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SUMMARY

Aging is characterized by a chronic low-grade inflammation known as inflammaging in multiple tissues, rep-
resenting a risk factor for age-related diseases. Dietary restriction (DR) is the best-known non-invasive
method to ameliorate aging in many organisms. However, the molecular mechanism and the signaling path-
ways that drive inflammaging across different tissues and how they are modulated by DR are not yet under-
stood. Here we identify a multi-tissue gene network regulating inflammaging. This network is characterized
by chromatin opening and upregulation in the transcription of innate immune system receptors and by
activation of interferon signaling through interferon regulatory factors, inflammatory cytokines, and Stat1-
mediated transcription. DR ameliorates aging-induced alterations of chromatin accessibility and RNA tran-
scription of the inflammaging gene networkwhile failing to rescue those alterations on the rest of the genome.
Our results present a comprehensive understanding of the molecular network regulating inflammation in ag-
ing and DR and provide anti-inflammaging therapeutic targets.

INTRODUCTION

In the last decades, as the average human lifespan has
increased, the study of aging and aging-related diseases has ac-
quired particular importance for our society. Aging can be
defined by several hallmarks: mitochondrial dysfunction, epige-
netic alteration, genomic instability, telomere attrition, loss of
proteostasis, deregulated nutrient sensing, cellular senescence,
stem cell exhaustion, and altered intercellular communication
(Lopez-Otin et al., 2013). This leads to a gradual decrease of
physiological organ function, higher risk of disease and, ulti-
mately, death (Aunan et al., 2016). A prominent aging-associated
condition is a chronic inflammation referred to as ‘‘inflammag-
ing,’’ a pro-inflammatory phenotype that accompanies aging in
mammals (Salminen et al., 2012). Inflammaging is a highly signif-
icant risk factor for most, if not all, aging-related diseases
including obesity and type 2 diabetes, cardiovascular diseases,
Alzheimer’s disease, and cancer, as well as vulnerability to infec-
tious disease and vaccine failure (Barzilai et al., 2012; Baylis
et al., 2013; Franceschi et al., 2017).
Dietary restriction (DR) decreases the calorie intake without

inducing malnutrition. Lifetime DR is a non-pharmacological
intervention that can extend the lifespan in a wide range of or-

ganisms, from yeast to worms, flies, rodents, and monkeys (Col-
man et al., 2009). Also, in humans DR improves health parame-
ters (Fontana et al., 2010). Different mechanisms have been
proposed to explain the beneficial effects of DR including reduc-
tion of body fat, attenuation of hormonal changes, increase in
repair and damage removal pathways including autophagy and
apoptosis, reduction in growth-promoting pathways such as
IGF1/insulin and mTOR, and activation of health-promoting
stress responses such as Sirtuin signaling (Kazemi et al.,
2020). It has been shown that long-term DR (LTDR) also reduces
some aspects of inflammation, leading to the hypothesis that a
life-long energy accumulation can be the origin of chronic inflam-
mation (Ye and Keller, 2010; Meydani et al., 2016). A very recent
study carried out in rats has shown that late-life DR attenuated
aging-related changes in cell type composition and gene
expression, and reversed the aging-associated increase of
senescence markers and alterations of the immune system
(Ma et al., 2020). However, it is still largely unknown which
signaling pathways and networks regulate the induction of in-
flammaging across tissues and whether DR could have an
impact on rescuing such systemic induction of inflammaging.
Moreover, despite the aforementioned beneficial effects of

DR, a long-term DR regimen has been shown to also have side
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effects: changes in physical appearance, increased sensitivity to
the cold, reducedmuscle strength, menstrual irregularities, infer-
tility, loss of libido, osteoporosis, slower wound healing, food
obsession, irritability, and depression (Arends et al., 2017; Das
et al., 2017; Dirks and Leeuwenburgh, 2006; Fontana and Par-
tridge, 2015). To this end, alternative approaches have been
sought, preserving the positive characteristics of DR while
avoiding its drawbacks, such as short-term DR (STDR) treat-
ments, repeated induction of short-term starvation/DR treat-
ments, time-restricted feeding (Longo and Panda, 2016), inter-
mittent fasting (IF) (Liu et al., 2020), and fast mimicking diets
(Nencioni et al., 2018). Moreover, there is evidence that the ca-
pacity of DR to induce health benefits is lost at an advanced
age.When DR is applied at a late age, reduction inmortality rates
compared with ad libitum (AL) fed mice was greatly reduced
compared with young-age interventions, and, moreover, tran-
scriptional and metabolic response seemed to be attenuated in
some tissues (Hahn et al., 2019).
In this study we employ a transcriptome-wide andmulti-tissue

approach to analyze the influence of both LTDR and STDR at old
age on the aging phenotype. We were able to characterize a
common transcriptional gene network driving inflammaging in
most of the analyzed tissues. We also found that both DR inter-
ventions ameliorate this inflammaging phenotype, albeit with
some differences mainly at tissue-specific level. Further chro-
matin accessibility analysis showed that DR can also rescue
the aging-associated epigenetic alteration on the inflammag-
ing-related genes, but not the genome-wide impairment of chro-
matin that accompanies old cells.

RESULTS

Aging-induced transcriptional changes are partially
rescued by DR in most tissues
To understand the molecular mechanism of aging and DR, we
performed transcriptional profiling using RNA sequencing
(RNA-seq) of eight different tissues (blood, brain, heart, kidney,
liver, lung, muscle, and skin) upon aging and DR. Animals were
either kept on following four dietary regiments: AL fed young
mice (4 months), AL fed old mice (24 months), long-term dietary
restricted (LTDR; mice kept in DR from an age of 4 to 24months),
and short-term dietary restricted (STDR; old mice kept for
22 months on AL diet followed by 2 months in DR before sacri-
fice) (Figures 1A and S1A).
To have a multi-tissue overview and systematically compare

different tissues, we performed, for each tissue, the principal

component analysis (PCA) that can capture the linear correlation
between the samples as well as relative distance and direction
between the groups (Figures 1B–1D). All of the tissues, except
heart, showed an age-dependent separation of the samples (or-
ange line) indicating that aging does actually impact on the tran-
scriptome of each tissue. By projecting the DR sample clusters
on the aging axis (orange line), we could infer the percentage
of DR-mediated rescue of the aging-associated transcriptional
phenotype (scheme in Figure S1B). Interestingly, all tissues
(except heart, which did not show clear, aging-related transcrip-
tome changes) showed a rescue of this aging-associated pheno-
type following DR treatments, with LTDR being the most effec-
tive on liver and the STDR on blood (Figure 1E). The distances
between DR clusters and the aging axis indicate instead a DR-
mediated transcriptional response in the specific tissues on
genes that are not altered in aging.
Moreover, we calculated the number of the differentially ex-

pressed genes (DEGs) (Table S1) (adjusted p value <0.05) (Fig-
ure S1C). Even though the number of statistically significant
DEGs can be affected by the number of replicates and the
intra-group variability, the observed differences among the
different tissues indicated that some tissues (e.g., liver, blood,
and kidney as expected) have a stronger transcriptional
response following DR, while other tissues are lowly affected
by DR or age (e.g., heart) (Figure S1C). Despite small differences,
the number of DEGs that show the opposite regulation in respect
to aging (Figures 1F and 1G) confirmed the results of the PCA
data, strongly supporting the evidence that, in most of the
analyzed tissues, DR can, to different extents, revert the aging
phenotype at transcriptional level. Analysis of the rescued genes
related to each of the functional categories in aging confirmed
the PCA analysis, with blood being the most rescued in STDR
and the liver in LTDR (Figures S1D and S1E).

Molecular pathways altered by aging and ameliorated by
LTDR and/or STDR treatments
Using the DEGs, we defined significantly enriched canonical
pathways in each tissue in aging and DR. Molecular pathways
related to inflammation, metabolic pathways, and signaling
pathways were the most enriched categories in aging and DR
in different tissues (Figure 2A). However, the effects of aging,
LTDR, and STDR were tissue specific. The difference between
tissues mainly reflected the function of each tissue and/or its
response to DR. For instance, upon DR (both LTDR and STDR)
inflammation-related pathwayswere themost enriched category
in the blood, which is largely composed of cells of the immune

Figure 1. DR partially rescues aging transcriptome
(A) Scheme of the experimental setting and of the harvested tissues.

(B–D) The principal component analysis (PCA) plot for each of the eight tissues (liver, blood [B], kidney, skin, brain [C], muscle, lung, and heart [D]) and four

conditions (young, old, LTDR, and STDR) calculated on the basis of RNA-seq data. Orange line represents the minimal distance between young and old sample

clusters. The tissues are ordered based on the percentage of rescue for LTDR (from bigger to smaller, E). The same order has been kept for the other plots. For

each condition we used R4 mice.

(E) Rescue (percentage) of aging transcriptome by LTDR or STDR in different tissues, calculated on the basis of the PCA plot (see also Figure S1B and STAR

Methods).

(F) Number of differentially expressed genes (DEGs) in LTDR and STDR with opposite direction of aging (padj < 0.05 in both aging and LT/STDR); total number of

genes in the dataset = 22,546 (supplemental information).

(G) Number of DEGs rescued by DR (old versus DR) and the total number of DEGs in aging (young versus old) (padj < 0.05). Total number of genes in the dataset =

22,546 (Table S1).
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system; however, metabolic pathways were the main enriched
category in liver, which reflects the importance of the liver in
metabolism (Figure 2A). In addition, the functional difference be-

tween the response to LTDR and STDR was tissue specific. For
instance, both LTDR and STDR altered a similar number of meta-
bolic pathways in liver; in contrast, much fewer inflammatory and

A B

Figure 2. Canonical pathways affected by aging, LTDR, and STDR
(A) Number of differentially regulated canonical pathways significantly enriched in aging (young versus old), LTDR (LTDR versus old), and STDR (STDR versus old)

(enrichment p value <0.05). Each pathway is assigned to one of six cellular functions shown by color.

(B) Three examples of the canonical pathway belonging to each functional group. The y axis shows the !log10 of enrichment p value.
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Figure 3. Top common upstream regulators reveal the multi-tissue gene network regulating the inflammation in aging and DR
(A) Histogram shows the number of conditions (8 tissues with 3 conditions each = 24 conditions in total) each upstream regulator significantly changed in the

activity prediction (activation Z score >2 or less than!2). The x axis shows the number of upstream regulators and the y axis shows the number of conditions with

significant changes in the predicted activity. Forty-eight upstream regulators have at least 12 hits out of 24 conditions (orange line) (Table S2).

(legend continued on next page)
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signaling pathways were affected in the STDR compared
with the LTDR. The transcriptional difference between tissues
induced by aging, LTDR, and STDR was not limited to the
main functional categories but also at single molecular pathway
level. For instance, GP6 signaling in lung, liver X receptor/retinoid
X receptor activation in muscle, Sirtuin signaling in skin, inflam-
matory pathways in kidney, and integrin signaling in blood
were highly enriched in both aging and DR (Figure 2B).

Taken together, these data indicated that each tissue is re-
sponding quite differently to aging, LTDR, and STDR. In addition,
the beneficial effects of LTDR and STDR are different and some
tissues respond better to the LTDR while others respond better
to STDR. In addition, the results suggested the relevance of
inflammation in aging and DR, with some of the inflammatory
pathways being the most commonly enriched between different
tissues and conditions.

A multi-tissue molecular network regulates
inflammation in aging and DR
To better characterize the molecular networks regulating tran-
scriptional alteration in aging and DR, we performed an up-
stream regulator activity prediction using Ingenuity Pathway
Analysis (IPA). IPA software uses a comprehensive literature-
based database of known target molecules for each upstream
regulator with the direction of regulation (inhibition or activation)
to predict the activity of the upstream regulator using the expres-
sion of the target genes (Krämer et al., 2014). We did upstream
regulator prediction analysis (Table S2), using DEGs from the
three comparisons and in eight tissues (old versus young,
LTDR versus old, and STDR versus old, a total of 24 conditions).
Out of 1,500 upstream regulators, which were predicted to be
activated or inhibited significantly (activity Z score > |2|), 48 up-
stream regulators were predicted to change at least in half of
the conditions (in 12 conditions out of 24, Figure 3A). Interest-
ingly, most of these upstream regulators belonged to the inflam-
matory-related pathways, which highlighted the importance of
inflammation in regulating common cellular processes among
the different tissues in response to aging and DR (Figure 3B).
By using the more enriched upstream regulators, we built up a
connection-based network (inflammatory gene network) that
was predicted to be perturbed in all of the tissues (except skin)
and in all of the conditions (Figures 3C and S2).

The proposed inflammatory gene network (Figures 3C and S2)
consists of four main gene layers. The first layer is the primary
signals and receptors, which either initiate or regulate the inflam-
matory signaling. We found the LPS (lipopolysaccharide)/Tlr4
(Toll-like receptor 4), the Ddx58 (DExD/H-box helicase 58)/Ifih1
(Interferon induced with helicase C domain 1)/Tmem173 (Trans-
membrane protein 173), and Sirt1 (Sirtuin 1)/Cebpb (CCAAT
Enhancer binding protein b) upstream regulators to be strongly

enriched on this level. This may indicate that an antigen-medi-
ated (bacterial/viral and/or damaged mitochondrial DNA)
response may represent one of the triggering events driving
the inflammaging phenomenon. Sirt/Cebp pathways that are
directly affected during DR treatments (Bordone et al., 2007;
Ma et al., 2020) may represent the linking pathway between
inflammation and metabolism. Second, a network of transcrip-
tion factors (TFs), such as the members of the Irf (interferon reg-
ulatory factor) gene family and cytokines such as Ifn (interferon)
genes and other Ils (interleukin), connects the input signals to the
downstream gene pathways. One of the well-known down-
stream regulators of the inflammatory cascade is Stat1 (Signal
transducer and activator of transcription 1), a TF that acts as
master regulator of Ifn signaling (Ramana et al., 2000). These
data indicated that the most affected inflammation pathways
that are dysregulated by aging and rescued by DR treatments
in multiple tissues are mediated by the Tlr/Ddx58/Ifih1-Irf/Ifn-
Stat1 axis.

Innate immune system receptors trigger the
inflammatory network in aging, which is rescued by DR
Bacterial LPS is an example of an external stimulator that can
trigger the immune response. It has been shown that aging in-
creases circulating bacterial endotoxins (such as LPS) (Kim
et al., 2016; Thevaranjan et al., 2017) that induce a systemic in-
flammatory response (Kim et al., 2016), and DR is able to reduce
it effectively (Zhang et al., 2013; Pan et al., 2018). In agreement
with the previous studies, in our RNA-seq data LPS was pre-
dicted to be an active upstream regulator during aging and in-
hibited by both short- and long-term DR in all tissues, except
STDR in skin (Figure 4A). ELISA assay revealed endotoxin in-
crease in the blood serum of old mice, but not of old mice in
STDR (Figure S3A) as previously reported (Pan et al., 2018).
Using known genes that are regulated during inflammatory

response (445 genes differentially expressed at least in one tis-
sue/condition extracted from IPA), we defined an inflammatory
response gene set. Based on our analysis, inflammatory
response increased in aging and decreased in DR in all of the
studied tissues, except skin and STDR in muscle (Figure 4B).
Skin showed completely opposite behavior with decreasing in-
flammatory response in aging and increasing response by both
LTDR and STDR (Figure 4B). Inmuscle, LTDRwas able to rescue
the inflammation induced by aging; however, STDR increased
the inflammatory response (Figure 4B). These exceptions can
be explained by the bacterial endotoxin receptor expression.
LPS and other types of bacterial endotoxins are recognized by
several innate immune system receptors and molecular com-
plexes, although the most important and well-known receptor
is the Tlr gene family (specially Tlr4) (Mazgaeen and Gurung,
2020). With a few exceptions, the expression of Tlr4 was

(B) The functional category of the top common 48 upstream regulators (A). The x axis shows the number of upstream regulators and the y axis shows the

functional category.

(C) The proposed network of upstream regulators regulating the inflammation in LTDR. Each circle shows an upstream regulator. The size of the circle shows the

sum of!log10 of enrichment p value for all of the tissues specified by the colors in each node. Each circle is a pie chart showing the contribution of different tissues

in the sum of the!log10 p values. Tissues with non-significant p value (<0.05) or with opposite direction compared with the majority have not been used in the pie

chart and calculations. Direction of the activity prediction is shown in parentheses under the name of each upstream regulator. The more relevant molecular

connections with the discussed topics are highlighted in black.
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upregulated in aging and downregulated in DR (Figure 4C). Sur-
prisingly, skin showed completely the opposite, with Tlr4 expres-
sion downregulated in aging and upregulated in DR. In addition,
STDR in muscle increased the expression of Tlr4. We suggest
that different Tlr4 expression patterns of skin and STDR in mus-
cle can explain different inflammatory responses in these two
tissues.

Tlr4 is one of the most expressed genes among other Tlr gene
family members in different tissues; however, with some excep-
tions, other Tlr genes also showed similar behavior with
increasing expression in aging and decreasing expression
upon DR (Figure S3B). For instance, Tlr13, which detects bacte-
rial 23S rRNA (Oldenburg et al., 2012), was upregulated in aging
and downregulated upon DR in blood, kidney, lung, and heart.
Other examples are Tlr7 and Tlr8, which are mainly expressed
in lung, detecting pathogen nucleic acids (Forsbach et al.,
2008). Similarly, Tlr7 and Tlr8 expression increased in aging
and decreased upon DR treatment (Figure S3B).

Besides bacterial endotoxins, viral antigen can also stimulate
the innate immune response receptors. Viral nucleic acid can
be detected by Ifih1 and Ddx58. In addition, Tmem173 (Sting1)
detects cytosolic DNA from bacteria or viruses as well as
damaged mitochondria (Li et al., 2021). Like Tlr4, the expression
of Ifih1/Ddx58/Tmem173 receptors was differentially upregu-
lated in aging and downregulated upon DR treatment in a tissue-
and condition-specific manner (Figure S3C). For example,
Ddx58 and Tmem173 were significantly changing in muscle ag-
ing (upregulation) and DR (downregulation); however, change in
Ifih1 expression was relatively low in muscle. Taken together,
these data suggested that many innate immune system recep-
tors, detecting pathogenic antigens and/or damaged mitochon-
dria, are upregulated in aging, potentially leading to higher in-
flammatory response. DR can effectively downregulate the
expression and the activity of these receptors.

DR inhibits the age-induced interferon response
In mammals, Ifns protect the host from viral and non-viral path-
ogens. Transcriptional initiation of Ifn genes depends on the
recognition of pathogenic signal (e.g., by Tlr family, Ifih1,
Tmem173, and Ddx58) that leads to activation of the Irf TF family

(Honda and Taniguchi, 2006). In our study, Irf1, Irf3, and Irf7were
predicted to be activated in aging and inhibited by DR (Fig-
ure S3C). These factors were also transcriptionally regulated in
a tissue- and condition-specific manner (Figure 4D). For
instance, in liver, Irf1 was significantly downregulated in STDR
and Irf3 in LTDR. Irf7 was the most expressed gene compared
with the others, especially in liver, blood, and kidney. It was
significantly upregulated in aging and downregulated in both
short- and long-term DR to the young level or even lower
(Figure 4D).
Upon expression and/or activation, Irf genes induce the

expression of the interferon family, like Ifng that, in turn, can acti-
vate a positive feedback loop (Kang et al., 2002). Based on the
target genes, Ifng was predicted to be activated upon aging
and inhibited in DR in all of the studied tissues except skin (Fig-
ure S3E). Our RNA-seq data showed that the expression of Ifng
in blood increased during aging and decreased upon DR (data
not shown), and we further validated this by qRT-PCR (Fig-
ure 4E). Ifng protein concentration in blood serum was found in
the old animals, but was not detectable in the young and
STDR groups of mice (Figure 4F). Ifna and Ifnb was instead not
or barely found in the blood serum of all three groups of mice
(Figures S3F and S3G). To confirm the systemic activity of Ifng,
we measured the expression of Fcgr1, a known target of Ifng
(Sivo et al., 1996; Famulski et al., 2006), in liver and kidney.
Fcgr1 expression followed the similar pattern of Ifng with upre-
gulation in aging and downregulation upon DR (Figures S3H
and S3I). These data suggest that old mice have a high systemic
activity of Ifng that is lost upon either LTDR or STDR.
Tnf is another example of a pro-inflammatory cytokine that

was dysregulated by aging and rescued by DR. Tnf is a well-
known and particularly interesting inflammatory cytokine that
regulates cell proliferation, cell death, and morphogenesis and
is involved in many human diseases from depression to cancer
(Dowlati et al., 2010; Vanamee and Faustman, 2018). In agree-
ment with previous studies (Spaulding et al., 1997), our RNA-
seq data showed that Tnf expression is upregulated during aging
and downregulated by DR in most of the tissues (Figure S4A).
Stat1 is an essential component of interferon signaling, which

mediates several cellular functions, including cell cycle and

Figure 4. DR rescues aging-induced upregulation of innate immunity receptors and activation of interferon response
(A) Activity prediction (gene set enrichment analysis [GSEA]) based on the LPS target genes. The y axis shows the normalized enrichment score (NES). Positive

values predict activation (enrichment) and negative values predict inhibition (depletion). For the aging group, young is compared with old, and for LTDR and STDR

groups, the DR is compared with the old group. The condition that is not in the plot (STDR, skin) showed neither enrichment nor depletion.

(B) Normalized enrichment score (NES), calculated on the basis of the inflammatory response gene set (545 DEGs in different tissues/condition categorized as the

marker of inflammatory response in IPA).

(C) Tlr4 expression in different tissues and conditions. For p-value calculation, old samples are compared with the young, and DR samples are compared with the

old. p value is calculated by DESeq2 (see STAR Methods).

(D) Irf1, Irf3, and Irf7 expression in different tissues and conditions. For p-value calculation, old samples are compared with the young, and DR samples are

compared with the old. p value is calculated by DESeq2.

(E) Expression of Ifng in blood measured by qRT-PCR. p value is calculated by two-tailed t test. For each condition we used R3 mice. Data are presented as

mean ± standard deviation (SD) of the values.

(F) Ifng concentration in blood serummeasured by ELISA. p value is calculated by two-tailed Welch’s t test. Data are presented as mean ± SD of the values from

four mice (n = 4).

(G) Stat1 expression in different tissues (color) and condition (x axis). p value is calculated by DESeq2 comparing old with young and LTDR/STDR with old.

*p < 0.05.

(H) Expression of Stat1 in blood measured by qRT-PCR. p value is calculated by two-tailed t test. For each condition we used R3 mice. Data are presented as

mean ± SD of the values.

(I) GSEA of Sirt1 in different tissues (x axis) and conditions (color). The y axis shows normalized enrichment score (NES). p value is calculated by two-tailed t test.
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apoptosis, in response to stimulation by different inflammatory
cytokines and growth factors (Zhang and Liu, 2017). Based on
our analysis, Stat1 activity was predicted to increase in aging
and decrease in DR in all of the studied tissues except skin (Fig-
ure S4B). Stat1 was also transcriptionally regulated in different
tissues. Stat1 was significantly upregulated during aging in
blood, kidney, brain, muscle, and lung; importantly, it was down-
regulated after DR treatment in liver, blood, kidney, and lung
both in LTDR and STDR, as well as in muscle and heart in
STDR only (Figures 4G and 4H). In the proposed inflammatory
network, Stat1 is regulated by different upstream regulators
from the primary signals and receptors to TFs and inflammatory
cytokines (Figures 3C and S2). Stat1 can be activated by Ifng
(Cossetti et al., 2014), and transcriptionally regulated by Irf1,
Irf3, and Irf7 (Lazear et al., 2013; Xu et al., 2016) as well as inflam-
matory cytokines such as Il1b (Rivieccio et al., 2005). Stat1 posi-
tively regulates Tnf and Nos2 (Kong et al., 2016). Our data sug-
gest that Stat1 represents the most enriched downstream
player of the inflammatory gene network and propose Stat1 as
themaster TF finally mediating transcriptional response to the in-
flammatory cascade in the analyzed tissues (except skin). In
summary, our data indicate that during aging, the innate immune
system receptors for bacterial or viral endotoxins and nucleic
acids are upregulated in most of the tissues of the organism.
Their upregulation and/or activation lead to higher inflammatory
response through a network of TFs (mainly Irf1, Irf3, and Irf7) and
inflammatory cytokines (such as Ifng, Tnf, and some interleukins)
that finally results in higher activity of Stat1. In addition, Sirt1may
connect the metabolic stress response to the inflammaging, as it
has been shown to negatively regulate many of these genes
(Figures 3C and S2) (Xie et al., 2013). Interestingly, Sirt1 is pre-
dicted to be inhibited in aging and activated upon DR in most
of the tissues (Figure 4I), proposing it as one of the major actors
responsible for the DR-mediated amelioration of inflammaging.
To verify, at protein level, the up- or downregulation of the

main gene network hubs, we performed western blotting anal-
ysis of Stat1, Sirt1, Irf3, and Tlr4 in liver and kidney in aging
and in the two DR conditions (Figures 5A and S4C). In liver, we
validated Tlr4 protein upregulation in aging and downregulation
of Irf3, Tlr4, and Stat1 in LTDR and STDR. We also observed a
significant reduction of Sirt1 protein in old mice and re-upregula-
tion following DR interventions (Figure 5A). Similarly, in kidney,
we observed protein upregulation of Irf3, Tlr4, and Stat1 in aging
and downregulation following DR conditions, while Sirt1 showed
an inverse pattern (Figure S4C).
To better understand the relative contribution of the tissue-

specific cells and of the tissue-resident immune cells to the tran-
scriptional alterations observed in aging and in DR, we per-
formed gene expression analysis in CD45 (marker of immune
cells) positive (+) or negative (!) cells. First, we quantified the
percentage of the CD45+ cells in three different organs (kidney,
liver, and lung) and observed a significant increase of this cell
type during aging only in kidney, with no rescue in the STDR
mice (Figure 5B). This result indicated that during aging there is
an increase of the tissue-resident immune cells, but the DR
regime ameliorates the tissue-specific inflammatory state
without reducing the number of the infiltrated immune cells.
We performed qRT-PCR of the main hubs of the proposed in-

flammatory gene network (Figures 5C and S4D). We observed
an increase of the Tlr and Irf genes in both CD45! and CD45+

cells during aging that was rescued in the STDR mice
(Figures 5C and S4D). Stat1 showed a similar trend, but its
expression and regulation were stronger in the CD45+ cells.
Ifng was upregulated in old and rescued in STDR mice in the
CD45+ cells of all three tissues, but not detected in the CD45!

cells. Finally, Sirt1 was downregulated in aging in kidney and in
lung (only in the CD45+ cells) (Figures 5C and S4D). Overall,
the qRT-PCR experiment confirmed the gene expression pattern
identified by the RNA-seq analysis and revealed that the inflam-
matory gene network involves both tissue-specific cells and tis-
sue-resident immune cells.

Aging induces a general open chromatin rearrangement
which is not rescued by DR, except on Stat1 and Irf
target genes
To confirm the activity prediction (fromRNA-seq data) of the pro-
posed key TFs (Irf1/3/7 and Stat1), we performed the assay for
transposase-accessible chromatin using sequencing (ATAC-
seq) of kidney and liver, since these two tissues show a big
change in the predicted activity of Irf and Stat1 TFs in aging
and LTDR. The PCA plot of the ATAC-seq data revealed that ag-
ing and LTDR induced changes in the chromatin accessibility
and that the samples were clustering in a condition-specific
fashion (Figure 6A). Analysis of the ATAC-seq signal intensity
on one million of 1 kb random genomic regions showed a loss
of signal intensity in the regions that showed high intensity in
young animals (Figure 6B, light-blue box). Distribution of the
sequenced reads on all genes showed a general decrease of
open chromatin around the transcription start site (TSS) and in-
crease in the gene body in old and LTDRmice (Figure 6C for kid-
ney and Figure S5B for liver). A distribution plot of ATAC-seq en-
riched peaks (p value <10!5) with respect to the annotated
RefSeq genes, sorted by their expression level, showed a
genome-wide enrichment of peaks in the gene bodies and
around the TSS of non-/lowly expressed genes in old animals
(Figure S5A, kidney). DR was minimally or not rescuing the chro-
matin accessibility changes caused by aging (Figures 6C and
S5B). The histogram of the distribution of the sequenced reads
(ATAC-seq reads) covering the promoters (±1 kb of TSS) re-
vealed a bimodal distribution in young animals (Figure 6D for kid-
ney and Figure S5C for liver), suggesting that the two normal dis-
tributions could represent open and closed promoters of
transcriptionally active and repressed genes. The expression
level of the genes associatedwith these two groups of promoters
confirmed that the bimodal distribution reflects the on/off tran-
scriptional state of the genes (Figures 6E and S5D). Of note, dur-
ing aging the distribution curves of the open and closed chro-
matin promoters almost completely overlap (Figures 6F and
S5E). Importantly, LTDR treatment did not rescue this epigenetic
phenotype (Figures 6G and S5F). Finally, plotting of the ATAC-
seq signal intensity of genes subdivided into ventiles according
to their expression level revealed that aging slightly opens the
promoter of the non-/lowly expressed genes and closes the pro-
moter of the highly expressed genes (Figures 6H and S5G). Inter-
estingly, gene expression correlated with these chromatin rear-
rangements, with a global slight increase of the non-/lowly
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A

B

C

Figure 5. Inflammaging gene network is upregulated at protein level and in both tissue-specific cells and tissue-resident immune cells
(A) Left: western blotting of the indicated protein in the indicated tissue and conditions. Right: quantification of the western blot signals. Bar charts show mean ±

SD. p value is calculated by one-tailed Welch’s t test. For each condition we used three mice.

(B) FACS analysis of CD45! andCD45+ cells of kidney, liver, and lung. p value is calculated by two-tailed unpairedWelch’s t test between young and old aswell as

between old and STDR. Only significant comparisons (p values <0.05) are reported. For each condition we used R3 mice. Bar charts show mean ± SD.

(C) Bar charts showing the results of the qRT-PCR of the indicated genes in CD45! andCD45+ cells in kidney. p value is calculated by two-tailed unpairedWelch’s

t test between young and old as well as between old and STDR. Only significant comparisons (p values <0.05) are reported. For each condition we usedR3mice.

Bar charts show mean ± SD.
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expressed genes and decrease of highly expressed genes
(Figures 6I and S5H). Again, DR was not able to effectively
rescue either the epigenetic or the transcriptional phenotype
(Figures 6I and S5H). Taken together, these data showed that
aging induces a genome-wide chromatin accessibility alteration,
particularly by making closed and open regions, respectively,
more open and closed, indicating a blunting of the epigenetic
landscape with subsequent increase of transcriptional noise
and not fully performing expression of highly transcribed genes.
While DR was able to partially rescue DEGs, it did not ameliorate
aging-associated global epigenetic alteration nor this latter tran-
scriptional phenotype.

RNA-seq data showed a significant positive enrichment of
Stat1 target genes expression in aging (Figures 7A and S6A)
and depletion (negative enrichment) in LTDR (Figures 7B and
S6B) in both kidney and liver. ATAC-seq data showed that the
peaks (p value <10!5) with Stat1 binding motif in ±5 kb of TSS
of Stat1 target genes had significantly more open chromatin in
the old relative to the young, and DR was able to significantly
rescue this phenotype in both kidney and liver (Figures 7C and
S6C). Similarly, Irf3 and Irf7 had significant positive enrichment
of the expression of target genes in aging (Figures 7D, 7G,
S6D, and S6G) and depletion in DR (Figures 7E, 7H, S6E, and
S6H) as well as more open chromatin in the peaks with corre-
sponding motif in aging and rescue in the DR (Figures 7F, 7I,
S6F, and S6I) in both kidney and liver. Figure S7J shows the
expression of the top 60 Stat1 target genes, differentially regu-
lated in aging and DR.

In summary, besides the global chromatin accessibility rear-
rangement observed in aging that was not rescued by DR, ag-
ing-associated open chromatin loci bearing Stat1 and Irf3/7
binding motifs were rescued by DR effectively, indicating a
proper transcriptional control of the Stat1 and Irf3/7 target
genes.

DISCUSSION

From the molecular perspective, aging is a result of accumula-
tion of a wide variety of molecular and cellular damage leading
to a gradual decrease of physiological organ function, higher

risk of disease and, ultimately, death (Aunan et al., 2016). DR,
decreasing the calorie intake without malnutrition, is a non-inva-
sive intervention which can extend the lifespan and/or health-
span in awide range of organisms, from yeast to worms, flies, ro-
dents, and monkeys (Colman et al., 2009; Fontana et al., 2010).
In this study, we showed that aging changed the transcriptome
of different tissues and that DR was able to partially rescue the
age transcriptome. DR intervention in late life has been recently
shown to not provide as beneficial effects as long-life DR in life-
span and healthspan extension (Hahn et al., 2019). For this
reason, we compare old mice with mice treated with both a life-
time DR (LTDR) and a short-term DR at late life (STDR). We found
that responses to the aging, LTDR, and STDR both in magnitude
and functional aspects were tissue specific. LTDR has been pre-
viously shown to strongly prevent a pro-inflammatory phenotype
in aged white adipose tissue pre-adipocytes, whereas a late-
onset DR failed in preventing it (Hahn et al., 2019). Our data
show that LTDR was more effective in rescuing inflammaging
in liver and kidney (Figure 2A), while STDRmitigated aging-asso-
ciated activation of inflammatory pathways more effectively in
blood; in other tissues both LTDR and STDR prevented the
pro-inflammatory phenotype to a similar extent. It is tempting
to speculate that different DR treatments may have organ- and
tissue-specific benefits or detrimental effects. Indeed, other
studies also claimed similar beneficial effects of LTDR and
STDR (Robertson and Mitchell, 2013) as well as specific differ-
ences in tissue and function (Flanagan et al., 2020).
Aging is characterized by a chronic, low-grade inflammation

(also called inflammaging) that represents a risk factor for
many aging-associated dysfunctions and diseases (Baylis
et al., 2013; Franceschi et al., 2017). Different mechanisms
have been proposed to fuel inflammaging. Organ failure and/or
tissue damage, metabolic and oxidative stress, DNA damage,
impairment of autophagy, microbiome dysbiosis, and barrier
dysfunction can lead to higher inflammatory response in aging
(Kim et al., 2016; Xia et al., 2016). In contrast, DR improves the
stem cell function leading to a better tissue regeneration and
repair, reduces the metabolic and oxidative stress and DNA
damage, increases autophagy, and improves healthy gut micro-
biome and barrier function (Mana et al., 2017; Pan et al., 2018; Yu

Figure 6. Aging-induced open chromatin rearrangement results in transcriptional change depending on the basal level of gene expression
(A) PCA plot based on the ATAC-seq data (reads per million of merged 10!5 peaks, see STAR Methods) for kidney (left) and liver (right). For each condition we

used R4 mice.

(B) Histogram showing the distribution of open and closed chromatin regions in kidney. The x axis shows the log10 FPKM (fragments per kbp transcripts per

million sequenced reads) of sequenced reads (ATAC-seq) covering 1million random regions (1 kb). The y axis shows the number of regions with respective FPKM.

(C) Relative sequenced read distribution (normalized to the total number of sequenced reads per sample) in respect of the gene annotation in kidney. The dashed

lines show the TSS (transcription start site) and the TES (transcription end site). Between the TSS and TES, the position (x axis) is relative to the gene size. Outside

of the gene region (before TSS and after TES) the positions are absolute. Averages of the replicates for each group are used in the plot.

(D) Histogram shows the distribution of open chromatin of the promoter regions (±1 kb of TSS of the longest isoform) in kidney of the young group.Modeling of the

distribution suggests two normal distributions. Mean ± SD for each normal distribution is shown as a dashed line.

(E) Expression (FPKM) of genes representing each distribution (peaks 1 and 2 represent the violet and orange distribution, respectively in Figure 5D). The p value is

calculated by two-tailed Wilcoxon test.

(F and G) Similar to (D), the histogram shows the distribution of open chromatin of the promoter regions in kidney of the old (F) and LTDR (G) group.

(H) Box plot shows the open chromatin intensity (log10 FPKM of ATAC-seq data) in the promoter region of genes with different level of expression in kidney. The

genes are sorted based on their expression in the young group (x axis). p value is calculated using two-tailed paired t test for which the log10 FPKM (ATAC-seq) of

each gene is compared in different groups. For p-value calculation, the old is compared with the young and the LTDR is compared with the old. *p < 0.05.

(I) Box plot shows the expression (log10 FPKM, y axis) of the genes (kidney) with different level of basal expression in young as in Figure 4E. p value is calculated

using two-tailed paired t test for which the expression of each gene is compared in different groups. For p-value calculation, the old is compared with the young

and the DRLT is compared with the old. *p < 0.05.
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et al., 2020). Our data show that both LTDR andSTDR ameliorate
inflammaging at the systemic level on almost all levels of aging-
associated inflammatory signaling hyperactivation.
From amolecular perspective, different tissue-specific molec-

ular networks and signaling pathways are reported to be
involved in the inhibition of inflammation by DR. For instance, in-
hibition of nuclear factor kB and AP-1 in kidney (Jung et al.,
2009), and inhibition of the PI3K/AKT pathway in skeletal mus-
cles (Mercken et al., 2013), have been observed. However, a

multi-tissue approach to systematically assess the relationship
between aging, DR, and inflammation has never been performed
thus far. Here we suggested that aging leads to upregulation
and/or activation of innate immune response receptors, leading
to the activation of interferon response through the Irf TF family.
The activation of interferon response leads to higher production
of inflammatory cytokines (such as Ifng) and activation of Stat1.
We also show that DR can effectively reduce this inflammatory
gene network.

A B C

D FE

G H I

Figure 7. ATAC-seq and RNA-seq data confirm the activation of Irf3, Irf7, and Stat1 transcription factors in aging and inhibition by DR in
kidney
(A and B) GSEA of the Stat1 target gene expression in young versus old (A) and old versus LTDR (B) comparisons in kidney. Stat1 target gene expression is

positively enriched in old (compared with the young) and negatively enriched in LTDR (compared with the old).

(C) Open chromatin intensity (log10 FPKM, ATAC-seq data) of the peaks (p < 10!5, merging of all replicates, see STAR Methods) ± 5 kb of TSS of the Stat1 target

genes with the Stat1 binding motif in kidney. p value is calculated with paired t test, comparing the same genes in old versus young and LTDR versus old.

(D and E) GSEA of the Irf3 target gene expression in young versus old (D) and old versus LTDR (E) comparisons (similar to A and B) in kidney.

(F) Open chromatin intensity of Irf3 target genes with the Irf3 binding motif in kidney (similar to C).

(G and H) GSEA of the Irf7 target gene expression in young versus old (D) and old versus LTDR (E) comparisons (similar to A and B) in kidney.

(I) Open chromatin intensity of Irf7 target genes with the Irf7 binding motif in kidney (similar to F).
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Different mechanisms can be suggested to explain how ag-
ing induces higher expression and/or activation of the innate
immune response receptor and how DR can rescue it. For
example, to compensate immunosenescence, the innate im-
mune response becomes more activated, which induces the
pro-inflammatory profile (Dulken et al., 2019; Salminen et al.,
2008), and it has been shown that DR improves the adoptive
immune response and decline in immunosenescence (Longo
and Cortellino, 2020; Ma et al., 2020). In agreement with the
recent study on rats, we also observed that DR attenuated ag-
ing-related changes in gene expression and the aging-associ-
ated increase of the pro-inflammatory phenotype (Ma et al.,
2020). In addition, aging induces gut microbiome dysbiosis
and barrier dysfunction, leading to a higher systemic level of
bacterial endotoxins (Kim et al., 2016; Thevaranjan et al.,
2017), and DR improves the healthy gut microbiome and in-
creases barrier function (Zhang et al., 2013; Pan et al., 2018).
Indeed, our RNA-seq data predicted a higher exposure of
different tissues to the LPS in aging which was rescued by
DR, suggesting that the reduction of inflammaging mediated
by DR may be caused by its impact on the gut microbiome/
permeability. We observed that inflammatory response was
more activated during aging and inhibited by DR in all of the
studied tissues except skin. Interestingly, we observed that in
skin most of the studied innate immune receptors were either
not changing or decreasing in aging and increasing in DR
(contrarily to the other tissues). This opposite skin phenotype
should be further investigated. Besides the Tlr gene family
that recognizes pathogen antigens, Ifih1, Ddx58, and
Tmem173 are the other type of receptors that detect patho-
genic nucleic acid and showed regulation similar to that of Tlr
genes. In addition, Tmem173 (Sting1) can detect mitochondrial
DNA in cytosol (Li et al., 2021). Interestingly, muscle showed a
significant increase of the expression of Tmem173 in aging and
downregulation in DR. In addition, the most affected pathways
in aging of muscle were oxidative phosphorylation and mito-
chondrial dysfunction (data not shown), which may suggest
the importance of mitochondrial damage in activation of
Tmeme173. Regardless of systemic level of bacterial and/or
viral endotoxins as well as mitochondrial damage, upregulation
of the innate immune response receptors in aging can lead to a
higher inflammatory response, which is diminished by DR.

The suggested inflammatory gene network can regulate
different cellular processes mainly through the Irf and Stat1
TFs. Both RNA-seq and ATAC-seq data showed that the expres-
sion and the activity of TFs increased in aging and decreased in
DR in most of the tissues. In agreement with our results, a previ-
ous study showed that there is a significant positive correlation
between age and the expression of Stat1 in human blood leuko-
cytes (Harries et al., 2011). In addition, it has been shown that
Stat1 expression in rat brain increases significantly in aging
(Moyse et al., 2012). Furthermore, ATAC-seq data suggested a
general chromatin accessibility rearrangement, with an opening
of the close chromatin and closing of the open chromatin regions
in the genome. As a consequence, we observed upregulation of
the non-/lowly expressed genes and downregulation of the high-
ly expressed genes. Of note, while DR was not able to reverse
this global epigenetic alteration, it succeeded in rescuing chro-

matin accessibility on Irf and Stat1 target regions, indicating
that DR can epigenetically and transcriptionally ameliorate the
pro-inflammatory phenotype.
In summary, using transcriptional profiling (RNA-seq), we sug-

gested a multi-tissue molecular network that regulates inflam-
maging. We showed that during aging, upregulation of the innate
immune system receptor induced the activation of interferon
response, including the interferon regulatory factors (Irf), leading
to the transcription of different inflammatory cytokines such as
interferon-g and regulation of different cellular processes
through Stat1 (Figure 7). This inflammaging gene network is
rescued by DR interventions. Our study complements and ex-
pands the study performed on a rat model (Ma et al., 2020) by
characterizing the inflammatory network at gene and signaling
pathway level in a different mammalian model and following
two very different (short- and long-term) DR interventions. In
addition, ATAC-seq data confirm the activity of the key transcrip-
tion regulators of the network. Our results improve our knowl-
edge of the molecular mechanism of inflammation in aging and
DR. This study provides targets for therapeutic approaches
aimed at reducing inflammaging.

Limitations of the study
Our study was performed by using C57BL/6J mice. A previous
study showed that, in some mouse strains, DR fails to extend
the lifespan (Liao et al., 2010). It would be interesting to analyze
whether DR does not modulate inflammaging in these mouse
strains.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Mice
All wild-type mice were C57BL/6J obtained from Janvier Labs. All animals were kept in a specific pathogen-free animal facility with a
12 h light/dark cycle. Dietary restriction experiments were performed on female mice. Young mice were aged 4 months, old mice
were aged 24 months. For each condition we used a mouse number R4.

METHOD DETAILS

Dietary restriction
One week before dietary restriction feeding, the animals were separated to single cages. Food weight and body weight were
measured directly after separating the animals and before the dietary treatment starting. The daily food intake per animal was calcu-
lated and used for calculating the amount that refers to 70% for every animal dependent on its body weight. Food (ssniff #V1524-786)
was given during the morning once per day to the DR animals. The AL animals had unlimited access to food during all the experi-
mental time. As usual and unavoidable in calorie-restriction experiments, the calorie-restricted mice usually consume their food
in "6 h, and result in having daily fasting period of "18 h. Both DR and AL animals had unlimited access to the water.

Sample collection
Mice were sacrificed by CO2 inhalation and exsanguinated. Whole organs were extracted and cut into 2–4 pieces, respectively (100–
300 mg/piece). Each sample was then quickly frozen in liquid nitrogen and stored at!80#C until nuclei extraction was performed. In
this study, we used 8 different organs or tissues: blood, brain, heart, kidney, liver, lung,muscle and skin. For each condition we used a
mouse number R4.

Mouse serum collection
Mice were sacrificed by CO2 inhalation. Immediately after, the blood was drawn directly from the heart, with a needle 26G. The blood
was then left at RT for 30min at RT, to let the corpuscular part coagulates. After that, the sampleswere centrifuged for 15min at 4#Cat
1200g for the serum collection. Serumwas then immediately used or stored in the!20#C. For each condition we used amouse num-
ber R4.

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

HTSeq-Count v0.11.2 Anders et al., (2015) RRID:SCR_011867

Fgsea v1.10.1 Korotkevich et al. (2019) RRID:SCR_020938

FASTX Toolkit v0.0.13 Hannon Lab, CSHL, USA RRID:SCR_005534

MACS v1.4.2 Zhang et al. (2008) RRID:SCR_013291

TCseq v1.2.0 Broad Institute, USA N/A

Mixtools v1.2.0 Benaglia et al. (2009) N/A

Homer v4.9.1 Heinz et al. (2010) RRID:SCR_010881
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ELISA detection
Measurement of the concentration of Ifng, Ifna, Ifnb and endotoxin was performed by using ELISA kits (see STAR Methods) by
following the manufacturer’s protocol. The sample’s concentrations were derived by using the derived standard curve slope. For
each condition we used a mouse number R4.

Flow cytometry
For the preparation of the single cell suspension from kidney, liver, and lung, the tissues were first mechanically disrupted by cutting
them into 0.5 mm3 pieces with the help of a fine scalpel and then enzymatically digested for 45 min at 37#C on a shaker with Colla-
genase D (0.125 mg/mL, Roche (Sigma)) and DNase I (0.1 mg/mL, Sigma) in DMEM high glucose GlutaMAX pyruvate (Life technol-
ogies), supplemented with 1% fetal bovine serum (FBS) (Life technologies), 1% Penicillin-Streptomycin (Pen/Strep) (Life technolo-
gies). Single cell suspensions were filtered through a 70 mm cell strainer to remove any residual undigested tissue. Erythrocytes
were removed by using red blood cell (RBC) lysis buffer (Cell Signaling Technology). Single cell suspensions were incubated with
a fluorescein isothiocyanate- (FITC) conjugated anti-mouse CD45 (BioLegend) antibody or with a Brillant Violet- (BV) 605 anti-mouse
CD45 (BioLegend) antibody for 30–60 min at 4#C in PBS supplemented with 2% FBS and 10 mM ROCK inhibitor y-27632 dihydro-
chloride (Sigma). The CD45 positive (+) and CD45 negative (!) cells were analyzed and sorted with FACS Aria (BD Biosciences) after
excluding residual erythrocytes, debris, doublets and dead cells by forward scatter (FSC), side scatter (SSC) and 40, 6-Diamidino-2-
phenylindole dihydrochloride (DAPI) gating.

Total RNA sequencing library preparation
RNA was isolated, quantified and quality assessed as previously described (Lu et al., 2021) by using the Standard Sensitivity RNA
analysis Kit; 15nt DNF-471-0500 (Advanced Analytical). Samples with degraded RNA were excluded for further analysis. RNA sam-
pleswere further processed for Total RNA-seq library preparation according to themanufacturer’s instructions (TruSeqRRNASample
preparation v2, Illumina). For each condition we used a mouse number R4. See Table S3.

Reverse transcription and real-time qPCR
iScript cDNA Synthesis Kit (Bio-Rad Laboratories GmbH 1708891) was used for cDNA synthesis starting from RNA according to the
manufacture’s protocol. Relative gene expression analysis was done using quantitative real-time PCR software. The expression
levels of target genes were normalized to that of the housekeeping gene (Gapdh). Statistical analysis was made using GraphPad
Prism software 7.0c. Unpaired t test was used to calculate the significance and p value <0.05 was considered significant. Shapiro
Wilk test was used to calculate the normality before to apply the test. For each condition n (biological replicates) R 3.

Western Blot
Liver and kidney tissues were incubated with RIPA buffer on ice for 15min and sonicated using the BioruptorPico (Diagenode) for five
cycles. After cold centrifugation at 20,000g for15 min, the supernatant was collected and the total protein concentration was
measured using Pierce BCA Protein Assay Kit (Thermo Fisher Scientific). Western blots were performed as previously described
with over-night primary antibodies incubation (Nunna et al., 2021).

Preparation of recombinant Tn5 transposase
The pTXB1-Tn5 plasmid was a gift from Rickard Sandberg (Addgene plasmid #60240). The gene encoding Tn5 was further mutated
to introduce the R27S mutation described by Hennig et al. (2018). The hyperactive Tn5 protein was expressed and purified similarly
as described (Picelli et al., 2014) with minor modifications. The Tn5 protein was expressed in BL21 (DE3) Codonplus RIL cells. For
this, two liters of Terrific Broth supplemented with ampicillin was inoculated with freshly transformed pTXB1-Tn5 R27S colonies.
The inoculated culture was grown at 37#C in a shaking incubator until OD600 of 0.6. Subsequently, the flasks were then chilled
on ice for "20 min and the protein expression was induced with 1 mM IPTG. The culture was further grown at 23#C for 4–5 h and
the cells were harvested by centrifugation, washed with 1x STE buffer and stored at !20#C. For purification, the cell pellets were
resuspended in 160 mL of lysis buffer (20 mM HEPES-KOH, pH 7.2, 0.8 M NaCl, 1 mM EDTA, 10% glycerol, 0.2% Triton X-100)
and the cells were disrupted by sonication on aBranson sonicator. Crude extract was cleared by centrifugation and the cleared lysate
was further depleted of DNA/RNA by dropwise addition of 4.2 mL of 10% neutralized PEI. The formed precipitate was removed by
centrifugation at 12,000 rpm for 10 min at 4#C. Subsequently, the supernatant was loaded onto a gravity-flow column packed with
2 mL of chitin beads (S6651S, NEB) and washed with 300 mL of the lysis buffer. The Tn5 protein was eluted by cleavage of the intein
with 100 mM DTT supplemented in the lysis buffer for 36 h at 4#C. 1 mL elution fractions were collected and the most concentrated
fractions were pooled and dialyzed against 1 L of dialysis buffer (100mMHEPES-KOH, pH 7.2, 0.2MNaCl, 0.2mMEDTA, 2mMDTT,
0.2% Triton X-100, 50% glycerol). The concentration of the dialyzed protein was measured with Nanodrop and the purified protein
was stored at !20#C until further use.

ATAC-seq library preparation
10–30 mg of tissues were homogenized in a 2 mL Eppendorf tubes (with a tight pestle) with 15 strokes in 0.5 mL of liquid nitrogen
on dry ice. Pulverized tissues were then suspended in cold 1X PBS, centrifuged at 2000 g 3 3 min at 4 C. After centrifugation, the
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supernatants were removed and the pellets were resuspended in tissue lysis buffer (with anti-protease). Tubes were rocked for
10 min at 4 C and then transferred to a glass douncer and homogenized with 15 strokes. After centrifuged at 800 g 3 5 min at 4
C, nuclei were resuspended in PBS, filtered with a 40 mm cell strainer and stained with Trypan blue and then counted. Approximately
50000 nuclei were transferred into a fresh tube and in 50 mL transposition reaction mixture containing 50 mM TAPS-NaOH (pH 8.5),
25 mMMgCl2, 50%DMF, 5 mL of Tn5 transposase, for 60 mins at 37#C. Afterward, the DNAwas purifiedwithMinElute Purification Kit
(Qiagen) and amplified with primers containing barcodes, as previously described (Picelli et al., 2014). For each condition we used a
mouse number R4 (see Table S3).

QUANTIFICATION AND STATISTICAL ANALYSIS

RNA-seq data analysis
Quality control and mapping
Fastq files quality check was performed using FastQC v0.11.5. The fastq files were mapped to the mm9 (NCBI37) genome using
TopHat v2.1.0 (Trapnell et al., 2012) with the following parameters –bowtie1 –no-coverage-search -a 5.
Differentially expression analysis
The number of reads covered by each gene was calculated by HTSeq-Count 0.11.2 (Anders et al., 2015) with -s no -a 0 -t exon -m
intersection-nonempty parameters (NCBI37 RefSeq Gene annotation). Before further analysis, all of the rRNA genes were removed
from the count data. The FPKM (Fragment per kilo base pair transcript per million sequenced reads) was calculated using the HTSeq
counts and a custom script. For calculating differentially expressed genes and normalized count, DESeq2 R package v1.20.0 (Love
et al., 2014) was used with the default parameters.
Principal component analysis (PCA)
For PCA plot (Figures 1B–1D), the normalized count was used and the genes were filtered using the following criteria, count>10 in at
least 3 samples, IQR of the log transform count R mean of the IQR of log transformed count in all genes. After filtering, the log 10
transformed count was used in prcomp R function with center = TRUE, scale. = TRUE parameters. PC1 and PC2 were used for
the plotting. To calculate the rescue of the DR samples (Figure 1E), the average of PC1 and PC2 of all of the replicates for each group
were used as a representative for each group. To make the calculations easier, the PCA plot (PC1 and PC2) was converted to polar
coordinate systemwith the center of the young group as the reference (zero) point (by subtracting the PC1 andPC2 of each point form
the young). The following calculation was done on the polar coordinate system with young as 0,0 point. The distance between young

and old were calculated by lOld =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pc1old

2 +pc2old
2

q
formula. With a similar formula, the distance between LTDR(lLTDR) and

STDR(lSTDR) to the young was also calculated. To calculated the length of the perpendicular line connecting LTDR and STDR to
the aging line (the line connects the young and old) the following calculations were done. The angle of the LTDR and STDR

ðaDRðLTorSTÞÞ to the reference point (young) was calculated using aDRðLT or STÞ = tan! 1pc2DRðLT or STÞ
pc1DRðLT or STÞ

! tan! 1pc2Old
pc1Old

formula and

the length of the perpendicular line connecting LTDR and STDR to the aging line (LPALTDR and LPASTDR) was
calculated by LPADRðLTor STÞ = lDRðLT or STÞ3sin aDRðLT or STÞ formula. To calculate the rescue (RSTDR and RLTDR),

RDRðLTor STÞ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
lDRðSTorLTÞ

2 ! LPADRðLT or STÞ
2

q
and the normalized percentage of rescue NRDRðLT or LTÞ =

"
1 ! RDRðLTorSTÞ

lOld

#
3100 for-

mulas were used (Figure S1B).
Pathway and upstream regulators analysis
For functional and pathway analysis as well as upstream regulators analysis, IPA (Ingenuity Pathway Analysis v45868156) software
has been used (Krämer et al., 2014) with DEG (padj<0.05).
To find the top common upstream regulators (Figure 3A), DESeq2 differentially expression analysis (padj<0.05) results of all of the

24 comparisons (8 tissues, 3 conditions: young versus old, old versus LTDR, old versus STDR) were uploaded in IPA. Out of 1500
upstream regulators, just those which their predicted activity significantly changed (|Z score|>2) at least in 12 conditions have
been selected for the downstream analysis. In addition, only the upstream regulators relating to the immune system regulation
and inflammation were further selected. All of the known direct target genes for each selected upstream regulator (only transcriptional
regulation) as well as the known direction of the regulation (activation or inhibition) were extracted from IPA.
For Gene Set Enrichment Analysis (GSEA), to exclude the not expressed genes for each tissue and condition, the gene set was

filtered on the base mean calculated by the DESeq2 (base mean>=5). The log2 fold change (DESeq2) for each gene was multiplied
by the direction (+1 for the activation and!1 for the inhabitation) and used for the ranking of the genes. The ranked gene list was used
in the fgsea function in the fgsea_1.10.1 R package (Korotkevich et al., 2019) with nperm = 10000. Calculated normalized enrichment
score (NES) and p value was used for the plotting. The target genes direction was extracted from the IPA.
For constructing the network (Figures 3C and S2), the known direct connections (only transcriptional regulation) between the

selected upstream regulators were extracted from IPA. The upstream regulators which were not connected (or has few connections)
to this network has been removed. In addition, the regulators with very similar gene target (more than 70%) were removed from the
network. Three extra upstream regulators have been added to the network, the LPS which is a chemical upstream regulator (LPS
passed the filter of activity prediction in 17 condition), the Sirt1 and Cebpb which are the known key player in DR and gives us a
hint to connect the metabolism to the inflammation. The network was plotted with igraph_1.2.4.1 R package. Each node in the graph
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(upstream regulators) is a pie chart and the size of the node represents the sum of -log10 of enrichment p value for all of the tissues
showed as the color of the pie chart. The tissue with non-significant enrichment (p value<0.05) or enriched in the opposite direction of
the other tissues (the direction is mentioned below the title of each upstream regulator) were removed from the plot and the calcu-
lations. Each slice in the pie chart represents the -log10 enrichment p value of the corresponding tissue.

The gene set used for Figure 4B has been extracted from IPA by selecting all of the differentially expressed genes in different tis-
sues/conditions which were categorized as inflammatory response in IPA disease and function section. In addition, the direction of
the genes (activated or inhibited) was extracted from IPA and used in GSEA analysis.

ATAC-seq data analysis
Quality check and mapping
Fastq files quality checkwas performedwith FastQC (v0.11.5). The adopter sequencewas removed using fastx_clipper (FASTX Tool-
kit 0.0.13) with the -a CTGTCTCTTATACACATCTGACGCTGCCGACGA -Q33 -l 20 -n -v -M 10 parameters. Fastq files mapping to
mm9 (NCBI37) genome was performed using Bowtie (v1.1.2) with –best –strata -m 1 parameters. Duplicate reads were removed us-
ing a custom script. For peak calling, macs14 (v1.4.2) was used with –nolambda parameter and p value cutoffs of 10–5. For RPM
(Read Per Milion) calculation (used for PCA analysis, Figure 6A), peaks (from macs) were merged using Peakreference function
(TCseq_1.2.0 package). The merged peaks have been used as the reference for calculation of RPM for each sample by using a
custom script. For FPKM (Fragment Per Kilobase pair region per Million sequenced reads), the RPM is normalized to the size of
the studied region).
Open chromatin distribution analysis
The number and the distribution of peaks and reads covering the gene annotation (TSS and TES) were calculated using a custom
script (Figures 6C, S5A and S5B).

For promoter analysis (Figures 6D, 6F, 6G, S5C, S5E, and S5F), the RPM/FPKM was calculated on the promoter of the longest
isoform of each gene (± 1kb of TSS) using a custom script. The modeling of the open chromatin distribution on the promoter, was
done using normalmixEM function in mixtools_1.2.0 R package with default parameters (Benaglia et al., 2009).

For plotting the promoter open chromatin versus expression (Figures 6H, 6I, S5G, and S5H), the genes which their expression were
not changing have been removed (IQR>0) and the average of expression for each condition (young, old, LTDR), per gene has been
calculated. The genes have been categorized into 20 groups based on the level of their expression in the young group using quantile
function in R.

For plotting the FPKM of the peaks with Stat1, Irf7 and Irf3 motifs around the target genes of each transcription factor (Figures 7C,
7F,7I, S6C, S6F, and S6I), the merged reference peaks (p value<10-5) were used. The number of reads covering each peak were
calculated using bedtools intersect (v2.28.0–33-g0f45761e). To remove the bias on the distribution of reads in promoter and gene
body explained in the results, we selected only peaks with less than ±5kb to the TSS (longest isoform) for further analysis and as
the reference for FPKM calculation. The peaks which were annotated to each transcription factor target genes (±5kb to the TSS)
were searched for the binding motif using findMotifs.pl (homer-4.9.1). The motif sequence of STAT1.MA0137.3 (http://jaspar.
genereg.net/matrix/MA0137.3/), PB0033.1_Irf3_1 (http://jaspar.genereg.net/matrix/PB0033.1_Irf3_1/), and IRF7.MA0772.1 (http://
jaspar.genereg.net/matrix/MA0772.1/) has been used. The peaks which had at least 1 matched motif (score>=10) have been
selected for plotting and p value calculation.

ADDITIONAL RESOURCES

Ethics statement
All animal experiments were carried out with the approval of the state government of Thuringia (license no. FLI-17-006).
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Figure S1. DR partially rescues aging transcriptome.  Related to Figure 1. 
A. Body weight curves of the LTDR and STDR mice compared with the control group of mice kept 
ad libitum. P-values are calculated with multiple t test, not assuming consistent SD and FDR 
approach. ** = p<0.05, * = p<0.01. Graphs show mean and SD. 
B. The schematic picture explaining the calculation of the rescue from the PCA plot (Check the 
methods).  
C. Number of differentially expressed genes (adjusted p-value<0.05). The Y axis shows the tissue 
and colors shows the conditions. For aging group, young is compared to the old, and for LTDR 
and STDR groups, the DR is compared to the old group. 
D,E. Pie charts showing the percentage of rescued and not rescued genes by DR to the total 
number of DEGs related to each of the indicated functional category regulated by aging in the 
listed tissues. 



 



Figure S2. The proposed network of upstream regulators regulating the inflammation in STDR(A) 
and aging(B). Related to Figure 3. 
Each circle shows an upstream regulator. The size of the circle shows the sum of -log 10 of 
enrichment p-value for all of the tissues which are specified by the colors in each node. Each 
circle is a pie chart showing the contribution of different tissues in the sum of the -log10 p-values. 
Tissues with none-significant p-value (<0.05) or with opposite direction compared to the 
majority, has not been used in the pie chart and calculations. The parenthesis under the name of 
each upstream regulator shows the direction of the activity prediction.      



 



Figure S3. DR rescues aging induced upregulation of innate immunity receptors and activation of 
interferon response. Related to Figure 4. 
A. Bar chat indicating the level of endotoxin in the mouse blood serum measured by ELISA assay. 
P-value is calculated by 2-tailed unpaired Welch's t-test between Young and old as well as 
between Old and STDR. For each condition we used a mouse number = 4. Bar charts show mean 
± SD. 
B. Expression of Tlr gene family (Tlr1-13) in different tissues and conditions. P-value is calculated 
by DESeq2 comparing old with young and LTDR/STDR with old. *p-value<0.05 
C. Expression of Ifih1, Ddx58 and Tmem173 in different tissues and conditions. P-value is 
calculated by DESeq2 comparing old with young and LTDR/STDR with old. *p-value<0.05 
D. GSEA analysis for Irf1, Irf3, and Irf7 in different tissues (X axis) and conditions(color). The Y axis 
shows normalized enrichment score (NES). 
E. Interferon gamma (Ifng) activity predication (NES) based on the expression of its target genes. 
The condition which is not in the plot (STDR, skin) showed neither enrichment or depletion.  
F and G. Bar chat indicating the level of Ifn-alpha and Ifn-beta in the mouse blood serum 
measured by ELISA assay. P-value is calculated by 2-tailed unpaired Welch's t-test between Young 
and old as well as between Old and STDR. No significant differences were observed. For each 
condition we used a mouse number = 4. Bar charts show mean ± SD. 
H and I. Fcgr1 (target of Ifng) expression in kidney (E) and Liver (F) measured by qRT-PCR. P-value 
is calculated by 2-tailed unpaired Welch's t-test. For each condition we used a mouse number t 
3. Bar charts show mean ± SD. 



  



Figure S4. DR rescues aging induced upregulation of innate immunity receptors and activation of 
interferon response. Related to Figure 5. 
A. Tnf expression in different tissues and conditions.  P-value is calculated by DESeq2 comparing 
old with young and LTDR/STDR with old. *p-value<0.05 
B. GSEA analysis for the expression of Stat1 target genes in different tissues (X axis) and 
conditions(color).  The Y axis shows normalized enrichment score (NES). 
C. Left panel: Western blotting of the indicated protein in the indicated tissue and conditions. 
Right panel: quantification of the western blot signals. Bar charts show mean ± SD. P-value is 
calculated by 1-tail Welch's t-test. For each condition we used a mouse number = 3. 
D. Bar charts showing the results of the RT-qPCR of the indicated genes in CD45- and CD45+ cells 
in kidney. P-value is calculated by 2-tailed unpaired Welch's t-test between Young and old as well 
as between Old and STDR. Only significant comparisons (p-values < 0.05) are reported. For each 
condition we used a mouse number t 3. Bar charts show mean ± SD. 



 



Figure S5. Aging induced open chromatin re-arrangement results in transcriptional change 
depends on the basal level of gene expression. Related to Figure 6. 
A. Heatmap shows the number of peaks (p-value < 10-5) in respect to the gene annotation (TSS 
and TES) in young and old kidney samples. The genes are ordered from the low to the high 
expression in young group. 
B. Relative sequenced read distribution (normalized to the total number of sequenced reads per 
sample) in respect to the gene annotation in liver. The dashed lines show the TSS (transcription 
start site) and the TES (transcription end site). Between the TSS and TES, the position (X axis) is 
relative to the gene size. Outside of the gene region (before TSS and after TES) the position are 
absolute. Average of the replicates for each group are used in the plotting.  
C. The histogram shows the distribution of open chromatin of the promoter regions (±1kb of TSS 
of the longest isoform) in liver of the young group. Modeling of the distribution suggest two 
normal distributions. Mean ± standard deviation for each normal distribution is shown as dashed 
line.  
D. The expression (FPKM) of genes representing each distribution (peak 1 and 2 represent the 
red and green distribution respectively in figure S4C) in liver. The p-value is calculated by 2-tailed 
Wilcoxon test.     
E and F. Similar to C, the histogram shows the distribution of open chromatin of the promoter 
regions in liver of the old(E) and LTDR(F) group. 
G. Box plot shows the open chromatin intensity (log10 FPKM of ATAC-seq data) in the promoter 
region of genes with different level of expression in liver. The genes are sorted based on their 
expression in the young group (X axis). P-value is calculated using 2-tailed paired t-test which the 
log10 FPKM (ATAC-seq) of each gene is compared in different groups. For p-value calculation, the 
old is compared to the young and the DRLT is compared to the old. *p-value<0.05. 
H. Box plot shows the expression (log10 FPKM, Y axis) of the genes (liver) with different level of 
basal expression in young as figure S5G. P-value is calculated using 2-tailed paired t-test which 
the expression of each gene is compared in different groups. For p-value calculation, the old is 
compared to the young and the DRLT is compared to the old. *p-value<0.05. 



 



Figure S6. ATAC-seq and RNA-seq data confirm the activation of Irf3,7 and Stat1 transcription 
factors in aging and inhibition by DR in liver. Related to Figure 7. 
A and B: GSEA analysis of the Stat1 target genes expression in young versus old (A) and old versus 
LTDR (B) comparisons in liver. Stat1 target genes expression is positively enriched in old 
(compared to the young) and negatively enriched in LTDR (compare to the old). 
C. Open chromatin intensity (log10 FPKM, ATAC-seq data) of the peaks (p-value< 10-5 , merged 
of all replicates, check the methods) ± 5kb of TSS of the Stat1 target genes with the Stat1 binding 
motif in liver. P-value is calculated with paired t-test, comparing old with young and LTDR with 
old.  
D and E: GSEA analysis of the Irf3 target genes expression in young versus old (D) and old versus 
LTDR (E) comparisons (similar to A and B) in liver.  
F. Open chromatin intensity of Irf3 target genes with the Irf3 binding motif in liver (similar to C).  
G and H: GSEA analysis of the Irf7 target genes expression in young versus old (D) and old versus 
LTDR (E) comparisons (similar to A and B) in liver.  
I. Open chromatin intensity of Irf7 target genes with the Irf7 binding motif in liver (similar to I).  
J. Heatmap showing the expression of the top 60 Stat1 target genes (positively regulated by Stat1) 
which are upregulated in old compared to the young and rescued by LTDR in kidney. 
 
 
 
 
 


