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Abstract

INTRODUCTION: Metabolic stressors (obesity, metabolic syndrome, prediabetes,

and type 2 diabetes [T2D]) increase the risk of cognitive impairment (CI), including

Alzheimer’s disease (AD). Immune systemdysregulation and inflammation, particularly

microglial mediated, may underlie this risk, but mechanisms remain unclear.

METHODS: Using a high-fat diet-fed (HFD) model, we assessed longitudinal

metabolism and cognition, and terminal inflammation and brain spatial transcrip-

tomics. Additionally, we performedhippocampal spatial transcriptomics and single-cell

RNA sequencing of post mortem tissue from AD and T2D human subjects versus

controls.

Sarah E. Elzinga and Kai Guo contributed equally.

Funding information: Cure PSP (AD Knowledge Portal); Arizona Department of Health Services and the Arizona Biomedical Research Commission (AD Knowledge Portal); National Institutes of

Health, Grant/Award Numbers: K99AG071667, R01DK130913, P30EY007003, P30DK020572, P30AG053760, P30AG072931, S10OD28612-01-A1, P30CA046592; Alzheimer’s Association,

Grant/Award Number: AACSF-22-970586; Robert E. Nederlander Sr. Program for Alzheimer’s Research; Andrea and Lawrence A. Wolfe Brain Health Initiative; Frank L. and Helen Gofrank Foun-

dation Research Program in Alzheimer’s Disease and Brain Health; Kiriluk Family Fund for Brain Health Research; Robert and Katherine Jacobs Environmental Health Initiative; Sinai Medical

Staff Foundation Research on Studying Diet and Brain Health Fund; Kenneth and Frances Eisenberg Emerging Scholar Fund; Edith S. Briskin/SKS Foundation NeuroNetwork Emerging Scholar

Fund; Handleman Emerging Scholar Fund; Tauber Family Student Internship Program; Taubman Foundation; NeuroNetwork for Emerging Therapies; National Institutes of Health (AD Knowl-

edge Portal), Grant/Award Numbers: P30AG10161, P30AG72975, R01AG15819, R01AG17917, R01AG036836, U01AG46152, U01AG61356, U01AG046139, P50AG016574, R01AG032990,

R01AG018023, U01AG006576, U01AG006786, R01AG025711, R01AG017216, R01AG003949, R01NS080820, U24NS072026, P30AG19610, U01AG046170, RF1AG057440, U24AG061340;

Mayo andMichael J. Fox Foundations (ADKnowledge Portal)

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any

medium, provided the original work is properly cited, the use is non-commercial and nomodifications or adaptations aremade.

© 2025 The Author(s). Alzheimer’s & Dementia published byWiley Periodicals LLC on behalf of Alzheimer’s Association.

Alzheimer’s Dement. 2025;21:e70060. wileyonlinelibrary.com/journal/alz 1 of 20

https://doi.org/10.1002/alz.70060

https://orcid.org/0000-0002-4219-2712
mailto:seelzing@med.umich.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://wileyonlinelibrary.com/journal/alz
https://doi.org/10.1002/alz.70060


2 of 20 ELZINGA ET AL.

RESULTS: HFD induced progressive metabolic and CI with terminal inflammatory

changes, and dysmetabolic, neurodegenerative, and inflammatory gene expression

profiles, particularly inmicroglia. AD and T2Dhuman subjects had similar gene expres-

sion changes, including in secreted phosphoprotein 1 (SPP1), a pro-inflammatory gene

associated with AD.

DISCUSSION: These data show that metabolic stressors cause early and progressive

CI, with inflammatory changes that promote disease. They also indicate a role for

microglia, particularly microglial SPP1, in CI.

KEYWORDS

cognitive impairment, hippocampus, human, inflammation,microglia,mouse, obesity, prediabetes,
type 2 diabetes

Highlights

∙ Metabolic stress causes persistent metabolic and cognitive impairments in mice.

∙ Murine and human brain spatial transcriptomics align and indicate a pro-

inflammatorymilieu.

∙ Transcriptomic data indicate a role for microglial-mediated inflammatory mecha-

nisms.

∙ Secretedphosphoprotein 1 emerged as a potential target of interest inmetabolically

driven cognitive impairment.

1 BACKGROUND

The aging population is growingworldwidewith a tandem rise in cogni-

tive impairment (CI), including dementias such as Alzheimer’s disease

(AD) and related dementias (ADRD).1,2 In parallel, increasing rates of

metabolic stressors, including obesity,3 prediabetes, metabolic syn-

drome, and type 2 diabetes (T2D),4,5 which are CI risk factors, further

inflate this burden.6–8 However, treatment options are limited, likely

due to insufficiently targeted interventions administered too late in the

disease course to halt or reverse progression.

Inflammation and immune system dysregulation are shared

etiologies underlying obesity, prediabetes, metabolic syndrome,

T2D, and CI.9–11 Complex and highly regulated, when aberrantly

or constitutively activated the immune system can contribute

to neurodegeneration,12,13 ultimately leading to CI. Indeed, the

timeline of immune system activation and its resolution can be

altered in disease states.12 However, associated cognitive effects

of this immune dysregulation are not well understood. This is

particularly relevant because it is critical to identify not only ther-

apeutic targets, but also appropriate therapeutic windows for

treatment.

Several specific inflammatory or immune pathways are implicated

in the pathogenesis of CI,13 including Toll-like receptor 4,14 nuclear

factor kappa B (NFκB),15 and the inflammasome,16 all commonly

dysregulated in the brain during metabolic stress and neurodegen-

erative diseases, including AD/ADRD. Inflammatory pathways are

highly expressed in microglia,17,18 including secreted phosphopro-

tein 1 (SPP1), which has recently emerged as a potentially critical

inflammatory pathway in AD/ADRD.19,20 As the resident central ner-

vous system (CNS) immune cells, microglia are proposed to play a

pivotal role in the progression of CI.21–23 Activated in metabolic

stress and AD/ADRD, microglia adopt a pro-inflammatory phenotype

with altered morphology and inflammatory cytokine production.24–28

Despite their prominent role, there is no consensus in the field

regarding specific immune or inflammatory pathways which predomi-

nantly contribute to disease, nor the participation of other cell-specific

mechanisms.

To gain a deeper understanding, we longitudinally analyzed

metabolic and cognitive changes in a mouse model of obesity, predia-

betes, and CI. At the study end, we assessed inflammatory measures

and spatially relevant changes in brain gene expression. To iden-

tify translationally relevant targets, we also assessed spatial and

cell-specific changes in gene expression in hippocampi from human

subjects with AD and T2D versus controls and compared our results to

a larger existing bioinformatics humandataset from theADKnowledge

Portal (specifically Accelerating Medicines Partnership–Alzheimer’s

Disease [AMP-AD] data). Finally, we associated changes in murine

gene expression and microglial morphology with cognitive outcomes,

highlighting the translational, cell-specific, and physiological relevance

of our work.
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2 METHODS

2.1 Animals

Six-week-old C57BL6 diet-induced obesity (DIO) mice (380050) and

C57BL6 controls (380056) were purchased from Jackson Laborato-

ries. Animals were fed either 60%HFD (high-fat diet, D12492) or 10%

SD (standard diet, D12450H) from Research Diets for the duration

of the experiment. Animals were housed in the University of Michi-

gan’s facilities in a pathogen-free room with ad libitum access to food

and water. Housing conditions were maintained per the University of

Michigan Unit for Laboratory Animal Medicine’s standard protocols,

that is, 20 ± 2◦C, 12 hour light/dark cycle, and minimum of one enrich-

ment item per cage. At the study end, animals were either given an

intraperitoneal injection of 260 µg/kg body weight (BW) lipopolysac-

charide (LPS) dissolved in saline or saline alone as a control 4 hours

prior to sacrifice. Animals were monitored daily by staff and all exper-

imental procedures were approved by the University of Michigan’s

Institutional Animal Care and Use Committee (PRO0010039).

2.2 Post mortem human hippocampal samples

In collaboration with theMichigan Alzheimer’s Disease Research Cen-

ter, n = 6 human formalin fixed paraffin embedded (FFPE) blocks

containing hippocampal samples (n = 3 control and n = 3 AD+T2D
subjects) were obtained through the Michigan Brain Bank in collab-

oration with the Michigan Alzheimer’s Disease Research Center. All

Michigan Brain Bank living participants complete a donation pre-

registration consent form which allows for collection of demographic

and medical record information needed to complete the registra-

tion process. The Michigan Brain Bank obtains a verbal consent

for autopsy from the participant’s next of kin through our Michi-

gan Medicine autopsy consent line. Consents are completely vol-

untary; participants and next of kin are welcome to withdraw at

any time.

2.3 Metabolic phenotyping

Metabolic phenotyping consisted of periodic BWs (approximately

weekly) and glucose tolerance testing (GTT; approximately every 2

months). GTTs were performed as previously published.29,30 At ter-

minal, additional phenotyping consisted of fasting insulin levels, liver

pathology, and adipocyte hypertrophy. Insulin levels in plasma were

measured via enzyme-linked immunosorbent assay (ELISA) by the

University of Michigan’s Metabolic, Physiological and Behavioral Phe-

notyping Core. Liver pathology was performed by the University

of Michigan Unit for Laboratory Animal Medicine Pathology Core.

Adipocyte hypertrophy was measured using hematoxylin and eosin

staining, followed by imaging, and analysis viaMetaMorph software, as

previously published.31

RESEARCH INCONTEXT

1. Systematic review: Using sources from PubMed and

Google Scholar, including published articles, abstracts,

and presentations, the authors thoroughly reviewed the

literature. Alzheimer’s disease (AD) is extensively studied

(and appropriately cited in themanuscript). However, the

contribution of metabolic stressors (obesity, metabolic

syndrome, prediabetes, and type 2 diabetes), and their

resulting inflammation to cognitive impairments, such as

AD, remains incompletely understood.

2. Interpretation: We find that microglia play an important

role in promoting cognitive impairment under conditions

of metabolic stress, which is exacerbated with aging

in both mice and humans. Our data also indicate that

secreted phosphoprotein 1 (SPP1) may present a poten-

tial therapeutic target for metabolically driven cognitive

impairment.

3. Future directions: This article provides the preliminary

data to explore translationally relevant inflammatory,

microglial-specific therapeutic targets, including SPP1.

2.4 Cognitive phenotyping

Cognition was assessed byMorris water maze (MWM) and puzzle box.

MWMwas performed after 1month on diet using previously published

methods.32 In brief, animals underwent 9 days of training with four tri-

als per day in which they had a maximum of 60 seconds to locate a

platform hidden beneath the opaque surface of the water. Probe trials

(60 seconds) during which the platform was removed were performed

prior to training on days 4 and 7, as well as on the day after training

ended (day 10). Additional probe trialswere also performed after 2 and

12 months on diet. Puzzle box was performed after 6 months on diet,

per previously published protocols,24 and repeated after 8, 10, and 12

months on diet with slightly modified methods. In brief, animals were

allowed a maximum of 5 minutes in the box to escape from the light

area into the dark area. A series of increasingly complex single obsta-

cles (each replicated for three trials)wereplaced in front of theopening

from the light to dark areas and time to escape recorded. After sin-

gle obstacle trials, all single obstacles were combined into one complex

obstacle to measure time to escape. For repeated puzzle box tests, if a

single obstacle hadbeenpreviously usedduring a previous dietary time

point (i.e., 6 vs. 8 months on diet), it was only replicated once for a total

of two trials. Obstacles that were not previously used in prior dietary

time points were replicated for the full three trials. Repeated complex

obstacles were performed prior to any single obstacles (on day 1 of 3).

After 10 and 12 months on diet, only the complex obstacles were per-

formed, and all three different complex obstacleswere performed only

once.
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2.5 Inflammatory phenotyping

Inflammatory phenotypes were measured using ELISA for cytokines

(from murine plasma and microglial cell lysate-microglial experiments

described below) and hippocampal immunohistochemistry (IHC) for

microglial activation using morphology. ELISAs were performed by

the University of Michigan’s Rogel Cancer Center Immunology Core

for the inflammatory cytokines interferon beta (IFN-ß), interleukin 6

(IL-6), vascular endothelial growth factor (VEGF), monocyte chemoat-

tractant protein-1 (MCP-1), and tumor necrosis factor alpha (TNF-α)
in plasma and for IL-6, interferon gamma (IFN-γ), TNF-α, chemokine

ligand 1 (CXCL1), matrix metalloproteinase 9 (MMP-9), IL-2, and

granulocyte-marcophage colony-stimulating factor (GM-CSF) in cell

lysates. Hippocampal microglial morphology was determined via ion-

ized calcium-binding adapter molecule 1 (IBA1) staining of hippocam-

pal tissue sections, confocal imaging, and MatLab analysis to mea-

sure multiple morphological characteristics, per previously published

protocols.24,30,33

2.6 Transcriptomics

Hemi-brains from n = 3 mice/group, plus an additional technical repli-

cate forn=1mouse/group,were fresh frozenand storedat –80◦Cuntil

sent to the University of Michigan Advanced Genomics Core for spa-

tial transcriptomics analysis using the 10x Genomics Visium platform.

FFPE blocks with human hippocampal samples (n= 3 control and n= 3

AD+T2D subjects) were also sent to the Advanced Genomics Core

for spatial transcriptomics analysis using the 10x Genomics Visium

platform and for single-cell RNA sequencing using the 10x Genomics

Chromium platform.

2.7 In vitro microglial experiments

A human microglial cell line (ABM cat# T0252) was cultured and

treated with the saturated fatty acid palmitate as previously

published.24 In brief, cells were cultured until ≈ 80% confluent

and then treated with 62.5 µM palmitate or bovine serum albumin

control for 24 hours. After treatment, supernatant and cell lysates

were collected for downstream analyses for markers of inflammation

(via ELISA or quantitative polymerase chain reaction [qPCR]) and

cell death (via luminescence). ELISA is detailed above, and qPCR and

luminescence are detailed below.

2.8 qPCR and apoptosis

qPCR was performed on fresh frozen hippocampal tissue, per

previously published protocols34 using the following TaqMan

primer/probes (Thermo Fisher Scientific): Spp1 (Mm00436767_m1),

App (Mm01344172_m1), Sema4 g (Mm00442518_m1), and yWhaz

as a control (Mm03950126_s1). Apoptosis in cells was measured by

caspase activity using a commercially available kit (Promega, cat#

G8090), per themanufacturer’s instructions.

2.9 IHC and RNAscope

To validate our transcriptomics results and confirm changes in gene

expression of our targets of interest in microglia, we performed IHC

with subsequent RNAscope on fixed samples from our murine brains.

Specifically, we used SD (n = 4 animals, n = 2 slides/animal) and HFD

(n = 4, n = 2 slides/animal) mice given saline. Fourteen micron sec-

tions were first stained with IBA1 to identify microglia, as described

above. Next, slides were probed for SPP1 and C1qa gene expres-

sion using RNAscope (ABCD Bio; SPP1 cat# 485361 and C1qa cat#

441221-C2), per the manufacturer’s instructions. Slides were imaged

on a Leica Stellaris confocal microscope using a 40x oil objective. Hip-

pocampal images (n = 2 images in the molecular layer and n = 1 image

in the hilus and CA1 regions) were analyzed using MetaMorph soft-

ware where 150-pixel circles were drawn around IBA1-positive cells

and the threshold feature was used to further isolate microglia and

identify SPP1 and C1qa signal within microglia. Data were evaluated

as percent area of totalmicroglia for SPP1 andC1qa, averaged for each

region between each animal’s slides.

2.10 Statistics

2.10.1 Metabolic and inflammatory data

Metabolic and inflammatory data, alongwith RNAscope, and cell death

were analyzed using Prism 9.0 (GraphPad) and SAS 9.4. Prism analyzed

adipocyte hypertrophy by two-way analysis of variance. Alternatively,

SAS 9.4 was used to analyze plasma insulin, liver pathology, plasma

cytokines, and qPCR using the ProcMixed function with diet and

treatment (LPS vs. saline) set as fixed effects and individual animal

identifiers set as a random effect. Changes in microglial morphology

were determined using SAS 9.4 with diet, treatment (LPS vs. saline),

and region (hilus, CA1, and molecular layer) set as fixed effects. The

number of cells was set as a random effect and the different morpho-

logical metrics analyzed using the ProcMixed function. Additionally,

SAS 9.4 was used for the correlative analysis to compare gene expres-

sion, ranked behavior, and microglial morphology using the ProcCorr

function. Statistical significance was considered P < 0.05 and trends

P< 0.10.

2.10.2 Cognitive analyses

Trajectory data from WaterMaze software (ActiMetrics) were used

to segment trajectories and classify these segmented trajectories

(or swimming paths) into search strategies, as previously published

and using the publicly available software RODA (https://github.com/

RodentDataAnalytics/mwm-ml-gen).35,36 In brief, each swimmingpath

was assigned a search strategy (numbered 1–9) based on increasing

search complexity. For each trial, total time spent in the pool and time

spent per search strategy were used to calculate a weighted search

strategy score, based on the relative time spent per strategy and

the search strategy number (1–9), wherein a higher weighted score

https://github.com/RodentDataAnalytics/mwm-ml-gen
https://github.com/RodentDataAnalytics/mwm-ml-gen
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indicated more sophisticated searching strategies for that trial. For

both differences in time to platform and in weighted search strategies,

a piecewise linear mixed effect model was used to test for effects of

diet across different spans of time, adjusting for training day, group

(SD vs. HFD), and their interaction. A random intercept for eachmouse

was used to consider correlations between datameasured on the same

animal.

Kaplan–Meier curves were used to estimate the probability of puz-

zle box escape over time (i.e., survival analyses), for which escape was

exit from the light to the dark area of the box. The log-rank test was

used to estimate the differences in these probabilities between groups.

A Cox proportional hazards model compared differences in escape

times between diet groups, adjusting for puzzle box obstacle, time

point, and obstacle replicate. Interactions between diet and month as

well as diet and obstacle were found to be significant; therefore, the

diet effect across different months and across different obstacles was

considered.

Area under the curve (AUC) for longitudinal weight data was cal-

culated for each mouse. Weight at study start was set as a baseline

and used to calculate the AUC and AUC was calculated for each puz-

zle box date using all recordedweightmeasurements prior to that time

point. This value was divided by the number of days since baseline to

have comparable AUC values for different months. GTT AUC was cal-

culated from blood glucose concentrations at the different time points

(baseline, 15, 30, 60, and 120 minutes after intraperitoneal glucose

injection), scaling by the number of measurements.

A Cox proportional hazards model was used to determine the

predictive ability of weight and GTT AUCs on puzzle box escape

times. The model was adjusted for obstacle;, however, only mea-

surements from the first replicate were considered. The model was

fit using the AUC data from a given month (e.g., March; 4 months

on diet) to predict the escape times for all subsequent months

(e.g., July, September, November; 8, 10, and 12 months on diet,

respectively).

Concordance indices were calculated for weight GTT AUC to com-

pare the predictive ability of these measurements for subsequent

puzzle box performance. To calculate concordance indices, all possi-

ble pairs of animals were compared. The proportion of pairs for whom

the animal with a smaller AUC had a shorter escape time equals the

concordance index. A larger concordance index indicates higher pre-

dictive ability. All the above cognitive analyses were conducted in R

(version 4.1.2). Statistical significance was considered p < 0.05 and

trends P< 0.10.

2.10.3 Transcriptomics mapping cell types from
single-cell RNA sequencing

To identify cell types within the spatial transcriptomics data, we

conducted a label transfer from mouse single-cell RNA sequencing

(scRNA-seq) data37 or our human single-cell data to our mouse and

human spatial transcriptomics data to deconvolve individual spot data,

individually. Initially, anchors were computed using the FindTrans-

ferAnchors function with default parameters, using pre-processed

scRNA-seq data as the reference and spatial transcriptomics data as

the query. Subsequently, spot-level predictions were generated using

the TransferData function for all slices, classifying the query cells

according to the reference scRNA-seqdata cell type labels.Normalized

prediction scores were calculated by summing the prediction scores

for each scRNA-seq cluster across all spots and normalizing these sums

to one.

2.10.4 Differential expression analysis and
functional enrichment analysis

Differential expression analysis for each cluster or cell type was

performed using the “FindMarker” function between groups. Differen-

tially expressed genes (DEGs) were identified (adjusted P < 0.05) and

significant pathways were further analyzed through functional enrich-

ment analysis for Kyoto Encyclopedia of Genes and Genomes (KEGG)

pathways using the richR package (https://github.com/hurlab/richR).

The significantly enriched pathways were identified based on adjusted

P< 0.05.

2.10.5 Cell–cell communication analysis with
CellChat

CellChat38 was used to model signaling interactions within identi-

fied clusters. Due to multiple sample slices, we adapted CellChat’s

functions to ascertain significant interactions. A CellChat object

was instantiated for each slice, and interactions were evaluated

independently. The probability of ligand–receptor communication

was then extracted from each object. If an interaction was not

detected within slices between clusters, its value was set to zero.

Only interactions observed across all three slices underwent signif-

icance testing. An interaction was deemed significant if it achieved

a P value of < 0.05 using the Wilcoxon test. Differences in the

number or strength of interactions among cell clusters across the

two groups were analyzed similarly. Finally, the signaling network

was visualized to elucidate potential cluster–cluster communications

within the tissue sections, and the significant ligand receptors were

visualized in the tissue sections. To identify the cluster with sig-

nificant changes in sending or receiving signals between different

groups, we summarized the sending or receiving signals for each

slice.

2.10.6 Gene set variation analysis

The KEGG pathway activities at the single-cell or spot level were

assessed using the single sample gene set enrichment score (ssGSEA),

as implemented in the scGSVA package (https://github.com/guokai8/

scGSVA). The Wilcoxon test was used to estimate the statistical

significance of the pathway enrichment between groups.

https://github.com/hurlab/richR
https://github.com/guokai8/scGSVA
https://github.com/guokai8/scGSVA
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2.10.7 Human dataset comparison

To increase the power of our human bioinformatics dataset and to

increase the translational relevance of our data to the larger popu-

lation, we incorporated publicly available RNA sequencing data from

the AD Knowledge Portal. Specifically, we used data from the AMP-

AD study. RNA sequencing data were obtained from the AMP-AD

database in RDS format. Each RDS file was loaded and converted

into Seurat objects for downstream analysis. Metadata, including cell-

level and individual-level annotations, were directly incorporated from

the dataset and mapped to the Seurat object metadata. The analysis

focused only on AD and control groups, which were filtered based on

the metadata annotations. To address potential imbalances, we per-

formed random downsampling, retaining 50% of the cells within each

combination of AD outcome and subcellular class. Normalization was

performed using the NormalizeData function in Seurat. The cell-type

annotations were directly obtained from the metadata provided in

the RDS files, without additional integration or reclassification; cells

labeled as “OtherImmune” were excluded in downstream analysis. Dif-

ferential expression analysis was conducted for “broadcellclasse” and

“subcellclass” using Seurat’s FindMarkers function, comparing AD and

control groups. Enrichment analysis of significantly altered genes was

performed using the richR package to identify pathways associated

with AD. Cell–cell communication networks were constructed sepa-

rately for AD and control groups using the CellChat R package, which

identifies overexpressed genes and interactions, computes commu-

nication probabilities, and aggregates signaling pathways. Then, the

AD and control networks were merged for comparative analysis of

signaling pathways and communication patterns.

3 RESULTS

3.1 HFD causes progressive metabolic stress

As expected, HFD progressively increased BW and impaired glucose

tolerance (Figure 1A-E) and HFD mice had higher terminal plasma

insulin levels versus SDanimals (Figure S1A in supporting information).

Immune challenge via LPS injection also increased plasma insulin lev-

els compared to animals given saline; however, there was no additive

effect of diet and LPS. We observed differences in adipocyte hyper-

trophy due to HFD (Figure S1B-E), but not in liver pathology (Figure

S1F-H). Specifically, HFD versus SD salinemice had a reduced percent-

age of smaller adipocytes (Figure S1B). LPS also affected adipocyte

hypertrophy, mostly in HFD animals, increasing the percentage of

smaller adipocytes (Figure S1E). Together, thesedata indicate thatHFD

causes rapid weight gain and glucose intolerance, with corresponding

increases in plasma insulin levels and adipocyte hypertrophy.

3.2 HFD causes progressive CI

Cognition was assessed longitudinally using multiple methods

(Figure 1A). After 6 months on diet, we found robust differences

between HFD and SD groups using a puzzle box (Figure 2A-D), a

task in mice that (while not brain region specific) primarily measures

executive functioning.39 Specifically, HFD animals were consistently

slower to escape from the light area of the puzzle box to the dark area

and were even often unable to complete the task. Deficits in puzzle

box performance inHFDmice grew progressivelymore pronounced so

that at the final time point, HFD animals were 4.68 times less likely to

escape the light area of the box versus their SD counterparts (Figure S2

in supporting information). These results show that, similar to humans

with CI and in humans with aging,40 HFD causes deficits in executive

functioning.

We and others have previously shown differences due to HFD by

MWM,41,42 a hippocampal-dependent task measuring spatial naviga-

tion and reference memory. Here, acutely, after 1 month on diet, HFD

mice had a longer latency to reach the platform on day 2 of training

(Figure S3 in supporting information), suggesting a delayed learning

curve. Latencies do not take swimming paths into consideration and

thus are not as sensitive to gradual changes in learning behavior over

time.35 Therefore, we further assessed potential diet-induced changes

in search strategies to find the hidden platform,35 but found no differ-

ences (Figures S4 andS5 in supporting information). A reduced latency

to platform on day 2 of training (indicative of a slower learning curve),

but not other differences in MWM data, were likely due to the acute

timepoint (1 month on diet vs. 6+months on diet for puzzle box data)

and high individual variability between animals.

To understand the relationship between longitudinal cognitive out-

comes and metabolic measures, we used Cox proportional hazards

modeling and concordance indices. Coxproportional hazards evaluates

if BW or GTT AUC influenced puzzle box escape times, whereas con-

cordance indices quantify how well a model ranks subjects according

to their risk, specifically the risk of AUCs on puzzle box escape times.

Using both methods, we found that AUC for BW (calculation method;

Figure S6 in supporting information) and GTT (Table S1, Figure S7 in

supporting information) were predictive of future puzzle box perfor-

mance. A lower hazard ratio and higher concordance index indicate

a greater association with or predictability for puzzle box outcomes.

Both models showed strengthened associations or predictions with

a longer diet duration. Of interest, BW appeared to slightly outper-

form GTT regarding predicting cognitive performance with a higher

concordance index at all time points.

3.3 Chronic HFD alters peripheral and central
inflammatory responses

At the study end, we assessed both peripheral (Figure S8 in sup-

porting information) and CNS inflammatory responses (Figures S9,

S10 in supporting information). In HFD mice, LPS stimulation differ-

entially impacted plasma TNF-α: HFD mice had a blunted response

(Figure S8A). Conversely, LPS increased circulating IL-6 and MCP-1

in SD and HFD mice to the same extent (Figure S8B,D). There was

no effect of LPS or HFD on plasma IFN-β or VEGF concentrations

(Figure S8C,E).
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F IGURE 1 Study design and longitudinal metabolic phenotyping. Data from n= 15 SD and n= 15HFDmice over 1 year of feeding. A, Study
design. B, Bodyweight AUC (see Figure S1 in supporting information for details on bodyweight AUC calculation). C, GTT AUC. D, Difference
between groups in bodyweight AUC. E, Difference between groups in GTT AUC. A Cox proportional hazards model was used to compare
differences in AUC between groups. AUC, area under the curve; BW, bodyweight; GTT, glucose tolerance test; HFD, high-fat diet; LB, lower bound;
LPS, lipopolysaccharide;MO,month;MWM,Morris water maze; Nov., November; PB, puzzle box; SD, standard diet; Sept., September; UB, upper
bound; wk, weeks; YR, year.

In the CNS, we quantified hippocampal microglial morphology as

a surrogate of microglial activation (Figure 3A; Figures S9 and S10).

We found that microglia of saline-treated HFDmice had fewer branch

points in the hilus region versus saline-treated SD mice (Figure S10B).

Upon LPS stimulation, HFD microglia had little to no change in multi-

ple morphological characteristics, whereas SD microglia responded as

expected, becomingmore ameboidwith smaller territorial and cell vol-

umes, lower complexity (i.e. ramification), and fewer end and branch

points (Figure 3; Figures S9 and S10). This was particularly evident

in cellular complexity, which decreased significantly in LPS-stimulated

SD microglia in the hilus and molecular layer regions (Figure 3B). Con-

versely, there was no change in cellular complexity of HFDmicroglia in
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F IGURE 2 Kaplan–Meier curves for longitudinal puzzle box data. Data from n= 15 standard diet (SD) and n= 15 high-fat diet (HFD)mice after
(A) 6months (May); (B) 8months (July); (C) 10months (September); (D) 12months on diet (November). Kaplan–Meier survival probability was
calculated and represents the average probability of each group to escape the light area of the box to the dark area. A longer escape time is the
adverse event associated with poorer task performance.

response to LPS, indicating a significantly impaired ability to respond

to inflammatory stimuli.

3.4 Chronic HFD alters brain spatial
transcriptomic profiles

Our murine data show persistent metabolic stress and CI due to HFD,

coupled with terminal inflammatory changes, including hippocam-

pal microglial morphology. To further identify potential underlying

mechanisms of these effects, we analyzed differences in brain spa-

tial transcriptomics. We identified 24 unique gene expression clusters

(Figure S11 in supporting information) localized to distinct brain

regions, including hippocampal regions (Figure S11A). To generate bio-

logical insight, we performed gene set variation analysis (GSVA; Table

S2 in supporting information), identified DEGs (Table S3 in supporting

information), conducted DEG pathway enrichment using KEGG (Table

S4 in supporting information), and assessed cell–cell communication

using ligand receptor pairs via CellChat.

Overall, HFD caused changes in cluster representation (i.e., changes

in percentage; Figure S11C), indicating spatially distinct changes in

gene expression due to diet. HFD also enriched neurodegenerative

and inflammatory or immune response pathways across bioinfor-

matic analyses, indicating that these biological pathwayswere strongly

impacted by diet. For example, we found enrichment of complement

and coagulation cascades with GSVA analysis (Figure S12 in support-

ing information; Table S2) and Fc gamma R-mediated phagocytosis

with KEGG analysis (Figure S13 in supporting information; Table S4).

To understand changes in signaling between clusters using CellChat

analysis (Figure S14 in supporting information), we found that HFD

decreased the number of cluster interactions, but increased their

strength (Figure S14A,B). LPS decreased the number and strength of

interactions in SDmice, but inHFDmice increased the number of inter-

actions while decreasing interaction strength (Figure S14A,B). HFD

also altered the signaling pathways related to these changes (Figure

S14C,D), indicating that HFD causes significant and spatially distinct

shits in communication in the brain. Specific signaling pathways altered

by HFD included increased signaling related to amyloid precursor pro-

tein (APP) and SPP1, a pro-inflammatory factor that upregulates IFN-γ
and interleukin 12 (IL-12) expression (red text in Figure S14C). In

LPS animals, HFD also upregulated inflammatory signaling pathways,

such as activin (pink text in Figure S14D). Together, these changes
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F IGURE 3 Terminal hippocampal microglial morphology. Data
from n= 13 SD (n= 6 saline, n= 7 LPS) and n= 11HFD (n= 4 saline,
n= 7 given LPS) mice after 1 year of feeding. Terminal hippocampal
microglial morphology with (A) representative images from all four
groups; (B) complexity score for hilus (top) andmolecular layer
(bottom) microglia. Data are presented individual data points (cells)
withmeans (black bars) and analyzed usingmixedmodel. Differences
are annotated as *P< 0.05, **P< 0.01, ***P< 0.001, ****P< 0.0001.
There were no significant differences in complexity in the CA1 region
(data not shown). HFD, high-fat diet; LPS, lipopolysaccharide; SD,
standard diet.

indicate that many of the transcriptomic changes due to HFD in the

brain are spatially distinct, involve neurodegenerative or inflammatory

pathways, and that communication related to these pathways is also

impacted due to diet.

To narrow our results and focus on the clusters with the most sig-

nificant changes due to HFD, we first focused on clusters with a large

change in representation due to HFD and found that many of these

clusters had a high proportion of glial cells (Figure S15 in supporting

information). Next, we selected clusters with a unique gene expression

profile due to diet. Finally, we selected clusters based on location (brain

region). In these selected clusters of interest (clusters C0, C7, C11, and

C15), KEGG pathway analysis showed that HFD-enriched pathways

related to many neurodegenerative pathways or diseases, such as AD

and Huntington’s disease, in both saline- (Figure 4A) and LPS-treated

(Figure S16 in supporting information)mice (Table S4).Metabolic path-

ways, such as T2D, were also enriched, along with inflammatory or

immune-related pathways, including inflammatory mediator regula-

tion of transient receptor potential (TRP) channels (Figure 4A). These

enrichment results indicate that, as in our overall analysis, many of

the HFD-induced transcriptomic changes involve neurodegenerative,

metabolic, and inflammatory pathways, highlighting their importance

in disease. Using DEGs within these pathways to further identify spe-

cific targets of interest, we identified an upregulation of complement

C1q A chain (C1qa), a critical complement component protein,43 and

nuclear factor kappa light chain enhancer of activated B-cells inhibitor

alpha (NFκBIA), a regulator of the pro-inflammatory transcription fac-

tor NFκB (Table S3)44,45 in HFD mice. Using CellChat analysis to

identify shifts in communication between these clusters of interest due

to diet (Figure 4B,C, saline mice; Figure S16, LPS mice), we also found

both increased anddecreased communication, dependent upon cluster

and treatment (i.e., saline vs. LPS). Interestingly, HFD altered SPP1 and

V-type immunoglobulin domain-containing suppressor of T-cell acti-

vation (VISTA) signaling in saline mice (Figure 4B,C) and semaphorin

(SEMA) signaling in LPS mice (Figure S16B,C). These results further

indicate dysregulated brain inflammatory and immune signaling due to

HFD, with a particular emphasis on innate immune mechanism such as

SPP1 signaling.

3.5 Human subjects

To translate our murine findings and increase their human relevance,

we obtained six post mortem human hippocampal samples. Of these

human subjects (subject information in Table S5 in supporting infor-

mation), three were controls and three were diagnosed with T2D and

AD (AD+T2D). Two samples (one control andoneAD+T2D, denotedby
asterisks in Table S5)were selected for spatial transcriptomics. All sam-

ples were submitted for scRNA-seq to validate spatial transcriptomics

data.

3.6 AD subjects with T2D have altered
hippocampal spatial transcriptomic profiles

In our human dataset, we identified 17 unique, spatially distinct gene

expression clusters by spatial transcriptomics (Figure S17 in sup-

porting information). To generate biological relevance, we performed

similar analyses as in ourmurine dataset: GSVA (Table S6 in supporting

information), DEG identification (Table S7 in supporting information),

KEGG pathway enrichment (Table S8 in supporting information), and

CellChat. Overall, AD+T2D caused changes in cluster representation

for most clusters (Figure S17), and we consistently found changes in
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F IGURE 4 Mouse brain spatial transcriptomics enrichment analysis. Data from the clusters of interest (C0, C7, C11, C15) from standard diet
(SD; n= 3 biological and n= 1 technical replicates) and high-fat diet (HFD; n= 3 biological and n= 1 technical replicates) mice given saline after 1
year of feeding. A, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis. Rich factor represents the ratio of significant
differentially expressed genes within a pathway to the total number of genes and is denoted by dot size. Dot color indicates significance from less
(pink) tomost (red) significant on a log10 adjusted P value scale. CellChat incoming (B) and outgoing (C) signaling pathways based on the CellChat
database, in which signaling pathways are composed of ligand–receptor complexes. Asterisks represent significant (P< 0.05) differences in
signaling pathways due to HFD. Heatmaps indicate the strength of the incoming or outgoing signal from one cluster to another with a deeper red
representing a greater upregulation of signal activity and a deeper blue indicating a greater downregulation of signal activity.

neurodegenerativepathwaysandenrichmentofmultiple inflammatory

or immune response pathways with all bioinformatic analyses. This

indicates that, as in the murine data, AD+T2D causes gene expres-

sion changes specific to brain region, and that many of these changes

are related to biological pathways involving neurodegeneration and

the immune response. For example, there was significant enrichment

of antigen processing and presentation using GSVA analysis (Figure

S18 in supporting information; Table S6) and cellular senescence

using KEGG analysis (Figure S19 in supporting information; Table

S8). CellChat showed that AD+T2D increased both the number and
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strength of cell–cell interactions (Figure S20A,B in supporting informa-

tion). AD+T2D also significantly altered associated biological signaling

pathways (Figure S20C), including increased APP and SPP1 signaling.

This points to not only overall transcriptomic changes due to disease

but also changes in brain communication similar to those observed in

our murine dataset.

Cluster cell type composition (Figure S21A in supporting informa-

tion) indicated that many of the clusters had a high proportion of glial

cells. Shifts in cell populations due to AD+T2D included an increase

in microglia (Figure S21B) and changes in neuronal populations (par-

ticularly a decrease in neuron 1; Figure S21C). Therefore, to narrow

our results and focus on clusters most impacted by disease, we iden-

tified C3, C4, C5, C7, and C13 as clusters of interest based on a

large change in cluster representation or in ADnormalized enrichment

score (with GSVA) due to AD+T2D, a high proportion of glial cells,

and a unique gene expression profile. In our clusters of interest, KEGG

analysis showed enrichment of many neurodegenerative pathways,

including AD (Figure 5; Table S8). Metabolic pathways, such as insulin

signaling pathway and insulin secretion, were also enriched, along

with inflammatory or immune related pathways, including leukocyte

transendothelial migration and complement and coagulation cascades

(Figure 5A). These data indicate that in our clusters of interest which

have a high concentration of glial cells, similar to our murine data and

our overall human results, AD+T2D shifts transcriptomic profiles to

promote a neurodegenerative and neuroinflammatory milieu in the

brain. DEGs within significant pathways further identified targets of

interest, and included upregulation of C1QA, and NFκBIA (Table S7),

whichwere also upregulated in ourmurine analysis. CellChat also iden-

tified shifts in cell–cell communication due to AD+T2D (Figure 5B,C),

including increased APP communication (incoming and outgoing).

We similarly found changes (primarily increases) due to AD+T2D in

inflammatory signaling. These included increased SPP1 and SEMA

signaling (Figure 5B,C), supporting our hypothesis that inflammation

and immune system dysregulation play a pivotal role in CI. Together

our data show alignment between murine and human spatial tran-

scriptomics results, indicate a strong role for neurodegenerative and

inflammatory mechanisms, confirm that glia contribute to disease, and

identify potential inflammatory mediators or signaling, namely SPP1

and SEMA.

3.7 Conserved brain spatial transcriptomic
profiles between mice and humans

To further narrow our analysis to identify specific mechanistic tar-

gets of interest along the continuum of metabolic stress and with

CI, we compared transcriptomic profiles significantly altered due to

diet in saline-treated mice or AD+T2D in humans. We found ≈ 44%

(171 of 388) of mouse DEGs and ≈ 79% (30 of 38) of mouse KEGG

pathways overlapped with humans (Table S9 in supporting informa-

tion). Many of these common genes and pathways were related to

neurodegenerative diseases or the nervous system, such as AD or

long-term potentiation. We also observed a common enrichment of

metabolic and inflammatory pathways, including energy metabolism

and inflammatorymediator regulation of TRP channels.

In CellChat analysis, we found seven overlapping signaling path-

ways: APP, collagen, glutamate, L1 cell adhesion molecule (L1CAM),

neurotrophin (NT), SEMA4, and SPP1 (Figure 6). Of these, we focused

on APP for its classic role in AD (Figure 6A-D) and SPP1 for its role

in inflammation (Figure 6E-H). APP signaling was significantly upreg-

ulated betweenmost clusters in both AD+T2D andHFD (Figure 6A,B).

While therewere nomajor differences in APP-related ligand–receptor

pairs due toAD+T2DorHFD, therewere differences between species.

In humans, APP-CD74 and APP-SORL1 (sortilin related receptor 1)

were the major contributors, whereas App-Sorl1 and App-Tnfrsf21

(tumor necrosis factor receptor superfamily member 21) were the

major contributors in mice (Figure S22 in supporting information). In

humans, SPP1 signaling was strongly upregulated due to AD+T2D in

almost all clusters. A similar but less robust pattern was observed in

murine clusters due to HFD (Figure 6E,F). Interestingly, cluster 0, a

murine cluster of interest with a high proportion of microglia, was the

primary cluster from which increased SPP1 signaling originated. Like

APP ligand–receptor interactions, major differences were noted only

between species, not due to HFD or AD+T2D. In humans, SPP1–CD44

interaction had the strongest influence on SPP1 signaling. Conversely,

in mice SPP1-ITGA+ITGAB (integrin receptor alpha + integrin receptor

beta) was the biggest contributor (Figure S22). Therefore, althoughwe

found unique changes across species, our murine data closely mirror

data from humans and strongly support a role for SPP1 signaling in

disease.

3.8 Brain spatial transcriptomic validation

To validate our human spatial transcriptomics data, we used scRNA-

seq data from all six human subjects. As in the spatial data, AD+T2D
decreased the percentage of neurons and increased the percent-

age of microglia (Figure S23 in supporting information). Neurons and

microglia also had the largest number of DEGs due to AD+T2D (Table

S10 in supporting information), indicating that these cell types were

the most impacted by disease in our dataset. Significantly enriched

pathways due to AD+T2D in microglia included many inflammatory

pathways, such as complement and coagulation cascades and B cell

receptor signaling pathway (Figure S24; Table S11 in supporting infor-

mation). This supports our spatial data showing a strong role for inflam-

mation in disease. Within neurons, significantly enriched pathways

included neurodegenerative pathways, such as AD, and inflammatory

or metabolic pathways, such as inflammatory mediator regulation of

TRP channels (Table S11). These data also support a role for inflam-

mation in AD+T2D, even in non–immune cell types such as neurons.

We similarly confirmed our targets of interest from our spatial anal-

ysis using DEGs, specifically APP, SPP1, C1QA, and SEMA4. Together,

these data support our spatial transcriptomics results and further

demonstrate a role for microglia and inflammation in AD+T2D.
We also performed qPCR for App, Sema4, and Spp1 in murine hip-

pocampal tissue (Figure S25 in supporting information) and IHC with
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F IGURE 5 Human spatial transcriptomics enrichment results. Data from the hippocampal clusters of interest (C3, C4, C5, C7, C13) from
control (n= 1) and Alzheimer’s disease and type 2 diabetes (n= 1) patients. A, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
analysis. Rich factor represents the ratio of significant differentially expressed genes within a pathway to the total number of genes and is denoted
by dot size. Dot color indicates significance from less (pink) to most (red) significant on a log10 adjusted P value scale. CellChat incoming (B) and
outgoing (C) signaling pathways based on the CellChat database, in which signaling pathways are composed of ligand–receptor complexes.
Heatmaps indicate the strength of the incoming or outgoing signal from one cluster to another with a deeper red representing a greater
upregulation of signal activity and a deeper blue indicating a greater downregulation of signal activity.

subsequent RNAscope for SPP1 and C1qa expression in hippocampal

microglia to validate our targets of interest. In saline mice, APP gene

expression was higher in HFD versus SD mice. Furthermore, HFD ani-

mals had a significant decrease in APP in response to LPS, whereas

SD animals had no change (Figure S25A). There was a similar pattern

for SEMA4 gene expression, in which pairwise comparisons showed a

trending increase in SEMA4 in HFD versus SD saline animals and a sig-

nificant decrease in HFD mice due to LPS treatment (Figure S25B).

For SPP1, LPS administration had no effect, but there was a trend-

ing overall effect of diet, with higher SPP1 gene expression due to

HFD (Figure S25C). Similarly, RNAscope showed a strong trend for an

increase in SPP1 inmicroglia in theCA1 (P=0.0553) andmolecular lay-

ers (P= 0.0537) of the hippocampus, and a numeric but non-significant

increase in C1qa gene expression in all three hippocampal regions

measured (Figure S25D-J).

Given the potential role of SPP1, particularly in microglia, we next

performed in vitro experiments in a human microglial cell line. We

incubated these cells with the saturated fatty acid palmitate to mimic

an obesogenic environment and assessed inflammatory responses and

cell death (Figure S26 in supporting information). We found that obe-

sogenic conditions induced an inflammatory environment, increasing

the production of the pro-inflammatory cytokines TNF-α and MMP-

9 (Figure S26A,B). In addition, obesogenic conditions increased cell

death, as measured by increased caspase activity (Figure S26I).
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F IGURE 6 Overlapping cell–cell signaling pathways betweenmurine and human spatial transcriptomics data. Murine data from standard diet
(SD; n= 3 biological and n= 1 technical replicates) and high-fat diet (HFD; n= 3 biological and n= 1 technical replicates) mice given saline and
human data from a control (Ctrl) patient (n= 1) and a patient with Alzheimer’s disease and type 2 diabetes (AD+T2D; n= 1). Amyloid precursor
protein (APP) circle plots in humans (A) andmice (B). Autocrine and paracrine signaling interactions between clusters are representedwith color
indicating upregulated (red) or downregulated (blue) interactions in AD+T2D or with HFD. Bolded clusters indicate clusters of interest. Mapped
APP in humans (C) andmice (D). Signaling interactions between clusters are representedwith colors indicating upregulated (red) or
downregulated (blue) interactions in AD+T2D or with HFD. Secreted phosphoprotein 1 (SPP1) circle plots in humans (E) andmice (F). Autocrine
and paracrine signaling interactions between clusters are representedwith colors indicating upregulated (red) or downregulated (blue)
interactions in AD+T2D or with HFD.Mapped SPP1 in humans (G), andmice (H). Signaling interactions between clusters are represented with
colors indicating upregulated (red) or downregulated (blue) interactions in AD+T2D or with HFD.Wilcoxon rank testing was performed to
compare HFD and SD inmice, and only the significant interactions are displayed in the figures.
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F IGURE 7 AMP-AD participant demographics, post mortem brain single-nucleus RNAseq CellChat analysis (based on ligand–receptor pairs),
and overlapping signaling pathways between datasets. Data are presented as (A) demographics, (B) significantly altered cell–cell signaling
pathways, (C) SPP1 signaling circle plot, (D) contributing ligand–receptor pairs to SPP1 signaling, and (E) overlapping significant CellChat signaling
pathways in spatial transcriptomics and AMP-AD data. If a single participant had data frommultiple brain regions (caudate nucleus, superior
temporal gyrus, and dorsolateral prefrontal cortex), data were pooled. In the circle plot, autocrine and paracrine signaling interactions between
cell types are represented with color indicating upregulated (red) or downregulated (blue) interactions in AD. Overlapping pathways (red shaded
cells) indicate signaling pathways shared between AMP-AD data and human spatial transcriptomics data and/or the human/mouse spatial
transcriptomic crossover analysis. AD, Alzheimer’s disease; AMP-AD, AcceleratingMedicines Partnership–Alzheimer’s Disease; Ctrl, control;
PMI, post mortem interval; SD, standard deviation; SPP1, secreted phosphoprotein 1.

3.9 Human brain transcriptomics validation

To further validate our analyses, and to increase translational rele-

vance to the larger population, we compared our human and murine

datasets to a larger and more diverse brain single nucleus RNAseq

database obtained through the AD Knowledge portal, specifically the

AMP-AD dataset. Within these data, control (n = 36) and AD partici-

pants (n = 87; participant demographics in Figure 7A) were selected;

however, data related to obesity or diabetes status was not available

and thus not included.

Control and AD participants had a similar cell-type distribution of

the major cell types identified (Figure S27 in supporting information).
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F IGURE 8 Heatmap representing the correlative analysis amongmurine behavior, gene expression, andmicroglial morphology. Analysis
measured the correlations between behavior (as average rank), gene expression data for APP (APP, SORL1, TYROBP, and CD74) and SPP1 (SPP1,
ITGAV, ITGB1, ITGB5, ITGA8, and ITGA5) related signaling, andmicroglial morphology. Color represents the correlation strength (darker
red= stronger positive correlation, darker blue= stronger negative correlation), with strong correlations (Pearson correlation coefficient;
PCC> 0.5) included on the heat map. Data analyzed Pearson correlation analysis and significant PCC (P< 0.05) are indicated in bold and trending
PCC in italics (P< 0.1). For quartiles, cellular complexity data were divided into four quartiles and the percentage of cells that fell within the two
outermost quartiles of complexity (Q1 andQ4) were included in the analysis. A greater percentage of cells within Q1 is indicative of a high degree
of activation, whereas a greater percentage of cells within Q4 is indicative of a low degree of activation (quartile 4). Avg, average; Cplx, complexity;
Mol, molecular; Q, quartile.

DEG (Table S12 in supporting information) and KEGG analysis showed

alteration in multiple genes and pathways (Table S13; Figure S28 in

supporting information) related to neurodegeneration and immune

pathways or inflammation, such as complement and coagulation cas-

cade, similar to our spatial transcriptomics data. Indeed, 69% of our

significantly enriched KEGG pathways due to AD+T2D overlapped

with significant AMP-ADKEGG pathways due to AD.

CellChat analysis also indicated a good agreement between the

larger and more diverse AMP-AD data and our spatial transcriptomics

data. Overall, we found a mild increase in signaling strength due to

AD, with neurons (gabaergic and glutamatergic) and oligodendrocyte

precursor cells as the biggest contributors to increased signaling in

both control and AD participants (Figure S29 in supporting informa-

tion). CellChat analysis also identified significantly altered signaling

pathways similar to those observed in our spatial transcriptomics and

human mouse cross-over analysis (Figure 7B-E). Importantly, we iden-

tified a significant increase in SPP1 signaling due to AD, which was

consistent among all three datasets. In total, we were able to validate

our translationally relevant genesof interest inmouse andhumanbrain

and show an increase in expression of hippocampal genes related to

AD/ADRD and inflammatory pathways.

3.10 Association among APP, SPP1, microglia,
and cognition

Finally, to add additional physiological relevance to our data, we per-

formed a correlative analysis using APP and SPP1 signaling-related

gene expression, microglial morphology, and cognitive outcomes

(Figure 8). For our microglial data, we focused on cell complexity in

the hilus and molecular layers as they were hippocampal regions with

the greatest difference due to diet. We used both average microglial

complexity and percentage of cells that fell within the two outermost

quartiles, indicative of a high degree of activation (quartile 1) ver-

sus low degree of activation (quartile 4). For our behavioral data, we

used the latency to escape from the terminal puzzle box to rank each

animals’ performance (average rank). Ranking placed the mouse with

the shortest average time to escape first, that is, lower number/rank

indicates better performance.

We found that poorer puzzle box performance correlated most

highly withmicroglial activation. Further, there was an inverse correla-

tion between behavior and microglial activation states, that is, greater

percentage of activated microglia (quartile 1) was linked to poorer

performance (positive correlation, indicated by a darker red color;

Figure 8), whereas a greater percentage of resting microglia (quartile

4) was associated with better performance (negative correlation;

indicated by a darker blue color; Figure 8). We also found a correlation

between APP and SPP1 signaling gene expression, behavior, and

microglial morphology. For behavior, while not statistically significant,

we found a strong correlation (Pearson correlation coefficient > 0.50)

between both APP and SPP1 and performance, in which a higher

expression of both genes was associated with worse performance

(i.e., higher rank). Multiple genes within APP and SPP1 signaling path-

ways were significantly correlated with microglial morphology. For

APP, SPP1, and ITGAV, a higher degree of microglial activation was

correlated with increased gene expression. Additionally, a greater
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percentage of activated microglia (quartile 1) correlated with

increased gene expression, whereas a greater percentage of rest-

ing microglia (quartile 4) correlated with decreased gene expression.

For SORL1, CD74, and ITGA5, this pattern was reversed, in which a

higher degree of activation or the distribution of microglia in different

activation states was associated with decreased gene expression.

Together, these data indicate that these translationally relevant

pathways and genes of interest are associated not only with microglial

changes, but also with behavioral outcomes, showing their strong

physiological relevance to disease.

4 DISCUSSION

We found that HFD caused persistent metabolic and cognitive defects

over 1 year of feeding. At the study end, mice exhibited inflammatory

phenotypes, which were reflected in changes in brain spatial transcrip-

tomic profiles. These included changes in cell–cell communication of

inflammatory pathways, particularly between gene expression clus-

ters with a high percentage of microglia. In AD+T2D human subjects,

we observed similar changes in inflammatory pathways and signal-

ing. Indeed, in our crossover analysis between mouse and human

data, as well as in the larger and more diverse AMP-AD dataset, we

found that many of the common pathways or signaling changes were

related to inflammation, such as altered SPP1 signaling. We validated

these findings and confirmed that AD- and inflammatory-related gene

expression was elevated in brains and specifically in microglia from

HFD animals. Further, we performed a correlative analysis to show

that changes in gene expression, including increased SPP1 and APP

gene expression, along with a more activated hippocampal microglial

morphology, were associated with worsemurine behavioral outcomes.

In total, our data support our hypothesis that microglial inflamma-

tory mechanisms, including SPP1, contribute to CI and are common

translationally relevant, pathologic factors.

We and others have previously shown that HFD causes obesity,

metabolic dysfunction, and CI.31,41,46–48 Here, we show that this

metabolic and cognitive phenotype is progressive during chronic feed-

ing. Furthermore, we show that metabolic factors, namely BW and

glucose dysregulation, are predictive of future cognitive performance.

Metabolic stressors typically progress along a continuum,49 which is

thought to promote CI due to shared disease-associated pathways,

including those related to aging and inflammation.50,51 Indeed, these

shared pathways may represent early pathological events as data in

humans indicate that metabolic factors, particularly midlife obesity,

increase the risk for later life CI.6,7

In addition to the metabolic and cognitive dysfunction in our HFD

animals, we also found peripheral and central inflammatory changes.

Specifically, HFD mice had a blunted response to LPS in plasma TNF-α
concentrations and in hippocampal microglial morphology. Previously,

we noted that 3 days ofHFD feeding did not alter plasma cytokine con-

centrations or response to LPS in 6-week-old mice.24 However, we31

and others52–54 have reported that long-term HFD feeding increases

plasma cytokine concentrations. Here, we also observed that SD mice

remained responsive to LPS in their microglial morphology, but that

HFD animals did not. This is consistent with our previous study in 6-

week-old mice, where 3 days of HFD blunted response to LPS in terms

of hippocampal microglia morphology.24

We observed few changes in morphology between saline-treated

SD and HFD mice. There are reports that under unstimulated con-

ditions, HFD alters microglial morphology to a state indicative of

activation,25–27 namely a more ameboid shape with fewer and shorter

processes.26,27 Here, limited differences between saline SD and HFD

mice may be due to multiple factors. Microglial morphology is very

plastic and can change rapidly in response to environmental cues,55

or even tissue fixation protocols.56 Importantly, aging alone can influ-

ence morphology,57 and it is highly possible that age-related changes

in our saline-treated mice overwhelmed diet-related differences. The

chronic nature of this study (i.e., HFD feeding for 1 year) may have

also triggered compensatory mechanisms in microglia, particularly in

their unstimulated state. However, our HFD mice exhibited a loss of

functionality in response to insult or injury, that is, LPS, supporting our

contention that chronic HFD alters inflammatory profiles in the form

of a reduced ability to respond to immune challenge.

A blunted response to LPS has been observed by others in STAT3

activation in the brains of HFD fed rats.58 Additionally, in aging59

or metabolic stress,59 cells (including microglia) can develop senes-

cence, which is characterized by a loss of function and arrested

cell cycle. Senescent cells also acquire a “senescence-associated

secretory phenotype” with release of pro-inflammatory factors and

cytokines, growth and death proteins, proteases, and extracellular

matrix components.60–62 Senescent microglia specifically can lose

their ability to prune synapses and clear debris, such as protein aggre-

gates like amyloid beta, which has been linked to CI.63 We previously

showed that changes in directionality of inflammatory gene expression

due to HFD are dependent upon age: adult animals had an increase

versus a decrease of the same inflammatory genes in middle-aged

animals.31 Therefore, an enrichment of inflammatory pathways in our

transcriptomics results supports our data showing a reduced respon-

siveness to LPS, indicating a dysregulated immune or inflammatory

milieu in the brain.

Indeed, our spatial transcriptomics analysis of murine brains

showed a marked change in gene expression profiles due to HFD—

specifically, altered neurodegenerative, metabolic, and inflammatory

or immune pathways. These changes were primarily present in our

clusters of interest, which contained a high percentage of glial cells.We

also observed that HFD altered cell–cell communication, including sig-

naling related tomultiple inflammatory or immune response pathways.

In parallel, spatial transcriptomics of human hippocampi show that

AD+T2D resulted in similar changes with respect to gene expression

cluster distribution and gene expression profiles. Neurodegenerative,

metabolic, and inflammatory pathways and signaling were particularly

prominent inAD+T2Dclusters of interest, which had a high proportion

of glial cells.Glial cells, particularlymicroglia, have longbeen implicated

in neurodegenerative diseases, includingAD/ADRD.9,64,65 We and oth-

ers have previously shown that microglia become aberrantly activated

in mouse models of obesity and prediabetes,24–27 as discussed above.
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However, more studies are needed to fully understand inflammatory

pathways that contribute to disease and the timeline of inflammatory

events that contribute to progression in a cell-specific manner.

Analysis of common dysregulated genes or pathways across our

murine and human datasets, including in the larger and more diverse

AMP-AD dataset, further highlighted the importance of neurodegen-

erative, metabolic, and inflammatory or immune response pathways.

Of these common inflammatory changes, disrupted SPP1 signaling

emerged as a target of interest. Downstream SPP1 targets were iden-

tified as DEGs in mouse and human datasets, including C1QA, a critical

component of the first step in the classic complement cascade,43

and NFκBIA, a regulator of the pro-inflammatory transcription factor

NFκB.44,45 Similarly, we were able to validate increased SPP1 expres-

sion inmurine hippocampalmicroglia and showed increased inflamma-

tory responses and cell death under obesogenic conditions in a human

microglial cell line. SPP1 was further validated as a common signifi-

cantly altered signaling pathway in the AMP-AD dataset. Additionally,

our correlative analysis showed that poorer cognitiveoutcomes inHFD

mice were associated with a more activated hippocampal microglial

morphology, and with higher APP and SPP1 expression. SPP1 encodes

for the protein osteopontin (OPN), which is highly expressed in the

CNS66,67 and in microglia, particularly disease-associated microglia,

and its expression increases with age.68 Apart from its involvement in

TH1 immune responses and its actions as a chemokine/cytokine,66,69

SPP1/OPN can promote type-1 interferon gene expression by acti-

vating interferon regulatory factor 7.70 It can also associate with

other proinflammatory signaling receptors or molecules to promote

downstream pro-inflammatory responses.71,72 Implicated in multiple

neurodegenerative diseases, SPP1/OPN is increased in plasma and

cerebrospinal fluid of AD/ADRD subjects and is linked to cognitive

outcomes.73 SPP1 knockout can also reverse inappropriate microglial

synaptic pruning in AD mouse models,20 indicating an important role

for this inflammatory pathway in disease pathology. Thus, SPP1 is

a promising target of interest that should be interrogated for the

treatment of metabolically driven CI.

While our studies implicate a role formicroglial-mediated inflamma-

tion and inflammatory dysregulation in CI, it has some limitations. Our

murine studies were only performed in male animals. It is widely rec-

ognized that there are differences due to sex in metabolic and inflam-

matory phenotypes and responses in both mice74–76 and humans74,77

and CI is more prevalent in females versus males. However, our analy-

sis of AMP-ADdata, which contains bothmale and female participants,

shows good agreement with our spatial transcriptomics datasets. Fur-

ther, studies are currently underway to better understand sexually

dimorphic metabolic, inflammatory, and cognitive responses to HFD.

We report changes in hippocampal gene expression and microglial

morphology in HFD mice which associate with CI; however, we did

not have access to cognitive assessments for our human subjects and

cannot claim similar correlations here. Other studies support our con-

tention that SPP1 has a role in regulating cognitive function, including

an association between cortical SPP1 gene expression and cognition in

a large human cohort.19 However, we did not determine the effects of

cell type–specific SPP1 knockout on cellular responses and cognitive

outcomes in HFD mice. Similarly, we did not investigate pharmacolog-

ical or other treatment options to block SPP1 signaling in vivo. These

future experiments are the first step necessary to establish causal-

ity, confirm SPP1 as a therapeutic target, and take these findings into

the clinic. While our transcriptomics data were performed on a lim-

ited number of samples, the agreement between our data and the

larger existing AMP-AD dataset, along with the agreement between

our murine and human data, we contend that our results support the

hypothesis that inflammation and microglia are key drivers of CI and

that SPP1 represents a viable mechanistic target for future research.

Finally, while we have single-cell resolution in our human data, our

murine data lacked this resolution. Subsequent studies are underway

to elucidate the role of SPP1 and other inflammatory mechanisms in

metabolically driven CI in a cell-specific manner.

Overall, we show that inflammation and immune-mediated mecha-

nisms contribute to obesity and metabolically driven CI in mice and in

humans. Further, we show that microglia play a critical role in mediat-

ing these mechanisms, with SPP1 and the SPP1 pathway emerging as a

key inflammatory pathway of interest in disease.
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