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Atrophy in preclinical Alzheimer’s disease maps to a network
that predicts longitudinal decline
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Brain atrophy may precede cognitive and functional impairment in Alzheimer’s disease (AD), but at this “preclinical” stage, it
remains unclear whether atrophy localizes to specific brain networks and whether such localization is associated with clinical
outcomes. We investigated cortical thickness in 1778 cognitively unimpaired (CU) older adults with amyloid-β (Aβ) PET from the A4
(Anti-Amyloid Treatment in Asymptomatic Alzheimer’s Disease) and LEARN (Longitudinal Evaluation of Amyloid Risk and
Neurodegeneration) studies, with a subset (N= 445) with tau PET. We estimated the networks disrupted by each individual’s
cortical thinning using a large normative connectome database (N= 1000), and tested whether this preclinical AD atrophy network
is associated with clinical manifestations and longitudinal cognitive (PACC) and functional (CDR) trajectories. Distinct networks
connected to atrophy patterns were associated with Aβ and regional tau in CU older adults. These networks were similar to a
previously published atrophy network for AD dementia (Aβ: r= 0.817, P= 0.006; tau: r= 0.712, P= 0.046). Atrophy connectivity to
this preclinical AD network was associated with higher Aβ and tau, independent of total cortical atrophy, and cross-sectionally with
lower cognition, greater subjective cognitive decline, and increased anxiety; longitudinally, it predicted faster cognitive and
functional decline over ~5 years. After tau adjustment, the functional-decline effect was preserved while the cognitive-slope effect
was largely attenuated. Atrophy in preclinical AD localizes to a network resembling AD dementia, and is independently associated
with AD pathologies, clinical outcomes, and longitudinal decline. Network-level neurodegeneration is detectable and clinically
informative in preclinical AD, supporting future network-based research and therapeutic development.
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INTRODUCTION
Alzheimer’s disease (AD) pathologic changes, including abnormal
accumulation of amyloid-β (Aβ) and tau, begin many years before
individuals develop cognitive and functional impairment [1]. It
remains unclear whether Aβ and tau accumulation are associated
with a distinct pattern of network-level atrophy during this
“preclinical” stage, when individuals remain cognitively unim-
paired (CU). Defining atrophy-related brain networks and clinical
manifestations in preclinical AD is critical to understanding initial
AD pathophysiology and could lead to better prediction of disease
trajectories and to novel diagnostic and treatment strategies.
Studies of atrophy in preclinical AD have yielded mixed results.

At this stage, distinguishing AD-associated atrophy from age-
related volume loss or early atrophy from other neurodegenera-
tive conditions is difficult, as atrophy emerges later than Aβ and
tau pathologies [2]. Some studies support that AD-specific cortical
thinning occurs in preclinical AD [3, 4], while others have found no
cross-sectional difference [5] or even increased cortical thickness

[6]. Methodological and technical differences across studies,
heterogeneity in the preclinical phase, and inadequate sample
size may contribute to these discrepancies [7, 8].
Mapping lesion-induced symptoms onto the functional brain

networks rather than individual brain locations has allowed the
localization of various neurologic and psychiatric symptoms [9].
Recent work suggests that this lesion network mapping technique
may be applied to neurodegenerative conditions, using atrophy as
the “lesion.” Tetreault et al. demonstrated that atrophy locations in
individual patients map to brain networks associated with clinical,
cognitive, and neuropsychiatric symptoms of AD dementia [10].
However, this atrophy network mapping (ANM) has never been
implemented in preclinical AD, and it is unclear whether the
method can detect subtle changes in cortical thickness at
this stage.
Here, we use ANM [Fig. 1] to investigate network-level

neurodegeneration and its association with pathological and
clinical manifestations in CU older adults using a large, well-
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characterized cohort from an AD prevention clinical trial in
preclinical AD [11, 12], and validate ANM by comparing it to a
previously published atrophy network for AD dementia derived
from a longitudinal, multi-center, observational study of AD [13].
We hypothesized that (1) atrophy in the preclinical stage of AD
would localize to a distinct brain network, (2) this preclinical AD
network would be similar to atrophy patterns previously
implicated in AD dementia, and (3) this preclinical AD network

would be associated with cognition, neuropsychiatric symptoms,
and longitudinal cognitive and functional decline.

METHODS AND MATERIALS
Participants
Cross-sectional and longitudinal data from cognitively unimpaired (CU)
older adults were obtained from the Anti-Amyloid Treatment in

Fig. 1 Atrophy Network Mapping (ANM). ANM was performed in the A4/LEARN dataset (N= 1778) following Tetreault et al. [10]. Briefly,
vertex-wise atrophy w-scores (z-scores adjusted for age and sex relative to the Aβ−CU normative sample) were computed for each participant
and projected through a normative functional connectome (Brain Genomics Superstruct Project, N= 1000) [32, 33] to derive participant-
specific atrophy connectivity maps. To identify network patterns associated with AD pathology, voxel-wise ANCOVA (adjusted for age and sex)
compared atrophy connectivity maps between Aβ+ and Aβ− groups, with FWE correction [31]. The analysis was repeated with continuous Aβ
SUVr to maximize statistical power, and additionally adjusting for covariates.
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Asymptomatic Alzheimer’s Disease (A4, NCT02008357) and Longitudinal
Evaluation of Amyloid Risk and Neurodegeneration (LEARN, NCT02488720)
dataset (https://ida.loni.usc.edu/login.jsp). The A4 study was a double-
blind, placebo-controlled, secondary-prevention trial of solanezumab in CU
older adults with elevated brain Amyloid-β (Aβ+); LEARN was an
observational companion study of CU older without elevated brain Aβ
(Aβ). Screening procedures are described previously [12]. Data from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) [13] (adni.loni.usc.edu)
were used to replicate the AD-dementia atrophy network published by
Tetreault et al. All studies were IRB-approved, and written consents were
obtained from all participants.

Demographics, genetic information, and clinical assessments
The A4/LEARN data included demographic information, including age, sex,
and years of education, dichotomized Apolipoprotein E ε4 (APOE4) carrier
status, and treatment group (placebo vs. solanezuma; A4 (Aβ+) group only).
Cognitive performance was assessed by the Preclinical Alzheimer Cognitive
Composite (PACC) [14, 15], and its subdomains, the Logical Memory Delayed
Recall (Logical Memory), the Mini-Mental Status Exam (MMSE), the Weschler
Adult Intelligence Scale-Revised Digit Symbol Coding (Digit Symbol), and the
Free and Cued Selective Reminding Test (FCSRT). Subjective cognitive
decline was assessed using the Cognitive Function Index (CFI), administered
individually to the participant (CFI-PT) and their study partner (CFI-SP)
[16, 17]. Global cognitive/functional status was assessed by the Clinical
Dementia Rating (CDR) [18]. CDR-Global progression event is defined as
previously described [11]. Neuropsychiatric and behavioral variables
included Anxiety (State-Trait Anxiety Inventory [STAI-6]) [19], depression
(Geriatric Depression Scale [GDS]) [20], and perception of one’s future
(Future Time Perspective Scale [FTPS]) [21], and lifetime histories of suicidal
attempts and passive death wishes. Detailed descriptions of the
assessments and ADNI variables are reported in the Supplement.

Neuroimaging acquisition and processing
3T structural MRI T1 images were processed using Freesurfer 6.0 [22].
Global cortical thickness was computed by averaging across all cortical
vertices, and the hippocampal occupancy score, the ratio of hippocampal
volume to the sum of the hippocampal and inferior lateral ventricle
volumes, was used as provided [23].
All participants underwent Aβ PET using 18F-florbetapir (FBP) [12]. Aβ

status (Aβ+ vs. Aβ–) was determined using a dual quantitative and
qualitative method (whole-cerebellum-normalized SUVr ≥ 1.15, with inter-
mediate values 1.10–1.15 confirmed by visual read) [24]. A subset of
participants underwent 18F-flortaucipir (FTP) [25] tau PET with partial-
volume-corrected SUVr from the PetSurfer pipeline [26, 27]. ADNI subjects’
Aβ status was determined using the same FBP cut-off .

Statistical analyses
Computational neuroimaging analyses used MATLAB R2022b; [28]
statistical analyses used R 4.3.1 [29].

Cross-sectional cortical thickness comparisons. Global cortical thickness,
hippocampal occupancy, and vertex-wise cortical thickness were com-
pared between Aβ+ and Aβ− groups using t-tests and ANCOVA
(covariates: age, sex, years of education, APOE ε4 status). Vertex-wise
analyses were also performed using continuous Aβ SUVr [30]. Vertex-wise
comparisons were corrected by family-wise error (FWE; permutation-based
max-t) [31].

Atrophy Network Mapping (ANM). [Figure 1] ANM was performed in the
A4/LEARN dataset (N= 1778) following Tetreault et al. [10]. Briefly, vertex-
wise atrophy w-scores (z-scores adjusted for age and sex relative to the Aβ
−CU normative sample) were computed for each participant and
projected through a normative functional connectome (Brain Genomics
Superstruct Project, N= 1000) [32, 33] to derive participant-specific
atrophy connectivity maps. To identify network patterns associated with
AD pathology, voxel-wise ANCOVA (adjusted for age and sex) compared
atrophy connectivity maps between Aβ+ and Aβ− groups, with FWE
correction [31]. The analysis was repeated with continuous Aβ SUVr to
maximize statistical power, and additionally with education and APOE
status as covariates. The same procedure was applied to ADNI-2 (N= 233)
[13] to replicate the AD-dementia atrophy network. Spatial similarity
between maps was tested by permutation (1000 iterations) [34]. Tau-based

ANM was performed in the tau subset (N= 445) using inferior-temporal
SUVr and a meta-temporal composite (entorhinal, amygdala, parahippo-
campal, fusiform, inferior temporal, middle temporal; corresponding to
Braak stages I–V) [35–37]. Full ANM procedural details are in the
Supplement.

Cross-sectional associations: Leave-one-out and 20-fold cross-validation
frameworks. To evaluate associations between an individual’s atrophy in
the preclinical AD network and AD-related neuroimaging or clinical
features, we used two complementary cross-validation approaches. First,
leave-one-out (LOO) preclinical AD networks were generated by re-running
the Aβ-based ANM on all participants except a held-out subject; that
subject’s ‘network atrophy’ was defined as the spatial correlation between
their atrophy connectivity map and the LOO preclinical AD network. Second,
to further validate the associations, a 20-fold cross-validation was
performed, repeated 10 times with unique random splits, yielding 200
fold-level statistics per feature. Significance for the 20-fold framework was
determined using [38] Nadeau and Bengio’s corrected resampled t-test to
account for repeated-CV data overlap, with Benjamini–Hochberg FDR
correction [39] Compared variables included Aβ status, continuous Aβ
SUVr, regional tau SUVr, global cortical thickness, PACC and subdomains,
CFI (PT and SP), STAI-6 and worry items, GDS, FTPS, and lifetime suicide
attempts/death wishes. Full procedural details for both LOO and 20-fold
methods are in the Supplement.

Longitudinal analyses. Longitudinal cognitive decline (PACC) was mod-
eled with linear mixed-effects (LME) models (REML; nlme) with random
intercepts and random slopes for time (weeks since baseline). The primary
model tested whether baseline network atrophy moderated the rate of
cognitive decline (Weeks × network atrophy interaction), adjusting for age,
sex, years of education, APOE ε4, mean cortical thickness, Aβ SUVr, and
treatment (in A4 only). Predicted PACC change from baseline was
visualized at the sample mean ± 1 SD of network atrophy. To quantify
the unique contribution of network atrophy beyond established AD risk
factors, semi-partial marginal R² [40] was computed for each predictor.
Functional decline was modeled using Cox proportional-hazards

regression with global CDR progression as the outcome and time in
weeks; follow-up was administratively censored at week 240. Network
atrophy was z-standardized so the hazard ratio reflects per-1-SD change.
Covariate-adjusted survival curves were generated at low (−1 SD), mean,
and high (+1 SD) baseline network atrophy. The proportional-hazards
assumption was verified with scaled Schoenfeld residuals. All longitudinal
analyses were performed in the full cohort and stratified by Aβ status.
Sensitivity analyses adjusted for baseline regional tau (inferior-temporal
SUVr; meta-temporal composite). Detailed model specifications and full
coefficient tables are in Supplementary Methods and Tables S2–S11.

RESULTS
Sample characteristics
The A4/LEARN sample comprised 1778 CU older adults (Aβ−:
N= 536; Aβ+: N= 1242). Mean (SD) age was 71.5 (4.7) years; 1060
(59.6%) were female; mean education was 16.6 (2.8) years. Aβ+
participants were older (P < 0.001), had lower PACC (P < 0.001),
and reported greater CFI (P < 0.001) than Aβ− participants,
adjusting for demographics, consistent with prior reports [12]
[Table 1].

Conventional cortical-thickness measures did not differ by
Aβ status
Global cortical thickness and hippocampal occupancy did not
differ significantly between Aβ+ and Aβ− groups [Table 1],
adjusting for demographics. The cortical thickness in both Aβ+
and Aβ– groups was highly heterogeneous; the average cortical
thickness within each group is depicted in Supplementary Fig. 1A
and B. Vertex-wise comparison showed no regions surviving FWE
correction. [Supplementary Fig. 1C] Continuous Aβ SUVr corre-
lated with scattered small clusters of cortical thinning in the
superior frontal gyrus, postcentral gyrus, posterior cingulate/
precuneus, superior temporal gyrus, parahippocampal gyrus, and
cuneus (PFWE < 0.05). [Supplementary Fig. 1D].
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Atrophy network map for preclinical AD
ANM in the A4/LEARN sample (N= 1778) [Fig. 2] identified
atrophy patterns connected to a distinct network associated with
Aβ pathology. Using continuous Aβ SUVr increased sensitivity over
dichotomous Aβ+/− comparisons [Supplementary Fig. 1E]; the
resulting “preclinical AD network” included dorsolateral and
medial prefrontal lobes, precuneus, lateral parietal lobe, tempor-
oparietal junction, and middle temporal gyrus (PFWE < 0.05)
[Fig. 2A]. Subsequent analyses used continuous-Aβ ANM as the
primary preclinical AD network.

The preclinical AD network was highly similar to the AD-dementia
atrophy network derived from ADNI-2 (spatial r= 0.817, P= 0.006;
Fig. 2B, C), indicating that atrophy connectivity in preclinical AD
localizes to a network resembling that of overt AD dementia.

Tau-based atrophy networks resembled the Aβ-based
preclinical AD network
In the tau-PET subset (N= 445), atrophy patterns associated with
greater inferior-temporal tau SUVr were connected to a network
most similar to the Aβ-based preclinical AD network (r= 0.86,

Fig. 2 Localizing network-level atrophy in preclinical Alzheimer’s disease (AD) using Atrophy Network Mapping (ANM) for amyloid-
β (Aβ). A Atrophy network map for preclinical Alzheimer’s disease using continuous Aβ: voxel-wise linear regression of functional
connectivity to atrophy and Aβ SUVr using Pearson correlation, adjusting for age and sex. Family-wise-error (FWE)-corrected (P < 0.05).
B Atrophy network map for preclinical AD (Aβ), uncorrected. C A replication of a previously published atrophy network map for Alzheimer’s
disease dementia by Tetreault et al. from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) II dataset, uncorrected. Comparison between
the atrophy network map for preclinical AD vs. the atrophy network map for AD dementia: The preclinical AD map (B) was compared to
AD dementia map (C) derived from the ADNI-2 dataset. The spatial correlation coefficient between these two maps was 0.817, and the P-value
from a random permutation test (number of iterations = 1000) was 0.006.

Table 1. Baseline characteristics of A4/LEARN cohort by amyloid-β status.

Variable Total
(N= 1778)a

Aβ−
(N= 536)a

Aβ+
(N= 1242)a

p

Age (years) 71.54 (4.74) 70.46 (4.29) 72.00 (4.84) <0.001

Female, n (%) 1060 (60%) 328 (61%) 732 (59%) 0.373

Education (years) 16.62 (2.76) 16.76 (2.62) 16.56 (2.81) 0.149

APOE ε4 carrier, n (%) 849 (48%) 127 (24%) 722 (58%) <0.001

PACC −0.20 (2.63) 0.28 (2.41) −0.41 (2.69) 0.003

Digit Symbol 43.06 (8.93) 44.15 (8.82) 42.59 (8.93) 0.198

FCSRT 75.88 (6.04) 76.72 (5.71) 75.52 (6.14) 0.018

Logical Memory (delayed) 11.56 (3.34) 11.89 (3.35) 11.42 (3.32) 0.100

MMSE 28.80 (1.24) 28.94 (1.13) 28.75 (1.28) 0.054

CFI total 7.35 (6.25) 6.02 (5.65) 7.93 (6.41) <0.001

CFI – Study Partner 3.04 (3.81) 2.44 (3.26) 3.30 (4.00) <0.001

CFI – Participant 4.31 (3.83) 3.58 (3.55) 4.63 (3.91) <0.001

Mean cortical thickness (mm) 2.18 (0.08) 2.19 (0.08) 2.18 (0.08) 0.230

Hippocampal occupancy 0.73 (0.08) 0.76 (0.07) 0.73 (0.08) 0.508

Aβ PET SUVr 1.23 (0.22) 0.99 (0.07) 1.33 (0.18) <0.001

Continuous variables are presented as mean (standard deviation); Female and APOE ε4 carrier are presented as n (%). For demographic and genetic variables
(age, sex, education, APOE ε4 carrier status), p-values are from independent-samples t-tests (continuous) or the chi-square test (binary), unadjusted. For
cognitive and neuroimaging measures, p-values are adjusted for age, sex, and years of education using linear regression.
PACC preclinical alzheimer cognitive composite, Digit Symbol digit symbol substitution test (wechsler adult intelligence scale–revised), Logical Memory (delayed)
logical memory iia subtest (wechsler memory scale), FCSRT free and cued selective reminding test, MMSEmini-mental state examination, CFI cognitive function
index, SP study partner, PT participant, SUVr standardized uptake value ratio. Hippocampal occupancy was computed as the ratio of hippocampal volume to
the sum of hippocampal and inferior lateral ventricle volumes in each hemisphere, averaged across hemispheres, and normalized for age and sex.
aMean (SD); n (%).
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P= 0.003) and to the AD-dementia network (r= 0.74, P= 0.029)
[Fig. 3]. Peak locations included precuneus, lateral parietal lobe,
prefrontal lobe, temporoparietal junction, and middle temporal
gyrus. Tau-based maps using other meta-temporal ROIs [37] showed
similar patterns (spatial r vs. Aβ-based map: 0.59–0.82; Supplemen-
tary Fig. 2).

Network atrophy was associated with Aβ, tau, cognition, and
anxiety cross-sectionally
In 1778 participants, each individual’s ‘network atrophy,’ the
spatial correlation between their atrophy connectivity map and the
preclinical AD network, was computed using leave-one-out (LOO)

cross-validation (CV), and cross-sectional associations were further
validated by 20-fold CV. Network atrophy was associated with Aβ
status (r= 0.12, P= 2.5 × 10⁻⁶) and continuous Aβ SUVr (r= 0.16,
P= 8.2 × 10⁻¹⁰) [Fig. 4]. The Aβ-SUVr association was independent
of global cortical atrophy (partial r= 0.16, P= 1.5 × 10⁻¹⁰), and
network atrophy was not associated with global cortical thickness
(r= 0.04, P= 0.12). In the tau subset (N= 445), network atrophy
correlated with inferior-temporal tau SUVr (r= 0.20, P= 1.2 × 10⁻⁴)
[Fig. 4]. Aβ SUVr was inversely related to global cortical thickness
(r=−0.14, P= 3.0 × 10⁻⁹), partially attenuated after adjusting for
network atrophy and demographics (partial r=−0.09,
P= 1.9 × 10⁻⁴). Age was positively associated with network

Fig. 3 Localizing network-level atrophy in preclinical Alzheimer’s disease (AD) using Atrophy Network Mapping (ANM) for the
inferiortemporal tau. Voxel-wise linear regression of functional connectivity to atrophy and tau SUVr in the bilateral inferiortemporal cortices
using Pearson correlation, adjusting for age and sex. This map was similar to the atrophy network map for preclinical AD based on amyloid-
β (Aβ) (spatial r= 0.7878, P= 0.014 by random permutation testing) and to the atrophy network map for AD dementia from the ADNI-2
dataset (spatial r= 0.7115, P= 0.046). Below is the ANM of preclinical AD based on tau, Family-wise-error (FWE)-corrected (P < 0.05).

Fig. 4 20-Fold Cross-validation: Cross-sectional association of Atrophy Connectivity to Preclinical AD Network with Alzheimer’s
pathology and clinical variables. “Network Atrophy,” spatial correlation between the given participant’s atrophy connectivity map and the
preclinical Alzheimer’s disease network identified by Atrophy Network Mapping, was associated with Inferiortemporal (IT) tau SUVr*, Amyloid-
β (Aβ) SUVr, dichotomous Aβ+/− group, global average cortical thickness, cognition (PACC), subjective cognitive decline (CFI), anxiety (STAI-6),
and worry symptom (STAI-worry) but not with depression (GDS). Some of the PACC subdomains and other non-AD-specific behavioral
variables, such as FTPS, Lifetime DW, and Lifetime SA, were significantly associated with network atrophy. * Association with IT tau was tested
in the subgroup with tau PET (N= 445). PACC preclinical alzheimer cognitive composite, Digit Symbol digit symbol substitution test score
from the wechsler adult intelligence scale-revised, Logical Memory Delay logical memory IIa sub-test from the wechsler memory scale, FCSRT
free and cued selective reminding test, MMSE mini-mental status exam, CFI cognitive function inventory, SP study partner, PT participant. FTPS
future time perspective scale, GDS geriatric depression scale, DW death wish, SA suicidal attempt.
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atrophy (r= 0.10, P= 3.0 × 10⁻⁵) and inversely with global cortical
thickness (r=−0.30, P < 2.2 × 10⁻¹⁶).
Additionally, network atrophy was associated with clinical

features of AD. Lower PACC (r=−0.08, P= 0.001) and higher
CFI total score (r= 0.09, P < 0.001), and with PACC subdomains
and CFI as reported by both participants and study partners
[Fig. 4]. Network atrophy was also associated with global anxiety
(STAI-6 total: r= 0.06, P < 0.05) and worry (r= 0.06, P < 0.01), but
not with depression, optimism (FTPS), lifetime death wishes, or
lifetime suicide attempts [Fig. 4]. All cross-sectional associations
remained significant after FDR correction [Table S1].

Atrophy network map for preclinical AD predicted
longitudinal disease trajectory
Cognitive decline measured by PACC. In the Aβ+(A4) subgroup,
baseline network atrophy significantly moderated the rate of
PACC decline (Weeks × network atrophy: β=−0.013, SE= 0.003,
P < 0.001; Table S2; N= 1150 / 12,872 observations). Greater
baseline network atrophy was associated with steeper long-
itudinal decline, with predicted trajectories diverging across the
~5-year follow-up [Fig. 5A]. The interaction was not significant in
the Aβ−(LEARN) subgroup (β=−0.001, P= 0.43; Table S3;
N= 529 / 5523 observations), indicating that the cognitive-
trajectory association is amyloid-dependent.
Semi-partial marginal R² (computed as the loss in marginal R²

when each predictor’s main effect and time interaction were
removed; Supplementary Fig. 3A, Table S4) showed that in the Aβ
+ subgroup, network atrophy uniquely accounted for 0.86% of
variance in PACC trajectories beyond age, sex, education, APOE ε4,
mean cortical thickness, and Aβ PET SUVr— exceeding the unique
contribution of APOE ε4 (0.77%) and below mean cortical
thickness (2.89%) and Aβ PET SUVr (3.61%). In the Aβ− subgroup,
the contribution was negligible (0.03%).
Sensitivity analyses adjusting for baseline tau attenuated the

Weeks × network-atrophy interaction by 84% with inferior-temporal
tau and 69% with the meta-temporal composite [Tables S5–S6],
indicating that the cognitive-slope signal of network atrophy is
largely shared with regional tau burden, despite only a modest
bivariate correlation between the two measures (r= 0.17).

Functional decline measured by CDR-global progression. Among
1068 Aβ+ participants with CDR follow-up (380 progression events;

35.6%), each 1-SD increase in baseline network atrophy was
associated with a 15% higher hazard of CDR progression (HR= 1.15,
95% CI 1.05–1.27, P= 0.004; Table S7). The full cohort showed a
similar effect (HR= 1.14, 95% CI 1.05–1.25, P= 0.003; N= 1568, 462
events); the Aβ− subgroup showed a non-significant same-direction
effect (HR= 1.09, 95% CI 0.89–1.34, P= 0.40; N= 500, 82 events;
Table S8). Covariate-adjusted survival curves at low (−1 SD), mean,
and high (+1 SD) baseline network atrophy showed divergent CDR-
progression probabilities [Fig. 5B], and a forest plot of all covariate
effects is provided [Supplementary Fig. 3B]. The proportional-hazards
assumption was satisfied (cox.zph GLOBAL P= 0.13).
The network-atrophy effect on both PACC slope and CDR

progression was virtually unchanged when Aβ SUVr and global
cortical thickness were excluded from the covariate set (LME β:
−0.0125 vs −0.0125; Cox HR: 1.155 vs 1.155), confirming that the
prognostic value of network atrophy is independent of these
established AD biomarkers.
In the tau subcohort (N= 358 in A4, 138 events), tau adjustment

attenuated the network-atrophy HR by only 13.5% with inferior-
temporal tau (1.170→1.146) and 8.1% with meta-temporal tau
(1.170→1.155); the full-cohort meta-tau-adjusted estimate remained
significant (HR= 1.167, P= 0.046; Tables S9–S10). The magnitude of
the network-atrophy hazard was preserved in tau-adjusted models,
although the formal P-value moved from 0.049 to 0.09 in the smaller
A4 tau subsample — a sample-size-driven loss of statistical certainty.

DISCUSSION
This study identified a distinct network-level pattern of atrophy in
cognitively unimpaired older adults from a large AD-prevention
cohort [11, 12] — a “preclinical AD network” highly similar to the
previously established AD-dementia atrophy network [10]. Atrophy
connectivity to this network, ‘network atrophy,’ was independently
associated with Aβ pathology, regional tau burden, lower cognition,
greater subjective cognitive decline, and self-reported anxiety, and
predicted both faster PACC decline and a higher hazard of CDR
progression over ~5 years of follow-up. Effects were amyloid-
dependent: present in Aβ+ but not Aβ− participants, indicating that
the prognostic value of network atrophy reflects engagement of the
AD pathological cascade rather than normal aging.
A key feature of this measure is that network atrophy provides

prognostic information that is largely independent of conventional

Fig. 5 Baseline Network Atrophy Predicts Longitudinal Cognitive and Functional Decline. A Model-predicted Preclinical Alzheimer’s
Cognitive Composite (PACC) change from baseline in the Aβ+(A4) subgroup, derived from a linear mixed-effects model with random intercepts
and random slopes for time. Three trajectories are shown corresponding to low (−1 SD), mean, and high (+1 SD) baseline network atrophy, with
all other covariates (age, sex, years of education, APOE ε4 carrier status, mean cortical thickness, Aβ PET SUVr, and treatment assignment) held at
sample reference values. Shaded bands indicate 95% pointwise confidence intervals computed from the fixed-effects design matrix as a contrast
from baseline; by construction, all three lines are anchored at zero at week 0. Greater baseline network atrophy was associated with steeper
cognitive decline (Weeks × network atrophy: β=−0.013, SE= 0.003, p < 0.001; n= 1150 participants, 12,872 observations). B Covariate-adjusted
survival curves from a Cox proportional-hazards model of global CDR progression in the Aβ+ subgroup, evaluated at low (−1 SD), mean, and high
(+1 SD) baseline network atrophy with all other covariates held at sample reference values. Shaded bands indicate 95% pointwise confidence
intervals; the y-axis is truncated at 0.5 to visualize the divergence between groups. Each 1-SD increase in baseline network atrophy was associated
with a 15% higher hazard of CDR progression (HR= 1.15, 95% CI 1.05–1.27, p= 0.004; n= 1057 participants, 374 events). Follow-up was censored
at week 240, the end of the placebo-controlled trial period. Detailed model coefficients are reported in Tables S2 (LME, Aβ+) and S7 (Cox, Aβ+).
PACC preclinical Alzheimer’s cognitive composite, CDR clinical dementia rating, LME linear mixed-effects, SD standard deviation, HR hazard ratio, CI
confidence interval, SUVr standardized uptake value ratio, APOE ε4 apolipoprotein E ε4 allele.
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cortical-thickness and Aβ-PET measures. Although individual vertex-
wise cortical-thickness reductions form the input to network
mapping, the resulting connectivity-based measure was uncorre-
lated with total atrophy (global cortical thickness; r= 0.04, P= 0.12),
and the longitudinal-trajectory associations of network atrophy
persisted after adjustment for total atrophy. Network atrophy was
positively but modestly associated with Aβ (r= 0.16, P < 0.001),
consistent with its interpretation as a marker of AD-related
pathological burden; however, the LME and Cox effect sizes for
network atrophy were virtually unchanged when both Aβ and total
atrophy were removed from the covariate set (LME β: −0.0125 →
−0.0125; Cox HR: 1.155→1.155). The semi-partial R² for network
atrophy in PACC trajectories (0.86% in Aβ+) added uniquely to those
of total atrophy (2.89%) and Aβ (3.61%). Together, these results
indicate that what network atrophy captures is not total volume loss
or global amyloid burden but the spatial topography of atrophy —
its alignment with AD-vulnerable functional networks.
A notable dissociation also emerged when network atrophy and

regional tau were considered jointly. For continuous cognitive
slope (PACC), baseline tau accounted for ~80% of network
atrophy’s longitudinal effect, indicating that tau and the slope-
relevant subset of network-atrophy variance are largely shared —
even though the two measures correlate only modestly cross-
sectionally (r≈0.17). In contrast, for clinical-milestone progression
(CDR), baseline tau accounted for only ~10% of network atrophy’s
hazard, and the network-atrophy effect was preserved at near-
original magnitude. This pattern indicates that network atrophy
and regional tau capture predominantly independent prognostic
information for clinical progression, even when they share most of
the slope-relevant signal for continuous cognitive change.
Mechanistically, this is consistent with network-level structural
integrity reflecting accumulated downstream neurodegeneration
[41] that is partially distinct from regional tau topography, and
with clinical-milestone progression depending on factors —
global brain reserve, network-level resilience [42], comorbid
pathology [43] — not fully captured by regional tau burden alone.
The detection of network-specific atrophy in preclinical AD also

has implications for the biological framing of the disease.
Although AD neuropathology accrues years before symptoms
[1], leading to a biological definition of preclinical AD [44], some
have questioned whether this asymptomatic stage constitutes a
distinct disease entity [45]. Our results demonstrate that AD-
specific network-level neurodegeneration is detectable in pre-
clinical AD, supporting the view that preclinical AD is not merely a
risk factor but an early phase of the AD disease process.
ANM extends the atrophy-network framework established by

Tetreault et al. [10] for AD dementia into the preclinical stage.
ANM was more sensitive than direct vertex-wise atrophy
comparisons in our cohort, which detected only scattered small
clusters with continuous Aβ SUVr and no regions in dichotomous
Aβ comparisons. Convergent results across Aβ-based and tau-
based ANM, despite a smaller tau subsample, support the
robustness of the network. The strongest tau-related effect was
for inferior-temporal tau, consistent with prior findings of tight
Aβ–tau coupling in this region in CU older adults [46].
The cross-sectional association of network atrophy with anxiety

and worry — but not with depression, optimism, or suicidality
measures — is consistent with our previous work suggesting that
anxiety, particularly worry, may be a salient neuropsychiatric
symptom of preclinical AD [47]. This specificity is biologically
informative. Late-life neuropsychiatric symptoms have heteroge-
neous etiologies, and the demonstration that worry but not
depression or suicidality co-localizes with AD-vulnerable network
atrophy supports the position that worry in this population may
reflect early AD-related neurodegeneration rather than nonspe-
cific mood disturbance. The default-mode and frontoparietal
regions in our preclinical AD network — particularly medial
prefrontal cortex, precuneus, and lateral parietal cortex —

substantially overlap with circuits implicated in repetitive negative
thinking and self-referential processing in psychiatric populations
[48], suggesting that early network-level structural disruption may
manifest as elevated worry before objective cognitive impairment
is apparent. These observations support a biological-psychiatric
framing of preclinical AD in which neuropsychiatric symptoms are
not nonspecific epiphenomena but topographically constrained
manifestations of AD-related network neurodegeneration —
directly relevant to the broader question of whether preclinical
AD constitutes a distinct clinical-biological entity [45].
The preclinical AD network localized to the right dorsolateral

and medial prefrontal cortex, bilateral precuneus, bilateral lateral
parietal lobes, and right middle temporal gyrus — key default-
mode-network regions affected in AD [49, 50]. The medial
temporal lobe did not survive correction. This may reflect selection
bias: subjects with medial temporal involvement are more likely to
be symptomatic and excluded from preclinical-stage cohorts [51].
The asymmetry could reflect a similar bias, with left-hemisphere
atrophy producing language-related deficits more likely to lead to
symptomatic-stage exclusion [52, 53].
These findings raise the possibility that network atrophy mapping,

derived from a single structural MRI, could provide clinically
actionable information without requiring resource-intensive ancillary
workups such as Aβ or tau PET imaging or fluid biomarkers. In our
analyses, network atrophy was independently associated with both
AD pathology and longitudinal cognitive and functional trajectories
— measures typically available only through targeted radiotracer or
assay-based testing. Although the absolute effect sizes were modest,
structural MRI is widely available, relatively low-cost, requires no
radioactive tracers or specialized blood assays, and could in principle
support a first-pass triage to identify cognitively unimpaired
individuals at increased AD-pathway risk for subsequent confirma-
tory testing. This clinical potential will require prospective validation
in independent cohorts, derivation of clinically meaningful thresh-
olds, and demonstration that network-atrophy-based prediction adds
value over existing structural-MRI risk algorithms (e.g., AD-signature
volumetry, hippocampal volume). Establishing these benchmarks is a
necessary next step toward deploying atrophy network mapping as a
non-invasive screening biomarker in preclinical AD.
This study has limitations. Effect sizes are modest because

preclinical-stage participants have minimal atrophy and minimal
symptoms, limiting explainable variance. We did not account for
other neurodegenerative processes (e.g., Lewy bodies, TDP-43),
although our cohort reflects a real-world preclinical-AD population
per current diagnostic criteria [43, 54]. Follow-up was ~5 years;
longer follow-up and serial tau-PET acquisitions would clarify
whether network atrophy can serve as a stand-alone prognostic
marker or is best deployed jointly with tau imaging. Tau analyses
were limited by the smaller tau-PET subsample, contributing to
sample-size–driven loss of statistical certainty in the A4 tau-
adjusted Cox model. Future external validation in prospective
longitudinal cohorts will be necessary before clinical deployment.
In summary, network-level neurodegeneration is detectable in

preclinical AD using ANM and predicts both cognitive and
functional decline, with effects that are amyloid-dependent,
independent of total cortical atrophy, and partially independent
of regional tau burden. These findings support preclinical AD as an
early disease stage, validate ANM at this stage, and motivate
future investigation of network atrophy as a non-invasive
prognostic biomarker and potential therapeutic target.
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