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Abstract 

Proteomic aging clocks (PACs) have been proposed as a measure of biological 

aging. The deviation of PAC from chronological age is called PAC acceleration. The 

aims of this dissertation were to construct and validate PACs in a large population-based 

study -- the Atherosclerosis Risk in Communities (ARIC) study and test their associations 

with mortality, cancer risk and survival. 

Using proteomics data from ARIC, in manuscript 1, we constructed PACs at 

middle age and older age using healthy participants. Both PACs were strongly correlated 

with chronological age, and the age acceleration for both PACs was significantly 

associated with all-cause mortality. Among middle-aged participants, we compared our 

newly created PAC to three published PACs. The newly created PAC was strongly 

correlated with all three published PACs and the age acceleration for all these PACs was 

similarly associated with mortality.  

In Manuscript 2, using Visit 2 proteomics data, we constructed a cancer-specific 

PAC (CaPAC) and compared it to the published PAC created by Lehallier (Lehallier’s 

PAC, this PAC was most strongly correlated with chronological age among published 

PACs).  CaPAC was strongly correlated with chronological age and Lehallier’s PAC. 

Although only the age acceleration for CaPAC but not Lehallier’s PAC was significantly 

associated with risk of overall cancer and colorectal cancer, the magnitude of these 

associations was similar for both PACs. Acceleration for both PACs was significantly 

and similarly associated with lung cancer risk.  

In Manuscript 3, using Visit 5 proteomics data, we constructed a cancer-specific 

PAC (CaPAC5) and compared it to Lehallier’s PAC in cancer survivors and cancer-free 
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participants. Both PACs were similarly associated with all-cause mortality among cancer 

survivors of overall cancer. These associations were similar to those among cancer-free 

participants.  

Overall, the findings from this dissertation showed that PACs that were developed 

in different populations were similarly associated with all-cause mortality, cancer risk 

and survival, suggesting the robustness of PACs. 



 v 

Tables of Contents 

List of Tables .................................................................................................................... ix 

List of Figures ................................................................................................................. xiii 

Chapter 1 Introduction .....................................................................................................1 

A. Aging .......................................................................................................................... 1 

B. Biological age ............................................................................................................. 2 

B.1 Aging clock .......................................................................................................... 3 

C. Aging in people with cancer .................................................................................... 10 

C.1 Aging and risk of cancer .................................................................................... 10 

C.2 Accelerated aging in cancer survivors ............................................................... 11 

Chapter 2 ARIC Study ....................................................................................................13 

A. Study design and population .................................................................................... 13 

B. Data collection ......................................................................................................... 13 

B.1 Proteomics data .................................................................................................. 14 

B.2 Assessment of cancer ......................................................................................... 14 

B.3 Assessment of mortality ..................................................................................... 15 

Chapter 3 Manuscript 1: Construction and comparison of proteomic aging clocks in 

the Atherosclerosis Risk in Communities (ARIC) Study .............................................16 

A. Overview .................................................................................................................. 16 

B. Introduction .............................................................................................................. 18 

C. Methods .................................................................................................................... 20 

C.1 Study population ................................................................................................ 20 

C.2 Blood collection ................................................................................................. 21 



 vi 

C.3 Protein measurement and quality control ........................................................... 21 

C.4 Identifying healthy participants .......................................................................... 22 

C.5 Assessment of mortality and other characteristics of interest ............................ 22 

C.6 Statistical analysis .............................................................................................. 24 

D. Results ...................................................................................................................... 29 

D.1 PACs at V2 ......................................................................................................... 29 

D.2 V5 ARIC PAC ................................................................................................... 31 

D.3 Exploratory analysis ........................................................................................... 32 

D.4 Sensitivity analysis ............................................................................................. 33 

E. Discussion ................................................................................................................ 34 

F. Supplemental material .............................................................................................. 61 

Chapter 4 Manuscript 2: Proteomic Aging Clock and Risk of Cancer in the 

Atherosclerosis Risk in Communities (ARIC) Study ...................................................66 

A. Overview .................................................................................................................. 66 

B. Introduction .............................................................................................................. 67 

C. Methods .................................................................................................................... 69 

C.1 Study population ................................................................................................ 69 

C.2 Ascertainment of cancer cases ........................................................................... 70 

C.3 Blood collection ................................................................................................. 70 

C.4 Protein measurement and quality control ........................................................... 70 

C.5 Assessment of other participant characteristics ................................................. 71 

C.6 Statistical analysis .............................................................................................. 72 

D. Results ...................................................................................................................... 77 



 vii 

D.1 Pearson correlation coefficients between PACs and chronological age ............ 77 

D.2 Distributions of participant characteristics across quartiles of PAC acceleration

 ................................................................................................................................... 77 

D.3 Associations of PAC acceleration with risk of cancer ....................................... 77 

D.4 Exploratory analysis ........................................................................................... 78 

D.5 Sensitivity analysis ............................................................................................. 81 

E. Discussion ................................................................................................................ 81 

Chapter 5 Manuscript 3: Proteomic Aging Clock and Risk of Mortality among older 

Cancer Survivors in the Atherosclerosis Risk in Communities (ARIC) Study ........107 

A. Overview ................................................................................................................ 107 

B. Introduction ............................................................................................................ 109 

C. Methods .................................................................................................................. 110 

C.1 Study population .............................................................................................. 110 

C.2 Assessment of cancer cases .............................................................................. 111 

C.3 Assessment of mortality ................................................................................... 111 

C.4 Blood collection ............................................................................................... 112 

C.5 Protein measurement and quality control ......................................................... 112 

C.6 Assessment of other participant characteristics ............................................... 113 

C.7 Statistical analysis ............................................................................................ 114 

C.8 Sensitivity analysis ........................................................................................... 118 

C.9 Exploratory analysis ......................................................................................... 118 

D. Results .................................................................................................................... 118 

D.1 Pearson correlation between PAC and chronological age ............................... 118 



 viii 

D.2 Distribution of participant characteristics across tertiles of PAC acceleration 119 

D.3 Associations between PAC acceleration and mortality ................................... 120 

D.4 Sensitivity analysis ........................................................................................... 121 

D.5 Exploratory analysis ......................................................................................... 122 

E. Discussion .............................................................................................................. 122 

Chapter 6 Summary ......................................................................................................138 

Chapter 7 References ...................................................................................................141 

 



 ix 

List of Tables 

Table 1.1 Results summarized from previous studies that examined association of age 

acceleration for epigenetic clocks with risk of cancer and mortality  ..................................5 

Table 1.2 10 examples of common proteins associated with age ........................................7 

Table 1.3 Results summarized from previous studies that examined association of PAC or 

PAC acceleration with all-cause mortality ..........................................................................9 

Table 3.1 Pearson correlation and MAE between PACs at V2 and V5 and chronological 

age ......................................................................................................................................42 

Table 3.2 V2 participant characteristics across quartiles of age acceleration for V2 ARIC 

PAC and Lehallier's PAC ..................................................................................................43 

Table 3.3 Association between age acceleration for V2 ARIC PAC and Lehallier's PAC 

and mortality ......................................................................................................................44 

Table 3.4 V5 participant characteristics across quartiles of age acceleration for the V5 

ARIC PAC .........................................................................................................................45 

Table 3.5 Association of V5 ARIC PAC acceleration and V2 to V5 change in PAC 

acceleration with mortality ................................................................................................46 

Table 3.6 Association between participant characteristics at V2 and age acceleration for 

the V5 ARIC PAC .............................................................................................................47 

Supplemental Table 3.1 Description of published proteomic aging clocks .......................48 

Supplemental Table 3.2 Description of V2 ARIC PACs ...................................................49 

Supplemental Table 3.3 Pearson correlation coefficients between V2 ARIC PACs in the 

V2 test set ...........................................................................................................................50 



 x 

Supplemental Table 3.4 Including/excluding participants with hypertension for healthy 

participants at V5 to construct PACs using elastic net regression  ....................................51 

Supplemental Table 3.5 Model R squared after regressing PAC acceleration on covariates 

at the corresponding visits .................................................................................................52 

Supplemental Table 3.6 Top 20 proteins with the largest absolute weight in the V2 ARIC 

PAC and V5 ARIC PAC ....................................................................................................53 

Supplemental Table 3.7 V2 participant characteristics across quartiles of age acceleration 

for Tanaka's PAC and Sathyan's PAC ...............................................................................54 

Supplemental Table 3.8 Association between age acceleration for Tanaka’s and 

Sathyan’s PACs and mortality ...........................................................................................55 

Supplemental Table 3.9 Association between age acceleration for the V2 ARIC PAC and 

published PACs and mortality stratified by sex and race ..................................................56 

Supplemental Table 3.10 Association between age acceleration for the V5 ARIC PAC 

and mortality stratified by sex and race .............................................................................57 

Supplemental Table 3.11 Top 40 pathways overrepresented in the V2 ARIC PAC and V5 

ARIC PAC .........................................................................................................................58 

Supplemental Table 3.12 Association between V2 to V5 change in PAC acceleration and 

mortality stratified by sex and race ....................................................................................60 

Table 4.1 Visit 2 characteristics of cancer-free participants at Visit 2 across quartiles of 

age acceleration for CaPAC and Lehallier’s PAC .............................................................89 

Table 4.2 Association between age acceleration for CaPAC and Lehallier's PAC risk of 

overall cancer and cancer subtypes ....................................................................................90 



 xi 

Table 4.3 Association between age acceleration for CaPAC and Lehallier's PAC risk of 

overall cancer and cancer subtypes stratified by sex and race ...........................................91 

Table 4.4 Association between age acceleration for CaPAC2 (cancer-specific PAC 

constructed with proteins with the largest within-individual changes between V2 and V5) 

and V2 ARIC PAC (healthy participants PAC) and cancer risk .......................................93 

Table 4.5 Association between CaPAC3 (Visit 3 cancer-specific clock) acceleration and 

risk of overall cancer and cancer subtypes ........................................................................94 

Supplemental Table 4.1 Description of proteomic aging clocks used in this study ..........97 

Supplemental Table 4.2 Association between age acceleration for CaPAC and Lehallier's 

PAC risk of overall cancer and cancer subtypes stratified by smoking status ...................98 

Supplemental Table 4.3 Visit 2 characteristics of cancer-free participants at Visit 2 across 

quartiles of age acceleration for CaPAC2 and V2 ARIC PAC ........................................100 

Supplemental Table 4.4 Association between age acceleration for CaPAC2 and V2 ARIC 

PAC and cancer risk stratified by sex and race ................................................................102 

Supplemental Table 4.5 Associations of age acceleration for CaPAC2 and V2 ARIC PAC 

with cancer risk stratified by smoking status ...................................................................104 

Supplemental Table 4.6 Top 40 pathways overrepresented in CaPAC ...........................106 

Table 5.1 Participant characteristics of across tertiles of acceleration for PAC in cancer 

survivors and cancer-free participants; Visit 5 ................................................................129 

Table 5.2 Associations of PAC acceleration with all-cause and CVD mortality among 

cancer survivors and cancer-free participants, and cancer mortality among cancer 

survivors ...........................................................................................................................131 



 xii 

Table 5.3 Associations of PAC acceleration with all-cause mortality among survivors of 

postmenopausal breast, prostate, and colorectal cancers in Model 3 ..............................132 

Supplemental Table 5.1 Associations of PAC acceleration with all-cause and CVD 

mortality among cancer survivors and cancer-free participants, and cancer mortality 

among cancer survivors in Models 1-3 ............................................................................134 

Supplemental Table 5.2 Association of PAC acceleration with all-cause mortality among 

cancer survivors and cancer-free participants stratified by race and sex .........................135 

Supplemental Table 5.3 Associations of PAC acceleration with all-cause mortality among 

a subset of survivors of postmenopausal breast, prostate, and colorectal cancers with the 

information on stage of diagnosis ....................................................................................136 

Supplemental Table 5.4 Top 40 pathways overrepresented in CaPAC5 .........................137



 xiii 

List of Figures 

Figure 3.1 Study population at Visit 2 ...............................................................................37 

Figure 3.2 Person correlation (r) between proteomic aging clocks at Visit 2 and 

chronological age in healthy participants in the V2 test set ...............................................38 

Figure 3.3 Study population at Visit 5 ...............................................................................40 

Figure 3.4 Pearson correlation (r) between the V5 ARIC PAC and chronological age in 

healthy participants in the V5 test set ................................................................................41 

Figure 4.1 Study population ...............................................................................................87 

Figure 4.2 Pearson correlation (r) between CaPAC and Lehallier's PAC and 

chronological age in the test set .........................................................................................88 

Supplemental Figure 4.1 Pearson correlation (r) between CaPAC2 (i.e., cancer-specific 

PAC constructed using proteins with largest within-individual changes between Visit 2 

and Visit 5) and chronological age in the test set2 (r= 0.75) .............................................95 

Supplemental Figure 4.2 Pearson correlation (r) between V2 ARIC PAC (healthy 

participants PAC) and chronological age in participants who remain cancer-free until 

2015 (r=-0.77) ....................................................................................................................96 

Figure 5.1 Pearson correlation (r) between PAC and chronological age in cancer-free 

participants and cancer survivors, Visit 5 ........................................................................128 

Supplemental Figure 5.1 Distribution of PAC acceleration among cancer-free participants 

(test set) and cancer survivors, Visit 5 .............................................................................133 

 



 1 

Chapter 1 Introduction 

A. Aging 

In the U.S., the average human life expectancy has been increased by 30 years in 

the 20th century. This has been considered as one of the greatest accomplishments of 

public health. However, the increased life expectancy in the population has also led to 

steady growth in the prevalence of age-related health conditions and disabilities. Since 

the development of those conditions will lead to an increase in the risk of mortality and 

an increase in the healthcare costs for the elderly in the U.S., understanding the intrinsic 

biological mechanisms of aging and the development of prevention measures and 

interventions that prolong the healthy life have captured the attention of greatest scientific 

minds.1,2 

As has been underscored by gerontologists and geriatricians, individuals’ aging 

processes cannot be sufficiently measured by chronological age. For example, some 

individuals may develop several age-related conditions, appear frail, and need assistance 

in daily routines at age 70, whereas others may remain free of any health conditions and 

independent of assistance even if they are much older than 70. Evidence also shows that, 

compared to non-centenarians, centenarians frequently achieve longer longevity with a 

lower prevalence of comorbidities.3 With these discoveries, there is an opportunity to 

apply some anti-aging interventions via changes in lifestyle and anti-aging drugs to delay 

the incidence of diseases and prolong healthy lifespan.  

Several anti-aging drugs have been proposed, in particular the drugs called 

senolytics, which could reduce the incidence of physical dysfunction and prolong healthy 

lifespan.2 Senolytics were shown to decrease the risk of physical dysfunction in a human 
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clinical trial,4 and shown to decrease the risk of physical dysfunction and mortality in 

mice.5 Besides anti-aging drugs, exercise may be a cost-effective prevention strategy to 

reduce morbidity and mortality.6 In mice model, exercise was shown to prevent certain 

cellular senescent phenotypes, which could accelerate many age-related pathologies.7 

Given that the older adult US population is expanding, and as anti-aging drugs are 

being developed, understanding individuals’ aging processes is imperative.  

 

B. Biological age 

To better understand individuals’ aging processes, researchers introduced a term 

called “biological age” to capture specific information about how old an individual is 

biologically, independent of chronological age. Biological age, according to the 

definition proposed by Baker and Sprott, is characterized by the biological parameter[s] 

of an organism, either alone or in some multivariate composite that will, in the absence of 

disease, better predict functional capability at some late age than will chronological 

age”.8 

Several clinical measures have been proposed to capture biological age, including 

gait speed, grip strength, 6-minute walk, Fried (the Cardiovascular Health Study (CHS)) 

Frailty Phenotype, clinical geriatric assessment, maximal oxygen consumption.9-11 

However, these measures are unlikely to account for all aspects of aging and it is time-

consuming and difficult to collect them, especially in the elderly. Therefore, there is 

a need in creating an objective and invasive measure of biological age. To create 

such a measure, researchers have proposed biological age estimators called aging 

clocks, using epigenetics, transcriptomics, metabolomics, proteomics, and other 

biomarkers.12 This dissertation focused on proteomic aging clock (PAC). Before 
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discussing PAC, we discussed aging clock in general and the most studied aging clock – 

epigenetic clocks. 

 

B.1 Aging clock 

Aging clock is calculated based on a set of age-associated molecules that are 

measured in blood or tissue. Aging clock is strongly correlated with chronological age in 

healthy individuals; however, in individuals with age-related conditions, aging clock will 

deviate from chronological age, because these conditions would impact the levels of age-

associated molecules.13,14 The positive deviation of aging clock from chronological age is 

called age acceleration. Therefore, aging clock could be used to identify individuals with 

age acceleration. Aging clock could also predict individuals’ future risk of age-related 

conditions. In addition, aging clock could track the effectiveness of anti-aging 

interventions in clinical trials and may be used as a surrogate measure of the disease if the 

association is causal.13,15,16 Several aging clocks have been developed, including 

epigenetic clocks and PACs. 

 

B.1.1 Epigenetic clock 

Epigenetic clocks, which include a set of DNA methylation-based biomarkers in 

blood or tissue, are the most studied aging clocks. Among all the epigenetic clocks, 

Horvath and Hannum epigenetic clocks, which were trained on chronological age, are the 

first-generation epigenetic clocks. Horvath’s clock is calculated based on methylation 

levels of 353 CpGs sites obtained from a variety of tissues and cell types. The Hannum 

epigenetic clock is derived from 71 CpGs sites using whole blood samples. Both of these 



 4 

clocks show high correlations with chronological age (Pearson correlation (r) = 0.96 for 

Horvath and r = 0.91 for Hannum) and small mean absolute errors from chronological 

age (3.6 years for Horvath and 4.9 years for Hannum).17,18 Besides these two clocks, 

Levine et al. developed a second-generation epigenetic clock, the DNAm PhenoAge.19 

DNAm PhenoAge was calculated based on 513 CpGs from the whole blood and was 

highly correlated with chronological age (r = 0.89).19  The difference between first- and 

second-generation epigenetic clocks was that the second-generation clocks were trained 

on health outcomes, rather than chronological age alone. Further, Lu et al. developed 

GrimAge, another second-generation epigenetic clock. GrimAge included 1030 CpGs 

and found correlations with chronological age of 0.79-0.95 in different validation 

cohorts.20 The importance of this epigenetic clock is that it is a composite biomarker 

based on seven DNAm surrogates and a DNAm-based estimator of smoking pack-years, 

which was found to be a better predictor of mortality than the actual observed 

biomarkers.20 A recent study developed a novel estimator – DunedinPACE, which is a 

DNA methylation-based biomarker of pace of aging.21 DunedinPACE measures “years of 

physiological decline occurring per 12 months of calendar time”,22 not biological age. 

Other epigenetic clocks include Weidner’s,23 Zhang’s,24 Lin’s,25 Yang’s,26 Bocklandt’s,27 

and ELOVL228 clocks. 

Epigenetic clocks have been applied in epidemiology studies to examine the 

associations with age-related diseases. This dissertation focuses on aging and risk of 

mortality, cancer risk and cancer survival. Therefore, I summarized results from previous 

studies that examined the associations of age acceleration for epigenetic clocks with risk 

of cancer and mortality (in general population and in cancer survivors) (Table 1.1).  
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Table 1.1 Results summarized from previous studies that examined association of age acceleration for epigenetic clocks with 
risk of cancer and mortality 

Paper Data Outcome Epigenetic clock Unit for age acceleration HR/OR 
Risk of mortality in general population 

2020 Tanaka29 InCHIANTI All-cause mortality 
GrimAge 

Per 1 SD 
1.44 (1.20, 1.74) 

DNAm PhenoAge 1.32 (1.14, 1.54) 
Horvath 1.02 (0.88, 1.18) 

2019 Lu20 

A meta-analysis of 
Women's Health 
Initiative (WHI), 

Framingham Heart 
Study (FHS), and 

Jackson Heart Study 
(JHS), and 

InCHIANTI 

All-cause mortality 

GrimAge 

Per 1 year 

1.10 (1.09, 1.12) 
DNAm PhenoAge 1.05 (1.04, 1.05) 
Hannum 1.04 (1.03, 1.05) 

Horvath 1.02 (1.01, 1.03) 

2018 Levine19 A meta-analysis of 
WHI, FHS, and JHS All-cause mortality 

DNAm PhenoAge 
Per 1 year 

1.05 (1.03, 1.05) 
Hannum   1.04 (1.03, 1.05) 
Horvath 1.02 (1.02, 1.03) 

2018 Roetker30 Africa Americans in 
ARIC CVD mortality Horvath Per 5-year 1.06 (0.98, 1.14) 

Hannum 1.04 (0.94, 1.14) 

2016 Chen31 

A meta-analysis of 
13 population-based 

cohort (including 
ARIC) 

All-cause mortality 

Horvath 

Per 1 year 

1.01 (1.01, 1.02) 

Hannum 1.03 (1.02, 1.04) 

Risk of cancer 

2022 Morales  
Berstein32 

A study using 
Mendelian 

randomization 
method 

Prostate cancer risk GrimAge 

Per 1 year 

0.93 (0.87, 0.99) 

Colorectal cancer (CRC) risk GrimAge 1.12 (1.04, 1.20) 

2021 Dougue33 

A Pooled analysis of 
seven case-control 

studies nested in the 
Melbourne 

Collaborative 
Cohort Study 

(MCCS) 

Risk of multiple types of cancer 
combined 

DNAm PhenoAge 

Per 1 SD 

1.11 (1.05, 1.18) 

GrimAge 1.11 (1.03, 1.20) 
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2020 Chung34 

Pooled analysis: 
pancreatic cancer 
cases and matched 

controls from 
Nurses' health study 

and Health 
Professionals 

Follow-up study 

Pancreatic cancer risk 

Hannum 

Q4 vs. Q1 

1.73 (1.11, 2.71) 
Horvath 1.28 (0.83, 1.97) 

DNAm PhenoAge 1.67 (1.07, 2.62) 

2019 Lu20 
A meta-analysis of 
WHI, FHS, JHS, 
and InCHIANTI. 

Any cancer risk 

GrimAge 

Per 1 year 

1.07 (1.05, 1.08) 
DNAm PhenoAge 1.02 (1.01, 1.03) 
Hannum 1.01 (0.99, 1.02) 
Horvath 1.01 (1.00, 1.03) 

2019 Kresovich35 The Sister Study Breast cancer risk 
Hannum 

Per 5-year 
1.10 (1.00, 1.21) 

Horvath 1.08 (1.00, 1.17) 
DNAm PhenoAge 1.15 (1.08, 1.23) 

2018 Dougue36 
A Pooled analysis of 
seven case-control 

studies nested MCC 

Risk of multiple types of cancer 
combined 

Hannum 
Per 5-year 

1.09 (1.04, 1.14) 

Horvath 1.05 (1.01, 1.10) 

2018 Levine37 WHI Lung cancer risk DNAm PhenoAge Per 1 year 1.05 (p = 0.031) 

2017 Ambatipudi38 

A case-control study 
nested in European 

Prospective 
Investigation into 

Cancer and 
Nutrition (EPIC) 

cohort 

Postmenopausal breast cancer risk Horvath Per 1 year 1.07 (1.02, 1.11) 

2015 Levine25 WHI Lung cancer risk Horvath Per 1 year 1.50 (P=0.0034) 
Risk of mortality in cancer survivors 

2019 Zheng39 Cancer Genome 
Atlas (TCGA) All-cause mortality among CRC survivors Horvath Positive Horvath age 

acceleration vs. negative 1.97 (1.14, 1.39) 

2018 Dougue36 
A Pooled analysis of 
seven case-control 

studies nested in MC 

All-cause mortality among all types of 
cancer survivors 

Hannum 
Per 5-year 

1.05 (1.01, 1.10) 

Horvath 1.02 (0.98, 1.05) 
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In summary, several epigenetic clocks have been developed using tissue or the 

whole blood. All of these clocks showed high correlations with chronological age. Some 

clocks were associated with the risk of cancer and mortality (in general population and in 

cancer survivors), and the magnitude of most of the associations were similar for 

different epigenetic clocks.  

 

B.1.2 Proteomic aging clock (PAC) 

Besides epigenetic clock, a novel measure – PAC, which combines a set of 

proteomic-based aging-related biomarkers in the blood, has been proposed as a potential 

biological age estimator. Age-associated protein biomarkers may be promising 

biomarkers of aging because they, as intermediate phenotypes, can provide more 

information on aging and age-related pathology.13,40 In addition, proteins serve as a target 

in 96% of FDA approved medications.41 Therefore, proteins comprising PACs hold 

promise as targets of anti-aging drugs. 

Many proteins have been reported to be associated with age in previous studies. 

We selected 10 examples of proteins commonly reported to be associated with age in 

previous studies (those 10 proteins showed the most significant association with age) 

(Table 1.2).2 Previous studies have applied pathway analysis for proteins associated with 

age. For example, two studies performed enrichment analysis using Gene Ontology 

Biological Process (GO BP) database for proteins that were found to be associated with 

age and found that pathways relevant to immune system were enriched.2,14 A systematic 

review (2020) did the GLAD4U disease enrichment analysis on 1,128 proteins associated 

with age and found that the top enriched diseases including cancer and heart diseases.2  
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Table 1.2 10 examples of common proteins associated with age 
Protein UniProt ID Expression trend 
GDF15 Q99988 Increase 

PTN P21246 Increase 
ADAMTS5 Q9UNA0 Increase 

NPPB P16860 Increase 
MMP12 P39900 Increase 
FLSTL3 Q95633 Increase 
CXCL10 P02778 Increase 

TNFRSF11B Q00300 Increase 
VEGFA P15692 Increase 
CCDC80 Q76M96 Increase 

 

In addition to individual age-related proteins, several PACs have been proposed. 

In a systematic review of 36 studies, Johnson et al. proposed two PACs: the 23-protein 

PAC and the 83-protein PAC.2 They developed and validated these two PACs using the 

INTERVAL cohort (White healthy persons),42 which comprised 3,301 healthy 

individuals aged 18-76 years (two-thirds of samples was used as the training set and the 

remaining one-third of the samples was used as the test set). In their test set, the 23-

protein and 83-protein PACs had Pearson correlations of 0.66 and 0.87 with 

chronological age, respectively, and mean absolute errors between PAC and 

chronological age were 8.17 years and 4.88 years, for the 23-protein and 83-protein 

PACs, respectively.2 Recently, using data from INTERVAL cohort, Lehallier et al. 

proposed another PAC, which included 491 proteins and had a correlation with 

chronological age of 0.94 in the test set (one-third of the total samples, N =1,123).14 

Additional PACs have been created by Sathyan et al. using the LonGenity cohort (N = 

1,025, age range: 65-95 years, White persons), which included two groups of offspring 

with different survival of parents. One group had parents with exceptional longevity (at 

least one parent lived to age 95 or older), and the other group had parents with usual 

survival (having neither parents who lived to age 95).43 They created four PACs that 
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consisted of 162, 75, 67, and 35 proteins. The 162-protein PAC was selected by elastic 

net regression from 4,265 proteins. While the 75-, 67-, and 35-protein PACs were 

selected by elastic net regression from the top significant 200, 100, and 50 proteins, in the 

4,265 proteins, associated with chronological age. The 162-, 75-, 67-, and 35-protein 

PACs had correlations with chronological age of 0.79, 0.80, 0.79, and 0.78, 

respectively.43 Further, another study of healthy individuals by Tanaka et al. found a 

correlation of 0.94 between a PAC, including 76 proteins, and chronological age.13 To 

determine the minimum number of proteins required to create a meaningful PAC, Tanaka 

et al. fitted a series of PACs. They found that a PAC that only contained eight proteins 

could reach a correlation with chronological age of 0.92.13 An even higher correlation of 

0.97 was observed between a PAC including 373 proteins and chronological age in the 

study that combined the INTERVAL and LonGenity cohorts.44 Collectively, PACs 

showed high correlations with chronological age. 

Because PAC is a novel measure, studies on PAC and risk of health conditions 

are scarce. Only a few studies examined the association between PAC or PAC 

acceleration and all-cause mortality (Table 1.3). To the best of our knowledge, no 

previous studies examined the association between PAC and cancer or tested PAC in 

cancer survivors.  

Table 1.3 Results summarized from previous studies that examined association of 
PAC or PAC acceleration with all-cause mortality 

Paper Study 
population 

Exposure Outcome Unit Results 

2020 
Tanaka29 

 InCHIANTI Age acceleration for the 
76-protein PAC 
developed by Tanaka et 
at 

All-cause 
mortality Per 1 SD 

HR = 1.29 
(1.11, 1.50) 

2020 
Sathyan43 

LonGenity 
cohort 

162-protein PAC 
developed by Sathyan 
et al 

All-cause 
mortality Per 1 year 

HR = 1.21 
(1.15, 1.27) 
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In summary, several PACs have been developed, and all of them showed high 

correlations with chronological age. Only a few studies examined association between 

PACs and all-cause mortality, and it is unclear if PACs can predict the risk of other age-

related conditions, such as cancer. No studies tested PAC in cancer survivors. Thus, 

studies are needed to examine the associations between PACs and risk of other age-

related conditions, such as cancer, and to test PACs in cancer survivors. The importance 

of examining association between PAC and cancer risk and testing PAC in cancer 

survivors is further described in the next section (C. Aging in people with cancer). In 

addition, most published PACs were developed in a study population that included White 

persons. Thus, there is a need to create PACs in in more diverse populations. 

 

C. Aging in people with cancer 

C.1 Aging and risk of cancer 

Growing evidence indicates that people with cancer age faster than those without, 

and thus they experience accelerated aging. The reason for the accelerated aging is most 

likely related to cancer-related inflammation, cancer treatment, and lifestyle risk factors 

such as smoking and obesity. However, it is not clear if the accelerated aging starts even 

before a diagnosis of cancer and how much the rate of aging differs between people with 

and without cancer. These issues can be examined by using PACs, which have been 

proposed to estimate an individual’s biological age. Measuring PACs in relation to cancer 

incidence is especially important because most cancer cases develop over a long period 

of time and have a long subclinical period, and 30%-50% of all cancer cases are 

preventable;45 thus, measuring PAC may provide a new method for identifying people at 
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high risk of cancer that need more frequent screening. In addition, proteins included into 

PACs may serve as targets for novel anti-aging drugs that will eventually slow down 

aging.46 Cancer is an age-related disease, and both cancer and aging result from 

epigenetic damage accumulation,47 inflammation, oxidative stress, and other damage.48-50 

Therefore, slowing aging is likely to delay the development of cancer. 

 

C.2 Accelerated aging in cancer survivors 

Cancer survivors are a rapidly growing population in the U.S. There are 16.9 

million cancer survivors as of January 2019, which is projected to rise to 26.1 million by 

2040 in the U.S.51 This trend is attributed to the improved screening, early detection, 

advances in cancer treatment, and an increased life expectancy in the U.S. However, the 

improvement in cancer survival has also led to the realization that many cancer survivors 

experience accelerated aging, i.e., their biological age is greater than their chronological 

age. 

It is common in clinical practice to observe that, after receiving treatment, cancer 

survivors age faster, i.e., they experience more age-related health conditions. Clinically, 

“accelerated aging” phenotypes in cancer survivors are characterized by the development 

of age-related conditions, including premature mortality and comorbidities – 

cardiovascular disease (CVD), chronic organ dysfunction, frailty, and cognitive 

impairment, which will impact their long-term health and quality of life.  

Given that many cancer survivors experience accelerated aging, it is vital to 

examine biological age in this group. Examining biological age may characterize the 

aging process in routine follow-ups for cancer survivors and inform the need for anti-
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aging interventions via changes in lifestyle and anti-aging treatment, thus improving 

quality of life of cancer survivors. 

The aims of this dissertation were to construct de novo PACs in a large 

population-based prospective cohort of White and Black men and women – the 

Atherosclerosis Risk in Communities (ARIC) study. We also compared the performance 

of the newly constructed PACs in ARIC to published PACs by examining their 

correlation with chronological age and their association with risk of mortality in general 

population (Manuscript 1), cancer risk (Manuscript 2) and cancer survival (Manuscript 

3).  
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Chapter 2  ARIC Study 

This dissertation includes three manuscripts that utilize data from the 

Atherosclerosis Risk in Communities (ARIC) study. 

 

A. Study design and population 

The ARIC study (RRID:SCR_021769) is a prospective cohort initiated in 

1987.52,53 At Visit 1 (1987-89), 15,792 participants aged 45-64 years were recruited from 

four US communities - Washington County, Maryland; the northwest suburbs of 

Minneapolis, Minnesota; Jackson, Mississippi; and Forsyth County, North Carolina. 

Participants were selected from each of the four communities using community specific 

probability sampling. In Forsyth County, households were identified by area sampling. In 

other communities, age-eligible lists were used to identify households. Lists used 

included: driver’s license or state identification cards in Jackson; jury duty eligibility with 

driver’s license, identification cards, or voter registration cards in Minneapolis; and 

driver’s license or inclusion in a 1975 private county health census in Washington 

County. Participants in Minnesota and Maryland were primarily white, and the 

recruitment in Mississippi was restricted to Black residents.  

 

B. Data collection 

Participants had a clinical exam at baseline (Visit 1) and eight visits have been 

completed thus far: Visit 2 (1990-92), Visit 3 (1993-95), Visit 4 (1996-98), Visit 5 (2011-

13), Visit 6 (2016-17), Visit 7 (2018-19), and Visit 8 (2020-21).52 At each visit, each 

participant reported information on demographics, tobacco use and alcohol intake, 
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medical history, and use of medications. The clinical exams at each visit included 

anthropometry and blood pressure. Resting electrocardiograms (ECG) and carotid artery 

B-mode ultrasound imaging were obtained at some exams. Medical events were also 

identified through annual (or semi-annual since 2012) follow-up telephone calls to 

participants.  

 

B.1 Proteomics data 

Proteins were measured using frozen plasma samples collected from Visits 2, 3, 

and 5. Samples were analyzed using a SOMAmer (Slow Off-rate Modified Aptamers)-

based capture array called SomaScanÒ by Somalogic, Inc. (Boulder, CO, USA).54-57 The 

SomaScan platform uses single-stranded DNA-based aptamers to capture conformational 

protein epitopes. 

Protein analyte measurements underwent the regular SomaScan data 

standardization and normalization process.58,59 Among the 5,284 available aptamers, 

aptamers with a Bland-Altman coefficient of variation (CVBA) >50% or a variance of 

<0.01 on the log scale, or aptamers with nonspecific binding to nonproteins were 

excluded. After the exclusion, 4955 aptamers were included (at Visits 2, 3 and 5) and the 

CVBA for split samples were 6% at Visit 2, 12% at Visit 3 and 7% at Visit 5.  

 

B.2 Assessment of cancer  

ARIC study has been expanded into a full-fledged cancer epidemiology cohort 

and includes detailed data on cancer diagnosis and long-term follow up of cancer 

survivors.53 Incident primary cancer was ascertained through 2015 using state Cancer 
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registries in Minnesota, North Carolina, Maryland, and Mississippi, and supplemented by 

abstraction of medical records and hospital discharge summaries.53 An expert panel 

adjudicated all cases of bladder, breast, colorectal, liver, lung, pancreatic, and prostate 

cancer. For adjudicated cases, when possible, stage at diagnosis was determined from the 

cancer registry or medical records using the pathologic TNM stage (Tumor extent, lymph 

Node involvement, presence of Metastasis). When this information was not available, 

staging was determined from the cancer registry or clinical TNM stage from cancer 

registry or medical records according to Surveillance, Epidemiology, and End Results 

(SEER) summary stage.53 

 

B.3 Assessment of mortality 

Mortality was identified through annual (semi-annual since 2012) follow-up 

telephone calls to participants or their proxies, surveillance of local hospitals, state 

records and linkage to the National Death Index up to December 31, 2019.60 
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Chapter 3  Manuscript 1: Construction and comparison of proteomic aging clocks 

in the Atherosclerosis Risk in Communities (ARIC) Study 

 
A. Overview 

Background: Proteomic aging clock (PAC) has been proposed to estimate individual’s 

biological age, but most of previous studies included mainly White persons or lacked 

prospective outcomes. Using the Atherosclerosis Risk in Communities (ARIC) study, a 

population-based prospective cohort of White and Black participants, we constructed 

several PACs, and compared their performance with published PACs. 

 

Methods: More than 5,000 plasma proteins were measured at Visit 2 (V2, 1990-92) and 

Visit 5 (V5, 2011-13) using SomaScan, an aptamer-based assay. Using 2,993 randomly 

selected healthy participants at V2 (age range: 46-70 years), we trained five ARIC PACs 

at V2 against chronological age: using 1) elastic net regression: V2 ARIC PAC; 2) Lasso 

regression: V2 ARIC PAC2; and 3&4) applying different transformations to proteins’ 

measurements: V2 ARIC PAC3&4; and 5) accounting for the nonlinear associations 

between chronological age and proteins: V2 ARIC PAC5. At V2, we also computed three 

published PACs. We compared the performance of the five V2 ARIC PACs and 

published PACs by examining their correlation with chronological age in the remaining 

1496 healthy participants at V2 (V2 test set). At V5, we constructed V5 ARIC PAC using 

elastic net regression in 630 healthy participants at V5 (age range: 66-90 years). We 

internally validated V5 ARIC PAC by calculating its correlation with chronological age 

in the remaining 315 healthy participants (V5 test set). To capture associations that are 

independent of chronological age, we created PAC acceleration, which was estimated as 
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the residual for each participant after regressing the PAC on chronological age. We 

further examined the associations between PAC acceleration and mortality.  

 

Results: The five V2 ARIC PACs showed similar correlations with chronological age and 

were highly correlated with each other in the V2 test set. The Pearson correlation 

coefficient (r) between chronological age and V2 ARIC PAC in the V2 test set was 0.80, 

and r = 0.68-0.76 between chronological age and three published PACs. The V2 ARIC 

PAC and all published PACs showed similar associations with all-cause, CVD, and 

cancer mortality. After adjustment for confounders, a one standard deviation (SD) 

increase in V2 ARIC PAC acceleration was associated with all-cause mortality: HR 

(95%CI) = 1.38 (1.34, 1.43); and CVD mortality (in the competing risk model): 1.20 

(1.14, 1.27); but not cancer mortality (in the competing risk model): 1.05 (0.98, 1.11). In 

the V5 test set, the V5 ARIC PAC was correlated with chronological age (r = 0.71). In 

adjusted models, a one SD increase in V5 ARIC PAC acceleration was also significantly 

associated with all-cause mortality: HR (95%CI) = 1.67 (1.56, 1.79); CVD mortality (in 

the competing risk model): 1.33 (1.18, 1.51); and cancer mortality (in the competing risk 

model): 1.19 (1.03, 1.37). 

 

Conclusion: PACs constructed using different methods showed similar correlations with 

chronological age and were highly correlated with each other. PACs developed in 

different populations showed similar associations with mortality, suggesting the 

robustness of PAC. 
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B. Introduction 

In the U.S., the average human life expectancy increased by 30 years during the 

20th century. However, the increased life expectancy in the population has also led to a 

rise in the prevalence of age-related diseases and disabilities. Given that the development 

of those conditions will lead to an increased risk of mortality and increased healthcare 

costs in the U.S., research is needed to understand the biological mechanisms of aging 

and develop prevention measures and interventions that prolong healthy life.1,61 

Individuals’ aging processes cannot be accurately measured by chronological age. 

For example, some individuals may develop physiological dysregulation at an earlier 

chronological age than others.1,61 To better understand aging processes, researchers 

introduced a term called “biological age” to capture specific information about how old 

an individual is biologically, independent of chronological age. Biological age, according 

to the definition proposed by Baker and Sprott, is characterized by the “biological 

parameter[s] of an organism, either alone or in some multivariate composite that will, in 

the absence of disease, better predict functional capability at some late age than will 

chronological age”.62  

To estimate an individual’s biological age, researchers have developed metrics 

called aging clocks, using epigenetics, transcriptomics, metabolomics, proteomics, and 

other biomarkers.12 Aging clocks are strongly correlated with chronological age in 

healthy individuals; however, in individuals with age-related conditions, aging clocks 

will deviate from chronological age because these conditions would impact levels of age-

associated molecules.13,14 Aging clocks could be used to identify individuals who have a 

positive deviation of biological age from their chronological age (called age 
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acceleration), and predict their future risk of age-related conditions. In addition, aging 

clocks could also track the effectiveness of anti-aging interventions in clinical trials and 

may be used as a surrogate measure of the disease if the association is causal.13,15,16  

The most studied aging clocks are epigenetic clocks, which include a set of DNA 

methylation sites, such as Horvath, Hannum, DNAm PhenoAge, and GrimAge clocks.17-

20 However, the underlying mechanisms of changes in these DNA methylation sites 

remain unclear.63 Thus, we examined another novel aging clock, the proteomic aging 

clock (PAC). PACs are promising because proteomic-based biomarkers, as intermediate 

phenotype between genetics and diseases, may provide more information on aging and 

age-related pathology.13,40 In addition, proteins serve as a target in 96% of FDA approved 

medications.41 Therefore, the proteins comprising PACs hold promise as targets of anti-

aging drugs. Targeting aging instead of targeting a single disease is advantageous, 

because it can simultaneously decrease the incidence of several age-related diseases 

together and prolong individuals’ healthy lifespan. Recently, several PACs have been 

published, including a PAC developed by Lehallier [2020]14 (so called Lehallier’s PAC), 

a PAC by Tanaka [2020]13 (Tanaka’s PAC), and a PAC by Sathyan [2020]43 (Sathyan’s 

PAC). The descriptions of published PACs are presented in Supplemental Table 3.1. 

Although all these published PACs showed high correlations with chronological age, 

previous studies have been limited by small sample sizes, included mainly White persons, 

or did not have prospective outcomes, e.g., mortality. Thus, there is a need in creating 

PAC in a large population-based study that can perform well in diverse populations. 

The goal of this study is to construct de novo PACs in a large population-based 

prospective cohort of White and Black men and women — the Atherosclerosis Risk in 

Communities (ARIC) study, which recently measured more than 5,000 proteins at several 
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visits using SomaScan assay (v.4), an aptamer-based technology. In this study, we 

constructed ARIC PACs at Visit 2 (V2, 1990-92) and Visit 5 (V5, 2011-13) in a group of 

participants without major diseases or health conditions including cancer, diabetes, 

hypertension (or uncontrolled hypertension for V5), abnormal kidney function, chronic 

obstructive pulmonary disease (COPD), and cardiovascular disease (CVD) (called 

“healthy participants” in this study). We compared the performance of our newly 

constructed ARIC PACs with the three published PACs: Lehallier’s, Tanaka’s, and 

Sathyan’s PACs based on their correlation with chronological age and their associations 

with mortality. 

 
C. Methods 

C.1 Study population 

This study included White and Black men and women participating in the ARIC 

study (RRID:SCR_021769). The ARIC study is a prospective cohort initiated in 

1987.52,53 At Visit 1 (V1, 1987-89), 15,792 participants aged 45-64 years were recruited 

from four study centers – Maryland, Minnesota, Mississippi, and North Carolina. 

Participants in Minnesota and Maryland were primarily white, and the recruitment in 

Mississippi was restricted to Black residents. The ARIC study was approved by 

institutional review boards at each participating center, and all study participants 

provided written informed consent. Thus far, eight study visits have been completed.52 

Additionally, participants received follow-up telephone calls annually between 1987-

2012 and semi-annually after 2012, with response rates of 90%-99% for the annual 

follow-up calls and 83%-90% for semi-annual follow-up calls among living participants 

who have not withdrawn consent to be contacted.53  
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C.2 Blood collection 

In this study, we used the blood samples collected at V2 from 11,761 White and 

Black women and men (chronological age range: 46-70 years) and at V5 from 5,183 

White and Black women and men (chronological age range: 66-90 years). The blood 

sample collection, processing, and storage protocol was designed to minimize the 

spontaneous biochemical reactions after blood collection and is consistent with the 

recommended practice for proteomics data analysis in epidemiological studies.58,64,65 

Briefly, after venipuncture, blood samples were put immediately in an ice water bath. 

Centrifugation was then performed within 10 min after venipuncture at room temperature 

(15-25 °C). After centrifugation, the aliquots were stored at −80 °C within 90 min from 

venipuncture and were never thawed before this analysis.  

 

C.3 Protein measurement and quality control 

Samples were analyzed using a SOMAmer (Slow Off-rate Modified Aptamers)-

based capture array called SomaScanÒ by Somalogic, Inc. (Boulder, CO, USA).54-57 The 

SomaScan platform uses single-stranded DNA-based aptamers to capture conformational 

protein epitopes. 

Protein analyte measurements underwent the regular SomaScan data 

standardization and normalization process.58,59 First, hybridization control normalization 

was applied to each sample based on a set of hybridization control sequences to correct 

for systematic biases during hybridization. Second, median signal normalization was 

applied to measures within a plate to remove sample or assay biases that may be because 
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of pipetting variation, variation in reagent concentrations, assay timing, and other sources 

of systematic variability within a single plate run. Finally, each plate contained calibrator 

samples for each SOMAmer reagent, which was used to correct for plate-to-plate 

variation based on established global reference standards. Among the 5,284 available 

aptamers, aptamers with a Bland-Altman coefficient of variation (CVBA) >50% or a 

variance of <0.01 on the log scale, or aptamers nonspecific binding to nonproteins were 

excluded. After the exclusion, 4955 aptamers were included (at V2 and V5) that 

corresponded to 4,712 proteins and the CVBA for split samples were 6% at V2 and 7% at 

V5. Protein measures were reported as relative fluorescent units (RFU) and were log2 

transformed to correct for skewness.  

 

C.4 Identifying healthy participants 

In this study, healthy participants were defined as participants without major 

diseases or health conditions including cancer, diabetes, hypertension (or uncontrolled 

hypertension for V5), abnormal kidney function, chronic obstructive pulmonary disease 

(COPD), and cardiovascular disease (CVD). We identified 4,489 healthy participants at 

V2 and 945 healthy participants at V5 (7,272 participants and 4,238 participants with any 

major diseases or health conditions at V2 and at V5, respectively) (Figures 3.1 and 3.3). 

Identification of healthy participants at V2 and V5 is described in F. Supplementary 

material. 

 

C.5 Assessment of mortality and other characteristics of interest 
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Mortality was identified through annual (semi-annual since 2012) follow-up 

telephone calls to participants or their proxies, surveillance of local hospitals, state 

records and linkage to the National Death Index up to December 31, 2019.60 The date and 

some causes of death were verified by death certificate review. All-cause mortality was 

defined as death from any cause. CVD mortality and cancer mortality were defined based 

on underlying cause of death: International Classification of Diseases, Ninth Revision, 

codes (ICD-9 codes) 390–459 or International Classification of Diseases, Tenth Revision, 

codes (ICD-10 codes) I00–I99 for CVD deaths. ICD-9 code 140-239 or ICD-10 codes 

C00-C97 for cancer deaths.  

Other characteristics of interest included demographic, and lifestyle/medical 

characteristics, namely chronological age, sex, race, study center, education, smoking 

status, pack-years of smoking, alcohol intake, body mass index (BMI), physical activity, 

aspirin use, and estimated glomerular filtration rate (eGFR).52 Sex, race, study center, and 

education attainment were collected at V1, pack-years of smoking was collected at V2, 

physical activity was collected at V1 (used as physical activity at V2 in this study) and 

V5, chronological age at V2 and V5 were calculated from date of birth until date of 

corresponding visits, and all the other variables listed above were collected at both V2 

and V5. Another characteristic of interest is cognitive function. Cognitive function at V2 

was assessed using three neuropsychological tests: the Delayed Word Recall Test 

(DWRT), the Digit Symbol Substitution Test (DSST) of the Wechsler Adult Intelligence 

Scale–Revised, and the Word Fluency Test (WFT). Detailed procedures for assessing 

these characteristics are described in F. Supplemental material. 
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C.6 Statistical analysis 

PACs were constructed using R (version 4.1.2, package “glmnet”) and all the 

other analyses were performed using SAS 9.4 (SAS Institute Inc, Cary, NC).  

 

C.6.1 Construction of PACs 

To construct PACs at V2 and V5, among the healthy participants at the 

corresponding visits, we randomly selected two-thirds of healthy participants at each visit 

and used them as the training set and the remaining one-third of healthy participants was 

used as the test set (Figure 3.1 and Figure 3.3). We used the training set to train PACs 

against chronological age and get appropriate hyperparameter and weight for each 

protein. We used the test set to internally validate PACs. 

 

Construction of PACs at V2 

Using the V2 training set, we constructed five V2 ARIC PACs (Supplemental 

Table 3.2). We constructed two PACs by applying elastic net regression (alpha = 0.5, V2 

ARIC PAC) and Lasso regression (V2 ARIC PAC2). Because the V2 ARIC PAC and V2 

ARIC PAC2 were similarly correlated with chronological age and perfectly correlated 

with each other (Table 3.1 and Supplemental Table 3.3), we used elastic net regression 

to construct all the other ARIC PACs. Elastic net regression combines the regularization 

of both Lasso regression and Ridge regression,66 and it was used to construct most 

previous aging clocks, including PACs and epigenetic clocks. To reduce the effect of 

outliers, we constructed PACs with proteins winsorized at 4 standard deviations (SDs) 

(V2 ARIC PAC3) and with proteins after inverse normal transformation (V2 ARIC 
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PAC4). To account for the potential nonlinear associations between chronological age 

and proteins, we also constructed a PAC by including square and cubic terms of each 

protein (each aptamer if there were two or more aptamers per protein, V2 ARIC PAC5). 

The hyperparameter values for penalized regressions were selected based on 10-fold 

cross-validation. 

In addition to the newly constructed V2 ARIC PACs, we also computed three 

published PAC at V2: Lehallier’s PAC,14 Tanaka’s PAC,13 and Sathyan’s PAC.43 We 

estimated ARIC weights for Lehallier’s and Tanaka’s PACs instead of using the 

published weights because ARIC did not include all the aptamers reported in Lehallier’s 

and Tanaka’s PACs (Supplemental Table 3.1). Using the aptamers available in ARIC, 

we estimated ARIC weights for three published PACs by applying Ridge regression. The 

hyperparameter value for Ridge regression was selected based on a 10-fold cross-

validation. Although ARIC included all the aptamers reported in Sathyan’s PAC, we also 

estimated ARIC weights for this PAC, because the PAC with ARIC weights showed a 

higher correlation with chronological age than the PAC with the published weights 

(Table 3.1 and Supplemental Table 3.1).  

 

Construction of PAC at V5 

Because hypertension is one of the most common conditions in older persons in 

the U.S.,67 to construct PAC at V5, we added participants with controlled hypertension 

when selecting healthy participants. Adding these participants increased the number of 

healthy participants by 462 but did not change the PAC’s performance as shown by our 

sensitivity analysis (Supplementary Table 3.4).   
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ARIC PAC at V5 (V5 ARIC PAC) was constructed using elastic net regression 

and with log2 transformed proteins (the same as V2 ARIC PAC). Using the V5 training 

set, elastic net regression (alpha = 0.5 and hyperparameter value was selected based on 

10-fold cross-validation) selected 135 aptamers for V5 ARIC PAC.  

 

C.6.2 Validation of PACs 

We used the V2 and V5 test sets to internally validate PACs at the corresponding 

visits. We computed the PACs for each of the participant in the test set based on their 

aptamer levels: 𝑃𝐴𝐶 = 𝛽! + ∑ 𝛽" × 𝑎𝑝𝑡𝑎𝑚𝑒𝑟"#
"$% , where 𝑎𝑝𝑡𝑎𝑚𝑒𝑟" is the level of ith 

aptamer and the intercept (b0) and weights (bi) were estimated using the training set. We 

estimated the performance of each PAC by calculating the Pearson correlation between 

the PAC and chronological age. In addition, we tested performance by calculating median 

absolute error (MAE) between the PAC and chronological age in the test set. 

To further investigate these PACs, we compared PACs across demographic and 

lifestyle/medical characteristics and examined their association with mortality. To 

conduct these analyses, we focused on the V2 ARIC PAC (788 aptamers, without any 

additional protein transformation) among the five V2 ARIC PACs, because the five PACs 

were highly correlated with each other (Pearson correlation > 0.96) in the V2 test set 

(Supplemental Table 3.3). Validation of this simplest PAC would facilitate its 

application in external studies. To capture associations that are independent of 

chronological age, we calculated PAC acceleration, the residual for each participant after 

regressing the PAC on chronological age at the corresponding visit.35 Demographic and 

lifestyle/medical characteristics at V2 and V5 were examined across quartiles of PAC 
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acceleration. We used Cox proportional hazards regression to estimate hazard ratios 

(HRs) and 95% confidence intervals (CIs) for all-cause mortality, CVD mortality, and 

cancer mortality in relation to PAC acceleration calculated at V2 and V5. PAC 

acceleration was modeled as a continuous variable. For V2 analysis, for each participant, 

total person-years were determined from date of V2 until death or administrative 

censoring on December 31, 2019, whichever occurred first. For V5 analysis, the follow-

up was started from V5. The proportional hazards assumption was examined by graphical 

methods (log-log survival curves, dichotomized PAC acceleration at median) and the 

assumption was not violated in any regression models. The model was adjusted for 

chronological age, sex, race, study center, education, BMI, smoking status, pack-years of 

smoking (for V2 analysis only, because it was not available at V5), alcohol intake, 

physical activity, diabetes, eGFR, hypertension, and history of CVD at the corresponding 

visits. These variables were selected based on R squared (> 0.0015) for the association 

between a variable of interest at V2 or V5 (exposure) and PAC acceleration at the 

corresponding visits (outcome) in a chronological age-adjusted model. The R squared 

estimates are shown in Supplemental Table 3.5. We did not adjust for aspirin use 

because aspirin use had a small R squared (<0.0015) at both V2 and V5. We also 

examined if sex or race modified the associations of PAC acceleration with all-cause 

mortality, CVD mortality, and cancer mortality using a multiplicative term.  

 

C.6.3 Exploratory analyses 

Using ToppGene,68-70 we conducted overrepresentation analyses (ORA) for the 

proteins included in V2 ARIC PAC and V5 ARIC PAC. ORA is a type of pathway 
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analysis that shows whether proteins from pre-defined pathways, for example those 

participating in the same molecular process or are regulated by the same transcription 

factor (i.e., to a specific GO term or KEGG pathways) are present more than would be 

expected (overrepresented) in our data.71 UniProt IDs were provided as the inputs, the 

background was set to all protein-coding genes, and the False Discovery Rate (FDR) 

significance level was set to 0.05.   

In another exploratory analysis, we examined if demographic and 

lifestyle/medical characteristics and cognitive function at middle age (at V2) were 

associated with PAC acceleration at older age (at V5). This analysis was conducted using 

the multivariable linear regression among 4,553 participants at V5; the participants’ 

characteristics -- chronological age, sex, race, education, BMI, smoking status, pack-

years of smoking, alcohol intake, physical activity (at V1), hypertension, CVD, diabetes, 

and three cognitive function tests (DWRT, DSST, and WFT) -- were included as 

predictors. 

In the last exploratory analysis, we examined whether the change in PAC 

acceleration between V2 and V5 was associated with all-cause mortality, CVD mortality, 

and cancer mortality after V5.  This analysis was performed among 2,707 participants at 

V5 after excluding those in the V2 and V5 training sets. We calculated the V2 to V5 

change in PAC acceleration as PAC acceleration at V5 minus PAC acceleration at V2. 

We used Cox proportional hazard regression to estimate HRs (95%CIs) for all-cause 

mortality, CVD mortality, and cancer mortality. For each participant, total person-time 

was determined from date of V5 until death or administrative censoring on December 31, 

2019, whichever occurred first. The model was adjusted for chronological age, sex, race, 



 29 

study center, education, BMI, smoking status, alcohol intake, physical activity, diabetes, 

eGFR, hypertension, and CVD at V5. We also examined if sex or race modified the 

association between the V2 to V5 change in PAC acceleration and mortality using a 

multiplicative term.  

 

C.6.4 Sensitivity analysis 

In a sensitivity analysis, using the Fine and Gray method,72,73 deaths from other 

causes were treated as competing events when estimating associations of V2 ARIC PAC 

acceleration, V5 ARIC PAC acceleration, and the V2 to V5 change in PAC acceleration 

with CVD mortality and cancer mortality. 

 

D. Results 

D.1 PACs at V2 

D.1.1 Pearson correlation coefficients between PACs at V2 and chronological age 

All the five V2 ARIC PACs, i.e., PACs that were newly constructed in ARIC, 

showed similar correlations with chronological age (Table 3.1 and Figure 3.2a-3.2e). 

For all these newly constructed PACs, we did not notice a major overfitting problem, i.e., 

neither the correlation of PAC with chronological age nor median absolute error (MAE) 

markedly differ between training and test sets. Pearson correlation coefficients between 

the V2 ARIC PAC and chronological age in the V2 training and test sets were 0.92 

(MAE=1.50 years) and 0.80 (MAE=2.20 years), respectively (Table 3.1 and Figure 

3.2a). The top 20 proteins with the largest absolute weights in V2 ARIC PAC are shown 

in Supplemental Table 3.6. Of the three published PACs, Lehallier’s PAC had a slightly 
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higher correlation with chronological age than Tanaka’s and Sathyan’s PACs (Table 3.1 

and Figure 3.2f-3.2h). Pearson correlation coefficients between Lehallier’s PAC and 

chronological age in the V2 training and test sets were 0.82 (MAE=2.13 years) and 0.76 

(MAE=2.39 years), respectively (Table 3.1 and Figure 3.2f). Tanaka’s and Sathyan’s 

PACs had similar correlations with chronological age in the V2 test set (Table 3.1 and 

Figure 3.2g-3.2h). In the V2 test set, V2 ARIC PAC was strongly correlated with 

Lehallier’s PAC (r=0.89), Tanaka’s PAC (r=0.77), and Sathyan’s PAC (r=0.85).  

 

D.1.2 Distribution of V2 characteristics across quartiles of PAC acceleration at V2  

Distributions of V2 characteristics across quartiles of acceleration for V2 PACs 

are shown in Table 3.2 and Supplemental Table 3.7. Among 8,768 participants at V2, 

the range of V2 ARIC PAC acceleration was -13.97 to 24.22 years. Participants with 

higher V2 ARIC PAC acceleration were more likely to be ever smokers and never 

drinkers, and have diabetes, hypertension, cardiovascular disease (CVD), a lower 

education level (less than high school), a lower mean physical activity level, and a lower 

mean eGFR (Table 3.2). 

 

D.1.3 Association between PAC acceleration at V2 and mortality 

Among 8,768 participants at V2, 5,294 died by 2019 (median follow-up = 24.88 

years). Age acceleration for the V2 ARIC PAC and three published PACs showed similar 

associations with all-cause mortality, CVD mortality, and cancer mortality (Table 3.3 

and Supplemental Table 3.8). For V2 ARIC PAC: per 1 SD, HRs (95% CIs) were 1.38 

(1.34, 1.43) for all-cause mortality; 1.45 (1.37, 1.52) for CVD mortality; and 1.19 (1.12, 
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1.27) for cancer mortality (Table 3.3). Neither sex nor race modified the associations of 

accelerations for V2 ARIC PAC or published PACs with all-cause mortality, CVD 

mortality, and cancer mortality (p-interactions >0.05) (Supplemental Table 3.9).  

 

D.2 V5 ARIC PAC 

D.2.1 Pearson correlation coefficients between the V5 ARIC PAC and chronological age 

Pearson correlation coefficients between the V5 ARIC PAC and chronological 

age in the V5 training and test sets were 0.84 (MAE=1.47 years) and 0.71 (MAE=2.36 

years), respectively (Table 3.1 and Figure 3.4). For the newly constructed V5 ARIC 

PAC, we did not notice a major overfitting problem. The top 20 proteins with the largest 

absolute weights in the V5 ARIC PAC are shown in Supplemental Table 3.6.  

 

D.2.2 Distribution of V5 characteristics across quartiles of V5 ARIC PAC acceleration 

Among the 4,553 participants at V5, the range of V5 ARIC PAC acceleration was 

-7.54 to 16.99 years. Participants with higher V5 ARIC PAC acceleration were more 

likely to be current smokers and never drinkers, and have hypertension, CVD, less 

education, a lower mean physical activity level, and a lower mean eGFR (Table 3.4).  

 

D.2.3 Association between V5 ARIC PAC acceleration and mortality 

Among 4,553 participants at V5, 1,123 died by the end of 2019 (median follow-

up=7.43 years). After adjustment for potential confounders, V5 ARIC PAC acceleration 

was associated with all-cause mortality, CVD mortality, and cancer mortality: per 1 SD, 

HRs (95% CIs) were 1.67 (1.56, 1.79) for all-cause mortality; 1.54 (1.36, 1.75) for CVD 
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mortality; and 1.33 (1.15, 1.53) for cancer mortality (Table 3.5). Sex statistically 

modified the association with cancer mortality [p-interaction = 0.01]; the association was 

stronger in women compared to men. Neither sex nor race modified the associations with 

all-cause mortality or CVD mortality (p-interactions >0.15) (Supplemental Table 3.10).  

 

D.3 Exploratory analysis 

D.3.1 Overrepresented pathways in the V2 ARIC PAC and V5 ARIC PAC  

Using the Gene Ontology Biological Process database, we found 1,472 

overrepresented pathways (FDR p-value < 0.05) among proteins included in the V2 

ARIC PAC. The top 40 overrepresented pathways are listed in Supplemental Table 

3.11. They include “positive regulation of phosphorylation”, “regulation of immune 

system process”, “positive regulation of cell differentiation”, “regulation of 

phosphorylation”, “cytokine production”, “regulation of cytokine production”, “cell 

killing”, “regulation of programmed cell death”, “positive regulation of immune system 

process”, and “innate immune response”.  

For proteins included in the V5 ARIC PAC, we found that 202 pathways were 

overrepresented (FDR p-value < 0.05). The top 40 pathways are listed in Supplemental 

Table 3.11. They include “circulatory system development”, “inflammatory response”, 

“learning or memory”, “cognition”, and “regulation of immune system process”. 

 

D.3.2 Association between V2 participant characteristics and V5 ARIC PAC acceleration  

White race, current smoking, hypertension, CVD, diabetes, a higher BMI, higher 

eGFR, and lower scores for the Digit Symbol Substitution Test (DSST) and Word 
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Fluency Test (WFT) (all measured at V2 but race assessed at baseline) were associated 

with a higher V5 ARIC PAC acceleration (Table 3.6). 

 

D.3.3 Association between V2 to V5 change in PAC acceleration and mortality  

Among 2,707 participants, the Person correlation coefficient was 0.69 (p<0.0001) 

between V2 ARIC PAC and V5 ARIC PAC. The V2 to V5 change in PAC acceleration 

was associated with all-cause mortality and CVD mortality, but not cancer mortality: per 

1 SD, HRs (95% CIs) were 1.30 (1.19, 1.42) for all-cause mortality; 1.20 (1.03, 1.40) for 

CVD mortality; and 1.17 (0.98, 1.40) for cancer mortality (Table 3.5). Neither sex nor 

race modified the association of V2 to V5 change in PAC acceleration with all-cause 

mortality, CVD morality, or cancer mortality (p-interactions >0.10) (Supplemental 

Table 3.12). 

 

D.4 Sensitivity analysis 

In a sensitivity analysis, deaths from other causes were treated as competing 

events using the Fine and Gray method. After accounting for non-CVD deaths as 

competing events, the associations of V2 ARIC PAC acceleration, V5 ARIC PAC 

acceleration, and the V2 to V5 change in acceleration with CVD mortality became 

weaker or nonsignificant: per 1 SD, HRs (95% CIs) were 1.20 (1.14, 1.27) for V2 ARIC 

PAC acceleration; 1.33 (1.18, 1.51) for V5 ARIC PAC acceleration; and 1.09 (0.94, 1.27) 

for the V2 to V5 change in acceleration (Table 3.3 and Table 3.5). After accounting for 

non-cancer deaths as competing events, the associations of V2 ARIC PAC acceleration 

and V5 ARIC PAC acceleration with cancer mortality became weaker or nonsignificant: 
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per 1 SD, HRs (95% CIs) were 1.05 (0.98, 1.11) for V2 ARIC PAC; and 1.19 (1.03, 1.37) 

for V5 ARIC PAC; and the association for V2 to V5 change in acceleration remained 

insignificant: per 1 SD, HR (95% CI) was (0.91, 1.33) (Table 3.3 and Table 3.5).  

 

E. Discussion 

In a large prospective population-based study of White and Black individuals, we 

created and validated de novo PACs in middle age (V2 ARIC PAC) and older age (V5 

ARIC PAC) using 4,955 aptamers measured by the SomaScan assay (v.4). Both ARIC 

PACs were developed in healthy participants and were strongly correlated with 

chronological age. Age acceleration for both PACs was statistically significantly 

associated with all-cause mortality and CVD mortality in both Cox proportional hazards 

and competing risk models after adjustment for potential confounders. In addition, PAC 

acceleration at later age was significantly associated with cancer mortality in both Cox 

proportional hazards and competing risk models. We also found that the change in PAC 

acceleration from middle to late adulthood was also associated with all-cause mortality, 

but the association was weaker than the association for acceleration for PAC constructed 

in older adults.  

We used different statistical methods and different transformations of proteins to 

construct five PACs and choose the best among them using ARIC proteomic data 

measured in middle-aged participants (at V2). These five ARIC PACs showed similar 

correlation with chronological age and were highly correlated with each other. Thus, 

PACs trained using different statistical methods and with different transformations of 

proteins show very similar performance. 
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In our study, we found that acceleration for V2 ARIC PAC, V5 ARIC PAC, and 

the three published PAC was inversely associated with education level, which has been 

shown to impact health outcomes.74 We also found that males (compared to females) 

tended to have higher V5 ARIC PAC acceleration, but not V2 ARIC PAC acceleration. 

On average, males and females may age similarly up to middle age but males may age 

faster when they become older.75 We found inconsistent associations between race and 

the V2 ARIC PAC and published PACs. For example, Black participants were likely to 

have higher V2 ARIC PAC acceleration, on average, but lower age acceleration for 

Lehallier’s and Tanaka’s PACs, and the percentages of Black participants were similar in 

the first and last quartiles of Sathyan’s PAC acceleration. The inconsistent associations 

may be explained by the different study populations used to construct these PACs. The 

ARIC study includes both White and Black participants. Tanaka et al. constructed their 

PAC in White individuals, Black individuals, and individuals with other race groups. 

Lehallier and Sathyan et al. constructed their PACs in individuals from Europe.  

Among middle-aged participants, age acceleration for V2 ARIC PAC (PAC of 

middle age) and published PACs were similarly associated with mortality including all-

cause, CVD, and cancer mortality. Our findings are similar to findings for Tanaka’s PAC 

in the InCHIANTI study (N = 459, chronological age: 21-98 years) which reported a 

significant association between age acceleration and all-cause mortality after adjustment 

for chronological age, sex, and study site [per 1 SD, HR (95% CI) = 1.29 (1.11, 1.50)].29 

In our study, we found stronger associations with mortality for V5 ARIC PAC 

acceleration than the associations for V2 ARIC PAC acceleration, which may be 

explained by the older study participants at V5 who had a shorter time of follow-up until 
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death. Thus, our de novo PACs created in ARIC and published PACs showed very 

similar correlations with chronological age and similar associations with mortality 

although they included different proteins and were developed in individuals of different 

health status and different race-ethnicities. Taken together, these findings suggest that 

PACs are robust predictors of mortality outcomes.  

The strengths of this population-based study include the prospective design with 

over 20 years of follow-up in males and females, validated information about some 

causes of death, and detailed demographic and lifestyle information. Another strength is 

that the cohort includes a large community-based sample of both White and Black 

individuals, while the populations in most of the previous studies of PACs were primarily 

White.14,43 In addition, the version of SomaScan assay used in ARIC measured more 

proteins than most of the published PACs. With a larger panel of proteins, we may be 

able to develop a PAC that more accurately predicts chronological age. Moreover, with 

the availability of proteomics measured at two visits, we constructed PACs of middle age 

and older age. Our study also has several limitations. First, the possibility of protein 

degradation during long-term storage cannot be excluded. However, the blood samples 

were frozen right after their collection and have never been thawed, thereby limiting the 

possibility of degradation 76. Second, the SomaScan assay provides relative quantification 

instead of absolute quantification.77  

In conclusion, we developed de novo PACs in a population of White and Black 

individuals in midlife and older age and showed that these PACs were able to estimate 

biological age and predict risk of mortality. Future studies are needed to validate our 

PACs by examining their association with other age-related diseases. 
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Figure 3.1 Study population at Visit 2
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a. V2 ARIC PAC (r = 0.80) 

 

 
b. V2 ARIC PAC2 (r = 0.80) 

 
c. V2 ARIC PAC3 (r = 0.81) 

 
d. V2 ARIC PAC4 (r = 0.83) 

 
e. V2 ARIC PAC5 (r = 0.80) 

 
f. Lehallier’s PAC (r = 0.76) 
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g. Tanaka’s PAC (r = 0.66) 

 

 
h. Sathyan’s PAC (r = 0.68) 

Figure 3.2 Pearson correlation (r) between proteomic aging clocks at Visit 2 and 
chronological age in healthy participants in the V2 test set
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Figure 3.3 Study population at Visit 5 
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Figure 3.4 Pearson correlation (r) between the V5 ARIC PAC and chronological age 

in healthy participants in the V5 test set 
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Table 3.1 Pearson correlation and MAE between PACs at V2 and V5 and 
chronological age 

 V2 ARIC 
PAC 

V2 ARIC 
PAC2 

V2 ARIC 
PAC3 V2 ARIC PAC4 

V2 
ARIC 
PAC5c 

Number of aptamers in PAC 788 781 631 694 1071 
Hyperparameter value for 
penalized regression 0.11 0.05 0.12 0.10 0.11 

Correlationa in the training setb 0.92 0.92 0.91 0.92 0.92 
Correlationa in the test setb 0.80 0.80 0.81 0.83 0.80 
MAEa in the training setb 1.50 1.49 1.58 1.48 1.51 
MAEa in the test setb 2.19 2.20 2.16 2.00 2.20 

 Lehallier’s 
PACd 

Tanaka’s 
PACd 

Sathyan’s 
PACd 

Sathyan’s PAC 
calculated based 
on proteins at V2 

and with 
published 
weightsd 

V5 
ARIC 
PAC 

Number of aptamers in PAC 415 68 162 162 135 
Hyperparameter value for 
penalized regression 1.03 0.19 0.71 - 0.46 

Correlationa in the training setb 0.82 0.68 0.77 - 0.84 
Correlationa in the test setb 0.76 0.66 0.68 0.58 0.71 
MAEa in the training setb 2.13 2.74 2.38 - 1.47 
MAEa in the test setb 2.39 2.78 2.67 10.00 2.36 
Abbreviations: MAE – median absolute error; PAC – proteomic ageing clock; V2 – Visit 2; V5 – Visit 
5. 
a Pearson correlation and MAE between PAC and chronological age. 
b Among the healthy participants at V2 and V5, we randomly selected two-thirds of healthy participants 
at each visit and used them as training set at the corresponding visits and the remaining one-third of 
healthy participants at each visit was used as test set at the corresponding visits. 
c V2 ARIC PAC5 included the square and cubic terms of aptamers. 
d Published PACs were calculated using protein levels from V2. 
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Table 3.2 V2 participant characteristics across quartiles of age acceleration for the V2 ARIC PAC and Lehallier's PAC 
  V2 ARIC PAC Lehallier's PAC 

 
Q1  

(N = 2192) 
Q2  

(N = 2192) 
Q3  

(N = 2192) 
Q4  

(N = 2192) P-value 

Q1  
(N = 2192) 

Q2  
(N = 2192) 

Q3  
(N = 2192) 

Q4  
(N = 2192)   

PAC acceleration -14.0 to -1.9 -1.8 to -0.2 -0.1 to 1.7 1.8 to 24.2 -15.1 to -2.0 -1.9 to -0.2 -0.1 to 1.8 1.9 to 26.5 P-
value 

Chronological age, years 
(SD) 58.3 (5.8) 57.9 (5.8) 57.8 (5.7) 58.3 (5.6) 0.07 58.2 (5.8) 58.1 (5.8) 58.1 (5.6) 58.1 (5.6) 0.88 

Female, % 55.6 51.6 55.4 55.8 0.01 53.2 53.2 55.52 56.52 0.06 
White, % 72.8 75.7 75.2 67.9 <0.01 69.8 75.6 74.2 72.2 <0.01 
Education at V1, %           
    Less than high school 21.8 21.8 22.9 30.0 

<0.01 

22.0 22.9 24.9 26.6 

<0.01     High school equivalent 41.1 40.9 43.2 40.6 39.8 42.4 40.9 42.6 
    Greater than high 
school 37.1 37.4 33.9 29.3 38.2 34.6 34.1 30.7 

BMI, kg/m2 (SD) 28.2 (5.1) 28.3 (5.1) 28.3 (5.6) 28.6 (6.3) 0.13 28.5 (5.3) 28.4 (5.4) 28.2 (5.5) 28.4 (5.9) 0.58 
Smoking status, %           
    Current smoker 22.3 23.2 22.4 24.2 

0.06 
21.6 23.3 23.6 23.4 

0.05     Former smoker 36.6 38.4 39.1 39.6 36.8 38.3 38.5 39.9 
    Never smoker 41.1 38.4 38.6 36.2 41.5 38.4 37.8 36.5 
Pack-years of smoking 
among ever smokers 28.5 (22.8) 30.4 (23.4) 29.9 (22.0) 32.5 (24.1) <0.01 28.4 (22.3) 29.5 (23.1) 30.3 (23.0) 32.9 (23.7) <0.01 

Alcohol intake, %           
    Current drinker 57.4 58.2 54.9 48.3 

<0.01 
54.8 56.8 55.9 51.2 

<0.01     Former drinker 21.6 20.9 20.8 26.5 22.7 20.4 21.2 25.3 
    Never drinker 20.9 20.9 24.3 25.2 22.5 22.6 22.7 23.5 
Physical activity at V1, 
score (SD) 2.5 (0.8) 2.5 (0.8) 2.4 (0.8) 2.3 (0.8) <0.01 2.4 (0.8) 2.4 (0.8) 2.4 (0.8) 2.4 (0.8) 0.03 

Aspirin use in the 
preceding two weeks, % 51.1 51.2 54.5 52.7 0.07 48.7 53.1 52.4 55.3 <0.01 

diabetes, % 15.1 16.9 20.1 29.2 <0.01 17.0 16.4 20.2 27.8 <0.01 
Hypertension, % 42.6 46.2 49.4 55.8 <0.01 44.8 48.4 47.4 53.3 <0.01 
CVD, % 11.8 13.9 16.4 21.5 <0.01 11.8 13.6 15.5 22.7 <0.01 
eGFR, mL/min/1.73 m2 
(SD) 100.9 (14.3) 98.9 (15.1) 96.9 (15.8) 89.3 (21.8) <0.01 100.2 (14.7) 98.7 (14.7) 96.4 (16.6) 90.7 (21.7) <0.01 

Abbreviations: V1 – Visit 1; V2 – Visit 2; PAC – proteomic aging clock; SD – standard deviation; BMI – body mass index; CVD – cardiovascular disease; eGFR – estimated 
glomerular filtration rate. 
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Table 3.3 The association between age acceleration for the V2 ARIC PAC and 
Lehallier's PAC and mortality 

 
No. of 

participant
s 

No. of 
deaths 

Total 
person-
years 

V2 ARIC PAC Lehallier’s PAC 

 
HR (95% CI)a per 1 

SD 
(SD=2.94 years) 

HR (95% CI)a per 1 
SD 

(SD=3.00 years) 

All-cause mortality 8768 5294 187,78
4 1.38 (1.34, 1.43) 1.34 (1.30, 1.38) 

CVD mortality 8768 1734 187,78
4 1.45 (1.37, 1.52) 1.39 (1.32, 1.46) 

CVD mortality (Fine 
and Grey model)    1.20 (1.14, 1.27) 1.19 (1.13, 1.25) 

Cancer mortality 8768 1516 187,78
4 1.19 (1.12, 1.27) 1.19 (1.12, 1.26) 

Cancer mortality 
(Fine and Grey 
model) 

   1.05 (0.98, 1.11) 1.05 (0.99, 1.12) 

Abbreviations: V1 – Visit 1; V2 – Visit 2; PAC – proteomic aging clock; BMI – body mass index; 
CVD – cardiovascular disease; eGFR - estimated glomerular filtration rate; SD – standard deviation; 
HR – Hazard ratio; CI – confidence interval. 
a Model adjusted for chronological age, gender, race, center, education (at V1), BMI, smoking status, 
pack-years of smoking, alcohol intake, physical activity (at V1), diabetes, eGFR, hypertension, and 
CVD at V2. 
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Table 3.4 V5 participant characteristics across quartiles of age acceleration for the V5 ARIC PAC 
 Q1 (N = 1138) Q2 (N = 1138) Q3 (N = 1139) Q4 (N = 1138) P-value PAC acceleration  - 7.5 to -1.7  -1.6 to -0.2  -0.1 to 1.4 1.5 to 16.9 

Chronological age, years (SD) 76.9 (5.1) 75.9 (5.0) 76.1 (5.3) 76.7 (5.4) <0.01 
Female, % 57.7 57.5 57.1 52.9 0.06 
White, % 75.9 83.0 82.5 79.6 <0.01 
Education at V1, %      
    Less than high school 13.7 11.7 15.2 17.0 

0.01     High school equivalent 41.3 44.4 42.1 42.6 
    Greater than high school 44.9 43.8 42.7 40.4 
BMI, kg/m2 (SD) 29.1 (4.9) 28.8 (5.2) 28.6 (5.7) 28.6 (6.7) 0.15 
Smoking status, %      
    Current smoker 4.0 5.1 6.8 10.0 

<0.01     Former smoker 54.5 56.8 50.1 50.8 
    Never smoker 41.4 38.1 43.2 39.1 
Alcohol intake, %      
    Current drinker 53.2 50.6 49.1 46.1 

0.01     Former drinker 28.3 30.8 28.4 31.0 
    Never drinker 18.5 18.6 22.5 22.8 
Physical activity, score (SD) 2.7 (0.8) 2.6 (0.8) 2.6 (0.8) 2.4 (0.8) <0.01 
Aspirin use in the preceding two weeks, % 68.8 69.8 71.0 73.0 0.14 
diabetes, % 40.5 36.3 34.0 39.2 0.01 
Hypertension, % 75.5 74.9 75.6 82.1 <0.01 
CVD, % 19.9 24.7 29.8 38.4 <0.01 
eGFR, mL/min/1.73 m2 (SD) 77.1 (15.7) 71.0 (16.0) 66.7 (17.8) 53.7 (19.3) <0.01 
Abbreviations: V1 – Visit 1; V5 – Visit 5; PAC – proteomic aging clock; SD – standard deviation; BMI – body mass index; CVD – cardiovascular disease; 
eGFR – estimated glomerular filtration rate. 
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Table 3.5 Association of V5 ARIC PAC acceleration and V2 to V5 change in PAC 
acceleration with mortality 

V5 ARIC PAC acceleration 

 No. of 
participants 

No. of 
deaths 

Total person-
years 

HR (95%CI) a  
per 1 SD  

(SD = 2.61 
years) 

All-cause mortality 4553 1123 31,012 1.67 (1.56, 1.79) 
CVD mortality 4553 348 31,012 1.54 (1.36, 1.75) 
CVD mortality (Fine and 
Grey model)    1.33 (1.18, 1.51) 

Cancer mortality 4553 278 31,012 1.33 (1.15, 1.53) 
Cancer mortality (Fine and 
Grey model)    1.19 (1.03, 1.37) 

V2 to V5 change in PAC acceleration 

 No. of 
participants 

No. of 
deaths 

Total person-
years 

HR (95%CI)  
per 1 SD  

(SD = 2.91 
years) 

All-cause mortality 2707 736 18,180 1.30 (1.19, 1.42) 
CVD mortality 2707 239 18,180 1.20 (1.03, 1.40) 
CVD mortality (Fine and 
Grey model)    1.09 (0.94, 1.27) 

Cancer mortality 2707 172 18,180 1.17 (0.98, 1.40) 
Cancer mortality (Fine and 
Grey model)    1.10 (0.91, 1.33) 

Abbreviations: V1 – Visit 1; V2 – Visit 2; V5 – Visit 5; PAC – proteomic aging clock; SD – standard 
deviation; BMI – body mass index; CVD – cardiovascular disease; eGFR – estimated glomerular 
filtration rate. HR – Hazard ratio; CI – confidence interval. 
a Model adjusted for chronological age, gender, race, center, education (at V1), BMI, smoking status, 
alcohol intake, physical activity, diabetes, eGFR, hypertension, and CVD at V5. 
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Table 3.6 Association between participant characteristics at V2 and age acceleration 
for the V5 ARIC PAC  

Characteristics at V2a Coefficientsb  P-value or P-trendb 
Chronological age -0.04 <0.001 
Male 0.07 0.47 
Black -0.77 <0.001 
Education at V1   
    Less than high school 0 

0.08     High school equivalent -0.05 
    Greater than high school 0.16 
BMI 0.04 <0.0001 
Smoking status   
    Never smoker 0 

<0.0001     Former smoker -0.27 
    Current smoker 0.26 
Pack-years of smoking 0.01 <0.0001 
Alcohol intake   
    Never drinker 0 

0.06     Former drinker -0.16 
    Current drinker -0.27 
Physical activity at V1 -0.06 0.26 
Hypertension 0.44 <0.0001 
CVD 0.40 0.02 
Diabetes 1.06 <0.0001 
eGFR    -0.03 <0.0001 
Cognitive function   
Delayed Word Recall Test (DWRT) -0.005 0.87 
Digit Symbol Substitution Test (DSST) -0.01 0.04 
Word Fluency Test (WFT) -0.01 0.001 
Abbreviations: V1 – Visit 1; V2 - Visit 2; V5 – Visit 5; PAC – proteomic aging clock; BMI – body 
mass index; CVD – cardiovascular disease; eGFR – estimated glomerular filtration rate. 
a Characteristics were included into model simultaneously.  
b Coefficients and P-value (P-trend) were calculated from multiple linear regression. 
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Supplemental Table 3.1 Description of published proteomic aging clocks 

Proteomic 
aging 
clock 
(PAC) 

Study 
population 

Chronological 
age 

SomaScan 
assay 

Number of 
aptamers 

reported in 
published 

PACs 

Correlation 
between PAC 

and 
Chronological 
age reported in 

published 
papers 

Number 
of 

aptamers 
available 
in ARIC 
among 

the 
aptamers 
reported 

in 
published 

PACs 

Lehallier’s 
PAC14 

3,301 healthy 
individuals 

from 
INTERVAL 
cohort (49% 

female; White 
individuals) 

18-76 

SomaScan 
v.3 assay 
(measured 

2,978 
proteins) 

 

491 0.96 

415  
(85% all 

491 
aptamers) 

       

Tanaka’s 
PAC13 

240 healthy 
individuals 
from BLSA 

and 
GESTALT 

studies (50% 
female; 

White, Black, 
and other 

individuals) 

22-93 

SomaScan 
v.2 assay 
(measured 

1,301 
proteins) 

76 0.94 

68 
(89% of 
all 76 

aptamers) 

       

Sathyan’s 
PAC43 

1,025 
individuals 

from 
LonGenity 

study (55.7% 
female; White 
individuals) 

65-95 

SomaScan 
v.4 assay 
(measured 

4,265 
proteins) 

162 0.79 162 
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Supplemental Table 3.2 Description of V2 ARIC PACs 

PAC Penalized regression Transformation of proteins 
Included square 
and cubic terms of 
each aptamer 

V2 ARIC PAC Elastic net regression 
(alpha=0.5) 

Proteins were log2 
transformed. No 

    
V2 ARIC 
PAC2 Lasso regression Proteins were log2 

transformed. No 

    

V2 ARIC 
PAC3 

Elastic net regression 
(alpha=0.5) 

Proteins were log2 
transformed and were 
winsorized at 4 SD. 

No 

    

V2 ARIC 
PAC4 

Elastic net regression 
(alpha=0.5) 

Proteins were log2 
transformed and then we 
applied inverse normal 
transformation. 

No 

    
V2 ARIC 
PAC5 

Elastic net regression 
(alpha=0.5) 

Proteins were log2 
transformed. Yes 

Abbreviations: V2 - Visit 2; PAC – proteomic aging clock. 
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Supplemental Table 3.3 Pearson correlation coefficients between V2 ARIC PACs in 
the V2 test set 

 V2 ARIC PAC V2 ARIC 
PAC2 

V2 ARIC 
PAC3 

V2 ARIC 
PAC4 

V2 ARIC 
PAC5 

V2 ARIC PAC 1.00     
V2 ARIC 
PAC2 

1.00 1.00    

V2 ARIC 
PAC3 

0.99 0.99 1.00   

V2 ARIC 
PAC4 

0.97 0.97 0.98 1.00  

V2 ARIC 
PAC5 

0.99 0.99 0.99 0.98 1.00 
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Supplemental Table 3.4 Including/excluding participants with hypertension for 
healthy participants at V5 to construct PACs using elastic net regression  

Different inclusion/exclusion for 
participants with hypertensiona 

Participants with 
controlled 

hypertension are 
included 

Participants with 
hypertension are 

included 

Participants with 
hypertension are 

excluded 

No. of participants 945 1233 483 
Training set size 630 822 322 
Hyperparameter value (selected 
using 10-fold cross-validation) 0.47 0.36 0.64 

Pearson correlationb in the training 
set 0.84 0.85 0.86 

Pearson correlationb in the test set 0.71 0.72 0.64 
MAEb in the training set 1.8 1.85 1.89 
MAEb in the test set 2.23 2.32 2.47 
HR (95% CI)c for all-cause 
mortality untill 2019 per 1 SD 
increase in PAC accelerationd  

1.67 (1.56, 1.79) 1.68 (1.57, 1.81) 1.66 (1.54, 1.78) 

SD for PAC acceleration 2.61 2.67 2.47 
Abbreviations: V5 – Visit 5; PAC – proteomic aging clock; BMI – body mass index; COPD – chronic 
obstructive pulmonary; CVD – cardiovascular disease; MAE – median absolute error; HR – hazard 
ratio; SD – standard deviation. 
a Hypertension was defined as diastolic blood pressure >=90 mmHg, systolic blood pressure >=140 
mmHg, or taking medication for high blood pressure. Hypertension is controlled if the measured 
diastolic blood pressure is below 90 mmHg and measured systolic blood pressure is below 140 mmHg 
while the participant is on medication.78 
b Pearson correlation and MAE between PAC and chronological age. 
c Model adjusted for chronological age, gender, race, center, education (at V1), BMI, smoking status, 
alcohol intake, physical activity, diabetes, eGFR, hypertension, and CVD at V5. 
d PAC was calculated as residuals after regressing PAC on chronological age. 
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Supplemental Table 3.5 Model R squared after regressing PAC acceleration on 
covariates at the corresponding visits 

Regressing acceleration for the V2 ARIC PAC on V2 covariates 
Covariates at V2 R squared 
Chronological age 0.0000 
Chronological age + gender 0.0000 
Chronological age + race, center 0.0039 
Chronological age + education at V1 0.0074 
Chronological age + BMI 0.0011 
Chronological age + smoking, pack-year of smoking 0.0032 
Chronological age + alcohol intake 0.0051 
Chronological age + physical activity at V1 0.0064 
Chronological age + aspirin use 0.0006 
Chronological age + diabetes 0.0264 
Chronological age + eGFR 0.0778 
Chronological age + hypertension 0.0124 
Chronological age + CVD 0.0166 

Regressing acceleration for the V5 ARIC PAC on V5 covariates 
Covariates at V5 R squared 
Chronological age 0.0000 
Chronological age + gender 0.0023 
Chronological age + race, center 0.0037 
Chronological age + education at V1 0.0020 
Chronological age + BMI 0.0016 
Chronological age + smoking 0.0001 
Chronological age + alcohol intake 0.0035 
Chronological age + physical activity 0.0292 
Chronological age + aspirin use 0.0013 
Chronological age + diabetes 0.0001 
Chronological age + eGFR 0.2033 
Chronological age + hypertension 0.0046 
Chronological age + CVD 0.0316 
Abbreviations: V1 – Visit 1; V2 – Visit 2; V5 – Visit 5; PAC – proteomic aging clock; BMI – body 
mass index; CVD – cardiovascular disease; eGFR – estimated glomerular filtration rate. 
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Supplemental Table 3.6 Top 20 proteins with the largest absolute weights in the V2 
ARIC PAC and V5 ARIC PAC 

V2 ARIC PAC 
No. Aptamer ID Proteins Weight 
1 SeqId_8956_96 Scavenger receptor class F member 2 2.39462492 
2 SeqId_14136_234 Complement component C1q receptor -2.232162 
3 SeqId_16890_37 ADAMTS-like protein 1 1.9584385 
4 SeqId_15640_54 Transgelin 1.86624409 
5 SeqId_3045_72 Pleiotrophin (PTN) 1.79477603 
6 SeqId_3362_61 Chordin-like protein 1 (CHRDL1) 1.76344784 
7 SeqId_6392_7 WNT1-inducible-signaling pathway protein 2 1.71303183 
8 SeqId_9793_145 Immunoglobulin superfamily DCC subclass member 4 -1.5215087 
9 SeqId_13114_50 Lumican 1.3807798 
10 SeqId_3331_8 RGM domain family member B -1.1463758 
11 SeqId_7179_69 Neurofascin 1.13848556 
12 SeqId_11196_31 Collagen alpha-3(VI) chain -1.1215024 
13 SeqId_7551_33 Transforming growth factor beta activator LRRC32 1.11417136 
14 SeqId_8974_172 Collagen alpha-1(XV) chain -1.0493308 
15 SeqId_3344_60 Antithrombin-III -1.036693 
16 SeqId_12417_46 EKC/KEOPS complex subunit TPRKB 1.02886089 
17 SeqId_8841_65 Cartilage intermediate layer protein 2 -1.0021828 

18 SeqId_4541_49 Cell adhesion molecule-related/down-regulated by 
oncogenes -0.9964351 

19 SeqId_9484_75 Desmoglein-2 -0.994248 
20 SeqId_4374_45 Growth/differentiation factor 15 (GDF15) 0.97937678 

V5 ARIC PAC 
No. Aptamer ID Proteins Weight 
1 SeqId_2677_1 Protein flightless-1 homolog -2.522735 
2 SeqId_15640_54 Transgelin 2.17188056 
3 SeqId_6392_7 WNT1-inducible-signaling pathway protein 2 2.03908149 
4 SeqId_3362_61 Chordin-like protein 1 1.48881636 
5 SeqId_3045_72 Pleiotrophin (PTN) 1.39529172 
6 SeqId_8974_172 Collagen alpha-1(XV) chain -1.032661 
7 SeqId_14136_234 Complement component C1q receptor -0.9259469 
8 SeqId_6081_52 Aldo-keto reductase family 1 member B10 -0.7204833 
9 SeqId_19332_1 MOB-like protein phocein 0.66952444 
10 SeqId_15434_5 Prepronociceptin 0.63560224 
11 SeqId_11388_75 WAP four-disulfide core domain protein 2 0.60409029 
12 SeqId_8480_29 EGF-containing fibulin-like extracellular matrix protein 1 0.59731828 
13 SeqId_8304_50 Tumor necrosis factor receptor superfamily member 11B 0.56012362 
14 SeqId_3327_27 Netrin-4 -0.5540319 
15 SeqId_5731_1 Serine protease inhibitor Kazal-type 6 0.55237444 
16 SeqId_9889_42 Actin filament-associated protein 1-like 1 -0.5422456 
17 SeqId_5307_12 Coagulation factor IX 0.52424523 
18 SeqId_7009_8 B-cell differentiation antigen CD72 -0.5158859 

19 SeqId_9266_1 Transmembrane and ubiquitin-like domain-containing 
protein 2 0.49286769 

20 SeqId_4496_60 Macrophage metalloelastase 0.48625879 
Abbreviations: V2 – Visit 2; V5 – Visit 5; PAC – proteomic aging clock. 
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Supplemental Table 3.7 V2 participant characteristics across quartiles of age acceleration for Tanaka's PAC and Sathyan's 
PAC 

  Tanaka's PAC Sathyan's PAC 

 
Q1  

(N = 2192) 
Q2  

(N = 2192) 
Q3  

(N = 2192) 
Q4  

(N = 2192) P-
value 

Q1  
(N = 2192) 

Q2  
(N = 2192) 

Q3  
(N = 2192) 

Q4  
(N = 2192)   

PAC acceleration  -16.7 to -2.0  -1.9 to -0.2  -0.1 to 1.7 1.8 to 28.4  - 14.0 to -2.2  2.1 to -0.2  -0.1 to 1.7 1.8 to 21.6 P-
value 

Chronological age, years 
(SD) 58.3 (5.8) 58.1 (5.7) 57.6 (5.6) 58.2 (5.6) <0.01 58.5 (5.6) 57.8 (5.7) 57.7 (5.8) 58.4 (5.7) <0.01 

Female, % 56.4 53.7 53.7 54.6 0.23 54.6 52.7 55.0 56.2 0.14 
White, % 64.8 74.8 76.0 76.1 <0.01 69.6 75.4 75.0 71.7 <0.01 
Education at V1, %           
    Less than high school 23.6 23.2 22.7 26.9 

<0.01 

21.7 22.3 24.2 28.3 

<0.01     High school equivalent 39.2 42.0 42.7 41.8 41.7 41.4 42.0 40.7 
    Greater than high 
school 37.2 34.7 34.5 31.2 36.5 36.3 33.8 31.0 

BMI, kg/m2 (SD) 29.0 (5.7) 28.5 (5.3) 28.3 (5.4) 27.8 (5.6) <0.01 28.3 (5.0) 28.4 (5.2) 28.4 (5.5) 28.4 (5.4) 0.86 
Smoking status, %           
    Current smoker 18.3 21.1 24.8 27.8 

<0.01 
22.6 22.1 23.6 23.8 

0.32     Former smoker 36.5 40.2 38.5 38.5 36.9 39.5 39.1 38.3 
    Never smoker 45.2 38.6 36.7 33.6 40.5 38.4 37.4 38.0 
Pack-years of smoking 
among ever smokers 27.8 (22.9) 28.7 (22.6) 31.1 (22.5) 33.2 (23.9) <0.01 28.2 (21.8) 29.4 (22.2) 29.8 (23.4) 34.0 (24.6) <0.01 

Alcohol intake, %           
    Current drinker 54.2 56.4 55.4 52.9 

0.17 
57.4 58.3 54.7 48.6 

<0.01     Former drinker 22.1 21.7 21.6 24.3 21.0 21.9 22.3 24.5 
    Never drinker 23.7 21.9 22.9 22.7 21.8 19.8 23.0 26.8 
Physical activity at V1, 
score (SD) 2.4 (0.8) 2.4 (0.8) 2.4 (0.8) 2.4 (0.8) 0.20 2.5 (0.8) 2.5 (0.8) 2.4 (0.8) 2.3 (0.8) <0.01 

Aspirin use in the 
preceding two weeks, % 47.6 52.2 52.1 57.7 <0.01 48.1 52.3 53.8 55.3 <0.01 

diabetes, % 22.4 19.8 18.6 20.7 0.02 19.1 17.8 19.1 25.4 <0.01 
Hypertension, % 47.9 47.6 47.4 51.2 0.04 43.9 46.7 48.9 54.6 <0.01 
CVD, % 11.5 13.3 15.2 23.7 <0.01 10.7 15.1 15.4 22.6 <0.01 
eGFR, mL/min/1.73 m2 
(SD) 102.9 (14.1) 99.2 (14.9) 96.9 (15.1) 87.2 (21.4) <0.01 101.7 (13.9) 99.4 (15.2) 96.5 (15.8) 88.5 (21.6) <0.01 

Abbreviations: V1 – Visit 1; V2 – Visit 2; PAC – proteomic aging clock; SD – standard deviation; BMI – body mass index; CVD – cardiovascular disease; eGFR – estimated 
glomerular filtration rate. 
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Supplemental Table 3.8 Association between age acceleration for Tanaka’s and Sathyan’s PACs and mortality 
 

No. of participants No. of deaths Total person-years 
Tanaka’s PAC Sathyan’s PAC 

 HR (95% CI)a per 1 SD  
(SD=3.15 years) 

HR (95% CI)a per 1 SD  
(SD=3.25 years) 

All-cause mortality 8768 5294 187,784 1.31 (1.27, 1.36) 1.38 (1.34, 1.43) 
CVD mortality 8768 1734 187,784 1.34 (1.27, 1.41) 1.41 (1.34, 1.49) 
CVD mortality (Fine and Grey 
model)    1.14 (1.08, 1.21) 1.18 (1.12, 1.25) 

Cancer mortality 8768 1516 187,784 1.17 (1.10, 1.24) 1.23 (1.16, 1.31) 
Cancer mortality (Fine and 
Grey model)    1.05 (0.99, 1.12) 1.07 (1.01, 1.14) 

Abbreviations: V1 – Visit 1; V2 – Visit 2; PAC – proteomic aging clock; BMI – body mass index; CVD – cardiovascular disease; eGFR - estimated 
glomerular filtration rate; SD – standard deviation; HR – Hazard ratio; CI – confidence interval. 
a Model adjusted for chronological age, gender, race, study center, education (at V1), BMI, smoking status, pack-years of smoking, alcohol intake, physical 
activity (at V1), diabetes, eGFR, hypertension, and CVD at V2. 

 



 56 

Supplemental Table 3.9 Association between acceleration for the V2 ARIC PAC and published PACs and mortality stratified 
by sex and race 

Stratified by sexa 

     No. of 
participants 

 No. of 
events 

 Total person-
years 

V2 ARIC PAC 
HR (95% CI)b 

Lehallier’s PAC 
HR (95% CI)b 

Tanaka’s PAC 
HR (95% CI)b 

Sathyan’s PAC 
HR (95% CI)b 

  Sex per 1 SDc per 1 SDc per 1 SDc per 1 SDc 

All-cause mortality 
Female 4789 2625 107,285 1.38 (1.32, 1.44) 1.35 (1.29, 1.40) 1.30 (1.25, 1.36) 1.40 (1.35, 1.46) 
Male 3979 2669 80,500 1.39 (1.33, 1.46) 1.35 (1.29, 1.41) 1.33 (1.27, 1.39) 1.38 (1.32, 1.44) 

P-interaction    0.61 0.98 0.79 0.38 

CVD mortality  
Female 4789 843 107,285 1.45 (1.34, 1.57) 1.37 (1.27, 1.47) 1.31 (1.21, 1.41) 1.42 (1.32, 1.53) 
Male 3979 891 80,500 1.46 (1.35, 1.57) 1.43 (1.33, 1.55) 1.38 (1.28, 1.49) 1.43 (1.33, 1.54) 

P-interaction    0.14 0.06 0.06 0.18 

cancer mortality 
Female 4789 721 107,285 1.15 (1.06, 1.25) 1.20 (1.10, 1.30) 1.15 (1.05, 1.25) 1.19 (1.09, 1.30) 
Male 3979 795 80,500 1.23 (1.13, 1.34) 1.17 (1.08, 1.27) 1.19 (1.10, 1.30) 1.26 (1.16, 1.37) 

P-interaction       0.67 0.26 0.83 0.92 
Stratified by racea 

     No. of 
participants 

 No. of 
events 

 Total person-
years 

V2 ARIC PAC 
HR (95% CI)b 

Lehallier’s PAC 
HR (95% CI)b 

Tanaka’s PAC 
HR (95% CI)b 

Sathyan’s PAC 
HR (95% CI)b 

  Race per 1 SDd per 1 SDd per 1 SDd per 1 SDd 

All-cause mortality White 6395 3859 139,615 1.37 (1.32, 1.41) 1.35 (1.30, 1.40) 1.31 (1.26, 1.36) 1.39 (1.34, 1.44) 
Black 2373 1435 48,169 1.41 (1.32, 1.50) 1.32 (1.24, 1.40) 1.31 (1.23, 1.39) 1.36 (1.28, 1.45) 

 P-interaction    0.27 0.94 0.19 0.99 

CVD mortality  
White 6395 1168 139,615 1.48 (1.39, 1.57) 1.42 (1.34, 1.52) 1.37(1.28, 1.46) 1.45 (1.36, 1.54) 
Black 2373 566 48,169 1.39 (1.26, 1.53) 1.33 (1.22, 1.47) 1.28 (1.16, 1.41) 1.34 (1.22, 1.48) 

P-interaction    0.49 0.56 0.95 0.51 

cancer mortality 
White 6395 1138 139,615 1.19 (1.11, 1.27) 1.20 (1.13, 1.29) 1.18 (1.10, 1.26) 1.24 (1.16, 1.33) 
Black 2373 378 48,169 1.22 (1.07, 1.39) 1.14 (1.00, 1.29) 1.14 (0.99, 1.30) 1.20 (1.05, 1.36) 

P-interaction       0.86 0.43 0.90 0.53 
Abbreviations: V1 – Visit 1; V2 - Visit 2; PAC – proteomic aging clock; SD – standard deviation; BMI – body mass index; CVD – cardiovascular disease; eGFR – estimated 
glomerular filtration rate; HR – hazard ratio; CI – confidence interval. 
a Interactions with sex and race were examined using a multiplicative term. 
b Model adjusted for chronological age, gender, race, study center, education (at V1), BMI, smoking status, pack-years of smoking, alcohol intake, physical activity (at V1), 
diabetes, eGFR, hypertension, and CVD at V2. 
c SDs for PAC acceleration across sex were: V2 ARIC PAC=3.02 and 2.85 years for females and males, respectively; Lehallier’s PAC=3.04 and 2.95 years for females and 
males, respectively; Tanaka’s PAC=3.17 and 3.13 years for females and males, respectively; and Sathyan’s PAC=3.30and 3.19 years for females and males, respectively. 
d SDs for PAC acceleration across race were: V2 ARIC PAC=2.75 and 3.40 years for White and Black participants, respectively; Lehallier’s PAC=2.84 and 3.40 years for 
White and Black participants, respectively; Tanaka’s PAC=2.95 and 3.61 years for White and Black participants, respectively; and Sathyan’s PAC = 3.03 and 3.79 years for 
White and Black participants, respectively. 
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Supplemental Table 3.10 Association between age acceleration for the V5 ARIC 
PAC and mortality, stratified by sex and race 

Stratified by sex 

 No. of 
participants 

No. of 
events 

Total 
person-
years 

HR (95% CI)b 
per 1 SDc 

All-cause mortality     
    Female 2565 536 17,809 1.72 (1.55, 1.91) 
    Male 1988 587 13,204 1.65 (1.50, 1.82) 
    P-interaction    0.16 
CVD mortality     
    Female 2565 163 17,809 1.44 (1.20, 1.74) 
    Male 1988 185 13,205 1.59 (1.34, 1.90) 
    P-interaction    0.58 
Cancer mortality     
    Female 2565 129 17,809 1.68 (1.38, 2.05) 
    Male 1988 149 13,204 1.06 (0.86, 1.30) 
    P-interaction    0.01 

Stratified by race 

 No. of 
participants 

No. of 
events 

Total 
person-
years 

HR (95% CI)b 
per 1 SDd 

All-cause mortality     
    White 3655 935 24,949 1.68 (1.56, 1.82) 
    Black 898 188 6063 1.56 (1.29, 1.90) 
    P-interaction    0.78 
CVD mortality     
    White 3655 274 24,949 1.50 (1.30, 1.73) 
    Black 898 74 6063 1.83 (1.36, 2.46) 
    P-interaction    0.64 
Cancer mortality     
    White 3655 233 24,949 1.36 (1.17, 1.59) 
    Black 898 45 6063 0.99 (0.65, 1.49) 
    P-interaction    0.79 
Abbreviations: V1 – Visit 1; V5 – Visit 5; PAC – proteomic aging clock; BMI – body mass index; CVD 
– cardiovascular disease; eGFR - estimated glomerular filtration rate; HR – hazard ratio; CI – confidence 
interval. 
a Interactions with sex and race were examined using a multiplicative term. 
b Model adjusted for chronological age, gender, race, study center, education (at V1), BMI, smoking 
status, alcohol intake, physical activity, diabetes, eGFR, hypertension, and CVD at V5. 
c SDs for V5 ARIC PAC acceleration across sex were 2.56 and 2.68 years for females and males, 
respectively. 
d SDs for V5 ARIC PAC acceleration across race were 2.50 and 3.03 years for White and Black 
participants, respectively. 
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Supplemental Table 3.11 Top 40 pathways overrepresented in the V2 ARIC PAC 
and V5 ARIC PAC 

V2 ARIC PAC 
No. Pathway FDR P-

value 
No. Pathway FDR P-

value 
1 cell adhesion 7.575E-24 21 locomotion 1.732E-13 
2 regulation of response to external 

stimulus 
4.352E-19 22 protein phosphorylation 1.875E-13 

3 positive regulation of 
phosphorylation 

3.344E-16 23 positive regulation of 
cell population 
proliferation 

1.875E-13 

4 positive regulation of phosphorus 
metabolic process 

3.344E-16 24 regulation of MAPK 
cascade 

2.436E-13 

5 positive regulation of phosphate 
metabolic process 

3.344E-16 25 regulation of response 
to stress 

3.434E-13 

6 regulation of immune system process 5.875E-16 26 transmembrane 
receptor protein 
tyrosine kinase 
signaling pathway 

3.434E-13 

7 response to wounding 6.211E-16 27 cytokine production 4.74E-13 
8 positive regulation of protein 

phosphorylation 
6.448E-16 28 peptidyl-tyrosine 

phosphorylation 
5.516E-13 

9 regulation of phosphate metabolic 
process 

1.928E-15 29 positive regulation of 
intracellular signal 
transduction 

1.173E-12 

10 regulation of phosphorus metabolic 
process 

1.928E-15 30 regulation of cytokine 
production 

1.173E-12 

11 regulation of protein phosphorylation 2.26E-15 31 MAPK cascade 1.227E-12 
12 positive regulation of MAPK cascade 2.26E-15 32 positive regulation of 

developmental process 
1.292E-12 

13 regulation of phosphorylation 3.115E-15 33 defense response to 
other organism 

2.276E-12 

14 positive regulation of signal 
transduction 

4.365E-15 34 cell killing 3.395E-12 

15 cell-cell adhesion 1.861E-14 35 regulation of 
programmed cell death 

4.725E-12 

16 negative regulation of multicellular 
organismal process 

3.615E-14 36 positive regulation of 
immune system process 

5.983E-12 

17 peptidyl-tyrosine modification 6.535E-14 37 cell activation 6.623E-12 
18 regulation of defense response 6.535E-14 38 regulation of 

locomotion 
1.065E-11 

19 enzyme-linked receptor protein 
signaling pathway 

6.747E-14 39 regulation of 
multicellular 
organismal 
development 

1.121E-11 

20 positive regulation of multicellular 
organismal process 

1.675E-13 40 innate immune 
response 

1.152E-11 

V5 ARIC PAC 
No. Pathway FDR P-

value 
No. Pathway FDR P-

value 
1 cell adhesion 5.137E-07 21 mononuclear cell 

migration 
4.436E-04 

2 vasculature development 2.848E-05 22 regulation of 
multicellular 

4.447E-04 
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organismal 
development 

3 regulation of response to external 
stimulus 

3.737E-05 23 cognition 5.401E-04 

4 blood vessel development 5.79E-05 24 leukocyte chemotaxis 5.89E-04 
5 leukocyte migration 7.459E-05 25 regulation of cell-

substrate adhesion 
9.524E-04 

6 blood vessel morphogenesis 8.36E-05 26 cell chemotaxis 1.064E-03 
7 circulatory system development 9.691E-05 27 granulocyte migration 1.2193E-

03 
8 regulation of chemotaxis 1.308E-04 28 regulation of immune 

system process 
1.24E-03 

9 negative regulation of multicellular 
organismal process 

2.084E-04 29 cell-matrix adhesion 1.301E-03 

10 tube development 2.099E-04 30 locomotion 1.322E-03 
11 cell-substrate adhesion 2.099E-04 31 positive regulation of 

multicellular 
organismal process 

1.418E-03 

12 inflammatory response 2.347E-04 32 behavior 2.244E-03 
13 learning or memory 2.432E-04 33 positive regulation of 

macrophage 
chemotaxis 

2.244E-03 

14 myeloid leukocyte migration 2.432E-04 34 positive regulation of 
chemotaxis 

2.244E-03 

15 response to wounding 3.016E-04 35 regulation of 
locomotion 

2.242E-03 

16 cellular extravasation 3.218E-04 36 response to inorganic 
substance 

2.63E-03 

17 tube morphogenesis 3.218E-04 37 cell-cell adhesion 2.702E-03 
18 taxis 3.218E-04 38 post-embryonic eye 

morphogenesis 
3.753E-03 

19 chemotaxis 3.218E-04 39 regulation of cell-
matrix adhesion 

3.753E-03 

20 negative regulation of response to 
external stimulus 

3.241E-04 40 angiogenesis 3.753E-03 

Abbreviations: V2 - Visit 2; V5 – Visit 5; PAC – proteomic aging clock. 
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Supplemental Table 3.12 Association between V2 to V5 change in PAC age 
acceleration and mortality, stratified by sex and race 

Stratified by sexa 

 No. of 
participants 

No. of 
events 

Total 
person-
years 

HR (95% CI)b 
per 1 SDc 

All-cause mortality     
Female 1531 372 10437 1.20 (1.06, 1.37) 
Male 1176 365 7744 1.46 (1.25, 1.60) 
P-interaction    0.13 

CVD mortality     
Female 1531 121 10437 1.14 (0.92, 1.43) 
Male 1176 121 7744 1.26 (1.02, 1.56) 
P-interaction    0.96 

Cancer mortality     
Female 1531 87 10437 1.25 (0.98, 1.52) 
Male 1176 85 7744 1.18 (0.91, 1.52) 
P-interaction    0.87 

Stratified by racea 

 No. of 
participants 

No. of 
events 

Total 
person-
years 

HR (95% CI)b 
per 1 SDd 

All-cause mortality     
    White 2103 600 14158 1.33 (1.20, 1.47) 
    Black 604 136 4022 1.15 (0.93, 1.41) 
    P-interaction    0.68 
CVD mortality     
    White 2103 188 14158 1.26 (1.05, 1.51) 
    Black 604 54 4022 1.02 (0.73, 1.42) 
    P-interaction    0.30 
Cancer mortality     
    White 2103 141 14158 1.21 (0.99, 1.46) 
    Black 604 31 4022 0.98 (0.61, 1.57) 
    P-interaction    0.75 
Abbreviations: V2 - Visit 2; V5 – Visit 5; PAC – proteomic aging clock; BMI – body mass index; CVD 
– cardiovascular disease; eGFR – estimated glomerular filtration rate; SD – standard deviation; HR – 
hazard ratio; CI – confidence interval. 
a Interaction with sex and race were examined using a multiplicative term. 
b Model adjusted for chronological age, gender, race, center, education (at Visit 1), BMI, smoking status, 
alcohol intake, physical activity, diabetes, eGFR, hypertension, and CVD at Visit 5. 
c SDs for the V2 to V5 change in acceleration across sex were 2.90 and 2.91 years for females and 
males, respectively. 
d SDs for the V2 to V5 change in acceleration across race were 2.81 and 3.23 years for White and Black 
participants, respectively. 
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F. Supplemental material 

 
The assessment of cancer, diabetes, hypertension, abnormal kidney function, chronic 

obstructive pulmonary disease (COPD), and cardiovascular diseases (CVD) events, and other 

characteristics of interest and the procedures for identifying healthy participants are described 

below. 

 

Ascertainment of cancer cases 

Prevalent cancers at Visit 1 were defined as a self-reported previous diagnosis of cancer. 

Incident cancers developed after Visit 1 were ascertained through 2015 via linkage with state 

cancer registries in Minnesota, North Carolina, Maryland, and Mississippi. These records were 

supplemented by the abstraction of medical records for hospitalizations and review of hospital 

discharge codes.53 

 

Ascertainment of diabetes, hypertension, and abnormal kidney function 

Diabetes mellitus was defined as fasting glucose ≥126 mg/dL, non-fasting glucose ≥200 

mg/dL, self-reported medication to treat diabetes, or self-reported physician diagnosis of diabetes. 

Hypertension was defined as diastolic blood pressure >=90 mmHg, systolic blood 

pressure >=140 mmHg, or taking medication for high blood pressure. Hypertension was 

classified as controlled if the measured diastolic blood pressure was below 90 mmHg and 

measured systolic blood pressure was below 140 mmHg while the participant was on 

medication.78 

Abnormal kidney function was defined as an estimated glomerular filtration rate (eGFR) 

<60 mL/min/1.73 m2. eGFR was calculated based equations that utilized serum creatinine and 

incorporated age and sex.79 
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Ascertainment of COPD  

COPD was defined as having a forced expiratory volume in 1 second (FEV1) <80% of 

the predicted value and a FEV1/forced vital capacity (FVC) ratio of <70% based on spirometry. 

Participants meeting only one of the two criteria for COPD were categorized in the no COPD 

referent group for analysis. 

FEV1, which is the volume of gas exhaled in the first second of expiration, and FVC, the 

total volume of gas exhaled, were measured according to the American Thoracic Society 

criteria.80 Collins Survey II water-seal spirometers (Collins Medical, Inc., Braintree, MA) driven 

by IBM PC/XT computers and under the control of Pulmo-Screen software (PDS Healthcare 

Products, Inc., Louisville, CO) were used to assist the technicians with quality control, calculation 

of pulmonary function variables, and compilation of results for transmission to the ARIC 

Pulmonary Function Reading Center. Participants performed the FVC maneuver until there were 

two error-free reproducible maneuvers (FEV1 and FVC within 5%) out of three acceptable 

maneuvers, with the maneuvers repeated up to eight times if necessary.  

FEV1 predicted was calculated as follows for men and women:81 

Men: FEV1 predicted = 0.0414(height in cm) − 0.0244(age) − 2.190 

Women: FEV1 predicted = 0.0342(height in cm) − 0.0255(age) − 1.578 

Because Black individuals have lower lung function than White individuals,82 the FEV1 

predictions were multiplied by 0.88 for Black participants in order to adjust the above lung 

function equations (developed for White individuals) for use in Black individuals.83,84 The 

percentage of predicted values for FEV1 for a person was calculated by dividing measured FEV1 

by predicted FEV1. 

 

Ascertainment of CVD events 

CVD events included 1) heart failure (HF), 2) definite or probable stroke, or 3) coronary 

heart disease (CHD), defined as definite or probable myocardial infarction (MI) or definite fatal 
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CHD.85,86 

Pre-existing HF at Visit 1 was defined as 1) an affirmative response to “Were any of the 

medications you took during the last 2 weeks for heart failure?” or 2) stage 3 or “manifest heart 

failure” by Gothenburg criteria.87,88 Pre-existing CHD at Visit 1 was defined as 1) a self-reported 

previous physician diagnosis of MI or coronary revascularization or 2) as prevalent MI by 12-lead 

electrocardiography. Pre-existing stroke at Visit 1 was defined by any self-reported previous 

physician diagnosis of stroke.85,86 

CVD events that developed after Visit 1 were identified via annual interviews, study 

visits, and community-wide surveillance of hospitalization discharge listings and validated via 

physician review. Incident CHD was defined as definite or probable MI, fatal CHD, or coronary 

revascularization. Definite or probable HF was defined as the first occurrence of hospitalization 

of heart failure via hospital discharge code.89 Definite or probable stroke was identified via a 

computer algorithm based on criteria adapted from the National Survey of Stroke,90 which 

utilized classification, signs, symptoms, neuroimaging, and other diagnostic reports.91 

 

Assessment of other characteristics of interest 

At each visit, participants reported information on smoking, alcohol intake, and use of 

medications, and underwent a physical exam that included measurements of height and weight. 

Body mass index (BMI) was calculated as weight (kg) divided by height (in meters) squared. 

Pack-years of smoking at Visit 1 was derived by multiplying the average cigarettes smoked per 

day times the number of years smoked. Pack-years smoked at Visit 2 was calculated by 

combining pack-year estimates from Visit 1 with smoking status estimates from Visit 2 (e.g., for 

current smokers at Visits 1 and 2, the average time between visits (3 years) was multiplied by the 

number of daily cigarettes reported at Visit 1 and added to Visit 1 pack-years).92 Physical activity 

at Visit 1 and Visit 5 was assessed using a modified version of the Baecke questionnaire from 

which leisure time physical activity was derived as a function of reported intensity and time spent 
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on sports and exercise. Cognitive function was assessed using three neuropsychological tests: the 

Delayed Word Recall Test (DWRT), the Digit Symbol Substitution Test (DSST) of the Wechsler 

Adult Intelligence Scale–Revised, and the Word Fluency Test (WFT). Protocols for the tests were 

standardized, and trained examiners administered the tests in a fixed order during one session in a 

quiet room.93 The DWRT evaluates verbal learning and short‐term memory.94 Participants learn 

10 nouns, use them in sentences, and, after 5 minutes, are asked to recall them. The score of 

DWRT is the number of nouns recalled (maximum of 10). The DSST evaluates executive 

function and processing speed.95 Participants use a key to write symbols corresponding to 

numbers in 90 seconds. The score of DSST, ranging from 0 to 93, is the number of correctly 

written symbols. The WFT evaluates executive function and expressive language.96 Participants 

generate as many words as possible within 60 seconds, starting with F, A, and S, with 1 trial per 

letter. The score of WFT is the sum of all correct words generated.  

 

Identifying healthy participants at Visit 2 

Among 14,348 participants who attended Visit 2, we excluded participants without 

protein measures at Visit 2 (N=2,550) and participants whose race was other than White or Black 

(N=37), resulting in 11,761 participants. To restrict to healthy participants, we additionally 

excluded those who reported a history of cancer (N = 927), met the definition of diabetes (N = 

1,857), met the definition of hypertension (N = 3,311), had abnormal kidney function (eGFR < 60 

mL/min/1.73 m2) (N = 43), met the definition of COPD (N = 841), or had a history of CVD (N 

= 293), leaving 4,489 healthy participants. There were 7,272 participants with any major diseases 

or health conditions. 

 

Identifying healthy participants at Visit 5 

Among 6,538 participants who attended Visit 5, we excluded participants without protein 

measures at Visit 5 (N=1,343) and participants whose race was other than White or Black 
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(N=12), resulting in 5,183 participants5. To restrict to healthy participants, we additionally 

excluded those with cancer (N = 1,211), diabetes (N = 1,247), uncontrolled hypertension (N = 

1,595), abnormal kidney function (N = 385), COPD (N = 537), and CVD (N = 154), leaving in 

945 healthy participants. There were 4,238 participants with any major diseases or health 

conditions. 
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Chapter 4  Manuscript 2: Proteomic Aging Clock and Risk of Cancer in the 

Atherosclerosis Risk in Communities (ARIC) Study 

A. Overview 

Background: Individuals with and without cancer may have a different pace of 

physiological dysregulation, i.e., they have different biological aging. Aging clocks have 

been proposed as a measure of biological aging, including a novel proteomic aging clock 

(PAC). The deviation of a PAC from chronological age is called PAC acceleration. PACs 

have been linked to age-related diseases but have not been examined in relation to cancer 

risk. We examined the association between PAC acceleration for a newly constructed 

cancer-specific PAC (CaPAC) and a published PAC proposed by Lehallier [2020] (so 

called Lehallier’s PAC) and cancer risk in the Atherosclerosis Risk in Communities 

(ARIC) study.  

 

Methods: ARIC is a prospective cohort of White and Black women and men initiated in 

1987 and followed for cancer until 2015. An aptamer-based platform was used to 

measure more than 5000 proteins in plasma collected at Visit 2 (V2, 1990-92). Of 10,834 

participants, 3,347 developed cancer and 7,487 remained cancer-free through 2015. 

Using elastic net regression, we constructed the CaPAC in a training set randomly 

selected from participants who remained cancer-free (N = 4,991). The CaPAC included 

1,282 aptamers and was internally validated in the remaining participants who stayed 

cancer-free (test set). In addition, we also calculated Lehallier’s PAC. In the test set, we 

calculated PAC acceleration as the residual for each participant after regressing PAC on 

chronological age. We used Cox proportional hazards regression to estimate hazard ratios 
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(HRs) and 95% confidence intervals (CIs) for incident cancer overall, and for the most 

common cancers (prostate, lung, breast, colorectal, bladder, kidney, and pancreatic 

cancers). 

 

Results: In the test set, both the CaPAC and Lehallier’s PAC were correlated with 

chronological age [Pearson correlation coefficient (r) = 0.82 for CaPAC; and r = 0.76 for 

Lehallier’s PAC] and with each other [r = 0.90]. Age acceleration for CaPAC [HR (95% 

CI) per 1 SD = 1.04 (1.00, 1.08)], but not for Lehallier’s PAC, was significantly 

associated with overall cancer risk. Age acceleration for both PACs was similarly 

associated with lung cancer risk [HR (95% CI) per 1 SD =1.23 (1.12, 1.36) for CaPAC 

acceleration], and these associations remained positive among never smokers. In 

addition, CaPAC acceleration was associated with colorectal cancer risk [HR (95% CI) 

per 1 SD =1.15 (1.02, 1.30)]. Neither PAC was associated with breast, prostate, kidney, 

bladder, or pancreatic cancer risk. 

 

Conclusion: PACs hold promise as potential biomarkers for cancer risk. 

 

B. Introduction 

Aging plays a critical role in cancer, as indicated by the fact that the incidence of 

most cancer types markedly increases with age.97,98 Growing evidence shows that 

individuals with cancer develop physiological dysregulation at an earlier chronological 

age than those without cancer,99 suggesting that the biological age of individuals with 

cancer is higher than their chronological age. Biological age, according to the definition 
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proposed by Baker and Sprott, is characterized by the “biological parameter[s] of an 

organism, either alone or in some multivariate composite that will, in the absence of 

disease, better predict functional capability at some late age than will chronological 

age”.62 

To estimate individual’s biological age, researchers have proposed biological age 

estimators called aging clocks, using epigenetics, transcriptomics, metabolomics, 

proteomics, and other biomarkers.12 A positive difference between an individual’s 

biological age estimated by aging clocks and chronological age is called age acceleration. 

The most studied aging clocks were developed using DNA methylation data, including 

Horvath, Hannum, DNAm PhenoAge, and GrimAge clocks.17-20 Greater age acceleration 

for these epigenetic clocks has been associated with an increased risk of different types of 

cancer, although the associations for colorectal, kidney, and pancreatic cancers were 

inconsistent when using different epigenetic clocks.19,20,25,32,33,35,36,38,100,101 However, the 

underlying mechanisms of changes in these DNA methylation sites remain unclear.63 

Proteomic aging clocks (PACs) also hold promise because proteomic-based biomarkers 

may be intermediate phenotypes between genetics and disease, and may provide more 

information on aging and age-related pathology.13,40 In addition, proteins serve as a target 

in 96% of FDA approved medications.41 Therefore, the proteins comprising PACs hold 

promise as targets of anti-aging drugs.  

Several PACs have been proposed, including PACs developed by Lehallier,14 

Tanaka,13 and Sathyan.43 Previous findings showed that PACs could identify individuals 

with age acceleration and predict their future risk of age-related conditions.14,29,43 
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However, to our knowledge, no studies examined PACs in relation to cancer risk. In 

addition, previous published PACs were not cancer-specific.  

In this study, we constructed a cancer-specific PAC (CaPAC) using data from the 

Atherosclerosis Risk in Communities (ARIC) study, which recently measured more than 

5000 proteins using SomaScan assay (v.4). We hypothesized that the CaPAC would be 

positively associated with risk of cancer. We also tested if the PAC developed by 

Lehallier [2020] (so called Lehallier’s PAC) and the CaPAC predict risk of cancer in 

similar way.  

 

C. Methods 

C.1 Study population 

The ARIC study is a prospective cohort initiated in 1987.52,53 In 1987-1989 (Visit 

1, V1), 15,792 participants aged 45-64 years were recruited from four study centers - 

Maryland; Minnesota; Mississippi; and North Carolina. Participants in Minnesota and 

Maryland were primarily White, and the recruitment of Mississippi was restricted to 

Black residents. The ARIC study was approved by institutional review boards at each 

participating center, and all study participants provided written informed consent. Thus 

far, eight study visits have been completed.52 Additionally, participants underwent 

follow-up via telephone calls annually between 1987-2012 and semi-annually after 2012, 

with response rates of 90%-99% for the annual follow-up calls and 83%-90% for semi-

annual follow-up calls among living participants who have not withdrawn consent to be 

contacted.53  
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C.2 Ascertainment of cancer cases 

Incident cancer cases were ascertained through 2015 via linkage with state cancer 

registries in Maryland, Minnesota, Mississippi, and North Carolina. These records were 

supplemented by the abstraction of medical records and hospital discharge codes.53  

 

C.3 Blood collection 

The ARIC protocol for blood sample collection, processing, and storage protocol 

was designed to minimize the spontaneous biochemical reactions after blood collection, 

and is consistent with recommended practice for proteomics data analysis in 

epidemiological studies.58,64,65 Briefly, after venipuncture, blood samples were put 

immediately in an ice water bath. Centrifugation was then performed within 10 min after 

venipuncture at room temperature (15-25 °C). After centrifugation, the aliquots were 

stored at −80 °C within 90 min from venipuncture and were never thawed before this 

analysis.  

 

C.4 Protein measurement and quality control 

For this study, we used proteins measured in EDTA-plasma samples collected at 

Visit 2 (V2, 1990-92). Plasma samples collected at Visit 3 (V3, 1993-95) and Visit 5 (V5, 

2011-13) were used for sensitivity and exploratory analyses. Samples were analyzed 

using a Slow Off-rate Modified Aptamers (SOMAmer)--based capture array called 

SomaScan by Somalogic, Inc. (Boulder, CO, USA).54-57 The SomaScan platform uses 

single-stranded DNA-based aptamers to capture conformational protein epitopes.  

Protein analyte measurements underwent the regular SomaScan data 
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standardization and normalization process.58,59 First, hybridization control normalization 

was applied to each sample based on a set of hybridization control sequences to correct 

for systematic biases during hybridization. Second, median signal normalization was 

applied to measures within a plate to remove sample or assay biases that may be because 

of pipetting variation, variation in reagent concentrations, assay timing, and other sources 

of systematic variability within a single plate run. Finally, each plate contained calibrator 

samples for each SOMAmer reagent, which was used to correct for plate-to-plate 

variation based on established global reference standards. The median Bland-Altman 

coefficient of variation (CVBA) for split samples was 6% at V2 (12% at V3 and 7% at 

V5) after excluding aptamers with a CVBA >50% or a variance of <0.01 on the log scale, 

or aptamers nonspecific binding to nonproteins. After the exclusion, 4955 aptamers (at 

V2, V3, and V5) were included that corresponded to 4,712 proteins. Protein measures 

were reported as relative fluorescent units (RFU) and were log2 transformed to correct 

for skewness. 

 

C.5 Assessment of other participant characteristics 

Other characteristics of interest included demographic and lifestyle/medical 

characteristics, namely chronological age, sex, race, study center, education, smoking 

status, pack-years of smoking, alcohol intake, body mass index (BMI), hormone 

replacement therapy (for females only), aspirin use, diabetes status, and estimated 

glomerular filtration rate (eGFR). Sex, race, study center, and education was collected at 

V1, chronological age was calculated from date of birth until date of V2, and all the other 

variables listed above were collected at V1 - V3.76 At each visit, participants reported 
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information on smoking history, alcohol intake, and use of medications and underwent a 

physical exam that included measurement of height and weight. BMI was calculated as 

weight (kg) divided by height (in meters) squared. Diabetes mellitus was defined as 

fasting glucose ≥126 mg/dL, non-fasting glucose ≥200 mg/dL, self-reported use of 

medication to treat for diabetes, or self-reported physician diagnosis of diabetes. Detailed 

procedures for estimation of pack-years of smoking have been published.92 eGFR at V2 

was calculated based on equations that utilized serum creatinine and cystatin C and 

incorporated age and sex.79 

 

C.6 Statistical analysis 

Proteomic aging clocks (PACs) were constructed using R (version 4.1.2, package 

“glmnet”) and all the other analyses were performed using SAS version 9.4 (SAS 

Institute Inc, Cary, NC). 

Among 14,348 participants who attended V2 (chronological age: 46-70 years), we 

excluded participants without protein measures (N=2,550), participants with race other 

than White or Black (N=37), and participants who reported a history of cancer at V2 

(N=927), leaving 10,834 participants for analysis. Among them, 3,347 developed cancer 

by the end of 2015 (median follow-up = 17.19 years), and 7,487 remained cancer-free 

(Figure 4.1).  

 

C.6.1 Construction and validation of PACs 

Among the 7,487 participants who remained cancer-free, we randomly selected 

two-thirds (N=4,991) and used them as the training set. The remaining one-third were 
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used as the test set (N=2,496) (Figure 4.1). Using the training set, we applied elastic net 

regression to train the CaPAC (Supplemental Table 4.1) against chronological age. The 

elastic net regression (alpha = 0.5 and hyperparameter value was selected based on 10-

fold cross-validation) selected 1,282 aptamers out of the 4,955 aptamers.  

In addition to the newly constructed CaPAC, we also computed Lehallier’s 

PAC,14 one of the published PACs. We chose Lehallier’s PAC rather than PACs 

developed by Tanaka and Sathyan,13,43 because Lehallier’s PAC was more strongly 

correlated with chronological age (r=0.96) compared to other published PACs. We 

estimated ARIC weights for Lehallier’s PAC instead of using the published weights 

because ARIC did not include all the aptamers reported in Lehallier’s PAC. Using the 

415 aptamers available in ARIC out of the 491 aptamers reported by Lehallier et al 

[2020],14 we estimated ARIC weights by applying Ridge regression (hyperparameter 

value was selected based on 10-fold cross-validation). 

In the test set, we calculated PACs for each of the participant using the weighted 

sum of their aptamer levels: 𝑃𝐴𝐶 = 𝛽! + ∑ 𝛽" × 𝑎𝑝𝑡𝑎𝑚𝑒𝑟"#
"$% , where 𝑎𝑝𝑡𝑎𝑚𝑒𝑟" is the 

level of ith aptamer and the intercept (b0) and weights (bi) were estimated using the 

training set. We estimated the performance of each PAC by measuring the Pearson 

correlation between PAC and chronological age in the test set. In addition, we also 

calculated the median absolute error (MAE) between each PAC and chronological age in 

the test set. 

 

C.6.2 Association between participant characteristics and PACs  

To examine the cross-sectional association between participant characteristics at 
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V2 and the PACs, we computed the CaPAC and Lehallier’s PAC in 5,843 White and 

Black participants without a history of cancer at V2. To capture associations that are 

independent of chronological age, we examined associations with PAC acceleration (for 

CaPAC and Lehallier’s PAC).35 PAC acceleration was estimated as the residual for each 

participant after regressing the PAC on chronological age. Demographic and 

lifestyle/medical characteristics at V2 were examined across quartiles of PAC 

acceleration. 

 

C.6.3 Association with risk of cancer 

We used Cox proportional hazards regression to estimate hazard ratios (HRs) and 

95% confidence intervals (CIs) for the association between PAC acceleration (modeled 

as a continuous variable) and risk of cancer overall, as well as the most common cancers 

(prostate, lung, breast, colorectal, bladder, kidney, and pancreatic cancers). For each 

participant, total person-years was determined from date of V2 until diagnosis of cancer, 

death, loss to follow-up, or administrative censoring on December 31, 2015, whichever 

occurred first. The proportional hazards assumption was examined by modeling an 

interaction between PAC acceleration and follow-up time, and the assumption was not 

violated in any regression models. We constructed three models. Model 1 was adjusted 

for chronological age, sex, race, and study center. Model 2 was additionally adjusted for 

education, BMI, smoking status, pack-years of smoking, alcohol intake, and eGFR. 

Model 3 (fully adjusted model) was additionally adjusted for hormone replacement 

therapy (in women), aspirin use, and diabetes status.  

We also examined whether sex, race, or smoking status at V2 modified the 
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association between PAC acceleration and overall cancer risk and risk of most common 

cancers, because males75 and smokers20 might age faster and smokers and Black 

individuals had a higher incidence of several cancer types.102 Interaction of PAC 

acceleration with sex, race, and smoking status were examined using a multiplicative 

term. 

 

C.6.4 Exploratory analysis 

All the previous studies of PACs trained their PACs against chronological age 

using a cross-sectional design. Cross-sectional studies measure protein levels and 

chronological age in different individuals, typically across a wide range of chronological 

age. However, pace of aging could be different between individuals and may be more 

accurately reflected by within-individual changes in protein levels captured in 

longitudinal designs.22 In an exploratory analysis, we constructed another cancer-specific 

PAC -- CaPAC2 (Supplemental Table 4.1) based on the top 2000 proteins with the 

largest within-individual changes in blood levels between V2 and V5 (about 20 years). 

Among 3,220 who remained cancer-free until 2015 and had proteomics data at both V2 

and V5, we randomly selected two-thirds of participants (N=2,147) and used them as the 

training set2 and the remaining one-third of participants were used as the test set2 

(N=1,073). Using training set2, we calculated the mean and SD for the within-individual 

changes for all the 4,955 aptamers. We ranked aptamers based on their mean/SD for 

within-individual changes and selected the top 2,000 aptamers. Using the selected top 

2000 aptamers as predictors, we applied elastic net regression to train CaPAC2 against 

chronological age at V2. Elastic net regression selected 420 aptamers out of the top 2000 
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aptamers with largest within-individual changes. We used the test set2 to validate the 

performance of CaPAC2. We also examined the association between CaPAC2 

acceleration and cancer incidence. In another exploratory analysis, we compared CaPAC 

and CaPAC2 to the V2 ARIC PAC (developed in healthy participants) (Supplemental 

Table 4.1), which we described in Manuscript 1. We tested if these PACs showed similar 

association with risk of cancer. In the last exploratory analysis, we used ToppGene68-70 to 

conduct an overrepresentation analysis (ORA) for the proteins included in the CaPAC. 

ORA is a type of pathway analysis that determines whether proteins from pre-defined 

pathways, for example, those participating in the same molecular process or regulated by 

the same transcription factor (i.e., to a specific GO term or KEGG pathways), are present 

more than would be expected (overrepresented) in our data.71 UniProt IDs were provided 

as the inputs, the background was set to all protein-coding genes, and the False Discovery 

Rate (FDR) significance level was set to 0.05. 

 

C.6.5 Sensitivity analysis 

In a sensitivity analysis, we constructed another PAC (CaPAC3) using proteomic 

data measured at V3 (Supplemental Table 4.1). Among the 10,396 participants who 

were cancer-free at V3, 3,092 participants developed cancer by the end of 2015 and 7,304 

participants remained cancer-free. Using a set randomly selected from participants who 

remained cancer-free until 2015 (N = 5,000), we constructed CaPAC3 by applying elastic 

net regression. We then applied CaPAC3 to the 5,396 participants who were cancer-free 

at V3 (after excluding the 5000 participants who used to constructed CaPAC3) and 

repeated the main analyses using CaPAC3 acceleration instead of CaPAC acceleration. 
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For this sensitivity analysis, follow of participants started at V3. 

 

D. Results 

D.1 Pearson correlation coefficients between PACs and chronological age 

The Pearson correlation coefficients between the CaPAC and chronological age 

were 0.92 (median absolute error (MAE) = 1.57 years) and 0.82 (MAE = 2.14 years), 

respectively, in the training set and test set (Figure 4.2a). For Lehallier’s PAC, the 

correlations with chronological age were slightly lower: 0.81 (MAE = 2.33 years) and 

0.76 (MAE = 2.52 years), respectively, in the training and test sets (Figure 4.2b). The 

correlation between CaPAC and Lehallier’s PAC was 0.90 in the test set. 

 

D.2 Distributions of participant characteristics across quartiles of PAC acceleration 

Among the 5,843 White and Black participants without a history of cancer at V2, 

those with higher age acceleration for CaPAC and Lehallier’s PAC were more likely to 

be never drinkers, have diabetes, less education, and a lower mean eGFR (Table 4.1). In 

addition, participants with higher age acceleration for Lehallier’s PAC were more likely 

to be ever smokers (Table 4.1). 

 

D.3 Associations of PAC acceleration with risk of cancer 

We found that CaPAC acceleration was statistically significantly associated with 

risk of overall cancer. In the Model 3, HR (95% CI) per 1 SD were 1.04 (1.00, 1.08) 

(Model 3, Table 4.2). This association was not modified by sex, race, or smoking status 

(Table 4.3 and Supplemental Table 4.2). By contrast, the association between 
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Lehallier’s PAC acceleration and overall cancer was not significant in the fully adjusted 

model (Model 3) [HR (95% CI) per 1 SD=1.02 (0.98, 1.06)] (Table 4.2). However, age 

acceleration for Lehallier’s PAC appeared to be associated with higher overall cancer risk 

in Black participants, but not in White participants and there was a suggestion of 

interaction with race [p-interaction=0.08] (Table 4.3).  

We found that higher age acceleration for CaPAC and Lehallier’s PAC was 

statistically significantly associated with an increased lung cancer risk [HRs (95% CIs) 

per 1 SD = 1.24 (1.12, 1.36) for CaPAC and 1.20 (1.09, 1.32) for Lehallier’s PAC] 

(Model 3, Table 4.2). These associations remained positive among never smokers [HRs 

(95% CIs) per 1 SD = 1.42 (0.96, 2.10) for CaPAC and 1.40 (0.95, 2.01) for Lehallier’s 

PAC] (Supplemental Table 4.2). There was no association between age acceleration for 

CaPAC or Lehallier’s PAC and kidney cancer risk (Table 4.2). However, higher age 

acceleration for CaPAC and Lehallier’s PAC appeared to be associated with kidney 

cancer risk in Black participants, but not in White participants [p-interactions = 0.05 and 

0.07, for CaPAC and Lehallier’s PAC, respectively] (Table 4.3). We also found that 

CaPAC acceleration was significantly associated with colorectal cancer (CRC) risk [HR 

(95% CI) per 1 SD = 1.15 (1.02, 1.30) (Model 3, Table 4.2). This association was not 

statistically modified by sex or race (Table 4.3), but there was a suggestion of interaction 

with smoking status for this association (p-interaction = 0.09) (Supplemental Table 4.2). 

Age acceleration for CaPAC and Lehallier’s PAC was not associated with risk of 

prostate, postmenopausal breast, bladder, or pancreatic cancer (Table 4.2). 

 

D.4 Exploratory analysis 
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For CaPAC2, Pearson correlation coefficients with chronological age were 0.85 

(MAE = 1.85 years) and 0.75 (MAE = 2.31 years), respectively, in the training set2 and 

test set2 (Supplemental Figure 4.1). In participants who remained cancer-free until 2015 

(N=1,775, after excluding training sets for CaPAC and CaPAC2), the Pearson correlation 

coefficient between CaPAC and CaPAC2 was 0.90.  

Among the 8,687 White and Black participants without a history of cancer at V2, 

those with higher CaPAC2 acceleration were more likely to be never drinkers, aspirin 

users, have diabetes, less education. and a lower mean eGFR (Supplemental Table 4.3). 

CaPAC2 acceleration was positively associated with risk of lung cancer [HR (95% CI) 

per 1 SD=1.24 (1.12, 1.38)], but negatively associated with risk of postmenopausal breast 

cancer [HR (95% CI) per 1 SD=0.83 (0.76, 0.94)] in the fully adjusted model (Table 

4.4). These associations remained significant among never smokers [HR (95% CI) per 1 

SD=1.71 (1.25, 2.54) for lung cancer risk and 0.77 (0.67, 0.89) for postmenopausal breast 

cancer risk] (Supplemental Table 4.5). In addition, CaPAC2 acceleration was negatively 

associated with risk of bladder cancer [HR (95% CI) per 1 SD=0.82 (0.68, 0.99)] (Table 

4.4). There were no associations of CaPAC2 acceleration with overall cancer or kidney 

cancer risk overall (Table 4.4). However, CaPAC2 acceleration appeared to be associated 

with risk of overall cancer and kidney cancer in Black participants, but not White 

participants [p-interactions<0.05] (Supplemental Table 4.4). CaPAC2 acceleration was 

not associated with risk of prostate, colorectal, or pancreatic cancers. 

 

D.4.1 V2 ARIC PAC (developed in healthy participants) 
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The Pearson correlation between the V2 ARIC PAC and chronological age was 

0.77 among 5,361 participants who remain cancer-free (after excluding the training set 

for V2 ARIC PAC) (Supplemental Figure 4.2). The correlation between the CaPAC and 

the V2 ARIC PAC was 0.92 (N=1,763 after excluding the training sets for the CaPAC 

and V2 ARIC PAC).  

Among the 7,842 White and Black participants without a history of cancer at V2, 

those with higher V2 ARIC PAC acceleration were more likely to be ever smokers, never 

drinkers, have diabetes, less education, and a lower mean eGFR (Supplemental Table 

4.3). Similar to the results for the CaPAC, V2 ARIC PAC acceleration was statistically 

significantly associated with risk of lung cancer [HR (95% CI) per 1 SD = 1.31 (1.16, 

1.47)], and risk of CRC [HR (95% CI) per 1 SD = 1.17 (1.00, 1.37)] (Table 4.4). These 

associations were not modified by sex, race, or smoking status (Supplemental Tables 

4.4 and 4.5). V2 ARIC PAC acceleration was not significantly associated with overall 

cancer in the fully adjusted model [HR (95% CI) per 1 SD = 1.04 (0.99, 1.10)] (Table 

4.4). V2 ARIC PAC acceleration was not associated with risk of prostate, 

postmenopausal breast, bladder, kidney, or pancreatic cancers. 

 

D.4.2 Overrepresentation analysis 

Using the Gene Ontology Biological Process database, we found that 1963 

pathways were overrepresented (FDR p-value < 0.05) for the proteins included in 

CaPAC. The Top 40 overrepresented pathways are listed in Supplemental Table 4.6. 

They included “positive regulation of phosphorylation”, “positive regulation of cell 

population proliferation”, “regulation of immune system process”, “cytokine production”, 
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“regulation of programmed cell death”, “regulation of phosphorylation”, and “regulation 

of cytokine production”. 

 

D.5 Sensitivity analysis 

The associations between age acceleration for CaPAC3, i.e., cancer-specific PAC 

constructed using proteomic data at V3, and risk of overall cancer and cancer subtypes 

(Table 4.5) were similar to those for CaPAC. 

 
 
E. Discussion 

In a large prospective study of White and Black individuals, we constructed a 

cancer-specific PAC, using data on more than 5,000 proteins. In participants who 

remained cancer-free through 2015, the CaPAC was correlated with chronological age: 

r=0.82. We found that CaPAC acceleration was associated with risk of overall cancer, 

CRC, and lung cancer. CaPAC acceleration was associated with an increased kidney 

cancer risk in Black but not White participants. 

In our study, we also constructed another cancer-specific PAC – CaPAC2, i.e., 

PAC based on proteins with largest within-individual changes between V2 and V5 and 

we compared it to CaPAC, Lehallier’s PAC, and the V2 ARIC PAC. We found that all of 

these PACs were similarly correlated with chronological age. The magnitude of the 

associations for overall cancer risk and risk of prostate, lung, colorectal, kidney, and 

pancreatic cancers were similar for these PACs, and the direction of the associations for 

risk of postmenopausal breast and bladder cancers were the same.  
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In our study, we found that CaPAC acceleration was significantly associated with 

risk of overall cancer [HR (95% CI) per 1 year = 1.02 (1.00, 1.03)]. Of note, here we 

report HR per one year of age acceleration, the same units as in published studies, which 

allowed us to compare our findings to the findings in published studies. Previous study 

also found significant associations between age acceleration for epigenetic clocks and 

risk of overall cancer.36 A meta-analysis of five studies reported that a one-year increase 

in acceleration for GrimAge [HR (95% CI)=1.07 (1.05, 1.08)], DNAm PhenoAge [HR 

(95% CI) = 1.02 (1.01, 1.03)], and Horvath [HR (95% CI)=1.01 (1.00, 1.03)] were 

significantly associated with risk of overall cancer, but there was no association with 

Hannum age acceleration.20  

In our study, we also found that CaPAC acceleration was statistically significantly 

associated with risk of lung cancer [HR (95% CI) per 1 year = 1.08 (1.04, 1.12)]; and 

after stratified by smoking status, the associations were significant among current and 

former smokers and the association among never smokers were positive although not 

significant. Previous studies also reported significant associations between acceleration 

for epigenetic clocks and lung cancer risk.19,25 The Women’s Health Initiative (WHI) 

study found a one-year increase in age acceleration of Horvath and DNAm PhenoAge 

clocks were statistically significantly associated with a 50% (p = 3.4×10-3)25 and 5% (p = 

0.031)19 increase in risk of lung cancer, respectively; and after stratified by smoking 

status, they found significant association among current smokers19,25 but not among 

former or never smokers.25  

In our study, we also found that CaPAC acceleration was associated with an 

increased risk of CRC [HR (95% CI) per 1 SD = 1.15 (1.02, 1.30)]. Several previous 
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studies examined the risk of CRC using epigenetic clocks.33,36,101 Using the Mendelian 

randomization method, a meta-analysis of three studies found a significant association 

between acceleration for GrimAge and CRC risk.32 Likewise, two case-control studies 

nested within the Melbourne Collaborative Cohort Study (MCCS) found increased CRC 

risk associated with acceleration for DNAm PhenoAge [rate ratio (95% CI) per 1 SD = 

1.22 (1.09, 1.36)] and GrimAge [rate ratio (95% CI) per 1 SD = 1.19 (1.03, 1.36)], but 

not the Horvath or Hannum clocks.33,36 In addition, the EPIC-Italy study reported a 

significantly higher acceleration in males with CRC compared to male controls for 

Horvath’s clock (p=0.042), but not Hannum.101  

Although CaPAC acceleration was not associated with kidney cancer risk overall, 

we found that it was associated with an increased kidney cancer risk in Black participants 

[HR (95% CI) per 5-year = 1.94 (1.06, 3.55)] but not White participants (p-interaction = 

0.07). A few studies examined the risk of kidney cancer using epigenetic clocks, 

however, findings were inconsistent across different epigenetic clocks.33,36 Two case-

control studies nested within MCCS found that Hannum age acceleration was associated 

with increased kidney cancer risk [per 5-year: OR (95% CI)=1.46 (1.10, 1.94)],36 but 

there were no associations with the Horvath,36 DNAm PhenoAge, or GrimAge clocks.33 

These two case-control studies included individuals who were born in Australia/New-

Zealand, Southern Europe, and Northern Europe, and they did not examine association 

with kidney cancer in non-White race groups.  

In our study, we did not find any associations between CaPAC acceleration and 

risk of postmenopausal breast cancer, but we found that CaPAC2 acceleration was 

inversely associated with risk of postmenopausal breast cancer. Findings from previous 
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studies for the association between epigenetic clocks and breast cancer have been 

inconsistent. Using the Mendelian randomization method, a meta-analysis of three studies 

did not find associations between age acceleration for the Hannum, Horvath, DNAm 

PhenoAge, or GrimAge clocks and risk of breast cancer.32 However, in the Sister Study 

(N = 2764), Kresovich et al. found that age acceleration for the Hannum, Horvath, and 

DNAm PhenoAge clocks was statistically significantly associated with an increased 

breast cancer risk, with the strongest association observed for DNAm PhenoAge: HR 

(95% CI) per 5-years = 1.15 (1.07, 1.23).35 Another case-control study nested in the EPIC 

study also found that a one-year age acceleration in the Horvath clock was associated 

with increased risk of postmenopausal breast cancer [OR (95% CI) = 1.07 (1.02, 1.11)].38 

The exact reason for the inconsistency between studies is not clear, more studies are 

needed to investigate the association between age acceleration and risk of breast cancer. 

We did not find any associations of CaPAC acceleration with risk of pancreatic 

cancer. Only a few studies have examined the risk of pancreatic cancer using epigenetic 

clocks and findings were inconsistent when using different epigenetic clocks.34,101,103 For 

example, a pooled analysis of Nurses’ Health Study, Physician’s Health Study, and the 

Health Professionals Follow-up Study found positive dose-response trends of 

acceleration for Hannum and PhenoAge with pancreatic cancer risk, however, for 

Horvath, the highest OR was found in the third quartile compared to the lowest quartile.34  

In our study, we did not find any associations between CaPAC acceleration and 

risk of prostate cancer. Our results are similar to those in previous studies that did not 

detect associations between epigenetic clocks and prostate cancer risk.33,36 However, 

using the Mendelian randomization method, a meta-analysis of three studies found that 
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acceleration for GrimAge was inversely associated with prostate cancer risk [per one-

year: meta-analysis OR (95% CI) = 0.93 (0.87, 0.99)].32  

In addition, we did not find any associations between CaPAC acceleration and 

risk of bladder cancer, but we found that CaPAC2 acceleration was inversely associated 

with risk of bladder cancer. No studies have examined the association for risk of bladder 

cancer with PACs or epigenetic clocks.  

To the best of our knowledge, our study is the first to construct a cancer-specific 

PAC and document significant associations of PAC acceleration with overall cancer risk, 

lung cancer risk, CRC risk, and kidney cancer risk (in Black individuals only). 

Examining a PAC in cancer is especially important because it could be biomarker for 

future cancer risk. Most cancer cases develop over a long period of time and have a long 

subclinical period, and 30%-50% of all cancer cases are preventable;45 thus, the PAC 

could provide a new method for identifying people at high risk of cancer that need more 

frequent screening. In addition, proteins included into PAC may serve as targets for novel 

anti-aging drugs that will eventually slow down aging.46 Cancer is an age-related disease, 

and both cancer and aging result from epigenetic damage accumulation,47 inflammation, 

oxidative stress, and other damage.48-50 Therefore, slowing aging is likely to delay the 

development of cancer.  

The strengths of this population-based study include the prospective design with 

over 20 years of follow-up in males and females, a large community-based sample of 

both White and Black individuals, and adjudicated cancer incidence. Another strength is 

that the version of SomaScan assay used in ARIC measured more than 5000 proteins, 

larger than the panels of proteins used in most previous studies. With a larger panel of 
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proteins, we may be able to develop a PAC that more accurately predicts chronological 

age. In addition, we found that PACs that included different set of proteins and were 

developed in populations of different health status – healthy and cancer-free were 

similarly associated with cancer risk, suggesting the robustness of PACs. Our study also 

has limitations. First, the possibility of protein degradation during long-term storage 

cannot be excluded. However, the blood samples were frozen right after their collection 

and have never been thawed limiting the possibility of degradation.76 Second, the 

SomaScan assay provides relative quantification instead of absolute quantification.104 

Third, we have limited number of cases for uncommon cancers. 

In conclusion, we constructed a CaPAC in a population of White and Black 

individuals and showed that this CaPAC was able to predict risk of cancer independently 

of known cancer risk factors. The proteins included in this CaPAC hold promise as anti-

aging drug targets for cancer. Future studies are needed to validate this CaPAC in other 

populations.
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Figure 4.1 Study population 
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a. CaPAC (r=0.82) 

 

 
b. Lehallier’s PAC (r=0.76) 

Figure 4.2 Pearson correlation (r) between CaPAC and Lehallier's PAC and 
chronological age in the test set 
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Table 4.1 Visit 2 characteristics of cancer-free participants at Visit 2 across quartiles of age acceleration for CaPAC and 
Lehallier’s PAC 

 CaPAC 

P-
value 

Lehallier’s PAC 

P-value  
Q1 

(N = 1,460) 
Q2 

(N = 1,461) 
Q3 

(N = 1,461) 
Q4 

(N = 1,461) 
Q1 

(N = 1,460) 
Q2 

(N = 1,461) 
Q3 

(N = 1,461) 
Q4 

(N = 1,461) 
Range of age acceleration 
(years) -12.0 to -1.8 -1.7 to -0.0 0.01 to 1.7 1.8 to 21.3 -10.5 to -1.8 -1.7 to -0.1 0.0 to 1.7 1.8 to 22.9 

Demographic           
Age, years (SD) 57.9 (5.7) 57.7 (5.7) 57.6 (5.7) 57.9 (5.6) 0.30 57.8 (5.8) 57.7 (5.6) 57.8 (5.6) 57.9 (5.6) 0.69 
Male, % 47.5 47.0 50.2 47.4 0.28 46.6 47.8 50.3 47.4 0.22 
White, % 71.8 78.3 77.8 75.5 <0.01 69.8 77.9 78.3 77.5 <0.01 
Education, %           
    Less than high school 21.8 21.5 22.3 25.8 

<0.01 
22.1 21.7 22.4 25.2 <0.01 

    High school equivalent 40.1 41.5 42.1 43.1 40.3 42.1 40.4 44.0  
    Greater than high school 38.0 37.0 35.6 31.1 37.7 36.2 37.2 30.8  

           
Lifestyle/Medical factors           
BMI, kg/m2 (SD) 28.1 (5.0) 27.8 (5.0) 27.9 (5.5) 28.3 (6.0) 0.03 28.3 (5.3) 27.9 (5.0) 27.9 (5.3) 28.1 (5.8) 0.16 
Ever smoker, % 61.5 61.8 62.5 63.4 0.73 58.6 61.7 62.7 66.2 <0.01 
Pack-years of smoking among 
current and former smokers, 
pack-years (SD) 

29.2 (24.4) 29.4 (20.9) 29.91 (21.5) 30.5 (22.4) 0.64 28.0 (21.1) 29.0 (22.9) 29.9 (22.1) 31.9 (22.9) <0.01 

Alcohol intake, %           
    Current drinker 59.5 59.8 58.7 53.6 

<0.01 
55.7 61.1 59.6 55.2 

0.01     Former drinker 20.5 18.1 19.7 22.4 21.8 18.0 19.4 21.6 
    Never drinker 20.0 22.1 21.5 24.0 22.5 20.9 21.0 23.3 
Diabetes, % 14.0 12.5 14.5 19.3 <0.01 14.2 13.0 13.4 19.7 <0.01 
Aspirin use in the preceding 
two weeks, % 46.3 53.6 51.1 54.0 <0.01 46.7 51.8 49.8 56.8 <0.01 

Ever users of hormone 
replacement therapy among 
women, % 

45.8 47.2 462 42.4 0.27 45.0 48.1 44.8 43.6 0.33 

eGFR, mL/min/1.73 m2 (SD) 100.3 (15.6) 99.5 (15.4) 98.4 (15.6) 94.5 (18.3) <0.01 101.1 (14.4) 99.5 (15.1) 97.7 (15.8) 94.3 (19.3) <0.01 
Abbreviations: PAC – proteomic aging clock; CaPAC – cancer-specific proteomic aging clock; BMI – body mass index; eGFR – estimated glomerular filtration rate; SD – 
standard deviation. 
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Table 4.2 Association between age acceleration for CaPAC and Lehallier's PAC risk 
of overall cancer and cancer subtypes 

    No. of 
incident 
cancer 
cases 

Total 
person
-years 

CaPAC Lehallier's PAC 
  HR (95% CI)  

per 1 SD 
HR (95% CI)  

per 1 SD 
    (SD = 2.67 years) (SD = 2.79 years) 

Overall cancer 
Model 1a 

3,347 93,89
4 

1.04 (1.01, 1.08) 1.04 (1.01, 1.08) 
Model 2b 1.04 (1.00, 1.08) 1.02 (0.98, 1.06) 
Model 3c 1.04 (1.00, 1.08) 1.02 (0.98, 1.06)       

Prostate cancere 
Model 1 

671 41,77
1 

0.98 (0.91, 1.06) 0.96 (0.89, 1.04) 
Model 2 0.98 (0.90, 1.07) 0.97 (0.89, 1.05) 
Model 3 0.98 (0.90, 1.07) 0.96 (0.88, 1.05)       

Lung cancer 
Model 1 

479 93,89
4 

1.24 (1.14, 1.36) 1.32 (1.21, 1.44) 
Model 2 1.24 (1.12, 1.36) 1.20 (1.09, 1.32) 
Model 3 1.23 (1.12, 1.36) 1.20 (1.09, 1.32)       

Postmenopausal breast 
cancere 

Model 1 
472 52,09

9 

0.97 (0.87, 1.06) 0.97 (0.89, 1.07) 
Model 2 0.94 (0.85, 1.03) 0.94 (0.85, 1.04) 
Model 3 0.93 (0.84, 1.03) 0.94 (0.85, 1.05)       

Colorectal cancer 
Model 1 

312 93,89
4 

1.15 (1.03, 1.29) 1.07 (0.95, 1.19) 
Model 2 1.15 (1.02, 1.30) 1.08 (0.95, 1.22) 
Model 3 1.15 (1.02, 1.30) 1.08 (0.95, 1.22)       

Bladder cancer 
Model 1 

154 93,89
4 

0.96 (0.81, 1.13) 1.01 (0.85, 1.19) 
Model 2 0.96 (0.81, 1.14) 0.93 (0.77, 1.11) 
Model 3 0.97 (0.82, 1.15) 0.93 (0.78, 1.12)       

Kidney cancer 
Model 1 

114 93,89
4 

1.12 (0.93, 1.35) 1.19 (0.99, 1.44) 
Model 2 1.11 (0.91, 1.35) 1.17 (0.96, 1.41) 
Model 3 1.09 (0.90, 1.33) 1.14 (0.94, 1.38)       

Pancreatic cancer 
Model 1 

101 93,89
4 

1.01 (0.83, 1.24) 1.02 (0.83, 1.25) 
Model 2 1.00 (0.81, 1.23) 0.98 (0.79, 1.21) 
Model 3 1.00 (0.81, 1.23) 0.98 (0.79, 1.22) 

Abbreviations: PAC – proteomic aging clock; CaPAC – cancer-specific proteomic aging clock; BMI – 
body mass index; eGFR – estimated glomerular filtration rate; SD – standard deviation; HR – hazard 
ratio; CI – confidence interval. 
a Model 1 was adjusted for chronological age, sex, race, and study center. 
b Model 2 = Model 1 + education +BMI + smoking status + pack-years of smoking + alcohol intake + 
eGFR. 
c Model 3 = Model 2 + aspirin use + hormone replacement therapy + diabetes. 
e For analysis involved risk of prostate cancer, SDs were 2.61 and 2.74 years for CaPAC and Lehallier’s 
PAC, respectively.  
f For analysis involved risk of breast cancer, SDs were 2.73 and 2.83 years for CaPAC and Lehallier’s 
PAC, respectively. 
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Table 4.3 Association between age acceleration for CaPAC and Lehallier's PAC risk 
of overall cancer and cancer subtypes stratified by sex and race 

Stratified by sexa 

Cancer 
type Sex  N of incident 

cancer cases 

Total 
person-
years 

CaPAC Lehallier's PAC 
HR (95% CI)b  

per 1 SD 
HR (95% CI)b  

per 1 SD 

(SDs = 2.73 and 2.61 
years for females and 
males, respectively) 

(SDs = 2.83 and 
2.74 years for 

females and males, 
respectively) 

Overall 
cancer 

Female 1537 52,123 1.03 (0.98, 1.09) 1.03 (0.97, 1.08) 
Male 1810 41,771 1.05 (0.99, 1.10) 1.02 (0.97, 1.08) 
P-interaction   0.95 0.35 

      

Lung 
cancer 

Female 208 52,123 1.27 (1.10, 1.48) 1.24 (1.07, 1.45) 
Male 271 41,771 1.20 (1.06, 1.37) 1.18 (1.04, 1.34) 
P-interaction   0.99 0.56 

      

Colorectal 
cancer 

Female 151 52,123 1.18 (0.99, 1.40) 1.12 (0.95, 1.34) 
Male 161 41,771 1.13 (0.95, 1.35) 1.03 (0.86, 1.24) 
P-interaction   0.86 0.49 

      

Bladder 
cancer 

Female 38 52,123 1.25 (0.91, 1.70) 1.25 (0.92, 1.70) 
Male 116 41,771 0.87 (0.71, 1.06) 0.81 (0.65, 1.00) 
P-interaction   0.04 0.01 

      

Kidney 
cancer 

Female 57 52,123 1.23 (0.94, 1.59) 1.33 (1.04, 1.71) 
Male 57 41,771 0.94 (0.71, 1.25) 0.91 (0.68, 1.22) 
P-interaction   0.14 0.04 

      

Pancreatic 
cancer 

Female 45 52,123 1.10 (0.80, 1.52) 1.24 (0.91, 1.70) 
Male 56 41,771 0.90 (0.67, 1.19) 0.79 (0.59, 1.06) 
P-interaction   0.42 0.07 

Stratified by racea 

Cancer 
type Race N of incident 

cancer cases 

Total 
person-
years 

CaPAC Lehallier's PAC 
HR (95% CI)b  

per 1 SD 
HR (95% CI)b  

per 1 SD 

(SDs = 2.60 and 2.89 
years for White and 
Black participants, 

respectively) 

(SDs = 2.69 and 
3.06 years for White 

and Black 
participants, 
respectively) 

Overall 
cancer 

White 2,550 72,101 1.02 (0.98, 1.07) 0.99 (0.96, 1.04) 
Black 797 21,793 1.10 (1.01, 1.19) 1.09 (1.01, 1.19) 
P-interaction   0.20 0.08 

      

Prostate 
cancerc 

White 473 33,863 1.00 (0.91, 1.10) 0.95 (0.86, 1.05) 
Black 198 7,907 0.92 (0.78, 1.10) 0.98 (0.83, 1.17) 
P-interaction   0.61 0.53 

      

Lung 
cancer 

White 378 72,101 1.21 (1.09, 1.35) 1.19 (1.06, 1.32) 
Black 101 21,793 1.28 (1.01, 1.63) 1.24 (0.98, 1.56) 
P-interaction   0.53 0.93 

      
White 358 38,213 0.92 (0.82, 1.30) 0.92 (0.82, 1.03) 
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Postmenop
ausal breast 

cancerd 

Black 114 13,886 1.00 (0.81, 1.24) 1.02 (0.82, 1.26) 

P-interaction 
  0.33 0.23 

      

Colorectal 
cancer 

White 221 72,101 1.12 (0.97, 1.29) 1.10 (0.95, 1.27) 
Black 91 21,793 1.23 (0.96, 1.60) 1.03 (0.80, 1.31) 
P-interaction   0.68 0.54 

      

Bladder 
cancer 

White 139 72,101 0.99 (0.83, 1.19) 0.94 (0.78, 1.14) 
Black 15 21,793 0.75 (0.40, 1.40) 0.87 (0.48, 1.60) 
P-interaction   0.47 0.81 

      

Kidney 
cancer 

White 78 72,101 0.95 (0.75, 1.21) 0.99 (0.78, 1.26) 
Black 36 21,793 1.46 (1.03, 2.08) 1.49 (1.07, 2.07) 
P-interaction   0.05 0.07 

      

Pancreatic 
cancer 

White 70 72,101 1.04 (0.81, 1.33) 0.95 (0.73, 1.22) 
Black 31 21,793 0.91 (0.59, 1.40) 1.03 (0.67, 1.57) 
P-interaction   0.56 0.62 

Abbreviations: PAC – proteomic aging clock; CaPAC – cancer-specific proteomic aging clock; BMI – 
body mass index; eGFR – estimated glomerular filtration rate; SD – standard deviation; HR – hazard 
ratio; CI – confidence interval. 
a Interactions with sex and race were examined using a multiplicative term. 
b Model was adjusted for chronological age, sex, race, study center, education, BMI, smoking status, 
pack-years of smoking, alcohol intake, eGFR, aspirin use, hormone replacement therapy, and diabetes. 
c For analysis involved prostate cancer risk, SDs were: CaPAC = 2.55 and 2.82 years for White and 
Black participants, respectively; and Lehallier's PAC = 2.63 and 3.01 years for White and Black 
participants, respectively. 
d For analysis involved postmenopausal breast cancer risk, SDs were: CaPAC = 2.67 and 2.93 years for 
White and Black participants, respectively; and Lehallier's PAC = 2.74 and 3.08 years for White and 
Black participants, respectively. 
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Table 4.4 Association between age acceleration for CaPAC2 (cancer-specific PAC constructed with proteins with the largest 
within-individual changes between V2 and V5) and V2 ARIC PAC (healthy participants PAC) and cancer risk 

  CaPAC2 V2 ARIC PAC 

  

N of incident 
cancer cases 

Total 
person-years 

HR (95% CI)a  
per 1 SD  

(SD= 2.65 years) 

N of incident 
cancer cases 

Total person-
years 

HR (95% CI)a  
per 1 SD  

(SD = 2.95 years) 
Any cancer 3,347 147,578 0.99 (0.95, 1.03) 2,480 139,188 1.04 (0.99, 1.10) 
Prostate cancerb 671 62,192 1.03 (0.94, 1.13) 500 60,076 0.97 (0.87, 1.08) 
Lung cancer 479 147,578 1.24 (1.12, 1.38) 387 139,188 1.31 (1.16, 1.47) 
Postmenopausal breast cancerc 472 85,338 0.84 (0.76, 0.94) 324 79,064 0.95 (0.83, 1.08) 
Colorectal cancer 312 147,578 1.09 (0.96, 1.24) 231 139,188 1.17 (1.00, 1.37) 
Bladder cancer 154 147,578 0.82 (0.68, 0.99) 108 139,188 0.81 (0.63, 1.02) 
Kidney cancer 114 147,578 1.04 (0.85, 1.28) 96 139,188 1.08 (0.86, 1.37) 
Pancreatic cancer 101 147,578 1.09 (0.96, 1.24) 78 139,188 0.99 (0.75, 1.30) 
Abbreviations: PAC – proteomic aging clock; BMI – body mass index; eGFR – estimated glomerular filtration rate; SD – standard deviation; HR – hazard 
ratio; CI – confidence interval. 
a Model was adjusted for chronological age, sex, race, study center, education, BMI, smoking status, pack-years of smoking, alcohol intake, eGFR, aspirin use, 
hormone replacement therapy, and diabetes. 
b For analysis involved prostate cancer risk, SDs were 2.54, and 2.83 years for CaPAC2, and V2 ARIC PAC, respectively. 
c For analysis involved postmenopausal breast cancer risk, SDs were 2.74, and 3.05 years for CaPAC2, and V2 ARIC PAC, respectively.  
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Table 4.5 Association between CaPAC3 (Visit 3 cancer-specific clock) acceleration 
and risk of overall cancer and cancer subtypes 

  
N of incident 
cancer cases 

Total person-
years 

HR (95% CI)a per 1 SD  
(SD=2.41 years) 

Any cancer 3,092 75,060 1.05 (1.01, 1.09) 
Prostate cancerb 634 34,217 0.97 (0.89, 1.05) 
Lung cancer 430 75,060 1.23 (1.11, 1.37) 
Postmenopausal breast cancerc 411 40,842 0.97 (0.87, 1.08) 
Colorectal cancer 287 75,060 1.13 (1.00, 1.29) 
Bladder cancer 160 75,060 1.02 (0.96, 1.09) 
Kidney cancer 109 75,060 0.99 (0.81, 1.21) 
Pancreatic cancer 94 75,060 1.04 (0.95, 1.13) 
Abbreviations: BMI – body mass index; eGFR – estimated glomerular filtration rate; SD – standard 
deviation; HR – hazard ratio; CI – confidence interval. 
a Model was adjusted for chronological age, sex, race, study center, education, BMI, smoking status, 
pack-years of smoking, alcohol intake, eGFR, aspirin use, hormone replacement therapy, and diabetes at 
Visit 3. 
b For analysis involved prostate cancer risk, SD = 2.35 years. 
c For analysis involved postmenopausal breast cancer risk, SD = 2.45 years.  
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Supplemental Figure 4.1 Pearson correlation (r) between CaPAC2 (i.e., cancer-
specific PAC constructed using proteins with largest within-individual changes 

between Visit 2 and Visit 5) and chronological age in test set2 (r= 0.75) 
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Supplemental Figure 4.2 Pearson correlation (r) between the V2 ARIC PAC 

(developed in healthy participants) and chronological age in participants who 
remained cancer-free through 2015 (r= 0.77) 
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Supplemental Table 4.1 Description of proteomic aging clocks used in this study 
Proteomic aging 
clock (PAC) 

Description 

CaPAC Cancer-specific PAC constructed using elastic net regression and with all the 4,955 
aptamers available at Visit 2 

CaPAC2 Cancer-specific PAC constructed using elastic net regression and with the top 2000 
proteins with the largest within-individual changes between Visit 2 and Visit 5 

CaPAC3 Cancer-specific PAC constructed using elastic net regression and with all the 4,955 
aptamers available at Visit 3 

V2 ARIC PAC Healthy participant’s PAC constructed using elastic net regression and with all the 
4,955 aptamers available at Visit 2 (PAC developed in previous manuscript) 

Lehallier’s PAC Healthy people’s PAC proposed by Lehallier [2020]14 
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Supplemental Table 4.2 Association between acceleration for the CaPAC and Lehallier's PAC and risk of overall cancer and 
cancer subtypes, stratified by smoking status 

Cancer type Smoking statusa N of incident cancer 
cases Total person-years 

CaPAC Lehallier's PAC 
HR (95% CI)b per 1 SD HR (95% CI)b per 1 SD 

(SDs = 2.58, 2.76, and 
2.64 years for current, 
former, and never 
smokers, respectively) 

(SDs = 2.67, 2.86, and 
2.76 years, for current, 
former, and never 
smokers, respectively) 

Overall cancer 

Current smoker 940 20,790 1.04 (0.97, 1.12) 1.03 (0.96, 1.10) 
Former smoker 1267 34,996 1.06 (0.99, 1.13) 1.01 (0.95, 1.08) 
Never smoker 1137 37,996 1.01 (0.95, 1.07) 1.01 (0.96, 1.08) 
P-interaction   0.85 0.73 

      

Prostate cancerc 

Current smoker 137 9858 1.10 (0.91, 1.33) 1.07 (0.89, 1.28) 
Former smoker 330 20,391 0.95 (0.83, 1.08) 0.92 (0.80, 1.05) 
Never smoker 203 11,445 0.96 (0.83, 1.11) 0.98 (0.84, 1.13) 
P-interaction   0.28 0.26 

      

Lung cancer 

Current smoker 296 20,790 1.17 (1.04, 1.32) 1.16 (1.03, 1.31) 
Former smoker 150 34,996 1.29 (1.09, 1.54) 1.19 (0.99, 1.43) 
Never smoker 31 37,996 1.42 (0.96, 2.10) 1.40 (0.95, 2.01) 
P-interaction   0.58 0.67 

      

Postmenopausal breast 
cancerd 

Current smoker 95 10,932 0.99 (0.79, 1.23) 1.02 (0.82, 1.27) 
Former smoker 128 14,604 0.96 (0.78, 1.18) 1.01 (0.82, 1.24) 
Never smoker 249 26,526 0.90 (0.78, 1.03) 0.89 (0.78, 1.02) 
P-interaction   0.82 0.68 

      

Colorectal cancer 

Current smoker 68 20,790 1.01 (0.77, 1.31) 0.92 (0.71, 1.18) 
Former smoker 125 34,996 1.40 (1.15, 1.71) 1.18 (0.96, 1.44) 
Never smoker 119 37,996 1.01 (0.83, 1.22) 1.05 (0.88, 1.26) 
P-interaction   0.09 0.54 

      

Bladder cancer 
Current smoker 43 20,790 1.03 (0.75, 1.42) 0.93 (0.68, 1.28) 
Former smoker 90 34,996 0.90 (0.72, 1.14) 0.84 (0.66, 1.06) 
Never smoker 21 37,996 1.09 (0.69, 1.72) 1.29 (0.83, 2.01) 
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P-interaction   0.82 0.28 
      

Kidney cancer 

Current smoker 32 20,790 0.70 (0.48, 1.01) 1.02 (0.73, 1.44) 
Former smoker 33 34,996 1.44 (0.99, 2.10) 1.23 (0.85, 1.79) 
Never smoker 49 37,996 1.19 (0.89, 1.58) 1.14 (0.87, 1.49) 
P-interaction   0.02 0.79 

      

Pancreatic cancer 

Current smoker 26 20,790 0.79 (0.52, 1.21) 0.94 (0.63, 1.39) 
Former smoker 36 34,996 0.81 (0.55, 1.19) 0.82 (0.56, 1.22) 
Never smoker 39 37,996 1.32 (0.94, 1.86) 1.12 (0.81, 1.55) 
P-interaction     0.12 0.52 

Abbreviations: PAC – proteomic aging clock; CaPAC – cancer-specific proteomic aging clock; BMI – body mass index; eGFR – estimated glomerular 
filtration rate; SD – standard deviation; HR – hazard ratio; CI – confidence interval. 
a Interaction with smoking status was examined using a multiplicative term. 
b Model was adjusted for chronological age, sex, race, study center, education, BMI, pack-years of smoking, alcohol intake, eGFR, aspirin use, hormone 
replacement therapy, and diabetes. 
c For analysis involved risk of prostate cancer, SDs were: CaPAC = 2.45, 2.67, and 2.58 years for current, former, and never smokers, respectively; and 
Lehallier's PAC = 2.67, 2.77, and 2.72 years for current, former, and never smokers, respectively. 
d For analysis involved risk of postmenopausal breast cancer risk, SDs were: CaPAC = 2.69, 2.87, and 2.67 years for current, former, and never smokers, 
respectively; and Lehallier's PAC = 2.67, 3.02, and 2.79 years for current, former, and never smokers, respectively. 
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Supplemental Table 4.3 Visit 2 characteristics of cancer-free participants at Visit 2 
across quartiles of acceleration for the CaPAC2 and V2 ARIC PAC 

  CaPAC2 (cancer-specific PAC constructed with proteins with the largest 
within-individual changes between V2 and V5) 

 Q1 (N = 
2,171) 

Q2 (N = 
2,172) 

Q3 (N = 
2,172) 

Q4 (N = 
2,172) P-value Range of age 

acceleration (years)  -13.8 to -1.7  -1.6 to -1.1  -1.0 to 1.6 1.7 to 21.5 

Age, years (SD) 57.9 (5.8) 58.0 (5.8) 58.0 (5.7) 58.0 (5.6) 0.91 
Male, % 46.2 47.1 46.59 44.43 0.31 
White, % 70.6 75.9 76.01 74.95 <0.01 
Education, %      
    Less than high school 23.4 23.9 22.5 26.9 

<0.01 
    High school 
equivalent 41.2 40.4 43.5 42.1 

    Greater than high 
school 35.4 35.7 33.9 31.0 

BMI, kg/m2 (SD) 28.2 (5.2) 28.3 (5.3) 27.9 (5.4) 28.0 (6.0) 0.08 
Ever smoker, % 58.3 62.8 61.8 64.6 <0.01 
Pack-years of smoking 
among current and 
former smokers, pack-
years (SD) 

28.7 (23.5) 29.1 (22.7) 29.1 (20.7) 32.3 (23.4) <0.01 

Alcohol intake, %      
    Current drinker 57.3 57.6 56.1 51.5 

<0.01     Former drinker 21.2 20.0 21.1 25.1 
    Never drinker 21.5 22.5 22.8 23.4 
Diabetes, % 15.3 16.6 15.3 19.9 <0.01 
Aspirin use in the 
preceding two weeks, % 46.8 50.7 53.1 54.6 <0.01 

Ever users of hormone 
replacement therapy 
among women, % 

46.4 46.1 43.8 39.7 <0.01 

eGFR, mL/min/1.73 m2 
(SD) 101.7 (14.6) 98.6 (15.5) 96.7 (16.0) 92.0 (20.3) <0.01 

 V2 ARIC PAC (healthy participants PAC) 
 Q1 (N = 

1,960) 
Q2 (N = 
1,960) 

Q3 (N = 
1,961) 

Q4 (N = 
1,961) P-value Range of age 

acceleration (years)   -13.9 to -1.9  -1.8 to -0.2  -0.1 to 1.7 1.8 to 24.2 

Age, years (SD) 58.2 (5.8) 57.9 (5.8) 57.7 (5.7) 58.2 (5.6) 0.01 
Male, % 45.4 50.0 45.5 45.5 <0.01 
White, % 71.6 74.5 73.8 66.0 <0.01 
Education, %      
    Less than high school 22.8 22.6 23.2 30.4 

<0.01 
    High school 
equivalent 41.2 40.8 42.9 40.3 

    Greater than high 
school 36.1 36.6 33.9 29.3 

BMI, kg/m2 (SD) 28.3 (5.0) 28.5 (5.3) 28.4 (5.5) 28.8 (6.3) 0.06 
Ever smoker, % 587 61.7 62.0 63.8 0.01 
Pack-years of smoking 
among current and 
former smokers, pack-
years (SD) 

28.4 (22.6) 30.3 (23.7) 29.4 (21.8) 32.4 (24.0) <0.01 
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Alcohol intake, %      
    Current drinker 56.9 57.6 54.9 48.1 

<0.01     Former drinker 21.9 21.0 20.9 26.4 
    Never drinker 21.3 21.4 24.2 25.5 
Diabetes, % 15.6 17.7 20.5 30.1 <0.01 
Aspirin use in the 
preceding two weeks, % 50.8 51.1 54.1 52.6 0.15 

Ever users of hormone 
replacement therapy 
among women, % 

49.3 46.9 40.7 35.6 <0.01 

eGFR, mL/min/1.73 m2 
(SD) 101.1 (14.2) 99.0 (15.1) 97.2 (15.8) 89.7 (21.9) <0.01 

Abbreviations: PAC – proteomic aging clock; BMI – body mass index; eGFR – estimated glomerular 
filtration rate; SD – standard deviation. 
a cancer-free participants at Visit 2 after excluding participants in the training set for corresponding 
PACs. 
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Supplemental Table 4.4 Association between age acceleration for the CaPAC2 and V2 ARIC PAC and cancer risk, stratified 
by sex and race 

Stratified by sex 

Cancer type Sexa  

CaPAC2 V2 ARIC PAC 

N of incident 
cancer cases 

Total person-
years 

HR (95% CI)b per 
1 SD 

N of incident 
cancer cases 

Total person-
years 

HR (95% CI)b per 
1 SD 

(SDs = 2.74 and 
2.54 years for 

females and males, 
respectively) 

(SDs = 3.05 and 
2.83 years for 

females and males, 
respectively) 

Overall cancer 
Female 1,537 85,386 0.95 (0.90, 1.01) 1,105 79,112 1.00 (0.93, 1.08) 
Male 1,810 62,192 1.03 (0.98, 1.09) 1,375 60,076 1.08 (1.02, 1.15) 
P-interaction   0.18   0.32 

Lung cancer 
Female 208 85,386 1.28 (1.10, 1.49) 153 79,112 1.27 (1.04, 1.54) 
Male 271 62,192 1.23 (1.08, 1.40) 234 60,076 1.30 (1.12, 1.52) 
P-interaction   0.85   0.44 

Colorectal cancer 
Female 151 85,386 1.16 (0.97, 1.39) 108 79,112 1.14 (0.91, 1.43) 
Male 161 62,192 1.02 (0.85, 1.22) 123 60,076 1.20 (0.97, 1.48) 
P-interaction   0.36   0.83 

Bladder cancer 
Female 38 85,386 0.94 (0.65, 1.34) 22 79,112 0.91 (0.55, 1.52) 
Male 116 62,192 0.78 (0.62, 0.96) 86 60,076 0.77 (0.59, 1.01) 
P-interaction   0.18   0.34 

Kidney cancer 
Female 57 85,386 1.09 (0.81, 1.45) 50 79,112 1.15 (0.83, 1.58) 
Male 57 62,192 1.01 (0.75, 1.35) 46 60,076 1.01 (0.72, 1.32) 
P-interaction   0.59   0.34 

Pancreatic cancer 
Female 45 85,386 1.18 (0.85, 1.64) 39 79,112 1.01 (0.69, 1.48) 
Male 56 62,192 0.86 (0.64, 1.17) 39 60,076 0.93 (0.64, 1.37) 
P-interaction     0.25     0.78 

Stratified by race 

Cancer type Racea 

CaPAC2 V2 ARIC PAC 

N of incident 
cancer cases 

Total person-
years 

HR (95% CI)b per 
1 SD N of incident 

cancer cases 
Total person-

years 

HR (95% CI)b per 
1 SD 

(SDs = 2.53 and 
2.96 years for 

White and Black 

(SDs = 2.73 and 
3.43 years for 

Whites and Black 
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participants, 
respectively) 

participants, 
respectively) 

Overall cancer 
White 2,550 111,669 0.96 (0.92, 1.01) 1,803 101,320 1.03 (0.98, 1.09) 
Black 797 35,909 1.11 (1.01, 1.21) 677 37,868 1.09 (0.98, 1.21) 
P-interaction   0.01   0.61 

Prostate cancerc 
White 473 49,816 0.99 (0.89, 1.10) 341 12,476 0.92 (0.81, 1.05) 
Black 198 12,376 1.16 (0.97, 1.39) 159 47,600 1.09 (0.88, 1.34) 
P-interaction   0.12   0.16 

Lung cancer 
White 378 111,669 1.20 (1.08, 1.35) 299 101,320 1.29 (1.13, 1.46) 
Black 101 35,909 1.40 (1.09, 1.78) 88 37,868 1.39 (1.05, 1.85) 
P-interaction     0.28     0.80 

Postmenopausal 
breast cancerd 

White 358 61,805 0.83 (0.73, 0.93) 222 101,320 0.99 (0.85, 1.15) 
Black 114 23,533 0.91 (0.72, 1.16) 102 37,868 0.88 (0.67, 1.15) 
P-interaction   0.25   0.57 

Colorectal cancer 
White 221 111,669 1.10 (0.95, 1.27) 156 101,320 1.23 (1.03, 1.46) 
Black 91 35,909 1.09 (0.83, 1.43) 75 37,868 1.05 (0.75, 1.46) 
P-interaction   0.70   0.11 

Bladder cancer 
White 139 111669 0.87 (0.72, 1.05) 95 101,320 0.84 (0.66, 1.07) 
Black 15 35909 0.50 (0.26, 0.95) 13 37,868 0.59 (0.26, 1.35) 
P-interaction   0.15   0.46 

Kidney cancer 
White 78 111,669 0.90 (0.70, 1.16) 63 101,320 0.97 (0.74, 1.28) 
Black 36 35,909 1.47 (1.02, 2.12) 33 37,868 1.40 (0.90, 2.16) 
P-interaction   0.04   0.23 

Pancreatic cancer 
White 70 111,669 0.96 (0.74, 1.25) 52 101,320 1.00 (0.73, 1.37) 
Black 31 35,909 1.12 (0.73, 1.74) 26 37,868 1.00 (0.59, 1.69) 
P-interaction     0.48     0.95 

Abbreviations: PAC – proteomic aging clock; CaPAC – cancer-specific proteomic aging clock; BMI – body mass index; eGFR – estimated glomerular 
filtration rate; SD – standard deviation; HR – hazard ratio; CI – confidence interval. 
a Interactions with sex and race were examined using a multiplicative term. 
b Model was adjusted for chronological age, sex, race, study center, education, BMI, smoking status, pack-years of smoking, alcohol intake, eGFR, aspirin use, 
hormone replacement therapy, and diabetes. 
c For analysis involved prostate cancer risk, SDs were: CaPAC2 = 2.45 and 2.83 years for White participants and Black participants, respectively; and V2 
ARIC PAC = 2.66 and 3.31 years for White participants and Black participants, respectively. 
d For analysis involved postmenopausal breast cancer risk, SDs were: CaPAC2 = 2.60 and 3.05 years for White participants and Black participants, 
respectively; and V2 ARIC PAC = 2.78 and 3.50 years for White participants and Black participants, respectively. 
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Supplemental Table 4.5 Associations of age acceleration for CaPAC2 and V2 ARIC PAC with cancer risk, stratified by 
smoking status 

Cancer type 
Smoking 
statusa 
  

Proteomic age acceleration for CaPAC2 Proteomic age acceleration for V2 ARIC PAC 

N of incident 
cancer cases 

Total 
person-
years 

HR (95% CI)b per 1 
SD 

N of incident 
cancer cases 

Total person-
years 

HR (95% CI)b 
per 1 SD 

(SDs = 2.63, 2.68, 
and 2.62 years for 

current, former, and 
never smokers, 
respectively) 

(SDs = 2.77, 
3.02, and 2.96 

years for current, 
former, and 

never smokers, 
respectively) 

Overall cancer 

Current smoker 940 32,492 1.06 (0.99, 1.14) 715 28,418 1.09 (0.99, 1.18) 
Former smoker 1,267 54,706 0.98 (0.91, 1.05) 965 52,970 1.01 (0.93, 1.10) 
Never smoker 1,137 60,171 0.95 (0.89, 1.01) 797 57,543 1.01 (0.92, 1.10) 
P-interaction   0.08   0.34 

        

Prostate cancerc 

Current smoker 137 14,589 1.20 (0.99, 1.45) 102 13,072 1.03 (0.82, 1.30) 
Former smoker 330 30,466 0.95 (0.83, 1.08) 258 30,767 0.93 (0.79, 1.09) 
Never smoker 203 17,042 1.07 (0.92, 1.24) 139 16,119 0.98 (0.81, 1.19) 
P-interaction   0.08   0.44 

        

Lung cancer 

Current smoker 296 32,492 1.22 (1.08, 1.39) 237 28,418 1.20 (1.04, 1.38) 
Former smoker 150 54,706 1.20 (0.99, 1.45) 126 52,970 1.39 (1.12, 1.73) 
Never smoker 31 60,171 1.71 (1.25, 2.54) 22 57,543 1.70 (1.05, 2.76) 
P-interaction   0.29   0.22 

        

Postmenopausal breast 
cancerd 

Current smoker 95 17,903 1.03 (0.82, 1.31) 69 15,346 1.08 (0.82, 1.42) 
Former smoker 128 24,240 0.84 (0.67, 1.06) 84 22,203 1.03 (0.77, 1.37) 
Never smoker 249 43,081 0.77 (0.67, 0.89) 171 41,377 0.88 (0.73, 1.05) 
P-interaction   0.18   0.49 

        

Colorectal cancer 

Current smoker 68 32,492 1.09 (0.83, 1.42) 52 28,418 1.21 (0.90, 1.64) 
Former smoker 125 54,706 1.18 (0.96, 1.46) 97 52,970 1.47 (1.13, 1.90) 
Never smoker 119 60,171 0.99 (0.81, 1.22) 82 57,543 0.91 (0.71, 1.17) 
P-interaction   0.65   0.10 
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Bladder cancer 

Current smoker 43 32,492 0.80 (0.55, 1.15) 31 28,418 0.88 (0.56, 1.37) 
Former smoker 90 54,706 0.83 (0.64, 1.06) 66 52,970 0.76 (0.55, 1.06) 
Never smoker 21 60,171 0.83 (0.51, 1.33) 11 57,543 0.84 (0.43, 1.62) 
P-interaction   0.91   0.98 

        

Kidney cancer 

Current smoker 32 32,492 0.97 (0.65, 1.43) 23 28418 0.66 (0.40, 1.08) 
Former smoker 33 54,706 1.27 (0.85, 1.88) 29 52,970 1.16 (0.71, 1.88) 
Never smoker 49 60,171 1.00 (0.74, 1.36) 44 57,543 1.30 (0.94, 1.80) 
P-interaction   0.77   0.07 

        

Pancreatic cancer 

Current smoker 26 32,492 0.83 (0.53, 1.30) 17 28,418 1.05 (0.62, 1.80) 
Former smoker 36 54,706 0.74 (0.49, 1.11) 29 52,970 0.66 (0.39, 1.10) 
Never smoker 39 60,171 1.40 (0.99, 1.98) 32 57,543 1.28 (0.85, 1.92) 
P-interaction   0.04   0.21 

Abbreviations: PAC – proteomic aging clock; CaPAC – cancer-specific proteomic aging clock; BMI – body mass index; eGFR – estimated glomerular 
filtration rate; SD – standard deviation; HR – hazard ratio; CI – confidence interval. 
a Interaction with smoking status was examined using a multiplicative term. 
b Model was adjusted for chronological age, sex, race, study center, education, BMI, pack-years of smoking, alcohol intake, eGFR, aspirin use, hormone 
replacement therapy, and diabetes. 
c For analysis involved risk of prostate cancer, SDs were: CaPAC2 = 2.51, 2.55, and 2.52 years for current, former, and never smokers, respectively; and V2 
ARIC PAC = 2.67, 2.89, and 2.82 years for current, former, and never smokers, respectively. 
d For analysis involved risk of postmenopausal breast cancer, SDs were: CaPAC2 = 2.73, 2.86, and 2.66 years for current, former, and never smokers, 
respectively; and V2 ARIC PAC = 2.86, 3.23, and 3.02 years for current, former, and never smokers, respectively.  
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Supplemental Table 4.6 Top 40 pathways overrepresented in the CaPAC 
No. Pathways FDR p-value No. Pathways FDR p-value 
1 cell adhesion 1.203E-46 21 positive regulation of intracellular signal 

transduction 4.564E-22 

2 negative regulation of multicellular organismal 
process 1.097E-26 22 regulation of protein phosphorylation 5.514E-22 

3 positive regulation of multicellular organismal 
process 1.097E-26 23 enzyme-linked receptor protein signaling 

pathway 8.251E-22 

4 positive regulation of signal transduction 1.347E-26 24 regulation of phosphorylation 2.858E-21 
5 positive regulation of phosphorus metabolic 

process 3.177E-26 25 regulation of cytokine production 3.033E-21 

6 positive regulation of phosphate metabolic process 3.177E-26 26 positive regulation of developmental process 3.21E-21 
7 cell-cell adhesion 5.722E-26 27 regulation of phosphate metabolic process 5.812E-21 
8 positive regulation of protein phosphorylation 5.722E-26 28 regulation of phosphorus metabolic process 6.032E-21 
9 positive regulation of phosphorylation 6.045E-26 29 cell activation 8.299E-21 
10 regulation of multicellular organismal 

development 8.643E-26 30 regulation of apoptotic process 9.095E-21 

11 regulation of response to external stimulus 3.438E-25 31 regulation of MAPK cascade 1.61E-20 
12 positive regulation of gene expression 7.673E-25 32 positive regulation of immune system process 1.645E-20 
13 positive regulation of cell population proliferation 2.39E-24 33 response to wounding 3.095E-20 
14 regulation of immune system process 4.894E-24 34 defense response to other organism 9.875E-20 
15 positive regulation of MAPK cascade 2.438E-23 35 positive regulation of protein modification 

process 1.123E-19 

16 locomotion 2.836E-23 36 protein phosphorylation 1.362E-19 
17 cytokine production 3.591E-23 37 positive regulation of protein metabolic process 1.768E-19 
18 chemotaxis 1.203E-46 38 MAPK cascade 6.575E-19 
19 taxis 1.097E-26 39 regulation of cell migration 1.028E-18 
20 regulation of programmed cell death 1.097E-26 40 regulation of cell adhesion 1.314E-18 
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Chapter 5  Manuscript 3: Proteomic Aging Clock and Risk of Mortality among 

older Cancer Survivors in the Atherosclerosis Risk in Communities (ARIC) Study 

A. Overview 

Background: Longer lifespan and improved cancer treatment led to a rapid rise in the 

number of cancer survivors. However, many cancer survivors have physiological 

dysregulations at an earlier chronological age than those without cancer, suggesting that 

cancer survivors’ biological age is higher than their chronological age, i.e., they have 

accelerated aging. Cancer survivors’ biological age may be estimated by a novel 

proteomic aging clock (PAC). The deviation of PAC from chronological age is called 

PAC acceleration. To our knowledge, no studies examined PACs in cancer survivors. We 

studied age acceleration of two PACs – a newly created cancer-specific PAC (CaPAC5) 

in ARIC and the published PAC developed by Lehallier [2020] (so called Lehallier’s 

PAC) and their association with mortality in cancer survivors.  

 

Methods: ARIC is a prospective cohort of White and Black women and men, followed in 

1987-2019. In 2011-13 (Visit 5, V5), more than 5,000 proteins were measured using 

SomaScan, an aptamer-based assay in 806 cancer survivors and 3,699 cancer-free 

participants (aged 66-90 years). In a training set of two-thirds randomly selected cancer-

free participants (N = 2,466), elastic net regression selected 619 aptamers for CaPAC5. 

We also computed Lehallier’s PAC using weights estimated in ARIC. We internally 

validated these two PACs in the remaining 1,233 cancer-free participants (test set). PAC 

acceleration was calculated as residuals after regressing PAC on chronological age. We 

used Cox proportional hazards regression to estimate hazard ratios (HRs) and 95% 
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confidence intervals (CIs) for all-cause, cardiovascular disease (CVD), and cancer 

mortality associated with PAC acceleration in 806 survivors of all cancer types, and 

survivors of breast, prostate, and colorectal cancers. Also, we compared these 

associations to the associations in 1,233 cancer-free participants. 

 

Results: In the test set, both PACs were correlated with chronological age [Pearson 

correlation coefficient (r) =0.75 for CaPAC5 and r = 0.70 for Lehallier’s PAC and with 

each other [r=0.89]. Age acceleration for both PACs showed similar association with all-

cause mortality in cancer survivors [CaPAC5: HR (95% CI) per 1 SD = 1.42 (1.24, 

1.62)]. These associations were not modified by sex or race. The associations with all-

cause mortality for both PACs were similar in cancer survivors and cancer-free 

participants. In the Fine and Grey competing risk model, the age acceleration for CaPAC 

but not for Lehallier’s PAC was significantly associated with cancer mortality in all 

cancer survivors [HR (95% CI) per 1 SD = 1.34 (1.09, 1.64)]. In addition, age 

acceleration for both PACs was significantly associated with all-cause mortality in breast 

cancer survivors, and the association remained significant after additional adjustment for 

stage [CaPAC5: HR (95% CI) per 1 SD = 2.68 (1.44, 4.99)]. HRs for all-cause mortality 

in colorectal cancer survivors were increased for age acceleration for both PACs but were 

unstable due to the small sample size. Neither of age acceleration was associated with all-

cause mortality in prostate cancer survivors. 

 

Conclusion: PACs hold the promise as a potential biomarker for premature mortality in 

cancer survivors. 
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B. Introduction 

The increased life expectancy in the US coupled with improved cancer survival 

rates has led to a rapid rise in the number of cancer survivors: there are an estimated 16.9 

million cancer survivors as of January 2019, which is projected to rise to 26.1 million by 

2040 in the US.51 However, cancer survivors experience pre-mature mortality and 

multiple comorbidities.99,105 In general, clinicians have noticed that cancer survivors are 

facing accelerated aging – conceptualized as their biological age is greater than their 

chronological age – and this manifests as experiencing signs of aging earlier in life than 

what is expected.1,10 It has been shown that accelerated aging in cancer survivors, in first 

turn, may be caused by cancer treatment.10,106 A biological mechanism underlying the 

accelerated aging in cancer survivors involves stress induced by cancer therapies. This 

stress can induce hallmarks of aging: cellular senescence, telomere attrition, stem cell 

exhaustion, DNA damage, and epigenetic alterations.107 In addition to cancer treatment, 

accelerated aging in cancer survivors may be caused by cancer-related inflammation and 

unhealthy lifestyle, such as smoking and lack of physical activity. 

The observations of accelerated aging in cancer survivors have led to the search 

for measures of biological aging, which can be used to screen the aging process and 

predict the risk of mortality in cancer survivors. Recently, researchers have proposed 

biological age estimators called aging clocks, using epigenetics, transcriptomics, 

metabolomics, proteomics, and other biomarkers.12 The most studied aging clocks are 

epigenetic clocks, which are a set of DNA methylation sites, including Horvath, Hannum, 

DNAm PhenoAge, and GrimAge clocks.17-20 However, the underlying mechanisms of 

changes in these DNA methylation sites remain unclear.63 Recently, a growing body of 
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research supports associations between levels of proteins and chronological age.2 A 

proteomic aging clock (PAC) is advantageous because protein biomarkers link genotype 

to phenotype and can provide more information on aging and age-related pathology.108,109 

Such PACs were shown to predict the risk of all-cause mortality in a general population 

in the Manuscript 1 in this dissertation and in published studies.29,43 However, to our 

knowledge, no studies tested PACs in cancer survivors. 

To test PACs in cancer survivors, we constructed a cancer-specific PAC -- 

CaPAC5, using proteins measured in Visit 5 (V5, 2011-13) plasma samples from the 

Atherosclerosis Risk in Communities (ARIC) study. Recently more than 5,000 proteins 

were measured in these samples using SomaScan assay (v.4). We also calculated the 

published PAC that had been developed by Lehallier [2020]14 (so called Lehallier’s 

PAC). We hypothesized that these two PACs were positively associated with risk of 

mortality in cancer survivors. We examined associations with the risk of all-cause, 

cardiovascular (CVD), and cancer mortality. We also compared the association with 

mortality in cancer survivors to the association in cancer-free participants.  

 

C. Methods 

C.1 Study population 

The ARIC study is a prospective population-based cohort of White and Black 

men and women initiated in 1987.52,53 In 1987-89 (Visit 1, V1), 15,792 participants aged 

45-64 years were recruited from four study centers - Maryland; Minnesota; Mississippi; 

and North Carolina. Participants in Minnesota and Maryland were primarily White, and 

the recruitment of Mississippi was restricted to Black residents. The ARIC study was 
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approved by institutional review boards at each participating center, and all study 

participants provided written informed consent. Thus far, eight study visits have been 

completed.52 Additionally, participants received follow-ups via telephone calls annually 

between 1987-2012 and semi-annually after 2012, with response rates of 90%-99% for 

the annual follow-up calls and 83%-90% for semi-annual follow-up calls among living 

participants who have not withdrawn consent to be contacted.53  

 

C.2 Assessment of cancer cases 

Incident primary cancer was ascertained through 2015 using state Cancer 

registries in Minnesota, North Carolina, Maryland, and Mississippi, and supplemented by 

abstraction of medical records and hospital discharge summaries.53 An expert panel 

adjudicated all cases of bladder, breast, colorectal, liver, lung, pancreatic, and prostate 

cancers. For adjudicated cases, when possible, stage at diagnosis was determined from 

the cancer registry or medical records using the pathologic TNM stage (Tumor extent, 

lymph Node involvement, presence of Metastasis). When this information was not 

available, stage at diagnosis was determined from the cancer registry or clinical TNM 

stage from cancer registry or medical records according to Surveillance, Epidemiology, 

and End Results (SEER) summary stage.53 

 

C.3 Assessment of mortality 

Mortality was identified through annual (semi-annual since 2012) follow-up 

telephone calls to participants or their proxies, state records and linkage to the National 

Death Index up to December 31, 2019.60 The date and some causes of death were verified 
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by death certificate review. All-cause mortality was defined as death from any cause. 

CVD mortality and cancer mortality were defined based on underlying cause of death: 

International Classification of Diseases, Ninth Revision, codes (ICD-9 codes) 390–459 or 

International Classification of Diseases, Tenth Revision, codes (ICD-10 codes) I00–I99 

for CVD deaths. ICD-9 code 140-239 or ICD-10 codes C00-C97 for cancer deaths. 

 

C.4 Blood collection 

The ARIC protocol for blood sample collection, processing, and storage protocol 

was designed to minimize the spontaneous biochemical reactions after blood collection, 

and is consistent with recommended practice for proteomics data analysis in 

epidemiological studies.58,64,65 Briefly, after venipuncture, blood samples were put 

immediately in an ice water bath. Centrifugation was then performed within 10 min after 

venipuncture at room temperature (15-25 °C). After centrifugation, the aliquots were 

stored at −80 °C within 90 min from venipuncture and were never thawed before this 

analysis.  

 

C.5 Protein measurement and quality control 

Samples were analyzed using a SOMAmer (Slow Off-rate Modified Aptamers)-

based capture array called SomaScanÒ by Somalogic, Inc. (Boulder, CO, USA).54-57 The 

SomaScan platform uses single-stranded DNA-based aptamers to capture conformational 

protein epitopes.  

Protein analyte measurements underwent the regular SomaScan data 

standardization and normalization process.58,59 First, hybridization control normalization 



 113 

was applied to each sample based on a set of hybridization control sequences to correct 

for systematic biases during hybridization. Second, median signal normalization was 

applied to measures within a plate to remove sample or assay biases that may be because 

of pipetting variation, variation in reagent concentrations, assay timing, and other sources 

of systematic variability within a single plate run. Finally, each plate contained calibrator 

samples for each SOMAmer reagent, which was used to correct for plate-to-plate 

variation based on established global reference standards. The median Bland-Altman 

coefficient of variation (CVBA) for split samples was 7% at V5 after excluding aptamers 

with a CVBA >50% or a variance of <0.01 on the log scale, or aptamers nonspecific 

binding to nonproteins. After all quality control measures were completed, 4,955 aptamer 

measurements were included. Protein measures were reported as relative fluorescent units 

(RFU) and were log2 transformed to correct for skewness.  

 

C.6 Assessment of other participant characteristics 

Other characteristics of interest included demographic and lifestyle/medical 

characteristics, namely chronological age, sex, race, study center, education, smoking 

status, alcohol intake, body mass index (BMI), aspirin use, diabetes status, and history of 

CVD. Sex, race, study center, and education was collected at V1, chronological age was 

calculated from date of birth until date of V5 and all the other variables listed above were 

collected at each visit.76 At each visit, each participant reported information on smoking, 

alcohol intake, medical history, and use of medications and underwent a physical exam 

that included measurement of height and weight. BMI was calculated as weight (kg) 

divided by height (in meters) squared. Diabetes mellitus was defined as fasting glucose 
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≥126 mg/dL, non-fasting glucose ≥200 mg/dL, self-reported use of medication to treat for 

diabetes, or self-reported physician diagnosis of diabetes. CVD events included 1) heart 

failure (HF), 2) definite or probable stroke, or 3) coronary heart disease (CHD), defined as 

definite or probable myocardial infarction (MI) or definite fatal CHD.85,86 Detailed procedures for 

assessing HF, stroke, and CHD in ARIC have been published.89-91 Another variable of interest 

was estimated glomerular filtration rate (eGFR) because it associated with different 

proteins levels.110,111 eGFR at V5 was calculated based on equations that utilized serum 

creatinine and cystatin C and incorporated age and sex.79 

 

C.7 Statistical analysis 

PAC was constructed using R (version 4.1.2, package “glmnet”) and all the other 

analyses were performed using SAS version 9.4 (SAS Institute Inc, Cary, NC). 

Among 6,538 participants who attended V5 (chronological age: 66-90 years), we 

excluded participants without protein measures at V5 (N=1,343), participants with race 

other than White or Black (N=12), participants who diagnosed with a cancer before V1 or 

within two years before V5 (N=678), resulting in 4,505 White and Black participants 

(806 cancer survivors and 3,699 participants who were cancer-free at the end of 2015 

(called “cancer-free participants” in this analysis)). We excluded participants who had 

been diagnosed with a cancer within two years before V5 to minimize the number of 

cancer survivors undergoing active treatment. 

 

C.7.1 Construction and validation of PAC 

Among the 3,699 cancer-free participants, we randomly selected two-thirds of 

participants (N=2,466) and used them as the training set and the remaining one-third of 
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participants were used as the test set (N=1,233). Using the training set, we applied elastic 

net regression to train the CaPAC5 against chronological age. The elastic net regression 

(alpha = 0.5 and hyperparameter value was selected based on 10-fold cross-validation) 

selected 619 aptamers out of the 4,955 aptamers for CaPAC5.  

In addition to the newly constructed CaPAC5, we also computed Lehallier’s 

PAC,14 one of the published PAC. We chose Lehallier’s PAC rather than the other two 

published PACs (Tanaka’s and Sathyan’s PACs),13,43 because Lehallier’s PAC was more 

strongly correlated with chronological age (r=0.96) compared to other published PACs. 

We estimated ARIC weights for Lehallier’s PAC instead of using the published weights, 

because ARIC only included 415 aptamers among the 491 aptamers reported in 

Lehallier’s PAC.14 Using the 415 aptamers available in ARIC, we estimated ARIC 

weights by applying Ridge regression (hyperparameter value was selected based on 10-

fold cross-validation). 

We internally tested these two PACs in cancer-free participants in the test set. 

PAC for each participant was calculated using the weighted sum of their aptamer levels: 

𝑃𝐴𝐶 = 𝛽! + ∑ 𝛽" × 𝑎𝑝𝑡𝑎𝑚𝑒𝑟"#
"$% , where 𝑎𝑝𝑡𝑎𝑚𝑒𝑟" is the level of ith aptamer and the 

intercept (b0) and weights (bi) were estimated using the training set. We estimated the 

performance of each PAC by measuring the Pearson correlation between PAC and 

chronological age in cancer-free participants in the test set. In addition, we also 

calculated the median absolute error (MAE) between PAC and chronological age. 

 

C.7.2 Association between participant characteristics and PAC  

To examine the cross-sectional association between participant characteristics at 
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V5 and PAC in cancer survivors and in cancer-free participants (test set), we calculated 

CaPAC5 and Lehallier’s PAC in 806 cancer survivors and 1,233 cancer-free participants 

(test set). To capture associations that are independent of chronological age, we created 

PAC acceleration,35 estimated as the residual for each participant after regressing each 

PAC (CaPAC5 and Lehallier’s PAC) on chronological age in a group that combined 806 

cancer survivors and 1,233 cancer-free participants (test set). Demographic and 

lifestyle/medical characteristics at V5 were examined across tertiles of PAC acceleration 

as the mean (standard deviation, SD) or percentage (%) in cancer survivors and in cancer-

free participants (test set). 

 

C.7.3 Associations of PAC acceleration with risk of all-cause, CVD and cancer mortality 

We used Cox proportional hazards regression to calculate hazard ratios (HRs) and 

95% confidence intervals (CIs) for all-cause mortality and CVD mortality in cancer 

survivors and in cancer-free participants, and cancer mortality in cancer survivors in 

relation to PAC acceleration (modeled as a continuous variable). For each participant, 

total person-years was determined from date of V5 until death or administrative 

censoring on December 31, 2019, whichever occurred first. The proportional hazards 

assumption was examined by modeling an interaction between PAC acceleration and 

follow-up time. The proportional hazards assumption was not violated in any regression 

models.  

We constructed three models. Model 1 was a demographic model adjusted for 

chronological age, sex, race, and study center. Model 2 was additionally adjusted for 

education, BMI, smoking status, alcohol intake, time since cancer diagnosis (for cancer 
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survivors only) and eGFR. Model 3 (fully adjusted model) was additionally adjusted for 

history of CVD, aspirin use, and diabetes status. We did not adjust for stage at diagnosis, 

because we do not have stage at diagnosis for all the survivors, however, we adjusted for 

stage at diagnosis in the analysis of most common individual cancers as described below. 

We compared the associations in cancer survivors and in cancer-free participants (test 

set) by calculating the p-value for multiplicative interaction between PAC acceleration 

and cancer status in Model 3.  

We also examined whether sex or race modified the association between PAC 

acceleration and all-cause mortality in cancer survivors and in cancer-free participants 

(test set), because the rate of biological aging in males may exceed that of females75 and 

Black individuals have higher death rates than White individuals in the U.S.112 For cancer 

survivors’ analysis stratified by sex, we also created a category of non-sex-related 

cancers including all cancers that could have occurred in both males and females, and 

excluding breast, cervical, endometrial, ovarian, and prostate cancers. We did not 

examine whether sex or race modify the association with CVD mortality or cancer 

mortality because of the small number of deaths attributed to CVD or cancer during the 

follow-up period. Interactions with sex and race were examined using a multiplicative 

term. 

In addition, we also examined the association between PAC acceleration and risk 

of all-cause mortality in survivors of most common cancer types such as breast, prostate, 

and colorectal cancers in Models 1-3. We did not include survivors of other cancers, e.g., 

lung cancer because of a small number of survivors (N=25). In the analysis of individual 

cancer survivors, we additionally adjusted Model 3 for stage at diagnosis when 
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calculating the HRs for all-cause mortality. 

 

C.8 Sensitivity analysis 

In a sensitivity analysis of CVD mortality and cancer mortality, deaths from other 

causes were treated as competing events using Fine and Gray method.72,73 

 

C.9 Exploratory analysis 

Using ToppGene, 68-70 we conducted an overrepresentation analysis (ORA) for the 

proteins included in CaPAC5. ORA is a type of pathway analysis that shows whether 

proteins from pre-defined pathways, for example those participating in the same 

molecular process or are regulated by the same transcription factor (i.e., to a specific GO 

term or KEGG pathways) are present more than would be expected (overrepresented) in 

our data.71 UniProt IDs were provided as the inputs, the background was set to all 

protein-coding genes, and the False Discovery Rate (FDR) significance level was set to 

0.05. 

 

D. Results 

D.1 Pearson correlation between PAC and chronological age 

Among cancer-free participants, the Pearson correlation coefficients (r) between 

CaPAC5 and chronological age were 0.89 (median absolute error (MAE)=1.76 years) in 

the training set and 0.75 (MAE=2.19 years) in the test set (Figure 5.1a), respectively. 

Pearson’s r between Lehallier’s PAC and chronological age was 0.80 (MAE=2.21 years) 

in the training set and 0.70 (MAE = 2.50 years), in the test set (Figure 5.1c). In the test 
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set, Pearson’s r between CaPAC5 and Lehallier’s PAC was 0.89.  

Among cancer survivors, Pearson’s r between chronological age and CaPAC5 

was 0.75 (MAE=2.45 years)) and Pearson’s r between chronological age and Lehallier’s 

PAC was 0.70 (MAE=2.48 years)) (Figures 5.1b and 5.1d). Among cancer survivors, 

Pearson’s r between CaPAC5 and Lehallier’s PAC was 0.89. 

 

D.2 Distribution of participant characteristics across tertiles of PAC acceleration 

The distributions of age acceleration for CaPAC5 and Lehallier’s PAC among 

806 White and Black cancer survivors and 1,233 White and Black cancer-free 

participants (test set) are shown in Supplemental Figure 5.1. The means for CaPAC5 

and Lehallier’s PAC adjusted for chronological age were 76.1 and 76.2 years for cancer 

survivors and cancer-free participants (test set), respectively. The ranges of CaPAC5 

acceleration were -6.68 to 15.07 years for cancer survivors and -9.86 to 15.28 years for 

cancer-free participants (test set), respectively (Table 5.1). Among cancer survivors, 

those with higher age acceleration for both PACs were more likely to be White, and have 

CVD, less education, a lower level of physical activity, and a lower eGFR (Table 5.1). 

Similar to cancer survivors, among cancer-free participants, those with higher 

acceleration for both PACs were more likely to be White, and have CVD, a lower level of 

physical activity, and a lower eGFR, but the education level was similar across PAC 

tertiles. In addition, cancer-free participants (test set) with a higher age acceleration for 

CaPAC5 but not for Lehallier’s PAC tended to have diabetes (Table 5.1).  
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D.3 Associations between PAC acceleration and mortality 

D.3.1 Associations with all-cause, CVD, and cancer mortality in all cancer survivors 

Among 806 cancer survivors, 272 died by 2019 (median follow-up = 6.98 years). 

In cancer survivors, age acceleration for both PACs was similarly associated with all-

cause mortality. HRs (95% CIs) per 1 SD for all-cause mortality in Model 3 were 1.42 

(1.24, 1.62) for CaPAC5 and 1.40 (1.22, 1.61) for Lehallier’s PAC (Table 5.2 and 

Supplemental Table 5.1). The associations with all-cause mortality in cancer survivors 

for both PACs were not statistically modified by sex or race (Supplemental Table 5.2). 

In addition, in cancer survivors, acceleration for both PACs was significantly associated 

with CVD mortality and cancer mortality in Model 3. For CaPAC5: HRs (95% CIs) per 1 

SD were 1.35 (1.03, 1.76) for CVD mortality and 1.45 (1.17, 1.81) for cancer mortality in 

cancer survivors (Table 5.2 and Supplemental Table 5.1). 

 

D.3.2 Associations with all-cause mortality in survivors of individual cancer types 

Age acceleration for both PACs were significantly associated with all-cause 

mortality in postmenopausal breast cancer survivors. For CaPAC5: HRs (95% CIs) per 1 

SD was 1.54 (1.05, 2.25) in Model 3 (Table 5.3 and Supplemental Table 5.1). In 

addition, CaPAC5 acceleration was significantly associated with all-cause mortality in 

colorectal cancer (CRC) survivors [HRs (95% CIs) per 1 SD = 1.96 (1.19, 3.22)], but not 

age acceleration for Lehallier’s PAC (Table 5.3 and Supplemental Table 5.1). Neither 

of age accelerations was associated with all-cause mortality in prostate cancer survivors 

(Table 5.3 and Supplemental Table 5.1). In the same group of participants, additional 

adjustment for stage at diagnosis did not change the association between age acceleration 
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for both PACs and all-cause mortality among postmenopausal breast cancer survivors or 

prostate cancer survivors and the associations for CRC survivors for both PACs were in 

the same direction (Supplemental Table 5.3). 

 

D.3.3 Association with all-cause and CVD mortality in cancer-free participants 

Among 1,233 cancer-free participants (test set), 224 died by 2019 (median 

follow-up = 7.25 years). Age acceleration for both PACs were associated with all-cause 

mortality: HRs (95% CIs) per 1 SD were 1.50 (1.28, 1.76) for CaPAC5 and 1.61 (1.39, 

1.87) for Lehallier’s PAC in Model 3 (Table 5.2 and Supplemental Table 5.1). These 

associations were not statistically modified by sex or race (Supplemental Table 5.2). 

Age acceleration for both PACs was also associated with CVD mortality: HRs (95% CIs) 

per 1 SD were 1.48 (1.51, 1.91) for CaPAC5 and 1.68 (1.33, 2.12) for Lehallier’s PAC 

(Table 5.2 and Supplemental Table 5.1).  

 

D.3.4 Comparison of associations with all-cause and CVD mortality in cancer survivors 

and cancer-free participants 

When cancer survivors and cancer-free participants (test set) were included into 

the same model, cancer status did not modify the associations of age acceleration for both 

PAC with all-cause mortality or CVD mortality (p-interactions = 0.11-0.62) (Table 5.2).  

 

D.4 Sensitivity analysis 

Among cancer survivors, after accounting for non-CVD deaths as competing 

events, the association with CVD mortality became nonsignificant for the age 
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acceleration for both PACs: HRs (95% CIs) per 1 SD were 1.16 (0.88, 1.52) for CaPAC5 

and 1.15 (0.88, 1.49) for Lehallier’s PAC (Table 5.2). Among cancer survivors, after 

accounting for non-cancer deaths as competing events using the Fine and Gray method, 

the association with cancer mortality remained significant but became weaker for 

CaPAC5 acceleration [HR (95% CI) per 1 SD = 1.34 (1.09, 1.64)] and became 

nonsignificant for Lehallier’s PAC [HR (95% CI) per 1 SD =1.19 (0.94, 1.51)] (Table 

5.2).  

Among cancer-free participants (test set), after accounting for non-CVD deaths as 

competing events, the association with CVD mortality remained the same (compared to 

Cox proportional hazards model) for the age acceleration for both PACs: HRs (95% CIs) 

per 1 SD were 1.42 (1.03, 1.96) for CaPAC5 and 1.61(1.22, 2.13) (Table 5.2).  

 

D.5 Exploratory analysis 

Using the Gene Ontology Biological Process database, we found that 1290 

pathways were overrepresented (FDR p-value < 0.05) for the proteins included in 

CaPAC5. The Top 40 pathways overrepresented were listed in Supplemental Table 5.4. 

They included “inflammatory response”, “regulation of immune system process”, 

“positive regulation of cell differentiation”, and “regulation of nervous system 

development”. 

 

E. Discussion 

In a large prospective study of White and Black men and women aged 66-90 

years that measured more than 5,000 proteins using the SomaScan assay, we constructed 
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and validated a cancer-specific PAC, CaPAC5, in older cancer-free participants. In the 

cancer-free participants (test set), the correlation between CaPAC5 and chronological age 

was 0.75. We found that CaPAC5 acceleration was associated with risk of all-cause 

mortality and cancer mortality (in both Cox proportional hazards model and the 

competing risk model) in cancer survivors. We also found that CaPAC5 acceleration was 

associated with risk of all-cause mortality and CVD mortality (in both Cox proportion 

hazards model and the competing risk model) in cancer-free participants. The 

associations of CaPAC5 acceleration with all-cause mortality were similar in cancer 

survivors and cancer-free participants. CaPAC5 was strongly correlated with Lehallier’s 

PAC (published PAC) and these two PACs were similarly associated with all-cause 

mortality in cancer survivors. 

In this study, we found that the Pearson correlation coefficients between CaPAC5 

and chronological age were similar among cancer survivors and cancer-free participants. 

Although cancer survivors had a slightly higher median absolute error (MAE) compared 

to cancer-free participants, the difference in MAE between cancer survivors and cancer-

free participants (in the test set) was very small. This may be because 80% of the cancer 

survivors in our study have survived for five or more years. A previous ARIC study 

found that the overall health of cancer survivors who survived five or more years was 

similar to their overall health before their cancer diagnosis.113 

In this study, we compared our CaPAC5 with the published Lehallier’s PAC. The 

acceleration for both PACs showed similar association with participant characteristics in 

cancer survivors and cancer-free participants. Those with higher acceleration were likely 

to be White, have a lower physical activity, a history of CVD, and a lower eGFR. The 
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age acceleration for these PACs showed similar associations with all-cause mortality in 

cancer survivors. After accounting for deaths from other causes as competing events, the 

associations of age acceleration for both PACs with CVD mortality and cancer mortality 

in cancer survivors became weaker or nonsignificant, indicating that non-CVD deaths 

and non-cancer deaths are competing events for CVD mortality and cancer mortality, 

respectively, in cancer survivors. In addition, the age acceleration for both PACs was 

significantly associated with all-cause mortality in survivors of postmenopausal breast 

cancer even after additional adjustment for stage. To our knowledge, our study is the first 

study that examined the association between PACs and risk of mortality in cancer 

survivors. A few studies examined the association with mortality in cancer survivors 

using epigenetic clocks. A pooled analysis of seven prospective studies of adult cancer 

survivors [mean chronological age (SD) = 59.6 (7.5), 99.3% participants aged 40-69] 

found that age acceleration for Hannum clock was associated with all-cause mortality 

[per 5 year: HR (95% CI)=1.05 (1.01, 1.10)],36 while in our study that association was 

much stronger [HRs (95% CIs) per 5 year = 1.96 (1.52, 2.54) for CaPAC5 and 1.91 (1.46, 

2.51) for Lehallier’s PAC]. Of note, here we used the unit of PAC acceleration of 5 years 

rather than 1 SD (SDs=2.59 years for CaPAC5 and 2.58 years for Lehallier’s PAC) to 

compare our findings to the findings in published studies. Another study, the Cancer 

Genome Atlas (TCGA) study [63.5% patients >=60 years] found that positive vs. 

negative acceleration for Horvath’s clock was associated with a 97% increase in risk of 

all-cause mortality in CRC survivors [positive Horvath age acceleration vs. negative: HR 

(95% CI) = 1.97 (1.14, 1.39)] after adjusting for stage-and molecular subtype.39 In our 

study, we found that CaPAC5 acceleration was significantly associated with all-cause 
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mortality in CRC survivors in a multivariable-adjusted model but without adjustment for 

stage at diagnosis [HR (95% CI) per 1 SD = 1.96 (1.19, 3.22)]. However, after additional 

adjustment for stage, the association with all-cause mortality in CRC survivors became 

nonsignificant, which may be due to the small number of CRC survivors with stage 

information (N=52) in our study. In summary, CaPAC5 associated with all-cause 

mortality in cancer survivors. However, we cannot conclude whether PAC acceleration 

was stronger associated with all-cause mortality than age acceleration for epigenetic 

clocks in cancer survivors, because we have an older study population than in the 

published studies.  

There is a growing concern about accelerated aging among the rapidly increasing 

number of cancer survivors. Until recently, measures of biological age have been mostly 

limited to functional measures, e.g., walking speed, maximal oxygen consumption, Fried 

frailty phenotype,114 clinical geriatric assessment, and cognitive assessments.10,115 These 

measures are unlikely to account for all aspects of aging and it is time-consuming and 

difficult to collect them, especially in the elderly. However, PACs are objective 

measures and can be measured in a small drop of blood. In the future, PAC could 

help screen for the aging process in routine follow-ups. Although the association 

between PAC acceleration and mortality was similar in those with and without 

cancer in our study, PAC may be especially important for cancer survivors to inform 

on cancer treatment and potentially on the use of anti-aging interventions. Targeting 

biological age in cancer survivors may be advantageous, because it can 

simultaneously decrease the incidence of several age-related diseases together and 

prolong cancer survivors’ healthy lifespan. PACs could also serve as surrogate 

endpoints in clinical trials to test anti-aging lifestyle interventions and drugs. Lastly, 
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the proteins and protein pathways comprising PACs can serve as targets for novel 

anti-aging therapies for cancer survivors.  

A limitation of our study is that cancer survivors markedly differed in the 

amount of time between cancer diagnosis and the time of blood collection (range: 2-

25 years). However, the adjustment for time since diagnosis did not noticeably 

change the association between age acceleration and mortality. Other limitations are 

that we had a small group of individual cancer survivors, and we did not have 

information about cancer treatment and information about stage of diagnosis was 

available for survivors of several cancer types only. However, additional adjustment for 

stage at diagnosis did not change the association between PAC acceleration and all-cause 

mortality in postmenopausal breast cancer survivors or prostate cancer survivors, or 

direction of the association for CRC survivors. Further, the possibility of protein 

degradation during long-term storage cannot be excluded. However, the blood samples 

were frozen right after their collection and have never been thawed limiting the 

possibility of degradation.76 Lastly, SomaScan provide relative quantification instead of 

absolute quantification.104 The strengths of this population-based study include the 

prospective design, a large population-based sample of White and Black individuals, and, 

validated information about cancer incidence and some causes of death. Another strength 

is that the version of SomaScan assay used in ARIC measured more than 5000 proteins, 

greater than the panels of proteins used in most previous studies. With a larger panel of 

proteins, we may be able to develop a PAC that more accurately predicts chronological 

age. In addition, we compared the associations in cancer survivors and in cancer-free 

participants.  
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In conclusion, we constructed CaPAC5 in White and Black individuals and 

showed that this PAC was able to predict risk of mortality in cancer survivors. The 

proteins and protein pathways comprising CaPAC5 hold promise as anti-aging drug 

targets for cancer survivors. Future studies are needed to validate our CaPAC5 in a larger 

population and examine associations with age-related diseases in cancer survivors. 
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a. Correlation between CaPAC5 and 
chronological age in cancer-free participants 
(test set) (r = 0.75) 

 

 
b. Correlation between CaPAC5 and 
chronological age in cancer survivors 
(r=0.75) 

 
c. Correlation between Lehallier’s PAC and 
chronological age in cancer-free participants 
(test set) (r = 0.70) 

 
b. Correlation between Lehallier’s PAC and 
chronological age in cancer survivors 
(r=0.70) 

Figure 5.1 Pearson correlation (r) between PAC and chronological age in cancer-
free participants and cancer survivors, Visit 5
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Table 5.1 Participant characteristics across tertiles of age acceleration for PAC in cancer survivors and cancer-free 
participants; Visit 5 

Cancer survivors 
 CaPAC5 

P-value 

Lehallier's PAC 

P-value  T1 (N = 268) T2 (N = 
269) 

T3 (N = 
269) T1 (N = 268) T2 (N = 269) T3 (N = 

269) 
Range of age acceleration (years) -6.7 to -1.3 -1.3 to 0.9 1.0 to 15.1 -6.8 to -1.3 -1.2 to 1.0 1.1 to 17.0 
Demographic         
Age, years (SD) 77.1 (4.9) 76.9 (5.2) 77.1 (5.4) 0.84 77.0 (5.2) 76.8 (4.8) 77.2 (5.5) 0.63 
Male, % 52.2 58.4 49.8 0.12 58.2 50.2 52.0 0.15 
White, % 76.5 80.7 86.3 0.02 76.9 80.7 85.9 0.03 
Education, %         
    Less than high school 12.7 12.3 19.0 

0.10 
11.2 15.2 17.5 

0.15     High school equivalent 41.4 39.4 41.3 38.8 42.7 40.5 
    Greater than high school 45.9 48.3 39.8 50.0 42.0 42.0          
Lifestyle/Medical factors         
BMI, kg/m2 (SD) 29.5 (5.3) 28.9 (5.7) 27.9 (6.0) <0.01 29.6 (5.2) 29.0 (5.4) 27.8 (6.3) <0.01 
Smoking status, %         
    Current smoker 5.0 6.0 7.3 

0.73 
3.7 5.8 8.7 

0.22     Former smoker 55.0 58.2 54.3 56.3 56.2 55.0 
    Never smoker 40.1 35.7 38.5 40.0 37.9 36.3 
Alcohol intake, %         
    Current drinker 52.1 55.0 53.2 

0.95 
54.5 52.3 53.6 

0.70     Former drinker 30.0 29.1 28.8 31.0 28.7 28.2 
    Never drinker 17.9 15.9 18.0 14.5 19.0 18.3 
Physical activity, score (SD) 2.6 (0.8) 2.5 (0.8) 2.4 (0.8) <0.01 2.7 (0.7) 2.5 (0.8) 2.4 (0.8) <0.01 
CVD, % 21.4 29.7 34.9 <0.01 16.8 29.4 39.8 <0.01 
Diabetes, % 38.8 31.2 35.7 0.18 33.2 37.9 34.6 0.50 
Aspirin use in the past two 
weeks, % 70.8 71.9 70.2 0.90 67.4 72.0 73.4 0.28 

eGFR, mL/min/1.73 m2 (SD) 71.0 (18.1) 65.2 (18.4) 60.0 (20.3) <0.01 70.9 (17.9) 65.6 (18.4) 59.6 (0.4) <0.01 
Cancer-free participants (test set) 

 CaPAC5 

P-value 

Lehallier's PAC 

P-value  T1 (N = 411) T2 (N = 
411) 

T3 (N = 
411) T1 (N = 411) T2 (N = 411) T3 (N = 

411) 
Range of age acceleration (years) -9.8 to -1.2 -1.1 to 1.0 1.1 to 15.3 -8.2 to -1.2 -1.1 to 1.0 1.1 to 16.4 
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Demographic         
Age, years (SD) 76.1 (5.2) 75.5 (5.0) 76.3 (5.3) 0.06 76.0 (5.1) 75.8 (5.1) 76.1 (5.3) 0.73 
Male, % 43.6 40.6 40.2 0.56 39.2 43.3 41.9 0.47 
White, % 75.2 80.5 82.7 0.04 75.4 79.8 83.2 0.02 
Education, %         
    Less than high school 12.9 13.6 14.7 

0.89 
12.4 14.9 13.9 

0.44     High school equivalent 40.9 42.8 42.1 43.8 38.3 43.7 
   Greater than high school 46.2 43.6 43.3 43.8 46.8 42.4          
Lifestyle/Medical factors         
BMI, kg/m2 (SD) 29.4 (5.3) 29.0 (5.8) 27.6 (5.7) <0.01 29.1 (4.8) 29.0 (6.1) 28.0 (5.9) 0.01 
Smoking status, %         
    Current smoker 5.8 5.5 7.2 

0.25 
5.2 6.5 6.8 

0.64     Former smoker 55.1 52.9 47.0 51.5 53.9 49.4 
    Never smoker 39.1 41.6 45.8 43.3 39.5 43.8 
Alcohol intake, %         
    Current drinker 48.5 48.1 54.1 

0.21 
46.3 51.4 53.0 

0.18     Former drinker 30.8 28.7 23.8 31.5 27.7 23.9 
    Never drinker 20.8 23.3 22.2 22.3 20.9 23.1 
Physical activity, score (SD) 2.7 (0.8) 2.7 (0.8) 2.5 (0.8) 0.01 2.7 (0.8) 2.6 (0.8) 2.6 (0.8) 0.01 
CVD, % 19.9 21.7 29.8 <0.01 16.6 22.9 31.9 <0.01 
Diabetes, % 34.8 30.2 26.0 0.02 32.9 29.9 28.2 0.35 
Aspirin use in the past two 
weeks, % 69.9 66.9 70.2 0.56 68.4 67.5 71.2 0.49 

eGFR, mL/min/1.73 m2 (SD) 73.7 (15.8) 69.8 (19.3) 65.5 (18.8) <0.01 72.7 (17.0) 71.4 (17.5) 64.9 (19.5) <0.01 
Abbreviations: V5 – Visit 5; PAC – proteomic ageing clock; CaPAC – cancer-specific proteomic aging clock; SD – standard deviation; CVD – cardiovascular 
disease; BMI – body mass index; eGFR - estimated glomerular filtration rate. 
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Table 5.2 Associations of PAC acceleration with all-cause and CVD mortality among cancer survivors and cancer-free 
participants, and cancer mortality among cancer survivors 

    
No of deaths Total person-

years 

CaPAC5 Lehallier's PAC 
  HR (95% CI) per 1 SDa HR (95% CI) per 1 SDa 

    Model 3b Model 3b 

All-cause mortality 

cancer survivors 272 4,963 1.42 (1.24, 1.62) 1.40 (1.22, 1.61) 
cancer-free participants (test 
set) 224 8,247 1.50 (1.28, 1.76) 1.61 (1.39, 1.87) 

p-interactionc   0.62 0.20 
      

CVD mortality 

cancer survivors 75 4,963 1.35 (1.03, 1.76) 1.36 (1.02,1 .82) 
cancer-free participants (test 
set) 82 8,247 1.48 (1.15, 1.91) 1.68 (1.33, 2.12) 

p-interaction   0.46 0.11 
      
Cancer mortality cancer survivors 86 4963 1.45 (1.17, 1.81) 1.29 (1.02, 1.63) 

Fine and gray competing risk model 

CVD mortality 
cancer survivors   1.16 (0.88, 1.52) 1.15 (0.88, 1.49) 
cancer-free participants (test 
set) 

  1.42 (1.03, 1.96) 1.61 (1.22, 2.13) 

      
Cancer mortality cancer survivors     1.34 (1.09, 1.64) 1.19 (0.94, 1.51) 
Abbreviations: PAC – proteomic ageing clock; CaPAC – cancer-specific proteomic aging clock; CVD – cardiovascular disease; SD – standard 
deviation; BMI – body mass index; eGFR – estimated glomerular filtration rate; HR – hazard ratio; CI – confidence interval. 
a SDs for PAC acceleration were: among cancer survivors = 2.59 and 2.58 years for CaPAC5 and Lehallier's PAC, respectively; and among 
cancer-free participants (test set) = 2.55 and 2.49 years for CaPAC5 and Lehallier's PAC, respectively. 
b Model adjusted for chronological age, sex, race, study center, education, BMI, smoking status, alcohol intake, physical activity, time since 
cancer diagnosis (for cancer survivors’ analysis only), eGFR, history of CVD, aspirin use, and diabetes. 
c Interaction with cancer status was examined using a multiplicative term. 
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Table 5.3 Associations of PAC acceleration with all-cause mortality among survivors of postmenopausal breast, prostate, and 
colorectal cancers in Model 3 

  
No of deaths Total person-years 

CaPAC5 Lehallier's PAC 
 HR (95% CI) per 1 SDa HR (95% CI) per 1 SDa 

  Model 3b Model 3b 
Postmenopausal breast 

cancer survivors 46 1,114 1.54 (1.05, 2.25) 1.72 (1.13, 2.64) 

Prostate cancer survivors 88 1,551 1.19 (0.92, 1.53) 1.28 (0.97, 1.69) 
CRC survivors 35 412 1.96 (1.19, 3.22) 1.38 (0.87, 2.17) 

Abbreviations: PAC – proteomic ageing clock; CaPAC – cancer-specific proteomic aging clock; CVD – cardiovascular disease; SD – standard deviation; CRC 
– colorectal cancer; BMI – body mass index; eGFR – estimated glomerular filtration rate; HR – hazard ratio; CI – confidence interval. 
a SDs for PAC acceleration were: CaPAC5 = 2.60, 2.45, and 2.52 years for breast, prostate, and colorectal cancer survivors, respectively; and Lehallier's PAC 
= 2.42, 2.57, and 2.78 years for breast, prostate, and colorectal cancer survivors, respectively. 
b Model 3 was adjusted for chronological age, sex (for CRC survivors’ analysis only), race, study center, education, BMI, smoking status, alcohol intake, 
physical activity, time since cancer diagnosis, eGFR, history of CVD, aspirin use, and diabetes. 
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a. Distribution of CaPAC acceleration among 
cancer-free participants (test set) and cancer 
survivors. 

 

 

b. Distribution of Lehallier’s PAC 
acceleration among cancer-free participants 
(test set) and cancer survivors. 

Supplemental Figure 5.1 Distribution of PAC acceleration among cancer-free 
participants (test set) and cancer survivors, Visit 5 
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Supplemental Table 5.1 Associations of PAC acceleration with all-cause and CVD mortality among cancer survivors and 
cancer-free participants, and cancer mortality among cancer survivors in Models 1-3 

    CaPAC5 Lehallier's PAC 
  HR (95% CI) per 1 SDa HR (95% CI) per 1 SDa 

    Model 1b Model 2c Model 3d Model 1b Model 2c Model 3d 

All-cause 
mortality 

All cancer survivors 1.53 (1.36, 1.72) 1.43 (1.25, 1.63) 1.42 (1.24, 1.62) 1.51 (1.34, 1.70) 1.44 (1.25, 1.65) 1.40 (1.22, 1.61) 
Cancer-free 
participants (test set) 1.58 (1.41, 1.79) 1.50 (1.29, 1.75) 1.50 (1.28, 1.76) 1.66 (1.48, 1.85) 1.58 (1.37, 1.82) 1.61 (1.39, 1.87) 

        

CVD mortality 
All cancer survivors 1.51 (1.20, 1.90) 1.33 (1.02, 1.73) 1.35 (1.03, 1.76) 1.53 (1.22, 1.93) 1.42 (1.07, 1.89) 1.36 (1.02, 1.82) 
Cancer-free 
participants (test set) 1.59 (1.31, 1.92) 1.51 (1.19, 1.91) 1.48 (1.15, 1.91) 1.73 (1.46, 2.06) 1.68 (1.36, 2.06) 1.68 (1.33, 2.12) 

        
Cancer 
mortality All cancer survivors 1.47 (1.20, 1.81) 1.46 (1.17, 1.82) 1.45 (1.17, 1.81) 1.29 (1.04, 1.60) 1.30 (1.03, .64) 1.29 (1.02, 1.63) 

All-cause mortality for survivors of postmenopausal breast, prostate, and colorectal cancers 
Postmenopausal breast cancer survivors 1.46 (1.10, 1.93) 1.54 (1.06, 2.23) 1.54 (1.05, 2.25) 1.50 (1.10, 2.04) 1.77 (1.18, 2.66) 1.72 (1.13, 2.64) 
       
Prostate cancer survivors 1.25 (1.01, 1.55) 1.22 (0.94, 1.58) 1.19 (0.92, 1.53) 1.36 (1.09, 1.71) 1.36 (1.04, 1.77) 1.28 (0.97, 1.69) 
       
CRC survivors 1.69 (1.19, 2.40) 1.87 (1.23, 2.84) 1.96 (1.19, 3.22) 1.37 (0.97, 1.93) 1.43 (0.96, 2.13) 1.38 (0.87, 2.17) 
Abbreviations: PAC – proteomic ageing clock; CaPAC – cancer-specific proteomic aging clock; CVD – cardiovascular disease; SD – standard deviation; CRC – 
colorectal cancer; BMI – body mass index; eGFR – estimated glomerular filtration rate; HR – hazard ratio; CI – confidence interval. 
a Among cancer survivors, SDs for PAC acceleration were: CaPAC5 = 2.59, 2.60, 2.45, and 2.52 years for all, breast, prostate, and colorectal cancer survivors, 
respectively; and Lehallier's PAC = 2.58, 2.42, 2.57, and 2.78 years for all, breast, prostate, and colorectal cancer survivors, respectively. Among cancer-free 
participants (test set), SDs for PAC acceleration were 2.55 and 2.49 years for CaPAC5 and Lehallier's PAC, respectively. 
b Model 1 was adjusted for chronological age, sex, race, and study center 
c Model 2 was adjusted for chronological age, sex, race, study center, education, BMI, smoking status, alcohol intake, physical activity, time since cancer diagnosis (for 
cancer survivors’ analysis only), and eGFR. 
d Model 3 was adjusted for chronological age, sex, race, study center, education, BMI, smoking status, alcohol intake, physical activity, time since cancer diagnosis (for 
cancer survivors' analysis only), eGFR, history of CVD diseases, aspirin use, and diabetes. 
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Supplemental Table 5.2 Associations of PAC acceleration with all-cause mortality among cancer survivors and cancer-free 
participants stratified by race and sex 

    No. of death Total person-years CaPAC5 Lehallier's PAC 
    HR (95% CI)a per 1 SD HR (95% CI)a per 1 SD 

Stratified by raceb 

All cancer survivorsc 
White 219 4,204 1.41 (1.22, 1.64) 1.39 (1.19, 1.63) 
Black 53 758 1.30 (0.96, 1.76) 1.29 (0.95, 1.76) 
P-interaction   0.77 0.47 

Cancer-free 
participants (test set)d 

White 178 6,889 1.48 (1.22, 1.79) 1.52 (1.27, 1.82) 
Black 46 1,358 1.60 (1.12, 2.27) 2.05 (1.52, 2.76) 
P-interaction   0.82 0.32 

Stratified by sexb 

All cancer survivorse 
Women 115 2,351 1.38 (1.12, 1.70) 1.33 (1.06, 1.68) 
Men 157 2,612 1.40 (1.17, 1.68) 1.46 (1.20, 1.76) 
P-interaction   0.80 0.73 

Non-sex-related 
cancer survivorsf 

Women 58 868 1.62 (1.16, 2.24) 1.26 (0.90, 1.76) 
Men 69 1,054 2.20 (1.52, 2.69) 1.89 (1.43, 2.49) 
P-interaction   0.47 0.22 

Cancer-free 
participants (test set)g 

Women 120 4,816 1.57 (1.26, 1.96) 1.72 (1.39, 2.12) 
Men 104 3,431 1.42 (1.11, 1.81) 1.49 (1.18, 1.87) 
P-interaction     0.32 0.23 

Abbreviations: PAC – proteomic ageing clock; CaPAC – cancer-specific proteomic aging clock; CVD – cardiovascular disease; SD – standard deviation; BMI – body 
mass index; eGFR – estimated glomerular filtration rate; HR – hazard ratio; CI – confidence interval. 
a model was adjusted for chronological age, sex, race, study center, education, BMI, smoking status, alcohol intake, physical activity, time since cancer diagnosis (for 
cancer survivors' analysis only), eGFR, history of CVD diseases, aspirin use, and diabetes. 
b Interactions with sex and race were examined using a multiplicative term. 
c Among cancer survivors, SDs for PAC acceleration were: CaPAC5 = 2.61 and 2.55 years for White and Black participants, respectively; and Lehallier's PAC: 2.55 
and 2.67 years for White and Black participants, respectively. 
d Among cancer-free participants (test set), SDs for PAC acceleration were: CaPAC5 = 2.43 and 2.96 years for White and Black participants, respectively; and 
Lehallier's PAC = 2.34 and 2.97 years for White and Black participants, respectively. 
e Among all cancer survivors, SDs for PAC acceleration were: CaPAC5 = 2.58 and 2.60 years for females and males, respectively; and Lehallier's PAC = 2.42 and 
2.72 years for females and males, respectively. 
f Non-sex related cancer survivors are survivors diagnosed with any cancers other than breast, cervical, endometrial, ovarian, or prostate cancers. Among non-sex 
related cancer survivors, SDs for PAC acceleration were:  CaPAC5 = 2.48 and 2.73 years for females and males, respectively; and Lehallier's PAC = 2.42 and 2.83 
years for females and males, respectively.  
g Among cancer-free participants (test set), SDs for PAC acceleration were: CaPAC5 = 2.56 and 2.53 years for females and males, respectively; and Lehallier's PAC = 
2.47 and 2.52 years for females and males, respectively. 
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Supplemental Table 5.3 Associations of PAC acceleration with all-cause mortality among a subset of survivors of 
postmenopausal breast, prostate, and colorectal cancers with the information on stage of diagnosis 

  
No. of deaths Total person-

years 

CaPAC5 Lehallier's PAC 
 HR (95% CI) per 1 SDa HR (95% CI) per 1 SD 
  Model 3b Model 3 + stage Model 3b Model 3 + stage 

Postmenopausal 
breast cancer 

survivors 
31 743 2.60 (1.41, 4.79) 2.68 (1.44, 4.99) 2.63 (1.43, 4.83) 2.63 (1.43, 4.85) 

Prostate cancer 
survivors 80 1,400 1.19 (0.91, 1.56) 1.25 (0.95, 1.65) 1.27 (0.95, 1.71) 1.32 (0.97, 1.80) 

CRC survivors 23 335 1.84 (0.95, 3.58) 1.49 (0.72, 3.06) 5.29 (1.70, 16.46) 3.97 (1.14, 13.86) 
Abbreviations: PAC – proteomic ageing clock; CaPAC – cancer-specific proteomic aging clock; CVD – cardiovascular disease; SD – standard 
deviation; CRC – colorectal cancer; BMI – body mass index; eGFR – estimated glomerular filtration rate; HR – hazard ratio; CI – confidence 
interval. 
a SDs for PAC acceleration were: CaPAC5 = 2.38, 2.44, and 2.60 years for breast, prostate, and colorectal cancer survivors; and Lehallier's PAC 
= 2.29, 2.59, and 2.75 years for breast, prostate, and colorectal cancer survivors, respectively. 
b Model 3 was adjusted for chronological age, sex, race, study center, education, BMI, smoking status, alcohol intake, physical activity, time 
since cancer diagnosis, eGFR, history of CVD, aspirin use, and diabetes. 
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Supplemental Table 5.4 Top 40 pathways overrepresented in CaPAC5 
No. Pathway FDR p-value No. Pathway FDR p-value 
1 regulation of multicellular organismal development 3.453E-19 21 cellular response to endogenous stimulus 3.829E-11 
2 negative regulation of multicellular organismal process 1.64E-16 22 positive regulation of intracellular signal transduction 4.136E-11 
3 cell adhesion 1.64E-16 23 neuron development 5.239E-11 
4 positive regulation of multicellular organismal process 9.406E-16 24 positive regulation of MAPK cascade 6.583E-11 
5 positive regulation of signal transduction 6.975E-15 25 neuron projection development 1.128E-10 
6 locomotion 1.222E-14 26 tube development 1.847E-10 
7 external encapsulating structure organization 1.222E-14 27 regulation of peptidase activity 2.86E-10 
8 positive regulation of cell population proliferation 5.151E-14 28 enzyme-linked receptor protein signaling pathway 3.225E-10 
9 extracellular matrix organization 1.566E-13 29 response to hormone 3.663E-10 
10 extracellular structure organization 1.566E-13 30 regulation of protein phosphorylation 3.663E-10 
11 chemotaxis 3.522E-13 31 regulation of MAPK cascade 4.102E-10 
12 taxis 3.644E-13 32 positive regulation of cell differentiation 5.958E-10 
13 inflammatory response 3.644E-13 33 regulation of nervous system development 6.908E-10 
14 regulation of response to external stimulus 7.609E-13 34 blood vessel morphogenesis 8.724E-10 
15 positive regulation of gene expression 1.055E-12 35 vasculature development 1.109E-09 
16 cell-cell adhesion 1.247E-12 36 regulation of endopeptidase activity 1.217E-09 
17 positive regulation of developmental process 2.246E-12 37 growth 1.282E-09 
18 response to wounding 1.071E-11 38 defense response to other organism 1.625E-09 
19 regulation of immune system process 1.287E-11 39 cell activation 1.646E-09 
20 developmental growth 3.261E-11 40 cellular component morphogenesis 1.955E-09 
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Chapter 6  Summary 

Recent evidence suggests that individual’s aging process can be slowed down and 

the slowing down of aging can improve an individual’s health over their lifespan. Given 

that the older U.S. population is expanding, there is a need to develop accurate measures 

of biological age. In turn, the accurate measures of biological age will enable the 

development of anti-aging interventions. The aims of this dissertation were to construct 

PACs using a large population-based study – ARIC, and test their associations with 

mortality, cancer risk and survival. 

In the first manuscript, we used the proteomics data measured in middle-aged 

healthy participants (at Visit 2, aged 46-70 years) to construct and compare five new 

PACs with the goal to identify the best PAC among them. We utilized different types of 

penalized regressions and different transformations of proteins. All these five PACs were 

similarly and strongly correlated with chronological age and with each other; thus, we 

selected the simplest PAC – V2 ARIC PAC. This V2 ARIC PAC acceleration was 

significantly associated with all-cause mortality and CVD mortality (in both Cox 

proportional hazards model and competing risk model). V2 ARIC PAC was significantly 

associated with cancer mortality in Cox proportional hazards model, but not in the 

competing risk model.  

 We also constructed a de novo PAC (V5 ARIC PAC) using healthy participants 

of older age (at Visit 5, aged 66-90 years). Similar to V2 ARIC PAC, V5 ARIC PAC was 

also strongly correlated with chronological age and V5 ARIC PAC acceleration was 

significantly associated with all-cause and CVD mortality (in both Cox proportional 

hazards model and competing risk model). In addition, V5 ARIC PAC acceleration was 
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significantly associated with cancer mortality (in both Cox proportional hazards model 

and competing risk model).  

Finally, we compared V2 ARIC PAC to three published PACs constructed at 

Visit 2. V2 ARIC PAC was correlated with three published PACs and the age 

acceleration for these four PACs was similarly associated with mortality.  

In summary, PACs trained using different statistical methods and with different 

transformations of proteins show very similar performance and PACs that were 

developed in different populations were similarly associated with mortality. These 

findings suggest the robustness of PACs. 

In the second manuscript, using proteomics data at Visit 2, we constructed a 

cancer-specific PAC (CaPAC) using participants who remained cancer-free until 2015. 

Similar to PAC constructed in healthy participants in the first manuscript, CaPAC was 

strongly correlated with chronological age and CaPAC acceleration was significantly 

associated with risk of overall, colorectal, and lung cancers. In addition, CaPAC was 

significantly associated with kidney cancer risk in Black participants but not White 

participants. 

For the third manuscript, using the proteomics data measured in cancer-free 

participants at Visit 5, we constructed another cancer-specific PAC (CaPAC5). CaPAC5 

was strongly correlated with chronological age in both cancer survivors and in cancer-

free participants. CaPAC5 acceleration was significantly associated with all-cause 

mortality and cancer mortality (in both Cox proportional hazards model and competing 

risk model) in cancer survivors and all-cause mortality and CVD mortality (in both Cox 

proportional hazards model and competing risk model) in cancer-free participants. The 
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associations with all-cause mortality were similar for cancer survivors and cancer-free 

participants. 

In addition, for manuscripts 2 and 3, we compared the newly constructed 

CAPACs (PACs created in White and Black cancer-free people) to the published PAC 

developed by Lehallier (Lehallier’s PAC, created in White healthy people). We chose 

Lehallier’s PAC rather than other published PACs, because it was most strongly 

correlated with chronological age among published PACs. The associations for cancer 

risk and all-cause mortality in cancer survivors and cancer-free participants were similar 

for Lehallier’s PAC and the newly constructed CAPACs. Taken together, the findings 

from manuscripts 2 and 3 supported the finding from manuscript 1 about the robustness 

of PACs. 

Overall, this dissertation extended our knowledge of PACs as measures of 

biological age to predict mortality, cancer risk and cancer survival. To our 

knowledge, our study is the first to examine associations with cancer risk and 

survival. If the association is causal, by slowing aging, it would be possible to slow 

down cancer development and progression. 
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