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INTRODUCTION: Brain glucose hypometabolism, indexed by the fluorodeoxyglucose

Alzheimer’s disease (AD). However, the underlying biological pathways involved in

these metabolic changes remain elusive.
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PET metabolism.

1 [ BACKGROUND

Alzheimer’s disease (AD) is the most prevalent neurodegenerative dis-
ease affecting the elderly.! In recent decades, a vital concept shift
has led to AD being recognized as a clinical-biological entity. In this
context, positron emission tomography (PET) currently allows for visu-
alizing AD pathophysiological changes in living individuals.? Indeed,
these technologies have contributed to an improved understanding
of AD and boosted a new era of enormous imaging data collection in
multiple centers worldwide and collaborative initiatives.

The most used PET radiopharmaceutical in neurodegenerative dis-
orders is the glucose analog [18F]Fluorodeoxyglucose (FDG). A typical
signature of [!F]JFDG-PET hypometabolism is seen in the brain of
AD individuals.® This glucose hypometabolism has been interpreted
as a marker of neurodegeneration in AD.*® Studies have shown
that its biological interpretation is much more complex, involving
interactions of different brain cell types. More specifically, neurons,
astrocytes, and microglial cells contribute to the [*8F]JFDG-PET signal
and are now acknowledged in their biological interpretation.*¢-8 How-
ever, the biological pathways involved in AD-related [8F]JFDG-PET
hypometabolism remain unclear.

There has been an increasing call for multimodal imaging studies
associated with refined integrative and network strategies.” 1 Indeed,
integrating PET with omics technologies is one strategy to advance
our understanding of biological features associated with [*8F]JFDG-
PET hypometabolism in AD. Transcriptomics is particularly attractive
because RNAs represent an intermediate level between the static
genomics context and the spatiotemporal dynamic of proteomics
complexity.!! In this regard, systems biology methods can be instru-
mental in unraveling novel features.!?2 Neuroimaging data integration
in recent years has focused on the gene level,'314 but genes rarely
dictate phenotypes alone; they act in concert to modulate phenotypic

transitions.

Alzheimer’s disease, fluorodeoxyglucose positron emission tomography, systems biology, tran-

* We conducted an integrated analysis of system-based transcriptomics and fluo-
rodeoxyglucose positron emission tomography ([*8F]JFDG-PET) at the voxel level in
Alzheimer’s disease (AD).

* The biological process of serine/threonine kinase activity was the most associated
with [*8F]JFDG-PET in the AD brain.

* Serine/threonine kinase activity alterations are associated with brain vulnerable
regions in AD [*8F]JFDG-PET.

 Zinc-finger transcription factor targets were associated with AD brain [*®F]FDG-

With this in mind, we sought to implement two systems-based
strategies to uncover biological modules associated with brain glucose
metabolism changes in AD. We hypothesized that modular approaches
based on groups of genes would yield better associations with higher-
order biological manifestations and may uncover novel biological
features of AD.

2 | METHODS
2.1 | Study participants

We used data from the multicenter Alzheimer’s Disease Neuroimaging
Initiative (ADNI) study, available at http://adni.loni.usc.edu/. This study
is designed to develop and validate neuroimaging and biomarkers for
the early detection, monitoring, and treatment of AD. Further details
regarding its inclusion criteria have been described elsewhere.'> Our
study included all participants with available blood microarray data.
Additionally, a subset of these participants also had [18F]FDG-PET
brain imaging available. According to diagnostic criteria defined in
ADNI,¢ individuals without significant cognitive impairment or impact
on daily living activities were classified as cognitively unimpaired (CU).
This group comprised individuals with a Mini-Mental State Examina-
tion (MMSE) score ranging from 24 to 30, a Clinical Dementia Rating
(CDR) of 0, and a Memory Box score of 0. Participants diagnosed
with mild cognitive impairment (MCI) or dementia were categorized
as cognitively impaired (Cl). This Cl group included individuals with an
MMSE score between 24 and 30, a CDR of 0.5, and a Memory Box
score of at least 0.5. In these cases, general cognition and functional
performance were sufficiently preserved to preclude an AD diagno-
sis at the screening visit. Additionally, individuals with an MMSE score
between 20 and 26 and a CDR > 0.5, meeting the National Institute
of Neurological and Communicative Disorders and Stroke/Alzheimer’s
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Disease and Related Disorders Association criteria for probable AD,
were also included in this group. More details about the group inclu-
sion criteria and exceptions can be found in the ADNI Procedures
Manual.'®

2.2 | Blood expression data acquisition

We obtained blood microarray data from ADNI, including only sam-
ples with RNA integrity scores > 7. After RNA integrity and quality
control filters, the resulting ADNI dataset retained 317 samples (218
Cl and 99 CU individuals). We also obtained additional processed
blood microarray datasets from the Gene Expression Omnibus (GEO)
repository (https://www.ncbi.nlm.nih.gov/geo/; Figure 1A) using the
GEOquery package (v2.56.0).17 From GEO, we obtained data from
GSE63063,18 which contains 433 Cl and 223 CU samples from the
AddNeuroMed Cohort, and from GSE97760,1? with 8 Cl and 7 CU
individuals.

Additionally, healthy human blood samples from two large microar-
ray datasets were obtained from the GEO repository, GSE483482°
and GSE99039.21 These datasets were intersected under common
gene symbol annotation using the virtualArray package (v1.8.0).22
The resulting dataset retained 967 healthy blood samples used for

transcriptional network inference.

2.3 | Brain expression data acquisition

Human AD hippocampal microarray data from six studies were
obtained from GEO repository (GSE5281,2° GSE28146,2%
GSE29378,%° GSE36980,2° GSE48350,27 and GSE844222%8), down-
loaded using the GEOquery package (v2.56.0)1” and combined under
common gene symbol annotations using the virtualArray package
(v1.8.0;22 Figure 1A). We processed raw data using the affy (v1.70.0)2?
and the vsn package.3° Afterward, we applied a batch correction using
the sva package.3!

2.4 | Differential expression analyses

Differential expression analysis comparing CU versus Cl was con-
ducted on microarray data using the limma package (v3.48.3)32 ImFit
function to fit multiple linear models by generalized least squares. In
addition, the eBayes function was used to compute moderated t statis-
tics, moderated F statistics, and log-odds of differential expression by
empirical Bayes moderation of the standard errors toward a common
value (Figure 1B).

Due to high variability in blood transcriptomics and seeking consis-
tency between datasets, only genes with a P value < 0.05 in at least
two of three datasets were considered differentially expressed genes
(DEGs) for blood samples. For brain samples, genes with false discovery
rate-adjusted Pvalue < 0.01 from the merged dataset were considered

DEGs. We obtained the final list of genes used for further analyses from
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RESEARCH IN CONTEXT

1. Systematic review: The authors reviewed the literature
using PubMed and Web of Science and cited relevant
studies. A few neuroimaging integration studies focused
on associations between fluorodeoxyglucose positron
emission tomography (FDG-PET) and gene-level alter-
ations in Alzheimer’s disease (AD). However, studies inte-
grating FDG-PET and genetic information using a systems
biology approach have not been addressed yet.

2. Interpretation: This study applies a modular-oriented
transcriptomic approach integrated with neuroimaging
to leverage new insights on AD pathology. Our find-
ings highlight an association between serine/threonine
kinase activity-related processes and regulatory units
with [18F]JFDG-PET metabolism in the brains of individu-
als across the AD clinical spectrum.

3. Future directions: Future studies should validate the bio-
logical involvement of the gene modules observed here
experimentally and use this novel integration method
with other PET imaging tracers (e.g., amyloid beta PET,
tau PET, translocator protein PET). This will lead to a bet-
ter understanding of AD pathology and may contribute to
improved diagnosis and therapeutics.

the intersection between blood and brain DEGs. Venn diagrams were

constructed using the VennDiagram package (v1.6.20).33

2.5 | Functional enrichment analyses and Gene
Ontology semantic similarity

We used DEGs found in both blood and brain datasets for conduct-
ing Gene Ontology (GO) functional enrichment analysis. This analysis
was carried out using the enrichGO function from the clusterProfiler
package (v4.0.5).3* This function uses an over-representation anal-
ysis method to ascertain if known biological functions or processes
are significantly enriched within a gene list derived from experimental
data.

Furthermore, we clustered the GO biological process terms by
semantic similarity using the mgoSim function from the GOSem-
Sim (v2.18.1) package®® (arguments measure = “Wang” and com-
bine = NULL). Semantic comparisons of GO annotations provide
quantitative ways to compute similarities between genes and gene
groups. We represented the resulting similarity matrices as GO net-
works using the RedeR (v1.40.0) package3 for interactive visualization
and manipulation of nested networks. We retained only similarity
scores above the 80th percentile of score distribution for building the
network. We manually named clusters of GO terms obtained from the
GOSemSim algorithm for their biological interpretation (Figure 1C).
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FIGURE 1 Onmics-imaging integration pipeline. A, Data collection of blood and hippocampus samples and imaging data from multiple datasets.
B, Transcriptomics dimension reduction using differential expression analysis. C, Functional enrichment analysis using the GO semantic similarity.
D, Transcriptional network analysis, responsible for selecting altered regulatory units. E, Imaging integration using voxel-wise generalized linear
regression between PET images and statistically altered GO clusters and regulatory units. ADNI, Alzheimer’s Disease Neuroimaging Initiative;
[*8F]FDG, fluorodeoxyglucose; GO, Gene Ontology; PET, positron emission tomography.

2.6 | Reverse engineering of transcriptional
network and master regulator analysis

We identified master regulators among transcription factors (TFs)
based on predictive and inferential modeling approaches. These mod-
els predict potential master regulators by analyzing large-scale gene
expression data and inferring regulatory relationships. These meth-
ods use algorithms that evaluate the impact of specific transcription
factors on the expression patterns of their target genes, allow-
ing for the prediction of their regulatory influence within cellular
networks.37-41

First, we inferred the transcriptional networks centered on tran-
scription factors and their predicted target genes using a large cohort
of healthy blood samples from publicly available datasets as described
in Section 2.2. Herein, we used “regulatory unit” to describe the groups
of inferred genes and their associated TFs. We used the RTN (v2.16.1)
package to reconstruct and analyze transcriptional networks based
on mutual information using the Algorithm for the Reconstruction of
Accurate Cellular Networks (ARACNe) method.3”-3%42 |n summary,

the regulatory structure of the network is derived by mapping sig-

nificant associations between known TFs and all potential targets. A
curated list of genes obtained from Lambert et al.*® was used to anno-
tate TF eligibility for transcriptional network inference input. To create
a consensus bootstrap network, we eliminated the interactions below
a minimum mutual information threshold by a permutation step and
removed unstable interactions by bootstrap. Finally, the data process-
ing inequality algorithm is applied with null tolerance to eliminate
interactions likely to be mediated by a third TF. The reference blood
transcriptional network was built using the package’s default number
of 5000 permutations and 100 bootstraps (P value < 0.001).

Then, we conducted the master regulator analysis described by
Carro et al.*3 on the regulatory units with > 100 targets using the RTN
(v2.16.1) package using the regulatory units identified in the previous
step. For each regulatory unit in the blood transcriptional network,
the algorithm computes the statistical overrepresentation (calculated
by Fisher exact test) of genes obtained from differential expression
analyses (P value < 0.05). Master regulator candidates altered in at
least two thirds of the three case-control studies (ADNI, GSE63063,
and GSE99039) were selected for gene set variation analysis and

neuroimaging integration (Figure 1D).
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2.7 | Gene set variation analysis

The enrichment scores obtained from the gene set variation analysis
were used to collapse the activity of groups of genes into a single value
for each sample.** This gene set enrichment method estimates group
gene activity variation over a sample population in an unsupervised
manner. Briefly, genes contained in the clusters of GO terms obtained
from GOSemSim or in the regulatory units obtained from master
regulator analysis were submitted to the gsva function (kcdf = “Gaus-
sian”) of the GSVA package in R.** We used the resulting enrichment
score for further association with neuroimaging data and correlation

analyses.

2.8 | Imaging pre-processing and integration

We acquired imaging data from the ADNI database (Figure 1A).
[*8F]FDG-PET images were linearly registered to the T1-weighted
image space. We linearly and non-linearly registered T1-weighted
images to the Montreal Neurological Institute (MNI) template space.
Subsequently, we performed an [18F]JFDG-PET non-linear registration
using the linear and non-linear transformations from the T1-weighted
image to the MNI space and the [18F]JFDG-PET to T1-weighted image
registration. We performed these transformations using the antsRegis-
trationSyNQuick and antsApplyTransforms from advanced normalization
tools (ANTs).*> We spatially smoothed the [*8F]FDG-PET images to
achieve a final resolution of 8 mm full width at half maximum using
mincblur from MINC Tools (http://bic-mni.github.io/).

We created standardized uptake ratio maps of [18F]JFDG-PET using
the cerebellum as the reference region. These images were then inte-
grated with GO clusters and TF regulatory units using voxel-wise
linear regression models, adjusting for age, sex, and years of education
(Figure 1E). This analysis was performed using the RMINC software
package (v1.5.2.1).4¢ The voxel-wise correlations produced t statistical
maps, and we included only those voxels that displayed statistically sig-
nificant correlations, defined by a P value of 0.01, which corresponds
to a t value of 2.6. To address the multiple comparisons in voxel-wise
analysis, we applied the Bonferroni correction to adjust these thresh-
olds, resulting inincreased t value thresholds of 3.0 for integration with
GO clusters and 3.4 for integration with TF regulatory units. Addition-
ally, we extracted the percentage of significant voxels within each brain
region from the t statistical maps, using the CerebrA ICBM152 atlas to
define the regions of interest.*”48

3 | RESULTS
3.1 | Participants

We assessed 317 individuals from ADNI, including 99 CU and 218 ClI
individuals, who had available blood microarray data. The demographic
and clinical characteristics of this population are detailed in Table 1.
From ADNI, we also acquired [18F]FDG-PET scans for 227 individu-
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TABLE 1 Demographics and key characteristics of participants
from ADNI.

Characteristics CU(n=99) Cl(n=217)
Age, mean (SD) 73.9(5.84) 71.6(7.22)
Sex, n (% female) 53(53.5) 91(41.9)
Years of education, mean (SD) 16.5(2.73) 16.0(2.79)
CDR sum of boxes (SD) 0.0670(0.336) 2.30(2.23)
MMSE (SD) 29.2(0.952) 26.7 (3.48)

Abbreviations: ADNI, Alzheimer’s Disease Neuroimaging Initiative; CDR,
Clinical Dementia Rating; Cl, cognitively impaired; CU, cognitively unim-
paired; MMSE, Mini-Mental State Examination; SD, standard deviation.

als, including 69 CU and 158 CI. From the GEO database, we included
data from GSE63063, with 223 CU and 433 Cl; GSE9776, with 7 CU
and 8 Cl; GSE48348, with 734 CU; and GSE99039, with 233 CU. Addi-
tionally, we combined human AD hippocampal microarray data from six
studies, which included 116 CU and 90 Cl individuals. The metadata for
these datasets is presented in Table S1 in supporting information, and
further demographic information is provided in Table S2 in supporting

information.

3.2 | Dimension reduction analysis identifies key
altered genes in AD

The novel dimension reduction strategy proposed in this study for
analyzing transcriptomic data from blood and hippocampal samples
is illustrated in Figure 2. Figure 2A details the gene counts after
each step of the dimension reduction strategy. After merging datasets,
we identified 16,126 genes in the blood and 10,845 genes in the
hippocampus.

Using the gene expression data from each tissue, our differential
expression analysis comparing CU and ClI individuals revealed 2875
DEGs in the blood and 1979 DEGs in the hippocampus. Importantly,
428 DEGs were consistently altered in both tissues. Details about
DEGs from datasets are shown in Tables S3 and S4 in supporting
information.

3.3 | Functional enrichment and semantic
similarity analysis highlight key altered biological
processes in AD

After the identification of overlapped DEGs, we conducted a functional
enrichment analysis to discern the GO biological processes implicated
by these genes. This analysis identified 89 significantly enriched GO
biological process terms (Table S5 in supporting information), highlight-
ing alterations in critical processes such as oxidative phosphorylation
in mitochondria and cell cycle, and response to stress, which are
indicative of their potential roles in AD pathophysiology.

We subsequently applied a semantic similarity method to cluster

the GO biological processes into similar functional relevance, resulting
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FIGURE 2 Sankey flow diagram representing the dimension reduction strategy. A, Transcriptomic data from blood and hippocampus cohorts
underwent differential expression analysis between cognitively unimpaired and impaired individuals. Overlapping differentially expressed genes
(DEGs) from both tissues were selected, and Gene Ontology (GO) biological processes were derived through functional enrichment analysis, with
GO terms clustered based on semantic similarity to identify functionally relevant groups. Additionally, regulatory units of transcription factors
were generated using the same overlapping DEGs. B, The sunburst plot of regulatory units displays the gene count for 12 units selected based on
the enrichment score quartiles (10% and 90%). C, In the sunburst plot of GO clusters, each segment displays the gene count for individual GO
terms within the cluster, acknowledging their composition of multiple GOs.

in 16 distinct GO clusters (Figure 2C). These GO clusters are visu-
ally represented in a network diagram (Figure 3). In the network, each
node (cluster) is sized proportionally to the number of terms it con-
tains, and the edges are weighted by the similarity scores, which reflect
the degree of similarity between connected clusters (Table S6 in sup-
porting information). Notably, the clusters related to “regulation of
serine/threonine kinase activity” and “DNA repair and metabolism”
exhibited the highest connectivity, suggesting their pivotal roles in
AD pathophysiology. Figure S1 in supporting information shows the
heatmap of the semantic similarity matrix based on the GO terms and
the resulting clusters of terms. It is important to note that GO clus-
ters #2 and #6, as referenced in Table Sé, include a variety of biological

processes that do not share common functions. Consequently, due to

their varied nature, these clusters have been labeled “Miscellaneous”
and are not included in further analyses.

3.4 | Transcriptional network analysis reveals key
altered regulatory units in AD

We used reverse engineering of transcriptional networks to infer
groups of regulatory units controlled by transcription factors. This
method aimed to consolidate groups of altered genes into coherent
biological modules. The master regulator analysis identified the reg-
ulatory units of TFs that were most enriched with DEGs. Specifically,

we observed that 34, 92, and 41 regulatory units were statistically
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FIGURE 3 Gene Ontology (GO) semantic similarity network. GO biological process terms were clustered by semantic similarity and mapped
to a network, with cluster sizes represented as nodes and cluster similarity coefficients as edges.

altered inthe ADNI, GSE63063, and GSE97760 blood datasets, respec-
tively (Table S7 in supporting information). Notably, 61 regulatory units
were significantly enriched with DEGs across at least two of the three
datasets analyzed, and 12 were consistently altered across all datasets
(Figure 2B).

We performed gene set enrichment analyses that illustrate the
phenotypic associations (Cl vs. CU) of the top 10 altered regula-
tory units (Figure S2 in supporting information). Additionally, we
evaluated the GO functional enrichment for each of these top 10 reg-
ulatory units (Table S8 in supporting information) and visualized the
results in a network diagram shown in Figure 4. These results indi-
cate that most regulatory units are associated with altered biological
processes. However, the regulatory units for GATA1 and ZNF358,
for example, contained mixed element types and were predominantly
related to cellular component terms. Interestingly, the ZNF653 reg-
ulatory unit showed stronger connections with GO terms related to
energy metabolism and protein kinase activity. Of note, no signifi-
cant enrichment of GO terms was observed for the ZZZ3 regulatory

unit.

3.5 | Voxel-wise analysis identifies significant
associations between gene clusters and brain
metabolism in AD

Using the 16 GO clusters obtained from semantic similarity analysis,
we performed voxel-wise analysis to identify the topographical associ-
ations between [18F]FDG-PET metabolism and GO cluster enrichment
scores. Of the 16 GO clusters, the cluster involved in the regu-
lation of protein serine/threonine kinase activity showed the most
significant associations with brain metabolism (peak t value = 4.86,
P value < 0.001; Figure 5A). Furthermore, the association of this
cluster with brain metabolic signals was particularly prominent in
regions highly vulnerable to AD. Specifically, in the precuneus’ gray
matter, 59.25% of the voxels in the left hemisphere and 68.63% of
the right hemisphere showed significant associations; in the medial
frontal gyrus, 52.76% of left and 14.01% of right voxels; in the medial
frontal-orbital gyrus, 51.39% of left and 11.58% of right voxels; and
in the cingulate region, 46.60% of left and 18.46% of right voxels

demonstrated significant correlations (Figure 5B).
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FIGURE 4 Gene Ontology (GO) functional enrichment of regulatory units. The top 10 altered regulatory units were evaluated for GO
functional enrichment and mapped to a network, with node shapes representing different elements and with edges representing the gene overlap

between GO terms (Jaccard coefficient).

Similarly, we conducted voxel-wise linear regressions to investigate
the spatial associations between [18F]FDG-PET signals and the reg-
ulatory units enriched with DEGs. Among the 61 regulatory units,
ZNF653 was most closely associated with brain glucose metabolism
(peak t value = 3.90, P value < 0.001; Figure 5C). This association
was also most prominent in regions vulnerable to AD. For instance, in
the precuneus’ gray matter, significant associations were observed in
24.24% of the voxels in the left hemisphere and 39.51% of the right
voxels; in the medial frontal gyrus, 17.26% of left voxels; in the medial
frontal-orbital gyrus, 12.50% of left voxels; and in the precentral gyrus,
9.08% of left and 8.28% of right voxels showed significant correlations
(Figure 5D).

4 | DISCUSSION

In the present study, we identified novel biological features associ-
ated with [18F]FDG-PET changes in AD using a pipeline to integrate
omics with PET imaging data. More specifically, we observed omics-
derived modular associations with brain glucose metabolism in AD-
vulnerable regions, with the protein serine/threonine kinase activity-
related GO cluster and zinc-finger-related regulatory units being the

top hits.

The semantic similarity analysis of the GO biological processes
revealed clusters of terms altered in AD that are significantly asso-
ciated with [8F]FDG-PET imaging. The GO cluster most associated
with [18F]JFDG-PET metabolism represented serine/threonine protein
kinase activity. By adding phosphate groups quickly and dynamically,
kinases can coordinate and control complex cellular functions, such
as energy production, cell growth, and survival. It is known that pro-
tein kinases can lead to the spread of aberrant signaling in AD.#?->1
In this sense, kinases such as Akt, extracellular signal-regulated kinase
1 and 2 (ERK1/2), cAMP-dependent protein kinase (PKA), glycogen
synthase kinase-34 (GSK-3p), p70S6 kinase, and cyclin-dependent pro-
tein kinases 5 (Cdk5) were found with altered expression or activity
in AD.>2-55 The hyperactivation of these kinases can lead to abnormal
tau phosphorylation, amyloid production, apoptosis, and neuroinflam-
mation. For instance, an increase in GSK-34 activity was observed in
individuals with familial AD mutation of amyloid precursor protein
(Swedish751).5°

Applying a reverse engineering strategy, we identified 10 TFs and
their regulatory units potentially acting as master regulators and sig-
nificantly associated with cerebral glucose metabolism. Our findings
showed that brain [18F]JFDG-PET imaging associates with TFs related
to zinc-finger proteins. Specifically, 7 of the top 10 regulatory units

with the most association with [128F]FDG-PET are from the zinc-finger
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FIGURE 5 Fluorodeoxyglucose positron emission tomography ([18FIFDG-PET) voxel-wise correlations. Voxel-wise correlation between
[18F]FDG-PET and the enrichment score of the Gene Ontology (GO) cluster related to the regulation of protein serine/threonine kinase activity
(top) and the regulatory unit ZNF653 (bottom). A, C, T-statistical map from the generalized linear regression model. B, D, Top 20 brain regions with
more statistically correlated voxels in the gray matter. For the cluster-to-PET integration, peak-t(y,3) = 4.86, P value < 0.001 (right insula). For the
ZNF653-to-PET integration, peak-t(5,3) = 3.90, P value < 0.001 (left medial frontal gyrus). value = 2.0, degrees of freedom = 223, P value = 0.05.
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family. The zinc-finger units regulate gene expression at the tran-
scriptional and translational levels and are highly expressed in the
brain.”® It has already been demonstrated that zinc-finger genes are
associated with pathophysiological changes in AD and regulate the
upstream expression of genes related to hyperphosphorylation of tau
in AD.>” This could possibly explain the positive association when
integrating [*8F]FDG-PET and zinc-finger-related regulatory units
enriched with DEGs.

We found no shared GO between the cluster representing ser-
ine/threonine protein kinase activity and the top 10 enriched regula-
tory units. However, the brain regions that showed significant correla-
tions with zinc-finger genes are included in the regions that correlate
with the serine/threonine protein kinase activity cluster. This supports
the complexity of AD’s effects on brain glucose metabolism, suggest-
ing that multiple pathophysiological features are acting independently.
Interestingly, the zinc-finger ZNF653 has 52 predicted phosphory-
lation sites, 9 confirmed in humans, and 5 serine/threonine.58-60
This way, one could argue that the serine/threonine kinase may be
modulating the activity of these TFs. However, while the ZNF653 phos-
phorylation may be associated with serine/threonine activity, further
studies are required to establish a direct link between these phos-
phorylation events and the regulatory activity of this transcription
factor.

A biological definition of AD has recently been proposed solely
based on biomarkers.®® Although it reflects fundamental advances
in the development of neuroimaging and fluid biomarkers in AD
research, a significant limitation of implementing this framework in
clinical practices is the low predictive accuracy of this system.®?
For instance, many amyloid beta (AB)- and tau-positive CU individ-
uals remain cognitively stable for their entire lifetime,®2 suggesting
that pathophysiological processes beyond AS and tau pathologies
must be considered.®® Therefore, it is crucial to enhance our com-
prehension of the biological features linked to biomarker changes
to advance the field. Here, we detected significant biological path-
way abnormalities in AD patients, which has the potential to provide
insights into AD pathophysiology. Of note, the integration method pro-
posed here is a novel tool that can be applied using multiple PET
imaging tracers (e.g., AB PET, tau PET, TSPO PET, and others) and
adapted in the context of different neurological diseases and omics
modalities.

One should note that metabolic disorders and other neurodegen-
erative conditions may impact [18F]FDG-PET brain metabolism.t4-¢¢
Thus, omics-derived data and brain [18F]FDG-PET integration in other
diseases could unveil whether these biological modules are universally
associated with brain metabolic changes or whether disease-specific
modules exist. Nevertheless, while our study encompassed nine differ-
ent transcriptomics databases (n = 1170), it is important to note that
only one imaging database was used, thereby limiting the breadth of
our analysis. Consequently, we acknowledge the necessity of experi-
mental validation of our findings concerning metabolic brain changes
in AD.

To conclude, we developed a strategy to integrate modular struc-

tures obtained from omics data with PET imaging. We found that a

GO cluster related to serine/threonine kinase activity and the regu-
latory unit related to zinc-finger proteins are highly associated with
[*8F]FDG-PET in AD. These findings could lead to improved biological
interpretation of [\8F]FDG-PET imaging and aid in the identification of
new biomarkers or therapeutic targets for AD.
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