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Abstract—Recent advances in Al music (AIM) generation
services are currently transforming the music industry. Given
these advances, understanding how humans perceive AIM is
crucial both to educate users on identifying AIM songs, and,
conversely, to improve current models. We present results from a
listener-focused experiment aimed at understanding how humans
perceive AIM. In a blind, Turing-like test, participants were
asked to distinguish, from a pair, the AIM and human-made
song. We contrast with other studies by utilizing a randomized
controlled crossover trial that controls for pairwise similarity
and allows for a causal interpretation. We are also the first
study to employ a novel, author-uncontrolled dataset of AIM
songs from real-world usage of commercial models (i.e., Suno).
We establish that listeners’ reliability in distinguishing AIM
causally increases when pairs are similar. Then, we conduct a
mixed-methods content analysis of listeners’ free-form feedback,
revealing a focus on vocal and technical cues in their judgments.
Lastly, we conducted a comparative analysis of the vocal tracks,
which revealed distinct differences between the human and Al
performances.

Index Terms—Al, Music Information Retrieval, Human Com-
puter Interaction

I. INTRODUCTION

The advancement of generative artificial intelligence (AI)
technologies on the last years has redefined creative production
across multiple domains on art [1], [2]. Among these, music
has become a particularly prominent area where Al-generated
compositions are increasingly more similar to those created by
humans in terms of structure, harmony, and even emotions.
Commercial models such as Suno' and Udio?> demonstrate
how convincingly Al can generate creative melodies, har-
monies and even full arrangements, often confounding human
and machine creation. Although, since art is is intrinsically
moved by subjectivity, we no longer have a exact score of
correctness [19]. Therefore, this motivates a philosophical
question of what differentiates authentic (human) from arti-
ficial (AI).

As these technologies emerge, a important question arise:
can listeners distinguish between Al-generated music (AIM)
and human-composed music? This question brings concerns
about authenticity, artistic value, and the evolving role of
human creativity. These worries affects not only artists and
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audiences but also music streaming platforms and the music
industry, which now deal with the implications of content
authenticity, copyright, and trust.

Although some prior research has explored human inter-
action with Al in creative domains [10], [29], relatively few
studies have empirically studied aspects that could influence
in how humans percept Al music and detect them. This gap
limits our understanding of human-Al interaction in musical
contexts and motivates the present study.

Importantly, this work does not aim to definitively deter-
mine whether humans can effectively distinguish AIM from
human music. Instead, our focus is on the listener and their
perceptions, covering the reasons and the factors that guide
their decisions when differentiating between human and Al-
created music and to identify perception limitations on human
and machine creations and to assess the factors that may in-
fluence detection accuracy. Specifically, we test the following
hypothesis:

Human listeners rely on contextually grounded cues (e.g.,
as repetitive structure or synthetic-sounding vocals) that help
discern whether a piece of music is AIM or human-made.

To address this, we designed a perception experiment, based
on a listener-focused Turing-like [] test in which participants
were asked to listen to five pairs of music excerpts. After
listening an specific pair, they judged their origin: Al or
human. For each pair, participants could choose one of five
options: (1) both tracks were human-composed; (2) the first
track was Al-generated; (3) the second track was Al-generated;
(4) both were Al-generated; or (5) they could not state.
Additionally, to remove recognition bias of the responses,
participants were asked whether they recognized any of the
tracks.

Furthermore, for each pair, participants were also presented
with an optional free-text input field to share any opinions
about the songs or explain their choice. Finally, we also
internally logged how long participants spent on each pair To
explore potential demographic influences, we also collected
information on participant’s age, native language, and musical
experience, divided into practical (e.g., instrument playing,
composing), formal (e.g., conservatory, musical schools, col-
lege) experience and if they had any experience with AIM.

After the responses were collected, to study the how the



context influenced participants to detect AIM and what are
the most important studied variables for this matter, we used a
Randomized Controlled Cross Trial (RCCT) [4]. For instance,
we used pairs formed by random music, working as the control
group and pairs preformed using music similarity, working
as the study group. Listeners evaluated multiple pairs, being
them disposed in a random order for each listener. Also, with
the provided comments, we used from a mixed-methods [5]
grounded-theory content analysis [5] on the text feedback
provided on why they made their choices.

Our findings reveal that when songs are paired randomly,
listeners are unable to distinguish between AIM and human
music. However, when pairs are intentionally similar, listeners
show a better ability to make this distinction. We also find that
practical musical experience (such as playing an instrument)
and prior familiarity with AI music increase the likelihood of
identification. Furthermore, our content analysis observed that
listeners often rely on vocal and technical cues when making
their judgments. These insights have important implications
both for improving the human-likeness of Al-generated music
and for developing strategies to educate audiences on how to
recognize it.

II. RELATED WORK

The intersection of artificial intelligence and human creativ-
ity has drawn significant attention with the rise of generative
models []. Since our work focuses on musical content, we
will focus primarily on music-related studies. Nonetheless, it is
worth noting that perception research in other creative domains
has a long history. On the 1960s, a study showed that partici-
pants often struggled to distinguish between human-made and
computer-generated images [6]. More recent researches report
similar findings in the context of generative Al for images [7]—
[9] and poetry [10]. Focusing, on the human perception instead
on accuracy, Candello et al. [11] demonstrated that even design
elements such as typefaces can be judged by humans as
appearing more or less “machine-like.”

These studies, however, often guide participants toward
evaluating specific characteristics, such as beauty or novelty.
In contrast, our approach employs a randomized controlled
crossover trial (RCCT) [4], which allows us to demonstrate
that participants can distinguish between Al-generated and
human-made content when the material is closely related,
with causality. Moreover, unlike prior work, we do not direct
participants toward any predefined cues. Instead, we invite
them to describe the reasoning behind their choices in open-
text responses, which we then analyze through a mixed-
methods [5] content analysis.

In the music domain, a few works have explored public
perception of Al-generated compositions. Lecamwasam and
Chaudhuri [12] conducted a perception study assessing how
listeners respond the emotions on Al-created music, showing
that while participants often failed to correctly identify Al-
generated pieces, their emotional reactions were not sig-
nificantly different from responses to human compositions.
Sarmento et al. [13] analyzed how contextual framing (e.g.,

disclosing the music’s source) influences the perceived quality
and authenticity of Al-generated progressive metal music,
being the artificial music generated as a symbolic composition.
Grotschla et al. [14] benchmarks human preference over the
quality of different music generators and datasets, such as
MTG-Jamendo [15], which uses human music, and Suno for
Al music, as this work does.

Also, works using voluntary participants are important to
fundament the proposal and the validity of this research.
Therefore, Santy et al. [16] arguments that research using
voluntary work can help sustain high-quality data. So, a related
method was used on [17] on video and social media domain.
This work investigated how people perceive video popularity
by presenting users with pairs of videos and asking them to
judge which would be more popular. This study used a similar
interface as implemented in our study.

III. MATERIALS AND METHODS
A. Al-Generated Music Dataset

Al-generated tracks were obtained by web scraping posts
from the Suno Reddit’s community r/Suno posts. We de-
veloped a custom web scraper that parsed Reddit threads,
extracted relevant media links, and downloaded publicly
shared Al-generated music samples. Only posts with com-
plete audio files and clear user confirmation that the content
was generated using Suno were included. Posts may be
accompanied by textual tags, known as flairs, that indicate
the content of the post: Song, Song - Audio Upload,
Song - Human Written Lyrics, and/or Song -
Meme. From these, we ignored the Meme songs due to their
comedic and distinctive nature.

After scrapping 33,626 posts] dated from July 21, 2023,
up to February 25, 2025, it resulted on a dataset with 12,483
audio files generated by Suno, posted by random users on
Reddit. From the other flairs, audios were downloaded by
following Suno (4,059 songs) and/or YouTube (8,315) links.
These songs were paired with ones from MTG-Jamendo. From
these music, only 5,244 had their genres predicted, with the
genres distribution as follows in Figure 1.
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Fig. 1: Collected music dataset genres distribution



B. Human-Composed Music Dataset

Human-composed tracks were selected from the MTG-
Jamendo dataset [15], an open-source music collection of
songs distributed under Creative Commons licenses. This
dataset was chosen for its rich genre diversity, metadata and
genre annotations, and certainty that all tracks were created
by human artists.

C. Fairing Al and human music

To create meaningful comparisons for the perception task,
each Al-generated music sample was paired with a human-
composed counterpart based on genre, duration, and overall
similarity. Moreover, we also made sure to select songs with
durations ranging from 1.5 minutes to 4 minutes.

We applied the pre-trained genre classification model pro-
vided by Essentia [20], developed using the MTG-Jamendo
dataset, to predict the musical genre of both the Al-generated
(Suno AI) and human-composed tracks. This allowed us
to assign genre labels across both sources, with a mapped
accuracy, despite the lack of structured metadata in the Reddit-
sourced Al tracks, when it treats to genre.

To compute audio similarity, we extracted high-dimensional
embeddings from all selected tracks using the CLAP (Con-
trastive Language-Audio Pretraining) model [18], which is
designed for cross-modal representation learning of audio
and text, from the Hugging Face® library. These embeddings
capture semantic and acoustic features beyond surface-level
attributes, making them suitable for perceptual pairing. There-
fore, we computed cosine similarity between each Al-human
pair using the cosine similarity of the embeddings of the two
audios.

To improve the fairness and quality of comparisons, we used
the following pairing constraints:

o Cosine similarity between embeddings > 0.85

o Duration difference less than 30 seconds

e Genre classification confidence score > 0.4 for both
tracks

This pairing strategy ensured that human and Al tracks in
each pair were aligned in genre and embedding similarity,
isolating genre and other musical features and allowing to
study the Al bias of the music excerpts, only.

As result, the pairs obtained followed the genre distribution
showed on 2. Although, of all the formed pairs, we choose
10 to be part of the experiment. Also, we choose, among
the music from both datasets, 5 artificial and 5 human music,
not present on the previously selected pairs, to form pairs of
random matching, always with one human and one Al track.

D. The Hummanness Perception Study

Upon entering the study, participants provided an email
address, which was immediately converted to a one-way hash
to anonymously track their responses. The core task required
participants to evaluate five pairs of songs.

3https://huggingface.co/laion/clap-htsat-unfused
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The first four pairs were randomized for each participant.
Two pairs were drawn from a random pool and two from a
similar pool of predefined pairs. To prevent ordering effects,
these four pairs, and the order of the two songs within each
pair, were fully randomized. Songs were never repeated across
pairs for a given participant.

The fifth and final pair was a fixed attention check (or
“trap”). It featured the iconic introduction to Beethoven’s
Symphony No. 5 in C minor, Op. 67, paired against an Al-
generated song explicitly designed for the task, which opened
with the lyric: “This is not a human song, I'll say it right
away.”

The study was presented as a web form where each song
pair appeared on its own page. Participants could not skip pairs
or return to change previous answers. Song titles were not
displayed. For each pair, participants were required to answer
two questions:

1) Source Identification: A multiple-choice question ask-
ing them to classify the songs’ origins:

The first song was generated by Al.

The second song was generated by Al

Neither song was generated by Al

Both songs were generated by Al

I cannot state if these songs were generated by Al
or by humans.

monw>

2) Familiarity: A multiple-choice question about prior
exposure to the songs:

A. T have heard the first song before.
B. T have heard the second song before.
C. I have heard neither song before.

D. I have heard both songs before.

Additionally, an optional text field allowed participants to
provide comments or explain their choices. The time spent
evaluating each pair was automatically logged.

After evaluating all five pairs, participants were invited
to complete an optional survey collecting demographic and



background information. This included their age, native lan-
guage, and familiarity with Al music (AIM) services. We
also inquired about their musical background using binned
categories: Less than one year, one to five years, five to ten
years, or over ten years for both formal musical education and
practical experience (i.e., playing an instrument).

We recruited participants from two distinct populations:
online volunteers and paid crowd-workers. The volunteer pool
was sourced primarily from social media posts by the Com-
puter Science and Music Departments of a major Brazilian
university. The study link was also shared on the university’s
website* and featured in local news outlets. Participants were
also encouraged to share it further.

The crowd-worker pool consisted of 100 English-speaking
participants recruited through the Prolific’ platform, who were
paid £2 for their time. This dual-recruitment strategy provided
a more diverse demographic sample and allowed us to compare
responses from intrinsically motivated volunteers with those
from extrinsically compensated crowd-workers. Our pairs,
responses, and source code are available at: https://github.com/
vai-ufmg/hp-study.

IV. RESULTS

Our analysis is based on a refined dataset, obtained by
meticulously filtering the initial pool of participants to ensure
data reliability and relevance. From June 6th to July 30th,
2025, a total of 653 participants accessed our study’s website.
To isolate a cohort of highly engaged and valid participants, we
applied a two-stage filtering process based on criteria designed
to focus on participants who demonstrated sustained attention
and had no prior knowledge of the experimental stimuli.

This process yielded a final cohort of 308 participants,
which provided a total of 1,232 valid answers for the core
analysis of the initial four pairs (308 x 4).

The filtering process is summarized in detail in Table L.

TABLE I: Participant Filtering Flow

Participants

653

Stage Description

Initial Pool ~ All participants who logged into the
study’s website.

Participants who reached the fifth
pair and correctly identified the well-
known Beethoven piece, demonstrat-
ing sustained attention and engage-
ment.

Participants from the previous stage
who had no prior knowledge of any
songs in the first four pairs. This en-
sured that knowledge of a song was
not a confounding factor.

Filter 1 337 (out of 504)

Filter 2 308 (out of 337)

The first filter was crucial for removing participants who did
not complete the study or were not fully engaged. Of the 504
participants who reached the final pair, 337 successfully identi-
fied the Beethoven piece, which corresponds to a success rate
of approximately 66% (337/504). The second filter ensured
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Fig. 3: Demographic and Answer Variables

that our results were not skewed by prior musical knowledge,
which could compromise the integrity of the study’s findings.
This rigorous filtering resulted in a final, robust dataset for our
analysis.

Of the 308 valid participants, 290 completed the demo-
graphic survey, with the results summarized in 3. The ma-
jority of participants were native Portuguese speakers (73%),
followed by English speakers (22%) and other languages (5%).
Regarding musical background, most participants reported
having no formal musical education (67%) and no practical
experience (50%). Furthermore, 34% of participants indicated
knowledge of AIM. The mean age of the cohort was 31 years
(SD = 13), with a median of 27 years. After excluding 10
outliers (values greater than 30 minutes), the average time
participants spent on each pair was 2.98 minutes.

A. RCCT analysis

In our RCCT, participants were asked to identify which
song in each pair—A or B—was Al-generated (AIM). Correct
responses accounted for 57% of all answers. In contrast,
responses indicating “both” (20%), “neither” (16%), or “can’t
decide” (7%) were classified as incorrect. Because of the ran-
domized trial design, these response patterns were influenced
by the pair type (similar or random). Additional factors may
also have affected outcomes, including the specific {4, B}
pairing, listener demographics, time spent evaluating each
pair, the pair’s presentation order (from one to four), and
other unobserved participant characteristics. In the following
sections, we present results both with and without controls for
these endogenous factors.

We first compared listeners’ success rates in distinguishing
between song A and song B. With two possible choices,



random guessing would yield an expected success rate of
E[s] = 0.5. Across all pair types, the overall observed rate
was §, = 0.60, indicating that participants performed above
chance on average. When examined by the context, i.e.,
which experiment set the response referred to, the random
set yielded a success rate of 5, = 0.53, which a binomial
test confirmed was not significantly different from chance
(p > 0.05). In contrast, the similar set produced a higher
success rate, resulting in §; = 0.66 of accuracy, significantly
exceeding both random guessing (p < 10~Y) and the overall
mean performance (p < 1072).

To assess the robustness of these effects, we repeated the
analysis under two restricted conditions. First, when consider-
ing only songs containing lyrics, the results were consistent:
5. = 0.53 (p > 0.05) and 3, = 0.75 (p < 1075), suggesting
that the presence of vocals enhanced the discriminability of
Al-generated music. Second, when excluding the classical and
ambient genres, which appeared exclusively in the similar set,
the success rates remained nearly unchanged (55 = 0.66, p >
0.05; §, = 0.53, p < 10~7). These consistent patterns across
subsets indicate that the observed differences are unlikely to be
confounded or biased by genre distribution or lyrical content,
strengthening the conclusion that song contextual similarity
plays a key role in listeners’ ability to detect Al-generated
music.

To examine the influence of our control variables, we
employed a Mixed Effects Logistic Model [21], summarized
in Table II, with the goal of serving as a explanatory model
to study the variables which were more relevant while dis-
criminating the pairs. In fact, this model’s was designed as
an estimator for success rate or accuracy, but in this work
perspective, it served mainly as an explanatory model. The
model incorporated pair-specific intercepts to account for
systematic differences in pair difficulty, as well as nested
random intercepts for participant IDs and pair order, thereby
controlling for individual differences in performance and po-
tential ordering effects within each participant’s session.

The model achieved a McFadden’s R? = 0.44, which
represents a relatively high level of explanatory power for
behavioral data and is considered more than acceptable for
models of this kind [22]. This suggests that a substantial
portion of the variability in listeners’ accuracy can be ex-
plained by the included random effects and control variables.
In particular, the inclusion of pair-level and participant-level
terms indicates that both the inherent difficulty of each pair and
individual differences among listeners played a meaningful
role in predicting success. Overall, the model confirms that
accuracy was not solely driven by chance or pair type, but
was systematically influenced by contextual and participant-
specific factors.

Using our model, we observed that participants with more
than five years of Practical Experience in music exhibited a
positive and significant effect on accuracy. This pattern was
also found for those reporting prior knowledge of Al-generated
music (AIM), suggesting that familiarity with the domain or
with generative tools enhances one’s ability to detect synthetic

Full Hierarchical Model

Estimate  Pr(;|z|) Sig.

0.9968

Intercept -24.26

Choice: Song A or B 22.29 0.9971
Choice: Both Songs 0.82 0.9999
Choice: Neither Song 4.94 0.9994

-0.07
0.42

0.7621
0.1157

Lang. Port.
Prac. Exp. 1to 5y

Formal Edu. 1 to 5y -0.22 0.4803

Formal Edu. Over 10 y -0.82 0.0614 *

TABLE II: Covariates *p < .1, **< .05, ***< .01

Non-Hier. Without Practical Exp.

Estimate Pr(;|z|)  Sig.

0.9851

Intercept -22.01

Question Order 0.00 0.9864
Choice: Song A or B 19.89 0.9865
Choice: Both Songs -0.14 0.9999
Choice: Neither Song -0.27 0.9998

Lang. Port. -0.12 0.5645
Formal Edu. 1 to 5y 0.15 0.5256
Formal Edu. 5to 10y -0.22 0.4574
Formal Edu. Over 10 y 0.11 0.6996

TABLE III: Covariates *p < .1, *¥*< .05, ¥**< .01

compositions. In contrast, age showed a negative association,
indicating that older participants were less likely to correctly
identify Al-generated songs. Interestingly, having a Formal
Education in music of 5 to 10 years appeared with a negative
coefficient. However, this effect should be interpreted with
caution, as Practical Experience and Formal Education are
highly correlated. Indeed, when we estimated an alternative
model excluding the Practical Experience factors (Table ??),
the apparent negative effect of education disappeared, suggest-
ing multicollinearity rather than a true suppressor effect.

The model further indicates that the treatment effect of
being exposed to a similar pair, as opposed to a random pair,
corresponds to a 13% improvement in accuracy (§; — §, =
0.13). This difference remains consistent across robustness
checks, highlighting that perceptual similarity between songs
substantially increases the likelihood of correctly identify-
ing the AIM one. Importantly, this treatment effect is not
uniform across all listeners—it is moderated by individual
characteristics such as experience, prior knowledge, and age.
Together, these results provide evidence not only for when
users differentiate between human and Al-generated music,
but also who is more capable of doing so and under what
contextual conditions.
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B. Mixed Methods Analysis of Feedback

Redirecting our attention to the analysis of the free-text
responses collected in the survey, we obtained a total of 317
comments from 140 distinct participants. To examine this
qualitative data, we employed a manual open-coding approach
conducted over two iterative sessions. Each session involved
three independent coders who received a uniquely randomized
list of responses to minimize shared bias and ensure a diverse
reading order.

During the first coding round, the three coders indepen-
dently annotated 100 responses, freely assigning descriptive
textual labels that captured salient themes. After one week,
the coders met for a calibration session to consolidate their
observations and establish a shared coding framework. This
process resulted in the definition of seven overarching thematic
categories: vocals related, sound related, technical aspects,
human aspects, modifiers, genre, and lyrics related. For each
of these topics, a set of non-exclusive tags was defined to
allow multiple dimensions to coexist within a single response
(Figure 10).

In the second round, conducted over the following week,
all 317 responses were coded by all three coders using the
finalized tagging scheme. Additionally, coders specified when
a tag referred to a specific song within the presented pair,
enabling a finer-grained mapping between textual justifica-
tions and pair-level perceptions. Our subsequent quantitative
analysis focuses on responses with full coder agreement (3/3;
n = 289), ensuring high reliability in the extracted categories.
A complementary qualitative discussion of these themes, in-
cluding representative excerpts and edge cases, is provided in
Appendix A.

The high level of inter-coder agreement suggests that partic-
ipants’ reasoning patterns were relatively consistent and that
the identified categories capture meaningful aspects of how
listeners differentiate Al-generated from human-made music.
These qualitative insights enrich the quantitative findings,
offering a deeper understanding of the perceptual cues and
interpretive strategies underlying participants’ judgments.

We initially observe from Figure 10 that participants fre-
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quently cite vocal and lyrical aspects to justify their decisions.
To quantify the impact of these cues, Figure 5 analyzes topic
distribution across four distinct contexts, employing x?2-tests
for significance: (1) arbitrary song selection (Song A vs.
B); (2) attribution (AIM vs. human-made); (3) classification
accuracy (correct vs. incorrect); and (4) accuracy specifically
within the challenging random subset.

Given the randomized song order, we observed no sta-
tistical difference in topic usage based on the choice of
one pair over the other. Similarly, the choice between AIM
and human-made attribution yielded no significant disparities.
This suggests that participants employ consistent justifications
regardless of whether they label the song as Al or human.
However, statistical significance emerges when conditioning
on accuracy. In comparisons of correct versus incorrect re-
sponses—particularly within the harder random setting—we
find that contextually grounded cues (sound, technical, and
vocal elements) are instrumental in successfully distinguishing
AIM.

These findings advance our understanding of human per-
ception regarding Al-generated content. Identifying the cues
listeners employ to distinguish AIM can inform strategies for
improving the naturalness of generative models. Conversely,
these insights may guide the development of educational
initiatives designed to help users better recognize Al-generated
media.

C. Instrumental and Vocal analysis

Motivated by the finding that participants rely heavily on
sound, technical, and vocal cues, we investigated the objective
feature differences between Al and human-generated audio
components.

To isolate vocal features, we performed source separation
using the Demucs model [24]. We then refined the dataset
by extracting high-confidence vocal segments using a Voice
Activity Detection (VAD) model [25], restricting the duration
to a range of 2—15 seconds. This methodology aligns with
the preprocessing steps employed in [23]. As detailed in
Appendix B, the resulting Al segments averaged 13 seconds
in length, compared to 7.8 seconds for human vocals. We
subsequently extracted 512-dimensional embeddings for each
segment using YAMNet [26].

To account for stylistic variations, we stratified our analysis
by genre using the Essentia [20] classifications obtained previ-
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Fig. 7: SVM confusion matrix for AI vs Human predictions
on test split

ously (pop, rock, hiphop, electronic, and metal). We computed
the mean embedding vectors (centroids) for each genre and
visualized their distribution in two dimensions using t-SNE
[27]. These projections are illustrated in Figure 6.

The results demonstrate that Al vocals and Human vocals
form different clusters, suggesting that, in average, for each
genre, they differ.

The results are enforced by the SVM results achieved on
Fig. 7. It achieved an accuracy of 0.9 on deciding if a vocal is
human or not, when comparing the overall vocals embeddings.
This SVM model was trained with 979 Al samples and 1324
Human samples, with a train-test split proportion of 0.8 to
train and 0.2 to test.

To identify the concrete signal characteristics driving this
distinction, we performed a Fourier spectral analysis [28] to
examine the frequency distribution of the segments. Figure 8
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Fig. 8: SVM confusion matrix for AI vs Human predictions

reveals a distinct spectral inversion: Al-generated vocals ex-
hibit a marked energy surplus in the high-frequency range
(approximately 5-8 kHz), whereas human vocals maintain
dominance in the lower fundamental frequencies (< 1 kHz).
This spectral envelope discrepancy offers an objective basis
for the subjective feedback reported by participants. The lack
of low-end energy likely contributes to a perceived lack
of “warmth” or ”body” in the AI vocals, while the high-
frequency content aligns with descriptions of a robotic” or
“metallic” timbre. This phenomenon is often associated with
high-frequency quantization noise in generative models.

V. LIMITATIONS

We acknowledge that we had no control over the prompts
used to generate the AIM songs, nor over the recording and
mixing processes of the Jamendo tracks. Consequently, prompt
efficacy and recording fidelity remain uncontrolled variables
that could theoretically influence our results; however, we
aimed to mitigate these effects by examining a diverse selec-
tion of song pairs. Furthermore, we utilized the highest audio
quality available for download: 48 kHz, 192 kbps (stereo) for
AIM, and 44.1kHz, 320 kbps (stereo) for the MTG-Jamendo
dataset. To minimize potential processing bias, we strictly
avoided re-encoding the audio files, utilizing them exactly as
they were hosted on their respective source platforms. We
further posit that the marginal difference in bitrates across
datasets had no impact on our findings, a conclusion sup-
ported by the fact that participants in the random experiment
performed no better than random chance in identifying AIM
tracks.

VI. CONCLUSION

The increasing usage of Al-generated content poses sev-
eral challenges to the music industry, particularly regarding
the need to educate users on identifying artificial content.
Through a randomized controlled crossover trial and a mixed-
methods coding study, we demonstrate that the ability to
distinguish Al-generated music (AIM) from human composi-
tions is causally linked to contextual similarity, with detection
rates significantly higher when comparing similar tracks rather
than random pairings. We unveil that participants primarily
rely on vocal anomalies and technical artifacts to identify



AIM, a subjective observation corroborated by our spectral
analysis, which revealed distinct high-frequency energy in
Al models. Furthermore, demographic analysis indicates that
practical musical experience and familiarity with Al tools
improve detection accuracy, while older age is associated
with lower performance. These findings highlight the need for
technical advancements in vocal synthesis to improve fidelity
and underscore the importance of educational initiatives to
foster media literacy. As future work, we aim to extend our
study to music beyond the Western, educated, industrialized,
rich, and democratic (WEIRD) domain and develop similar
initiatives for other media types, such as text, images, and
video.
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APPENDIX A
QUALITATIVE ANALYSIS OF TEXTUAL FEEDBACK

In this appendix, we present a brief qualitative exploration
of some of the answers provided by participants. We group
these answers by topics, that were defined on our main text.

We begin with an exploration of answers that were Sound
Related and Technical Aspects Related. Regarding sound
aspects, we observe that the listener’s perception on the
musical features plays an important role for the task of
differentiating AIM from human-made. On the technical side,
listeners presented their perception on the audio quality, the
effects, the production and the tools used to create the track,
from their point of view.

(translated) [..] In general, both songs may have been pro-
duced using samples, synthesizers, or software that wouldn’t
be classified as Al but aren’t exactly human either..

Audio quality on track 2 makes it sound like it was generated

Track 2 immediately seemed more human cause it made
better use of stereo sound.

Vocals Related: When considering vocal aspects, partici-
pants took into account cues such as pronunciation, technical
performance, singing quality, as well as others. Some examples
are:



"The first song felt awkward, the singer’s voice failed
sometimes. The second one was more smooth, I could hear
the air in the microphone, in the p’s and b’s”. Notice the
focus on pronunciation

(translated) “The voices on the second track sounded a bit
robotic to me, as if they were artificial, created by Al, and I
couldn’t pick up on any singing strategies (like head and chest
voices) throughout the song.”. Here the focus is on singing
performance. this is similar to the example below:

“In the beginning, I guessed number 1 was Al-generated,
but after listening number 2, where the voice is not fluid as
expected, I decided that the track 2 is Al-generated, instead
of 1.”.

Some cases focus on whether the voice was robotic or not:
"The singer’s voice in track 2 sounds more robotic”

Or if it sounds like a voice recorded live: ”Sounds like a live
recording, especially because the lead vocal is quieter than it
should be [...].”.

Human vs Artificial Aspects. Listeners considered factors
such as creativity, expression, performance, naturalness, in
order to present human or artificial aspects of a specific
track. Some comments brought their intuition on judging
how natural” a track seemed, with an attempt to justify this
perception.

(translated) ”Al-generated audio, from videos like those that
have been trending, has a noise at the end of each word. And
the first audio also has... That’s why it’s believed to be Al.”.
Observe the focus on pronunciation. This is also an example
of a feedback that focused on vocal aspects.

[...] the singer’s voice sounds unnatural, recognizably un-
natural, something that’s not quite humanly natural. [...] the
#2 track sounds ok, creative like humans would do.. Focus on
Al versus human creativity.

[...] It’s a stage feeling to describe but it sounds very human
in the way it sound less like other human songs you hear
normally. Also it sounds very good. The second it sound very
artificial and in my opinion kinda uninspired too [...]. Focus
on Al versus human performance.

The first song seems very Human made, the pronounciation
was really human like. The vocal intonations felt real. Also the
deeper voice in some parts seems like a human touch. [...].
Focus on Al versus human feeling.

Some of the vocal resonances and the way the vocals were
false made me think both tracks were artificially created. Same
as above.

Lyrics Related: Listeners heavily consider the lyric’s qual-
ity when evaluating songs. Participants tend to classify as Al
what they consider as incoherence in the text.

“Track 2 lyrics don’t make any sense but, the song sounds
good. That is why I believe track 2 is Al generated.”.

Additionally, the content of the lyrics is viewed as a tip for
some participants.

”The lyrics in track 1 were what made me think it was Al,
they were a bit silly [...]".

Also, the poetic structure of lyrics (rhymes) is pointed out
as a characteristic that some users employ to differ artificial
from human musics.

“Track 1 is the first one I hear that I think current AI models
couldn’t replicate. The flow and the rhymes are too complex
to be an Al song [...].”.

’[...] both lyrics sound like made by Al, like the more
average pop songs ever created.”

"Track 1 is the first one I hear that I think current AI models
couldn’t replicate. The flow and the rhymes are too complex
to be an Al song (I'm not saying Al will never do such songs).
I'm almost certain it’s human. [...]”

Genre Related: Some users highlight the commonness of
elements present in the song, correlating them with the usual
aspects seen on frequently distributed musics of the genre.

"Track 1 could be a solo for any 80’s hard rock band [...]”.

In contrast, a number of listeners specify which of these
elements they notice as not being common; observe that, in
this case, usually the listener ranges at different topics to
conclude about the origin of the music.

(translated) “The instrumentation of the first song doesn’t
really match the theme, which seems to be somewhat gospel.
[...]”. Also, a few participants pointed out their previous
familiarity on AIM models capacities to create convincing
songs on various genres.

”[...] I just think its easier for Al to make a rap song than
a heavy metal song without messing up too much.”.

Furthermore, the match between lyrics and genre was also
emphasized.

“The lyrics to genre match don’t seem to make sense in the
first track.”

Modifiers. Modifiers were used to provide adjectives to the
coders. These could be used in conjunction with another tag
or as to describe the feedback as well.

(translated) I think the first one is strange, usually rappers
don’t repeat the same thing so many times. (repetitive)

Again, for me it comes to things being generic. I know there
are some awfully written songs made by humans, but even
then you can hear some distinctions in their voices in different
moments (which is not the case on track 2). (generic)

Something about Track 1 sounded too perfect, too contrived
to be Human. I was pretty confident with saying Track 2
was humans, by all the layers sounds and dimensions it had.
(perfection)

The first has a weird noise on the voice. The second the
vocalist seams that don’t breath, is odd (weirdness)

I hope track 1 is Al generated, since it sounds idiotic. Track
2 lyrics sounds like something that Al could create trying to
emulate rap music (critique)

The first one seems to have nonsensical lyrics, and the
second one seems to have strange lyrics as well. (nonsense)

[...] Nonetheless, they were both very good recordings and
hard to tell the difference. (positive)



APPENDIX B
SEGMENT DURATION DISTRIBUTION

This appendix shows the duration distribution of the vo-
cal segments extracted from both Suno and MTG-Jamendo
datasets, used in our vocal analysis, in order to add reliability
to the study.
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Fig. 9: Suno dataset vocal segments duration distribution
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Fig. 10: MTG-Jamendo vocal segments duration distribution
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