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OBJECTIVE

MATERIALS

To identify reproducible linguistic and acoustic speech biomarkers of
dementia by statistically analyzing structured clinical speech across
multiple DementiaBank sub-corpora.

» Dataset: DementiaBank (TalkBank Project) — three sub-corpora:
Pitt, Lu, Baycrest

* Total sessions: 616 (Healthy Control: 269, Dementia/MCI. 347)

» Task: Cookie Theft picture description (structured clinical elicitation)

» Diagnoses represented: ProbableAD, MCI, PossibleAD, Control

CONTRIBUTIONS  Format: .cha (CHAT/CLAN transcripts) + paired .mp3 audio

 Toolbox used: 1ibrosa (acoustic), spaCy en_core_web sm

+Identifying syntactic and acoustic biomarkers (Parse Tree Depth, (linguistic), scipy.stats (statistical testing), pandas/scikit-
Verb Ratio) that independently replicate across two distinct clinical learn (fusion & imputation)

sub-corpora.
Establishing a reliable, explainable, multimodal feature standard for
automated speech-based cognitive screening, using a statistical

approach with FDR correction. KEY TAKEAWAY

Parse tree depth and verb ratio are the strongest linguistic markers of dementia. Syntactic simplification and problems with verb retrieval can
reliably tell apart AD/MCI from healthy controls. This finding comes from 616 real-world clinical speech sessions.
It establishes a clear standard for automated cognitive screening.

METHODOLOGY

RESULTS

Effect Sizes by Corpus (Top 6 Features)

Across 616 analyzed
sessions, 86 linguistic and
acoustic features were
tested (18 linguistic + 68

DementiaBank Linguistic Feature Extraction
TalkBank Project

—> 18 features across 6 categories: o acoustic). 46 features were

Data Sources Transcripts Volume, Lexical Richness, POS Distribution, Disfluency, £ 01 S|gn|f|c§nt _after . FDR

_ Density, Syntactic Complexity " correction, with | linguistic

: . : raw .cha Preprocessing features  showing  the

Pitt Corpus: 552 S€SSIoNS & .mp3 2 strongest  discriminatory

Lu Corpus: 54 sessions | > Transcript cleaning e e - @ - o power accounting for 8 of

Baycrest Corpus: 10 sessions Audio pairing ' _ ® > 3 g ’ the top 10 features by
Total: 616 sessions Acoustic Feature Extraction effect size.

Binary labeling Audio

R 68 features: 13 MFCCs + 13 AMFCCs (mean & std), FO stats (mean,
std, min, max, range, Q25/Q75, voiced fraction), RMS energy,
Duration, ZCR, Spectral Flux, Onset Rate (speaking rate proxy)

HC: 269 | Dementia/MCI: 347

) 0.4 05 Feature
AD/MCI is marked by

Parse Tree Linguistic -0.331 141 x 10°1° | indementia  Simpler  syntax, — more
Depth repetitive  speech, and
_ L 10 _ _ less variation over time in
fused f Statistical Analysis \ C Corpus-Stratified Analysis ) VerbRatio  Linguistic 0314 993 > 1070 lindementia  vocal production. The
F matrix . most significant acoustic
eature . _ o Re(|:oet|t|tc>n Linguistic +0.277 514 x 107° 1 in dementia difference is a lower delta-

Fusion Wilcoxon rank-sum tests with Benjamini-Hochberg Top six features were re-evaluated in Pitt and Lu oun MECC variance.

FDR Corre.c.tlon (a = 0.05), z?nd.effect SIZE‘:.} were cohorts (Baycrest excluded); no FDR correction Dslta_—MFCC Acoustic -0.261 2.69 x 1077 | in dementia
K quantified using rank-biserial correlation / was applied, and consistency across corpora was ariance
86-dimensional used to assess feature stability Parse Tree Depth was consistently replicated in both the Pitt (r = =0.327, p < 0.001) and Lu (r = -0.324,

p = 0.042) corpora. This highlights it as a strong and general syntactic marker of cognitive impairment.

multimodal vector
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