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Abstract

Mental wellbeing technologies are prevalent in digital spaces, such
as content creation websites (e.g., YouTube) and mobile apps. Many
users leverage such technologies and thus develop expectations for
what they should provide. However, tools to verify whether these
technologies conform to user expectations remain largely unex-
plored. We investigate this problem in the domain of binaural beats
- a popular mental wellbeing technology. Using results from prelimi-
nary research, where we establish commonly held user expectations
and introduce a method to measure expectation conformance, we
explore the design of a tool to be used by binaural beats listeners.
Through a pre-design survey with 43 participants and a user study
with 28 participants, we demonstrate how tools leveraging com-
monly held user expectations can help users of mental wellbeing
applications make informed decisions.
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1 Introduction

Mental wellbeing applications have emerged in online spaces in
various forms. These applications are diverse, ranging from guided
meditative applications to calming tones uploaded to websites such
as YouTube. Given that online mental wellbeing content has grown
in digital spaces, end-users are often exposed to such content. Con-
sequently, end-users consume this mental wellbeing content and
develop expectations surrounding what this content should deliver.

Prior works in online mental wellbeing are diverse. One line
of work has investigated how users leverage digital spaces to im-
prove their online mental wellbeing [1, 10, 22]. Another research
line evaluates the impact of wellbeing content (e.g., meditation
apps) on users via methods such as expert evaluation and auto-
ethnography [6, 11, 20]. Despite this, there is a lack of research
on user expectations surrounding mental wellbeing technology.
Additionally, tools to inform users when tracks do not conform to
commonly held user expectations are largely absent.

The aforementioned research gap motivates our exploration
into designing tools for end users. We focus on binaural beats,
an emerging form of mental wellbeing technology that relies on
two tones of differing frequencies, played in the left and right
ear to produce a third, perceived frequency. Through preliminary
research (detailed in Section 2.2), we (1) discover what experienced
binaural beats listeners’ expectations are for binaural beats and
(2) that users have concerns that online binaural content does not
adhere to expectations. We also design a method to verify whether
a track conforms to commonly held expectations. Given users are
concerned whether tracks conform to expectations, it is fair to
assume users would benefit from being able to verify a track. Thus,
we sought to explore how users can perform such verification.

One method to allow end-users to verify wellbeing applications
would be through a mental wellbeing tool, designed for users who
consume binaural beats content. However, such tools need to have
widespread use and should not just cater to experienced binaural
listeners. Thus, we focus on designing a tool to cater to inexpe-
rienced listeners - individuals who have yet to start/just started
listening to binaural beats. Consequently, we focus on answering
the following research question:

RQ: How effective is a tool that communicates commonly
held expectations in aiding inexperienced listeners?
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To answer this research question, we first conduct an exploratory
pre-design survey. In this survey, we assess the potential benefit of
designing a tool that caters to inexperienced binaural beats listeners.
After surveying 43 participants, we determined that inexperienced
listeners display information-seeking behaviour online for mental
wellbeing technology and that they found commonly held expecta-
tions surrounding binaural beats believable.

Our exploratory results motivate us to encapsulate our method-
ology for verifying expectation conformance in a Ul tool we call
Arorro. We conduct a study with 28 participants, showing them
binaural tracks with and without ArorLo’s output. We find that
AroLLo’s output causes a significant difference in how likely users
are to listen to a track, demonstrating it’s ability to guide users to
make informed decisions.

Our work presents broader implications for the HCI and CSCW
community when dealing with mental wellbeing applications. First,
we highlight the need for mental wellbeing stakeholders to carefully
design tool-based interventions. Second, we showcase the potential
of using expectations of experienced users to ground design of tools
for inexperienced users. Finally, we recommend future work should
explore the applicability of our methods and tool design to other
mental wellbeing applications outside the domain of binaural beats.

2 Background

Our research question builds on (1) existing work on the binaural
beats phenomenon and (2) preliminary research we conducted on
users’ expectations for binaural beats.

2.1 Binaural Beats

Binaural beats are an emerging mental wellbeing technology. They
refer to an auditory illusion where two tones of different frequencies
are played in a listener’s left and right ear [17]. The brain perceives
a net frequency between the two tones, known as the binaural beat.
For example, if the left ear receives a 180Hz tone and the right ear
receives a 170Hz tone, the brain absorbs a 10Hz tone. Exposure to
this third frequency causes the brain’s neurons to emit the same
frequency. This synchronization of brain frequencies to this sound
is known as entrainment [3, 21]. The entrainment effect has resulted
in binaural beats’ emergence as a mental wellbeing technology, with
users believing entrainment towards specific frequencies can bring
about different mood enhancements and induce mental states?.

2.2 Preliminary Research and Motivation

Our efforts to answer our research question are motivated by pre-
liminary research on binaural beats and users’ expectations. First,
we crawl online data to scope what commonly held user expecta-
tions experienced binaural beats listeners have for binaural beats.
Second, we devise a method to ascertain whether a binaural beats
track conforms to these expectations [2].

Understanding User Expectations. In an inductive analysis of
over 2K URLs pointing towards online discussion forums or blogs,
we discovered that experienced binaural beats listeners have estab-
lished expectations on (1) what goals they expect binaural beats

'We do not claim to evaluate the efficacy of binaural beats as mood enhancers. Our
research is grounded on user expectations and focuses on discrepancies between user
expectations and what binaural beats are present in a track.
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can achieve for them and (2) what specific binaural beats are tied
to these goals, as noted in Table 1 below.

Table 1: Listeners’ goals and binaural beats expected.

Goal User Expectations
Sleep A single period of delta in track’s duration OR Sleep cycle frequencies
Relaxation A single period of alpha OR theta in track’s duration

Concentration A single period of beta in track’s duration
Cognitive Enhancement A single period of gamma in track’s duration

Users have four mental state goals: sleep, relaxation, concen-

tration and cognitive enhancement. Each goal has expectation(s)
on the types of brainwaves. We note that named brainwaves in
Table 1 have associated frequencies, which users also specify. We
also discovered that users have concerns about the quality of the
binaural beats tracks they listen to - specifically, whether the tracks
adhere to their expectations.
Evaluating Track Conformance. After understanding what users
expect, we synthesize a method to verify expectation conformance:
whether a given track conforms to commonly held user expecta-
tions. First, we extract the specific mental state a track is advertising,
from track metadata. The track is classified into one of the six classes
(sleep, relaxation, concentration, cognitive enhancement, multi-
label, and outlier) through lexicons constructed for each mental
state. Relaxation, sleep, concentration, and cognitive enhancement
are mental states accepted among binaural beats listeners. Multi-
labeled denotes the tracks classified into more than one mental
state, and outlier indicates the tracks with unclear/vague intents.

Second, we performed a spectral analysis to extract the time-
frequency model of the binaural beats track. We develop a process
that combines audio signal processing techniques while addressing
spectral leakage and frequency precision challenges to accurately
capture dominant frequencies in the left and right audio channels.
This allows us to obtain a time-frequency model, where frequency
represents the binaural beats produced.

Third, we use five detection rules designed to verify whether a
track does not conform to expectations. If any of these rules are
flagged, we deem the track a deceptive track. These rules operate
on a track’s intent and time-frequency model and are as follows:

e F1 Goal Deviation: When a track does not advertise a user
expected intent (outlier).

e F2 Goal Conflict: When a track claims to achieve multiple
goals (multi-labeled)?.

e F3 Deceptive Absence: When a track does not contain
binaural beats.

e F4 Goal-Expectation Negligence: When a track’s binaural
beats do not match the advertised intent.

e F5 Goal-Expectation Contradiction: When a track’s bin-
aural beats match a contradicting intent.

2.3 Research Goals

Given that users have concerns about the binaural tracks they listen
to, we now focus on our expectation conformance methodology’s
applicability. Thus, our research goal becomes to ascertain if a tool

2Tracks inducing more than one state is not supported by our user expectation findings,
and thus multi-label is indicative of a deceptive track.
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encapsulating such methodology is useful for end users who listen
to binaural beats. However, such tools should be designed to cater
to the broad public - a binaural beats listener does not just include
experienced listeners but inexperienced listeners as well. We take
an exploratory approach to investigate: how effective is a tool
that communicates commonly held expectations in aiding
inexperienced listeners?

First, in a pre-design survey, we conduct a preliminary investi-
gation to assess the potential benefit of such a tool. After assessing
this benefit, we encapsulate our expectation conformance method-
ology in a UI tool and conduct a user study. We expose users to
binaural beats tracks, providing them with and without our proto-
type UI design to determine the influence of commonly held user
expectations on their decisions.

3 Pre-Design Survey

Our pre-design survey aims to develop a preliminary understanding

of whether a tool leveraging experienced listeners commonly held

expectations would help inexperienced listeners. We note that we

take a proxy approach to evaluate if users would find such a tool

helpful, grounded on the following two assumptions:

e Users should demonstrate information-seeking behaviour via
online forums for mental wellbeing technology.

- In our preliminary research, we extract experienced listeners’
expectations from online resources. If inexperienced listeners
are likely to consume such online resources, it is reasonable to
assume that they are exposed to commonly held expectations.

e Users should find commonly held expectations believable.

- Once exposed to common expectations, if users find them
believable (e.g., a track with specific brainwaves can achieve
a specific goal) there exists potential for such a tool to help
them make informed choices.

3.1 Survey Overview and Participants

Our survey comprised five sections. First, we asked preliminary
questions about the use of mental wellbeing and binaural beats
applications. Second, we provided users with an introduction to
binaural beats. Third, we probe how users are likely to consume
information on mental wellbeing technology. Fourth, we displayed
images of binaural beats tracks found on YouTube. Specifically, we
selected tracks that promised one of the four discovered mental
state goals. For each track, we asked users if they believed the stated
goal could be achieved via binaural beats. Fifth, we probe users
for what information surrounding a binaural beats track would be
useful to them. Our survey was deemed exempt by our IRB.

We advertised our study through internal campus email listings
and Slack channels to recruit participants who are not experienced
binaural beats listeners. Participants were required to be at least
18 years old and have access to a computer to complete the sur-
vey online. In total, 43 participants qualified for our study. These
participants included 30 males, 10 females, and three non-binary
individuals ranging from 18 to 55 years old.

3.2 Survey Results

All participants were inexperienced listeners. They had self-reported
not having listened to binaural beats before or less than five times.
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14 participants recorded being aware of binaural beats. These partic-
ipants mentioned having heard of binaural beats “[from] colleagues”
or “from reading [on] the web.” 64.2% of them had listened to tracks
on platforms such as YouTube or Spotify. The remaining 29 partici-
pants had never heard of binaural beats before. When asked how
likely they were to learn about them from forums/blogs, 82% of
users stated that information on forums/blogs helps them under-
stand binaural beats. Further, 82% of these users stated they would
be inclined to listen to binaural beats if exposed to accounts of
positive experiences on forums and blogs.

83.9% of participants believed that binaural beats with delta
waves could help with sleep. 80.6% believed binaural beats would
help them relax, while 77.4% stated that the presence of theta and
alpha waves would accomplish this. For concentration and cognitive
enhancement, 77.4% and 67.5% of participants believed binaural
beats were able to achieve these goals, respectively.

We found that 61.0% of participants find that the title of a binaural
beats track would influence their decision to listen to it, with users
noting “the purpose of the binaural beat track” and “the resulting
effect of the track, the type of binaural beats used” as criteria for an
informative title. 71.0% and 67.7% of participants acknowledged
that knowing the beats present in the track and their association
with a specific mental state goal would influence their decision.

s )
Takeaway:

e Individuals unfamiliar with binaural beats are likely to
learn about them from online forums and blogs.

e The four mental state goals are accepted as believable
among inexperienced listeners.

o Participants find track titles informative, but access to in-
formation about binaural beats produced in a track and
whether they are associated with a mental state goal would
influence their decision to listen to the track.

4 Impact of a Mental Wellbeing Tool on Users

Our pre-design survey demonstrates that a tool to aid individuals
who are not experienced listeners has the potential to be effective.
Thus, we encapsulate our expectation conformance methodology
into a Ul tool we refer to as Arorro, as overviewed in Figure 1.
Arorro accepts a track as input, conducts track metadata analysis
to extract a track’s intent (@) and spectral analysis to produce
the time-frequency model (@). Then, Arorro verifies conformance
via our detection rules (€)). ArorLo outputs results of expectation
conformance via the UI, an example of which is seen in Figure 2.
We then investigate how helpful Arorro is in informing users
about the deception of a binaural beats track compared to track
metadata on various online/mobile streaming platforms.

4.1 Participants Recruitment

We advertised our study through internal campus email listings
and Slack channels. We diversified our survey exposure via snow-
ball sampling (participants forwarded our contact information to
interested individuals) and non-university-related public channels
(e.g., social groups). Participants were required to be at least 18
years of age and have access to a computer to complete the online
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Figure 2: ApoLLo’s UI which is communicated to the user to
request approval or denial of listening to the track.

survey. 28 participants qualified for our study, a statistically signifi-
cant sample size to study ArorLo’s effectiveness [14]. Participants
comprised 20 males and 8 females, aged between 18 to 55 years
old. 6 of 28 participants recorded listening to binaural beats tracks
before. All participants self-reported being inexperienced listeners.

4.2 Survey Overview

Our survey was distributed via the Qualtrics platform [18] and com-
prised two sections. First, we introduced participants to binaural
beats, their use in mental wellbeing apps, and an introduction to
Arorro. Next, we presented each participant with 10 different tracks
randomly sampled from our dataset from three categories: decep-
tive titles (G1), deceptive audio (G2), and tracks that conform to user
expectations (G3). Deceptive titles (G1) refer to tracks flagged by
Arorro for F1 or F2; tracks that contain deceptive metadata. Decep-
tive audio (G2) refers to tracks flagged by Arorro for F3, F4 or F5;
tracks with audio that does not align with the track metadata. G3
tracks pass AporLo’s verification process and are not flagged.
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Figure 3: Mean scores and SD across different levels of infor-
mation (Q1-Q4), for track categories G1-G3.

We designed our survey to study Arorro’s influence on users’
decisions when compared to track metadata. Thus, our null hy-
pothesis remained: Presenting AporLo’s output does not change the
user’s likelihood of listening to the track. For each track, participants
scored the likelihood (from 1-5, with 5 representing most likely) of
them listening to the track when presented with: (Q1) the track
title alone, (Q2) the track title and its number of views, likes, and
dislikes, (Q3) the track title and its top comments, and (Q4) the
track title and a visual of AroLLo’s user interface for the track.

We allowed participants to add comments (e.g., reasons for choos-
ing their score) for each question. We compare the participants’
likelihood to listen to a track when presented with track metadata
(Q1, Q2 and Q3) and Arorro’s output (Q4) to determine if Aporro im-
pacts their decisions. We allow participants to develop an opinion
of the track before being exposed to ArorLo’s output (Q4 is last)
to minimize participant response bias. Lastly, we asked the partic-
ipants to answer: (1) “How likely are you to use AporLo?”, and (2)
“How useful is AporLo in helping you decide to listen to a track?” on a
scale of 1 to 5, with higher scores representing higher confidence
in AroLLo’s output. Our survey was deemed exempt by our IRB.

4.3 Survey Results

Figure 3 shows the participants’ mean likelihood and standard
deviation (SD) for each question with respect to the three track
categories (G1-G3). We found that with only the track title (Q1),
participants reported a mean likelihood score of 2.46 out of 5 across
all track categories. This shows that participants were indecisive
about listening to the given track regardless of the type of claims
made in the track title. However, when presented with a track’s
number of views, likes, and dislikes with the title (Q2), participants
reported a higher mean score of 3.02 (22.7% increase from the track
title alone). Similarly, participants expressed a higher likelihood
mean score of 2.80 (13.8% increase from track title) when presented
with the given track’s most upvoted comments (Q3). We observed
that higher view counts, a high likes to dislikes ratio, and positive
comments motivated participants to listen to a track, irrespective
of whether the track’s intent was deceitful or not. For instance, one
participant stated that “results experienced by commenters are highly
suspicious, but drives up curiosity” when justifying a high score
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for a track (titled “Repair Nerve Damage Binaural Beats") with a
deceitful intent but positive comments.

In contrast to track metadata, we found that the participants
reported more decisive scores when presented with AroLLo’s out-
put for a given track. Participants expressed a lower likelihood of
listening to tracks that were flagged as deceptive by Arorro (G1,
G2), and assigned a mean score of 1.54 and 1.43 for track categories
G1 and G2 respectively. The low scores illustrate ApoLLo’s success in
informing users on deception (e.g., “Apollo’s analysis confirms that I
would not benefit from this track.”, “Well the app tells me that this
video is bogus so I probably wouldn’t watch it”). When presented
with a track that had been validated by Arorro (G3), participants
reported a higher confidence and interest in listening to the given
track, with a mean likelihood score of 4.04 out of 5, suggesting
Arorro’s ability to instill confidence in conforming tracks (e.g., If
what I'm looking for is as described in the title. I'll actually [listen
to] it”, “..This increases my confidence.”). We also observe that SD
for all categories is lowest in Q4, indicating that variability across
participants’ responses is lowest when presented with Arorro’s
output among the four questions.

Participants reported strong confidence in AroLLo’s report and
gave an average score of 4.13 out of 5 for its usefulness. Likewise,
participants gave a score of 3.39 (mean) when asked if they were
likely to use Arorro. Participants who provided lower scores were
motivated by their apprehension of mental wellbeing audio. For
example, a participant who assigned a low score noted that “if
[he/she] did start getting into these types of videos, then [he/she]
would most likely use the software.”

We use the Wilcoxon Signed-Rank test [27] to test our null
hypothesis. We compared participants’ scores when presented with
track metadata (Q1, Q2, Q3)and Arorro’s output (Q4) and observed
that p-value < 0.05 across three categories (G1, G2, G3). Thus, we
reject the null hypothesis and determine a significant difference
between how users use track metadata and Arorro when deciding
if they should listen to a track.

Takeaway:

e Our tool communicates binaural beats present in a track
and leverages user expectations in a UL

e Providing users expectations conformance information
significantly changes their likelihood of listening to a track.

5 Discussion

In this section, we synthesize the key takeaways of our study as
well as discuss our study’s limitations.

5.1 Key Takeaways

Expectation Conformance as a Standard. Our pre-design survey
and Arorro user study demonstrate the reliability of expectation
conformance as a standard for mental wellbeing technology. There
is a plethora of mental wellbeing tech, and each tech would elicit
its own set of expectations. Thus, it is reasonable to assume that
users would seek online information sources to learn about such
technology, as evidenced by our pre-design survey. As a result,
leveraging commonly held user expectations is able to positively
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influence users in making decisions, evidenced in our study showing
participants ArorLo’s output. We advocate that commonly held
expectation conformance be considered as a core UX criterion in
domains outside mental wellbeing (e.g., stakeholders can leverage
online discussion forums to understand how to validate the design
of user-facing systems such as social media privacy settings).

Our work adds to existing research on applying a human- and
community- centered lens to mental wellbeing applications. We
crowdsource expectations from experienced listeners’ conversa-
tions online and use them to inform inexperienced listeners who
consume mental wellbeing content. Our user study findings demon-
strate how leveraging the insights of experienced users can signifi-
cantly impact how users choose/avoid mental wellbeing content.
Designing for Mental Wellbeing Users. The key takeaway from
our study is that tools that leverage commonly held user expecta-
tions can influence users’ decision-making process in the context
of mental wellbeing applications (e.g., how likely they are to listen
to a track). Our user study demonstrates that compared to track
metadata, Aporro has a signifcant impact on users’ decision-making
process. We envision that our tool can be fine-tuned to provide users
with more actionable information. For instance, once deception is
detected, perhaps Arorro could recommend a deception-free binau-
ral beats track. However, whether users would trust an alternative
suggestion would still need to be explored.

Additionally, our study bears implications for mental wellbeing
applications outside the binaural beats domain. We show that infor-
mation beyond application-provided metadata is helpful to users.
Thus, future work should explore the applicability of mental well-
being tools to other wellbeing applications. For example, a tool for
visual-based therapy may integrate computer vision components to
measure conformance to what users are expecting to see. Similarly,
tools to verify applications providing guided meditation (where
recorded audio provides instructions [26]) can leverage components
such as large language models (LLMs). Here, such tools can apply
an LLM on audio transcripts to verify if specific criteria are met.
For instance, a user may wish to filter out tracks that include words
of affirmation and only listen to tracks that instruct on breathing
exercises, both common patterns in guided meditation applications.

5.2 Limitations and Future Work

We envision our user study to determine the influence of ArorLo on
users’ decisions as a first step towards designing a mental wellbeing
tool for binaural beats listeners. One limitation is that users are
unable to customize the pre-defined expectations. Future work will
explore a tab where users can define custom expectations that are
automatically converted into deception detection rules.

Another limitation is that our recruited population for our user
study with ArorLo was inexperienced listeners of binaural beats.
This population suited the purpose of our study as we aimed to
design a tool with a wide target audience. However, it is likely
that experienced listeners would desire tools such as Arorro. Here,
they may desire more granular information and additional features.
Future work will focus on conducting a pilot study with experienced
listeners and redesigning AroLro to cater to this target population.

Moreover, it is important to acknowledge that the framing of
output for mental wellbeing tools can impact users. To illustrate,
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an authoritative framing (e.g., “Don’t listen to this track. It does not
follow user expectations”) vs. a more measured framing (e.g., ‘This
track does not follow commonly held expectations. You may want to
consider other options.”) can elicit different responses. This impact
can be exacerbated if an authoritative framing is used to provide
false information, e.g., user expectations that are out of date. Future
work can experiment with different output framing and framing
that can account for the quality of user expectations (e.g., expecta-
tions from a small sample size, expectations that are outdated) and
their corresponding impact on users.

6 Related Work

User-Centered Design. Our work builds on user-centered design
(UCD) [25], an established theoretical framework that advocates for
leveraging users’ insights in designing technology. Prior works have
used this framework to advocate for better design of technology,
such as mobile apps [8], APIs [19] and web interfaces [16]. We
extend to the current literature by grounding on UCD to synthesize
a tool that uses experienced users’ insights. Our tool informs non-
experienced listeners with commonly held expectations to aid them
in making an informed choice.

Designing and Evaluating Mental Wellbeing Technology. Men-
tal wellbeing technologies has been a long research focus within
the HCI and CSCW community. To illustrate, one line of research
studies mental wellbeing support among social media and online
forum participants, focusing on data such as rhetoric and support-
seeker characteristics of users [1, 4, 7, 9, 10, 22-24]. Methods such
as field studies and expert evaluation to design mental wellness
interventions also exist [5, 12, 13, 15, 28].

There have been efforts focusing on probing online wellbeing
intervention claims. Methods to achieve this range from qualitative
analysis grounded on scientific credibility [11], electroencephalog-
raphy (EEG) [20], and auto-ethnography [6]. These studies rely on
extra equipment and manual expert analysis.

In contrast, Arorro is an automated end-to-end system, that
leverages rules synthesized from user expectations to inform users
of any discrepancies found in a binaural beats track.

7 Conclusion

By leveraging commonly held user expectations, we design a tool
to aid users in making informed decisions. We first conduct a pre-
design survey to assess the value of synthesizing a tool. After as-
certaining its potential benefit, we encapsulate our expectation
conformance methodology in a tool, AporLo and evaluate it with 28
participants. Our study sheds light on the need for mental wellbeing
stakeholders to carefully design interventions for users.
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