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Methods

Data Collection Timeline

Introduction

AD and FTLD share overlapping presentations yet require
distinct therapeutic strategies.

Anti-amyloid therapies demand accurate pathological
stratification at the earliest stage.

A single physiotype can manifest differently as amnestic,
behavioural or language-led syndrome.

MRI, FDG-PET and CSF yield discordant results in 15-40%
of cases, especially in PPA variants.

No scalable, non-invasive tool currently resolves this
clinicopathological heterogeneity at onset.

Population

Study Objective

Can automated analysis of connected speech, acquired at
first clinical visit, serve as a non-invasive digital biomarker for
early etiological stratification of AD vs. FTLD, independently
of clinical phenotype and anchored to biomarker-confirmed
diagnoses?

Population recruitment (N=172)
Pathological Group : (N=108) Control Group : (N=64)

v Age 40 years and older
v Diagnosis of lvPPA or AD &le\i54Eo>yze7agi srned older

(Gorno-Tempini criteriq, DSM-5) v No cognitive complaint
v Fluent French-speaking v Fluent French-speaking

X Neurological disorders other than
lvPPA or AD

X Medication or conditions affecting
cognitive or sensory functions

X Refusal to undergo lumbar puncture

X Neurological disorders
X Positive psychiatric screening
(ICOPE questionnaire)

Speech protocol

e 4 standardised tasks: NEG - POS : SST - MPT

e at first consultation

e <10 min recordings on a consumer-grade tablet placed
on a table in front of the patient
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Speech protocol collected at baseline (To)
Standardised audio - quiet room - tablet - < 10 min

Prospective enrolment
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Retrospective adjudication

Multidisciplinary consensus

AD vs. FTLD - biomarker-confirmed
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retrospective etiological classification
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Longitudinal multimodal follow-up — up to 4 years (2020—-2025)

Structural MRI - FDG-PET - CSF biomarkers (ApB42/40, p-tau)
Neuropsychological assessment - multidisciplinary consensus

Speech-based Machine learning pipeline

INPUT — STANDARDISED SPEECH TASKS

N\ N N )
NEG task POS task SST MPT
Negative autobio- Positive autobio- Sentence repetition Maximum phonation
graphical monologue graphical monologue | { span test I time (/a/ sustained) )
\ AUTOMATED FEATURE EXTRACTION /
) 4 ) 4 )
Acoustic features Temporal features Phonatory features
Spectral centroid, rolloff, flux Pause rate, articulation rate Jitter (local, RAP)
MFCC, chroma, formants Phoneme / syllable timing Shimmer (APQ5, DDA)
Librosa v0.9.2 IR Whisper ASR + MFA alignment ) HNR - FO - formant dynamics )
o
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PREPROCESSING /

Multicollinearity filtering

VIF <5 - pairwise r < 0.95
Applied per CV fold (train set only)
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Z-score standardisation
M=0,0=1
Fitted on training partition only
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BASE LEARNERS (trained independently per task)

N N N N R
LR / SVM RF / XGBoost GB / ExtraTrees K-NN Stratified 5x5 CV
Linear Tree-based Gradient Neighbourhood Bayesian grid search
classifiers ensembles boosting classifier L ROPE £0.01 selection )
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DIAGNOSTIC OUTPUT

Physiotype classification

AD vs. FTLD
AUC = 0.986
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Pathotype classification

aAD - IVPPA-AD - bvFTLD
SVPPA-FTLD - nfvPPA-FTLD - AUC = 0.966

Results
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Speech Acoustic Profiles by Diagnostic Group

Alzheimer's disease — AD (n=49)

Frontotemporal lobar deg. — FTLD (n=59)

1 Jitter - spectral flux - speech duration

| Fricative duration - spectral centroid

Global slowing + phonatory instability

- /

1 Pause frequency - inter-word pauses

{ Phoneme/syllable count - shimmer

Reduced output + acoustic hypo-expressivity
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Amnestic AD (aAD - n=30)

Logopenic PPA — AD (lIvPPA-AD - n=19)

t+ HNR - nasal count - chroma

| Fricative/occlusive count - spectral flux

Subtle changes - preserved temporal structure

- J

+ Occlusive duration - chroma

. Syllable count - phonemic rate - FO

Lexical access + phonological planning deficit

. J

Behavioural FTLD (bvFTLD - n=21)

1 FO - HNR - spectral flux

| Speech duration - spectral contrast

Reduced output + motor speech anomalies

Logopenic PPA — FTLD (IvPPA-FTLD - n=11)

t Pause duration - inter-word pauses

| Nasal duration - spectral centroid

Abnormal pause architecture (vs. IvPPA-AD)

Semantic PPA - FTLD (svPPA - n=13)

t Occlusive duration - spectral contrast

| Fricative count - F2 CV - spectral flux

Reduced phonetic diversity + prosodic flattening

Non-fluent PPA — FTLD (nfvPPA - n=14)

1 Intra-word pauses - FO - jitter

L Occlusive duration - spectral flux - shimmer

Motor planning deficit + disturbed prosody

Conclusion

Automated speech analysis achieves physiotype AUC 0.986 and
pathotype AUC 0.966, with 82% of clinicopathologically
discordant cases correctly reclassified

Distinct acoustic signatures identified per group:
AD — global slowing + phonatory instability
FTLD — reduced verbal output + acoustic flatness

Non-invasive, low-cost and scalable, speech appears as a
complementary digital biomarker within existing diagnostic
frameworks, pending external multicentre validation
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