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INTRODUCTION: Traditional multivariate methods for neuroimaging studies overlook

by analyzing relative brain volumetric patterns to capture how Alzheimer’s disease

The complete list of collaborators of the ALFA (AD) and genetics influence brain structure along the disease continuum.
study can be found in the Acknowledgments
section.

METHODS: This study analyzed data from participants across the AD continuum from
the Alzheimer’s and Families (ALFA) and Alzheimer’s Disease Neuroimaging Initiative

(ADNI) studies. Compositional data analysis (CoDA) was exploited to examine relative
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1 | INTRODUCTION

GENIUSET AL.

brain volumetric variations that (1) were linked to different AD stages compared to
cognitively unimpaired amyloid-3-negative (CU A-) individuals and (2) varied by AD
genetic risk.

RESULTS: Disease stage-specific compositional brain scores were identified, differen-
tiating CU A— individuals from those in more advanced stages. Genetic risk-stratified
models revealed a broader genetic landscape affecting brain morphology in AD,
beyond the well-known apolipoprotein E ¢4 allele.

DISCUSSION: CoDA emerges as an alternative multivariate framework to deepen
understanding of AD-related structural changes and support targeted interventions

for those at higher genetic risk.

KEYWORDS
Alzheimer’s disease genetic predisposition, brain imaging genetics, compositional brain score,
compositional data analysis, multi phenotype analysis, neurodegeneration, polygenic risk scoring

Highlights

» Compositional data analysis (CoDA) revealed the relative variation of brain region
volumes, captured in compositional brain scores, capable of discerning between
cognitively unimpaired amyloid-3-negative individuals and subjects within other
disease-stage groups along the Alzheimer’s disease (AD) continuum.

» CoDA also uncovered the genetic vulnerability of specific brain regions at each stage
of the disease along the continuum.

* CoDA is capable of integrating magnetic resonance imaging data from two dif-
ferent cohorts without stringent requirements for harmonization. This translates
as an advantage, compared to traditional methods, and strengthens the reliabil-
ity of cross-study comparisons by standardizing the data despite different labeling
agreements, facilitating collaborative and large-scale research.

* The algorithm is sensitive to AD-specific effects, as the main compositional brain
scores display little overlap with the age-specific compositional brain score.

* CoDA provides a more accurate analysis of brain imaging data addressing its com-
positional nature, which can influence the development of targeted approaches,

opening new avenues for enhancing brain health.

Traditional methods for analyzing neuroimaging data often

rely on modeling methods that assess individual brain features

Alzheimer’s disease (AD) is a complex, multifactorial, and heteroge-
neous neurodegenerative disorder. In addition to accumulation of
soluble amyloid beta (AB) in neuritic plaques, and the deposition of
abnormally phosphorylated tau protein into neurofibrillary tangles,*
AD is characterized by changes in brain structure?® that follow a
limbic-to-frontal pattern* throughout the disease continuum. It has
been widely described that structural heterogeneity inter- and also
intra-stage® can be shaped by the effect of known genetic”® and envi-
ronmental factors.? 19 However, much remains to be understood about
how these factors influence AD intermediate phenotypes along the dis-
ease continuum. Addressing these gaps requires innovative modeling
approaches that can open new avenues for assessing the impact of risk

factors on brain features.

separately.!1~1> For instance, machine learning (ML) and deep learning
(DL) frameworks have recently emerged as robust tools for identi-
fying AD-related structural patterns with high predictive accuracy,
offering significant potential in diagnostics and prognostics.16:17
Although effective for prediction, these approaches may inadequately
capture the coordinated structural changes within the brain, poten-
tially overlooking the compositional nature of brain architecture. In
neurodegenerative diseases like AD, structural changes rarely occur
individually; instead, alterations in one region can influence, and are
influenced by, changes in other regions.

Other techniques, such as structural covariance methods, have
been developed to address these interdependencies, as they com-

monly examine structural covariance using independent component
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analysis to detect latent sources of variability across the brain, pro-
viding insight into co-varying structures across subjects.1*1é However,
structural covariance relies on pairwise covariances between brain
regions, overlooking the broader compositional and bounded nature
of the data, where brain regions physically interact. This approach may
miss essential information about the relative contributions of interde-
pendent brain regions as components of a larger system, referred to as
composition.

Mathematically, a composition is defined as a set of variables (com-
ponents) with values in the positive orthant of the real dimension, that
represent proportions of a whole and are constrained to a constant.*?
Thus, brain structures, irrespective of their segmentation level,20-21
function as interdependent components within a compositional sys-
tem restricted by the total brain volume. Compositional data analysis
(CoDA) provides a complementary holistic framework that captures
these interdependent components of a unified whole by assessing
relative variations among multiple brain regions instead of analyzing
raw volumes. CoDA examines the relative proportions between brain
regions, ensuring that any changes in one region are understood inrela-
tion to changes in others, preserving the data’s compositional struc-
ture, ensuring permutation, scale invariance, and sub-compositional
coherence,?22 properties that structural covariance do not address.
While CoDA is primarily applied in microbiome research,?? few neu-
roimaging studies have used compositional approaches seeking more
sophisticated approaches to evaluate the brain’s complex structure
focusing on the relative variation between brain region volumes.2324

In this study, we aimed to identify relative volumetric variations in
cortical and subcortical brain areas that (1) were associated with higher
odds of belonging to advanced AD stages, compared to cognitively
unimpaired AB-negative (CU A-) individuals, and (2) were influenced
by genetic risk for AD within each disease stage. Using CoDA, we
focused on the interconnected relationships among brain regions, cap-
turing relative changes in compositional brain scores that reflect these
interdependencies. Moreover, to distinguish AD-specific changes from
those associated with normal aging, we conducted parallel analyses in
CU A- individuals to capture the effect of higher chronological age
in brain structure in the youngest non-pathological group, expected
to display less age-related AD co-occurring competing risk factors2>
that could act as confounding variables for modeling the relationship
between brain features and age. This comparison allowed us to iden-
tify which relative brain volumetric variations were distinct to AD

progression, providing further specificity to our findings.

2 | METHODS
2.1 | Study population

This study included 338 CU middle-aged (45-65 years old) participants
from the ALFA+ cohort, a nested cohort of the Alzheimer’s and Fam-
ilies study,2¢ and 330 cognitively impaired (Cl) individuals from the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) cohort, a project
funded by the National Institutes of Health (NIH) and launched in
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RESEARCH IN CONTEXT

1. Systematic review: Recent research emphasizes the
importance of compositional approaches in brain imag-
ing studies, particularly in Alzheimer’s disease (AD), in
which changes in one region can influence others. This
study aims to identify relative brain volumetric variations
in cortical and subcortical regions that (1) are linked to
different AD stages compared to cognitively unimpaired
amyloid-B-negative (CU A-) individuals and (2) vary by
AD geneticrisk.

2. Interpretation: Disease stage-specific compositional
brain scores were identified, differentiating CU A-
individuals from those in more advanced stages. These
patterns showed minimal overlap with those associated
with normal aging in CU A- individuals, underscoring
the distinct impact of AD pathology. When genetic risk
was considered, individuals with higher AD genetic
risk exhibited differences in compositional brain scores
compared to those with lower genetic risk, suggesting
that AD pathology and genetic predisposition contribute
unique patterns of brain modulation.

3. Future directions: Investigating the impact of gene risk
factors’ interaction on brain structure as well as the com-
bined action of genetic factors and brain structure over
time through longitudinal studies comprising diverse pop-
ulations will significantly enhance our understanding of

these dynamics.

2004 (adni.loni.usc.edu).?’ Individuals had available information on
cortical and subcortical brain region volumes, cerebrospinal fluid (CSF)
biomarkers, and genetic data. Participants were classified into A/T
groups defined by their CSF biomarker profile according to the A/T
framework described in Jack et al.2® Ag pathology positivity (A+) and
tau pathology positivity (T+) were defined based on validated cut-
offs.2? Further details on the CSF sampling can be found in Methods
SM1.1 in supporting information. The CSF profile of A+T+ individu-
als in ALFA was determined by the CSF AB42/40 ratio < 0.071 pg/mL
and levels of CSF phosphorylated tau (p-tau)181 > 0.24 pg/mL, while
in ADNI A+ was defined by CSF AB42 levels < 1100 pg/mL. All par-
ticipants from ADNI were Cl, as defined by memory complaints and a
Clinical Dementia Rating (CDR) >0.05. Contrary to AD patients, mild
cognitive impairment (MCI) did not present complaints regarding gen-
eral cognition and functional performance, and did not qualify for the
diagnosis of dementia (Petersen et al.?”). Participants were classified
into four different groups based on both their clinical diagnosis and
their CSF amyloid profile. Finally, the sample was covering the whole
disease continuum: CU A— individuals ALFA (N = 220, 41 high genetic
risk AD), CU AB-positive individuals (CU A+) ALFA (N = 118, 46 high
genetic risk AD), MCI AB-positive individuals (MCI A+) ADNI (N =230,
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87 high genetic risk AD), AD Ap-positive individuals (AD A+) ADNI
(N =100, 42 high genetic risk AD).

2.2 | Genetic data acquisition, quality control, and
imputation

For the ALFA study, DNA was obtained from blood samples through
a salting-out protocol. Genotyping was performed with the Illu-
mina Infinium Neuro Consortium (NeuroChip) Array (build GRCh37/
hg19).3% A quality control procedure was performed using PLINK soft-
ware. Imputation was performed using the Michigan Imputation Server
with the haplotype Reference Consortium Panel (HRC r1.1 2016)3!
following default parameters and established guidelines. A full descrip-
tion of the genotyping, quality control, and imputation procedures is
available elsewhere.32 ADNI participants underwent genotyping using
both the Human 610-Quad BeadChip and the Illumina HumanOm-
niExpress BeadChip (lllumina, Inc.). Quality control measures and
imputation procedures closely followed the protocols established in
the ALFA study. Further details are available elsewhere.33

2.3 | Genetic predisposition to AD: polygenic risk
score computation

The polygenic risk score of AD (PRSpp) was calculated using the
PRSice version 2 tool.3* Summary statistics from a recent genome-
wide association study (GWAS) for AD3° were obtained to compute
the PRSpp°2 (Table S1 in supporting information). The algorithm
retained the single nucleotide polymorphisms (SNPs) with the small-
est p value in each 250 kb window and removed SNPs that were in
linkage disequilibrium (r2 > 0.1). The threshold of SNP inclusion was
defined at p value < 5-107%. The PRSpp was computed by adding up
the alleles carried by participants, weighted by the SNP allele effect
size from the GWAS and normalizing by the total number of alle-
les. The same procedure was performed to estimate the PRS of AD
when excluding the apolipoprotein E (APOE) region (PRSaApnoaPOE;
chr19:45,409,011-45,412,650; GRCh37/hg19). PRSs were computed
in ALFA and ADNI.32 Both PRSs were dichotomized and we created
two groups of subjects to differentiate individuals at higher genetic
predisposition to AD from the rest of the sample. Categorization was
done in each cohort separately. The cut-off point was defined by the
quantile 0.8 (high genetic group: PRS > quantile 0.8; low genetic group:
PRS < quantile 0.8).

2.4 | Brain region segmentation and quantification

Volumes for cortical and subcortical brain regions were obtained
through high-resolution 3D T1-weighted magnetic resonance imag-
ing (MRI) scans. Each cohort used customized protocols specific to
the scanner. The images were pre-processed and segmented using
FreeSurfer. In ALFA,3¢ protocol parameters were identical for all par-

ticipants and included high-resolution 3D structural images weighted

in T1 with an isotropic voxel of 0.75 x 075 x 0.75 mm?3, acquired with
a 3T Philips ingenia CS scanner. The acquisition parameters were rep-
etition time (TR)/echo time (TE)/inversion time (T1) = 9.9/4.6/900 ms,
flip angle = 8°, and a matrix size of 320 x 320 x 240. In ADNI, MRI
acquisition parameters included a TR of 2400 ms, Tl of 1000 ms, flip
angle of 8 degrees, and a field of view (FOV) of 24 cm. The acquisi-
tion matrix was set to 256 x 256 x 170 in the x, y, and z dimensions,
resulting in a voxel size of 1.25 x 1.26 x 1.2 mm.3” The MRI data under-
went preprocessing steps, including reorienting images to the anterior
and posterior commissure line, skull stripping, cerebellum removal,
and intensity inhomogeneity correction. Finally, the data were down-
sampled to a matrix size of 128 x 128 x 128. FreeSurfer version 7 was
used for cortical and subcortical quantification in ALFA, while in ADNI,
version 5 and version 6 were used in different batches, although for all
MCI A+ and AD A+ included in this study, images were preprocessed
with FreeSurfer version 5. Due to the scarce use of compositional
methods in imaging genetics studies, there are no standardized and
validated protocols for harmonizing compositional data and removing
batch effects. Therefore, we proposed a three-step validation protocol
(Methods SM1.2 in supporting information) and applied the neuro-
Combat harmonization pipeline for cross-sectional designs to adjust
for potential batch effects.383? Sensitivity analyses were performed
to compare the compositional brain scores obtained in both scenarios,
pre- and post-harmonization (Results SR1.1 in supporting informa-
tion). Cortical surface parcellation was done using the Desikan-Killiany
atlas.*® Subcortical measurements were obtained working with the
automatic subcortical segmentation of FreeSurfer. Volumes were glob-
ally quantified by summing the measurements of both hemispheres. A
total of 41 volumes were selected combining 34 measurements from
cortical regions and 7 from subcortical ones (Table S2 in supporting
information).

2.5 | Compositional nature of structural brain
features

Compositional data consist of a vector of positive measurements
whose values are restricted by their total sum®? (Methods SM1.3 in
supporting information). Given this definition, structural brain imaging
features can be understood as components of a composition, restricted
by the total volume. The compositional dataset of this study con-
sists of 41 cortical and subcortical brain region volumes, all positive
measurements, that are restricted by their total sum. We applied the
coda4microbiome algorithm,22 a CoDA method initially designed for
microbiome studies, used here to obtain structural brain biomarkers.
The method is designed to identify a model containing the minimum
number of features with the maximum predictive power of the out-
come of interest. The algorithm relies on the analysis of log ratios
and variable selection is addressed through cross-validation penalized

regression on the “all-pairs log-ratio model,” the model containing all
n!

(k1(n—k)!)

as a linear combination of the (log-transformed) brain volumes of the

possible pairwise log-ratios [ ]. The inferred model is expressed

selected brain regions, with the peculiarity that the sum of the coeffi-
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(ii) similar to step (i) considering the genetic risk profile for AD within groups along the continuum.
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FIGURE 1 Workflow coda4microbiome algorithm: implementation in the proposed brain imaging genetics study. AD, Alzheimer’s disease;
ADNI, Alzheimer’s Disease Neuroimaging Initiative; ALFA, Alzheimer’s and Families study; MCI, mild cognitive impairment; PRS, polygenic risk

score; SNP, single nucleotide polymorphism.

cients is equal to zero. This defines a balance between those regions
with a positive coefficient, contributing positively to the outcome, and
those with a negative coefficient, that contribute negatively to the

outcome.

2.6 | Statistical analyses

Differences in demographic characteristics were assessed according
to amyloid status (ALFA) and diagnosis group (ADNI), using chi-
square tests for categorical variables and parametric (t test, analysis
of variance) and non-parametric tests (Wilcoxon rank sum test or
Kruskal-Wallis test) for continuous normally and non-normally dis-
tributed variables, respectively. p values for pairwise comparisons
were also provided, adjusted for Benjamini-Hochberg false discov-
ery rate (FDR). CoDAZ241 was performed to identify compositional
brain scores (i.e., a combination of specific brain region volumes) (1)
associated with higher odds of belonging to the non-CU A— group
along the disease continuum, and (2) varying by genetic risk profile for
AD along the disease continuum. In the first scenario, logistic regres-
sion models, adjusted for age, sex, and the PRS5p, were assessed to
examine the compositional brain score associated with higher odds

of non-belonging to the CU A— group across the disease continuum

(CU A— vs. CU A+/MCI A+/AD A+). In the second step, groups were
defined based on both clinical status (CU A+, MCI A+, and AD A+)
and genetic risk profile (low vs. high genetic risk for AD). All compar-
isons used the low genetic risk CU A— group as the reference (Figure 1).
Separate analyses were performed based on the PRS calculation used
to determine genetic groups: (1) the PRS including all SNPs associ-
ated with AD (PRSpp) and (2) the PRS excluding the APOE region
(PRSapnoapoE)- The procedure was identical for both cases, and anal-
yses were repeated accordingly. Further, we investigated age-specific
effects on brain structure by performing CoDA to explore the compo-
sitional brain score associated with higher chronological age in CU A—
individuals, adjusting for sex and genetic predisposition to AD. These
results were then compared to the compositional brain score associ-
ated with higher odds of belonging to the non-CU A— group along the
disease continuum. Finally, we conducted post hoc analyses to assess
the robustness of the variable selection procedure for generating brain
compositional scores. For each comparison (CU A— vs. CU A+, MCI A+
and AD A+), we permuted the outcomes (100 iterations) to determine
whether brain features were selected by chance. Results for the age-
related compositional brain score, the permutated outcome, and the
repeated analysis excluding the APOE regions are provided in Results
SR1.2,1.3,1.4 in supporting information, respectively. All analyses were

conducted using R software version 4.2.2.
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TABLE 1 Demographic characteristics and APOE genotypes distribution in the ALFA sample.
ALFAN =338 N
Sex (n, %) 338
Men 127 (37.574%)
Women 211(62.426%)
Age (median, IQR) 57.000[53.000; 61.000] 338
Education years (median, IQR) 12.000[11.000; 17.000] 338
Ap status (n, %) 338
AB— 220 (65.089%)
AB+ 118 (34.911%)
APOE ¢4 carriers (n, %) 338
Non-carrier 155 (45.858%)
Carrier 183 (54.142%)
APOE ¢4 load (n, %) 338
Non-carriers 155 (45.858%)
One ¢4 allele 152 (44.970%)
Two ¢4 alleles 31(9.172%)
Mini-Mental State Examination (median, IQR) 29.000[28.000; 30.000] 338

Abbreviations: A3, amyloid beta; ALFA, Alzheimer’s and Families study; APOE, apolipoprotein E; IQR, interquartile range.

3 | RESULTS
3.1 | Characteristics of the sample

The ALFA sample (N = 338) included 62.43% women and 54.14% APOE
¢4 carriers, with amedian age of 57 years (interquartile range [IQR] 53-
61; Table 1). The ADNI sample (N = 330) was defined by 40% women
and ~ 64.55% APOE ¢4 carriers, with a median age of 74 years (IQR
68.2-78). In the sample there were 30% AD dementia patients and
70% MCI individuals, all of them amyloid positive (Table 2). Differ-
ences were assessed among disease-stage groups along the continuum
(Table 3). The highest percentage of women was found in ALFA CU
A— individuals (63%) while the lowest was observed in ADNI MCI
individuals (38%; p < 0.001). Significant differences in APOE ¢4 car-
riership were observed among groups, with the lowest percentage
found in ALFA CU A- participants (40% carriers) and the highest in
ALFA CU A+ (78% carriers; p < 0.001). Notably, the APOE &4 car-
rier rate in ALFA CU A+ was higher than in clinical groups from
ADNI (p < 0.001). There were significant differences in the genetic
predisposition to AD between CU A— and CU A+, MCl and AD demen-
tia individuals (FDR p value pairwise comparisons < 0.001), but not
between CU A+ and the impaired groups. Non-significant differences
were found between groups when the APOE region was removed
from the polygenic risk score (Figure S1 in supporting information).
Significant differences were also found in the median value of corti-
cal and subcortical regions between groups (Table S3 in supporting

information).

3.2 | Compositional brain scores associated with
AD disease stages compared to CU A- individuals

In the ALFA study, the compositional brain score associated with
higher odds of belonging to the CU A+ group was primarily char-
acterized by the relative volumetric variation between the pallidum
and the amygdala, along with variations in other cortical regions of
the parietal, frontal, and temporal lobes as well as subcortical areas
(Figure 2). The compositional brain score linked to higher probabil-
ity of belonging to the MCI A+ group mainly involved the relative
volumetric variation between the fusiform and the frontal pole, with
additional variations in other temporal and frontal areas, regions of the
occipital lobe, and subcortical areas such as the putamen and pallidum
(Figure 2). Finally, the compositional brain score associated with higher
odds of belonging to the AD A+ group was primarily characterized
by the relative volumetric variation between the insula and the infe-
rior parietal, alongside variations in other parietal and frontal regions
(Figure 2). Compositional brain scores showed high prediction accu-
racy in distinguishing CU A— from other disease stages, with robust
discrimination for both MCI A+ (area under the curve [AUC] = 0.992)
and AD A+ (AUC = 0.980; Table S4, Figure S2 in supporting informa-
tion). Sensitivity analyses displayed similar compositional brain scores
after neuroCombat harmonization (Figures S3-S7, Table S5 in sup-
porting information), particularly for the comparisons between CU
A- and both CU A+ and AD A+ participants (Figure S8, Results
SR1.1 in supporting information). Post hoc analyses showed that

brain regions contributing to the compositional brain scores appeared
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TABLE 2 Demographic characteristics and APOE genotypes distribution in the ADNI sample.

ADNIN = 330 N
Sex (n, %) 330
Women 132 (40.000%)
Men 198 (60.000%)
Age (median, IQR) 74.050 [68.200; 78.000] 330
Education years (median, IQR) 16.000 [14.000; 18.000] 330
Diagnosis (n, %) 330
AD 100 (30.303%)
MCI 230(69.697%)
APOE ¢4 carriers (n, %) 330
Non-carrier 117 (35.455%)
Carrier 213(64.545%)
APOE ¢4 load (n, %) 330
Non-carriers 117 (35.455%)
One ¢4 allele 153 (46.364%)
Two ¢4 alleles 60 (18.182%)
Mini-Mental State Examination (median, IQR) 27.000[25.000; 29.000] 330

Abbreviations: AD, Alzheimer’s disease; ADNI, Alzheimer’s Disease Neuroimaging Initiative; APOE, apolipoprotein E; IQR, interquartile range; MCI, mild

cognitive impairment.

Compositional brain scores linked to different AD stages when compared to CU amyloid-negative (A-) individuals
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FIGURE 2 Compositional brain scores associated with increased odds of belonging to non-CU A- groups at different AD stages. Regions in
dark pink indicate positive contributions to the compositional brain scores, while regions in dark green indicate negative contributions. AD,

Alzheimer’s disease; AD A+, Alzheimer’s disease amyloid-3-positive individuals; CU A—, cognitively unimpaired amyloid-S-negative individuals;
CU A+, cognitively unimpaired amyloid-g-positive individuals; MCIl A+, mild cognitive impaired amyloid- beta-positive individuals.
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FIGURE 3 Compositional brain scores associated with increased odds of belonging to the non-CU A— group stratifying by AD risk profile at
different AD stages. Regions in dark pink indicate positive contributions to the compositional brain scores, while regions in dark green indicate
negative contributions. AD, Alzheimer’s disease; AD A+, Alzheimer’s disease amyloid-B--positive individuals; CU A—, cognitively unimpaired
amyloid-B-negative individuals; CU A+, cognitively unimpaired amyloid-S-positive individuals; MCI A+, mild cognitive impaired

amyloid-B-positive individuals.

stable and were less commonly included in the main brain scores
when the outcome was permuted (Results SR1.2, Figure S9 in support-
ing information). Moreover, the compositional brain scores associated
with higher odds of belonging to the non-CU A- group along the dis-
ease continuum involved different regions than those associated with
higher chronological age in the CU A— group (Results SR1.3, Figures
S10-S11 in supporting information).

3.3 | AD genetic risk influences brain structure at
each stage of the disease continuum

When stratified by AD genetic risk profile, the compositional brain
score associated with higher odds of belonging to the CU A+ group
remained largely unchanged for the CU A+ participants at low risk of
AD (Figure 3). The putamen, pallidum, and amygdala consistently con-
tributed to the compositional brain score, regardless of the CU A+
genetic risk profile. Nonetheless, the brain score shifted when focus-
ing on the CU A+ group at high risk of AD. For instance, the temporal
and frontal poles, caudal anterior cingulate, pars orbitalis, and middle
temporal regions showed vulnerability to AD genetic risk in CU A+.
Minor differences were observed in the compositional brain score
associated with higher odds of belonging to the MCI A+ group when
split by AD genetic risk (Figure 3). The entorhinal and thalamus con-
tributed to the relative volumetric variations linked to a higher proba-
bility of belonging to the high-risk MCI A+ group. The rostral anterior
cingulate was uniquely involved in the brain compositional score with
higher odds of belonging to the low-risk MCI A+ group. Nonetheless,

the contributions of the putamen, parahippocampal gyrus, fusiform,

together with the palladium, lateral occipital, and frontal pole to the
brain score associated with higher odds of belonging to the MCI A+
group, were independent of the AD genetic burden. Last, compositional
brain scores associated with a higher probability of being AD A+ varied
slightly across genetic risk-stratified models (Figure 3). The amygdala
and parahippocampal regions were particularly vulnerable to genetic
risk and were linked to a higher likelihood of belonging to the high-risk
AD A+ group. However, the contributions of the putamen, insula, and
frontal pole to the brain score related to higher odds of belonging to
the AD A+ group, were unaffected by the AD genetic burden of the
participants. Compositional brain scores showed high prediction accu-
racy indistinguishing at low genetic risk CU A— from both at low and at
high genetic risk MCI A+ and AD A+ (Table Sé, Figure S12 in support-
ing information). The same analyses were conducted using a PRS that
excluded the APOE region (PRSapnoapor; Results SR1.4-1.5, Figures
$13-515, and Table S7 in supporting information).

4 | DISCUSSION

This study leverages CoDA to analyze neuroimaging data, uncovering
structural brain variations across AD stages and assessing genetic risk
impacts. CoDA identified compositional brain scores that differenti-
ate disease stages along the AD continuum and reveal how genetic
risk modulates specific stage-related patterns. These findings highlight
CoDA'’s unique ability to capture complex interdependencies among
brain regions often missed by traditional methods, offering a compli-
mentary framework for structural brain analysis and new insights into
AD distinct patterns.
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Building on previous neuroimaging research on AD-related brain
changes,*? this study identifies stage-specific compositional brain
scores, with the amygdala and pallidum, despite beinginversely related,
contributing most significantly to the CU A+ group score. Previous
studies showed early divergence of structures like the amygdala and
hippocampus in AD pathology, with the amygdala showing propor-
tionally greater changes.®*®> Amygdala atrophy has also been linked
to cognitive decline, predicting Mini-Mental State Examination scores
and hippocampal atrophy in mild AD.** Overall, our findings suggest
an early impact of amyloid pathology on brain structure in CU indi-
viduals, notably targeting the amygdala, an early hallmark of AD.4>-%7
Frontal regions and the anterior cingulate also contributed to the CU
A+ brain score, possibly indicating resilience-related mechanisms in
early structural changes.*8

Moreover, the fusiform and frontal pole, despite their inverse rela-
tionship, contributed most significantly to the compositional brain
score associated with higher odds of MCI A+ group. Recent studies
showed distinct atrophy patterns in MCl individuals, with fusiform and
frontal thinning observed in different MCI subtypes,*? highlighting the
complexity of structural changes across profiles. The compositional
score also involved regions related to memory and executive func-
tion, indicating more pronounced changes as resilience declines and
memory and executive impairments emerge.®

Finally, the insula and inferior parietal regions, though inversely
related, contributed the most to the compositional score linked to AD
A+ likelihood. Additional contributions came from cortical areas in the
frontal and parietal lobes, the insula, cingulate cortex, and subcorti-
cal areas such as the putamen. Previous studies in CU, MCl, and AD
patients showed decreased nodal centrality in the middle temporal and
increased centrality in the precuneus (parietal) in MCI and AD com-
pared to CU.*2 Overall, the compositional score involved regions linked
to memory, executive, and motor functions, suggesting compensatory
mechanisms in preserved areas (frontal and parietal) to offset losses in
affected regions like the temporal lobe and amygdala.

Stratifying by AD genetic risk profile (high/low) within each dis-
ease stage (CU A+, MCI A+, and AD A+), we identified genetically
vulnerable regions linked to higher odds of belonging to non-CU A—
compared to high-risk individuals at each stage of the disease. For
instance, the temporal and frontal poles, caudal anterior cingulate, pars
orbitalis, and middle temporal were genetically vulnerable in CU A+.
The entorhinal and thalamus proper exhibited genetic vulnerability in
MCI A+, whereas the amygdala and parahippocampal regions were vul-
nerable in AD A+. Notably, the amygdala also contributed to the CU
A+ compositional brain score, suggesting a dual role across the dis-
ease continuum.*? Results suggest that, early on, amyloid pathology
may primarily affect the amygdala, while genetic factors accelerate its
atrophy in later AD stages.°1

The effect of APOE on brain structure remained largely consis-
tent when genetic groups were defined using an AD PRS excluding
APOE-related genetic variants. Brain scores for CU A— versus MCI A+
and AD A+ were nearly identical, though minor differences appeared
in genetic-stratified models for CU A— versus CU A+ particularly in

the preclinical stage model, when CU A+ were younger and had a

lower proportion of A+T+ subjects. This suggests an earlier impact
of APOE-related variants on structural brain changes. Recent stud-
ies revealed distinct genetic architectures for younger versus older
onset, with chromosome 19 variants explaining half of the heritabil-
ity in the younger group, highlighting age as a modifier of APOE’s AD
risk.>2 Other studies showed that APOE ¢4 carriership was linked to
A-T- to A+T— conversion, while AD polygenic risk drove progression
to A+T+,%3 suggesting APOE’s stronger early influence on brain struc-
ture, likely via amyloid pathways. In contrast, for MCI A+ and AD A+
stages, compositional brain scores differed significantly among genetic
risk, independent of APOE. These findings indicate that in later stages,
overall AD genetic risk, beyond amyloid, may influence pathways such
as tau, immunity, and lipid processing.>4-5¢

Last, we found that the putamen, frontal pole, and insula contributed
non-specifically to structural changes across AD stages, overlapping
with regions in the age-related compositional brain score. The puta-
men consistently showed a positive contribution across all brain scores,
where its relative increase, along with other regional changes, was
linked to higher likelihood of non-belonging to the CU A— group. How-
ever, its relative decrease, together with volumetric changes in other
regions, was associated with higher chronological age. Prior studies

revealed a linear decline in putamen volume with age,>”~>?

suggesting
its role as an aging marker. Given age’s major influence on AD risk, puta-
men involvement across compositional brain scores likely reflects the
impact of aging along the AD continuum.

Several regions overlapped across pairwise compositional brain
scores. The caudal anterior cingulate and frontal pole were linked to
a higher likelihood of belonging to the MCI A+ and AD A+ groups,
while the insula and rostral anterior cingulate contributed to the CU
A+ and AD A+ compositional brain scores. Furthermore, the pallidum
contributed to CU A+ and MCI A+ compositional brain scores. These
findings aligned with recent machine learning (ML) studies which iden-
tified temporal regions, specifically the hippocampus, cingulate, and
frontal and parietal lobes, as key for distinguishing between CU and AD
individuals.?®1” While ML highlighted critical morphological features,
it did not capture the relative changes between these regions.

Finally, we validated the robustness of the variable selection pro-
cedure by permuting the outcome across all pairwise models. This
approach confirmed minimal or no overlap between regions in the
permuted compositional brain scores and those identified in the main
compositional brain scores from comparisons between CU A— and CU
A+, MCI A+ and AD A+. This strong distinction underscores the reli-
ability of our findings and supports specificity of the identified brain
regions to each disease stage.

This study showed that CoDA emerged as an alternative method
for addressing limitations in traditional neuroimaging analyses, provid-
ing an accurate and comprehensive understanding of brain structural
alterations.® Unlike conventional univariate or multivariate analyses,
which capture correlated features®! but often miss the compositional
nature of brain data, thereby risking spurious correlations, CoDA
effectively models complex interdependencies among brain regions by
focusing on relative variations. In addition, a notable strength of CoDA

is its ability to integrate neuroimaging data from two independent
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cohorts without rigorous harmonization requirements, overcoming a
key barrier in traditional analyses.3? This flexibility enables the analysis
of diverse datasets, improving cross-study reliability through stan-
dardization (via a log-ratio approach), even when labeling conventions
differ. Such robustness supports collaborative, large-scale research
efforts.

Despite its strengths, we acknowledge the need for longitudi-
nal data to explore the trajectory of the volumetric variations of
the brain regions over time. Additionally, the use of a binary PRS
to assess genetic impact on brain structure also introduces limita-
tions. While dichotomizing PRS provides a general AD risk profile,
it may oversimplify complex interactions among genetics, age, and
disease stage. Moreover, future studies should address interactions
between genetics and environmental factors®? not covered in this
study.

In summary, this study identified distinct brain structure patterns
associated with AD and showed the influence of higher AD genetic
risk on interdependent changes across brain regions. Using CoDA, we
captured AD-specific brain patterns that diverge from those seen in
normal aging, underscoring CoDA’s potential as a robust multivariate
framework for exploring AD-related structural changes. By examining
genetic risk-stratified models, the findings revealed a broader genetic
landscape affecting brain morphology in AD, beyond the well-known
APOE ¢4 allele, thus highlighting the complex genetic interplay that
drives brain structure alterations. This insight is particularly valuable
for understanding AD pathogenesis and paves the way for targeted
interventions tailored to individuals at higher genetic risk, supporting
both research advancements and clinical applications to improve brain
health.
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