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Abstract 
Amyloid-β (Aβ) pathology can be detected years before clinical Alzheimer’s 
disease (AD), yet forecasting who will decline—and how rapidly—remains dif-
ficult in cognitively unimpaired (CU) and subjective cognitive decline (SCD) 
populations. Resting-state fMRI connectome gradients provide a low-dimen-
sional description of macroscale cortical hierarchy, typically spanning uni-
modal systems to transmodal association cortex anchored in the default mode 
network (DMN). Alterations in gradient range, dispersion, and template sim-
ilarity have been reported across the AD continuum and are increasingly de-
scribed in preclinical Aβ+ cohorts. In parallel, spontaneous speech has emerged 
as a scalable digital phenotype: acoustic timing and pausing can be captured 
remotely and repeatedly, extracted automatically without manual transcrip-
tion, and tracked longitudinally with minimal practice effects. This narrative 
review synthesizes: 1) why gradient-based hierarchy metrics are biologically 
plausible early functional readouts of preclinical AD, 2) the emerging evidence 
for atypical hierarchy in CU/SCD Aβ+ individuals, 3) the speech feature fam-
ilies most suitable for scalable early detection and prognosis—emphasizing 
timing/pause measures—and 4) practical standards for longitudinal models 
predicting cognitive decline slope and conversion to mild cognitive impair-
ment (MCI). We conclude that gradients and speech—especially transcrip-
tion-free timing markers—are complementary and potentially synergistic, but 
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translation requires rigorous confound control (motion, hearing, affect, device 
variability), transparent reporting, calibration, and external validation. 
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Alzheimer’s Disease, Default Mode Network (DMN), Digital Biomarkers, 
Spontaneous Speech, Resting-State fMRI 

 

1. Introduction: The Preclinical Detection and Prognosis 
Gap 

Biomarker advances have moved AD toward a biological definition and enabled 
identification of Aβ positivity well before objective impairment [1] [2]. In this re-
view, we use “preclinical AD” within an AT(N)-style biomarker framework, where 
amyloid-β defines A, tau defines T, and neurodegeneration indexes downstream 
injury (N) [1] [2]. However, Aβ positivity alone does not uniquely determine near-
term trajectories; clinical progression depends strongly on co-pathology (notably 
tau), resilience, and comorbidities [1]. Tau burden and topography may therefore 
modify the magnitude and clinical relevance of functional reorganization: hierar-
chy metrics and speech timing may show stronger deviations and tighter links to 
decline in Aβ+ individuals who are also tau-positive, whereas Aβ+ but tau-nega-
tive individuals may exhibit subtler or less prognostically informative changes. 
Standard neuropsychological tests can have limited sensitivity in CU cohorts, and 
repeated testing is affected by ceiling and practice effects, even when composites 
are used [3]. This motivates scalable markers that: 1) reflect distributed brain-sys-
tem organization and 2) can be measured frequently and remotely. 

This review focuses on two candidates with growing empirical traction: 
1) Connectome gradients from rs-fMRI, which represent macroscale cortical hi-

erarchy as continuous axes [4]-[6]. 
2) Spontaneous speech, especially timing and pause structure, which can be col-

lected remotely at scale and tracked longitudinally [7]-[16]. 
An important theme is neurofunctional validation: linking speech features to 

interpretable hierarchy metrics may strengthen construct validity and improve gen-
eralizability. 

To make the narrative synthesis more transparent and reproducible, we briefly 
summarize our scope and how evidence was selected. 

Scope and selection. This is a narrative (not systematic) review. Studies were 
identified via targeted searches in PubMed and Google Scholar (last updated: Feb, 
2026) using combinations of terms including “connectome gradient”, “functional 
gradient”, “cortical hierarchy”, “default mode network”, “Alzheimer*”, “preclin-
ical”, “cognitively unimpaired”, “subjective cognitive decline”, “amyloid”, “tau”, 
“spontaneous/connected speech”, “acoustic”, “pause”, and “remote/telephone/ 
smartphone”. We prioritized: 1) rs-fMRI gradient studies spanning the AD con-
tinuum with clearly described cohorts (biomarker-anchored when available) and 
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2) speech studies emphasizing timing/pause measures suitable for remote, re-
peated capture. We treat biomarker-anchored preclinical evidence, genetic-risk-
only evidence, and symptomatic AD/MCI evidence as distinct tiers when interpret-
ing claims. 

2. Connectome Gradients and Cortical Hierarchy: What They 
Measure and Why They May Be Early-Sensitive 

2.1. The Unimodal-to-Transmodal Axis 

Gradient mapping embeds cortical regions based on similarity of their functional 
connectivity profiles, yielding low-dimensional axes. The principal gradient com-
monly spans unimodal sensory-motor cortex to transmodal association cortex, with 
DMN regions near the transmodal apex [4] [5] [17]-[24]. This organization is rel-
evant to preclinical AD because Aβ burden and network vulnerability concentrate 
in association cortex and DMN-centered hubs [24]. 

2.2. Prediction-Friendly Gradient Summaries 

For preclinical screening/prognosis, gradient analyses often reduce complexity into 
interpretable features: 

1) Gradient range/distribution (e.g., “compression”), 
2) Network centroid shifts (DMN/control vs sensory), 
3) Dispersion in gradient space, 
4) Template similarity (“fit”) to canonical hierarchy [6]. 
Operational definitions (common practice). In practice, gradients are typically 

estimated by embedding a parcel-wise functional connectivity similarity matrix 
into a low-dimensional space and aligning individual solutions to a reference tem-
plate to enable comparison [6]. “Gradient compression” generally refers to reduced 
dynamic range or variance of gradient coordinates (often on the principal uni-
modal-to-transmodal axis), consistent with weaker separation between unimodal 
and transmodal systems. “Dispersion” summarizes the spread of regions or net-
works in gradient space (e.g., within-network dispersion or between-network 
distances), indexing how differentiated systems are along hierarchy axes. “Tem-
plate similarity/fit” quantifies how closely an individual’s gradient topography 
matches a canonical template (e.g., spatial correlation or similarity of network 
ordering along the gradient), with lower fit indicating altered hierarchical or-
ganization. 

These summaries can be integrated into longitudinal models without the dimen-
sionality burden of edge-wise connectomes. 

2.3. Methodological Prerequisites 

Gradient features inherit rs-fMRI vulnerabilities: motion and physiology can dis-
tort connectivity structure [25] [26]; reliability of FC-derived measures is variable 
[27]. Multi-site work benefits from harmonization strategies and rigorous QC re-
porting [28] [29]. 
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3. Preclinical Populations and Clinical Endpoints for 
Translation 

3.1. Populations 

Common targets include CU Aβ+ cohorts (CSF/PET/plasma-defined), SCD co-
horts, and genetically enriched groups. Prognostic heterogeneity is expected and 
should be modeled rather than treated as noise. 

3.2. Endpoints 

For clinical relevance, studies should prioritize: 
1) Cognitive decline slope (trajectory over repeated assessments), 
2) Conversion to MCI (time-to-event). Diagnostic/endpoint frameworks are of-

ten based on widely used criteria and staging tools [30]-[33]. 

4. Evidence for Atypical Hierarchy across the AD Spectrum 

To avoid over-generalizing across stages and cohort definitions, we summarize 
hierarchy findings in three tiers: symptomatic AD/MCI studies establish the plau-
sibility of hierarchy reorganization; biomarker-anchored CU/SCD evidence pro-
vides the strongest support for preclinical sensitivity; and genetic-risk-only stud-
ies suggest vulnerability signals but are not pathology-specific without biomarker 
confirmation. 

4.1. Symptomatic AD/MCI Evidence (Context and Plausibility) 

Hierarchy and network-organization differences are reported in symptomatic AD 
and MCI, motivating early-stage work and providing face validity for hierarchy-
based markers [34]. 

4.2. Biomarker-Anchored CU/SCD Aβ+ Evidence (Preclinical 
Focus) 

Biomarker-anchored preclinical studies have reported gradient properties related 
to CSF biomarker profiles and memory performance in asymptomatic at-risk co-
horts, supporting biomarker sensitivity of hierarchy metrics in the absence of overt 
impairment [35]. 

A key CU cohort study (ALFA+) combined CSF-defined Aβ status, whole-cor-
tex gradients, and telephone-recorded spontaneous speech. CU Aβ+ participants 
showed widespread gradient alterations and a “compressed” gradient distribution, 
while a higher-order hierarchy metric related specifically to speech timing measures 
rather than pitch-based measures [36]. This triangulates Aβ status → hierarchy 
reconfiguration → scalable timing behavior, even when conventional neuropsycho-
logical separation is small. 

4.3. Genetic-Risk-Only Evidence (Interpretation Limits) 

Genetic-risk-only cohorts (e.g., family history or APOE enrichment without bi-
omarker confirmation) can show gradient differences consistent with vulnerabil-
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ity, but these effects cannot be attributed to AD pathology per se without Aβ/tau 
characterization. Such evidence is therefore best used to motivate biomarker-an-
chored replication and to test whether gradients capture risk-related variability 
that precedes, and potentially interacts with, emerging AT(N) positivity [35]. 

5. Spontaneous Speech for Preclinical AD: Why 
Timing/Pause Measures Are the Pragmatic Core 

5.1. Why Speech Is a Strong Candidate for Scalable Prognosis 

Speech integrates lexical access, semantic selection, planning, working memory, 
and executive control. Crucially, it can be collected remotely, frequently, and pro-
cessed automatically, enabling within-person trajectories—an advantage for fore-
casting slope and conversion [7]-[16]. 

5.2. A “Timing-First” Feature Strategy 

For preclinical deployment, the most robust and scalable features are often tran-
scription-free: 

1) speaking time, articulation rate, speech rate, 
2) silent pause frequency/duration and pause distribution, 
3) disfluency timing patterns (filled pauses, repairs) where reliably detected. 
This strategy reduces dependency on ASR accuracy and linguistic normaliza-

tion. 
Minimal deployable remote task set. 
To translate timing-first features into scalable remote screening and longitudi-

nal follow-up, a minimal, deployable task set should elicit timing and pausing un-
der complementary cognitive demands. 

A practical minimal battery can include: 1) a picture description task to elicit 
structured discourse under planning demands and enable stable timing/pause 
quantification in widely used benchmarking contexts [13] [14]; 2) a brief autobi-
ographical prompt to increase episodic retrieval and ecological validity, where paus-
ing is mechanistically interpretable as production and retrieval load [37]; and 3) a 
short verbal fluency task (semantic or phonemic) to stress lexical retrieval and ex-
ecutive control, which is expected to manifest primarily as slowed output and 
increased pausing under retrieval pressure. Together, these tasks are feasible for 
phone/smartphone deployment and are compatible with repeated, transcription-
free acoustic timing extraction in remote protocols [38]. 

5.3. Mechanistic Grounding: Pauses, Disfluency, and Cognitive 
Load (Psycholinguistic Foundations) 

A long psycholinguistic tradition supports the interpretability of pause/disfluency 
as markers of planning, lexical retrieval difficulty, and cognitive load: 

1) Pause length relates to predictability and production demands [39]-[41]. 
2) Reviews and models emphasize pauses as windows into formulation processes 

[42] [43]. 
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3) Filled pauses (“uh/um”) have communicative and processing consequences, 
not only “noise” [44]-[49]. 

4) Disfluencies can modulate listener expectations and comprehension online 
[46] [48]. 

These foundations justify why subtle preclinical changes might appear first 
in timing/pause structure, especially under increased planning or retrieval de-
mands. 

5.4. AD/MCI-Focused Pause Evidence: From Descriptive to 
Distributional Biomarkers 

Pause-focused AD/MCI research has moved beyond mean pause duration toward 
pause distributions and multimodal pause characterization: 

1) Pauses during autobiographical discourse reflect episodic memory processes 
in early AD [37]. 

2) Pause distribution analysis has been proposed as an early marker and tested 
in connected speech contexts [50]. 

3) Acoustic pause extraction and encoding strategies enable transcription-free 
AD detection pipelines [51] [52]. 

4) Benchmarking and reviews reinforce the prominence of timing/pause features 
across datasets and languages [9]-[13]. 

5.5. Remote Speech Cohorts, Feasibility, and “Real-World” 
Deployment Constraints 

Remote speech collection (phone/smartphone/web) introduces device, codec, and 
environment variability, requiring explicit QC and reporting standards. The field 
is increasingly supported by: 

1) Protocols and cohorts designed for remote or scalable speech capture [38]. 
2) Benchmark shared tasks/datasets that enable comparability and robustness 

testing (ADReSS/ADReSSo) [13] [14]. 
3) Open repositories and standardized discourse protocols (DementiaBank/Talk-

Bank ecosystem), which facilitate reproducible feature extraction and cross-study 
comparison [53]-[59]. 

5.6. Public Datasets and Infrastructure: What Is “Available” vs 
“Deployable” 

Key resources include: 
1) TalkBank as an infrastructure for multimedia language data and tools [53]. 
2) AphasiaBank methods and resources that strongly influenced standardized 

discourse elicitation/analysis pipelines [57] [58]. 
3) DementiaBank standardized protocols and illustrative analyses for demen-

tia/MCI discourse sampling [56]. 
4) ADReSS/ADReSSo balanced benchmark datasets for dementia detection and 

related prediction tasks [13] [14]. 
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6. Neurofunctional Validation: Integrating Gradients and 
Speech 

A major limitation of speech-only models is interpretability and specificity. Link-
ing timing/pause features to interpretable hierarchy metrics can strengthen con-
struct validity and help distinguish neurobiologically meaningful signals from as-
sociations driven by education, dialect, or device artifacts. 

The CU Aβ+ gradient–speech linkage provides an initial template: hierarchy 
deviation (including reduced “fit” to canonical hierarchy) relates to speech timing 
measures more strongly than to pitch-based measures [36]. Building on this, the 
field would benefit from concrete, testable multimodal hypotheses. 

Testable multimodal hypotheses and analysis approach. First, we hypothesize 
that greater hierarchy deviation—operationalized as stronger principal-gradient 
compression and/or lower template fit—will covary with slower articulation rate 
and longer/more frequent silent pauses, consistent with reduced segregation be-
tween transmodal DMN-centered cortex and control systems supporting efficient 
planning and retrieval [4] [24] [36] [42] [43]. Second, we hypothesize that net-
work-level shifts involving DMN/control positioning in gradient space will relate 
more strongly to pause distributional features (e.g., a heavier right tail reflecting 
intermittent planning bottlenecks) than to pitch-based acoustics, aligning with 
prior evidence that hierarchy metrics preferentially track timing behavior [36] 
[50]. 

Analytically, these hypotheses can be tested using multivariable models that 
control key confounds (age, sex, education, hearing, affect, motion, and device/co-
dec proxies) and evaluate incremental value beyond demographics/APOE/base-
line cognition. In longitudinal settings, mixed-effects models and time-to-event 
models can quantify whether gradients, speech timing, and their interaction im-
prove prediction of cognitive decline slope and MCI conversion, with calibration 
and transparent reporting [60]-[71]. 

7. Longitudinal Prognosis: Modeling Cognitive Slope and 
Conversion to MCI 

7.1. Cognitive Slope 

Recommended: linear mixed-effects (or Bayesian hierarchical) models to estimate 
individual trajectories and test whether baseline gradients and speech features add 
incremental predictive value beyond demographics/APOE/baseline cognition [25]-
[29] [60]-[73]. Speech’s feasibility for high-frequency sampling is a practical ad-
vantage for slope estimation. 

7.2. Conversion to MCI 

Recommended: survival analysis (Cox or flexible parametric models) with careful 
reporting of discrimination and calibration over clinically relevant horizons [73]. 
With repeated speech, joint models can treat speech features as time-varying pre-
dictors. 
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7.3. Evaluation Standards 

Prediction work should report calibration and clinical utility (e.g., decision curve 
analysis), and follow modern reporting and bias-assessment guidance [60]-[64]. 
Avoiding leakage and optimistic bias is essential, especially with small datasets and 
extensive feature engineering [69] [70]. 

8. Confounds and Practical Recommendations (Speech 
Emphasis) 

8.1. Hearing and Affect 

Hearing loss is common in older adults and is associated with dementia risk; it can 
also directly influence speech timing via perceptual effort and social engagement 
pathways. Speech-biomarker studies should measure or adjust for hearing status 
when feasible [74]-[77]. Depression/anxiety can affect rate and pausing and should 
be assessed as covariates. 

8.2. Device/Codec/Environment Variability (Remote Speech) 

Remote pipelines should log device/codec/sample rate and include QC metrics 
(clipping, SNR proxies, speech/non-speech ratios). Timing-first features are of-
ten more robust than fine-grained voice quality metrics under compression and 
heterogeneous microphones. 

8.3. Quantity Confounding and Task Effects 

Many lexical and syntactic measures scale with output quantity and task structure; 
models should control for speech quantity and include task indicators when mul-
tiple elicitation paradigms are used. 

9. Conclusion 

Connectome gradients provide an interpretable representation of macroscale cor-
tical hierarchy relevant to preclinical AD due to the vulnerability of transmodal 
association systems and DMN-centered hubs [4] [5] [24]. Emerging evidence sug-
gests that CU Aβ+ individuals can show atypical hierarchy (including gradient com-
pression), even when neuropsychological differences are subtle [35] [36]. Sponta-
neous speech—especially transcription-free timing and pause structure—offers 
scalable remote phenotyping, is mechanistically grounded in psycholinguistic mod-
els of production and cognitive load, and has a growing dataset and benchmarking 
support [9]-[13] [37]-[59]. The key next step is rigorous longitudinal validation 
showing incremental predictive utility for cognitive slope and MCI conversion be-
yond established clinical and biomarker predictors, with calibration, net-benefit 
analyses, and external validation [60]-[71]. 
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