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Abstract

The rising popularity of mental wellbeing technologies has
led many individuals to explore binaural beats—an emerg-
ing form of sound therapy proliferating on web and mobile
platforms. However, it currently remains unknown whether
users can trust binaural tracks on online platforms, or if they
deceive unsuspecting users. Our research aims to address this
problem by understanding (1) what binaural beats listeners
expect from tracks and (2) whether online tracks conform to
these expectations. To understand user expectations, we per-
form thematic analysis on online forum threads and blog posts
to extract binaural beats goals and expectations tied to these
goals. Next, we design a methodology to measure binaural
beats tracks’ conformance to commonly held user expecta-
tions. This methodology comprises, (1) obtaining a track’s
intent to induce a mental state through track metadata analysis,
(2) extracting a track’s binaural beats time-frequency model us-
ing Fast Fourier Transform, (3) mapping user expectations to
rules that identify deceptive tracks, and validating them on the
track’s extracted intent and time-frequency model. We evaluate
~7K binaural beats tracks and find that only 7.5% conform to
commonly held user expectations, while the remaining 92.5%
deceive users with deviant claims (e.g., eroticism, weight loss)
or deliver contradicting binaural beats. Our study underscores
the significance of understanding users’ expectations and veri-
fying conformance of online wellness technologies to expose
discrepancies in expectations.

1 Introduction

People have increasingly turned to mental wellbeing tech-
nology to improve their quality of life. The upward trend in
mental health awareness is largely influenced by the COVID-
19 pandemic. Symptoms of loneliness, depression, and anx-
iety have become highly prevalent due to limited social
contact, disruption in routines, and income reduction (Palgi
et al. 2020). To cope with the unfortunate rise in such symp-
toms, the demand for mental wellbeing apps has skyrocketed.
Global user spending on meditation apps has increased by
more than 50%, surpassing $195 USD million in 2020 (em-
peek). Additionally, listening time for mental health tracks
has also increased by 50% on audio platforms (e.g., Spotify),
causing a 30% increase in traffic (Digital Music News).
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Among mental wellbeing apps, apps leveraging a claimed
auditory effect known as binaural beats have become increas-
ingly popular. Binaural beats are presented as an auditory
illusion where the brain, upon hearing two tones with differ-
ing frequencies played in each ear, perceives a separate tone,
known as the binaural beat. Here, we note that the science
behind the binaural effect and its overall neuroscientific im-
pact on users is mercurial. Although some have advocated
its usefulness, others have deemed it a placebo. Regardless,
binaural beats have emerged as an extremely popular form of
sound therapy, resulting in a large community that claim they
use it to improve their wellbeing.

To tap into the expanding binaural beats community,
many content creators have started producing binaural beats
tracks that intend to satisfy users’ expectations. These tracks
are available across various web and mobile platforms
(e.g., YouTube, Spotify, BrainTap) for users to consume,
either for free or for a fee. Most of these platforms allow
any user to upload content for public viewing. While these
platforms offer community guidelines and procedures for reg-
ulating content, tools and algorithms for evaluating whether
content creators’ uploaded tracks conform to their listeners’
expectations are largely absent. This absence raises concerns
about whether users can be deceived by consuming tracks
that fail to deliver the expected binaural beats.

The research community has long explored the impact of
emerging technology on users, especially when these tech-
nologies do not work as anticipated. For instance, work has
been done to detect deceptive videos that target and harm
children (Papadamou et al. 2020; Singh et al. 2019) and us-
ability issues with two-factor authentication (Turner et al.
2023; Reese et al. 2019). However, research efforts to exam-
ine the user impact of claimed mental wellbeing technologies
and corresponding deception are largely absent. For example,
binaural beats tracks may make misleading claims to lure
listeners for monetization (via advertisement income). Sim-
ilarly, listeners could be redirected (via track descriptions)
to harmful websites where bad actors steal credentials. Also,
tracks may be absent of binaural beats or beats that deviate
from accepted norms - the specific frequencies users asso-
ciate with an intent. Here, listeners are deceived as they are
victimized by false advertising and exposed to outlandish
claims, resulting in time/money loss.

Given that no prior work has focused on answering whether



binaural beats tracks abide by user held beliefs, we focus on
answering the following research questions:

RQ1 What are users’ expectations surrounding binaural
beats?

RQ2 Do binaural beats tracks on online platforms con-
form to commonly held user expectations?

To answer the challenging question of what mental well-
being goals users expect (RQ1), we crawl the web for forum
threads and blogs related to binaural beats and develop an
understanding of user expectations. We then execute thematic
analysis on this collected data. We identified four commonly
accepted mental state goals (relaxation, sleep, concentration,
and cognitive enhancement) associated with binaural beats
and the respective expectations (types of binaural beat fre-
quencies) listeners associate with each mental state. From
RQ1, we also discover users are concerned about deception,
e.g., concerned about spreading false binaural content, ero-
sion of trust with platforms, and that users desire verification.

To answer RQ2, we first had to synthesize a methodol-
ogy to verify if a given binaural beats tracks conforms to
user expectations. To achieve this, we introduce a three-step
method. First, we perform track metadata analysis using men-
tal state lexicons to recognize a track’s intent. To address the
challenge of capturing the perceived binaural beat, we then
apply Fast Fourier Transform to translate track waveforms
into a time-frequency model. This model contains the peak
frequencies on both left and right channels for the track’s du-
ration and serves as an intermediate representation for further
analysis. From this, we map user expectations to systemati-
cally develop five rules before leveraging a track’s intent and
time-frequency model to validate a binaural beats track.

We applied this methodology on over ~7K binaural beats
tracks available on popular audio/video-sharing platforms
(YouTube and Spotify). We also evaluate paid binaural beats
tracks purchased via e-commerce platforms (some of which
make their tracks available through mobile apps). We find that
only 7.5% of the tracks conform to user expectations. The
remaining 92.5% tracks deceive users for monetary benefit,
providing them binaural beats that contradict users’ expecta-
tions and advertising deceptive claims. Our analysis also un-
covered five common deceptive advertising categories, such
as weight loss, sexual performance, and financial growth,
used by content creators to lure users into listening to their
tracks. In this paper, we make the following contributions':

* We identify and characterize four mental wellbeing goals
and respective expectations binaural beat listeners have
via thematic analysis of forums and blog entries.

* We introduce an expectation conformance methodology
for binaural beats tracks, which extracts a track’s intent
and time-frequency model and discovers where tracks
deviate from expectations.

* We evaluate over 7K tracks from popular audio/video
streaming platforms and expose deceptive tracks.

'We make the supplementary materials of this research project
available at https://osf.io/ks4yv/.
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2 Background
2.1 Related Work

Technology that Users Leverage for Mental Wellbeing.
Everyday users often leverage various forms of technology
with the overall goal being to improve their mental wellbeing,
thus, becoming a focal point of the CSS and HCI commu-
nity. Prior research has focused on online mental wellbeing
communities to investigate factors such as peer support (Saha
and Sharma 2020; De Choudhury and De 2014; Saha et al.
2020). Another line of work has focused on investigating the
claims of digital mental health/wellbeing interventions, via
auditing methods involving qualitative analysis and expert
evaluation (Larsen et al. 2019; Daudén Roquet and Sas 2018)

Despite widespread adoption of mental wellbeing technol-
ogy, it is important to note that the neuroscientific evidence
on this technology’s impact on users is largely disputed. Men-
tal wellbeing tech is often referred to as pseudoscience, with
the perceived impact attributed to the placebo effect (NY
Times a,b). Although methods evaluating wellbeing tech may
account for placebos (e.g., via control groups), research has
argued that the impact of placebos on mental wellbeing inter-
ventions is hard to understand (Boot et al. 2013). Similarly,
prior work has shown that placebo treatments can signifi-
cantly improve ones medical condition (Bschor et al. 2024).

User Expectations of Technology Services. Our efforts to
understand if binaural beats on online platforms conform to
user expectations is grounded in two theoretical frameworks.
First, the User-Centered Design (UCD) framework (Tenner
2015) argues that users should be significantly involved in
product design, including technology services. Various fac-
tors should be accounted for, such as age, gender, and, closely
related to our work, users’ expectations. UCD has been a
leveraged framework for understanding digital mental health
interventions (Cornet et al. 2020; Vial, Boudhrai, and Du-
mont 2022). These works outline the lack of attention paid to
user perspectives during intervention design.

Second, the Technology Trust Framework (Mcknight et al.
2011) builds on UCD to synthesize a model of fundamental
principles of user trust in technology. This framework argues
that for users to be able to trust technology, such technologies
should “operate reliably and without failing”. The Technol-
ogy Trust Framework has been leveraged in understanding
user adoption of emerging technologies such as Covid-19
tracing apps (Riemer et al. 2020).

We draw on these two theoretical frameworks to adopt
the following meotivating principle, “For users to be able
to trust binaural beats tracks and find them reliable, these
tracks should conform to commonly held user expectations.”

When binaural beats technology fails to adhere to this
principle, we consider that users have been deceived. Our
research leverages these two theoretical frameworks to (1) un-
derstand what users expect from binaural beats technology
and (2) correspondingly introduce a methodology to verify if
tracks deviate from user expectations.

2.2 Binaural Beats

Among the plethora of mental wellbeing technologies, bin-
aural beats tracks have gained credibility from users who
claim their effectiveness in overcoming anxiety, improving
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Figure 1: Time-frequency representation of deceptive binau-
ral beats tracks that target listeners.

relaxation, increasing focus, and inducing a meditative state.
Binaural beats proponents claim this technology to be an
auditory illusion that occurs when two tones of different fre-
quencies are separately played into each ear, causing the hu-
man brain to interpret the resonance between two frequencies
as an illusion of a third sound, known as binaural beats (Oster
1973). These proponents deem this phenomenon as entrain-
ment — the synchronization of brain frequencies (brainwaves)
to a sound (Ross et al. 2014; Becher et al. 2015).

Following this logic, listening to binaural beats requires
headphones/earphones to ensure that the left and right ears re-
ceive the different tones. For instance, if the left ear receives
a 200Hz tone and the right ear receives a 210Hz tone, the
claim is that brain absorbs a 10Hz tone. Here, it is important
to note that the effect of binaural content on someone’s mood
is often contested, with many arguing that it is pseudosci-
entific and attributed to a placebo effect. This mirrors the
sentiment surrounding most mental wellbeing technology,
where efficacy is often disputed, as stated in Section 2.1.

2.3 Research Motivation

Despite claims of pseudoscience, binaural beats have gained
widespread popularity. The phrase “binaural beats” has dou-
bled in popularity since 2020 (Google Trends). Binaural
tracks are listened to on various platforms, with some amass-
ing view counts in the tens of millions. For instance, search-
ing “binaural beats” on Spotify returns the top 1,483 related
playlists that are frequented by ~1.4 million listeners. The
same search query on the Google Play Store returns the top
88 binaural beats apps that have ~213 million combined
downloads. These tracks have recently made numerous ap-
pearances in various media outlets (BrainTap), signifying
their growing popularity. This popularity has also led to
an influx of commercial products that combine audio with
flashing light via strobe light goggles, e.g., the BrainTap
headset (BrainTap) uses light pulses and binaural beats for
brainwave entrainment. Additionaly, there exists various on-
line guides to help content creators produce binaural beats
tracks (YouTube; 344 Audio). Growing popularity and ease
of production makes binaural beats prime for investigation.
Given there exists a growing body of consumers who lever-
age binaural beats as mental wellbeing technology, it be-
comes imperative to understand “Do binaural tracks online
conform to what most users expect?” We note that abiding
by our motivating principle means that for users to be able
to trust binaural tracks, these tracks should conform to com-
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monly held user expectations, regardless of the neuroscien-
tific impact of binaural beats. For instance, Figure 1 previews
the binaural beat frequency of two online binaural tracks with
respect to time (synthesis of which we explain in Section 4).
In (a) no binaural beats are produced and in (b) the binaural
beats produced do not follow any identifiable pattern. Cre-
ators may also craft track titles that contain outlandish claims
in an attempt to lure users into listening (Appendix A.1).
Given that such tracks may plague online services and
guided by our motivating principle, we aim to bridge an
existing research gap by first (1) understanding what users
expect from binaural beats (RQ1) and (2) evaluating how well
binaural beats tracks conform to user expectations (RQ2).

3 RQ1: Examining User Expectations

To answer RQI1, we draw on digital/online ethnography
methodology as a method to understand user expectations.
Additionally, prior work has also shown that participants
of online communities display information seeking be-
haviour (Hwang and Foote 2021) while another line of re-
search has also leveraged the use of online discussion plat-
forms as a tool with a high likelihood of ecological validity —
capturing authentic interactions between users (Hinchcliffe
and Gavin 2009; Colom 2022).

Building on the above, Figure 2 overviews our method-
ology to understand user expectations. We start with seed
keywords to crawl the web to identify online communities:
forum and blog data, to thematically analyze (1) user expecta-
tions for binaural beats goals. We repeat our crawling process
with goals as additional keywords to collect additional blog
and forum data which we thematically analyze to understand
(2) the frequency expectations for each goal.

3.1 Analysis of Online Communities

Prior work shows that information-seeking behavior for
health-related topics is common among users (Social Life;
Fox and Fallows 2003). Thus, we pivot to online resources to
understand expectations. We implemented a web crawler to
identify posts/conversations about binaural beats on public
forums. We used the Google Trends API (Google Trends) to
collect the top 20 phrases that included the keywords “binau-
ral beats” (Appendix A.2). We collected the top 100 URLs ob-
tained in response from Google Search API (Google Search)
for each phrase. Through this, we collected 823 unique URLs
representing binaural beats-related content.

We sampled 20% of URLs for further analysis. We noticed
that collected URLSs point to diverse websites. Websites pri-
marily pointed to text-based content, e.g., scientific papers,
online forums, blogs, and audiovisual content, e.g., audio
content on various platforms and binaural beats applications.



We qualitatively analyzed both text-based and audio-visual
content. During this phase, we discovered that audio-visual
content lacked metadata appropriate to ground user expec-
tations. For instance, comments on binaural beat tracks on
YouTube did not indicate user expectations - comments were
predominantly unrelated (e.g., “Thank you, [content creator
channel name]! Happiest holidays ahead to all”). However,
discussion of binaural content amongst users originated in
forum threads and blog entries. Thus, the two authors man-
ually filtered the URLSs to select only those associated with
forum threads and blog entries. Through this filtration, we
obtained 615 URLs for further analysis of listeners’ expecta-
tions. These URLSs comprise 388 unique domain names. The
most frequent domain in our dataset (n = 85) was reddit.com
spanning 35 subreddits (subforums).

Extracting Binaural Beat Goals. We deductively coded
collected pages to identify the goals that binaural beats listen-
ers hope to achieve. We first randomly sampled 10%, with
two authors jointly developing a codebook by manually an-
alyzing each webpage, generating initial codes, and reiter-
ating until both authors achieved codebook stability. The
authors met over multiple sessions to refine codes and rec-
oncile disagreements. At each iteration, we note high agree-
ment (k > 0.8) (McDonald, Schoenebeck, and Forte 2019).
Finally, the authors clustered codes that shared a common
theme as a binaural beats goal. We continue sampling, re-
peating our thematic analysis process. Between analyzing
the fourth and fifth iterations (305 URLs), we observed that
no new binaural beats goals had emerged as a theme. This
indicated that we had reached thematic saturation, suggesting
that our initial crawl had sufficiently captured what users
expect to gain from listening to binaural beats. We continued
qualitatively analyzing the remaining 310 URLs and through
this, confirmed that no new themes emerged.

We follow standard practice in thematic analysis by setting
a threshold of 30% (Fugard and Potts 2015) This allows
us to avoid including peripheral themes and improve the
reliability that themes presented are indeed commonly held
user expectations. The peripheral themes in our data appear in
percentages < 10%. From our thematic analysis, we found
that users listen to binaural beats tracks to achieve one of
the following mental state goals: (1) relaxation, (2) sleep,
(3) concentration, and (4) cognitive enhancement.

3.2 Goals and their Expectations

Mental State Goals. The first mental state goal binaural beats
listeners express is relaxation; 68.2% of the URLs in our
dataset presented themes pertaining to relaxation. Listeners
claim that these beats help them achieve a meditative state or
provide relief from anxiety. One listener stated that “[binau-
ral beats] really do help [him/her] get into a meditative state
faster than without them” while another “[became] depen-
dent on them [for] a deep meditative state.” Binaural beats
listeners (59.5% of URLSs) also claim that binaural beats help
them with sleep/hypnosis, where users “[use them] to sleep
effectively” and claim a “very satisfying sleep experience”.
There also exists a belief among listeners that binaural beats
allow one to concentrate on a specific task, a theme found
in 82.0% of the URLs. For instance, on one Reddit thread
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concerning methods to improve studying, a listener states
that they “... use [beats] when working if [he/she] is easily
distracted.” In our analysis, we also found that binaural beats
listeners believe that binaural beats can enhance their cogni-
tive ability, allowing them to solve complex problems and
perform cognitive tasks. Binaural listeners (36.2% of URLSs)
claim that binaural beats are “important for learning, memory
and information processing”. We note that the percentages
pertain to the relative frequency of themes discovered during
our thematic analysis. Thus, the most prominent theme does
not reflect the most prevalent binaural content consumed by
users. However, they still provide an understanding of the
common and widespread binaural beats goals users expect
when they consume binaural content. Here, we note that our
analysis also uncovers that users believe goals are distinct —
a track cannot help a user achieve more than one goal.

Goal Specific Expectations. After identifying mental state
goals, we focus on what listeners expect for specific goals. To
do so, we repeated our web crawling process. We leveraged
thematic analysis codes as search keywords. Similar to our
analysis for identifying goals, we selected URLs related to
forums and blog entries, and two of the authors manually
coded the collected data. We collected 2K URLs via this
method for further analysis. While deductively coding, we
grounded on expectations behind the mental state goal. We
focus on the mention of brainwave patterns.

Interestingly, we discovered that when users express the
brainwaves related to their goal, they also note the frequen-
cies associated with these waves. Listeners often quote scien-
tific studies when associating a wave type with a frequency
range (detailed in Section 3.3). We note that the frequencies
associated with brainwaves match these studies. After coding,
we filtered out themes with a prevalence lower than 10% to
extract as many binaural beats specific user expectations as
possible. Similar to our thematic analysis for binaural beats
goals, we iteratively sampled 10%, reached thematic satu-
ration at the 6th iteration, and then completed the thematic
analysis of all URLSs to confirm no new themes were realized.

Our final codebook revealed six distinct user expectations:
two for relaxation, two for sleep, one for concentration, one
for cognitive enhancement, with each expectation unique to
a specific mental state goal. We found that listeners expect
alpha (8-12Hz) waves or theta waves (4-8Hz) in binaural
beats for relaxation. Many binaural beats listeners expect
binaural beats for sleep/hypnosis to be in the delta wave
range (0.5-4Hz), citing research that claims that the delta
wave is commonly associated with the sleep state. Listeners
also expect binaural beats for sleep to follow frequencies of
the sleep cycle. The sleep cycle refers to the different stages
of sleep, with each stage having an association with different
brainwaves (Carskadon, Dement et al. 2005). Listeners often
cite scientific research to explain or justify the change in
frequencies in accordance with the sleep cycle. Listeners
who want to be in a focused/concentrated state expect their
tracks to comprise of frequencies in the beta range (12-38Hz).
Similarly, listeners associate the gamma range (38-42Hz)
with increased cognitive capability and expect this brainwave
when listening to binaural beats for cognitive enhancement.



3.3 User Reasoning and Concern

To better understand expectations, we inductively coded the
2K URLs, thus exposing two additional themes: (1) research-
driven beliefs and (2) user concern and suspicion.

Research-Driven Beliefs. We discovered that listeners be-
lieve that binaural beats are scientifically proven to be able
to achieve relaxation, sleep, concentration, and cognitive
enhancement. To illustrate, listeners state that their confi-
dence in the discovered goals above is due to information
from trusted sources. For example, many listeners reference
popular news websites (e.g., Washington Post) and other jour-
nalism websites (e.g., Popular Science) that promote binaural
beats when justifying their beliefs. Such news outlets pro-
vide users pointers to other resources such as research papers
and links to medical websites (e.g., WebMD, Healthline).
We highlight two examples in Appendix A.3, where users
are pointed to resources such as research papers and medi-
cal websites. Listeners also mention peer-reviewed papers
when supporting claims such as “scientific studies suggest
[binaural beats] have an effect on the brain”. Given that
listeners’ beliefs of accepted goals are based on user-trusted
sources, listeners expect specific brainwaves (within range of
frequencies) to meet their expectations.

User Concern and Suspicion. Another overarching theme
consistent across studied forums is user suspicion and con-
cern surrounding the binaural beats tracks hosted on plat-
forms. First, users demonstrate confusion about the presence
of binaural beats - questioning whether promised frequencies
are present in the track. To illustrate, one user asked “ I need
to be sure [a track] is truly made with binaural beats.”, with
another stating that “[they] would like to confirm the hz [of a
track]”. Users also express concerns of deception - they do
not trust the binaural beats tracks they consume. For example,
users ask questions such as “How [to] recognize [legitimate]
beats from junk?” with another stating they use binaural beats
but suspect “ [they] think [they] tried some fake ones....”. Sim-
ilarly, one user stated “don’t expect YouTube [binaural beats
tracks] to be effective” while another expresses skepticism
(e.g., “I'm quite the skeptical guy..”)

Interestingly, one key component of users’ concerns is that
users do not know when they are deceived. As a consequence,
users fear that they may falsely share false binaural content.
It also results in an erosion of trust in the online platforms
that users visit to consume binaural beats. More interestingly,
lack of knowing when they are deceived results in users re-
questing pointers to “legitimate” binaural beats sources. For
instance, one concerned user asked “Any youtube channels
that have binaural beats videos that are real?”, suggesting
general apprehension towards binaural beats due to the lack
of a credible streaming source. We note that users who ex-
press these concerns do not doubt the ability of binaural
beats in mental wellbeing, but raise doubts about whether
tracks on streaming platforms contain the advertised audio,
e.g., specific frequencies associated with titles. In short, users
express (1) uncertainty about binaural content frequencies,
(2) concerns about being deceived, and (3) consequences of
deception, which result in a desire for verified resources.
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4 Conformance Analysis Methodology

In answering RQ1, we discovered that users have specific
goals and expectations. However, verifying track confor-
mance requires understanding what goal a track is advertising
and whether the track abides by expectations tied to this goal.
To solve this, we introduce a three-step methodology.

First, a track is classified into one of six classes (sleep, re-
laxation, concentration, cognitive enhancement, multi-label,
and outlier) through lexicons constructed for each mental
state. Relaxation, sleep, concentration, and cognitive enhance-
ment are mental states accepted among binaural beats listen-
ers. Multi-labeled denotes the binaural beats tracks classified
into more than one mental state, and outlier indicates the
tracks with unclear or vague intents. Second, 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 produces the binaural beats
and patterns produced throughout the track duration. Third,
we map user expectations to five rules. We validate a binaural
beats track’s conformance to user expectation against these
rules, using its extracted intent and time-frequency model.

4.1 Track Metadata Analysis

A track’s metadata typically consists of a track’s title, descrip-
tion, tags, and thumbnail, depending on the audio streaming
platform. Titles often contain descriptive words that relate to
the track. Our analysis on popular platforms streaming bin-
aural beats tracks (e.g., Spotify, YouTube), shows that track
metadata such as descriptions/tags contains information irrel-
evant to the track, such as subscription guides to apps/chan-
nels, URLs to external websites, and attention-grabbing key-
words for search-engine optimization. The reasons above
influence our decision to leverage the track title in under-
standing the mental state goal the binaural beat track is ad-
vertising to induce. Figure 3 illustrates our natural language
processing (NLP) techniques to curate mental state lexicons
to correctly extract a track’s intent.

Intended Mental State Goal Extraction. We classify
a binaural beats track’s title into one of the following
classes: sleep, relaxation, concentration, cognitive enhance-
ment, multi-class, and outlier. To accomplish this, we build a
lexicon that includes a set of unique words for each accepted
goal discovered (sleep, relaxation, concentration, and cogni-



tive enhancement). If a track title contains a word/words from
only one lexicon, it is labeled with the corresponding mental
state. Additionally, we introduce two classes to capture tracks
that do not conform to user expectations. If a title contains
words from multiple lexicons, it is assigned to multi-label.
This is as our findings from RQ1 show us that users believe
that one track cannot achieve multiple goals. Additionally,
titles that do not contain any words from lexicons are labeled
outliers, as they represent tracks which do not promise to
achieve one of the four accepted goals.

To build a lexicon for each mental state, we initially in-
clude a mental state’s expected brainwave(s) to its lexicon
(e.g., beta is added to concentration) as these brainwaves
express their respective mental state. We then search binau-
ral beats tracks on YouTube and Spotify, the most common
streaming platforms for binaural beats, and process their ti-
tles. We perform queries for strings such as “binaural beats”
with a target state excluding other mental states to obtain the
track titles (@). We repeat the search process for each mental
state. For instance, for sleep mental state, we use the query
“binaural beats sleep - relaxation - concentration - cognitive
enhancement” through YouTube Data and Spotify Develop-
ers APIs. Sampling tracks from these platforms allows us to
collect an extensive overview of titles and ensures we build
a comprehensive lexicon that includes words unique to each
mental state. Overall, we obtained titles of 1255 binaural
beats tracks, including 389 sleep, 232 relaxation, and 384
concentration and 250 cognitive enhancement tracks.

To obtain the word candidates from these tracks, we first
tokenize the title into words, remove stopwords from the
words, and use stemming to remove inflectional endings from
words (@). Resulting words represent the candidates for
lexicons. However, we found that 26.4% of the words appear
in lexicons for more than one mental state. For instance, the
word “peace” is found in both sleep and relaxation track titles.
To ensure the lexicons for each mental state are independent,
we remove keywords shared across multiple lexicons (€)),
resulting in a set of words unique to each lexicon.

Lexicon and Mental State Similarity. To improve the like-
lihood that all extracted words from titles are relevant to
their respective mental state, we conduct a similarity-check.
A word in the lexicon is relevant if it is semantically simi-
lar to its corresponding mental state (@). Consider the title
“(Extremely Powerful) Self Connection Meditation Binaural
Beats Meditation” used in building our relaxation lexicon.
After tokenizing and removing shared keywords, we find that
our lexicon contains words such as “extremely” and “connec-
tion”, not relevant to relaxation.

To address this challenge, we computationally identify
non-relevant keyword candidates to remove them from the
lexicon. We leverage the Wu-Palmer algorithm that calculates
the lexical-semantic relatedness amongst two words (Wu
and Palmer 1994). Wu-Palmer is a path-based algorithm
based on the depths of two words and their depths to the
most specific ancestor node in the taxonomies. To compute
similarity scores, we use the WordNet taxonomies (Miller
1995), a lexical database of semantic relations between 155K
words organized in 175K synsets (logical groupings). The
returned similarity score ranges from 0 < similarity < 1;
Scores closer to 0 indicate that the word and mental state are
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Figure 4: Time-frequency model extraction process.

not semantically similar and a score closer to 1 signifies high
similarity. To find the thresholds for each lexicon, we com-
pute the mean similarity score and add its standard deviation
(SD). This enables us to obtain relevant words semantically
related to each mental state.

Lexicon Confirmation Process. To validate the lexicons,
two authors label words in each lexicon by (a) checking the
relevance of words absent in the WordNet taxonomy (result-
ing in a score of 0), and (b) confirming our automated process
builds correct lexicons. This allows us to ensure that mental
state lexicons include the correct words to infer the intent of
the tracks. Each annotator independently inspects the words
that are absent in the WordNet to determine whether the word
is relevant to one of the mental states. They then indepen-
dently inspect the complete set of words in the lexicons to
determine whether they are relevant to the mental states. We
find a Cohen x (McDonald, Schoenebeck, and Forte 2019)
agreement of 1, denoting “perfect” agreement of lexicons.

Validating Intent Extraction To validate our methodology,
we validate with 120 manually crafted strings and 120 addi-
tional titles collected from the YouTube Data API (total of
40 per class). No validation string was used in our initial lexi-
con building. All strings are passed into the intent extraction
component: our component correctly labels all 240 strings.

4.2 Extracting Binaural Beats from Audio

We extract binaural beats frequencies produced over the
track’s duration from its audio, as shown in Figure 4. This
process begins by dividing the track’s audio waveform into
its left and right channels (tones) (@). To obtain the accu-
rate peak frequency of left and right channels at a given
period of time, we apply Fast Fourier Transform (FFT) with
respect to a timestamp. We then identified two problems
that impact the quality of extraction: spectral leakage and
resolution of frequencies. To address spectral leakage, we
use a Blackman-Harris window (@). We also use parabolic
interpolation to increase the frequency measurement resolu-
tion (€@). Applying these methods produces a time-frequency
model of a track’s binaural beats by calculating the absolute
difference of the channels’ frequencies (@), expressed as
f@) = fo = |l = 7], t € [to,tn]. Here, f; is the binau-
ral beat frequency, /; and r; are the left and right channel
frequencies at time ¢ (seconds). We set ¢ to be 1 second.

Extracting Time-frequency Model. The track waveform

is defined on the basis of amplitude versus time (seconds),
with the overall audio length representing the total number of



# User Expectations

Formal Expression (LTL)

A single period of delta in track’s duration Os = delta
S2.1 Cycle to start with alpha before transitioning to theta
S2.2 Theta to continue before transitioning to delta

52 .3 Cycle to end with delta or transition back to theta

R1 A single period of alpha in track’s duration Os = alpha
R2 A single period of theta in track’s duration Os = theta
C1  Asingle period of beta in track’s duration Os = beta

CE1l A single period of gamma in track’s duration Os = gamma

O(s = alpha) — o((s = alpha) V (s = theta)), [J(s = alpha) — < (s = theta)
O(s = theta) — o((s = theta) V (s = delta)), (s = theta) — O (s = delta)
O(s = delta) — o((s = delta) V (s = theta))

Table 1: Goal-Expectation Negligence (F4) rules for each mental state to mitigate user deception.

samples in the audio signal. To determine the peak frequen-
cies between left and right channels from raw audio data, we
use FFT to conduct spectral analysis on each channel of a bin-
aural beats track (Brigham 1988). We define the number of
frequency bins as half the number of audio samples collected
for the input audio signal. We set the frequency resolution
(Af) t0 fmax/Noins, Where fiax is the maximum frequency,
and Ny, 1s the number of bins.

An audio signal’s maximum frequency is defined as half
the audio’s sampling rate with the Nyquist-Shannon sampling
theorem (Landau 1967). Because the human hearing range is
20Hz to 20kHz, the sampling rate of audio tracks is typically
between 44.1kHz and 48kHz. We define the number of audio
samples equal to the audio sampling rate. We set the FFT
window size to be equal to the audio sampling rate, for a time
resolution of 1s, a resolution suitable given that we track
frequencies every 1 second. The total number of frequency
bins is equivalent to half that of the FFT window size, re-
sulting in a frequency resolution of 1Hz. This allows us to
represent each frequency within the human hearing range
as an individual frequency bin. Yet, 1Hz intervals limit the
precision of peak frequencies to integer values, which may
result in spectral leakage and inaccurate peak frequencies.

Addressing Spectral Leakage. The FFT converts a binaural
beats track waveform to its periodogram, visualizing it as a
continuous signal that repeats its pattern. However, pattern
completion occurs only with an integer frequency. Without
it, the FFT truncates the waveform, leading to spectral leak-
age—energy leakage from one frequency bin to its neigh-
bors (Lyon 2009). To address this, we apply the minimum
4-term Blackman-Harris window (Harris 1978) over the track
every second. This method yields a prominent peak in the
periodogram and compresses FFT side lobes, reducing the
impact of spectral leakage from non-integer frequencies.

Addressing Peak Frequency Inaccuracy. We further miti-
gate peak frequency inaccuracy by determining interpolated
peak frequencies. We use parabolic interpolation (Gasior and
Gonzalez 2004) to approximate non-integer frequencies. To
compute the interpolated peak frequency of a periodogram,
we must determine the abscissa that illustrates the highest
energy. Let the frequency bin with the highest amplitude
be ky,, and S[k] be the energy of a frequency bin within the
transform. Because the shape of a signal waveform resem-
bles parabolas, we use the amplitude of the three frequency
bins, k, — 1, ky, and k, + 1, to interpolate actual maximum
amplitude and obtain interpolated peak frequencies.

Validating Time-Frequency Extraction To validate the cor-
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rectness of our frequency extraction tool, we synthesize our
own binaural beats tracks, which we know the ground truth
of. Specifically, we leverage the Python module AccelBrain-
Beat to synthesize 200 binaural beat tracks (across different
frequencies and track lengths). Our frequency extraction tool
is able to accurately capture the beats produced within 0.05
Hz error. We also note that we find no impact of different
frequencies and track duration on accuracy.

4.3 Expressing User Expectation Goals

To analyze a track, we have to map our discovered user
expectations to said track. To do this, we apply a set of user
expectation rules (rules hereafter) on a track’s intent and/or
time-frequency model to categorize tracks that do or do not
conform to user expectations.

Goal Deviation (F1). Our thematic saturation (RQ1) demon-
strates that users expect one of four mental state goals. A
track title that deviates from these goals deceives listeners
into believing promises not commonly associated with binau-
ral beats. We define the F1 rule (intent = outlier) to flag
tracks that deviate from an accepted goal and detect promises
not commonly associated with binaural beats.

Goal Conflict (F2). Users expect that a single track can only
achieve one goal. Thus, track titles that promise multiple
goals contradict user expectations, thus deceiving them. We
define F2 to flag tracks that have such conflicting goals,
intent = multi-label.

Deceptive Absence (F3). Audio advertised as a binaural
beats track must contain differing left and right peak fre-
quencies. However, content creators may deceive users by
providing misleading track titles to lure users into listening
to the tracks. We define F' 3 to flag the tracks that contain O0Hz
in its duration, Vt £(t) = 0, t € [to, ta].

Goal-Expectation Negligence (F4). We define a set of rules
to check whether a track with a goal produces binaural beats
that correspond with brainwaves users expect. The rules are
expressed for each user expectation discovered on each men-
tal state goal identified in Section 3. Table 1 presents the
user expectations and their linear temporal logic (LTL) rep-
resentation. LTL is a language that allows model checking
where our intermediate data is expressed as a discrete model
of time, thus allowing reasoning about the relative order of
events (Piterman and Pnueli 2018). Expressing user expec-
tations with LTL allows us to verify whether the extracted
time-frequency model conforms to a set of expectations. We
first map each frequency from a track’s time-frequency model
(f(t)) to the corresponding brainwave where w; is the brain-
wave produced at time ¢, producing a time-brainwave model.



alpha,8 < f(t) <12, beta,12 < f(t) < 35,
gamma, 35 < f(t) < 42

We then define a single or multiple rules for each mental
state based on user expectations. To illustrate, for concentra-
tion, we define C1 that states that users expect the track to
contain a single period of beta waves. Similarly, for the sleep
mental state, we define S2 where users expect a sleep track’s
brainwave cycle to start with alpha waves and transition to
theta waves before transitioning into delta waves and ends
with either delta waves or theta waves.

Goal-Expectation Contradiction (F5). We define F5 to
flag tracks with a clear goal that conforms to expectations
of a different mental state goal. For instance, a track with an
intent of sleep that satisfies brainwaves expected for a dif-
ferent intent ((Os = beta) V (Os = gamma) V (s = alpha) V
(Os = theta)) is flagged for contradicting expected brain-
waves associated with sleep.

Verifying our Rule Validation Methodology. For each rule,
we synthesize positive and negative samples using Accel-
BrainBeat. Positive samples refer to tracks that should be
flagged for the specific rule, while negative samples refer to
tracks that should not be flagged. We synthesize 20 positive
and 20 negative samples for 40 samples per rule (200 samples
for all rules). Our rule validation correctly flags all positive
samples and validates all negative samples.

delta,0.5 < f(t) <4, theta,4 < f(t) <8,
w(t) =w: =

4.4 Conformance for a Binaural Beats Track

To process a track, we first extract the intended mental state
from the track’s metadata. We then process the track’s au-
dio to produce the time-frequency model. Intent and time-
frequency models are provided as input for rule validation.

Each rule is checked consecutively. The first two rules
(F1-F2) only operate on results of a track’s intent extraction
- intent = outlier or intent = multi — label are flagged.
The third rule (F3) only operates on the time-frequency
model - we flag tracks where the binaural frequency is 0Hz
for all timestamps (Vt £(t) = 0, t € [to, ty)).

For the fourth and fifth rules (F4, F5), we pass each rule’s
formula to an LTL API alongisde the time-brainwave model
(w(t)). The API returns a true/false flag noting whether the
formula is satisfied. At most, one of S2, R1, R2, C1, CE1l
(Table 3) is satisfied (or none). We note that to satisfy S2,
flags for S2.1, S2.2 and S2. 3 need to be true. We check
whether LTL rules associated with the extracted intent are
true/false, e.g., a relaxation track should either adhere to R1
or R2. If deception is flagged, we log the rules violated. We
note specific libraries used in Appendix A.4 and performance
details of our methods in Appendix A.5.

5 RQ2: Conformance of Online Platforms

To answer RQ2: Do binaural beats tracks on online platforms
conform to commonly held user expectations?, we leverage
our expectation-conformance methodology on over 7K bin-
aural beats tracks from diverse sources.

5.1 Data Collection

We collect binaural beats tracks from diverse sources in
three categories: (C1) 4,678 tracks from YouTube, (C2)
1,301 tracks on Spotify, and (C3) 1,070 tracks available for
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Cat. Property Max Average SD

# of Views 27.43M 203K 1.11M

ci Duration (mins) 732 122 170
# of Likes 414K 21K 11.4K
Fraction of Likes to Dislikes 1 0.94 0.08

c2 # Subscribers 470K 5.9K 29K

c3 Price Per Track $10 $0.99 -
Price Per Album $15 $5

Table 2: Summary statistics of binaural beats tracks

purchase through online e-commerce platforms and mobile
apps. These categories allow us to comprehensively evaluate
against diverse tracks at different platforms at different price
points (free, subscription-based, and paid).

For C1, we used YouTube’s Data API (Google Develop-
ers). We perform search queries using the strings “binau-
ral beats” and “binaural beat” while also including binau-
ral beats-related search queries, obtained using the Google
Trends API (Google Trends). We discard queries that are
interrogative phrases such as “what are binaural beats?” to
avoid collecting data that informs users about binaural beats.
We obtained a list of 30 distinct search queries related to
binaural beats tracks. We then performed a search for each
query with YouTube’s Data API and obtained the first 500
tracks returned by each query. We finalize a dataset of 4,678
tracks from 1,551 different YouTube channels.

We use the same search query set with the Spotify Devel-
opers API (Spotify) to collect the top 1,307 tracks for C2.
To identify tracks in category C3, we use the same query set
using the Google Search API and manually annotate returned
results, verifying if they link to an e-commerce platform. This
results in the top 6 binaural beats online stores - 3 of them
provide their tracks via mobile apps. To consider the tracks
found on these online stores (total of 1,070), we ensure they
are obtained for a fee (per-track basis or per-album basis).

Dataset Properties. Table 2 summarizes dataset properties.
C1 allows for more metadata such as view counts, track
category and likes/dislikes due to the expressive nature of
the YouTube API (Google Developers) (See Appendix A.6).
Each track has been listened to on average ~ 200K times,
with creators often classifying binaural beats tracks in cat-
egories outside “music” (e.g., entertainment). Additionally,
50% of the videos are more than 60 minutes long, while the
average duration is 120 minutes. Moreover, 90% of the tracks
have a fraction of likes (Likes/(Likes+Dislikes)) greater than
0.9. The high view count and like-dislike fraction demon-
strate the popularity of such binaural beats tracks. However,
it is important to note that popularity does not necessarily
mean that users are not deceived - deception, as we define it,
refers to when tracks deliver what users do not expect, and
users do not always know when they are deceived (when a
track does not contain promised beats), as echoed in RQ1.
Engagement statistics are not available for C2 and C3
(from the Spotify API or online stores respectively). How-
ever, C2 tracks are from 320 top binaural beats artists who
have a combined following of ~1.89 million monthly lis-
teners. The average artist has 5.9K subscribers, supporting
Spotify’s business model of allowing smaller artists to access
a streaming platform. C3 tracks are available for purchase at
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Figure 6: Fine-grained breakdown for multi-labeled tracks.

different price points. Albums (collection of tracks) average
around $5 USD. Individual tracks average $0.99 per track.

5.2 Intent Extraction
Figure 5 shows the percentages of tracks classified into the
six classes; (aggregate of C1, C2, C3). Tracks that claim to
induce an intent that aligns with user expectations (sleep,
relaxation, concentration, cognitive enhancement) account
for 51.2% (3,602) of the dataset. Among these tracks, 43%
(1,558) are classified as relaxation, and 30% (1,077), 17%
(596), 10% (373) of the tracks are classified as sleep, concen-
tration, and cognitive enhancement, respectively.
Interestingly, we identified that 49.8% (3,532) of tracks
are classified into multi-label and outlier classes. Particularly,
15.34% (1,055) of the tracks are classified as multi-label that
contain words from multiple lexicons (e.g., both sleep and
concentration), and 33.4% (2,321) of the tracks are classified
as outliers that do not contain any words from our lexicons.
Analysis of Multi-labeled Tracks. We analyze each multi-
labeled track’s title to understand their intent. Figure 6 illus-
trates the different combinations of accepted intent keywords
included in multi-labeled track titles. For instance, we ob-
serve 40.78% (430) of the tracks claim to aid in sleep and
relaxation, 28.2% claim to help with concentration and cog-
nitive enhancement and 3.67% of the tracks claim to induce
sleep, relaxation and concentration.
Analysis of Outlier Tracks. We perform k-means cluster-
ing on titles of outlier tracks to better understand their claims.
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Figure 7: Different deceptive clusters in outlier tracks.

To pre-process the track titles for clustering, we tokenize
titles into words and remove tokens such as non-English
words, stop words, punctuation, numbers, and generic words
(e.g., “binaural beats”, “brain”, and “entrainment”) as they
are shared in titles but do not contribute to their intent. We
found that 8.7% of outlier tracks do not include any words in
their titles after pre-processing (e.g., “Binaural Beats Brain
Entrainment”). We eliminate such tracks from further pro-
cessing. For the remaining tracks, we obtain the vector repre-
sentation for each token in the pre-processed titles through
Glove (Pennington, Socher, and Manning 2014), an unsu-
pervised learning algorithm to create vector representations,
where similar words have a similar vector representation.
Figure 7 overviews a visualization of the five clusters. Two
authors manually inspected each cluster to determine the
titles’ claims. They assigned the following labels based on
the words each cluster title contains: personal gain, spiritual
and supernatural phenomena, weight loss and pain relief,
erotic, and medical therapy. To detail, weight loss and pain
relief tracks (15.8%) claim to help listeners with body fat re-
duction, weight loss and relieving body aches. Personal gain
tracks (25.4%) claim to aid in financial growth, prosperity
and happiness. Spiritual and supernatural tracks (6.9%) claim
to induce psychic abilities, clairvoyance and spiritual clarity.
Medical therapy tracks (24.9%) recommend users alternative
medical therapy for common diseases such as kidney pain
and flu. Lastly, 18.3% of outlier tracks are categorized as
erotic as they claim to help listeners improve their libido
and sexual performance. We additionally found overlapping
clusters that shows track titles including multiple words from
different clusters (e.g., the track title “Subliminal Program-
ming: Attract Wealth And Sexy People With Binaural Beats”
overlaps with erotic and personal gain clusters). Our findings
show that track creators mislead listeners with outlandish
claims for monetization and channel expansion purposes.

5.3 Deceptive Tracks

Table 3 presents the results of deception detection as an aggre-
gate across C1, C2 and C3 (category specific breakdowns are
available in Appendix Tables 1, 2, 3). Our analysis uncovers
a large amount of tracks have deceptive track metadata. All
outlier and multi-label tracks are flagged for F1 (Goal Devia-
tion) and F2 (Goal Conflict), respectively, as stated by their
definitions. 33.4% of all tracks make claims not accepted



Track Intent F1 F2 F3 F4 F5
Outlier 100 % X 6.8% X X
Multi-Label X 100 % 2.13% X X
Sleep X X 1.76% 75.3% 3.06%
Relaxation X X 1.99% 92.43% 17.78%
Concentration X X 1.01 % 82.05% 13.26%
Cognitive Enhancement X X 1.88% 90.35% 49.33%
Total 334 % 15.3% 3.5% 43.7% 8.1%

Table 3: Distribution of deception detected (C1,C2, C3)

among binaural beats listeners (£'1). Interestingly, tracks in
C3 (paid services) present the largest proportion of this de-
ception, suggesting that exploitative creators make outlandish
claims to entice users for monetary benefit. 15.3% of tracks
promise listeners the ability to achieve multiple states (F2),
with C1 showing the highest percentage (18.5%). 3.5% of
tracks falsely advertise that a track contains binaural beats,
when in reality, the left and right channels produce the same
frequencies (F 3, Deceptive Absence).

Alarmingly, most tracks with a clear goal do not pro-
duce binaural beats associated with the said goal (F 4, Goal-
Expectation Negligence). At least 70% of all sleep, relaxation,
concentration, and cognitive enhancement tracks are flagged
for F4, indicating many creators do not meet users’ expecta-
tions for these goals. Finally, 8.1% of all tracks are flagged
for F5 (Goal-Expectation Contradiction). 2.20%, 20.03%,
18.60% and 51.66% of sleep, relaxation, concentration and
cognitive enhancement tracks respectively produce binaural
beats associated with a contradicting state (not their own
state). 92% of all F'5 flagged tracks satisfy sleep expectations
(and have an intent other than sleep).

We find no significant percentage differences across F 3,
F4 and F5 between the three categories (C1—C3). However,
we observe that paid tracks (C3) have the smallest proportion
of F4 (35.04%), indicating that when these creators advertise
valid mental wellbeing goals, they are more likely (than C1
and C2) to deliver the associated brainwaves.

Our results indicate that creators deceive users either by
deceptive track metadata, audio that does not conform to
user expectations, and in some cases, fail to produce binaural
beats. We also discovers that deception is equally present on
all platforms, regardless of purchase prices (free or paid).

Engagement in Deceptive Tracks. Although C2/C3 tracks
do not provide interaction statistics between users and tracks,
we present statistics for C1, given that the Youtube API pro-
vides view counts, number of comments and likes. Our analy-
sis uncovers that engagement across deceptive tracks is high.
Deceptive tracks are viewed an average of 245K times, with
the highest viewed video having 340K views. The average
views for tracks flagged with F1 is 206K. Other deceptive
tracks have similar high-average views, with F2 at 321K, F3
at 40K, F4 at 270K, F'5 at 153K.

Multi-label tracks have the highest average view count of
321K. Noticeably, tracks with outlandish claims (F1) have
the highest average number of comments (289). The high
average fraction of likes (0.95) suggests that listeners may be
unaware that they are being deceived. Moreover, promotion
of deceptive tracks is a widespread problem, with these tracks
coming from 1403 unique channels.
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Engagement in Tracks Free of Deception. Only 6.7%
of binaural beats tracks in our dataset are not flagged for
deceptions. For C1, the average number of views for such
tracks is 172K (max of 830K), 73K lower than for deceptive
tracks. This suggests that without knowledge of the binaural
beats present in a track, users unknowingly consume decep-
tive tracks over tracks that conform to commonly held user
expectations. The lower average number of comments (217
[max of 25K]) and average fraction of likes (0.94), when
compared to deceptive tracks, also support this.

These tracks come from 147 unique channels out of 1,551.
Many of their channel homepage descriptions are expressive,
detailing their effort to carefully produce tracks (e.g., “We
are musicians and neurologists that help listeners.”, “This
channel is dedicated to the creation of pure binaural tones.”).
Tracks found on these channels also have informative track
descriptions, include references to information of brainwaves
and explanations of effects (e.g., “Beta waves will help to
concentrate”, “This session contains frequencies which will
greatly assist with Brain Power.”), and guidance for users
(e.g., “For Best Results Please Wear Headphones”, “Listen
to this music in a quiet place for at least 20/25 minutes
daily”). Similarly, all safe tracks in C3 belong to a platform
that runs a blog explaining binaural content in depth.

6 Discussion
6.1 Practical and Design Implications

Expectations through Online Communities. Our work
bears implications for leveraging online resources to under-
stand community expectations. We identify goals and expec-
tations users have. Given the plethora of mental wellbeing
technologies (e.g., light-based therapy, guided meditation),
each community may form its own set of expectations.

Traditional methods for understanding user expectations
such as focus groups, interviews, or surveys, face challenges,
e.g., recruitment difficulties (Atkinson and Flint 2001). There-
fore, our methodology serves as a reliable alternative given
that we draw from publicly accessible resources (e.g., online
forums). Future work on mental wellbeing communities can
leverage such methodology to ground users’ expectations and
concerns about existing tools/technology.

Designing Mental Wellbeing Verification Tools. In RQ2,
we expose that the failure of tracks to align with user ex-
pectations is common in various media (e.g., Table 3). We
also expose attractive titles that can mislead users (Figure 7).
Thus, future efforts should design verification tools that eval-
uate different wellness technologies. Our spectral analysis
methodology can be easily extended to other sound-based
therapy (e.g., music therapy, isochronic tones, monoaural
beats). However, it is crucial to note that accommodating
other types of mental wellbeing technology comes with its
own challenges. For instance, metadata analysis may need to
extend beyond track titles alone (e.g., descriptions). Similarly,
verification efforts for visual-based therapy would require
mapping raw visual data to an intermediate representation
and collaboration with domain experts. While preliminary
work shows tools leveraging user expectations can be ben-
eficial (Arunasalam et al. 2024), further research effort is
required to produce usable tools that instill user trust.



Multi-Stakeholder Involvement. We argue that stakehold-
ers of digital mental wellbeing technologies/apps should be
proactively involved in ensuring users are given access to
these tools. Here, we note that regardless of the true scientific
impact of binaural beats, users have expectations surrounding
binaural beats. The presence of commonly expected frequen-
cies and titles that abide by commonly expected goals are
pertinent information for users who consume binaural content
to know. Thus, tools to verify binaural content is important
for user trust. Additionally, these tools can be leveraged by
creators to ensure they abide by users expectation.

To that end, third-party apps/services can be designed to
provide information on a track. Such services should sup-
port cross-app integration, i.e., tools should have access to a
high-quality version of audio. However, developers behind
mental wellbeing apps may be apprehensive about granting
data access to third parties. An alternative would be for app
developers to embed tools in their interface, detailing what
binaural beats are present throughout the track to users.

Additionally, mental wellbeing content is also often hosted
on content-sharing platforms (e.g., YouTube). We argue that
platforms should play an active role in implementing verifi-
cation. Verification can be integrated into the framework that
creators use, similar to fake news interventions such as cred-
ibility indicators (Lu et al. 2022). To illustrate, given users
find titles informative, platforms can enforce title vetting to
ensure outlandish claims are avoided.

6.2 Theoretical Implications

Our research applies User-Centered Design (Tenner 2015)
and the Technology Trust Framework (Mcknight et al.
2011). In leveraging online communities, we discover what
users expect and how these expectations are shaped. Users
also ground their reasoning to external factors (e.g., self-
conducted online research).

We argue that mental wellbeing solutions (e.g., verification
tools) grounded in UCD and the Technology Trust Frame-
works should consider expectations and ~ow users develop
their expectations. Understanding the how can aid in the de-
sign process. To illustrate, tools leveraging user expectations
to verify mental wellbeing technologies can provide pointers
to resources (e.g., scientific papers) to instill user trust. Simi-
larly, solutions should also cater to novice and non-users, who
may not begin using digital wellbeing tools with grounded
expectations (e.g., to help novice users, content websites can
include pop-up notifications indicating that a track does not
conform to most users’ established expectations).

6.3 Ethical Implications

It is possible to encapsulate our expectation-conformance
methodology within a tool to verify binaural beats tracks.
However, these expectations may not apply to everyone. For
instance, a user may have niche expectations. Thus, for such
tools to be deployed in the real world, great caution is needed
to carefully curate user-expectation rules.

6.4 Limitations and Future Work

The first limitation of our work is that our qualitative analysis
is based on publicly available forums and/or websites. Thus,
the user expectations we extract may not necessarily reflect
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those discussed in more private communities. Second, it is
reasonable to assume that new expectations may emerge
amongst binaural beats listeners. Our current methodology
does not capture evolving user expectations. However, our
methodology can be easily updated to add user expectation
rules without significant overhead.

Given our study’s implications on verification tools and
informing users, we hope to extend future work to add to
the broader impact of our study. First, we aim to apply our
methodology to additional frequency based mental wellness
technology. Second, we aim to investigate design choices on
how to inform users when commonly held expectations are
not met. Third, we hope to investigate the impact of poor
expectation conformance on user consumption of content
(e.g., how reports of lack of conformance may negatively
impact their consumption of mental wellbeing technology).

7 Conclusions

Our work grounds rules for what binaural beats tracks should
adhere to via user expectations. We draw from online re-
sources to conduct thematic analysis to deepen our under-
standing of users’ expectations. We then evaluate over ~7K
binaural beats tracks available on popular streaming plat-
forms and identify deceptive tracks, applying our method-
ology to verify if a given track conforms to listeners’ ex-
pectations. We extract a track’s mental state intent and time-
frequency model before applying rule validation to flag a
track for deception. Our findings provide a future direction
for designing systems for users of wellbeing technologies.
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conform to user expectations. After consulting neuroscience
researchers in academia and industry, we discovered that the
science behind binaural beats’ ability as mood enhancers in
the human brain is mercurial and constantly evolving. There-
fore, we do not claim to evaluate the efficacy of binaural
beats to induce different mental states in the brain.

A Appendix

The subsequent sections pertain to (1) deceptive titles, (2) keywords
leveraged in data collection, (3) findings in user expectation analysis,
(4) implementation and (5) performance of user-expectation con-
formance methods, (6) detailed overview of C1 tracks and (7) fine-
grained evaluation results.

A.1 Outlandish Deceptive Claims

Figure 1 shows the binaural beats track “Cleanse Infections & Get
Rid Of Virus, Bacteria, Fungal- Dissolve Toxins”, that makes an
outlandish claim to deceive users. Similarly, Figure 2 presents an
advertised binaural track for sexual arousal.

|Cleanse Infections & Get Rid Of Virus,
Bacteria, Fungal - Dissolve Toxins
732K views - 2 years ago

@ v

Sound Therapy for rmful toxins &
electromagnetic radiations. It will also help your

Beats @

dy get.

1000 V|CIaims of virus cleansing |

Figure 1: Deceptive claim of virus cleansing

 SEXUAL AROUSAL®

by Sexy Subliminals

A
> “_\N

Digital Track

AROUSAL

Figure 2: Sample landing page listeners are redirected to
purchase a track with the claim of improving arousal.

A.2 Keywords Used in Crawling

We list all keywords used in the Google Search API crawler.
* sleep binaural beats
* binaural beats youtube
* binaural beats music
* meditation binaural beats
download binaural beats
binaural beats free
best binaural beats
* healing binaural beats
* theta binaural beats
* focus binaural beats
do binaural beats work
binaural beats for sleep
binaural beats app
» what are binaural beats
* alpha binaural beats
binaural beats delta
binaural beats sleep music
binaural beats anxiety
binaural beats lucid dreaming
binaural beats meaning
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A.3 Research Driven User Expectation/Beliefs

Figure 3a and Figure 3b illustrate blogs and forums that reference
user-trusted resources concerning binaural beats.

How binaural beats work

IR Do Thev Affect ...

Cortical evoked potentials to an ... ®
When!two slightly different frequencies pfsound are played into |

each ear, the brain perceives a fixed beat or frequency. These
beats are referred to as binaural beats.

The frequency of sound perceived by the brain is the difference
between the two frequencies being played in each ear. For
example, a 10 Hz binaural beat is created by playing the
frequencies of 210 Hz and 200 Hz in different ears.

The benefits of binaural beats come when the brain responds
with synchronized neural activity and changes the brain waves.
Certain cognitive functions like sleep can be enhanced or

Objective: To define brain activity corresponding
to an auditory illusion of 3 and 6Hz binaural
beats in 250Hz or 1000Hz base frequencies, and
compare it to the sound onset response.

Methods: Event-Related Potentials (ERPs) were
recorded in response to unmodulated tones of
250 or 1000Hz to one ear and 3 or 6Hz higher to
the other, creating an illusion of amplitude
modulations (beats) of 3Hz and 6Hz, in base
frequencies of 250Hz and 1000Hz. Tones were
2000ms in duration and presented with
approximately 1s intervals. Latency, amplitude

and source current density estimates of ERP
components to tone onset and subsequent beats-

suppressed while listening to certain frequencies.

(@)

Binaural Beats: Sleep, Therapy, and Me...

®

healthline

{-,-) NervousBuy2 - 1y

With earbuds on it sends specific frequency tones that differ
somehow in the left and right ear and kinda induce a trancelike
state. In my experience they are helpful in reducing distraction

and can amplify sensations significantly. /

What are binaural beats?

https://www.healthline.com/health/binaural-beats

{> 3L share -

(b)

Figure 3: (a) Blog content that references a peer reviewed pa-
per. (b) Binaural beats related reddit thread that references
a medical website (Healthline).

A.4 Implementation

Our implementation for expectation conformance leveraged our
custom python implementation and python libraries/modules.
Intent Extraction. We use the NLTK library to process track titles.
Titles are fed sequentially to word_tokenize, stopwords, and
stem.snowballstemmer for tokenizing the text into words, remov-
ing stopwords, and stemming via the Porter Stemmer algorithm
respectively. To compute word similarity with the WordNet tax-
onomy, we use wordnet.synset to generate the synset groupings
of a word, and wordnet.synset.wup_similarity to compute the
synset-mental state Wu-Palmer similarity.

Time-Frequency Extraction. We perform spectral analysis by
leveraging the rfft function from the NumPy Fast Fourier Trans-
form library (NumPy) to compute the Fourier Transform of the
audio data. We extend the Scipy.Signal function to generate a
Blackman-Harris window to address spectral leakage when comput-
ing the Discrete Fourier Transform. For the parabolic interpolation
for peak frequencies, we use our implementation of the algorithm
in (Gasior and Gonzalez 2004).

Rule Validation. Rules F1-F3 are validated using our custom
Python implementation. We compare extracted intent labels for
Rule F1 and F2, checking if the output label is outlier or
multi — label. Rule F3 is validated on the time-frequency model.
Each timestamp is checked for 0 Hz. We use the py-metric-
temporal-logic python module (GitHub) to validate F4 and F5.
We use the string-based API to define each stage of F4 rules
(e.g., S2.1-S2. 3). We then pass the string as a parameter with
the track’s time-frequency model and intent to validate the rules.

A.5 Performance

We study the end-to-end time latency of intent extraction, spectral
analysis and rule validation. We run our experiments on a laptop



computer (1.4GHz 4-core Intel i5 processor and 16GB RAM) using
Python 3.8. We record the time taken to process ten 30 min and ten
60 min tracks on our laptop computer. The average time for a 30
min track is 7 sec. The time-frequency model extraction and rule
validation take on average 3.8 sec and 3 sec. The average time for a
60 min track is 20 sec. Time-frequency model extraction and rule
validation take on average 7.3 and 12 sec. We observe that runtime
overhead increases linearly with the track duration. Intent extraction
and user interface generation take on average less than a second. We
found that fine-grained FFT for time-frequency model extraction and
F4, F5 rule validation through the py-metric-temporal-logic library
are the bottlenecks. To address this, we implemented our custom
validation algorithm for F4, F'5 rules and reduced the overhead of
rule validation to an average of 2 sec.

A.6 Detailed Overview of C1 Tracks

We present a detailed overview of the C1 tracks’ statistics. More
specifically, Figure 4 shows a histogram of the tracks’ view count.
Figure 5 shows the distribution of track categories — creators often
classify binaural beats tracks in categories outside “music” (e.g., en-
tertainment). Figure 6 shows the distribution of track durations.
Lastly, we show the distribution of the fractions of likes to dislikes
(Likes/(Likes+Dislikes)) in Figure 7.
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Figure 4: Track view counts (C1 metadata)
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Figure 5: Category descriptors in C1 metadata

A.7 Non-Conforming Tracks

Table 1, Table 2, Table 3 present category specific breakdowns for
tracks that do not conform to commonly held user expectations.
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Figure 6: CDF of track duration (C1 metadata)

o o o =
IS o © 1)

e
N

Proportion of 5118 Tracks

g
IS)

0.0

0.2 0.4

0.8

Fraction of Likes

1.0

Figure 7: CDF of likes to dislikes (C1 metadata)

Track Intent I F1 F2 F3 F4 F5
Outlier 100 % X 9.39% X X
Multi-Label X 100 % 2.14% X
Sleep X X 1.46% 74.23% 2.2%
Relaxation X X 2.24% 92.44% 20.03%
Concentration X X 1.83 % 92.99% 18.6%
Cognitive Enhancement X X 2.11% 90.63% 51.66%
Total 314 % 18.5% 4.3% 44.07% 9.67%

Table 1: Distribution of deception detected in C1

Track Intent I F1 F2 F3 F4 F5
Outlier 100 % X T.88% X X
Multi-Label X 100 % 3.12% X X
Sleep X X 2.41% 73.8% 4.55%
Relaxation X X 2.47 % 86.42% 14.2%
Concentration X X X% 68.06% 7.6%
Cognitive Enhancement X X X% 82.86% 48.57%
Total 28.6 % 7.36% 1.77% 47.89% 591%

Table 2: Distribution of deception detected in C2

Track Infent [ F1 F2 F3 F4 F5
Outlier 100 % X 1.93% X X
Multi-Label X 100 % X X X
Sleep X X X 93.75% 3.12%
Relaxation X X 0.38% 98.08% 8.08%
Concentration X X X 100% 541%
Cognitive Enhancement X X X 100% 5.56%
Total 53.9% 10.1% 1.14% 35.04% 2.46%

Table 3: Distribution of deception detected in C3



