and feelings of control increase feed satisfaction. This 
is partially visible in the raw response data (Figure 7): participants 
had higher ratings of control when provided a slider, even when 
not using it. But contradicting the models, we did not observe 
a downstream effect of higher satisfaction among the non-users. 
Due to this apparent contradiction we consider support for the 
predictions made by the Sovereignty Mechanism inconclusive for 
this dataset, and discuss further implications in Discussion section 
7.1. 

7  Discussion
In a series of experiments with Twitter feeds, we scrutinized mech-
anisms underlying a placebo effect for control settings on social 
media. In this section, we discuss how we interpreted the data in 
light of the four mechanisms we tested, and we propose explana-
tions for why we found a smaller effect size than expected. Lastly, 
we state recommendations for design and regulation, and discuss 
limitations and possibilities for future work. 

7.1 Which Placebo Effect Mechanisms Can We 
Rule Out? 

7.1.1 Evidence Against Clicking, Randomness, and Sovereignty Mech-
anisms. Neither the the Swap Button nor the randomly-ordered 
feed with no setting increased feed satisfaction to any practical 
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Figure 7: Feelings of control and satisfaction ratings in the follow-up experiments, grouped by slider usage. Ratings are as 
follows – 1: Strongly disagree, 2: Somewhat disagree, 3: Neither agree nor disagree, 4: Somewhat agree, 5: Strongly agree. 
Takeaway: Participants with a slider had higher feelings of control on average, but only those that used the sliders displayed 
increased feed satisfaction. 

degree. Thus the data supports ruling out the Clicking and Ran-
domness Mechanisms. However we do not rule out interaction 
effects, such as a conditioned response that only happens when 
users click on a setting they expect to be useful (i.e. interaction 
with the Expectations Mechanism). Fully disentangling such effects 
would require providing a way to assert control without clicking, 
such as via a proxy that clicks on a person’s behalf. 

The Sovereignty Mechanism predicted that participants pro-
vided a slider but not using it would feel more feed satisfaction, 
a prediction the data did not reflect. However, recall that in our 
follow-up experiments our models displayed confidence that setting 
existence increases feelings of control, with a downstream effect 
on feed satisfaction. This inconsistency could indicate issues in our 
measurement of feelings of control (see Section 3.4). Participants 
who declined to use a control setting may have interpreted our 
questions to mean that they felt agency, or the ability to act to 
control the feed. In comparison, participants who used the settings 
may have interpreted our questionnaire to mean that they had, in 
fact, successfully changed the content of the feed. Only this second 
meaning of control might predict feed satisfaction. In any case, 
our DAG and models indicate that some component of feeling in 
control predicts feed satisfaction. Future work should investigate 
more precise ways of conceptualizing feelings of control, not only 
through measurement but experimental manipulation. 

7.1.2 Evidence Favors the Expectations Mechanism. The Expecta-
tions Mechanism’s predictions consistently came true. However, 
our experiments only represent one test of this mechanism. Measur-
ing user expectations could provide more definitive evidence, but 
only with careful implementation. Marketing research has shown 
the act of measurement causes users to reflect on their expectations, 
which amplifies expectation effects [54]. Therefore experiments 
that measure expectations should include a condition where expec-
tations are not measured. Alternatively, we could use experimental 
treatments that alter system behavior, but not users’ expectations, 
such as our treatment of No Setting with a randomized feed. 

Additionally, our experiments provide a foundation for further 
study of how expectations lead to more positive ratings of the feed. 
Future work could attempt to separate the effects of assumptions 
about the quality of popular content, confirmation bias, or other 
factors. To do so, controlled studies could manipulate user expecta-
tions in more nuanced ways, such as by changing people’s attitudes 
towards the quality of popular content before exposure to a pop-
ularity slider. This type of work could not only clarify how user 
expectations matter, but also give us more ways to manage those 
expectations. 
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7.2 Small Effect Sizes and the Need to Separate 
Placebo Mechanisms in HCI 

Despite strong positive effects in prior work [59], the setting in 
our study slightly increased satisfaction ratings. Our follow-up 
experiments ruled out several explanations, but we did not and 
could not test every possibility. One remaining explanation is that 
our study’s participants viewed a large continuously-scrolling feed, 
but Vaccaro et al.’s showed 10 posts at a time. If a participant never 
used a control setting, these were the only 10 tweets they saw during 
the study. Their slider design, placebo or not, enabled the viewing 
of more tweets, possibly providing significant objective utility. In 
our study, the benefits of the filters may have been more muted, as 
scrolling could already surface tweets participants wanted to see. 

This alternative explanation highlights the need in HCI to sepa-
rate “placebo” effects from non-placebo, “objective” effects. It also 
highlights the insufficiency of placebo terminology. HCI researchers 
borrowing the idea of a placebo from medicine may take for granted 
differences between the two contexts. Placebo effects in medicine 
occur when a treatment with no plausible biological mechanism 
improves patient outcomes, allowing us to conclude that a psy-
chological mechanism must be the cause. But in HCI, the study of 
deceptive or placebo interactions involves not the separation of 
the biological and psychological, but rather different psycholog-
ical effects. “Placebo effect” fails to capture the richness behind 
users’ subjective experiences. Terms like “Expectations Effect” or 
“Sovereignty Effect” give designers and regulators a clearer picture 
of what interventions to adopt. 

7.3 Implications for Design and Regulation 
In summary, a deceptive “placebo” popularity slider increased short-
term feed satisfaction, but less than previously thought; and user 
expectations towards the slider explains this placebo effect. An 
unethical designer might use these findings to implement placebo 
settings that target user expectations more strongly. But designers 
should strongly consider that placebo settings might not cause a 
large effect and that expectations can quickly deteriorate. User trust 
is fragile, especially with violated expectations [34] or investiga-
tions exposing misleading interfaces, such as what happened with 
Facebook’s privacy settings [22]. Low trust towards settings may 
even cause a “nocebo effect” that undermines their ability to im-
prove user experiences. Already-documented symptoms of nocebo 
effects may include users’ belief in the inevitability of online track-
ing [44], or the belief in seeing personalized ads even after using 
a setting to turn them off [30]. Future research should examine 
nocebo effects in more detail. 

Our findings underscore that not only overt deception can influ-
ence subjective experiences, but also inflation of user expectations. 
Many examples of potential harms from mismanaged expectations 
have been documented. Facebook users thought that turning off 
“ads based on data from partners” would stop Facebook from track-
ing them, when in fact the setting did not [30]. A court recently 
ordered Google to dispel misconceptions of privacy and clarify to 
users that it could still track users even with Incognito web brows-
ing [10]. People provided more granular control over information 

sharing decided to share more information [7]. That is, even sub-
tle cues like control setting granularity might influence people’s 
expectations of security and cause them to share more. 

Our work complements these examples. When user expectations 
shape subjective experiences and evaluations of a system, as it 
did in our study, it potentially becomes a tool for manipulating 
user behavior. This would clearly violate EU regulations which 
prohibit practices that “materially distorts or impairs the ability of 
[consumers] to make free and informed decisions” [49]. 

Mismanagement of expectations may also run afoul of FTC reg-
ulations as well. The FTC restricts deceptive practices, defined as 
any “representation, omission, or practice” that is “material” and 
“likely to mislead consumers who are acting reasonably under the 
circumstances” [12]. “Material” means relating to “information that 
is important to consumers and, hence, likely to affect their choice 
of, or conduct regarding, a product” [12]. Our findings suggest a 
stronger connection between user expectations and their subjective 
evaluations of feeds, and therefore their behaviors surrounding 
feeds. In other words, there is now stronger evidence that user 
expectations are “material” and worth it for auditors to monitor. 
As mentioned before, directly querying expectations via asking 
users how “good” a product will be might change expectations [54]. 
Auditors should alternatively consider interviews that ask users 
why they use a feature or how a feature works, for example [30]. 
If users’ reasons do not align with reality, it clearly indicates that 
something has gone wrong. 

7.4 Limitations 
Our study used a Twitter feed, a “popularity” slider with instant 
feedback, and short-term evaluation of feed satisfaction. Future 
work should interrogate how our findings generalize to different 
contexts, including (1) different user goals, (2) settings with different 
types and timing of feedback, and (3) longitudinal use of systems. 

First, users’ goals may affect the strength of placebo effects and 
introduce new mechanisms of user satisfaction. In our experiments, 
because participants had 60 seconds to browse the feed, they likely 
defaulted to the browsing mode of “passing time” and general enter-
tainment with no specific information-seeking goal. But people use 
news feed systems with a variety of goal-directed and undirected 
manners [17, 43]. As an example, instead of for entertainment, a 
user might want to use a popularity slider to understand what 
is popular and unpopular. This might introduce another placebo 
mechanism, where users’ (untrue) understanding of what is popular 
and unpopular increases system satisfaction. As another example, 
if participants had much more than 60 seconds, our sliders may 
have gained large objective utility in their ability to shuffle the feed 
to reduce boredom. 

Differences in user goals become even more pronounced with 
different social media platforms, as well as different content cura-
tion systems like news feeds vs shopping recommendations. For 
instance, some participants in Vaccaro et al. stated they used certain 
platforms for keeping up with close friends and other platforms for 
news [59]. In part, the variety of goals highlights the limitations 
of satisfaction of an outcome measure. We urge future researchers 
to measure users’ experiences of accomplishing specific goals, like 
feeling informed vs feeling entertained. 
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Lastly, future work should study placebo effects in other social 
media UI elements, and longitudinally. This study used sliders with 
instant feedback, but many social media control settings do not 
function in this way. For example, the “See less like this” button does 
not give instant feedback; it alters a feed for an unknown period 
of time. Moreover, some settings on social media never provide 
feedback, such as a setting that deletes personal data. This raises 
questions as to how different amounts and delays of feedback affect 
users’ feelings of control and their overall evaluation of their feeds, 
and how this evaluation changes over multiple sessions. 

8 Conclusion 
In this work we found that a deceptive “placebo” slider slightly 
increases users’ evaluation of a social media feed only when they 
use it. User expectations that the slider will improve the feed are 
a promising explanation. The smaller-than-expected effect size 
demonstrates the need to carefully design experiments of placebo 
interfaces in HCI, and we have provided a scaffold for doing so. In 
addition, we recommend monitoring of expectations to provide ad-
ditional evidence that a suspicious design unethically manipulates 
users. This will give regulators a clearer picture of what deceptive 
practices to prohibit. 
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account in that topic, selecting a random tweet without replacement 
from that account. This strategy ensured that accounts that tweeted 
more than others would not dominate the feed, and that topics as 
well as accounts within a topic were represented in roughly equal 
proportions. 

Although we initially set up a server to automatically update 
the tweet pool once per day, the server crashed six days into the 
study. This remained unnoticed until after the study’s end, five 
weeks later. Thus, approximately 90% of participants that viewed 
our generated feeds were viewing tweets sampled from the same 
tweet pool. 

Algorithm 1 Sampling process for building a participant’s feed 

loop 400 times 
select the next topic among the user’s selected topics 
select the next account within the selected topic 
randomly sample a tweet from the selected account without 

replacement 
add the tweet to the feed 

end loop 
sort the feed according to experimental treatment 
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B Additional Figures 
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Figure 8: Participants’ satisfaction ratings grouped by experimental treatment. Ratings are as follows – 1: Strongly disagree, 2: 
Somewhat disagree, 3: Neither agree nor disagree, 4: Somewhat agree, 5: Strongly agree. 
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Figure 9: Participants’ satisfaction ratings by setting usage. Ratings are as follows – 1: Strongly disagree, 2: Somewhat disagree, 
3: Neither agree nor disagree, 4: Somewhat agree, 5: Strongly agree. 
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Figure 10: Participants’ satisfaction ratings grouped by experimental treatment. The No Setting, randomized feed treatment is 
omitted because it only had 5 ratings in this dataset. Ratings are as follows – 1: Strongly disagree, 2: Somewhat disagree, 3: 
Neither agree nor disagree, 4: Somewhat agree, 5: Strongly agree. 
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