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ARTICLE INFO ABSTRACT
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Recent efforts demonstrated the efficacy of identifying early-stage neuropathology of Alzheimer’s disease (AD)
through lumbar puncture cerebrospinal fluid assessment and positron emission tomography (PET) radiotracer
imaging. These methods are effective yet are invasive, expensive, and not widely accessible. We extend and
Machine learning improve the multiscale structural mapping (MSSM) procedure to develop structural indicators of B-amyloid
MRI neuropathology in preclinical AD, by capturing both macrostructural and microstructural properties throughout
PET the cerebral cortex using a structural MRI. We find that the MSSM signal is regionally altered in clear positive and
negative cases of preclinical amyloid pathology (N = 220) when cortical thickness alone or hippocampal volume
is not. It exhibits widespread effects of amyloid positivity across the posterior temporal, parietal, and medial
prefrontal cortex, surprisingly consistent with the typical pattern of amyloid deposition. The MSSM signal is
significantly correlated with amyloid PET in almost half of the cortex, much of which overlaps with regions
where beta-amyloid accumulates, suggesting it could provide a regional brain ‘map’ that is not available from
systemic markers such as plasma markers.

1. Introduction neuropathology include lumbar puncture cerebrospinal fluid (CSF)

assessment and positron emission tomography (PET) using radiotracers

Alzheimer’s disease (AD) is defined histopathologically by amyloid
and tau neuropathology (Bateman et al., 2012; Buchhave et al., 2012;
Jack et al., 2012). This pathology begins a decade or more prior to the
onset of clinical symptoms. (Bateman et al., 2012; Buchhave et al., 2012;
Jack et al., 2013, 2012, 2010; Landau et al., 2012; Michelle M. Mielke
et al., 2012). Clinically symptomatic identification of AD is therefore
late in the process and at a time when novel therapeutics will be less
effective. Thus, identification of early pathology has been a goal for the
development of novel biomarker techniques. The recent biological
framework of AD emphasizes three types of pathology to characterize
this disorder, referred to as the ‘amyloid/tau/neurodegeneration’
(A-T-N) framework. The primary validated measures of amyloid and tau

for the abnormal proteins. Their routine use for screening is limited due
to their invasiveness, high costs, and the requirement for specialized
facilities. Blood-based biochemical markers such as plasma markers are
emerging and becoming available, however, they still require validation
and are invasive. In contrast, structural brain imaging with MRI is
commonly performed to assess for gross pathology that can contribute to
cognitive impairment, e.g., brain tumors, intracranial hemorrhage, and
sequela of prior traumatic injury or vascular disease. Combined with
machine learning approaches, brain MRI can successfully identify in-
dividuals with Alzheimer’s disease or mild cognitive impairment (MCI)
(Allison et al., 2019; Belathur Suresh et al., 2018; Cho et al., 2012; Choi
et al., 2020; Davatzikos et al., 2008; Desikan et al., 2009; Gao et al.,
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2020; Janghel and Rathore, 2021; H.T. Li et al., 2021; Lin et al., 2018; Lu
et al., 2018; Magnin et al., 2009; Park et al., 2017; Popuri et al., 2020;
Sgrensen et al., 2017; Suk et al., 2014; Westman et al., 2012; Wolz et al.,
2011; Zhang et al., 2011). However, structural brain imaging is limited
in detecting AD at its earliest stages and is particularly challenged in the
preclinical/asymptomatic stages. To date, few studies have used struc-
tural imaging robustly in the detection of primary markers of AD pa-
thology in cognitively intact individuals (Ten Kate et al., 2018; Tosun
et al., 2021).

While macrostructural morphometry procedures such as cortical
thickness/volume, hippocampal volume, and gray matter volumes are
commonly used in structural MRI studies, microstructural properties are
also quantifiable from a standard structural T1-weighted MR image yet
are not widely utilized (Jang et al., 2022; Jefferson et al., 2015; Salat
et al., 2011, 2009). In a prior study, we integrated morphometry mea-
sures with image signal properties to develop a novel multiscale MRI
procedure that allows quantification of features at both macrostructural
and microstructural scales throughout the cerebral cortex from a single
structural MRI scan to quantify brain tissue integrity across multiple
spatial scales (referred to as ‘multi-scale structural mapping’; MSSM)
(Jang et al., 2022). The procedure exhibited enhanced ability for
detecting degeneration in Alzheimer’s disease and mild cognitive
impairment compared to traditional measures such as cortical thickness
and hippocampal volume, suggesting that MSSM provides a sensitive
measure of Alzheimer’s disease neurodegeneration. We find that the
MSSM-based procedure serves as a sensitive indicator of preclinical
amyloid pathology and that the MSSM signal is regionally altered in
clear positive and negative cases of preclinical amyloid pathology when
cortical thickness alone or hippocampal volume is not. This procedure
could therefore provide a regional brain ‘map’ that is not available from
systemic markers such as plasma and CSF biomarkers. Thus, this pro-
cedure may provide a metric for the ‘A’ component as well as the ‘N’ of
the ‘A-T-N’ biological framework for AD. These novel procedures We
propose here a MSSM-based procedure to predict amyloid beta (Ap)
status in cognitively unimpaired, healthy individuals, as such proced-
ures could be clinically feasible in future implementations. To validate
our procedure’s ability to detect amyloid positivity in asymptomatic
individuals, we compared its performance against traditional
morphometry metrics such as cortical thickness and hippocampal vol-
ume. may have applications in determining appropriate candidates for
clinical trials to test novel therapeutics that would ameliorate Alz-
heimer’s disease pathologies.

2. Materials and methods
2.1. Participants

Data were obtained from the ADNI GO, 2, and 3 databases (http://
adni.loni.usc.edu) for 467 participants. Non-impaired participants with
accelerated 3-D T1-weighted MRI and amyloid measure — florbetapir
PET or f-amyloid (1—42) in CSF - were included. There were 190
cognitively unimpaired (CU) participants who were amyloid-p (Af)
positive (APpgr_csp; age=71.5+6.2) and 277 age/sex/education-
matched CU participants who were Ap negative (APppr_csps a8e=72.6

+ 6.0). Note that cognitive scores were also matched as a result sug-

gesting that ABg;_gr Were not close to impairment. The matching was
validated by both the t-test and the Kolmogorov-Smirnov test. The ADNI
diagnosis criteria were made based on the National Institute of Neuro-
logical Disorders and Stroke and the Alzheimer’s Disease and Related
Disorders Association. The inclusion criteria for CU participants were an
absence of significant impairment in cognitive functions or activities of
daily living, Clinical Dementia Rating (CDR) of 0, free of memory
complaints, and haven’t been diagnosed with AD or MCI. The criteria for
amyloid positivity are described below in the “Beta-amyloid measure-
ment” section. The cohort selection procedure did not involve any
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manual intervention, and random sampling was used whenever appli-
cable (Fig. 1). Demographic, clinical, and cognitive characteristics of the
analyzed participants are provided in Table 1. Since this study is a ‘proof
of concept’ to show the effectiveness of the MSSM procedure, we limited
this investigation to the ADNI databases (ADNI GO, 2, and 3 cohorts).

2.2. MRI acquisition

Brain images were acquired with accelerated 3D isotropic T1-
weighted parallel imaging using 3T MRI scanners either
magnetization-prepared rapid gradient-echo (MP-RAGE) or fast spoiled
gradient-echo (FSPGR) - and multi-channel coils. Data were collected
from 62 imaging sites using one of 15 MRI scanner models manufactured
by Siemens, GE, or Philips. MR Imaging followed the ADNI protocols.
Imaging parameters varied, with the most common parameters being
TR= 2300 ms, TE=min full echo (e.g., 2.98 ms), flip angle= 9°, voxel
size=1 x 1 x 1.2 mm>. Data from the participants’ initial visit were
used. If Florbetapir PET was not available at the initial visit, data at a
later session that has it was used. We prioritized accelerated scans —i.e.,
undersampled k-space for reduced scan time — aligning with our goal of
developing cost-effective biomarkers. The MR images were recon-
structed using Sensitivity Encoding for Fast MRI (SENSE) or Generalized
Autocalibrating Partially Parallel Acquisition (GRAPPA) at the scanner.

2.3. Beta-amyloid measurement

Amyloid data were collected using either PET imaging or CSF sam-
ples (APpet.csr; N = 467). CSF data were used for those with both PET
and CSF. As a result, CSF data of 293 participants and PET data of the
other 174 participants were used to measure beta-amyloid in analyses.
Amyloid- 1 to 42 peptide (AP;_42) was measured in CSF in the morning
after an overnight fast during their baseline visit. Lumbar puncture was
performed with a 20- or 24-gauge spinal needle as described in the ADNI
procedures manual (https://adni.loni.usc.edu/methods/documents/).
Amyloid PET data were collected from 62 imaging sites using one of 19
PET scanner models manufactured by GE, Philips, or CTI (sold as
Siemens). '®F-Florbetapir PET images were obtained and pre-processed
with a protocol described in http://adni.loni.usc.edu/methods/pet-
analysis-method/pet-analysis/. In brief, dynamic 3D scans of four 5-
minute frames were acquired 50-70 min after the injection of the
fluorine-labeled tracer, florbetapir (370 MBq; 10 mCi). Separate frames
were co-registered with one another to reduce the effects of motion and
then all frames were averaged. Each averaged PET image was reoriented
into a standard space, intensity-normalized, and spatially smoothed to
have an 8 mm isotropic resolution. Data were then processed at the
Jagust lab at the University of California, Berkeley, as described in
previous studies (Landau et al.,, 2013b). Each PET image was
co-registered to the corresponding MRI, and the mean florbetapir uptake
within the cortical and reference regions was computed. The average
Florbetapir whole brain standardized uptake value ratio (SUVR) was
calculated by averaging across the four cortical regions and dividing this
summary ROI by the uptake in the whole cerebellum. The first available
data was used for each participant if data were available in multiple
sessions. We used amyloid cutoffs that are commonly used in the liter-
ature — i.e., CSF cutoff of 836 pg/mL and PET SUVR cutoff of 1.13 —
although they vary by study (Bucci et al., 2021; Camus et al., 2012;
Dumurgier et al., 2015; Ezzati et al., 2020; Fleisher et al., 2011; Hansson
et al., 2018; Landau et al., 2013a; Sturchio et al., 2021; Tosun et al.,
2021).

2.4. Multiscale structural mapping (MSSM) signal extraction

The MSSM procedure is summarized in Fig. 2. First, image processing
followed the standard FreeSurfer reconstruction procedure as described
in prior work (Dale et al., 1999; Fischl et al., 2004, 2002, 1999a, 1999b;
Fischl and Dale, 2000; Salat et al., 2011; Ségonne et al., 2004) using the
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ADNI GO+2+3 all participants
n=1831
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No accelerated 3D T1w (n=92)

Has MRI (accelerated 3D iso. T1w)
n=1739

Missing or invalid identifiers (n = 155)

Has valid metadata for mapping
(e.g., Image UID, Patient ID)
n=1584

Drop AD and MCI (n = 890)

ADNI diagnosis = CN
n =694

No Florbetapir PET or A CSF (n=225)

Has B-amyloid PET or CSF
n =469

Matching for age/sex/education
n =467 (ABpercsr)

No B-amyloid PET (n=69)
Close to PET positivity cutoff (n=125)

Clear amyloid PET positivity/negativity
n=275

Matching for age/sex/education
n =220 (ABpgy, or AP)

Fig. 1. Diagram of cohort selection.

Table 1

Participants’ demographic, clinical, and cognitive characteristics in the PET-
CSF-combined dataset (APpgr.csp). Only data used for the analyses are
included in the table. The two groups are matched for age, gender, education,
and cognitive performance. ABggr_csr, amyloid positive validated by PET or
CSF; APpgr_csp> amyloid negative validated by PET or CSF; *p < 0.05.

ABper_csr APper_csk
Number of participants 190 277
Age (year) 71.5+6.2 72.6 £ 6.0
Gender (female/male) 116 / 74 156 / 121
Education (year) 16.6 £ 2.3 16.5 +2.7
Proportion of non-Hispanic white 79.5% 85.6%
ADNI Diagnosis CN CN
AP CSF (ABETA; N = 293) 661 + 203* 1546 4+ 433
AP PET (AV45; N = 174) 1.3 £ 0.2* 1.0+ 0.1
CDR-SB 0.1 +0.2 0.0+ 0.2
MMSE 29.0+ 1.3 29.0 +1.2
MoCA 26.1 +2.4 259+ 2.5
FAQ 0.2+ 0.6 03+1.3
RAVLT Immediate 45.6 +10.1 47.2 +10.2
RAVLT Percent forgetting 31.4 £ 34.0 34.1+£283
ADAS-Cog 11 53+27 55+29
ADAS-Cog 13 8.4+4.2 8.5+ 4.2

FreeSurfer image analysis suite v7.2 (http://surfer.nmr.mgh.harvard.
edu)(Dale et al., 1999; Fischl et al., 2004, 2002, 1999a, 1999b; Fischl
and Dale, 2000; Ségonne et al., 2004) (Fig. 2, panel a). To summarize,
brain segmentation and cortical surface modeling were performed. The
resulting cortical model provides us with the border between gray
matter (GM) and white matter (WM) and the border between GM and
CSF. We performed a series of deformable processes and computed
morphometric features such as cortical thickness and curvature
throughout the 3D cortical map. Second, multiple layers of cortical GM
tissue signal properties were obtained. This is done by extracting the
signal in the interior of the cortical ribbon at different depths between
the GM/WM border (i.e., white surface) and the GM/CSF border (i.e.,
pial surface). We obtained 4 GM surfaces through cortical thickness —
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GM20%, GM40%, GM60%, GM80% — where GM20% being closest to
GM/WM border (Fig. 2, panel b). Third, multiple layers of subcortical
WM intensities were measured to provide localized normalization of GM
tissue properties in the next step. We obtained 2 WM surfaces by sam-
pling at 0.5 mm and 1.0 mm subjacent to the white surface (WM 0.5 mm
and WM 1.0 mm; Fig. 2, panel b). Fig. 3 illustrates these procedures.
Fourth, the intensity ratio between each pair of GM and WM signals
(GWR) was computed at each cortical surface vertex. The term “vertex”
means the smallest resolution element on a 3D mesh representation and
is comparable to a “voxel” in a 3D image. The rationale for computing
GWR is that the GM and WM intensities from neighboring voxels are
expected to be similarly influenced by imaging parameters and pro-
tocols. Therefore, ratios between WM values and the corresponding GM
values provide a (relatively) normalized unit across different imaging
environments. 8 GWR maps were obtained by pairing 4 GMs and 2 WMs
(Fig. 2, panel c). This multilayer sampling enables quantification at
various contrast levels, from lower contrast near the GM/WM border
(GM20%/WM 0.5 mm) to higher contrast between outer GM and deep
WM (GM80%/WM 1.0 mm). Sixth, the GWR maps of each participant
were registered to the standard fsaverage space and spatially smoothed
with a Gaussian kernel of 5 mm full width at half maximum (FWHM)
utilizing surface-based smoothing. Finally, these microscale feature
maps were integrated with macroscale morphometric features (here, we
used a cortical thickness map) for the full feature set (Fig. 2, panel d).
The resulting vertex-wise measurements correspond to the fsaverage
cortical mesh representation (~300,000 vertices both hemispheres).
Vertex-wise partial least squares (PLS) discriminant analysis procedure
is described in the next section.

2.5. Multivariable analysis & amyloid-f positivity detection

2.5.1. Train-test split

Data of ABjz; and APy were randomly split into 80% training and
20% test sets while sampling an equal number of samples for each class
to prevent biases in prediction. It is critical that the train-test split is
done at the very beginning of all the procedures before data pre-
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Fig. 2. Flowchart of the proposed MSSM procedure and classification. GM, gray matter; WM, white matter; PLS, partial least squares; AB", cognitively unimpaired

participants with amyloid positivity; AB~, cognitively unimpaired participants with amyloid negativity.

Pial surface

Fig. 3. Microstructural feature map generation using a structural T1-weighted image. We expanded the intensity/contrast metrics (GWR) to include tissue sampling
from multiple points through the thickness of the cortical ribbon and subjacent white matter to obtain an array of intensity-linked features.

processing, feature extraction, and PLS. This allows the test set to be

completely held out and never seen by any data processing or modeling.

The training set was again split into training and validation sets, thereby
having 70% training, 10% validation, and 20% test sets. The following
procedures for feature extraction and model training were performed
using the training and validation sets, and the test set was accessed
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2.5.2. Feature selection

The 8 gray/white matter contrasts and cortical thickness were used
as primary features in the identification of individuals with ABj.; and
differentiation from matched controls with ABpgr.

strictly after the final model was established and trained.
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2.5.3. Vertex-wise PLS regression

Each feature was normalized to have intensities between 0 and 1.
Since we have more variables than observations and multicollinearity
exists between the features, PLS regression (or PLS discriminant analysis
in our problem) was used for dimensionality reduction for each vertex.
The PLS method is used to find the direction in the feature space that
explains the maximum variance direction in the Af label space (i.e.,
ABggr Or ABpgr). The reduced feature map (one component per vertex)
was used to train classification models (Fig. 2, panel e). We used the non-
linear iterative partial least squares (NIPALS) algorithm. See §A.1. for
detailed description.

2.5.4. Model training

Multiple commonly used machine learning models were trained and
optimized independently and ensembled in the end for final decision-
making. Models considered in the study are support vector machines
with varying kernels (linear, sigmoid, polynomial, radial basis function),
neural networks, random forest, logistic regression, k-nearest neighbors,
and Gaussian process classifiers. Hyperparameters of each model were
optimized with a grid search. Class labels were binarized, and the
probability of each class was estimated to enable analyses of the receiver
operating characteristic (ROC) and precision-recall (PR) curve. We
trained these models while accounting for the class imbalance when
necessary. The validation set was used to find hyperparameters that
maximize the classification performance. To improve our prior imple-
mentation (Jang et al., 2022) and mitigate overfitting, we optimized the
number of vertices to be fed into the models as opposed to using all the
vertices on the cortical surface. We first analyzed the effects of Ap pos-
itivity on MSSM using standard statistical contrast (i.e., t-test) and only
used vertices with a p-value lower than a certain threshold. The optimal
threshold was found with a grid search (Fig. 2, panel f).

2.5.5. Ensemble learning

We randomly initialized and trained each model five times and
identified three models with the highest average performance in the
validation set. The primary performance measure we used is the area
under the ROC curve (AUROC). 4-fold cross-validation was used to
measure the average AUROC for each weight initialization, thereby
having 20 AUROC values to be averaged for each model. The top 3
models were ensembled to form a single classifier, which makes a final
decision (Fig. 2, panel g).

2.5.6. Evaluation

The inference was performed on the test set. All procedures described
above were repeated five times using different random seeds for dataset
split to provide performance statistics. The reported performance met-
rics are AUROC, the area under the PR curve (AUPRC), accuracy,
sensitivity, specificity, and precision (Fig. 2, panel h).

2.6. Added value of MSSM

In the classification experiments, to examine the added value of the
MSSM features, we performed an ablation study by comparing the
performance of MSSM-based models with GWR-based models and
cortical thickness-based models. For this, the same procedure described
in the section above was performed with the cortical thickness map
alone and GWR features alone, respectively. In case of cortical thickness,
the vertex-wise PLS regression was not needed. Note that not only
cortical thickness but also MSSM and GWRs have one feature per vertex
since they went through dimensionality reduction with PLS. The per-
formance of models using normalized hippocampal volume (normalized
with estimated total intracranial volume (eTIV)) and models based on
cognitive composite scores (e.g., MoCA, MMSE, RAVLT, ADAS) were
also measured. Lastly, we examined whether adding demographic
features—i.e., age, gender, education, race, and ethnicity—to MSSM
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helps in diagnostic performance.

Statistical analyses were performed as follows. We estimated the
effect of global AB positivity on MSSM using standard statistical con-
trast—i.e., per-vertex group comparison between Af;; and ABi.;. Per-
vertex p-value and effect size were reported on pial surface maps (called
significance map and effect size map). After a cluster-based correction
for multiple comparisons using a threshold of 0.05, only the surviving
vertices were colored on the significance maps. The effect size was
measured using Cohen’s d. The effect of global Af positivity were also
estimated for cortical thickness using the same sample to examine the
added value of the MSSM features. The same was done for Ap PET im-
ages (AV45) to show spatial pattern of amyloid deposition in non-
diagnosed asymptomatic sample. Lastly, we analyzed the correlation
between the regional SUVR values in AB-PET and the corresponding
regional MSSM signal using a per-vertex Pearson’s correlation analysis.
When visualizing statistical effects on the cortical surface, FWHM of
20 mm was used throughout the paper to get images with less noise
because we are interested in identifying affected ROIs rather than a few
vertices (voxels). The Desikan-Killiany atlas was used as reference.

2.7. Analysis with PET-validated data only

We replicated the analyses with a subset of the dataset, exclusively
employing PET data to establish a ground truth for amyloid positivity,
considering notable discrepancies between PET and CSF measurements.
Non-impaired participants with accelerated 3-D T1 and florbetapir PET
scans were included in this analysis (Afpgr; N = 220). There were 90
cognitively unimpaired (CU) participants who were amyloid-p (Ap)
positive (APjzr; age=74.7 £ 6.3) and 130 age/sex/education-matched
CU participants who were AP negative (APpgr; age=73.5 £ 5.9). Note
that cognitive scores were also matched as a result. The matching was
validated by both the t-test and the Kolmogorov-Smirnov test.
Acknowledging that many participants are around the amyloid posi-
tivity cutoff, we grouped participants into clearly positive and clearly
negative groups via a data-driven procedure which determines optimal
cutoffs and buffer for amyloid positivity. See §A.2. for detailed methods.
Amyloid positivity criteria considerably vary by study, and our buffer
range encompassed all cutoff thresholds identified in the relevant
literature, ensuring a comprehensive representation of amyloid posi-
tivity, including Camus et al. (2012); Ezzati et al. (2020); Fleisher et al.
(2011); Landau et al. (2013a); Tosun et al. (2021). The cohort selection
procedure did not involve any manual intervention, and random sam-
pling was used whenever applicable (Fig. 1). Demographic, clinical, and
cognitive characteristics of the analyzed participants are provided in
Table 2.

2.8. Statistical analysis

All statistical analyses, including hypothesis testing and correction
for multiple comparisons, were conducted using FreeSurfer v7.2 tools (e.
g., mri_glmfit, mri_glmfit-sim) or Python 3.7 (Python Software Foun-
dation, https://www.python.org/psf/) and its libraries SciPy and stats-
models. Specific statistical methodologies used for each analysis are
described within each subsection of the Materials and Methods. For
comparisons across two groups, a student’s t-test was performed as
default. The Shapiro-Wilk test for normality was conducted to ensure the
validity of using a t-test. If the assumption was violated, the non-
parametric Mann-Whitney U test was used. Differences in the mean
were considered statistically significant at p < 0.05, and the cluster
correction was used whenever we did multiple comparisons throughout
the cortical surface.

2.9. Data and code availability

Data used in the preparation of this article are publicly accessible
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Table 2

Participants’ demographic, clinical, and cognitive characteristics in the APpgr
dataset. Only data used for the analyses are included in the table. The two groups
are matched for age, gender, education, and cognitive performance. CN,
cognitively normal participants; Appgr, global amyloid-p level based on PET
imaging (also called AV45 in ADNI); CDR-SB, Clinical Dementia Rating Sum of
Boxes; MMSE, Mini-Mental State Exam; MoCA, Montreal Cognitive Assessment;
FAQ, Functional Activities Questionnaire; RAVLT, Rey Auditory Verbal Learning
Test; ADAS-Cog 11, Alzheimer’s Disease Assessment Scale 11 cognitive items;
ADAS-Cog 13, ADAS-Cog 11 plus a delayed recall task and the Digit Symbol
Substitution Test. *p < 0.05.

APper APper
Number of participants 90 130
Age (year) 74.7 £6.3 73.5£5.9
Gender (female/male) 64 /26 82/ 48
Education (year) 16.6 + 2.3 16.8 £ 2.5
Proportion of non-Hispanic white 88.9% 87.7%
ADNI Diagnosis CN CN
AP PET (AV45) 1.440.2*% 1.0 £0.0
CDR-SB 0.1+0.2 0.1 +0.2
MMSE 289+1.3 29.0+1.3
MoCA 254+ 2.8 26.0 + 2.5
FAQ 0.3+ 0.6 0.3+1.5
RAVLT Immediate 45.3 +£10.5 46.1 +10.2
RAVLT Percent forgetting 37.0 £ 23.4 32.9 +£37.0
ADAS-Cog 11 6.0 + 3.0 54+28
ADAS-Cog 13 9.4+45 8.6 +4.4

from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database
(adni.loni.usc.edu). As such, the investigators within the ADNI
contributed to the design and implementation of ADNI and/or provided
data but did not participate in the analysis or writing of this report. A
complete listing of ADNI investigators can be found at http://adni.loni.
usc.edu/wp-content/uploads/how_to_apply/
ADNI_Acknowledgement List.pdf. Source codes for the method
described in this paper are publicly available at https://github.com/
jibikbam/MSSM.

3. Results
3.1. Added value of MSSM

We examined the added value of the MSSM features over traditional
morphometry measured by cortical thickness alone in standard statis-
tical group comparisons of AB+ to Ap- participants. In standard statis-
tical group comparisons for the full sample (APpgr_csp; N = 467),
employing MSSM features resulted in a modest elevation in the count of
statistically significant vertices differentiating the A, g partici-
pants from APpzr_cgp compared with the cortical thickness features.
Nevertheless, both methods detected effects in a minority of the cortical
surface, with significant findings in fewer than 7% of total vertices.
When using the PET-only dataset comprising clearly positive or negative
cases, APpgr (N = 220), use of the MSSM features markedly increased
the number of significant vertices differentiating the A, participants
from APy compared to cortical thickness. 72.7% of the total vertices
were significant for MSSM (Fig. 4A) compared to 8.6% significant with
cortical thickness alone (Fig. 4E). MSSM demonstrated heightened
sensitivity to a wide range of regions in the posterior temporal and pa-
rietal as well as medial prefrontal cortices. Specifically, these regions
included the cingulate, precuneus, superior/middle-frontal gyrus,
insula, fusiform gyrus, and superior/inferior parietal lobe. The left
hemisphere showed spatially broader effect than in the right — 78.6% vs.
66.8% of the total vertices in each hemisphere (Fig. 4A). The significant
regions exhibited a range of effect sizes from 0.25 to 0.60 (Fig. 4B).
Many of these regions showing effects on MSSM overlapped with regions
where beta-amyloid accumulates in our sample (Figs. 4C, 4D).

Analysis revealed that 45.4% of the total vertices exhibited signifi-
cant correlations between regional SUVR values in AB-PET and the
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MSSM signal (Fig. 4F). Subsequent analyses focused more on the Afpgy
dataset due to its more pronounced effects compared to the modest
findings in the PET-CSF-combined dataset.

We examined the most critical feature in differentiating amyloid
positive and negative cases at each vertex within the PLS analysis.
Among the nine features (8 GWR features and cortical thickness), GM
60%/WM 1.0 mm was the most important feature in 35% of the vertices,
GM 80%,/WM 1.0 mm in 19% of the vertices, and GM 80%,/WM 0.5 mm
in 12%. Cortical thickness accounted for 11%. Considering all contrast
metrics together, it comprised 89% of the total significant vertices
(Fig. 5). Looking at the second most important feature in each vertex,
GM 80%/WM 1.0 mm comprised 21% of the total vertices, and GM60%/
WM 0.5 mm 20%, whereas cortical thickness accounted for 2% (Fig. S1).

3.2. MSSM-based amyloid-f positivity detection

In predicting amyloid-p positivity among CU individuals, the MSSM
features differentiated ABgzr_cqr from APppr_cgr With the area under the
ROC curve (AUROC), the area under the PR curve (AUPRC), accuracy,
sensitivity, specificity, and precision of 0.69, 0.67, 0.68, 0.63, 0.73, and
0.69 on average, respectively. The MSSM performance was significantly
greater than conventional measures used in Alzheimer’s studies - i.e.,
cortical thickness map, hippocampal volume, and clinical/cognitive
scores as well as than the GWR-based model. Listing the models in order
of performance is as follows: MSSM > GWR > Hippocampal volume
> Cortical thickness > Cognitive scores. The performance values were
0.67, 0.62, 0.68, 0.48, 0.82, and 0.64 when GWRs were used, and 0.52,
0.50, 0.55, 0.47, 0.63, and 0.54 when cortical thickness was used, and
0.57, 0.56, 0.58, 0.77, 0.43, and 0.55 when hippocampal volume was
used (Table 3). For the classification of ABj; vs. ABpgr using the PET-
only dataset, AUROC, AUPRC, accuracy, sensitivity, specificity, and
precision of 0.70, 0.74, 0.71, 0.61, 0.80, and 0.78 on average, respec-
tively. The performance was significantly better than conventional
measures used in Alzheimer’s studies — i.e., cortical thickness map,
hippocampal volume, and clinical/cognitive scores as well as than the
GWR-based model. Listing the models in order of performance is as
follows: MSSM > GWR > Cortical thickness ~= Hippocampal volume
> Cognitive scores. The performance values were 0.67, 0.68, 0.68, 0.73,
0.64, and 0.67 when GWRs were used, and 0.54, 0.56, 0.57, 0.46, 0.68,
and 0.62 when cortical thickness was used, and 0.53, 0.57, 0.58, 0.37,
0.74, and 0.63 when hippocampal volume was used (Table 4). Random
forests were most frequently selected in the ensemble followed by neural
networks, support vector machine, and logistic regression. Inclusion of
demographic variables did not enhance MSSM performance in either
dataset.

We advanced the original MSSM procedure by introducing a process
of selecting the vertices to be fed into the models based on the statistical
contrast and optimizing the significance level (equivalent to optimizing/
reducing the number of vertices to be fed). This improved the test per-
formance significantly - i.e., a 5.7% increase in accuracy on average for
APBier vs. APper. The training performance often reached 90-100% ac-
curacy without this step; however, the performance gap between the
training and test data was significantly reduced by adding this step,
suggesting reduced overfitting. The classification performance on the
APpgr test set is summarized in Table 4. In most cases, cognitive score-
based models predicted everyone positive or everyone negative, pre-
sumably due to the fact that the groups were extremely matched. Thus,
we omitted reporting the accuracy, sensitivity, specificity, and precision
for these models, as they tended towards O or 1. The provided accuracy,
sensitivity, specificity, and precision in the table are based on a decision
threshold chosen to minimize the number of false detection (false pos-
itives plus false negatives). Decision thresholds can be adjusted to in-
crease either sensitivity or specificity at the cost of the other.

Post-hoc analyses of misclassified individuals were performed on one
of the training/testing rounds in the Ay dataset to identify potential
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Effect of Global Amyloid Positivity: ABp g vs. ABpgr
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Fig. 4. Effects of global amyloid-p positivity on MSSM validated by PET. Standard statistical contrast in clearly + or — amyloid cases was used. MSSM features
exhibited significant group differences between Afj; and ABpgr across a substantial proportion of brain regions (72.7%) (A) while traditional cortical thickness map
did not show differences in most of the regions in the same sample (8.6%) (E). Widespread effects were found with MSSM across the posterior temporal and parietal
as well as medial prefrontal cortex, consistent with the contrast of amyloid PET (C) and typical patterns of Ap deposition (Buckner et al., 2005; Gonzalez-Escamilla
et al., 2021). The left hemisphere exhibited more extensive effects compared to the right. We quantified effect sizes for MSSM (B) and Ap PET (D), represented by
Cohen’s d to assess the magnitude of differences. Correlation between the regional SUVR values in Af PET and the corresponding regional MSSM signal is shown (F).
Significant associations were found in 45.4% of the total vertices. Cluster correction was used for multiple comparisons and only the surviving vertices were colored
in the significance plots. Note that not only cortical thickness but also MSSM has one feature per vertex since it went through dimensionality reduction with PLS

discriminant analysis.

causes of misclassification (25% misclassification in the test sample)
other than potential errors caused by merging PET and CSF for amyloid
ground truth and potential mislabels for those around the amyloid
positivity cutoff. It revealed that the misclassified participants were
statistically different from the mean of the correctly classified partici-
pants in multiple biomarkers and characteristics. The analyses included
both training and testing data to have a larger sample size in statistical
tests. Abbreviations are used to reduce verbosity as below:

e mAB+ : misclassified AB+ participants (false negative, PET=Af+,
model prediction=Ap-)
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e cAp+: correctly classified AP+ participants
PET=Ap+, model prediction=Af+)

e mAP—: misclassified AB- participants (false positive, PET=Ap-,
model prediction=Ap+)

e cAfB—: correctly classified Ap- (true negative, PET=AB-, model
prediction=AB-)

(true positive,

First, the majority of the misclassified individuals, both mAp+ and
AB-, were 77 years old or older. mAf- were older than cAp- (p < 0.05)
and were closer to cAf+ in its mean and median. The volume of the
entorhinal cortex in mAp- was lower than that in cAp- (p < 0.05) and
was closer to cAB+ . The volume of ventricles in mAf+ was lower than
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Fig. 5. Feature importance map. The most important feature at each vertex for differentiating APy individuals from Ay in the PLS analysis. The bar chart shows
how spatially dominant each of the MSSM features is over the cerebral cortex (A). The color-coded brain map shows the most important feature among the nine at

each vertex (B).

Table 3

Performance in detecting amyloid positivity within cognitively intact individuals using the PET-CSF-combined dataset (APpgr.csp). The performance metrics of MSSM
were compared to the models based on GWR, standard morphometry, and cognitive scores *p < 0.05.

Features AUROC AUPRC Accuracy Sensitivity Specificity Precision
Cognitive Score-Based CDR-SB 0.50 £+ 0.03* 0.43 £+ 0.06*

MMSE 0.52 + 0.06* 0.43 + 0.08*

MoCA 0.50 + 0.05* 0.43 + 0.07*

FAQ 0.52 + 0.04* 0.43 £ 0.06*

RAVLT Immediate 0.56 + 0.06* 0.49 £+ 0.11*

RAVLT Percent forgetting 0.50 + 0.08* 0.43 £+ 0.10*

ADAS-Cog 11 0.56 + 0.05* 0.45 £ 0.06*

ADAS-Cog 13 0.52 + 0.04* 0.43 £+ 0.08*
Hippocampal Volume 0.57 + 0.06* 0.56 + 0.05* 0.58 + 0.03* 0.77 + 0.29* 0.43 + 0.20* 0.55 + 0.15*
Cortical Thickness 0.52 + 0.09* 0.50 £ 0.06* 0.55 + 0.05* 0.47 + 0.43* 0.63 + 0.40* 0.54 + 0.28*
GWR 0.67 + 0.08 0.62 £ 0.07* 0.68 + 0.02 0.48 + 0.19* 0.82+0.13 0.64 + 0.16
MSSM 0.69 + 0.08 0.67 £ 0.09 0.68 + 0.02 0.63 +£0.11 0.73 £0.13 0.69 + 0.07

Table 4

Performance in detecting amyloid positivity within cognitively intact individuals using the PET dataset (APpgy). The performance metrics of MSSM were compared to
the models based on GWR, standard morphometry, and cognitive scores *p < 0.05.

Features AUROC AUPRC Accuracy Sensitivity Specificity Precision
Cognitive Score-Based CDR-SB 0.48 + 0.00* 0.50 £ 0.02*

MMSE 0.55 + 0.03* 0.55 + 0.02*

MoCA 0.48 £+ 0.04* 0.56 + 0.04*

FAQ 0.54 + 0.01* 0.54 + 0.06*

RAVLT Immediate 0.60 + 0.08* 0.62 + 0.06*

RAVLT Percent forgetting 0.53 £ 0.01* 0.52 £+ 0.03*

ADAS-Cog 11 0.57 £+ 0.02* 0.55 + 0.00*

ADAS-Cog 13 0.60 + 0.02* 0.61 + 0.09*
Hippocampal Volume 0.53 £+ 0.02* 0.57 + 0.03* 0.58 + 0.03* 0.37 £+ 0.26* 0.74 + 0.25 0.63 +0.13*
Cortical Thickness 0.54 + 0.06* 0.56 + 0.03* 0.57 + 0.01* 0.46 + 0.20* 0.68 + 0.21* 0.62 + 0.08*
GWR 0.67 + 0.06 0.68 + 0.05* 0.68 + 0.01* 0.73 +£0.17* 0.64 + 0.20* 0.67 + 0.08*
MSSM 0.70 + 0.07 0.74 + 0.08 0.71 + 0.01 0.61 + 0.10 0.80 + 0.10 0.78 + 0.06

cAp+ (p < 0.05). The volume of each brain region was corrected for
estimated total intracranial volume (eTIV), presented as a percentage of
eTIV. mAp+ had significantly smaller SUVR for ‘8F-fluorodeoxyglucose
(FDG) PET compared to cAp+ (p < 0.005). Discrepancies were still
observed in amyloid status between CSF p-amyloid; 42 and PET A,
despite stratifying the sample using a wide buffer around PET Ap
thresholds. For example, amyloid status for a mAf+ with 1336 pg/mL
CSF Ap was negative based on the CSF measure but positive with PET.
Phosphorylated tau in CSF (CSF p-tau) for mAp- was closer to cAp+ than
cAp-. There are a few missing data points due to data unavailability
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(Fig. 6). Overall, misclassified (amyloid + or -) were older than correctly
classified, had reduced FDG, greater CSF tau pathology and in the mAB-
had larger ventricles and reduced volume compared to the correctly
classified.

4. Discussion

This research holds crucial value by enabling neuropathological
traits to be characterized through structural imaging features. Our re-
sults demonstrate alterations in tissue signal properties in the amyloid-
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Fig. 6. Biomarkers of misclassified individuals in the detection of amyloid-p positivity within cognitively unimpaired participants in the Afppy dataset. Volumes of
the entorhinal cortex and ventricles were corrected for estimated total intracranial volume (eTIV), presented as a percentage of eTIV. Individuals in the test set are
represented as a pink circle, and those in the training and validation sets are represented as dark gray. Data are shown for one of the training/testing rounds. cAp+,
correctly classified Ap+ (true positive; PET=AP+; model prediction=Ap+); mAp+ , misclassified Ap+ (false negative; PET=AB+; model prediction=Ap-); cAp-,
correctly classified Ap— (true negative; PET=AB—; model prediction=Ap-); mAp—, misclassified Ap- (false positive; PET=Ap—; model prediction=Ap+); FDG, '°F-
fluorodeoxyglucose PET; CSF AP, p-amyloid; 45 in CSF; CSF p-tau, phosphorylated tau at the threonine 181 in CSF; * ** p < 0.005; * * p < 0.01; * p < 0.05.

positive individuals that provide enhanced information about amyloid
pathology relative to morphometrics, such as cortical thickness and
hippocampal volume, and are distinct from the effects of typical aging.
The discussion primarily addressed findings from the PET dataset
(APpgr) analysis unless otherwise specified throughout the section
because the extent and magnitude of effects were substantially smaller
in the full sample (ABpgr_csr)-

Extensive effects were observed across the posterior temporal and
parietal as well as medial prefrontal cortex, surprisingly consistent with
the typical localization of amyloid PET signal (Buckner et al., 2005;
Gonzalez-Escamilla et al., 2021) and with signal changes in AD reported
in (Salat et al., 2011). It suggests that MSSM could provide a regional
brain ‘map’ that is not available from systemic markers such as plasma
markers. Combining multiscale scales, the MSSM procedure revealed
stronger and more extensive effects compared to cortical thickness
measurements alone. The MSSM features substantially increased the
number of significant vertices statistically different in AB+ compared to
Ap- (both cognitively healthy). The regions most affected overlapped
those known to show early and aggressive degeneration from pathology
studies (Ball, 1978; Hyman et al., 2012) and included the entorhinal
cortex, parahippocampal cortex, cingulate, precuneus, and temporal
pole (see Fig. 4A, B). The effects also overlapped with Braak amyloid
staging, potentially a Braak amyloid ‘Stage 1 or ‘2’ presentation
(Nordberg, 2004). The MSSM signal was significantly correlated with
amyloid PET signal in almost half of the brain cortex, much of which
overlapped with regions where beta-amyloid accumulates and AD
signature regions. Overall, these data suggest that the tissue signal
properties could be a microstructural marker of pathologic mechanisms
that are more preserved from cortical atrophy or that have a distinct
longitudinal pattern in the disease process.

Among the MSSM feature set, the gray 60%,/white 1.0 mm contrast
measure emerged as the most sensitive component to group differences
across the greatest percentage of vertices (35%). It is noteworthy that
this feature, colored in orange in Fig. 5, is in AD signature regions and
regions that accumulate amyloid (Figs. 4C, 4D). Combining across all
contrast metrics (GWRs), GWRs were the dominating feature in 89% and
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cortical thickness in 11% of the total vertices. On the contrary, the
cortical thickness component was the most sensitive when differenti-
ating AD from CU, and it was the most important feature in 37% of the
total vertices (Jang et al., 2022), suggesting that tissue contrast mea-
sures may be more sensitive than cortical thickness measures early in the
course of AD. The laterality observed in amyloid effects is interesting to
note because structural differences were more extensive in the left
hemisphere than the right. This may be relevant to findings in adult
lifespan studies (Roe et al., 2021) showing that changes in cortical
thickness asymmetry are present in typical aging and accelerated in AD.
Further study can investigate whether this laterality in the MSSM met-
rics is a generalizable feature in other samples.

We demonstrated that MSSM can differentiate unimpaired in-
dividuals with AD amyloid pathology using only a single standard
structural MRI. This approach has been validated by PET imaging. The
proposed MSSM biomarkers from a standard T1-weighted image
increased sensitivity to structural differences between cognitively intact
amyloid positive (Ap+) individuals and precisely matched cognitively
intact Ap- controls. Thus, this procedure may provide a proxy metric for
the ‘A’ component as well as the ‘N’ of the ‘A-T-N' biological framework
for AD when molecular biomarkers are not available. These measures
can be used independently or in a complementary manner to tau bio-
markers to complete the ‘A-T-N' characterization of individual patients.

The MSSM features classified AB+ /- with significantly greater ac-
curacy than standard measures of cortical thickness, hippocampal vol-
ume, or GWRs (see Table 3). More importantly, we learned from the
ablation study that the intensity contrasts (i.e., GWRs) may contribute
more than the conventional morphometry (i.e., cortical thickness) to
detecting amyloid positive individuals. MSSM also outperformed pre-
viously reported models that used cognitive performance (both self-
assessed and partner-assessed)(Albright et al., 2021), morphometric
features from MRI (Ten Kate et al., 2018), clinical information (Tosun
et al., 2021), and the combination of genetic, cognitive, and de-
mographic features (Ansart et al., 2020; Michelle M Mielke et al., 2012).
Only a couple of studies have reported comparable performance to ours
to the best of our knowledge - i.e., a deep learning model that takes MRI
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as input (Tosun et al., 2021) and a model combining and optimizing
multiple cognitive scores that are sensitive to amyloid pathology (Hahn
et al., 2020). Compared with the deep learning model, the proposed
method requires much less computing resources and training time while
providing improved explainability. Since we had cognitively matched
sample, chances are low to achieve comparable classification perfor-
mance using combined cognitive scores in this dataset. We improved our
prior implementation by optimizing the number of vertices to be fed into
the model, thereby enabling two-way dimensionality reduction, first
along the feature type dimension and second along the spatial dimen-
sion. However, we still observe some degree of overfitting; hence one of
the next steps is to further improve the model with a larger, more var-
iable sample and use data augmentation techniques. Misclassified in-
dividuals provide interesting next steps to improve the accuracy of our
MSSM amyloid classification. For example, adding demographic fea-
tures to MSSM did not enhance performance in this sample, which im-
plies that the MSSM features capture the variance of the demographic
features or that classification performance has reached a ceiling. How-
ever, certain demographic factors such as age differed in the mis-
classified sample. This suggests that more expansive training models
including a wider age range may improve classification performance.
Additionally, misclassified Ap+ individuals exhibited very interesting
patterns when examined in detail. For example, although they were
AB+ and older than correctly classified Af+, their brain structural
measures were ‘healthier’ (or matched) to the other groups (e.g., similar
entorhinal volume to the other groups and reduced ventricular volumes
even though they were older than the correctly classified sample). The
B-amyloid status measured in cortical regions with PET, which was used
as ground truth in this study, was not always consistent with p-amyloid
in CSF. The CSF measure may become abnormal prior to PET, and this
may explain some misclassifications. Counterintuitively, although the
brains seemed healthier from a structural perspective, FDG was reduced
in the misclassified Ap+ individuals, suggesting some degree of meta-
bolic dysfunction. Overall, these data suggest that misclassified
AP+ individuals may represent a unique group of individuals, poten-
tially exhibiting some form of cognitive resilience in the face of aging
and AD pathology and possibly related to preserved brain structure
(Bocancea et al., 2021; Chételat et al., 2010; Stern et al., 2020).

Regions showing effects of amyloid were substantially smaller in the
APppr_csr dataset compared to the Afpgr dataset even though the sample
size was twice that of Appgr. The classification performance also drop-
ped compared to when the main dataset was used, suggesting that am-
biguity exists in defining the ground truth when merging amyloid PET
and CSF measures and that individuals around the positivity cutoff are
difficult to be classified. This is likely because amyloid plaques are the
gradual buildup and accumulation of protein fragments between neu-
rons over many years, meaning that no clear boundary exists between
amyloid positivity and negativity. Also, combining of datasets with
different type of amyloid measures may have induced noise around the
cutoff values for positivity because the PET and CSF measures do not
necessarily agree to each other.

While current classification performance may not yet meet clinical
application standards, these advancements will have potential relevance
for screening for preclinical AD in clinical trials, as the MSSM technique
requires only a single T1-weighted MRI. Ongoing groundbreaking trials
(e.g., The A4 Study https://a4study.org/) have performed PET imaging
in large samples to determine amyloid positivity prior to enrollment. T1-
weighted MRI, which is widely available, relatively low cost, and
noninvasive, could be used as an initial screen for likely PET amyloid
positivity and then confirmed with the gold standard assessment. For
example, if we assume that an institution aims to recruit 30 individuals
that are AP positive for a trial, MSSM-based prescreening using either
existing data or new MR imaging could significantly reduce costs for
screening the individuals with Ap+ . Moreover, the MRI session also
offers the opportunity to identify cerebrovascular or other lesions that
may be exclusionary from other sequences. The following is an example
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of cost calculation when MSSM is used for prescreening. Assume that the
group recruits adults older than 60 years old and around 30% of the
population are Af positive (Jansen et al., 2022) and that costs for clinical
amyloid PET imaging and MR imaging are $4000 and $487, respec-
tively. Since the precision of the MSSM for Af positivity is 69% (from the
Apper-csr analysis) and the target count is 30, about 43 individuals need
to be identified at prescreening who are likely Ap+ . The institution
would need to run MRI prescreening for roughly 143 individuals to
identify 43 who are likely Ap positive. Hence, the costs for PET imaging
and MR imaging would be 43 x $4000 and 143 x $487, respectively,
which sums to around $242,000. When there is no prescreening, they
would need about 100 PET scans to recruit 30 Af+ , which would cost
approximately $400,000. Therefore, they would save $138,000, or
34.5% of the original cost, in screening 30 individuals with amyloid
positivity. In the calculation, the cost of an MRI is based on the price set
by the Centers for Medicare & Medicaid Services (CMS) for clinical
exams (“Medicare.gov Procedure Price Lookup for Outpatient Services,”
n.d.). Amyloid PET is currently not covered by Medicare for clinical
care; hence the estimated research cost at the authors’ hospital was used.
Note that it can cost more for clinical exams (Andersen et al., 2021;
Hellmuth et al., 2018; Tasakis and Tsolaki, 2015). Future work will
further validate the MSSM procedure to avoid potential bias in
recruitment.

To date, very few studies have used structural imaging robustly in the
classification of amyloid or tau pathology in cognitively unimpaired
individuals (Ten Kate et al., 2018; Tosun et al., 2021). There are many
potential reasons including the following: a) structural changes in
cognitively intact individuals are subtle, hard to detect, and not
captured enough by morphometry such as cortical thickness, hippo-
campal volume, and ventricular volume (sample images are shown in
Fig. §2), b) there exist many kinds of imaging hardware and software
(both for MRI and PET) and this variability in imaging makes it hard to
develop a generalizable model, ¢) training a model that detects a subtle
difference from heterogeneous data requires a large dataset, however,
collecting PET or CSF data from many unimpaired individuals may raise
ethical concerns because PET is radioactive and CSF exams are invasive.
The current study could help alleviate these ethical risks in clinical
research by using the MSSM procedure for prescreening, which can
substantially reduce the number of participants taking PET or CSF
exams. We came up with strategies to tackle the first two difficulties by
using highly localized normalization of tissue properties and combining
it with morphometry, thereby making the procedure more generaliz-
able. Also, various data were included in training in multiple aspects for
further generalizability —e.g., 62 imaging sites, 3 MRI manufacturers, 15
MRI models, 2 kinds of MRI field strength, 3 PET manufacturers, 19 PET
models, mildly varying imaging parameters, and a wide range of de-
mographic characteristics. Nevertheless, we still observed regional dif-
ference between scanners (especially the MR manufacturers) in terms of
the GM/WM tissue contrast and the resultant MSSM signal, meaning
there is still much room for improvement.

Additional studies are needed to further optimize the procedure for
improved generalizability and determine the origin of misclassifications.
Local samples are being collected for external validation of the MSSM
procedure. An array of novel features can be added from MRI quantifi-
cation, including surface area, gyrification index, and curvature, to
further improve the performance. Given the current results showing
similar patterns to a typical amyloid PET map, it will be a reasonable
next step to investigate whether the MSSM features can be used to
predict regional amyloid deposition. Although we argue that MSSM is
likely detecting effects in regions high in amyloid, some regions are less
conclusive and it might be detecting something other than amyloid in
those regions (e.g., tissue changes secondary to amyloid or other pro-
cesses). We only report associations here and hope to further investigate
specificity in future work. The current study used '®F-florbetapir PET
imaging to determine amyloid positivity. Future studies will investigate
whether MSSM can detect cognitively healthy individuals with tau
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positivity, validated by '8F-flortaucipir (AV-1451) PET imaging, or with
amyloid positivity, validated by PET imaging with other tracers such as
18F_florbetaben and 18F-ﬂuorodeoxyglucose (FDG) as well as individuals
that show longitudinal cognitive decline. For the findings to be consid-
ered and applied in the clinic, we plan to validate the procedure on a
clinical database with lower image quality (e.g., lower signal-to-noise
ratio, lower image resolution) and participants of more diverse races
and ethnicities. We do not know the exact mechanisms of MSSM yet, and
there may be factors other than neurodegeneration that contribute to the
effects measured (biological and technical). It is possible that patient
motion contributes to the effects measured; however, it is unlikely that
motion would show such a major differential impact on MSSM
compared to cortical thickness. Future work in the Lifespan Human
Connectome Project Aging study (HCP-A; https://www.human-
connectome.org/study/hcp-lifespan-aging)(Bookheimer et al., 2019;
Harms et al., 2018; B. Li et al., 2021), where motion navigators were
acquired, will allow us to examine this in detail. With these caveats, we
conclude that the MSSM procedure can serve as more sensitive in-
dicators of AD amyloid pathology and is preferable to morphometry
alone.
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Let Y a matrix of size N x K where N observations are represented by K dependent variables. Let X a matrix of size N x F where F predictors are
collected on the N observations. Here N is the number of participants, K is 1, and F is the number of feature maps in our case. Our goal is to fit a model
that predicts Y (amyloid positivity in our problem) from X (a set of feature maps in our problem) and to describe their common structure. First, let u;

one column of Y or y, and estimate X weights
Wi — X'u,
R
and X factor scores
t, = Xw,.
Then we estimate Y weights

u't,
q =
b [lefall




L. Jang et al. Neurobiology of Aging 136 (2024) 157-170

and Y scores
u, =Yq,.

If ¢ has not converged, go to eq. (1). If converged, continue to compute X loadings:

X'y
p = _t]Tt] f
~ Piou
Piywew =71
le,o[d”

L pew = tl,oIdel.old || ’
and
Winew = Wiold ||P1,um H .

The regression coefficient is found by:

1t

After calculating scores and loadings for the first latent variable, the residuals of X and Y are calculated:
E =X-tp]
Fi=Y— ulqlT

We repeat these procedures while replacing X and Y with their residuals. Eventually, the PLS model is described as:
X=TP +E

and
Y=UQ" +F.

A.2. Determining Cutoffs for Clear Positive and Negative Cases of Preclinical Amyloid Pathology

We fit a Gaussian mixture model with three components while allowing each component to have its general covariance matrix. The model weights
were initialized using K-means clustering, and the expectation-maximization iterations ran up to 200 times. yig, +0.566v was used for the upper
bound of the amyloid negativity (i.e., ABpgr < pgan + 0.506m1) and pigys +0.5066m3 was used for the lower bound of the amyloid positivity (i.e.,
ABger > pous + 0.506Mm3), where APy and AP denote the average florbetapir SUVR for each individual in the amyloid-negative and the amyloid-
positive groups, respectively. y; and o; denote the mean and standard deviation of component i € {GM1,GM2,GM3}, and pign < Home < Houms- As a
result, individuals with an average florbetapir SUVR greater than 1.19 were considered amyloid-positive and amyloid-negative if lower than 1.05. We
had this buffer in the amyloid positivity criteria to prevent mislabels that can be caused by using data collected with numerous PET manufacturers and
scanner models as well as different imaging sites and ADNI phases/protocols.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the online version at doi:10.1016/j.neurobiolaging.2024.01.005.
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