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Abstract

Structural MRI is routinely acquired in the clinical assessment of Alzheimer's disease, yet quantitative
morphometric indices derived from these scans remain largely confined to research settings. Here we
present PHASE-AD — a framework that translates such indices into clinically interpretable classifications
of atrophy subtype and stage that jointly capture atrophy progression while accounting for inter-individual
atrophy heterogeneity. PHASE-AD is trained on MRI scans from 8,415 participants and robustly captures
limbic-predominant and hippocampal-sparing atrophy subtypes that were identified across seven
independent datasets. Two cross-validation schemes revealed high robustness across different field
strength and scanner manufacturer configurations. Atrophy classifications were associated with diverging
clinical profiles and tau accumulation patterns. In prospective designs mirroring contemporary AD trials,
they stratified longitudinal cognitive trajectories and outperformed semi-quantitative visual MRI
assessments as a clinically established comparator. These findings support the integration of automated
atrophy subtyping and staging into clinical practice and pharmacological trials.

Introduction

Structural magnetic resonance imaging (MRI) is a key neuroimaging modality used in the clinical
assessment of Alzheimer’s disease (AD), which is the leading cause of dementia.l2 Beyond its central use in
differential diagnosis and, more recently, in safety monitoring for amyloid-targeting treatments (ATTs,
ref.3), structural MRI enables the in vivo assessment of regional neurodegeneration through spatial patterns
of brain atrophy.# In routine clinical practice, brain atrophy is most commonly evaluated through qualitative
visual inspection or semi-quantitative rating scales, such as the medial temporal atrophy scale (MTA,
ref.5).67 Meanwhile, an extensive body of research supports the use of quantitative indices of brain
morphometry, including regional volumetric or cortical thickness estimates, for improved diagnostic
sensitivity and prognostic accuracy relative to these reader-dependent, ordinal assessment tools.8-11
Despite this evidence, the integration of quantitative brain morphometry in clinical workflows has
remained limited; in a European survey of neuroimaging centers, only a small proportion of clinicians
reported routine use of such measures in their assessments.”

Various factors likely contribute to this translational gap, and the current study addresses three that we
consider among the most critical. First, the computational demands and long processing times of
established neuroimaging pipelines are likely incompatible with time-constrained clinical workflows. As an
example, FreeSurfer — one of the most widely used tools for deriving morphometric indices from
MRI — requires several hours of processing time per scan.!?2 Second, integrating morphometric estimates
across a large number of cortical and subcortical regions of interest (ROIs) presents a substantial
interpretive burden that may exceed what is feasible in routine clinical practice. Finally, and most
fundamentally, the lack of validated norms severely limits the interpretability of individual morphometric
estimates. Establishing robust norms is methodologically challenging, as morphometric estimates are
systematically influenced by acquisition-related factors, including scanner manufacturer and magnetic field
strength, as well as participant variables, such as age, sex, and head size.13 The combined effect of these
factors typically requires very large reference samples to reliably characterize normative variation. While
previous efforts have been made to establish normative reference frameworks for brain morphometry from
large-scale datasets, most do not generalize to unseen sites lacking local samples of healthy controls from
which to derive site-specific normative values, as is typical of small radiological centers and clinics.14-17
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For these reasons, a disease-specific composite measure of brain structure relative to a robust population
norm, rapidly deliverable from a single structural MRI scan, would be of substantial clinical value. Crucially,
such an approach must account for the fact that atrophy in AD does not progress uniformly across
individuals. Both hypothesis- and data-driven modeling frameworks have converged on considerable inter-
individual heterogeneity in the spatiotemporal patterns of brain atrophy in AD.18 Distinct atrophy subtypes
have been observed not only across clinical variants of the disease, such as between typical amnestic and
atypical non-amnestic presentations, but also within the amnestic phenotype itself.19-25 Despite growing
evidence for divergent atrophy cascades in AD, no universal framework exists for classifying individuals
along these trajectories from a single out-of-sample MRI acquisition while demonstrating utility in relevant
applied settings.

While the exact nature of brain atrophy heterogeneity in AD remains unclear and prior findings appear
highly method-dependent, a previous review of the literature proposed that the primary axis of variation
runs between limbic-predominant and hippocampal-sparing extremes.!8 In line with this prior model,
earlier work from our group identified distinct limbic-predominant and hippocampal-sparing atrophy
subtypes in two memory clinic-based AD cohorts.1® The underlying model was built on the Subtype and
Stage Inference (SuStaln, ref.23) algorithm and jointly infers distinct atrophy cascades represented in the
provided training set, as well as each individual’s position within these cascades, yielding per-scan
classifications of both atrophy subtype and stage. In the present study, we seek to extend this approach into
PHASE-AD (Progression and Heterogeneity Analysis from Structural MRI in Early AD) — a generalizable
atrophy subtyping and staging framework directly applicable to the raw structural MRI data routinely
acquired in clinical dementia care, research settings, and pharmacological trials. To this end, we evaluate
the replicability of our prior findings across seven independent and diverse samples using an updated
methodology with reduced processing demands and model requirements. Moreover, we aim to establish
PHASE-AD as a universal subtyping and staging model that both reproduces these sample-specific results
and robustly classifies unseen data. We further formally characterize the demographic, cognitive, and
clinical correlates of PHASE-AD atrophy subtype and stage classifications through meta-analyses across
samples. Finally, we evaluate the translational value of PHASE-AD for two application contexts of current
relevance. First, we assess the utility of atrophy subtype and stage for estimating regional tau burden. Tau
PET — the only modality offering spatially resolved information on tau burden in vivo — is costly and
largely inaccessible outside of specialized research and tertiary care settings. PET-free proxies of tau burden
are of direct clinical relevance in the context of ATTs, as trial data for donanemab have shown the largest
treatment effects in individuals with low-to-intermediate relative to high tau burden.2627 Second, we
investigate the prognostic information provided by PHASE-AD. Accurate prognosis of an individual's
clinical trajectory is not only crucial to personalizing clinical management, but also central to trial design
strategies aimed at increasing statistical power through sample homogenization, enrichment, and
stratification. Prognostic utility is therefore evaluated under two scenarios selected in reference to recently
completed phase 3 ATT trials. The first scenario is defined in a sample of individuals with mild symptomatic
AD using the Clinical Dementia Rating Sum of Boxes (CDR-SB, ref.2829) as the outcome over 180 weeks (cf.,
the CLARITY AD trial of lecanemab; ref.3?). The second is defined in a sample of individuals with preclinical
AD, using the Preclinical Alzheimer's Cognitive Composite 5 (PACC-5, ref.31) as the outcome over 240 weeks
(cf., the Anti-Amyloid Treatment in Asymptomatic Alzheimer's Study [A4] trial of solanezumab; ref.32). In
the mild symptomatic AD scenario, the prognostic utility of PHASE-AD classifications was additionally
benchmarked against MTA scores as a clinically established measure of AD-related atrophy. Given the
increasing clinical availability of plasma p-tauzi7 as an accessible and accurate biomarker of AD pathology,
we additionally examined whether the utility of PHASE-AD for both applications is preserved
independently of this marker.33

Methods

Participants

We analyzed data from 8,415 participants with available T1-weighted MRI scans acquired at 1.5T or 3T from
five international cohort studies. Given the established influence of MRI field strength on morphometric
atrophy markers, we stratified the dataset by cohort study and field strength.13 This included the following
samples using 3T MRI: the DZNE Longitudinal Cognitive Impairment and Dementia study (DELCODE-3T,
N =911, ref.34), the Alzheimer’s Disease Neuroimaging Initiative (ADNI-3T, N = 1,052, phases GO, 2, and 3),
the National Alzheimer’s Coordinating Center Uniform Data Set (NACC-3T, N = 3,801), and the A4 study,
combined with its Longitudinal Evaluation of Amyloid Risk and Neurodegeneration Extension
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(A4/LEARN-3T, N = 1,237, all included MRI scans acquired prior to treatment initiation). In addition, the
following samples using 1.5T MRI were included: NACC-1.5T (N = 657), ADNI-1.5T (N = 606, phase 1), and
the Alzheimer’s Disease Repository Without Borders (ARWIBO-1.5T, N = 151).

The cohort-specific inclusion criteria are reported in the Supplementary Methods. In addition, inclusion
was limited to participants who were at least 60 years old at the time of MRI and either cognitively
unimpaired (CU) or diagnosed with mild cognitive impairment (MCI) or dementia of the Alzheimer type
(DAT) within one year of the scan. If a participant met these criteria at multiple MRI time points, we selected
the earliest eligible scan.

Sub-samples

The full dataset was partitioned into several sub-samples for different analyses. First, biological AD samples
were defined for each cohort as AB-positive participants, supplemented by Af-negative CU participants as
a reference for atrophy marker normalization. These samples were used to evaluate atrophy cascades
independently of cognitive impairment not attributable to AD pathology. Second, cohort-wise AB-positive
samples were used to assess whether the meta-analytically derived clinical profiles associated with PHASE-
AD classifications could be recovered in biologically defined AD. Third, a tau PET sample comprising
participants with available tau PET and a nested sample additionally requiring plasma p-tauz17 was used to
examine tau burden along the identified atrophy cascades. Within the tau PET sub-sample, an ATT-eligible
tau PET sample was further defined, approximating ATT eligibility criteria (MCI or DAT diagnosis,
MMSE = 19, no APOE €4 homozygosity; ref.3%). Finally, two longitudinal samples were defined for prognostic
analyses, each restricted to AB-positive participants with at least two assessments of the outcome of
interest (see section Neuropsychological assessment). The preclinical AD longitudinal sample comprised
participants from A4 (LEARN participants were excluded due to the AB-positivity restriction). The mild
symptomatic AD longitudinal sample comprised AB-positive participants from ADNI diagnosed with MCI
or DAT and an MMSE = 19 to ensure dementia severity was mild. A nested sample of the mild symptomatic
AD longitudinal sample with available MTA scores was additionally considered for comparison with visual
atrophy ratings.

Alzheimer’s disease biomarkers
Amyloid-p status

Biomarkers of A pathology were available for a subset of participants (n = 3,887; 46.19%). A status was
defined using PET or CSF measures, depending on cohort and data availability (Supplementary Methods).
AR biomarkers were considered only if acquired within one year of the included MRI scan. Data on Af status
were omitted from the NACC-1.5T and ARWIBO-1.5T samples because sample sizes were insufficient for
statistical inference.

Tau PET

Tau PET was used to assess regional tau burden in vivo and was available in A4/LEARN-3T (n =229; all
using 18F-Flortaucipir), ADNI-1.5T/-3T (n = 177; using 18F-Flortaucipir), and NACC-3T (n = 54; n = 17 using
18F-Flortaucipir, n =27 using 18F-MK-6240, n =10 using 18F-PI-2620). Tau PET data were included if
acquired within one year of the corresponding MRI scan or within one year of another MRI scan during
which participants met this study’s inclusion criteria. In addition, tau PET data were only included if Af-
positivity was established within one year of the scan. Among these 460 participants, 61 participants lacked
a tau PET scan within one year of their index MRI and a second MRI acquisition temporally proximate to an
available tau-PET scan was used instead (mean * SD interval between MRI acquisitions: 4.93 + 2.97 years).
Regional tau burden was harmonized across tracers onto the CenTauR scale as previously described.3¢
SUVR images were generated using the inferior cerebellar cortex as the reference region, and tracer-specific
SUVRs were converted to CenTauR units using the joint propagation model mapping equations, which place
0 at the mean of young AB-negative CU individuals and 100 at the mean of typical DAT patients without
requiring a reference tracer. CenTauR values were derived for the universal (global cortical) CenTauR region
and for four predefined subregions (mesial temporal, meta-temporal, temporo-parietal, and frontal)
defined within the universal mask. Tau burden was additionally stratified into low, medium, and high
categories using universal ROI CenTauR cut-points of 16.1 and 68.7, corresponding to thresholds
established in the TRAILBLAZER-ALZ clinical trial program (Moscoso, Leuzy, Raket, et al,, in revision).2”

Plasma p-tauzi7

Plasma p-tauz17 biomarkers acquired within one year of an included MRI scan were available in ADNI-1.5T
(n=105, 17.33%), ADNI-3T (n =297, 28.23%), and A4/LEARN-3T (n =601, 48.59%). In ADNI samples,
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ratios of p-tauz17/AP42 were established using chemiluminescent immunoassays (RUO IVD Kkits) on the
Fujirebio Lumipulse G1200 platform. In A4/LEARN-3T, the concentration of p-tauz17 was established using
an electrochemiluminescence (ECL) immunoassay on the Meso Scale Discovery (MSD) Sector S 600 MM
platform at the Lilly Clinical Diagnostics Laboratory.

Neuropsychological assessment

For the cross-sectional meta-analytic evaluation of clinical and cognitive correlates of PHASE-AD
classifications, neuropsychological instruments capturing distinct cognitive constructs were selected.
Global cognition was measured with the Mini-Mental State Examination (MMSE, ref.37). Sum scores from
the Functional Activities Questionnaire (FAQ, ref.38) were used to assess instrumental activities of daily
living. Episodic memory was evaluated using the Logical Memory Delayed Recall subtest from the Wechsler
Memory Scale-Revised (ref.3%; version IIA in ADNI and NACC; the A4/LEARN protocol alternated among
three versions across study visits) or the Wechsler Memory Scale-IV (ref.4; version IIB in DELCODE). As
NACC discontinued the collection of MMSE and Logical Memory Delayed Recall scores in March 2015, we
converted available Montreal Cognitive Assessment (ref.4!) scores to MMSE scores and Craft Story 21
Delayed Recall scores to WMS-R Logical Memory Delayed Recall scores using published crosswalk tables.*2
The difference in completion time between Trail-Making Test parts B and A (TMT B-A) was used as a
measure of executive functioning.*3 Negative TMT B-A scores were omitted. TMT B-A and FAQ scores were
inverted so that higher scores corresponded to better performance across instruments. Only
neuropsychological data acquired within one year of the included MRI scan were used. Details on
neuropsychological data availability for each sample as well as score standardization and normalization are
provided in the Supplementary Methods. Prognostic analyses were conducted using longitudinal CDR-SB
scores in the ADNI-based mild symptomatic AD longitudinal sample and PACC-5 scores in the A4-based
preclinical AD longitudinal sample. Participants were included if at least two observations fell within the
pre-specified follow-up windows of 180 weeks post-MRI for CDR-SB and 240 weeks post-MRI for PACC-5.

MRI selection and processing

All used Ti-weighted MRI scans were acquired on MRI systems manufactured by Philips, Siemens, or
General Electric (GE). To ensure robust normative modeling, we required at least 15 scans per scanner
manufacturer within each sample, leading to the exclusion of scans acquired on Philips and Siemens
systems in NACC-1.5T and on Philips and Siemens systems in ARWIBO-1.5T.

Raw images were processed using FastSurfer (v2.2.0), a faster, deep learning-based alternative to
FreeSurfer.** The exact difference in processing time between FreeSurfer, which was used in our original
atrophy subtyping and staging model (ref.19), and FastSurfer depends on image characteristics and available
computational resources. Henschel et al. report a mean runtime reduction of approximately 78% compared
with FreeSurfer (54 versus 244 min.) when both methods are executed with parallelized segmentation and
surface reconstruction (four threads) for both hemispheres.#* Desikan-Killiany labels were collapsed into
bilateral meta-regions, including the medial temporal lobe (MTL) as well as the temporal, parietal, frontal,
and occipital lobes (see Supplementary Table 1). Gray matter volume served as the atrophy marker in the
MTL, whereas average cortical thickness was used for other regions.

Medial temporal atrophy scale

A subset of MRI scans acquired in ADNI were visually assessed by an accredited rater (S.E.M. or C.G.; inter-
rater agreement k = 0.68, 95% CI [0.40-0.97], ref.45) using the MTA rating scale. Scores were averaged
across hemispheres and rounded up to the next highest MTA score.

Atrophy subtyping and staging

The subtyping and staging workflow consisted of three main steps: (i) atrophy marker normalization, (ii)
reconstruction of atrophy progression sequences, and (iii) cross-validation. Each step is described below.
This workflow was first applied to individual samples to evaluate the reproducibility of atrophy progression
patterns across diverse datasets (within-sample modeling). To ensure that results were not driven by
participants with cognitive decline due to non-AD etiology, within-sample modeling was repeated in
biological AD samples. Subsequently, all participants were pooled into a combined dataset to derive a global
subtyping and staging model (PHASE-AD).

Marker normalization

MTL volumes were corrected for total intracranial volume (Supplementary Methods). Linear regression
models were fitted as normative models of atrophy in all CU participants, with age, sex, scanner
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manufacturer, and field strength as predictors. For each atrophy marker, multiple model specifications
differing in their treatment of non-linear age effects and predictor interactions were compared, selecting
the best-fitting formula based on the Akaike Information Criterion (AIC; see Supplementary Methods). This
model selection step was performed once, resulting in a fixed formula for each atrophy marker. However, to
prevent data leakage, model parameters were re-estimated within the relevant reference group at each
modeling iteration. From the fitted normative models, w-scores were derived for each atrophy marker,
representing covariate-adjusted SD differences from the reference group mean. All normalized atrophy
measures were screened for numerical outliers (Supplementary Methods).

Reconstruction of atrophy sequences

The w-scored atrophy markers were next passed to SuStaln (ref.23, using python v3.9.7), modeling up to five
atrophy progression sequences (i.e., atrophy subtypes). The exact model specifications have been described
previously by our group (ref.19), though we now consider three instead of two atrophy thresholds (w € {-1,
-2,-3}; w=-3 was not included in the original model) for improved granularity in more advanced disease
stages. Consequently, SuStaln estimated the most likely sequence(s) of 15 atrophy events. We refer to the
positions of these events within the reconstructed sequence as atrophy stages. Individuals at atrophy
stage 0 in any subtype were collapsed to form an atrophy-negative group. However, like participants at
stages > 0, they were assigned probabilities of belonging to each subtype, which we incorporated into our
downstream analyses. Though continuous modeling occurred across atrophy stages, their scaling does not
imply equidistant time intervals.

Cross-validation

Each SuStaln model was evaluated using stratified ten-fold cross-validation to assess robustness and to
determine the optimal number of atrophy subtypes using previously described cross-validation
information criterion (CVIC) criteria.z3 Participants were randomly assigned to folds while preserving the
proportions of the reference group, scanner manufacturers, and MRI field strength (where applicable).
Leave-one-sample-out (LOSO) cross-validation of the PHASE-AD model was used to estimate
generalizability to independent samples and robustness to sample exclusion.

Statistical analyses
All statistical analyses were conducted in R v4.2.2 using RStudio.*6.47

Evaluation of atrophy classification models

Replicability of atrophy subtyping and staging models was assessed using two-way random-effects
intraclass correlation coefficients (ICC,,;) for continuous measures (w-scores, subtype probabilities,
atrophy stages) and Cohen's x for discrete subtype assignments. Similarity of atrophy progression
sequences was quantified using the mean and SD of pairwise Wasserstein distances (WD) between
posterior positional distributions of corresponding marker events. This measure reflects the stage shift
required for sequence alignment, with lower values indicating greater sequence similarity. These metrics
were applied across replicability analyses (full samples versus biological AD samples), within-sample versus
PHASE-AD model comparisons, and cross-validation analyses. Subtype agreement metrics were reported
separately for participants at atrophy stage 0 and atrophy stage =1, given that subtype assignment is
expected to be less reliable in the absence of observed atrophy events.

Clinical associations of PHASE-AD classifications

Cross-sectional demographic and clinical associations of PHASE-AD classifications were examined within
each individual sample and, where available, their AB-positive sub-samples. Subtype effects (including
atrophy-negative individuals as a separate group) were assessed via Tukey-adjusted pairwise estimated
marginal mean contrasts. Stage effects were modeled separately within each subtype. Associations with
continuous outcomes (age, education, neuropsychological test scores) were estimated using linear
regression (Cohen's d), and stage effects were summarized as Fisher z-transformed partial correlation
coefficients. Effects on binary outcomes (sex, APOE €4, A status, diagnosis) were modeled using Odds
ratios (ORs) from bias-reduced logistic regression (brglm2 R package, ref.#8). All models adjusted for age,
sex, and diagnostic group unless these were the outcome, years of education when predicting
neuropsychological test scores, as well as treatment arm where applicable. Sample-level estimates were
pooled via REML meta-analysis (metafor R package, ref.49). Between-sample heterogeneity was quantified
using I2. Correction for false discovery rate (FDR) used the Benjamini-Hochberg procedure applied within
prespecified families stratified by analysis type (subtype versus stage) and sample (full versus AB-positive).
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Associations of PHASE-AD classifications with tau burden

To examine the relationship between PHASE-AD classifications and regional tau burden, linear regression
models predicting regional CenTauR scores as a function of atrophy subtype, stage, and their interaction
were fitted, adjusting for the PET-MRI time interval. For each RO], a linear and a natural spline (internal
knot at stage 3) specification were compared, selecting the best-fitting model by AIC. To quantify the unique
variance in tau burden explained by atrophy subtype and stage beyond demographic and clinical covariates
(age, sex, APOE €4 carriership, diagnosis), a full model including both covariate and PHASE-AD
classification terms was compared against a covariate-only reference model. Model improvement was
assessed via differences in AIC (AAIC; threshold for model superiority: < -2, ref.5°) and R? (AR?). In subsets
with available plasma p-tauz17 biomarkers, analyses were repeated cohort-wise with p-tauzi7 biomarkers
included as an additional covariate. Ordinal logistic regression (cumulative link model with logit link) was
used to model tau burden group as a function of atrophy subtype, stage, and their interaction. Covariate
adjustment as well as model selection and comparisons were performed as described above.

Prognostic value of atrophy subtype and stage

The prognostic properties of PHASE-AD classifications were evaluated using linear mixed-effects models
in the preclinical and mild symptomatic AD longitudinal samples using their respective outcomes of
interest. All models covaried for age at MR], sex, and APOE €4 carrier status interacting with time. Models
of PACC-5 additionally included test version and treatment arm. Models of CDR-SB included baseline
diagnosis. Atrophy subtype, stage, and time were modeled as a three-way interaction. To identify the
optimal functional form of time and atrophy stage effects, four variants per model specification were
compared, crossing linear and natural spline parameterisations of time (internal knot at midpoint of the
maximum follow-up window) and atrophy stage (internal knot at stage 3). The lowest-AIC variant was
selected per specification. The incremental predictive value of models including PHASE-AD classifications
as predictors over covariates-only reference models was assessed via Aernarginal and AAIC, which were
estimated under maximum likelihood (ML) to enable comparison across models with differing fixed effects.
Models were fit under restricted maximum likelihood (REML) for parameter estimation and inference. In
the mild symptomatic AD longitudinal sample, PHASE-AD classifications were additionally compared
against MTA scores as a clinically established benchmark for visual atrophy rating, using the same model
fit indices.

Results

Sample characteristics are summarized in Table 1. An overview of the selected model formulae used for
marker normalization is provided in Supplementary Figure 3.

Limbic-predominant and hippocampal-sparing atrophy subtypes are identified across
independent samples

Within-sample modeling using the original discovery cohort (i.e, DELCODE-3T; n =793 overlapping
between the current and original sample) replicated the previously published atrophy progression
sequences using the updated methodology introduced in this study. The individual w-scored atrophy
markers showed excellent overlap (mean = SD ICC21 = 0.93 + 0.01, all p <.001), enabling the recovery of the
previously reported limbic-predominant and hippocampal-sparing atrophy subtypes (Supplementary
Figure 4A-C). Regarding individual classifications, agreement for the probability of limbic-predominant
atrophy (Prp; the inverted probability of hippocampal-sparing atrophy) was good (ICC2,1 = 0.83, p <.001 for
stage > 0 classifications; ICC21=0.75, p <.001 otherwise). Subtype assignments showed fair to good
agreement (k=0.70, p <.001 for stage >0 classifications; otherwise k= 0.54, p <.001; Supplementary
Figure 4 D-F).

De novo within-sample modeling consistently identified limbic-predominant and hippocampal-sparing
atrophy subtypes across nearly all samples. The only exception was ARWIBO-1.5T, where the two-subtype
model yielded highly similar subtypes, but did not outperform the one-subtype solution (Supplementary
Figures 5,6). For consistency with the other samples, the two-subtype model was nevertheless evaluated in
ARWIBO-1.5T, although it was not clearly the best-fitting model. The atrophy sequences reconstructed
within each sample are shown in Figure 1A. Subtype proportions across samples are presented in Figure 1C.
Similarity among the identified atrophy sequences was high overall and comparable across subtypes, with
a mean stage shift (WD) of 1.54 (SD = 1.25) for the hippocampal-sparing subtype and 1.81 (SD = 2.47) for
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Table 1 | Core participant characteristics, stratified by sample.

A4 /LEARN- ADNI-3T DELCODE-3 NACC-3T ADNI-1.5T ARWIBO-1.5 NACC-1.5T Whole
3T T T sample
N 1,237 1,052 911 3,801 606 151 657 8,415
Treatment
Placebo 352 (28.5%) 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%) 352 (4.2%)
Solanezumab 353 (28.5%) 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%) 353 (4.2%)
None 532 (43.0%) 1,052 911 3,801 606 151 657 7,710
(100.0%) (100.0%) (100.0%) (100.0%) (100.0%) (100.0%) (91.6%)
Diagnosis?
cu 1,237 445 (42.3%) 654 (71.8%) 2,595 182 (30.0%) 77 (51.0%) 323 (49.2%) 5,513
(100.0%) (68.3%) (65.5%)
MCI 0(0.0%) 459 (43.6%) 154 (16.9%) 725 (19.1%) 278 (45.9%) 35(23.2%) 123 (18.7%) 1,774
(21.1%)
DAT 0(0.0%) 148 (14.1%) 103 (11.3%) 481 (12.7%) 146 (24.1%) 39 (25.8%) 211 (32.1%) 1,128
(13.4%)
Age at MRI, years 71.5 (4.6) 72.8 (6.9) 71.3 (6.1) 72.6 (7.1) 76.0 (6.1) 70.4 (6.5) 76.9 (7.4) 72.9 (6.8)
Sex, female 481 (38.9%) 510 (48.5%) 465 (51.0%) 2,362 241 (39.7%) 81 (53.6%) 381 (58.0%) 4,521
(62.1%) (53.7%)
Race
Asian 25 (2.0%) 36 (3.4%) 0(0.0%) 74 (1.9%) 13 (2.1%) 0(0.0%) 27 (41%) 175 (2.1%)
Black or African 31 (2.5%) 76 (7.2%) 0(0.0%) 794 (20.9%) 33 (5.4%) 0(0.0%) 80 (12.2%) 1,014
American (12.0%)
White 1,160 912 (86.7%) 0(0.0%) 2,834 552 (91.1%) 151 543 (82.6%) 6,152
(93.8%) (74.6%) (100.0%) (73.1%)
Other 6(0.5%) 19 (1.8%) 0(0.0%) 74 (1.9%) 3(0.5%) 0(0.0%) 3(0.5%) 105 (1.2%)
Unknown 15 (1.2%) 9 (0.9%) 911 25 (0.7%) 5(0.8%) 0(0.0%) 4 (0.6%) 969 (11.5%)
(100.0%)
Ethnicity
Hispanic or Latino 41 (3.3%) 61 (5.8%) 0(0.0%) 268 (7.1%) 16 (2.6%) 0(0.0%) 178 (27.1%) 564 (6.7%)
Not Hispanic or 1,185 985 (93.6%) 0(0.0%) 3,521 585 (96.5%) 151 476 (72.5%) 6,903
Latino (95.8%) (92.6%) (100.0%) (82.0%)
Unknown 11 (0.9%) 6 (0.6%) 911 12 (0.3%) 5(0.8%) 0(0.0%) 3(0.5%) 948 (11.3%)
(100.0%)
Education, years 16.6 (2.7) 16.4 (2.6) 14.4 (3.0) 16.0 (2.6) 15.5(3.1) 10.7 (4.7) 14.9 (3.0) 15.8 (2.9)
Missing 0(0.0%) 50 (4.8%) 0(0.0%) 465 (12.2%) 5(0.8%) 70 (46.4%) 135 (20.5%) 725 (8.6%)
Scanner manufacturer
GE 255 (20.6%) 250 (23.8%) 0(0.0%) 897 (23.6%) 271 (44.7%) 151 657 2,481
(100.0%) (100.0%) (29.5%)
Philips 133 (10.8%) 179 (17.0%) 0(0.0%) 297 (7.8%) 81 (13.4%) 0(0.0%) 0(0.0%) 690 (8.2%)
Siemens 849 (68.6%) 623 (59.2%) 911 2,607 254 (41.9%) 0(0.0%) 0(0.0%) 5,244
(100.0%) (68.6%) (62.3%)
APOE £4 status, 532 (43.0%) 433 (44.1%) 319 (35.0%) 1,200 314 (51.8%) 4 (14.3%) 283 (44.8%) 3,085
carrier (39.8%) (41.6%)
Missing 0(0.0%) 71 (6.7%) 0(0.0%) 783 (20.6%) 0(0.0%) 123 (81.5%) 25 (3.8%) 1,002
(11.9%)
AB status, positiveb 705 (57.0%) 450 (47.0%) 280 (38.3%) 314 (46.8%) 187 (64.7%) NA NA 1,936
(49.8%)
Missing 0(0.0%) 94 (8.9%) 179 (19.6%) 3130 317 (52.3%) NA NA 4,528
(82.3%) (53.8%)
Ap status sourcec
Probabilistic 0(0.0%) 0(0.0%) 298 (40.7%) 0(0.0%) 0(0.0%) NA NA 298 (7.7%)
modeling
CSF ABa2/ABao 0(0.0%) 0(0.0%) 434 (59.3%) 0(0.0%) 0(0.0%) NA NA 434 (11.2%)
CSF p-taul81/ ABa2 0(0.0%) 352 (36.7%) 0(0.0%) 0(0.0%) 288 (99.7%) NA NA 640 (16.5%)
18F-Florbetaben PET 0(0.0%) 133 (13.9%) 0(0.0%) 279 (41.6%) 0(0.0%) NA NA 412 (10.6%)
18F-Florbetapir PET 1237 473 (49.4%) 0(0.0%) 78 (11.6%) 1 (0.3%) NA NA 1,789
(100.0%) (46.0%)
18F-NAV4694 PET 0(0.0%) 0(0.0%) 0(0.0%) 39 (5.8%) 0(0.0%) NA NA 39 (1.0%)
1C-Pittsburgh 0(0.0%) 0(0.0%) 0(0.0%) 275 (41.0%) 0(0.0%) NA NA 275 (7.1%)

Compound B PET

Reported are mean (SD) for continuous variables and counts (%) for categorical variables. aDiagnosis closest in time to the MRI scan
was selected. Participants were included only if both an eligible MRI scan and a diagnosis recorded within one year of the scan were
available. YA status was considered only if recorded within one year of the MRI scan. When multiple records of diagnosis or A status
met these criteria, those closest in time to the MRI scan were used. <Sources of Af status are reported only for the sub-samples with
available AP biomarker data. Abbreviations: NA, not applicable.

the limbic-predominant subtype (Figure 1B). The higher mean and greater variability for the limbic-
predominant subtype were driven by the sequence identified in A4/LEARN-3T (mean WD = 4.09; all other
samples < 1.56), likely reflecting the limited representation of advanced atrophy in this CU sample. As 95%
of participants assigned to the limbic-predominant subtype were classified below atrophy stage 6, the later
sequence events were estimated from very few cases. Within-sample modeling in the biological AD samples
yielded limbic-predominant and hippocampal-sparing atrophy sequences that closely matched those
identified in the full samples (mean + SD WDiimbic-predominant = 0.33 * 0.47; mean * SD WDhippocampal-sparing = 0.98
+ 0.87; Supplementary Figures 7,8).
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Figure 1 | Independent identification of limbic-predominant and hippocampal-sparing atrophy sequences within each
sample. (A) Visualization of atrophy progression sequences within each atrophy subtype and sample. The top rows of the pictograms
depict lateral views of the right cerebrum, whereas the bottom rows illustrate coronal sections of the left temporal lobe. (B) Average
stage shift between atrophy sequences (WD). Values reflect the mean number of atrophy stages by which events would need to be
displaced to align the two models. Lower values indicate higher sequence similarity. (C) Proportions of the two atrophy subtypes and
of the atrophy-negative group (atrophy stage 0) across samples.

PHASE-AD is cohort-independent and robustly classifies unseen MRI scans

We next trained PHASE-AD using the pooled data as a global model of atrophy progression. The resulting
w-scored atrophy markers showed excellent agreement with those derived from within-sample modeling
(mean = SD ICC21=.95 * .03, all p<.001), resulting in the recovery of limbic-predominant and
hippocampal-sparing atrophy sequences (Figure 2A,B; Supplementary Figure 7). Stage shifts between
within-sample and global atrophy sequences were generally small (mean * SD WDiimbic-
predominant = 1.15 * 1.93, WDhippocampal-sparing = 1.71 * 1.30; Figure 2B). An exception was the limbic-
predominant subtype in the A4/LEARN-3T sample, which exhibited the highest dissimilarity relative to the
corresponding subtype identified from the pooled data (mean WD = 4.13; otherwise mean WD < 2.05).
Modeling with up to five subtypes indicated the possible presence of a third subtype. However, this subtype
did not closely correspond to any subtype identified in within-sample analyses (Supplementary Figure 9),
and only a small proportion of participants with an atrophy stage >0 were assigned to it (11.9%).
Therefore, the two-subtype model was retained also for PHASE-AD. Distributions of atrophy subtype and
stage across diagnostic groups are shown in Figure 2C,D.

Agreement between within-sample models and PHASE-AD was also high for individual subtype and stage
classifications (Figure 2E,F). Ten-fold stratified and LOSO cross-validation of PHASE-AD demonstrated
overall robustness and supported generalizability to unseen data (Figure 2G,H). In the LOSO cross-
validation scheme, atrophy stage classifications were robust to the exclusion of any individual sample, and
subtype assignments were particularly consistent in participants classified at atrophy stage >0
(Supplementary Figure 10). Supplementary Figure 11 summarizes robustness indices across cross-
validation schemes, scanner manufacturers, and field strengths, with agreement being generally high across
all groups.

Atrophy subtype and stage relate to distinct clinical profiles

Meta-analyses of baseline demographic and clinical characteristics revealed several associations with
PHASE-AD classifications that were independent of clinical diagnosis and other relevant covariates. The
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Figure 2 | Description and cross-validation of PHASE-AD. (A) Limbic-predominant and hippocampal-sparing atrophy sequences
identified from PHASE-AD using the pooled dataset (N = 8,415). The top rows of the pictograms depict lateral views of the right
cerebrum, whereas the bottom rows illustrate coronal sections of the left temporal lobe. (B) Similarity of PHASE-AD sequences with
their within-sample equivalents, quantified as average stage shifts (WD). Error bars indicate SDs. (C) Distribution of atrophy subtype
classifications among diagnostic groups. (D) Distribution of atrophy stage classifications among diagnostic groups, only shown for
individuals assigned an atrophy subtype. (E) Agreement of atrophy subtyping between within-sample models and PHASE-AD. Shown
is the probability of limbic-predominant atrophy (Pvp; the inverse of the probability of hippocampal-sparing atrophy). The bottom-left
quadrant indicates participants assigned the hippocampal-sparing subtype by both models, and the top-right quadrant those assigned
the limbic-predominant subtype. Data points outside these quadrants represent inconsistent subtype assignment and their
proportion is indicated in the bottom-right corner of each plot. The left panel shows participants assigned stage 0 by either model,
and the right panel shows all remaining participants. (F) Agreement of atrophy staging between within-sample models and PHASE-
AD, stratified by subtype classification consistency. (G,H) Agreement of cross-validated and observed subtyping and staging, using
stratified ten-fold cross-validation (top row) and leave-one-sample-out (LOSO) cross-validation (bottom row). Results are presented
as in panels (FH). All axes representing atrophy stage were jittered by up to + 0.5 stages to improve visual clarity. ***p <.001.
Abbreviations: CV, cross-validation.
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Figure 3 | Cross-sectional associations of PHASE-AD classifications with demographic and clinical characteristics across
samples. (A) Pairwise subtype comparisons are displayed using Cohen’s d for continuous variables and OR for binary outcomes. (B)
Baseline relationships with atrophy stage are shown as Fisher’s z-transformed partial correlation coefficients (PCC) for continuous
outcomes and OR for binary outcomes. All continuous outcome variables and predictors were z-standardized to the CU group within
each sample. Exceptions are atrophy stages (ORs and longitudinal estimates can be interpreted as the effect of unscaled atrophy stage
on the outcome) and FAQ scores (z-standardization occurred in reference to the entire samples due to low variance in the CU groups).
All models included diagnostic group as a covariate. Models predicting AB-positivity were additionally adjusted for age, sex, and the
interval between Af3 biomarker sampling and MRI. Models predicting neuropsychological test scores were further adjusted for age,
sex, education, and the interval between testing and MRI. Models fitted in A4/LEARN-3T additionally controlled for study arm. Error
bars represent 95% C.Ls. All samples with available outcomes were included in the meta-analysis. Results with I? > 75% are marked
with diamond symbols, indicating considerable heterogeneity among included studies. Abbreviations: inv, inverted. Logical delayed,
Logical Memory Delayed Recall. PCC, partial correlation coefficient.

pooled effects, summarized in Figure 3, were largely consistent between the full samples and the AB-
positive sub-samples. For readability, only pooled statistics from the full-sample analyses are reported in
the following section. Supplementary Tables 2-5 present the individual results underlying the meta-
analytical estimates presented in the main text.

Regarding demographic associations, atrophy subtype and stage showed generally modest effects and high
inter-sample variability for many estimates (I > 75%). Limbic-predominant atrophy was associated with
higher odds of carrying at least one APOE ¢4 allele than both the atrophy-negative group (OR=1.72,
pror <.001) and the hippocampal-sparing subtype (OR = 1.53, pror <.001), in both the whole and AB-
positive samples. AB-positivity was also more prevalent in the limbic-predominant subtype compared with
both the atrophy-negative group (OR = 1.89, prpr <.001) and the hippocampal-sparing subtype (OR = 1.37,
pror =.022). Although the rate of AB-positivity was numerically higher in the hippocampal-sparing subtype
than in the atrophy-negative group (OR = 1.35, pror = .129), this effect did not reach statistical significance
and exhibited substantial heterogeneity across samples (I? = 70.4%). Higher atrophy stage increased the
odds of AB-positivity in the hippocampal-sparing (OR = 1.20, p <.001), but not the limbic-predominant
subtype (OR = 1.00, p =.908). The odds of MCI and DAT diagnoses were highest in the limbic-predominant
subtype, followed by the hippocampal-sparing subtype and the atrophy-negative group, across both the
whole and AB-positive samples (all pror <.001, pooled ORs reported in Supplementary Table 4). Within
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both subtypes, higher atrophy stage significantly increased the odds of either diagnosis (all pror < .005,
pooled ORs reported in Supplementary Table 5).

Both atrophy subtypes showed worse scores than the atrophy-negative group on the MMSE (limbic-
predominant: d =-0.34, pror <.001; hippocampal-sparing: d =-0.27, pror =.006) and the FAQ (limbic-
predominant: d=0.41, prr<.001; hippocampal-sparing: d=0.13, pror=.002). Between-subtype
differences were observed for the FAQ (d = 0.28, prpr <.001), but not the MMSE (d = -0.06, pror = .129), and
only in the whole samples. Meanwhile, the domain-specific tests showed distinct patterns; limbic-
predominant atrophy was associated with worse Logical Memory Delayed Recall scores (d=-0.37,
pror <.001) while hippocampal-sparing atrophy was linked with worse TMT B-A scores (d=-0.20,
pror < .001) across samples. The only consistent effect of atrophy stage across both samples was a negative
association between atrophy stage and Logical Memory Delayed Recall performance in the hippocampal-
sparing subtype (z-transformed partial correlation coefficient = -0.13, prpr <.001).

Atrophy subtype and stage predict regional tau burden

Two participants with available tau PET data were outliers due to extreme atrophy stage assignments
(stage = 14, both MCI) and were excluded from the analyses reported here (Supplementary Figure 12).
Among participants whose tau PET signal was analyzed in relation to an MRI scan acquired at a different
visit than the scan used for model training (n = 61), subtype agreement across acquisitions was excellent in
those originally assigned an atrophy stage > 0 (n = 29), with only one inconsistent classification (96.55%
agreement). Stage monotonicity was observed in 89.66% of cases (n=26), with the remaining cases
representing minimal violations (all single-stage decrements). Among those originally at atrophy stage 0,
subtype classifications were consistent in 75.68% of cases (n = 28, Supplementary Figure 13).

Relationships between atrophy stages and regional tau PET signal were non-linear in both subtypes and
across all CenTauR ROIs. In the limbic-predominant subtype, mesial temporal tau PET signal increased
sharply in early atrophy stages relative to other ROIs, whereas the hippocampal-sparing subtype exhibited
a more uniform increase across ROIs that emerged at later atrophy stages (Figure 4A,B). Including PHASE-
AD classifications, rather than relying only on clinical and demographic variables, significantly improved
model fit for tau PET signal across all ROIs (AAIC range: -76.86 to -43.89, AR? range: 0.06-0.12; Figure 4C).
Atrophy stage main effects and subtype-by-stage interactions were significant across all ROIs and atrophy
stage spline terms. Subtype main effects were consistently non-significant, suggesting that the two subtypes
diverge in tau burden across atrophy stages rather than at baseline (Supplementary Table 6). Within
cohorts, this effect could be replicated after adjustments for plasma p-tauzi7 biomarkers for mesial
temporal tau PET signal in A4 (AAIC = -6.56, AR? = 0.05) and across all CenTauR ROIs in the combined ADNI
sample (AAIC range: -2.41 to -14.12, AR? range: 0.03-0.09; Supplementary Figure 14), though coefficient-
level significance of stage and interaction terms was more variable across ROIs and cohorts compared to
the primary analysis (Supplementary Table 7). Atrophy subtype and stage improved the prediction of tau
burden groups beyond clinical and demographic variables (AAIC = -12.02, ARﬁagelkerke = 0.04; Figure 4D).

This improvement was driven primarily by atrophy stage (b = 0.39, z = 2.68, p =.007), whereas the subtype
main effect (b =0.32, z=0.73, p =.662) and the subtype-by-stage interaction (b =0.07, z=0.32, p =.082)
were non-significant predictors. This effect was robust in a sub-sample approximating ATT eligibility (i.e.,
MCI and DAT diagnosis only, MMSE = 19, no APOE €4 homozygotes; n = 80; Supplementary Table 8).

PHASE-AD classifications predict longitudinal cognitive decline in preclinical and mild
symptomatic Alzheimer’s disease

The addition of atrophy subtype and stage to covariate-only reference models improved model fit and
increased explained variance both when predicting PACC-5 trajectories over 240 weeks in individuals with
preclinical AD (A4; AAIC =-92.71, Aernarginal = 0.07) and when predicting CDR-SB trajectories over 180
weeks in individuals with mild symptomatic AD (ADNI; AAIC =-245.98, Aernarginal = 0.09). Significant
time-by-atrophy classification interactions were observed in both samples and are reported in
Supplementary Tables 9,10. Predicted outcome trajectories by atrophy subtype and stage are shown in
Figure 5A,B for preclinical AD and Figure 5D,E for mild symptomatic AD. Pairwise contrasts revealed
various significant differences in outcome change from baseline across atrophy subtype x stage strata
(Figure 5C,F). These findings were independent of plasma p-tauz17 biomarkers in both scenarios, as shown
in additional analyses including plasma p-tauz17 levels as a covariate (Supplementary Table 11,12). Atrophy
subtype and stage outperformed MTA scores in explained variance and model fit in a mild symptomatic

ADNI sub-sample (all MCI, n = 31; Figure 5G,H; Supplementary Table 13,14).
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Figure 4 | Associations between PHASE-AD classifications and regional tau burden in AB-positive participants. (A) Predicted
trajectories of regional tau burden (expressed as CenTauR scores) across atrophy stages, stratified by CenTauR ROI and atrophy
subtype. Lines represent model-based estimates from the best-fitting model, ribbons indicate 95% C.I.s. Predictions were generated
across the observed stage range for each subtype. The PET-MRI time interval was fixed at the sample median. (B) Same trajectories
with observed data points overlaid. (C,D) Model comparisons between covariates-only and full linear regression models including
PHASE-AD classifications (atrophy subtype and stage) across CenTauR ROIs. (C) Total variance explained (R?) for each model. Lower
points indicate the null model R? (covariates only), upper points indicate the full model R (D) AAIC for full models relative to
covariates-only models. The dashed line indicates AAIC = -2, prespecified as evidence of superior model fit. (E) Predicted probabilities
oftau burden group across atrophy subtypes and stages, for individuals with preclinical AD (i.e., AB-positive CU participants; top panel)
and symptomatic AD (i.e., AB-positive MCI and DAT participants; bottom panel) individuals. Predictions were evaluated over the
observed stage range per subtype, with continuous covariates fixed at their sample medians, treatment set to placebo, and other
categorical covariates averaged across included levels.

Discussion

Structural MRI is routinely acquired in the clinical assessment of AD, yet quantitative morphometric indices
derived from these scans rarely inform standard clinical workflows.” The present study addresses this gap
by introducing PHASE-AD as a universal atrophy classification framework that translates such indices into
intuitive classifications of atrophy subtype and stage, evaluates its robustness and generalizability, and tests
its translational utility in two clinically relevant application contexts. Specifically, limbic-predominant and
hippocampal-sparing atrophy subtypes were replicated across seven independent samples that varied by
recruitment settings, MRI acquisition parameters, and clinical composition. Next, PHASE-AD was trained
on a pooled dataset of 8,415 individuals, yielded atrophy subtype and stage classifications that mirrored
these sample-specific results, and generalized well to held-out samples in two cross-validation schemes.
Individual atrophy subtype and stage classifications were associated with distinct clinical profiles across
samples, including an amnestic-dysexecutive neuropsychological dissociation between the two subtypes.
In addition, PHASE-AD classifications related to diverging tau PET signatures in both spatial distribution
and overall burden, and jointly stratified longitudinal cognitive trajectories in preclinical and mild
symptomatic AD.
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Figure 5 | Prognostic value of PHASE-AD classifications for longitudinal cognitive decline. (A-C) Preclinical AD sample (A4, AB-
positive; predicting PACC-5 over 240 weeks). (D-F) Mild symptomatic AD sample (ADNI, AB-positive, MCI and DAT, MMSE 2 19;
predicting CDR-SB over 180 weeks). (A,D) Atrophy stage distributions within the limbic-predominant and hippocampal-sparing
subtypes. Vertical dashed and solid lines indicate the 25t and 75t percentile stages, respectively, used to define low and high baseline
stage levels for model predictions. (B,E) Outcome trajectories predicted from linear mixed effects models, stratified by subtype and
baseline stage (low: dashed; high: solid). Predictions were evaluated with continuous covariates fixed at their sample medians,
treatment set to placebo, and other categorical covariates averaged across included levels. Ribbons indicate 95% C.I.s. (C,F) Estimated
outcome change per subtype x stage stratum from baseline to the maximum follow-up duration. (G) Réarginal of models predicting
CDR-SB in the mild symptomatic AD sample, comparing PHASE-AD classifications against MTA score as the atrophy measure. Lower
points indicate the null model anargmal (covariates only), upper points indicate the full model ernarginal. (H) Corresponding AAIC

relative to the null model. The dashed line indicates AAIC = -2, prespecified as evidence of superior model fit. Error bars and ribbons
indicate 95% C.Ls. *pror < 0.05. ** pror < 0.01. *** prpr < 0.001.

The architecture of PHASE-AD was directly informed by factors that we identified as likely barriers to
adopting quantitative morphometrics in routine clinical practice. Processing time was substantially
reduced by replacing traditional segmentation and surface reconstruction with a deep learning-based
alternative.** The interpretive burden associated with multi-regional morphometric output was addressed
by distilling this information into a disease-specific classification scheme.” Generalizability and clinical
applicability were pursued through normative modeling using a large and diverse reference sample
(n=5,513). The substantial overlap between within-sample modeling results, combined with robust
performance across two cross-validation schemes, supports that PHASE-AD generalizes to unseen data
without requiring a locally acquired reference sample of healthy controls. Complementing this, PHASE-AD
accommodates the three scanner manufacturers and two field strengths most commonly encountered in
clinical and research MRI settings. Robustness indices were high overall but marginally lower for 1.5T than
3T acquisitions, likely reflecting the relative underrepresentation of 1.5T data in modern publicly available
cohorts, and may improve with the addition of targeted training data.

The replication of limbic-predominant and hippocampal-sparing subtypes across the broad majority of
analyzed samples supports the view that atrophy heterogeneity in AD largely reduces to a single dimension
anchored by these two extremes.'8 Although the primary training sample lacked AD biomarker
characterization, successful replication of the identified atrophy cascades in biological AD samples provides
strong evidence that the model captures structural heterogeneity within the contemporary biological
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definition of AD.# This interpretation is further supported by the broader literature, in which data-driven
subtyping studies have consistently identified similar atrophy patterns, albeit under varying nomenclature
and sometimes alongside additional subtypes.18-20.2351,52 Meanwhile, two samples deviated from the overall
replication pattern and warrant further discussion. In ARWIBO-1.5T, the pre-specified model selection
criterion favored a one-subtype solution, likely due to insufficient power to detect multiple subtypes (10.07
observations per modeled event; recommended minimum 10-20, ref.53). Notably, the two-subtype model
was nevertheless highly concordant with those identified in other samples, suggesting the underlying
subtype structure was present but not reliably detected. In A4/LEARN-3T, the two-subtype model was
selected as the best-fitting solution, but the limbic-predominant subtype was less distinctly expressed
relative to other samples. This sample consisted exclusively of CU individuals, which probably constrained
the reconstruction of full atrophy cascades due to limited variance in brain structure. Additionally, our
finding of elevated odds of MCI and DAT diagnoses associated with the limbic-predominant subtype is
consistent with the underrepresentation of this subtype in the A4/LEARN-3T sample. Nonetheless, PHASE-
AD classifications in A4/LEARN-3T showed various significant cross-sectional and longitudinal clinical
associations, supporting the framework’s relevance even in this early-stage population.

The meta-analytically derived clinical characteristics associated with atrophy subtype and stage were
mostly robust across samples, as indicated by low-to-moderate indices of between-sample heterogeneity.
The finding of higher odds of APOE €4 carriership in the limbic-predominant subtype aligns with previous
work and may reflect an increased vulnerability of the MTL to tau pathology in APOE €4 carriers.5455 While
the biological mechanisms underlying this vulnerability are still unclear, proposed mechanisms include
increased neuronal excitability and local blood-brain barrier dysfunction within the MTLs of APOE &4
carriers.>657 Consistent with the role of the APOE €4 allele as a genetic risk factor for AB pathology, the
limbic-predominant atrophy pattern was associated with increased odds of AB-positivity in our study.58
Limbic-predominant atrophy was related to greater odds of MCI and DAT than hippocampal-sparing
atrophy, and within both subtypes, a higher atrophy stage further increased these odds. When these effects
of diagnosis were controlled for, the two subtypes showed only subtle differences in global cognition and
instrumental activities of daily living. Yet, subtype differences became evident at the level of individual
cognitive domains, where limbic-predominant atrophy was associated with greater episodic memory
impairment, and hippocampal-sparing atrophy was characterized by worse executive functioning. These
results mirror established atrophy signatures of amnestic and non-amnestic AD phenotypes (ref.22) as well
as data-driven biological subtyping studies in AD (refs.19.2051),

The higher mesial temporal tau burden in limbic-predominant relative to hippocampal-sparing atrophy
suggests that atrophy subtypes in AD — at least partly (ref.59)— reflect the downstream structural
consequences of diverging tau pathology.2>60 The absence of a clear tau hotspot in the hippocampal-sparing
subtype may reflect the fact that many regions characteristically affected by tau pathology in atypical AD
variants are not represented as isolated ROIs within the CenTauR framework.53.61 Moreover, this subtype
potentially aggregates multiple atypical tau accumulation patterns rather than representing a single
coherent subtype of tau accumulation.>3.61

The association between PHASE-AD classification and tau burden group carries direct practical
implications. Phase 3 trial data for donanemab have demonstrated highest treatment efficacy in low-to-
medium tau burden groups.?’ In this study, we demonstrate that analogous tau burden groups can be
predicted via atrophy subtype and stage, which raises the question of whether they could serve as
predictive markers of treatment response for a drug already in clinical use. Beyond this predictive use case,
PHASE-AD classifications could serve as a rule-out marker in trials implementing recruitment strategies
based on tau burden. Individuals unlikely to fall within a targeted tau burden range could be identified from
their atrophy profile alone, thereby reducing the number of required tau PET acquisitions. While we show
that PHASE-AD subtypes track with tau PET signal, atrophy should not be read as a one-to-one signature
of any single pathology. Co-existing pathologies may push the atrophy pattern in different directions, and
distinct pathological profiles may converge on the very same atrophy subtype.

Our prognostic analyses indicate that PHASE-AD classifications are related not only to current disease
severity but also to an individual’s longitudinal cognitive trajectory. Notably, these effects were observed
not only in mild symptomatic AD but also in preclinical AD, complementing prior studies showing that
structural brain heterogeneity relates to diverging cognitive trajectories before symptom onset.195! In fact,
the added value of automated structural assessments may be greatest at this early stage, where the subtle
atrophy patterns associated with accelerated cognitive decline are difficult to detect through visual
inspection. The more pronounced subtype effects on PACC-5 relative to CDR-SB trajectories are consistent
with the amnestic profile cross-sectionally associated with limbic-predominant atrophy and the episodic
memory weighting of the PACC-5, whereas the CDR-SB reflects a broader composite of cognition and
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functional ability. The significant and complementary prognostic effects of atrophy subtype and stage
across both scenarios have direct implications for trial design, as they suggest that PHASE-AD can support
prognostic stratification, enrichment, or sample homogenization using an imaging modality already
routinely acquired during trial recruitment. Notably, our exploratory comparison with MTA scores
suggested greater prognostic utility of PHASE-AD over this clinically established measure.

While our study supports the applied value of AD subtyping and staging based on MRI, atrophy assessment
captures only one portion of the AD disease cascade. A complete picture of an individual case with its own
set of risk and protective factors requires a multimodal integration of atrophy subtype and stage with
upstream factors (e.g., genetic risk, proteinopathy, neuroinflammation) and downstream outcomes (e.g.,
cognitive and functional impairment). Parallel efforts to make assessments of these portions increasingly
accessible and precise include blood-based biomarkers of AD pathology and remote cognitive testing.62.63
In our study, the added value of MRI-based atrophy subtyping and staging beyond plasma p-tauzi7
highlights the importance of characterizing the full AD disease cascade rather than relying on any single
marker.

The present study should be interpreted considering its limitations. First, PHASE-AD does not account for
hemispheric lateralization, as all morphometric markers were averaged across hemispheres. This is a
meaningful omission given that lateralization patterns have been described for both typical and atypical
clinical phenotypes, as well as data-driven biological subtypes of AD.5364 Second, although the included
cohorts vary across many relevant characteristics, participants recruited into observational and
interventional research studies remain imperfect representatives of the broader clinical population this
study ultimately targets, particularly with respect to the representation of marginalized groups.65.66
Validation studies evaluating the framework in real-world clinical workflows are therefore needed. Finally,
while the comparison with MTA scores provides an encouraging proof of concept, replication in larger
samples is necessary to draw conclusions about prognostic utility of automated atrophy subtyping and
staging compared with current clinical standards.

In conclusion, PHASE-AD represents a universal framework for characterizing atrophy heterogeneity and
progression in AD, designed to address the barriers that have limited the broad implementation of
quantitative morphometrics in routine clinical practice. The results provide strong evidence that the
biological heterogeneity of AD is reflected in limbic-predominant and hippocampal-sparing atrophy
subtypes with diverging downstream clinical profiles. The per-scan classifications generated by PHASE-AD
offer substantial utility for inferring regional tau accumulation patterns without reliance on molecular
imaging, and provide prognostic information in prospective settings directly relevant to contemporary trial
design in AD.
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