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Abstract
State-of-the-art speech deepfake detectors rely on synthesis artefacts and their accuracy collapses once the
synthesizer, codec, or recording condition changes; we ask whether a handcrafted, physiologically grounded
representation can provide a complementary signal. We extract 37 handcrafted physiological markers (respi-
ratory, vocal, temporal) from long English utterances, classify them with ℓ2-regularised logistic regression,
and explore the design space through classifier, C, imputation, augmentation, and per-category ablations.
In-domain test EER is 31.7 %; on a strict out-of-distribution split of MLAAD and M-AILABS the detector reaches
31.3 % EER - essentially the same number - and the per-category ablation isolates the signal to vocal and, to a
smaller extent, respiratory markers, while temporal statistics behave at chance. Handcrafted physiological
markers are a usable and interpretable cue, worth keeping alongside artefact-based detectors, provided the
temporal sub-stack is redesigned.
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1. Introduction
Modern text-to-speech (TTS) and voice-conversion (VC)
systems make convincing speech deepfakes cheap to
produce [1]. The dominant countermeasure is a data-
driven classifier that learns to spot synthesis artefacts -
spectral irregularities, phase discontinuities, vocoder
fingerprints - in the acoustic signal [2]. These detectors
are highly accurate in-domain but they lean on pat-
terns tied to a specific synthesizer, codec, or recording
condition, and therefore degrade on generalization [3].
Human speech, on the other hand, carries various phys-
iological markers originating in the vocal apparatus it-
self: coordinated respiration, stable phonation, and
temporal dynamics [4]. These markers are difficult to
reproduce faithfully even in state-of-the-art synthesiz-
ers [5]. This motivates the core hypothesis of this work:
deepfake speech can be detected by identifying incon-
sistencies in the biological patterns of natural speech.
We therefore propose a detector that looks at how the
voice was produced, not at how it was rendered, and is
meant to complement current artefact-based systems.
This paper is an exploration: does such a handcrafted
physiological representation carry any useful signal,
and if yes, which markers actually contribute?

Contributions.

1. A deepfake speech detection approach based on
37 handcrafted physiological markers of human
speech production, grouped into respiratory, vo-
cal and temporal cues.

2. EDS-14, a reproducible English pooled corpus
of utterances longer than 14s collected from six
public sources under a strict dataset-level OOD
protocol, together with the long-form feature-
extraction pipeline.

3. An empirical exploration of the representation -
classifier sweep, imputation strategy, augmen-
tation on/off, per-category ablation - indicating
that vocal and respiratory markers carry informa-
tive signal while temporal markers, as currently
implemented, do not.

2. Physiological Markers

Why long recordings? Breathing, pause-rhythm co-
ordination and disfluency statistics need context. We
therefore only accept utterances longer than 14s. This
is a price we pay on purpose: the short-utterance
regime (4 s clips typical for ASVspoof) simply does
not contain enough air cycles to measure breath
coordination.
Three marker families. The 37 markers are grouped
as follows:

http://excel.fit.vutbr.cz
mailto:xfricm02@stud.fit.vutbr.cz


Respiratory (14): breath rate, mean breath duration,
pre-speech inhalation ratio, and a coordination score
that quantifies how regular the alternation between
breath offsets and speech onsets is. Breaths are lo-
calised with the Respiro-en neural detector [6]; all
downstream statistics are deterministic.
Vocal (17): F0 mean/median/standard deviation, jitter
(local and RAP1), shimmer (local and APQ), and HNR [7].
These are computed from pitch marks produced by an
autocorrelation-based F0 tracker.
Temporal (6): speech rate, articulation rate, pause rate,
mean pause duration, and frequencies of filler words
(uh, um, hm. . . ) and disfluencies (repetitions, restarts).
Fillers come from a Whisper word-timestamp pass with
an acoustic fallback for low-confidence regions [8].
Preprocessing. Audio is resampled to 16 kHz mono,
peak-normalised, and segmented into speech/si-
lence by an RMS-energy VAD (2048-sample window,
512-sample hop, threshold 0.01).
Classifier. All 37 markers are concatenated into a sin-
gle vector x ∈ R37, standardised on the training set,
and fed to ℓ2-regularised logistic regression with class-
balanced weights. The regularisation strength C is
swept in Section 3; the reported setting is C = 10−2.
Missing markers (extraction failures) are replaced with
zero value. Training waveforms are additionally passed
through augmentation before marker extraction(µ-law
codec simulation, RawBoost perturbations, and col-
ored/Gaussian noise with random EQ-style filtering).
Figure 1, Table 2.

3. Experiments
The goal is modest and exploratory: decide whether
37 handcrafted physiological markers carry any usable
signal for deepfake detection, and, if they do, say which
ones.
Dataset - EDS-14. We pool six public corpora and
keep only English recordings longer than 14 s, yield-
ing 12 198 bona-fide and 70 085 deepfake utterances.
Sources span several generations of TTS and VC:
ASVspoof 5 [1], Codecfake [9], In-the-Wild [3], the
paired M-AILABS+MLAAD set [10, 11], SCDF [12], and
SpeechFake [13]. Table 1.
Protocol. Two mutually exclusive strict-OOD protocols
on the pooled English corpora: one hold-out is left
out of the speaker-disjoint 70 / 15 / 15 train / val / test
split and used only for OOD; everything else (in-
cluding the other OOD corpus) trains in-domain.
(i) M-AILABS+MLAAD held out (n=2008)—SpeechFake

1Relative Average Perturbation (RAP): a standard jitter measure
quantifying short-term F0 variability.

is in the split; (ii) English SpeechFake slice held out
(n=48 879)—M-AILABS+MLAAD is in the split. The two
settings swap the excluded corpus, not one model
with both held out.
What was swept. We toggled four design choices on
the same merged vector: logistic regression vs. RBF
SVM; waveform augmentation on/off before extraction;
zero vs. train-split median imputation for failed mark-
ers; and all 37 features vs. one family at a time (respira-
tory, vocal, temporal). The reported pipeline is the best
overall: full 37-dim logreg, augmentation on, median
imputation, no LDA.

4. Results
With all 37 markers the detector reaches 31.7 % in-
domain test EER, 31.3 % EER on M-AILABS+MLAAD
(AUC 0.75), and 43.5 % EER on SpeechFake (AUC
0.59). Chart 3. The near-zero gap on M-AILABS+MLAAD
suggests the markers are not simply memorising
synthesizer-specific artefacts.
Which markers help? Per-family retraining on
M-AILABS+MLAAD OOD: vocal-only matches the full
37-dim model (32.4 % EER, AUC 0.74)-most separability
lives in F0/jitter/shimmer/HNR here. Respiratory-only
is weaker (40.1 % EER, AUC 0.63) but clearly beats
temporal-only. Temporal-only (pauses, disfluencies)
is near random (46.4 % EER, AUC 0.54; worse on
SpeechFake). Chart 4.
Role of augmentation. Turning augmentation off de-
grades OOD EER by 4-5 points while the in-domain EER
moves by less than one point; robustness is paid for at
training time, not by the classifier.

5. Conclusions
This work explored 37 handcrafted physiological mark-
ers for long-form English deepfake detection. The
headline is OOD-dependent: the same logreg pipeline
reaches ∼31 % EER on held-out M-AILABS+MLAAD
but ∼44 % on an English SpeechFake OOD. Per-family
retraining aligns with the main run-most separability,
which sits in vocal features, less in respiratory; with
only our current temporal summaries, the detector
is effectively uninformative and should be reworked
or omitted until better modelling exists. Proposed
follow-ups are a stronger temporal/disfluency mod-
ule and late fusion with an SSL artefact score to test
complementarity.
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