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SUMMARY

Identifying practical ways to counteract aging and associated degenerative disorders is urgently needed. We 
performed deep molecular profiling and functional assessments in aging male mice to show that glucagon-

like peptide-1 receptor agonist (GLP-1RA) treatment broadly counteracts age-related changes. In mice 
treated with a GLP-1RA from 11 months for 30 weeks, we observed strong body-wide multi-omic age-coun-

teracting effects and improved selected physical functions. Importantly, the effects were specific to aged 
mice, not young adults, and were attained with a relatively low dose that minimally affected food intake or 
body weight. With GLP-1RA treatment beginning at 18 months for 13 weeks, the molecular age-counteract-

ing effects were even stronger and largely dependent on hypothalamic GLP-1R, pointing to a brain-body axis 
of aging modulation. Comparison with mammalian target of rapamycin (mTOR) inhibition, a proven anti-aging 
strategy, revealed strong multi-omic similarities. Our findings have broad implications for the mechanisms 
behind GLP-1RAs’ pleiotropic benefits, guiding clinical trials, and informing development of anti-aging-

based therapeutics.
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INTRODUCTION

Aging is a complex process involving diverse cellular and molec-

ular alterations across all body systems, resulting in progressive 

functional decline. Discovering effective strategies to counteract 

aging-associated changes is a significant scientific pursuit 

with profound societal implications, given the potential to 

improve overall well-being and extend healthy lifespan. 

Numerous strategies have shown promising experimental data, 

such as mammalian target of rapamycin (mTOR) inhibitors, 1,2 se-

nolytics, 3,4 nicotinamide adenine dinucleotide boosters, 5–7 

taurine supplements, 8 intermittent fasting and calorie restric-

tion, 9–11 cellular reprogramming, 12,13 and circulating factor mod-

ulation. 14–22 Studies testing these methods have significantly 

advanced our understanding of the aging process and enhanced 

our ability to counteract it. An ideal anti-aging method should 

possess several characteristics, including (1) a pharmacological 

approach to facilitate practical deployment, (2) a good safety 

profile with a wide therapeutic window for ease of achieving a 

good benefit-side effect balance, (3) broad potential applicability 

to various diseases affecting different organ systems in aging, 

and (4) potential mechanistic synergy with other therapeutic tar-

gets in age-related diseases, allowing for combination therapies. 

While the above approaches are promising, each has its own set 

of challenges and limitations. To date, many still require further 

refinement and development in one or more key attributes for 

clinical application. 23,24

Glucagon-like peptide-1 (GLP-1) is a peptide hormone pro-

duced by intestinal enteroendocrine cells in the periphery and 

by preproglucagon-expressing neurons in the brainstem soli-

tary tract nucleus (NTS) in the central nervous system 

(CNS). 25 In the pancreas, GLP-1 receptor (GLP-1R) signaling 

enhances postprandial and hyperglycemia-induced insulin 

release. In the CNS, GLP-1R in the hypothalamus and the brain-

stem NTS play crucial roles in regulating satiety, metabolism, 

and other neuroendocrine processes. 25–27 With advancements 

in understanding GLP-1 biology, multiple GLP-1R agonists 

(GLP-1RAs) have been developed based on pharmacokinetic 

innovations and have achieved remarkable success in treating 

diabetes mellitus (DM) and obesity. 28 Notably, besides cardio-

vascular and renal benefits, 29–32 GLP-1RA use in DM has shown 

a wide range of pleiotropic effects, including a reduction in the 

incidence of cognitive decline, 33,34 Parkinson’s disease, 35 and 

cancers of some organs. 36–38 In non-diabetic overweight or 

obese subjects, use of GLP-1RA reduced cardiovascular mor-

tality. 39 GLP-1RAs have also demonstrated efficacy in various 

animal models of neurodegenerative conditions. 40,41 Pilot trials 

investigating the use of GLP-1RAs in the treatment of non-dia-

betic patients with dementia 42,43 or Parkinson’s disease 44–46 

have been conducted, several of which reported encouraging 

results. 42–45

We postulate that GLP-1RAs are able to broadly counteract 

age-related changes body-wide. This would offer a unifying 

mechanistic explanation for the drugs’ effectiveness in diverse 

disease models and their expanding clinical indications. As a 

pharmacological approach, GLP-1R agonism also fulfills the 

above-mentioned criteria for an ideal anti-aging method. We 

have previously demonstrated that treatment with exenatide 

(a.k.a. exendin-4, a GLP-1RA) potently counteracts age-related

transcriptomic changes across diverse glial and vascular cell 

types in the mouse brain. 47,48 In this study, we investigate 

whether GLP-1RA treatment can impart whole-body age-coun-

teracting effects. Such effects, if present, should span across or-

gans, lead to functional improvements, and manifest at several 

molecular levels, including the transcriptome, DNA methylome, 

and the circulating metabolome. As GLP-1R is highly expressed 

by subsets of cells in the hypothalamus, 49 a key regulator of 

systemic homeostatic processes, 50 we also aim to determine 

whether the molecular age-counteracting effects depend on 

CNS GLP-1 signaling through hypothalamic GLP-1R. Finally, 

we benchmark our GLP-1RA strategy against the mTOR inhibitor 

rapamycin—currently the most potent pharmacological anti-ag-

ing agent. 1

RESULTS

GLP-1RA treatment improves selected physical 

functions in aging mice

Past studies have shown that significant molecular 

changes associated with aging begin to emerge in mice as early 

as ∼10–12 months old, 51–53 accompanied by functional 

decline. 54–56 We initiated our study in middle-aged mice, which 

allowed us to capture the early stage of these age-related 

changes and evaluate the potential preventive effects of GLP-

1RA treatment on age-related phenotypes. We first asked 

whether long-term GLP-1RA treatment could improve physical 

and cognitive functions. To this end, we administered male 

C57BL/6 mice with intraperitoneal injection (i.p.) of either a 

GLP-1RA (exenatide, 5 nmol/kg bw/day, n = 9 animals) or 

a vehicle (phosphate-buffered saline [PBS], n = 9 animals) for a 

duration of 30 weeks, starting when the mice were 11 months 

old, and conducted functional assessments on these animals 

(Figure 1A). A young control group (n = 10 animals) that received 

vehicle treatment from 3 months of age for 4 weeks was included 

for selected comparative analysis (Figure 1A).

To evaluate the impacts on muscle power and motor coordi-

nation, we carried out forelimb grip strength and accelerated ro-

tarod tests at baseline, after 3 months, and after 6 months of 

treatment. Additionally, we employed the Barnes maze and 

Y-maze, two spatial learning and memory assays, to assess 

cognitive performance longitudinally (Y-maze) and after 6 months 

of treatment (Barnes maze). The vehicle-treated mice exhibited 

significant age-dependent decline in forelimb grip strength 

(Figure 1B), some apparent decrease in the first 3 months but 

non-significant overall change in rotarod performance across 

the 6 months (Figure 1C), and maintained stable performance 

in the Y-maze measured as novel arm exploration time propor-

tion across ages (Figure S1A). The exenatide-treated mice 

demonstrated enhancements in both forelimb grip strength 

(Figures 1B and 1D) and rotarod test performances (Figures 1C 

and 1E) relative to the vehicle group animals of the same age 

and treatment duration. The effects became progressively 

more pronounced over the 6-month treatment period 

(Figures 1D and 1E). Consistent with the lack of age-related 

decline observed in the Y-maze performance in the vehicle 

group, exenatide treatment only exhibited a trend of improving 

the performance in this assay based on trend test, but 

not when directly comparing the treatment endpoint data
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(Figure S1B). In the Barnes maze test, we did not observe signif-

icant differences in primary latency to reach the target between 

the experimental groups (Figure 1F). Although assay day 1 data 

showed that aged vehicle-treated mice on average tended to 

take longer to find the target than the young vehicle-treated con-

trol group, with the aged exenatide group’s performance in be-

tween, the performance across all groups converged from assay 

day 2 onward (Figure 1F). Number of errors made on assay days 

1–4, and performances in probe trials also exhibited no signifi-

cant differences across groups (Figure S1C).

We further assessed exploratory and anxiety-like behaviors 

using the open-field test after 6 months of treatment. Total loco-

motor activity did not differ between exenatide- and vehicle-

treated mice (Figure 1G). However, exenatide-treated mice 

spent significantly more time in the periphery of the behavioral 

arena compared with vehicle controls (Figure 1H), indicating 

increased center avoidance. Notably, a previous study reported 

that aging alters anxiety-like behavior in male mice, including 

decreased center avoidance in open-field test. 54 Additionally, 

we employed a machine vision-based algorithm to calculate a 

frailty index (FI) score from open-field video recordings. 57 In 

our dataset, the algorithm-predicted FI demonstrated a clear in-

crease when comparing middle-aged (9 months old) with young 

(4 months old) mice (Figure S1E). When examining the FI pro-

gression from middle age to older age (17 months old), only 

two of four prediction models detected non-significant 

upward trends, while the other two showed no further increase 

(Figure S1E), demonstrating less pronounced predicted FI differ-

ences over this age range, consistent with the original study. 57 

Upon completion of 6-month treatment, comparisons between 

exenatide and vehicle treatment groups revealed no differences 

in the algorithmically determined FI in the aged mice 

(Figure S1F).

To control for potential confounding factors that could impact 

aging, we closely monitored body weight and food intake 

throughout the treatment period, while fasting blood glucose 

was also assessed after 6-month treatment. Importantly, at the 

chosen dosage of exenatide, there were no significant differ-

ences in body weight (Figure 1I) or food intake (Figure 1J) be-

tween the two groups during the treatment period. We further es-

tablished that the functional benefits observed were not 

confounded by body weight loss. Specifically, linear model 

fitting showed that body weight change did not significantly influ-

ence the relative improvements in forelimb grip strength or ro-

tarod performance, yielding non-significant positive coefficients 

(Figures S1G and S1H). This was corroborated by correlation 

analysis, which also revealed no negative relationship between 

weight change and the functional readouts after 3 or 6 months 

of exenatide treatment (Figures S1G and S1H). Additionally, 

there were no observed differences in fasting blood glucose 

levels between the two groups after 6 months of treatment 

(Figure 1K). The exenatide-treated group exhibited a reduction 

in gonadal fat as a percentage of body weight (Figure 1L), which 

aligns with the known pharmacological action of GLP-1RAs. 58 

We also carried out a separate set of experiments in young 

male mice (n = 9 animals each group), starting at 3 months old 

(Figure 1M). In contrast to the aged mice, the young mice treated 

with exenatide did not perform better in the forelimb grip strength 

test (Figures 1N and 1O), yet they exhibited a marginal improve-

ment in the rotarod test relative to the vehicle group (Figures 1P 

and 1Q), which declined with age from 3 to 9 months old 

(Figure 1P). Exenatide-treated young mice did not outperform 

the vehicle-treated counterparts in Barnes maze (Figures 1R 

and S1D) and displayed a slight increase in overall locomotion 

in the open-field test (Figure 1S), along with increased time spent 

at the center (Figure 1T) after 6 months of treatment. Exenatide

Figure 1. Physical, cognitive, and metabolic readouts in two cohorts of male mice: Aging mice treated with a GLP-1RA (exenatide) or vehicle 

for 30 weeks starting at 11 months old and young adult mice for 26 weeks starting at 3 months old

(A) Schematic of experimental design for the cohort of aging mice with long-term treatment.

(B and C) Performances of aging mice treated with exenatide vs. phosphate-buffered saline (PBS) vehicle in forelimb grip strength and accelerated rotarod tests 

across ages. Raw values are plotted.

(D and E) Left: forelimb grip strength and rotarod performances of aging mice treated with exenatide plotted as differences from vehicle group mean at each 

treatment duration time point. Right: boxplots comparing the respective performance measures at baseline or after 6-month treatment.

In (B)–(E), dots connected by lines are longitudinal data from individual animal subjects, and the lines are color-coded according to temporal change across two 

consecutive time points of assessment (green: increase; magenta: decrease). Dashed lines in the left of (E) indicate lines connecting to dots with values beyond 

the y axis upper limit.

(F) Performances of the exenatide- and vehicle-treated aging mice in the Barnes maze test after 6-month treatments (i.e., tested at 17 months old), and that of a 

group of young adult male mice after 4-week vehicle treatment (at 4 months old). Mean (±SEM) of primary latencies to reach target over four consecutive assay 

days are shown for each experimental group. Each mouse was tested once on assay day 1 (after the initial training trial), and twice daily on assay days 2–4. 

Primary latencies were averaged to obtain the value for each day on assay days 2–4. Shorter primary latencies indicate better performances. Sample sizes are 

indicated in squared brackets (numbers of animals for aged GLP-1RA, aged vehicle, and young vehicle groups).

(G and H) Bar plots (mean [±SD]) of open-field test behavioral readouts, including locomotor activity level measured as total travel distance over 10 min and 

proportion of time spent at the periphery (reflecting anxiety-like behavior) for the two aging treatment groups after 6-month treatments.

(I) Mean (±SD) body weights of the two aging animal groups throughout the treatment period (monitored weekly).

(J) Average daily food intake per mouse for the two aging animal groups throughout the treatment period (monitored weekly).

(K) Fasting blood glucose levels at baseline and after 6-month treatments for each animal subject in the two aging treatment groups.

(L) Gonadal fat weight as percentage of body weight in the two aging treatment groups.

(M–X) Similar to (A)–(L), but for the cohort of young adult mice with long-term treatment. Note that for this cohort, mice were tested once daily in Barnes maze at 

9 months old.

Sample sizes: n = 9 mice (biological replicates) for each experimental group, except n = 10 4-month-old biological replicates that received vehicle treatment, for 

data presented in (B)–(K) and (N)–(X). n = 3 and 6 biological replicates for exenatide and vehicle treatment groups, respectively, for data presented in (L). These 

apply to the statistical tests in the respective panels. p values: (B, C, N, and P, left) Page’s trend test for decreasing trend; (D, E, O, and Q, left) Page’s trend test for 

increasing trend; right, one-sided rank-sum test (to examine if exenatide group > vehicle group values); (F) two-way mixed ANOVA; (G, H, L, S, T, and X) two-sided 

rank-sum test; (I, K, R, U, and W) two-way repeated-measures ANOVA. Rx, treatment.
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reduced body weight gain in the young mice (Figure 1U), despite 

their food intake remaining unaffected (Figure 1V). Similar to the 

aged animals, there were no observed differences in fasting 

blood glucose between the two groups after 6 months of treat-

ment (Figure 1W), whereas gonadal fat was also reduced by 

the long-term exenatide treatment (Figure 1X).

Collectively, these results revealed a consistent pattern 

whereby GLP-1RA treatment most effectively benefits physio-

logical functions that exhibit more prominent age-related 

decline, including forelimb grip strength and rotarod perfor-

mance. By contrast, measures that remained more stable across 

the period of treatment did not show significant improvement 

(e.g., Y-maze performance, Barnes maze learning, and FI), 

although we do not rule out the possibility that larger mouse co-

horts may reveal more subtle differences. This observation was 

further reinforced by the minimal exenatide treatment effects in 

the younger mice, where age-related declines had largely not 

yet occurred. These findings suggest that GLP-1RA treatment 

may selectively target aging-vulnerable pathways rather than in-

discriminately enhancing all functions.

GLP-1R agonism ameliorates body-wide age-related 

molecular changes across multiple omic levels

We next aimed to explore whether the observed functional ben-

efits were associated with the counteraction of age-related mo-

lecular changes. To this end, at the conclusion of the treatment 

period we collected various tissue organs and blood samples 

from the animals for multi-omic assessments (Figure 1A). We 

included a young male mouse group that received vehicle treat-

ment for differential analyses (Figure 1A).

Using bulk RNA sequencing, we compared the age-related 

and exenatide treatment-induced transcriptomic changes 

throughout the body. Strikingly, exenatide treatment led to a 

widespread counteraction of age-related transcript expression 

changes in numerous tissue organs, as well as in circulating 

white blood cells (WBCs) (Figures 2A–2H and S2A–S2E). This ef-

fect was particularly prominent in metabolically demanding tis-

sues and organs, including the brain regions hypothalamus 

and frontal cortex (Figures 2A and 2B), gonadal adipose tissue 

(Figure 2C), colon (Figure 2D), heart (Figure 2F), and skeletal 

muscle (Figure 2G). Based on sensitivity analysis involving 

random permutation of aged mouse treatment group labels 

(STAR Methods), the transcriptomic age-counteraction was the 

most robust in the hypothalamus, frontal cortex, adipose tissue, 

colon, circulating WBCs, heart, and skeletal muscle (Figures S3A 

and S3B). The age-counteracting effect of exenatide was also 

evident on principal component analysis (PCA) of gene expres-

sion patterns in various tissue organs. Despite some sample-

to-sample variance inherent to transcriptomic profiling across 

animals and age, for the hypothalamus, frontal cortex, adipose 

tissue, colon, and circulating WBCs, the overall distribution 

and centroid of the aged exenatide group data points shifted 

away from the aged vehicle group and toward the young vehicle 

group (Figure S4A). The age-related transcriptomic changes that 

were counteracted by exenatide treatment varied across the 

different tissue organs and circulating WBCs (Figures 2A–2G, 

right), consistent with the known organ-specific patterns of ag-

ing-associated expression changes. 51 Additionally, exenatide 

treatment counteracted age-related metabolomic changes in

the circulation (Figure 2I), apart from the effect observed in the 

circulating WBC transcriptome (Figure 2E). Many functionally 

relevant genes, including those associated with key hallmarks 

of aging, 59,60 such as cellular senescence (Figure 3A), oxidative 

phosphorylation (Figure 3B), and macroautophagy (Figure 3C), 

exhibited predominantly opposite patterns of transcript expres-

sion level changes between aging and exenatide treatment 

across the tissue organs and circulating WBCs. Enrichment 

analysis on the age-related transcript expression changes coun-

teracted by exenatide treatment implicated diverse impacts on 

organ/tissue-specific functions, as well as shared processes 

across body sites (Figures 3D and S2F).

To further examine transcriptomic changes holistically, we 

performed weighted gene co-expression network analysis 61 

(WGCNA), identifying differentially expressed gene modules 

across the tissue organs in aging (Figure 3E), which were expect-

edly enriched with genes associated with various aging-associ-

ated cellular processes (Figure S4B). Notably, exenatide 

treatment predominantly modulated gene module expression 

in a manner counteractive to aging across tissue organs and 

circulating WBCs (Figure 3E). Many exenatide treatment-

induced differentially expressed modules were enriched in 

genes involved in biological processes that undergo age-depen-

dent changes (Figures 3F and 3G). Exenatide-upregulated mod-

ules most counteractive to aging (adipose tissue modules 3, 8, 9; 

circulating WBCs module 1; colon module 2; frontal cortex mod-

ule 10; hypothalamus modules 2, 9; spleen module 15) showed 

significant enrichment in protein translation/proteostasis, senes-

cence, inflammatory response, and lysosome/autophagy/mi-

tophagy pathways (Figures 3E and 3F). Modules that were 

downregulated by exenatide treatment and counteractive to ag-

ing (adipose tissue module 4; colon modules 1, 33; frontal cortex 

module 14; hypothalamus module 1; kidney module 12; lung 

module 17; skeletal muscle modules 8, 16) were enriched in 

similar functional pathways (Figures 3E and 3G). These further 

indicated that exenatide counteracts aging-associated and 

functionally relevant transcriptional changes across the tissue 

organs.

Epigenetic changes play a crucial role in regulating gene 

expression and are recognized as a hallmark of aging. 59,60 We 

further investigated the effects of GLP-1RA treatment on DNA 

methylation (DNAm) patterns and their correlation with age-

related modifications using a DNA microarray that covers over 

320,000 CpG sites. 62,63 These consist of ∼285,000 mouse 

CpG sites, 64 and it also allows imputation of ∼40,000 sites 

conserved among multiple mammalian species, the effects on 

which may have higher generalizability across species. 62,63 We 

first analyzed the treatment impact on the ∼285,000 mouse 

sites. Similar to the transcriptomic level, we found that exenatide 

treatment effectively and broadly counteracted aging-associ-

ated methylation changes across multiple tissues, encompass-

ing brain regions (the hypothalamus, frontal cortex, and hippo-

campus), gonadal adipose tissue, circulating WBCs, heart, and 

skeletal muscle (Figures 4A and 4B). Interestingly, the age-coun-

teracting effect was not evident on the colon or spleen methyl-

ome (Figures 4A and 4B), despite the transcriptomic age-coun-

teraction in the colon (Figures 2D and 2H). By contrast, 

exenatide treatment-induced methylation changes antagonistic 

to those that occurred in aging in the kidney and liver
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(Figures 4A and 4B), whereas we did not detect dominant 

transcriptomic age-counteracting effects for these organs 

(Figures 2H, S2D, and S2E). In sensitivity analysis with permuta-

tion of aged mouse treatment group labels (STAR Methods), the 

phenomenon was the most robust in the hypothalamus, frontal 

cortex, adipose tissue, and heart (Figures S3C and S3D). We ob-

tained similar results with additional analysis focusing on 

the ∼40,000 imputed multi-mammalian conserved sites 

(Figures 4C and S5A). We also further analyzed two established 

DNAm age clocks, 63,65 yet we did not observe statistically signif-

icant reductions in epigenetic age clocks in any tissues after ex-

enatide treatment (Figure S5B).

For the young male mouse cohort (Figure 1M), we similarly 

profiled transcript expression changes across tissues and or-

gans and compared the exenatide treatment-induced differential 

expressions with those found in the aged animals (Figure S6). 

Generally, exenatide treatment resulted in fewer and distinct 

expression changes in the young cohort. This was reflected by 

the much smaller numbers of significantly differentially ex-

pressed genes caused by exenatide treatment and the lack of 

correlation in exenatide induced differential expression between 

young and aged animals (Figure S6), except for circulating 

WBCs, where a modest positive correlation was observed 

(Figure S6). These indicate that the age-counteracting transcrip-

tomic effects of GLP-1RA treatment are largely specific to the 

aged mouse.

Taken together, these findings provided compelling evidence 

that the functional benefits observed in aged mice following

Figure 2. Transcriptomic impacts across tissue organs and circulating WBCs in aging male mice treated with a GLP-1RA (exenatide) for 

30 weeks starting at 11 months old and associated circulating metabolomic changes

(A–G) Left: scatterplots showing transcriptomic changes in aging (x axis) vs. exenatide treatment (y axis) in different tissue organs and circulating WBCs. Each dot 

represents one differentially expressed gene (DEG), color-coded by treatment (Rx) effect categories as shown in the inset (counteraction, opposing aging and Rx 

effects; exacerbation, same aging and Rx effects; aging- or Rx-dominant, statistically significant in the respective comparison only; no additional label, significant 

for both aging and Rx effect comparisons; see also STAR Methods). Inset of (A): symbol for transcript. Right: heatmaps of the expression levels of top 50 protein-

coding genes with aging-associated differential expressions that were counteracted by exenatide treatment (25 upregulated and 25 downregulated) in the 

different tissue organs and circulating WBCs (see STAR Methods for ranking methodology).

(H) Summary bar plot of the proportions of DEGs under the different Rx effect categories (as specified in the inset of A–G).

(I) Scatterplot showing plasma metabolomic changes in aging (x axis) vs. exenatide treatment (y axis). Each dot represents one metabolite.

In (A)–(G) and (I), the lines represent linear fits (with confidence interval [gray] in I). The Spearman correlation coefficients (R S ) and associated p values are also 

shown. Numbers in squared brackets for each scatterplot and at the top of each heatmap indicate sample sizes for each profiling (numbers of mice [biological 

replicates] for young adult vehicle, aged vehicle, and aged exenatide groups).
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Figure 3. Transcriptomic impacts across tissue organs and circulating WBCs in aging male mice treated with a GLP-1RA (exenatide) for 

30 weeks starting at 11 months old

(A–C) Dot plots showing differentially expressed genes (DEGs) annotated with three aging-associated functional pathways in the Kyoto Encyclopedia of Genes 

and Genomes (KEGG) database, namely cellular senescence, oxidative phosphorylation, and macroautophagy. A gene is featured if it exhibits significant dif-

ferential expression in at least one comparison (i.e., aging and/or treatment effects). For each featured gene, its differential expression is visualized with dots in 

plots corresponding to both the aging and treatment effects within the gene panel.

(legend continued on next page)
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long-term GLP-1RA treatment are closely linked to counterac-

tion of aging at the transcriptomic, epigenetic, and metabolomic 

levels in body-wide tissue organs.

GLP-1RA age-counteracting molecular effects are 

partially mediated via a hypothalamic receptor-

dependent brain-body axis

The functional and multi-omic age-counteracting effects of GLP-

1RA treatment can in theory be mediated by systemic impacts 

driven by GLP-1R activation in the CNS, the pancreas, and/or 

local actions at different body sites. Although it is difficult to 

completely separate and quantify the relative contributions of 

each component in every tissue organ, we recognized the impor-

tance of gaining a better understanding of the mechanisms 

involved in the age-counteracting effects of GLP-1RA treatment. 

To address this, we sought to investigate the potential role of hy-

pothalamic GLP-1R in the age-counteracting molecular effects 

of GLP-1RA treatment.

We performed experiments using separate groups of male 

mice at an older age than the previous batch, starting treatments 

at 18 months old and continued for 13 weeks (i.e., ∼3 months) 

(Figure 5A). These mice were divided into different groups: one 

group received a hypothalamic adeno-associated virus vector 

(AAV) injection to express a short hairpin RNA (shRNA) and spe-

cifically knockdown Glp1r in the hypothalamus, while another 

group received a control AAV injection with a scramble shRNA 

(Figure 5A). Both groups were further divided into subgroups 

that either received exenatide treatment (at the same dose as 

before) or PBS vehicle (Figure 5A) (n = 5 male mice for each of 

the aged experimental subgroups; see also Table S1). Addition-

ally, a young adult vehicle control group (n = 6 male mice) that 

received scramble shRNA AAV injection was included for com-

parisons (Figure 5A). From a subset of animals from each of 

the experimental groups or subgroups (n = 3 mice per group/ 

subgroup), we assayed Glp1r transcript abundance in the hypo-

thalamus with quantitative PCR (STAR Methods) and observed a 

reduction of near or over 50% in the knockdown subgroups 

(Figure 5B). We also validated our receptor knockdown protocol 

at the protein level with immunohistochemistry, noting strong 

attenuation of hypothalamic GLP-1R staining signals in the dor-

somedial, ventromedial, and arcuate nuclei (Figures S7A and 

S7B), and some reduction in the paraventricular nuclei 

(Figures S7C and S7D), sparing other brain regions (e.g., the thal-

amus and hippocampus) (Figures S7C and S7D). Over the first 

7 weeks of the treatment period, food intake remained stable 

in these aged mice (Figure S8A), while a slight trend of decreased 

body weight was observed only in the exenatide-treated 

scramble shRNA control group (Figure S8B). No significant dif-

ferences in glucose tolerance were found among the groups af-

ter the 13-week treatment period (Figure S8C). Although not sta-

tistically significant, the changes in gonadal fat weight were 

consistent with the expected effects of Glp1r knockdown (i.e., 

higher percentage of body weight with hypothalamic Glp1r 

knockdown) and GLP-1RA treatment (i.e., lower with exenatide 

treatment) (Figure S8D).

Consistent with the previous findings, we observed wide-

spread age-counteracting transcriptomic effects of exenatide 

treatment in the hippocampus, frontal cortex, circulating 

WBCs, heart, and skeletal muscle (Figures 5C and 5D). Interest-

ingly, these effects appeared to be even stronger in this cohort of 

mice where treatment was delivered at an older age (i.e., from 18 

to 21 months old). This was evidenced on differential expression 

(Figures 5C and 5D) and permutation sensitivity analysis 

(Figure S9A), particularly clear shifts of aged exenatide treatment 

group data points toward the young vehicle group on PCA 

despite some across-sample variance (Figure S8H), as well as 

differentially expressed gene modules revealed by WGCNA 

(Figures 5E, S4C, and S4D), in all tissue organs profiled (i.e., 

hippocampus, frontal cortex, circulating WBCs, heart, and skel-

etal muscle), compared with the earlier treatment cohort (cf. 

Figures 2B, 2E–2G, 3E, S2A, S3A, S3B, and S4A). Among exena-

tide-upregulated gene modules counteractive to aging (hippo-

campus modules 2, 8; frontal cortex module 10; circulating 

WBCs module 13; skeletal muscle modules 5, 7, and 15), we 

found significant enrichment of principally genes associated 

with protein translation/proteostasis and lysosome/autophagy/ 

mitophagy (Figures 5E and S4D). For exenatide-downregulated 

modules opposing aging effect (hippocampus modules 1 and 

9; circulating WBCs module 10; heart module 3; skeletal muscle 

module 4), apart from the functional pathways shared with upre-

gulated modules, we also noted enrichment of genes involved in 

inflammatory response and senescence (Figures 5E and S4D). 

The counteraction of age-related transcript expression 

changes induced by exenatide treatment in the hippocampus re-

mained similarly strong after knocking down hypothalamic Glp1r 

(Figures 5F, 5G, and S8E). However, in the frontal cortex, circu-

lating WBCs, heart, and skeletal muscle, the transcriptomic age-

counteracting effects of exenatide treatment were weakened or 

even abolished by the Glp1r knockdown (Figures 5F, 5G, and 

S8E). This was evidenced qualitatively by an overall lack of nega-

tive correlations when comparing aging and exenatide treatment 

effects under hypothalamic Glp1r knockdown (Figure 5F), in 

contrast to the presence of permutation analysis-backed anti-

correlations across these tissue organs and circulating WBCs 

(Figures 5C and S9A). Intriguingly, exenatide treatment even 

exacerbated some age-related transcript expression changes

(D) Functional pathway terms enrichment among aging-associated transcripts with differential expressions that were counteracted by exenatide treatment 

across the different tissue organs and circulating WBCs.

(E) Weighted gene co-expression network analysis (WGCNA) with heatmap showing the normalized eigengene expression levels of significant differentially 

expressed modules with aging and/or exenatide treatment across animals in the different experimental groups. Gray squares represent missing values as not all 

animals had all tissues successfully profiled.

(F and G) Dot plots showing the enrichment of gene sets associated with various hallmarks of aging, among the exenatide treatment-induced differentially 

expressed modules in the tissue organs and circulating WBCs. Significant exenatide-upregulated (F) and downregulated (G) modules with opposite significant 

changes in aging are annotated with green dots at the bottom.

Sample sizes in (A)–(D) for each tissue organ and circulating WBCs follow that specified in Figure 2. For WGCNA and module gene enrichment analyses in (E)–(G), 

n = 8, 9, and 8 mice (biological replicates) for the young adult vehicle, aged vehicle, and aged exenatide treatment groups, respectively.
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in the heart and skeletal muscle of the hypothalamic Glp1r 

knockdown mice (Figures 5F, 5G, and S8E).

We similarly found widespread counteraction of aging-associ-

ated DNAm changes by exenatide treatment in this cohort 

across the hippocampus, frontal cortex, circulating WBCs, 

heart, and skeletal muscles (Figure 5H). Additional sensitivity 

analysis indicated that this remained robust in the hippocampus, 

frontal cortex, circulating WBCs, and heart (Figure S9C), accom-

panied by generally consistent DNAm age clock changes asso-

ciated with treatment, though statistical significance in age 

clocks reduction was observed only in the hippocampus 

(Figure S5C). The age-counteracting differential methylation 

changes was strongly attenuated in animals with hypothalamic 

Glp1r knockdown in the examined tissue organs and circulating 

WBCs (Figures 5I and S8F). This exhibited qualitatively as a lack 

of consistent negative correlations between aging and treatment 

effects on the methylomes (Figure 5I), unlike in hypothalamic 

Glp1r-intact mice where there was a uniform pattern of anti-cor-

relations supported by permutation analysis (Figures 5H 

and S9C). Notably, this occurred even in the hippocampus 

(Figures 5I and S8F), despite the preservation of age-counteract-

ing transcriptomic impact (Figures 5F and 5G). Although the 

modest age-counteracting effect of exenatide treatment on the 

circulating metabolome (Figure 5J) appeared to be generally 

consistent with or without hypothalamic Glp1r knockdown

(Figure S8G), the negative correlation between aging- and exe-

natide treatment-associated effects was diminished in the 

mice with Glp1r knockdown (Figure 5K).

Based on these results, we concluded that hypothalamic GLP-

1R is crucial in mediating the molecular age-counteracting ef-

fects of GLP-1RA treatment throughout the body. These data 

support the notion that the beneficial outcomes of GLP-1RA 

treatment are dependent on the activation of hypothalamic 

GLP-1R, which in turn contributes to the systemic counteraction 

of aging.

GLP-1R agonism and mTOR inhibition modulate multi-

omic landscapes along shared and distinct axes in aging 

As mTOR inhibition represents the strongest known anti-aging 

pharmacological intervention, we reasoned that establishing 

GLP-1R agonism as an anti-aging strategy would benefit from 

benchmarking against mTOR inhibition. Given the molecular 

age-counteracting effects of GLP-1RA and the known anti-aging 

effects of mTOR inhibition, 1,66 this comparison would allow us to 

determine their relative potencies and reveal potential pheno-

typic and/or mechanistic convergence. To this end, we included 

an additional experimental group of animals (n = 5 male mice) 

treated with rapamycin (8 mg/kg bw/2 days i.p., starting at 

18 months old and continued for 13 weeks; Figure 5A), from 

which we obtained identical metabolic and molecular readouts

Figure 4. DNA methylomic changes in aging male mice treated with a GLP-1RA (exenatide) for 30 weeks starting at 11 months old

(A) Scatterplots showing DNA methylation (DNAm) level changes in aging (x axis) vs. exenatide treatment (y axis) at sites covered by the Illumina mouse 285k array 

(mm285k) across different tissue organs and circulating white blood cells (WBCs). Each dot represents one differentially methylated locus (DML), color-coded by 

treatment (Rx) effect categories as shown in the inset (counteraction, opposing aging and Rx effects; exacerbation, same aging and Rx effects; aging- or Rx-

dominant, statistically significant in the respective comparison only; no additional label, significant for both aging and Rx effect comparisons; see also STAR 

Methods). For each plot, the line represents the linear fit. The Spearman correlation coefficients (R S ) and associated p values are also shown. Inset of left up-

per: symbol for DNAm. Sample sizes for the various tissue organs and circulating WBCs are specified in squared brackets (numbers of mice [biological replicates] 

for young adult vehicle, aged vehicle, and aged exenatide groups).

(B) Summary bar plot of the proportions of DML among the mm285k array sites under different categories (as specified in the inset of A).

(C) Similar to (B), but for DML among the imputed mammalian conserved sites covered by the mammalian 40k array (mm40k).
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Figure 5. Age-counteracting transcriptomic, methylomic, and metabolomic effects of 13-week GLP-1RA (exenatide) treatment in aged male 

mice starting at 18 months old and the dependence on hypothalamic GLP-1R

(A) Schematic of experimental design for the aged short-term treatment cohort. The animals received bilateral hypothalamic injection of adeno-associated virus 

vector (AAV) either for the expression of shRNA to knockdown (KD) Glp1r or scramble shRNA (scr), and received phosphate-buffered saline (PBS) vehicle, 

exenatide, or rapamycin treatment. HTH, hypothalamus; OGTT, oral glucose tolerance test.

(B) Mean (±SD) hypothalamic Glp1r transcript expression levels measured with quantitative PCR (n = 3 mice [biological replicates] from each group used for this 

comparison), relative to the mean of the aged control group (i.e., hypothalamic scramble shRNA AAV injection, treated with vehicle).

(C) Scatterplots showing transcriptomic changes in aging (x axis) vs. exenatide treatment (y axis) in different tissue organs and circulating white blood cells 

(WBCs). Each dot represents one differentially expressed gene (DEG), color-coded by treatment (Rx) effect categories as shown in the inset (counteraction,

(legend continued on next page)
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(Figures 5A, 5B, and S8A–S8D). Consistent with the known ef-

fects of mTOR inhibition, 66 rapamycin treatment led to a slight 

trend of decreased food intake (Figure S8A) and body weight 

(Figure S8B), significant impairment in glucose tolerance 67 

(Figure S8C), and reduction in gonadal fat (Figure S8D).

The age-counteracting effects of rapamycin were evident in 

the transcriptomes (Figures 6A, 6B, S8H, and S9B) and DNA 

methylomes (Figures 6C and S9D) of the hippocampus, frontal 

cortex, circulating WBCs, heart, and skeletal muscle, as well 

as in the circulating metabolome (Figure 6D). These multi-tissue 

effects support and extend previous findings on rapamycin’s 

strong counteraction of aging, including age-related changes 

in skeletal muscle transcriptome 68 and hippocampal DNA meth-

ylome. 69 Remarkably, the effects of exenatide treatment corre-

lated well with those observed with rapamycin at transcriptomic, 

methylomic, and circulating metabolomic levels (Figures 6E– 

6G). Their efficacies appeared similarly potent, as reflected by 

the transcriptomic and methylomic changes in the hippocam-

pus, circulating WBCs, heart, and skeletal muscle (Figures 5C, 

5D, 5H, 6A–6C, 6E, 6F, and S8H). A high similarity of the tran-

scriptomic effects of exenatide and rapamycin across all these 

tissues and circulating WBCs was also strongly supported by 

permutation sensitivity analysis (Figure S10A), whereas for 

DNA methylome the positive correlations were more robust for 

the hippocampus, circulating WBCs, and skeletal muscle 

(Figure S10B). In addition, rapamycin treatment had similar im-

pacts on DNAm age clocks as exenatide treatment, including 

the reduction of a DNAm age clock in the hippocampus 

(Figure S5C). In the skeletal muscle, exenatide appeared to 

induce even strong molecular age-counteraction in the tran-

scriptome (Figures 5C, 5D, 6A, 6B, S8H, S9A, and S9B). Mean-

while, rapamycin exhibited a stronger impact on the frontal cor-

tex transcriptome (Figures 5C, 5D, 6A, and 6B) and the 

circulating metabolome (Figures 5J, 6D, and 6G).

Finally, we performed WGCNA on the transcriptomic data to 

explore the functional gene modules affected either commonly 

or distinctively by treatments with exenatide and rapamycin. 

The analysis corroborated the substantial transcriptomic 

concordance induced by the two treatments, with numerous 

shared differentially expressed gene modules (Figure 6H). While 

we also noted that unique gene modules were significantly 

altered by each treatment, the overall directionality of expression

changes was consistent (Figure 6H). Pathway analysis revealed 

treatment- and tissue-specific effects, with exenatide preferen-

tially upregulating genes involved in mitochondrial energy meta-

bolism within the hippocampus (Figure 6I) and downregulating 

Notch signaling-related genes in skeletal muscle (Figure 6J). 

Conversely, rapamycin more strongly enhanced gene expres-

sions influencing energy metabolism in the heart (Figure 6I). 

Hence, while exenatide and rapamycin phenocopy each other’s 

effects, they also modulate age-related molecular changes in a 

tissue-specific and treatment-dependent manner.

DISCUSSION

Here, we show that GLP-1R agonism is a promising strategy for 

the mitigation of age-related decline and extension of health-

span. Encouragingly, the age-counteracting effects of GLP-

1RA treatment are widespread, spanning across tissues of the 

whole body, the circulatory system, and multiple molecular 

layers as demonstrated by our multi-omic assays. It has been 

proposed that differentiating between rate, baseline, and com-

bined models in anti-aging interventions allows us to identify 

whether they target aging mechanisms directly, mimic the tar-

geting of aging processes, or have a mixed effect, 70,71 respec-

tively. Based on our data, the largely specific functional and mo-

lecular responses to exenatide treatment in aged mice 

compared with their young adult counterparts align with a neces-

sary, though not sufficient, condition for a rate model of anti-ag-

ing with GLP-1R agonism. Crucially, in our experiments, we 

selected the dosage of exenatide to minimize potential con-

founders, in particular aiming to achieve the age-counteracting 

effects without significantly influencing food intake or body 

weight. We acknowledge that a larger sample size might still 

reveal statistically significant differences in body weight change 

when comparing exenatide vs. vehicle groups. Note however 

that the subtle absolute difference we observed suggest 

that the functional and molecular impacts could be largely 

attributed to the weight loss-independent pharmacological ef-

fects of GLP-1R agonism. In addition, we did not observe signif-

icant cognitive benefits in our relatively small aging long-term 

treatment cohort and did not assess long-term memory retention 

or cognitive changes in even older mice. Therefore, while the full 

spectrum of benefits from GLP-1RA in aging may be more

opposing aging and Rx effects; exacerbation, same aging and Rx effects; aging- or Rx-dominant, statistically significant in the respective comparison only; no 

additional label, significant for both aging and Rx effect comparisons; see also STAR Methods). Inset of left: symbol for transcript.

(D) Summary bar plot of the proportions of DEGs under different categories (as specified in the inset of C).

(E) Weighted gene co-expression network analysis (WGCNA) with heatmap showing the normalized eigengene expression levels (Norm. Eig. Exp.) of significant 

differentially expressed modules with aging and/or exenatide treatment across animals in the different experimental groups. n = 6, 5, and 5 biological replicates 

for the young adult vehicle, aged vehicle, and aged exenatide treatment groups, respectively, for this analysis. Gray squares represent missing values as not all 

animals had all tissues successfully profiled.

(F and G) Similar to (C) and (D), but showing exenatide treatment effects in aged animals with hypothalamic Glp1r KD.

(H) Scatterplots showing DNA methylation (DNAm) level changes in aging (x axis) vs. exenatide treatment (y axis) at sites covered by the Illumina mouse 285k array 

(mm285k) across different tissue organs and circulating WBCs. Each dot represents one differentially methylated locus (DML), color-coded by treatment (Rx) 

effect categories (as shown in the inset of C). Inset of left: symbol for DNAm.

(I) Similar to (H), but showing exenatide treatment effects in aged animals with hypothalamic Glp1r KD.

(J) Scatterplot showing plasma metabolomic changes in aging (x axis) vs. exenatide treatment (y axis). Each dot represents one metabolite.

(K) Similar to (J), but showing exenatide treatment effects in aged animals with hypothalamic Glp1r KD.

In (C), (F), and (H)–(K), the lines represent linear fits (with confidence interval [gray] in J and K). The Spearman correlation coefficients (R S ) and associated p values 

are also shown. Sample sizes (specified in squared brackets) for data in (C), (D), and (F)–(K): n = 5 biological replicates for each experimental group for each 

profiling, except n = 4 aged exenatide-treated biological replicates (scr group) for circulating WBCs transcriptomic profiling.
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substantial at higher dosages, it remains to be elucidated 

whether the observed molecular impacts translate into cognitive 

improvements.

The mechanisms underlying the observed effects are un-

doubtedly complex, given that systemically administered exe-

natide activates GLP-1R at various body sites. For example, 

GLP-1RA enhances the firing of GLP-1R-expressing pro-opio-

melanocortin (POMC GLP-1R+ ) neurons in the arcuate nucleus of 

the hypothalamus. 72,73 The significant reliance of the observed 

age-counteracting molecular effects on hypothalamic GLP-1R 

suggests that GLP-1RA-driven age-counteraction may depend 

on modulating hypothalamic POMC GLP-1R+ neuronal activities. 

In addition, potential systemic impacts mediated by glial GLP-

1R activation need to be considered. 74,75 Our findings are in line 

with previous studies indicating that CNS GLP-1R is an essen-

tial component of the signaling network mediating not only 

neurological 76–78 but also systemic anti-inflammatory actions 

of GLP-1RA. 79 The brain, similar to other body organs, 

is inevitably impacted by peripheral organs and circulatory 

changes in aging. 80–83 Conversely, brain aging affects its coor-

dinating role in body-wide processes. 84,85 These all underscore 

the profound influence of the CNS on systemic health and sug-

gest that optimizing CNS exposure could be advantageous for 

the design of new drugs targeting or co-targeting GLP-1R. 

Interestingly, in the animals treated from middle age (i.e., 

11 months old for 30 weeks), we found a divergence in omic im-

pacts in some organs, with the colon DNA methylome being less 

responsive to GLP-1RA treatment compared with substantial 

transcriptional changes, and the opposite pattern in the liver 

and kidneys. Moreover, after hypothalamic Glp1r knockdown 

in even older animals, strong age-counteracting effects in the 

hippocampus persisted in the transcriptome, but not in the 

DNAm profile. A divergence of molecular responses is also re-

flected in the DNAm age clock analysis. While the multi-tissue, 

multi-omic profiling revealed consistent age-counteracting pat-

terns based on differential expression comparisons with permu-

tation sensitivity tests, PCA and WGCNA, these did not translate 

to a strong reduction of DNAm age clocks. Nevertheless, exena-

tide treatment did significantly decrease two established DNAm 

age clocks in the hippocampus of the older, short-term treat-

ment cohort. The DNAm age clocks, which rely on a specific 

subset of CpG sites, therefore did not fully capture the broader 

age-counteracting effects observed across the methylome and 

transcriptome. In addition, these findings imply that the effects 

of GLP-1R agonism on transcript expression may involve other 

epigenetic or gene expression regulatory mechanisms that are 

body-site specific. As we observed generally stronger molecular 

age-counteracting transcriptomic and methylomic effects in the 

brain, heart, skeletal muscle, and circulating WBCs in the older 

animals, it raises the question of whether the omic responses 

with GLP-1R agonism might become more convergent at an 

even more advanced age.

We found substantial similarity of multi-omic impacts between 

exenatide and rapamycin. This raises the need to systematically 

explore the relative advantages and disadvantages of adopting 

GLP-1R agonism vs. mTOR inhibition. At the preclinical level, it 

would be necessary to investigate how each approach might 

yield different anti-aging efficacies across various organ systems 

and cell types. Additionally, examining potential overlaps in their 

mechanisms of action, such as effects on POMC neurons and 

other modulatory effects in the CNS, 86,87 would be valuable. 

Past and ongoing clinical studies are actively evaluating the 

anti-aging potential of mTOR inhibition. 88,89 It remains to be 

seen whether there are overlapping clinical benefits, taking into 

account the side effect profiles of each drug class. While con-

cerns about skeletal muscle loss have been raised for higher 

doses of GLP-1RAs used in obesity treatment, our study was de-

signed with a largely weight-neutral dose to isolate weight loss-

independent effects and mechanisms. Our findings therefore 

highlight the potential for achieving age-counteracting benefits 

in muscle within a relatively low-dose context. Whether these 

benefits may generalize to and persist at higher, clinically used

Figure 6. Age-counteracting molecular effects of 13-week GLP-1RA (exenatide) treatment vs. that of mTOR inhibition (rapamycin) in aged 

male mice starting at 18 months old

(A) Scatterplots showing transcriptomic changes in aging (x axis) vs. rapamycin treatment (y axis) in different tissue organs and circulating white blood cells 

(WBCs). Each dot represents one differentially expressed gene (DEG), color-coded by treatment (Rx) effect categories as shown in the inset (counteraction, 

opposing aging and Rx effects; exacerbation, same aging and Rx effects; aging- or Rx-dominant, statistically significant in the respective comparison only; no 

additional label, significant for both aging and Rx effect comparisons; see also STAR Methods). Inset of left: symbol for transcript.

(B) Summary bar plot of the proportions of DEGs under different categories (as specified in the inset of A).

(C) Scatterplots showing DNA methylation (DNAm) level changes in aging (x axis) vs. exenatide treatment (y axis) at sites covered by the Illumina mouse 285k array 

(mm285k) across different tissue organs and circulating WBCs. Each dot represents one differentially methylated locus (DML), color-coded by treatment Rx 

effect categories (as shown in the inset of A). Inset of left: symbol for DNAm.

(D) Scatterplot showing plasma metabolomic changes in aging (x axis) vs. rapamycin treatment (y axis). Each dot represents one metabolite.

(E–G) Scatterplots showing transcriptomic (E), DNAm level (F), and plasma metabolomic (G) changes with rapamycin (x axis) vs. exenatide (y axis) treatment. Inset 

of (E): DEG and DML categories, indicating same or opposite Rx effects; GLP-1RA- or mTORi-dominant, statistically significant in the respective comparison only; 

no additional label, significant for both Rx effect comparisons (see also STAR Methods). Inset of left of (E) and (F): symbols for transcript and DNAm, respectively. 

In (A) and (C)–(G), the lines represent linear fits (with confidence interval [gray] in D and G). The Spearman correlation coefficients (R S ) and associated p values are 

also shown.

(H) Heatmap showing the normalized eigengene expression (Norm. Eig. Exp.) levels of significant differentially expressed modules with exenatide and/or ra-

pamycin treatment. Inset (left) shows the color coding for tissue origin and Rx effect category (i.e., significant with exenatide, rapamycin, or both treatments). Gray 

squares represent missing values as not all animals had all tissues successfully profiled.

(I) Bubble chart showing the Gene Ontology-Biological Process (GO:BP) pathways with significant enrichment among the different treatment-upregulated gene 

modules with exenatide and/or rapamycin treatment (top 3 for each tissue organ/circulating WBCs plotted). Gene count is represented with bubble size. Tissue 

origin and Rx effect category are color-coded as per the inset.

(J) Similar to (I), but for treatment-downregulated gene modules. Sample sizes (specified in squared brackets) for all plots: n = 5 mice (biological replicates) for 

each experimental group for each profiling, except n = 4 aged exenatide- and 4 rapamycin-treated (scr groups) biological replicates for circulating WBC tran-

scriptomic profiling.
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doses remains an important and distinct question for further 

investigations.

Given the extensive range of age-counteracting effects 

observed, it will be important to evaluate the potential of 

GLP-1RAs in treating human age-related diseases beyond 

the current clinical indications for diabetes, obesity, and their 

associated comorbidities. Ongoing phase 3 trials are investi-

gating the use of GLP-1RA in treating Alzheimer’s disease, 90 

while we are also conducting a pilot trial focused on cerebral 

small vessel disease (ClinicalTrials.gov identifier: NCT053 

56104). Our findings also open the avenue for a therapeutic 

strategy that combines a GLP-1RA or mTOR inhibitor 

with molecular entities that engage disease-specific molecular 

targets or address issues of selective vulnerability. 91 For 

instance, combining a GLP-1RA with an anti-amyloid 

agent 92,93 for Alzheimer’s disease treatment could be advan-

tageous, where the GLP-1RA may also serve as a pretreat-

ment or as an adjunct therapy once brain amyloid levels are 

normalized. However, mechanistic compatibility will need to 

be experimentally verified for each specific combination of 

therapeutic approaches and in individual clinical conditions. 

This approach may allow us to leverage synergistic anti-aging 

and neuroprotective effects to combat complex, multifactorial 

age-related conditions.

Collectively, our work has provided multifaceted evidence for 

a comprehensive body-wide anti-aging strategy based on GLP-

1R agonism, which, given its current clinical use and favorable 

safety profile, introduces a readily testable anti-aging interven-

tion for a range of age-related conditions. Future longitudinal 

studies are necessary to explore whether GLP-1R agonism 

may complement other anti-aging methods.

Limitations of the study

We acknowledge that our study has several limitations. First, we 

have not demonstrated lifespan extension in mice. While the 

strong similarities with the effects of mTOR inhibition, which is 

well proven for its longevity benefits, 1,66 suggest that GLP-1R 

agonism may prolong lifespan, this hypothesis remains to be 

tested experimentally. Second, although the clinically reported 

cardiorenal 94–96 and pleiotropic 33–35,37 benefits of GLP-1RAs 

have been similar across sexes, we performed experiments 

only in male mice. Given that anti-aging interventions can exhibit 

sex-dependent effects, additional experiments are needed to 

rigorously test generalizability across sexes. Third, the detailed 

cellular mechanisms behind the age-counteraction observed 

with GLP-1RA treatment and their downstream effects on age-

related biological pathways remain unclear. Future research em-

ploying single-cell and spatial omics profiling, along with appro-

priate functional and histological assays, is required to address 

these gaps. Resolving these limitations will help identify cell-

type-specific age-counteracting effects, clarify the full impact 

of GLP-1R agonism on aging, and inform the design of clinical 

trials.
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Pé rez, L.-E., Lakshmanan, M., Bethel, A., Xavier, D., Probstfield, J., 

Riddle, M.C., et al. (2020). Effect of dulaglutide on cognitive impairment 

in type 2 diabetes: an exploratory analysis of the REWIND trial. Lancet 

Neurol. 19, 582–590. https://doi.org/10.1016/S1474-4422(20)30173-3.

34. Nørgaard, C.H., Friedrich, S., Hansen, C.T., Gerds, T., Ballard, C., Møller, 

D.V., Knudsen, L.B., Kvist, K., Zinman, B., Holm, E., et al. (2022). 

Treatment with glucagon-like peptide-1 receptor agonists and incidence 

of dementia: Data from pooled double-blind randomized controlled trials 

and nationwide disease and prescription registers. Alzheimers. Dement. 

8, e12268. https://doi.org/10.1002/trc2.12268.

35. Brauer, R., Wei, L., Ma, T., Athauda, D., Girges, C., Vijiaratnam, N., Auld, 

G., Whittlesea, C., Wong, I., and Foltynie, T. (2020). Diabetes medications 

and risk of Parkinson’s disease: a cohort study of patients with diabetes. 

Brain 143, 3067–3076. https://doi.org/10.1093/brain/awaa262.

36. Skriver, C., Friis, S., Knudsen, L.B., Catarig, A.-M., Clark, A.J., 

Dehlendorff, C., and Mørch, L.S. (2023). Potential preventive properties 

of GLP-1 receptor agonists against prostate cancer: a nationwide cohort 

study. Diabetologia 66, 2007–2016. https://doi.org/10.1007/s00125-

023-05972-x.

37. Wang, L., Wang, W., Kaelber, D.C., Xu, R., and Berger, N.A. (2024). GLP-

1 receptor agonists and colorectal cancer risk in drug-naive patients with 

type 2 diabetes, with and without overweight/obesity. JAMA Oncol. 10, 

256–258. https://doi.org/10.1001/jamaoncol.2023.5573.

38. Wang, L., Berger, N.A., Kaelber, D.C., and Xu, R. (2024). Association of 

GLP-1 receptor agonists and hepatocellular carcinoma incidence and he-

patic decompensation in patients with type 2 diabetes. Gastroenterology 

167, 689–703. https://doi.org/10.1053/j.gastro.2024.04.029.

39. Lincoff, A.M., Brown-Frandsen, K., Colhoun, H.M., Deanfield, J., 

Emerson, S.S., Esbjerg, S., Hardt-Lindberg, S., Hovingh, G.K., Kahn, 

S.E., Kushner, R.F., et al. (2023). Semaglutide and cardiovascular out-

comes in obesity without diabetes. N. Engl. J. Med. 389, 2221–2232. 

https://doi.org/10.1056/NEJMoa2307563.

40. Athauda, D., and Foltynie, T. (2018). Protective effects of the GLP-1 

mimetic exendin-4 in Parkinson’s disease. Neuropharmacology 136, 

260–270. https://doi.org/10.1016/j.neuropharm.2017.09.023.

41. Du, H., Meng, X., Yao, Y., and Xu, J. (2022). The mechanism and efficacy 

of GLP-1 receptor agonists in the treatment of Alzheimer’s disease. 

Front. Endocrinol. 13, 1033479. https://doi.org/10.3389/fendo.2022. 

1033479.

42. Edison, P., Femminella, G.D., Ritchie, C.W., Holmes, C., Walker, Z., 

Ridha, B.H., Raza, S., Livingston, N.R., Nowell, J., Busza, G., et al. 

(2021). Evaluation of liraglutide in the treatment of Alzheimer’s disease. 

Alzheimers Dement. 17. https://doi.org/10.1002/alz.057848.

43. Gejl, M., Gjedde, A., Egefjord, L., Møller, A., Hansen, S.B., Vang, K., 

Rodell, A., Brændgaard, H., Gottrup, H., Schacht, A., et al. (2016). In 

Alzheimer’s disease, 6-month treatment with GLP-1 analog prevents 

decline of brain glucose metabolism: randomized, placebo-controlled, 

double-blind clinical trial. Front. Aging Neurosci. 8, 108. https://doi.org/ 

10.3389/fnagi.2016.00108.

44. Athauda, D., Maclagan, K., Skene, S.S., Bajwa-Joseph, M., Letchford, 

D., Chowdhury, K., Hibbert, S., Budnik, N., Zampedri, L., Dickson, J., 

et al. (2017). Exenatide once weekly versus placebo in Parkinson’s dis-

ease: a randomised, double-blind, placebo-controlled trial. Lancet 390, 

1664–1675. https://doi.org/10.1016/S0140-6736(17)31585-4.

45. Meissner, W.G., Remy, P., Giordana, C., Maltê te, D., Derkinderen, P., 
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59. Schmauck-Medina, T., Moliè re, A., Lautrup, S., Zhang, J., Chlopicki, S., 

Madsen, H.B., Cao, S., Soendenbroe, C., Mansell, E., Vestergaard, M.B., 

et al. (2022). New hallmarks of ageing: a 2022 Copenhagen ageing 

meeting summary. Aging 14, 6829–6839. https://doi.org/10.18632/ag-

ing.204248.
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103. Vä likangas, T., Suomi, T., and Elo, L.L. (2018). A systematic evaluation of 

normalization methods in quantitative label-free proteomics. Brief. 

Bioinform. 19, 1–11. https://doi.org/10.1093/bib/bbw095.

104. Huber, W., von von Heydebreck, A., Sü ltmann, H., Poustka, A., and 
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summarize analysis results for multiple tools and samples in a single 

report. Bioinformatics 32, 3047–3048. https://doi.org/10.1093/bioinfor-

matics/btw354.

108. Anders, S., Pyl, P.T., and Huber, W. (2015). HTSeq—a Python framework 

to work with high-throughput sequencing data. Bioinformatics 31, 

166–169. https://doi.org/10.1093/bioinformatics/btu638.

109. Love, M.I., Huber, W., and Anders, S. (2014). Moderated estimation of 

fold change and dispersion for RNA-seq data with DESeq2. Genome 

Biol. 15, 550. https://doi.org/10.1186/s13059-014-0550-8.

110. Wu, T., Hu, E., Xu, S., Chen, M., Guo, P., Dai, Z., Feng, T., Zhou, L., Tang, 

W., Zhan, L., et al. (2021). clusterProfiler 4.0: A universal enrichment tool 

for interpreting omics data. Innovation 2, 100141. https://doi.org/10. 

1016/j.xinn.2021.100141.

111. Gene Ontology Consortium, Aleksander, S.A., Balhoff, J., Carbon, S., 

Cherry, J.M., Drabkin, H.J., Ebert, D., Feuermann, M., Gaudet, P., 

Harris, N.L., et al. (2023). The Gene Ontology knowledgebase in 2023. 

Genetics 224, iyad031. https://doi.org/10.1093/genetics/iyad031.

112. Kanehisa, M., Furumichi, M., Sato, Y., Kawashima, M., and Ishiguro-

Watanabe, M. (2023). KEGG for taxonomy-based analysis of pathways 

and genomes. Nucleic Acids Res. 51, D587–D592. https://doi.org/10. 

1093/nar/gkac963.

113. Bordi, M., Cegli, R.D., Testa, B., Nixon, R.A., Ballabio, A., and Cecconi, F. 

(2021). A gene toolbox for monitoring autophagy transcription. Cell Death 

Dis. 12, 1044. https://doi.org/10.1038/s41419-021-04121-9.

114. Elsasser, S., Elia, L.P., Morimoto, R.I., Powers, E.T., Finley, D., Costa, B., 

Budron, M., Tokuno, Z., Wang, S., Iyer, R.G., et al. (2023). A comprehen-

sive enumeration of the human proteostasis network. 1. Components of 

translation, protein folding, and organelle-specific systems. Preprint at 

bioRxiv. https://doi.org/10.1101/2022.08.30.505920.

115. Elsasser, S., Elia, L.P., Morimoto, R.I., Powers, E.T., Finley, D., Costa, B., 

Budron, M., Tokuno, Z., Wang, S., Iyer, R.G., et al. (2023). A comprehen-

sive enumeration of the human proteostasis network. 2. Components of 

the autophagy-lysosome pathway. Preprint at bioRxiv. https://doi.org/ 

10.1101/2023.03.22.533675.

116. Saul, D., Kosinsky, R.L., Atkinson, E.J., Doolittle, M.L., Zhang, X., 

LeBrasseur, N.K., Pignolo, R.J., Robbins, P.D., Niedernhofer, L.J., 

Ikeno, Y., et al. (2022). A new gene set identifies senescent cells and

ll
OPEN ACCESSArticle

Cell Metabolism 37, 2362–2380, December 2, 2025 2379

https://doi.org/10.1038/nature12143
https://doi.org/10.1038/nature12143
https://doi.org/10.1126/science.1124147
https://doi.org/10.1126/science.1124147
https://doi.org/10.1016/j.neuron.2012.03.043
https://doi.org/10.1016/s2666-7568(23)00258-1
https://doi.org/10.1016/s2666-7568(23)00258-1
https://doi.org/10.1126/scitranslmed.aaq1564
https://doi.org/10.1126/scitranslmed.aaq1564
https://doi.org/10.1002/alz.062415
https://doi.org/10.1038/s41583-024-00806-0
https://doi.org/10.1056/NEJMoa2212948
https://doi.org/10.1056/NEJMoa2100708
https://doi.org/10.1016/j.eclinm.2022.101697
https://doi.org/10.1016/j.eclinm.2022.101697
https://doi.org/10.1016/j.dsx.2020.02.012
https://doi.org/10.1016/j.dsx.2020.02.012
https://doi.org/10.2337/dc19-2088
https://doi.org/10.1101/pdb.prot075853
https://doi.org/10.1038/nmeth.2019
https://doi.org/10.1007/s00210-018-1589-y
https://doi.org/10.1007/s00210-018-1589-y
https://doi.org/10.3389/fnbeh.2014.00349
https://doi.org/10.3389/fnbeh.2014.00349
https://doi.org/10.1186/s13104-020-4916-6
https://doi.org/10.1021/ed100697w
https://doi.org/10.1021/ed100697w
https://doi.org/10.1093/bib/bbw095
https://doi.org/10.1093/bioinformatics/18.suppl_1.s96
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1093/bioinformatics/btw354
https://doi.org/10.1093/bioinformatics/btw354
https://doi.org/10.1093/bioinformatics/btu638
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1093/genetics/iyad031
https://doi.org/10.1093/nar/gkac963
https://doi.org/10.1093/nar/gkac963
https://doi.org/10.1038/s41419-021-04121-9
https://doi.org/10.1101/2022.08.30.505920
https://doi.org/10.1101/2023.03.22.533675
https://doi.org/10.1101/2023.03.22.533675


predicts senescence-associated pathways across tissues. Nat. 

Commun. 13, 4827. https://doi.org/10.1038/s41467-022-32552-1.

117. Qu, Y., and Ji, Z. (2023). A tissue ubiquitous gene set for cellular senes-

cence. Preprint at bioRxiv. https://doi.org/10.1101/2023.11.21.568150.

118. Schafer, M.J., Zhang, X., Kumar, A., Atkinson, E.J., Zhu, Y., Jachim, S., 

Mazula, D.L., Brown, A.K., Berning, M., Aversa, Z., et al. (2020). The 

senescence-associated secretome as an indicator of age and medical 

risk. JCI Insight 5, e133668. https://doi.org/10.1172/jci.insight.133668.

119. Tuttle, C.S.L., Luesken, S.W.M., Waaijer, M.E.C., and Maier, A.B. (2021). 

Senescence in tissue samples of humans with age-related diseases: A 

systematic review. Ageing Res. Rev. 68, 101334. https://doi.org/10. 

1016/j.arr.2021.101334.

120. Gu, C., Shi, X., Dang, X., Chen, J., Chen, C., Chen, Y., Pan, X., and 

Huang, T. (2020). Identification of common genes and pathways in eight 

fibrosis diseases. Front. Genet. 11, 627396. https://doi.org/10.3389/ 

fgene.2020.627396.

121. Wang, B., Chen, S., Qian, H., Chen, R., He, Y., Zhang, X., Xuan, J., Liu, Y., 

and Shi, G. (2020). Development and validation of a transcriptional signa-

ture for the assessment of fibrosis in organs. Preprint at medRxiv. https:// 

doi.org/10.1101/2020.03.14.20024141.

122. Subramanian, A., Tamayo, P., Mootha, V.K., Mukherjee, S., Ebert, B.L., 

Gillette, M.A., Paulovich, A., Pomeroy, S.L., Golub, T.R., Lander, E.S., 

et al. (2005). Gene set enrichment analysis: A knowledge-based 

approach for interpreting genome-wide expression profiles. Proc. Natl. 

Acad. Sci. USA 102, 15545–15550. https://doi.org/10.1073/pnas. 

0506580102.

123. Castanza, A.S., Recla, J.M., Eby, D., Thorvaldsdó ttir, H., Bult, C.J., and 
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Experimental Animals

All experimental procedures were approved in advance by the Animal Experimentation Ethics Committee of the Chinese University of 

Hong Kong (CUHK), and were carried out in accordance with the Guide for the Care and Use of Laboratory Animals. All C57BL/6 mice 

were bred and provided by the Laboratory Animal Service Center of CUHK unless otherwise specified, and maintained at controlled 

temperature (22–23 ◦ C) with an alternating 12-hour light/dark cycle with free access to standard mouse diet and water. The ambient 

humidity was maintained at < 70 % relative humidity.

Three cohorts of male mice were used. For the aging/aged long-term treatment cohort, mice were treated with the GLP-1RA 

exendin-4 (a.k.a. exenatide) or vehicle from 11 months old (m.o.) for 30 weeks (see next section for details of drug and vehicle treat-

ments). A group of 3 m.o. mice that received vehicle treatment for 4 weeks were included as a control group. For the young long-term 

treatment cohort, mice were treated with exendin-4 or vehicle from 3 m.o. for 26 weeks. For the aged short-term treatment cohort, 

mice were imported from the Jackson Laboratory. 17 m.o. aged mice received adeno-associated virus (AAV) vector-mediated hy-

pothalamic Glp1r knockdown or a control AAV injection (see below for details). They were allowed to recover from AAV injection for 

4 weeks, and subsequently subjected to vehicle, exendin-4 or rapamycin treatment from 18 m.o. for 13 weeks. A control group of 

young mice (4 m.o.) underwent a control AAV injection and 4 weeks recovery period, and then received vehicle treatment from 5 

m.o. for 7 weeks. Details of animal cohort sizes are specified in Table S1. Sample sizes for each functional test and molecular readout 

in different tissue organs are indicated in the respective plots.

METHOD DETAILS

Exendin-4 and rapamycin treatment

Exendin-4 (HY-13443, MedChem Express, China) was reconstituted in phosphate-buffered saline (PBS) to 1 mg/ml and further 

diluted in PBS to 4.2 μg/ml. For all GLP-1RA treatment groups, each mouse received daily intraperitoneal (i.p.) injections of 

exendin-4 at a dosage of 21 μg/kg body weight (bw) (equivalent to 5 nmol/kg bw/day). Rapamycin (HY-10219, MedChem Express, 

China) was dissolved in absolute ethanol to 10 mg/ml and subsequently diluted in a vehicle solution consisting of 5% Tween 80, 5% 

PEG-400, and PBS to 0.8 mg/ml. For the mTOR inhibitor treatment group, each mouse received i.p. injections of rapamycin at a 

dosage of 8 mg/kg bw on alternate days (equivalent to 8.75 μmol/kg bw/2 days). Mice in the vehicle control groups received daily 

volume-matched i.p. PBS injections.

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

simplifyEnrichment https://www.bioconductor.org/packages/release/

bioc/html/simplifyEnrichment.html

v1.12.0

SeSAMe https://www.bioconductor.org/packages/release/

bioc/html/sesame.html

v1.16.1

dnaMethyAge https://github.com/yiluyucheng/dnaMethyAge/tree/main v0.2.0

Other

Grip strength meter Shanghai Xin-Ruan Instruments Inc., China XR501

Accelerated rotarod test equipment Shanghai Xin-Ruan Instruments Inc., China R03-1

Barnes maze This study (custom-built) N/A

Open field arena This study (custom-built) N/A

Camera Logitech, China StreamCam

Waters ACQUITY UPLC BEH C18 column 

(1.7 μm, 2.1 mm × 100 mm)

Waters, US 186002350

BGI metabolome database BGI Genomics Inc. N/A

mzCloud database https://www.mzcloud.org/ N/A

ChemSpider database https://www.chemspider.com/ N/A

Gene Ontology database https://geneontology.org/ N/A

KEGG database https://www.genome.jp/kegg/pathway.html N/A

Custom array consisting of Infinium Mouse 

Methylation BeadChip (mm285k) and 

Mammalian methylation (mm40k) arrays

Clock Foundation N/A
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AAV-mediated hypothalamic Glp1r knockdown

Short hairpin RNA (shRNA) (sequence: 5’-GCGTCAACTTTCTTATCTTCA-3’) for Glp1r knockdown was constructed into the miR-30 

scaffold 97 driven by the EF1a promoter, and packaged into recombinant AAV-2/9. Control AAV contained a scrambled sequence 

(5’-CCTAAGGTTAAGTCGCCCTCG-3’). Young (4 m.o.) and aged (16 m.o.) mice were anesthetized by i.p. injection of 150 mg/kg 

bw ketamine and 10 mg/kg bw xylazine, and positioned in a stereotaxic frame (Model 68528, RWD Life Science, China) for injection. 

A total of 1 microliter AAV (containing 5–6 × 10 9 vg) was injected into the hypothalamus of each mouse. To ensure a broad regional 

coverage of the hypothalamus, AAVs were delivered to four sites, with coordinates as follows: anteroposterior (AP) = -1.6 mm, medio-

lateral (ML) = ±0.25 mm, dorsoventral (DV) = -5.9 mm from the dura (0.2 μl per site), and AP = -2 mm, ML = ±0.25 mm, DV = -5.85 mm 

from the dura (0.3 μl per site), covering bilateral hypothalamus. To verify Glp1r transcript knockdown efficiency with quantitative PCR, 

brains were removed after PBS perfusion and half of the dissected hypothalamus tissues from 3 mice per experimental group 

were used for RNA extraction using TRIzol reagent (15596018, Thermo Fisher Scientific, US). Primers used for transcript amplification 

were: Glp1r (forward: 5’-CAGTGGGGTACGCACTTTCT-3’; reverse: 5’-TAACGAACAGCAGCGGAACT-3’); Gapdh (forward: 

5’-CATCTTCCAGGAGCGAGACC-3’; reverse: 5’-GGCGGAGATGATGACCCTTT-3’).

Immunohistochemistry for validation of Glp1r/GLP-1R knockdown

An additional cohort of mice underwent identical Glp1r/GLP-1R knockdown procedure with bilateral hypothalamic Glp1r shRNA or 

scramble shRNA AAV injections. Mice were euthanized and underwent transcardial perfusion with 20 mL of ice-cold PBS, followed 

by 10 mL of 4% paraformaldehyde (PFA). The brains were extracted from the cranium, post-fixed in 4% PFA overnight, and subse-

quently dehydrated using 30% sucrose. After being embedded into the Tissue-Tek Optimal Cutting Temperature (O.C.T.) compound 

(4583, Sakura Finetek, US), the brains were sectioned into 40 μm slices. The brain sections were treated with 30% formic acid for 

10 minutes for antigen retrieval, 0.5% Triton X-100 for 10 minutes for tissue permeabilization, and blocked with 5% normal goat 

serum in PBS for one hour. The sections were then incubated with 2 μg/mL anti-GLP-1R antibody (ab218532, Abcam, UK) in the 

blocking buffer containing 0.1% Triton X-100, at room temperature for one hour, followed by washing for three times in 0.3% Triton 

X-100/PBS, and incubated with 2 μg/mL goat anti-rabbit IgG-Alexa Fluor 568 conjugate (A-11011, Invitrogen, US) at room temper-

ature for one hour.

Confocal imaging was performed using a Leica TCS SP8 confocal microscope. Excitation wavelength was 552 nm and detection 

was done with the passband set to 557 to 789 nm, using a HC PL FLUOTAR L ×20/0.40 CORR PH1 dry objective. For each set of 

images in Figures S7A and S7B, and in Figures S7C and S7D, brain slices were processed and stained in the same batch, and iden-

tical imaging parameters were applied. Each image for a given field of view under the objective was acquired as the average of three 

images, and image tiles were automatically stitched together using built-in functions of the confocal microscope control software. 

Each set of 8-bit TIFF output images were subjected to identical processing in Fiji ImageJ 98 (v1.54p), which included manual crop-

ping, median filtering with the radius input parameter set to 0.5, as well as simple image contrast and brightness adjustment by 

setting the pixel intensity range to the same range ([32, 192] for all images in Figures S7A and S7B, and [8, 192] for those in 

Figures S7C and S7D).

Forelimb grip strength test

A grip strength meter (Model XR501, Shanghai Xin-Ruan Instruments Inc., Shanghai, China) was used to measure forelimb grip 

strength. The mouse subject was allowed to grip the mesh lattice with its forelimbs. The peak force to pull the mouse away from 

the grip was recorded. For each mouse, the average value from five repeated measurements was obtained, with 15-minute intervals 

between successive measurements.

Accelerated rotarod test

The accelerated rotarod test equipment (Model R03-1, Xin-Ruan Instruments Inc., Shanghai, China) consisted of a 3-cm diameter 

rod. Mice were trained to habituate to the rotating rod by walking on it at a low constant speed (4 rotations per minute (R.P.M.),

2 min × 3 sessions with 15-min intervals at the baseline, and 2 min × 1 session at the 3- or 6-month treatment time points). During 

testing, rod rotation was linearly accelerated from 4 to 40 R.P.M over 5 minutes. The endpoint was reached when the mouse could not 

withstand the rotation and fell from the rod, or resisted falling over 5 minutes. For each mouse, the average duration to reach the 

endpoint in five trials was obtained, with 15-minute intervals between successive trials.

Barnes maze

A home-made Barnes maze was used, which consisted of a white acrylic round disk (90-cm diameter) with 20 holes (5-cm diameter) 

radially evenly spaced at 5 cm from the outer edge. 19 of the 20 holes were blocked while the remaining one provided access to an 

escape box (i.e., the target). Visual cues were placed around the maze in the testing room. On the first day, mice were first trained to 

find the escape box. At the beginning of the assay, the mouse subject was covered by a cardboard box at the center of the maze. Five 

seconds later, an aversive noise was initiated from a nearby device (900 Hz, 80 dB), and the box was removed to permit exploration 

and escape. Entering the escape box was defined as a successful escape event. Mice that failed to find the escape box in 3 minutes 

were guided to it using a glass cylinder. On assay day one, a one-hour interval after initial training was included before testing was 

conducted once. From assay days two to four, the aging/aged long-term treatment cohort and corresponding young adult controls 

were tested twice daily with a one-hour interval between trials, and the two measurements were averaged to obtain daily
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performance measures. For the young adult long-term treatment cohort, mice were tested once daily throughout the four assay days. 

For the aging/aged long-term treatment cohort, probe trials were conducted 24 hours after the last acquisition trial. 99 These lasted for

3 minutes each and were carried out using the same experimental setup without the escape route (i.e., all holes were blocked). 

Performance was quantified using primary latency (i.e., time to first reach and explore the correct target for > 0.5 second) and error 

count (i.e., number of wrong holes explored before first reaching the correct target) for acquisition trials on assay days 1 to 4, and 

proportion of time spent in the target quadrant in probe trials, through video analysis by adapting the Autotyping toolbox 100 

(v15.04) in MATLAB R2023a (MathWorks, US). For the aging/aged long-term treatment cohort, animals were excluded from primary 

latency analysis on specific days due to video timestamp corruption or animals going out of the maze. Exclusions were as follows: 

day 1, 1 young adult control; day 2, 1 aged exenatide-treated animal; day 4, 1 aged vehicle-treated animal. The final number of data 

points included was 109 (out of 112). Animals were also excluded from error count analysis due to suboptimal camera placement that 

resulted in small parts of non-target holes being out of view, or the animal going out of view during testing. Exclusions were as follows: 

day 1, 1 aged exenatide-treated animal, 3 young adult controls; day 2, 1 aged exenatide-treated animal, 2 young adult controls; day 3,

1 young adult control; and day 4, 1 aged vehicle-treated animal. The final number of data points included was 103 (out of 112). These 

were accounted for in statistical tests (see below section on statistics). All videos were manually inspected individually to verify the 

extracted measures.

Open-field test and frailty index

The open-field test was performed in a home-made 56 cm × 56 cm arena with opaque walls. The mouse was placed in the arena 

and allowed to freely explore for 10 minutes, while its locomotion was recorded from above using a camera (StreamCam, Logitech, 

China). The total distance traveled and proportion of time spent in the center (defined as the squared area within center 2/3 of each 

dimension) vs. periphery (outside the center) were extracted from the video using the open-source package MouseActivity 101 in 

MATLAB R2022a (MathWorks, US). We adapted a machine vision-based algorithm for frailty analysis based on the open-field test 

data. 57 In brief, the video recordings were processed by pre-trained models 57 to extract features of the mouse including coordinates, 

pose, gait, and grooming behavior. Behavioral features in individual frames were then processed with custom scripts to produce 

feature summaries for each video. Frailty index (FI) score predictions were then generated from pre-trained linear mixed models 

(based on the FI score dataset of the original study 57 ) and the features summaries. To ensure comparability, data entries measured 

in count, duration, and displacement were divided by the respective recording’s total duration to transform into ratios, and all data 

entries were normalized and scaled by its own population mean and standard deviation, following the protocol adopted in the original 

study. 57

Y-maze

A custom-made Y-maze consisting of 3 arms (each with dimensions of 30-cm length, 8-cm width, and 15-cm height) and a center 

area (27.7 cm 2 ) was used. During the training phase, mice were allowed to explore the Y-maze for 5 minutes with one arm (arm 2) 

closed off. Two minutes later, the previously closed arm was released and the animals were reintroduced from another arm 

(arm 3) into the maze to freely explore for 5 minutes. The mouse exploratory behavior was recorded by a camera (StreamCam, Log-

itech, China) and the video recordings were processed using a custom script written in MATLAB R2022a (MathWorks, US), using 

background subtraction and blob detection to extract the head coordinates and orientation. Exploration of a given arm was defined 

as when the head and the whole body trunk of the animal were inside the arm area. Percentage of time spent in the novel arm was 

calculated by dividing the time exploring arm 2 by the sum of time the animal spent in all three arms.

Statistical tests for physical and cognitive tests

To evaluate the longitudinal aging effects, one-sided Page’s trend test was applied to the raw values of the forelimb grip strength, 

rotarod and Y-maze performance measures to examine the presence of any significant decline with age in these parameters. To eval-

uate longitudinal treatment effects on forelimb grip strength, rotarod and Y-maze performance, the corresponding measurements 

relative to vehicle control group for each mouse were calculated by subtracting the values at the corresponding time points by 

the corresponding group mean values of vehicle-treated mice. One-sided Page’s trend test was used to examine the presence of 

any significant increase across time observed in the treatment group. The performance of animal subjects in the Barnes maze across 

treatment groups over the four assay days was analyzed using two-way repeated measures ANOVA (if no missing data) or two-way 

mixed ANOVA (to account for presence of missing data). Comparisons of locomotor activity level and proportion of time spent at 

periphery between the vehicle- and exendin-4-treated groups were conducted using two-sided rank-sum tests. Comparisons of 

FI across age groups were conducted using one-way ANOVA with Tukey’s HSD post-hoc test for multiple comparisons. Treatment 

effects on FI in both aged and young cohorts were conducted using two-sided rank-sum tests. Differences in forelimb grip strength, 

rotarod, and Y-maze performances between groups at baseline and after 6 months of treatment were evaluated using one-sided 

rank-sum tests (to examine if exenatide group > vehicle group values). Linear model fitting on the treatment group performance mea-

sures (after subtracting vehicle group means) incorporating for each animal both their body weight changes from baseline and time 

effects, and examination of the correlations between behavioral performance measures changes in body weight from baseline were 

performed.
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Metabolic assessment

The body weight of each mouse was monitored on a weekly basis. The mice in each treatment group were housed together in a single 

cage. The food provided to each cage was weighed once weekly and averaged to determine the daily food intake per mouse. For the 

long-term (30- and 26-week) treatment experiments, the monitoring started at baseline (one week before starting treatment) and 

continued until the conclusion of the study. For the short-term (13-week) treatment experiment, it began at baseline and was con-

ducted for seven weeks following the initiation of treatment. The impact of treatments on longitudinal body weight was assessed us-

ing two-way repeated-measures ANOVA.

Drug or vehicle administration was halted on the day of fasting blood glucose measurement or oral glucose tolerance test (OGTT). 

Mice underwent a 6-hour fasting period prior to fasting blood glucose measurement or OGTT. For OGTT, blood glucose levels were 

measured from tail vein samples at the baseline, and then at 15, 30, 60, and 120 minutes after administration of 2 g/kg bw of glucose 

via oral gavage. Comparison of fasting blood glucose levels in the vehicle- vs. exendin-4-treated groups, and at baseline vs. after 

6-month treatment, was conducted using two-way repeated measures ANOVA. Area under the curve (AUC) values were calculated 

from the measurements obtained from OGTT, and compared across experimental groups using one-way ANOVA with Holm-Sidak’s 

post-hoc multiple comparisons test.

Statistical software for assessing physical, behavioral, and metabolic readouts

Behavioral and metabolic data were plotted and visualized with custom scripts in Python (v3.12.7). Page’s trend tests for forelimb grip 

strength, rotarod and Y-maze performance measures were carried out using the scipy.stats.page_trend_test function of the SciPy 

package (v1.15.2). Comparisons of raw values of behavioral readouts at baseline and 6 months of treatment were carried out using 

the scipy.stats.mannwhitneyu function of the SciPy package (v1.15.2) with exact P-values calculation. One-way ANOVA 

with post hoc Tukey’s HSD tests and rank-sum test for comparing FI across ages or treatment groups were performed using the 

scipy.stats.f_oneway function of SciPy (v1.15.2), the statsmodels.stats.multicomp.pairwise_tukeyhsd function of statsmodels 

(v0.14.2), and the scipy.stats.mannwhitneyu function (with exact P-value) of SciPy (v1.15.2), respectively. Linear model fitting for 

behavioral performance measures with respect to time (treatment duration) and change in body weight from baseline was performed 

using the ols function of the statsmodels package (v0.14.2), along with statistical significance assessment for the fitted coefficients. 

The correlations between change in body weight from baseline and behavioral performance measures were determined using the 

scipy.stats.pearsonr function of the SciPy package (v1.15.2) and the sklearn.linear_model.LinearRegression class of the scikit-learn 

package (v1.5.1). Comparisons of open-field locomotor activity and time spent in periphery, as well as gonadal fat as percentage of 

body weight across two treatment groups (Figures 1L and 1X), were also carried out using the scipy.stats.mannwhitneyu function 

(with exact P-value) of SciPy (v1.15.2). Other statistical comparisons of Barnes maze performance measures, fasting blood glucose, 

OGTT, longitudinal body weight changes, and gonadal fat as percentage of body weight (Figure S8D) were carried out in GraphPad 

Prism (v8.0.2). Data are presented as mean ± standard error of mean (S.E.M.) or standard deviation (S.D.), or median with interquartile 

range, as indicated at appropriate places.

Tissue collection and storage

On the day of tissue collection, mice received the final dose of vehicle or drug treatment in the morning, followed by a 6-hour fasting 

period. Mice were euthanized via isoflurane inhalation and transcardially perfused with 20 ml of ice-cold PBS. Mouse brains were 

removed from the cranium and underwent further manual microdissection to isolate the hypothalamus, hippocampus, and frontal 

cortex bilaterally. From the heart, the left ventricle was collected for RNA extraction, and the left atrium for DNA extraction. The quad-

riceps femoris muscle was collected as the skeletal muscle sample. For the colon, the proximal segment was collected. The whole 

liver, spleen, bilateral kidneys and lungs were dissected and parts of the tissue were collected. Bilateral gonadal adipose tissues were 

collected, and weighed prior to further processing (aging/aged long-term treatment cohort: n = 3 and 6 mice had the adipose tissues 

weighted for vehicle control and exenatide-treated groups respectively; for all other cohorts, adipose tissue weighting was done for 

all animal subjects). The collected tissues from different organs were further dissected into smaller pieces, each with largest 

dimension < 5 mm and preserved in RNAlater (AM7021, Thermo Fisher Scientific, US) for RNA extraction, or RNA/DNA shield 

(R1200-125, Zymo Research, US) for DNA extraction. All samples were stored at -20 ◦ C before extraction.

The blood samples were lysed in an ice-cold red blood cell lysis buffer for 20 minutes. The white blood cells were separated via 

centrifugation at 500 ×g, 4 ◦ C for 10 minutes, and subsequently lysed into TRIzol reagent (15596018, Thermo Fisher Scientific, US) for 

future RNA extraction, or genomic DNA lysis buffer (BioFluid & Cell Buffer, Zymo Research, US) for DNA extraction. Plasma was iso-

lated from EDTA-anticoagulated blood samples by centrifugation at 1,600 ×g, 4 ◦ C for 15 minutes. The samples were stored at -80 ◦ C 

before RNA / DNA extraction or further assays.

Total RNA and genomic DNA extraction

The tissues were retrieved from RNAlater (AM7021, Thermo Fisher Scientific, US), combined with the TRIzol reagent (15596018, 

Thermo Fisher Scientific, US) or the lysis buffer of the RNAqueous kit (AM1912, Thermo Fisher Scientific, US), homogenized using 

the TissueLyser II system (Qiagen, US), and total RNA extraction was performed following the instructions in the vendor’s manuals. 

Genomic DNA was extracted using a similar procedure, with blood DNA extracted with the Quick-DNA Miniprep Plus Kit (D4069, 

Zymo Research, US) and solid tissue DNA extracted using the E.Z.N.A. Tissue DNA Kit (D3396-02, Omega Bio-Tek, US).
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RNA sequencing

Total RNA samples were sent for library preparation and sequencing by Novogene (Novogene Biology Information Technology Co., 

Ltd., Beijing, China). Quality control including sample quantitation, integrity and purity were assessed by Novogene using Nanodrop 

and Agilent 5400 fragment analyzer systems. Samples with an RNA integrity number above 4 were kept for analysis. Libraries were 

prepared with a poly(A) selection strategy using the NEBNext Ultra II RNA Library Prep Kit for Illumina (E7770, New England Biolabs, 

US). Sequencing was carried out on an Illumina NovaSeq 6000 (150 base pairs paired end) for all samples.

Plasma metabolomic measurement

Plasma metabolomic profiling was performed using high-throughput liquid chromatography-mass spectrometry (LC-MS) at BGI Ge-

nomics Inc. (Shenzhen, China). To extract metabolites, 100 μl of plasma from each mouse was combined with 700 μl of extractant 

containing internal standard (methanol:acetonitrile:water = 4:2:1, v/v/v), shaken for 1 minutes and kept at -20 ◦ C for 2 hours. The sam-

ples were then centrifuged at 25,000 ×g, 4 ◦ C for 15 minutes. The supernatant was collected and the solvent was dried out. The pellet 

was subsequently reconstituted in 180 μl of methanol:water (1:1 v/v) and the sample was centrifuged again at 25,000 ×g, 4 ◦ C for 

15 minutes. The resulting supernatant was subjected to LC-MS/MS analysis, using the Waters UPLC I-Class Plus equipped with 

a Waters ACQUITY UPLC BEH C18 column (1.7 μm, 2.1 mm × 100 mm) (Waters, US) and tandem Q-Exactive high resolution 

mass spectrometer (Thermo Fisher Scientific, US). Pooled plasma reference samples, which were prepared by combining small al-

iquots from the study samples, were analyzed among the participant samples to monitor the repeatability of the analysis process. 

The column temperature was maintained at 45 ◦ C. The mobile phase consisted of 0.1% formic acid (A) and acetonitrile (B) in the 

positive mode, and in the negative mode, the mobile phase consisted of 10 mM ammonium formate (A) and acetonitrile (B). The 

gradient conditions were as follows: 0–1 min, 2% B; 1–9 minutes, 2%–98% B; 9–12 minutes, 98% B; 12–12.1 minutes, 98% B to 

2% B; and 12.1–15 minutes, 2% B. The flow rate was 0.35 ml/min and the injection volume was 5 μl. The full scan range was 70– 

1050 m/z with a resolution of 70000, and the automatic gain control (AGC) target for MS acquisitions was set to 3 × 10 6 with a 

maximum ion injection time of 100 ms. Top 3 precursors were selected for subsequent MS-MS fragmentation with a maximum 

ion injection time of 50 ms and resolution of 17500, with the AGC set at 1 × 10 5 . The stepped normalized collision energy was set 

to 20, 40 and 60 eV. ESI parameter settings were: sheath gas flow rate 40, aux gas flow rate 10, positive-ion mode spray voltage 

(|KV|) 3.80, negative-ion mode spray voltage (|KV|) 3.20, capillary temperature 320 ◦ C, aux gas heater temperature 350 ◦ C.

Bioinformatic data analysis

All analysis was performed with R (v4.2.2) unless otherwise specified.

Metabolome data analysis

The mass spectrometry data were processed by BGI Genomics Inc. (Shenzhen, China) using the Compound DiscoverTM 3.3 soft-

ware (Thermo Fisher Scientific, US) and analyzed in combination with the BGI metabolome, mzCloud, and ChemSpider 102 online da-

tabases. A data matrix containing information, including metabolite identification and peak area was obtained for further analysis. 

The normalized intensities further underwent variance-stabilizing transformation to account for systematic bias. 103,104 After mean 

variance stabilization, differential analysis was performed using linear models as implemented within the limma package 105 (v3.54.2) 

in R. Spearman correlation coefficients (R S ) and P-values were calculated by correlating the log fold changes per metabolite in aged 

drug-treated vs. aged vehicle-treated mice and in aged vehicle-treated vs. young vehicle-treated mice.

RNA-sequencing data analysis

Raw sequencing FASTQ files were mapped with STAR 106 (v2.7.10b) with default parameters using the Mus musculus genome as-

sembly GRCm39. Quality control was carried out with the FastQC (v0.11.9) and MultiQC 107 (v1.13a) packages. HTSeq 108 (v2.0.2) 

was used to obtain read counts with default options except ‘mode’ being set to ‘intersection-strict’, and ‘nonunique’ being set to 

‘fraction’ for ambiguous reads. Gene counts were filtered for a minimum of at least 10 reads in a minimum number of samples, 

with the minimum number based on the number of animals constituting the smallest comparator group size in the experiment. 

Downstream analysis was done with custom scripts in R (v4.2.2 and v4.3.1). Read counts were normalized with DESeq2 vst for 

exploratory data analysis and heatmap visualizations. Differential expression analysis was performed with DESeq2 109 (v1.38.3). 

Log fold change estimates were shrunken with the approximate posterior estimate for generalized linear models method. Significant 

differentially expressed genes (DEGs) were taken as those with a false discovery rate (FDR)-adjusted P-value < 0.05. We grouped the 

DEGs into six categories according to their pattern of differential expression by comparing DEGs in five combinations of contrasts, 

namely 1) aged GLP-1RA-treated vs. aged vehicle-treated mice against aged vehicle-treated vs. young vehicle-treated mice, 2) the 

same comparison but with hypothalamic Glp1r knockdown, 3) aged GLP-1RA-treated vs. aged vehicle-treated mice against aged 

mTORi-treated vs. aged vehicle-treated mice, 4) young GLP-1RA-treated vs. young vehicle-treated mice against aged GLP-1RA-

treated vs. aged vehicle-treated mice, and 5) aged GLP-1RA-treated vs. aged vehicle-treated mice (with hypothalamic Glp1r KD) 

against aged GLP-1RA-treated vs. aged vehicle-treated mice (with hypothalamic scramble shRNA AAV injection).

For the first two contrasts, the DEGs were labeled ‘‘counteraction’’ where the GLP1-RA treatment-associated change and the age-

associated change were in the opposite direction, or ‘‘exacerbation’’ where the GLP-1RA treatment-associated change was in the 

same direction as the age-associated change. An additional label of ‘‘Rx-dominant’’ was given for where only the GLP-1RA treat-

ment-associated change reached statistical significance, and of ‘‘aging-dominant’’ was given for where only the age-associated
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change reached statistical change. No additional label was given if both comparisons were significant. The top 50 protein-coding 

genes counteracted by exenatide (Figures 2 and S2) were defined by first ranking the absolute value of the product of log2 fold 

changes in aging and with exenatide treatment for all ‘‘counteraction’’ protein-coding DEGs, then selecting the top 25 exenatide-up-

regulated, and top 25 downregulated genes. For the third comparison, the patterns were labeled ‘‘same’’ where the GLP-1RA treat-

ment-associated change and mTORi treatment-associated change were in the same direction, and ‘‘opposite’’ when the changes 

were in the opposite direction. We further specified the dominant agent depending on which treatment yielded the statistically sig-

nificant change. No additional label was given if both comparisons were significant. For the fourth comparison, the patterns were 

labeled ‘‘same’’ where the GLP-1RA treatment-associated changes in young and in aged mice were in the same direction, and 

‘‘opposite’’ when the changes were in the opposite direction. We further specified the dominant effect depending on which age group 

treatment yielded the statistically significant change. No additional label was given if both comparisons were significant. For the fifth 

comparison, the patterns were labeled ‘‘same’’ where the GLP-1RA treatment-associated changes in aged mice with hypothalamic 

Glp1r KD and scramble shRNA AAV injection were in the same direction, and ‘‘opposite’’ when the changes were in the opposite 

direction. We further specified the dominant effect group depending on which comparison yielded the statistically significant change. 

No additional label was given if both were significant. R S and P-values for each contrast were calculated by correlating the log fold 

changes per gene in the pair of comparisons.

Principal component analysis (PCA)

DESeq2 vst-normalized counts were taken for PCA with the base R prcomp function. All genes were used for analysis. Centroids for 

each group were plotted using the mean value of the plotted principal components of each treatment group.

Weighted gene co-expression network analysis

WGCNA 61 (v1.72-5) was conducted with the DESeq2 vst-normalized count matrix. For each tissue type, a signed-hybrid network was 

constructed with biweight midcorrelation, with the soft threshold chosen dynamically for each tissue at the level at which the scale-

free topology model fit reached 0.8. The minimum module size was set at 30. Module eigengenes (i.e., module first principal com-

ponents) were used to summarize modules, and modules with eigengene correlation > 0.7 were merged.

Differential eigengene analysis was performed by comparing the eigengene expressions of each sample across comparator 

groups with a Wilcoxon rank-sum test or a Kruskal-Wallis test. An FDR of < 0.1 was taken to denote a significant difference in module 

eigengene expression across experimental groups. In each set of analysis, the differentially expressed gene modules were catego-

rized based on one or both experimental comparisons reaching FDR-adjusted statistical significance level (i.e., Figures 3E and 5E: 

aging, exenatide treatment, or both; Figure 6H: exenatide, rapamycin, or both treatments), and the directionality of change if both 

comparisons attained significance (for Figures 3E and 5E only: counteraction or exacerbation).

Pathway enrichment analysis

Pathway enrichment was done with clusterProfiler 110 (v4.4.4) against the Gene Ontology 111 and KEGG 112 databases, custom 

gene sets of functional pathways related to aging curated from the literature, 113–121 and the Molecular Signatures 

Database (MSigDB) 122–124 (HALLMARK_INFLAMMATORY_RESPONSE, 125 WP_INFLAMMATORY_RESPONSE_PATHWAY, WP_LUNG_ 

FIBROSIS, WP_IMMUNE_INFILTRATION_IN_PANCREATIC_CANCER). For each tissue, all genes that underwent differential 

expression analysis were used as the background gene set.

In pathway enrichment analyses for DEGs, ‘‘counteraction’’ DEGs (significant for at least one comparison) were used (clusterPro-

filer v4.4.4 enrichGO). To assist in pathway enrichment analysis interpretability, enriched terms from the comparisons were visualized 

using the simplifyEnrichment package 126 (simplifyGOFromMultipleLists) (v1.12.0).

For gene modules from WGCNA, the genes with a correlation of > 0.7 with the module eigengene were used as input in custom 

enrichment analysis (clusterProfiler v4.6.2 enricher).

DNA methylation analysis

DNA methylation assays were carried out by the Clock Foundation using a custom BeadChip array containing loci from the Infinium 

Mouse Methylation BeadChip (i.e., mm285k array 64 ) and the mammalian methylation array (i.e., mm40k array 62 ). Data analysis was 

performed with SeSAMe 127,128 (v1.16.1). In brief, raw IDAT files were read with the Sesame prepSesameData function, with the 

SHCDPB masks (inferSpecies, prefixMaskButC, inferInfiniumIChannel, dyeBiasNL, pOOBAH, noob). This retained 279,644 probes 

from the mm285k array for downstream analysis. Differential methylation testing per locus was performed with the normalized β 
values using mixed linear models as implemented in the Sesame package via the DML function. To analyze methylation sites based 

on the mm40k array, we obtained an imputed β-value data matrix provided by the Clock Foundation, containing 36,793 probes. We 

then similarly ran the differential analysis.

The differentially methylated loci (DML, nominal P-value < 0.05) were categorized based on the differential pattern across various 

combinations of contrasts, namely 1) aged GLP-1RA-treated vs. aged vehicle-treated mice against aged vehicle-treated vs. young 

vehicle-treated mice, 2) the same comparison but with hypothalamic Glp1r knockdown, 3) aged GLP-1RA-treated vs. aged vehicle-

treated mice against aged mTORi-treated vs. aged vehicle-treated mice, and 4) aged GLP-1RA-treated vs. aged vehicle-treated 

mice (with hypothalamic Glp1r KD) against aged GLP-1RA-treated vs. aged vehicle-treated mice (with hypothalamic scramble 

shRNA AAV injection).
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For the first two contrasts, the DMLs were labeled ‘‘counteraction’’ where the GLP1-RA treatment-associated change and the age-

associated change were in the opposite direction, or ‘‘exacerbation’’ where the GLP-1RA treatment-associated change was in the 

same direction as the age-associated change. An additional label of ‘‘Rx-dominant’’ was given for where only the GLP-1RA treatment 

associated change reached statistical significance, and of ‘‘aging-dominant’’ was given for where only the age-associated change 

reached statistical change. No additional label was given if both comparisons were significant. For the third comparison, the patterns 

were labeled ‘‘same’’ where the GLP-1RA treatment-associated change and mTORi treatment-associated change were in the same 

direction, and ‘‘opposite’’ when the changes were in the opposite direction. We further specified the dominant agent depending on 

which treatment yielded the statistically significant change. No additional label was given if both comparisons were significant. For 

the fourth comparison, the patterns were labeled ‘‘same’’ where the GLP-1RA treatment-associated changes in aged mice with hy-

pothalamic Glp1r KD and scramble shRNA AAV injection were in the same direction, and ‘‘opposite’’ when the changes were in the 

opposite direction. We further specified the dominant effect group depending on which comparison yielded the statistically signifi-

cant change. No additional label was given if both were significant. R S and P-values for each contrast were calculated by correlating 

the delta β value (Δβ) per locus in the pair of comparisons.

Epigenetic age clock analysis

Two epigenetic clocks were selected for analysis, a universal clock, 63 and one re-trained with a principal components computational 

solution to enhance robustness. 65 Both clocks were accessed and calculated via the dnaMethyAge package (v0.2.0). For inputs, a 

Clock Foundation imputed version of the custom BeadChip array results (with ∼40k features as per the original mammalian methyl-

ation array 62 ) was used. This was run through the methyAge function, with species set as Mus musculus. Outputs were compared 

across experimental groups with Kruskal-Wallis tests with post-hoc Dunn’s tests.

Permutation sensitivity analysis

We performed permutation sensitivity analyses to assess the robustness of (i) the molecular age-counteracting effects of exenatide 

and rapamycin, and (ii) the similarities of molecular effects of exenatide and rapamycin in aged mice, covering all applicable transcrip-

tomic and DNAm datasets. For (i), this was conducted by shuffling aged sample experimental group labels with respect to treatment 

(i.e., vehicle or drug) for the data of each tissue organ (without shuffling the young adult group), while keeping the sample number 

constant for each group, and calculating the so-obtained R S with shuffling for 5,000 (transcriptome data) or 1000 (methylome 

data) times, or the maximum number of combinations where sample numbers were limiting. For (ii), sample group label shuffling 

was carried out for the vehicle and exenatide groups (without shuffling the rapamycin group) for the maximum number of combina-

tions. The shuffling procedure disrupts only the potential treatment effects of exenatide and rapamycin for (i), and of exenatide for (ii), 

while preserving all other statistical aspects of the data. The distribution of R S from the permutation analysis was then compared 

against the number of treatment label mismatches induced by the shuffling for each tissue organ from aged animals. The number 

of differential features (genes or methylation loci) was also compared against the number of mismatches induced by the shuffling.

ll
OPEN ACCESS Article

e8 Cell Metabolism 37, 2362–2380.e1–e8, December 2, 2025


	Body-wide multi-omic counteraction of aging with GLP-1R agonism
	Introduction
	Results
	GLP-1RA treatment improves selected physical functions in aging mice
	GLP-1R agonism ameliorates body-wide age-related molecular changes across multiple omic levels
	GLP-1RA age-counteracting molecular effects are partially mediated via a hypothalamic receptor-dependent brain-body axis
	GLP-1R agonism and mTOR inhibition modulate multi-omic landscapes along shared and distinct axes in aging

	Discussion
	Limitations of the study

	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Acknowledgments
	Author contributions
	Declaration of interests
	Supplemental information
	References
	STAR★Methods
	Key resources table
	Experimental model and subject details
	Experimental Animals

	Method details
	Exendin-4 and rapamycin treatment
	AAV-mediated hypothalamic Glp1r knockdown
	Immunohistochemistry for validation of Glp1r/GLP-1R knockdown
	Forelimb grip strength test
	Accelerated rotarod test
	Barnes maze
	Open-field test and frailty index
	Y-maze
	Statistical tests for physical and cognitive tests
	Metabolic assessment
	Statistical software for assessing physical, behavioral, and metabolic readouts
	Tissue collection and storage
	Total RNA and genomic DNA extraction
	RNA sequencing
	Plasma metabolomic measurement
	Bioinformatic data analysis
	Metabolome data analysis
	RNA-sequencing data analysis
	Principal component analysis (PCA)
	Weighted gene co-expression network analysis
	Pathway enrichment analysis
	DNA methylation analysis
	Epigenetic age clock analysis
	Permutation sensitivity analysis




