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Abstract

Audio deepfake research has focused on a few
high resource languages, leaving human per-
ception of synthesized Arabic speech unex-
plored. We present the current study of how hu-
man listeners perceive Arabic audio deepfakes.
Thirty eight native speakers judged Modern
Standard Arabic stimuli in two formats gen-
erated with proprietary and open-source mod-
els. The two formats are a binary task pair-
ing genuine clips with text-to-speech counter-
parts and a unary task requiring single-clip au-
thenticity judgments of voice-cloned political
speech. The results showed that listeners per-
formed only moderately above chance in both
formats (binary: 62.9%; unary balanced ac-
curacy: 64.6%). In the unary task, listeners
showed a systematic bias toward judging audio
as authentic (d′ = 0.77, c = 0.27), accept-
ing 45% of synthetic clips as real. Confidence
was positively related to accuracy in the binary
condition but inversely related in the unary con-
dition. Because the two conditions also differ
in synthesis method, speakers, and stimuli, we
treat this as a descriptive contrast between con-
ditions rather than an effect of task format. An
exploratory coded analysis of participants’ ra-
tionales suggested that reasoning from subjec-
tive certainty was associated with lower accu-
racy and concrete perceptual cues with higher
accuracy, while no cue category reliably pre-
dicted confidence. These findings suggest that
individual listeners are an unreliable safeguard
against Arabic fake audio detection, and moti-
vate future direct comparisons with automatic
detectors.

1 Introduction

Recent advances in generative artificial intelligence
have produced synthetic speech that is increasingly
indistinguishable from human speech (Lavan et al.,
2025). State-of-the-art (SOTA) voice synthesis
models (Li et al., 2025) have lowered the techni-
cal barrier to such an extent that virtually anyone

can generate cloned or fully synthetic voices that
listeners cannot reliably distinguish from authentic
recordings. When voices that faithfully reproduce
human timbre, prosody, and conversational coher-
ence circulate alongside manipulated images and
video, they become potent vectors for mis- and dis-
information (Shoaib et al., 2023). The downstream
consequences are substantial: synthetic media can
damage the reputations of public figures (Alanazi
et al., 2025), misrepresent political leaders for parti-
san ends (Metz, 2019; Weiner and Lawrance, 2023),
destabilize civic discourse, and propagate fabri-
cated news narratives.

In response, the research community has
launched a range of initiatives to combat audio
deepfakes, including the ASVspoof (Automatic
Speaker Verification Spoofing and Countermea-
sures) challenge (Wu et al., 2015; Kinnunen et al.,
2017; Liu et al., 2023), the ADD (Audio Deep Syn-
thesis Detection) challenge (Yi et al., 2022, 2023),
and the VoicePrivacy Challenge (Tomashenko et al.,
2020), among others. However, these efforts have
focused almost exclusively on a narrow set of high-
resource languages such as English, Mandarin, and
Spanish, leaving Arabic comparatively underexam-
ined. A small but growing body of work has begun
to address this gap: Issa (2026) and Almutairi and
Elgibreen (2023) studied detection in Modern Stan-
dard Arabic (MSA); Maged et al. (2025) introduced
a multi-dialect spoof-speech benchmark; Awaad
et al. (2024) examined real-time detection for Egyp-
tian Arabic; and Kuckreja et al. (2025) released
ArEnAV, a large-scale Arabic–English audio-visual
deepfake dataset.

Despite this progress, existing work on Arabic
audio deepfakes has been confined to machine-
based detection, while human perception of syn-
thesized Arabic speech remains unexplored. This
omission is consequential: in real-world settings,
humans are often the last line of defense against
deceptive audio, and understanding where listeners
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succeed or fail is essential for designing effective
detection systems, public-awareness campaigns,
and policy interventions. To the best of our knowl-
edge, this paper presents one of the few studies of
human perception of Arabic audio deepfakes.

2 Related work

2.1 Audio Deepfakes

Audio deepfakes encompass both the synthesis of
artificial voices and the manipulation of authentic
speech (Khanjani et al., 2023). Synthetic speech is
generated primarily through two pathways: text-to-
speech (TTS) and voice conversion (VC) (Li et al.,
2025). TTS systems produce natural-sounding
speech directly from text, whereas VC systems
transform a source speaker’s utterance to match
the timbre and style of a target speaker while pre-
serving its linguistic content (Arik et al., 2018). A
closely related technique, voice cloning, infers a
speaker’s vocal identity from only a few samples
and synthesizes novel utterances in that voice (Arik
et al., 2018). Beyond algorithmic synthesis, adver-
sarial attacks can deliver spoofed audio to a device
microphone through physical transduction paths.
Such attacks target machine listeners rather than
humans, aiming to mislead automatic speech recog-
nition (ASR) systems, voice assistants, or speaker-
verification models by exploiting model and sensor
vulnerabilities (Liu et al., 2023; Yamagishi et al.,
2021). A canonical example is the replay attack,
in which a legitimate recording is captured and re-
emitted to impersonate a user and defeat biometric
voice-authentication systems (Li et al., 2017).

2.2 Arabic Audio Deepfake Detection

Arabic anti-spoofing research remains limited. Al-
mutairi and Elgibreen (2023) proposed an Arabic
deepfake detector based on self-supervised rep-
resentations (Wav2Vec 2.0), trained on a small,
single-speaker MSA synthetic corpus they con-
structed, while Awaad et al. (2024) studied real-
time detection for Egyptian Arabic, examining
short-duration clips in a streaming, low-latency
setting. Complementing these efforts, Kuckreja
et al. (2025) released ArEnAV, a large-scale Arabic–
English audio–visual deepfake dataset with intra-
utterance code-switching, dialectal variation, and
monolingual Arabic, intended to stress multimodal
detectors beyond monolingual domains. Finally,
Maged et al. (2025) introduced a multi-dialect
spoof-speech benchmark, pairing bona fide audio

from the Casablanca corpus (Talafha et al., 2024)
with synthetic spoofs for eight dialects (Algerian,
Egyptian, Emirati, Jordanian, Mauritanian, Mo-
roccan, Palestinian, and Yemeni) generated with
open-source TTS and VC systems. Issa (2026) in-
troduced AFAD-MSA, a curated corpus of authen-
tic and synthetic Modern Standard Arabic speech
in which the synthetic subset is generated with four
proprietary TTS and VC systems, and established
reference detectors by training AASIST models
against Wav2Vec 2.0 and Whisper baselines. The
best detector achieved near-perfect in-domain accu-
racy but degraded under cross-dataset evaluation.

2.3 Human Perception

Fewer studies have examined how well humans
detect speech deepfakes. Watson et al. (2021) asked
53 English-speaking college students to judge eight
clips from a MelGAN-based TTS model, finding
that shorter and more grammatically complex clips
were identified more accurately and that familiarity
with the concept of deepfakes did not help. Müller
et al. (2022) had 410 participants compete against
an AI detector on ASVspoof 2019 samples (Wang
et al., 2020) and found that humans and the detector
performed similarly. Mai et al. (2023) tested 529
English and Mandarin listeners in two formats: a
unary task, judging single clips as real or fake,
and a binary task, identifying the fake within a pair.
Accuracy was about 73% in the unary task and 86%
in the binary task, familiarization with example
deepfakes raised accuracy by less than four percent,
and, contrary to Watson et al. (2021), shorter clips
were not easier to detect. For Arabic, Kuckreja
et al. (2025) included a user study with ArEnAV in
which participants identified real and fake videos
with around 60% accuracy; to our knowledge, no
study has examined audio-only Arabic deepfakes.

Together, these studies suggest that humans are
unreliable deepfake detectors and that training in-
dividuals yields only marginal gains. More promis-
ing are collective and machine-assisted approaches:
Groh et al. (2022) showed that crowd aggregation
and access to model predictions can outperform
humans or models alone, though erroneous model
outputs often misled participants, and Mai et al.
(2023) found that aggregated human judgments ri-
val top automated detectors on speech while being
more robust out of domain.
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3 Methods

3.1 Participants

The study initially involved 42 Arabic native speak-
ers aged 20 to 40. The present analysis used the
complete-response subset of the data. As 4 par-
ticipants did not complete the full experiment, the
corresponding data were excluded from the present
analysis. This resulted in a total of 38 participants
in the final analysis.

3.2 Audio Materials and Stimuli

We compiled our stimulus set from two comple-
mentary sources. For the text-to-speech (TTS) con-
dition, we drew nine genuine recordings from the
CommonVoice dataset (Ardila et al., 2020) and the
Arabic Speech Corpus (Halabi et al., 2016). Each
recording served as the reference for synthesizing
a fake counterpart, with three recordings assigned
to each of three SOTA proprietary TTS models:
ElevenLabs, ResembleAI, and MiniMax (Table 8).
For the voice cloning (VC) condition, we extracted
three reference clips (7–10 s) from publicly avail-
able speeches delivered by three prominent Arab
political figures, one clip per figure (Table 7). Each
reference clip was used both as a genuine stimulus
and as the speaker prompt for cloning.

Cloning was zero-shot. Each of four synthesis
systems (two proprietary and two open-source) re-
ceived the reference clip together with its transcript
as the text to be synthesized, yielding twelve cloned
variants. No source speaker or voice conversion
was involved. Each cloned variant reproduced the
transcript of its genuine reference clip, so real and
synthetic clips of the same figure were identical
in content: the figures say only what they actually
said in the original address, and the content itself
is neutral and plausible. The unary task presented
these clips one at a time, and participants were
asked to judge each as genuine or fake.

For the TTS condition, genuine clips ranged
from 3 to 7 s (Table 8), and each synthetic counter-
part was generated from the same transcript. All
stimuli were therefore short (3–10 s). Table 1 sum-
marizes the stimulus materials and Appendix A
describes the generation details. It is worth noting
that the unary task is imbalanced by design (12
synthetic vs. 3 genuine clips), so a listener who
always responded “fake” would reach 80% raw ac-
curacy. We therefore report balanced accuracy and
signal detection measures for this task alongside
raw accuracy.

Table 1: Summary of stimulus materials. The TTS
condition supports the binary pairwise task; the VC
condition supports the unary authenticity task.

Condition Genuine Synthetic Models

TTS 9 clips 9 fake
counter-
parts

ELEVENLABS,
MINIMAX,
RESEMBLEAI

VC 3 clips 12 cloned
variants

FISHAUDIO,
HUME,
MINIMAX,
XTTS-V2

Two design choices warrant explanation. First,
the political figures were selected for their broad
recognizability among Arabic speakers and, crit-
ically, their consistent use of MSA, the variety
under investigation, in official addresses. Using
recognizable figures mirrors the most consequen-
tial real-world use of voice cloning, but it raises
the possibility that listeners draw on familiarity
with the speaker. Two features of the design limit
this concern: the binary TTS task uses anonymous
speakers, providing a condition in which familiarity
cannot contribute, and because cloned and genuine
clips share the same transcript, knowledge of what
a figure has said cannot by itself reveal authentic-
ity. Any benefit of familiarity is thus restricted to
knowledge of the voice itself.

In addition, each unary trial displayed a pho-
tograph of the speaker (see Figure 6). Because
the cloned voices belonged to public figures, the
images were intended as an additional cue. Identi-
fying the speaker allows listeners to compare the
clip against their knowledge of that person’s voice,
which gives them the best opportunity to detect a
clone. The images were identical for genuine and
cloned clips of the same figure and therefore carry
no information about authenticity in themselves.
Since no comparable identity information exists
for the anonymous TTS speakers, images were
shown only in the unary condition, and their ef-
fect cannot be separated from the other differences
between conditions (see Section 5). Second, the set
of synthesis models differs between the TTS and
VC conditions because several proprietary systems
(e.g., ElevenLabs) impose policy restrictions on
voice cloning. We deliberately favored proprietary
models where possible in order to maximize the
perceptual quality of the synthetic stimuli, thereby
ensuring that human listeners would have to en-
gage in genuine effortful discrimination rather than
detect obvious artifacts.
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3.3 Data Collection Procedure

The experiment was conducted online via a
Qualtrics link through which participants received
instructions and completed two tasks (see Figure 6
for an example from the survey). The binary task
consisted of the first 9 questions, where listeners
selected which of an A/B pair was fake. The unary
task consisted of the remaining 15 questions, where
listeners judged a single audio as real or fake. The
order of the two tasks and the order of the questions
within each task were randomized. Each question
was followed by a confidence-rating item and a
free-text response prompt in which participants
explained their reasoning behind their response.
Participants were allowed to listen to the clips as
often as they wished and did not receive feedback
indicating whether their responses were correct.

3.4 Statistical Analysis

The dataset contained 912 observations: 342 re-
sponses from the binary task (38 participants × 9
questions) and 570 responses from the unary task
(38 participants × 15 questions). Accuracy was
coded as 1 for a correct response and 0 otherwise.
Confidence was measured using a 10-point Lik-
ert scale and was z standardized before fitting the
regression models.

We first summarized accuracy descriptively by
task format, confidence rating, and model condi-
tion. We then fitted mixed-effects logistic regres-
sion models to account for the repeated-measures
structure of the data. The primary model predicted
response accuracy from task format, standardized
confidence, and their interaction, with random inter-
cepts for participants and questions, which were the
maximal random effects that allowed the algorithm
to find a stable solution (Bates et al., 2015). To
examine model-level variation, we fitted additional
mixed-effects logistic regression models separately
for the binary and unary tasks. For the binary task,
accuracy was modeled as a function of the TTS
model used to generate the fake counterpart. For
the unary task, accuracy on generated items was
modeled as a function of the VC model.

We additionally conducted signal detection the-
ory (SDT) analysis (Hautus et al., 2021) to distin-
guish listeners’ ability to discriminate real from
fake audio from their response bias. Treating fake
audio as the signal, we computed the hit rate, false-
alarm rate, sensitivity d′, and criterion c. This al-
lowed us to examine whether errors reflected lim-

ited discrimination, a systematic tendency to re-
spond “real” or “fake,” or both. We also computed
a confidence-weighted receiver operating character-
istic (ROC) curve and the corresponding area under
the curve (AUROC) (Swets, 2014). All statistical
analyses were conducted in R (R Core Team, 2024).

3.5 Participants’ Reasoning

Participant responses were in either Arabic or En-
glish. Arabic responses were translated into En-
glish by an Arabic native speaker and verified by
the first author. An annotation scheme was created
based on the cues listeners report (e.g., naturalness,
prosody, and linguistic anomalies) (see Table 9 in
the Appendix C). The scheme comprised nine cate-
gories and each response was coded multi-label, as
responses frequently cited more than one cue. Cod-
ing was done manually by two annotators, both Ara-
bic native speakers, who independently coded all
responses. Agreement was substantial overall (Lan-
dis and Koch, 1977) (mean Cohen’s κ = 0.76),
ranging from 0.52 for audio quality to 0.89 for
naturalness (see Table 9 for per-category values).
Disagreements were resolved through discussion
to produce the final labels used in the analyses.

To examine which cues were associated with de-
tection performance, we entered each of the nine
cue categories as a predictor in mixed-effects logis-
tic regression models of response accuracy, with
random intercepts for participants and questions.
Cues were modeled both individually and in a sin-
gle combined model, with each category coded
as a binary indicator of whether it appeared in a
given response. We additionally fitted linear mixed-
effects models predicting confidence ratings from
each cue category, using the same random-effects
structure. Because coding was multi-label, “sub-
jective certainty” denotes any response in which
the participant appealed to an impression or feeling
of certainty (e.g., “it feels real”, “I’m sure”). This
code could co-occur with other cues. Given the
number of cue categories tested, the cue analyses
are exploratory. We report uncorrected p-values
and note which effects survive Holm correction
across the nine univariate models.

4 Results

4.1 Overall Performance

Participants performed moderately above chance in
both task formats. Binary forced-choice accuracy
was 62.9% (chance = 50%). Raw unary accuracy
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was 58.6% (Figure 1), but this figure is dominated
by the 12 synthetic items (80% of unary trials)
and falls below the 80% that a constant “fake” re-
sponse would yield. Averaging accuracy over the
two classes gives a unary balanced accuracy of
64.6% (Table 2), comparable to binary accuracy.
The mixed-effects model likewise found no dif-
ference between conditions at average confidence
(β = −0.177, p = .748; Table 3). We therefore
do not interpret either format as yielding higher
overall accuracy.

Binary Unary
Raw accuracy 62.9% 58.6%
Accuracy on fake items – 54.6%
Accuracy on real items – 74.6%
Balanced accuracy 62.9%a 64.6%
Constant “fake” (raw / bal.) 50% / 50% 80% / 50%

Table 2: Accuracy by condition. See Figure 5.
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Figure 1: Aggregate binary and unary task accuracy,
with capped 95% confidence intervals. Unary values are
raw accuracy; see Table 2 for balanced accuracy.

Figure 5 in Appendix D provides confusion ma-
trices to clarify the error structure. In the binary
task, participants selected the fake clip correctly
in approximately 63% of trials. In the unary task,
participants were more accurate for real than fake
clips. 75% of real clips were correctly classified as
real, whereas 55% of fake clips were correctly clas-
sified as fake. Thus, 45% of fake clips were judged
as real. This indicates that many synthetic sam-
ples were perceived as authentic in the single-clip
judgment setting.

4.2 Confidence Rating
To examine whether participants’ confidence rat-
ings were associated with their decisions, we com-
pared confidence patterns across task formats and
response types. Mean confidence was slightly
higher in the unary task (7.66) than in the binary
task (7.33), despite lower raw accuracy in the unary

task (Figure 2). The pattern suggests that higher
confidence did not necessarily correspond to higher
accuracy. Separating confidence by fake/real type
provides a more diagnostic view. Binary-fake re-
sponses are correct fake selections, binary-true re-
sponses are incorrect true selections, unary-fake
items are generated items, and unary-true items are
genuine items.
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Confidence by Response Type

Figure 2: Accuracy and confidence patterns. Confidence
distributions separated by task and fake/real type. In the
binary task, binary-fake corresponds to correct selec-
tions of the fake clip, whereas binary-true corresponds
to incorrect selections of the true clip.

Considering whether confidence level predicted
accuracy, we fitted a mixed-effects logistic regres-
sion model with task format, standardized confi-
dence, and their interaction as fixed effects (Ta-
ble 3). The model showed a significant effect of
confidence (β = 0.418, p = .001). The interaction
between task format and confidence was also sig-
nificant (β = −0.777, p < .001), indicating that
the relationship between confidence and accuracy
differed by task format. Specifically, confidence
was positively related to accuracy in the binary
task, meaning that higher confidence ratings were
associated with higher accuracy. However, this re-
lationship was reversed in the unary task, where
higher confidence was associated with lower accu-
racy.

These results show that the confidence–accuracy
relationship differed between the two experimental
conditions. This difference cannot be attributed
to task format or to the availability of a refer-
ence clip alone, since the conditions also differ
in synthesis method (TTS vs. voice cloning), syn-
thesis systems, speaker familiarity, speaker im-
ages, recording sources, and clip duration (see Sec-
tion 5). Nor does it reflect the class imbalance
of the unary task: the inverse relationship holds
when the unary model is fit on synthetic items only
(Table 5, β = −0.485, p = .001). In the unary
condition, listeners were thus often confident when
accepting cloned clips as genuine.
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Table 3: Logistic mixed-effects model predicting response accuracy from task format and confidence.

β [95% CI] SE z p

Intercept (Task Binary) 0.704 [–0.154, 1.563] 0.438 1.608 .108
Task Unary –0.177 [–1.257, 0.904] 0.551 –0.321 .748
Confidence (z-scaled) 0.418 [0.168, 0.669] 0.128 3.280 .001
Task Unary × Confidence (z-scaled) -0.777 [–1.100, –0.454] 0.165 –4.713 <.001

4.3 Model Condition

Because each TTS system was applied to a differ-
ent set of three genuine clips (Table 8), and the
ResembleAI items were drawn from a different cor-
pus, system identity is confounded with item in the
binary task. The model-level comparisons below
are therefore descriptive and should not be read as
a ranking of the systems. Considering model condi-
tion, accuracy varied descriptively across synthesis
models, as shown in Figure 3. In the binary task,
ElevenLabs yielded the highest accuracy (71.1%),
whereas ResembleAI yielded the lowest accuracy
(48.2%). However, in the mixed-effects model
with random intercepts for participants and ques-
tions, neither MiniMax nor ResembleAI differed
significantly from the reference model (Eleven-
Labs) (MiniMax: β = −0.055, p = .949; Re-
sembleAI: β = −1.390, p = .106), although Re-
sembleAI showed significantly lower accuracy in
a simpler model with only participant-level ran-
dom intercepts (β = −1.196, p < .001). This
suggests that the apparent model-level variation in
the binary task largely reflects item difficulty. Ta-
ble 4 presents the logistic mixed-effects model for
the binary task with participant- and question-level
random intercepts.

In the unary task, open-source models were de-
tected more accurately, 58.3%, than proprietary
models, 50.9%, yet this difference was not sta-
tistically significant. (β = −0.797, p = .423).
However, the identity of the model contributed to
the performance of the participants. Compared to
FishAudio, XTTS was significantly more likely to
be detected as fake (β = 3.152, p = .001). Hume
(β = 1.497, p = .107) and MiniMax (β = 0.129,
p = .890) did not differ significantly from FishAu-
dio. Table 5 presents the logistic mixed-effects
model for the unary task. Full Tukey-adjusted pair-
wise contrasts are reported in Appendix D in Ta-
bles 10 and 11.

resembleAI

minimax

elevenlabs

0% 25% 50% 75% 100%

Binary Task

Proprietary

Open Source

0% 25% 50% 75% 100%

Unary Model Type

fish

minimax

hume

xtts

0% 25% 50% 75% 100%
Accuracy

Unary Generated Model

Figure 3: Accuracy by model and model type.

4.4 Unary Sensitivity

As a substantial proportion of fake items were
judged as real, we conducted SDT and ROC anal-
yses for the unary task. We treated fake audio as
the signal. The hit rate was 54.6% and the false-
alarm rate was 25.4%. This yielded d′ = 0.77,
indicating above-chance but moderate discrimina-
tion between real and fake audio. The criterion
estimate was c = 0.27, indicating a conservative
bias against saying “fake.” This helps explain why
unary accuracy was modest: participants showed
some discrimination ability, but they also had a
response tendency that increased misses for fake
items (i.e., judging fake items as real). Unlike raw
accuracy, d′ and c are unaffected by the unequal
numbers of real and fake items, although the false-
alarm rate rests on only three genuine clips and is
correspondingly less precise.

The ROC analysis showed a similar pattern.
Each unary response was converted into a fake-
detection score. “Fake” responses received positive
confidence values from +1 to +10, and “real” re-
sponses received negative values from –1 to –10.
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Table 4: Logistic mixed-effects model predicting correctness by model for binary task.

β [95% CI] SE z p

Intercept (Model ELEVENLABS) 1.277 [0.029, 2.542] 0.636 2.006 .045
Model MINIMAX –0.055 [–1.751, 1.641] 0.865 –0.063 .949
Model RESEMBLEAI –1.390 [–3.077, 0.297] 0.861 –1.615 .106
Confidence (z-scaled) 0.280 [–0.041, 0.600] 0.164 1.711 .087

Table 5: Logistic mixed-effects model predicting correctness by model and confidence for unary task.

β [95% CI] SE z p

Intercept (Model FISHAUDIO) –0.800 [–2.108, 0.508] 0.668 –1.199 .231
Model HUME 1.497 [–0.322, 3.316] 0.928 1.613 .107
Model MINIMAX 0.129 [–1.688, 1.946] 0.927 0.139 .890
Model XTTS-V2 3.152 [1.240, 5.065] 0.976 3.230 .001
Confidence (z-scaled) –0.485 [–0.778, –0.192] 0.150 –3.240 .001

The confidence-weighted unary AUROC was 0.65,
indicating better-than-chance discrimination but
weak separation of real and fake items (Figure 4).
Participant-level analyses showed the same pat-
tern (AUROC M = 0.658, 95% CI [0.603, 0.713],
p < .001; d′ = 0.692, 95% CI [0.492, 0.892],
p < .001; and c = 0.205, 95% CI [0.018, 0.393],
p = .032). We interpret AUROC as supplemen-
tary to the accuracy and SDT results, as confidence
level was measured on a 10-point Likert scale. The
hit rate was 54.6% and the false-alarm rate was
25.4% (corresponding to the fake- and real-class
rows of Figure 5).
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Figure 4: Unary-task detection analyses. ROC curve
based on confidence-weighted real/fake responses.

4.5 Participants’ Reasoning

The most frequently cited cues were global im-
pressions of (un)naturalness (16.6%), phonetic de-
tail (14.3%), prosody and delivery (11.8%), and
speaker identity (10.2%); however, 30.4% of re-
sponses offered no stated cue and 18.6% appealed
to subjective certainty, while recitation features
were rare (0.8%). Because responses could re-
ceive multiple codes, percentages sum to more
than 100%. In exploratory univariate mixed-effects
models (Table 6), reasoning that appealed to subjec-
tive certainty was associated with lower accuracy
(OR = 0.53, 95% CI [0.33, 0.83], p = .006), al-
though this effect narrowly misses significance af-
ter Holm correction across the nine cues. Concrete
perceptual cues trended in the opposite direction
(phonetic details: OR = 1.69, p = .067; natural-
ness: OR = 1.64, p = .091; prosody: OR = 1.63,
p = .11), without reaching significance individu-
ally. Reasoning that referenced the speaker’s iden-
tity was not associated with higher accuracy (OR
= 1.12, p = .65). In a combined model adjusting
for all cues, naturalness was a significant predictor
(OR = 1.92, 95% CI [1.07, 3.45], p = .029), pho-
netic and prosodic cues were marginal (p = .054,
p = .073), and the subjective-certainty effect was
attenuated (p = .066). No cue category signif-
icantly predicted confidence (all p > .16). We
thus found no evidence that the type of reasoning
listeners used related to how confident they felt,
although the absence of significant effects does not
establish that confidence and reasoning are inde-
pendent. Given the number of tests, these patterns
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should be regarded as hypotheses for confirmatory
work.

5 Discussion

Three findings stand out in this study. Arabic lis-
teners detect synthetic speech unreliably and their
errors are systematically biased toward "real"; their
confidence is poorly calibrated in the single-clip
condition; and, in exploratory analysis, the kind
of evidence they cite, rather than how certain they
feel, appears to relate to accuracy.

Unreliable and systematically biased detection.
Participants performed only moderately above
chance, in line with a growing consensus that in-
dividuals cannot reliably detect speech deepfakes
(Mai et al., 2023; Müller et al., 2022). Our contri-
bution is to show that this conclusion extends to
Arabic audio deepfakes, a setting absent from prior
perception work, and to characterize how listeners
err. Errors were not random: the signal-detection
analysis revealed a bias toward judging audio as
real (i.e., a tendency to judge audio as authentic;
c = 0.27), and 45% of synthetic clips were ac-
cepted as real in the unary task. In the context
of mis- and disinformation, this asymmetry is the
more troubling direction of error, since it favors the
uncritical acceptance of fabricated speech (Shoaib
et al., 2023; Alanazi et al., 2025). That listeners
defaulted to “real” is also consistent with evidence
that contemporary voice clones are perceived as
realistic, even if not yet hyperrealistic (Lavan et al.,
2025): when synthesis is good enough, the absence
of obvious artifacts is read as authenticity rather
than as an open question.

Condition differences and the limits of metacog-
nition. Once class imbalance is taken into ac-
count, accuracy was similar in the binary (62.9%)
and unary (64.6% balanced) conditions, and the
model-based difference was not significant. Abso-
lute accuracy was lower than in Mai et al. (2023)
in both formats, plausibly because our stimuli were
generated largely with proprietary systems and pre-
sented in MSA, though stimulus set size and partici-
pant numbers also differ. The more notable contrast
lies in metacognition. Confidence tracked accuracy
in the binary condition but was inversely related
to it in the unary condition, including on synthetic
items alone. We found no evidence that confidence
varied with the kind of reasoning a listener used.
Because real-world exposure to suspect audio is

almost always unary, this pattern is concerning, but
our design does not allow us to attribute it to the
absence of a reference clip.

What guides listeners’ judgments. Analysis of
participants’ reasoning clarified the basis of their
judgments. Reasoning that appealed to subjec-
tive certainty was associated with lower accuracy,
whereas citing concrete perceptual cues (natural-
ness in particular, with phonetic and prosodic detail
in the same direction) was associated with better
performance, although these exploratory associa-
tions did not survive correction for multiple testing.
This echoes Watson et al. (2021), who found that
listeners’ accuracy tracked surface features of the
stimuli, and Groh et al. (2022), who showed that
reliance on non-evidential cues can mislead hu-
man judgment. Model identity also mattered: in
the unary task, clips from XTTS-v2 were detected
more often than those from FishAudio and Mini-
Max, but the difference between proprietary and
open-source systems was not significant. Detection
difficulty therefore appears to be system-specific
rather than a simple function of whether a model
is proprietary or open-source, although with one
speaker prompt per figure and three figures these
model-level effects remain preliminary.

Interpreting the two conditions. The binary and
unary conditions were designed to approximate
two realistic scenarios rather than to isolate task
format, and they differ along several dimensions at
once: synthesis paradigm (anonymous-voice TTS
vs. zero-shot cloning of recognizable figures), syn-
thesis systems, recording sources (read-speech cor-
pora vs. public addresses), clip duration (3–7 s vs.
7–10 s), speaker familiarity, and the presence of
speaker images. Any of these could contribute to
the observed differences in confidence and bias.
For example, a recognizable voice and image may
lend a clip credibility and raise confidence irrespec-
tive of its authenticity, which would produce both
the “real” bias and the inverse confidence–accuracy
relation independently of task format. Our results
should therefore be read as descriptive of these two
conditions. Isolating the effect of reference avail-
ability would require crossing task format with the
same speakers, systems, and stimuli, and manipu-
lating speaker images independently.

Directions for future work. Our results point
to several directions rather than settled prescrip-
tions. First, because we found no evidence that
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Table 6: Univariate mixed-effects models of accuracy (logistic) and confidence (linear) for each reasoning cue, with
random intercepts for participants and questions. ORs > 1 indicate higher accuracy when the cue is cited; β is in
confidence points (0–10). n = responses citing the cue (multi-label, N = 912). p-values are uncorrected; no effect
survives Holm correction across the nine cues.

Accuracy (OR) Confidence (β, pts)

n OR [95% CI] p β [95% CI] p

Audio quality 33 2.11 [0.66, 6.75] .21 0.21 [-0.64, 1.06] .63
Segmental and phonetic 130 1.69 [0.96, 2.95] .067 0.04 [-0.46, 0.54] .87
Prosodic and delivery 108 1.63 [0.90, 2.97] .11 0.08 [-0.42, 0.58] .75
Naturalness and humanness 151 1.64 [0.92, 2.90] .091 -0.32 [-0.88, 0.24] .27
Linguistic content 59 1.15 [0.61, 2.16] .68 0.41 [-0.17, 1.00] .17
Recitation features 7 0.81 [0.05, 13.28] .88 0.11 [-2.18, 2.41] .92
Speaker identity and familiarity 93 1.12 [0.68, 1.85] .65 0.21 [-0.27, 0.69] .39
Subjective certainty 170 0.53 [0.33, 0.83] .006 -0.12 [-0.54, 0.29] .56
Non-substantive 277 0.77 [0.54, 1.12] .17 -0.21 [-0.59, 0.17] .27

confidence tracked the cues listeners used and be-
cause it was inversely related to accuracy in the
unary condition, interventions should not rely on
listeners’ self-assessed certainty. Prior work sug-
gests that familiarizing listeners with deepfakes,
whether as a concept or through examples, yields
only modest gains (Mai et al., 2023; Watson et al.,
2021), and whether cue-focused training helps Ara-
bic listeners remains to be tested. Second, the as-
sociation between citing naturalness, phonetic, and
prosodic cues and higher accuracy suggests which
features training materials could emphasize, a hy-
pothesis that future intervention studies could eval-
uate directly. Third, aggregation of independent
human judgments and human–machine collabora-
tion have shown promise in other languages (Groh
et al., 2022; Mai et al., 2023), with the caution that
erroneous model outputs can themselves mislead
a crowd (Groh et al., 2022). Evaluating automatic
detectors on the same Arabic stimuli would clar-
ify whether humans and machines err on the same
items, and whether combining them improves de-
tection.

Language-specific perception and the case for
Arabic. Some listeners reasoned from distinctly
Arabic phonological and register knowledge such
as points of articulation (makhārij), diacritics
(tashkı̄l). Although these cues were too infrequent
to model statistically, their presence is theoreti-
cally important. They reflect language- and culture-
specific competence that might not be represented
in detectors trained on high-resource, monolingual
benchmarks, and that speech synthesis systems are
not optimized to reproduce. This supports the moti-
vation for dedicated Arabic resources and detectors
(Almutairi and Elgibreen, 2023; Awaad et al., 2024;

Maged et al., 2025; Issa, 2026) and suggests that
both human perception and machine detection in
Arabic cannot be assumed to transfer from English.
More broadly, it argues for treating perceptual stud-
ies as a complement to benchmark construction.
Understanding which language-specific features
human listeners exploit can inform the features that
detectors, and public-awareness efforts, should pri-
oritize for each linguistic community.

6 Conclusion

We presented a preliminary study of how Arabic
listeners perceive audio deepfakes. Listeners per-
formed moderately above chance in both condi-
tions (binary: 62.9%; unary balanced accuracy:
64.6%). Errors were biased toward accepting syn-
thetic speech as genuine, with 45% of cloned clips
judged real, and confidence was inversely related
to accuracy in the single-clip condition that most
resembles real-world exposure, a pattern that our
design cannot attribute to task format alone. Future
work should compare human listeners with SOTA
automatic detectors on the same stimuli, extend the
study to dialectal Arabic, larger and more diverse
listener populations, and larger sets of longer clips,
and cross task format with matched stimuli.

Limitations

This study has some limitations. First, the sample
is modest (38 listeners). Second, and more conse-
quentially, the stimulus set is small: the TTS con-
dition contains nine genuine–synthetic pairs and
the cloning condition three speakers with twelve
cloned variants. Although the mixed-effects mod-
els account for repeated measures, the small num-
ber of distinct items, speakers, and systems limits
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generalization across speakers, linguistic content,
and synthesis systems, and model-level effects in
particular should be treated as preliminary. Third,
the binary and unary conditions differ in more than
task format, including the presence of speaker im-
ages in the unary condition, so differences between
them cannot be attributed to format or reference
availability. Fourth, the unary task is imbalanced
(12 synthetic vs. 3 genuine clips), which constrains
the precision of the false-alarm rate estimate. Fifth,
stimuli and analysis were restricted to MSA; given
the diglossic nature of Arabic (Ferguson, 1959),
findings may not extend to the many spoken di-
alects, and we did not control for listeners’ di-
alectal backgrounds or examine whether dialectal
(mis)match between listener and stimulus affects
detection. Finally, all clips were short (3–10 s),
and longer stimuli may provide additional cues and
yield different detection rates, particularly given
conflicting prior findings on the effect of clip du-
ration (Watson et al., 2021; Mai et al., 2023). We
did not evaluate automatic detectors on the same
stimuli, which would clarify whether human and
machine errors coincide.
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A Audio Generation

Synthetic stimuli were produced under each model’s default configuration. We made no changes to
generation parameters such as temperature, stability, or similarity, and applied no post-hoc manipulation
or editing to the resulting audio. This was a deliberate choice: relying on out-of-the-box settings
approximates the conditions available to a typical user and ensures that detection difficulty reflects the
systems’ default output rather than tuning on our part.

For the binary (TTS) task, we used three proprietary models—ElevenLabs (https://elevenlabs.
io/), MiniMax (https://www.minimax.io/), and ResembleAI (https://www.resemble.ai/)—
accessed through their own web interfaces, without any custom code. For each genuine reference
clip, we supplied the corresponding transcript to each system and generated a synthetic counterpart in the
default voice/setting, producing the fake clips used in the pairwise discrimination trials.

For the unary (voice-cloning) task, we used four systems to clone each of the three reference speakers
from a short sample of their authentic speech, again at default settings and with no manual editing of the
output. Each system was prompted with the transcript of the corresponding genuine clip (Table 6), so
all cloned variants reproduce the original wording of the speech. The two proprietary systems, Hume
(https://www.hume.ai/) and MiniMax, were accessed through their web interfaces. The two open-
source systems, FishAudio (https://huggingface.co/fishaudio/s1-mini) and XTTS-v2 (https://
huggingface.co/coqui/XTTS-v2), were run from their publicly available HuggingFace model releases
using a Python script, with default inference settings.

B Audio Stimuli Sources

Political Figure Transcript Source Timestamp (dur.)
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2 https://www.youtube.com/watch?v=EPHziE2BZXY
3 https://www.youtube.com/watch?v=ppHQJnHKuik

Table 7: Authentic source clips of political figures used for the voice-cloning experiments, showing the transcript,
source URL, timestamp, and duration of each clip. The same transcripts were used to generate the cloned variants.
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TTS Audio ID Transcript Dur. (s)
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Table 8: TTS stimuli used in the binary task, showing the synthesis model, audio ID, transcript, and duration of
each clip.

C Reasoning Cue Coding Scheme

Table 9: Coding scheme for participants’ free-text reasoning cues, with agreement per category between the two
human coders.

Category Definition n Agr. (%) κ

Audio quality Recording fidelity: noise, echo, clarity, quality. 33 95.4 0.52
Segmental and phonetic Specific speech sounds: pronunciation, points of articulation,

letters, diacritics.
130 96.2 0.86

Prosodic and delivery Suprasegmentals/timing: intonation, stress, rate, pausing,
elongation, rhythm, overlap, delivery.

108 97.1 0.87

Naturalness and humanness Global human-vs-machine impression: natural/unnatural, robotic,
“sounds AI”, breathing, “too polished”.

151 96.9 0.89

Linguistic content Grammar, syntax, lexis, MSA correctness, fluency, coherence. 59 97.4 0.78
Recitation features Recitation: verse pausing rules, stops, religious-register

correctness.
7 99.7 0.73

Speaker identity and
familiarity

Comparison to the known target speaker: “not his voice”,
recognizing the figure, accent/dialect of the person.

93 94.0 0.69

Subjective certainty Subjective certainty or non-cue reasoning: confidence, “I think”,
“seems/feels real”, guessing. May co-occur with other codes.

170 94.5 0.81

Non-substantive Numeric-only, yes/no, or a reasoning with no stated cue. 277 87.1 0.67

D Full Tukey-adjusted Pairwise Contrasts Across Models

This appendix reports the complete set of Tukey-adjusted pairwise contrasts between speech synthesis
models for both tasks, complementing the model-condition analyses in Section 4.3. Table 10 presents the
contrasts among the binary (TTS) systems and Table 11 those among the unary (voice-cloning) systems.
No binary contrast was significant. In the unary task, the reliable differences were that XTTS-v2 was
detected significantly more often than FishAudio and MiniMax. In addition, Figure 5 shows the confusion
matrices for binary and unary tasks.

47



Table 10: Tukey-adjusted pairwise contrasts among binary generated-item models.

Contrast β [95% CI] SE z p

ELEVENLABS – MINIMAX 0.055 [–1.973, 2.083] 0.865 0.063 .998
ELEVENLABS – RESEMBLEAI 1.390 [–0.627, 3.408] 0.861 3.885 .239
MINIMAX – RESEMBLEAI 1.335 [0.690, 3.361] 0.864 1.545 .270

Table 11: Tukey-adjusted pairwise contrasts among unary generated-item models.

Contrast β [95% CI] SE z p

FISHAUDIO – HUME –1.497 [–3.882, 0.887] 0.928 –1.613 .371
FISHAUDIO – MINIMAX –0.129 [–2.510, 2.253] 0.927 –0.139 .999
FISHAUDIO – XTTS-V2 –3.152 [–5.660, –0.645] 0.976 –3.230 .007
HUME – MINIMAX 1.368 [–1.019, 3.756] 0.929 1.472 .454
HUME – XTTS-V2 –1.655 [–4.143, 0.833] 0.969 –1.709 .319
MINIMAX – XTTS-V2 –3.023 [–5.537, –0.510] 0.978 –3.091 .011
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Figure 5: Confusion matrices for binary and unary tasks. Cells show counts and percentages. Note: For visualization
only, each forced-choice binary response was expanded into two clip-level inferred classifications: the selected clip
was coded as “fake” and the unselected clip as “real.” Thus, the binary matrix contains 684 inferred classifications
from 342 pairwise responses and should not be interpreted as independent clip-level judgments.
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(a) (b)

(c) (d)

Figure 6: Example from the experiment. Panel (a) shows a binary text-to-speech task; panels (b)–(d) show unary
voice-cloning for the three public figures whose voices were cloned. Each task presented the audio (and, for the
voice-cloning trials, an image of the speaker), followed by the authenticity judgment, a 0–10 confidence rating, and
a free-text prompt asking participants to explain their reasoning. The images of public figures are reproduced here
solely to document the experimental interface for research purposes.
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