


Abstract

Background: Speech-based features extracted from telephone-based cognitive tasks show promise for detecting cogni-

tive decline in prodromal and manifest dementia. Little is known about the cerebral underpinnings of these speech fea-

tures.

Objective: To examine associations between speech features, brain atrophy, and longitudinal cognitive decline in indivi-

duals at risk for Alzheimer’s disease (AD).

Methods: Healthy volunteers, individuals with subjective cognitive decline, and those with mild cognitive impairment

completed phonebot-guided semantic verbal fluency (SVF) and 15-word verbal learning task (VLT). Speech features

were automatically extracted, and a global cognitive score (SB-C score) was computed. We analyzed data from

161 participants for cognitive trajectories, 141 for cross-sectional brain atrophy, and 102 for longitudinal

brain changes. Analyses were conducted using multiple linear regressions, mixed-effects models, and voxel-based

morphometry.

Results: The SB-C score was associated with bilateral hippocampal volumes, SVF features were primarily associated

with left hemisphere regions, including the inferior frontal, parahippocampal, and superior/middle temporal gyri (puncorr
< 0.001). SB-C score, SVF correct counts, and VLT delayed recall were associated with atrophy rates in the hippocampal/

parahippocampal gyrus and left middle/inferior temporal gyri (pFDR< 0.05). These features were also associated with cog-

nitive decline assessed via Preclinical Alzheimer’s Cognitive Composite 5, SVF, and Wordlist learning delayed recall (pFDR

< 0.01). Word frequency and temporal cluster switches showed varying associations with cognitive trajectories. Other

features did not show robust associations.

Conclusions: In this study, we highlight the potential of digital speech features for identifying brain atrophy and cognitive

decline over time in at-risk AD populations.
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Introduction

Changes in speech-related cognitive functions are prevalent

in Alzheimer’s disease (AD) and often emerge in its earliest

stages.1,2 People with mild cognitive impairment (MCI)

commonly exhibit distinctive speech patterns, such as

more frequent pauses and reduced use of diverse or uncom-

mon words.2–4 Additionally, reduced cerebrospinal fluid

amyloid-β (Aβ) levels in individuals with subjective cogni-

tive decline (SCD) were associated with reduced use of spe-

cific words, including concrete nouns and content words.5

These early speech alterations make speech analysis a

viable tool for identifying the risk of AD and early detection

of cognitive decline.1,2

Cognitive tasks, such as the Semantic Verbal Fluency

(SVF) task and the Verbal Learning Task (VLT), are

prime candidates for speech-based analysis in the early

stages of AD.6,7 These verbally administered tests assess

a range of cognitive functions that are typically impaired

in the AD spectrum compared with healthy elderly,8–10

including executive processing speed, working memory,

lexical access and semantic memory (SVF),9 and episodic

memory (VLT delayed recall).10 Studies have also shown

that baseline performance on SVF and VLT was associated

with cognitive decline over time, even in preclinical

stages.11,12 For instance, one study reported that both

preclinical individuals who later progressed to dementia

and those already diagnosed with dementia experienced sig-

nificant verbal fluency decline over time, with marked base-

line impairment in SVF compared to cognitively healthy

individuals.11 Similarly, a study of individuals with SCD

found that those who developed AD dementia after two

years had significantly lower baseline VLT scores and

more frequently performed poor on the delayed recall

task.12

Beyond traditional task scores, research has suggested

that more fine-grained speech features from these tasks

might reflect subtle cognitive changes.13,14 For example,

semantic cluster size (the number of related words pro-

duced consecutively within a subcategory) and semantic

cluster switches (transitions between different semantic

subcategories) from SVF may reflect semantic memory

retrieval and executive control, respectively.13 With

advancements in automatic speech recognition and

natural language processing technologies, it has become

possible to not only analyze these semantic features but

also extract acoustic features, such as the timing and

pacing of verbal output.15–19 Evidence indicated that com-

bining acoustic and semantic features with task scores was

effective in achieving higher classification accuracy for

machine learning classifiers trained for separating
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participants with SCD and MCI/dementia, compared to

using task scores alone.20,21

While previous research has explored associations

between digital speech features and gold-standard AD bio-

markers, such as Aβ status and p-Tau levels,22,23 critical

gaps remain. For instance, one study employed an artificial

intelligence text-pair evaluation model to analyze story

recall tasks, demonstrating that speech-based assessments

offer an accessible and scalable method for screening

MCI and Aβ positivity.23 However, limited work has inves-

tigated how digital speech features correlate with AD

staging markers like brain atrophy or with longitudinal cog-

nitive changes.

Brain atrophy, assessed through structural MRI, is a key

staging marker of AD24 and a promising candidate for inves-

tigating associations with digital speech features in early AD.

Brain atrophy can be detected up to three years before diag-

nosis, even in the absence of overt cognitive symptoms.25

AD-related atrophy often affects brain regions associated

with cognitive functions essential to speech-based cognitive

assessments, including memory, executive function, and

semantic retrieval.26–29 For example, decreases in gray

matter (GM) in the hippocampus, parahippocampal gyrus,

and basal forebrain are closely linked to different types of

memory impairment commonly seen in the AD spec-

trum.26,27 The anterior cingulate cortex (ACC) is crucial

for executive function, and its atrophy in AD is well-

documented.28 Moreover, the middle and inferior temporal

gyri, which are involved in semantic retrieval, may show

atrophy and have been associated with future progression

to AD dementia in non-demented individuals.29

In this study, we aimed to bridge these research gaps by

examining the association between speech-based features

derived from remote phone-based cognitive assessments

and MRI-based brain measures, as well as longitudinal cog-

nitive trajectories. Using data from the ongoing

Prospect-AD study,30 we analyzed digital speech features

from SVF and VLT delayed recall to test three hypotheses:

In pre-dementia AD stages, digital speech features are asso-

ciated with (1) task-related regional brain volumes, (2)

atrophy rate in these regions, and (3) domain-specific longi-

tudinal cognitive trajectories. Establishing these associa-

tions could potentially enhance the clinical value of

remote AD-risk assessment tools, aiding in the more effi-

cient allocation of clinical resources.

Methods

Study design

Prospect-AD is a longitudinal, prospective observational

study designed to evaluate the efficacy of digital speech fea-

tures in early AD detection.30 It integrates remote speech

data collection into ongoing studies across Europe, includ-

ing DESCRIBE and DELCODE in Germany, which began

speech data collection in 2022. DELCODE31 and

DESCRIBE, initiated in 2014 and 2015 respectively, are

longitudinal, multicenter studies conducted by the

German Centre for Neurodegenerative Diseases (DZNE)

throughout Germany. The study protocols included clinical

assessments, neuropsychological tests, and MRI scans,

while a subset of participants underwent cerebrospinal

fluid (CSF) sampling and blood testing. Up-to-date cohort

information is available at https://www.dzne.de/en/

research/studies/clinical-studies/delcode/ and https://www.

dzne.de/en/research/studies/clinical-studies/describe/.

All data collection adhered to ethical standards for

medical research involving human participants, following

the Declaration of Helsinki and the European General

Data Protection Regulation. The German Prospect-AD

study received approval from local institutional review

boards: University Hospital Bonn (291/22), Ethics

Committee of the Technical University of Dresden

(BO-EK-263062022), University Medical Center

Goettingen (27/9/22), University of Cologne Faculty of

Medicine (22-1284), University Hospital Magdeburg

Medical Faculty (80/22), University Medical Center

Rostock (A2021-0256), and University Hospital Tuebingen

(551/2022BO2). For Charité Universitätsmedizin Berlin, no

separate approval was required, as it relied on the one from

Rostock as the lead site.

Participants

To date, 234 participants aged 50 years or older, with cog-

nitive states ranging from normal to MCI and a CDR global

score ≤0.5, have been recruited for the Prospect-AD study.

Key exclusion criteria included unstable medical condi-

tions, psychiatric disorders, and substance abuse, with full

inclusion and exclusion criteria outlined in the study proto-

col.30 All participants provided written informed consent

for speech data collection.

After exclusions (due to the lack of MRI scans, unavail-

able follow-up data, and other causes), 141 participants

with at least one qualified MRI scan were included in the

cross-sectional MRI dataset. Additionally, 102 participants

with at least two MRI scans were included in the longitudinal

MRI dataset. A separate longitudinal cognitive dataset

included 161 participants with at least two clinical visits

(Figure 1). We included the following participant groups:

Healthy controls (HC), first-degree relatives of AD, SCD,

and MCI.

Diagnosis and clinical assessment

Diagnoses of participants were made by local clinicians.

HC were defined as individuals without cognitive com-

plaints, showing no signs of cognitive impairment on cog-

nitive assessments, and without diagnosed neurological or
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psychiatric conditions. First-degree relatives of AD were

required to be cognitively normal but had at least one

family member with a confirmed AD diagnosis. The criteria

for SCD followed the consensus of the SCD Initiative

Working Group, defining SCD as a self-reported, ongoing

cognitive decline lasting at least six months without object-

ive cognitive impairment and unrelated to sudden life

events.32 MCI (amnestic and non-amnestic) and AD

dementia were diagnosed according to the National

Institute on Aging-Alzheimer’s Association (NIA-AA)

guidelines.33,34 After reviewing neuropsychological test

results and available amyloid status, first-degree relatives

of AD patients were grouped with cognitively healthy indi-

viduals to form the HC group in our dataset.

Each participant underwent a standardized assessment

based on the criteria established for the DELCODE and

DESCRIBE cohorts,30,31 including psychiatric and neuro-

logical evaluations, clinical history, and questionnaires

assessing disease severity and daily functioning. Both

cohorts followed an annual follow-up schedule to collect

clinical, neuropsychological, and MRI data. A comprehen-

sive battery of neuropsychological tests was administered at

each visit.30 For our analysis, we used the Mini-Mental

State Examination (MMSE)35 and the Preclinical

Alzheimer Cognitive Composite 5 (PACC5)36 to assess

general cognitive performance, the latter being available

only in the DELCODE cohort. We also included

paper-pencil-based SVF (animal category) and 10-word

list learning (WLL) delayed recall to evaluate semantic

and episodic memory, respectively.

Imaging acquisition and preprocessing

All structural MRI scans were acquired using Siemens 3T

MRI scanners with harmonized study procedures and a stan-

dardized acquisition protocol across all sites.31 The central

DZNE imaging team performed quality checks on all scans

to ensure compliance with study standards. Structural

MRI data were preprocessed using Statistical Parametric

Mapping (SPM12, revision 7487) and the CAT12 toolbox

with DARTEL registration implemented in MATLAB

(R2020a).37 For cross-sectional analyses, we selected the

most recent MRI scans for each participant that were closest

in time to the Mili assessment. A total of 141 MRI scans

were preprocessed using the CAT12 (revision 1202) general

segmentation pipeline to obtain native-space GM files.38–40

For longitudinal analyses, 553 longitudinal MRI scans were

preprocessed using the CAT12.8 (revision 1872) longitudinal

segmentation pipeline, optimized for atrophy detection to

enhance measurement accuracy and reduce bias.37,40 All seg-

mented GM files underwent CAT12 sample homogeneity

checks and outlier detection, with flagged images visually

inspected for quality assurance before inclusion in the analysis.

We estimated regional GM volumes for 48 cortical

and 4 subcortical regions per hemisphere using the

Figure 1. Data overview of the ongoing prospect-AD study.
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Harvard-Oxford atlas with a probability threshold of 0.5.

An additional basal forebrain (BF) mask was applied to

extract BF volumes.41 Regional volumes were adjusted

to individual baseline total intracranial volume (TIV) to

correct for head size differences.40,42

Individual annual GM atrophy rate was estimated using

voxel-wise difference maps with the ImCalc toolbox in

SPM12, using the formula: ΔGMvolume= (GMbaseline–

GMlatest/(tlatest–tbaseline).
43 GMbaseline and GMlatest represent

the first and last available follow-up scan per participant,

and (tlatest–tbaseline) is the time interval between scans. For

voxel-based morphometry (VBM) analyses, baseline GM

images and difference maps were smoothed with an 8 mm

Gaussian kernel.

Mili assessment and speech data processing

Speech data were collected through six automated phone-

based assessments over 15 months, with calls scheduled

every 3 months. The phonebot ‘Mili’ automatically called

and guided participants through verbal-based tasks, includ-

ing immediate verbal learning encoding (VLT, 15 words),

semantic verbal fluency (SVF, animal category), narrative

storytelling, and verbal learning delayed recall, respect-

ively.30 Our analyses focused on speech features from the

first Mili assessment (hereafter referred to as ‘Mili’).

Speech recordings from both SVF and VLT underwent

automated processing using the proprietary SIGMA

speech analysis pipeline developed by ki:elements.44,45

The SIGMA pipeline includes automatic speech recogni-

tion, which is optimized for German and integrated with a

local language corpus to transcribe verbal responses and

extract semantic and task-related features, such as word fre-

quency and correct counts. High agreement was observed

between automated and manual SVF transcriptions in

German, particularly for word count, which also showed

strong discrimination between cognitively impaired and

unimpaired individuals.44 In parallel, voice analysis of the

original audio is used to derive acoustic features, including

measures like temporal cluster switches, based on intra-

word pause durations. A composite cognitive score (SB-C

score) and sub-domain scores were automatically computed

from these speech features.45 The workflow of the speech

data processing was described in the previous report,45

and a full list of features derived from SVF and VLT

delayed recall is detailed in Supplemental Table 1.

Selection of variables of interest

Regions of interest for volumetry. Relevant regional volumes

were combined into larger regions of interest (ROIs) based

on their functional roles in cognitive tasks. This included

regions involved in language processing,46,47 executive

speed and working memory, BF (memory and

attention),27,48 and hippocampus and parahippocampus

(episodic memory). Regions associated with semantic

memory retrieval49 were selected for the SVF features ana-

lyses, while regions involved in episodic memory were

chosen for VLT delayed recall features analyses (Table 1).

Speech features. We selected Global cognition and task

correct response metrics, including SB-C cognition score,

SVF correct count, and VLT delayed recall count.20,21,45

Fine-grained features were chosen based on prior evidence

and their ability to detect subtle underlying cognitive pro-

cessing. From SVF, we included semantic cluster size and

switch counts due to their established associations with

semantic memory and executive function.13 Word fre-

quency was added given its relevance to early word-finding

difficulties.4 For the VLT task, serial cluster size was

selected to capture sequential recall patterns linked to epi-

sodic memory organization.50 To complement semantic

features, we also incorporated temporal cluster size and

switch counts, as prior work suggests that combining tem-

poral and semantic information helps investigate exploit-

ation and exploration patterns, which serve as indicators

for semantic memory retrieval and executive control pro-

cesses.18 Detailed feature descriptions and their cognitive

associations are provided in Table 2.

Statistical analysis

Linear regression and linear mixed-effect models were con-

ducted in R (v4.1.3) accessed via RStudio, using the lm base

function and the lmerTest package, respectively. The false

discovery rate (FDR) was controlled using the

Benjamini-Hochberg procedure to correct for multiple com-

parisons (pFDR < 0.05). VBM analyses were performed

using SPM12 (revision 7487) in MATLAB (R2020a),

with FDR correction applied. For all analyses, sex, diagno-

sis, and scan sites were treated as dummy variables, with

female, HC, and one site as the reference categories.

Hypothesis-driven analyses. We used linear regression

models to test associations between ROI GM volumes

and digital speech features in the cross-sectional MRI

dataset. The models controlled for sex, age, education

years, diagnosis at the scan, scan site, and the time gap

between the MRI scan and Mili assessment. Regression

model assumptions were assessed using standard diagnostic

procedures. Box-Cox transformations were applied to the

dependent variables to improve model fit when violations

were detected. Linear mixed effects models were used to

examine the associations between digital speech features

and brain atrophy/cognitive decline over time in the longi-

tudinal datasets. Fixed effects included speech features,

follow-up years, sex, age, education years, diagnosis, the

time gap in years between the baseline scan/cognitive
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tests and Mili (time gap), the interaction between diagnosis

and follow-up years, and the interaction between speech

features and follow-up years. For longitudinal MRI ana-

lysis, we also controlled for scan sites. Models included

random intercepts and slopes51 over time nested within par-

ticipants, with the default unstructured covariance matrix.

Model assumptions were visually inspected and confirmed

to be adequately met. As a sensitivity analysis, we repeated

all longitudinal models, excluding MCI participants, to

assess potential bias related to follow-up time differences

across diagnostic groups.

Data visualizations and model summaries were gener-

ated using the ‘ggplot2’ and ‘sjPlot’ packages.

Data-driven analyses. To further investigate the association

between digital speech features and local atrophy, we per-

formed cross-sectional and longitudinal VBM analyses on

modulated, normalized, and smoothed baseline GM

images and difference maps. We conducted multiple

linear regression models controlled for sex, age, education

years, diagnosis, TIV, and time gap. One-sample t-tests

were applied to assess positive associations between GM

volumes and digital features, with a negative association

expected for SVF ‘Word frequency’ and ‘Semantic cluster

switches’. Results were thresholded at pFDR < 0.05 and

visualized using the bspmView toolbox, with an extent

threshold k set at > 50 voxels. A liberal threshold (uncor-

rected p < 0.001) was also considered when no significant

clusters emerged after multiple comparison correction, as

recommended to balance Type I and Type II error control.52

Results

Descriptive statistics

In the cross-sectional dataset, participants’ ages at the scans

ranged from 55 to 88 years (mean age= 72.6± 6.4 years).

The median time gap between the latest scan and the phone-

based assessment with Mili was 1.5 years (range: −1.0–9.0

years), with no significant difference across diagnostic

groups (Table 3). Baseline TIV-adjusted brain volumes and

digital speech feature performance are shown in

Supplemental Tables 2 and 3. Participants in the longitudinal

MRI dataset had a median of 5 follow-up scans (range: 1–8),

with significant differences observed between diagnostic

groups (MCI <HC, p= 0.015; SCD<HC, p= 0.008).

Participants in the longitudinal cognitive dataset had a

median follow-up duration of 5 years (range: 1–8 years),

with significant differences observed between diagnostic

groups (MCI<SCD<HC, p<0.01). The MCI group also

had fewer females compared to the other groups.

Demographic information and values of digital speech fea-

tures for both the longitudinal MRI and cognitive datasets

are provided in Supplemental Tables 4–7.

Cross-sectional analyses

ROI-based analyses. Adjusted GM volumes of the ACC

were log-transformed (λ≈ 0), while hippocampal and para-

hippocampal volumes were squared (λ≈ 2). After trans-

formation, all models met the assumptions of linear

regression. We did not find any significant associations

between digital speech features and ROI volumes at

the pFDR < 0.05 level. The complete results with uncorrected

p-values can be found in Supplemental Table 8.

Voxel-based morphometry analyses. No clusters survived

multiple comparison correction (all pFDR > 0.05).

However, associations were identified at an uncorrected

voxel-wise threshold of p < 0.001. GM volume was asso-

ciated with several digital speech features, including

SB-C cognition score, SVF correct count, and SVF word

frequency. In regions such as the bilateral hippocampus,

Table 1. Regions of interest (ROIs) analyzed for different digital speech features.

Function Region Hemisphere

Relevant cognitive measure

SVF
features

VLT delayed
recall features

Task correct
replies

Global
cognitive score

Language
processing

Inferior frontal gyrus (Broca’s area) Left ✓ ✓ ✓ ✓

Posterior superior temporal gyrus
(Wernicke’s area)

Left ✓ ✓ ✓ ✓

Inferior parietal lobule Left ✓ ✓ ✓ ✓

Executive
function

Dorsolateral prefrontal cortex
(DLPFC)

Bilateral ✓ ✓ ✓ ✓

Anterior cingulate cortex (ACC) Bilateral ✓ ✓ ✓ ✓

Memory Basal forebrain (BF) Bilateral ✓ ✓ ✓ ✓

Semantic
memory

Middle temporal gyrus (MTG) Left ✓ ✓ ✓

Inferior temporal gyrus (ITG) Left ✓ ✓ ✓

Episodic
memory

Hippocampus Bilateral ✓ ✓ ✓

Parahippocampal gyrus Bilateral ✓ ✓ ✓

Li et al. 159



inferior frontal gyrus, superior and middle temporal gyri,

fusiform gyrus, and insula (Figure 2). In contrast, SVF

semantic cluster size, SVF temporal cluster size, and VLT

delayed recall temporal cluster switches did not exhibit sig-

nificant associations with any brain regions (Supplemental

Table 9).

Longitudinal analyses

ROI-based analyses. Focusing on the interaction between

digital speech features and follow-up years, we found that

higher SB-C scores were significantly associated with

slower atrophy of the bilateral hippocampus, parahippo-

campal gyrus, ACC, and left MTG and IFG (Figure 3;

Supplemental Table 10). Higher SVF correct counts were

significantly associated with slower atrophy rate in the

bilateral hippocampus (B= 0.001, [95% CI 0.0005,

0.002], pFDR= 0.01), parahippocampal gyrus (0.002,

[0.0006, 0.0025], pFDR= 0.01), ACC (0.002,

[0.001, 0.003], pFDR= 0.003), left MTG (0.001, [0.0003,

0.002], pFDR= 0.02), left ITG (0.001, [0.0004, 0.002],

pFDR= 0.01), and left posterior superior temporal gyrus

(0.0002, [0.00002, 0.0003], pFDR= 0.05). Higher VLT

delayed recall correct counts were associated with a

slower atrophy in the bilateral hippocampus (0.003,

[0.001, 0.005], pFDR= 0.01), parahippocampal gyrus

(0.002, [0.001, 0.004], pFDR= 0.03), left MTG (0.002,

[0.001, 0.004], pFDR= 0.02), and left ITG (0.002, [0.001,

0.003], pFDR= 0.02). In addition, SVF word frequency

was associated with atrophy rate in the bilateral ACC

(−0.043, [−0.071, −0.016], pFDR= 0.03). No speech

markers were associated with longitudinal atrophy in the

left inferior frontal gyrus and inferior parietal lobule,

DLPFC, or BF. The interaction effects of speech features

and follow-up time on regional brain volumes are visualized

in Supplemental Figure 1 and detailed in Supplemental

Table 10. The sensitivity analysis excluding MCI partici-

pants remained largely consistent with the primary ana-

lyses, with no substantial changes in the significance or

direction of the associations.

Voxel-based morphometry analyses. In the complementary

VBM regression analyses, no associations survived at the

pFDR < 0.05 level. When applying an uncorrected threshold

of p < 0.001, we observed significant associations between

SVF features and GM volume changes over time in

voxels located in areas such as the fusiform gyrus, inferior

frontal gyrus, precuneus, and ACC. VLT delayed recall fea-

tures were significantly associated with changes in volumes

in the right precuneus, inferior frontal gyrus, and middle

temporal gyrus. Further associations were observed with

SVF semantic cluster switches, SVF temporal cluster

Table 2. Speech features for analyses and their descriptions.

Category Features Description Functional interpretation

global cognition SB-C Cognition
score45

A composite score derived from over 50
automatically extracted speech features
from SVF and VLT.

Serves as a global cognitive performance marker,
reflecting learning and memory, executive
function, and processing speed.

Task score SVF correct
count

The total number of animal names correctly
produced in one minute.

Assesses lexical retrieval, semantic memory
access, and executive function.

VLT delayed
recall

Number of correctly remembered words in
the delayed recall trial.

Assesses encoding efficiency and episodic
memory.

SVF features Word
frequency

Average frequency of produced animal names
based on a German corpus.

Reflects lexical accessibility; lower frequency may
suggest richer lexical retrieval.

Semantic
cluster size

Average number of semantically related
words produced consecutively in a
subcategory (e.g., farm animals).

Reflects semantic memory and lexical retrieval
processes.

Semantic
cluster
switches

The total number of switches between
semantic subcategories (n_clusters - 1).

Reflects executive functions (flexibility, strategy
and attention control).

Temporal
cluster size

Average size of word groups produced in
rapid succession (based on pauses).

Reflects automatic lexical access and semantic
memory strength, exploitation.

Temporal
cluster
switches

Number of transitions between temporal
clusters (n_clusters - 1).

Reflects executive functions (cognitive flexibility,
strategic search, inhibition), exploration.

VLT delayed
recall
features

Serial clusters Average size of word sequences recalled in
original learning order.

Reflects passive manner of encoding strategy.

Temporal
cluster size

Average size of word groups produced in
rapid succession (based on pauses).

Reflects episode memory retrieval process and
exploitation strategy.

Temporal
cluster
switches

Number of transitions between temporal
clusters (n_clusters - 1).

Reflects retrieval search strategies (more switches
= less organized retrieval).
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switches, SVF temporal cluster size, and VLT delayed

recall temporal cluster switches in regions including

the left MTG, ACC, and parahippocampal gyrus

(Supplemental Table 11).

Analysis of cognitive decline

Higher SB-C cognition scores (pFDR<0.01), SVF correct

counts (pFDR<0.01), and VLT delayed recall performance

(pFDR<0.001) were significantly associated with slower cog-

nitive decline on paper-pencil-based PACC5, SVF, and WLL

delayed recall. (Figure 4; Supplemental Table 12).

For the automated SVF task, participants who used less

frequent words experienced slower cognitive decline, as

measured by paper-pencil-based PACC5 score (−0.09,

[−0.16, −0.02], pFDR= 0.03) and WLL delayed recall

(−0.29, [−0.46, −0.13], pFDR= 0.003). More frequent tem-

poral cluster switches were associated with slower cognitive

decline, significantly shown on traditional WLL delayed

recall (0.03, [0.01, 0.05], pFDR= 0.05). In contrast, features

‘Semantic cluster size’, ‘Temporal cluster size’, and

‘Semantic cluster switches’ did not show significant inter-

action effects on any of the cognitive assessment scores.

For the automated VLT delayed recall, participants who

exhibited more frequent temporal switches experienced

slower cognitive decline as measured by MMSE (0.03,

[0.002, 0.05], pFDR= 0.04), PACC5 (0.02, [0.01, 0.03],

pFDR= 0.002), and WLL delayed recall (0.04, [0.01,

0.07], pFDR= 0.01). We did not find any significant associa-

tions between paper-pencil-based cognitive trajectories and

the features ‘Serial cluster size’ and ‘Temporal cluster size’.

All interaction effects of speech features and follow-up time

on cognitive scores are visualized in Supplemental Figure 2

and detailed in Supplemental Table 12. The sensitivity ana-

lysis excluding MCI participants remained largely consist-

ent with the primary analyses, with no substantial changes

in the significance or direction of the associations.

Discussion

In this study, we explored whether digital speech features

from remote SVF and VLT delayed recall could reflect

brain atrophy and cognitive decline in the very early

stages of AD. Our findings show that the automatically cal-

culated SB-C cognition score, along with correct count

measures from both tasks (SVF and VLT delayed recall),

showed trends of association with cross-sectional brain

volumes in regions related to early AD brain pathology.

These features were also associated with regional brain

atrophy and cognitive trajectories over time. Notably, tem-

poral cluster switches and word frequency emerged as sec-

ondary markers of brain regional atrophy and cognitive

trajectories. Semantic features showed limited associations.

Together, these results highlight the potential of auto-

mated speech-based features, especially the composite

score and word counts, as early indicators of brain structural

and cognitive changes.

Association between digital speech features and

volumes of relevant brain regions

We first hypothesized that digital speech features would be

associated with MRI-based volumes of relevant brain

regions. VBM analyses partially supported this. The SB-C

score showed trend-level associations with bilateral hippo-

campal volumes in both uncorrected ROI and VBM ana-

lyses. This finding aligns with prior research reporting

associations between composite cognitive scores and hip-

pocampal volume, although such studies have typically

used global scores derived from traditional

paper-and-pencil assessments.53,54 As the SB-C score is

an automatically calculated digital measure, it highlights

its potential utility for scalable and remote cognitive assess-

ment. Additionally, speech features showed associations

with the fusiform gyrus and temporal gyri in exploratory

analyses. These regions are known to undergo atrophy

early in the AD continuum, as supported by a previous

study.25

While these preliminary findings point to the potential of

automated digital assessments in reflecting early structural

brain changes, they should be interpreted with caution.

Notably, effects were observed in uncorrected VBM but

not in ROI analyses and did not survive multiple compari-

son correction. The distinction likely reflects both methodo-

logical and statistical considerations. First, the voxel-based

approach may offer greater sensitivity to subtle or localized

Table 3. Demographic information of participants in the cross-sectional MRI dataset.

Mean (SD)
Overall HC SCD MCI ANOVA
(N= 141) (N= 32) (N= 79) (N= 30) p

Age at scan 72.6 (6.4) 73.7 (6.0) 71.6 (6.5) 74.1 (6.3) 0.113
Median [Min, Max] 71.9 [55.4, 87.8] 71.7 [60.8, 85.2] 71.9 [55.4, 87.8] 76.2 [58.6, 84.6]
Sex (f, %) 78 (55.3%) 24 (75.0%) 40 (50.6%) 14 (46.7%) χ²(2)= 6.6, p= .036*; post hoc n.s.
Education (y) 14.9 (2.8) 14.8 (2.6) 15.2 (2.8) 14.6 (2.9) 0.547
Time gap (y) 1.5 (1.8) 2.0 (2.4) 1.5 (1.7) 1.2 (1.3) 0.238
Median [Min, Max] 1.0 [−1.0, 9.0] 1.0 [0.0, 9.0] 1.1 [−0.1, 8.0] 1.0 [−1.0, 4.9]

*p< 0.05 **p< 0.01 ***p< 0.001.
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changes, which could be missed in the more predefined ROI

approach.55 Especially when identifying very early-stage

changes that might be spatially restricted and localized to

some subregions within larger brain areas. Additionally,

conservative thresholds in VBM analysis, while minim-

izing Type I errors, may limit the detection of subtle

effects, increasing the likelihood of Type II errors.52 In

cross-sectional studies, a liberal threshold might still

detect meaningful effects when supported by replication

and meta-analysis evidence.52 Therefore, with further

validation across cohorts, digital speech assessment

may become a useful component of early-AD identifica-

tion strategies.

Association between digital speech features and

atrophy rate of relevant brain regions

Our results provide partial evidence for associations

between digital speech features and brain atrophy rates.

Higher composite scores and word counts were signifi-

cantly associated with slower atrophy rates across multiple

regions involved in different cognitive processes,26,28,49

including the hippocampus and parahippocampal gyrus.

These findings complement our cross-sectional results and

align with prior work highlighting hippocampal atrophy

as an AD staging marker for both episodic memory and

lexical-semantic processing.56

Among fine-grained features, only SVF word frequency

was associated with ACC atrophy rate, though the associ-

ation was modest. Smaller associations were also observed

for the SB-C score and SVF correct counts with ACC

atrophy, which may reflect the difficulty of using digital

speech features to capture subtle changes in the ACC. This

may be because ACC atrophy typically appears later in AD

progression and shows greater loss in individuals with

MCI who eventually progress to AD.25,57 Other prefrontal

regions may follow a similar trajectory, which could

explain the lack of significant associations with additional

speech features at these very early disease stages.25 Given

that our participants were in the very early stages of AD,

with only 21% diagnosed with MCI, these later-stage

atrophy patterns may not have been captured. Furthermore,

data-driven analyses did not show any significant results

after FDR correction, likely due to limitations in estimating

atrophy rates using only two scans per participant, reducing

the statistical robustness provided by mixed-effects models,

where up to nine scans per participant were included.

These results suggest that overall performance on digital

assessments may be more reflective of atrophy rates in

Figure 2. VBM-based associations between digital speech features and regional GM volumes.
Images are displayed in coronal view (neurological convention: left= left hemisphere). Statistically significant voxels (uncorrected p<
0.001) are overlaid on the MNI152 brain template. All models controlled for age, sex, education, TIV, scan site, time gap between MRI
and speech assessment, and diagnosis.
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early-affected medial temporal regions than in later-

vulnerable frontal areas, despite the latter’s key role in lan-

guage processing. As a longitudinal speech dataset is devel-

oped in our Prospect-AD study, future studies can refine

these associations and assess their utility for monitoring

atrophy progression through parallel longitudinal analyses.

Association between digital speech features and

cognitive trajectories

We thirdly hypothesized that digital speech features would

be associated with cognitive trajectories, which

was partially supported. The SB-C cognition score, SVF

correct count, and VLT delayed recall demonstrated

significant associations with cognitive trajectories in

paper-and-pencil-based PACC5, SVF, and WLL delayed

recall outcomes. PACC5, as a widely used cognitive com-

posite score for detecting early cognitive decline,36

showed a significant relationship with the SB-C score, sug-

gesting that the digital composite score may offer

comparable sensitivity to traditional neuropsychological

measures. These findings also extend prior work11,12,20,21

by demonstrating that automated digital scores not only

align with paper-and-pencil-based measures at a single

time point but also track cognitive trajectories over time,

highlighting the potential of digital assessments as a

remote approach for detecting cognitive decline.

In contrast, only one significant association was found

between the MMSE trajectory and VLT delayed recall tem-

poral cluster switches. This contrasts with previous

cross-sectional findings from a Dutch cohort that reported

a significant correlation between the SB-C cognition score

and MMSE score (r= 0.54, p < 0.001, d= 1.28).45 This dis-

crepancy may be due to differences in sample composition.

Notably, the Dutch cohort included a higher proportion of

participants with MCI and dementia (49% of the sample),

whereas we had only 20% with MCI. This contrast may

also underscore the limitations of the MMSE as a

stand-alone tool for detecting early-stage cognitive

decline.35 Ceiling effects58 and limited score variability in

our SCD-predominant sample may have contributed, as

reflected in the narrow distribution and relatively stable

individual trajectories observed over time.

Figure 3. ROI-based associations between regional brain atrophy rate and SB-C cognition score.
Predicted regional brain volumes (y-axis) were derived from linear mixed-effects models adjusted for age, sex, education, diagnosis,
scan site, and the time gap between baseline MRI and speech assessment. Models included random intercepts and slopes to account for
repeated measurements. Regression lines represent model-predicted atrophy trajectories over time, with shaded ribbons indicating
95% confidence intervals. For visualization purposes, SB-C scores were divided into tertiles (low, middle, high) based on their
distribution, with the 33rd and 67th percentiles as the cutoff points. The regression lines illustrate atrophy trajectories for each tertile
group.
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Among the fine-grained features, only word frequency

and temporal cluster switches were associated with cogni-

tive changes. Word frequency may reflect increased reli-

ance on high-frequency, familiar words as semantic

memory begins to decline, a pattern seen in early AD.4

This feature may therefore act as a subtle marker of com-

pensatory strategies in cognitive processing, with previous

studies suggesting that word frequency reflects episodic

recognition rather than just semantic-lexical processing.59

Temporal features, which may reflect executive control

and processing speed, have shown diagnostic value and cor-

relations with cognitive profiles in SVF tasks.18,19

However, research on these pause-oriented features in the

VLT remains limited, replication in future studies is essen-

tial before concluding their reliability and utility in this

context.

Figure 4. Associations between longitudinal cognitive trajectories via traditional neurocognitive assessments and digital speech
features.
Predicted cognitive scores (y-axis) are derived from linear mixed-effects models adjusted for age, sex, education years, diagnosis, and
the time gap between baseline neurocognitive testing and speech assessment. Models included random intercepts and slopes to account
for repeated measurements. Regression lines represent model-predicted cognitive trajectories, with shaded ribbons indicating 95%
confidence intervals. For visualization purposes, the values of digital speech features were divided into tertiles (low, middle, high) based
on their distribution, with the 33rd and 67th percentiles as the cutoff points. The regression lines illustrate atrophy trajectories for each
tertile group.
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From a practical standpoint, automated speech-based

measures offer key advantages over traditional testing.

While individual digital scores like SVF and VLT

delayed recall correct counts may still be affected by prac-

tice effects, the SB-C score appears more robust to such

biases. As an integrative measure derived from multiple

automatically extracted features, SB-C captures cognitive

performance with greater nuance. Its automated, multidi-

mensional design allows for a more refined and potentially

more stable representation of cognitive change over time

compared to traditional assessments.

Strengths and limitations

A key strength of our study is its use of fully automated and

remote assessments to explore the associations between

speech patterns and brain atrophy. We employed a compre-

hensive approach that included both ROI-based and

voxel-wise analyses of GM volume conducted through

cross-sectional and longitudinal methods. Additionally,

our focus on longitudinal trajectories of cognitive scores

from established neuropsychological tests provides insights

into the discovered relationship between cognitive decline

and speech features in individuals at pre-dementia stages,

addressing a gap in prior studies, which have largely

relied on cross-sectional data.

A key limitation of this study relates to its procedural

design. As an add-on to existing cohorts, MRI scans and

speech assessments were not conducted within a short time

frame, which may have biased observed associations, poten-

tially obscuring links between semantic features and regions

involved in semantic processing.60 In an upcoming cohort,

we will have the opportunity to align speech collection

more closely with clinical visits. Furthermore, the cohorts

had different recruitment timelines and focuses, contributing

to an imbalance in diagnostic group sizes and follow-up dura-

tions. Although we conducted longitudinal sensitivity ana-

lyses excluding MCI participants, potential bias from

varying follow-up periods or missing data remains.

Additionally, while Aβ status is known to influence cognitive

performance,61,62 limited availability in our datasets (e.g., n=

2 in the cross-sectional dataset) prevented us from examining

it as a mediator. Lastly, since current digital speech features

were captured from standard cognitive tasks based on

word-response, they may not fully capture more natural

speech patterns or identify richer indicators.5,63 Future

work will explore spontaneous speech tasks to identify

more sensitive indicators of early AD-related changes.

Conclusion

Speech features from remote SVF and VLT delayed recall,

along with the digital global cognition score, showed poten-

tial for detecting early signs of brain atrophy and longitu-

dinal cognitive changes across multiple domains. Our

findings motivate further research on digital speech features

related to cognitive ability and brain atrophy in the at-risk

stage of AD. Continued development and validation of

these features could enhance their utility in early AD detec-

tion and contribute to scalable and cost-effective identifica-

tion tools for at-risk populations.
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