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Despite the thousands of genes implicated in age-related phenotypes,
effective interventions for aging remain elusive, due to the multifactorial

nature of longevity and the interconnectedness of molecular components
involved. Here we introduce a network medicine framework to map 2,358
longevity-associated genes onto the human interactome to identify
drug-repurposing candidates capable of modulating specific hallmarks of
aging. We find that genes associated with each hallmark form a connected
subgraph, or hallmark module, allowing us to measure the network
proximity of 6,442 compounds to each hallmark. We thenintroduce a
transcription-based metric, pAGE, which evaluates whether drug-induced
expression shifts reinforce or counteract known age-related expression
changes within each hallmark module. By integrating network proximity and
pPAGE, we identify drug-repurposing candidates targeting specific hallmarks
and provide afalsifiable framework to leverage genomic discoveries for
accelerating drug repurposing in longevity. Our findings are interpretable,
revealing molecular mechanisms through which drugs modulate hallmarks.

Over the past decade, comprehensive genetic surveys'™ and systematic
animal experiments®” have implicated thousands of human genes in
age-related phenotypes, with particular focus on the key biological pro-
cesses underlying age-related functional decline, known as hallmarks of
aging®'°. While these efforts offer unprecedented opportunities to dis-
sect the molecular basis of longevity" ™, we continue to lack treatments
andinterventions capable of modulating specific aging processes. This
shortfall potentially stems from the multifactorial nature of aging and
the functional and mechanistic interconnectedness of the molecular
and genetic processes implicated in longevity, limiting the impact of
any single intervention.

The multifactorial nature of longevity is often formalized through
the ‘hallmarks of aging’, which demarcate multiple distinct age-
related mechanisms, ranging from genomic instability to cellular
senescence® %, Although each hallmark is intended to represent a
distinct biological dimension, they are not fully distinct, and extensive
cross-talk and synergy existamong them. Yet, current therapeuticinter-
ventionsin clinicaltrials typically target only one or at most a few facets

ofaging. A comprehensive strategy for promoting longevity will likely
require multipleinterventions, each addressing different mechanisms
(or hallmarks) of aging. Developing novel compoundsto achieve thisisa
lengthy endeavor requiringadecade or moretoreach clinical practice.
An attractive alternative is to repurpose from the pool of over 6,000
clinically approved or experimental drugs, because some of these
agents might effectively target specific aging processes” ™. Indeed,
most of these compounds have already undergone toxicity screening
and possess well-characterized targets (and have known side effects),
allowing for more rapid clinical development. The key challenge is to
identify the compounds that caninfluence longevity—and specifically,
the hallmark they target and the relevant molecular mechanism.

To address this bottleneck in aging research, here we introduce
a network medicine framework'® that allows us to integrate data
on thousands of aging-associated genes, along with their network
relationships, and the targets of allapproved and experimental drugs,
aiming to identify potential interventions that could affect longev-
ity. Specifically, we begin with a library of 2,358 previously identified
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longevity-associated genes, which we map onto the human interac-
tome. Strikingly, we find that specific hallmark-associated genes aggre-
gate into a connected subgraph, forming distinct and statistically
significant hallmark modules. The discovery of these modules is our
first discovery, enabling us to apply established network medicine
approaches for drug repurposing”2*and to evaluate the proximity of
6,442 clinically approved or experimental compounds to each hallmark
modaule, thereby identifying candidates capable of perturbing specific
aging phenotypes.

Oursecondkeyadvanceistheintroductionofanoveltranscription-
based metric, Pro-Age (pAGE), that allows us to assess whether the
expression changesinduced by adrug reinforce or counteract known
age-related expression changes, allowing us to distinguish beneficial
interventions from those that may accelerate aging. This advance
was missing in prior repurposing efforts****, which only predicted
the drug’simpactonagiven phenotype but not the directionality and
the magnitude of its action. Ultimately, we find multiple drugs that
successfully reverse the expression changes observed during agingin
specific hallmarks, representing promising repurposing candidates.
Our predictions are interpretable, revealing the precise molecular
mechanisms by which each drug-repurposing candidate modulates the
specific hallmark of aging, thereby providing experimentally falsifiable
hypotheses. Together, our study offers a principled, integrative route
toleverage the vast body of aging-related knowledge to identify drugs
that can address the multifactorial nature of aging.

The geneticroots and interconnectivity of the
hallmarks of aging

We began by querying the OpenGenes database”, which manually
curates gene-level annotations that link 2,358 genes to longevity,
age-associated diseases or pathways implicated in aging, also offer-
ingaconfidence level for each association (Fig.1a and Supplementary
Sectionl), ranging from 1 (highest) to 5 (lowest). From this resource,
we identify the genes that are explicitly linked to at least one of the 11
hallmarks of aging®'° (Fig. 1b). Among the 2,358 longevity-associated
genes, 1,250 can be associated with specific hallmarks of aging: 860
are exclusive to a single hallmark, and 390 span multiple hallmarks
(Fig. 1c). The remaining 1,108 genes, while linked to aging, could not
beassociated withaspecific hallmark based on the current knowledge
of their biological function. We can, however, rely on the topology
of the human interactome to link these genes to specific hallmarks
(Supplementary Section IlI). The 390 multi-hallmark genes support
our hypothesis that, at the molecular level, the hallmarks of aging
are not independent entities. Further support is offered by pairwise

Fig.1| Aging-associated genes. a, The OpenGenes database contains 2,358
aging-associated genes, each gene being assigned a confidence level ranging
from1(highest) to 5 (lowest) based on the existing evidence of its association
with lifespan and longevity (see Supplementary Section I for the classification
protocol). While only 26 genes have the highest confidence level, indicating
that changesin their activity extend mammalian lifespan, most genes have low
confidence and show a weak association with aging. b, The number of genes
associated with each of the hallmarks of aging; 1,250 genes are associated by
the OpenGenes database with one or more hallmarks of aging based on their
biological role, while the remaining 1,108 genes are unclassified. Asterisks
indicate the number of genes with a specific confidence level (1-5) associated
with each hallmark. Note that the ‘exhaustion of stem cells’ and ‘changes in the
extracellular matrix structure” hallmarks are not associated with any of the genes
inlevels1and 2, while the ‘disabled macroautophagy” hallmark is not associated
with any of the genes inlevel 1. ¢, The number of genes associated with multiple
hallmarks. Reflecting the interconnectedness between the hallmarks, some of
the genes are associated with multiple hallmarks; 1,108 genes are not linked to
any hallmark, 860 genes are linked to a single hallmark, and 390 genes are shared
by multiple hallmarks. The TP53 gene is associated with the most (7) hallmarks,
reflecting its critical roles in various essential cellular processes such as DNA
repair and apoptosis.

comparisons using the Jaccard index®, revealing statistically significant
gene overlap among 47 of the 55 hallmark pairs (Extended Data Fig. 1
and Supplementary Section IV).

a
2,250
2,072
2,000 PEN
1750 | ENES
» 1500 o
3}
[ =
[}
D 1,250 +
[t
o
& 1,000 -
1S
=)
Z 750 -
500 -
250 +
120
26 52 88
=2 o EEE
(0] T T T T
Highest High Moderate Low Lowest
M () (3) (4) (5)
Confidence level
*kkkk
10° 4
Kkkkk
Kkkkk
Kkkokok *kkkk
%) 102 i *kkkk
1)
5 P kkkk *kokkk M kokkk
uc_» ool KEKKK edekkk
E *kk
9]
Q Kok kK|
g *%
p=4 10‘ - *k
Kkk
* *
*
100 i *%
T T T
e »
& S &
P Q& ¢ &£ & KL P
& ¢ & ¢ & & &
S QC Q>\\> <@° ,\0\ \e"‘
S & & S &
X8 N & <&
4 < o >
N N
& &
& (&
« o
Cc
*kkkk
103 4 *kkkk
*kkkk
*kkk
§ 10% ok I Hkkkk
@ *kkk
o
5 *kk *x Kk
5 i *kkkk
_g o) *% Kkk
*
p=}
Z 10'4 *kkk
*k *kk . TP53
* *
*kkkk
* *kkk
* %k
*kkk
o *kkkk
107 4
(] 1 2 3 4 5 6 7

Number of hallmarks

Nature Aging



http://www.nature.com/nataging

Analysis

https://doi.org/10.1038/s43587-026-01161-8

Network separation

Spg> 0

%

Network proximity

Pag < Pac

Pgc <Pac

Deregulated nutrient sensing

z-score: 3.89

|

30 40

10 20

LCC size
Mitochondrial dysfunction

z-score: 2.54

|

40 50

10 20 30

LCC size

Disabled macroautophagy

z-score: 3.02

2 4 6 8
LCC size

Epigenetic alterations

a LCC
Hallmark
module A
Hallmark
module B
b Exhaustion of stem cells
2 2 80
o kel
© 150 s
=] S 60
E E
2 100 2|
Q Q
5 5 40 A
o z-score: 2.21 -
[} [}
o 50+ Q9 90 A
€ =
=) =)
= 4
0 A 0 -
o] 5 10 15 o]
LCC size
Altered intercellular communication
2 2
s 80 S
=1 S 80 A
g g
E 60 - g a4
[} @
Q 40 4 Q
o —
o o 40+
P z-score: 2.69 N
8 8
£ 20 l £ 201
=) =)
= 4
0 - 0
25 35 45 55 o]
LCC size
Cell senescence
” , 400
c 125 c
o kel
=} =}
£ 100 - £ 300 1
E £
g ] 8 200 -
G k]
5 ] -
Z-score:
Q Q9 100 A
€ 251 2.69 [S
=) =)
= l 4
0 - 0 -
o] 5 10 15 20 25 30 o]
LCC size
Loss of proteostasis
150
1) 2]
f= =
2 125 4 £
S S
3 4 3 4
g 100 g 100
£ <
g 75+ g
kS 174 kS
B z-score: 1. o B
5 50 5 50
Q 9
E 25 1 E
=} 3
= =z
0+ o
5 10 15 20 25 30 35 70
LCC size

z-score: 1.67

|

80
LCC size

90 100

Number of permutations Number of permutations

Number of permutations

SITARY
A
B

Changes in the extracellular matrix structure

600 1
400 1
200 4 z-score: 11.51
o
0o 2 4 6 8
LCC size
Genomic instability
125 1
100 q
75 1
50 -
z-score: 2.48
25 l
o
20 30 40 50 60
LCC size
Telomere attrition
150
100 1
50 A z-score: 3.57
o
(0] 5 10 15 20
LCC size

Significant LCC
z-score > 1.96

Marginally significant LCC
1.96 > z-score > 1.645

Nature Aging


http://www.nature.com/nataging

Analysis

https://doi.org/10.1038/s43587-026-01161-8

Fig. 2| Network characteristics of the hallmarks of aging. a, Genes associated
with similar biological mechanisms often form connected components™®. The
LCC characterizes the module of the gene set. The network structure allows us
to analyze the network separation and proximity between different gene sets.
Negative separation indicates overlapping modules while positive separation
denotes distinct, topologically nonoverlapping modules. Network proximity
estimates the network-based distance between modules utilizing the shortest
paths between pairs of genes in different modules. The proximity allows for
estimating modules in close neighborhoods compared with distant ones.

b, The LCC size and significance of each hallmark of aging compared with

the distribution of LCCs formed by a randomized control group (Methods).

The LCC formed by the genes of each hallmark defines the ‘hallmark module’,
characterizing the network representation of the hallmark. The genes of each
hallmark of aging form a statistically significant LCC (defined as z-score > 1.96)
compared with the control group. The only two exceptions are the ‘loss of
proteostasis’ hallmark (z-score =1.74) and the ‘epigenetic alterations’ hallmark
(z-score =1.67), which display marginal significance (defined as z-score > 1.645).

Although the OpenGenes database offers evidence extracted
from observational and experimental studies that link each gene
to its assigned hallmark of aging, we wished to confirm whether
the collective set of 1,250 hallmark-associated genes is broadly
relevant to longevity. To this end, we performed additional valida-
tion (Supplementary Section Il and Methods), finding that the set
of 1,250 genes shows significant enrichment in (i) age-related KEGG
pathways?” (Supplementary Fig. 11), (ii) genes implicated in aging
by six large-scale aging studies®>>***° (Supplementary Table 1), (iii)
five aging-related diseases (Supplementary Table 2), (iv) eight dis-
tinct cancer types whose incidence increasing significantly with age
(Supplementary Fig. 4) and (v) genes involved in DNA repair or prog-
eroid syndromes® * (Supplementary Fig. 5). We checked that none
of these validation datasets were included in the development of the
OpenGenes database (Supplementary SectionIl). Hence, these enrich-
ments lend additional support to the aging relevance of this gene set,
serving as the foundation for our subsequent work.

The hallmark modules of aging

To capture the network-level organization of aging, we mapped the
1,250 hallmark-associated genes onto the human interactome—a
comprehensive catalog of 524,156 experimentally validated binding
interactions among 18,223 proteins (Methods). For many diseases and
phenotypes, the genes associated with the disease are known to coa-
lesceintheinteractome to forma‘disease module’, formally defined as
thelargest connected component (LCC) formed by the disease genes'.
While disease modules were validated for multiple isolated traits* >,
aging comprises multiple hallmarks that may each behave as distinct,
yetinterrelated, phenotypes. Itis thus unclear whether the different
hallmark genes formindependent modules, andif these modules reside
inthe same network neighborhood (Fig. 2a).

To answer these questions, we examined each hallmark separately,
finding that in 9 of the 11 hallmarks, associated genes cluster into a sta-
tistically significant LCC (z-score >1.96; Fig. 2b). The remaining two
hallmarks—loss of proteostasis’ (z-score =1.74) and ‘epigenetic altera-
tions’ (z-score =1.67)—also show amarginal significance, indicating that
their gene sets are characterized by nonrandom connectivity. In other
words, the hallmark-associated genesreside in narrowly defined network
neighborhoods, each representing a distinct and identifiable ‘hallmark
module’within the globalinteractome (Fig. 3a-k). We note that the struc-
ture of the hallmark modules may be partially shaped by pathway-driven
aging research and by biases in protein-protein interaction (PPI) net-
works toward well-studied genes. To address this, we performed mul-
tiple robustness validations using an unbiased high-throughput PPI,

the STRING PPland anedge-permutation significance test, consistently
recovering the statistical significance of the hallmark modules (Supple-
mentary Section XII). These findings establish that hallmark genes form
well-defined and statistically significant network modules.

We next examined whether these hallmark modules overlap, aim-
ing to reveal functional relationships among them. To do so, we used
two complementary measures: separation'® and proximity* (Fig. 2a
and Extended Data Figs. 2 and 3; see also Methods and Supplemen-
tary Section V), finding that the hallmarks of aging are located in the
same neighborhood of the interactome, together forming a broader
‘longevity module’ (Fig. 31 and Supplementary Section VI). The overlap
between the individual hallmark modules reflects the existence of
shared molecular mechanisms underlying related hallmarks. Next, we
leverage the existence of the individual hallmark modules to identify
drug-repurposing candidates that target specific hallmarks.

Network-based identification of hallmark-specific
drug-repurposing candidates
Theexistence of the hallmark modules offers the opportunity to apply
network-based drug-repurposing methods, originally designed for
single-disease modules, to the more complex and multifactorial con-
text of aging®2*. To this end, we compiled 6,442 approved or clinically
tested compounds from DrugBank®®. Our approachrests onthe premise
that drugs whose targets lie in the network proximity to a disease (or
hallmark) module are poised to perturb that disease (or hallmark) with
potential therapeutic outcome, ahypothesis that has been experimen-
tally supported across multiple diseases—from asthmato heart disease,
and has been experimentally validated for 6,710 drugs, successfully
predicting their potential role in treating coronavirus disease 2019
(COVID-19) infection®***>* To develop such aframework, we begin by
measuring each drug’s network proximity to every hallmark module for
five sets of hallmark genes, stratified by confidence level (Fig. 1a). For
each hallmark, we then ranked drugs by the significance of their proxim-
ity (z-score < -1.96). For example, we find 27 compounds that displayed
statistically significant proximity to the ‘cell senescence’ hallmark at
every confidence level (Fig. 7). The top-ranked candidate in this list,
pimasertib, isa MEK1/MEK2 inhibitor known to induce apoptosis and
senescence*, aligning withits predicted effect. Another high-ranking
compound, selisistat, a SIRT1 inhibitor, also promotes senescence*..
These examples demonstrate that proximity successfully detects com-
pounds previously implicated in senescence. Yet they also show that
proximity alone does not imply a beneficial (anti-senescence) effect.
Thenetwork-based approachrelies on undirected proteininterac-
tions, which can successfully establish acompound’s ability to perturb

Fig. 3| The hallmark modules and the longevity module. a-k, Genes associated
with each of the hallmarks of aging are not randomly distributed in the human
interactome but agglomerate in a specific network neighborhood, forming a
statistically significant LCC. These LCCs are the ‘hallmark modules’—subgraphs
ofthe human interactome representing the biological origin of the hallmarks

of aging. Each hallmark module is shown separately with a distinct color. Genes
associated with more than a single hallmark are shown with alabel. a, Epigenetic
alterations (89 genes). b, Altered intercellular communication (53 genes).

¢, Genomic instability (49 genes). d, Mitochondrial dysfunction (40 genes).

e, Deregulated nutrient sensing (34 genes). f, Cell senescence (27 genes).

g, Loss of proteostasis (27 genes). h, Exhaustion of stem cells (ten genes).

i, Disabled macroautophagy (seven genes). j, Telomere attrition (16 genes).

k, Changes in the extracellular matrix structure (seven genes). 1, The 11

hallmark modules were found to be in the same network neighborhood and

when agglomerated together form the ‘longevity module’ shown here. Genes
associated with a single hallmark module are colored accordingly, while genes
associated with multiple hallmarks are colored in black with the node’s edges
colored based on their hallmark associations. The size of each node reflects its
number of hallmark associations. The labels of genes associated with five or more
hallmarks are shown.
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amodule, but carries no information on whether the perturbation is
beneficial or detrimental. To address this limitation, here we introduce
ametric called pAGE (Fig. 4 and Methods), which quantifies whether
drug-induced changes in gene expression reinforce or counter docu-
mented age-related expression shifts. Specifically, ifadrugupregulates
agenethatis knownto be upregulated with age, one might anticipate

apotentially adverse effect on longevity, whereas downregulating the
same gene may be advantageous (Fig. 4).

In summary, proximity predicts a drug’s potential impact on a
hallmark module, while pAGE predicts the directionality of that effect:
positive pAGE values indicate shifts toward younger expression pat-
terns, whereas negative values suggest potential age-accelerating
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perturbations. The schematicillustrates how the pAGE value is computed by
comparing an aging signature (I') with a perturbation signature (©) across
hallmark genes. Upregulated, downregulated and not regulated nodes are
encoded and summed to yield the pAGE value (equation (3)), where pAGE < 0
indicates an age-accelerating effect and pAGE > O indicates a pro-longevity effect.
The color key shows nodes that do not change (white), are downregulated (red),
are upregulated (blue), decrease pAGE (orange) or increase pAGE (green).

effects (Fig.4).Based on thisrationale, we propose SHARP (systematic
hallmark-based aging repurposing pipeline), which first uses net-
work proximity to identify compounds targeting hallmark-related
subgraphs, and then uses pAGE to determine whether the induced
transcriptional changes are pro-longevity or age-accelerating.

Note, however, that not all age-related expression changes are
detrimental. For example, several stress-response pathways become
activated with age yet may still confer adaptive benefits through
hormesis*>*’, Nevertheless, as we show next, SHARP successfully dis-
tinguishes lifespan-extending from non-extending compounds, indi-
cating that such adaptive responses have only a limited confounding
effect on predictive performance.

Validation of the SHARP repurposing pipeline
Tovalidate SHARP and assess its limitations, we examined its ability to
identify compounds supported by experimental and clinical evidence
for longevity. Specifically, we evaluated drugs shown to extend lifes-
panin mice** and compounds currently under clinical investigation
for longevity®. To estimate the false-positive rate, we also analyzed
compounds tested in mice that failed to extend lifespan**. Because
low-confidence genes (levels 3-5) introduce substantial noise into
the pAGE metric (Supplementary Fig. 20), validation analyses were
restricted to high-confidence genes (levels 1-2). SHARP classified a
drug as a repurposing candidate if it displayed significant proximity
together with positive pAGE for at least one hallmark.

Validation of lifespan-extending drugs in mice from the
intervention testing program

We first examined 11 drugs that the intervention testing program (ITP
found to prolong lifespan in mice (Fig. 5 and Supplementary Table 3).
Of the 11 that extend lifespan, 6 displayed significant proximity
(z-score <-1.96), and 4 had marginal proximity (z-score < -1.645) to
at least one hallmark. We measure the pAGE parameter for 8 of the
111TP-confirmed lifespan-extending drugs** with Connectivity Map
(CMap) data, finding that all eight have positive pAGE for at least one
hallmark (Fig. 5 and Supplementary Table 3). Since all eight also have
statistically significant or marginally significant proximity to atleast one

)

hallmark, SHARP offers 100% sensitivity (95% confidence interval: 63%,
100%) for the ITP-tested drugs (see Supplementary Sections XlIl and
XVllIfor an analysis of potential circularity in the validation process, and
Supplementary Section XVII for a baseline ablation analysis evaluating
the predictive power of proximity and pAGE separately).

We also tested the 17 ITP drugs that failed to extend lifespan
(Supplementary Table 11). Of these, 12 displayed significant proxim-
ity (z-score <-1.96), and two had marginal proximity (z-score < -1.645)
to at least one hallmark. We measure the pAGE parameter for 7 of the
17 with CMap data, finding that only three have positive pAGE and sig-
nificant or marginally significant proximity for at least one hallmark
(Supplementary Table11), resultingin a42.8% (95% confidence interval:
9.9%, 81.5%) false-positive rate for the ITP-tested drugs.

We also find that lifespan-extending ITP drugs exhibit a higher
number of hallmarks with positive pAGE values relative to negative
ones ((PAGE™)/(pAGE™) = 1.24), whereas ITP drugs that failed to
extend lifespan show the opposite pattern ((pAGE™)/(pAGE™) = 0.52),
as shown in Supplementary Fig. 20. These results suggest that while
some negative pAGE values may reflect compensatory or protective
responses, the dominant signal among lifespan-extending compounds
remains positive. Indeed, even drugs that extend lifespan may show
negative pAGE values for specific hallmarks. This is expected, as it is
unlikely that any intervention will simultaneously reverse all hallmarks
of aging. For example, masoprocol (NDGA) extends lifespan in mice,
yet it exhibits anegative pAGE value for the mitochondrial dysfunction
hallmark (Fig. 5). This directionality is biologically plausible, as maso-
procol has been shown to induce a loss of mitochondrial membrane
potential in FL5.12 murine hematopoietic cells*.

Validation using drugs under clinical trials for human
longevity

We next tested our drug-repurposing pipeline against a curated list of 17
compounds currently undergoing clinical trials for healthy longevity*,
alistthatincluded well-known candidates such as metformin and siroli-
mus (rapamycin; Fig. 5and Supplementary Table 4). Three drugs (siroli-
mus, acarbose and metformin) overlap with the 11 compounds that
extend lifespanin mice from the ITP program described above. Of these
17, we find that 11 display statistically significant proximity to at least
one hallmark (z-score < -1.96). For instance, aspirinis predicted to influ-
ence six hallmarks, and dasatinib is predicted to affect five, whereas
sirolimus (rapamycin) affects only one hallmark, specifically the ‘inter-
cellular communication’ hallmark module. The six drugs undergoing
clinical trials not captured by our pipeline had targets located relatively
far from hallmark modules (proximity >1.6; Supplementary Fig. 14).
Even so, 3 of the 6 compounds, acarbose, metformin and quercetin,
exhibited marginally significant proximity (z-score < -1.645), illustrat-
ingthat partial alignment with a hallmark can stillbe detected for these
compounds. We measure the pAGE parameter for 9 of the 17 drugs in
clinical trials for aging or longevity for which CMap data are available
(Methods), finding that 8 of the nine drugs displayed positive pAGE and
statistically or marginally significant for at least one hallmark (Fig. 5and
Supplementary Table 4), resulting in 88.9% (95% confidence interval:
51.7%, 99.7%) sensitivity for the drugs undergoing clinical trials.

Validation against independent experimental results

Finally, we evaluated SHARP using 10 compounds recently tested
for lifespan and healthspan effects in mice in a parallel independent
study*. This study prioritized compounds using criteria distinct from
those of the current work, and its experimental findings became avail-
able only after our predictive analysis had concluded (Supplemen-
tary Section XIV). Among the eight compounds with available CMap
data, vorinostat, selumetinib, LY-294002, KU-0063794 and AZD-8055
significantly improved lifespan or healthspan, whereas valdecoxib,
GDC-0941and ascorbyl-palmitate did not. The successful compounds
showed statistically significant (or marginal) proximity to atleast one
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@ Exhaustion of stem cells @ Deregulated nutrient sensing
@ Altered intercellular communication [ Genomic instability
| Canagliflozin | ENEEEEEE _AA AR vavav/ B Epigenetic alterations I Cell senescence
@ Mitochondrial dysfunction O Disabled macroautophagy
W Loss of proteostasis O Telomere attrition
AAA B Changes in the extracellular matrix structure
I Masoprocol [TT T TT] A \v4 A
C Clinical trials in human
C Dulaglutide [T TTTITT] NA | Extend lifespan in mice from the ITP project

Fig. 5| Drug repurposing of drugs currently under clinical trials for antiaging
and from the ITP project. Twenty-five drugs currently under clinical trials for
antiaging medicine for humans (C)* or found to extend lifespan in mice from
theITP project (1)*. Among them, 16 showed statistically significant proximity
(z-score < -1.96) for at least one hallmark. An additional five show marginal
significance (z-score < -1.645). All drugs show positive pAGE for at least one

hallmark. Statistically significant proximity is shown with full color and marginal
significance proximity with transparent color. Nonsignificant proximity is

shown in white. Arrowheads indicate the pAGE directionality (positive, up;
negative, down). Proximity is measured across all confidence levels, and the most
significant result is shown. pAGE is shown for level 2 or, if no high-confidence
hallmark genes are present, for level 3. NA, not applicable.

hallmark (Supplementary Table 12), and all compounds with CMap
data displayed positive pAGE for at least one hallmark, yielding 100%
sensitivity (95% confidence interval: 47.8%,100%).

Taken together, SHARP demonstrates 100% sensitivity for mouse
lifespan-extending compounds and 88.9% sensitivity for clinically

tested compounds. Theseresults reinforce the predictive strength of
our approach and provide confidence in the novel drug-repurposing
predictions presented below. We note that larger sample sizesin future
studies are expected to yield more precise estimates and reduce the
confidence intervals.
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Fig. 6 | Perturbation pAGE signature. a,b, The network proximity identifies
drugs with close targets to a specific hallmark module (z-score < -1.96),
indicating a strong impact, while the pAGE values predict the direction of

the impact to be beneficial (pAGE > 0) or deficient (pAGE < 0) for aging. The
datapointsareall1,346 drugs that appear inboth the DrugBank and CMap
databases and their respective proximity z-score and pAGE values for the
‘altered intercellular communication’ (a) and ‘mitochondrial dysfunction’ (b)
hallmarks confidence level 4. The gray area indicates a lack of significance for

>

proximity (z-score > -1.96). ¢,d, Comparing the aging signature to the drug
signature allows for calculating the pAGE value (equation (3)) of drugs to ‘altered
intercellular communication’ (c) and ‘mitochondrial dysfunction’ (d) hallmarks,
predicting drugs that are beneficial (pAGE > 0, green) or deficient (pAGE < O,
orange) for aging. The statistical significance of the pAGE values is calculated
relative to anull distribution generated from a control group of random drug
signatures (Supplementary Section VIII) with two asterisks indicating statistically
significant pAGE values (|z-score | >1.96).

Identifying hallmark-targeted drug-repurposing
candidates

Encouraged by the positive validation above, we next apply SHARP to
identify drug-repurposing opportunities for each hallmark. Specifically,
we identify all approved and experimental compounds with significant

proximity to specific aging modules, asidentified by our network anal-
ysis, and positive pAGE value, if there is available CMap data for the
compound (Fig. 6). This process allows us to identify ‘pro-longevity
compounds’ that cansuccessfully perturb a hallmark module, inducing
pro-longevity expression changes. We also identify ‘age-accelerating
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Proximity (level 4) Proximity (level 4)
Drug name Value (z-score) pAGE Drug name Value (z-score) pAGE
Loss of proteostasis
(6 drugs)
Guanadrel A Minocycline 1.09 (**-2.96) v
Protriptyline Changes in the extracellular matrix structure
lobenguane (25 drugs)
Nisoxetine A Marimastat 1.35 (**-9.38) -
Enalaprilat Captopril 1.67 (**-3.32) _
Doramapimod Deregulated nutrient sensing
(52 drugs)
Amineptine A ¢
Amlexanox A Tivozanib 12 (**-2.69) A
Benzatropine Bms-754807 0 (**-3.82) A
) o Pilaralisib 0 (**-2.82) A
Altered intercellular communication
(61 drugs) Linsitinib 0 (**-3.88) A
Oxymetazoline 1.5 (**-2.09) A
Niguldipine 0.67 (**-3.73) v
Sertindole 1.2 (**-3.04) o CGsk-1059615
Terazosin 1.0 (**-4.52) A Pimecrolimus
Doxazosin 1.42 (**-3.05) . Cell senescence
(27 drugs)
Naphazoline 1.0 (**-2.17) o
V . .
. Biotin 1.27 (**-2.74) o
Tetryzoline 1.33 (**-2.41) A v
. . Linsitinib 0.5 (**-2.34) -
Cirazoline 1.33 (**-2.36) A
. Bms-754807 0.5 (**-2.3) o
Synephrine 0.67 (**-4.24) A v
- Disabled macroautophagy
Bms-754807 0.5 (**-2.32) v (7 drugs)
Dequalinium 1.07 (**-1.96) o
N Monobenzone 1.0 (**-3.66) _
Epigenetic alterations imexon 10 (332 ]
Doconexent 0.75 (**-3.0) A
Fenoprofen 0.6 (**-4.0)
Grn163l NA
Clinofibrate 0.33 (**-4.07) A )
Tertomotide NA
Pilaralisib 0 (**-3.73) v
Navitoclax _
Alsterpaullone _
Pyrazolanthrone

Fig. 7| Drug repurposing for hallmark-targeted drugs. For each hallmark,
top candidates (partial list) with statistically significant proximity to each of
the hallmarks of aging are shown. The proximity value and z-score are shown
for level 4, and pAGE directionality is based on level 2 or, if no high-confidence

hallmark genes are present, for level 3. Positive pAGE values are shown as up and
negative values as down. Two asterisks indicate statistically significant proximity
(z-score <-1.96), calculated relative to a null distribution generated from random
degree-matched drug targets and hallmark genes (Methods).

compounds’ that can also perturb a hallmark, but the induced expres-
sion changes are more consistent with pro-aging effects. While the CMap
database provides expression data for only a subset of the compounds
listed in DrugBank (1,347 of 6,442), SHARP can operate withany source

of drug perturbation profiles, including gene expression dataavailable
fromindependentstudies for drugs not covered by CMap. Accordingly,
thescope of the presentanalysis is constrained by the availability of CMap
databut can be expanded using additional perturbational databases.
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The network-based repurposing pipeline has allowed us to iden-
tify a total of 370 drugs (Fig. 7), each showing statistically significant
proximity to one or more hallmarks of aging, hence potentially capable
of modulating longevity. Of these, 60 drugs have CMap expression
profiles, allowing us to calculate their pAGE parameter. Among these
60 drugs, 21 display positive pAGE, indicating that they represent
pro-longevity drugs, and another 23 display negative pAGE, represent-
ing potential age-accelerating compounds. The remaining 16 drugs
show inconsistent pAGE values for confidence levels 1and 2; thus, we
need further datato evaluate theirimpact onlongevity. Below, we sum-
marize the identified candidate drugs in the context of each hallmark.

Exhaustion of stem cells

Weidentified 113 drugs with significant proximity (z-score < -1.96) to
this hallmark at confidence levels 3-5,19 of which have CMap data. Nine
of 19 exhibit positive pAGE for level 3 (guanadrel, guanethidine, olopata-
dine, epirubicin, nisoxetine, clorgiline, amineptine, acemetacin and
amlexanox), and 10 are predicted to be age-accelerating compounds
(protriptyline, iobenguane, rescinnamine, ketorolac, enalaprilat,
doramapimod, ph-797804, navitoclax, neomycin and benzatropine).

Altered intercellular communication

Sixty-one drugs are significantly proximal to this hallmark across all
five confidence levels, of which 25 have CMap data. Five exhibit positive
pAGE for levels1and 2 (oxymetazoline, terazosin, tetryzoline, cirazoline
andsynephrine), and 11are age-accelerating compounds (niguldipine,
phentolamine, sertindole, prazosin, doxazosin, naphazoline, meth-
oxamine, alfuzosin, bms-754807, thioproperazine and dequalinium).

Epigenetic alterations

0Of 52 drugs with significant proximity across all five confidence levels,
only 5 have CMap data. Of these, doconexent, fenoprofen and clinofi-
brate have positive pAGE for levels1and 2, while pilaralisib is predicted
to be an age-accelerating compound.

Mitochondrial dysfunction

Twenty-one drugs exhibit significant proximity across all five confi-
dence levels, but none have CMap data. If we also consider drugs that
show proximity for four of five confidence levels, we find three drugs
with CMap data (navitoclax, alsterpaullone and pyrazolanthrone),
which have non-negative pAGE for levels1and 2.

Loss of proteostasis

Six drugs have significant proximity at all five confidence levels, but
we do not have CMap data for any of them. Considering those display
proximity at four of five confidence levels, we find minocycline with
negative pAGE.

Changes in the extracellular matrix structure

Asnogenes from the OpenGenes database have confidencelevels1or
2forthis hallmark, we examined levels 3-5, identifying 25 significantly
proximal drugs. Among these, marimastat and captopril have CMap
data and non-negative pAGE for level 3.

Deregulated nutrient sensing

Fifty-two drugs reach significance (z-score < -1.96) across all five confi-
dencelevels, four of which have CMap data and positive pAGE for levels
1and 2: tivozanib, bms-754807, pilaralisib and linsitinib.

Genomicinstability

Four drugs achieve significant proximity at all five confidence levels,
yet none have CMap data. Adding those significant at four levels yields
three drugs with CMap data (gsk-1059615, paricalcitol and pimecroli-
mus), of which pimecrolimusis an age-accelerating compound exhibit-
ing negative pAGE for levels1and 2.

Cell senescence

Twenty-seven drugs are significant at all five levels; three of them—
biotin, linsitinib and bms-754807—have CMap data, and show non-
positive pAGE values for levels1and 2.

Disabled macroautophagy

With no confidence level-1 genes available, we analyzed levels 2-5,
identifying seven drugs that reach significance for all four. Two,
monobenzone and imexon, have CMap data with pAGE = O for level 2.

Telomere attrition
Two drugs show significance across all five levels, although neither
has CMap data.

To summarize, we find 370 drugs that exhibit significant prox-
imity to at least one hallmark of aging. Of the 370 drugs, 60 have
CMap data, enabling us to compute their pAGE; of these, 21 have a
positive pAGE across all five confidence levels, making them prime
candidates for experimental testing in animal models. We also
find an additional 23 compounds with negative pAGE, indicative
of potential age-accelerating effects. Literature evidence support-
ing our predictions is provided in Supplementary Section XV and
Supplementary Table 13. The variability of pAGE across different cell
lines and its impact on our final candidate selection is discussed in
Supplementary Section IX.

We wish to emphasize that 310 of our drug-repurposing predic-
tions currently lack CMap data. One canrely, therefore, on expression
profiling to determine their pAGE value and assess their directionality.
Extrapolating from our previous data, we anticipate that 35% (or about
108 drugs) of these candidates may benefit longevity (Methods). Inter-
estingly, 83 of the 370 candidatesidentified by our pipeline are ‘network
drugs’, representing drugs that do not target aging genes directly
(Supplementary Section XVI). These candidates would be missed by
approaches that do not consider the full network topology and the
respective hallmark modules, consistent with a previous study*, which
found that 76 of 77 drugs experimentally effective against COVID-19
could not be explained by directinteractions with viral target proteins.

Proximity and pAGE predict therapeutic effects

Theintegrated network-based pipeline, augmented by the pAGE met-
ric, is not only capable of identifying promising drug-repurposing
candidates, but canalsoyield falsifiable predictions regarding adrug’s

Fig. 8 | Proximity and pAGE predict mechanism of action. a, Oxymetazoline
isone of the candidates for drug repurposing for the ‘altered intercellular
communication” hallmark (shownin purple). Oxymetazoline targets the proteins
ADRAIA, ADRA1B and ADRAID as part of the a;-adrenergic receptor proteingroup,
and the proteins HTR1A, HTR1B and HTR1D as part of the serotonin receptor
protein group. The a;-adrenergic receptor protein group directly connects to the
module by the ALB and NR3CI genes, while the serotonin receptor protein group
directly connects to the module by the TGFBI gene. The gene ADRAIA isbothadrug
targetand a hallmark gene (green), while ADRA1B and HTR1B (blue) are nearest
neighbors of the module, leading to a statistically significant proximity of 1.5
(Methods). b, Perturbing the MCF7 cell line with oxymetazoline, the drug signature

upregulates (green) and downregulates (red) genes in the module. The color bar
shows the z-score of the perturbation signature for each gene. The perturbation
follows a detour path starting from the a-adrenergic receptor protein group, and
does not follow the shortest path to the module through the immediate target
neighbors ALBand NR3Cl. Instead, the target’s neighbor ACKR3 (not a hallmark
gene) is perturbed and transmits the information to the module. ¢, The aging
signature marks genes that are upregulated (green) and downregulated (red) with
age.d, The pAGE value is measured according to equation (3). By comparing the
aging signature and the drug signature, genes with opposite signs (green) increase
the pAGE value, while genes with similar signs (orange) decrease it, resultingin a
statistically significant pAGE = 0.46.
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mechanism of action. We demonstrate this using oxymetazoline (see
other candidates in Supplementary Section XI), a repurposing can-
didate predicted to impact the Altered Intercellular Communication
hallmark (Fig. 7). Oxymetazolineis an ;- and a,-adrenergic agonist used
clinically for nasal congestion, ocular allergic reactions and rosacea*®.
Ittargets the proteins ADRA1A, ADRA1B and ADRA1D, members of the
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To understand how oxymetazoline perturbs the hallmark mod-
ule, we examined the propagation of its transcriptional perturba-
tion signature through the interactome. The a;-adrenergic receptor
group connects to the module through ALB and NR3C1, while the
serotonin receptor group connects through TGFB1. However, these
direct neighbors show relatively weak perturbation signatures, sug-
gesting that the perturbation instead propagates through ACKR3,
anon-hallmark protein with one of the strongest perturbation scores
among thetargets’neighbors (Fig. 8b). ACKR3 interacts with hallmark
proteinsincluding NFKB1, TP53 and AKT1, each displaying significant
perturbation signatures. Although expression of the «;-adrenergic
receptor genes themselves does not significantly change with age
(Fig. 8c), targeting theminduces downstream transcriptional changes
across the hallmark module, resulting in a significant pAGE = 0.46
(z-score =2.35; Supplementary Section VIII). Specifically, oxymetazo-
line counteracts aging-associated expression changesin genesinvolved
insterileinflammation, including CCL5, NFE2L2,AGER, RELA, CEBPB, C3,
MIF, NFKBIA, HDAC4, PTGS2 and HLA-DRBI, as well as genes involved in
impaired intercellular communication, including CCLS5, TP63, NFE2L2,
FOX03, CDKN2B, IGFIR and SIRTI (Fig. 8b-d), thereby increasing the
PAGE value (Fig. 8d).

Insummary, integrating the hallmark network structure (Fig. 8a),
drug perturbation profile (Fig. 8b) and aging-associated expression
changes (Fig. 8c) reveals the molecular mechanisms through which a
repurposable drug may modulate a hallmark module. The predicted
mechanisms can then be validated in cell-based assays***° and animal
models. While oxymetazoline serves here as an illustrative example,
integrating pAGE with hallmark network structure (Fig. 3) enables
similarly detailed mechanistic predictions for all candidates in Fig. 7
(Supplementary Section XI).

Discussion

Animportant paradigmin aging researchis the distinctionbetween the
‘why’ of aging, represented by causal factors® > and the ‘how’ of aging,
as encapsulated by ‘aging hallmarks™*. The longevity module intro-
duced here reveals that from a network perspective, both the causal
factors and the ‘hallmarks’ of aging are located in the same network
neighborhood. This implies that therapeutic interventions designed
to target either the drivers of aging or its hallmark processes must
ultimately focus on the same well-localized neighborhood of the subcel-
lular network, defined by the longevity module (Fig. 3). Consequently,
from anetwork perspective, the traditional distinction between target-
ing ‘theories’ or ‘hallmarks’ may be less critical, given the realization
that both involve the same network neighborhood.

Ultimately, our findings underscore the potential of leverag-
ing the extensive hallmark-associated genetic evidence to identify
drug-repurposing candidates for healthy longevity. Although the
evidence presented here is primarily computational, it is supported
by genetics and expression-based evidence, offering a principled basis
for subsequent in vitro and in vivo validations, culminating in animal
studies and eventually clinical trials.

We also introduce a key methodological advance, the pAGE
metric, that helps us gauge whether a drug reinforces or counteracts
aging-related transcriptional changes. Consequently, our pipeline
uncovers both compounds that can actas pro-longevity compounds, as
wellas compounds that likely serve as ‘age-accelerating’ agents. These
are also valuable for validating the genetic nexus of aging, illuminat-
ing further molecular targets, and identifying previously unknown
side effects of existing drugs, helping clinicians to avoid unintended
adverse effects on lifespan.

Because aging is multifactorial, effective interventions will likely
require combination therapies targeting multiple hallmarks simulta-
neously. Notably, our approach identifies compounds that perturb
several hallmarks, providing a framework for multi-target strategies
(Supplementary Tables 5and 6). Some candidates, such as bms-754807

(Fig. 7), affect multiple hallmark modules, consistent with our inde-
pendent experimental study showing that lifespan-extending drugs
in mice tend to target multiple hallmarks (Supplementary Table 12).
Future work should therefore explore rational drug combinations
using network-based models that account for drug-druginteractions,
synergy and toxicity*.

Our work builds upon previous aging drug-repurposing
approaches®* by integrating network topology with perturbational
gene expression signatures. Prior approaches relied either on over-
lap between drug targets and aging genes’*® or on CMap expression
signatures alone”*, lacking a network-based framework capable of
identifying mechanism of action. In contrast, our approach captures
broader network effects, including ‘network drugs’ that perturb hall-
mark modules without directly targeting hallmark genes, accounting
for 83 of the 370 candidatesidentified by our pipeline (Supplementary
Section XVI).

Our approach has several limitations. Aging processes vary sub-
stantially across tissues and cell types*’, motivating integration of
tissue-specific and single-cell data to refine hallmark definitions and
tissue-level pAGE estimates. Tissue-dependentinteractomes could be
generated using GTEx data®, enabling evaluation of drug perturba-
tionsinbiologically relevant cellular contexts®. In this study, we primar-
ilyrelied on MCF7 perturbation profiles because of their broad CMap
coverage. However, analysesin the noncancerous WI38 and IMR9O cell
lines showed that most pAGE signatures exhibit only minimal variation
(Supplementary Section IX).

Regarding our second key advance, the pAGE parameter, we note
that it does not yet account for dosage, nonlinear responses or the
possibility that a single compound may confer beneficial effects in
onetissue and detrimental effects in another. Future work could help
improve its predictive value by implementing these features.

Capturingthe progression of hallmark modules at different chron-
ological ages in humans or model organisms could also reveal critical
windows wheninterventions are most effective, guiding stage-specific
therapeutics for healthy aging. Finally, combining patient stratifi-
cation (for example, genetic background, lifestyle factors) with
network-derived hallmark signatures might help tailor interventions
toindividual aging trajectories, moving the field toward personalized
antiaging strategies and opening the doors for Precision Geroscience.

Methods
Ethical regulations statement
No approval or ethical regulations were required for this study.

The humaninteractome

The human interactome was assembled from 26 databases encom-
passing six different types of PPIs: (i) binary PPIs systematically
tested by high-throughput yeast two-hybrid (Y2H) experiments
(HI-Union®, HINT®, HIPPIE®); (ii) kinase-substrate interactions from
both high-throughput and literature-curated low-throughput studies
(KinomeNetworkX®*, Human Protein Resource Database (HPRD)®,
PhosphoSitePlus®®); (iii) literature-curated PPIs identified by affin-
ity purification-mass spectrometry (AP-MS) and low-throughput
experiments (InWeb®, BioGRID®®, PINA®’, MINT’, IntAct’, InnateDB”’,
APID”?, DIP”, LitBM17%); (iv) structure-derived PPIs supported by
three-dimensional protein structures or cofractionation evidence
(Instruct™, Interactome3D”, INSIDER”®, CoFrac’’); (v) signaling and
regulatory interactions curated from literature and high-throughput
studies (SignaLink2.0”%, ENCODE”’, RAIN®°, RISE®"); and (vi) protein
complexesidentified through systematic AP-MS experiments or com-
putational inference (BioPlex2.0%, QUBIC®, IncRNome®*, NPInter®’).
The genes were mapped to their EntrezID based on the National Center
for Biotechnology Information (NCBI) database as well as their offi-
cial gene symbols. The resulting interactome includes 524,156 PPIs
connecting 18,223 unique proteins. For comparison, the STRING PPI
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network®® contains 18,506 proteins and 728,844 interactions with a
similar degree distribution (Supplementary Fig.19). Robustness vali-
dation using the restricted unbiased PPl and the STRING PPI network
is provided in Supplementary Section XII.

LCC statistical significance
AsetofgenesAwithadegreedistribution P,(k)formsthe LCCLCC(A) € A
intheinteractome. The degree distribution of the interactome P (k)is
sampled using log-binning with abin size of 100 nodes. The statistical
significance of LCC(A) is measured by random sampling 1,000 gene
setsin the interactome with size |[4|and degree distribution P,(k), and
measuring the expected distribution of the LCC sizes, resulting ina
z-score for the LCC(A) statistical significance.

Network-based separation

The network-based separation S(4,B) between pairs of genes set A and
Bis calculated using the separation measurementintroduced inref. 18
asshowninequation (1):

(dan) +(dp)

S(A,B) = (ds5) - 5

@

where (d, ) is the average shortest path between proteins in different
gene sets and (d, ,) and (dj ;) are the average shortest path between
proteins within the same gene set.

Network-based proximity
The network-based proximity P(S,T) between pairs of genes set S and
T (pair of hallmarks of aging, or a hallmark of aging a drug targets) is
calculated using the proximity measurement introduced in ref. 22 as
showninequation (2):

1

PGS, = T grrpei? d(s, t) )

where d(S,T) is the shortest path length between nodes s and ¢ in the
network. The statistical significance of the proximity is obtained by
comparing P(S,T) tothe distribution of proximity values of 1,000 ran-
dom selections of two sets of genes with size and degree distribution
similartoSand 7.

Analysis of gene expression and perturbation parameters

The perturbation signatures of genes in the hallmark modules are
retrieved from the CMap database (https://clue.io/) for the MCF7 cell
line after treatment with all drugs in the CMap database. These sig-
natures reflect the perturbation of the gene expression profile in the
hallmark modules caused by the treatment with that particular drug
relative to a reference population, which comprises all other treat-
ments in the same experimental plate®. For drugs having more than
one experimental instance (such as time of exposure, cell line and
dose), we first select the highest dose to ensure a sufficiently strong
perturbational signal, and then choose the instance with the highest
distil_cc_q75 value (75th quantile of pairwise Spearman correlationsin
landmark genes; https://clue.io/connectopedia/glossary/).

PAGE metric

The network medicine framework relies on undirected proteininterac-
tions, which capture a drug’s ability to perturb disease module, but
lackinformationabout the direction of theinduced change, or whether
adrug-induced perturbationis beneficial or detrimental for the studied
phenotype. To overcome this limitation, we introduce the pAGE metric,
which quantifies whether adrug’simpact ongene expressionreinforces
or counteracts documented age-related shifts. The metric is defined
in three steps: (i) We define the longevity vector I' = {Ug}ge/\' which
encodes the age-induced expression change of 2,025 genes, where

0,=+1for 995 genes that are upregulated with age according to the
OpenGenes database and o,=-1for the 1,030 genes that are down
regulated with age. (ii) We define a drug’s perturbation signature

0= {%}geA' forasetofgenes A, capturingeachgene’s changesinexpres-

sion following exposure to the drug according to the CMap®. Specifi-
cally, o, € {-1,0,+1} in © indicates whether drug exposure decreases
(0, = -1),leavesunchanged (g, = 0) orincreases (o, = +I) expression
ofgene g. (iii) Finally, to assess the alignment between a drug’s pertur-
bation profile I and the longevity vector 0, we introduce the pAGE
measure, defined as in equation (3):

1
PAGE = — 17— A{a'Zie,\Uitfi, €))

where Ay = {i|a,—ol’. # 0} is anormalization factor that constrains pAGE
to vary between -1 and +1. Whenever a drug’s induced expression
changes match an age-related directional shift (o;and o; share the same
sign), the term g,0] is positive, pushing pAGE toward negative values.
Conversely, if the drug induces downregulation of a gene that is typi-
cally upregulated with age, it turns o;0; negative, increasing pAGE.
Thus, pAGE > Oindicates that adrugattenuates age-related expression
changes (pro-longevity compound), whereas pAGE < 0 implies that it
may exacerbate them (age-accelerating compound). The statistical
significance of the pAGE value is evaluated by comparingit toa control
group of random drug signatures (Supplementary Section VIII).

Aging-associated genes and gene expression signatures

The aging genes associated with each hallmark of aging were obtained
fromthe OpenGenes database (https://open-genes.com/download/).
Details of the curation process are provided inref. 25, onthe OpenGenes
website (https://open-genes.com/about/) and in Supplementary
Sectionl. To construct the longevity vector and compute pAGE (equa-
tion (3)), we used age-associated gene expression signaturesretrieved
from OpenGenes, which manually curates data from studies on the
genetics of aging and longevity. These studiesinclude: (i) gene expres-
sion changes (mMRNA or protein levels increasing or decreasing with
age), (ii) protein activity changes (alterations in functional activity,
activation or inhibition, enzymatic activity or binding affinity) and
(iii) protein modifications and localization (posttranslational modi-
fications, changesin subcellular localization or secretion levels). Our
analysis incorporated studies across all tissues and cell types, requir-
ing the datato be derived from human samples and that the reported
signatures be statistically significant (Pvalue < 0.01). Tissue-specific
analyses canbe performed by filtering the interactome to include only
proteins expressed in the tissue of interest®.

Gene-disease associations

By surveying over 120 databases with gene-disease associations, we
selected those that (i) were not compiled from other data sources,
and (ii) provided at least one kind of evidence type classified as strong
(functional evidence using an experimental essay), weak (genome-wide
association study (GWAS) evidence but no experimental validation),
inferred (relying on bioinformatics or single-nucleotide polymor-
phisms fromimputationin GWAS) or not compatible ((I)ncRNA, miRNA
and other transcripts with or without experimental validation). For
each database, we kept the disease name, HGNC-converted gene names
(HUGO Gene Nomenclature Committee) and evidence level. Finally, we
combined the following data sources: GWAS from ClinGen, ClinVar,
CTD, Disease Enhancer, DisGeNET, GWAS Catalog, HMDD45, IncBook,
LncRNA disease, LOVD, Monarch, OMIM, Orphanet, PheGenl and Psy-
GeNet. All types of association were used in this study.

Statistics and reproducibility
No statistical method was used to predetermine sample size. No data
were excluded from the analyses. The statistical method used for each
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mesurment is described in the relevant section in Methods and in
Supplementary Information.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All data supporting the findings of this study are available on GitHub
(https://github.com/BnayaGross/Longevity-module/) and within the
paper and its Supplementary Information.

Code availability

The code used to produce the results and figures in the study is pub-
lished on GitHub (https://github.com/BnayaGross/Longevity-mod-
ule/). An open-source Python package is available at https://github.
com/BnayaGross/sharp-aging/.
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Extended DataFig. 2 | Separation of the hallmarks of aging. The network-based ~ positive with the other hallmarks (S > 0) many other pairs of the hallmarks are
separation measurement between pairs of hallmarks of aging. While the overlapping (S < 0), indicating that the hallmark modules reside in the same
separation of the Changes in the extracellular matrix structure hallmark is network neighborhood, together forming the longevity module.
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Extended Data Fig. 3 | Proximity of the hallmarks of aging. The z-score of the network-based proximity measurement of most hallmarks show statistically significant
proximity (z-score < -1.96) except for the Changes in the extracellular matrix structure hallmark, indicating that the hallmark modules reside in the same network
neighborhood, together forming the longevity module.

Nature Aging


http://www.nature.com/nataging

nature portfolio

Corresponding author(s):  Albert-LaszI6 Barabdsi

Last updated by author(s): Apr 24, 2026

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

>
Q
—
(e
(D
©
(@)
=
S
<
-
(D
©
O
=
>
(@)
w
[
3
=
Q
<

Statistics
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IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
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Our web collection on statistics for biologists contains articles on many of the points above.
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Replication
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No statistical method was used to predetermine sample size. This study analyzed all available data meeting the predefined inclusion criteria.
Specifically, we included all longevity-associated genes curated in the OpenGenes database, all corresponding hallmark-associated genes, the
complete assembled human interactome, and all approved or experimental compounds with available target information in DrugBank. These
datasets represent, to our knowledge, the largest publicly available resources currently available for each data type. The robustness of the
resulting analyses was assessed through independent validation datasets, alternative protein—protein interaction networks, permutation-
based significance testing, and multiple external benchmarks, yielding consistent results across datasets.

No data were excluded in the analysis

Replication was not applicable because this study did not involve the generation of new experimental measurements or biological samples.
Instead, the analyses were performed using publicly available datasets and established databases, including OpenGenes, DrugBank,
Connectivity Map (CMap), and the human interactome. All eligible data meeting the predefined inclusion criteria were analyzed. To assess
robustness, key findings were evaluated using independent validation datasets, alternative protein—protein interaction networks, and
permutation-based statistical tests. The computational analyses are fully reproducible using the publicly available code and data provided by
the study.

Allocation of samples, organisms, or participants to experimental groups was not applicable to this study. No new biological experiments were
conducted, and no samples, animals, or participants were assigned to treatment groups by the authors. The study relied on computational
analyses of publicly available datasets and databases. Validation analyses were performed using independent published datasets, including
previously reported mouse intervention studies, for which group allocation procedures were determined by the original investigators and are
described in the corresponding publications.

No new experimental data were generated in this study. All analyses were performed using publicly available datasets and previously
published experimental results. Consequently, no group allocation or data collection procedures were conducted by the authors, and
investigator blinding was not applicable. For Validation 3, we analyzed data from an independent published mouse intervention study whose
experiments were performed separately from the present work. The experimental findings were incorporated only after completion of the
computational predictions, providing an independent validation dataset.
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