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Agingmeasures and cancer in theHealth and
Retirement Study (HRS)

Shuo Wang1,5, Anna Prizment 1,5 , Puleng Moshele1, Sithara Vivek 1,
Weihua Guan2, Anne H. Blaes 3, Heather H. Nelson4 & Bharat Thyagarajan 1

Cancer survivorsmay have higher biological age (BA) than cancer-free persons
(controls). In HRS, we examined the associations of BA with cancer prevalence
and mortality. BA was estimated by the Klemera and Doubal method (KDM-
BA), phenotypic age (PhenoAge), and subjective age (SA) among 946 cancer
survivors and 4555 controls; and by epigenetic clocks (Horvath, Hannum,
Levine, GrimAge, Zhang Score (ZS), and methylation-based pace of aging
(mPOA)) among 582 cancer survivors and 2805 controls. Age acceleration is
estimated as residuals regressed on chronological age. There are significant
multivariable associations with cancer prevalence for Hannum, GrimAge, and
SA, and ZS (logistic regression), and with mortality for PhenoAge, Hannum,
Levine, GrimAge, and ZS in cancer survivors, and for KDM-BA, PhenoAge, and
ZS in controls (Cox regression). The strongest association in cancer survivors
is for GrimAge (HR per 1 SD = 1.80, p < 0.001). PhenoAge and first- and second-
generation epigenetic clocks hold promise for predicting mortality in cancer
survivors.

Individuals diagnosed with cancer have started to live longer due to
earlier cancer diagnoses, increased longevity, and improved cancer
treatments; however, cancer survivors have more physiological dys-
functions compared to cancer-free individuals1,2. These dysfunctions
may be caused by cancer treatment, the body’s response to cancer
(e.g., immunologic), the effects of cancer on the body (e.g., cachexia),
the presence of unhealthy lifestyle factors, or an interaction between
these factors3–5. Because individuals with the same chronological age
(CA) may have very different physiological dysfunctions, the term
biological age (BA) has been introduced. BA estimates the extent of
accumulation of physiological damage in individualswith the sameCA.
BA has an advantage compared to CA because it is modifiable andmay
be reversed through anti-aging lifestyle interventions andmedications
that are currently under active investigation6. To estimate BA,multiple
aging constructs have been developed including epigenetic clocks
(ECs) based on DNA methylation profiles7–11, proteomic aging clocks
(using circulating proteins)12–14, transcriptomic clocks (using gene

expression data)15,16, and multidomain aging constructs comprised of
clinical (biochemical, hematological, and physiological) markers17,18.
Consistent with the hypothesis that cancer survivors have increased
physiological dysfunctions, one previous study has found that ECs
were higher amongbreast cancer survivors compared to similarly aged
people without cancer19. To our knowledge, only a few studies have
examined ECs and mortality in cancer survivors20–22. Additionally, dif-
ferent ECs were associated with incidence of cancer, including total
cancer10,23, colorectal24, lung18,24,25, breast22,26, and pancreatic cancers27,
but the associations with cancer riskwere inconsistent across different
ECs and different study populations10,24,26–29.

Besides ECs, multidomain aging metrics have been created: phe-
notypic age (PhenoAge) comprised of mortality-associated clinical
biomarkers18 as well as BA metric comprised of age-associated clinical
biomarkers and computed by the Klemera and Doubal method (KDM-
BA)30. These aging constructs, after adjusting for chronological age
and other covariates, were associated with the risk of total, lung, and
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colorectal cancers in the UK Biobank study, a large prospective cohort
study31. Additionally, PhenoAge was associated with the risk of breast
cancer in that study31. To our knowledge, no studies have evaluated the
utility of KDM-BA among cancer survivors, while a study in NHANES
found that PhenoAge was higher among cancer survivors of any type
cancer than cancer-free participants and age acceleration for Pheno-
Age was associated with an increased mortality risk in cancer
survivors32. However, that study did not compare PhenoAge across
specific cancer types or cancer treatments.

In addition to biomarker-based aging measures, subjective age
(SA) has been studied in relation to cancer. SA estimates how old
people feel, i.e., an individual’s self-perception of their own age33,34. SA
was 2% higher than CA in people diagnosed with cancer and 8% lower
than CA among cancer-free controls35. Moreover, higher SA has been
correlatedwith worse quality of life in cancer survivors34,35. In our prior
work, we have shown that higher SA is associated with adverse bio-
marker profiles33, and other studies have reported that SA is associated
with negative health outcomes, including higher mortality in the
general population36,37, but its contribution to mortality in cancer
survivors has not been examined.

Therefore, althoughmeasures of BA, such as PhenoAge, KDM-BA,
ECs, and SA, were validated, the number and the scope of studies
examining aging metrics in cancer survivors are limited and those
studies were not able to compare the performance of various BA
measures in those with and without cancer within the same study.
Hence, we compared nine aging constructs, including KDM-BA, Phe-
noAge, SA, and six ECs (Horvath, Hannum, Levine, GrimAge, Zhang
Score, and Dunedin methylation-based pace of aging, called mPOA in
this study) in cancer survivors and cancer-free individuals in theHealth
and Retirement Study (HRS), a large nationally representative
population-based cohort. Additionally, the longitudinal data collected
in HRS prior to and after cancer diagnosis provide opportunities to
examine associations with cancer risk and associations with mortality
after cancer diagnosis. Thus, we examined the associations of these
nine aging measures with all-cause mortality over four years among
cancer survivors and controls, i.e., cancer-free individuals. Finally, we
conducted an exploratory analysis to evaluate whether any of these
aging constructs were associated with cancer risk in participants fol-
lowed for four years.

Results
The nine aging metrics examined in these study participants (age
range: 56-90 years) are described in Supplementary Data 1. We used
survey weights to account for the complex survey design used in the
HRS study38 and to make the study population representative of the
entire HRS cohort39–42. In our analyses, we used the weights specific for
the 2016 Venous Blood Study (VBS) in Sample A and the weights
specific for the DNA methylation sample in Sample B (Sample A and
Sample B are described below).

Characteristics of study participants
Sample A included 5501 participants (946 cancer survivors, i.e., parti-
cipants who reported being diagnosed with cancer at any time before
2016, and 4555 controls, i.e., those who reported having no history of
cancer in 2016) with data on KDM-BA, PhenoAge, and SA (Supple-
mentary Fig. 1). Sample B included 3387 participants (582 cancer sur-
vivors and 2805 controls) with data on ECs (Supplementary Fig. 2).
Table 1 and Table 2 show the distributions of participants’ character-
istics by cancer status. Compared to controls, cancer survivors were
more likely to be chronologically older. Cancer survivors also tended
to be Non-HispanicWhite and former smokers as well as to have lower
physical activity, lower grip strength (dominant hand), and a higher
comorbidity index that was constructed as the sum of seven self-
reported conditions: hypertension, lung disease, cardiac disorders,
stroke, arthritis, diabetes, psychiatric problems (Tables 1 and 2).

Among these seven conditions, cancer survivors were more likely to
have hypertension, cardiac disorders, stroke, arthritis, and diabetes
compared to cancer-free participants (Tables 1 and 2). In Sample A,
17.58%of cancer survivors self-reported having chemotherapy, 35.23%,
having surgery, and 16.58%, having radiotherapy (Table 1). In Sample B,
16.85% of cancer survivors reported having chemotherapy, 33.03%,
having surgery, and 16.23%, having radiotherapy (Table 2). Further,
because we excluded participants for several reasons (as described in
the Methods section and Supplementary Figs. 1 and 2), we described
the distributions of main demographic and lifestyle factors among
participants who were included and not included in the study. We
found that included participants were more likely to be non-Hispanic
White and have a higher education level in both Sample A and Sample
B (Supplementary Table 1). In addition, there was a smaller percentage
of current smokers among participants included in Sample A (Sup-
plementary Table 1). The difference between participants who were
included and those who were not might be explained by the fact that
we included only those who answered questions about SA and char-
acteristics of interest. Despite those differences, the cancer prevalence
in our study samples was similar to the prevalence in the entire HRS
cohort and in Surveillance, Epidemiology, and End Results (SEER) in
the whole study and across different age groups (Supplementary
Table 2). Among those older than 65, cancer prevalence of 20.5% in
Sample A and 19.8% in Sample B was similar to the 20.1% prevalence in
Medicare in the US43.

Aging constructs under study and age acceleration
We tested correlations between CA and nine aging constructs under
study (KDM-BA, PhenoAge, SA, and six ECs: Horvath, Hannum, Levine,
GrimAge, Zhang Score, and mPOA). Seven aging constructs, including
KDM-BA, PhenoAge, SA, and four ECs (Hannum, Horvath, Levine, and
GrimAge) were correlated with CA (r = 0.60–0.92) (Supplementary
Tables 3 and 4). To examine the effect of these seven aging constructs
independent of CA, we estimated age acceleration (abbreviated as
Accel) as residuals after regressing each aging construct on CA. There
was no correlation between CA and age acceleration for any of these
aging constructs (Supplementary Tables 3 and 4). We did not calculate
age acceleration for mPOA because it reflects the pace of the aging
process and it was not correlated with CA (r = 0.03), or Zhang Score,
because it is amortality risk score thatwas only weakly correlatedwith
CA (r = 0.31) (Supplementary Table 4).

Age acceleration for each aging construct as well as Zhang Score
and mPOA were higher in cancer survivors than in controls but the
difference was not statistically significant for KDM-BA (Tables 1 and 2).
Among cancer survivors, those who received chemotherapy (vs. those
who did not) had, on average, higher age acceleration for PhenoAge
(PhenoAgeAccel), SA (SA-Accel), Horvath (HorvathAccel), Levine
(LevineAccel), and GrimAge (GrimAgeAccel); however, these differ-
ences did not reach statistical significance (Supplementary Table 5). In
addition, themean LevineAccel and GrimAgeAccel were higher among
those who received radiation therapy compared to those who did not,
while the mean HorvathAccel was higher among those who had sur-
gery compared to thosewithout surgery, but none of thesedifferences
reached statistical significance (Supplementary Table 5). Although
these non-significant results may reflect the true absence of differ-
ences by treatment status, the similar trends across different treat-
ments and different aging measures suggest that the absence of
significant differences may be explained by a limited sample size in
these subgroup analyses.

Associations between aging constructs and cancer prevalence
A participant was considered having prevalent cancer if they reported
being diagnosed with cancer at any time before 2016. In our main
analysis, we conducted two models and both of them accounted for
survey weights. Model 1 was adjusted for chronological age, sex, and
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Table 1 | Distributiona of participants’ characteristics by can-
cer status in 2016 in Sample Ab; HRS

Participants’
Characteristics

Controls
(N = 4555)

Cancer survi-
vors (N = 946)

P-valuef

Chronological age (CA),
years (SD)

67.43 (0.23) 71.01 (0.44) <0.001

KDM-BA-Accel, years (SD) −0.28 (0.06) −0.11 (0.15) 0.37

PhenoAgeAccel,
years (SD)

−0.60 (0.15) 0.21 (0.27) 0.020

SA-Accel, years (SD) −0.27 (0.20) 1.09 (0.34) <0.001

Female, % 54.11 53.38 0.751

Race/ethnicity, %

Non-Hispanic White 82.58 87.88 0.009

Non-Hispanic Black 7.59 6.16

Hispanic 4.70 2.48

Other 5.13 3.48

Education, %

Less than high school 10.51 10.80 0.978

High school 29.19 29.14

Greater than high
school

60.30 60.06

Body mass index (BMI),
kg/m2 (SD)

29.73 (0.11) 29.90 (0.23) 0.472

Smoking status, %

Current smoker 10.24 8.18 <0.001

Former smoker 42.86 50.69

Never smoker 46.90 41.13

Ever drinker, % 64.93 57.68 <0.001

Physical activityc,
score (SD)

30.13 (0.51) 26.34 (0.79) <0.001

Grip strengthd (dominant
hand), kg (SD)

32.34 (0.22) 30.55 (0.44) <0.001

Comorbidity indexe,
score (SD)

1.87 (0.03) 2.25 (0.05) <0.001

Health conditions included in comorbidity index, %

Hypertension 55.09 60.03 0.009

Lung disease 9.31 11.52 0.163

Cardiac disorders 21.06 29.55 <0.001

Stroke 4.29 6.51 0.020

Arthritis 58.73 71.22 <0.001

Diabetes 20.11 22.98 0.107

Psychiatric problems 18.47 22.85 0.004

CMV seropositivity, % 59.38 61.12 0.520

Cancer treatment

Chemotherapy, % NA 17.58 NA

Surgery, % NA 35.23 NA

Radiotherapy, % NA 16.58 NA

SD standard deviation, KDM-BA biological age metric estimated by the Klemera and Doubal
method, PhenoAge phenotypic age, SA subjective age, Accel age acceleration, BMI body mass
index, CMV cytomegalovirus.
aResults were accounted for survey weights.
bSample A included participants who reported their SA and had biomarker measures used to
calculate KDM-BA and PhenoAge.
cPhysical activity was calculated as a weighted sum of scores based on self-reported light,
moderate, and vigorous activities.
dGrip strength was measured for half of participants in 2014 and for other half in 2016.
eComorbidity index was assessed as a number of coexisting conditions, including hypertension,
lung disease, cardiac disorders, stroke, arthritis, diabetes, and psychiatric problems, ranged
from 1 to 7.
fWhen comparing cancer survivors and controls, P-values were calculated from two-sided chi-
square test for categorical variables and two-sided t-test for continuous variables.

Table 2 | Distributiona of participants’ characteristics by can-
cer status in 2016 in Sample Bb; HRS

Characteristics Controls
(N = 2805)

Cancer survi-
vors (N = 582)

P-valuef

Chronological age (CA),
years (SD)

67.90 (0.27) 71.67 (0.51) <0.001

HannumAccel, years (SD) −0.12 (0.11) 1.00 (0.28) <0.001

HorvathAccel, years (SD) −0.04 (0.15) 0.77 (0.37) 0.047

LevineAccel, years (SD) −0.17 (0.20) 0.87 (0.33) 0.014

GrimAgeAccel, years (SD) −0.46 (0.12) 0.72 (0.24) <0.001

Zhang Score, units (SD) −1.15 (0.01) −0.96 (0.02) <0.001

mPOA, years of physiologi-
cal decline per one chron-
ological year (SD)

1.06 (0.002) 1.08 (0.005) 0.007

Female, % 54.35 52.31 0.462

Race/ethnicity, %

Non-Hispanic White 77.50 83.34 <0.001

Non-Hispanic Black 10.12 10.35

Hispanic 6.25 3.08

Other 6.13 3.23

Education, %

Less than high school 13.57 11.86 0.644

High school 29.25 29.89

Greater than high school 57.18 58.25

BMI, kg/m2 (SD) 29.97 (0.13) 29.88 (0.32) 0.763

Smoking status, %

Current smoker 11.25 9.24 0.020

Former smoker 42.92 51.14

Never smoker 45.83 39.62

Ever drinker, % 61.75 53.96 0.009

Physical activity, score (SD) 28.88 (0.61) 24.19 (1.01) <0.001

Grip strength (dominant
hand), kg (SD)

31.95 (0.38) 30.43 (0.46) 0.001

Comorbidity indexc,
score (SD)

1.98 (0.04) 2.44 (0.08) <0.001

Health conditions included in comorbidity index, %

Hypertension 57.64 67.47 <0.001

Lung disease 9.65 14.00 0.023

Cardiac disorders 22.28 34.13 <0.001

Stroke 5.47 7.74 0.046

Arthritis 60.03 70.71 <0.001

Diabetes 23.06 27.61 0.041

Psychiatric problems 19.66 21.94 0.283

CMV seropositivity, % 62.04 65.58 0.29

Cancer treatment

Chemotherapy, % NA 16.85 NA

Surgery, % NA 33.03 NA

Radiotherapy, % NA 16.23 NA

SD standard deviation, Accel age acceleration, mPOA Dunedin methylation-pace of aging, BMI
body mass index, CMV cytomegalovirus.
aResults were accounted for survey weights.
bSample B included participants who had data on ECs.
cPhysical activity was calculated as a weighted sum of scores based on self-reported light,
moderate, and vigorous activities.
dGrip strength was measured for half of participants in 2014 and for other half in 2016.
eComorbidity index was assessed as a number of coexisting conditions, including hypertension,
lung disease, cardiac disorders, stroke, arthritis, diabetes, and psychiatric problems, ranged
from 1 to 7.
fWhen comparing cancer survivors and controls, P-values were calculated from two-sided chi-
square test for categorical variables and two-sided t-test for continuous variables.
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race/ethnicity (and in the analysis of ECs, additionally adjusted for
monocyte percentage, neutrophil percentage, and lymphocyte per-
centage). Model 2 (fully adjusted) was further adjusted for education,
BMI, smoking status, ever drinking, physical activity, comorbidity
index, and cytomegalovirus (CMV) infection. In the analysis of ECs, we
adjusted for most prevalent immune cells, neutrophils, lymphocytes,
and monocytes, because immune cells have been shown to be asso-
ciated with age acceleration for ECs in a recent study by Zhang et al.
(2024)44.

In Model 2 (fully adjusted), SA-Accel [odds ratio (OR) (95% con-
fidence interval (CI)) per 1 SD = 1.11 (1.02–1.20)], age acceleration for
Hannum (HannumAccel) [1.22 (1.09–1.37)], and GrimAgeAccel [1.25
(1.07-1.48)] was significantly associated with cancer prevalence
(Table 3). Additionally, Zhang Score was associated with cancer pre-
valence [1.31 (1.12–1.54)] (Table 3). No association was observed for
KDM-BA-Accel, PhenoAgeAccel, HorvathAccel, LevineAccel, or mPOA
with cancer prevalence in Model 2 (Table 3). The regression coeffi-
cients for all the covariates adjusted for in the analysis of associations
between aging constructs and cancer prevalence can be found in
Supplementary Data 2. Considering the most common individual
cancer types (lung, colorectal, breast, prostate), PhenoAgeAccel, Gri-
mAgeAccel, and mPOA were significantly associated with prevalent
lung cancer (Supplementary Table 6). GrimAgeAccel showed the
highest OR with prevalent lung cancer: OR (95% CI) per 1 SD = 2.94
(1.57–5.50) (Supplementary Table 6). Additionally, PhenoAgeAccel
[1.24 (1.05–1.47)] and GrimAgeAccel [1.62 (1.10–2.37)] was associated
with prevalent colorectal cancer (Supplementary Table 6). GrimA-
geAccel was associated with prevalent breast cancer [1.27 (1.03–1.67)],
while PhenoAgeAccel was negatively associated with prevalent pros-
tate cancer [0.83 (0.70-0.98)] (Supplementary Table 6). SA-Accel,
HannumAccel, HorvathAccel, LevineAccel, and Zhang Score were not
associated with the prevalence of any of the most common cancers
(Supplementary Table 6).

Associations between aging constructs and all-cause mortality
in cancer survivors and controls
By 2020, there were 371 deaths in Sample A (122 cancer survivors and
249 controls) and 316 deaths in Sample B (103 cancer survivors and 213

controls). InModel 2 (fully adjusted), PhenoAgeAccel and Zhang Score
were associated with mortality in both cancer survivors and controls;
the overall pattern was that higher hazard ratio (HR) estimates were
observed in cancer survivors compared to controls (Tables 4 and 5).
For example, for Zhang Score:HR (95%CI) per 1 SD = 1.62 (1.27–2.06) in
cancer survivors and 1.45 (1.21–1.75) in controls (Table 5). GrimA-
geAccel [1.80 (1.37–2.39)], LevineAccel [1.56 (1.23–1.98)], and Hannu-
mAccel [1.37 (1.14–1.63)] was significantly associated with mortality
among cancer survivors only, while KDM-BA-Accel [1.25 (1.04–1.50)]
was significantly associated with morality among controls only
(Tables 4 and 5). In Model 2, SA-Accel, HorvathAccel, and mPOA were
not associated with mortality in either cancer survivors or controls
(Tables 4 and 5). The regression coefficients for all the covariates
adjusted for in the analysis of associations between aging constructs
and mortality in cancer survivors and controls can be found in Sup-
plementary Data 3 and 4.

In addition, we performed several stratified analyses (exploratory
analyses) to evaluate whether the effect of aging measures on mor-
tality among cancer survivors was modified by various demographics
(sex and race/ethnicity), cancer treatment types (chemotherapy, sur-
gery, radiotherapy), or time since cancer diagnosis. In the stratified
analyses, among cancer survivors, sex modified the association
with mortality for HannumAccel (p-interaction = 0.005), GrimA-
geAccel (p-interaction = 0.002), and Zhang score (p-interaction =
0.001) (Supplementary Table 7). Race/Ethnicity (among non-Hispanic
White and non-Hispanic Black individuals) modified the association
between PhenoAgeAccel and mortality (p-interaction = 0.018) (Sup-
plementary Table 8). In the stratified analysis of race/ethnicity, we did
not include Hispanic participants and participants from other racial/
ethnic groups, due to a limited number of deaths in these groups. In
the stratified analysis of cancer treatment, compared to cancer survi-
vors who did not receive chemotherapy, the associations with mor-
tality among those who received chemotherapy was significantly
stronger for SA-Accel (p-interaction = 0.015) and appeared to be
stronger for PhenoAgeAccel with a borderline significance (p-interac-
tion = 0.060) (Supplementary Table 9). Similar trends were observed
for LevinAccel, GrimAgeAccel, and Zhang Score but these p-values for
interactions with chemotherapy did not reach statistical significance

Table 3 | Associations of aging constructs with total cancer prevalence in 2016; HRS

Sample Aa

Aging constructs No. of cancer
survivors

No. of controls OR (95% CI) per 1 SD increase in aging construct, p-valueb

Model 1c Model 2c

KDM-BA-Accel (SD = 3.83 years) 946 4555 1.04 (0.94, 1.15), p = 0.389 0.99 (0.89, 1.10), p = 0.781

PhenoAgeAccel (SD = 7.12 years) 1.13 (1.03, 1.23), p =0.008 1.04 (0.95, 1.16), p = 0.379

SA-Accel (SD = 10.36 years) 1.16 (1.07, 1.25),
p =0.0008

1.11 (1.02, 1.20), p =0.018

Sample Ba

Aging constructs No. of cancer
survivors

No. of controls OR (95% CI) per 1 SD increase in aging construct, p-valueb

Model 1c Model 2c

HannumAccel (SD = 5.22 years) 582 2805 1.24 (1.10, 1.41), p <0.001 1.22 (1.09, 1.37), p =0.001

HorvathAccel (SD = 6.39 years) 1.13 (0.98, 1.29), p = 0.079 1.10 (0.97, 1.27), p = 0.117

LevineAccel (SD = 6.77 years) 1.13 (1.00, 1.29), p = 0.050 1.11 (0.97, 1.27), p = 0.122

GrimAgeAccel (SD = 4.65 years) 1.26 (1.10, 1.44), p <0.001 1.25 (1.07, 1.48), p =0.005

Zhang Score (SD =0.45 units) 1.35 (1.17, 1.56), p <0.001 1.31 (1.12, 1.54), p =0.001

mPOA (SD =0.09 years of physiological decline per one
chronological year)

1.14 (0.99, 1.31), p = 0.062 1.10 (0.95,1.27), p = 0.195

KDM-BA biological agemetric estimated by the Klemera and Doubal method, PhenoAge phenotypic age, SA subjective age, Accel age acceleration,mPOA Dunedin methylation-pace of aging, SD
standard deviation, OR odds ratio, CI confidence interval, BMI body mass index, CMV cytomegalovirus.
aSampleA includedparticipantswhoreported their SAandhadbiomarkermeasuresused to calculateKDM-BAandPhenoAge.SampleB includedparticipantswhohaddataonepigenetic clocks (ECs).
bP-values were calculated from multivariable logistic regression.
cModel 1 was adjusted for chronological age, sex, and race/ethnicity. Model 2 was additionally adjusted for BMI, smoking status, ever drinking, physical activity, comorbidity index, as well as CMV
infection. In the analysis of ECs, both models were additionally adjusted for the percentage of monocyte, neutrophil, and lymphocyte. All analyses were accounted for survey weights.
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(Supplementary Table 9); however, the number of deaths among
cancer survivors who self-reported information about chemotherapy
was limited. Although there were no statistically significant interac-
tions of aging constructs with surgery (Yes/No) or radiation therapy
(Yes/No) in relation to mortality among cancer survivors (Supple-
mentary Tables 10 and 11), there was a pattern of stronger associations
with mortality observed among cancer survivors who had surgery (or
radiation) vs. those who did not have surgery (or radiation) for several
aging constructs. Finally, time since cancer diagnosis (<2 years, 2-5
years, >5 years) did not modify the associations between any of the

aging constructs and mortality in cancer survivors as the 95% CIs
across time since cancer diagnosis largely overlapped for each aging
construct (Supplementary Table 12).

To ensure that active cancer treatment at the time of blood draw
was not a contributor to our findings for the associations of aging
constructs with cancer prevalence and mortality among cancer survi-
vors, we conducted a sensitivity analysis. In this sensitivity analysis, we
excluded cancer survivors developed cancer within two years of blood
collection – the time window where most cancer patients complete
their treatment, and reran the analyses for cancer prevalence and

Table 4 | Associations between aging constructs (KDM-BA, PhenoAge, and SA) and mortality among cancer survivors and
controls in Sample Aa; HRS (2016–2020)

Cancer survivors (N = 946)

Aging constructs No. of deaths Total person-year HR (95% CI) per 1 SD increase in aging construct, p-valueb

Model 1c Model 2c

KDM-BA-Accel (SD = 4.07 years) 122 3775 1.18 (1.01, 1.39), p =0.040 1.05 (0.85, 1.28), p = 0.625

PhenoAgeAccel (SD = 7.22 years) 1.47 (1.17, 1.88), p =0.002 1.37 (1.05, 1.78), p =0.019

SA-Accel (SD = 10.29 years) 0.98 (0.68, 1.41), p = 0.910 0.82 (0.57, 1.17), p = 0.258

Controls (N = 4555)

Aging constructs No. of deaths Total person-year HR (95% CI) per 1 SD increase in aging construct, p-valueb

Model 1c Model 2c

KDM-BA-Accel (SD = 3.78 years) 249 18,861 1.37 (1.18, 1.60), p <0.001 1.25 (1.04, 1.50), p =0.021

PhenoAgeAccel (SD = 7.09 years) 1.42 (1.25, 1.60), p <0.001 1.29 (1.11, 1.49), p =0.001

SA-Accel (SD = 10.37 years) 1.23 (0.97, 1.55), p = 0.085 1.08 (0.89, 1.32), p = 0.443

KDM-BA biological age metric estimated by the Klemera and Doubal method, PhenoAge phenotypic age, SA subjective age, Accel age acceleration, SD standard deviation, HR hazard ratio, CI
confidence interval, BMI body mass index, CMV cytomegalovirus.
aSample A included participants who reported their SA and had biomarker measures used to calculate KDM-BA and PhenoAge.
bP-values were calculated from multivariable Cox proportional hazards regression.
cModel 1 was adjusted for chronological age, sex, and race/ethnicity. Model 2 was additionally adjusted for BMI, smoking status, ever drinking, physical activity, comorbidity index, as well as CMV
infection. All analyses were accounted for survey weights.

Table 5 | Associations between epigenetic clocks and mortality among cancer survivors and controls in Sample Ba; HRS
(2016–2020)

Cancer survivors (N = 582)

Aging constructs No. of deaths Total person-year HR (95% CI) per 1 SD increase in aging construct, p-valueb

Model 1c Model 2c

HannumAccel (SD = 5.48 years) 103 2270 1.42 (1.15, 1.76), p =0.002 1.37 (1.14, 1.63), p <0.001

HorvathAccel (SD = 7.01 years) 1.26 (0.98, 1.62), p =0.071 1.21 (0.94, 1.57), p = 0.136

LevineAccel (SD = 6.88 years) 1.64 (1.33, 2.03), p <0.001 1.56 (1.23, 1.98), p <0.001

GrimAgeAccel (SD = 4.68 years) 2.08 (1.60, 2.70), p <0.001 1.80 (1.37, 2.39), p <0.001

Zhang Score (SD =0.46 units) 1.72 (1.32, 2.23), p <0.001 1.62 (1.27, 2.06), p <0.001

mPOA (SD =0.09 years of physiological decline per one chron-
ological year)

1.24 (0.98, 1.58), p = 0.073 1.14 (0.85, 1.54), p = 0.381

Controls (N = 2805)

Aging constructs No. of deaths Total person-year HR (95% CI) per 1 SD increase in aging construct, p-valueb

Model 1c Model 2c

HannumAccel (SD = 5.14 years) 213 11,439 1.17 (1.00, 1.37), p = 0.050 1.13 (0.96, 1.31), p = 0.112

HorvathAccel (SD = 6.25 years) 1.07 (0.87, 1.30), p = 0.551 1.06 (0.87, 1.30), p = 0.555

LevineAccel (SD = 6.74 years) 1.08 (0.91, 1.29), p = 0.376 1.04 (0.86, 1.23), p = 0.647

GrimAgeAccel (SD = 4.63 years) 1.54 (1.32, 1.79), p <0.001 1.18 (0.97, 1.44), p = 0.092

Zhang Score (SD =0.43 units) 1.64 (1.39, 1.93), p <0.001 1.45 (1.21, 1.75), p <0.001

mPOA (SD =0.09 years of physiological decline per one chron-
ological year)

1.37 (1.16, 1.61), p <0.001 1.15 (0.96, 1.36), p = 0.133

Accel age acceleration, mPOA Dunedin methylation-pace of aging, SD standard deviation, HR hazard ratio, CI confidence interval, BMI body mass index, CMV cytomegalovirus.
aSample B included participants who had data on ECs.
bP-values were calculated from multivariable Cox proportional hazards regression.
cModel 1 was adjusted for chronological age, sex, race/ethnicity, as well as the percentageofmonocyte, neutrophil, and lymphocyte.Model 2 was additionally adjusted for BMI, smoking status, ever
drinking, physical activity, comorbidity index, as well as CMV infection. All analyses were accounted for survey weights.
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mortality in cancer survivors. We found that the results were com-
parable to the results in our main analyses for both cancer prevalence
and mortality in cancer survivors (Supplementary Tables 13 and 14).

Associations between aging constructs and cancer incidence
New cancer diagnoses were self-reported by 182 participants among
controls in Sample A and 122 participants among controls in Sample B.
None of the nine aging constructs was associated with incident cancer
risk (Supplementary Table 15).

Discussion
The number of individuals aged over 60 years is rapidly increasing in
the U.S., so is the number of cancer survivors45,46. The number of
cancer survivors aged 60 years or older increased from 8.4 million in
2008 to 14.1million in 202247,48. The aging process is characterizedby a
decline in physiological functions and the accumulation of age-related
diseases. About 50% of individuals aged 65 years or older have two or
more major age-related diseases, such as diabetes, cardiovascular
disease, cancer, and/or macular degeneration, while 25% of them have
three or more major age-related diseases, and these numbers are
higher for those older than 75 years49,50. Cancer survivors experience
even higher risk of morbidity and mortality compared to cancer-free
individuals4,5,51,52. The declining health of cancer survivors is an
unprecedented challenge to the health care system (see reviews53,54 for
a detailed discussion). Thus, there is a need in aging constructs that
can measure biological age (BA) including those in cancer survivors.
BA may be modifiable by anti-aging lifestyle interventions or drugs,
such as senolytics and senomorphics, that are currently under active
development6. Importantly, because aging process and age-related
diseases share the same basic molecular mechanisms, intervening on
BA is expected to slow down the development of multiple age-related
diseases simultaneously14. This underscores the importance of identi-
fying the optimal BA measure in older populations and particularly in
cancer survivors.

In a large nationally representative cohort – the Health and
Retirement Study (HRS), we examined the association of nine well-
validated aging constructs with the prevalence of any cancer type and
the most common cancers and with all-cause mortality in cancer sur-
vivors and individuals without cancer, i.e., controls. These constructs
include two clinical-markers based constructs -- BA estimated by the
Klemera and Doubal method (KDM-BA) and phenotypic age (Pheno-
Age), subjective age (SA), as well as six epigenetic clocks (ECs). These
ECs include two first-generation ECs – Horvath and Hannum, three
second-generation ECs – Levine, GrimAge, and Zhang Score, and one
third-generation EC –methylation-based pace of aging (mPOA). Thus,
our study provided a comparative analysis across multiple aging
constructs, as well as across cancer survivors and cancer-free indivi-
duals. Additionally, we compared each aging construct and its asso-
ciation with mortality in cancer survivors across different cancer
treatments. Furthermore, in our analysis of ECs, we adjusted for the
most common immune cells (lymphocytes, neutrophils, and mono-
cytes) that weremeasured at the same time as ECs. Immune cells were
associated with age acceleration for ECs in a recent publication44;
however, adjustment for immune cells in our study did not markedly
change the associations.

In the cross-sectional analysis of aging measures in cancer survi-
vors and cancer-free individuals (i.e., controls), we found that cancer
survivors had significantly higher age acceleration (Accel) in eight of
the nine aging constructs (except for KDM-BA). However, after multi-
variable adjustments, only four aging measures, SA-Accel, Hannu-
mAccel, GrimAgeAccel, and Zhang Score, were associated with cancer
prevalence. Importantly, not only the second-generation ECs
(GrimAge and Zhang Score), but also the first-generation EC (Hannum)
and SA were associated with cancer prevalence. In our exploratory
analysis of the most common individual cancers, PhenoAgeAccel,

GrimAgeAccel, andmPOA were significantly associated with prevalent
lung cancer. Two of them (PhenoAgeAccel and GrimAgeAccel) were
also significantly associated with prevalent colorectal cancer, and
GrimAgeAccel was significantly associated with prevalent breast can-
cer. Among all aging measures, GrimAgeAccel showed the strongest
associations with prevalent lung, colorectal and breast cancers.

In the longitudinal analysis of all-cause mortality in cancer survi-
vors over four years of follow-up, higher PhenoAgeAccel, Hannu-
mAccel, LevineAccel, GrimAgeAccel, and Zhang Score were associated
with higher all-cause mortality, with the strongest association for Gri-
mAgeAccel. Our findings for PhenoAgeAccel were similar to the find-
ings from a recent NHANES study that reported an increased risk of all-
cause mortality in cancer survivors with higher PhenoAgeAccel32. For
the fourth vs. the first quartile of PhenoAgeAccel, HR was 3.04 (95%CI:
2.31–4.00) inNHANES32 andwas2.81 (95%CI: 1.31–6.06) in our study. In
addition, theMelbourne Collaborative Cohort (MCC) study found that
each 5-year increment in HannumAccel was associated with a 4-6%
increased risk of all-cause death in cancer survivors21; the HR for
HannumAccel in that study was lower than the estimate (HR per 5-year
= 1.34) in our study. Furthermore, our findings suggest that both the
first-generation (Hannum) and second-generation (Levine, GrimAge,
Zhang Score) ECs are consistently associated with mortality in cancer
survivors. However, in our study, second-generation ECs (i.e.,
GrimAge, Levine, and Zhang Score) showed stronger associations with
mortality in cancer survivors compared to first-generation ECs (Han-
num and Horvath). This may be explained by the fact that second-
generation ECs were trained on mortality, while first-generation ECs
were trained on chronological age. Thus, it is expected that second-
generation ECs are more strongly associated with mortality42.

Cancer survivors may experience accelerated aging due to both
cancer itself and cytotoxic cancer treatments, particularly che-
motherapy and radiation therapy, which may cause epigenetic chan-
ges and cellular senescence features such as telomere shortening and
alterations inDNA repair genes4,5. In turn, these changes individually or
in combination contribute to accelerated aging phenotypes in cancer
survivors. In agreement with the hypothesized mechanisms, in our
study, age acceleration for several aging constructs (PhenoAge, SA,
Horvath, Levine and GrimAge) tended to be higher in cancer survivors
who received treatment (chemotherapy, radiation, or surgery) com-
pared to those who did not; however, all these differences did not
reach statistical significance. In addition, in the analysis of mortality
stratified by cancer treatment, we found a pattern of stronger asso-
ciations with mortality for several aging constructs among cancer
survivors with treatment vs. those without. Although not all results
were significant, the similar trends observed for different treatments
and different aging measures suggest that the absence of significant
differences may be explained by a limited sample size in these sub-
group analyses. An additional limitation of our analysis stratified by
treatment is that cancer treatment was self-reported. Future studies
with more accurate cancer treatment data are warranted to compare
the aging process among cancer survivors with andwithout treatment,
and thus could help improve cancer treatment protocols, which are
important at both clinical and public health levels.

In our study, we examined a non-biomarker-based aging measure
– SA. Age acceleration of SA (SA-Accel) was higher in cancer survivors
(mean: 1.09 years) than controls (mean: −0.27 years) and SA-Accel was
significantly associated with cancer prevalence in amodel adjusted for
demographics, lifestyle factors, physical activity, and medical condi-
tions. The higher SA-Accel in cancer survivors may be contributed to
by factors such as the stress of managing cancer, worries about cancer
recurrence, life changes, job and family issues, or other factors. In our
study, SA was correlated with CA and with other biomarker-based
aging constructs, but these correlations were weaker than the corre-
lations between the biomarker-based constructs. In our study, we did
not find any associations between SA-Accel and mortality in cancer
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survivors. To our knowledge, there were no studies examining the
association between SA and mortality in cancer survivors. It is likely
that SA captures different aspects of aging thanbiomarker-based aging
constructs and may not accurately predict mortality in cancer survi-
vors because they have a milieu of different age- and cancer-related
issues that may not be captured by a one-time question about how old
one feels.

Among cancer-free individuals in our study, KDM-BA-Accel, Phe-
noAgeAccel, and Zhang Scorewere associatedwith all-causemortality.
Consistent with our findings, higher KDM-BA-Accel and PhenoA-
geAccel were associated with higher mortality in the NHANES
study55,56. Compared to cancer survivors, in cancer-free individuals,
there was a trend of slightly weaker associations with mortality for
several ECs (Hannum, Levine, and GrimAge). For instance, in cancer
survivors but not in cancer-free individuals, there were significant
associations with mortality for HannumAccel, LevineAccel, and Gri-
mAgeAccel. These findings support the conclusion from a recent
NHANES study, which found a pattern of a stronger association
between PhenoAgeAccel and mortality in cancer survivors than
controls32. Most likely, specific features in cancer survivors, such as
inflammatory processes associated with cancer itself and cancer
treatments, may contribute to the aging process in cancer survivors.
Moreover, in our study, only two aging measures (PhenoAge and
Zhang Score) were associated with mortality in both cancer survivors
and controls. Although the associations with mortality for PhenoA-
geAccel in cancer survivors and controls were slightly weaker com-
pared to those for Zhang Score, the relative inexpensiveness of
PhenoAge measurement and easier implementation make it a pro-
mising option for future clinical applications. In summary, we found
that different aging measures show different associations with mor-
tality in cancer survivors and controls, suggesting that the appropriate
aging measure to use may depend on the specific research questions
being asked.

Aging and cancer may have a bidirectional association. Not only
do cancer survivors havehigher BA, but personswith higher BAmaybe
at increased cancer risk, most likely because both cancer and aging
have the same hallmarks -- genetic and epigenetic damage
accumulation57, inflammation, oxidative stress, and other damage58–61.
However, contrary to the consistent associations of various aging
constructs with prevalent cancer andmortality in our study, wedid not
find associations with total cancer incidence for any aging constructs.
These findings do not agree with a previous study that found asso-
ciations of different ECs, such as Horvath [HR per 1 year = 1.01, 95% CI
(1.00–1.03)], GrimAge [1.07 (1.05–1.08)] and Levine [1.02 (1.01–1.03)],
with the incidence of any type of cancer62. It is likely that the limited
sample size in our study precluded us from detecting associations of
this magnitude. Similarly, the limited sample size did not allow us to
study the risk of individual cancers, such as lung or colorectal, for
which the associations were stronger, as summarized in a recent
review63.

As already discussed, the most important strength of our study is
the comparison of multiple aging measures in cancer survivors and
cancer-free individuals within the same study. Importantly, our study
examined agingmeasures in older cancer survivors, which represent a
quickly growing group that needs cancer care tailored for this popu-
lation. Our study was conducted within a population-based long-
itudinal study, i.e., the participants were followed prospectively, and
aging measures were collected after cancer diagnosis and treatment.
This allowed us to examine the risk of outcomes after a cancer diag-
nosis. Other strengths include detailed information about various risk
factors, comorbidities, and cancer treatment, as well as multiple clin-
ical and epigenetic biomarkers and immune cells measured at the
same time. The limitation of this study included self-reported infor-
mation about physician-diagnosed cancer and cancer characteristics.
However, as mentioned in the results, the cancer prevalence in HRS

was similar to the cancer prevalence in SEER and Medicare. Moreover,
recent validation studies in HRS found that, compared to Medicare
data, self-report of first incident cancer diagnoses in HRS had 73%
sensitivity and 99% specificity, suggesting that self-report of cancer
data can be used for studying cancer in HRS64,65. Another limitation is
thatwe have a limited sample size for the analysis of cancer risk and for
the subgroup analyses of mortality in cancer survivors, especially for
ECs that have been measured in a smaller sample.

In brief, our results suggest that different aging constructs may
capture different aspects of aging and that cancer survivors and con-
trols may experience different physiological dysfunctions. Notably,
several aging constructs were more strongly associated with mortality
in cancer survivors than controls. We conclude that PhenoAge
(clinical-marker-based aging measure) and ECs from different gen-
erations (Hannum, Levine, Zhang score, andGrimAge) hold promise as
potential measures of biological age in cancer survivors.

Methods
Inclusion & Ethics
This study complies with all relevant ethical regulations. All partici-
pants gave informed consent, and this study has been approved by the
University of Minnesota Institutional Review Board.

Study population
TheHRS study is an ongoing biennial longitudinal study of a nationally
representative sample of individuals over 50 years old in the United
States, starting from 1992. At each survey, participants had either a
face-to-face interview or an interview over the phone to report their
demographics, lifestyle, and medical history. Subjective age (SA) data
were obtained by responding to the question “How old do you feel?”
for half of all participants in 2014 and for the other half in 2016. The
biomarker data used to compute biological age estimated using the
Klemera and Doubal method (KDM-BA) and phenotypic age (Pheno-
Age) weremeasured in blood samples collected fromparticipants who
completed the 2016 survey and attended the HRS 2016 Venous Blood
Study (VBS) (N = 9193) (Supplementary Fig. 1). DNA methylation
(DNAm) profiles were measured in a nonrandom subsample of parti-
cipants (N = 4018) who attended the HRS 2016 VBS (Supplementary
Fig. 2)41. A detailed description of the blood sample collection and
processing is available on the HRS study website40. We used survey
weights in all our analyses to account for the complex survey design
used in the HRS study38.

Biological age constructs
KDM-BA. KDM-BA was developed by Levine et al. [2013]30 using 10
clinical markers that represent the decline in age-related physiological
functioning and susceptibility to disease in old age (Supplementary
Data 1). These 10 markers include systolic blood pressure (SBP), total
cholesterol, fasting glucose, cytomegalovirus (CMV) infection,
C-Reactive Protein (CRP), serum creatinine, blood urea nitrogen
(BUN), alkaline phosphatase, albumin, and peak flowmeasurement. In
this study, we used these 10 established biomarkers to compute KDM-
BA and recalibrated the weights for the HRS sample using R package
“BioAge”66.

PhenoAge. PhenoAge was computed as a weighted sum of nine bio-
markers (albumin, creatinine, glucose, log-transformed CRP (log CRP),
lymphocyte percent, mean cell volume, red blood cell distribution
width, alkaline phosphatase, and white blood cell count) as well as a
person’s CA (Supplementary Data 1)56,67.

Epigenetic Clocks (ECs). DNAm in HRS was measured from DNA
extracted from the buffy coat using the Infinium Methylation EPIC
BeadChip at the University of Minnesota Genomics Center. The DNAm
samples were randomized across analytic plates by age, cohort, sex,
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education, and race/ethnicity, along with 39 pairs of blinded dupli-
cates. Analysis of these duplicate samples showed a correlation > 0.97
across all CpG sites. Data preprocessing and quality of control were
performed using the minfi package in R41. A total of 3.4% of the
methylation probes were removed from the final data because their
detection P-value fell below the threshold of 0.01 (n = 29,431 out of
866,091). The same DNAm measurements were used for all the indi-
viduals, and high-quality data were available for 4,018 individuals41.

Thirteen published ECs were calculated in HRS using R scripts41,68.
Among those 13 ECs, we selected six ECs that have been used in cancer
studies: two first-generation ECs (Horvath7 and Hannum)8, three
second-generation ECs (Levine9, GrimAge10, and Zhang score)69, and a
third-generation EC -- methylation-based pace of aging (hereafter
called mPOA, also called DunedinPoAm)11. The original methods for
the creation of these ECs are discussed in Supplementary Data 1.
Horvath, Hannum, Levine, and GrimAge were expressed in years while
mPOA was measured in “years of physiological decline occurring per
12months of calendar time”11. Zhang Score is amortality risk score that
was not transformed to years.

Ascertainment of outcomes: cancer and mortality
Cancer survivors were defined as participants who answered “yes” to
the question “Has a doctor ever told you that you have cancer or a
malignant tumor, excluding minor skin cancer?” on the 2016 survey.
Participants who answered “no” to the above question were con-
sidered as controls, i.e., participants without cancer. Recent validation
studies in HRS found that, compared to Medicare data, self-report of
first incident cancer diagnoses in HRS had 73% sensitivity and 99%
specificity, suggesting that self-report of cancer data can be used for
studying cancer in HRS64,65. The month and year of cancer diagnosis,
cancer site, and treatments were reported in all surveys conducted
from 1992 to 201670. Information about cancer treatments was col-
lected in response to the question “Since [previous interview], what
sort of treatments have you received for cancer?” Participant respon-
ses were categorized by survey technicians into eight categories:
chemotherapy, surgery, radiation, medications/treatments for symp-
toms, biopsy, x-ray, other, or none. For our analysis, three indicator
variables were created for chemotherapy, surgery, and radiation
therapy. Participants who had any response to this question, but not
chemotherapy (or radiation or surgery), were considered “no che-
motherapy (or no radiation or no surgery).” Thus, the year and month
of cancer diagnosis, cancer site, and cancer treatment (chemotherapy,
surgery, and radiation)were collected fromall surveys (1992-2016) and
compiled for all eligible participants who reported being diagnosed
with cancer.

In the prospective analysis of cancer risk, we included only par-
ticipants who were cancer-free (i.e., controls) in 2016. We used the
2018 and 2020 surveys to identify incident cancer cases up to 2020.
Participants who reported a new cancer diagnosis in either the 2018 or
2020 surveys were asked to report the month and year of their most
recent cancer diagnosis. The earlier date reported in either survey was
considered as the date of cancer diagnosis. For participants who died,
themonth and year of deathwere derived from interviews provided by
household members.

Other characteristics of interest
Race/ethnicity (non-Hispanic White, non-Hispanic Black, Hispanic, or
Other), and education (less than high school (years at school <12
years); high school (12 years at school); greater than high school (years
at school >12 years) were obtained from the Cross-Wave Tracker file.
The following characteristics were obtained from the 2016 survey: CA
(in years), sex (female/male), smoking status (current, former, or never
smokers), and ever drinking (ever or never drinkers). Physical activity
for each participant was calculated as a weighted sum of scores based
on vigorous, moderate, and light physical activity, following the

methodology applied in a previous HRS study71. A comorbidity index
was constructed using seven self-reported conditions diagnosed by a
physician. These conditions included hypertension, lung disease, car-
diac disorders, stroke, arthritis, diabetes, and psychiatric problems
(yes/no). The measure of CMV seroprevalence was described
previously40 and was reported as nonreactive [<0.5 COI (cutoff inter-
val)), borderline (0.5 to <1.0 COI), or reactive (≥1.0 COI]. In this study,
CMV infection was used as a binary variable, with the borderline and
nonreactive CMV groups combined. Height was reported in inches,
and weight was reported in pounds. Height and weight data were
obtained for half of all participants in 2014 and for the other half in
2016. BMI was calculated as weight in lbs/ (height in inches)2 *703. We
used grip strength to assess frailty because grip strength is a strong
indicator of frailty72,73. Grip strength was measured using a Smedley
spring-type hand dynamometer. Two measurements were taken on
each hand. The maximum grip strength of the dominant hand was
used in this study. Grip strength was measured for half of the study
population in 2016 and the other half in 2014.

Immune cells. Peripheral blood mononuclear cells (PBMCs), isolated
from whole blood, were used to measure blood cell types using flow
cytometry74. All measurements were performed either on a LSRII flow
cytometer or a Fortessa X20 instrument (BD Biosciences). Immuno-
phenotyping data were analyzed using OpenCyto and FlowAnnotator,
as described in previous studies42,75.

Statistical Analysis
The analyses described below were conducted using SAS version 9.4.
We used survey weights in all analyses to account for the complex
survey design used in theHRS study38.We used theweights specific for
the VBS data for Sample A and the weights specific for the DNA
methylation data for Sample B (Sample A and Sample B are descri-
bed below).

The analyses were conducted in two samples: Sample A included
participants who reported their SA and had biomarker measures used
to calculate KDM-BA and PhenoAge, and Sample B included partici-
pants with data on ECs. Among 9193 participants attended the 2016
VBS study, Sample A excluded 2424 participants with missing values
for any clinical biomarker used to calculate KDM-BA, 414 with missing
values for any biomarker used to calculate PhenoAge, 1240 who did
not answer questions about SA, as well as 1 participant missing in
cancer status, 70 missing death status, 52 missing survey weights, 16
missing race/ethnicity, 215 missing BMI, and 1 missing smoking status.
This resulted in 5501 participants,which included 946 cancer survivors
and 4555 controls, in Sample A (Supplementary Fig. 1). Among 4018
participants with ECs, Sample B excluded 3 participants of missing in
cancer status, 63 missing death status, 143 missing survey weights, 11
missing race/ethnicity, 403missing BMI, 1missing smoking status, and
7 missing CMV status. This resulted in 3387 participants, which inclu-
ded 582 cancer survivors and 2805 controls, in Sample B (Supple-
mentary Fig. 2). Since the exclusion of participants with missing
informationmight change the distributions of variables of interest, we
compared the distributions of main demographic and lifestyle
factors among participants who were included and not included in
the study.

Since these aging constructs, except for mPOA (r = 0.03 with CA)
and Zhang Score (r = 0.31 with CA), were moderately or strongly cor-
related with CA (Supplementary Tables 3 and 4), we estimated age
acceleration (abbreviated as Accel) for each aging construct as resi-
duals after regressing the aging construct on CA, allowing us to eval-
uate the effects of aging construct independent of age. Additionally, in
agreement with previous studies, we used the Zhang Score rather than
age acceleration for this construct because this is amortality risk score
that was weakly correlated with chronological age69. The distributions
of aging constructs and characteristics of interest were examined as
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weighted mean (standard deviation (SD)) or weighted percentage
across cancer status in 2016.

We used weighted logistic regression to estimate weighted odds
ratios (ORs) and 95% confidence intervals (CIs) for the associations
between each aging construct and cancer prevalence. A participant
was considered having prevalent cancer if they reported being diag-
nosed with cancer at any time before 2016. We applied weighted Cox
proportional hazards regression to examine the association between
each aging construct and all-cause mortality among cancer survivors
(i.e., participants who reported being diagnosed with cancer at any
time before 2016) and controls (i.e., those who reported having no
history of cancer in 2016). The follow-up formortality started from the
date of blood collection in 2016 and ended on either death or
December 31, 2020, whichever occurred first. The proportional
hazards assumption, examined by including an interaction term
between follow-up time and each of the aging construct, was not
violated in any of the models.

To examine KDM-BA, PhenoAge, and SA (Sample A), we ran two
models. Model 1 was adjusted for chronological age, sex, and race/
ethnicity. Model 2 (fully adjusted model) was additionally adjusted for
education, BMI, smoking status, ever drinking, physical activity,
comorbidity index, and CMV infection. In both models, we accounted
for survey weights. To examine ECs (Sample B), we additionally
adjusted, in both models, for the most prevalent immune cells, i.e.,
percentage of monocytes, neutrophils, and lymphocytes since
immune cells were associated with EC in the previous study by Zhang
et al. [2024]44. We included monocytes, neutrophils, and lymphocytes
only because we found that adjustment for these immune cells pro-
duced results similar to the adjustment for a broader set of immune
cells from Zhang’s study that examined neutrophils, eosinophils,
basophils, monocytes, naïve and memory B cells, naïve and memory
CD4+ and CD8+ T cells, natural killer, and T regulatory cells. To ensure
that active cancer treatment at the time of blood drawwas not amajor
contributor to our findings, we conducted a sensitivity analysis that
excluded cancer survivors whose cancer diagnosis was within two
years of the blood collection and examined the associations of aging
constructs with cancer prevalence and mortality in cancer survivors.

We also performed four exploratory analyses. In the first
exploratory analysis, we reported mean (SD) for aging constructs
among cancer survivors stratifiedbycancer treatment (chemotherapy,
surgery, and radiation therapy). In the second exploratory analysis, we
investigated the associations between aging constructs (except for
KDM-BA) and the prevalence of the most common cancer types
(breast, prostate, lung, and colorectal cancers). We did not examine
the association using KDM-BA because the data for specific cancer
types in HRS is located in the restricted enclave with limited storage
space that is insufficient for the KDM-BA computation. Further, we did
not examine associations with mortality among individuals with the
most common individual cancers due to the small number of cases for
each cancer type. In the third exploratory analysis, we investigated
whether the association with mortality in cancer survivors was mod-
ified by sex, race/ethnicity (among non-Hispanic White and non-
Hispanic Black individuals), chemotherapy (Yes/No), surgery (Yes/No),
radiation therapy (Yes/No) or time since cancer diagnosis (<2 years, 2
to 5 years, and >5 years). Of note, we restricted the associations stra-
tified by race/ethnicity to non-Hispanic White and non-Hispanic Black
participants due to the limited number of deaths in Hispanic partici-
pants and participants from other racial/ethnic groups. We conducted
the interaction analyses by stratifying by the variable of interest and
also by computing the p-value for the interaction term between aging
measures and the variable of interest. In the fourth exploratory ana-
lysis, we investigated the associations with total cancer incidence
among controls, i.e., cancer-free participants in 2016, by applying
weighted Cox proportional hazards regression. The follow-up for
incident cancer started from the date of blood collection in 2016 and

ended on the date of cancer diagnosis, death, or December 31, 2020,
whichever occurred first.

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

Data availability
All HRS data are publicly available on the HRS website (https://hrs.isr.
umich.edu/data-products/).

Code availability
The code used for this analysis can be accessed at: https://github.com/
wang8310/Aging_Cancer_HRS.

References
1. Guida, J. L. et al. Measuring aging and identifying aging phenotypes

in cancer survivors. J. Natl. Cancer Inst. 111, 1245–1254 (2019).
2. Guida, J. L. et al. Strategies to prevent or remediate cancer and

treatment-related aging. J. Natl Cancer Inst. https://doi.org/10.
1093/jnci/djaa060 (2020).

3. Pluijm, S. M. F. Accelerated aging as a paradigm to understand the
late effects of cancer therapies. Endocr. Metab. Late Eff. Cancer
Survivors 54, 1–9 (2021).

4. Wang, S., Prizment, A., Thyagarajan, B. & Blaes, A. Cancer treatment-
induced accelerated aging in cancer survivors: biology and
assessment. Cancers 13, https://doi.org/10.3390/cancers13030427
(2021).

5. Wang, S., El Jurdi, N., Thyagarajan, B., Prizment, A. & Blaes, A. H.
Accelerated Aging in Cancer Survivors: Cellular Senescence,
Frailty, and Possible Opportunities for Interventions. Int. J. Mol. Sci.
25, https://doi.org/10.3390/ijms25063319 (2024).

6. Partridge, L., Fuentealba, M. & Kennedy, B. K. The quest to slow
ageing through drug discovery. Nat. Rev. Drug Discov. 19, 513–532
(2020).

7. Horvath, S. DNA methylation age of human tissues and cell types.
Genome Biol. 14, R115 (2013).

8. Hannum, G. et al. Genome-wide methylation profiles reveal
quantitative views of human aging rates. Mol. Cell 49, 359–367
(2013).

9. Levine,M. E. et al. An epigenetic biomarker of aging for lifespan and
healthspan. Aging 10, 573–591 (2018).

10. Lu, A. T. et al. DNA methylation GrimAge strongly predicts lifespan
and healthspan. Aging 11, 303 (2019).

11. Belsky, D. W. et al. Quantification of the pace of biological aging in
humans through a blood test, the DunedinPoAm DNA methylation
algorithm. eLife 9, e54870 (2020).

12. Tanaka, T. et al. Plasma proteomic biomarker signature of age
predicts health and life span. eLife 9, e61073 (2020).

13. Lehallier, B., Shokhirev, M. N., Wyss-Coray, T. & Johnson, A. A. Data
mining of human plasma proteins generates a multitude of highly
predictive aging clocks that reflect different aspects of aging.
Aging cell 19, e13256 (2020).

14. Wang, S. et al. Development, characterization, and replication of
proteomic aging clocks: Analysis of 2 population-based cohorts.
PLoS Med 21, e1004464 (2024).

15. Meyer, D. H. & Schumacher, B. BiT age: A transcriptome-based
aging clock near the theoretical limit of accuracy. Aging Cell 20,
e13320 (2021).

16. Nakamura, S. et al. Identification of blood biomarkers of aging by
transcript profiling ofwhole blood.BiochemBiophys. ResCommun.
418, 313–318 (2012).

17. Levine, M. E. Modeling the rate of senescence: can estimated bio-
logical age predict mortality more accurately than chronological
age? J. Gerontol. A Biol. Sci. Med Sci. 68, 667–674 (2013).

Article https://doi.org/10.1038/s41467-025-60913-z

Nature Communications |         (2025) 16:5916 9

https://hrs.isr.umich.edu/data-products/
https://hrs.isr.umich.edu/data-products/
https://github.com/wang8310/Aging_Cancer_HRS
https://github.com/wang8310/Aging_Cancer_HRS
https://doi.org/10.1093/jnci/djaa060
https://doi.org/10.1093/jnci/djaa060
https://doi.org/10.3390/cancers13030427
https://doi.org/10.3390/ijms25063319
www.nature.com/naturecommunications


18. Levine,M. E. et al. An epigenetic biomarker of aging for lifespan and
healthspan. Aging 10, 573 (2018).

19. Rentscher, K. E. et al. Epigenetic aging in older breast cancer sur-
vivors and non-cancer controls: preliminary findings from the
Thinking and Living with Cancer (TLC) Study. Cancer https://doi.
org/10.1002/cncr.34818 (2023).

20. Gào, X. et al. Whole blood DNA methylation aging markers predict
colorectal cancer survival: a prospective cohort study. Clin. Epi-
genet.12, 184 (2020).

21. Dugué, P. A. et al. DNA methylation-based biological aging and
cancer risk and survival: Pooled analysis of seven prospective stu-
dies. Int J. Cancer 142, 1611–1619 (2018).

22. Sehl, M. E., Carroll, J. E., Horvath, S. & Bower, J. E. The acute effects
of adjuvant radiation and chemotherapy on peripheral blood epi-
genetic age in early stage breast cancer patients.NPJ breast cancer
6, 1–5 (2020).

23. Zheng, Y. et al. Blood epigenetic agemay predict cancer incidence
and mortality. EBioMedicine 5, 68–73 (2016).

24. Dugué, P. A. et al. Biological aging measures based on blood DNA
methylation and risk of cancer: a prospective study. JNCI Cancer
Spectr. 5, https://doi.org/10.1093/jncics/pkaa109 (2021).

25. Levine, M. E. et al. DNA methylation age of blood predicts future
onset of lung cancer in the Women’s Health Initiative. Aging 7,
690 (2015).

26. Kresovich, J. K. et al. Methylation-based biological age and breast
cancer risk. J. Natl. Cancer Inst. 111, 1051–1058 (2019).

27. Chung, M. et al. DNA methylation aging clocks and pancreatic
cancer risk: Pooled analysis of three prospective nested case-
control studies. medRxiv (2020).

28. Dugué, P. A. et al. Methylation-basedmarkers of aging and lifestyle-
related factors and risk of breast cancer: a pooled analysis of four
prospective studies. Breast Cancer Res. 24, 59 (2022).

29. Ambatipudi, S. et al. DNAmethylomeanalysis identifies accelerated
epigenetic ageing associated with postmenopausal breast cancer
susceptibility. Eur. J. Cancer 75, 299–307 (2017).

30. Levine, M. E. Modeling the rate of senescence: can estimated
biological age predict mortality more accurately than chron-
ological age?. J. Gerontol. Ser. A: Biomed. Sci. Med. Sci. 68,
667–674 (2013).

31. Mak, J. K. L. et al. Clinical biomarker-based biological aging and risk
of cancer in the UK Biobank. Br. J. Cancer 129, 94–103 (2023).

32. Zhang, D. et al. Analysis of biological aging and risks of all-cause
and cardiovascular disease-specific death in cancer survivors.
JAMA Netw. Open 5, e2218183 (2022).

33. Thyagarajan, B. et al. Howdoes subjective ageget “Under theSkin”?
The association between biomarkers and feeling older or younger
than one’s age: the health and retirement study. Innov. aging 3,
igz035 (2019).

34. Boehmer, S. Does felt age reflect health-related quality of life in
cancer patients?. Psychooncology 15, 726–738 (2006).

35. Laryionava, K. et al. Experience of time and subjective age when
facing a limited lifetime: the case of older adults with advanced
cancer. J. Aging Health 34, 736–749 (2022).

36. Stephan, Y., Sutin, A. R. & Terracciano, A. Subjective age and
mortality in three longitudinal samples. Psychosom. Med. 80,
659–664 (2018).

37. Kotter-Grühn, D., Kleinspehn-Ammerlahn, A., Gerstorf, D. & Smith,
J. Self-perceptions of aging predict mortality and change with
approaching death: 16-year longitudinal results from the Berlin
Aging Study. Psychol. Aging 24, 654–667 (2009).

38. Sonnega, A. et al. Cohort Profile: the Health and Retirement Study
(HRS). Int J. Epidemiol. 43, 576–585 (2014).

39. Crimmins, E. M., Thyagarajan, B., Kim, J. K., Weir, D. & Faul, J. Quest
for a summarymeasure of biological age: the health and retirement
study. Geroscience 43, 395–408 (2021).

40. Crimmins, E., Faul, J., Thyagarajan, B & Weir D. Venous blood col-
lection and assay protocol in the 2016Health and Retirement Study
2016 Venous Blood Study (VBS). University of Michigan. https://hrs.
isr.umich.edu/publications/biblio/13668 (2017).

41. Crimmins, E., Kim, J. K., Fisher, J. & Faul, J. D. HRS Epigenetic
Clocks–Release 1. Ann Arbor, MI: Survey Research Center, Institute
for Social Research, University of Michigan (2020).

42. Faul, J. D. et al. Epigenetic-based age acceleration in a repre-
sentative sample of older Americans: Associations with aging-
related morbidity and mortality. Proc. Natl. Acad. Sci. USA 120,
e2215840120 (2023).

43. Cancer in Medicare: An American Cancer Society Cancer Action
Network Chartbook. https://www.fightcancer.org/sites/default/
files/national_documents/acscan-medicare-chartbook.pdf.
Accessed on June 17, 2025.

44. Zhang, Z. et al. Deciphering the role of immune cell composition in
epigenetic age acceleration: Insights from cell-type deconvolution
applied to human blood epigenetic clocks. Aging Cell 23, e14071
(2024).

45. Tonorezos, E. et al. Prevalence of cancer survivors in the United
States. J. Natl Cancer Inst. https://doi.org/10.1093/jnci/djae135
(2024).

46. Bluethmann, S. M., Mariotto, A. B. & Rowland, J. H. Anticipating the
“Silver Tsunami”: prevalence trajectories and comorbidity burden
among older cancer survivors in the United States. Cancer Epide-
miol. Biomark. Prev. 25, 1029–1036 (2016).

47. Parry, C., Kent, E. E., Mariotto, A. B., Alfano, C. M. & Rowland, J. H.
Cancer survivors: a booming population. Cancer Epidemiol. Bio-
mark. Prev. 20, 1996–2005 (2011).

48. National Cancer Institute. Statistics and Graphs. Retrieved January
31, 2025, from https://cancercontrol.cancer.gov/ocs/statistics.

49. Boersma, P., Black, L. I. &Ward, B.W. Prevalenceofmultiple chronic
conditions among US Adults, 2018. Prev. Chronic Dis. 17, E106
(2020).

50. Benavidez, G. A., Zahnd, W. E., Hung, P. & Eberth, J. M. Chronic
disease prevalence in the us: sociodemographic and geographic
variations by zip code tabulation area. Prev. Chronic Dis. 21, E14
(2024).

51. Ahmad,T. A.,Gopal, D. P., Chelala,C., DayemUllah, A. Z. & Taylor, S.
J. Multimorbidity in people living with and beyond cancer: a scop-
ing review. Am. J. Cancer Res 13, 4346–4365 (2023).

52. Jiang, C. et al. Chronic comorbid conditions among adult cancer
survivors in the United States: Results from the National Health
Interview Survey, 2002-2018. Cancer 128, 828–838 (2022).

53. Carroll, J. E., Bower, J. E. & Ganz, P. A. Cancer-related accelerated
ageing and biobehaviouralmodifiers: a framework for research and
clinical care. Nat. Rev. Clin. Oncol. 19, 173–187 (2022).

54. Mandelblatt, J. S. et al. Applying a life course biological age fra-
mework to improving the care of individuals with adult cancers:
review and research recommendations. JAMA Oncol. 7, 1692–1699
(2021).

55. Parker, D. C. et al. Association of blood chemistry quantifications of
biological aging with disability and mortality in older adults. J.
Gerontol. Ser. A, Biol. Sci. Med. Sci. 75, 1671–1679 (2020).

56. Liu, Z. et al. A new agingmeasure captures morbidity andmortality
risk acrossdiverse subpopulations fromNHANES IV:A cohort study.
PLoS Med. 15, e1002718 (2018).

57. Campisi, J. Aging, cellular senescence, and cancer. Annu. Rev.
Physiol. 75, 685–705 (2013).

58. Il’yasova, D. et al. Circulating levels of inflammatory markers and
cancer risk in the health aging and body composition cohort.
Cancer Epidemiol. Prev. Biomark. 14, 2413–2418 (2005).

59. Zuo, L. et al. Inflammaging and oxidative stress in human diseases:
From molecular mechanisms to novel treatments. Int. J. Mol. Sci.
20, 4472 (2019).

Article https://doi.org/10.1038/s41467-025-60913-z

Nature Communications |         (2025) 16:5916 10

https://doi.org/10.1002/cncr.34818
https://doi.org/10.1002/cncr.34818
https://doi.org/10.1093/jncics/pkaa109
https://hrs.isr.umich.edu/publications/biblio/13668
https://hrs.isr.umich.edu/publications/biblio/13668
https://www.fightcancer.org/sites/default/files/national_documents/acscan-medicare-chartbook.pdf
https://www.fightcancer.org/sites/default/files/national_documents/acscan-medicare-chartbook.pdf
https://doi.org/10.1093/jnci/djae135
https://cancercontrol.cancer.gov/ocs/statistics
www.nature.com/naturecommunications


60. Greten, F. R. & Grivennikov, S. I. Inflammation and cancer: triggers,
mechanisms, and consequences. Immunity 51, 27–41 (2019).

61. Sedrak, M. S. & Cohen, H. J. The aging-cancer cycle: mechanisms
and opportunities for intervention. J. Gerontol. A Biol. Sci. Med Sci.
78, 1234–1238 (2023).

62. Lu, A. T. et al. DNA methylation GrimAge strongly predicts lifespan
and healthspan. Aging11, 303–327 (2019).

63. Chen, L., Ganz, P. A. & Sehl, M. E. DNA methylation, aging, and
cancer risk: a mini-review. Front. Bioinform. 2, 847629 (2022).

64. Mullins, M. A. et al. Validation of self-reported cancer diagnoses
using medicare diagnostic claims in the US Health and Retirement
Study, 2000-2016. Cancer Epidemiol. Biomark. Prev. 31, 287–292
(2022).

65. Mullins,M. A., Kabeto,M.,Wallner, L. P. & Kobayashi, L. C. Validation
of self-reported cancer diagnoses by respondent cognitive status in
the U.S. Health and Retirement Study. J. Gerontol. A Biol. Sci. Med.
Sci. 78, 1239–1245 (2023).

66. Kwon, D. & Belsky, D.W. A toolkit for quantification of biological age
from blood chemistry and organ function test data: BioAge. Ger-
oscience 43, 2795–2808 (2021).

67. Liu, Z. et al. Correction: A new aging measure captures morbidity
andmortality risk across diverse subpopulations fromNHANES IV:A
cohort study. PLoS Med 16, e1002760 (2019).

68. Ware, E. B. et al. Interplay of education andDNAmethylation ageon
cognitive impairment: insights from the Health and Retirement
Study. Geroscience https://doi.org/10.1007/s11357-024-01356-0
(2024).

69. Zhang, Y. et al. DNA methylation signatures in peripheral blood
strongly predict all-cause mortality. Nat. Commun. 8, 14617 (2017).

70. Health and Retirement Study. Produced and distributed by the
University of Michigan with funding from the National Institute on
Aging (grant number U01AG009740), Ann Arbor, MI.

71. Wu,C. et al. Development, construct validity, andpredictivevalidity
of a continuous frailty scale: results From2LargeUSCohorts.Am. J.
Epidemiol. 187, 1752–1762 (2018).

72. Syddall, H., Cooper, C., Martin, F., Briggs, R. & Aihie Sayer, A. Is grip
strength a useful single marker of frailty?. Age Ageing 32,
650–656 (2003).

73. El Jurdi, N. et al. Frailty and pre-frailty associated with long-term
diminishedphysicalperformanceandquality of life in breast cancer
and hematopoietic cell transplant survivors. Aging (Albany NY) 16,
12432–12442 (2024).

74. Barcelo, H., Faul, J., Crimmins, E. & Thyagarajan, B. A Practical
cryopreservation and staining protocol for immunophenotyping in
population studies. Curr. Protoc. Cytom. 84, e35 (2018).

75. Hunter-Schlichting, D. et al. Validation of a hybrid approach
to standardize immunophenotyping analysis in large popula-
tion studies: The Health and Retirement Study. Sci. Rep. 10,
8759 (2020).

Acknowledgements
This study was supported by the National Center for Advancing Trans-
lational Sciences, grant 1UM1TR004405 (S.W.), the National Cancer

Institute, grant R01CA267977 (A.P.), and the National Institute on Aging,
grant R01AG060110. The authors gratefully acknowledge support from
the University of Minnesota Life Course Center on the Demography and
Economics of Aging (P30AG066613) funded through a grant from the
National Institute on Aging. The Health and Retirement Study is sup-
ported by the National Institute on Aging, grant U01AG009740, and is
conducted by the University of Michigan.

Author contributions
S.W. andA.P. contributed equally to this study. S.W. andP.M. conducted
data extraction and formal analysis. S.W., A.P., and P.M. wrote the first
draft of the manuscript. S.W. and A.P. wrote the final version of the
manuscript. S.W., A.P., P.M., S.V.,W.G., A.H.B., H.H.N., and B.T. reviewed
the draft of the manuscript, made critical revisions, and approved the
final manuscript. A.P. and B.T. supervised the study.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-025-60913-z.

Correspondence and requests for materials should be addressed to
Anna Prizment.

Peer review information Nature Communications thanks Dejana
Braithwaite and the other anonymous reviewer(s) for their contribution
to the peer review of this work. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate if
changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2025

Article https://doi.org/10.1038/s41467-025-60913-z

Nature Communications |         (2025) 16:5916 11

https://doi.org/10.1007/s11357-024-01356-0
https://doi.org/10.1038/s41467-025-60913-z
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
www.nature.com/naturecommunications

	Aging measures and cancer in the Health and Retirement Study (HRS)
	Results
	Characteristics of study participants
	Aging constructs under study and age acceleration
	Associations between aging constructs and cancer prevalence
	Associations between aging constructs and all-cause mortality in cancer survivors and controls
	Associations between aging constructs and cancer incidence

	Discussion
	Methods
	Inclusion & Ethics
	Study population
	Biological age constructs
	KDM-BA
	PhenoAge
	Epigenetic Clocks (ECs)

	Ascertainment of outcomes: cancer and mortality
	Other characteristics of interest
	Immune cells

	Statistical Analysis
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




