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Abstract

Introduction: Differentiating the nonfluent/agrammatic and logopenic variants of

primary progressive aphasia (PPA; nfvPPA and lvPPA, respectively) remains clini-

cally challenging due to overlapping subtle speech and language impairments. We

investigated whether automated connected speech analysis can support differential

diagnosis.

Methods: We analyzed connected speech from 84 Italian speakers with PPA (23

nfvPPA, 23 semantic variant [svPPA], and 38 lvPPA) using a picture-description

task. Prosodic, phonological, and morphosyntactic features were extracted. Machine-

learning classifiers were trained for binary (lvPPA vs. nfvPPA) and multiclass (lvPPA,

nfvPPA, svPPA) classification. Explainability analyses identified key features.

Results: The combination of speech and language features effectively discriminated

among PPA variants. Binary classification reached 81.67% accuracy, while multiclass
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classification reached 63.86% accuracy. Noun rate, local jitter, articulation rate, and

total pauses were among themost informative features.

Discussion: Automated analysis of connected speech provides objective linguistic

biomarkers that enhance diagnostic accuracy and support reliable differentiation of

PPA variants in clinical practice.

KEYWORDS

acoustic-linguistic biomarkers, connected speech analysis, data-driven classification, feature
explainability, primary progressive aphasia

Highlights

∙ Automated combination of acoustic and linguistic accurately classifies primary

progressive aphasia (PPA) variants.

∙ Noun rate and jitter emerge as key discriminative features.

∙ This was the first automated speech study in native Italian PPA speakers.

1 BACKGROUND

Primary progressive aphasia (PPA) encompasses a group of neu-

rodegenerative syndromes characterized by an insidious emergence

of language impairments and gradual worsening over time. These

deficits are typically associated with degeneration of language net-

works involving frontal, temporal, and parietal regions of the left

hemisphere.1 Early in the disease, language impairment appears

relatively isolated, leading to limitations in communication, social

participation, and functional abilities. As the disease progresses,

deterioration of language function is accompanied by involvement of

other cognitive domains and functional abilities.

Current classification distinguishes three main variants: semantic

(svPPA), nonfluent/agrammatic (nfvPPA), and logopenic (lvPPA), each

with distinct clinical, neuropsychological, imaging, and neuropatho-

logical profiles: svPPA and nfvPPA are mostly linked to frontotem-

poral lobar degeneration (FTLD) and lvPPA to Alzheimer’s disease

(AD).2 Clinically, lvPPA shows slow, interrupted speech with word-

finding pauses, phonological errors, and impaired sentence repetition;

nfvPPA features effortful, agrammatic, and distorted speech with

comprehension deficits, with syntactically complex sentence compre-

hension deficits and relatively preserved single-word comprehension.

svPPA presents with naming and single-word comprehension difficul-

ties. Despite these distinctions, overlap complicates differentiation,3

particularly between nfvPPA and lvPPA, which share subtle deficits—

word-finding problems, pauses, reduced fluency, and phonological or

articulatory errors.2 Some patients meet criteria for multiple vari-

ants (“mixed PPA” [mPPA]),4 others are “unclassifiable PPA” (uPPA).2,5

Nevertheless, precise identification is essential for planning targeted

interventions, given the distinct progression patterns and specific

needs associated with each variant.6

Current clinical diagnostic assessments rely on comprehensive tests

evaluating both linguistic and cognitive aspects. However, these tests

are typically manually analyzed, and therefore time consuming and

expensive.

Recent advances in computational linguistics and artificial intel-

ligence (AI) have opened new diagnostic perspectives. In particular,

digital linguistic biomarkers (DLBs)—objective behavioral indicators

obtained through digital tools—may enhance the diagnosis and clas-

sification of PPA7 by characterizing linguistic profiles, supporting

differential diagnosis, and identifying potential biomarkers not yet

included in clinical criteria.

Several studies have explored computational approaches to PPA

variant classification, focusing on lvPPA and nfvPPA. Lukic et al.8

used a classical machine learning (ML) approach with morphosyn-

tactic measures from picture description tasks, achieving an area

under the curve (AUC) of 0.95. Rezaii et al.9 applied unsupervised

AI based on large language models (LLMs) to classify nfvPPA, lvPPA,

and svPPA with an accuracy of 97.9%. Themistocleous et al.10 com-

bined acoustic and linguistic measures, applying ML algorithms to

distinguish all three subtypes, achieving 80% multiclass accuracy.

Other studies focused on lexical or acoustic domains or specific

variants.11–13

However, no studies have investigated automated speech analysis in

native Italian speakerswithPPA. Existing literature is heterogeneous in

sample size, clinical characteristics, analytical methods, and elicitation

paradigms, limiting comparability and generalizability. Reliable, objec-

tive tools for differential diagnosis and subtype classification across

larger populations are still lacking.

2 METHODS

2.1 PPA participants

We included individuals who attended the Cognitive Disorders and

Dementia Centre (CDCD) at the Neurology Unit 1 of the Careggi Uni-

versity Hospital in Florence, between September 2017 and January

2025. These individuals sought care at our center due to language

disorders.
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RESEARCH INCONTEXT

Systematic review: The authors reviewed the existing liter-

ature using traditional databases (e.g., PubMed) and recent

computational studies on automated speech analysis in pri-

mary progressive aphasia (PPA_. Although machine learning

applications for PPA variants discrimination are increasing,

evidence remains heterogeneous in sample size, linguistic

tasks, and extracted features. No prior studies have inves-

tigated native Italian speakers. Relevant and recent contri-

butions on acoustic, linguistic, and multimodal classification

approaches are appropriately discussed.

Interpretation: Our findings support an automated, multi-

modal framework including acoustic and morphosyntactic

speech features to differentiate among PPA variants. The

results are consistentwithestablished clinical descriptionsof

PPA variants.

Future directions: The article proposes future validation in

larger, balanced, and longitudinal cohorts, with imaging and

biological markers, while exploring prognostic applications

to monitor disease progression and support personalized

intervention strategies.

All participants underwent a preliminary neurological examination

aimed at collecting a complete clinical and family history and perform-

ing a general and neurological objective examination. Disease duration

was defined as the time elapsed from symptom onset to baseline neu-

ropsychological assessment. Participants were subsequently excluded

following specific exclusion criteria (see Supplementary Methods §2.1

in supporting information).

Based on the results of neuropsychological and language assess-

ments, a team of neurologists and neuropsychologists specialized in

neurodegenerative disorders classified the included participants into

variants according to current diagnostic and classification criteria for

PPA2 (lvPPA, svPPA, nfvPPA or uPPA, or mPPA if not fulfilling any

variant-specific criteria).

For this study, 113 consecutive participants (mean age 69.23± 7.08

years; 57 females) who met the criteria for a diagnosis of PPA accord-

ing to Mesulam1 were included. Among them, 23 were classified as

nfvPPA, 38 as lvPPA, and 23 as svPPA; the remaining 29 individuals

with uPPA ormPPAwere excluded.

The study procedures and data analysis were performed in accor-

dance with the Declaration of Helsinki and the ethical standards

of the committee on human experimentation of our institute. The

study was approved by the local institutional review board (reference

15691oss). All participants provided informed consent to partici-

pate in the study and to obtain details and results of their research

published.

2.2 Neuropsychological and language assessment

All patients underwent a comprehensive neuropsychological assess-

ment, including the Mini-Mental State Examination (MMSE)14 as a

measure of global cognitive functioning, and the Frontal Assessment

Battery15 for the overall evaluation of executive function. Immediate

and working memory for verbal and visuospatial material, attention,

executive function, linguistic/executive function, learning abilities and

long-term verbal memory for verbal material, visuoconstructive abil-

ities, long-term visuospatial memory, and language were evaluated

using various gold standard tests. A complete list of the tests used are

reported in Table S1 in supporting information.

Speech samples of the figure description task of the Screen-

ing for Aphasia in NeuroDegeneration (SAND) battery16—connected

speech—were recorded with a mobile device microphone. Perfor-

mance on neuropsychological and language measures was interpreted

according to the available Italian normative data and published cut-off

values.16

2.3 Audio processing and feature extraction

For each audio recording, the clinician’s voice was manually removed.

Acoustic and linguistic features were extracted in Python, yielding 30

prosodic, 6 phonological, and 29 linguistic measures (see Table S2 in

supporting information).

The data analysis pipeline is schematized in Figure 1. Audio record-

ings were transcribed using WhisperX automatic speech recognition

(ASR; https://github.com/m-bain/whisper). ASR transcriptions were

subsequently validated using manual transcripts (see Supplementary

Methods §2.2 in supporting information).

Several speech features were extracted, including speech timings,

inter-word interval (IWI)metrics, pausemetrics (in seconds), and artic-

ulation rate (words/minute). Pauses were defined as intervals > 0.05

seconds between consecutivewords and categorized as short and long,

using a 0.5-second threshold.17 These features capture speech produc-

tion, including velocity and articulatory difficulty, or inefficient word

retrieval, associated with PPA.18,19

To consider speech and pause metrics not affected by potential

ASR errors, we detected the boundaries of speech in the audio signal

with a voice activity detection (VAD) algorithm (https://huggingface.

co/pyannote/voice-activity-detection), and then we computed articu-

lation duration (in seconds), articulation rate, and pausemetrics.

To extract metrics of fundamental frequency (F0), jitter, shimmer,

and harmonics-to-noise ratio (HNR) from the entire audio recording,

we exploited Praat20 via the Parselmouth21 Python interface, with

sex-specific parameter settings.

Linguistic features were extracted using Spacy (https://spacy.io/),

including part-of-speechmeasures (e.g., noun and verb count and rate).

A multilingual punctuation restoration model was applied to segment
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F IGURE 1 The data pipeline adopted in the study. Speech samples and clinical evaluations were collected from the recruited participants. An
automated acoustic and linguistic speech processing was applied to extract several features that were used for machine learning algorithms to
distinguish PPA subtypes. Explainability analysis was applied to identify themost useful features for themodel prediction. lvPPA, logopenic variant
primary progressive aphasia; mRMR, minimum redundancymaximum relevance; nfvPPA, non-fluent/agrammatic variant primary progressive
aphasia; SAND, Screening for Aphasia in NeuroDegeneration; svPPA, semantic variant primary progressive aphasia; VAD, voice activity detection.

transcripts into sentences, enabling the extraction of sentence count,

and themean and standard deviation of words per sentence.

2.4 Statistical analysis

To identify differences between PPA conditions, we applied statis-

tical analyses to demographic and neuropsychological data, as well

as to acoustic and linguistic features. First, we applied the Shapiro–

Wilk test to assess the normality of the data distribution, and then,

depending on whether the data were normally distributed or not, we

performed analysis of variance or the Kruskal–Wallis test, with post

hoc Tukey honestly significant difference test or Dunn test applied

if significant differences were found across the three PPA variants.

Moreover, we studied the correlation between acoustic features and

MMSE using age, sex, disease duration, and level of instruction as

confounders. The parametric Pearson or non-parametric Spearman

correlation coefficients were computed depending on the data distri-

bution. False discovery rate (FDR) correction was applied to account

for multiple comparisons.

2.5 ML experiments

We trained and evaluated ML algorithms using the extracted acous-

tic and linguistic features. Two classifiers were trained to perform: (1)

binary classification (lvPPA vs. nfvPPA), and (2)multiclass classification

including svPPA. For both we used a stratified nested cross-validation

(CV) with 10 outer and 5 inner folds and a random forest (RF) classi-

fier. At each iteration, features were z score normalized, and feature

selection was applied on the training set to reduce the risk of overfit-

ting and the computation cost.We first used theminimum redundancy

maximum relevance (mRMR) algorithm, considering only the 10% top-

ranked features. A further stratified 3-fold CVwith an RF base estima-

tor (n_estimators= 50) was used to identify an optimal feature subset.

For both tasks, four feature selection strategies were applied to

test the ability of acoustic and linguistic features in distinguishing PPA

variants:

1. Acoustic, with selection restricted to acoustic features;

2. Linguistic, with selection restricted to linguistic features;

3. Multimodal, with joint selection across all features;

4. Fusion, with independent selection within acoustic and linguistic

domains, followed by a combination of selection features.

For each modality, optimal RF hyperparameters were determined

via stratified 5-fold CV, tuning the number of estimators (10, 50, 100,

150, 200) and maximum depth (none, 2, 5, 10, 20, 30). The configura-

tion with the highest mean F1 score was selected and evaluated on the

held-out test fold.

Furthermore, for each best-performingmodel in every fold, we eval-

uated feature importanceon the test set to summarize the contribution

of each feature across the entire dataset and in the prediction. Finally,

we computed the cumulative matrices to assess class-level perfor-

mance and provide an aggregated overview of model behavior on the

complete dataset.

3 RESULTS

3.1 Sample characteristics

Demographic characteristics are reported in Table 1. Only one sig-

nificant difference was observed between the svPPA and nfvPPA for

age, with the latter being slightly older (svPPA: 65.48 ± 7.73, nfvPPA:

70.91 ± 6.47). Results of ASR transcripts validation are reported in

Supplementary Results §3.1 in supporting information.

3.2 Neuropsychological and language assessment

Clinical information regarding neuropsychological and language

assessments is reported in Table S3 in supporting information. For the

neuropsychological tests, group differences were mainly present in

measures of attention, executive function, and visuo-spatial abilities

before FDR correction, and no significant differences were observed
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TABLE 1 Participants’ democlinical information.

Variables svPPA lvPPA nfvPPA p value
p value svPPA
vs. lvPPA

p value svPPA
vs. nfvPPA

p value lvPPA
vs. nfvPPA

Age (years) 65.48± 7.73 68.23± 6.90 70.91± 6.47 0.04 0.31 0.031 0.34

Sex 0.93 – – –

Male 11 18 12

Female 12 20 11

Education 12.57± 3.99 12.26± 5.07 10.48± 4.86 0.19 – – –

Age at onset (years) 63.45± 7.12 65.38± 7.07 67.70± 5.96 0.15 – – –

Disease duration (years) 3.24± 1.63 3.29± 2.98 3.96± 3.82 0.43 – – –

Abbreviations: lvPPA, logopenic variant primary progressive aphasia; nfvPPA, non-fluent/agrammatic variant primary progressive aphasia; svPPA, semantic

variant primary progressive aphasia.

among groups in global cognitive status as measured by MMSE. After

FDR correction, no features were statistically significant.

Languageassessment results are summarized inTableS3. Significant

group differences were observed in several naming, comprehension,

repetition, reading, and connected speech measures, but none of them

retained significance after FDR correction.

In further analysis, one participant in the lvPPA group was excluded

due to poor audio quality.

3.3 Feature description statistics

In Table S4 in supporting information and Figure 2A, we reported

the results of the statistical analysis for acoustic and linguistic fea-

tures. We observed several statistically significant features between

svPPA and nfvPPA, while only five features were statistically signifi-

cantly different between svPPA and lvPPA:meanword duration, which

is higher in lvPPA, ASR speech and articulation rate, and articulation

rate from the VAD algorithm, which were reduced in lvPPA. Finally,

statistically significant differences were obtained between lvPPA and

nfvPPA for eight linguistic features (adverbs, adjectives, adverb rate,

determiner rate, intransitive verbs, noun rate, noun to verb ratio, verb

count) and two acoustic features (mean IWI, articulation rate from

VAD).

Correlation analysis results between MMSE and acoustic and lin-

guistic features are reported in Figure 2B. Statistically significant

positive correlations were observed with speech rate, number of total

and short pauses, word count, noun count, transitive verbs, determin-

ers, adpositions, content words, closed class words, preposition rate,

noun to verb ratio, and transitive–intransitive verb ratio. On the other

hand, statistically significant negative correlations were obtained with

mean and standard deviation of IWI, and mean and standard deviation

of pause duration fromASR.

3.4 Binary classification

For the binary classification (chance level 61.67%), we focused only

on participants with lvPPA and nfvPPA, with speech recordings last-

ing 96.05 ± 37.73 and 91.14 ± 23.70 seconds, respectively. The

cumulative performance (in %) and the relative confusion matri-

ces for each modality are reported in Table 2 and Figure 3A,

respectively.

The model with both acoustic and linguistic features selected sepa-

rately (i.e., fusionmodality) yielded the highest performance, achieving

81.67%accuracy, 82.14%receiveroperating characteristic (ROCAUC),

86.49% specificity, and 73.91% sensitivity. The explainability analysis

for this modality (Figure 3B) showed that the optimal predictors were

the noun rate, jitter local, noun count, articulation rate fromVAD,mean

number ofwords per sentence, and the F0 range. This analysis revealed

that the highest contributionwas given by the noun rate and local jitter,

which were the only ones selected in each fold. Among these features,

only the noun rate and the articulation rate (computedwith VAD)were

statistically significant between lvPPA and nfvPPA, with higher values

of noun rate and lower values of articulation rate associated with the

nfvPPA group.

The acoustic modality achieved the lowest classification accuracy.

Specifically, it yielded an accuracy of 61.67% and a ROC-AUC of

71.45%. The linguistic strategy achieved an accuracy of 70%, with a

ROC-AUC of 66.16%. Finally, the Multimodal approach showed an

accuracy of 71.67% and a ROCAUC of 78.6%.

3.5 Multiclass classification

In the multiclass analysis (chance level 44.58%), svPPA was included,

with a speech recording lasting 98.13 ± 41.86 seconds. The cumula-

tive performance (in %) and the confusion matrices relative to each

modality are reported in Table 3 and Figure 3C, respectively. Over-

all, the best classification performance across the three classes was

achieved by the fusion modality, with an accuracy of 65.06% and ROC

AUC of 76.73%. For the class-specific metrics, the fusion modality

yielded the highest results for all (svPPA, lvPPA, and nfvPPA). Specifi-

cally, it showed precisions of 54.17%, 68.42%, and 71.43% for svPPA,

lvPPA, and nfvPPA; specificities of 81.67%, 73.91%, and 90.00%; and

sensitivities of 56.52%, 70.27%, and 64.22%, respectively. The over-

all performance of acoustic modality achieved an accuracy of 61.45%

with a ROC AUC of 70.37%. Instead, the linguistic and multimodal

approaches achieved lower results, showing an overall accuracy of

51.81% for linguistic and 44.58% for multimodal, and a ROC AUC of

70.33% and 64.12%, respectively.
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F IGURE 2 Statistical analysis results. A, Comparisons of acoustic and linguistic features between svPPA, lvPPA, and nfvPPA. Features are
reported as standardized values. Statistically significant differences are expressed with * for lvPPA versus nfvPPA,+ for svPPA versus nfvPPA, and
ˆ for svPPA versus lvPPA. B, Correlation results between acoustic and linguistic features andMMSE. Significant correlations are expressed with *
for P< 0.05, ** for P< 0.01, and *** for P< 0.001. ASR, automatic speech recognition; F0, fundamental frequency; HNR, harmonics-to-noise ratio;
IWI, inter-word interval; lvPPA, logopenic variant primary progressive aphasia; MMSE,Mini-Mental State Examination; nfvPPA,
non-fluent/agrammatic variant primary progressive aphasia; nIWI, normalized inter-word interval; svPPA, semantic variant primary progressive
aphasia; VAD, voice activity detection.
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TABLE 2 Binary classification results (lvPPA vs. nfvPPA) in %.

Modality Accuracy F1 score ROCAUC Precision Specificity Sensitivity

Acoustic 61.67 58.32 71.45 58.75 72.97 43.48

Linguistic 70 67.7 66.16 68.13 78.38 56.52

Multimodal 71.67 69.19 78.61 70 81.08 56.52

Fusion 81.67 80.44 82.14 80.74 86.49 73.91

Abbreviations: lvPPA, logopenic variant primary progressive aphasia; nfvPPA, non-fluent/agrammatic variant primary progressive aphasia; ROC AUC,

receiver operating characteristic area under the curve.

F IGURE 3 Cumulative classification results. A, Confusionmatrices of all four modalities (acoustic, linguistic, multimodal, fusion) for binary
classification (lvPPA vs. nfvPPA). B, The feature importance of the best resultingmodality (fusion) for binary classification. C, Confusionmatrices of
all four modalities (acoustic, linguistic, multimodal, fusion) for multiclass classification (svPPA vs. lvPPA vs. nfvPPA). D, The feature importance of
the best resultingmodality (fusion) for multiclass classification. ASR, automatic speech recognition; F0, fundamental frequency; IWI, inter-word
interval; lvPPA, logopenic variant primary progressive aphasia; nfvPPA, non-fluent/agrammatic variant primary progressive aphasia; svPPA,
semantic variant primary progressive aphasia; VAD, voice activity detection.
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TABLE 3 Multiclass classification results (svPPA vs. lvPPA vs. nfvPPA) in %.

Modality

Overall

accuracy

Overall

F1 score

Overall

ROCAUC Class Precision Specificity Sensitivity

Acoustic 61.45 60.45 70.37 svPPA 53.85 80 60.87

lvPPA 67.57 73.91 67.57

nfvPPA 60 86.67 52.17

Linguistic 51.81 52.46 70.33 svPPA 48.15 76.67 56.52

lvPPA 51.61 67.39 43.24

nfvPPA 56 81.67 60.87

Multimodal 44.58 44.26 64.12 svPPA 32 71.67 56.52

lvPPA 48.57 60.87 51.35

nfvPPA 52.17 81.67 34.78

Fusion 65.06 64.28 76.73 svPPA 54.17 81.67 56.52

lvPPA 68.42 73.91 70.27

nfvPPA 71.43 90 65.22

Abbreviations: lvPPA, logopenic variant primary progressive aphasia; nfvPPA, non-fluent/agrammatic variant primary progressive aphasia; ROC AUC,

receiver operating characteristic area under the curve; svPPA, semantic variant primary progressive aphasia.

The features thatmainly contributed to the classification in the best

modality (i.e., fusion; Figure 3D) were jitter local and noun rate, which

were the two most important features also in the binary classifica-

tion. Also, the articulation rate fromVAD contributed to distinguishing

the three classes, as was also present in the binary classification.

Notably, temporal prosodic measures such as IWI and pause metrics

contributed to the classification, with a higher number of pauses, and

total andmean articulation duration associatedwith svPPA.Moreover,

other linguistic features that contributed to the classification were

intransitive verbs, pronoun rate, and transitive verb rate.

4 DISCUSSION

This studyexamined the contributionof acoustic and linguistic features

derived from connected speech in effective differentiation among

PPA variants, demonstrating that a multimodal approach can reli-

ably distinguish variants and provide objective, interpretable speech

biomarkers reflecting prosodic, articulatory, and morphosyntactic dis-

ruption. By combining these features in an automated pipeline with

cross-validated ML and explainability analyses, this work advances

the growing body of computational approaches for PPA classification

while addressing some gaps identified in previous literature, includ-

ing a dataset of considerable size, ecologically valid tasks, and clinically

interpretable computationalmeasures.Our findingshighlight thevalue

of integrating both prosodic and morphosyntactic information for

automated assessment.

4.1 lvPPA versus nfvPPA: acoustic and linguistic
feature fusion improves differentiation

In the binary classification of lvPPA versus nfvPPA, the model combin-

ing acoustic and linguistic features achieved an 81.67% accuracy and

82.14%ROCAUC,with 86.49% specificity and 73.91% sensitivity. Fea-

tures such as noun rate and count, local jitter, and articulation rate are

particularly informative, highlighting the complementary information

of temporal–prosodic and linguistic measures. In particular, local jit-

ter reflects cycle-to-cycle variability in vocal fundamental frequency

and may index instability in phonatory and neuromuscular control of

speech production.22 This supports a growing consensus that mul-

timodal approaches can capture the complex interaction of lexical,

syntactic, and motor-speech impairment in PPA,10 and extend prior

research using computational approaches to PPA. Lukic et al.8 demon-

strated the power ofmorphosyntactic features in discriminating lvPPA

and nfvPPA (AUC = 0.95). Indeed, we observed a strong contribu-

tion from linguistic features, particularly noun rate and count, and the

mean words per sentence. These findings align with previous reports

of agrammatic simplification and reliance on content words, partic-

ularly nouns, in connected speech.23 Moreover, our results parallel

the work of Rezaii, et al.9 who used LLM-based embedding analy-

ses to classify PPA variants with accuracy approaching 98%. While

their approach relied largely on semantic and syntactic embeddings,

our feature-based method identifies specific acoustic and linguistic

aspects driving classification, offering a more interpretable alterna-

tive for clinical deployment. Indeed, the reduction in articulation rate

reflects the hallmarkmotor–speech and apraxic features of the nfvPPA

variant, consistent with the clinical description provided by Gorno-

Tempini et al.2 In contrast, lvPPA participants produced fewer nouns,

butmaintained a higher proportion of verbs and functionwords, which

may reflect subtle deficits in lexical retrieval and sentence-level plan-

ning rather than motor–speech impairment. While obtaining similar

performance on classification (80% accuracy), Themistocleous et al.10

exploited a multimodal approach, but extracted acoustic features only

for specific pronounced vowels in the speech recording.

From statistical analysis, several other linguistic features con-

tributed to characterizing the two variants. Verb count and intransitive

verb usage were all lower in nfvPPA than in lvPPA, highlighting the
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restricted syntactic complexity and reduced propositional content

characteristic of nfvPPA speech. The use of adverbs and determiners

was also reduced in nfvPPA relative to lvPPA, reflecting amore general

reduction in grammatical function elements. These patterns are con-

sistent with previous computational analyses of naturalistic speech in

PPA, which report that nfvPPA is marked by a shift toward content-

dominated speech and simplified syntactic structures.11,12 Notably,

even though they were not statistically different between lvPPA and

nfvPPA, local jitter and F0 range contributed substantially to the

classification.

4.2 svPPA versus lvPPA versus nfvPPA: prosodic
and lexical features distinguish variants

When including svPPA in a multiclass classification, the fusion

approach again performed best, reaching overall metrics of 65.06%

accuracy, and 76.73% ROC AUC, with the strongest discrimination

observed for all three PPA variants. Exploring the contribution of fea-

tures in the classification, local jitter and noun rate remained the

most informative predictors, confirming their relevance in captur-

ing prosodic instability and lexical distribution differences. Moreover,

articulation rate, IWI, and pause metrics contributed to distinguish-

ing the three classes, reflecting the differential impact on speech time

disruption. Particularly, svPPA showed a higher articulation rate and

number of overall and short pauses (but with a shortermean duration).

Statistical analyses alignedwith the classification patterns. Specifically,

theobservedpatterns indicate thatnfvPPAspeech ismarkedbyagram-

matic simplification and reliance on content words, svPPA by lexical–

semantic retrieval deficits, and lvPPA by subtle temporal–prosodic

alterations with preserved syntactic structure.

4.3 Clinical interpretation: automated speech
features capture variant-specific deficits

In our sample, the three PPA groupswere comparable in education and

sex distribution, with the only significant difference observed between

svPPA and nfvPPA for age. This slight age difference should be taken

into account when interpreting cognitive and language performance,

althoughprevious studies suggest that the observeddifferences inPPA

profiles are unlikely to be solely driven by age.2

Neuropsychological testing in our sample revealed that the groups

did not differ in overall cognitive severity, as indicatedbyMMSEscores.

Nevertheless, groupdifferencesemerged in specific cognitivedomains:

svPPA performed better in attention, working memory, and process-

ing speed, while lvPPA showed greater impairment in immediate story

recall and visuospatial memory compared to nfvPPA, consistent with

its relative cognitive profile.3,5

Language assessment confirmed typical PPA profiles: nfvPPA per-

formed better than svPPA in naming, comprehension, non-word read-

ing, and repetition, while sentence repetition was more impaired in

lvPPA. LvPPA also scored higher than svPPA in comprehension but

lower than nfvPPA in non-word reading, illustrating subtle overlaps

across variants. Connected speech analysis showed that nfvPPA pro-

duced a higher proportion of nouns, whereas lvPPA produced fewer

total words, capturing variant-specific patterns in fluency and lexical

production.

Overall, these results indicate that, although theneuropsychological

profiles of PPA variants largely align with expectations, conventional

connected speech assessment and scoring did not reveal clear dis-

tinctions between groups. This highlights the need for more sensitive,

data-driven approaches, motivating the use of acoustic and linguistic

features in an automatedML framework to achieve reliable differenti-

ation.

Correlation analyses indicated that the features most predictive of

PPA variants were also associated with global cognitive performance,

suggesting that more fluent and structured speech reflects better

overall cognitive functioning. However, in PPA,MMSE scores are influ-

enced by language impairment, limiting their reliability as ameasure of

global cognition; therefore, someobserved correlationsmay reflect the

severity of language deficits rather than true cognitive decline.

4.4 Strengths and limitations

Our results support multimodal ML models for PPA classification and

identify speech and language features as potential subtype markers

complementing standard neuropsychological evaluations.

Strengths of this study include the integration of acoustic and lin-

guistic features to capture both motor–speech and language aspects

during naturalistic connected speech, minimizing any confounding

factors that may affect acoustic measures (e.g., reading biases, task-

induced prosodic alterations). Moreover, the use of feature selection

and cross-validation ML algorithms enables the identification of the

most informative features for the classification, reducing the risk of

overfitting, providing robust and generalizable performance metrics,

linking speech alterations to clinical evidence.

This study presents some limitations: the sample size, which,

although it is in line with some previous studies,8,11,17 remains rela-

tively modest, and the unbalanced dataset, which might influence the

overall estimation. Moreover, automatic transcription may not fully

capture pathological speech patterns, tending to normalize disfluen-

cies, partial words, and mispronunciations, affecting the accuracy of

transcript-derived features. Because the linguistic features extracted

in this study are lexical and syntactic in nature, this limitation has

a circumscribed impact on the present analyses; however, future

studies extracting phonetic or disfluency-based measures should

consider manual validation or dedicated pathological speech ASR

models.

Future studies should validate these findings in larger and bal-

anced cohorts, and consider other aspects of speech production (e.g.,

formants, articulatory) andmultimodal datasets (e.g., integrating imag-

ing data or video recording), which could further clarify the involved

neural and motor processes and mechanisms impaired. Additionally,

future cross-linguistic andmultilingual studies are essential to validate

and propose speech biomarkers, with multicenter studies essential
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for broader validation and enhanced robust biomarker identification.

Finally, longitudinal studies will enable the possibility of monitoring

and eventually predicting the progression of the impairment over

time, enabling an early detection of the functional decline and thus

facilitating early and personalized diseasemanagement.
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