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Introduction

Molecular imaging analyses using positron emission tomography (PET) data often rely
on macro-anatomical regions of interest (ROI), which may not align with
chemo-architectural boundaries and obscure functional distinctions. While methods such
as independent component analysis (ICA) have been useful to address this limitation, the
fully data-driven nature can make it challenging to compare results across studies. Here,
we introduce the NeuroMark PET approach, utilizing spatially constrained ICA to define
overlapping regions that may reflect the brain’s molecular architecture.

Methods

We first generate an ICA template for the PET radiotracer florbetapir (FBP), targeting
amyloid-p (AP) accumulation in the brain, using blind ICA on large datasets to identify
replicable independent components. Only components that targeted A were included
in this study, defined as AP networks (ABNs), by omitting components targeting myelin
or other non-Ap targets. Next, we use the ABNs as priors for spatially constrained ICA,
resulting in a fully automated ICA pipeline called NeuroMark PET. This NeuroMark
pipeline, including its ABNs, was validated against a standard neuroanatomical PET atlas,
using data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI). The study
included 296 cognitively normal participants with FBP PET scans and 173 with florbetaben
(FBB) PET scans, an analogue radiotracer also targeting AP accumulation.

Results

Our results show that NeuroMark PET captures biologically meaningful,
participant-specific features, such as subject-specific loading values, consistent across
individuals, and also shows higher sensitivity and power for detecting age-related changes
compared to traditional atlas-based ROIs. Using this framework, we also highlight some
of the advantages of using ICA analysis for PET data. In this study, an ABN consists
of weighted voxels and forms a pattern throughout the entire brain. For example,
components may have weighted values at every voxel and can overlap with one another,
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enabling the separation of artifacts which may coincide with the ABNs of interest. In
addition, this approach allows for the differentiation, separating white matter
components, which may overlap in complex ways with the ABNs, mainly residing in
the neighboring gray matter. Results also showed that the most age associated ABN
(representing the cognitive control network, CC1) exhibited a stronger association with
age compared with macro-anatomical regions of interest. This may suggest that each
NeuroMark FBP ABN represents a spatial network following chemo-architectural uptake
with greater biological relevance compared with anatomical ROIs.

Conclusion

In summary, the proposed NeuroMark PET approach offers a fully automated framework,
providing reproducible brain ABNs, created by replication-based component validation
and that the ABNs correlate with age well compared with an anatomical atlas. This
approach enhances our ability to investigate the molecular underpinnings of brain

function and pathology, offering an alternative to traditional ROI-based analyses.

INTRODUCTION

Analysis of positron emission tomography (PET) data is
usually performed based on macro-anatomical regions of
interest (ROIs; e.g., the Desikan atlasl). In many cases,
however, chemo-architectural boundaries do not corre-
spond well to anatomical atlases.Z Moreover, they are not
hard boundaries, but rather spatially varying densities of
molecular targets, which can overlap in complex ways and
vary from participant to participant. The anatomical atlas
does not allow voxels to be shared by multiple regions,
which simplifies the anatomical representation but may re-
duce the accuracy in complex areas where the boundaries
of different regions may actually overlap. Here, we propose
to use an independent component analysis (ICA) frame-
work, which allows for separation of the PET signal into
whole brain covarying networks. ICA allows for multiple
overlapping networks across participants for a given PET
radiotracer. Simultaneously, each network is kept as dis-
tinct as possible from the others, ensuring that every net-
work remains unique. Even with unique networks, a single
voxel can be part of more than one network, with each net-
work contributing a certain “weighted intensity” to that
voxel. The voxel weight represents the strength or degree
to which it is associated with each network. This allows for
a more nuanced understanding of how different brain net-
works might interact or coexist within the same anatomical
space. ICA may also identify networks that are consistent
across different participants, meaning the same patterns or
networks are observed in similar ways across a population,
which can be particularly useful in understanding common
functional or molecular patterns in the brain. In PET, mol-
ecular patterns are also affected by the radioligand used,
with differences in affinity and binding characteristics.

In this study we use florbetaben3 (FBB) and florbetapir
(FBP) radioligands that bind to amyloid-beta (Af) plaques.
AP plaques have been shown to accumulate with healthy
aging and can be measured using PET with FBP and FBB,
among other radioligands,*¢ which likely reflect specific
binding to these plaques. The following gray matter (GM)
regions track both disease and healthy aging using stan-
dardized uptake value ratios (SUVR) and FBP%7: medial or-
bital frontal, temporal, anterior and posterior cingulate,

parietal, and precuneus. A study by Fleisher et al.” shows
that older healthy control subjects have a steeper SUVR in-
crease after age 58 than before, while AD patients have a
stronger SUVR increase regardless of age. Since FBB is sim-
ilar to FBP, FBB may quantify age and disease analogous to
FBP.

Both FBP and FBB exhibit off-target binding in the white
matter (WM) thought to be explained by their affinity for
the beta-sheet structure of the myelin basic protein.89
Such off-target binding can contaminate the signal orig-
inating from AP binding owing to partial volume effects,
thus affecting quantification. Since this study focuses on
AR targets and not beta-sheet structure, regions that target
beta-sheet structures will be excluded. In addition to off-
target binding in WM, increased ventricle size with age,
even among control participants,10 may distort the uptake
measures for both FBB and FBP. The enlarged ventricles
may lower SUVR values with age, especially for older adults,
in regions adjacent to CSF and ventricles, which is why
those regions are excluded as well.

A previous blind ICA study!! that may have similarities
to our study, even though it employed the flortaucipir ra-
dioligand, identified ten tau-related independent compo-
nents. Most of these components were bilateral but were
not assessed for their replicability. Typically, ICA ap-
proaches are ‘blind’ and thus, in the case of spatial ICA,
make no assumptions about the shape of the spatial maps.
To facilitate statistical analyses, group ICA approaches
were developed to provide a common inferential frame-
work, 12 solving component matching within a study. While
this framework solves within-study component matching,
comparisons across studies remain difficult, due to varia-
tions in model orders and other methodological differences
that affect the extracted components. Therefore, spatially
constrained ICA approaches allow a set of reference compo-
nents to be used as spatial ‘priors’ which are then adapted
to a given dataset.!3 A leading spatially constrained ICA
algorithm is the multivariate-objective optimization ICA
with reference (MOO-ICAR), which performs well in captur-
ing subject-specific information and removing artifacts.l%
15 The automation of the NeuroMark pipeline was accom-
plished through the development of its specialized tem-
plates, notably the NeuroMark version 1 template,!® Neu-
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roMark version 2 multiscale templates,!” and NeuroMark
version 3 age-specified templates.!8 The NeuroMark
method circumvents manual selection of model orders and
provides a framework that robustly yields reliable compo-
nents across different participants and studies. This ap-
proach allows for the spatial correspondence of atlas-based
approaches while benefiting from the adaptive nature of
data-driven approaches. NeuroMark has been widely ap-
plied to functional magnetic resonance imaging (fMRI) data
and extended to structural magnetic resonance imaging
(MRI) and diffusion MRI, and includes a set of modality-
specific ICA templates (http://trendscenter.org/data) as
well as an automated pipeline implemented in the GIFT
software!219 (http://trenscenter.org/software/gift).

Multivariate NeuroMark templates, containing spatial
independent component (IC), as with univariate atlases, are
often derived from control participants. For example, the
DKT atlas! was built using control participants (excluding
those with tumors, infarcts, or dementia) but is still ap-
plied to patient populations. Likewise, the first NeuroMark
template was created from control participants, success-
fully differentiated schizophrenia patients from a control
group seen in publication!® (as shown in Figure 7B of ref-
erenced publication), and this group-difference detection
has been replicated.1é By the same principle, a NeuroMark
PET template generated from a control group may be used
to contrast groups, for instance, comparing healthy con-
trols versus Alzheimer’s disease (AD) patients. In addition,
the NeuroMark template, serving as a prior for the sub-
jects to whom the algorithm is applied, uses a multi-ob-
jective optimization solver,!> a feature that was extended
from group ICA to NeuroMark, making the estimation of
outliers even more robust. In this study, we aim to evaluate
how well an anatomical atlas versus NeuroMark ICA tracks
biological factors. In neuroimaging, a commonly tracked
biological factor is age. Therefore, in this study, we also
track age to compare the anatomical atlas to NeuroMark
ICA, which may be representative of other biological fac-
tors. First, we show that blind ICA reliably decomposes PET
data - here, FBP - into biologically meaningful networks
related to AP or myelin basic protein. Next, we generate
NeuroMark ICA templates for FBP following the NeuroMark
fMRI template.16:20-22 Sybsequently, we apply the Neuro-
Mark template to analyze a separate dataset with FBB data.
Since FBB and FBP are structurally similar molecules with
highly correlated binding patterns in the brain, the patterns
across FBB and FBP subjects may be similar, providing a
tracer-independent validation of the multivariate template.
We also show, through a correlation analysis between tracer
binding/amyloid and age, that using ICs provides more sta-
tistical power than macro-anatomical ROIs.

METHODS

PARTICIPANTS

Data used in the preparation of this article were obtained
from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database (http://adni.loni.usc.edu/). The ADNI was

launched in 2003 as a public-private partnership, led by
Principal Investigator Michael W. Weiner, MD. The primary
goal of ADNI has been to test whether MRI, PET, other bi-
ological markers, and clinical and neuropsychological as-
sessment can be combined to measure the progression of
mild cognitive impairment (MCI) and early AD. Details
about the ADNI search criteria for this study, resulting in
322 FBP and 198 FBB with 520 matching T1 MRI is found
at the top in the supplementary methods. In this study, all
subjects were specifically selected as control subjects (AD
and MCI were excluded).

We first resampled all PET images to 2x2x2 mm?>. Then
all T1-weighted MRIs (for both FBP and FBB) were
processed using FreeSurfer’s recon-all function,?3 resulting
in a skull-stripped brain in both native and fsaverage space
and cortical labeling using the Desikan-Killiany-Tourville
(DKT) atlas.! PET frames were realigned using brain imag-
ing data structure (BIDS) software PETPrep HMC
(https://github.com/mnoergaard/petprep_hmc) and then
registered to the T1 and MNI305 spaces using PETpipeline-
MATLAB (https://github.com/mnoergaard/petpipeline-
MATLAB). The four 5-min frames were averaged into a sin-
gle PET image per participant in MNI305 space,24 and PET
voxel intensities normalized to SUVR using the cerebellar
cortex as the reference region as defined by FreeSurfer’s left
and right cerebellum cortex. At this stage, all the DKT-ROI
measures were computed by averaging voxel values in na-
tive PET space. After this, processing quality control was
applied to the FBP participants and the following partici-
pants were excluded: 19 that failed FreeSurfer’s recon-all
quality control, 2 that failed PET registration, 1 that had
abnormal intensity. This leaves 300 FBP participants.

Subsequently, outliers were identified and excluded
based on a spatial correlation analysis. Specifically, for each
participant, their spatial data was compared to the group
mean. If a participant’s data differed from the group mean
by more than 3 standard deviations, that participant was
considered an outlier and excluded from the analysis, leav-
ing 296 FBP participants for the remainder of the study.

For the remaining 198 FBB participants, processing qual-
ity control was applied, finding that following participants
needed to be excluded: 10 that had abnormal intensities, 7
that failed FreeSurfer recon-all quality control, 5 that failed
PET registration, 2 that did not fulfill spatial correlation of
3 standard deviations to mean, 1 that had a DICOM error,
leaving 173 FBB participants.

Further on, the 296 FBP and 173 FBB images in MNI305
space are denoted as foundational images for subsequent
processing. Initially, an average SUVR map for the FBP
group was created by combining all FBP foundational im-
ages. Similarly, an average SUVR map for the FBB group was
generated using all FBB foundational images.

Furthermore, the foundational images derived from FBP
will be categorized into groups A and B to construct the
NeuroMark FBP template. Given that both FBP and FBB
share numerous characteristics, including the common tar-
geting of AP, the NeuroMark template, though originally
developed using FBP, will be applied to FBB.

Aperture Neuro 3


http://trendscenter.org/data
http://trenscenter.org/software/gift
http://adni.loni.usc.edu/
https://github.com/mnoergaard/petprep_hmc
https://github.com/mnoergaard/petpipelineMATLAB
https://github.com/mnoergaard/petpipelineMATLAB

Building multivariate molecular imaging brain atlases using the NeuroMark PET independent component a...

Table 1. Demographics of FBP and FBB Groups (Grp), including mean (p1) and standard deviation (o).

Group Info. Participants p Age oAge Females (%)
FBP Grp A 148 76.1yrs 8.1yrs 54%
FBP Grp B 148 76.0yrs 7.9yrs 53%
FBB 173 70.8 yrs 7.4yrs 60%
INDEPENDENT COMPONENT ANALYSIS (ICA) [or 0 e 07 Ay Asc
0 by --- 0 A Asc
. . . . (ByxnAnxc) = . . .
ICA, written as X = AS, is a blind source separation algo- o : :
rithm. In PET it decomposes the multivariate data matrix X, L0 0 by] LAn Anc
formed by stacking each subject’s PET image voxels, into a [ 0141 bidic
set of statistically independent spatial ICs (sources, S) and _ b2Az b2Asc (3)
their corresponding subject-specific weights (loadings, A). : :
If a model order of C is chosen, ICA returns C ICs. The Lbn AN byvAnc
spatial ICs (each the same dimensions as a single PET vol- b4,
ume) are collected into the S-matrix, and all loading values _ bo4s
into the A-matrix, yielding the familiar linear model seen in :
equation 1. ICA finds S and A so that the spatial ICs in S are lbv AN

maximally independent from each other, while each spatial
IC may still capture overlapping patterns shared across sub-
jects.

Xnxv = AnxcScxv t+¢ (1)
, where X is the original PET data matrix for N subjects and
V voxels. A is the mixing matrix, where each element in A is
a loading coefficient, C is the model order (number of com-
ponents). S is the source signal, containing C spatial com-
ponents, and € denotes the residual error.

For PET imaging, it is also important to understand the
linear relationship between SUVR and the ICA loading val-
ues, as well as the impact of SUVR on the independent spa-
tial components (or networks) of ICA. Equations 1 through
4 demonstrate that the spatial ICA components remain in-
variant to SUVR scaling. Equation 1 represents the linear
mixing model before SUVR, which can be conceptualized as
a scaled version of the original PET signal (X) for each sub-
ject. Denoting the SUVR scaled signal as X, we can write X
= BX, where B is a diagonal scaling matrix with subject-spe-
cific weights on the diagonal, represented as:

by 0 - 0

0 by --- 0
Byyny =

0 0 by

Substituting X with X, in equation 1 yields equation 2:
X = Byn Xy
=BnxnvANxcScxv
= (ByxNANxc)Scxv
= K-SCXV
Factoring out the mixing matrix and the scaling parameter
in equation 2, results in equation 3:

(2)

Finally, equation 2 can be simplified further into equation
4:
X = BynXnxr
= BNXNANXCSCXV
= (ByxnAnxc) Soxv
b1 A,
b2A2

Scxv

byAn

From Equations (1) through (4), we see that the source
maps (S) are invariant to scaling, meaning SUVR scaling
only affects the mixing matrix (A). Consequently, SUVR
scaling can be applied to the loading parameters post-ICA
without recomputing the components. This allows for eval-
uating the impact of calibration (scaling) on the results
without needing to re-estimate the source components. In
this study, we normalize the mixing matrix (A) according
to each subject’s SUVR values to ensure consistency in the
analysis.

NeuroMark extends this basic ICA approach by intro-
ducing a standardized, two-step pipeline: 1) Generate a
reproducible spatial template (consisting of ICs) by per-
forming group-level ICA on a large, pooled sample, se-
lecting a model order (C in equations above). An expert
will inspect the components, making sure the template ex-
cludes artifacts and other unwanted components. The tem-
plate is only created once and may be used by other re-
search groups, including in computer clusters processing
very large datasets. 2) Users may then apply that template
consistently across new PET datasets in order to extract
subject-specific loading values for each component in the
template. In essence, NeuroMark replaces a purely data-
driven, one-time ICA on each cohort with a reference-based
ICA that ensures spatial correspondence of components
across studies.

After NeuroMark has processed each dataset, each par-
ticipant has a standardized loading value for each compo-
nent in the template. These loading values can then be ap-
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Exclusions and NeuroMark Pipelines
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Figure 1. i) Depicts the exclusions (highlighted in red) before, during and after PET Prep processing until we get
the foundational images in the black background boxes (more details under Participants section). ii) Depicts how
the NeuroMark (NMark) independent components (ICs) FBP template is created. iii) Depicts the automated
NeuroMark part generating loading values (Load Vals) from the independent FBB data that finally is associated
with age. Similarly, the average SUVR from the Desikan-Killiany-Tourville (DKT) ROIs (green background boxes)
can be associated with age. In addition, mean group maps, being an average across all participants within each
radioligand group, creating molecular imaging brain atlases (MIBAs), as indicated by the orange background
boxes. iv) Is analogous to panel (iii) only that the FBP data was evaluated.

plied for statistical methods such as a two-sample t-test,
regression, and many others.

NEUROMARK PIPELINE: CREATING THE FBP TEMPLATE
VIA ICA

An overview of our approach is shown in Figure 1. For
the ICA processing, both FBP and FBB foundational images
were smoothed using a 10 mm Gaussian kernel. Then, FBP
data were split into two independent groups A and B, ac-
cording to the first two rows in Table 1.

Spatial group ICA, using the Infomax ICA algorithm,25
was run independently on groups A and B, using GIFT1219

(http://trendscenter.org/software/gift). Important ICA pa-
rameters were a model order of 40 and no scaling of com-
ponents. The 40 ICs from group A were spatially correlated
with ICs from group B, and IC-pairs with a correlation be-
low 0.4 were excluded in accordance with previous liter-
ature,16 thereby establishing replication-based component
validation. Pairing spatial networks across datasets using
a spatial correlation threshold above 0.4 is already more
stringent than common practice in the field, where thresh-
olds as low as 0.25 have been used to identify correspond-
ing components as seen in previous literature.2¢ In addition
to this quantitative criterion, we also performed visual in-
spections of each component pair to ensure that the
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matched spatial ICs truly represented the same underlying
network.

The remaining ICs represent different types of networks
that were manually inspected. ICs matching WM may be
networks showing the unwanted unspecific binding to
myelin basic protein, which we exclude. ICA derived net-
works may also represent artificial components (typically
showing high values at the edges of the brain), which were
further removed. Networks representing the ventricles may
not be useful and were removed as well. Finally, the corre-
lated IC pairs that remained were averaged, each creating
an AP network (APN) that is one part of the NeuroMark FBP
template, enabling amyloid-informed constrained ICA.

In addition, we computed the participant specific load-
ing values (explained in equation 1), similarly scaled for
all n,,p participants using the NeuroMark FBP template
and constrained ICA on the FBP participants (n,,p). These
loading values correspond to the degree to which a given
component is expressed in a given participant.

EVALUATING THE RELATIONSHIP BETWEEN AMYLOID
AND AGE: ANATOMICAL ROIS VERSUS MULTIVARIATE
AMYLOID BETA NETWORKS

After preprocessing, FBB and FBP SUVR values were cal-
culated for anatomical ROIs in native space, using the
FreeSurfer DKT atlas. In comparison, for ICA, we used
MOO-ICAR together with the FBP template to calculate the
loading values for each NeuroMark ABN. Next, regression
analyses between age and DKT ROI SUVR, on the one hand,
and between age and APN loading values, on the other,
were computed using the simple linear regression. The re-
gression results were then compared between DKT ROIs
and NeuroMark ABNs. Significant associations are reported
after false discovery rate correction (FDR; q<0.05).

AMYLOID DEPOSITION IN FLORBETABEN

A study from 2021 by Landau et al. measured continuous
amyloid burden values, which could be used to classify
participants as amyloid positive (AB+) or amyloid negative
(AB-). These classifications were applied for the same FBB
participants that were used in this ADNI study, and the
methods are available online (https://preview.tinyurl.com,
53r4jdmc). In brief:

» The native-space MRI scan closest to each PET is seg-
mented and parcellated with Freesurfer v7.1.1 to de-
fine a cortical summary region that is made up of
frontal, anterior/posterior cingulate, lateral parietal,
and lateral temporal regions.

» Five reference regions were defined (cerebellar grey
matter, whole cerebellum, brainstem/pons, eroded
subcortical white matter, and a composite reference
region made up of whole cerebellum, brainstem/
pons, and eroded subcortical WM).

» Each FBB scan was co-registered to the MRI closest
in time and then the mean florbetaben uptake was
calculated within the cortical and reference regions,
yielding the continuous amyloid burden values.

+ The positivity threshold for FBB was a continuous
amyloid burden of > 1.08, which classified partici-
pants as AP+. Remaining participants were classified
as AB-.

RESULTS

MULTIVARIATE INDEPENDENT COMPONENTS AND MAPS

The ICA processing, starting with 40 paired ICs across
groups A and B, resulted in a NeuroMark template with
17 APNs (https:/trendscenter.org/data or https://doi.org
10.5281/zen0do.16617800). Excluded components were: 13
paired components that had lower correlation than 0.4, 4
networks that were ventricular, 2 networks that were WM-
related, 2 networks that represented edge artifacts, and 2
cerebellar networks that were related with the reference re-
gion, resulting in 23 exclusions. In Figure 2, the first row
depicts networks from group A and the second row depicts
networks from group B. The 17 NeuroMark ABNs are de-
picted in Figure 2 at the bottom row. Excluded networks
with spatial correlation above 0.4 are displayed in the third
column of Figure 2.

To identify the anatomical DKT region corresponding to
each NeuroMark FBP IC, we matched each component to
the DKT region containing the highest intensity voxel val-
ues for that IC (Table 2).

UNIVARIATE MOLECULAR IMAGING BRAIN ATLASES OF
FLORBETABEN AND FLORBETAPIR

Next, we show an example of a Molecular Image Brain Atlas
(MIBA) average from the 296 FBP subjects (Figure 3B). As
expected from the literature, WM has higher binding inten-
sities than GM, at least for FBP.27 This non-specific binding
corresponded to two very reliable components for cortical
and cerebellar WM (r=0.81 for WM1 and 0.71 for WM2). Us-
ing multiple linear regression, we estimated the weights of
all 40 ICs to model the group average SUVR FBP PET. By ap-
plying these weights, we selectively subtracted the two WM
and the four ventricular ICs from the group average SUVR
FBP PET, revealing that the remaining SUVR is in the GM
(Figure 3C). Figure 3A depicts that the average FBB MIBA is
very similar to the average FBP MIBA (Figure 3B), support-
ing the use of FBB as test data even when the ABNs were
created using FBP data.

REGRESSION OF AGE WITH TRACER UPTAKE

In this study, all subjects’ SUVR and ABNs loading values
from DKT ROIs were regressed with the subjects’ ages,
yielding standardized [ and p-values. The standardized
value and the FDR corrected p-value for each ABN regres-
sion are found in Table 2 and for the DKT ROI regressions
in Table S1. The results shown in Table S1 show that bind-
ing in ventricles/CSF was negatively associated with age
for both FBB and FBP. In addition, in FBP, but not in FBB,
the WM had a negative association between age and SUVR.
Even if WM does not have a negative age-association for
FBB, there may still be a strong uptake, seen in Figure 3A,

Aperture Neuro 6


https://preview.tinyurl.com/53r4jdmc
https://preview.tinyurl.com/53r4jdmc
https://trendscenter.org/data
https://doi.org/10.5281/zenodo.16617800
https://doi.org/10.5281/zenodo.16617800

Building multivariate molecular imaging brain atlases using the NeuroMark PET independent component a...

*ABNs Included in NeuroMark
NN N

L & & 668

Not ABNs (excl.)

60

ana amnm
H2888 60008
SRBBY G MNN%@

’@ﬂaaa &

« 0008

60

48 a4 40 36 32

e

aﬁ&&ﬁ

a ®
t.*'f) &>

&0

-- ')ﬂ(‘- )C 7’_&‘ a ¢

Z-Scores

NeuroMark FBP

.J Ny

\"1
-40

110 71

WMs,
VNs & EDs
not in
NeuroMark
Template

Mean(Group A, B)

Figure 2. Spatial ICs from 296 FBP participants in the bottom row averaged from group A (top row) and group B
(middle row). Group A (n=148) is independent of group B (n=148). All subjects are cognitively normal. The color
shades in the three legends correspond to the z-scores below and above each box. The shade in each color box
matches voxels of its component. Acronyms: florbetapir (FBP), auditory (AU), somatosensory (SM), visual (VIS),
cognitive control (CC), default mode (DM), cerebellar (CB), white matter (WM), ventricular (VN), edge (ED), left
(L). The cerebellar (*CB) components are excluded due to nonspecific binding and were used as reference.

which may be unspecific to AB. Therefore, regions in which
SUVR decreases with age may be related to WM degrada-
tion or enlarged ventricles, suggesting potential off-target
interactions or non-specific binding. Due to these off-tar-
get interactions and their confounding nature, both DKR-
ROIs and APNs that show negative associations between
age and SUVR or loading values were excluded from further

quantitative analyses. The negative age association exclu-
sions are seen as x-neg in the g-columns in Table 2 and in
the “q FBP” column in Table S1. This includes the ABNs ex-
clusions of CC3 and SM3 for FBB and AU1, SM1, SM3, VIS3,
DM2 and DM4 for FBP. In summary, for both the FBB and
FBP DKT ROIs, 11 non-GM regions were excluded (skull, air
cavities, CSF, and WM, labeled as “x-non-gm” in Table S1)
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Table 2. Key data about ABN (excluding white matter, ventricles, edge artifacts and cerebella).

Corr Label DKT ROI with NMark max point X mm Y mm Zmm BFBB qFBB BFBP qFBP
0.50 AU1 Supramarginal Gyri +52 -23 19 0.17 3.9E-2 -0.078 X-neg
0.45 AU2 Superior Temporal Gyri +50 -33 14 0.302 2.7E-4 0.051 0.46

0.67 SM1 Superior Parietal Lobules +22 -73 45 0.118 0.15 -0.002 X-neg
0.54 SM2 Precentral Gyri +14 -15 68 0.169 3.9E-2 0.143 3.1E-2
0.52 SM3 Postcentral Gyri +36 -39 53 -0.061 x-neg -0.164 Xx-neg
0.71 VIS1 Right Lingual Gyrus 16 -89 -15 0.203 1.8E-2 0.151 3.1E-2
0.73 VIS2 Left Lingual Gyrus -12 -91 -15 0.057 0.53 0.204 2.1E-3
0.68 VIS3 Lateral Occipital Cortices +22 -95 13 0.026 0.73 -0.049 Xx-neg
0.57 VIS4 Fusiform Gyri +40 -67 -15 0.32 1.3E-4 0.147 3.1E-2
0.53 VIS5 Lingual Gyri +6 -75 5 0.177 3.7E-2 0.040 0.55

0.52 Ccc1 Middle Temporal Gyri +54 -11 -31 0.428 6.6E-8 0.234 5.1E-4
0.62 Cc2 Superior Frontal Gyri +21 58 12 0.151 6.4E-2 0.062 0.39

0.51 CC3 Superior Frontal Gyri +11 11 66 -0.061 x-neg 0.118 7.8E-2
0.66 DM1 Paracentral Lobules *2 14 40 0.039 0.66 0.002 0.97

0.53 DM2 Posterior Cingulate Cortices 0 -43 9 0.268 1.4E-3 -0.010 Xx-neg
0.54 DM3 Precuneus Cortices +10 -46 50 0.234 5.9E-3 0.072 0.34

054 | Dma | RostralAnterior Cingulate +5 35 7 0183 | 34E2 | -0011 | xneg

Spatial correlation between group A and group B (Corr), NeuroMark FBP Label (visualized in Figure 2), DKT ROI with NeuroMark (NMark) max point (voxel), the X,Y,Z position of the
NeuroMark max intensity voxel, standardized  for FBB (explained under section “Regression of age with tracer uptake” below), FDR corrected age association (q) for FBB, standard-
ized [ for FBP, FDR corrected age association (q) for FBP. Acronyms: Negative association with age and excluded (x-neg)

A) FBB (n=173)
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Figure 3. A) Molecular Image Brain Atlas (MIBA) average from 173 florbetaben participants. B) MIBA average of
296 florbetapir participants. C) Florbetapir MIBA average subtracted by white matter (WM) and ventricular (VN)
related ICs (WM1, WM2, VN1, VN2, VN3, VN4 from Figure 2). In (C) it is seen that the subtraction of WM and

ventricles leaves the SUVR signal in gray matter.

and two reference regions were excluded (labeled as “ref-
erence” in Table S1). In addition, for the FBP tracer, 11 re-
gions were excluded due to their negative association with
age (labeled as “x-neg” in Table S1), which possibly in-
dicates that WM or CSF is encroaching into the GM ROI
(i.e. partial volume effects) or perhaps another non-specific
binding effect.

In this study, we associated the average SUVR or loading
values with participant ages. To evaluate the anatomical

association with age using the DKT atlas, we performed a
simple linear regression between the average SUVR within
each DKT ROI and the participant’s age. Analogously, for
the NeuroMark ABNs, we regressed the ABNs’ loading val-
ues against age. Since we use the simple linear regression
for all regressions with age, all standardized betas are iden-
tical with the Pearson correlation. Since the ages are the
same for the DKT ROIs and the APNs, the corresponding
standardized beta values are the same as correlations,
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Regression of Age Vs FBB for Anatomic ROI & Multivariate ABN
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Figure 4. The most significant age association for anatomical ROI in blue and multivariate ABN in orange,
making biological references for the atlas and the template. The anatomical ROI with the highest R2 (0.11) is the
right inferior temporal cortex in the Desikan-Killiany-Tourville (DKT) atlas. The highest R2 (0.18) for the
multivariate ABN is the CC1 in the NeuroMark FBP template.

which are unbiased between the DKT ROIs (Table S1) and
the ABNs (Table 2). In addition, the p-values from the sim-
ple linear regression are identical with Pearsons’s correla-
tion p-values in this case.

Here, we highlight the most significant age association
for the DKT ROI using the FBB tracer, which is in the right
inferior temporal cortex (Figure 4, depicted in blue,
R2=0.11, p < 0.001, uncorrected). Similarly, for the Neuro-
Mark ABNs, we regressed the ABNs’ loading values against
age. The strongest component association was observed in
the CC1 APN, which has its peak in the medial temporal
cortex (Figure 4, depicted in orange, R2=0.18, p < 0.001, un-
corrected).

In the remaining part of the results, we explore the age
association significance for both ABNs and DKT ROIs. In
addition, we used the FDR corrected p-values (q-values)
and sort the ABNs and DKT ROIs by age association signif-
icance (Figure 5). Because the number of tests is consider-
ably lower for NeuroMark ABNs compared to DKT ROIs, the
FDR adjustment might be less strict for ABNs, thereby aid-
ing the detection of significant outcomes. As a result, this
facilitates the comparison of binding associations with age
for either ROIs or APNs. As shown in Figure 5, the age as-
sociation trajectories are different between the APNs and
the DKT ROIs. The ABNs are decomposed into fewer parts
than the DKT ROIs (15 ABNs < 87 ROIs). Interestingly, the
age association significance is distributed so that more than
88% of ROIs (77 of 87) have significant age associations (q <
0.05). Conversely, less than 67% (10 of 15) of the ABNs had
significant associations with age. However, the top age-as-
sociated ABN contenders appear to show much greater in-

creases and may even have larger effect sizes (e.g., Becy =
0.428) than the top DKT ROI contenders (e.g., Binferior Tem-
poral_Gyrus ~ 0.333).

Since we used the 296 FBP participants to create the
APBNs in our NeuroMark template, even though the method
is unsupervised and blind, we were careful to use its result-
ing loading values. Here, we aim to confirm that the com-
ponents capture similar age association patterns to those
observed in the FBB results. In addition, we explored if
the relationship between age and APBN loading was con-
sistent across these different age groups and tracer types
(76.0 years for FBP and 70.8 years for FBB). All the q-values
are ranked from lowest to highest, as seen in Figure 6. The
CC1 component had the largest effect sizes for both FBP
(B = 0.234) and FBB (B = 0.428). Interestingly, the largest
effect size was for FBB, even though the NeuroMark ABNs
were created from the FBP dataset. In addition, an ABN
pattern may have been identified, suggesting consistency
across different PET tracers, since out of the 5 significant
APBNs in FBP, at least 4 were also significant in FBB (CC1,
VIS4, VIS1, and SM2).

For further clarity about our dataset, we desired to quan-
tify the participants’ amyloid deposition. Interestingly, a
previous ADNI study by Landau et al. (see methods sec-
tion), used the same FBB participants as this study and
shared their results within the ADNI framework, categoriz-
ing participants as either AB+ or AB-, using the FBB radi-
oligand. Out of our 173 FBB participants, 45 were AR+, 124
were AB-, and 4 were unknown. This indicates our FBB pop-
ulation was 26-28% AP+, depending on the amyloid depo-
sition in the four unknown participants.
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Florbetaben Regression Between Age and ABN/DKT-ROI
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Figure 5. Y-axis shows log10 of the FDR corrected p-values (q-value) after regressing 173 participant ages with
FBB intensities from either amyloid-beta networks (ABNs; blue) or Desikan-Killiany-Tourville (DKT) ROIs (red).
Only ABNs/DKT ROIs with positive age correlation and non-reference regions are included from the NeuroMark
template ABNs or DKT ROIs from the FBB data. Inset: corresponding bar chart of B effect sizes. The dotted line at
y = 1.3 represents a q = 0.05. More statistics are available in Tables 2 and S1.

In an effort to explore how well NeuroMark detects A
deposition in populations, we decided to reuse the same
FBB loading values that were used in Figure 5. Instead of
the previous statistic, we performed a two-sample t-test,
only reusing the loading values for two groups of subjects
(AB+ or AB-). Since two AP+ subjects were significantly
older (the youngest was 92.4 years) than the oldest Ap-
subject (87.6 years), we removed the two oldest subjects.
Then, for each AP+ participant, we used a nearest-neigh-
bor algorithm to match an AB- participant closest in age,
resulting in the AP+ group (N=43, age=72.5 years, SD=6.6
years) and the AB- (N=43, age=72.5 years, SD=6.6 years)
group. Performing a two-sample t-test of all the loading
values for all ABNs across the AR+ and AfB- groups yielded
Figure 7, which shows that NeuroMark consistently detects
differences in AP loads.

The Landau study provided both dichotomous classifica-
tions of subjects as AB+ or AR~ and continuous pre-thresh-
olded amyloid burden values. Although the group classifi-
cations are derived from the underlying continuous burden
values, we conducted a two-sample t-test comparing these
continuous values between the AR+ and AB- groups, which
yielded a t-score of 10.1. This serves as a benchmark for
evaluating the discriminatory power of the ABNs. Notably,
the most significant APN, corresponding to the DM3 net-
work, achieved a comparable t-score of 10.2, suggesting

Aperture Neuro

that the ABNs may serve as a competitive alternative to
continuous amyloid burden measures. Interestingly, the
DM3 component overlaps substantially with the default
mode network, a region previously implicated in amyloid
accumulation in older adults. This observation may have
some relation with prior literature demonstrating that
amyloid deposition in older adults with AD may mirror the
default mode network identified in younger individuals.28

DISCUSSION

In this study, we introduce NeuroMark PET, a novel method
for computing replicable PET IC templates specifically de-
signed for the FBP tracer. Utilizing the NeuroMark frame-
work, we successfully extended our approach to the FBB
tracer, which also targets AB pathology, thereby demon-
strating the framework’s versatility across different tracers.
Our findings indicate that NeuroMark PET can serve as a
robust template for subsequent AR imaging studies. Addi-
tionally, we compared APNs derived from our method to
traditional anatomical atlases. Notably, the ABNs were de-
composed into fewer components than anatomical ROIs,
suggesting a more streamlined representation of amyloid
distribution. Furthermore, the results indicate that ABNs
may offer distinct advantages in capturing nuanced amy-
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Figure 6. Y-axis shows 1og10 of the FDR corrected p-values (q-values) after regressing 296 participant ages with
FBP intensities from either amyloid-beta networks (ABNs; blue) or Desikan-Killiany-Tourville (DKT) ROIs (red).
Only ABNs/DKT ROIs with positive age correlation and non-reference regions are included from the NeuroMark
template ABNs or DKT ROIs from the FBP data. Inset: corresponding bar chart of f effect sizes. The dotted line at
y = 1.3 represents a q = 0.05. More statistics are available in Tables 2 and S1.

loid distribution patterns, potentially enhancing the sensi-
tivity and specificity of AP detection.

PREVIOUS LITERATURE ON NEUROMARK FLORBETAPIR
AMYLOID B NETWORKS AND DESIKAN KILLIANY
TOURVILLE ROIS

To get an impression of where the APNs are mostly
weighted, each APN’s peak voxel was mapped to the DKT
atlas, finding the most relevant DKT ROI for that ABN. Fur-
ther, up to two more DKT ROIs that were strongly weighted
for each APN were added and estimated qualitatively to
characterize each APN anatomically. These anatomical
DKT characteristics of the APN are listed in Table S2. The
identified DKT ROIs have been identified in the literature
as being related with mental impairments and various func-
tions. For instance, the CCl APBN, which is strongly
weighted in the inferior temporal cortex (IT, Table S2), po-
tentially has the highest local amyloid-beta/tau interac-
tions and a connectivity profile conducive to accelerating
tau propagation.2® Additionally, the IT shows significant
increases in AD patients when scanned with AV1451 tar-
geting tau30 and with florbetaben targeting amyloids.3! In-
terestingly, the DKT ROI with the highest age effect was
the right inferior temporal cortex. It is worth noting that
the NeuroMark ABNs were all bilateral except from VIS1,

which was dominant in the right hemisphere, and VIS2,
which was dominant in the left hemisphere. In addition,
using the PET tau radioligand, Periera et al.!! found three
unilateral out of ten ICs, with two being very similar to the
VIS1 and VIS2. Other components were similar between our
studies as well. A more comprehensive overview of the pri-
mary anatomical locations and their functional roles within
the DKT framework, offering an improved understanding
of how ABNs interact with specific DKT ROIs, is found in
Supplementary Table S2 and under section “Supplemen-
tary Literature of NeuroMark Amyloid p Networks & DKT
Anatomy.”

AUTOMATION AND ADVANTAGES OF THE NEUROMARK
PET PIPELINE

The NeuroMark PET Pipeline can effectively eliminate the
need for model order selection and component identifica-
tion procedures, while allowing for data-driven approaches
to retain more individualized variability. One important
difference between the ICs included in the NeuroMark
framework and components from many other ICA studies
is that NeuroMark only includes components that have al-
ready been replicated twice (from group A and B), using
the high spatial correlation of 0.4 (or higherl®) between
the two groups (being a type of replication-based compo-
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Figure 7. T-statistics resulting from a two-sample t-
test between 43 A+ participants and 43 age matched
AB- participants. Each bar depicts the t-score for each
NeuroMark ABN. The t-score is a result of comparing
the loading values within the FBB dataset. Asterisks
indicate t-scores that differ significantly from the null
distribution after controlling for the false discovery
rate at g < 0.05 via the Benjamini-Hochberg
correction.

nent validation). By utilizing a NeuroMark template as a
spatial prior, we ensure the correspondence of extracted
functional network features across diverse analyses, stud-
ies, and datasets, thereby facilitating the generation of re-
producible findings and enhancing the reliability and ro-
bustness of neuroimaging research.

Given that NeuroMark is a robust and fully automated
framework that continuously offers reliable templates for
multiple modalities, unexplored multimodal areas could
present valuable opportunities for future research. The
NeuroMark FBP template is a novel development as it es-
tablishes a reliable foundation extended to PET modalities,
facilitating multimodal analyses in an automated fashion.
The ICA approach employed in NeuroMark enables the
identification of independent networks with co-varied vox-
els across participants and also helps to separate out arti-
facts and partial volume effects. Notably, traditional ROI-
based approaches rely on predefined, fixed brain regions
across subjects and scans, which may therefore overlook
variations in the alignment of ROIs with underlying chemo-
architectural boundaries. In contrast, the data-driven Neu-
roMark approach offers a flexible alternative that accurately
reflects the intrinsic brain architecture according to indi-
vidual scans, making extracted PET outputs more reliable
and accessible to non-experts, such as researchers from
other fields, including clinicians. Although the NeuroMark
FBP template (i.e., the collection of all ABNs) was devel-
oped using control subjects, it is designed to enable stan-
dardized analyses in future studies, enabling discrimination
between groups with different disorders.

ICA EMPIRICAL SPATIAL FINDINGS

The NeuroMark framework measures ABNs’ (or ICs’) repro-
ducibility. In this study, this was done by measuring the
spatial correlation between paired ICs across groups A and
B. The most reproducible component pair was the first WM
IC (Figure 8); however, this component was excluded be-
cause it is not considered relevant to the research question,
mainly targeting beta-sheet structures as opposed to A in
GM. In agreement with previous literature about myelin in-
tegrity,® we found a negative association with age for this
WM IC. The clear detection and delineation of WM sug-
gests that ICs may separate different target sources from
each other, implying that ICA may be used to separate tar-
get from off-target sources. This capability may stem from
ICA’s ability to exploit statistical independence, which can
facilitate separation of different binding sources such as A}
plaques and affinity for the beta-sheet structure into differ-
ent components. Therefore, ICA may account for the com-
plex and overlapping patterns of radioligand binding, which
anatomical atlases are unable to address. Apart from delin-
eating WM, our ICA methods may have also detected other
biologically off-target regions as ICs, such as ventricle com-
ponents and the brainstem.

The effectiveness of ICA in distinguishing off-target
from target binding effects is beyond the scope of this
study, but may be of interest for future research, which may
broaden ICAs applications.

Figure 3C illustrates the possibility of combining all
APBNs to cover the entire GM, excluding ventricles and WM.
Therefore, Neuromark PET may have the potential to define
a global region within the GM and generate a corresponding
region that enables the comparison of AP+ from ApB- indi-
viduals at the global level. While Amyloid PET is typically
used as a global measure for clinical studies, there is grow-
ing interest in studying the patterns of deformation to pro-
vide additional insights into the mechanism and disease
course, something that may also be helpful for identifying
treatment targets. Previous literature?’ found that the in-
ferior temporal gyri showed significant local AP effects be-
tween control and AD groups. Different methods exist for
AP detection in AD,32 including a longitudinal approach
showing that early AD may have a pattern of AP that is dif-
ferent from later stages of the disease. Even though Neu-
roMark may not be used clinically today, it may still be
valuable for the research community and for advancing our
understanding of AD and other disorders.

The NeuroMark PET template, derived from control par-
ticipants, can identify patterns in how control participants
differ from each other. This template can then be extrapo-
lated to other populations, including AD. Previous Neuro-
Mark templates have extrapolated control subjects to many
other brain disorders for MRI.16 NeuroMark has also proven
to be remarkably robust relative to ROI studies33 and has an
objective function that optimizes feature extraction based
on single-subject data properties.!> In this way, the ap-
proach can be adapted to different ages and conditions,
while still enabling correspondence among subjects and
datasets.
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Figure 8. The white matter component showing the strongest correlation between groups A and B and may be
the most reproducible ICA component for the florbetapir radioligand.

LIMITATIONS

Using different tracers, we found many similarities, includ-
ing the fact that CC1 was the most significant ABN is both
FBB and FBP. However, a difference between the tracers was
that they had slightly different negative age associations.
For FBB, CC3 and SM3 had negative age effects, while for
FBP, DM2, DM4, AU1, SM1, and VIS3 had negative age ef-
fects. The different patterns of negative age effects may
be related to a slightly different molecular binding. For in-
stance, FBP had a negative association between age and
SUVR in WM, but not FBB (also seen in Table S1). A more
detailed investigation into the subtle differences in binding
effects between FBB and FBP is beyond the scope of the pre-
sent study and may be explored in future research. For this
study, however, the cases with negative correlation between
ABN SUVR values and age were excluded.

Another limitation may be how to use partial volume
correction between the anatomical ROIs and the Neuro-
Mark template. To calculate partial volume correction

(PVC) for DKT ROIs, one has to use a compartment-based
method, while for NeuroMark ABNs, one has to calculate
PVC using a voxel-based method. To make sure we treated
the processing the same for the anatomical atlas and for the
NeuroMark template, we decided not to use any PVC in this
study. However, PVC is an important factor, which may be
further explored in future studies.

Another difference is how the DKT ROIs and the ABNs
represent features. It may be posited that the larger APNs
offer enhanced stability relative to the smaller DKT ROIs,
potentially rendering the latter noisier, aligning with ICA’s
role as an effective dimensionality reduction tool. ICA ex-
cels in simplifying complex datasets by decomposing them
into a limited number of meaningful components, thereby
enhancing interpretability and reducing noise. This dimen-
sionality reduction not only benefits researchers by stream-
lining data analysis but may also preserve the integrity of
significant neural patterns. Comparing the 15 NeuroMark
APBNs, which are considerably larger in size to the 87 statis-
tically significant DKT ROIs, the CC1 ABN exhibited greater
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significance than the right inferior temporal cortex ROI, as
illustrated in Figure 4. The overlapping and weighted na-
ture of ICA-derived components provides a complementary
perspective to traditional ROI-based approaches. Such an
approach adheres to established scientific standards and
offers researchers an additional angle to uncover intricate
neural relationships.

Given the limitations of both ROI-based and network-
based methods, it is pertinent to consider how these ap-
proaches might complement one another. When aligning
current findings with existing literature, an atlas such as
DKT may be preferable because multivariate network-based
techniques remain relatively novel. Anatomical ROIs,
which do not overlap, facilitate straightforward visualiza-
tion, and allow selection of a specific anatomic ROI which
may be of interest. However, ROI-based atlases with rigid
boundaries often fail to correspond to underlying chemo-
architectural divisions, potentially partitioning contiguous
tracer signals into multiple regions and thereby reducing
statistical power. In contrast, a network-based approach
generates a multivariate, data-driven map that inherently
respects chemo-architectural boundaries. Additionally,
network-derived regions may overlap spatially, such as
around hub areas, thereby capturing complex radioligand-
binding patterns.

CONCLUSION

This study introduces and validates the NeuroMark PET
approach, leveraging spatially constrained ICA to generate
biologically meaningful and reproducible brain networks
(since we used replication-based component validation). By
applying this method, we demonstrate that NeuroMark PET
may complement traditional atlas-based analyses (DKT).
We show age-related binding changes in the brain, specif-
ically in cortical regions relevant to neurodegenerative
processes. NeuroMark PET has at least three advantages
to an anatomical atlas. 1) A few NeuroMark ABNs may
have greater significance than the most significant DKT
ROIs. This could be crucial in applications where detecting
strong signal is more valuable than capturing broad but
less intense patterns. 2) The complexity of measured AB
uptake across subject populations can be decomposed by
NeuroMark ICA into a limited number of contrasting ABNs.
Importantly, each APN aligns with a specific Ap uptake
subpattern. This automated ICA approach allows for over-
lapping regions, thereby reducing complexity and minimiz-
ing potential bias associated with manual region selection.
3) The NeuroMark APNs are spatial patterns customized
specifically for AR uptake. In addition, NeuroMark can cus-
tomize maps for other radioligands. Conversely, the
anatomical atlases are rigid, having the same fixed borders
for every radioligand.

The strengths above are likely related to the fact that
ICA is data-driven, capturing voxels that show covariation
among participants in maximally spatially independent
maps. The ICA results also benefit from data reduction, as
the multiple comparison burden is lower for ICA compared
to the ROI analysis.

The NeuroMark ABN template, which excludes non-GM
regions (e.g., WM and ventricles), may therefore provide
a more efficient and biologically relevant representation
of molecular tracer distributions. This advancement high-
lights the potential of NeuroMark ABNs to enhance our un-
derstanding of the molecular underpinnings of brain func-
tion and pathology, paving the way for more sensitive and
individualized analyses of large-scale multimodal datasets.
This approach offers a straightforward and objective way
to generate radioligand specific maps as an alternative to
conventional ROI-based methodologies, emphasizing the
importance of data-driven techniques in neuroimaging re-
search.
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