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Abstract

INTRODUCTION: Recent studies suggest that the brain undergoes anatomical and

functional restructuring, resulting in neurometabolic and vascular dysregulation

(MVD) prior to amyloid beta accumulation, which begins at an early age and leads to

the onset of Alzheimer’s disease (AD).

METHODS: Using a retrospective clinical population (n = 403) from the Alzheimer’s

Disease Neuroimaging Initiative, cerebral perfusion and metabolism changes across

59 brain regions were evaluated from clinical studies. Results were verified by

transcriptomic signatures and clinical cognitive assessments.

RESULTS: Our findings suggest that disease progression follows a stage-dependent

MVD pattern that can identify at-risk regions. Although each region progresses at a

different pace, regions related to memory, cognition, and motor function showed sig-

nificant early dysregulation. Importantly, these changes aligned with transcriptomic

and cognitive signatures.

DISCUSSION: This study underscores that MVD in brain regions varies by sex and

disease stage, making it a sensitive tool for early AD diagnosis. This approach could

improve patient monitoring, stratification, and therapeutic testing.
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Highlights

∙ The potential of metabolic and vascular dysfunction as an early biomarker was

assessed.

∙ An analytical method to assess dysregulation via imaging was developed.

∙ Ananalytical and graphicalmethod to visualize the changes across disease spectrum

was developed.
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∙ Brain regions progress at different rates across Alzheimer’s disease progression.

∙ Results were alignedwith transcriptomics and cognitive signatures.

1 BACKGROUND

Alzheimer’s disease (AD) and related dementias (ADRD) is the fifth

leading causeof death in theUnitedStates and themost commoncause

of dementia, characterized by gradual neurodegeneration and cogni-

tive function decline.1 Currently, clinical biomarker and neurological

assessments are performed only after neurodegeneration has reached

an irreversible state.1 This temporal gap between symptom onset and

clinical diagnosis highlights the need for early and accurate assess-

ment of neurodegenerative disorders. Efforts to improve diagnostic

methods using medical imaging aim to predict disease onset by detect-

ing early functional and structural changes before significant amyloid

beta (Aβ) or tau accumulation, which begins 20 to 30 years prior to

symptoms.1,2 Historically, AD diagnosis via imaging has focused on

late-stage, single modality, and structural or functional changes, which

lack sensitivity and specificity during neurodegeneration.2,3 Conse-

quently, this leads to compromised treatment planning and ineffective

therapeutic responses.2,3

The brain is the most metabolically active organ in the body,

consuming ≈ 20% of the body’s total energy at rest (i.e., 260–320

calories) per day.4 However, the brain has a limited metabolic buffer-

ing capacity5–9 and relies almost exclusively on a constant supply of

glucose and oxygen via blood flow, because it stores minimal (i.e.,

brain 3–10 µmol/g) amounts of glycogen compared to other organs

(i.e., liver 200–400 µmol/g).10–13 Although the brain can use alter-

native fuel sources (i.e., ketone bodies, lactate), these fuel sources

are only used during prolonged periods of starvation or specific

metabolic states.9,14–16 Therefore, the brain is dependent largely on

regional blood flow to support energetic demands, which accounts

for ≈ 15% to 20% of the total cardiac output of the heart under

resting conditions.4 These neurometabolic requirements must be met

via coordinated increases in regional blood flow to prevent energy

deficits,4 termed neurovascular coupling (NVC).4 Under pathophys-

iological states, NVC can become dysregulated,4 thus leading to

disease onset and progression.4,17 Until recently, the assessment of

NVC as an early and sensitive diagnostic of ADRD has largely been

overlooked.18

Several lines of evidence suggest that neurovascular dysregula-

tion begins at an early age, leading to AD onset.17–19 Moreover, the

metabolic reprogramming theory, a bioenergetic model of metabolic

regulation between neurons and astrocytes during aging, suggests

that metabolic dysregulation and bioenergetic deficits are critical ele-

ments in AD etiology.20 Additionally, recent preclinical studies suggest

that regional metabolic and vascular dysfunction (MVD) persist across

the disease spectrum21; however, few studies have explored these

combined measures clinically in AD.22 Hence, measuring the interde-

pendence of NVC and its dysregulation in an individual, compared to

population norms, could provide valuable insights into disease onset,

and how this progresses across the AD spectrum.

To this end, recent evidence suggests that cerebral metabolic and

perfusion alterations are associated with a gliosis in response to

metabolic insufficiency and oxidative stress,20 and driven by chronic

inflammation.23 Importantly, this leads to a feed-forward regulation

of this cascade, resulting in transcriptomic alteration in metabolic and

vascular gene ontology signatures,24 microglial activation,25 increased

neuronal oxidative stress,26 astrocytosis,27 and enhanced MVD.21,22

To maintain neurometabolic function during these periods, it has been

suggested that theneuronal glycolytic insufficiency is supplementedby

astroglia metabolism and shuttling of the substrates (i.e., lactate, pyru-

vate, ketones) via themonocarboxylate transporters (MCTs).4,27 Based

on this, our lab and others theorized that astrocyte signaling occurs

prior to cognitive impairments become evident.27,28

We hypothesize that AD progression follows a prescribed MVD

sequence that is initiated by neuroinflammation, resulting in an

increase in cerebral blood flow (CBF) to compensate for neu-

rometabolic insufficiency. Further, we also hypothesize that sus-

tained inflammation coupled with energy deficits leads to micro- and

astrogliosis to support MCTs’ mediated energy shuttle to neurons;

however, this occurs in excess of CBF, leading to a supply/demand

imbalance. Additionally, we hypothesize that this net energy imbal-

ance causes an increase in CBF to meet the brain’s heightened energy

demands driven by rising oxidative stress. Finally, we hypothesize

that during this quasi-stable metabolic state, neurometabolic demand

exceeds the brain’s functional reserve capacity, leading to neuronal

stress, cell death, and the hypo-metabolic and hypo-perfused phase

observed in late AD. Importantly, we believe this MVD sequence of

events provides a deeper understanding of brain activity during AD

progression (Figure 1A). Therefore, we tested the aforementioned

hypothesis in a retrospective clinical population across the AD spec-

trum and demonstrated that MVD analysis serves as a sensitive and

early non-invasive diagnostic tool to discriminate between AD stages.

2 METHODS

2.1 Dataset

Data used in the preparation of this article were obtained from

the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database

(adni.loni.usc.edu). 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 serial magnetic

resonance imaging (MRI), positron emission tomography (PET), other

biologicalmarkers, and clinical and neuropsychological assessment can
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RESEARCH in CONTEXT

1. Systematic review: The authors reviewed the literature

regarding neurovascular and metabolic dysregulation.

While multiple recent clinical and preclinical studies sug-

gest that neurovascular dysregulation occurs early in

life, and it may lead to Alzheimer’s disease (AD) onset

and progression, very few studies have evaluated these

combined measurements as an early diagnostic. These

relevant studies are appropriately cited.

2. Interpretation: This study provides a novel means to

evaluate neurovascular and metabolic dysregulation as

an early and sensitive imaging biomarker of AD. More-

over, our method can determine at-risk brain regions

across the disease spectrum. Results from our method-

ology were supported by transcriptomics signatures and

clinical cognitive assessments.

3. Future directions: Our study shows that neurovascular

andmetabolic dysregulation in brain regions varies by sex

and disease stage, making it a sensitive tool for early AD

diagnosis. Furthermore, it can be used to identify at-risk

brain regions, which could improve patient monitoring,

stratification, and therapeutic testing.

be combined to measure the progression of mild cognitive impairment

(MCI) and early AD.29

Specifically, we mined data from ADNI phases 2 and 3 for subjects

scanned with 18F-fluorodeoxyglucose PET (FDG); 3D T1-weighted,

fluid-attenuated inversion recovery (FLAIR); and arterial spin labeling

(ASL) MRI within 180 days. A total of 403 cases were obtained, and

split as follows: cognitively normal (CN) = 95, early MCI (EMCI) = 71,

MCI=112, lateMCI (LMCI)=42, andAD=83,where thedisease stage

classifications were obtained from the clinical assessments as part of

ADNI 2 and 3.Moreover, the EMCI and LMCI groupswere distinct, and

did not overlap with the MCI group (i.e., unique subjects in all groups).

Subjects ranged in age from 55 to 95 years, with a sex split of 55%

males and45% females. In addition, vitals data (i.e., age, height, weight),

apolipoprotein E (APOE) genotype, and clinical cognitive assessment

(CCA) results (Alzheimer’s Disease Assessment Scale, Clinical Demen-

tia Rating, Montreal Cognitive Assessment) for these subjects were

obtained. Additionally, genome-wide association study (GWAS) and

gene expression profiles were available for a subpopulation (N = 116:

CN= 77;MCI= 18; AD= 21) of these subjects.

2.2 Regional metabolic and vascular analysis

To evaluate regional glycolysis, glucose uptake was measured via FDG

as surrogate biomarker for glycolytic metabolism.30 FDG images were

acquiredand reconstructedaccording to standardizedprotocols devel-

oped by ADNI29 (Table S1 in supporting information). Regional perfu-

sion was assessed by ASL MRI using standardized ADNI protocols29

with optimized parameters (Table S2 in supporting information).

3D T1-weighted and FLAIR images combined with 2D pulsed ASL

(PASL) images fromADNI2/3 subjects, and 3D pseudo-continuous ASL

(pCASL) and 3D PASL images from ADNI3 subjects were processed

via ExploreASL31 yielding CBF32 maps. To permit direct comparison

in a common reference space (i.e., Montreal Neurological Institute

[MNI] + Harvard-Oxford Cortical + subcortical (RRID:SCR_001476)

+ FSL Probabilistic Cerebellar Atlases; MNI152+), all images were

co-registered using a 3D deformable registration developed in our

lab.33

Post-registration, mean intensities for 59 unilateral regions were

extracted for both FDGandCBF images ratioed towhole brain activity,

and converted to z scores relative to the reference population. Given

the spatial limitations of FDG PET, which ranges from 2 to 4.25 mm

(Table S1), no gray-mattermaskswere applied to the images; hence, the

analysis quantified both gray and white matter within a given region of

interest. To estimate the extent of neurovascular uncoupling, standard-

ized uptake value ratios (SUVRs) relative to the whole brain34 were

computed using:

SUVR (s, R) =
R (s)
WB (s)

where s, R, and WB denote the subject, mean value of the

region/volume of interest for subject s, and whole brain mean

value for subject s, respectively. For each regional SUVR, values were

converted to z scores relative to the reference population using:

z−score (s, R) =
SUVR (s, R) − 𝜇pop (R)

𝜎pop (R)

where s, R, 𝜇pop, and 𝜎pop denote subject, region/volume of interest,

mean SUVR of the reference population, and standard deviation of the

reference population, respectively.

Topermit tracking of individual regions across thedisease spectrum,

and to facilitate tracking of region trajectories, Cartesian coordinates

were transformed into polar coordinates to visualize the disease pro-

gression while retaining NVC state. The distance from the origin

indicates themagnitude of change and the angle determines the devia-

tion of the change (Figure 1C). Data were projected onto 2DCartesian

space, where the x axis represents the z scores derived from CBF

maps, and the y axis the z score derived from FDG (Figure 1B). The

transformation into polar coordinates is given by:

M (s, R) =
√
(ZP (s, R))

2 + (ZM (s, R))
2

𝜃 (s, R) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

tan−1
(
ZM
ZP

)
, ZP > 0 and ZM > 0

tan−1
(
ZM
ZP

)
+ 𝜋, ZP ⟨0 and ZM⟩0

tan−1
(
ZM
ZP

)
− 𝜋, ZP < 0 and ZM < 0

𝜋

2
, ZP = 0 and ZM > 0

− 𝜋

2
, ZP = 0 and ZM < 0

undefined, ZP = 0 and ZM = 0
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F IGURE 1 Neurovascular andmetabolic changes across the AD spectrum,MVD pattern, and polar coordinates representation. A, The normal
metabolic state continuum in healthy individuals is depicted by the black line. In contrast, themetabolic state across AD is represented by the
orange line, illustrating themetabolic alterations observed throughout the disease’s various phases, as proposed by themetabolic reprogramming
theory.20 The red line represents the progression of perfusion across the disease, demonstrating howmetabolism and perfusion become
dysregulated until they eventually fail. During the hypermetabolic phase of the disease, oxidative phosphorylation undergoes upregulation as a
compensatory response, leading to progressively oxidative damage. Furthermore, it is suggested that astrocytosis signaling precedes the onset of
cognitive decline.18,19 B, Neurovascular andmetabolic dysregulation were assessed by projecting the z score SUVR for each brain region onto
Cartesian space. The x axis represents the z score changes in cerebral perfusion derived fromCBFmaps, while the y axis represents the z score
change in glucose uptake derived from FDG. Brain regions toward the center of the plane are likely functioning at a normal level. A brain region is
considered coupled if both signals are in the same direction (Cartesian quadrants 1 and 3) and uncoupled if they are opposite (Cartesian quadrants
2 and 4).We hypothesize the existence of a regional disease pathway (MVD pattern) that maps the disease progression and can accurately discern
theMVD changes, which is: Type 1 Uncoupling→ Type 2 Uncoupling→ Prodromal→Neurometabolic-vascular Failure. C, Alternatively, Cartesian
space readouts can be transformed into polar coordinates to visualize disease progression while preserving theMVD state. The distance from the
origin represents themagnitude of the change, while the angle indicates the deviation of the change. AD, Alzheimer’s disease; ADRD, Alzheimer’s
disease and related dementias; CBF, cerebral blood flow; FDG, fluorodeoxyglucose; MCI, mild cognitive impairment; MVD, metabolic and vascular
dysregulation; SUVR, standardized uptake value ratio.
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where s, R, Zp, ZM, M, and 𝜃 denote the subject, the region/volume of

interest for subject s, the z score changes in CBF, the z score change in

glucose uptake, the magnitude of the change, and the direction of the

change in the polar space, respectively.

2.3 Transcriptomics analysis

2.3.1 Weighted gene co-expression network
analysis

Weighted gene co-expression network analysis (WGCNA)35 was con-

ducted to identify clusters of genes with similar expression pattern

using log-normalized gene expression data from blood samples of

ADNI participants. A default unsigned network type was used, with a

soft thresholding power of 6 to satisfy the scale-free topology criterion

in the pickSoftThreshold function.36 We set theminimummodules size

as 30, andmergedmodules whose correlation coefficients were> 0.75

(mergeCutHeight= 0.25). Each module was summarized by its module

eigengene (ME), the first principal component of the gene expression

profiles within a module. We also identified key genes (hub genes)

within modules that have a module membership (kME)> 0.75. Module

membership indicates the degree to which a gene is part of a module.

High module membership values mean a gene’s expression profile is

highly correlated with the module eigengene, suggesting that the gene

is a central or hub gene within that module. Additionally, we calculated

the Pearson correlation coefficient between the modules and various

participant characteristics, including sex, AD andMCI status, CBF, and

FDGmeasures. To visualize the relationships between gene expression

data and external traits, we used the ComplexHeatmap package in R.

2.3.2 Functional enrichment analysis

Functional annotations and enrichment analyses were performed

using the R Bioconductor package clusterProfiler,37 with Gene Ontol-

ogy (GO) term and Kyoto Encyclopedia of Genes and Genomes

(KEGG) pathway enrichment analyses performed using enrichGO and

enrichKEGG, respectively. The compareCluster function was used to

compare enriched functional categories of each gene module. The sig-

nificance threshold for all enrichment analyses was set to 0.05 using

Benjamini–Hochberg adjusted p values.

2.3.3 Enrichment of AD biological domains

Gene functional enrichment analyses are informative, but sometimes

it is unclear how the enriched terms relate to the biology of AD.

Cary et al.38 developed 19 biological domains that capture the AD-

associated endophenotypes and defined them using an exhaustive set

of GO terms, with the intent to keep each domain siloed in a bio-

logically coherent fashion. First, we performed Fisher exact tests to

determine the significance of the overlap between genes in each AD

biological domain and residentGO terms inWGCNAmodule gene sets.

The cnetplot function in the enrichplot package was used for visualiz-

ing gene-concept networks based on enrichment analysis results. We

also measured the log fold change values of genes for MCI and AD

cases compared to sex-matched controls, calculated using the lmFit

function from the limma package.39 Genes in each module exhibit dif-

ferent expression changes in the MCI male, MCI female, AD male, and

AD female patients compared to controls. Therefore, we performed

gene set enrichment analysis (GSEA)40 using the same genes sorted in

descending order based on log fold change values as input within mod-

ules, separately for MCI male, MCI female, AD male, and AD female

participants. GSEA was performed using the gseGO function from the

clusterProfiler R package37 and the results were then categorized into

biological domains and sub-domains based on the GO ID of enriched

terms. The displayed results include the normalized enrichment score

(NES) as well as the Benjamini–Hochberg corrected p value (p adj) for

GO terms annotated to each biological domain.

2.4 Statistical analysis

Statistical analysis of at-risk regions was evaluated using a Student t

test (p<0.05),withoutBonferroni correctionas regional independence

was maintained (i.e., region “x” vs. region “x” between experimental

stage and the reference stage),41,42 in which neurometabolic–vascular

uncoupling phenotype was determined by the Cartesian location of

glycolytic metabolism and CBF z scores per our previous work.21 Sig-

nificant regions were then projected onto MNI152+ object maps to

provide spatial localization, where the sign of the z score was applied

to the p value to indicate directionality of change (i.e., 0 < z increasing,

z < 0 decreasing). In addition, the correlation between CBF and FDG

SUVR values of the brain regions, and CCA were aligned to evaluate

their relationship across the disease spectrum, and the Student t test

(p< 0.05) used to determine their significance.

3 RESULTS

The study population (N= 403) was on average 73.56± 7.40 years old.

Most of the study population was composed of APOE ε3 homozygotes

(ε3/ε3; 48.64%) and overweight (46.65%; body mass index between 25

and 30) individuals (for detailed demographic stats, see Table S3 in sup-

porting information). Registration quality assurancewas performed for

all images by a team of experts to ensure proper alignment and scan

coverage. Image alignment qualitywasmeasured via structural similar-

ity index measure43 across all modalities, which was 0.9143 ± 0.0288

(N= 403, n= 403 subjects × 4modalities= 1612).

3.1 Metabolic and perfusion analysis

Our lab has developed a framework to assess MVD,21 by project-

ing CBF and FDG z score readouts onto a Cartesian space, in
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which regional measures fall into one of four different phenotypes

(Figure 1B):

∙ Type 1 uncoupling (T1U), in Cartesian quadrant 4 (↓FDG,↑CBF),

shows a pathophysiologic phenotype with an increase in perfusion

and decrease in metabolism. This decrease in metabolism is driven

by neuroinflammatory mediators, while the increase in perfusion is

driven by reactive hyperemia to offset the energy deficit.23,44,45

∙ Type 2 uncoupling (T2U), in Cartesian quadrant 2 (↑FDG,↓CBF),

shows a pathophysiologic phenotype with a decrease in perfusion

and increasing metabolism. In this phenotype, chronic neuroinflam-

mation results in vascular dysregulation, while brain metabolism

increases are driven by activation of glial cells (i.e., microglia and

astrocytes).25,45

∙ Prodromal coupling (PC), in Cartesian quadrant 1 (↑FDG,↑CBF),

shows a phenotype in which both perfusion and metabolism are

increasing, driven by microgliosis in response to accumulation of

amyloid plaques and tau tangles,46,47 astrogliosis in response to

increasing neuronal metabolic demand,27 and vascular proliferation

driven by angiogenic mediators.48

∙ Neurometabolic–vascular failure (NMVF), in Cartesian quad-

rant 3 (↓FDG,↓CBF), shows both perfusion and metabolism are

decreasing due to regional insufficiency resulting in sustained

damage.20,44

Using this framework, which avoids the limitations of traditional

generalized linear modeling,21 assessed regional metabolism and per-

fusion changes in a retrospective population to determine stage-

dependent changes in EMCI, MCI, LMCI, and AD subjects relative to

theCN.Consistentwithouroverarchinghypothesis, eachdisease stage

showed different magnitudes in perfusion and metabolism alterations,

which were sexually dimorphic (Figure 2). For EMCI (Figure 2A), brain

regions of both sexes showed alterations in perfusion and metabolism

within one standard deviation relative to the CN group. Male sub-

jects showed significant changes in 21 out of 59 regions (Figure 2E),

20 of which were either T1U (13) or T2U (7) uncoupled. In contrast,

female subjects showed significant changes in 15 out of 59 regions

(Figure 2A), 14 of which were T1U (2) or T2U (12) uncoupled. Unlike

EMCI, theMCI group (Figure 2B) for both sexes showed a more exten-

sive spreadof brain regions across the perfusion axis, concomitantwith

an increase in metabolism, resulting in a larger number of regions in

quadrant 2, which retained T2U uncoupling. The number of significant

regions in MCI (Figure 2F) was greater than in EMCI for both sexes

(M = 29/59, F = 30/59), with a large increase in the number of sig-

nificant regions in T2U (M = 15/59, F = 13/59). Consistent with our

hypothesis, brain regions for both sexes of the LMCI group (Figure 2C)

showed a shift from uncoupled to coupled, in which these regions

retained either PC or NMVF phenotypes. For males, the number of

significant regions (Figure 2G) was reduced from 29 to 14, compared

to the MCI group. Similarly, females exhibited decrease in the num-

ber of significant regions from 30 to 6, compared to the same group.

Last, for theADgroup (Figure 2D), brain regions for both sexes showed

a predominant NMVF phenotype. Both males and females showed an

increase in the number of regions (Figure 2H) that reflect a signifi-

cant change relative to CN (M = 26/59, F = 19/59), and a total of

10 brain regions (in both cases) were in the NMVF quadrant. Brain

regions names and indices can be found in Table S4 in supporting

information.

To understand which regions remain significant across disease

stages, we followed regional progression in both sexes. Among the

59 unilateral regions, the cingulate gyrus, inferior temporal gyrus, lat-

eral occipital cortex, mid-frontal gyrus, mid-temporal gyrus, occipital

pole, precentral gyrus, and precuneus cortex all showed consistently

significant disease progression (Figure 2E–H). By contrast, the cerebel-

lum, frontal pole, frontal medial cortex, pallidum, and superior parietal

lobe significantly change only during the first stages of the disease

(EMCI/MCI; Figure 2E–H). It is worth noting that the hippocampus,

frontal operculum cortex, and superior frontal gyrus do not change

significantly until late in the disease (LMCI/AD). To illustrate these

changes, significant regions were projected into theMNI152+ for spa-

tial localization across all disease stages, by thresholding regions at the

p< 0.05 level (Figure S1 in supporting information).

3.2 Inter-stage neurovascular–metabolic
uncoupling analysis

To better understand the regional sequence of events in MVD across

ADRD stages, we extended our analysis by comparing each stage to its

preceding stage to determine the inter-stage changes (e.g., EMCI[CN],

MCI[EMCI], LMCI[MCI], AD[LMCI]). During early stages of the disease,

EMCI relative to CN (Figure S2A in supporting information) showed

21 and 15 significant brain regions for male and females, respec-

tively, which were dominated by T1U. Comparing MCI subjects to

EMCI (Figure S2B), both male and female brain regions demonstrated

increased dispersion for both perfusion andmetabolism. Because indi-

vidual brain regions exhibit unique responses, these data suggest

that regional demands may drive distinct pathophysiology by neu-

roinflammation, oxidative stress, and astrocyte activation to maintain

baseline function. In the transition from MCI to LMCI (Figure S2C),

we observe a pronounced increase in CBF. However, there was no

significant alteration inmetabolism over this same interval. These find-

ings support the hypothesis that during this phase, the brain enters

a quasi-stable metabolic state by increasing the CBF through NVC

mechanisms to support the heightened metabolic demand resulting

from the energetic imbalance. Finally, comparing AD subjects to LMCI

(Figure S2D), several brain regions displayed characteristics consis-

tent with the NMVF phenotype, consistent with neurodegenerative

process triggered by the prolonged elevated energetic demands of

the quasi-stable metabolic phase in excess of the functional capac-

ity. These observations suggest that the brain undergoes sequential

vascular and perfusion changes in an effort to balance bioener-

getic demands across different disease stages, consistent with our

hypotheses.
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F IGURE 2 Assessment of neurovascular coupling and uncoupling of EMCI, MCI, LMCI, and AD relative to CN. Using theMVD framework,
each disease stage exhibited distinct alterations in perfusion andmetabolism, which were also sexually dimorphic. A, For EMCI, brain regions in
male and female subjects showed alterations within one standard deviation of the CN group in both perfusion andmetabolism. B, ForMCI, both
sexes exhibited amore extensive spread of brain regions across the perfusion axis, accompanied by an increase inmetabolism. This resulted in a
larger number of regions in quadrant 2, which retained T2U uncoupling. C, For LMCI, brain regions in both sexes showed a shift from uncoupled to
coupledmetabolism. These regions retained either PC or NMVF phenotypes. D, For AD, brain regions in both sexes predominantly exhibited the
NMVF phenotype. Significant changes were determined using a Student t test (p< 0.05). E, For EMCI, males showed significant changes in 21 out
of 59 regions and 20 of these regions were either T1U (13) or T2U (7) uncoupled. In contrast, females showed significant changes in 15 out of 59
regions, where 14 of these regions were T1U (2) or T2U (12) uncoupled. F, ForMCI, the number of significant regions was greater than the number
of significant regions observed for EMCI for both sexes (M= 29/59, F= 30/59), with a large increase in the number of significant regions in T2U
(M= 15, F= 13). G, For LMCI, the number of significant regions was reduced from 29 to 14 inmales, and from 30 to 6 for females, compared to
MCI. H, For AD, bothmales and females showed an increase in the number of regions that reflect a significant change relative to CN (M= 26/59,
F= 19/59), and a total of 10 brain regions (in both cases) were in theNMVF quadrant. AD, Alzheimer’s disease; CN, cognitively normal; EMCI, early
mild cognitive impairment; LMCI, late mild cognitive impairment; MCI, mild cognitive impairment; MVD, metabolic and vascular dysregulation;
NMVF, neurometabolic–vascular failure; PC, prodromal coupling; T1U, type 1 uncoupling; T2U, type 2 uncoupling.

3.3 Uncoupling migration charts

To track disease progression across stage, MVD type, and region,

we transformed Cartesian plots into polar coordinate space to facili-

tate visualization. Uncoupling Migration Charts (UMC) permit direct

assessment of disease events in the brain from the MVD perspective.

The intervals [–90◦, 0◦), [90◦, 180◦), [0◦, 90◦) and [–180◦, –90◦) map

to the T1U, T2U, PC, and NMVF phenotypes, respectively. The cir-

cle’s diameter represents the changes in magnitude, in which a larger

circle indicates a greater deviation from the reference group. UMC

plots for the key brain regions across all disease stages relative to CN

are shown in Figure 3 (for the complete plots, see Figures S3–S8 in

supporting information). Regions associated with the mid and inferior

temporal gyrus begin as T1U for EMCI subjects, and progress to T2U

for MCI; however, by LMCI, these regions have already reached the

NMVF phenotype, while in AD, themagnitude of the change increases.

Notably, female subjects reach the NMVF phenotype faster for these

regions, where the occipital pole and the planum polare follow a sim-

ilar trajectory: T1U in EMCI, T2U in MCI, PC in LMCI, and NMVF in

AD. Importantly, this progression occurs at different angles and mag-

nitudes, illustrating that each brain regional trajectory is unique. In

contrast, certain regions (e.g., insular cortex, frontal orbital cortex, infe-

rior frontal gyrus) exhibit minimal to no alterations in magnitude or

angle across the disease spectrum.

3.4 Inter-stage uncoupling migration charts

To understand the sequential progression by stage for these regions,

UMC data derived from each disease stage relative to the previous

stage are presented in Figure 4 (for the complete plots, see Figures S5

and S8). Compared to the previous stage, regional MVD phenotypes

across the disease spectrum were unique, with each region progress-

ing at different rates andmagnitudes. For instance, the temporal gyrus

regions still follow the trajectory described compared to the CN pop-

ulation; however, the effect is more pronounced. Additionally, females

consistently experience the sequential phases at faster rates,which can

be seen in the magnitude of the changes. Notably, the aforementioned



8 of 16 CHONGCHIE ET AL.

F IGURE 3 Uncouplingmigration chart of the important brain regions for each disease stage relative to CN. The uncouplingmigration charts
show how the brain regions traverse between the uncoupled and coupled phases across disease progression. Changes weremeasured relative to
CN. The intervals [–90◦, 0◦), [90◦, 180◦), [0◦, 90◦) and [–180◦, –90◦) map directly to the T1U, T2U, PC, andNMVF phenotypes, respectively. The
circle’s diameter represents the change’s magnitude, where a larger circle indicates a greater deviation from the reference group. Notably, females
reach the NMVF phenotype faster thanmales; however, this progression occurs at different angles andmagnitudes, suggesting that each brain
regional trajectory is unique. Brain regions names and indices can be found in Table S4 in supporting information. AD, Alzheimer’s disease; CN,
cognitively normal; MCI, mild cognitive impairment; NMVF, neurometabolic–vascular failure; PC, prodromal coupling; T1U, type 1 uncoupling;
T2U, type 2 uncoupling.
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F IGURE 4 Uncouplingmigration chart of the important brain regions for each disease stage relative to the previous disease stage. For this
uncoupling migration chart, changes weremeasured relative to the previous stage to understand the sequential inter-stage changes. The intervals
[–90◦, 0◦), [90◦, 180◦), [0◦, 90◦), and [–180◦, –90◦) map directly to the T1U, T2U, PC, and NMVF phenotypes, respectively. The circle’s diameter
represents the change’s magnitude, where a larger circle indicates a greater deviation from the reference group. Comparing these plots against the
plots relative to CN, significant regions exhibit differentMVD phenotypes across the disease spectrum.Moreover, this comparison highlights the
varying rates and degrees of effect between each region. Similarly to CN, for AD, the significant regions reach the NMVF phenotype in both sexes.
Brain regions names and indices can be found in Table S4 in supporting information. AD, Alzheimer’s disease; CN, cognitively normal; MCI, mild
cognitive impairment; MVD, metabolic and vascular dysregulation; NMVF, neurometabolic–vascular failure; PC, prodromal coupling; T1U, type 1
uncoupling; T2U, type 2 uncoupling.
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regions, which are associatedwith cognition, memory, and recognition,

still reach an NMVF phenotype during AD. However, when perform-

ing sequential analysis (i.e., compared with the previous stage), regions

such as the insular cortex, frontal orbital cortex, and inferior frontal

gyrus exhibitedminimal change relative to the previous stage.

3.5 Transcriptomic analysis

Analysis of WGCNA36 from blood transcriptome identified gene

expression changes in a system-level framework, and identified 28

distinct modules of co-expressed genes (Table S5 in supporting infor-

mation). To elucidate the functional significance of these modules, we

correlated each module eigengene with the average z scores of CBF

and FDG imaging data, aswell as sex and disease stage (MCI/AD) of the

subjects (Figure S9 in supporting information).

We identified two modules significantly associated with CBF

(p < 0.01; red, gray60) and one module significantly associated with

FDG (p < 0.05; brown4). We also observed that CBF-associated

red module and FDG-associated brown4 module were significantly

correlated (p < 0.05) with AD disease stage (Figure 5A). KEGG

pathway enrichment analysis identified enrichment of the “porphyrin

metabolism” pathway in the red module; multiple disease associated

pathways in the skyblue3 module; and “beta-alanine metabolism,”

“osteoclast differentiation,” and “toll-receptor signaling pathway” in

the brown4module (Figure 5B andTable S6 in supporting information).

We further assessed the enrichment of AD biological domains38

within gene modules, and found that GO terms associated with

immune response, lipid and mitochondrial metabolism, oxidative

stress, synapse, and vasculature biological domains were significantly

enriched in CBF-driven red modules (p < 0.05; Figure 5C,D and Tables

S7,S8 in supporting information). Next, we examined the changes

in gene expression within the red module in male and female MCI

and AD patients compared to sex-matched controls. We identified

several genes showing distinct expression changes in MCI and AD

patients, as well as genes with opposite expression changes in males

and females (such as SLC14A1, PLEK2, and SLC6A9; Figure 5E, Table

S9 in supporting information). Further, we ranked red module genes

based on log fold change values calculated for each disease state and

sex, and GSEA was performed. The GSEA revealed downregulation of

multiple GO terms related to immune response, lipid and mitochon-

drial metabolism, oxidative stress, synapse, and vasculature biological

domains in femaleMCI, alongwith female andmale AD, patients. How-

ever, these same biological processes were upregulated in MCI male

patients (Figure 5F and Table S10 in supporting information).

Next, we investigated genes in the FDG-associated with brown4

module. We observed that these genes were prominently enriched

for GO terms associated with immune response biological domain,

such as “inflammatory response” and “microglial cell activation,” lipid

metabolism biological domain, including “fatty acid omega-oxidation,”

synapse, and vasculature biological domains (p < 0.05; Figure 6A,B

and Tables S7,S8). We identified several genes showing similar expres-

sion changes in the MCI and AD patients, such as SORL1, FCGR2A,

and CDK19, as well as opposite gene expression changes in MCI and

AD patients, such as STX3 and SULT1B1 (Figure 5C and Table S9). The

GSEA on these brown4 module genes revealed upregulation of mul-

tiple GO terms associated with immune response biological domain,

such as “adaptive immune response” and “cytokine production,” pro-

teostasis, and synapse biological domains in both MCI and AD cases

(Figure 6D and Table S11 in supporting information).

Last, we investigated genes in the CBF-associated skyblue3 mod-

ule. We observed that these genes were prominently enriched for GO

terms associated with immune response biological domain, such as

“innate immune response,” “interleukin-27-mediated signaling path-

way,” and “immune system process” (p < 0.05; Figure 6E,F and Tables

S7,S8). We also identified several genes showing distinct expression

changes in theMCIandADpatients (Figure6GandTableS9). TheGSEA

on the skyblue3 module genes also revealed upregulation of multi-

ple GO terms associated with the immune response biological domain,

such as “activation of innate immune response” and “cytokine produc-

tion” in bothMCI and AD cases (Figure 6H and Table S12 in supporting

information).

3.6 Relationship with CCA

To align the MVD analysis of FDG and CBF SUVRs with CCA, we

performed covariate analysis between brain regions and CCA test

components for males and females (Figures S10 and S11 in support-

ing information). To identify significant relationships, we performed

Student t tests (p < 0.05) to identify slopes which were significantly

different from zero. As anticipated, the bulk of the relationships

were significant across both sexes for nearly all measures. For CBF

SUVRs, correlation values ranged from [–0.33, 0.36] for males (Figure

S10A) and [–0.27, 0.36] for females (Figure S11A), with means of

0.0082 ± 0.0998 and 0.0201 ± 0.0917, respectively, which suggests

a limited connection between CBF changes and CCA scores. Compar-

atively, for FDG SUVRs, the values ranged from [–0.5, 0.4] for males

with amean of –0.0551± 0.1528 (Figure S10B) and from [–0.6, 0.4] for

femaleswith amean of –0.0484±0.1594 (Figure S11B). Despite larger

intervals, these correlations still indicate a weak association over-

all. Importantly, the data suggest that CCA may not have the fidelity

to capture the metabolic and perfusion changes associated with dis-

ease progression. Moreover, these data indicate that the broad test

categories used in the individual CCAs might hinder accurate stag-

ing, because tests may struggle to differentiate between high and low

metabolic/perfusion phases. Notably, regions showing positive, or neg-

ative, correlations do so consistently across all tests’ sections (Figures

S10,S11).

4 DISCUSSION

Our study confirmed that regional disease pathways map to

MVD changes across AD progression. The disease pathways and

MVD patterns observed revealed the following: (1) in the early
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F IGURE 5 Transcriptomics analysis. A,WGCNA genemodules associated with average z scores of CBF and FDG imaging data. The red gene
module was associated with CBF (p< 0.01) and AD status (p< 0.05), while the skyblue3module was primarily associated with CBF (p< 0.1) and
AD (p< 0.05), and the brown4module was associated with FDG (p< 0.05) and AD status (p< 0.05). B, Enriched KEGG pathways (adjusted p< 0.1)
in the red, brown4, and skyblue3module gene sets. C, AD-related biological domain and resident GO terms enrichment analysis in the CBF driven
redmodule gene set using Fisher exact test, with the top six enriched GO termswithin each enriched bidomain. D, Network of hub genes in each
enriched biological domain and the redmodule. E, Heatmap displaying the log fold change values of hub genes across theMCI and AD cases
compared to sex-matched control cases. F, Enriched GO terms categorized by AD biological domains in the redmodule gene sets forMCImale,
MCI female, ADmale, and AD female cases. AD, Alzheimer’s disease; CBF, cerebral blood flow; FDG, fluorodeoxyglucose; GO, GeneOntology;
KEGG, Kyoto Encyclopedia of Genes and Genomes;MCI, mild cognitive impairment;WGCNA, weighted gene co-expression network analysis.

disease stage (CN⟶EMCI; Figure 2A,E), there is an increase in

perfusion (T1U) due to neuroinflammation and gliosis (Figures 5C,F

and 6D,E,H), which aligns with previous studies seen in mice.21,23,44,45

As the disease progresses into MCI (Figure 2B,F), there is an increase

in metabolism resultant from astrocytosis and energy shuttling

to neurons which are impaired by significant oxidative stress

(Figures 5C,F and 6D,E,H; T2U). These results are consistent with

previous reports that show chronic neuroinflammation results in

vascular andmetabolism dysregulation driven by activation of glial cell

activation (i.e., microglia and astrocytes).25,45 As more severe clinical

symptoms appear (MCI⟶LMCI/AD; Figure 2C,G), perfusion and

metabolism increase to accommodate the increased regional demand;
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F IGURE 6 Brown4 and Skyblue3modules. A, AD-related biological domain and resident GO terms enrichment analysis in the FDG-driven
brown4module gene set using Fisher exact test, with the top six enriched GO termswithin each enriched bidomain. B, Network of hub genes in
each enriched biological domain and the brown4module. C, Heatmap displaying the log fold change values of hub genes in the brown4module
across theMCI and AD cases compared to sex-matched control cases. D, Enriched GO terms categorized by AD biological domains in the brown4
module gene sets forMCImale, MCI female, ADmale, and AD female cases. E, AD-related biological domain and resident GO terms enrichment
analysis in the FDG-driven brown4module gene set using Fisher exact test, with the top six enriched GO termswithin each enriched bidomain. F,
Network of hub genes in each enriched biological domain and the brown4module. G, Heatmap displaying the log fold change values of hub genes
in the brown4module across theMCI and AD cases compared to sex-matched control cases. H, Enriched GO terms categorized by AD biological
domains in the brown4module gene sets forMCImale, MCI female, ADmale, and AD female cases. AD, Alzheimer’s disease; FDG,
fluorodeoxyglucose; GO, GeneOntology;MCI, mild cognitive impairment.
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however, this increase in supply by astrocyte/neuron metabolic shut-

tling (Figures 5C,F and 6A,E) and increases in perfusion are finite,5–9

thus eroding the reserve capacity of the brain during the upregulation

of neurons (PC). Previous reports have reported a microgliosis in

response to accumulation of amyloid plaques and tau tangles,46,47 and

astrogliosis in response to increasing neuronal metabolic demand27

consistent with our findings (Figures 5C,F and 6E,H), while vascular

proliferation is reported to be driven by angiogenicmediators,48 which

was also observed in the current work (Figures 5C,F and 6A,E). As

demand exceeds reserve capacity to support brain function, during

the latter stage of disease (AD; Figure 2D,H), both metabolism and

perfusion begin to fail, as the brain can only maintain the quasi-stable

metabolic state for a limited time before the neurodegenerative

damage becomes irreversible, due to cerebral metabolic and perfu-

sion insufficiency (NMVF). These data are consistent with previous

reports which show both perfusion and metabolism are decreasing

due to regional insufficiency resulting in sustained damage.20,44

Moreover, this is consistent with our previous findings in rodent

models of AD21,49 and suggests that the regional MVD pattern

(i.e. T1U⟶T2U⟶PC⟶NMVF) is generalizable across species.

Moreover, our findings emphasize the delicate coordination among

vascular, metabolic, and inflammatory processes across the disease

spectrum, and reinforces the notion that a compensatory upregulation

of perfusion and metabolism occurs in the early to mid-stages of

AD;18 however, the precise inflection points vary by brain regions and

individuals (Figures 3 and 4). Furthermore, our findings demonstrate

that perfusion and metabolism eventually fail, are consistent with

the “metabolic reprogramming theory”20 and the “energy failure

hypothesis,”44 which suggests that prolonged metabolic stress and

neuroinflammation ultimately overwhelm the brain’s reserve capacity

and cause restructuring of the brain networks in ADRD.

In addition, UMC analysis revealed that regions associated with

memory, cognition, and motor functions exhibited different progres-

sion rates relative to CN, with early stages (EMCI/MCI) showing

both T1U and T2U phenotypes, while late stages (LMCI/AD) exhib-

ited PC and NMVF phenotypes. These findings align with prior

findings that glial cells are activated to compensate for increased

energetic demand,47 triggering metabolic reprogramming to support

neuronal function under stress. Moreover, our data indicate that

chronic neuroinflammation often precedes, and contributes to, vas-

cular dysregulation,45 and are consistent with our previous reports

in mouse models of AD.21,49 Importantly, the upregulation of neu-

rons under oxidative stress and CBF insufficiency further compounds

cerebral hypoxia, which has been linked to the accumulation of

amyloid plaque and tau tangles as metabolic demand and vascular

proliferation.26,46 Taken together, our findings reinforce the multifac-

torial nature of AD, illustrating howmetabolic, vascular, and inflamma-

tory processes converge to drive neuronal death and clinical symptom

progression.

Importantly,UMCanalysis revealed that brain regions followaMVD

trajectory across the disease spectrum; however, brain regions follow

different trajectories and unique rates (Figures 3 and 4). By contrast,

some regions show little to no change in their trajectory angles and/or

magnitudes. These results suggest that brain regions undergo struc-

tural and/or functional alterations that result in the reordering of the

brain networks as a compensatory response to sustain the energetic

load. The importance of the hippocampus, temporal gyrus, and amyg-

dala in memory and learning, and the fact that these regions are the

first to show both AD-related changes and significant neurovascu-

lar uncoupling, suggests that this diagnostic approach detects MVD

at earlier stages than previous reports of single modality analyses.2,3

In addition, our study revealed significant sex and disease stage–

dependent MVD in key brain regions, consistent with our previous

work in AD mice,21 and suggested that trajectories for each brain

region can be used as a unique signature to determine at-risk regions

during disease progression.

Transcriptomics revealed changes in immune response, lipid and

mitochondrial metabolism, oxidate stress, synapses, and vasculature

biological domains for significant modules (Figures 5 and 6). For exam-

ple, GO terms associated with inflammatory response, microglial cell

activation, fatty acid omega oxidation, cytokine production, proteosta-

sis, and activation of innate immune responses showed prominent

enrichment. This result aligns with themetabolic restructuring, energy

deficits, and NVC dysregulation theories supporting that astrocytes

play a role in disease progression by increasing energy production

and supplying nutrients to neurons under stress conditions; however,

this cannot be supported indefinitely.20,21,25,27,38,44 This aligns with

our MVD results, which suggest that the brain undergoes a hyper-

metabolic phase in the early stages (EMCI/MCI) and then falls into

a hypometabolic phase in the late stages (LMCI/AD; Figure 2A–D).

Moreover, some genes showed similar expression changes (i.e., SORL1,

FCGR2A, and CDK19); in contrast, others revealed opposite expression

changes (i.e., STX3, SULT1B1), which indicates alterations in the regula-

tion of the different genes influencing metabolism, signaling (i.e., cell

stress, inflammatory), and vasculature restructuring. GSEA revealed

downregulation for both sexes in AD but only for MCI females, while

it was upregulated forMCImales (Figure 5F). This alignswith ourMVD

analysis results (Figure 2), which show that females progress faster

through the disease spectrum.

Since CCA primarily focuses on memory, motor tasks, and recogni-

tion, the reliability of these measures for predicting disease outcomes

may be biased.50 Our findings demonstrate that the regions tar-

geted by these tests exhibit accelerated progression through theMVD

pattern (Figures 3 and 4), which suggests that brain connectivity net-

works between at-risk regions undergo alterations across the AD

spectrum. To elucidate the MVD changes with clinical cognitive tests,

correlation studies conducted between estimates of metabolism, per-

fusion, and CCA demonstrated weak associations, suggesting limited

predictability and non-linear associations betweenmeasures. Further-

more, our data indicate that CCA alone may not have the fidelity

to stratify the subjects into finer disease stages, and that relying

solely on CCA evaluations may overlook the subtle pathophysiologi-

cal changes.51 Consequently, we propose that imaging biomarkers can

be used to complement CCA for a more robust and accurate stratifica-

tion of the disease stages, leading to a deeper insight into the disease

etiology.
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As with any research, this study has considerations and limitations

that should be noted. First, we used z scored SUVR values of the

perfusion and metabolism measurements, as outlined in our previous

preclinical study.21 This approach is applicable to any multi-modal

context that can serve as surrogate biomarker to assessMVD, because

scales/units are eliminated; however, the selection of an appropriate

reference region/structure is strongly debated,52,53 and selection of a

normalization factor may alter interpretations. Additionally, MVD and

UMC plots are restricted in showing changes relative to a reference

group, whichmust be clearly defined to permit accurate interpretation

of the findings. Second, correlations among the various biomarkers

only determine their similarities without considering their interrela-

tionships. Third, our analysis was restricted to the study population

level, so an inter-subject analysis is necessary to capture the range

of variability within each disease stage group. Fourth, because the

youngest age in our dataset was 55 years, data from younger individ-

uals may be needed to characterize the complete MVD pattern. Fifth,

there might be some functional overlap in the tails of the distributions

among EMCI, MCI, and LMCI categories,54 which is due to the lack of

precision of the clinical cognitive assessments used to in the classifica-

tion. Therefore, a future direction of this work will be to corroborate

our findings, by using either a different and better characterized

dataset, or to develop an alternative means to classify the disease

stage which has higher precision than the current methods. Further-

more, while our framework normalizes the imaging values relative

to the entire brain, this approach mitigates inter-subject variability,

but does not fully eliminate the age-related influences. Consequently,

future research is necessary to assess the age-related effects. Finally,

we obtained genetic data for only a subset of the study population.

Hence, a more extensive dataset that contains genetics, CCA, and

imaging data for all subjects would be desirable for verifying our

findings.

In summary, our findings show thatMVDof the at-risk brain regions

depends on sex and disease stage. These changes were consistent with

previously published work in preclinical mice studies, demonstrating

the current approach is appropriate for detecting regions at risk dur-

ing the stages of ADRDprogression.Moreover, these data suggest that

these novel MVD patterns can provide a sensitive tool for early diag-

nosis of AD, which may improve patient monitoring, stratification, and

therapeutic testing.
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