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To everyone  

— who shall experience aging in one way or another  



 

 



 

 

ABSTRACT 

Population aging is a global trend and requires better evidence-based guidance. This thesis 

studied population aging from a molecular epidemiological angle. The overall work is 

centered on the “biological age (BA)”, which, in a broad sense, is a quantification of any 

aging-related changes in the cellular, organ-, system-, and/or organismal features. Ideally, BA 

provides additional information in the assessment and prediction of aging risks independent 

of chronological age.  

The first and second studies explored the correlations between BAs and mortality 

associations. 

Study 1 examined a frailty measure, the frailty index (FI), with all-cause and cause-specific 

mortality in 42,953 twins. Increased FI was associated with higher risks of death due to all-

cause, cardiovascular diseases, and respiratory-related causes. Particularly, the effect was 

independent of familiar factors and declined with growing age. 

Study 2 focused on a list of established BAs, including telomere length (TL), DNA 

methylation-based age estimators (DNAmAges), a multiple biomarker-derived BA score, and 

functional BA measures in 846 adults. Correlations were generally stronger between BAs of 

the same type, with TL showing the weakest correlations to other BAs, and the remaining 

demonstrating moderate to high correlations across BAs. Individually, all BAs except for TL 

were associated with mortality risk; jointly, two DNAmAges and the FI were predictive of 

mortality risk independent of the other BAs.  

The third and fourth studies incorporated genetic information to disentangle relationships 

between genetic factors, clinical biomarkers, and aging phenotypes.  

Study 3 investigated a set of clinical biomarkers in relation to healthspan, i.e., disease-free 

lifespan, and used genetically predicted biomarkers as instrumental variables in 12,098 

participants. Glycemic, lipid-, and inflammatory biomarkers were associated with altered 

risks of healthspan. In addition, genetic predisposition to elevated fasting blood glucose was 

associated with a higher risk of encountering an end of healthspan during the follow-up.  

Study 4 interrogated rare and functional genetic determinants of C-reactive protein (CRP) 

and the clinical relevance of the discovered genetic mutations in 161,430 adults. Carrying a 

protein-altering or loss-of-function mutation in the CRP gene was significantly associated 

with decreased serum CRP concentration. Mutation carriers were less affected by obese 

status in terms of the magnitude of increased CRP level. 

In conclusion, BAs can capture distinct aspects of aging-related information. Making use of a 

set of multi-dimensional BAs could provide complementary evidence for risk assessment and 

intervention/treatment effect evaluation in research as well as in clinical practices. 

Measurements of BA together with genetic assessments would facilitate the delivery of 

precision medicine.  
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1 INTRODUCTION 

Population aging is a global trend. According to the World Population Prospects 2019 

reported by the World Health Organization (WHO), the average life expectancy at birth has 

been growing worldwide, rising from 64.2 years in 1990 up to 72.6 years in 2019 and a 

projected number of 77.1 years in 2050. (1) 

This longevity achievement is reached unevenly across genders and geographical regions, 

with women (75.0 versus 70.2 years in men) and Australia/New Zealand region (83.2 versus 

65.2 years in the least developed countries) showing a longer life expectancy in 2019. 

Moreover, population age structures accelerate the burden of population aging at varying 

speeds. On a global scale, individuals aged 65 years or over are estimated to make up 9.1% 

and 15.9% of the total population in 2019 and 2050, respectively. Region-wise, the Sub-

Saharan Africa region shows the lowest 65+ proportion (3.0% in 2019 and 4.5% in 2050) 

while the Europe and Northern America region presents the highest (18.0% in 2019 and 

26.1% in 2050). (1) 

A growing number of the older population would lead to a remarkable change in social, 

economic, and medical systems that requires better evidence-based guidance. In the 

meantime, more and more people reaching advanced age and the advent of the big-data era 

make large-scale data of human aging available and accessible. Together, the situation 

provides researchers valuable opportunities to study the heterogeneity of aging-related 

phenotypes and to elucidate the reasons underneath the phenomenon that some people could 

experience aging “successfully” while others could not.  

Towards these ends, this thesis studied population aging from a molecular epidemiological 

angle. The overall work is centered on the concept of “biological age (BA)”, which, in a 

broad sense, is a quantification of any aging-related changes in the cellular, organ-, system-, 

and/or organismal features. Ideally, BA provides additional information in the assessment and 

prediction of aging risks independent of chronological age (CA).  

Of all BA candidates, the present thesis focused on several established ones, namely telomere 

length (TL), DNA methylation-based age estimators (DNAmAges), several clinical 

biomarkers, a multiple biomarker-derived BA score (multi-biomarker BA), physical and 

cognitive function, as well as the frailty index (FI). Specifically, research interests went to 1) 

the correlations between different types of BA, 2) the associations of one and a set of BAs 

with mortality, 3) a set of clinical biomarkers in association with the end of healthspan, and 4) 

the genetic determinants of one inflammatory biomarker, C-reactive protein (CRP), and their 

clinical relevance in relation to health outcomes.  
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2 BACKGROUND 

2.1 BIOLOGICAL AGING  

Aging, the age-related senescence, is ubiquitous in nature, although some organisms, such as 

hydra, (2) do manifest biological immortality. Evolutionary theories, including antagonistic 

pleiotropy hypothesis and mutation accumulation theory, proposed that aging results from the 

accumulation of detrimental mutation because the force of natural selection against late-

acting alleles is not as efficient as against early-onset mutation, especially during the post-

reproductive period. (3-7) In empirical observations, human biological aging is often viewed 

as multifaceted changes occurring with increasing age, manifested as physiological 

deteriorations, functional impairments, and increased susceptibilities to adverse outcomes. (8-

12) Depending on the biological scales and domains being inspected, researchers depicted 

aging differently (Figure 2.1.1).  

 

Figure 2.1.1 Biological aging scales. Biological aging changes can be projected to different scales. 

Common quantifications include molecular hallmarks, functional declines, and vulnerability to 

disability and diseases, of which molecular changes could occur throughout lifespan while organ- and 

organismal dysfunction are often observable from the middle age onwards.  

Molecular and cellular hallmarks 

A network of biological mechanisms underlies the aging process. In 2013, Lopez-Otın et al. 

put forward an integrative scheme consisting of nine interrelated molecular and cellular 

hallmarks of aging. Broadly, the hallmarks fall into three categories, 1) primary causes of 

cellular damage (genomic instability, telomere attrition, epigenetic alterations, and loss of 

proteostasis), 2) responses to damage (deregulated nutrient sensing, mitochondrial 

dysfunction, and cellular senescence), and 3) integrative phenotypes (stem cell exhaustion, 

and altered intercellular communication). (13) Later on, other reviews continued to propose 

similar molecular and cellular frameworks, such as seven pillars of aging and cellular aging 

defects, to summarize the mechanisms shared by aging and age-related diseases. (14-16) 

Unlike functional declines of organ systems which are often observable in adulthood, 

molecular and cellular changes occur and accumulate throughout the lifespan. (13) 

Functional declines 
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Aging-related physiological changes accumulate with age and affect organ-, system-, and 

organismal functions. Khan et al. summarized the age-related characteristics of a range of 

organ systems, including neurological, pulmonary, cardiovascular, renal, gastrointestinal, 

endocrine, reproductive, and musculoskeletal systems, and observed that relative rates of 

functional decline vary greatly. (8) The most rapid decline is seen for female reproductive 

function, with female fertility peaking in the early twenties and exhausted at the age of 

menopause. (17, 18) On the contrary, gastrointestinal function only undergoes mild 

deterioration from middle-age and onwards and liver chemistries were mostly age-

independent. (8, 19) At the organismal level, function declines, like physical dysfunction and 

cognitive aging, are often observable across multiple organs and systems at advanced ages. 

(20-22) 

Increased susceptibility to diseases and death 

As age is a major risk factor for most chronic diseases and some mechanisms are shared 

between aging and disease pathologies, a spectrum of diseases are commonly referred to as 

age-related diseases or conditions. (12, 14, 23) Among those, Alzheimer’s disease, 

Parkinson’s disease, some cancers, cardiovascular disease (CVD), chronic obstructive 

pulmonary disease (COPD), maculopathy, periodontitis, sarcopenia, osteoarthritis, and 

osteoporosis are extensively studied. (23) Previous evidence found the risk of developing a 

list of chronic diseases in the population grows exponentially from 30 to 70 years. (24, 25) 

However, the speed of disease burden seems to slow down among the oldest old, as evidence 

suggested around a quarter of centenarians could escape clinical symptoms of diseases 

successfully and the prevalent dementia risks leveled off at around the age of 95. (26, 27) 

Another obvious feature of human aging is the increased risk of death, the ultimate endpoint 

of life. Population statistics from the United States showed that the mortality rate almost 

doubled across every 10-year age group from 15–24 years to 75–84 years. (28, 29) 

2.2 BIOLOGICAL AGE 

Biological aging encompasses complex features and thus measuring the aging process in 

populations has long been a challenge. A well-known metric of aging is CA, the calendar 

periods that have passed by since the time of birth. With an easy-to-measure and easy-to-

access definition, CA serves as a convenient metric of aging in most medical research. 

However, people of the same CA manifest diverse aging-related phenotypes and the 

magnitude of this heterogeneity often enlarges with growing age. Gerontologists and medical 

researchers need new indexes to keep track of the physiological and functional changes 

beyond measuring CA alone. Therefore, the concept of BA has been discussed.  

BA concept 

The American Federation for Aging Research has suggested that a ‘biomarker of aging’, 

often used synonymously as ‘BA’, should meet the following requirement (30, 31):  
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1. It must predict the rate of aging. In other words, it would tell exactly where a person 

is in their total lifespan. It must be a better predictor of life span than chronological 

age. 

2. It must monitor a basic process that underlies the aging process, not the effects of 

disease. 

3. It must be able to be tested repeatedly without harming the person. For example, a 

blood test or an imaging technique. 

4. It must be something that works in humans and in laboratory animals, such as mice. 

This is so that it can be tested in lab animals before being validated in humans. 

Despite years of efforts in the pursuit of qualified BAs, no such measure fulfilling all of the 

above criteria has been found. Some even believe that a single BA index is impossible to find 

for measuring a process as complex as biological aging. (32) 

In this thesis, the definition of BA is relaxed from the above criteria. In a broad sense, a BA 

can be an indicator that changes in parallel with one or more aging aspects, including any 

cellular, organ-, system-, and/or organismal features. That is, identifying BA could be 

achieved by either pinpointing the causes of aging, such as the cellular hallmarks of aging, or 

measuring proxy indicators, which are correlated with aging-related phenotypes but do not 

necessarily play a causal role in the process of aging, for instance, aging-induced functional 

declines.  

Utility of BA 

Ideally, BA provides additional information in the assessment and prediction of aging risks 

independent of CA. Therefore, the CA-independent part of BA is of particular interest to 

researchers and often termed as BA residual, age acceleration, or delta age in the literature. 

Despite a lack of consensus, delta age is often calculated from a naïve subtraction between 

BA and CA; whereas BA residual and age acceleration refer to the difference between the 

observed BA and the expected BA among the people of the same CA, derived from a 

regression model (Figure 2.2.1).  

 

Figure 2.2.1 A simplified illustration of CA, BA, and BA residual. The expected BA-CA relationship 

in a population (dashed line) is fitted using the individual-level observations (dots). A BA residual 
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refers to the difference between the observed BA and the expected BA among the people of the same 

CA, of which the red curly bracket denotes an example. 

Successful development of BA comes with opportunities to improve clinical practice and to 

facilitate academic research. First, by assessing aging-related health risks in the population, 

people at higher risks can be identified and delivered with personalized medical service. 

Second, by monitoring the aging changes repeatedly through BA measures, medical research 

could evaluate the efficacy of interventions and treatments to delay population aging.  

BA candidates 

A variety of measures depicting one or a combination of measures of physiological and/or 

functional deterioration can be seen as potential BAs. It could be a metric that is initially used 

to measure molecular and cellular changes, for instance, genetic instability, (33) telomere 

attrition, (34) and epigenetic alteration, (35) as well as comprehensive organismal-level 

functions like cognition, (36) physical functioning, (37) and frailty. (38) Indexes measuring 

the risk of death or developing aging-related conditions could also be treated as a type of BA, 

because increased vulnerability to morbidities and mortality occurs with aging. (39) 

Furthermore, BA can be a mixed measure of several aging mechanisms and aging 

manifestations to integrate their complex nature. (40, 41) So far, several review papers (42-

53) have been devoted to discussing the multiple choices of BAs and some commonly-used 

BA measures are summarized in Table 2.2.1. 
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Table 2.2.1 Aging mechanisms, aging manifestations and potential BA measures 

Underlying aging mechanisms -------------- Organismal aging manifestations 

Molecular and cellular mechanisms Physiological and functional declines measured at 

organ-, system-, and organism-level 

Disease and death risks 

Hallmarks BA measures (50) Declines BA measures (8) Conditions BA measures (presence of 

the diseases) (23) 

Genomic instability Aneuploidy  Cardiovascular  Blood pressure  Premature aging 

disorders 

Progeria, Werner syndrome 

Telomere attrition Leukocyte telomere length Pulmonary  Forced vital capacity Neurodegenerative 

disorders 

Alzheimer’s Disease,  

Parkinson’s Disease 

Epigenetic alterations Methylation patterns  Renal Serum creatinine Cancer Prostate cancer 

Loss of proteostasis Glycans (54) Immune system Bone marrow mass Cardiovascular 

diseases 

Hypertension, 

atherosclerosis 

Mitochondrial dysfunction Reactive oxygen species 

(55) 

Neurologic function Cerebral tissue atrophy Pulmonary 

diseases 

Chronic obstructive 

pulmonary disease 

Cellular senescence Senescence-associated beta-

galactosidase (56) 

Musculoskeletal Muscle mass Musculoskeletal 

disorders 

Sarcopenia, osteoporosis  

Deregulated nutrient 

sensing 

Insulin-like growth factor 1 

(57) 

Sensory  Sensory cell loss Inflammatory 

diseases 

Rheumatoid arthritis 

Comprehensive measures 

Epigenetics Epigenetic clocks (58) Cardiorespiratory 

fitness 

Cardiorespiratory fitness (59) Morbidity Comorbidity (60), multi-

morbidity (61), healthy 

lifespan (62) 

Transcriptomics Transcriptomic age (63) Cognitive function General cognitive ability (36) Mortality All-cause mortality risk 

Proteomics Proteomic signature of age 

(64) 

Physical function Global physical functioning 

scale (37) 

  

Metabolomics Metabolic Age Score (65) Frailty Frailty phenotype (66), frailty 

index (38) 

  

Transcripts, proteins, 

metabolites, cytokines, 

microbes and clinical 

laboratory values 

Ageotype (41) Metabolic, cardiac, 

lung, kidney, liver, 

immune function 

PhenoAge (40, 67)   
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BAs studied in this thesis 

Of all the potential BAs aforementioned, details will be given for four types of BA, namely 

TL, DNAmAges, multi-biomarker BA, and the FI, in the following section and Table 2.2.2, 

as they were extensively studied in this thesis.  

Telomere length 

The telomere is a sequence of repetitive nucleotide sequences located at the end of each 

chromosome. The telomere protects the chromosome’s end from fusion and its length 

shortens during cell division. When TL shortening reaches a critical length, cells will no 

longer get replicated. Therefore, TL is seen as a cell mitotic clock and a measure of cellular 

aging. (68, 69) 

Epidemiological evidence showed leukocyte TL attrition occurs with increasing age in both 

cross-sectional and longitudinal studies, of which Marioni et al reported an average loss of 

48–67 base pairs/year in an older population. (70-72) Most studies modeled the TL declines 

in a linear trend, (70) i.e., a constantly changing rate, while some suggested the rate of TL-

decline slightly accelerates after the age of 69. (73)  

DNAmAges 

Epigenetic changes can alter gene activities without changing the DNA sequence. (74) 

Methylation is a common type of epigenetic modification, by which a methyl group is added 

to the DNA molecule and often the consequence is the repression of gene transcription. The 

methylation levels at many cytosine-phosphate-guanine (CpG) dinucleotide sites change with 

age, showing a pattern of global hypomethylation and regional hypermethylation. (75, 76) 

Therefore, by aggregating methylation information of aging-related CpG sites through 

(penalized) regression models, a combined BA estimator, often referred to as DNAmAge or 

epigenetic clock, could be generated.  

According to the nature of training targets, there are two groups of DNAmAges broadly. The 

first type is the CA estimator. Both Horvath and Hannum clocks are CA predictors, of which 

Horvath trained multiple tissues while Hannum used blood samples only. (58, 77) The second 

type of DNAmAges took a step closer to the BA estimators as they used aging-related 

phenotypes as training targets. For instance, DNAmPhenoAge and DNAmGrimAge utilized a 

biomarker-derived PhenoAge and biomarkers plus mortality risk in the training process, 

respectively. (67, 78) By construction, epigenetic clocks are CA-calibrated and, thus, increase 

with CA in a linear fashion in training populations. This positive BA-CA correlation has been 

supported repeatedly in different studies. (79, 80)  

Multi-biomarker BA 

Some biomarkers that are routinely assessed at clinics as well as in population surveys, 

including serum assays, urine biomarkers, and anthropometric markers, demonstrate age-
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dependent patterns. Given a single biomarker only reflects organ or system function to a 

narrow extent, aggregating many biomarkers as a composite score could potentially 

maximize the aging-related biological information. Both unsupervised methods, such as 

principal component analysis (PCA), and supervised models, like a simple linear regression 

and a multi-step regression method proposed by Klemera and Doubal (KDM), can perform 

the aggregation task. (40, 81)  

The biological relevance of a multi-biomarker BA largely depends on the component 

biomarkers and the training target in the BA development. Several biomarker-based BAs 

were developed in different populations using KDM and showed positive relationships 

between multi-biomarker BA and CA. (81-84) 

FI 

The frailty describes the gradual decline in “physiological reserve”, leading to impaired 

robustness and resilience and characterized by the increased vulnerability to adverse 

outcomes. (22, 85-87) Two instruments are commonly used to assess frailty in population 

studies. The first one is proposed by Fried, the frailty phenotype (FP), and measures physical 

frailty through five clinical syndromes: unintentional weight loss, exhaustion, muscle 

weakness, walking speed in the lowest 20%, and low level of activity. (66) Another popular 

instrument is the FI, which considers aging as a process of deficit accumulation. The FI is 

calculated as the ratio of the number of deficits presented in a given individual to the total 

number of deficits, usually varying between 30 and 60, that have been taken into 

consideration. (38) Health deficits could be abnormal symptoms, signs, laboratory tests, 

disabilities, and diseases. Previous studies observed the frailty among different population 

settings and found that the FI gradually develops with increased CA within different age 

groups. (88) 

Table 2.2.2 Four types of BA included in this thesis 

 Data 

Biological 

relevance  Measurement unit  

BA-CA 

relationship 

TL Leukocyte TL Cell mitotic aging Base pair or  

a relative length  

Negative  

DNAmAges Leukocyte DNA 

Methylation levels 

Aging-related DNA 

methylation  

Year Positive  

Multi-biomarker BA Biomarkers such as 

blood and urine assays 

Aging-related 

biomarker change 

Year  Positive  

FI Health deficits like 

symptoms/signs, 

comorbidities, 

functions, lab values 

Physiological 

reserve at 

organismal level 

Ratio of the number 

of deficit presented 

to the total number 

of deficit considered 

Positive  
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This thesis attempted to address BA-related research questions mainly from four aspects. In 

the following section, epidemiological evidence will be summarized.  

2.3 CORRELATIONS OF BA 

Almost every few months, a novel BA is described in the literature. With an overwhelming 

number of BA measures becoming available in the field, correlations could help us 

understand their connections. 

Population studies showed leukocyte TL was only weakly correlated (absolute correlation 

coefficient <=0.2) with DNAmAge and DNAmAge acceleration, with inconsistent directions 

being reported. (72, 82, 89-91) Analysis of 6731 individuals in the United States found 

leukocyte TL was not correlated with a multi-biomarker BA, (92) which was further 

supported by another study conducted among 964 middle-aged participants in the Dunedin 

Study. (82) As for the frailty syndrome, Carvalho et al. meta-analyzed nine separate studies 

and found a weak but significant negative association of TL with frailty, assessed by both the 

FP and the FI. (93)  

DNAmAges of different types generally presented moderate to high correlations. (78, 82, 94, 

95) Grodstein et al estimated the correlations between four DNAmAges (Horvath, Hannum, 

PhenoAge, and Cortical) and found in blood samples pair-wise correlation coefficients 

ranged from 0.58 to 0.80. (95)  DNAmAge accelerations were moderately correlated, with 

correlation coefficients between 0.17 and 0.45 reported. (78) With regard to associations with 

multi-biomarker BAs, DNAmAges, especially Hannum clock, showed a weak and positive 

correlation. (82) Further, the development of frailty, measured by both the FP and the FI, was 

associated with increased epigenetic age and age acceleration in old populations. (96, 97) 

In the Singapore Longitudinal Aging Study, researchers built up a multi-biomarker BA from 

eight measures of kidney, lung, cognitive, and physical functions, and found that higher BA 

levels were predictive of the FP. (83) Chan et al. developed a 72 biomarkers-based BA in the 

UK Biobank (UKB) and observed an increased risk of hospital admissions (a subset of 

hospital frailty risk score) among biologically older individuals. (84) However, correlations 

between different multi-biomarker BAs are less studied in BA comparison studies. 

Despite the rationale and implementation behind the FP and the FI not being quite the same, 

moderate correlations were found in different populations. (98-101)  

In summary, previous studies found low to moderate correlations between different types of 

BA, including TL, DNAmAges, multi-biomarker BAs, and frailty measures. Between 

different BA types, TL was in a weak or null correlation with the others, while the remaining 

BAs presented positive correlations with varying magnitudes. Among DNAmAges, positive 

and moderate correlations were observed. A majority of the previous studies only took into 

account two BA types. Studies analyzing a range of BAs in the same population could gain 

an integrated view of BA correlations yet are largely lacking. 
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2.4 MORTALITY ASSOCIATIONS OF BA 

Mortality is the ultimate endpoint of the aging process and estimating mortality associations 

with BAs could help interpret the utility of BAs.  

The relationship between leukocyte TL at baseline and the risk of death during the follow-up 

were investigated among different populations and inconsistent results were found. (102-104) 

A meta-analysis pooled the data from 21 studies together and observed shorter LTL predicted 

a higher risk of all-cause mortality in the general population, and the effect size was weaker 

among people aged 80 years and over. (105) In addition, testing methods affected the 

precision of telomere measurements and seem to explain in part the inconsistent findings.  

The ability of mortality prediction has been tested extensively during the development of the 

DNAmAges as a means of validation. (35, 79, 80, 106, 107) Despite being trained to be CA 

estimators, Horvath and Hannum clocks presented the ability to predict mortality risk 

independently of CA. Some recent clocks are explicitly trained to capture mortality-related 

methylation information. (78, 108) Indeed, mortality-oriented epigenetic clocks, as expected, 

outperformed other types of epigenetic clocks in the mortality prediction with respect to the 

magnitude of the effect size. 

Using different biomarker panels, significant associations between higher multi-biomarker 

BAs and increased death risks were found in Asian, American, and European populations. 

(40, 83, 84, 109-111) Since the definitions of multi-biomarker BA are study-specific, a 

comparison across BAs would be informative but remains lacking.  

The FI was a robust predictor of mortality risk across a number of populations. Despite the 

number and nature of health deficits considered by studies were slightly different, increased 

FI was robustly related to the increased risk of death, and the effect was independent of age, 

sex, and other lifestyle factors. (112) However, previous studies mostly focused on the 

general population and the old population. Thus, it remains understudied whether the FI 

effect on mortality would be modified by age and familial background.  

Besides exploring a single BA, some studies aimed to gain a more global picture by 

investigating multiple BAs in the same population. Belsky et al. evaluated eleven aging 

quantifications using data from the Dunedin Study and found Hannum DNAmAge was 

consistently associated with aging-related outcomes, including physical functioning, 

cognitive decline, and subjective signs of aging. (82) However, mortality risk was not studied 

due to a lack of data availability. Recently, a few studies compared the BA-mortality 

association across several BA types. (91, 97, 113-115) Consistent findings are that different 

types of BAs tended to show low correlations, and the FI and mortality-oriented DNAmAges 

outperformed others in mortality prediction. 

In summary, short TL showed inconsistent mortality association in individual studies and was 

related to slightly higher death risk in a meta-analysis, while the remaining BAs were robust 

predictors of mortality risk and showed negative associations. Given the well-recognized 
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correlations between distinct BAs, it is of interest and importance to know how BAs could 

work together to inform health risks in the population. However, evidence in this regard is 

limited. 

2.5 CLINICAL BIOMARKERS AND HEALTHSPAN 

Mortality risk is extensively studied in population studies. Improving longevity does not 

always go in parallel with the extension of good health. (62) The WHO reported an increase 

of 6.6 and 5.4 years from 2000 to 2019 in life expectancy and health-adjusted life expectancy 

(HALE) at birth, respectively, suggesting a healthy lifespan and lifespan might feature 

differently. (116) However, conceptualizing healthspan in the population is no easy task. At a 

population level, WHO uses HALE as a summary measure to quantify population health by 

accounting for disability rate and disability weights in each region. (117) However, at an 

individual level, the controversy of measuring healthspan lies in defining the threshold 

between healthy and unhealthy states. (118-120) Recently, a morbidity-defined healthspan 

measure came into use in a large-scale population study, in which healthspan is the age at the 

first occurrence of any diagnosis across seven chronic diseases. (25, 121) However, this 

morbidity-based measure could overlook other aging aspects such as functional changes, and 

could be heavily driven by early-onset diseases rather than late-onset conditions. Besides, this 

healthspan is, in essence, dichotomizing the health level; a two-level health framework is, at 

best, an over-simplification of the real health scale. Despite its limitation, this is a practical 

way to quantify healthspan in population studies and this healthspan definition will be the 

focus of this thesis.  

At clinics, some biomarkers, such as fasting glucose and lipids, are routinely monitored by 

medical specialists. These disease-specific biomarkers have the potential to inform healthspan 

for two reasons. First, the aging process and disease pathology have shared mechanisms. 

Second, morbidity-defined healthspan is ended by disease onset. Therefore, associating 

clinical biomarkers with healthspan could potentially identify aging risk factors that are 

shared by a range of chronic diseases. Two previous studies have tested this hypothesis by 

estimating associations of the clinical biomarkers analyzed in this thesis. Using data from the 

Framingham Heart Study, Terry et al. assessed total cholesterol and glucose measured at age 

40-50 in association with morbidity-free survival at age 85 years among 2,531 participants. 

(122) They found people with a lower level of total cholesterol and an absence of glucose 

intolerance had higher odds of survival. Similarly, among 2,008 individuals from the 

Rotterdam Study, Newson et al. observed a higher probability to be free from major diseases, 

including cardiovascular diseases, stroke, cancer, and dementia, among participants with a 

lower concentration of serum CRP at baseline. (123) 

In summary, healthspan refers to the lifetime spent in good health condition and, practically, 

researchers treated the onset of chronic diseases as the endpoint of the healthspan. Total 

cholesterol, glucose tolerance, and CRP were found to be associated with the probability of 

morbidity-free survival at the age of 85 years. However, evidence for the other serum 
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biomarkers and the genetically proxied clinical biomarkers in relation to healthspan remains 

unknown.  

2.6 GENETIC VARIANTS OF CRP 

Serum CRP is a sensitive inflammatory marker. In the inflection/injury-induced acute 

inflammatory phase, serum CRP concentration could go up drastically by >1000 folds; while 

chronic inflammation is often denoted by a constant and low-grade increase in CRP level. 

(124, 125) CRP is also a non-specific biomarker. In other words, an increase in CRP indicates 

inflammation, but often gives no information on the affected organ or system. In clinical 

practice, CRP change needs to be accompanied by more specific biomarkers and 

symptoms/signs in order to make a meaningful inference. (126)  

The serum concentration of CRP is found to be moderately heritable, with a twin-based 

heritability ranging from 0.1 to 0.65. (127-132) Genome-wide association studies (GWAS) 

and fine-mapping studies further scanned the common and low-frequency genetic variants in 

the relation to serum CRP. (133-145) The latest meta-GWAS identified 58 genetic loci that 

reached GWAS significance and GWAS signals were seen across almost all autosomal 

chromosomes. (143) The distinct variants at all identified loci and at the CRP locus explained 

11.0% and 4.3% of the serum CRP variance, respectively. In addition, body mass index 

(BMI)-adjusted analyses suggested BMI-related pathways only explain the gene-CRP 

associations to a minimal extent. Recently, another research group performed a 

comprehensive GWAS analysis for common biomarkers using data from the UKB. (146) The 

fine-mapping analysis identified 99 distinct variants, which together explained 6.1% of the 

residual variance. Particularly, a low to moderate level of polygenicity was observed as the 

top 1% and 5% most heritable linkage disequilibrium (LD) blocks explained 27.8% and 

39.5% of all heritability.  

Limited by statistical power, standard GWAS could only interrogate genetic variants that are 

common or of low-frequency (minor allele frequency [MAF] >0.1%) even in the UKB, 

where genotypes were available for nearly half a million participants. (146) Rare variants are 

characterized by a lower LD with flanking variants, from which inferring causal loci is more 

straightforward than from a complex LD structure. (147) Additionally, the maximal 

magnitude of rare variant effect is, in theory, greater than that of common variants due to the 

force of natural selection, making rare variants ideal instruments to identify biological 

mechanisms and prioritize therapeutic targets. (148) Therefore, to complement our current 

understanding of the genetic influence on CRP, examining rare genetic variants is warranted.  

Because of the low frequency, rare genetic variants are often grouped together by a functional 

unit and are subsequently associated with the trait of interest. (149, 150) A common 

collapsing approach of this type is the gene-based burden test. Schick et al. did an exome-

wide burden test among 6,050 European Americans and 3,109 African Americans and did not 

identify any significant signal, likely due to the small sample size. (151) Recently, Cirulli and 

colleagues associated gene-based mutation burden with CRP among 46,765 UKB participants 



 

14 

and identified only one significant signal in the CRP gene region. (152) Of the 37,867 

individuals with European ancestry, 66 (0.17%) were carriers of rare functional mutation and 

showed a significantly lower serum CRP level. Overall, the current search on CRP and rare 

genetic variants is limited in terms of sample sizes.  

In summary, CRP is a systemic inflammatory biomarker, with the potential to inform aging 

due to “inflammaging”, i.e., the chronic and low-grade inflammation during aging. (153) 

GWASs have made major achievements in understanding the CRP-related mechanisms that 

are regulated by common and low-frequency genetic variants. Rare genetic variants in 

relation to serum CRP could further reveal mechanistic insights and drugable targets, yet are 

so far understudied. In addition, evidence to interpret the potential clinical relevance of rare 

variants, including gene-environment (G*E) interaction as well as association with diseases 

and aging-related phenotypes, is lacking.  
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3 RESEARCH AIMS 

The overarching aim of this thesis is to understand correlation patterns, genetic determinants, 

and associations with health outcomes of multiple BAs (including composite scores and 

biomarkers that reflect aging-related changes). Towards this end, four individual studies were 

conducted with the following aims (Figure 3.1.1): 

Aim 1 To estimate the associations of the FI with all-cause and cause-specific mortality, 

taking into account familial factors, and to test whether the associations are time-dependent. 

Aim 2 To analyze correlations of nine BAs (TL, DNAmAges, multi-biomarker BA, 

functional BAs) and their associations with all-cause mortality. 

Aim 3 To explore the associations of ten clinical biomarkers (glycemic, lipid-, inflammatory, 

and hematological markers) with healthspan, i.e., disease-free lifespan, and lifespan, and to 

identify putative causal relationships by leveraging genetic instruments. 

Aim 4 To examine rare functional genetic variants in association with serum CRP at the 

whole exome-wide scale, to test a potential interaction effect between rare mutation and BMI, 

and to elucidate the clinical relevance of the identified gene by estimating the relative risks 

for a set of health outcomes, including diseases, frailty, and death. 

 

Figure 3.1.1 Overview of the research aims and the study designs 
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4 MATERIALS AND METHODS 

4.1 STUDY POPULATION 

All study populations came from two large-scale population resources, the Swedish Twin 

Registry (STR) and the UKB.  

The STR was established in the late 1950s. Initially, the purpose was to investigate the effects 

of smoking and alcohol consumption on the risk of cancer and cardiovascular diseases while 

controlling for genetic background. (154, 155) To date, the STR has developed into a 

comprehensive infrastructure that facilitates research with broad interests through the data 

collection of genetic information, molecular biomarkers, lifestyle behaviors, and disease 

diagnoses. (156, 157) The latest updates in 2019 reported that 216,258 twins born between 

1886 and 2015 were enrolled in the STR. (158) The STR comprises a number of sub-cohorts, 

and each of them comes with distinct measurements and study designs. Three sub-cohorts 

were analyzed in the first three studies of this thesis, respectively. 

4.1.1 Screening Across the Lifespan Twin Study (SALT)  

SALT is a telephone-based screening among all STR twins who were born in 1958 and 

earlier. A full-scale telephone survey started in 1998 and was completed in 2002. The 

telephone survey was structured to collect information about illnesses, health, prescription 

and nonprescription medication use, occupation, education, and lifestyle behaviors. A total of 

44,919 twin individuals completed the interview. (154-157) 

SALT participants were included in Study 1 if they 1) had less than 20% missing data across 

the 44 frailty items of interest, and 2) had valid follow-up information on all-cause and cause-

specific mortality. Eventually, 42,953 twin individuals aged from 41 to 95 years were 

included in Study 1. The study population was further categorized into three overlapping 

subgroups within each sex: 1) 32,794 single responders, i.e., unrelated individuals, including 

twins whose partner did not respond, twins from opposite-sex twin pairs and one randomly 

selected member of each same-sex twin pair, 2) 11,812 DZ twin individuals from complete 

same-sex dizygotic (DZ) pairs, 3) 8,506 monozygotic (MZ) twin individuals from complete 

MZ pairs. 

4.1.2 Swedish Adoption/Twin Study of Aging (SATSA)  

SATSA is a longitudinal study consisting of twin pairs who were reared apart in early 

childhood and matched twin pairs who were reared together. (154, 155, 159) A subset of 

study individuals who were older than 50 years of age were invited to in-person testings 

(IPTs), which include questionnaire survey, cognitive assessment, and blood sampling. Nine 

complete IPT waves have been conducted from 1986 through 2014 (IPT1 to IPT10, except 

for IPT 4, where only telephone interviews were performed). The number of individuals 

participating in each IPT wave ranged from 645 in IPT1 to 269 in IPT10. In total, 859 

individuals participated in at least one IPT wave in SATSA. 
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SATSA participants were included in Study 2 if they 1) had any BA measure, including TL, 

four DNAmAges (Horvath, Hannum, PhenoAge, and GrimAge), multi-biomarker BA, and 

three functional BAs (cognitive function, functional aging index [FAI], and the FI), assessed 

once across IPT waves, and 2) had known all-cause mortality information. Eventually, 846 

individuals were included in Study 2.  

4.1.3 TwinGene  

Between 2004 and 2008, SALT participants were invited to join the TwinGene project. (157, 

158) Individuals who responded to the invitation underwent a series of examinations, 

including self-reported questionnaire queries focused on chronic diseases and medicine use, a 

simple health check-up, and blood sample collection. Blood samples were later used for 

biochemistry assessments and array genotyping. A total of 12,646 individuals participated in 

TwinGene.  

TwinGene participants were included in Study 3 if they 1) had at least one biomarker value 

across ten clinical biomarkers (fasting blood glucose [FBG], glycated hemoglobin [HbA1c], 

total cholesterol [TC], high-density lipoprotein cholesterol [HDL-C], low-density lipoprotein 

cholesterol [LDL-C], Apolipoprotein A1 [ApoA1], Apolipoprotein B [ApoB], triglyceride 

[TG], CRP, and hemoglobin [Hb]), 2) had non-missing values across educational attainment, 

BMI, and smoking status, and 3) had known information on disease diagnosis and vital 

status. Eventually, 12,098 individuals were included in Study 3.   

4.1.4 UKB  

The UKB is a large-scale prospective cohort and recruited >500,000 participants aged 40–69 

years from across the United Kingdom in 2006–2010. (160-162) Participants are extensively 

phenotyped and genotyped through multiple assessments, including questionnaires, physical 

measures, bio-sample assays, genome-wide array genotyping, and whole-exome sequencing 

(WES). In addition, diagnosis and death for all participants are followed up through hospital 

inpatient data and mortality data. 

In Study 4, we included UKB participants who had 1) non-missing CRP measurement at 

baseline, i.e., the initial assessment visit, 2) European ancestry, 3) contributed a sample that 

passed quality control (QC) for WES genotypes and arrayed genotypes. This resulted in an 

eligible sample set with 177,242 individuals. Next, we retained one of the members randomly 

among sets of people with third-degree or higher relatedness, so that all the study participants 

in the analysis are approximately unrelated. Furthermore, we separated participants randomly 

into two groups, containing 75% and 25% of the independent participants, which was used as 

discovery and replication set, respectively. The combination of discovery and replication 

yielded a total of 161,430 participants and will be referred to as “meta-analysis set” hereafter. 

An overview of assessment timeline is displayed in Figure 4.1.1. 
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Figure 4.1.1 Timeline of assessments 

4.2 MEASUREMENTS 

4.2.1 Biological ages 

FI in SALT 

The FI was constructed from self-reported data. We considered forty-four symptoms, signs, 

disabilities, and diseases covering a wide range of biological systems and associated with 

health status. The deficit items and scoring are presented in Table 4.2.1. An FI value for each 

individual was calculated as the number of deficits present divided by the total number of 

deficits (n=44). For example, an individual reporting 5 deficits has an FI value of 5/44=0.11. 

The FI value was scaled to a unit of 10% in the associational analysis.  

Table 4.2.1 44 frailty items and the coding rules 

No. Questions Coding 

1 How do you estimate your general health? Excellent=0, 

Good=0.25, 

Average=0.5, Not so 

good=0.75, Bad=1 

2 Do you think your health status prevents you from doing things 

you want to do? 

Not at all=0, To some 

extent=0.5, A great 

deal=0  

3 How many times a year do you get serious infections (other than 

respiratory)? 

0-1 times=0, 2-4 

times=0.5, 5 times or 

more =1 

4 Do you have buzzing in the ears? Both ears or one ear=1, 

No=0 

5 Do you have or have you had angina pectoris No=0, Yes=1 

6 Do you have or have you had heart attack No=0, Yes=1 

7 Do you have or have you had heart failure No=0, Yes=1 

8 Do you have or have you had high blood pressure No=0, Yes=1 

9 Do you have or have you had lipid disorder, for example high 

cholesterol or high triglycerides 

No=0, Yes=1 

10 Do you have or have you had vascular spasm in the legs 

(intermittent claudication) 

No=0, Yes=1 

11 Do you have or have you had clot in the leg (venous thrombosis) No=0, Yes=1 

12 Do you have or have you had cerebral hemorrhage or clot in the 

brain (stroke) 

No=0, Yes=1 
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No. Questions Coding 

13 Do you have or have you had TIA attacks (temporary weakness or 

paralysis or reduction of sensibility) 

No=0, Yes=1 

14 Do you have or have you had irregular cardiac rhythm/atrial 

fibrillation 

No=0, Yes=1 

15 Do you have or have you had chronic lung disease (including 

chronic bronchitis and emphysema) 

No=0, Yes=1 

16 Do you have or have you had dizziness No=0, Yes=1 

17 Do you have or have you had rheumatoid arthritis No=0, Yes=1 

18 Do you have or have you had knee joint problem No=0, Yes=1 

19 Do you have or have you had sciatica No=0, Yes=1 

20 Do you have or have you had osteoporosis No=0, Yes=1 

21 Do you have or have you had hip joint problem No=0, Yes=1 

22 Do you have or have you had back pain No=0, Yes=1 

23 Do you have or have you had neck pain No=0, Yes=1 

24 Do you have or have you had diabetes (including old age diabetes, 

and excluding pregnancy diabetes) 

No=0, Yes=1 

25 Do you have or have you had goiter No=0, Yes=1 

26 Do you have or have you had glandular diseases (excluding goiter) No=0, Yes=1 

27 Do you have or have you had gall bladder problem No=0, Yes=1 

28 Do you have or have you had liver disease (for example, cirrhosis) No=0, Yes=1 

29 Do you have or have you had gout No=0, Yes=1 

30 Do you have or have you had kidney disease No=0, Yes=1 

31 Do you have or have you had stomach or intestine problems No=0, Yes=1 

32 Do you have or have you had recurring urinary tract problems No=0, Yes=1 

33 Do you have or have you had cancer, tumor disease or leukemia No=0, Yes=1 

34 Do you have or have you had migraine No=0, Yes=1 

35 Do you have or have you had asthma No=0, Yes=1 

36 Do you have or have you had allergy No=0, Yes=1 

37 Do you have recurrent periods of coughing? No=0, Yes=1 

38 You felt depressed during the past week? Never or almost 

never=0, Seldom=0.5, 

Often, always or almost 

always=1 

39 You were happy during the past week? 

40 You felt lonely during the past week? 

41 Do you have or have you had any physical handicap No=0, Yes=1 

42 Do you have or have you had Crohn's disease or Ulcerative colitis No=0, Yes=1 

43 How is your vision? Good=0, Reduced=0.5, 

Highly reduced or 

blind=1 

44 How is your hearing? Good=0, Reduced=0.5, 

Highly reduced=1 

 

Multiple BAs in SATSA 

Telomere length 

Leukocyte TL was measured by quantitative polymerase chain reaction (qPCR)-based 

technique. (73) The measurement is the relative length (T/S ratio) calculated as the ratio of 

the individual telomeric DNA (T) to a piece of reference DNA containing a single copy gene 

(S). The TL values were corrected for batch effect, and TL outliers (exceeding 

Mean±4*standard deviation [SD]) were omitted in the analyses. 
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DNAmAges  

Genome-wide methylation levels in leukocytes were measured by Illumina’s Infinium 

HumanMethylation 450K BeadChip and quantified as beta-values. (63, 163) DNAmAges are 

weighted sums of methylation levels across specific CpG sites, of which the feature selection 

and aggregation algorithms were developed elsewhere. (58, 67, 77, 78) In summary, we 

utilized four types of DNAmAges (Horvath, Hannum, PhenoAge, and GrimAge), which 

incorporated methylation levels of 353 age-related, 71 age-related, 513 phenotypic age-

related, and 1,030 mortality risk-related CpG sites, respectively. DNAmAges is calibrated 

against the CA scale and presented in the year unit. That means a DNAmAge value of 50 

years corresponds to the expected BA level among the people with a CA of 50 years in the 

training population. DNAmAges were calculated with the help of an online DNA 

Methylation Age Calculator. (164) 

Physiological age (multi-biomarker BA)  

Physiological age is a type of multi-biomarker BA. A set of serum biomarkers and clinical 

markers were taken into account in the BA development, including serum hemoglobin, 

glucose, cholesterol, Apolipoprotein B, triglyceride, BMI, waist-hip ratio, weight, waist 

circumference, hip circumference, systolic BP, and diastolic BP. We used PCA and KDM to 

combine CA and biomarkers into a single physiological age value in men and women 

separately. Similar to the DNAmAges, physiological age is calibrated against the CA scale 

and presented in the year unit.  

Cognitive function  

We used a general cognitive ability score to measure cognitive function. Four cognitive 

domains were taken into account, including crystallized, fluid, memory, and perceptual speed 

abilities assessed through in-person cognitive testing. (36) PCA and a T-score scaling were 

applied in the score development. The values of resulting cognitive function were distributed 

with a mean value of around 50 and a SD of around 10. 

Functional aging index (FAI)  

We used FAI to measure functional ability, with a focus on the physical aspects. (165) Four 

functional measurements were taken into consideration: 1) vision and hearing were combined 

to create a measure of self-reported sensory ability, 2) muscle strength, 3) walking speed 

time, and 4) lung function. The four indicators were standardized and then summed to create 

a composite score. The values of FAI were distributed with a mean value of around 50 and a 

SD of around 10. 

FI  

Similar to the FI in SALT, the FI in SATSA was constructed from 42 self-reported health 

deficits. Details of FI items are described elsewhere. (166) 
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BA residuals 

BA residuals were constructed to represent the deviation between the observed BA and the 

expected BA among those with the same CA. This is done by regressing out the CA-related 

part from the respective BA using a generalized linear model. Natural splines of CA were 

used in the model to accommodate both linear and non-linear relationships between BA and 

CA.  

All BAs and BA residuals were scaled to the SD unit in the associational analyses.  

4.2.2 Clinical biomarkers 

Multiple clinical biomarkers in TwinGene 

We investigated circulating concentrations of clinical biomarkers that reflect glycemic 

control (FBG, HbA1c), lipid metabolism (TC, HDL-C, LDL-C, ApoA1, ApoB, TG), 

inflammation (CRP), and hematological function (Hb). HbA1c was assessed by ion exchange 

chromatography and the other clinical biomarkers were measured by a semi-automated 

biochemistry analyzer (Beckman Coulter, CA). Biomarkers that appeared strongly right-

skewed (FBG, HbA1c, TG, and CRP) were firstly log-transformed; all biomarkers were then 

standardized to SD units. 

CRP in UKB 

High sensitivity CRP was measured by Beckman Coulter AU5800 at baseline from 2006 to 

2010. The original value of CRP (unit: mg/L) presented a skewed distribution and the natural 

logarithm of CRP was computed and used in the associational analyses. 

4.2.3 Genetic variants 

Polygenetic risk score (PRS) in TwinGene 

Genotypes were assessed on Illumina OmniExpress BeadChips. Arrayed genetic data were 

then imputed against the reference panels in the 1000 Genomes Project phase 1 version 3.    

To calculate polygenic risk scores for each clinical biomarker, we used the summary statistics 

from previous GWASs (167) and the genotypes in TwinGene. A detailed procedure can be 

found elsewhere. (168) Briefly, we calculated the PRSs as a weighted sum of the biomarker-

elevating alleles that were both GWAS significant (P<5E-8) and LD independent (r2 <0.1). In 

summary, PRSs were derived from a different number of SNPs (from 63 for FBG to 590 for 

HDL-C), and were standardized to SD units.  

Genotypes in UKB 

Of the genetic variants released by the WES interim 200k release, we selected PA variants 

that are 1) quality controlled, 2) in the coding sequence (CDS) regions, 3) rare, namely 

MAF<0.1%, 4) single nucleotide variants (SNVs) or indels that lead to any of the following 

functional consequences: splice acceptor variant, splice donor variant, stop gained, 



 

 23 

frameshift, stop lost, start lost, inframe insertion, inframe deletion, missense variant, and 

protein altering variant based on the annotation results from the Ensembl Variant Effect 

Predictor (VEP 103.1), (169) and 5) not benign missense mutation (Sorting Intolerant From 

Tolerant [SIFT]>0.05 and Polymorphism Phenotyping [PolyPhen]<0.15). (170, 171) Of all 

PA variants, a subset with high-impact consequences, including splice acceptor variant, splice 

donor variant, stop gained, frameshift, stop lost, and start lost, are classified as LOF variants. 

As a result, 1,776,249 PA and 266,226 LOF variants were included in the present analysis. 

In the exome-wide burden test, we subsequently collapsed the PA variants according to 

mapped genes. That is, for each gene, participants were assigned to value 1 if carrying any 

PA mutation in the corresponding gene region and to value 0 otherwise (Figure 4.2.1). 

Similarly, LOF variants were collapsed using mapped genes. Eventually, 21,270 and 20,047 

genes were analyzed in the PA and LOF burden test, respectively. 

 

Figure 4.2.1 An illustration of gene burden calculation. The existence of any PA/LOF allele (in red 

letters) in one gene region leads to a value of 1, otherwise to a value of 0.  

4.2.4 Health outcomes 

Health outcomes in STR 

All-cause and cause–specific mortality 

All-cause mortality, including vital status and dates of death, were obtained from the Swedish 

Population Register. The all-cause mortality information was updated through 2017-

December-31, 2018-August-16, and 2020-April-1 in Study 1-3, respectively. 

Cause-specific mortality data were obtained from the Cause of Death Register. In study 1, 

three specific causes of death, including CVDs (including stroke), respiratory-related causes, 

and cancer, were analyzed, with the latest update on December 31, 2014. 

The end of healthspan 

In Study 3, we defined the end of the healthspan as the age at the first occurrence of any 

following conditions (referred to as “any chronic disease” hereafter): cancer, diabetes, CVDs 

(coronary heart failure [CHF], myocardial infarction [MI], stroke), COPD, dementia, and 

death. Disease diagnosis was ascertained through linkages to the Swedish National Patient 

Register. For each disease, we treated the earliest admission date (inpatient record) or record 
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date (outpatient care) as the onset date. Healthspan information was followed up through 

December 31st 2016.  

ICD codes of diseases were described elsewhere. (168, 172) 

Health outcomes in UKB 

Frailty 

Frailty at baseline was measured through two instruments, the FP and the FI, at baseline. 

(173, 174)  The FP measures five domains, including weight loss, exhaustion, slowness, low 

physical activity, and weakness, of which weakness was assessed through grip strength and 

the other measures were self-reported. People who meet 1-2 and 3-5 criteria are defined as 

pre-frail and frail, respectively. The FI takes into account 49 self-reported frailty items. As 

the FI shows a skewed distribution in the population, we first log-transformed and then 

rescaled the FI to the SD unit. The transformed FI was used in the associational analysis. 

Disease diagnosis 

A list of CRP-associated diseases were examined in the present analysis, (175) including 

autoimmune and inflammatory (Celiac disease, inflammatory bowel disease [IBD, all types], 

Crohn’s disease, Ulcerative colitis, Psoriatic arthritis, Rheumatoid arthritis, Type 1 diabetes, 

Knee osteoarthritis), cardiovascular (coronary artery disease [CAD], Ischemic stroke), 

metabolic (Type 2 diabetes, Chronic kidney disease), neurodegenerative (Alzheimer disease, 

Parkinson disease), and psychiatric diseases (Bipolar disorder, Major depressive disorder). 

The first occurrence of a diagnosis was ascertained through self-reported health conditions at 

baseline, hospital inpatient data as well as causes of death from registers. Inpatient data and 

death information were updated in June 2021. 

All-cause mortality 

All UKB participants were linked to the death register and were followed up until June 2021. 

4.3 STATISTICAL ANALYSIS 

4.3.1 Generalized survival models  

In the first study, we used a generalized survival model (GSM) to estimate the association 

between baseline FI and mortality risk during the follow-up. (176) The event of interest was 

defined as the occurrence of death due to all causes or the corresponding causes of death in 

all-cause and cause-specific mortality models, respectively. All models controlled the effect 

of age implicitly through underlying time scale, sex, education years, smoking, and BMI.  

First, we assumed that hazard ratios (HRs) were time-constant, i.e., proportional hazard. The 

survival models were fitted separately for single responders (i.e., unrelated participants), 

same-sex DZ pairs, and MZ pairs. Specifically, for twin-pair models, a between-within 

decomposition along with a random effect were introduced to the GSM. (177, 178) In this 
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manner, shared familial effects both due to shared patterns of exposure and measured 

confounders included in the model, as well as general unmeasured similarity in survival 

patterns within twin pairs were adjusted for. In other words, the HRs of interest represent the 

within-population, within-DZ pairs, and within-MZ pairs effects, respectively.  

Second, we fitted analogous models for all three groups where the HRs were allowed to vary 

with time, i.e., time-varying HRs.  

4.3.2 Correlations and mortality associations of multiple BAs  

In the second study, as BAs were assessed in multiple SATSA waves, repeated measurements 

were used in the estimation of the correlation coefficients across nine BAs. We selected 

complete measurements where all BAs were assessed for the same individuals and performed 

a repeated measures correlation analysis to control the relatedness between repeated 

measurements. (179) The same correlation analyses were replicated for nine BA residuals to 

quantify the BA correlations that cannot be explained by CA. To further cluster BAs, we 

transformed correlation coefficients between BAs to distances and performed hierarchical 

cluster analysis on BAs and BA residuals using Ward’s method. 

In the survival analysis, we only used baseline measurements, i.e., the first available 

measurement when repeated measurements were available for the same person, and fitted the 

Cox regression model to estimate the association between baseline BAs or BA residuals and 

the risk of all-cause mortality during the follow-up. All models adjusted for age implicitly 

through underlying time scale, sex, education, BMI, and smoking status and accounted for 

the left truncation and right censoring. To adjust for relatedness within twin pairs and 

subjects, robust standard errors were introduced. First, all models took only one BA/BA 

residual into account (one-BA models). Second, all nine BAs entered into the same survival 

model altogether (multi-BA models) to estimate the BA-independent effect. To minimize 

collinearity between BAs due to their CA-related feature, only BA residuals were analyzed in 

the multi-BA model. 

4.3.3 Cox regression models of clinical biomarkers and PRSs 

In the third study, we applied Cox regression models to estimate the association between 

serum biomarkers at baseline and the hazard of outcomes (any chronic disease and death) 

during follow-up among all participants, men, and women, respectively. Each participant was 

followed up until the age of any chronic disease, death, or the end of follow-up. All models 

were adjusted for age implicitly through underlying time scale, sex, birth year category in 

decades, educational attainment, BMI, smoking status, and statin usage. We also used robust 

standard errors to account for relatedness within twin pairs and Benjamini-Hochberg false 

discovery rate (FDR) to correct multiple testing. Serum biomarkers were analyzed 

individually.   

To estimate the associations between the genetic propensity of clinical biomarkers and the 

outcomes of interest, we adopted a similar Cox regression approach as above. All survival 
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models were adjusted for age implicitly through underlying time scale, sex, birth year 

category, and the first ten genomic principal components (PCs) to account for population 

stratification. Once significant PRS results were found, further analyses were conducted to 

explore the potential pathways that underlie the association (Figure 4.3.1). Taking FBG PRS 

and healthspan for instance, two additional models were estimated with further adjustment for 

1) BMI and serum TG, LDL-C, HDL-C, CRP, Hb, and 2) serum FBG.  

 

Figure 4.3.1 An illustration of the relationship between PRSs, clinical biomarkers, confounders, 

potential mediators, and outcomes. The relationship of interest is between the FBG PRS and the risk 

of any chronic event, i.e., healthspan, mediated through serum FBG. Common confounders 

influencing serum FBG-healthspan association, such as social-economic status, will no longer distort 

the FBG PRS-healthspan relationship because genes regulating FBG are determined at conception and 

are likely independent of factors exposed in childhood and adulthood. FBG PRS may affect 

healthspan through mediators other than serum FBG, such as by regulating serum lipid levels.  

4.3.4 Gene-based burden test 

We performed a whole exome-wide burden test by associating gene burden, i.e., the existence 

of any PA/LOF mutation in the gene region, with serum CRP concentration. The beta 

coefficients measure the effect of the gene burden on log-transformed CRP level, with a >0 

value indicating CRP-increasing effect and <0 value denoting CRP-decreasing effect. We 

performed the CMC burden test (180) twice in two independent samples, both the discovery 

set and the replication set, meta-analyzed the effect estimates, and eventually report the 

results for the meta-analysis set. All models controlled the effects of age at baseline, sex, 

WES release, and 20 genomic PCs and were fitted in Rvtests (version: 20190205). (181) 

Once candidate genes from the above burden tests were identified, the single variant-CRP 

association at the candidate loci would be examined.  

Further, to interpret the clinical relevance of the identified rare mutation, we did two 

additional analyses. First, we tested a possible interaction effect of rare gene*BMI on the 

level of serum CRP. Second, we estimated the associations between PA mutation burden in 

candidate genes and the risks of a series of diagnoses, frailty (pre-frail and frail defined by the 

FP and the FI), and all-cause mortality. Linear regression and logistic regression models were 

fitted to estimate beta coefficients and odds ratios (OR) when continuous values (serum CRP 

and the FI) and dichotomized values (diagnoses, pre-frail and frail, and mortality) were the 

outcomes of interest, respectively. All models were adjusted for age at baseline, sex, birth 

year in 10-year categories, WES release, and the first 20 genomic PCs.  
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5 RESULTS 

5.1 STUDY 1 

5.1.1 Population characteristics 

Of 42,953 participants, 19,924 (46.4%) were men and 31,866 (74.2%) were comprised of 

complete twin pairs (19.8% MZ pairs, 27.5% same-sex DZ pairs, and 26.9% opposite-sex 

pairs). At baseline, the median levels of FI were 0.108, 0.097, and 0.119 in all, men, and 

women, respectively (Table 5.1.1). Specifically, the FI has a right-skewed distribution 

(Figure 5.1.1).  

Table 5.1.1 Baseline characteristics of the study population in SALT 
 

All Men Women 

Number of participants 42953 19924 23029 

Age at baseline, mean (SD) 58.8 (10.7) 58.4 (10.4) 59.2 (11.0) 

BMI (kg/m2), mean (SD) 25.0 (3.5) 25.5 (3.1) 24.5 (3.7) 

Education (year), mean (SD) 10.4 (3.2) 10.5 (3.2) 10.4 (3.2) 

Tobacco products use, N (%) 25048 (58.3%) 12677 (63.6%) 12371 (53.7%) 

FI, median (IQR) 0.108 (0.114) 0.097 (0.097) 0.119 (0.125) 

History of diseases at baseline, N (%) 

      CVD 15487 (36.1%) 6981 (35.0%) 8506 (36.9%) 

      Respiratory disease 4580 (10.7%) 1891 (9.5%) 2689 (11.7%) 

      Cancer 3022 (7.0%) 932 (4.7%) 2090 (9.1%) 

IQR, interquartile range.  

 

 

Figure 5.1.1 The distribution of the FI in all participants. The plot illustrated the number of individuals 

(y scale) against the level of FI (x scale) among all participants. 
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5.1.2 Time-constant FI-mortality associations  

During the up to 20 years of follow-up, 12,222 (28.5%) deaths were documented, of which 

3,270 (7.6%), 1,051 (2.4%), and 3,302 (7.7%) deaths were caused by CVDs, respiratory-

related causes, and cancer, respectively.  

An increase in FI was significantly associated with higher risks of deaths due to all causes, 

CVD, and respiratory-related causes (Table 5.1.2). No significant associations were observed 

for cancer mortality. Specifically, the within-pair associations were significant among both 

DZ and MZ twin pairs, suggesting the effects were independent of shared familial factors. 

Table 5.1.2 Time-constant associations between 10% increase in the FI and mortality 

 Single responders DZ twins MZ twins 

Men(N=19924)    

    All causes 1.28(1.24,1.32) 1.40(1.27,1.55) 1.34(1.13,1.58) 

    CVD  1.31(1.23,1.40) 1.35(1.11,1.66) 1.37(0.97,1.92) 

    Respiratory-related 1.23(1.11,1.38) 1.44(1.01,2.05) 2.03(1.14,3.60) 

    Cancer 1.06(1.00,1.14) 1.15(0.95,1.40) 0.99(0.73,1.34) 

Women(N=23029)    

    All causes 1.21(1.18,1.25) 1.25(1.15,1.35) 1.30(1.14,1.49) 

    CVD  1.27(1.15,1.34) 1.45(1.21,1.73) 1.83(1.35,2.49) 

    Respiratory-related 1.26(1.15,1.39) 1.28(0.97,1.69) 1.62(1.02,2.58) 

    Cancer 1.05(0.99,1.11) 0.96(0.81,1.13) 1.19(0.92,1.55) 

The table is reproduced from Li et al. BMC Medicine 2019. (172) 

5.1.3 Time-dependent FI-mortality associations  

We next estimated the FI-mortality associations in an age-dependent manner and found 

evidence supporting a time-dependent effect (P for time effect <0.003 for all models). A 

relatively greater HR was associated with the FI at middle age, and effect sizes decreased 

gently with increasing age at FI assessment (Figure 5.1.2). 
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Figure 5.1.2 Time-dependent effects of 10% increase in the FI on mortality risk in single responders. 

The plot illustrated the estimated HRs (y scale) related to a 10% increase in the FI in association with 

three outcomes according to the age at FI assessment (x scale). The figure is reproduced from Li et al. 

BMC Medicine 2019. (172) 

 

5.2 STUDY 2 

5.2.1 Population characteristics 

Of 845 participants, 342 (40.5%) were men and 800 (94.7%) were comprised of complete 

twin pairs (37.9% MZ pairs and 56.6% DZ pairs; Table 5.2.1). On average, each individual 

was assessed 4.7 times longitudinally. BA measures were available in a different number of 

individuals, ranging from 387 (for DNAmAges) to 829 (for cognitive function). The TL and 

cognitive function showed a negative relationship with CA, while the remaining BAs 

increased with growing CA (Figure 5.2.1). 

Table 5.2.1 Baseline characteristics of the study population in SATSA 
 

All  Men Women 

N 845 342 503 

Age at baseline, mean (SD) 63.6 (8.6) 62.7 (8.0) 64.3 (8.9) 

BMI (kg/m2), mean (SD) 25.6 (3.9) 25.8 (3.4) 25.5 (4.2) 

Above primary education, N (%) 329 (40.3%) 143 (42.6%) 186 (38.7%) 

Current and ex-smokers, N (%) 211 (25.0%) 117 (34.2%) 94 (18.7%) 
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Figure 5.2.1 Longitudinal trajectories of BAs in 845 individuals (3973 measurements) with 

information on at least one BA. The plot illustrated the relationships between BAs (y scale) and CA (x 

scale). In each panel, individual-level data were denoted in orange and repeated measurements 

assessed among the same individuals were connected by broken lines. Blue and pink smooth lines 

represent the population average level among men and women, respectively. This figure is reproduced 

from Li et al eLife 2020. (182) 

5.2.2 BA correlations and clustering 

Telomere length showed low correlations with both CA and the other BAs (r ≤0.16), while 

the remaining BAs were correlated to moderate and high degrees (0.24 ≤ |r| ≤ 0.87). 

Correlations between BA residuals, which represent the CA-independent information, were 

attenuated compared to BA correlations. Moderate correlations remained between 

DNAmAges (Horvath and Hannum) and between functional BAs (cognitive function and 

FAI, and FAI and FI; Table 5.2.2). In the hierarchical cluster analysis, the same types of BAs, 

i.e., DNAmAges and functional BAs, tended to be more closely related. Within DNAmAges 

residuals, GrimAge and PhenoAge were separated from the other two DNAmAges (Figure 

5.2.2). 
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Table 5.2.2 Correlation coefficients of BAs in 288 individuals 

 CA TL DNAmAge Physiol Functional BA 

 Hor Han Pheno Grim Cog FAI FI 

Correlations of BAs         

CA 1.00                   

TL -0.11 1.00                 

Hor 0.53 -0.09 1.00               

Han 0.64 -0.16 0.56 1.00             

Pheno 0.53 -0.07 0.27 0.41 1.00           

Grim 0.85 -0.09 0.44 0.59 0.49 1.00         

Physiol 0.87 -0.07 0.48 0.58 0.47 0.74 1.00       

Cog -0.45 -0.10 -0.25 -0.24 -0.30 -0.42 -0.42 1.00     

FAI 0.54 -0.06 0.32 0.31 0.28 0.43 0.49 -0.50 1.00   

FI 0.45 -0.06 0.25 0.26 0.24 0.36 0.39 -0.29 0.48 1 

Correlations of BA residuals                

CA 1.00                   

TL <0.01 1.00                 

Hor -0.02 -0.04 1.00               

Han -0.04 -0.12 0.35 1.00             

Pheno 0.00 -0.01 -0.02 0.11 1.00           

Grim 0.07 -0.01 0.00 0.13 0.09 1.00         

Physiol -0.10 0.04 0.06 0.05 0.02 0.03 1.00       

Cog 0.03 -0.17 -0.04 0.02 -0.06 -0.07 -0.12 1.00     

FAI 0.01 0.00 0.07 -0.04 -0.02 -0.08 0.07 -0.32 1.00   

FI -0.07 -0.03 0.05 -0.01 -0.02 -0.04 0.02 -0.10 0.31 1 

Hor Horvath DNAmAges, Han Hannum DNAmAges, Pheno DNAmPhenoAge, Grim 

DNAmGrimAge, Physiol Physiological age, Cog Cognitive function. This table is reproduced from Li 

et al eLife 2020. (182) 

 

 

Figure 5.2.2 Hierarchical clustering of BAs in 288 individuals using 612 complete measurements. The 

dendrograms illustrated the hierarchical clustering according to the Euclidean distances derived from 

correlation coefficients. DNAmAges and functional BAs were marked in red and blue, respectively. 

This figure is reproduced from Li et al eLife 2020. (182) 
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5.2.3 BA-mortality associations 

During a median follow-up time of more than 15 years, we documented 583 (69.2%) death 

cases among the total study population. We first analyzed the BA-mortality associations for 

each BA separately and found all BA, except for TL, were associated with mortality risk, 

although Hannum DNAmAge and physiological age showed insignificant results. An 

increase in cognitive function showed a protective effect, while an increase in the remaining 

BAs was associated with a higher death risk. Next, we took all BA residuals into 

consideration in the same model and observed the effects of three BAs (Horvath DNAmAge, 

DNAmGrimAge, and the FI) were independent of the other BAs (Table 5.2.3).  

Table 5.2.3 HRs (95% CI) of a SD increase in baseline BAs with the risk of all-cause mortality 

BAs One-BA model Nine-BA residual model 

Telomere length 1.01 (0.92, 1.11) 1.03 (0.89, 1.19) 

DNAmAge (Horvath) 1.17 (1.01, 1.36) 1.31 (1.08, 1.58) 

DNAmAge (Hannum) 1.17 (0.98, 1.40) 1.03 (0.83, 1.28) 

DNAmPhenoAge 1.26 (1.08, 1.47) 1.13 (0.91, 1.40) 

DNAmGrimAge 1.39 (1.11, 1.75) 1.43 (1.11, 1.84) 

Physiological age 1.13 (0.97, 1.31) 1.01 (0.87, 1.18) 

Cognitive function 0.85 (0.76, 0.94) 1.01 (0.85, 1.20) 

FAI 1.27 (1.10, 1.47) 1.04 (0.86, 1.27) 

FI 1.32 (1.18, 1.48) 1.58 (1.32, 1.89) 

This table is reproduced from Li et al eLife 2020. (182) 

 

5.3 STUDY 3 

5.3.1 Population characteristics 

Of 12,098 participants, 5,469 (45.2%) were men and 9,300 (76.9%) were comprised of 

complete twin pairs (21.6% MZ pairs, 29.2% same-sex DZ pairs, and 26.0% opposite-sex DZ 

pairs). A total of 2,560 individuals had any prevalent chronic diseases of interest at baseline 

and therefore the remaining 9,538 participants were included in the healthspan analysis 

(Table 5.3.1). The most common causes leading to an end of healthspan were cancer (43.9%), 

diabetes (12.5%), and MI (11.5%; Table 5.3.2). 

Table 5.3.1 Baseline characteristics in SATSA 
 

All Men Women 

N 12098 5469 6629 

Age (year) 64.9 (8.1) 65.3 (8.0) 64.6 (8.2) 

Educational attainment (year) 10.8 (3.2) 10.7 (3.3) 10.8 (3.2) 

BMI (kg/m2) 25.9 (3.9) 26.2 (3.4) 25.6 (4.2) 

Ever-smokers (N [%]) 6776 (56.0%) 3311 (60.5%) 3465 (52.3%) 

Prevalent diseases at baseline (N [%]) 

    Cancer 1221 (10.1%) 536 (9.8%) 685 (10.3%) 

    Diabetes 482 (4.0%) 293 (5.4%) 189 (2.9%) 

    MI 686 (5.7%) 502 (9.2%) 184 (2.8%) 

    CHF 219 (1.8%) 133 (2.4%) 86 (1.3%) 
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All Men Women 

    Stroke 348 (2.9%) 192 (3.5%) 156 (2.4%) 

    COPD 192 (1.6%) 86 (1.6%) 106 (1.6%) 

    Dementia 21 (0.2%) 15 (0.3%) 6 (0.1%) 

    Any prevalent chronic disease 2560 (21.2%) 1359 (24.8%) 1201 (18.1%) 

Serum biomarkers at baseline (Mean [SD] or Median [IQR]) 

    FBG (mmol/L; median) 5.6 (1.2) 5.7 (1.3) 5.4 (1.0) 

    HbA1c (%; median) 4.80 (0.65) 4.84 (0.72) 4.78 (0.59) 

    TG (mmol/L; median) 1.2 (0.8) 1.2 (0.8) 1.1 (0.7) 

    TC (mmol/L) 5.8 (1.1) 5.5 (1.1) 6.0 (1.1) 

    HDL-C (mmol/L) 1.4 (0.4) 1.2 (0.3) 1.6 (0.4) 

    LDL-C (mmol/L) 3.8 (1.0) 3.7 (1.0) 3.9 (1.0) 

    ApoA1 (g/L) 1.6 (0.3) 1.5 (0.3) 1.7 (0.3) 

    ApoB (g/L) 1.08 (0.24) 1.06 (0.24) 1.09 (0.24) 

    CRP (mg/L; median) 1.7 (2.7) 1.6 (2.7) 1.7 (2.8) 

    Hb (g/L) 142.3 (11.9) 148.6 (11.0) 137.0 (9.9) 

This table is reproduced from Li et al EBiomedicine 2021. (168) 

Table 5.3.2 Number of events leading to an end of healthspan 
 

All Men Women 

Cancer 1684 (43.9%) 836 (43.0%) 848 (44.9%) 

Diabetes 479 (12.5%) 245 (12.6%) 234 (12.4%) 

MI 442 (11.5%) 284 (14.6%) 158 (8.4%) 

Stroke 364 (9.5%) 197 (10.1%) 167 (8.8%) 

CHF 249 (6.5%) 125 (6.4%) 147 (7.8%) 

COPD 231 (6.0%) 107 (5.5%) 124 (6.6%) 

Dementia 230 (6.0%) 83 (4.3%) 124 (6.6%) 

Death up to 2016-12-31 153 (4.0%) 65 (3.3%) 88 (4.7%) 

This table is reproduced from Li et al EBiomedicine 2021. (168) 

5.3.2 Serum biomarkers and healthspan 

During a median follow-up time of 9.5 and 13.0 years, 3,681 any chronic event and 2,671 

deaths were documented (Table 5.3.3). We found that an elevated level of serum glycemic 

markers (HbA1c and FBG), inflammatory marker (CRP), and TG were indicative of higher 

risks of both any chronic disease and all-cause death; in contrast, some lipid markers (HDL-

C, ApoA1, TC, and LDL-C) were associated with lower risks for both outcomes. 

Specifically, increased Hb and ApoB were predictive of lower death risks, but were not 

associated with the end of the healthspan (Table 5.3.4).  
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Table 5.3.3 Outcomes documented during follow-up 

  Participants in 

healthspan analysis 

Participants in 

lifespan analysis 

Number of individuals  9538 12098 

Follow-up information (N [%] or Median [IQR])  

    Follow-up time (year)  9.5 (3.4) 13.0 (1.5) 

    Number of incident cases  3681 (38.6%) 2674 (22.1%) 

    Onset age of incident cases / age at death  72.3 (11.8) 81.7 (12.1) 

 

Table 5.3.4 Associations of serum biomarkers with healthspan and lifespan in all participants 

Biomarker  

(SD units) 

Any chronic event (end of healthspan) 
 

Death (end of lifespan) 

HR (95%CI) FDR-corrected P 
 

HR (95%CI) FDR-corrected P 

FBG 1.28 (1.23, 1.33) 5.15e-33   1.18 (1.13, 1.22) 5.45e-17 

HbA1c 1.29 (1.24, 1.34) 9.07e-37 
 

1.22 (1.17, 1.26) 6.42e-28 

CRP 1.11 (1.08, 1.15) 2.21e-09 
 

1.15 (1.10, 1.20) 8.17e-11 

TG 1.07 (1.03, 1.11) 0.001 
 

1.12 (1.07, 1.17) 1.76e-06 

Hb 0.99 (0.95, 1.03) 0.791   0.89 (0.85, 0.93) 6.40e-07 

ApoB 1.00 (0.96, 1.03) 0.833 
 

0.95 (0.91, 0.99) 0.016 

LDL-C 0.96 (0.93, 1.00) 0.060 
 

0.89 (0.85, 0.93) 2.14e-07 

TC 0.96 (0.92, 0.99) 0.022 
 

0.90 (0.86, 0.94) 1.76e-06 

ApoA1 0.93 (0.89, 0.96) 2.12e-04 
 

0.91 (0.87, 0.96) 1.72e-04 

HDL-C 0.92 (0.89, 0.96) 1.51e-04 
 

0.91 (0.86, 0.96) 2.74e-04 

This table is reproduced from Li et al EBiomedicine 2021. (168) 

5.3.3 Biomarker PRSs and healthspan 

Using PRSs, we found genetic propensity to higher serum FBG and CRP were associated 

with a higher risk of any chronic disease and a lower risk of death, respectively (Table 5.3.5). 

Particularly, the FBG PRS association was largely mediated by serum FBG level; however, 

the serum CRP could not explain the PRS effect, suggesting genetically determined CRP and 

inflammation-induced serum CRP likely represent different health conditions (Table 5.3.6). 

Table 5.3.5 Associations of biomarker PRSs with healthspan and lifespan in all participants 

PRS  

(SD units) 

Any chronic event (end of healthspan) 
 

Death (end of lifespan) 

HR (95%CI) FDR-corrected P  HR (95%CI) FDR-corrected P 

FBG 1.05 (1.02, 1.09) 0.050  1.00 (0.96, 1.05) 0.867 

HbA1c 1.04 (1.00, 1.08) 0.255  1.01 (0.96, 1.05) 0.867 

CRP 0.99 (0.96, 1.03) 0.922  0.91 (0.87, 0.95) 1.54e-04 

TG 1.01 (0.98, 1.05) 0.706  1.03 (0.99, 1.08) 0.251 

Hb 0.99 (0.96, 1.03) 0.922  0.98 (0.94, 1.02) 0.643 

ApoB 1.02 (0.98, 1.05) 0.706  1.05 (1.01, 1.09) 0.066 

LDL-C 1.02 (0.99, 1.06) 0.630  1.05 (1.01, 1.10) 0.064 

TC 1.02 (0.99, 1.06) 0.630  1.05 (1.01, 1.10) 0.064 
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PRS  

(SD units) 

Any chronic event (end of healthspan) 
 

Death (end of lifespan) 

HR (95%CI) FDR-corrected P  HR (95%CI) FDR-corrected P 

ApoA1 1.00 (0.96, 1.03) 0.922  0.98 (0.94, 1.03) 0.643 

HDL-C 1.00 (0.96, 1.03) 0.948  0.99 (0.94, 1.03) 0.643 

This table is reproduced from Li et al EBiomedicine 2021. (168) 

Table 5.3.6 Associations of a SD-increase in FBG PRS and CRP PRS with additional adjustment 

  Additional Model 1 1  Additional Model 2 2 

  HR (95%CI) P  HR (95%CI) P 

FBG PRS and healthspan  1.05 (1.01, 1.09) 0.008  1.01 (0.98, 1.05) 0.526 

CRP PRS and death  0.90 (0.86, 0.94) 2.5e-6  0.86 (0.82, 0.90) 3.7e-10 

1 FBG PRS: Original model + adjustment for BMI and serum TG, LDL-C, HDL-C, CRP, Hb; CRP 

PRS: Original model + adjustment for BMI and serum TG, LDL-C, HDL-C, FBG, Hb. 2 FBG PRS: 

Original model + adjustment for serum FBG; CRP PRS: Original model + adjustment for serum CRP. 

This table is reproduced from Li et al EBiomedicine 2021. (168) 

 

5.4 STUDY 4 

5.4.1 Population characteristics 

At baseline, 161,430 participants, of whom 45.1% were men, had an average age of 56.7 

years, an average BMI of 27.3 kg/m2, and a median serum CRP of 1.30 mg/L. The baseline 

characteristics of the discovery set were not appreciably different from the replication set 

(Table 5.4.1). 

Table 5.4.1 Baseline characteristics of study population in UKB 
 

Meta-analysis 

set 

Discovery set Replication set P1 

Number of participants 161430 121072 40358  

Men (N, proportion) 72765 (45.1%) 54583 (45.1%) 18182 (45.1%) 0.92 

Age (year, mean, SD) 56.7 (8.0) 56.7 (8.0) 56.6 (8.0) 0.22 

High education (N, proportion) 54041 (33.8%) 40512 (33.7%) 13529 (33.8%) 0.86 

High physical activity (N, %) 78072 (48.5%) 58672 (48.6%) 19400 (48.3%) 0.18 

Ever-smoker (N, proportion) 99188 (61.7%) 74363 (61.6%) 24825 (61.7%) 0.72 

BMI (kg/m2, mean, SD) 27.3 (4.7) 27.3 (4.7) 27.3 (4.7) 0.88 

In first 50k release (N, proportion) 39249 (24.3%) 29398 (24.3%) 9851 (24.4%) 0.61 

Serum CRP  
  

 

  CRP (mg/L, median, IQR) 1.30 (2.03) 1.30 (2.03) 1.30 (2.05) 0.86 

  Natural logarithm (mean, SD) 0.31 (1.06) 0.31 (1.05) 0.31 (1.06) 0.72 
1 P for group difference between discovery set and replication set, estimated by Fisher's exact test, t-

test, and non-parametric median test whenever appropriate.  

5.4.2 Rare functional genetic variants and CRP 

Using the CMC burden test and a whole exome-wide significant level (P< 2.35E-

06[=0.05/21,270]), we found that PA burden in the CRP gene (chromosome 1: 159712289-
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159714589 on GRCh38 assembly) was significantly associated with the serum CRP 

concentration. Genes, other than the CRP gene, did not show significant effects (Figure 

5.4.1). Carrying any PA allele in the CRP gene decreased natural log-transformed CRP by 

0.676 (equivalent to a change of 0.64 SD), with a P value of 2.63E-30 estimated in the meta-

analysis set. The burden test for the LOF mutation demonstrated a similar result as with PA 

burden; the CRP locus was again the only significant signal across the autosomal exome 

(beta=-0.723, P value=6.58E-11).  

Of the 52 PA variants found in the CRP gene region, a majority (n=43) exhibited CRP-

decreasing effects. Seven PA variants were associated with serum CRP at an FDR-corrected 

significance level, and all of them showed decreasing effect (Figure 5.4.2). 

 

Figure 5.4.1 Associations between gene-based PA burden and serum CRP in the meta-analysis set. 

The Manhattan plot showed the associations between gene-based PA burden and serum CRP (natural-

log transformed), estimated by the burden test in the meta-analysis set. Each dot represents a gene, of 

which the location is determined by the chromosomal position (x scale) and the statistic value of –

log10(P) (y scale). The red horizontal line denotes the whole exome-wide significant level, i.e., -

log10(2.35E-06). Annotations, including name, chromosome, and location, of the significant gene 

were displayed in text.  
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Figure 5.4.2 PA variants in the coding sequence of the CRP gene and the associations with serum 

CRP in the meta-analysis set. The Lolliplot shows the location of PA variants in the CDS region of the 

CRP gene (x scale) and the –log10(P) of the single variant-serum CRP association (y scale). LOF 

variants were displayed in triangles, while the remaining PA variants were displayed in circles, on top 

of which are the number of mutation carriers. Consequence types were denoted by different colors. 

Variant IDs of FDR-significant variants were displayed in text. 

5.4.3 Gene-BMI interaction effect on CRP 

Of the 161,430 participants, 335 individuals (134 men and 201 women) are heterozygous 

carriers of any PA allele in CRP locus, showing a decreased serum CRP level (median 

[IQR]=0.7[1.1]mg/L) compared to the non-carriers (median [IQR]=1.3[2.0]mg/L). 

The serum CRP concentrations at baseline were significantly different across strata of the PA 

burden in the CRP gene, a previously reported common genetic variant in the CRP gene 

(rs1205), and a well-established environmental factor, BMI (Table 5.4.2). In particular, we 

observed a significant interaction effect between PA burden and obesity, with the CRP-

raising effect of obesity being smaller in the PA mutation carriers (beta=0.717) than in non-

carriers (beta=1.119; P for PA*obese interaction term =0.004).  

Table 5.4.2 Effect of PA burden and BMI category on serum CRP (natural log transformed) 
 

Beta (SE) P value 1 

Individual effect model   

Non-carriers of PA allele in CRP (reference)   

    PA carriers -0.668(0.057) 1.47e-31 

rs1205 - TT (reference)     

    TC 0.187(0.009) <1e-100 

    CC 0.355(0.009) <1e-100 

Normal BMI (reference)     

    Overweight 0.519(0.006) <1e-100 

    Obese 1.118(0.006) <1e-100 

Interaction models (PA burden*BMI category) 

Non-PA carriers (normal BMI as reference)     

    Overweight 0.519(0.006) <1e-100 

    Obese 1.119(0.006) <1e-100 
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Beta (SE) P value 1 

PA carriers (normal BMI as reference)     

    Overweight 0.477(0.146) 1.17e-03 

    Obese 0.717(0.163) 1.49e-05 
1 P-value for testing the hypothesis that the corresponding Beta parameter is zero/null. 

5.4.4 CRP-associated rare mutations in relation to diseases and aging 
phenotypes 

Among the 334 PA mutation carriers, we documented a varying number of disease cases, 

ranging from one (Celiac disease) to 36 (Major depressive disorder) across all conditions. At 

a nominal significance level, carriers of PA mutation in the CRP gene had a higher risk of 

Crohn’s disease (OR[95%CI]=3.15[1.40,7.08]) and Bipolar disorder 

(OR[95%CI]=3.36[1.38,8.16]) compared to non-carriers (Table 5.4.3). However, only six and 

five cases were observed for the two diseases among the carriers and the results were no 

longer considered significant after FDR corrections. Next, we tested the PA burden in 

association with aging-related phenotypes, including the FI, pre-frail and frail defined by the 

FP, and the mortality risk, and did not observe robust evidence to support a relationship.  

Table 5.4.3 Associations between PA burden in CRP gene and health outcomes 

Outcome Cases among  

mutation carriers 

Odds ratio 

(95%CI) 

P 

value 

FDR-

corrected P 

Autoimmune/inflammatory 
    

    Celiac disease 1(0.3%) 0.45(0.06,3.22) 0.428 0.904 

    IBD (all types) 20(6%) 0.96(0.61,1.52) 0.877 0.994 

    Crohn’s disease 6(1.8%) 3.15(1.40,7.08) 0.006 0.066 

    Ulcerative colitis 6(1.8%) 1.56(0.69,3.49) 0.285 0.890 

    Psoriatic arthritis 1(0.3%) 0.99(0.14,7.08) 0.994 0.994 

    Rheumatoid arthritis 2(0.6%) 0.25(0.06,1.01) 0.051 0.323 

    Type 1 diabetes 2(0.6%) 0.70(0.18,2.83) 0.621 0.983 

    Knee osteoarthritis 26(7.8%) 1.05(0.70,1.57) 0.819 0.994 

Cardiovascular 
    

    Coronary artery disease 29(8.7%) 1.00(0.67,1.48) 0.988 0.994 

    Ischemic stroke (all type) 3(0.9%) 0.57(0.18,1.77) 0.328 0.890 

Metabolic 
    

    Type 2 diabetes 23(6.9%) 1.02(0.66,1.57) 0.928 0.994 

    Chronic kidney disease 16(4.8%) 1.41(0.85,2.35) 0.187 0.888 

Neurodegenerative 
    

    Alzheimer disease 2(0.6%) 1.06(0.26,4.30) 0.932 0.994 

    Parkinson disease 3(0.9%) 1.39(0.44,4.36) 0.573 0.983 

Psychiatric 
    

    Bipolar disorder 5(1.5%) 3.36(1.38,8.16) 0.007 0.066 

    Major depressive disorder 36(10.7%) 1.16(0.82,1.65) 0.391 0.904 

Aging-related phenotype 
    

    FI (unit: SD) 1 2.25(1.00) -0.05(-0.16,0.05) 0.313 0.890 

    Pre-frail and frail 140(42.9%) 1.08(0.87,1.35) 0.496 0.942 

    All-cause death 20(6%) 0.94(0.59,1.49) 0.784 0.994 
1 Estimates for FI (unit: SD): mean (SD) and beta (95%CI) 
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6 DISCUSSION 

6.1 BA CORRELATIONS AND BA-MORTALITY ASSOCIATIONS 

Aging-related changes are intricate as they take place at multiple layers, from molecular- and 

cellular- levels scaling up to organ-, system-, and organism- levels. Making BA measuring 

even more challenging is the multi-domain feature of aging-related changes. However, in 

practice, a BA is often claimed when changes in some age-related layers and/or domains are 

quantified. As a consequence, the field is somewhat overwhelmed by the number of proposed 

BA measures, leading to an urgent quest for understanding their connection and utility. The 

first and second studies in the present thesis provide evidence in this regard from two aspects, 

1) BA-BA correlations and 2) BA-mortality association. 

BA correlations 

First, we observed weak correlations of TL with the other types of BAs, which is in line with 

previous findings. (72, 82-84, 89, 90, 92, 183, 184) This weak correlation suggests that the 

biological process captured by TL, mitotic aging, is largely independent of the other included 

BAs. Second, a clear attenuation of the correlations between different types of BA was 

observed after we controlled CA-related change among BA residuals. In other words, among 

individuals of the same CA, BAs of different types are only weakly associated and have the 

potential to provide complementary aging-related information. This finding indicates using 

different types of BA has the potential to maximize aging-related information compared to 

using different BAs of the same type.  

Therefore, given that the aging process is multi-faceted and one BA is only capable of 

providing limited information, to gain a global picture of the aging level, several BAs 

assessed at different layers and domains are suggested, rather than only relying on a single 

BA measure. In research, multiple lines of BA evidence are needed to evaluate the efficacy of 

interventions on aging; in clinical settings, multi-dimensional BA assessments would 

facilitate the delivery of precision medicine.   

BA-mortality associations 

Our first observation is related to the BA individually. As with previous findings, (40, 67, 84, 

108, 112, 185, 186) we observed that all BAs, except for TL, were predictive of mortality risk 

individually. We did not observe evidence to support a TL-related mortality risk, while a 

previous meta-analysis found higher TL indicated lower mortality risk after pooling 

inconsistent evidence together. (105) Taken together, these results suggest DNAmAges, 

multi-biomarker BA, and the functional BAs could robustly identify people with higher death 

risks across population settings, while leukocyte TL is less robust.  

Specifically, DNAmGrimAge exhibited the largest effect on mortality risk related to one SD 

change in BA. DNAmGrimAge is a second-generation DNAmAge and its calculation 

algorithm was trained explicitly on mortality risk in the US population. On the one hand, a 



 

40 

strong mortality association of DNAmGrimAge is expected by construction. On the other 

hand, the result that DNAmGrimAge showed a stronger association with death than FI, an 

extremely robust mortality predictor, is encouraging. That means using DNA methylation 

information and a proper training method could create valid predictors of complex 

phenotype, demonstrating a great potential of using the epigenome to assess other complex 

aging-related phenotypes. Therefore, researchers could continue to optimize the predictive 

utility of the genome-wide methylation data in relation to a wide range of aging-related 

phenotypes to help translate DNAmAges to more practical uses. 

The second observation came from the joint effects of different BAs on mortality risk, where 

significant and independent associations of Horvath DNAmAge, DNAmGrimAge, and FI 

were found. The results suggest these BAs captured complementary information in terms of 

mortality prediction. It is interesting to find, among the functional BA cluster, FI is the only 

measure remaining significant and the effects of FAI and cognitive function attenuated 

almost entirely. This is likely explained by the multi-domain nature of the FI in that the FI 

development has to some extent taken the physical and cognitive function quantified by the 

FAI and cognitive ability into account already.  

Therefore, given a strong individual effect of DNAmGrimAge and the FI, we suggest 

prioritizing DNAmGrimAge and the FI as the individual BA measure to identify subgroups 

with higher mortality risks among the population. Furthermore, the independent joint effect 

of Horvath DNAmAge, DNAmGrimAge, and the FI indicated future clinical practices and 

medical research could narrow down the number of BA in the risk assessment while 

maximizing the relevant information. 

FI-mortality association  

Particularly, a whole study in this thesis is devoted to the investigation of FI-mortality 

associations. Similar to previous evidence, (112, 187) we found a higher FI at mid-life is 

significantly associated with elevated risks of death due to all causes, cardiovascular diseases, 

and respiratory-related causes.  

Notably, we found the FI effect was independent of shared familial factors. Factors shared by 

twins, such as genetic and childhood environmental factors, could influence both the FI level 

and the mortality risk. Unlike previous studies which were conducted among unrelated 

individuals, our study used a within-twin pair design and found that the FI effects remained 

after controlling for twin-constant factors. It suggests that the FI captures aspects of aging 

that are related to the individual’s lifestyle and environmental exposures on top of the shared 

genetics and familial factors. Therefore, the FI could serve as a valid morality risk indicator 

even among people with the same family background.  

Second, we observed the relative risk due to FI increase was declining gradually with age. 

Frailty is hypothesized to be a result of the reduced physiological reserve. (22, 85-87, 188) If 

younger adults, who are expected to have better resilience, show the same amount of FI 
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increase as older adults, then these younger adults are likely exposed to stronger stress events 

and could therefore face a higher chance of death. Consequently, not only the old population, 

but also middle-aged adults could potentially gain benefits from enrollment to frailty 

screening. 

6.2 CLINICAL BIOMARKERS AND HEALTHSPAN 

We found that cancer, diabetes, and MI are the most frequent causes leading to the end of 

healthspan, while COPD, dementia, and death are the least common reasons, which was 

largely reflective of the order of the average onset ages across different diseases. Therefore, 

late-onset diseases are likely to be under-represented among relatively young adults and over-

represented among old adults. Future analysis could further inspect the age-dependent feature 

of the healthspan phenotype among large-scale populations.  

We observed that seven out of ten serum clinical biomarkers are significantly associated with 

healthspan. Overall, the directions of the associations mostly agree with the biomarker-

disease understanding, where elevated levels of glycemic markers, CRP, and triglyceride 

indicated higher risks of any chronic diseases, while high HDL-related markers conveyed 

beneficial effects. (189-195) In contrast, the protective effect of increased TC and LDL-C on 

any chronic diseases disagrees with some, but not all previous evidence. (195-201) The 

inconsistent results might be explained by the difference in population characteristics as the 

relationships between lipids and mortality were suggested to be age-dependent and in a dose-

response manner. (202) However, the present study is limited by the statistical power to 

detect those patterns. Nevertheless, this suggests that beneficial effects could be indicated 

through higher levels of TC and LDL-C when it comes to the overall healthspan in some 

populations like TwinGene. Therefore, we suggest taking a range of health outcomes into 

consideration when making public health recommendations as the biomarker effect on a 

single disease might be conflicted with the evidence for the overall health outcomes. 

Interestingly, we found a significant positive relationship between genetic predisposition to 

higher serum glucose and an increased risk of any chronic diseases, largely mediated through 

serum glucose level. This is putative causal evidence to link higher glucose to shorter 

healthspan. From an intervention perspective, glucose-lowing behaviors, including caloric 

restriction and exercising, as well as pharmaceutical treatment, such as glucose-lowering 

drugs, could be effective to maintain healthspan. It is worth noting that this relationship 

largely attenuated after we exclude diabetes cases in the sensitivity analysis. On the one hand, 

the attenuation suggested diabetes is the primary driver underlying the glucose-healthspan 

association. On the other hand, diabetic and pre-diabetic conditions are relatively early-onset 

among general populations, observed in both TwinGene and the UKB, (25) and, targeting 

glucose would nevertheless lead to health benefits from a population’s perspective.   

6.3 RARE FUNCTIONAL GENETIC VARIANTS AND SERUM CRP 

We observed that all signals, except for the CRP gene, identified in the GWAS flattened to a 

statistically insignificant level across the exome-wide PA mutations, suggesting rare genetic 
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determinants were less polygenic relative to common variants. Another possible explanation 

is that the effects of genes other than the CRP were too small to be identified in the current 

analysis. Previously, a study used the UKB WES data from the first 50k release (informative 

sample size: 40,468) and observed that the CRP gene was the only significant signal in the 

burden test. (152) Even though the present analysis increased the sample size by four-fold 

(informative sample size: 161,430), we did not find additional signals on top of the previous 

test. Taken together, this observation supports a strong effect of PA burden in the CRP gene 

on serum CRP levels, and provides no evidence for a polygenetic architecture across the rare 

functional variants.   

Further, we found a G*E interaction between rare variants and a well-established CRP-

associated factor, BMI. The effect of obesity in elevating serum CRP was smaller in the rare 

mutation carriers than among the non-carriers. A similar G*E interaction feature was 

demonstrated for common genetic variants of CRP in a previous study, (137) albeit not in 

ours. Together, these observations suggest that both genetic and environmental factors need 

to be considered when interpreting serum CRP levels in clinical settings, especially among 

rare mutation carriers. Given the per-allele effect of PA variants were 4-7 times larger than 

the common variants in the CRP gene and the existence of G*E interaction, translating the 

knowledge to clinical uses would facilitate the delivery of precision medicine.  

We saw suggestive evidence for increased risks of Crohn’s disease and Bipolar disorder 

among PA mutation carriers. Crohn’s disease is an inflammatory bowel disease and, in line 

with our finding, a nominal association has been reported before using polygenic risk scores 

of CRP as genetic instruments. (175, 193) Bipolar disorder is a psychiatric disease and 

previous MR studies have found an association in the opposite direction to our results. (143, 

175) It is worth noting that we used self-reported information, hospital inpatient data, and 

death record to capture diagnoses. Therefore, the out-patient diagnosis could be missed and 

the psychiatric diagnosis captured in hospitals are more likely to be of the severe type. In 

addition, the number of cases among the mutation carriers is relatively small, and therefore 

sampling variability is a major concern. Examining the clinical relevance of rare coding 

mutations could reveal therapeutic insights for disease treatment and provide evidence for 

personalized medicine. Future investigations with a larger number of mutation carriers and 

longer follow-up times are warranted.  

6.4 METHODOLOGICAL CONSIDERATIONS 

This thesis is composed of four epidemiological studies. From a methodological point of 

view, three types of considerations are discussed below.  

Selection bias  

All analysis data in this thesis came from established population cohorts. As with many 

cohorts, the participants in SALT, SATSA, TwinGene, and UKB are volunteer-based, who 

were often more health-conscious and, therefore, not as representative of the general 

population. Previous studies have shown that the UKB participants were better off in terms of 
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socioeconomic deprivation, lifestyle behavior, and most disease conditions, compared to 

general UK individuals. (203, 204) Therefore, the generalizability of the absolute risks in this 

thesis is limited, and measures such as the prevalence of frailty, the level of BAs, the 

incidence of the end of healthspan, and the frequency of the mutation carriers, may not be 

interpreted as a representative estimate among the general population. However, the relative 

risks, namely the “exposure-outcome associations”, would be influenced by the volunteer 

effects to only a limited degree, if we assume the true effects are similar among volunteers 

and non-volunteers. Recently, the generalizability of risk factor-mortality associations in 

UKB has been supported. (205) 

Noteworthy is another type of selection bias introduced by survival conditioning in the 

exploration of genetic factors associated with serum CRP in the fourth study. As all 

participants joined the UKB in their adulthoods, the genetic variants that are associated with 

serum CRP yet are not compatible with middle-age survival would be neglected.  

Misclassification  

Measurements of exposure and outcomes in this thesis were ascertained through multiple 

lines of sources, including self-reported information, physical check-ups, sampling and 

arraying of bio-samples, statistical computations, and data acquisition from the health 

registers. Any type of measurement error would lead to misclassification of either “exposure” 

or “outcome”.  

Misclassification of the exposure can occur non-differentially or differentially. The former 

type means misclassification occurs randomly across groups of interest and will bias the 

relative risk toward the null; while the latter one denotes the probability of being 

misclassified depends on the factors of interest and will induce bias with varying directions 

and magnitudes. (206, 207) In this thesis, non-differential misclassification is likely to exist 

and should not change the main conclusion.  

The outcome assessment influences the result interpretation. The health outcome 

ascertainment in this thesis heavily relies on register-based data. Particularly in the fourth 

study, out-patient data are not available. Diagnoses captured by the in-patient data would 

largely reflect the severe types. Minor conditions that only require out-patient medical 

services in the UKB are missed. Therefore, the interpretation of our results should be 

restricted to the severer types of diagnosis.  

Confounding  

Confounding is central to epidemiological research when causal inference is the goal. The 

first and second studies in this thesis emphasize the predictive ability of the BAs instead of 

causal relationships, because BAs by definition are indicators/proxies of aging-related 

changes and are not necessarily the causes of aging. Therefore, the research focus is given to 

the predictive value of BA independent of the traditional aging factors, such as age, sex, and 

BMI, instead of controlling confounders. Further, the third and fourth studies touched upon 
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the aim of causal inference. The third study used genetic predisposition as an instrumental 

variable to minimize confounding bias based on the assumption that genetic factors are 

determined at birth and are not associated with common confounders. (208, 209) Even 

though we did not observe associations between PRSs and common confounders, residual 

confounding might exist through a factor that is not measured in the study. The fourth study 

aimed to discover rare functional genetic variants that causally regulate serum CRP 

concentration. The nature of the rare functional genetic variants could reduce the possibility 

of confounding effects, since PA mutations have direct functions on amino acids based on 

biological knowledge. Population stratification could be a potential confounder in the genetic 

analysis and is adjusted for via genomic PCs. Albeit unlikely, we cannot preclude the 

possibility of assortative mating, meaning the serum biomarker concentrations have an 

influence on mate-selection, being a possible residual confounder. (210) 

6.5 ETHICAL CONSIDERATIONS  

The primary goal of scientific research is to generate and test hypotheses. This thesis aims to 

advance the knowledge of biological aging in populations. To do so, observational data 

collected from large-scale populations are analyzed. Multiple research steps, including data 

collection, data analyzing, and data publishing, could potentially give rise to risks and 

therefore the benefit-risk balances are worth reflecting.  

First, individual data in both STR and UKB were obtained from self-reported, physical, 

cognitive, and bio-sample tests as well as health registers. Researchers need to inform 

participants of the purposes, procedures, and potential consequences of data collection and 

obtain participants’ consents or equivalent permits before conducting the study. The analyses 

in this thesis were approved by the Regional Ethics Board in Stockholm (Dnr 2016/1888-

31/1) and informed consent were obtained from all participants during the cohort 

establishment.  

Second, sensitive personal data should be treated with caution in the analysis. Using 

sufficient data to answer the research question and protecting the participants’ privacy are 

equally important. This thesis analyzed different types of sensitive data, such as genetic 

information, biomarkers, and diseases. To protect participants’ privacy, the data which I 

could get access to is pseudonymized and unidentifiable.  

Third, epidemiological researchers often put a lot of effort into data analysis and should not 

manipulate data in any way. With various statistical methods at our disposal, the analysis plan 

should be chosen based on solid scientific justifications instead of chasing small P values.  

Fourth, publishing scientific articles is an essential way for researchers to share new 

knowledge with the field and for peer researchers to judge and/or criticize the study quality. 

Since epidemiologists’ work usually ends up with a huge amount of analysis results, we 

should try to publish our findings in an unbiased manner instead of selecting results 

subjectively.   
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7 CONCLUSIONS 

I. The FI was predictive of mortality risk in related individuals and middle-aged adults. 

Public health screenings could consider the FI as a valid morality risk indicator 

among family members and the middle-aged.  

II. BAs of different types captured distinct aspects of mortality-related information. 

Making use of a set of multi-dimensional BAs could provide complementary 

evidence for risk assessment and intervention/treatment effect evaluation in research 

as well as in clinical practices.  

III. Levels in circulating glycemic, lipid-, and inflammatory biomarkers were associated 

with the morbidity-defined healthspan. Glucose control was a putative causal 

mechanism and a potential intervention target for healthspan maintenance.   

IV. Rare functional genetic mutations were strongly associated with serum CRP 

concentrations and showed no evidence for a polygenetic architecture. The 

observation of gene-environment interactions underscores the need to consider both 

genetic and environmental factors when making inferences and offering personalized 

medical service in clinics.  
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8 FUTURE PERSPECTIVE 

Research on BA has accumulated at an unprecedented speed in the era of omics and big data. 

So far, a majority of the efforts were given to proving the validity of BAs by examining the 

BA-health outcome associations. Besides risk prediction, another essential utility of BAs lies 

in the evaluation of intervention/treatment effects, which however remains less well studied. 

BAs could proxy the aging process from distinct perspectives and provide continuous scales 

of health, compared to traditional dichotomized endpoints like disease diagnosis and death. 

Therefore, interrogating BAs in relation to aging-related intervention/treatment/exposure are 

essential topics for future studies. Two aspects are especially worth noting. First, as shown in 

this thesis, BAs of different types are complementary in capturing aging changes. Therefore a 

set of more or less independent BA rather than a single BA is suggested to assess the effect. 

Second, contrary to CA, BAs hold the potential to be reversible markers. To assess the 

reactions to intervention, large-scale longitudinal studies are needed.  

In addition, the clinical use of BA could go beyond geriatric care, as recently demonstrated in 

COVID-related research. (211) The BA measurements in combination with domain-specific 

markers could allow medical specialists to provide individuals with more personalized 

services such as tailored suggestions on intervention and treatment. Therefore, the application 

of BA measures in a clinical setting is, without doubt, an important translational task for 

researchers to accomplish in the future.  

Third, from a public health point of view, describing the changes of BAs in a representative 

population could keep track of the overall aging level among the population and evaluate the 

effectiveness of health policies. Currently, prevalence estimation and population-wide 

screening are mostly conducted in a disease-oriented manner, BA measures could make good 

candidates as a part of routinely assessed population statistics in the future.  

Fourth, an assessment of genetic background could guide personalized medicine service for 

rare mutation carriers due to several reasons. First, biomarker variation patterns observed 

among the general population are no longer applicable to rare mutation carriers. Second, the 

existence of gene-environment interaction could interfere with the treatment/intervention 

effect. Third, elevated risks of health conditions could be monitored. Therefore, future 

investigations on rare genetic variants with larger sample sizes and in association with other 

clinical biomarkers are warranted to improve the delivery of precision medicine. 
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