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Produced by senescent cells, the senescence-associated secretory phenotype (SASP) is a potential
driver of age-related dysfunction. We tested whether circulating concentrations of SASP proteins
reflect age and medical risk in humans. We first screened senescent endothelial cells, fibroblasts,
preadipocytes, epithelial cells, and myoblasts to identify candidates for human profiling. We then
tested associations between circulating SASP proteins and clinical data from individuals throughout
the life span and older adults undergoing surgery for prevalent but distinct age-related diseases. A
community-based sample of people aged 20–90 years (retrospective cross-sectional) was studied
to test associations between circulating SASP factors and chronological age. A subset of this cohort
aged 60–90 years and separate cohorts of older adults undergoing surgery for severe aortic stenosis
(prospective longitudinal) or ovarian cancer (prospective case-control) were studied to assess
relationships between circulating concentrations of SASP proteins and biological age (determined
by the accumulation of age-related health deficits) and/or postsurgical outcomes. We showed that
SASP proteins were positively associated with age, frailty, and adverse postsurgery outcomes.
A panel of 7 SASP factors composed of growth differentiation factor 15 (GDF15), TNF receptor
superfamily member 6 (FAS), osteopontin (OPN), TNF receptor 1 (TNFR1), ACTIVIN A, chemokine
(C-C motif) ligand 3 (CCL3), and IL-15 predicted adverse events markedly better than a single SASP
protein or age. Our findings suggest that the circulating SASP may serve as a clinically useful
candidate biomarker of age-related health and a powerful tool for interventional human studies.

Introduction
Aging is the strongest risk factor for the majority of chronic diseases. Recent scientific advances have led
to the transformative hypothesis that interventions targeting the fundamental biology of aging have the
potential to delay, if not prevent, the onset of age-associated conditions and extend human health span (1).
Notably, there is now compelling evidence that cellular senescence, a state of stable growth arrest caused by
diverse forms of cellular and molecular damage, contributes to aging, in part, through the senescence-associated secretory phenotype (SASP) (2–4). Senescent cells accumulate with advancing age (5–7). Preclinical
studies in rodents have established that transgenic strategies and drugs that selectively kill senescent cells
improve numerous yet pathologically distinct conditions of aging, including idiopathic pulmonary fibrosis
(8), cardiovascular disease (9, 10), hepatic steatosis (11), osteoporosis (12), diabetes (13), physical decline
(14, 15), and brain dysfunction (16–18). Importantly, reducing SASP abundance and subsequent action is
a likely mechanism by which senescent cell elimination improves aging conditions (8, 10, 19, 20). Consequently, there is great interest in human translation (21).
Dramatic variability is inherent to aging. Many older adults of a given chronological age experience multiple chronic conditions and functional limitations, while paired-age counterparts may have low or no disease bur-
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den and comparatively greater functional independence. Individuals with cumulatively more age-related impairments may be characterized as frail or biologically older according to a standardized accumulation-of-deficits
index (22). Advanced biological age may be linked to a greater burden of senescent cells in one or multiple
organs. Core properties of senescent cells include upregulation of cyclin-dependent kinase inhibitors, morphological changes, activation of antiapoptosis pathways, and a SASP composed of cytokines, chemokines, matrix
remodeling proteins, and growth factors (23). Senescent cell properties can be quantified in isolated tissues;
however, this poses practical challenges for human application. Since the SASP is a key pathogenic feature
of senescent cells, leveraging the circulating SASP as an indicator of systemic senescent cell burden may offer
considerable utility. In clinical research, it can help identify persons who may be most responsive to emerging
therapies and serve as surrogate endpoints in associated clinical trials. In clinical practice, SASP quantification
may identify persons of advanced biological age and guide clinical decision making. We hypothesize that SASP
abundance may be associated with chronological aging and accelerated biological aging.
Herein, we sought to take advantage of the circulating SASP as a candidate biomarker of advanced
age and/or medical risk. Based on the robust and dynamic SASP of several human cell types, we first
established a candidate panel of 24 SASP proteins that can be reliably measured in human blood, and then
studied associations with chronological age in a population-based sample of persons 20 to 90 years of age.
We next examined associations between circulating SASP proteins and clinical manifestations of biological
age using a frailty index (22) in 3 distinct cohorts of older adults. Finally, we assessed the extent to which
circulating SASP factors predict adverse health outcomes after surgery for distinct age-related diseases.

Results
Senescent cells produce a robust and distinct SASP. To develop a candidate panel of SASP biomarkers for human
application, conditioned media were collected from 5 senescent versus nonsenescent human cell types:
endothelial and epithelial cells, preadipocytes, fibroblasts, and myoblasts. Irradiation-induced senescence
was confirmed by senescence-associated β-galactosidase (SA–β-Gal) staining and real-time PCR analysis of senescence-activated genes (Figure 1A and Supplemental Figure 1; supplemental material available
online with this article; https://doi.org/10.1172/jci.insight.133668DS1). A biased approach, based on the
molecular knowledge of the SASP obtained in model systems, was used to select candidate proteins. High
levels of both distinct and overlapping SASP factors, including cytokines, chemokines, matrix remodeling
proteins, and growth factors, were identified in all senescent cells assayed relative to nonsenescent cells
(Figure 1B and Supplemental Table 1). Senescent endothelial cells, preadipocytes, and fibroblasts produced
a more robust SASP relative to epithelial cells and myoblasts, with distinct proteins increased per cell type
(Figure 1, B and C; and Supplemental Tables 1 and 2). GDF15, OPN, and IL-8 were abundantly produced
and secreted by senescent endothelial cells, whereas higher levels of IL-15, IL-6, PAI2, and ACTIVIN A
were produced and secreted by senescent preadipocytes (Figure 1, B and C; and Supplemental Table 2).
Thus, distinct cell types throughout the body may uniquely contribute to a dynamic SASP in vivo.
Circulating SASP factors are associated with advanced chronological age. Building on the premise that senescent cells accumulate with chronological age, the panel of 24 SASP proteins identified as biologically relevant in vitro was measured in the plasma of a random sample of 267 Mayo Clinic biobank participants
(24). The sample was equivalently distributed by sex and age from 20 to 90 years (Supplemental Table
3). Circulating concentrations of 19 SASP proteins were associated with chronological age, and associations between 17 SASP factors and chronological age remained significant after adjusting for sex and BMI
(Supplemental Table 4), highlighting the potential influence of sex and body composition on the biology
of aging. Unadjusted Spearman’s correlation analyses indicated that GDF15 and ACTIVIN A were the
strongest candidate biomarkers of chronological age, followed by TNFR1, CCL4, FAS, CCL3, TNF-α,
and IL-6, all of which individually explained at least 10% of the variance in chronological age (Figure 2).
GDF15, ACTIVIN A, CCL4, FAS, CCL3, and TNF-α remained significantly associated with age after
adjusting for sex and BMI (Supplemental Table 4).
Circulating SASP factors are associated with advanced biological age. The principal exploratory sample used
to test associations between plasma levels of the panel of 24 SASP factors and biological age, as measured
by the frailty index, was composed of older adults undergoing surgery for severe aortic stenosis (n = 97). To
determine whether associations between biological age and circulating SASP factors were disease agnostic, plasma SASP factor concentrations were also assessed in a limited case-control study of older women
undergoing surgery for ovarian cancer, in which women with a greater burden of age-associated deficits
insight.jci.org   https://doi.org/10.1172/jci.insight.133668
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Figure 1. Senescent human cells secrete a heterogeneous SASP. (A) SA–β-Gal staining confirmed senescence induction in irradiated versus sham-treated
human cells (scale bar: 200 μm). (B) Fold change in concentration of secreted SASP proteins by irradiated senescent cells (SnC) normalized to the sham
control (C) samples for each cell type. (C) Absolute secreted protein concentration from 1 million senescent versus nonsenescent control cells. Abbreviations: endothelial cells (endo), preadipocytes (pre), fibroblasts (fibro), epithelial cells (epi), and myoblasts (myo). Mean is depicted; 2-tailed t tests with
significance indicated as *P < 0.05, **P < 0.01, and ***P < 0.001; n = 3 replicates per cell type). See Supplemental Tables 1 and 2 for supportive data.
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Figure 2. Circulating SASP factors are associated with chronological age. Circulating concentrations of SASP proteins
demonstrating the strongest unadjusted FDR-corrected Spearman’s correlations with chronological age are depicted
among Mayo Clinic biobank participants age 20–90 years. Women (n = 137) are indicated by pink circles, and men (n =
130) are indicated by blue circles. See Supplemental Table 4 for supportive data.

based on the frailty index were compared with counterparts with lower deficit burden, yet of similar age
and disease severity (n = 36). Plasma SASP factor concentrations and frailty index associations were also
studied in the subset of 267 Mayo Clinic biobank sample participants age 60–90 years (n = 115). Demographic information for all 3 samples is presented in Supplemental Tables 5 and 6.
In unadjusted analyses, 8 SASP factors, ACTIVIN A, CCL4, GDF15, IL-6, IL-15, OPN, TNF-α, and
TNFR1, were positively associated with the frailty index in any one of the 3 participant groups (Table 1;
insight.jci.org   https://doi.org/10.1172/jci.insight.133668
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Model 1). GDF15 and OPN increased in association with the frailty index in all 3 participant groups and
remained significant after adjusting for chronological age, BMI, and/or sex as potential confounding or
effect-modifying variables (Table 1). Similarly, after adjustment for age, BMI, and/or sex, TNFR1 was
associated with a higher frailty index across all 3 groups. Increased CCL4 and TNF-α were associated with
advanced biological age in both surgical groups and remained significant after adjustment, but were not
significantly associated with the frailty index in aged, nonsurgical participants. IL-15 was positively associated with the frailty index in only the aortic stenosis and nonsurgical participant groups before and after
adjustment. Using both unadjusted and adjusted models, ACTIVIN A and IL-6 were positively associated
with the frailty index in the nonsurgical participants (Table 1).
Circulating SASP factors are associated with adverse postsurgical outcomes. Chronological age and biological age, as measured by the frailty index, are important predictors of adverse event risk following
surgery (25, 26). Accordingly, relationships between presurgery circulating concentrations of SASP
factors and adverse outcomes were examined in study participants who underwent surgery for severe
aortic stenosis. Of 19 events assessed (myocardial infarction, new arrhythmia, new conduction abnormality, stroke, deep venous thrombosis, pulmonary emboli, pneumonia, plural effusion, new renal
insufficiency, gastrointestinal bleeding, new seizure disorder, significant hypotension, significant
tachycardia, significant bradycardia, urinary tract infection, other infection, acute dementia, vascular
complication, acute kidney injury), 42 individuals had at least 1 adverse event (43% of participants)
and 55 individuals had no adverse event within 12 months of hospital discharge. Participants experiencing at least 1 adverse event were of similar chronological age but had higher median frailty scores
compared with participants with no adverse events (frailty index = 0.26 vs. 0.20, P = 0.006). Median
circulating GDF15, OPN, MMP2, IL-15, and TNFR1 concentrations were significantly higher in participants with at least 1 adverse event compared with participants without adverse events (Figure 3A).
As a predictor of risk of an adverse event within 12 months of surgery, the receiver operating characteristic AUC (ROC AUC) for GDF15 was 0.66; the ROC AUCs for frailty score and age plus sex were
0.65 and 0.56, respectively (Figure 3D).
Rehospitalization within 12 months of hospital discharge was assessed as a separate variable from any
adverse event. Twenty-eight of the 97 participants undergoing surgery for severe aortic stenosis (29%) were
rehospitalized within 1 year of surgical discharge. Participants who were rehospitalized at least once were
of similar chronological age, but had advanced biological age compared with participants that were not
(frailty index = 0.27 vs. 0.21, P = 0.012). Median circulating GDF15, TNFR1, FAS, and IL-6 concentrations were significantly higher among the rehospitalized versus nonrehospitalized participants (Figure 3B).
The rehospitalization predictive ability of presurgery circulating GDF15, TNFR1, or IL-6 levels was equivalent to that of biological age (GDF15 ROC AUC = 0.66; TNFR1 ROC AUC = 0.66; IL-6 ROC AUC =
0.66; frailty index ROC AUC = 0.66) and potentially greater than the predictive ability of age plus sex (age
+ sex ROC AUC = 0.56) (Figure 3E).
In study participants who underwent surgery for ovarian cancer, the most common adverse event experienced was admission to the ICU within 30 days of surgery (12 of 36 total participants [33%]). Eight of
the 12 individuals who were admitted to the ICU were frail cases and 4 were nonfrail controls, representing
a nonsignificant relationship between frailty and ICU admission (P = 0.157). Median circulating levels
of FAS, OPN, and ACTIVIN A before surgery were significantly higher among participants who were
admitted to the ICU within 30 days of surgery relative to those who were not (Figure 3C). FAS, OPN, and
ACTIVIN A were identified as the most robust candidate biomarker predictors of risk of an adverse event
within 12 months of surgery, with potentially higher predictive power relative to either chronological age
or biological age alone (FAS ROC AUC = 0.76; OPN ROC AUC = 0.74; ACTIVIN A ROC AUC = 0.74;
age ROC AUC = 0.50; frailty index ROC AUC = 0.63) (Figure 3F).
Gradient boosting machine (GBM) modeling was next used to identify a single panel of SASP proteins
capable of predicting adverse outcomes better than age or a single factor across the distinct aortic stenosis
and ovarian cancer patient samples. A 7-protein panel consisting of GDF15, FAS, OPN, TNFR1, ACTIVIN A, CCL3, and IL-15 was consistently able to predict adverse events in both surgical populations more
robustly than a single protein, biological age, or chronological age plus sex. Specifically, the ROC AUCs for
discriminating risk of any adverse event or rehospitalization within 12 months of surgery for severe aortic
stenosis were 0.84 and 0.81, respectively (Figure 3, D and E). The ROC AUC for discriminating risk of
admission to the ICU within 30 days of surgery for ovarian cancer was 0.85 (Figure 3F).
insight.jci.org   https://doi.org/10.1172/jci.insight.133668
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Table 1. Circulating SASP factors are associated with biological age
Aortic stenosis

Ovarian cancer

Model 1
Model 2
Model 1
Model 3
Protein
Alias
r value q value r value q value r value q value r value q value
ACTIVIN A
INHBA
0.034
0.743 –0.066
0.352
0.226 0.301
0.237
0.026
ADAMTS13
VWFCP
0.155
0.258
0.111
0.106 –0.028 0.911
–0.072
0.498
CCL3
MIP1A, SCYA3
0.187
0.172
0.187
0.005 0.298 0.238
0.316
0.003
CCL4
MIP1B, SCYA4 0.270
0.041
0.298
<0.001 0.495 0.012
0.530
<0.001
CCL5
RANTES, SCYA5 0.167
0.217
0.150
0.027
0.213 0.301
0.362
0.001
CCL17
TARC, SCYA17 0.085
0.503
0.083
0.240
0.216 0.301
0.284
0.005
CCL22
MDC, SCYA22
0.217
0.111
0.144
0.030
0.293 0.238
0.321
0.002
FAS
APT1, TNFRSF6 0.129
0.362 –0.026
0.712
0.269 0.270
0.322
0.003
GDF15
MIC1, NAG1,
0.304
0.034
0.313
<0.001 0.490 0.012
0.344
0.001
NRG1
GDNF
ATF
0.081
0.504
0.047
0.499
0.220 0.301
0.106
0.311
ICAM1
CD54
0.132
0.355
0.070
0.338
0.274 0.238
0.124
0.237
IL-6
IFNB2
0.093
0.468
0.207
0.001
0.043 0.866 –0.203 0.054
IL-7
0.113
0.409
0.061
0.390
0.231 0.301
0.311
0.003
IL-8
CXCL8
0.166
0.217 –0.005
0.926
0.361
0.118
0.159
0.138
IL-15
0.291
0.034 0.296
<0.001 0.173 0.401
0.156
0.139
MMP2
CLG4A
0.056
0.633
0.057
0.407
0.243 0.295
0.363
0.001
MMP9
CLG4B
–0.046 0.682 –0.146
0.029 –0.191 0.358
0.190
0.071
OPN
SPP1, PSEC0156 0.399
0.001
0.390
<0.001 0.489 0.012
0.354
0.001
PAI1
SERPINE1,
0.117
0.402
0.106
0.112
0.126 0.567
0.286
0.005
PLANH1
PAI2
SERPINEB2,
0.188
0.172
0.136
0.039
0.063 0.805
0.214
0.043
PLANH2
SOST
DAND6
–0.105
0.441
–0.151
0.027
0.006 0.973
0.087
0.425
TNF-α
TNFSF2
0.282
0.034 0.402
<0.001 0.499 0.012
0.413
<0.001
TNFR1
CD120a
0.246
0.058
0.263
<0.001 0.488 0.012
0.450
<0.001
VEGFA
VPH
0.249
0.058
0.231
<0.001 0.287 0.238
0.308
0.004

Referent, 60–90 years

Model 1
r value q value
0.414
0.001
–0.020
0.954
0.037
0.933
0.214
0.144
–0.056
0.933
0.039
0.933
0.095
0.867
0.076
0.912
0.369
0.002

Model 2
r value q value
0.345
<0.001
0.038
0.647
0.001
0.990
0.139
0.065
–0.083
0.278
–0.031
0.682
0.091
0.257
0.029
0.682
0.333
<0.001

–0.069
0.098
0.301
0.014
0.043
0.279
0.011
–0.015
0.314
–0.024

0.912
0.867
0.016
0.954
0.933
0.028
0.954
0.954
0.013
0.954

–0.103
–0.047
0.303
–0.089
0.029
0.280
0.063
0.124
0.365
0.051

0.221
0.550
<0.001
0.257
0.682
<0.001
0.415
0.112
<0.001
0.533

–0.038

0.933

–0.080

0.283

0.139
0.090
0.375
–0.006

0.608
0.867
0.002
0.956

0.086
0.067
0.359
–0.017

0.270
0.396
<0.001
0.807

Model 1, FDR-corrected Spearman’s correlation of frailty score versus protein concentration. Model 2, FDR-corrected Spearman’s correlation of frailty score
versus protein concentration adjusted for age, sex, and BMI. Model 3, FDR-corrected Spearman’s correlation of frailty score versus protein concentration
adjusted for age and BMI. Correlations of a significance level of q < 0.05 are shown in bold.

To explore the GBM-identified panel through another approach, we used t-distributed stochastic neighbor embedding (tSNE) projection to generate phenotypic participant clusters for circulating SASP factor
comparisons. All participant samples in which frailty status was ascertained and all SASP proteins were
measured were applied to this analysis (n = 343). The presence of any postoperative adverse event (any
adverse event or rehospitalized within 12 months of surgery for the aortic stenosis group, ICU admission
within 30 days of surgery for the ovarian cancer group), frailty score, and age were used as cluster definition
variables (Supplemental Figure 2), rendering 6 clusters (Figure 3G). Clusters 1 and 2 consisted of nonfrail
participants with no adverse events; cluster 1 was chronologically younger and cluster 2 was chronologically older. Clusters 3 and 4 consisted of participants with low to moderate frailty and no adverse events.
Cluster 5 consisted of participants with higher frailty scores and adverse events, and cluster 6 consisted of
participants with higher frailty scores and no adverse events. Scaled comparison of the GBM-identified
7-candidate biomarker panel (Figure 3H) revealed distinct profiles of SASP factor concentrations per cluster, with higher levels of GBM-identified SASP factors demarcating older, more frail adults who had an
adverse event following surgery (cluster 5) from those who did not (cluster 6).

Discussion
Our findings demonstrated that distinct senescent cell types liberally secrete SASP proteins, with senescent
endothelial cells, preadipocytes, and fibroblasts producing a more robust SASP relative to senescent epithelial
cells and myoblasts. Components of the SASP can be reliably quantified in human plasma, and their circulatinsight.jci.org   https://doi.org/10.1172/jci.insight.133668
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Figure 3. Circulating SASP factors are associated with increased risk of adverse postoperative outcomes. Levels of circulating SASP factors among older
adults who underwent surgery for severe aortic stenosis and (A) experienced at least 1 adverse event (n = 42) or (B) were rehospitalized within 12 months
of hospital discharge (n = 28) (black circles) were compared with counterparts who did not experience adverse outcomes (no adverse event, n = 55; no
rehospitalization, n = 69) (gray circles). (C) Among older women who underwent surgery for ovarian cancer, circulating SASP factors were compared for participants who were admitted to the ICU within 30 days of surgery (n = 12) (black triangles) versus those who were not (n = 24) (gray triangles). (A–C: median
± 95% confidence interval are indicated with Kruskal-Wallis rank sum test results.) ROC AUCs indicating the adverse outcome risk discriminatory ability
of a panel of 7 SASP factors (GDF15, FAS, OPN, TNFR1, ACTIVIN A, CCL3, and IL-15), a single top SASP factor (GDF15 or FAS), frailty score, or age plus sex
for older adults undergoing surgery for (D and E) severe aortic stenosis or (F) age for older adults undergoing surgery for ovarian cancer. (G) All study participants in which accumulation of deficit frailty status was determined and all proteins were measured (n = 343) were clustered based on the presence of
any postsurgical adverse event, frailty score, and chronological age. Six phenotypic clusters emerged: (1) nonfrail, younger, and no adverse events (n = 32);
(2) nonfrail, older, and no adverse events (n = 25); (3) lower frailty score and no adverse events (n = 42); (4) intermediate frailty score and no adverse events
(n = 82); (5) higher frailty score and adverse events (n = 53); (6) higher frailty score and no adverse events (n = 109). (H) Scaled concentration comparison of
the 7 SASP proteins identified by GBM as associated with adverse events among the 6 clusters.

ing abundance significantly increases with chronological age. Consistent with findings in preclinical models
showing the causative role of senescent cells in the pathogenesis of multiple age-related diseases and geriatric
syndromes (8–18), higher circulating concentrations of SASP proteins were evident in older humans with
more advanced biological age, as determined by accumulation of health and functional deficits. Among 2
samples of older adults undergoing surgery for distinct age-related diseases, individual SASP proteins showed
predictive power for adverse postoperative events greater than chronological age, and greater than or equal to
that of frailty index–defined biological age. Notably, a panel of 7 candidate biomarkers exhibited high sensitivity and specificity for adverse outcome risk prediction in participants undergoing surgery for either ovarian
cancer or severe aortic stenosis. These results support the hypothesis that circulating SASP factors are informative candidate biomarkers of biological age that may be leveraged to predict risk for adverse health outcomes in a disease-agnostic manner, which may have wide relevance for clinical practice and clinical research.
The age-associated accumulation of DNA damage is a fundamental trigger for cellular senescence (27).
Thus, we first implemented an in vitro screen to identify SASP proteins secreted in high concentrations
by DNA damage–induced senescent cells relative to nonsenescent cells. Human endothelial and epithelial cells, preadipocytes, fibroblasts, and myoblasts, which develop pronounced age-related and/or senescent phenotypes in vivo, were selected for SASP profiling in vitro (8, 20, 28–32). This approach identified
unique secretory phenotype composition and severity across cell types. In a translational context, these
findings offer clues regarding the origin cells contributing to the SASP within the human circulating pool.
The differential contribution of distinct senescent cell types to the circulating SASP is likely dependent
not only on the origin cell type, but also on the senescent induction mechanism and biophysical properties,
such as proximity to the vasculature and protein chemistry. These complex parameters have thwarted in
vivo characterization of the human SASP in the context of source cells; however, several studies have begun
to characterize the transcriptomic and secretory phenotypes of senescent cells in distinct cellular contexts
(19, 33–36). Findings derived from this study uniquely highlight the potential utility of SASP analyses for
clinical application. For example, GDF15, which has an established role as a circulating factor that confers
anorexia and cachexia (37), was strongly upregulated in DNA damage–induced senescent endothelial cells
and fibroblasts. Higher circulating concentrations of GDF15 in participants of advanced chronological and
biological age and at increased risk of adverse postsurgical outcomes suggest it may be a useful biomarker
of age-related health. In contrast, PAI2 is a SASP factor with an established role in senescent cell survival
(38) and was identified here to be a strongly upregulated SASP factor in senescent preadipocytes; however,
comparatively weaker associations were identified between PAI2 and age or risk of adverse events, potentially limiting its usefulness as an informative circulating biomarker.
Analysis of circulating SASP proteins among older adults undergoing surgery for severe aortic stenosis
or ovarian cancer and within a generalizable, nonsurgical sample of adults revealed distinct yet overlapping
patterns corresponding to chronological versus biological age, as measured by the frailty index. These findings
support the notion that chronological and biological aspects of aging are distinct, albeit highly related, and
defined by unique biomarker signatures. Biological aging or frailty is intrinsically heterogeneous in that different forms of stress induce senescence in different cell types and confer subsequent functional decline. This
heterogeneity supports the notion that a panel of SASP biomarkers may have broader utility in discriminating
health risk across human populations, compared with a single biomarker with stress- or cell-type specificity.
Here, a combination of 7 circulating SASP factors identified by GBM modeling was found to well-discriminate the risk of any adverse event and/or rehospitalization within 12 months of discharge among older adults
insight.jci.org   https://doi.org/10.1172/jci.insight.133668
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undergoing surgery for severe aortic stenosis or risk of admission to the ICU within 30 days of surgery among
older women undergoing surgery for ovarian cancer. Using automated phenotypic clustering, we also demonstrated that increased abundance of the 7 SASP factor panel well-defined individuals who were biologically
older and at greater risk of an adverse event. We highlight that the age-related conditions studied here are
prevalent, but the pathogenesis of each disease is distinct, suggesting that the associations between the candidate biomarkers and health outcomes revealed here may have broad relevance.
The ability of the SASP to identify risk in other medical and surgical contexts warrants further investigation. The goal of our study was to establish a panel of SASP factors with reliable detection in human
blood plasma or serum samples that are predictive of or associated with key clinical parameters and outcomes. Our current analyses were drawn primarily from residents of Olmsted County in Minnesota, so
it is unclear whether our results are broadly generalizable. Although the factors identified demonstrated
compelling associations with age and medical risk, our data also revealed the potential influence of other
characteristics, including BMI and sex. Our study was not powered to explore the influence of these variables in depth, but these findings are important to consider, since women and men experience distinct risk
profiles for age-related disease, and obesity is linked to a greater burden of senescent cells (39). Thus, there
is great value in validating our findings and testing the generalizability of our panel in larger and more
diverse groups of individuals with cardiovascular disease, cancer, and other age-associated conditions.
Furthermore, an anticipated barrier to senescence-targeting clinical trials is a lack of readily quantifiable
biomarkers that reflect biological age and health risk, and quantification of the SASP proteins analyzed
herein may help identify persons who may be most responsive to senolytic therapeutics and may also serve
as surrogate endpoints in clinical trials.

Methods
Cell culture experiments
Human fibroblasts (IMR90; ATCC) were cultured in DMEM containing 10% FBS and penicillin-streptomycin-glutamine (Gibco). Primary human preadipocytes isolated from 3 healthy kidney donors were cultured
in α-MEM containing 10% FBS and penicillin-streptomycin-glutamine. HUVECs (Lonza,) were cultured in
EGM-2 BulletKit (Lonza). Human epithelial cells (ARPE-19; ATCC) were cultured in DMEM/F12 containing 10% FBS and penicillin-streptomycin-glutamine. Human myoblasts derived from healthy donors (Cook
MyoSite) were cultured in skeletal muscle cell growth medium (Promocell). Cells were exposed to sham conditions or, to induce senescence, 10 Gy radiation using an RS2000 X-Ray Irradiator (RAD Source Technologies). Fibroblasts, preadipocytes, epithelial cells, and myoblasts were then cultured for 21 days and HUVECs
were cultured for 7 days before collection. Cells were provided fresh media every 3 days. After the indicated
time, senescence was confirmed by staining for SA–β-Gal and real-time PCR analysis of cyclin-dependent
kinase inhibitor (p16 and p21) and SASP gene expression. For SA–β-Gal staining, cells were fixed in phosphate-buffered 4% paraformaldehyde for 10 minutes at room temperature. Cells were then washed twice with
PBS and incubated overnight (16–18 hours) in SA–β-Gal staining solution (1 mg/mL X-Gal, 40 mM citric
acid/sodium phosphate buffer pH 6.0, 5 mM potassium ferrocyanide, 5 mM potassium ferricyanide, 150 mM
sodium chloride, and 2 mM magnesium chloride) at 37°C on a shaker and in the dark. Cells were then washed
twice with PBS and nuclei stained with Hoechst dye for 5 minutes. Fluorescence microscopy (Eclipse Ti) was
used for imaging. Images were taken under bright field for SA–β-Gal staining and the same field under blue
fluorescence channel for nuclear staining. Conditioned media from cultured fibroblasts, preadipocytes, myoblasts, and epithelial cells were obtained by exposing cells to RMPI 1640 containing 1 mM sodium pyruvate, 2
mM glutamine, MEM vitamins, MEM nonessential amino acids, and penicillin-streptomycin. Nonsenescent
and senescent cells were washed 3 times with PBS and then cultured for 24 hours before media were collected.
For HUVECs, cells were washed 3 times with PBS and then cultured in EBM-2 medium with 0.5% FBS for
24 hours before media were collected. Conditioned media were filtered through 0.22 μm filter before analysis.
Cells were trypsinized, counted, and harvested in Trizol (Invitrogen) for RNA isolation according to the manufacturer’s instructions. RNA concentration was assessed by NanoDrop (Thermo Fisher Scientific). cDNA
was synthesized using M-MLV reverse transcriptase (Invitrogen), and real-time PCR was performed with
PerfeCTa FastMix II (QuantaBio) and the Applied Biosystems StepOne Plus Real-Time PCR system. Gene
expression was analyzed by delta-delta CT method and normalized to the reference gene, TATA-Box Binding
Protein (TBP). The primers and probes used are listed in Supplemental Table 7.
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Assessment of the SASP in biological fluids and cell culture media
The concentration of ADAMTS13, CCL3, CCL4, CCL5, CCL17, CCL22, FAS, GDF15, GDNF,
ICAM1, IL-15, IL-6, IL-7, IL-8, MMP2, MMP9, OPN, PAI1, SOST, TNFR1, TNF-α, and VEGFA in
conditioned media from nonsenescent and senescent cells and EDTA plasma were quantified using commercially available multiplex magnetic bead immunoassays (R&D Systems) based on Luminex xMAP
multianalyte profiling platform and analyzed on a MAGPIX System (Merck Millipore). All assays were
performed according to the manufacturer’s protocols. ACTIVIN A concentration was determined by a
Quantikine ELISA Kit (R&D Systems) according to the manufacturer’s instructions. PAI2 concentration
was determined by an ELISA Kit (Cloud-Clone Corp.) according to the manufacturer’s instructions. For
all proteins, more than 80% of the samples were within the detectable range. Undetectable targets were
assigned a value of half of the lowest value; the number and percentage of imputed samples per target
are summarized in Supplemental Table 8.

Participant samples
Biobank sample. The Mayo Clinic biobank is composed of residents of Olmsted County, Minnesota (n =
56,964) who donated biological specimens and provided risk factor data, access to clinical data obtained from
the medical record, and consent to participate in approved research (24). The Mayo Clinic biobank started
enrollment in April 2009. Participants were predominantly white (95%). For the present study, archived plasma samples were requested from 280 participants between 20 and 90 years of age (20 women and 20 men
per decade). Participants with a history of cancer, other than breast cancer and melanoma, before the age of
50, or autoimmune diseases (e.g., rheumatoid arthritis, lupus), and women with BMI less than 18.5 kg/m2 or
greater than 40.0 kg/m2 and men with BMI less than 18.5 kg/m2 or greater than 35.0 kg/m2 were excluded.
Samples from 13 participants were of insufficient volume for SASP factor analysis, resulting in n = 267.
Aortic stenosis sample. This sample included women and men scheduled for surgical or transcatheter aortic valve replacement, as previously described (40, 41). Study participants were recruited between July 2013
and May 2015 at Mayo Clinic in Rochester, Minnesota. Demographic characteristics and medical history,
including previous surgical events and diagnoses, were ascertained by interview, physical exam, and electronic medical record review at baseline. Adverse postoperative events were recorded 1, 3, 6, and/or 12 months
after discharge from the hospital. For assessment of any adverse event within 12 months of discharge, the
following outcomes were considered: myocardial infarction, new arrhythmia, new conduction abnormality,
stroke, deep venous thrombosis, pulmonary emboli, pneumonia, plural effusion, new renal insufficiency, gastrointestinal bleeding, new seizure disorder, significant hypotension, significant tachycardia, significant bradycardia, urinary tract infection, other infection, acute dementia, vascular complication, or acute kidney injury.
Rehospitalization within 12 months of discharge was considered as a separate adverse event.
Ovarian cancer sample. This sample included patients who underwent primary cytoreductive surgery for
stage IIIC or IV ovarian cancer, fallopian tube cancer, or primary peritoneal cancer from January 2, 2003 to
December 30, 2011. Exclusion criteria included patients who received neoadjuvant chemotherapy, patients
undergoing palliative or diagnostic surgeries only, patients without a frailty index available, and patients
who denied access to their medical record. All patients had a surgical resection to less than 1 cm of residual
disease and all had a BMI less than 40 kg/m2. Cases were defined as patients having a frailty index greater
than 0.15. Cases were matched by age (within 3 years) and cancer stage to nonfrail controls.

Frailty index
The frailty index was calculated using a combination of comorbidities and patient-provided activities of daily
living (ADL) variables abstracted from the medical record. The index reflects the percentage of variables that
a given subject experienced. The comorbidity variables assessed were myocardial infarction, diabetes, peripheral vascular disease, chronic obstructive pulmonary disease, hypertension, hyperlipidemia, BMI (underweight/obese = 1 point, overweight = 0.5 points), anemia, cerebrovascular disease, dementia, peptic ulcer,
hemiplegia/paraplegia, renal disease, moderate/severe liver disease, rheumatological disease, any malignancy, metastatic solid tumor, and depression. The ADL variables assessed were difficulty preparing meals, difficulty feeding oneself, difficulty dressing, difficulty using the toilet, difficulty housekeeping, difficulty climbing
stairs, difficulty bathing, difficulty walking, difficulty using transportation, difficulty getting in and out of bed,
difficulty taking medications/managing medications, dependent on assistive devices (cane, wheelchair, braces, walker, others), and dependent on device for breathing (CPAP, nasal oxygen).
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Statistics
Two-tailed t tests were used to compare cell culture data. Descriptive statistics (percentages or medians/25th/75th percentiles and means/SD) were used to summarize the characteristics among patient
cohorts. Comparisons between the groups were performed using χ2 and Wilcoxon rank-sum tests. Spearman’s correlation coefficients were used to summarize the relationship between the proteins and age. To
account for multiple testing, false discovery rate values (q values) were calculated for each endpoint (42).
Univariate logistic regression models were fit predicting adverse events using the candidate biomarker, age,
sex, and frailty score variables; ROC AUCs were estimated from these models. GBM, a machine learning
technique, was used to create a multivariable prediction model using the GBM package (43) available in
the R software environment. This technique involves combining information from multiple decision trees
that are iteratively built in such a way that each iteration focuses increasingly on the portions of the data
that are most ill-fitting. The number of trees included in the model (number of iterations), the depth of the
trees, and the size of the shrinkage parameter were determined by 5-fold cross-validation. AUC values from
the GBM models were optimism corrected using an internal validation bootstrap process, since external
data to validate the AUC values were not used (44). As part of the model results, variables were ranked in
importance, indicating relative contribution to the models. tSNE clustering and phenograph analysis were
performed using the cytofkit package (45). All other analyses were performed using SAS version 9.4 (SAS
Institute), R 3.4.2 (R Foundation for Statistical Computing), R 3.6.0, or GraphPad Prism 8.1.2. Throughout all analyses, P < 0.05 or q < 0.05 were considered significant results.
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These studies were approved by the Mayo Clinic Institutional Review Board. All study participants provided written informed consent.
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